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Editorial on the Research Topic
 Functional and structural brain network construction, representation and application





Introduction

Structural and functional brain networks have been becoming an increasingly useful tool in understanding the interactions among the separated brain regions, and the pathogenesis of specific neurological disease. In the past decade, there has been an increasing interest in modeling the brain networks based on various mode data (e.g., fMRI, EEG, PET and DTI) and capturing feature representations of brain networks (e.g., connection, graph topology, and graph neural networks) for understanding pathogenesis. Due to the complexity of the brain being far beyond our imagination, revealing the mystery of the brain is still facing many challenges. Thus, there is still debate over the many ways to construct brain networks, how to effectively utilize the multi-modal data, and how to best reveal information about brain health and disorder. The application of network science in the brain has promoted our understanding of structure and functional organization of the brain. Furthermore, studying the brain within this framework effectively reveals how neurological diseases affect brain organization. In this Research Topic, we seek to gather new findings on brain network construction, multimodal fusion, representation of network learning, and making inferences and predictions via brain networks. More specifically, the goal of this Research Topic is to promote the current understanding of the brain connectome via mathematical modeling, develop new and advanced methods to capture the graphical relationship between function and structure, effectively utilize the multi-modal data, and accurately learn the representation of the network in brain disorders, thereby promoting our understanding of the underlying configuration and dynamics of the brain. From this topic, we can easily find that the main works can be summarized into three categories, i.e., utilizing the network as new biomarker, new machine learning model based on the network, new brain network estimation methods as shown in Figure 1.


[image: Figure 1]
FIGURE 1
 Functional and structural brain network construction, representation, and application.




The application of brain network

Here, we firstly review the application of brain network which utilizing the network as new biomarker, the networks can be estimated by fMRI sMRI and even PET. The functional, morphological and metabolic network can be used as a biomarker individually or in a multimodal form.

For the functional networks estimated by fMRI data. Shen et al. focuses on the Chronic ankle instability (CAI) in the views of ALFF, fALFF, ReHo, and FC. CAI not only involves peripheral, but also causes plasticity changes in the central nervous system (CNS). Shen et al. used a data-driven algorithm based on resting-state fMRI (rs-fMRI) to reflect the internal brain activity of CAI patients. Low-frequency fluctuation (ALFF), fractional ALFF (fALFF), and regional homogeneity (ReHo) reveal the consistency of neuronal activity in a region. In addition, functional connectivity (FC) provides functional connectivity between brain regions. The findings suggest that patients with CAI have increased neuronal activity in sensorimotor networks and weakened inter-hemispheric connections in regions of the brain. These results may provide insights into the pathophysiological alteration in CNS among CAI patients. Moreover, Li L. et al. focus on the intra-and inter-network functional connectivity in patients with Crohn's disease. The paper aims to study the interaction mode of resting-state networks (RSNs) as the brain runs as a whole with complex internal networks. The gut-brain axis is the bidirectional communication, which not only maintains gastrointestinal homeostasis, but also affects higher cognitive functions, emotion and motivation through neural pathways. Many studies have reported changes in the structure and function of several brain areas in patients with Crohn's disease (CD). However, little is known about whether the possible functional connectivity of resting-state networks (RSNs) is altered in CD patients. This paper investigates the intra- and inter-network alterations between related RSNs in patients with CD and the potential relationships between altered neuroimaging and CD clinical indices, which provides more insights into the pathophysiological mechanisms of brain plasticity in CD.

For the morphological networks estimated by gray matter data. Peng, Feng et al. used sMRI to construct individual whole-brain morphological networks and further investigated the alterations in the rich-club organization in individuals with SCD as compared with healthy elderly. The morphological networks are estimated by the Jensen-Shannon Divergence Similarity Estimation (JSSE) method (Li et al., 2021). Based on previous findings of disrupted functional and structural connectivity in AD, we hypothesized that altered topological properties of the morphological networks can be detected as early as the SCD stage. Moreover, Yi et al. constructed individual brain networks via Jensen-Shannon Divergent Similarity Estimation (JSSE) method for preschool children with ASD and normal controls. The individual brain network indicator based on the JSSE method is an effective indicator for identifying individual-level brain network abnormalities in patients with ASD. The proposed classification method can contribute to the early clinical diagnosis of ASD.

For the metabolic networks estimated by 18F-FDG PET data. The paper by Xue et al. engaged in exploring age-related topological properties and rich-club organization changes. They collected 18F-FDG PET data in the young and aged rats and constructed individual metabolic networks using Jensen-Shannon Divergence Similarity Estimation (JSSE) method. The findings suggested abnormalities in topological properties of individual brain metabolic networks in the aged rats as well as impaired metabolic connectivity in the rich-club organization, providing new insights into age-related brain changes in healthy and diseased rodents. Furthermore, strengthening age-related reorganization mechanism research of the brain network is of great clinical significance for understanding and identifying the function decline and disease progression caused by aging. In addition, Peng, Zhang et al. focus on the rich-club organization of individual brain metabolic networks in parkinson's disease. An individual metabolic connectome based on the standard uptake value (SUV) was built using the Jensen-Shannon Divergence Similarity Estimation (JSSE) method to compare the rich-club properties between PD patients and HC. The results indicated that PD patients had decreased rich club connections but similar feeder and local connections compared with HCs, indicating rich club connections as a promising marker for early diagnosis of PD.

For the multi modal form, Alm et al. examined the independent contributions of structural and functional connectivity markers to individual differences in episodic memory performance in 107 cognitively normal older adults from the BIOCARD study. Structural connectivity, defined by the diffusion tensor imaging (DTI) measure of radial diffusivity (RD), was obtained from two medial temporal lobe white matter tracts: the fornix and hippocampal cingulum, while functional connectivity markers were derived from network-based resting state functional magnetic resonance imaging (rsfMRI) of five large-scale brain networks.



The representation of brain network

In this section, we briefly review the representation of brain network, which design new machine learning model based on the network.

The first work by Peng, Liu et al. addresses that existing studies have reported the utilization of the information from the connection to train the classifier; such an approach ignores the topological information and, in turn, limits its performance. Specifically, they propose the combination of the information derived from both FBN and its corresponding graph theory measurements to identify and distinguish ASD from normal controls (NCs). Specifically, a multi-kernel support vector machine (MK-SVM) was used to combine multiple types of information.

The second paper by Zhang Y. et al. addresses that the educational level and emotional state of patients, skills and experience of examiners in using MoCA, and the examination environment all affect the cognitive function scores of patients with end-stage renal disease (ESRD). Therefore, an accurate prediction of cognitive function scores plays an important role in subsequent treatment of patients. For this reason, this paper proposed a novel model to explore the relationship between functional magnetic resonance imaging (fMRI) data and clinical scores, thereby predicting cognitive function scores of ESRD patients. It helps to overcome this issue that the scores of the cognitive function are highly subjective, which tend to affect the results of clinical diagnosis for ESRD patients.

The third paper by Li Y. et al. considered the dynamic changes of functional connections in the resting state, they proposed methodology to construct resting state high-order functional hyper-networks (rs-HOFHNs) for patients with depression and normal subjects. Meanwhile, they also introduce a novel property (the shortest path) to extract local features with traditional local properties (cluster coefficients). A subgraph feature-based method was introduced to characterize information relating to global topology. Two features, local features and subgraph features that showed significant differences after feature selection were subjected to multi-kernel learning for feature fusion and classification.

The Graph Neural Network is also an effective technology to utilize the brain network. The fourth paper by Feng et al. propose a novel Deep Spatiotemporal Attention Network (DSTAN) framework for MCI recognition based on brain functional networks. Specifically, they first extract spatiotemporal features between brain functional signals and FBNs by designing a spatiotemporal convolution strategy (ST-CONV). Then, on this basis, they introduce a learned attention mechanism to further capture brain nodes strongly correlated with MCI. Finally, they fuse spatiotemporal features for MCI recognition. The entire network is trained in an end-to-end fashion.

Similarly, Zhang S. et al. provide a novel dense individualized and common connectivity-based cortical landmarks (DICCCOL)-based multi-modality graph neural networks (DM-GNN) framework to differentiate preterm and term infant brains and characterize the corresponding biomarkers. In practice, the functional magnetic resonance imaging (fMRI) of the brain provides the features for the graph nodes, and brain fiber connectivity is utilized as the structural representation of the graph edges. Self-attention graph pooling (SAGPOOL)-based GNN is then applied to jointly study the function and structure of the brain and identify the biomarkers.



The construction of brain network

In this section, we briefly review the construction of brain network, which design new brain network estimation methods.

In contrast to the group-level network methods for morphological network modeling, Xu et al. provide an individual morphological network estimation method by Jensen-Shannon Divergent Similarity Estimation (JSSE). The graph metrics are then calculated. In the end, the multiple kernel support vector machine (MK-SVM) was used for combining brain connectomes and graph metrics for differentiating SCD from NCs.

Further, the machine learning trick is also adopted in brain network estimation. Jiang et al. focus on correlation's correlation (CC), for constructing the high-order brain network. Besides, for understanding CC more rigorously and providing a systematic brain network learning framework, they reformulate it in the Bayesian view with a prior of matrix-variate normal distribution.



Conclusion

All papers tackle different but extremely relevant domains of the functional and structural brain network construction, representation and application. We believe this topic will raise awareness in the scientific community, through presenting and highlighting the advances and latest novel and emergent technologies, implementations, applications concerning the brain network. In closing, we would like to thank all the authors who submitted their research work to this special issue. We would also like to acknowledge the contribution of many experts in the field who have participated in the review process and provided helpful suggestions to the authors to improve the contents and presentations of the articles.
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The scores of the cognitive function of patients with end-stage renal disease (ESRD) are highly subjective, which tend to affect the results of clinical diagnosis. To overcome this issue, we proposed a novel model to explore the relationship between functional magnetic resonance imaging (fMRI) data and clinical scores, thereby predicting cognitive function scores of patients with ESRD. The model incorporated three parts, namely, graph theoretic algorithm (GTA), whale optimization algorithm (WOA), and least squares support vector regression machine (LSSVRM). It was called GTA-WOA-LSSVRM or GWLS for short. GTA was adopted to calculate the area under the curve (AUC) of topological parameters, which were extracted as the features from the functional networks of the brain. Then, the statistical method and Pearson correlation analysis were used to select the features. Finally, the LSSVRM was built according to the selected features to predict the cognitive function scores of patients with ESRD. Besides, WOA was introduced to optimize the parameters in the LSSVRM kernel function to improve the prediction accuracy. The results validated that the prediction accuracy obtained by GTA-WOA-LSSVRM was higher than several comparable models, such as GTA-SVRM, GTA-LSSVRM, and GTA-WOA-SVRM. In particular, the root mean square error (RMSE), mean absolute error (MAE), and mean absolute percentage error (MAPE) between the predicted scores and the actual scores of patients with ESRD were 0.92, 0.88, and 4.14%, respectively. The proposed method can more accurately predict the cognitive function scores of ESRD patients and thus helps to understand the pathophysiological mechanism of cognitive dysfunction associated with ESRD.

Keywords: end-stage renal disease, cognitive function scores, model, functional magnetic resonance imaging, predict


INTRODUCTION

End-stage renal disease (ESRD) refers to the most severe stage of chronic kidney disease. At this stage, the glomerular filtration rate of the patient is less than 15 ml/min⋅(1.73 m2), and the patient needs long-term dialysis or kidney transplantation to maintain life (Drew et al., 2017; Balbino et al., 2021). Studies have shown that patients with ESRD generally have accompanying symptoms of cognitive dysfunction, such as thinking retardation, insensitivity, inattention, and memory loss. Simultaneously, patients are also accompanied by severe negative emotions such as anxiety and depression (Emma et al., 2016; Zhao et al., 2019). The internationally recognized “kidney-brain” axis theory may explain these accompanying symptoms (Miranda et al., 2017). The brain and kidney have similar hemodynamics; therefore, the patients with ESRD are prone to small vessel injury of the brain. The long-term accumulation of uremia toxin causes the disorder of brain metabolism in patients with ESRD, and these factors may cause the cognitive dysfunction in patients with ESRD (Bugnicourt et al., 2013). The study of the structural and functional impairment of the brain in patients with ESRD may help understand the pathophysiological mechanism of cognitive dysfunction associated with ESRD (Li et al., 2021c).

At present, neuroimaging technology is developing rapidly. Diffusion tensor imaging (DTI), diffusion Kurtosis imaging (DKI), magnetic resonance imaging (MRI), functional magnetic resonance imaging (fMRI), electroencephalogram (EEG), and magnetoencephalography (MEG) are widely used in the diagnosis of cognitive function in patients with ESRD (Gregory and Scahill, 2018; Raurale et al., 2021). FMRI, EEG, and MEG images are used to capture the functional networks of the brain of patients with ESRD, to explore the potential relationship between the cognitive dysfunction of patients with ESRD patients and the changes in the central nervous structure of the brain (Wang et al., 2021). FMRI uses MRI to measure changes in hemodynamics caused by the neuronal activity and can detect dynamic changes in the brain in real time (Jiao et al., 2021a). Compared with EEG and MEG, fMRI has a higher spatial and temporal resolution. fMRI can be used to construct the functional network of the brain of patients with ESRD, which can more effectively help doctors or researchers understand the subtle changes in the brain of patients with ESRD.

The Montreal cognitive assessment (MoCA) can be used for rapid screening of cognitive abnormalities in patients with ESRD, and its scores can effectively help doctors to evaluate and predict the cognitive function of patients (Jiang et al., 2021). However, the educational level and emotional state of patients, skills and experience of examiners in using MoCA, and the examination environment all affect the cognitive function scores of patients (Potocnik et al., 2020). Therefore, an accurate prediction of scores of cognitive function plays an important role in subsequent treatment of patients. Wu et al. (2021) used statistical methods to analyze the correlation between the topological attribute parameters of the functional network of the brain in patients with ESRD and the score of the cognitive function. They mainly focus on the biological markers that affect the cognitive function of patients with ESRD and cannot predict the current state of the cognitive function of patients well. Yang et al. (2019) proposed a model to explore the relationship between the MRI data and the score of the cognitive function, using the longitudinal MRI data to predict the scores of the cognitive function at future time points, using the scores to determine the current cognitive function of the patients. However, the MRI generates static images for whole-body research, and it cannot show the dynamic changes of the brain activity. Lu et al. (2017) proposed a method for predicting the value of clinical variables based on the functional network of the brain, using support vector regression machines (SVRMs) to predict the scores of the cognitive function, but SVRM has the problems of certain volatility and low accuracy in the process of predicting the scores of the cognitive function.

As discussed earlier, we proposed to build a novel model for predicting the scores of the cognitive function of patients with ESRD. It is committed to exploring the relationship between the fMRI data and clinical scores of patients with ESRD. The main work is as follows. First, the graph theoretic algorithm (GTA) was adopted to calculate the area under the curve (AUC) of global topological parameters, which were extracted as the features from the functional networks of the brain. Then, the statistical method and Pearson correlation analysis were used to select the features. Finally, the least squares support vector regression machine (LSSVRM) was built according to the selected features to predict the scores of the cognitive function of patients with ESRD. Meanwhile, the whale optimization algorithm (WOA) was introduced to optimize the parameters in the LSSVRM kernel function to improve the prediction accuracy. The model called GTA-WOA-LSSVRM, or GWLS for short, was expected to predict the scores of the cognitive function of patients with ESRD more accurately and then find biological markers on judging their current state of the cognitive function.



DATA AND METHODS


Research Framework

Figure 1 shows our research framework, which mainly includes the following steps. (A) Preprocessing the original resting-state fMRI data (Xu et al., 2019); (B) constructing the functional networks of the brain according to the time series, which were extracted from the preprocessed data; (C) adopting GTA to extract the AUC of the topological attribute parameters of the functional networks of the brain of patients with ESRD as features; (D) comparing the differences in the features between the patients with ESRD and normal controls through statistical methods; (E) calculating the Pearson correlation coefficient between the features and the cognitive function scores of patients with ESRD; (F) selecting features, which were significantly different from normal controls and correlated with cognitive function scores highly; (G) fusing the selected features to build LSSVRM; (H) introducing WOA to optimize the selection strategy of kernel function parameters in LSSVRM; (I) predicting the cognitive function scores of patients with ESRD through GTA-WOA-LSSVRM.


[image: image]

FIGURE 1. Research framework.




Experimental Data and Pretreatment

A total of 45 patients with ESRD were admitted to Changzhou Second People’s Hospital Affiliated to Nanjing Medical University from February 2021 to September 2021, including 25 male and 20 female individuals, aged 49.24 ± 8.57 years. Synchronously, a total of 30 normal controls were also admitted to the same hospital, including 15 male and 15 female individuals, aged 48.20 ± 6.91 years. There were no significant differences (p> 0.05) in the gender ratio, age, and education level between them. One hour before fMRI examination, cognitive functions of all subjects were assessed by trained neurologists who did not know the data of subjects through MoCA. Table 1 gives the demographic information of these two groups of subjects.


TABLE 1. Demographic information of subjects.

[image: Table 1]
All subjects underwent scan using a Philips 3.0T scanner and were asked to relax as much as possible to keep their brain in a resting state. Each subject was scanned for 7 min, the large frame displacement (FD > 0.5) was greater than 2.5 min, the repetition time (TR) was 3,000 ms, the number of fMRI layers was 6,720, and the layer thickness was 3.3 mm. The data-processing assistant for resting-state fMRI (DPARSF), available at http://rfmri.org/dpabi, was used to preprocess the collected original fMRI data of two types of subjects. The specific steps are as follows: (A) Converting the image format; (B) removing the first 10 time points (it takes a certain amount of time for the instrument to be checked and the subject to enter the stable state); (C) conducting the time and head movement correction; (D) conducting spatial standardization: An EPI template was used to register the standard brain space of Montreal Neurological Institute (MNI), and the voxels were resampled with a resolution of 3 mm × 3 mm × 3 mm; (E) smoothing Gaussian kernel via full-width-at-half-maximum; (F) removing linear drift; (G) carrying out bandpass filtering, the frequency range was 0.01–0.08 Hz; and (H) obtaining the final time series by removing the mean blood oxygenation level dependent (BOLD) time series of head motion parameters, white matter, and cerebrospinal fluid.

The brain of each subject was divided into 90 brain regions by automated anatomical labeling (AAL) standard partition template, and the Pearson correlation coefficient between the time series of two brain regions was calculated to construct a 90 × 90 symmetric matrix with all 1 s on the diagonal. Using the Fisher Z transformation, the Pearson correlation coefficient was converted to Z-value close to normal distribution, thus generating Z matrix. Taking matrix sparsity as the threshold, the Z matrix was binarized. In this study, the matrix sparsity was set to 0.1–0.4 with a span of 0.01. Within the threshold range of the matrix sparsity, GTA was adopted to calculate the topological attribute parameters of the functional networks of the brain, including global efficiency (Eglobal), local efficiency (Elocal), clustering coefficient (Cp), characteristic path length (Lp), standardized clustering coefficient (γ), standardized characteristic path length (λ), and small-world properties (σ), in patients with ESRD and normal controls (Jiao et al., 2021b). The GRETNA software was used to automatically calculate the AUC of each topology attribute parameter within the entire matrix sparsity threshold.



Principle of Least Squares Support Vector Regression Machine

Least squares support vector regression machine is an improvement on SVRM. The inequality constraint in the SVRM model is changed into equality constraint, and the solution of quadratic programming problem is transformed into the solution of linear equations, which improve the prediction efficiency. Meanwhile, it takes the error square and loss function as the experience loss of the training set, which improves the prediction accuracy and helps to effectively fit the scores of the cognitive function with non-linear characteristics (Liu et al., 2019). The specific steps are as follows:

Suppose a set of training samples is given (Yang et al., 2021):

[image: image]

where xi is the i-th input vector; yi is the i-th output vector; n is the dimension of the input vector; N is the number of the training sample.

The core principle of LSSVRM is to map training samples to high-dimensional feature space through the non-linear mapping and then, perform the linear regression in a high-dimensional space. The regression function can be described as follows (Zheng et al., 2019):

[image: image]

where ω is the weight vector; φ(x) is the kernel function of LSSVRM, and it represents the mapping between low-dimensional feature space and high-dimensional feature space; b is the amount of deviation.

According to the principle of minimizing the structural risk, the optimization problem of LSSVRM can be translated into (Shen et al., 2020):

[image: image]

where ei is the fitting error; γ is the penalty factor, controlling the penalty degree of error. Lagrange multiplier λi is introduced to solve the above optimization problem (Yang, 2021):
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Formula (4) is solved and derived according to Karush-Kuhn-Tucker conditions (Reng, 2013):

[image: image]

By solving, ω and e in the above equations are eliminated, and the predictive model function is finally obtained:

[image: image]

where K(xi, yi) is the kernel function, representing the non-linear mapping from an input space to a high-dimensional feature space.

As a common kernel function, the radial basis kernel function is radial symmetric and has a strong generalization ability. It can be used as the kernel function of the proposed predictive model, as shown in the following formula:

[image: image]

where σ is the width factor of the kernel function.

In LSSVRM, γ reflects the error size and the generalization ability of the model, and σ reflects the distribution characteristics of training data samples. These two parameters directly affect the prediction effect. Therefore, it is necessary to select the intelligent optimization algorithm to optimize these two parameters before prediction (Li et al., 2020b, 2021a).



Principle of Whale Optimization Algorithm

The whale optimization algorithm is introduced to optimize the selection strategy of kernel function parameters and improve the operating efficiency of the LSSVRM model (Zhang et al., 2018; Liu et al., 2021). This algorithm is inspired by biology, and its basic principle comes from the feeding mechanism of the bubble net of humpback whales in the ocean. There are three steps included in WOA, namely, surround the prey, bubble net attack, and hunt the prey.

A. Surround the prey: in the whale algorithm, individual whales first conduct a random search based on their initial location. In mathematics, this search corresponds to the global exploration stage of the algorithm, and its mathematical model is shown in the following formulas:
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For the t-th iteration, “| |” is the absolute value computing; “⋅” is the dot product operation. The meanings of other parameters are as follows: [image: image] and [image: image] are the coefficient vectors of the algorithm; [image: image] is the location of individual whales selected at random; [image: image] is the current individual position of the whale. As the iteration progresses, [image: image] decreases linearly from 2 to 0. [image: image] is a random vector whose value is rand [0, 1]. The [image: image] of individual fish is updated in each iteration when a better position appears.

B. Bubble net attack: described by the spiral equation during the whale movement.

[image: image]
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where b is a constant; l is a random number, and its value method is rand [–1,1].

C. Search for prey: when the range of the parameter vector [image: image] is in [–1,1], the optimization algorithm starts the forced search agent mechanism, and the search range is far away from the reference whale in the population. Then, a random individual is selected as the best agent to complete the update using its position, which is denoted as [image: image]. This mechanism ensures a better global searching ability of the algorithm. The mathematical expression of the above process is shown in the following formulas:

[image: image]

[image: image]

Combined with the above steps, Figure 2 shows a flowchart of WOA.


[image: image]

FIGURE 2. Flowchart of WOA.





RESULTS


Experimental Settings

Table 2 shows the AUC of topology attribute parameters of the functional networks of the brain of patients with ESRD and normal controls calculated by GTA. Within the whole matrix sparsity threshold range, the AUC of γ and σ in patients with ESRD was significantly lower than those in normal controls, with statistical significance (p < 0.05). However, there were no significant differences (p > 0.05) in AUC of λ, Cp, Lp, Eglobal, and Elocal.


TABLE 2. AUC of topological parameters of the functional networks of the brain between patients with ESRD and normal controls (x̄ ± s).
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Table 3 shows the Pearson correlation coefficients between the AUC of topology attribute parameters of the functional networks of the brain of patients with ESRD and the scores of the cognitive function of patients with ESRD. For patients with ESRD patients, the AUCs of γ and σ were positively correlated with the scores of the cognitive function (p < 0.0033, Bonferroni correction), while the AUC of Cp, Lp, Eglobal, and Elocal were not correlated with cognitive function scores (p > 0.0033, Bonferroni correction).


TABLE 3. Correlation analysis between AUC of topological parameters of the functional networks of the brain and scores of the cognitive function of patients with ESRD.
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As shown in Tables 2, 3, the AUCs of γ and σ of patients with ESRD were significantly lower than those of normal controls, and they were positively correlated with the scores of the cognitive function. Therefore, we extracted the AUC of γ and σ as features. The extracted features were linearly fused (Wang et al., 2017; Jiao et al., 2019b; Li et al., 2020c), and then, GTA-SVRM, GTA-LSSVRM, GTA-WOA-SVRM, and GTA-WOA-LSSVRM separately performed regression prediction on the scores of the cognitive function of patients with ESRD.

The AUC of γ and σ with corresponding cognitive function scores of 45 patients with ESRD were used as a data set D by the hold-out method. It involves splitting D into two mutually exclusive sets. The AUCs of γ and σ with the scores of the cognitive function of 35 patients with ESRD admitted from February 2021 to July 2021 were used as the training set S. The AUCs of γ and σ with the scores of the cognitive function of 10 patients with ESRD admitted from July to September 2021 were used as test set T, that is, D = S∪T, S∩T = ∅. After the model is trained on S, the performance of the model is evaluated and measured on T. To evaluate the accuracy of the model, the root mean square error (RMSE), mean absolute error (MAE), and mean absolute percentage error (MAPE) were selected as the testing standards of the prediction accuracy. The smaller the RMSE, MAE, or MAPE, the higher the prediction accuracy of the model.

RMSE is defined as:
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MAE is defined as:

[image: image]

MAPE is defined as:
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where n is the number of predicted samples, [image: image] is the predicted scores of patients with ESRD in the test set, and x is the actual scores of patients with ESRD in the test set.



Experimental Results

Table 4 shows the prediction accuracies of the various regression model for the scores of the cognitive function of patients with ESRD. As can be seen from the table, the prediction accuracy of GTA-WOA-LSSVRM is improved compared with those of GTA-SVRM, GTA-LSSVRM, and GTA-WOA-SVRM. The RMSE between the predicted scores of GTA-WOA-LSSVRM and the actual scores dropped to 0.92, which was 0.93, 0.65, and 0.16 points lower than those of GTA-SVRM, GTA-LSSVRM, and GTA-WOA-SVRM, respectively. The MAE between the predicted scores of GTA-WOA-LSSVRM and the actual scores is within 1, which was 0.65, 0.63, and 0.13 points lower than those of GTA-SVRM, GTA-LSSVRM, and GTA-WOA-SVRM, respectively. Compared with MAE, MAPE can further compare the relative errors of the model. The MAPE between the predicted scores of GTA-WOA-LSSVRM and the actual scores was 4.14%, which was 2.8, 2.87, and 0.6% lower than those of GTA-SVRM, GTA-LSSVRM, and GTA-WOA-SVRM, respectively. The bar chart in Figure 3 intuitively shows that the prediction accuracy of GTA-WOA-LSSVRM is better than those of GTA-SVRM, GTA-LSSVRM, and GTA-WOA-SVRM.


TABLE 4. Prediction accuracies of various models.
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FIGURE 3. Prediction accuracies of various models. (A) RMSE and MAE (B) MAPE.


Figure 4 shows the comparison between the predicted scores of various models and the actual scores. The solid black line represents the actual scores, and the solid red line represents the predicted scores. As can be seen from the figure, GTA-WOA-SVRM and GTA-WOA-LSSVRM can fit well for most of the training samples, and the prediction results are closer to the real value, with high prediction accuracy. Moreover, the prediction results of 2–5 samples with relatively large score fluctuations are more accurate than those of GTA-SVRM and GTA-LSSVRM. It is worth noting that the strong fluctuation of scores results in a large error between the predicted results of GTA-SVRM and GTA-LSSVRM and the actual results, while the predicted results of GTA-WOA-SVRM and GTA-WOA-LSSVRM are relatively stable. This is due to the strong optimization ability of WOA, which optimizes penalty factors and kernel parameters in SVRM and LSSVRM and improves the generalization ability of the model.


[image: image]

FIGURE 4. Actual scores and predicted scores of various models. (A) GTA-SVRM. (B) GTA-LSSVRM. (C) GTA-WOA-SVRM. (D) GTA-WOA-LSSVRM.




Discriminative Brain Regions

Node efficiency is mainly used to measure the information transmission capacity between one node and other nodes in the network (Li et al., 2020a; Ruby et al., 2020). To identify the key brain regions affecting the cognitive function, we calculated the Pearson correlation coefficients between the scores of the cognitive function in patients with ESRD and their node efficiency of 90 brain regions on the AAL template. Ten brain regions with the highest correlation with the scores of the cognitive function were selected as the discriminative brain regions. Table 5 shows their specific information. The BrainNet Viewer toolkit1 was used to visualize the discriminative brain regions and map them to the ICBM152 template, as shown in Figure 5.


TABLE 5. Discriminative brain regions.
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FIGURE 5. Distribution diagram of discriminative brain regions. (A) Coronal view of left hemisphere. (B) Coronal view of right hemisphere.


As shown in Table 5 and Figure 5, most of the selected brain regions have been widely considered to be possibly related to cognitive impairment. Among them, right hippocampus (HIP.R) and right parahippocampal gyrus (PHG.R) are related to the learning and memory function (Squire et al., 2007; Zhang et al., 2015). Right median cingulate and paracingulate gyri (DCG.R) is involved in cognitive control, and the structural damage to it may lead to abnormal cognitive behaviors (Shackman et al., 2011). Right inferior temporal gyrus (ITG.R) plays a role in hearing and is associated with memory and emotion, so its damage can cause personality changes (Bi et al., 2020b). Left insula (INS.L) and left amygdala (AMYG.L) are mainly involved in emotional processing, and they play important roles in the neuropathology of depression (Janak and Tye, 2015). In summary, the nodal efficiencies of these brain regions are strongly correlated with the scores of the cognitive function of patients with ESRD. It is basically consistent with the results of previous relevant studies (Jiao et al., 2020a, 2021a; Peng et al., 2020).




DISCUSSION

In this article, we have proposed a novel GWLS model called GTA-WOA-LSSVRM to optimally predict the scores of the cognitive function of patients with ESRD. Comparatively, although the prediction accuracy is improved limitedly, the operation efficiency of GTA-LSSVRM is higher than that of GTA-SVRM. As an improvement on SVRM, LSSVRM changes the inequality constraint in the SVRM model into equality constraint and transforms the solution of the quadratic programming problem into the solution of linear equations, so the calculation is faster. The prediction accuracy of GTA-WOA-SVRM and GTA-WOA-LSSVRM is significantly higher than those of GTA-SVRM and GTA-LSSVRM. It is due to the strong optimization ability of WOA, which optimizes the strategy of selecting kernel function parameters in SVRM and LSSVRM, thus improving the generalization ability of the model and helping to fit the values with large fluctuations effectively. In the clinical diagnosis, it is often necessary to predict the scores of the cognitive function in large number of patients with ESRD for research, and the scores of different patients vary greatly. Therefore, GTA-WOA-LSSVRM has taken both work efficiency and accuracy into account.

During extracting features, we found that the AUCs of γ and σ in patients with ESRD were significantly lower than those in normal controls. γ is an important indicator to measure the connection tightness between nodes of the functional networks of the brain. It mainly reflects the local information processing and transmission ability of networks. Accordingly, γ is related to the short-range connections between adjacent brain regions, and these brain regions can mediate modular information processing (Jiao et al., 2019a, 2020b). In patients with ESRD, the reduction of γ means the modular information processing capacity of the functional network of the brain is reduced, which leads to the impairment of the local information processing and transmission capacity of the network. σ is mainly used to measure the small-world attribute of the functional networks of the brain (Bassett and Bullmore, 2017). The characteristics of the optimized network topology of patients with ESRD are obviously weakened than those of normal controls. Different from γ and σ, Eglobal, λ, and Lp mainly reflect the information transmission and integration ability of the functional networks of the brain at the global level in patients with ESRD. This indicates that patients with ESRD only show impaired local network information processing and transmission capacity (i.e., functional separation), while the global level of the long-range connectivity and information transmission capacity (i.e., functional integration) is not significantly impaired. This phenomenon may also have something to do with the compensation mechanism of the network.

Based on this, it has been suggested that the functional networks of the brain of patients with ESRD may maintain their global information transmission ability through the remodeling mechanism before clinically visible cognitive impairment, thus preventing a sharp decline in the cognitive function (Wei et al., 2018; Cheng et al., 2019). This provides a new perspective and potential imaging biomarkers for understanding the underlying pathophysiological mechanisms of cognitive impairment in patients with ESRD.

However, there are still some deficiencies in our study. First, the influence of dialysis methods (such as hemodialysis and peritoneal dialysis) on the functional networks of the brain of patients with ESRD was not evaluated (Li et al., 2021b). Second, more common methods are applied to the feature extraction and feature selection. In the following work, we will try to improve the existing feature extraction and feature selection methods, so that our new model can better mine the information of functional networks of the brain, enhance the prediction ability of the model, and assist doctors in diagnosis more effectively. In addition, the number of experimental samples in this study is limited. Although the evaluation performance of the model can be reflected to some extent, more extensive data will be more convincing. In future experiments, it is necessary to collect more fMRI, DTI, DKI, and other multimodal data and fuse the data in different modes to build brain networks with structural connections and functional connections (Wang et al., 2019; Bi et al., 2020a, 2021). Finally, the topology attributes of fused networks will be selected to improve the accuracy on predicting the scores of the cognitive function of patients with ESRD.
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Not Only in Sensorimotor Network: Local and Distant Cerebral Inherent Activity of Chronic Ankle Instability—A Resting-State fMRI Study
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Background: Increasing evidence has proved that chronic ankle instability (CAI) is highly related to the central nervous system (CNS). However, it is still unclear about the inherent cerebral activity among the CAI patients.

Purpose: To investigate the differences of intrinsic functional cerebral activity between the CAI patients and healthy controls (HCs) and further explore its correlation with clinical measurement in CAI patients.

Materials and Methods: A total of 25 CAI patients and 39 HCs were enrolled in this study. Resting-state functional magnetic resonance imaging (rs-fMRI) was used to detect spontaneous cerebral activity. The metrics of amplitude of low-frequency fluctuation (ALFF), fractional ALFF (fALFF), and regional homogeneity (ReHo) of the two groups were compared by two-sample t-test. The brain regions that demonstrated altered functional metrics were selected as the regions of interest (ROIs). The functional connectivity (FC) was analyzed based on the ROIs. The Spearman correlation was calculated between rs-fMRI metrics and clinical scale scores.

Results: Compared with HCs, CAI patients showed higher ALFF and ReHo values in the right postcentral gyrus, the right precentral gyrus, and the right middle frontal gyrus, while lower fALFF values in the orbital-frontal cortex (OFC, p < 0.01 after correction). Increasing FC between the right precentral gyrus and the right postcentral gyrus while decreasing FC between the right precentral gyrus and the anterior cingulum cortex (ACC), the right middle frontal gyrus and the left middle temporal gyrus, and the OFC and left inferior parietal lobule (IPL) was observed. In addition, in the CAI group, the ReHo value negatively correlated with the Cumberland Ankle Instability Tool score in the right middle frontal gyrus (r = −0.52, p = 0.007).

Conclusion: The CAI patients exhibited enhanced and more coherent regional inherent neuronal activity within the sensorimotor network while lower regional inherent activity in pain/emotion modulation related region. In addition, the information exchanges were stronger within the sensorimotor network while weaker between distant interhemispheric regions. Besides, the increased inherent activity in the right middle frontal gyrus was related to clinical severity. These findings may provide insights into the pathophysiological alteration in CNS among CAI patients.

Keywords: chronic ankle instability, resting-state fMRI, amplitude of low-frequency fluctuation, regional homogeneity, functional connectivity


INTRODUCTION

Chronic ankle instability (CAI), usually developing from the acute ankle sprain, is one of the most prevalent musculoskeletal injuries (Gribble et al., 2016). CAI is a generic term characterized by a group of symptoms referring to recurrent sprain, episodes of ankle joint “giving way,” pain, swelling, and decreased function (Delahunt et al., 2010; Gribble et al., 2014). These residual symptoms can last for decades, impacting physical activity levels and sacrificing the health-related quality of life (Houston et al., 2015). Moreover, repetitive trauma can degenerate joint cartilage, leading to early onset of post-traumatic osteoarthritis (Lee et al., 2015), which lacks effective treatment (Yeo et al., 2021). Nowadays, conservative rehabilitation and surgery after ineffectual conservative management are the primary treatment for CAI (Yeo et al., 2016; Kim et al., 2019). However, some patients fail to recover or return to sports as usual (Doherty et al., 2017; Aicale and Maffulli, 2020). Hence, it will be beneficial to explore the pathophysiological alterations underlying CAI to improve its interventions.

According to the classic Hertel model (Hertel, 2002) of CAI, the impairment of neuromuscular-recruitment pattern is one of the pathophysiological factors. As is known, the central nervous system (CNS) can adapt to the periphery-induced stimuli. Neuroplasticity refers to the ability of the brain to reorganize synaptic connections, functional networks, or morphological structures in response to stimuli like peripheral injury (Kapreli et al., 2009; Grooms et al., 2015). During the past decade, much effort has been made to investigate the neuroplasticity of CAI patients. Some studies found that CAI patients had decreased corticomotor excitability in fibularis longus (FL), tibialis anterior, and soleus, which supported the existence of supraspinal alteration (Hass et al., 2010; McLeod et al., 2015; Terada et al., 2016, 2020; Nanbancha et al., 2019). Recently, Kosik et al. (2017) has found that CAI patients had reduced corticomotor cortex output representation of FL, indicating the FL corresponding motor cortical cells were recruited by surrounding areas. These studies revealed the reorganization of the corticomotor area. Therefore, CAI is not only a peripheral problem related to ligaments and muscles but also a problem related to the alteration of CNS. Whereas, most studies of the CAI-induced neuroplasticity were based on transcranial magnetic stimulation (TMS), which reflected patients’ response after externally given stimuli and was limited by the restricted target area of TMS, mainly focusing on the motor-related cerebral changes. However, CAI involves multiple aspects like motor deficits and pain management, and CNS alterations may not be confined to sensorimotor networks. Nevertheless, it is still unclear whether the inherent brain activity involving these factors of CAI patients is altered.

In this study, resting-state fMRI (rs-fMRI) was used to observe the intrinsic cerebral activity, which has been widely applied in various neurological or psychiatric disorders (Liu et al., 2019; Xu et al., 2020a,b; Lin et al., 2021). We utilized data-driven algorithms, including the amplitude of low-frequency fluctuation (ALFF) (Zang et al., 2007), fractional ALFF (fALFF) (Zou et al., 2008), regional homogeneity (ReHo) (Zang et al., 2004), and functional connectivity (FC) (Hampson et al., 2002), which complement each other on different aspects, to reflect the intrinsic cerebral activity. ALFF, fALFF, and ReHo are local metrics. ALFF highlights the intensity of regional neuronal activity, while fALFF reflects the contribution of the low-frequency band for the whole frequency range and is considered less affected by physiological noise. ReHo reveals the similarity of regional neuronal activity from the spatial perspective (Zang et al., 2004, 2007; Zou et al., 2008). On the other hand, FC can provide information about extensive functionally connected regions. Therefore, combining the above metrics can provide a comprehensive evaluation of spontaneous cerebral activity on a whole-brain scale, facilitating understanding of the reorganization in brain function in CAI patients and contributing to further understanding of the pathophysiological changes of CAI patients.

Hence, the aim of this work was to investigate the alteration in intrinsic cerebral activity in CAI patients compared with healthy controls (HCs) by rs-fMRI and explore the relationship between functional metrics and clinical measurement. We hypothesized that CAI patients would differ from HCs in resting-state metrics, and the altered functional metrics will be associated with clinical symptoms.



MATERIALS AND METHODS


Participants

A total of 25 patients with right side CAI (26.24 ± 5.33 years) were enrolled in the patient group between September 2019 and April 2021 from the Department of Orthopedics of our hospital. Since most of the collected patients were right-side suffered, only right-side CAI patients were included in this study, allowing aggregation of the cerebral activity data without interference from unique unilateral brain changes that might be confounded if the cohort had mixed left and right CAIs. A total of 39 HCs (27.79 ± 4.69 years) were recruited in this study from the community. The Chinese translation of Edinburgh Handedness Inventory was used to assess the handedness (Yang et al., 2018). All the participants were right-handed. The CAI patients underwent cross-sectional evaluation of clinical assessments and MR scanning. For the patient group, the inclusion criteria consisted of Gribble et al. (2014): (i) A history of at least one significant ankle sprain leading to at least 3 days of immobilization and/or non-weight bearing, and the initial sprain must have occurred at least 12 months before the study enrollment. The most recent injury must have occurred more than 3 months before the study enrollment. (ii) A history of the previously injured ankle joint at least two episodes of “giving way” in the 6 months before the study enrollment, and/or recurrent sprain and/or “feelings of instability.” (iii) Cumberland Ankle Instability Tool (CAIT) score less than 24.

Exclusion criteria for both groups were as follows: (i) A history of previous surgeries to the musculoskeletal structures (i.e., bones, joint structures, and nerves) or a fracture requiring realignment in either lower extremity. (ii) Acute injury to the musculoskeletal structures of other lower extremity joints in the previous 3 months, which impacted joint integrity and function (i.e., sprains and fractures), resulting in at least one interrupted day of desired physical activity. (iii) A history of bilateral ankle sprains. (iv) CNS diseases, muscular diseases, and other conditions that may have influences on ankle movement. (v) Confirmed or suspected history of cardiopulmonary failure. (vi) Psychiatric disorders. (vii) Concurrent and contraindications to an investigation by MRI. All participants volunteered to undergo the rs-fMRI scanning.

The current study was conducted in accordance with the Declaration of Helsinki, and all study procedures were carried out with adequate understanding and the written consent of the participants. Formal approval from the Huashan Hospital Institutional Review Board was obtained before study initiation.



Clinical Assessments

The CAIT, American Orthopedic Foot and Ankle Society (AOFAS), and Karlsson–Peterson Ankle Function Score (KPAFS) are frequently used scales to evaluate the ankle joint from different perspectives. The CAIT is disease-specific, while AOFAS and KPAFS are body region-specific. Combining the three scales will help provide a more comprehensive assessment of the ankle joint.

Cumberland Ankle Instability Tool (Hiller et al., 2006): CAIT is usually used to evaluate the subjective feelings of the ankle in daily activities such as walking, running, jumping, and going down the stairs. There are nine questions in this scale, and the total score is 30. According to the International Ankle Consortium (Gribble et al., 2014), a score less than 24 is used to differentiate the unstable ankles from the healthy ones. In addition, the lower the score, the worse the ankle stability. Therefore, CAIT can not only distinguish whether the joint is stable, but also define the severity of symptoms.

American Orthopedic Foot and Ankle Society Score (Kitaoka et al., 1994): the AOFAS scale is a clinician-based scale to assess the ankle and foot disorders from different parts comprising pain, function, and alignment. The total score ranges from 0 to 100. The score of AOFAS ranging 0–49, 50–74, 75–89, and 90–100 indicates poor, fair, good, and excellent, respectively.

Karlsson–Peterson Ankle Function Score (Cao et al., 2018): the KPAFS is a method of evaluating function by examining the stability of the ankle joint, pain, swelling, numbness, activities at work or during sports, the ability to climb stairs, running ability, and the use of ankle support aids. The total score ranges from 0 to 100. The score of KPAFS ranging 0–59, 60–74, 75–84, and 85–100 indicates poor, fair, good, and excellent, respectively.



Data Acquisition

All imaging data were obtained with a 3.0 T scanner (MR750, GE Healthcare, Milwaukee, WI, United States) equipped with a 32-channel head coil. The participants’ heads were fastened by cushions between both sides of their head and coil to minimize the head movements. During the scanning, the participants were required to relax their minds and not think about anything, keeping awake with their eyes closed. Each participant received one functional scan. The rs-fMRI data were measured with an echo-planar imaging sequence (TR/TE = 2,000/30 ms, flip angle = 90°, FOV = 220 mm × 220 mm, 43 axial slices, acquisition matrix = 64 × 64, voxel size = 3.4 mm × 3.4 mm × 3.2 mm, interslice space = 0 mm). Structural imaging data were acquired with a 3D T1-weighted fast spoiled gradient-recalled echo sequence (TR/TE = 8.16/3.18 ms, inversion time = 450 ms, flip angle = 8°, FOV = 256 mm × 256 mm, acquisition matrix = 256 × 256, spatial resolution = 1 mm × 1 mm × 1 mm, interslice space = 0 mm).



Data Preprocessing

The rs-fMRI data were preprocessed by Data Processing and Analysis for Brain Imaging (DPABI) (Yan et al., 2016) and Statistical Parametric Mapping (SPM12) (Biswal et al., 2010) on MATLAB 2019b (MathWorks, Natick, MA, United States). The steps are as follows: (i) Remove the first 10 volumes to ensure magnetization stabilization. (ii) Slice timing was conducted to the middle slice to eliminate the variances due to the different acquisition times. (iii) Realignment was performed using a six-parameter rigid-body spatial transformation to compensate for head-movement artifacts. Subjects with head-movement >3 mm of translation and >3° of rotation would be excluded, and no patient was excluded. (iv) The functional images were co-registered to the high-resolution 3D-T1 structural images. In this phase, structural images were normalized to Montreal Neurological Institute (MNI) space by non-linear warping based on Diffeomorphic Anatomical Registration Through Exponentiated Lie Algebra (DARTEL). Then the functional images were spatially normalized to the MNI space using the parameters achieved from the normalization of structural images and simultaneously resampled into 3-mm isotropic voxels. (v) Nuisance covariates were regressed out, including the Friston 24-motion parameter model (six head-motion parameters, six head-motion parameters one time point before, and the 12 corresponding squared items), global mean, white matter, and cerebrospinal fluid signals. (vi) Linear detrending and band-pass filtering at 0.01–0.08 Hz were carried out to reduce low-frequency drift and high-frequency physiological noise.



Amplitude of Low-Frequency Fluctuation, Fractional Amplitude of Low-Frequency Fluctuation, and Regional Homogeneity Computation

A 6-mm full-width at half-maximum (FWHM) Gaussian kernel was used to smooth the normalized functional images for ALFF computation. Then a fast Fourier transform was used to convert the filtered time series to a frequency domain to obtain the power spectrum. The square root of the power spectrum was computed and averaged within each voxel, which was the ALFF. The term fALFF was the division of ALFF within the specified frequency band (0.01–0.08 Hz) by the entire frequency range (Zang et al., 2007; Zou et al., 2008).

For ReHo, Kendall’s coefficient of concordance of the time courses within each voxel and its 26 neighboring voxels was calculated. Then smoothing was performed with a 6 mm FWHM Gaussian kernel (Zang et al., 2004).

To obtain an approximately normal distribution, we conducted a Fisher’s Z transformation for the ALFF, fALFF, and ReHo. Ultimately, the Z-standardized map of each participant was used for the following statistical analysis.



Functional Connectivity Analysis

Functional connectivity was calculated based on the results of ALFF, fALFF, and ReHo analysis to investigate the connectivity between regions of interest (ROIs) and the rest of the brain. The regions with aberrant intrinsic cerebral activity were selected as ROIs: including the right precentral gyrus, the right postcentral gyrus, the right middle frontal gyrus, and the right orbital-frontal cortex (OFC). The mean time series of each ROI was extracted, and Pearson’s correlation was performed between the time series of each ROI and each voxel. Finally, a Fisher’s Z transformation was performed to improve the normality.



Statistical Analysis

The intergroup comparison of demographic and clinical data was performed by SPSS (version 20, Chicago, IL, United States). A two-sample t-test was used to assess the continuous variables, including age, height, weight, and clinical measurements. Chi-square test was used to test the significant gender difference. p-Value < 0.05 was considered statistically significant.

The functional metrics were compared between the CAI and HCs using SPM12 with a general linear model. For functional metrics, gender, age, height, and weight were regarded as covariates. Gaussian Random Field theory (GRF) was applied to multiple comparison correction, with the statistical threshold of p < 0.01 and cluster p < 0.05 (one-tailed) (Friston et al., 1994). The regions with a significant difference in functional metrics were regarded as ROIs. The mean value of ALFF, fALFF, and FC in ROIs was extracted in the CAI group, and the Spearman correlation test was performed to explore the functional metrics with clinical assessment by SPSS (version 20, Chicago, IL, United States). The calculations were performed after controlling the influences of age, gender, height, and weight. p-Value < 0.05 was considered statistically significant.




RESULTS


Demographic and Clinical Characteristics

The demographic and clinical characteristics were shown in Table 1. There were no significant differences in age, gender, height, and weight between CAI patients and HCs. The score for CAIT, AOFAS, and KPAFS of CAI patients was 12.68 ± 4.96, 62.56 ± 11.72, and 50.88 ± 15.19, respectively, which were significantly lower than HCs.


TABLE 1. Demographic and clinical characteristics of participants.
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Amplitude of Low-Frequency Fluctuation, Fractional Amplitude of Low-Frequency Fluctuation, and Regional Homogeneity Analysis

Significant intergroup differences in ALFF, fALFF, and ReHo were shown in Figures 1–3 and Tables 2–4. Compared with HCs, CAI patients demonstrated higher ALFF values in the right postcentral gyrus, extending to the right precentral gyrus and right middle frontal gyrus. For fALFF values, CAI patients had a lower level in the right middle frontal gyrus with its orbital part, extending to the right superior frontal gyrus with its medial part. Besides, ReHo values increased in the right precentral gyrus, right postcentral gyrus, and right middle frontal gyrus.


[image: image]

FIGURE 1. Clusters showed a significant difference in ALFF between CAI patients and HCs. The color bar indicated the t-value from two-sample t-test. The circles indicated the corresponding brain regions. The green circle: the right precentral gyrus; the blue circle: the right postcentral gyrus; and the red circle: the right middle frontal gyrus.
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FIGURE 2. Cluster showed a significant difference in fALFF between CAI patients and HCs. The color bar indicated the t-value from two-sample t-test. The red circle indicated the orbital-frontal cortex.
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FIGURE 3. Clusters showed a significant difference in ReHo between CAI patients and HCs. The color bar indicated the t-value from two-sample t-test. The circles indicated the corresponding brain regions. The green circle: the right precentral gyrus; the blue circle: the right postcentral gyrus; and the red circle: the right middle frontal gyrus.



TABLE 2. Brain regions showing significant ALFF differences between CAI patients and HCs.
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TABLE 3. Brain regions showing significant fALFF differences between CAI patients and HCs.
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TABLE 4. Brain regions showing significant ReHo differences between CAI patients and healthy controls.
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Functional Connectivity Analysis

Significant intergroup differences in FC were shown in Figure 4 and Table 5. Compared with the HCs, the CAI group showed increased FC between the right precentral gyrus and the right postcentral gyrus while decreased FC between the right precentral gyrus and the anterior cingulum cortex (ACC), the right middle frontal gyrus and the left middle temporal gyrus, and the OFC and left inferior parietal lobule (IPL).
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FIGURE 4. Intergroup comparison of FC between the CAI patients and HCs. The blue lines: decreased FC; the red line: increased FC. Compared with the HCs, the CAI group showed (A) decreased FC between the right precentral gyrus and the left ACC and increased FC between the right precentral gyrus and the right postcentral gyrus. (B) Decreased FC between the right middle frontal gyrus and left middle temporal gyrus. (C) Decreased FC between the OFC and the left IPL. ACG.L, the left anterior cingulate gyrus; PreCG.R, the right precentral gyrus; PoCG.R, the right postcentral gyrus; MFG.R, the right middle frontal gyrus; MTG.L, the left middle temporal gyrus; ORBmid.R, the orbital part of the right middle frontal gyrus; IPL.L, the left inferior parietal lobule.



TABLE 5. Brain regions showing significant FC differences between CAI patients and healthy controls.
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Correlations With Clinical Parameters

The correlation between altered rs-fMRI parameters and clinical assessment was illustrated in Figure 5. The ReHo value negatively correlated with the CAIT score in the right middle frontal gyrus (r = −0.52, p = 0.007).
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FIGURE 5. A negative correlation between the CAIT and ReHo value can be observed in the middle frontal gyrus (r = –0.52, p = 0.007).





DISCUSSION

In the present study, we found differences in ALFF, fALFF, ReHo, and FC in CAI patients compared with HCs by rs-fMRI and explored their correlation with clinical parameters. The current results suggested that altered regional and extensive cerebral activities happened in the sensorimotor network and pain-related regions among CAI patients, which proved the neuroplasticity of inherent functional activity in CAI patients. To the best of our knowledge, this is the first study using rs-fMRI to investigate the inherent cerebral activity of CAI patients.

In this study, we found that the CAI patients showed increased ALFF and ReHo in the right postcentral gyrus, the precentral gyrus, and the middle frontal gyrus. These regions constitute the sensorimotor network (Wei et al., 2020). The postcentral gyrus (BA 3) is a part of the primary somatosensory cortex (S1), receiving the proprioceptive input (Srinivasan et al., 2020). The precentral gyrus (BA 4) belongs to the primary motor area (M1), participating in motor execution (Paul et al., 2021). The middle frontal gyrus, involving BA 6, 8, and 9, constitutes the premotor cortex and is engaged in the planning and preparing movements (Matsuo et al., 2021). It is well known that the completion of the movement is initiated by signals from the cerebral cortex, which reach the skeletal muscle motor endplate through outgoing fiber. The process involves motor plan generation, coordinated movement control, and corrective feedback. Notably, our results revealed that the ipsilateral sensorimotor network was more activated in CAI patients, probably due to the compensation of the unaffected ankle (left ankle). Some studies have found that CAI patients transformed their gait and posture to compensate for the injured ankle (Levin et al., 2015; Ziabari et al., 2021), which implied reassignment of cerebral function. Under physiological conditions, the two hemispheres are mutually inhibited, but the inhibition can be upset in certain circumstances, and cerebral function can be redistributed (Zhang J. et al., 2021). Hence, the increased functional cerebral metrics in the right sensorimotor network may be a compensatory strategy to maintain the balance of the whole body. When one ankle joint is injured, the ipsilateral brain may facilitate the uninvolved ankle to perform a greater role in keeping balance.

Meanwhile, we found that in the right middle frontal gyrus, the ReHo value was negatively correlated with CAIT, which was in line with our compensatory hypothesis. As mentioned before, this region plays a vital role in motor planning. In other words, the worse the ankle function, the more the brain activated the ipsilateral premotor area to innervate the unaffected ankle to compensate for the affected one. Nevertheless, motor control of the lower extremities is usually attended bilaterally (Grooms et al., 2017). Thus, the current results indicated that the integration of bilateral ankle training should be considered during rehabilitation to enhance coordination of bilateral lower extremity movements and avoid functional or strength asymmetry.

In addition, we found a reduction of fALFF in the OFC, which is regarded as a critical region for pain adjustment. Pain is one of the common symptoms of CAI, and approximately 60% of the patients report pain symptoms (Adal et al., 2020). Other studies have also proved the cerebral adaptation induced by chronic pain that OFC modulates the excessive excitement input under pain circumstances by compensatory inhibition (Li et al., 2020). In pain studies like chronic shoulder pain and primary dysmenorrhea, deceased regional cerebral activity was observed in the OFC (Jin et al., 2017; Li et al., 2020). In an arterial spin labeling study, abnormal cerebral blood flow was detected in the right middle frontal orbital gyrus in migraine sufferers (Zhang D. et al., 2021). Furthermore, the OFC serves a pivotal function in emotion modulation (Chen et al., 2021). According to previous studies, anxiety-related diseases show deactivation in the OFC. For example, the nodal parameters of OFC showed a negative correlation with Hamilton Anxiety Rating Scale, and the major depressive disorder and bipolar disorder patients had decreased FC in OFC (Chen et al., 2018; Wu et al., 2021). In a health-related quality of life study, the CAI patients demonstrated higher anxiety and depression score than the uninjured control group

(Kosik et al., 2020). Hence, we suggest that the depressed activity in OFC may be a biomarker of CAI patients with anxiety and depression symptoms.

The FC analysis was conducted to investigate the time series correlation analysis between ROI and the whole brain. The results demonstrated an increased FC between the right precentral gyrus and the right postcentral gyrus. In other words, the patients had enhanced communication within the sensorimotor network, which further supported the compensatory hypothesis. While decreased FC was observed between the right precentral gyrus and ACC, and the right middle frontal gyrus and left middle temporal gyrus. These diminished interhemispheric connections implicated that the CAI patients had deficits in functional synergy in distant brain regions. The ACC serves an essential role in guiding behaviors, coordinating and integrating information in motor selection and preparation, motivation response and evaluation (Zeuner et al., 2016). As a previous study reported, the ACC might modulate the supplementary motor area during performing unilateral motor tasks (Cordani et al., 2020). The middle temporal gyrus is a region responsible for processing visual signals like distance recognition and action perception (Conboy et al., 2021; Kang et al., 2021). It is known that the appropriate neuromuscular control depends on the apropos integration of the somatosensory, visual, and vestibular system (Peterka, 2002; Terada et al., 2020). A recent study revealed a low correlation between motor network and middle temporal cortex in individuals with chronic musculoskeletal impairment, which was consistent with our results. It might result from the long-term disuse of the affected limb (Conboy et al., 2021). In addition, the IPL is a part of the “pain matrix” responsible for pain processing, including discriminating and sensing pain and directing attention to deleterious stimulation and high sensory integration (Nakata et al., 2008; Silvestro et al., 2021; Tang et al., 2021). It further supported the idea that the neuroplasticity related to pain processing occurred in the CAI patient, likely presenting as an inhibitory neural correlation between the pain-related regions, the OFC and the IPL.

There were several limitations in this study. First, despite the sample size being relatively large among the cerebral research of CAI, it is still limited in fMRI studies, which somewhat limited the statistical validity. Secondly, although we collected scale scores related to clinical symptoms of the disease and ankle functions, we lacked behavioral or psychological data of patients. Patients’ emotional condition assessment should be collected to explore what role pain-related anxiety or depression plays in CAI.



CONCLUSION

In the current study, we investigated the alteration of inherent cerebral functional activity in CAI patients. The results suggested the aberrant changes in the sensorimotor network and pain matrix among the CAI patients, which may be involved with compensatory neuromuscular strategy, pain processing, and psychological abnormality. These findings may provide insights into the pathophysiological mechanisms of CAI and facilitate the intervention and management improvement of this disease.
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Background: Subjective cognitive decline (SCD) was considered to be the preclinical stage of Alzheimer’s disease (AD). However, less is known about the altered rich-club organizations of the morphological networks in individuals with SCD.

Methods: This study included 53 individuals with SCD and 54 well-matched healthy controls (HC) from the Alzheimer’s disease Neuroimaging Initiative (ADNI) database. Individual-level brain morphological networks were constructed by estimating the Jensen-Shannon distance-based similarity in the distribution of regional gray matter volume. Rich-club properties were then detected, followed by statistical comparison.

Results: The characteristic rich-club organization of morphological networks (normalized rich-club coefficients > 1) was observed for both the SCD and HC groups under a range of thresholds. The SCD group showed a reduced normalized rich-club coefficient compared with the HC group. The SCD group exhibited the decreased strength and degree of rich-club connections than the HC group (strength: HC = 79.93, SCD = 74.37, p = 0.028; degree: HC = 85.28, SCD = 79.34, p = 0.027). Interestingly, the SCD group showed an increased strength of local connections than the HC group (strength: HC = 1982.16, SCD = 2003.38, p = 0.036).

Conclusion: Rich-club organization disturbances of morphological networks in individuals with SCD reveal a distinct pattern between the rich-club and peripheral regions. This altered rich-club organization pattern provides novel insights into the underlying mechanism of SCD and could be used to investigate prevention strategies at the preclinical stage of AD.

Keywords: subjective cognitive decline, rich-club, Alzheimer’s disease, morphological network, gray matter (GM)


INTRODUCTION

Alzheimer’s disease (AD) is a progressive neurodegenerative disease characterized by amyloid plaques (Aβ) and neurofibrillary tangles in gray matter (GM). Subjective cognitive decline (SCD) has been recognized as a risk in individuals who have subjective memory complaints but have no evidence of objective cognitive impairment. It might be the preclinical stage of AD and increase the risk of conversion to mild cognitive impairment (MCI) and AD (Jessen et al., 2014; Buckley et al., 2016). Recent neuroimaging studies indicated that SCD has exhibited an abnormal pattern of functional and structural network disruptions, which are similar to the alterations in MCI and AD (Chen et al., 2020; Gao et al., 2020; Xu et al., 2021). However, it is largely unknown whether the individuals with SCD show the altered topological organization of the morphological networks.

The nervous system is characterized by a complex network that makes up the “connectome,” which supports complex cognition. The neurological dysfunction may originate from abnormal topological properties of the brain network. Most studies of brain networks are conducted using resting-state functional magnetic resonance imaging (rs-fMRI) and diffusion tensor imaging (DTI), and individual-level brain morphological networks based on the 3D-T1 MRI have been developed in recent years and their application in exploring disorder mechanisms are limited (Wang et al., 2016). Recent studies have demonstrated the existence of rich-club organization (highly connected brain regions connecting preferentially to other important regions), which plays a key role in integrating information transmission (Van Den Heuvel and Sporns, 2011; Li et al., 2017). Emerging evidence has suggested that AD and MCI have significant hub-concentrated lesion distributions (Kim et al., 2019; Li et al., 2021b). However, Daianu et al. (2015) proposed that the disruption of the white matter network was predominant in the peripheral brain network in AD. Besides rs-fMRI and DTI, structural MRI (sMRI) has attracted increased attention in exploring whole-brain morphological connectivity patterns. Very few studies have been done on the club organization of morphological networks in individuals with SCD.

In this study, we used sMRI to construct individual whole-brain morphological networks and further investigated the alterations in the rich-club organization in individuals with SCD as compared with healthy elderly. Based on previous findings of disrupted functional and structural connectivity in AD, we hypothesized that altered topological properties of the morphological networks can be detected as early as the SCD stage.



MATERIALS AND METHODS


Subjects

Data used in this research were obtained from the Alzheimer’s disease Neuroimaging Initiative (ADNI) database,1 and all subjects included in this study were from the ADNI-2 and ADNI-3. The primary goal of the ADNI has been to test whether neuropsychological assessment, neuroimaging, and biological markers could be combined to track the progression of AD. For up-to-date information, see http://www.adni-info.org. Appropriate Institutional Review Boards approval was sought at each ADNI site, and informed consent was obtained from each participant.

In this study, we included 53 subjects with SCD and 54 sex-, age-, and education-matched healthy controls (HC) from the ADNI database. The detailed diagnostic criteria were described in the ADNI manual. Briefly, HC participants had no subjective or informant-reported memory decline and showed normal cognitive performance on the Mini-Mental State Examination (MMSE, between 24 and 30), a Clinical Dementia Rating (CDR, score = 0), and the Wechsler Memory Scale Logical Memory (WMS-LM) delayed recall (adjusted for education level); SCD participants showed subjective memory concerns as evaluated using the Cognitive Change Index (CCI; total score from the first 12 items ≥ 16), normal cognitive performance on the MMSE, CDR, and WMS-LM delayed recall and no informant-reported complaint of memory decline. We excluded subjects with significant medical, neurological, and psychiatric illnesses. For example, we excluded the subjects with clinical depression using the geriatric depression scale-15 (GDS-15 score > 5). Each participant was assessed using a standardized clinical evaluation protocol that included the MMSE; WMS-LM immediate and delayed recall; Rey Auditory Verbal Learning Test (RAVLT) total, immediate, and delayed recall; Trail-Making Test Parts A and B (TMT-A and -B); category fluency—animals test; and clock-drawing test (CDT). In Table 1, we presented the detailed demographics and neuropsychological data of the participants.


TABLE 1. Demographic and neuropsychological data.
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Structural Magnetic Resonance Imaging Acquisition

All structural MRI scans were downloaded from ADNI for the participants. All participants were examined using a SIEMENS 3.0T scanner. Scans were corrected before download as previously described (Nudelman et al., 2014).



Image Preprocessing and Network Construction

All imaging data preprocessing were carried out using the Computational Anatomy Toolbox (CAT12)2 based on Statistical Parametric Mapping 12 (SPM12).3 First, the structural 3D T1-weighted images were segmented into GM, white matter, and cerebrospinal fluid with the default parameters. The resultant GM images were subsequently normalized to the Montreal Neurological Institute (MNI) space using a high-dimensional approach and further non-linearly modulated to compensate for spatial normalization effects. After these steps, a GM volume map was obtained for each participant (a voxel size of 1.5 × 1.5 × 1.5 mm). Spatial smoothing is a typically used step to increase the signal-to-noise ratio. We performed the following analyses separately for GM volume maps with spatial smoothing (Gaussian kernel with 6-mm full width at half maximum) (Wang et al., 2016).

For the network nodes, the human Brainnetome Atlas was used to divide the whole brain into 246 regions of interest (ROIs) (the abbreviations are listed in Supplementary Table 1). For morphological networks, we utilized a Jensen-Shannon distance-based similarity (JSS) to quantify the morphological connectivity between two regions (Endres and Schindelin, 2003; Li et al., 2021a). For each participant, the GM volume values of all voxels in each ROI were first extracted; subsequently, the kernel density estimation was used to estimate the probability density function of these GM volume values. Then, the probability distribution function was calculated based on the obtained probability density function. Afterward, the JSS value between any pair of ROIs was calculated based on their probability distribution function, which ranges from 0 to 1. A higher JSS value was obtained when the GM density distribution of two ROIs was closer. Notably, there are some KL-based methods. Specifically, the benefits of Jensen-Shannon divergence similarity estimation (JSSE) are two sides compared with the KL-based methods. First, the range of JSS divergence is (0,1), resulting in a more accurate judgment of the similarity. Second, the JSS divergence is symmetrical, which makes it easier to portray the connections between ROIs. We applied a set of sparsity thresholds (ranging from 0.1 to 0.4, with steps of 0.01) to generate a binary undirected network. In Figure 1, this range of sparsity thresholds was chosen because networks were not fully connected at lower sparsity thresholds and were less likely to maintain small-world architecture at higher sparsity thresholds (Chen et al., 2019).


[image: image]

FIGURE 1. A flowchart illustrating the construction of morphological networks in this study.




Rich-Club Organization

The rich-club coefficient was originally proposed to quantify the connectivity density between high-degree nodes (i.e., hubs) in a network (Colizza et al., 2006). For a binary network, the rich-club coefficient Φ(k) is calculated as the ratio of the total number of connections among a specific set of nodes with a degree (degree is defined as the number of edges that directly link to a given node) larger than k divided by the maximum possible number of connections among this set of nodes. Φ(k) was normalized relative to the Φrandom(k) of a set of comparable random networks (n = 1,000) of equal size and degree sequence, yielding a normalized rich-club coefficients Φnorm(k) = Φ(k)/Φrandom(k). Φnorm(k) > 1 over a range of degrees (k) indicates the existence of a rich-club organization in the brain connectome. The rich-club analyses were based on the GRETNA toolbox.4

The hub regions were selected based on the average cortical network across the HC group and defined as the top 25 (10%) brain regions with the highest degree (Xu et al., 2020). Once the nodes were classified as hub nodes and peripheral nodes, the edges of the network were classified as rich-club connections between two hub nodes, feeder connections from one hub node to one peripheral node, or local connections between two peripheral nodes.



Statistical Analysis

Analyses were performed using the Statistical Package for Social Sciences (SPSS, Version 22). Demographic factors and clinical scores including age, years of education, gender, and cognitive scores were compared between the HC group and SCD group. Gender distribution was compared using the Chi-square test. Age, years of education, and cognitive performance between the HC group and SCD group were compared using a two-sample t-test. The significance level was set at p < 0.05.

At the sparsity thresholds (ranging from 0.1 to 0.4, with steps of 0.01), normalized rich-club coefficients were compared using a two-sample t-test. To compare the abnormal connections in the SCD group and HC group, a two-sample t-test was used (p < 0.001, uncorrected).




RESULTS


Demographic and Clinical Characteristics

Demographic and clinical data for the HC group and the SCD group are summarized in Table 1. No significant differences were found in the age and gender between the HC and SCD groups. The SCD group displayed significantly increased CCI scores compared with the HC group (p < 0.001). Additionally, there were no significant differences in cognitive performance.



Group Differences in Rich-Club Organization

The characteristic rich-club organization of morphological networks (normalized rich-club coefficients > 1) was observed for both the SCD and HC groups under a range of thresholds (ranging from 0.1 to 0.4) (Figures 2A,B). The SCD group showed reduced normalized rich-club coefficients compared with the HC group from the sparsity of 0.1–0.4. However, there were no significant statistical differences of normalized rich-club coefficients between the two groups ranging from the sparsity of 0.1–0.4. In addition, the biggest difference of normalized rich-club coefficients was observed in the sparsity threshold of 0.1 (HC = 1.25, SCD = 1.23) (Figure 2B). Thus, the connectivity analysis in the rich-club organization was based on the network density at 10% for each subject.
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FIGURE 2. The altered rich-club organization of morphological networks between SCD and HC. (A) The characteristic rich-club organization of morphological networks (normalized rich-club coefficients > 1) was observed for both the SCD and HC groups ranging from the sparsity of 0.1–0.4. (B) The biggest difference of normalized rich-club coefficients was observed in the sparsity threshold of 0.1 (HC = 1.25, SCD = 1.23). (C) The top 25 (10%) highest-degree nodes were defined as hub regions and the remaining 221 regions were classified as peripheral regions. (D–F) Significant differences in the strength and degree of the rich-club and local connections were identified, while no significant differences were found in the average strength between the HC and SCD groups. SCD, subjective cognitive decline; HC, healthy controls. * indicates a statistical difference between groups, p < 0.05.


Based on the average nodal degree across the HC group, we identified the hub regions by sorting the nodal degrees. The top 25 (10%) highest-degree nodes were defined as hub nodes and were primarily distributed in the prefrontal, lateral temporal, and medial parietal regions, which was consistent with the findings from previous studies (Van Den Heuvel and Sporns, 2011). The remaining 221 regions were classified as peripheral nodes, as shown in Figure 2C. Moreover, significant differences in the strength and degree of the rich-club and local connections were identified, while no significant differences were found in the average strength between the HC and SCD groups (Figures 2D–F). In detail, the SCD group exhibited the decreased strength and degree of rich-club connections than the HC group (strength: HC = 79.93, SCD = 74.37, p = 0.028; degree: HC = 85.28, SCD = 79.34, p = 0.027) (Figures 2D,E). Interestingly, the SCD group showed an increased strength of local connections than the HC group (strength: HC = 1,982.16, SCD = 2,003.38, p = 0.036) (Figure 2F).



Group Differences in Morphological Connectivity

Network analysis revealed abnormal connectivity in the morphological networks for individuals with SCD (Table 2). A disrupted connected network with 12 connections was altered in the SCD group compared with the HC group (p < 0.001, uncorrected), comprising 1 rich-club connection, 2 feeder connections, and 9 local connections (Figure 3A). However, compared with the HC group, the SCD group showed the enhanced network composed of 24 nodes and 15 edges (p < 0.001, uncorrected), comprising 1 feeder connection and 14 local connections (Figure 3B).


TABLE 2. The abnormal connectivity between the HC and SCD groups.
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FIGURE 3. The altered connected subnetwork is based on the connectome analysis. (A) A disrupted connected network with 12 connections was altered in the SCD group compared with the HC group (p < 0.001, uncorrected), comprising 1 rich-club connection, 2 feeder connections, and 9 local connections. (B) Compared with the HC group, the SCD group showed the enhanced network composed of 24 nodes and 15 edges (p < 0.001, uncorrected), comprising 1 feeder connection and 14 local connections. SCD, subjective cognitive decline; HC, healthy controls.





DISCUSSION

In this study, we investigated the rich-club organization of single-subject brain morphological networks in individuals with SCD. We found that the SCD group exhibited different variation patterns in the rich-club structure. In detail, compared with the HC group, the SCD group showed less strength in the rich-club connections but more strength in the local connections.

Our results revealed that the morphological networks of SCD showed significantly decreased rich-club connections. Brain network abnormalities may be more concentrated on rich-club regions, which may be caused by a hub-focused biology and more easily detectable by neuroimaging approaches (Crossley et al., 2014). A growing body of research has focused on the rich-club organization from the perspectives of functional MRI (fMRI) and diffusion MRI networks in the AD spectrum disease. Very few studies have focused on the topology of the morphological networks in SCD. An fMRI study has found that the SCD group remained relatively stable in the rich-club organization, but the rich-club coefficient of morphological networks has shown a downward trend in our study (Xue et al., 2020). Our finding is consistent with previous studies that the functional disconnection of MCI and AD were mainly located in highly connected brain hubs (Dai et al., 2019; Li et al., 2020). Wang et al. (2021) combined the fMRI and diffusion MRI networks to explore the rich-club organization in AD. They found that the functional brain network, but not the structural brain network, showed reduced rich-club connections in AD. Some previous studies have also indicated that AD had relatively preserved rich-club connections in the diffusion brain network (Daianu et al., 2016).

However, from the perspective of morphological networks, abnormal morphological connectivity in rich-club regions emerges before disruptions in the diffusion network become apparent in the preclinical phase of AD. This pattern is consistent with a typical AD deterioration processing with abnormal Aβ accumulation occurring first, followed sequentially by the disruption of the function and structure of neurons, and, finally, disturbance of the axons and synapses. The synapse loss could be caused by the failure of live neurons to maintain the normal function of axons and dendrites or by neuron death (Bloom, 2014). Intriguingly, a recent DTI study has found that the individuals with SCD showed reduced connectivity involving peripheral regions but remained stable in rich-club regions (Yan et al., 2018). Another DTI study has indicated that the SCD group exhibited less connection strength including the rich-club, feeder, and local connections (Shu et al., 2018). Longitudinal studies of the same study population are needed to further demonstrate the stability and reliability of the imaging biomarkers.

Although rich-club connections of morphological networks were significantly decreased, increased local connections were found in individuals with SCD. Dai et al. (2019) demonstrated that AD showed the increased couplings between functional and structural networks in rich-club structure, which may imply a more strengthened relationship between functional and white matter connectivity in AD. The hub node is also consistent with the existing studies (Van Den Heuvel et al., 2012; Collin et al., 2017; Liang et al., 2018). More interestingly, another multimodal neuroimaging study has indicated that increases in the functional-structural connectivity coupling of feeder and local connections were also found in patients with MCI and AD (Cao et al., 2020). A previous multimodal connectome study has shown that the SCD group exhibited an increased morphological connectivity between the right superior parietal lobe and orbital gyrus, which was consistent with the local connection in our study (Chen et al., 2021). We speculate that the higher morphological connections between the peripheral regions may represent the compensatory recruitment to maintain normal cognitive performance in individuals with SCD. These findings and our results enhanced the understanding of the underlying neural mechanisms of AD spectrum disease by different MRI modalities from the perspective of rich-club organization.



LIMITATIONS

This study has a few limitations. First, our study was a cross-sectional observational study and had a relatively small sample size. The longitudinal follow-up studies in a population-based cohort are needed to validate the results. Second, the different parcellation strategies could affect the topological organization of the brain network. Third, the optimal sparsity range may vary from the sample size, and the data-driven based topological filtering techniques, such as orthogonal minimal spanning trees (OMST) (Dimitriadis et al., 2017) and efficiency cost optimisation (ECO) (Luppi et al., 2021), will be considered in our future work. Moreover, other brain templates need to further assess the reliability of the rich-club organization. Finally, we only focused on the morphological networks. The combination of multimodal neuroimaging may yield a comprehensive understanding of the underlying mechanisms in SCD.



CONCLUSION

We proposed that rich-club organization disturbances of morphological networks in SCD imply a distinct pattern between the rich club and peripheral regions. This altered rich-club organization pattern provides novel insights into the underlying mechanism of SCD and could be used to investigate prevention strategies for patients with early AD.
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Altered Intra- and Inter-Network Functional Connectivity in Patients With Crohn’s Disease: An Independent Component Analysis-Based Resting-State Functional Magnetic Resonance Imaging Study
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Background: Many studies have reported changes in the structure and function of several brain areas in patients with Crohn’s disease (CD). However, little is known about whether the possible functional connectivity of resting-state networks (RSNs) is altered in CD patients.

Purpose: Aim to investigate the intra- and inter-network alterations between related RSNs in patients with CD and the potential relationships between altered neuroimaging and CD clinical indices.

Materials and Methods: In this study, 20 CD patients and 22 age- and sex-matched healthy controls were included. All participants underwent functional magnetic resonance imaging examination. We used independent component analysis (ICA) to explore the changes in RSNs and evaluated functional connectivity between different RSNs using functional network connectivity (FNC) analysis, and Pearson correlation analysis was performed between altered intra- and inter-network functional connectivity and CD clinical index.

Results: Six CD-related RSNs were identified via ICA, namely the high visual, prime visual, language, dorsal default mode, posterior insula, and precuneus networks. Compared to healthy controls, patients with CD showed significant changes in prime visual and language networks. Additionally, the functional connectivity (FC) values of the left calcarine within the prime visual network were negatively correlated with CD duration. The inter-alterations showed that a significantly increased FNC existed between the language and dorsal default mode networks.

Conclusion: The results showed CD-related changes in brain functional networks. This evidence provides more insights into the pathophysiological mechanisms of brain plasticity in CD.

Keywords: functional connectivity, independent component analysis, resting-state network, Crohn’s disease, brain-gut axis


INTRODUCTION

Crohn’s disease (CD) is a chronic inflammatory bowel disease (IBD) with an unclear pathogenesis that can affect the entire digestive tract. In recent years, with the urbanization of Asian countries, population mobility, and changes in dietary structure, the incidence in China has increased annually (Torres et al., 2017; Ng et al., 2018). As the disease progresses, multiple complications such as intestinal stenosis, perforation, and fistula may occur (Jostins et al., 2012; Uhlig, 2013; Loddo and Romano, 2015). Diseases can also invade various systems throughout the body and are often associated with extra-intestinal manifestations (EIM), such as arthritis, oral ulcers, and erythema nodosa. There is evidence that white matter lesions and neurological deficits in IBD patients may be an additional extraintestinal manifestation of the disease (Geissler et al., 1995). Patients with IBD often experience mood disorders, overreaction to stress, and imbalance of intestinal flora (Bonaz and Bernstein, 2013) and often endure mental symptoms such as anxiety and depression. Brain-gut interaction refers to the physiological or pathophysiological phenomenon in which the central nervous system and the intestine interact and control each other (Gracie et al., 2018), not only maintaining gastrointestinal homeostasis, but also affecting higher cognitive functions through neural pathways, cellular and humoral mediators (De Palma et al., 2014; Carabotti et al., 2015). Meanwhile, enteric microbiota may have an impact on nervous system via neural signaling, endocrine and immune mechanisms (Iweala and Nagler, 2006). In addition, microbial signaling molecules could interact directly with afferent nerve terminals during inflammation or stress (Furness and Clerc, 2000). Dysfunction of the brain-gut axis is considered to be the major causative factor in the development of CD (Mogilevski et al., 2019).

In this view, previous studies reported significant brain changes using structural and functional magnetic resonance imaging (fMRI) technology. Significant changes in gray matter (GM) structures in multiple brain regions were found in the study by Bao et al. (2015), and altered GM structures were associated with CD duration in specific regions. Nair et al. (2016) found that patients with CD had significant cortical thickening in the left superior frontal area. A study by Agostini et al. (2013a), CD patients demonstrated that the gray matter volume of the frontal lobe and cingulate cortex was reduced. However, Kornelsen et al. (2020) found no structural difference using voxel-based morphometry analysis, which showed increased FC between the frontal and parietal network and the salience network (SN), and the ICA results showed changes in the cerebellum, vision, and SN components. In addition, the fMRI study of CD applies an experimental research design to examine the processing of stress tasks or visceral stimulation or to analyze resting-state data to examine internal brain functions. Compared to controls, the stress task elicited greater neural activity in the midcingulate cortex and altered habituation to stress in CD patients (Agostini et al., 2013b,2017). Under uncertain, uncomfortable visceral sensations, CD patients show excessive reactivity in brain regions known to be involved in sensory, cognitive, and emotional aspects of pain processing (Rubio et al., 2016). At the same time, the resting-state MRI study also found some abnormal changes in the brain area. Fan et al. (2020) reported that the intrinsic functional connectivity of the amygdala decreases, and abnormal FC is associated with the duration of disease.

However, previous research has focused mainly on the local changes in blood oxygen level-dependent signals or structures. Abnormalities in information communication and interaction between brain areas in CD patients and the relationship between the alterations and the progression of the condition require in-depth study. To date, functional connectivity patterns within and between networks have be examined in few CD studies, which has been used more deeply in cognitive impairment and other brain impairment (Li et al., 2020, 2021). In this study, spatial independent component analysis (ICA) was used to identify brain networks (Beckmann et al., 2005). We aimed to study the functional connectivity change patterns across different brain networks.



MATERIALS AND METHODS


Participants

This study was approved by the Ethics Committee of the Shanghai Jing’an Centre Hospital. All participants provided written informed consent. This was a prospective trial. Twenty patients with CD were enrolled between January and August 2020. All patients were evaluated by an experienced gastroenterologist, and medical records were reviewed to obtain endoscopic and hematological data and additional information. The inclusion criteria were as follows: 18–55 years of age, right-handed, and >6 years of education. The exclusion criteria were intestine-related abdominal surgery, use of psychotropic medications in the previous 6 months, pain syndromes, organic brain lesions, pregnancy, claustrophobia, or metallic implants.

Matched with age, gender, handedness, and education level, 22 healthy controls were recruited through advertisements. The adopted inclusion and exclusion criteria in the control group were the same as those in the CD group.



Crohn’s Disease Clinical Measurement

The CDAI (Crohn’s disease activity index) (Best et al., 1979) was used to access the clinical condition of CD patients. The SDS (Self-rating depression scale) and SAS (Self-rating anxiety scale) were used to evaluate psychological level. Each scale comprises 20 items designed to assess depression symptoms and anxiety levels. In addition, the disease duration was recorded in months.



Magnetic Resonance Imaging Data Acquisition

All fMRI data were acquired using a 3.0T MR scanner (SIEMENS MAGNETOM Prisma) with a 64-channel phase-array head coil. During scanning, participants were asked to stay awake with their eyes closed and ears plugged and avoid thinking of anything in particular. The 3D T1-weighted anatomical images were acquired in the sagittal orientation with the following parameters: TR = 1,800 ms, TE = 2.28 ms, slice thickness = 1 mm, flip angle = 8°, field of view = 256 × 256 mm2, matrix = 256 × 256, and number of slices = 160. Functional data were acquired using echo planar imaging sequence with the following parameters (multi-band, acceleration factor = 2): TR = 2,000 ms, TE = 30 ms, slice thickness = 2 mm, flip angle = 90°, field of view = 230 × 230 mm2, matrix = 64 × 64, number of slices = 70, and total volume = 220 was acquired in 8 min.



Image Data Preprocessing

Based on Matlab 2018a operating platform and SPM 12.0 (Statistical Parametric Mapping),1 the toolbox for Data Processing and Analysis of Brain Imaging (DPABI)2 (Yan et al., 2016) was used to preprocess the rs-fMRI data. Preprocessing procedures included the following: (1) data at the first ten time points were removed to reach equilibrium and allow participants to adapt to the scanning environment, and the remaining 210 time points were used for preprocessing; (2) slice-time and head-motion were corrected, functional images were realigned to the first volume by Friston 24 motion correction procedure, and data with translation greater than 3.0 mm and rotation angle greater than 3° in all directions were eliminated; (3) normalization: the DARTEL approach (Goto et al., 2013) was used to register the corrected image, and normalized data were resampled to 3 mm × 3 mm × 3 mm isotropic voxels; and (4) spatial smoothing: a Gaussian smoothing kernel function with a full width at half maximum of 6 mm × 6 mm × 6 mm was applied to a spatially smooth fMRI image.



Group Independent Component Analysis Analysis and Resting-State Networks Identification

Spatial ICA was conducted using the Group ICA functional MRI Toolbox (GIFT, version 4.0b).3 First, a two-level principal component analysis was employed for dimensionality reduction of the fMRI data, and 45 independent component (IC) maps were identified using the minimum description length criteria. Second, the data were decomposed using the Infomax algorithm. To increase the stability of ICs, we adopted the ICASSO algorithm 100 times (Himberg et al., 2004). Then, the group ICs (both spatial maps and time courses) were back-reconstructed using GICA for each subject (Calhoun et al., 2001). We determine whether a component is a meaningful RSN using the following steps. We eliminated those components that were mainly distributed in white matter, ventricles, or susceptibility artifacts through visual observation. Spectrum analysis was also performed on the time course corresponding to each independent component. Because the energy of the resting state network is generally concentrated below 0.1 Hz, we eliminated those components with most of the energy distributed above 0.1. Next, the method of similarity analysis with template spatial matching was used to determine the brain network. The 14 reference networks were described in a previous study (Shirer et al., 2012).

For each selected RSN, the group spatial map was determined for all subjects using a one-sample t-test (P < 0.05, FWE corrected), and the significant clusters of one-sample t-test of IC results were defined as a network mask. The functional connectivity changes in each RSN between groups were investigated using a two-sample t-test (P < 0.01 at cluster level, AlphaSim corrected) and the mask was used to avoid false-positive results.



Functional Network Connectivity Analysis Between Resting-State Networks

For internetwork functional connectivity analysis, the temporal correlations among all RSNs were calculated using the constrained maximal lag correlation approach. FNC correlation maps from the two groups were generated from all possible RSN combinations. A two-sample t-test (P < 0.05, FDR corrected) for group comparisons was performed using pair-wise combinations.



Statistical and Correlation Analysis

The clinical characteristics were analyzed using SPSS (version 20.0; SPSS Inc., Chicago, IL, United States). Independent t-tests were performed for age, and the chi-square test was used to compare gender differences. A Pearson correlation analysis was applied between the intra- and inter-network FC of significant group differences and clinical measures across all CD patients. All statistical significance thresholds were set at P < 0.05.




RESULTS


Clinical Characteristics

The clinical and demographic characteristics of all participants are shown in Table 1, and there was no difference in age and sex between the two groups (P > 0.05).


TABLE 1. Clinical characteristics of participants at baseline in each group.

[image: Table 1]


Identification of Resting-State Networks in Patients With Crohn’s Disease and Healthy Controls

Six ICs were determined using the ICA algorithm, which were classified into the following six large-scale networks: high visual network, prime visual network, language network, dorsal default mode network, posterior insula network, and precuneus network. Further analysis was performed based on these RSNs (Figure 1).


[image: image]

FIGURE 1. Spatial maps for six resting-state networks (RSNs). Each RSN map was obtained using a one-sample t-test across all individual IC patterns.




Functional Connectivity Analysis Within Resting-State Networks

The results of two-sample t-tests between the intra-networks of the CD and control groups are shown in Figure 2 and Table 2. Compared with healthy controls, the prime visual network showed decreased functional connectivity in the left calcarine (CAL.L), while the language network showed increased functional connectivity in the left middle temporal gyrus (two-tailed, cluster level P < 0.01, AlphaSim corrected).


[image: image]

FIGURE 2. Results of intra-network FC analysis. Altered FC in the prime visual network and language network: the cool color denotes lower functional connectivity in the CD group compared with the control group, and the hot color denotes higher functional connectivity in the CD group. Color bar presents t-value.



TABLE 2. Differences in intra-network FC between CD group and controls.
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Functional Network Connectivity Analysis Between Groups

The results of the functional network connectivity (FNC) analyses for different RSNs are shown in Figure 3. Compared with healthy controls, significantly increased connectivity was found between the language network and dorsal default mode network (DMN) (P < 0.05, FDR corrected).


[image: image]

FIGURE 3. Differences in brain functional network connectivity between RSNs. Increased connectivity strength in the CD group is displayed between language network and dDMN (red line, t = 2.78, P = 0.008, FDR corrected).




Correlation Analysis

In the CD group, the CAL.L-related connectivity strength within the prime network was significantly negatively correlated with disease duration (r = −0.451, P = 0.046, Figure 4). However, there were no other significant correlations between CD clinical measurements (CDAI, SAS, and SDS) and alterations in neuroimaging (P > 0.05).
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FIGURE 4. Relationship between the neuroimaging findings and CD clinical characteristics. The intra-network FC values of the left CAL showed a negative correlation with the duration of CD patients (r = –0.451, p = 0.046). CAL, calcarine; CD, Crohn’s disease; and PVN, prime visual network.





DISCUSSION

This study is based on resting-state fMRI (rs-fMRI) data, aiming to study the interaction changes of the intra- and inter-brain networks in CD patients using ICA and FNC algorithms. Our research suggests that the connectivity within RSNs in the CD group and functional connections between RSNs changed. These alterations indicate functional impairment and remodeling within and between RSNs in patients with CD. Previous studies have focused mostly on changes in plasticity of focal brain regions. However, it is meaningful to study the interaction mode of RSNs as the brain runs as a whole with complex internal networks.

There are complex anatomical structures corresponding to specific functions in each RSN. In our study, ICA results showed that there were differences between the two RSNs in the CD group, suggesting changes in visual and language processes. The results showed that CD patients had decreased FC of the prime visual network with CAL.L but increased FC of the language network with the left middle temporal gyrus.

Although there is no direct evidence or research showing that visual network changes are involved in the CD process, some studies have found that CD patients have abnormalities in vision-related brain areas, including differences in the thickness of the occipital cortex (Nair et al., 2016) and structural differences in the left lingual gyrus (Thomann et al., 2016), changes in the vision components (Kornelsen et al., 2020). Patients with IBD show significantly increased functional connectivity within the medial visual network bilaterally in the visual cortex after transcranial direct current stimulation treatment (Neeb et al., 2019). Similar changes have been reported in other chronic pain-related diseases, such as persistent somatic pain disorder (Zhao et al., 2017), knee osteoarthritis (Pujol et al., 2017), and migraine (Liu et al., 2012), we speculate that long-term stimulation of chronic pain will cause visual-related changes in the brain. It has also been found that patients with chronic low back pain have significantly enhanced connectivity between the primary visual network and the somatosensory/motor areas, and this result was confirmed by the machine learning method (Shen et al., 2019). In addition, our correlation analysis also found that the functional connectivity strength of the CAL.L area within the visual network was negatively correlated with disease duration. Patients with CD are stimulated by chronic abdominal pain for a long time, which may be the cause of abnormal performance in their visual areas. It is difficult to fully guarantee the eyes opened state of the participants during the scan, which may be bias in the results of the study.

Language processing relies on the coordinated activities of multiple brain regions, especially in the frontal and temporal lobes of the left hemisphere (Wagner et al., 2014). A study has found that CD patients in remission also show a reduction in age-related verbal fluency (VF) task asymmetry. After a VF task, the activation patterns of young CD patients and the young control group participants were significantly different; however, they were similar to those of the old healthy control group participants, which might indicate if CD patients show accelerated age-like effects (Nair et al., 2019). Under normal circumstances, the VF task in young people shows the activation pattern in the left hemisphere, while elderly people have a bilateral activation pattern in the same task (Cabeza et al., 2002; Meinzer et al., 2008, 2009), which indicates a compensation or dedifferentiation mechanism. These results suggest that IBD patients experience accelerated neuro-aging changes in the language network. A special study compared asymptomatic adolescent IBD patients with a control group and found that those with IBD had lower average grade points and worse performance in some subjects in school (Mackner et al., 2012). Dancey et al. (2009) showed that compared to healthy controls and controls with IBS, adult patients with IBD demonstrated lower verbal IQ scores, indicating that the disease process of IBD could be closely related to these effects.

In other studies, CD patients have been shown to have a significant association between cognitive performance (verbal, executive, and others) and disease activity (Golan et al., 2016). There is evidence that the increase in pro-inflammatory cytokines in patients with CD has a suggestive effect on cognitive decline; however, this does not prove causality (Dziedzic, 2006). It is worth noting that our FNC research results show that the connectivity between the language network and the dorsal DMN is enhanced. The results indicate that in CD patients, the language network and dorsal DMN cooperate more closely. Chronic visceral pain in patients with functional gastrointestinal disorders and IBD is closely related to the DMN, and chronic pain has been reported to cause functional reorganization of the default mode network (Farmer et al., 2012; Qi et al., 2016; Kano et al., 2018). This change may be due to the early functional compensation of the patient’s language network damage and the increased functional connectivity with the dorsal DMN, which may reflect an adaptive or self-regulating mechanism.



LIMITATIONS

Because of the complexity of CD and the limited sample size, we failed to explore possible differences in patient group with different disease features. Larger sample size is necessary to obtain more convincing results. It is worth noting that some of the previous findings are more pronounced in patients with EIM, and future research needs to focus on more disease-related factors of CD, such as disease burden, activity or severity, and drug use, to determine their different effects on brain activation patterns. The cognitive assessment, the fecal samples collection and gut microbiota analysis for further investigation is also necessary.



CONCLUSION

In conclusion, our study demonstrated brain alterations in patients with CD in the visual and language networks. Moreover, FC alteration in the CAL.L may reflect the degree of sustained impairment of the disease duration. In addition, the enhanced FNC suggests that there may be abnormal activation or compensation in early stage. The findings of this study can provide additional evidence to further understand the role of the brain-gut interaction in CD, but the specific mechanism needs to be further studied.
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Alterations in Cortical-Subcortical Metabolism in Temporal Lobe Epilepsy With Impaired Awareness Seizures
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Objective: The features of cerebral metabolism associated with loss of consciousness in patients with temporal lobe epilepsy (TLE) have not been fully elucidated. We aim to investigate the alterations in cortical-subcortical metabolism in temporal lobe epilepsy with impaired awareness seizures (IAS).

Methods: Regional cerebral metabolism was measured using fluorine-18-fluorodeoxyglucose positron emission tomography (18F-FDG PET) in patients with TLE-IAS and healthy controls. All patients had a comprehensive evaluation to confirm their seizure origin and lateralization. Videos of all seizures were viewed and rated by at least two epileptologists to identify the state of consciousness when a seizure occurred. By synthesizing the seizure history, semeiology, and video EEG of all patients, as long as the patients had one seizure with impaired awareness, she/he will be included. 76 patients with TLE-IAS and 60 age-matched healthy controls were enrolled in this study. Regional cerebral metabolic patterns were analyzed for TLE-IAS and healthy control groups using statistical parametric mapping. Besides, we compared the MRI-negative patients and MRI-positive patients with healthy controls, respectively.

Results: There were no significant differences in the age and sex of TLE-IAS patients and healthy control. TLE-IAS patients showed extensive bilateral hypermetabolism in the frontoparietal regions, cingulate gyrus, corpus callosum, occipital lobes, basal ganglia, thalamus, brainstem, and cerebellum. The region of metabolic change was more extensive in right TLE-IAS than that of the left, including extensive hypometabolism in the ipsilateral temporal, frontal, parietal, and insular lobes. And contralateral temporal lobe, bilateral frontoparietal regions, occipital lobes, the anterior and posterior regions of the cingulate gyrus, bilateral thalamus, bilateral basal ganglia, brainstem, and bilateral cerebellum showed hypermetabolism. The TLE patients with impaired awareness seizure showed hypermetabolism in the cortical-subcortical network including the arousal system. Additionally, 48 MRI-positive and 28 MRI-negative TLE-IAS patients were included in our study. TLE-IAS patients with MRI-negative and MRI-positive were both showed hypermetabolism in the cingulate gyrus. Hypometabolism in the bilateral temporal lobe was showed in the TLE-IAS with MRI-positive.

Conclusion: These findings suggested that the repetitive consciousness impairing ictal events may have an accumulative effect on brain metabolism, resulting in abnormal interictal cortical-subcortical metabolic disturbance in TLE patients with impaired awareness seizure. Understanding these metabolic mechanisms may guide future clinical treatments to prevent seizure-related awareness deficits and improve quality of life in people with TLE.
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INTRODUCTION

Epilepsy results in a wide range of deficits, including cognitive, behavioral, psychiatric, and other neurologic comorbidities (Devinsky et al., 2018). Seizure-related loss of consciousness is a major contributor to the morbidity and mortality of epilepsy, severely affecting the patient’s safety, productivity, emotional health (Zijlmans et al., 2019). Temporal lobe epilepsy (TLE) is the most common epilepsy of adulthood (Jones and Cascino, 2016). Although seizures of TLE arose from focal lobes, it can affect remoted regions, resulting in an overall level of impaired consciousness/responsiveness, which was classified as focal impaired awareness seizures (FIAS) and it has a higher prevalence than focal aware seizures and an enormous impact on patient quality of life (Berg, 2008; Blumenfeld and Meador, 2014; Fisher et al., 2017a).

Emerging evidence from behavioral, electrophysiological, and neuroimaging experiments from both human and animal models suggests that awareness impairment in TLE can occur either through direct seizure involvement of cortical-subcortical structures or via indirect network inhibition (Li et al., 2019; Xu et al., 2021), both of which ultimately result in cortical suppression (Griffin and Speck, 2004; Calabrò et al., 2015; Koch et al., 2016; Gutfreund, 2017). In TLE patients with impaired awareness seizures (IAS) and rodent models of limbic seizures, our group and other collaborators previously demonstrated network alterations between cortical and subcortical structures important for consciousness regulation (Guye et al., 2006; Arthuis et al., 2009), and have found relationships between these network changes and neuropsychological deficits (Blumenfeld et al., 2004b,2009; Blumenfeld, 2012; Feng et al., 2017). Because the majority of IAS studies focus on brain structures abnormalities or functional alteration including functional magnetic resonance imaging (fMRI) and electrophysiology, the role of metabolic networks involved in IAS and the differences of metabolic mechanism in TLE patients with IAS has been underexamined despite indications of its potential importance.

Positron emission tomography (PET), the most sensitive method of imaging trace molecules in vivo, is a useful tool to assess cerebral metabolism and can measure biochemical and physiological processes in the whole brain with three-dimensional resolution (Duncan et al., 2016). PET studies in patients with disorders of consciousness reveal alterations in a large-scale brain network encompassing the polymodal associative cortices, where the core pathology is related to an abnormality of brain function rather than macroscopic structures (Laureys et al., 1999; Di Perri et al., 2014). Thus, by comparing PET of TLE-IAS patients to healthy controls, we can investigate the underlying metabolic changes associated with seizure-related loss of consciousness (Nakayama et al., 2006).

We conducted a fluorine-18-fluorodeoxyglucose PET (18F-FDG PET) study analyzed using statistical parametric mapping (SPM) in TLE patients with IAS. SPM is a voxel-by-voxel analysis method that avoids subjectivity during data interpretation (Chassoux et al., 2017), addressing one of the key limitations of the region of interest (ROI)-based techniques (Tan et al., 2019). We hypothesized that ictal events in TLE patients with IAS lead to persistent interictal cortical-subcortical network disturbances that may affect both neocortical connectivity and neurocognitive function. Long-term disturbances between cortical-subcortical systems affect regional cerebral metabolism, contributing to impaired consciousness and cognition.



MATERIALS AND METHODS


Study Participants

According to International League Against Epilepsy (ILAE) 2017 classification of seizure types (Fisher, 2017; Fisher et al., 2017a,b), 76 patients with TLE-IAS who underwent evaluation for epilepsy surgery at Xiangya Hospital, Central South University from January 1, 2016, to August 31, 2019, were recruited and consented. These patients had no history of head injury, cerebral stroke, intracranial operation, psychiatric illness, or substance use disorder. In addition, a total of 60 healthy controls matched for sex, age, and education were randomly recruited in the current study. For all enrolled participants, we carried out clinical and neuropsychological testing, assessed their state of consciousness during seizures, and performed FDG-PET studies, protocols detailed below. Institutional Review Board approvals and informed consents were obtained prior to all procedures. For minors, consent was obtained from their parents.



Clinical and Consciousness Assessments

All patients had a comprehensive evaluation based on findings on detailed seizure history, semiology, neurological examination, neuropsychological testing, neuroimaging, surface or video electroencephalography (EEG) recording, or invasive stereo-EEG (SEEG) monitoring. The seizure origin and laterality location were defined by a multidisciplinary team and further partly confirmed by operative neuropathology and a following-up study. Videos of all seizures were viewed and rated by at least two epileptologists at our institution to identify the state of consciousness of the patient during seizures. The patients were presented with questions or commands during seizures by either medical staff or family members. Any impaired response to verbal questions, failure to follow simple commands, or amnesiac events during the seizure was classified as impaired awareness, whereas patients who remained fully alert and appropriately interactive during a seizure were classified as having retained awareness and excluded from our study (Blumenfeld et al., 2004b; Blumenfeld, 2012; Fisher, 2017; Fisher et al., 2017a,b). By synthesizing the seizure history, semeiology, and video EEG of all patients, as long as the patient had one seizure with impaired awareness, she/he will be included.



Fluorine-18-Fluorodeoxyglucose Positron Emission Tomography Image Examination

Fluorine-18-fluorodeoxyglucose positron emission tomography was performed at the PET Center of Xiangya Hospital using a Discovery Elite PET/CT scanner (GE Healthcare, Boston, MA, United States) within one week of clinical assessment. Participants discontinued all antiseizure drugs (ASDs) for at least 24 h and fasted for at least 6 h before injection of FDG. The patient has no clinically visible seizures within 24 h before 18F-FDG PET examination and would have a continuous EEG recording to ensure that there was no seizure 2 h before FDG injection, monitoring started before injection (2 h before) to ensure that FDG is not administered in a postictal situation (Varrone et al., 2009). A dose of 3.7 MBq/kg of FDG was injected intravenously through the cubital vein over a period of one minute. Then a static three-dimensional PET image was collected in about 60 min. Participants were placed in the PET scanner so that slices were parallel to the canthomeatal line. The full width of the scan at half maximum was 5.4 mm. All images were reconstructed as a 256 × 256 trans-axial matrix (35 cm field of view) using the 3D VUE Point (GE Healthcare) ordered-subset expectation-maximization algorithm with six iterations and six subsets, which produced 47 transaxial images at 3.25 mm intervals. A low dose CT scan was obtained simultaneously for attenuation correction (Tang et al., 2018).



Data Analysis

Image processing was performed using the SPM (Wellcome Department of Cognitive Neurology, London, United Kingdom) implemented on MATLAB. Individual 18F-FDG PET image volumes were spatially normalized into standard stereotactic Montreal Neurological Institute (MNI) space with voxel sizes of 2 × 2 × 2. An 8-mm full-width-half-maximum Gaussian kernel was used to improve between-participant spatial alignment and smooth data for statistical analysis.

Once the images were spatially normalized and smoothed, a general linear model was used to carry out the appropriate voxel-by-voxel univariate statistical tests. Image intensity between participants was normalized to prevent interparticipant variability in cerebral tracer uptake from masking regional changes. This was done using proportional scaling, which scales each image proportionally to the mean global brain activity. The analysis produced a t-statistic for each voxel, as specified by the contrast, which constituted the statistical parametric map SPM{T}. The SPM{T} map was then transformed to the unit normal distribution to give a gaussian field or SPM{Z}.

Metabolic changes were considered statistically significant when family wise error (FWE) or false discovery rate (FDR) corrected p < 0.05 with cluster size (kE) above 20 contiguous voxels. After data preprocessing using SPM, significant clusters were visualized, reported, and anatomically labeled using the xjView Matlab toolbox.1 Data of metabolic profile information about the clusters were obtained, including the number of voxels, anatomical location (in terms of MNI coordinates), and peak intensity of each cluster.



Statistical Analyses

Clinical data analyses were performed with statistical software. Descriptive statistics were summarized as mean ± SD or median and interquartile range. Comparisons between groups were made with the Student’s t-test or Mann-Whitney U test for quantitative variables and with the chi-square test or Fisher’s test for qualitative variables. All statistical tests were two-sided, and p < 0.05 indicated statistical significance. The statistical analyses were performed using SPSS software for Windows (IBM SPSS Statistics, Version 18.0).

For PET image analysis, we first compared baseline glucose uptake values of the TLE-IAS group (Total group, then left TLE-IAS and right TLE-IAS) and healthy controls using analysis of covariance (ANCOVA) with the group as the between-subject factor and age and sex as confounding covariates. And we also compared the MRI-negative and MRI-positive TLE patients with healthy controls using the same way, respectively. A two-sample t-test was used to compare the different groups. Metabolic changes in the whole brain and cerebellum were then calculated, comparing the TLE-IAS group to healthy control. Finally, the spatial coordinates of the areas of metabolic change were identified in the whole brain and cerebellum in the two groups, using an atlas to identify brain regions (Automated Anatomical Labeling areas, AAL) and to approximate Brodmann areas.




RESULTS


Clinical Data

After screening, 76 TLE patients (42 male and 34 female; mean age 26.0 ± 10.2 years) were included. 60 volunteers (32 male and 28 female; mean age 25.7 ± 10.0 years) were recruited as healthy controls. Thereinto, 12 patients underwent SEEG monitoring. 48 patients underwent an operation for intractable epilepsy with a pathologic diagnosis. All patients enrolled were unilateral TLE. The clinical data were shown in Table 1. There was no significant difference between the two groups concerning age or sex (Table 1).


TABLE 1. Demographics of patients and controls.

[image: Table 1]


Metabolic Abnormalities in Patients With Temporal Lobe Epilepsy-Impaired Awareness Seizures Versus Healthy Controls

Compared to healthy controls, patients with TLE-IAS had hypermetabolism in the bilateral frontoparietal regions, the anterior and posterior regions of the cingulate gyrus, bilateral cerebellum (p < 0.05, FWE corrected), and bilateral occipital lobes, thalamus, basal ganglia, corpus callosum, brainstem (p < 0.05, FDR corrected). Due to the mixed laterality of TLE patients, only small areas of hypometabolism were seen in the bilateral temporal lobe, frontal lobe, and parietal lobe (p < 0.05, FWE corrected). Interestingly, extensive hypermetabolism in the bilateral cerebellum was observed (Figures 1, 2).


[image: image]

FIGURE 1. Metabolic features in temporal lobe epilepsy with impaired awareness seizures (FWE corrected). Comparison of temporal lobe epilepsy with awareness impairing seizures (N = 76) versus healthy controls (N = 60) was performed in (A) render view and (B) slice view (FWE corrected p < 0.05 with cluster thresholding, k = 20 voxels). Voxels with significantly low uptake are shown in green and voxels with significantly high uptake are shown in red.
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FIGURE 2. Metabolic features in temporal lobe epilepsy with impaired awareness seizures (FDR corrected). Comparison of temporal lobe epilepsy with awareness impairing seizures (N = 76) versus healthy controls (N = 60) was performed in (A) render view and (B) slice view (FDR corrected p < 0.05 with cluster thresholding, k = 20 voxels). Voxels with significantly low uptake are shown in green and voxels with significantly high uptake are shown in red.


To avoid data mixing from different lateralities of seizure onset and to examine if there were different metabolic patterns or metabolic networks due to seizure lateralization, we compared cerebral metabolism in the left and right TLE-IAS patients separately against healthy controls (Figure 3 and Table 2). In left TLE-IAS, patients had hypometabolism in the ipsilateral temporal, frontal, parietal, and insula cortices (p < 0.05, FWE corrected), and large areas of hypermetabolism in the contralateral temporal, bilateral frontoparietal regions, and anterior cingulate gyrus (p < 0.05, FWE corrected) and bilateral occipital lobes, brainstem, thalamus, basal ganglia, and bilateral cerebellum (p < 0.05, FDR corrected). The region of metabolic change was more extensive in right TLE-IAS than that of the left, including extensive hypometabolism in the ipsilateral temporal, parietal, and insular lobes (p < 0.05, FWE corrected) and hypermetabolism in the contralateral temporal lobe, bilateral frontoparietal regions, the anterior and posterior regions of the cingulate gyrus (p < 0.05, FWE corrected) and bilateral occipital lobes, brainstem, thalamus, basal ganglia, and bilateral cerebellum (p < 0.05, FDR corrected).
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FIGURE 3. Metabolic features in patients with right and left temporal lobe epilepsy with impaired awareness seizures. Comparison of patients with differed in right and left TLE-IAS patients versus healthy controls (N = 60) (FWE corrected p < 0.05 with cluster thresholding, k = 20 voxels). Voxels with significantly low uptake are shown in green and voxels with significantly high uptake are shown in red. (A) Left TLE-IAS patients versus healthy controls, (B) Right TLE-IAS patients versus healthy controls. Patients from both laterality groups consistently displayed marked hypermetabolism in the contralateral temporal lobe, frontoparietal regions, the regions of the cingulate gyrus, along with hypometabolism in the ipsilateral temporal lobe, bilateral frontal lobe, insular lobe, and parietal lobe. The heat map depicts t-values. Coordinate and regional details are presented in Table 2. TLE-IAS, temporal lobe epilepsy with impaired awareness seizures.



TABLE 2. Location and peaks of significant reduction/increasing in glucose metabolism in patients with TLE-IAS compared with normal controls.
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Metabolic Changes in Temporal Lobe Epilepsy-Impaired Awareness Seizures Patients With MRI-Negative and MRI-Positive

In our study, we had 28 patients with MRI-negative and 48 patients with MRI-positive. TLE-IAS patients with MRI-positive were older than that MRI-negative (27.8 ± 10.6 versus 22.8 ± 8.6). However, the age difference between the two groups was not clinically significant. And there was no significant difference in gender, age of onset, and duration time between the two groups (Supplementary Table 1). Then, we compared MRI-negative and MRI-positive TLE-IAS patients with healthy controls, respectively (Supplementary Table 2). TLE-IAS patients with MRI-positive exhibited hypermetabolism in the bilateral frontoparietal regions, the cingulate gyrus, and hypometabolism in the bilateral temporal lobe (p < 0.05, FWE corrected). The region of metabolic change in MRI-negative TLE-IAS patients was limited than that in MRI-positive patients. The region of metabolic change in MRI-negative TLE-IAS has included hypermetabolism in the cingulate gyrus and corpus callosum (p < 0.05, FWE corrected) (Supplementary Figure 1 and Supplementary Table 2).




DISCUSSION

Impairment of consciousness during recurrent epileptic seizures has significant consequences on the whole brain function involving perfusion, metabolism, and electrophysiology networks (Blumenfeld, 2012). In this large series of TLE patients with IAS, glucose hypermetabolism was found in most cortical-subcortical regions, especially the bilateral frontoparietal regions, cingulate gyrus, corpus callosum, basal ganglia, thalamus, brainstem, and cerebellum, suggesting that interictal cortico-subcortical metabolic network disturbance might be the results of repetitive consciousness impairing ictal events, contributing to the study of the metabolic mechanism for loss of consciousness in TLE (Blumenfeld, 2012; Calabrò et al., 2015).

Compared to healthy controls, hypometabolism was found in bilateral temporal lobes among TLE-IAS patients, which is probably due to the majority of focal impaired consciousness seizures arising from the temporal lobe or spread to the temporal lobe from other epileptogenic foci (Lee et al., 2002). We also found TLE-IAS patients had widespread hypermetabolism in the bilateral frontoparietal area, supporting the hypothesis that even though focal seizure originates in the focal lobes, it can affect metabolic changes in remote cortical regions. It has long been known that, the orbitofrontal cortex has a high level of functional connectivity with the hippocampus (Engel et al., 1993; Catenoix et al., 2005) and that this connectivity contributes to seizure propagation (Lieb et al., 1991; Engel et al., 1993). Evidence from both neuropsychological and neuroimaging literature suggests that frontal lobe dysfunction is common in focal epilepsy (Bertti et al., 2014; Englot et al., 2018). Due to the role of the frontal lobe in behavioral arousal, attention, and awareness, metabolic disturbances in the neocortex of patients with TLE might be related to consciousness impairment (Blumenfeld et al., 2009; Blumenfeld, 2012; Englot et al., 2018; Satizabal et al., 2019). A previous single-photon emission computed tomography (SPECT) study found that a decrease in cerebral blood flow to the frontoparietal areas during focal temporal lobe seizures correlates with deficits in consciousness (Blumenfeld et al., 2004b). In addition, high amplitude slow oscillations in frontoparietal regions, most prominent in the orbitofrontal cortex, have been recorded on intra- and post-ictal EEG (Guedj et al., 2015; Lamarche et al., 2016; Chibane et al., 2017; Wagner et al., 2017; Roy et al., 2019), suggesting that the decrease in consciousness is due to a depressed cortical state resembling coma or deep sleep (Bagshaw et al., 2014). In our study, widespread metabolic disturbances in the bilateral orbitofrontal cortex of patients with TLE support the theory that the neocortex plays an important role in maintaining normal consciousness.

Several subcortical regions were consistently affected in our cohort of patients with TLE-IAS. Bilateral hypermetabolism was seen in the brainstem, corpus callosum, and cingulate gyrus. Previous work supports the important role that the thalamus and upper brainstem play in attention, arousal, and maintaining consciousness (Blumenfeld, 2012; Calabrò et al., 2015; Koch et al., 2016; Tan et al., 2019). The thalamus is also a principal component of the limbic system and the ascending reticular activating system, which has distinct connections with the cingulate gyrus, reticular formation, and cerebral cortex (Feng et al., 2017). Electrophysiological and neuroimaging studies have shown that seizures can inhibit neural activity and decrease blood flow to the brainstem and thalamus, resulting in cortical dysfunction (Blumenfeld et al., 2009). Conversely, ictal high-frequency electrical stimulation of both the thalamus and brainstem in rodent models can convert cortical slow oscillations to awake fast waves and restore behavioral arousal (Koch et al., 2016; Gutfreund, 2017). In our study, Through the FDR correction method, it is found that the hypermetabolic areas include the basal ganglia, thalamus, and brainstem, which are not involved through the FWE correction methods. Considering that the standard of the FWE correction method is stricter than FDR correction. Hypermetabolism of the basal ganglia, thalamus, and brainstem region are clear, but the degree may not be as high as that cortical and subcortical areas. A study of resting-state fMRI showed widespread increases in local functional connectivity between the midbrain, thalamus, prefrontal cortex, and cerebellar plexus in patients with TLE-IAS (Li et al., 2020). Therefore, metabolism changes in the thalamus and brainstem in our study may provide more evidence to support the view that subcortical arousal system disturbance was responsible for loss of consciousness in TLE.

Of other subcortical structures, the corpus callosum has been shown to play an important role in the regulation of seizures and contribute to seizure propagation. We observed corpus callosum involvement on PET imaging in TLE-IAS patients, compatible with abnormally increased activity in the thalamic pathway. This further supports the hypothesis that focal consciousness impairing seizures can trigger a series of subcortical metabolic disturbances and might contribute to seizure generation and propagation, as well as disorders of consciousness (McDonald et al., 2017). The cingulate gyrus is a principal component of the limbic system. Its anterior and posterior portions possess different thalamic and cortical connections, exhibit different cytoarchitectures, and serve distinct functions. Previous research showed that the anterior and posterior cingulate gyri are widely involved in the maintenance of the conscious state and play a role in complex cognitive and attentional processing (Calabrò et al., 2015). Numerous anatomical connections are found between the medial parietal region (precuneus) or posterior cingulate and the medial prefrontal region (medial frontal region) or anterior cingulate, regions that are functionally integrated into reflective self-awareness and the resting conscious state (Koch et al., 2016). These data suggest that repetitive focal seizures can lead to abnormal cerebral metabolism in subcortical midline networks, especially those involving the corpus callosum, and produce impaired consciousness in TLE.

Consistent with prior SPECT and functional MRI studies (Blumenfeld et al., 2004a; Li et al., 2017), we observed marked hypermetabolism in the bilateral cerebellar hemispheres. Patients with different types of focal epilepsy or generalized epilepsy demonstrate widespread cerebellar hyperperfusion or activation, suggesting a role for the cerebellum in reflective protection and seizure termination during the ictal and postictal periods. Animal studies have shown that cerebellar stimulation can shorten hippocampal epileptiform activity and decrease seizure frequency (Chassoux et al., 2016; Schmahmann, 2019). Since cerebellar Purkinje neurons have strong inhibitory outputs to the thalamus and cortex, it is plausible that cerebellar activation may restore seizure-related cerebral imbalance between inhibition and excitation.

MRI is routinely used to detect structural changes associated with epilepsy and can be used to locate epileptic foci (Woermann and Vollmar, 2009; Muhlhofer et al., 2017). However, thirty percent of patients with TLE are MRI negative (Muhlhofer et al., 2017). In our study, 28 patients with TLE-IAS are absent from visible epileptogenic lesions in MRI examination. We found bilateral temporal lobe hypometabolism in MRI- positive TLE-IAS patients. In addition, our study also found metabolic changes in the cortex-subcortical areas. This means that this metabolic abnormality may go beyond the metabolic abnormality of the MRI-positive TLE itself and involve cortical to subcortical areas. However, only subcortical areas of hypermetabolism were found in MRI-negative patients, but no metabolic abnormalities were found in the temporal lobe. This may be because we did not separate the left and right TLE-IAS, resulting in a metabolic offset. Regardless of MRI-positive and negative, cortical and subcortical brain regions related to TLE-IAS were found. A previous study based on MRI spectroscopy also found that metabolic changes in the brainstem and thalamus were observed in patients with epilepsy with impaired consciousness (Tan et al., 2019). Therefore, it is still necessary to further study the difference between MRI and PET in TLE-IAS patients.

Different seizures that cause consciousness impairment converge on the same set of neuroanatomical structures, yet not all seizures affect consciousness through the same mechanism. Thus, the key to unlocking the mechanism of consciousness impairment lies not just in “where,” but in “how,” in other words, the pathophysiology of how these neuroanatomical regions interact to form a widespread brain network disturbance. It is traditionally believed that neuronal dysfunction, hypometabolism, and hypoperfusion of cortico-subcortical structures are responsible for seizure-related impairment of consciousness (Blumenfeld, 2012; Stender et al., 2014; Li et al., 2019; Tan et al., 2019). In the present study, we showed interictal glucose hypermetabolism in cortico-subcortical regions available in TLE patients and speculated it was associated with awareness impairing seizures. Interictal PET is thought to reflect glucose uptake of neurons and glial cells in the whole brain, and local or widespread glucose hypermetabolism represents neuroinflammatory microglia proliferation or activity during interictal periods (Brabazon et al., 2017; Liu et al., 2017; Dienel et al., 2018). This offers a possible pathophysiological mechanism for seizure-related cognition deficits: consciousness-impairing focal seizures recur, which stimulates microglia proliferation in cortico-subcortical structures, leading to constant neuroinflammation and eventually results in hypermetabolism (Nehlig and Coles, 2007; Gershen et al., 2015). Furthermore, large areas of hypermetabolism in the contralateral subcortical and subcortical regions seem to be due to the restoration of chemical homeostasis (Franceschi et al., 1995). Meanwhile, cerebellar activation is triggered to restore seizure-related cerebral imbalance, leading to cerebellar hypermetabolism. Lasting cortico-subcortical neuroinflammation aggravates neuron apoptosis and cerebral atrophy, which also explains why thalamic and cerebellar atrophy is common in patients with refractory focal epilepsy.

Several limitations of the present study should be mentioned. Antiseizure medications may have some effect on brain metabolism which should be considered in future studies. In addition, almost all patients with TLE have seizures of disturbance of consciousness, so it is hard for us to find TLE patients with aware seizures as a comparison, which may limit the statistical power of uncovering metabolic network alterations in these patients. To address this concern, we introduced 60 age-matched healthy controls to analyze baseline glucose uptake. We also analyzed the right and left TLE groups separately to detect laterality effects and to ensure the validity of our results. The group of patients with TLE with focal aware seizures can also aid in the further analysis of the awareness-related brain metabolic mechanisms. Our group will continue to accumulate PET data from the focal epileptic patients with TLE, hopefully, we would explore more interesting findings regarding consciousness-impairing metabolic mechanisms in patients with focal seizures in the upcoming future. Additionally, it is not uncommon for patients to present seizures both with or without alteration of consciousness, evaluation using video EEG, or epilepsy history. An accurate and objective assessment of consciousness during epileptic seizures is needed.

In summary, our study was the first meaningful attempt to investigate possible metabolic mechanisms for impairment of awareness in patients with TLE. We demonstrated that the patients with focal impaired awareness seizures exhibited metabolic alterations in more extensive subcortical systems and cortical networks. Our findings suggest that the repetitive consciousness impairing ictal events may have an accumulative effect on brain metabolism, resulting in abnormal interictal cortical-subcortical metabolic disturbance in focal impaired awareness seizures. Understanding these metabolic mechanisms could greatly guide future clinical treatments to prevent consciousness and cognition impairment and improve the quality of life among people with epilepsy.
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Background: Interhemispheric and intrahemispheric long-range synchronization and information communication are crucial features of functional integration between the bilateral hemispheres. Previous studies have demonstrated that disrupted functional connectivity (FC) exists in the bilateral hemispheres of patients with carpal tunnel syndrome (CTS), but they did not clearly clarify the phenomenon of central dysfunctional connectivity. This study aimed to further investigate the potential mechanism of the weakened connectivity of primary somatosensory cortex (S1) based on a precise template.

Methods: Patients with CTS (n = 53) and healthy control subjects (HCs) (n = 23) participated and underwent resting-state functional magnetic resonance imaging (rs-fMRI) scanning. We used FC to investigate the statistical dependency of the whole brain, effective connectivity (EC) to analyze time-dependent effects, and voxel-mirrored homotopic connectivity (VMHC) to examine the coordination of FC, all of which were adopted to explore the change in interhemispheric and intrahemispheric S1.

Results: Compared to the healthy controls, we significantly found a decreased strength of the two connectivities in the interhemispheric S1hand, and the results of EC and VMHC were basically consistent with FC in the CTS. The EC revealed that the information output from the dominant hemisphere to the contralateral hemisphere was weakened.

Conclusion: This study found that maladjusted connections between and within the bilateral S1 revealed by these methods are present in patients with CTS. The dominant hemisphere with deafferentation weakens its effect on the contralateral hemisphere. The disturbance in the bilateral S1 provides reliable evidence to understand the neuropathophysiological mechanisms of decreased functional integration in the brains of patients with CTS.

Keywords: carpal tunnel syndrome, primary sensory cortex, effective connectivity, functional connectivity, voxel-mirrored homotopic connectivity, interhemispheric


INTRODUCTION

Interhemispheric and intrahemispheric long-range synchronization and information communication are crucial features of functional integration between the left and right hemispheres (Xinhu et al., 2020). Integration has been found to play an important role in multiple high-order functional processes, such as vision, attention, and sensory and motor functions (Antonello et al., 2016). Therefore, studies of various clinical diseases and neurophysiologic contexts, such as autism (Xiaonan et al., 2020), mild cognitive impairment (Li et al., 2021), chronic insomnia (Zhou F. et al., 2018), stroke (Lee et al., 2018), aging (Coelho et al., 2021), and the use of different gestures (Balconi and Fronda, 2021), have focused on these representative brain communication pathways to further understand the relevant pathophysiological processes.

Resting-state functional magnetic resonance imaging (rs-fMRI) has commonly been used to investigate brain connectivity between and within the two hemispheres (Biswal et al., 1995). Based on fMRI, functional connectivity (FC) and effective connectivity (EC) are two powerful methods to investigate the functional integration between different brain regions and reflect interactions across different cerebral regions (Fox and Raichle, 2007). By means of interhemispheric and intrahemispheric FC and EC, investigators could directly quantify the functional integration between and within the two brain hemispheres and thus have a considerable chance of determining how functional integration affects higher functional processing (Jin et al., 2020). FC, the statistical correlation between two or more brain regions, is considered a common approach to measuring non-directional interactions in the human brain (Zhou Y. et al., 2018; Reid et al., 2019). EC, such as the one shown by granger causality analysis (GCA), reveals the direction of the information flow by focusing on the time lag in the relationship between different brain regions (Xu et al., 2019). Different from the same time series of FC, GCA results are calculated in multiple time series (von Eye et al., 2014). However, both FC and EC have been used to identify the magnitude of functional connections between different brain regions in a variety of neurological and psychiatric disorders. Interestingly, different studies have shown multiple patterns of functional integration; for example, Coelho et al. (2021) have shown that aging induces decreased intrahemispheric connectivity and increased interhemispheric connectivity, which reflect a reduction in integration (Coelho et al., 2021). In contrast, patients with stroke showed disrupted interhemispheric connectivity (Lee et al., 2018). A study of temporary functional deafferentation also revealed that the interhemispheric FC of the sensorimotor area of healthy individuals was significantly reduced after peripheral nerve blockade, while the intrahemispheric FC changed inappreciably (Melton et al., 2016). Meanwhile, a similar pattern of interhemispheric plasticity has been demonstrated by fMRI in patients with different peripheral nerve injuries (PNIs) (Chemnitz et al., 2015; Chao et al., 2018). In addition, we also adopted voxel-mirrored homotopic connectivity (VMHC) to qualify the coordination of the primary somatosensory cortex (S1) in whole-brain interhemispheric FC, which was represented by the FC between each voxel in one hemisphere and its mirrored counterpart in the opposite hemisphere (Stark et al., 2008).

Normally, the experience of the external and internal environment is properly accepted as an input signal and accommodated by the cerebral cortex. PNIs disorder the daily function of the brain processes in manual behaviors, and functional and structural remapping continuously proceed in the entire cerebrum (Bhat et al., 2017; Onishi et al., 2018). The deafferented sensory input from the injured body part causes neural activity not only in the contralateral cortex but also in the ipsilateral, homotopic cortical area (Yu and Koretsky, 2014). The cortical projection territories of the corresponding afferent nerve are disordered and invaded from the adjacent area (Wu et al., 2018). In particular, the neuronal activity following PNI is changed in the contralateral and ipsilateral S1s, which are related to enduring symptoms of sensory dysfunction, such as paresthesia, numbness, pain, and weakness (Han et al., 2013). Individuals with carpal tunnel syndrome (CTS), a typical nerve entrapment PNI, exhibited a greater activated extent in the contralateral S1 and different ipsilateral activity during the activation task compared to healthy individuals (Nordmark and Johansson, 2020). Meanwhile, our previous study found increased intrahemispheric FC and decreased interhemispheric FC. We previously suggested that increased FC is supplementary to the afferent block, and decreased FC implies conduction damage of bilateral hemispheric information exchange (Lu et al., 2017).

We speculated that the decreased synaptic activity suppressed the synchronization effect from the contralateral hemisphere, but we still have doubts about the direction of these information-interaction effects. Previous studies used a relatively rough subarea template to clarify refined connectivity information, which may provide imprecise results, such as S1 spanning multiple functional regions. The Brainnetome is a finely sorted human brain atlas based on connectional architecture and links brain connectivity to function. It was considered the brain template that we adopted in this study to explore the strength of functional and directional interactions and the coordination between the bilateral S1 (Fan et al., 2016).

As described earlier, combined with our previous results (Lu et al., 2017), eight subregions of the bilateral S1 in the human Brainnetome Atlas were extracted as the regions of interest (ROIs) (Fan et al., 2016). The FC, GCA, and VMHC were adopted to explore the alternations of interhemispheric and intrahemispheric information communication of the S1. The directional and non-directional connectivity patterns between ROIs were computed to verify our hypothesis. We hypothesized that the interhemispheric and intrahemispheric integration would be changed in the patients with CTS, and the EC and FC results would mutually be corroborated. Therefore, this study investigated the changed connectivity of communication functions and coordination of central neural regions in patients with CTS.



MATERIALS AND METHODS


Participants

All the data were acquired from 76 right-handed participants who were recruited from the Yueyang Hospital of Integrated Traditional Chinese and Western Medicine, Shanghai University of Traditional Chinese Medicine. Participants included 53 patients with bilateral CTS and 23 healthy control subjects (HCs). Written informed consent was obtained from each subject. This study was approved by the Medical Ethics Committee of Yueyang Hospital. All ethics-related work was performed in accordance with the Declaration of Helsinki.

The patients with CTS presented with a stage with objective neurological signs and delayed motor conduction. To ensure these criteria, one professional hand surgeon was involved throughout the diagnosis of all patients and healthy subjects. Inclusion criteria were as follows: (1) complaints of paresthesia/numbness in the median nerve innervated territories, night pain, wrist/finger weakness, and/or thenar atrophy in bilateral hands for more than 3 months according to the guideline released by Lu et al. (2017); (2) Phalen’s sign and Tinel’s sign; and (3) motor latency of the median nerve above 3.7 ms. The exclusion criteria for both groups include (1) confirmed or suspected history of peripheral neuropathies or cerebral diseases and (2) MRI contraindications.



fMRI Data Acquisition

Each participant was instructed before scanning to remain at rest and awake without thinking or falling asleep. Matching hoods and foam pads were used to fix the head and reduce head motion. The images were acquired using a Magnetom Trio A 3T MR Scanner (Siemens AG, Erlangen, Germany). Rs-fMRI images were acquired using a gradient echo-echo planar imaging (GRE-EPI) sequence with the following parameters: interleaved scanning order; slice number = 43; matrix size = 64 × 64; field of view (FOV) = 240 mm × 240 mm; repetition time/echo time (TR/TE) = 3,000/30 ms; flip angle = 90°; slice thickness = 3.0 mm; acquisition voxel size = 3.2 mm × 3.2 mm × 3.40 mm; and number of repetitions = 240 for a total acquisition time of 12 min.



fMRI Data Preprocessing

Data preprocessing procedures were performed using the Statistical Parametric Mapping 12 (SPM 12) toolbox1 based on the MATLAB 2014a platform. The first 10 volumes were removed to eliminate unstable signals. The subsequent preprocessing steps included slice timing, head motion correction, coregistration to individual anatomical images, spatial normalization to the EPI template of the Montreal Neurological Institute (MNI) space, resampling to 3.0 mm × 3.0 mm × 3.0 mm, and smoothing with a 6-mm full-width at half-maximum Gaussian kernel. Linear detrending and bandpass filtering (0.01–0.08 Hz) were further carried out. Finally, the nuisance signals, including the averaged signal from white matter, cerebrospinal fluid, and Friston 24 head motion parameters, were regressed out of the data. Five normal healthy subjects and three patients were abandoned because of excessive head motion (more than 2° and 2 mm) or serious artifacts. Finally, the images of the remaining 68 subjects were included in this study.



Functional Connectivity and Extracted Regions of Interest

The main focus was on the S1 cortices, which were defined as the walls of the postcentral gyrus inside the central sulcus. To explore which connections contributed to alterations in patients with CTS, seed-based FC analyses were further conducted in eight regions of bilateral sub-S1 as ROIs, which were performed using the Resting-State fMRI Data Analysis Toolkit (REST) software2. The first pair of sub-S1 (PoG_L/R_1) regions represents the upper limb, head, and face, the second pair (PoG_L/R_2) represents the tongue and larynx, the fourth pair (PoG_L/R_4) is the trunk region, and the third pair (PoG_L/R_3) represents other parts of the body (Fan et al., 2016). Specifically, for each individual, the mean time series of each seed point was calculated by averaging the functional MRI time series for all voxels within each ROI and then correlating them with the time series of the rest of the whole brain in a voxelwise way using the preprocessed functional images. The resultant correlation maps were subsequently normalized with Fisher’s r to Z transformation.



Granger Causality Analysis

In this study, we also used the REST toolbox to explore the causal interaction among the eight subregions (Zang et al., 2012). According to previous studies, GCA was based on multiple linear regressions and considered a credible method to investigate causal connectivity (Roebroeck et al., 2005). The GCA protocol was performed as follows (van Ettinger-Veenstra et al., 2019). We intended to explore the EC of all the sub-S1 regions. All the ROI coordinates were in the MNI space. ROI-wise GCA was performed using the selected ROIs. We used the RESTplus toolkit to perform the bivariate ROI-wise GCA pipeline. For each participant, the causal effects among the ROIs were analyzed. The alterations in EC were calculated by computing the bivariate coefficients between the patients and healthy controls.



Voxel-Mirrored Homotopic Connectivity

The analysis of VMHC was also performed using REST software. For each subject, the homotopic FC was computed as the Pearson’s correlation coefficient between each voxel’s preprocessed signal time series and that of its symmetrical counterpart in the other hemisphere. Correlation coefficients were then Fisher’s Z-transformation to improve normality. The resultant Z-values, constituting the VMHC, were used for subsequent voxelwise group comparison.



Statistical Analysis

A two-sample t-test was performed to contrast the results between CTS and HCs. Those considered significant results were passed the false discovery rate (FDR) correction (p < 0.05). Autoregression coefficients of ROI-wise GCA results between CTS and HCs were compared using the two-sample t-test based on the Social Sciences 21.0 (IBM SPSS Inc., United States).




RESULTS


Functional Connectivity

Compared to the HCs, the patient group with CTS showed a significantly changed FC (FDR, p < 0.05).

With the predefined four subregions in the left S1, increased FC was observed between the PoG_L_1 and the bilateral thalamus, the PoG_L_2 and the bilateral thalamus, the PoG_L_2 and the left insular, the PoG_L_3 and the right middle frontal gyrus, and the PoG_L_3 and the bilateral thalamus. Decreased FC was exhibited between the PoG_L_1 and the ipsilateral PoG_L_3, the PoG_L_1 and the contralateral PoG_R_1, the PoG_L_2 and bilateral middle temporal gyrus, bilateral precuneus, left superior frontal gyrus, left orbital gyrus, the ipsilateral PoG_L_1, the contralateral PoG_R_3, the right lateral occipital cortex, the PoG_L_3, and the ipsilateral PoG_L_2 (Figures 1A–C and Table 1).


[image: image]

FIGURE 1. The brain regions with a significant difference in the FC of the sub-primary sensory cortex between patients with CTS and healthy controls. (A) The left first sub-S1. (B) The left third sub-S1. (C) The left second sub-S1. (D) The right second sub-S1. INS, insular gyrus; LOcC, lateral occipital cortex; MFG, middle frontal gyrus; MTG, middle temporal gyrus; MVOcC, MedioVentral occipital cortex; OrG, orbital gyrus; PCun, precuneus; PoG, postcentral gyrus; SFG, superior frontal gyrus; Tha, thalamus. L, left. R, right.



TABLE 1. Regions showing significant differences in functional connectivity of the sub-S1 areas between patients with CTS and HCs (pFalse discovery rate < 0.05).

[image: Table 1]
With the predefined four subregions in the right S1, decreased FC was displayed between the PoG_R_3 and the contralateral PoG_L_1, right temporal gyrus, and right medioventral occipital cortex (Figure 1D and Table 1).

There were no significant differences in the other sub-S1 regions.



Effective Connectivity

According to the eight selected sub-S1 regions, the GCA analysis between each pair was computed. In contrast to the healthy controls, the patients with CTS demonstrated significantly decreased values from the PoG_R_1 to the contralateral PoG_L_1 and the right PoG_R_3, and from the PoG_R_2 to the contralateral PoG_L_1 (p < 0.05, Figure 2).
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FIGURE 2. Group differences in effective connectivity of sub S1 (CTS > HCs, p < 0.05). PoG, postcentral gyrus; L, left; R, right.




Voxel-Mirrored Homotopic Connectivity

The VMHC results revealed that the coordination of the bilateral PoG_1 was decreased, while the coordination of the bilateral PoG_3 was increased (Figure 3 and Table 2).
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FIGURE 3. The results of VMHC revealed the coordination of the bilateral PoG_1 and PoG_3. L, left; R, right.



TABLE 2. Regions showing significant differences in VMHC of the sub-S1 areas between patients with CTS and HCs.
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DISCUSSION

In this study, the results of abnormal connective and coordination patterns between and within the bilateral S1 are shown by the FC, GCA, and VMHC results. In contrast to most previous studies of interhemispheric and intrahemispheric connections, we applied more precise brain regions to explore abnormally changed connective characteristics. In addition, more interhemispheric results were shown in this CTS study than in the intrahemispheric study, especially for EC and VMHC. We found significantly decreased strength of the two connectivities in the interhemispheric S1. The information output from the dominant hemisphere to the contralateral hemisphere was weakened. Meanwhile, FC displayed a significant intrahemispheric decrease. The results of EC regarding the strength of connection were basically consistent with those of FC. Similarly, the VMHV value of the hand representative region (S1hand), PoG_4_1, also decreased. These results revealed that the information communication efficiency between the two hemispheres was obstructive.

Numerous studies have examined the changeable relationship in the interhemispheric and intrahemispheric FC of integration. In a study on stroke, Baldassarre et al. reported that focal brain lesions induce a reduction in interhemispheric FC and an increase in intrahemispheric FC2. Liu et al. (2015) examined the effects of lesions and treatment-based recovery on functional organization and found that increased interhemispheric FC between the bilateral primary motor cortex (M1) was positively correlated with motor function recovery. Therefore, FC was thought to be a marker to predict behavioral deficits after stroke. Meanwhile, a similar integration pattern has been demonstrated not only in stroke but also in different diseases (Chen and Schlaug, 2013; Lee et al., 2018). Impaired and reduced white matter fibers have been found in children with cerebral palsy (Weinstein et al., 2014). In a study of schizophrenia, investigators found that the disconnection between brain hemispheres represents a derailment of cognitive functions. In addition, the asymmetry of hemispheric network properties was associated with patients’ symptom severity, such as the severity of hallucinations and delusions, which showed an increase with increasing interhemispheric connectivity in the right frontal and bilateral temporal cortices (Zhang et al., 2019). Other research on diseases, including dementia (Filippi et al., 2017), epilepsy (Hung et al., 2019), and acute damage to the corpus callosum (Ridley et al., 2016), among others, also reported a disordered integration pattern. Interestingly, connectivity also changed even in healthy subjects. Duncan et al. demonstrated that the differential processing demands of two scripts influenced both interhemispheric and intrahemispheric interactions; compared to Hiragana, Kanji could increase activation in right hemisphere areas or within a ventral visual form-to-meaning pathway and increase interhemispheric connectivity.

In contrast to central nervous diseases, in PNIs, the brain is complete and undamaged. Compared to healthy subjects, long-term aberrant signal inputs changed the corresponding cortical representation of the injured nerve (Irvine and Rajan, 1996). Recent studies have indicated that denervation always causes reorganization in the bilateral sensory cortex. For instance, research on a rodent whisker system has confirmed that trimming whiskers in mice could lead to loss of synaptic connections in S1 and change sensorimotor integration (Barnes and Finnerty, 2010). Persistent hand representation still exists in the S1 of amputees after denervation, and activation was found in the corresponding sensory areas when the amputees attempted to move their phantom limb (Irvine and Rajan, 1996). Elevated gray matter volume was found in the S1 of patients with chronic low back pain (Kim et al., 2020). This study also found that the alterations were not limited to and even overstepped the cortical representation of the body area to which persistent pain was attributed. Similarly, in CTS, a previous study suggested that sensory afferent interruption induces a decline in synaptic activity in S1 (Lu et al., 2017). In contrast, another study also indicated that cortical plasticity expands from the S1-hand area to the S1-leg and S1-face areas (Maeda et al., 2017). Functional cortical remapping occurred in distinctly defined subregions of ipsilateral S1 after CTS. Therefore, the interactions in S1 may be the consequence of an internal compensatory response.

Interestingly, a previous study reported that the connectivity between the areas located far apart from each other was vulnerable, such as the heterotopic interhemispheric structural connections in the sensorimotor network (Straathof et al., 2020). A human study also supports the opinion that, compared to the other high-order association regions, the primary sensory-motor cortices demonstrated relatively lower functional stability during resting-state scans (Li et al., 2020). The instability reflects both external stimuli and top-down modulation from high-order regions (Macaluso and Driver, 2005). Li et al. (2020) found that the bilateral primary visual cortices displayed lower stability during the viewing task than in the resting state. They deduced that sensory inputs directly affect the neural activity of visual cortices, and the decreased stability could be caused by the continuous reorganization of functional architecture to changes in the received visual form over time. Similarly, patients with CTS always suffered sustained abnormal stimuli. Based on Li’s inference, a possible interpretation of our results was that continuous stimuli and modulation would worsen the frail connection connecting the bilateral S1. The weakened VMHC results further suggested that coordination of the bilateral hand representative brain area was impaired after CTS. The increased VMHC confirmed that compensatory remodeling took place in the other sub-S1 region. Meanwhile, the EC showed that, compared with the HCs, the output information flow from the dominant S1hand of patients with CTS was prominently decreased. The series of consequences demonstrated that aberrant and persistent sensory stimulation from the dominant hand weakened the strength of the output information of the contralateral S1hand and decreased the connectivity between the S1hand and other brain regions directly.

In addition, our FC results offer an accordant and interesting phenomenon, namely, the connections between the sub-S1s and thalamus were activated. Generally, the sensory processing pathways in the cerebral cortex occur not only via direct communication between the primary and secondary sensory areas but also via a parallel transthalamic circuit (Mo and Sherman, 2019). Robust and effective synaptic connections between the S1 projections to the thalamus have been confirmed by trans-synaptic tracing, and the latter carries information to other cortical areas (Mo and Sherman, 2019). Animal studies also reported that transection of the sensory nerve could lead to an increasing number of afferent fibers to the thalamic neurons (Takeuchi et al., 2012). This evidence demonstrates our result that CTS could activate the pathway from S1 to the thalamus.

Several limitations should be declared. First, this cross-sectional study does not provide direct evidence of a correlation between FC and the clinical assessment, similar to EC. Future studies using different scales are needed to deepen our understanding of the neural mechanisms underlying CTS. Second, the FC and GCA analyses were based on the whole brain. However, the somatosensory network, the specific functional resting-state network related to the motor-sensory network, should be regarded as the anatomical substrate to analyze sensory connectivity in future studies. Third, the GCA method has been debated due to the effects of hemodynamic convolution; therefore, the dynamic causal model, which can compensate for the defects of the GCA, could be used to provide accurate results for future research (Friston, 2011).



CONCLUSION

In this study, we demonstrated that maladjusted connections between and within the bilateral S1 revealed by FC and EC are present in patients with CTS. The patients with CTS showed decreased FC between the bilateral sub-S1 regions and increased FC between the sub-S1 regions and thalamus. Meanwhile, the decreased VMHC and causal information flow from the advantaged S1hand to the disadvantaged S1hand were consistent with the FC results to some extent and reflected that the prominent cortices are more easily influenced by the abnormal information from the corresponding afferent nerve. The disturbance in the bilateral sub-S1 will provide reliable evidence to understand the neuropathophysiological mechanisms in patients with CTS.
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In the central nervous system, gliomas are the most common, but complex primary tumors. Genome-based molecular and clinical studies have revealed different classifications and subtypes of gliomas. Neuroradiological approaches have non-invasively provided a macroscopic view for surgical resection and therapeutic effects. The connectome is a structural map of a physical object, the brain, which raises issues of spatial scale and definition, and it is calculated through diffusion magnetic resonance imaging (MRI) and functional MRI. In this study, we reviewed the basic principles and attributes of the structural and functional connectome, followed by the alternations of connectomes and their influences on glioma. To extend the applications of connectome, we demonstrated that a series of multi-center projects still need to be conducted to systemically investigate the connectome and the structural–functional coupling of glioma. Additionally, the brain–computer interface based on accurate connectome could provide more precise structural and functional data, which are significant for surgery and postoperative recovery. Besides, integrating the data from different sources, including connectome and other omics information, and their processing with artificial intelligence, together with validated biological and clinical findings will be significant for the development of a personalized surgical strategy.

Keywords: glioma, diffusion magnetic resonance imaging, functional magnetic resonance imaging, connectome, brain network


INTRODUCTION

In the central nervous system (CNS), gliomas are the most common, but complex primary tumors. An average annual incidence rate of glioma is 6.7 per 100,000 individuals in China (Jiang et al., 2016; Zhao et al., 2021), which is similar to that in the United States (Ostrom et al., 2020). Genome-based molecular and clinical studies have revealed different classifications and subtypes of gliomas. Cancer-related molecular characteristics could be used to indicate the type of treatment modality, such as surgery and adjuvant therapies, as well as clinical outcomes. The 2021 World Health Organization (WHO) classification of CNS tumors (Wen and Packer, 2021) divided gliomas into 6 different types, including adult-type diffuse gliomas, pediatric-type diffuse low-grade gliomas (LGG), pediatric-type diffuse high-grade gliomas, circumscribed astrocytic gliomas, glioneuronal and neuronal tumors, and ependymomas. The classification and grading of gliomas combine clinical, pathological, histological, and especially molecular features. Molecular profiles, such as isocitrate dehydrogenase (IDH)-mutant, 1p19q co-deletion, the X-linked alpha-thalassemia mental retardation (ATRX)-mutant, Telomerase reverse transcriptase (TERT) promoter mutant, and O6-methylguanine–DNA methyltransferase (MGMT) promoter methylation, provide a microscopic view for predicting tumor biological behavior and patients’ outcomes. Besides, neuroradiological approaches non-invasively provide a macroscopic view for surgical resection and improving therapeutic effects.

In clinical practice, computed tomography (CT), magnetic resonance imaging (MRI), biphasic 2-deoxy-2-[18 F]fluoro-D-glucose positron emission tomography/CT (18F-FDG PET/CT), and neuronavigation are the main imaging methods to assess cancer metabolism, cancer progression, conditions of nerve fibers, and cortical and subcortical functions.

Along with the development of artificial intelligence (AI), quantitative data from CT and ordinary MR images, such as T1, T2, and T1-contrast-enhanced, and fluid-attenuated inversion recovery (FLAIR) images could be extracted and processed by machine learning or deep learning algorithms (Lambin et al., 2012; Chang et al., 2019). State-of-the-art neural networks could select shape, texture, and gray level of tumors for predicting tumor classification (Lee et al., 2020; Chakrabarty et al., 2021), segmentation (Tang et al., 2020; Rudie et al., 2021), grading (Naser and Deen, 2020), and even molecular parameters (Bangalore Yogananda et al., 2020; Choi et al., 2021).

Studies (Lundervold and Lundervold, 2019; Tomaszewski and Gillies, 2021) have investigated the imaging features, as well as their potential relationships with pathological and molecular characteristics. However, in clinical work, as some special gliomas are located in some functional areas or important subcortical areas, their physical properties with surrounding brain tissues and functional effects on both hemispheres are worthy of further investigation. Thus, special imaging sequences, including structural and functional MRI pulse sequences, can be exploited to determine the functional connectivity of tumors and other tissues, which are called brain tumor connectome.

The brain’s anatomical connectivity, or connectome, was defined as the map of neural connections in the brain (Hagmann, 2005). The connections emphasized the fact that the huge brain neuronal communication capacity and computational power critically relied on subtle and incredibly complex connectivity architecture through diffusion MRI (dMRI) (Mori and Barker, 1999; Sporns et al., 2005; Assaf and Pasternak, 2008), which was designed to assess the trajectory of protons in white matter fiber bundles, illustrating structural connectivity in the brain. Apart from dMRI, functional MRI (fMRI) (Ogawa et al., 1992; Logothetis, 2008) indirectly reflects the activity of electrical signals of neurons in a certain brain area by detecting changes in blood oxygen levels, thereby reflecting the functional connections of neurons. By analyzing the functional connections through task-fMRI or resting-state fMRI (rs-fMRI), we could construct the functional connectivity atlas, followed by establishment of the brain connectome that is composed of functional and structural connectivity. In general, as a key component of brain multi-omics, connectome, depending on improvement of imaging hardware and software (Wang et al., 2013), could be used to explore neuropsychiatric activities and their changes (Sporns, 2011). In the present study, we reviewed the structural–functional connectome attributes in normal human brains and their abnormalities and instabilities in glioma, and highlighted their potential applications in glioma clinical management.



STRUCTURAL CONNECTOME AND THE ALTERNATIONS IN GLIOMAS


Structural Connectome

According to the different degrees of free-water molecules in neurons, dMRI could distinguish the white matter (WM), gray matter (GM), and cerebrospinal fluid (CSF) by imposing gradients of magnetic fields and controlling the time intervals through different b-values (Cohen and Assaf, 2002). The myelinated axon of a neuron in one region of the brain extends to another region following a particular anatomic course or trajectory. Thus, the graph theory (Euler, 1741; Semmel et al., 2021), proposed in the 18th century, could provide a robust mathematical and practical foundation for structural connectome. Specifically, after acquiring ordinary MRI-T1, -T2, and diffusion sequences, as well as preprocessing the images including space alignment, image denoise, and field correction in a standard workflow, we could estimate the response functions of WM, GM, and CSF. Then, the response functions were applied to deconvolve the orientations of fibers and construct the tractography by various atlases (Tzourio-Mazoyer et al., 2002; Desikan et al., 2006; Fan et al., 2016; Glasser et al., 2016). A brain structural network graph would be architected by measuring the strengths and directions of neurons (Figure 1). Numerous studies (Hagmann, 2005; He et al., 2007; Toga et al., 2012; Liao et al., 2017) analyzed the dMRI tractography and network topology of the brain and revealed the long-range axonal network and the hierarchical organization of the functional inter-cortical connectivity. A small-world network architecture (Watts and Strogatz, 1998) has mainly demonstrated a low-cost, but high clustered network organization. Hub neuronal nodes as the centralities in the network could be connected together to enable an efficient and robust signaling in the network. A rich club is defined as a set of high-degree nodes that is more densely interconnected than predicted on the basis of the node degrees alone (de Reus and van den Heuvel, 2013), suggesting the theoretical basement of anatomical organization for data transmission. It is also a conservative network architecture across various species (Watts and Strogatz, 1998; Oh et al., 2014; Beul et al., 2015) and spatial scales (Das, 2020). Previous studies (Collin and van den Heuvel, 2013; van den Heuvel et al., 2015) demonstrated that seeking the differences of brain connectome between preterm and term infant brains is a vital step for understanding the developmental impairment caused by preterm.
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FIGURE 1. Workflow of diffusion MRI (dMRI) and resting-state functional MRI (fMRI). After image acquisition, images obtained by dMRI and fMRI were initially preprocessed by denoise, bias correction, motion correction, alignment, etc. Then, in dMRI, fiber orientation distribution (FOD), and fractional anisotropy (FA) were calculated for tractography, followed by structural connectome evaluation. In fMRI, time series sequences were used to assess the brain functional activities. Besides, seed-based approaches were used for the analysis of regions of interests (ROIs) and the graph theory was employed for the whole-brain functional connectome analysis.


Tractography constructed by high-resolution MRI systems provides the WM connections of cortico-cortical and cortico-subcortical spatial regions and their anatomic relationships with normal functions of awareness, cognition, behaviors, etc. Thus, abnormalities in structural connectome affected by tumors could reflect the biological behaviors, such as tumor progression and invasion.



Structural Connectome Alternations in Gliomas

In gliomas, a number of scholars (Venkataramani et al., 2019, 2021; Venkatesh et al., 2019) have reported a relevant direct synaptic communication and electrical integration between tumors cells and neurons, providing the potential explanations of tumors, involving the neuronal signaling pathways. Glutamatergic synapses could medicate connections between presynaptic neurons and postsynaptic glioma cells and form a positive current, promoting calcium-related invasiveness of tumor cells and glioma proliferation until it would be inhibited by glutamate receptor antagonists (Venkataramani et al., 2019). Meanwhile, glioma interconnections via gap junctions (Osswald et al., 2015) and membrane tubes (Jung et al., 2017; Weil et al., 2017) could construct a self-repairing and resistant network, disturbing the normal brain network, as well as promoting tumor progression and therapeutic resistance.

Therefore, implementation of dMRI and establishment of tractography might detect the accumulation of the abnormal cells. As we mentioned above, hub neuronal regions play a central role in the brain small-world network and can be clustered into a rich club. Glioma patients, however, have more hub-related connections in the contralateral hemisphere (Yu et al., 2016; Douw et al., 2019; Yuan T. et al., 2020), while a slight difference in the ipsilateral hemisphere was found. These contralesional connections suggested the decompensation of structure and function and the particular redistribution of connectivity (Crossley et al., 2014; Stam, 2014). The cascade network failure theory (Buldyrev et al., 2010; van den Heuvel and Sporns, 2019), indicating the overloading of functional hubs and the increase of connectivity, has been studied in Alzheimer’s disease (Jones et al., 2016) and schizophrenia (van den Heuvel and Sporns, 2019). More specifically, if a hub bears the throughput beyond its threshold, it could lead to catastrophic system collapse. For the whole brain level, network analysis showed decreased global and local connectivity efficiency in the ipsilesional hemisphere (Fekonja et al., 2021); Jutten et al. (2021) investigated fractional anisotropy (FA) of dMRI and achieved similar results of structural connectivity and systemic microstructural WM dis-integrity, especially in the IDH-wild-type (IDH-wt) group due to the worse biological attributes (Eckel-Passow et al., 2015). In addition, patients with IDH-wt and a greater lesion volume have significantly lower connectivity efficiency and cognitive capability (Kesler et al., 2017). In other words, functional connectivity was traditionally considered based on brain anatomy and the structural connectivity. Functional aberrations in cognition or perception might be caused by impairment of structural integrity. Wei et al. (2021) quantified the global and regional connectome disruptions in individual glioblastoma patients and investigated the prognostic value of connectome disruptions and topological properties using a structural connectome approach based on diffusion MRI, and they demonstrated that glioblastoma patients had decreased segregation and increased integration, which could potentially provide a useful biomarker for patient stratification.

Not only has structural connectivity provided the orientations of neurons for formulating surgical plan and navigation (Abdullah et al., 2013; Henderson et al., 2020), but it also could be advantageous for prediction of molecular characteristics and prognosis evaluation. On the one hand, determining the infiltration or displacement of cortical mapping and WM tracts would be significant for the extent of tumor removal and normal brain tissue protection (Castellano et al., 2012; Abhinav et al., 2015). Gliomas are the most common intra-axial brain tumors characterized by invasion into the surrounding WM tracts; thus, the combination of tractography with the operative navigation could show the adjacency between bulks and edemas of tumors and WM skeletons. Different approaches have been presented for mapping brain connectivity, and defining nodes and edges at each scale, so as to protect the integrity of the brain network. On the other hand, numerous studies have reported that gliomas have specific molecular parameters, such as IDH-mutation (Chen et al., 2017; Kesler et al., 2019) and MGMT promoter methylation (Chen et al., 2017). To date, deep neural networks have been utilized to extract dMRI metrics like ADC and FA value, and to assist IDH, MGMT, and other molecule subtype classification and prognosis prediction of glioma patients (Aliotta et al., 2019; Z. Huang et al., 2021; Yan et al., 2021).




FUNCTIONAL CONNECTOME AND THE ALTERNATIONS IN GLIOMAS


Functional Connectome

Oriented in 1990s, fMRI measuring hemodynamic changes after enhanced neuronal activity has been applied on neuroscience research and clinical practice (Ogawa and Lee, 1990; Logothetis, 2008). When one stays awake and produces thinking activities, his/her related brain area would produce electrophysiological signals, which could be detected indirectly by changes in the oxyhemoglobin (HbO2) and deoxyhemoglobin (Logothetis and Wandell, 2004). Spatiotemporal properties of blood oxygenation level-dependent (BOLD) fMRI showed higher intensity signals when electrical activities happened due to higher HbO2 levels. Although the imbalance of supply and consumption of HbO2 remained elusive (Drew, 2019), one theory indicated that dilation of arteries increases neuronal activities, so as to produce higher HbO2 levels (Drew et al., 2011). Previous studies have proposed several models (Malonek and Grinvald, 1996) to simulate the relationships between BOLD signals and hemodynamic response function (HRF) (Cohen, 1997; Friston et al., 1998) and revealed linear relationships. Similar to the dMRI processing pipeline, fMRI data were initially preprocessed and HRF was then applied to deconvolute and fit the time series signals by linear regressive models. Recently, surface-based processing (Fischl et al., 1999) has become a popular approach to overcome the calculation and atlas problems, increasing the specificity of cortical activation patterns (Oosterhof et al., 2011; Saad and Reynolds, 2012; Brodoehl et al., 2020). Graph theory and other methods [independent component analysis (ICA), seed-based analysis, etc.], which are compatible to dMRI analysis theories, were also implemented according to the experiment design. Finally, a brain functional connectome was established to evaluate regional brain activity and functional connectivity (Figure 1).

To better evaluate a particular function parcellation in the brain area, task-fMRI is typically characterized more precisely to delineate the relationships between tasks and electrophysiological responses. Different cognitive tasks, including executive functioning, emotional processing, language, thinking, and implicit learning tasks, could be implemented by block, event-related, or mixed experiment design (Mwansisya et al., 2017). In clinical practice, however, doing task-fMRI needs more complex stimulation and recording systems, which might be difficult for tolerance of tumor patients. Rs-fMRI has also concentrated on brain functional mapping with subjects staying awake, while not performing any task (van den Heuvel and Hulshoff Pol, 2010). Studies have reported the resting-state networks, describing functional connectivity of brain regions in the resting state. The networks include the motor network, the visual and auditory network, dorsal and ventral attention network, central executive network (CEN), default mode network (DMN), and salience network (SN) (Spreng et al., 2013; Raichle, 2015; Yeshurun et al., 2021). Among these networks, CEN, DMN, and SN are the core neurocognitive-related networks. CEN, also known as frontoparietal network, contains dorsolateral prefrontal cortex and posterior parietal cortex, and is widely co-activated in cognitive behaviors and is involved in working memory (Menon, 2011). DMN, including the posterior medial cortex, medial prefrontal cortex, and temporoparietal junction, has shown a higher connectivity during resting state, and it was recognized as an active and dynamic intrinsic system to integrate information (Yeshurun et al., 2021). SN refers to cortical hubs in the dorsal anterior cingulate cortex, insular cortex, temporal pole, and amygdala, and it is related to links between the stimulus from external environment and the response of other networks dynamically (Seeley, 2019). A triple network model, consisting of CEN, DMN, and SN, has been proposed to understand the cross-network interactions and human brain state transition (Menon, 2011). Studies have reported that these non-traditional networks play key roles in the human brain in different diseases including Alzheimer’s disease and mental disorders (Menon, 2011; Liston et al., 2014; Satpute and Lindquist, 2019; Misiura et al., 2020; Martin-Subero et al., 2021).

Task-fMRI and rs-fMRI provide a non-invasive method to evaluate the active regions in the brain and their relationships. The spatial and temporal resolution, as well as the difference of HRF, limit the fMRI applications in causal inference; however, it is reliable to measure the fMRI for hypothesis testing (Olszowy et al., 2019). Recently, the molecular mechanism of functional connectivity was investigated by the correlation analysis between RNA-sequence and functional connectivity strength of rs-fMRI (Zhu et al., 2021), providing a potential to explore the genetic nature of the functional connectome.



Functional Connectome Alternations in Gliomas

Functional connectivity in gliomas was altered by the aggressiveness of glioma cells and the increased oxygenated blood flow in tumor vasculature (Warmuth et al., 2003; Hadjiabadi et al., 2018). Incorporating the assessment of the rs-fMRI network into the traditional glioma mapping approaches could be a versatile method for anatomical and functional localization and evaluation of molecular parameters (Ghinda et al., 2018; Stoecklein et al., 2020). Prior studies have reported a higher mean connectivity (Otten et al., 2012) and brain-wide disrupted networks associated with tumor-related remodeling of the neurovasculature (Hadjiabadi et al., 2018). In particular, several research groups measured the DMN in glioma by rs-fMRI and observed the increased integration of DMN in hippocampal areas, but the decreased integration in prefrontal and posterior cingulate cortex regions, and a trend of decreasing global connectivity with a higher WHO grade (Esposito et al., 2012; Harris et al., 2014; Maniar et al., 2021). The decreased DMN integration and deactivation may lead to cognitive decline of patients. SN connectivity in glioma could be reduced with an increased amplitude of low-frequency fluctuations (ALFFs), reflecting intrinsic brain activity, as well as promoting specific brain circuits to participate in cognitive tasks. The increased ALFF in the tumor contralateral regions may be explained by functional compensation due to neuronal plasticity and neuro-vascular uncoupling of tumor ipsilateral regions (Yang et al., 2021). Thus, tumors that are close to hubs of these networks could lead to dysfunction, but without obvious clinical manifestations due to a compensatory response of other areas. For traditional functional networks such as language and sensorimotor networks, studies through seed-based and ICA approaches revealed significantly reduced integrity and connectivity (Briganti et al., 2012; Niu et al., 2014; Mallela et al., 2016; Vassal et al., 2017; Yuan B. et al., 2020). Specifically, the reduction had a distinct pattern modulated by tumor position. The closer tumor is to hub regions, the more severe the effects to the function. These findings were consistent with the clinical manifestations in patients whose tumors were located in language, sensory, or motor regions.

Functional network also has the small-world attribute, and studies have reported the disturbed small-world manner and the decreased connective efficiency in LGG patients (Xu et al., 2013; Huang et al., 2014), who mainly suffered from cognitive deficits, memory reduction, and psychomotor dysfunction. However, an increased local efficiency and a higher local clustering coefficient were observed in the lesion areas, suggesting the potential preservation mechanism in small-world topology (Huang et al., 2014; Park et al., 2016). The specific biological behaviors of breaking and protecting small-world properties have not been fully explored, and a large number of studies have reported that IDH-wt was highly associated with the dysfunction of functional network (Derks et al., 2019; Jutten et al., 2020), indicating that infiltration and aggression of genetic characteristics of gliomas may affect the functional network. Recently, Mandal et al. (2021) established a model that combined cellular types and transcription of genetic drivers of glioma genesis with graph theory-based functional hub-based analysis, and found patterns of glioma locations. Their model explained over half of the variance in glioma location frequency, brain regions populated with putative cells of origin for glioma, neural stem cells, and oligodendrocyte precursor cells. On the other hand, the study also explained that the occupation and destruction of brain functional hubs by glioma decreased global small-world clustering. The complexity of biological characteristics of glioma and distribution of their locations are still accompanied by some problems in functional connectomes, indicating the necessity to investigate the correlations between tumor biology and brain function.

Mapping the functional connectome also provides sufficient data for surgical planning and prognosis assessment. In clinical practice, awake mapping using direct electrical stimulation (DES) of the brain can be achieved in surgery for gliomas in functional regions (Duffau, 2015). Anatomo-functional location by dMRI and rs-MRI before surgery could assist DES for precise functional protection. Qiu et al. (2017) demonstrated that using intraoperative rs-fMRI could directly localize the functional areas intraoperatively and avoid the risk of intraoperative seizures due to direct cortical stimulation. Postoperatively, patients mainly prefer to receive radiotherapy and chemotherapy. Thus, functional connectome analysis could evaluate the effects of treatment, brain recovery, and quality of life in patients. However, conflicts still exist between the tumor resection and brain network protection, and these traditional and non-traditional networks were invaded or pushed by tumor bulks, resulting in different operative approaches and tumor resection ranges. In future research, the balance between connectome protection and surgery and radio-chemotherapy will be deeply investigated.




DISCUSSION

In 2009, the National Institutes of Health proposed the Human Connectome Project (HCP) with a primary goal of delineating the typical patterns of structural and functional connectivity in the brains of healthy individuals and patients with different psychiatric and neurologic diseases (Van Essen et al., 2012, 2013; Barch et al., 2013). To date, diseases, such as Alzheimer’s disease (Daianu et al., 2015; Sun et al., 2020), epilepsy (Hwang et al., 2020), and mental disorders (Korgaonkar et al., 2020), have been profoundly assessed in alternations of connectome. Glioma-related connectome projects have not been presented, although a large number of studies have illustrated the reduction in structural and functional connectivity as we mentioned. From traditional views, we paid further attention to tumor resection and identification of molecular characteristics. A series of pertinent brain macro perspectives and multi-center projects still need to be conducted to extend the knowledge of glioma, although connections between structural and functional connectome have remained obscure due to limitations of MRI technology. For example, in clinical practice, dMRI and fMRI are not always acquired due to the financial status of patients and or scanner machine-time shortage especially in developing countries. On the other hand, differences in sequence parameters would also make it difficult to achieve unbiased data standardization. From the patients’ view, many patients with glioma have alternations in cognition, motion, and attention and high risks of secondary epilepsy, so they may not cooperate with physicians with regard to scanning for a long time (Silva et al., 2018). Technologically, dMRI and fMRI techniques are limited by the resolutions. Lower signal-to-noise ratio (SNR) and resolutions may reflect poor image qualities (Jha et al., 2020; Morales, 2021; Turesky et al., 2021). In particular, for dMRI, the partial volume effect and the disability for non-Gaussian diffusion (Assaf and Pasternak, 2008) are the main difficulties that lead to inaccurate fiber tracking. For fMRI, excessive blood supply in glioma could uncouple the BOLD signal and susceptibility motion artifact remains an important concern for task design and imaging time (Silva et al., 2018; Morales, 2021). Besides, structural–functional coupling in glioma will be explored deeply in the future. Structural–functional coupling describes anatomical support for functional communications across brain regions (Baum et al., 2020; Gu et al., 2021). Zhang et al. (2021) reported the structural–functional connectome of language in glioma-induced aphasia, and patients with aphasia were without sufficient functional compensation in the supplementary motor area, which was mainly involved in aphasia. Traditionally, correlation analysis was commonly used for the structural connection (SC) and functional connection (FC) strength to obtain a structural–functional coupling matrix. However, this method still has the disadvantage of FC automatically forming stronger in the absence of a direct structural link (Honey et al., 2009); Sarwar et al. (2021) trained a deep learning network to predict the FC based on SC as input signals, and correlations were computed between pairs of subjects or between distinct modalities within the same individual to assess the structural–functional coupling strength. Hybrid connectivity ICA, which could extract the connectivity traits from SC and FC, was also applied to explore structural–functional coupling patterns (Amico and Goni, 2018). To improve the image qualities, 7-T or higher field MRI would be significant for providing higher-resolution and lower-noise images, containing more precise information for brain’s structure and function. At the same time, generative adversarial networks were used to generate and standardize the MRI data from different machines and to improve the image resolutions; thus, researchers can share and use the data stored in the cloud and perform large-scale clinical studies (Kazuhiro et al., 2018).

With the improvement of the brain–computer interface (BCI) that uses algorithms to decode brain signals, non-invasive brain signals, which could be obtained by converging multimodal MRI data to electrophysiological signals, could elevate the accuracy and efficiency of decoding. During the clinical management of glioma, aphasia or motion disability may occur due to tumor invasion or surgery. At present, electroencephalography (EEG)-based BCI has been widely used to decode brain signals via encode–decode deep learning models for patients with language or motor dysfunction (Makin et al., 2020; Li et al., 2021). Structural and functional connectome combined with EEG will provide more sufficient and precise data, which are beneficial for postoperative recovery and protection. Besides, BCI can improve cancer patients’ quality of life.

The meta-network analysis has been proposed, underlying the uniquely human propensity, to learn complex abilities and explain how post-lesional reshaping can lead to some degrees of functional compensation in patients with brain injury. Herbet and Duffau (2020) reviewed the progress in functional anatomy of the human brain and defined a meta-network that could integrate high-level cerebral functions from dynamic spatiotemporal dimensions, so as to provide structural and functional reshaping. Different from the existing approaches, the meta-network considers the systematic interactions rather than special brain regions, and it is more robust to noise interference. Adaptive changes of large-scale connectivity, causing cognition, perception, and emotion, were analyzed with the meta-network to better understand the underlying and constant connection patterns and their stability. Duffau (2021) also concentrated on applying the meta-network to glioma topography and surgery. For better tumor resection and brain protection, the interactive loop between tumor invasion, brain functional compensation, and the therapeutic strategy should be established. When the tumor cells involve the critical pathways, development of dynamic multimodal imaging methods may facilitate disconnecting the tumor-neural signaling and preserve the normal connectome. In order to treat glioma more effectively, multiple views and analysis approaches must correspond from molecular parameters to fiber orientations to global brain functional connectivity. However, for MRI data analysis, Bowring et al. (2019) explored the different tools with the same data and pipeline in fMRI and found inconsistent results. The results concluded that the effort would be strengthened for analysis scripts and statistical models. To enable the confirmation of these tools, deep learning algorithms could help to analyze the scripts of different tools, and construct more robust statistical models. Apart from dMRI and fMRI data themselves, multi-omics analysis provides a novel and detailed approach to glioma (Figure 2). Recent studies have investigated using the multi-omics sources including genomics, transcriptome, and proteomics for the glioma classification, prognosis prediction, and identification of therapeutic targets via machine learning in open datasets (Kamoun et al., 2016; Biswas and Chakrabarti, 2020; Zeng et al., 2021). Our studies have used radiomics in MRI to predict the key molecular status of glioma by deep learning networks (Chang et al., 2018; Zhang et al., 2020). However, there are still lack of systematic studies to combine the connectome and other scales of information of glioma. Thus, integrating data from different sources, and their processing with AI, together with validated biological and clinical findings will be significant for the development of a personalized surgical strategy.
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FIGURE 2. Glioma-related multi-omics. Combination of omics including genomics, transcriptome, proteomics, radiomics, connectomics, etc. from microscopy to macroscopy and application of AI provided a novel and detailed approach for glioma, accompanied by a potential for BCI. AI: artificial intelligence, BCI: brain–computer interface.


In conclusion, from a personality treatment perspective, to reliably diagnose and manage gliomas, high-field imaging and data processing algorithms enable the achievement of high-resolution images and performing real-time analysis of multimodal MRI data, so as to construct the structural–functional connectome. Additionally, further systemic and multi-omics studies are required to fully understand the mechanisms of alternations in gliomas. In addition to the changes in connectome, the biological and molecular characteristics should be explored. Thus, additional efforts need to be dedicated to illustrate the nature of gliomas and to develop more effective treatments for gliomas.
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Resting-state functional connectivity hypernetworks, in which multiple nodes can be connected, are an effective technique for diagnosing brain disease and performing classification research. Conventional functional hypernetworks can characterize the complex interactions within the human brain in a static form. However, an increasing body of evidence demonstrates that even in a resting state, neural activity in the brain still exhibits transient and subtle dynamics. These dynamic changes are essential for understanding the basic characteristics underlying brain organization and may correlate significantly with the pathological mechanisms of brain diseases. Therefore, considering the dynamic changes of functional connections in the resting state, we proposed methodology to construct resting state high-order functional hyper-networks (rs-HOFHNs) for patients with depression and normal subjects. Meanwhile, we also introduce a novel property (the shortest path) to extract local features with traditional local properties (cluster coefficients). A subgraph feature-based method was introduced to characterize information relating to global topology. Two features, local features and subgraph features that showed significant differences after feature selection were subjected to multi-kernel learning for feature fusion and classification. Compared with conventional hyper network models, the high-order hyper network obtained the best classification performance, 92.18%, which indicated that better classification performance can be achieved if we needed to consider multivariate interactions and the time-varying characteristics of neural interaction simultaneously when constructing a network.

Keywords: high-order functional network, multi-feature extraction, multi-kernel learning, fMRI, classification, depression, hypernetwork


INTRODUCTION

Over recent years, the use of neuroimaging technology to investigate the interaction of brain regions has gained increasing levels of attention. For example, the Blood Oxygen Level-Dependent (BOLD) signal is now routinely used as a neurophysiological indicator for resting-state functional magnetic resonance imaging (rs-fMRI) to detect endogenous or spontaneous activity in the brain neurons (Burrows et al., 2021). Based on BOLD signals, a functional connectivity network can be constructed and then used to investigate the pathological mechanisms underlying brain diseases. This methodology has been successfully applied in the diagnosis of schizophrenia (Steardo et al., 2020), attention deficit syndrome (Riaz et al., 2020), depression (Porta-Casteràs et al., 2021), Alzheimer’s disease (Shao et al., 2020).

Most of the existing studies involving functional connectivity networks adopted pairwise correlation-based methods to characterize the interaction between two brain regions (Bullmore and Sporns, 2009; Jie et al., 2014). However, previous studies found that brain regions may directly interact with multiple other regions of the brain in neurological processes (Shuai et al., 2010). Moreover, recent studies have shown that there are obvious higher-order interactions in the real activity of neurons, including neuron isotope tracing, local field potentials, and cortical activity (Glickfeld and Olsen, 2017; Montangie and Montani, 2017; Baravalle and Montani, 2020). Therefore, based on neurological findings, pairwise correlation analysis may be inaccurate with regards to revealing the active cognitive activities of the brain. This type of interaction among multiple brain regions, that is, high-level information, may be critical for studying the underlying pathological basis.

Considering these problems, researchers have suggested that hyper-networks may be able to express interactive information from multiple brain areas (Jie et al., 2016). Hyper-networks are based on hypergraph theory, in which an edge can connect an arbitrary number of nodes; in other words, a hyper-edge can represent a specific relationship between multiple objects (Battiston et al., 2020). In the field of neuroimaging, the nodes in a functional hyper-network represent specific brain regions while the hyper-edges represent informational interaction among brain regions. In the past few years, hypergraphs have been widely employed in a range of medical imaging fields, including image segmentation (Dong et al., 2015) and classification (Gao et al., 2015; Liu et al., 2016). In a previous study, Jie et al. (2016) used the Least absolute shrinkage and selection operator (LASSO) method to create a hyper-network model and applied this to the diagnosis of brain diseases. In another study, Yang et al. (Li et al., 2017) adopted the star expansion method to construct structural hyper-networks and functional hyper-networks, respectively, to then perform classification analysis. Taking into account the group effecting problem within brain networks, Guo et al. (2018a) proposed the elastic net and group LASSO method to improve the establishment of hyper-network models to facilitate brain disease classification research. Considering the information featured in different time resolution fMRI, Yang et al. (Li Y. et al., 2019) proposed a functionally weighted LASSO method to build a multi-modal functional hyper-network; results showed that this model achieved better classification performance. In another study, Li et al. (2021) further considered the group structure problem associated with brain regions, and proposed the sparse group LASSO method to construct a brain functional hyper-network which was then used to study the classification of brain diseases. Subsequently, Wang et al. (2018) created a hyper-network to characterize brain connectivity information based on the LASSO method and combined this with network voxel information to investigate the relationship between brain network features and genetic variation. In another study, Gu et al. (2017) reported a hypergraph representation method using BOLD rs-fMRI data which divided the hyperedge into three different categories (bridges, stars, and clusters) to represent the binary, focus, and spatial distribution of architecture, respectively. Xiao et al. (2020) constructed a weighted hyper-network based on the sparse representation method and the hypergraph learning method, and used this to classify personal learning ability.

These functional brain hyper-network models usually capture interactions between multiple brain regions in a static form. In other words, in the resting state brain function network, the functional connections remain unchanged over time. However, increasing evidence suggests that even in the resting state, the neural activity in the brain still exhibits transient and subtle dynamics (Kudela et al., 2017; Zhao et al., 2020). Moreover, these dynamic changes are essential for understanding the basic characteristics relating to brain organization and may be significantly correlated with the pathological mechanisms underlying brain diseases; consequently, these changes may provide useful information for disease classification (Kudela et al., 2017; Zhao et al., 2020). Therefore, considering the dynamic changes of functional connections in the resting state, we proposed the construction of a resting state high-order functional hyper-network (rs-HOFHN) to simultaneously reflect the temporal dynamics of working mechanism with the human brain and the multiple interaction of space.

The extension of methods to study time-varying connectivity in the brain has emerged along multiple lines, including the detection of important transition points, for example, change-point analysis (Cribben et al., 2012), time-frequency approaches (Chang and Glover, 2010), and windowing approaches (Calhoun et al., 2014; Vidaurre et al., 2017; Yu et al., 2018). Of these, the sliding time window is a popular approach for validating dynamic functional connectivity in fMRI data across a short period of time (Calhoun et al., 2014; Vidaurre et al., 2017; Yu et al., 2018). Thus, we used the sliding time window method to reflect time-variable connectivity in the brain.

In previous studies of brain functional hypernetworks, researchers usually used a single type of quantifiable property, for example, cluster coefficients (Jie et al., 2016; Li et al., 2017; Guo et al., 2018a; Wang et al., 2018; Li Y. et al., 2019). Although only a single property is used to obtain better classification performance, this method ignores the role of other properties in the hypernetwork. This makes the expression of the hypernetwork topology information one-sided and flat; in turn, this affects the effectiveness of the classification model (Xiao, 2013). Thus, we introduced a new property, shortest path length (Zhang and Liu, 2010), into our neuroimaging research and combined this with the traditional clustering coefficient to evaluate local topology information in the high-order functional hypernetwork from multiple angles. In addition, studies have shown that if only local feature properties were used to characterize local topology information in the hypernetwork, some important topology information would still be lost to a certain extent, such as global topology information in the brain network (Wang et al., 2015). Considering this problem, we introduced hyperedges as subgraph features to characterize global topological information of the high-order brain function hypernetwork.

Specifically, we used the sliding time window method (Yu et al., 2018) to obtain a relevant time series. Based on the relevant time series, the sparse group LASSO method (Li et al., 2020) was used to construct a high-order brain hyper-network. We then introduced local topological properties and subgraph features to reflect the complete topology of the high-order brain functional hyper-network, thus providing more accurate and relevant imaging markers. Specifically, two different types of clustering coefficients, and the shortest path, was then introduced to extract node information to represent connectivity information of the brain function hyper network and reflect the separation and integration characteristics of local brain activities. Next, local difference features were selected using non-parametric tests. The hyperedges were used as subgraph features to represent the global topology information in the brain network (Wang et al., 2015); then, we used the frequently scoring feature selection (FSFS) method to select discriminant subgraphs. Finally, multi-kernel learning was introduced to fuse the two types of features and a construct classification method.

The main aims of this study were to (1) construct a high-order functional hyper-network by applying the sliding time window and sparse group LASSO method; (2) extract local features by using multiple types of local properties that characterize the network local topology of the high-order hyper-network and extract key features by non-parametric analysis; (3) extract subgraph features by using hyperedges that characterize the global topology information provided by the high-order hyper-network and select discriminative features using the FSFS algorithm, and (4) use multi-kernel learning to fuse the two types of features and perform classification. The classification results showed that compared with the conventional hyper-network model, the high-order hyper network achieved better classification performance. In addition, we analyzed the network topology of the high-order functional hypernetwork and the biological significance of the different brain areas obtained by the high-order hypernetwork. Moreover, we analyzed the influence of key model and classifier parameters on classification performance.



MATERIALS AND METHODS


Method Framework

There were four parts to this study: data collection and preprocessing, construction of a high-order resting state hypernetwork for brain function, feature extraction and selection, and classification. Figure 1 shows a flowchart describing the entire process; specific aspects of this study are described below.


1.Data acquisition and preprocessing.

2.Construction of a high-order resting state hypernetwork for brain function.


2.1.Group independent component analysis (GICA). The main steps of GICA included data dimension reduction, independent component estimation, data reconstruction, and noise elimination.

2.2.Construction of a low-order functional brain network. Based on the average time series, time windows were divided using the time sliding window method. Based on each time window, the Pearson correlation method was used to obtain the connection matrix of the low-order functional brain network.

2.3.Construction of a high-order resting state hypernetwork for brain function. We stacked the connection matrix of all low-order functional brain networks and then used the sparse group LASSO method to construct a brain functional hypernetwork.



3.Feature extraction and selection.


3.1.We calculated the local topological properties of the brain functional hypernetwork as local property features. Then, we used the on-parametric permutation test to select features with significant differences.

3.2.We extracted hyperedges as subgraph features. Then, the frequently FSFS method was applied to select discriminant subgraphs.



4.Construction of a classification model.


4.1.The corresponding classifier was constructed by classification features that combined local property features and subgraph features.

4.2.The cross-validation method was adopted to validate the classifier and obtain the final classification result.
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FIGURE 1. Flowchart showing the experimental process, including (A) data acquisition and preprocessing, (B) construction of low-order brain functional brain network, (C) construction of high-order brain functional hypernetwork, (D) local property feature extraction and selection, (E) vector kernel, (F) subgraph feature extraction and selection, (G) graph kernel, (H) classification.




Data Acquisition and Preprocessing

Following the recommendations of the Shanxi Medical Ethics Committee (reference no. 2012013), all subjects needed to provide their consent to participate. All participants provided written informed consent in accordance with the Declaration of Helsinki, including 38 subjects with first-time, drug-free, major depression disorder (MDD) as the depression group and 28 age and gender-matched healthy volunteers as the normal control (NC) group. All subjects were righthanded. Participants in the depression group were first-time and drug-free patients identified by the criteria provided by the American Manual of Diagnostic and Statistical Manual of Mental Disorders, Fourth Edition (DSM-IV) (First and Gibbon, 1997). The severity of depression was determined by the 24 Hamilton rating scale for depression (HAMD) (Williams, 1988) and the clinical global impression of severity (CGI-S) (Guy, 1991). Using a 3T magnetic resonance scanner (Siemens Trio 3-Tesla scanner, Siemens, Erlangen, Germany), resting-state functional magnetic resonance scans were performed on 28 normal and 38 patients with depression. During the scan, subjects were requested to relax and their eyes closed, but not to fall asleep. Subjects wore spongy ear plugs and was placed carefully in the coil and provided cozy support. Detailed information relating to the subjects is shown in Table 1.


TABLE 1. Demographics and clinical characteristics of the study subjects.

[image: Table 1]
Data acquisition was completed by the First Hospital of Shanxi Medical University and all scans were performed by radiologists who were familiar with the operation of the MRI scanner. All patients underwent complete physical and neurological examinations, standard laboratory tests, and extensive neuropsychological assessments. During the scanning period, subjects were asked to close their eyes, relax, not to think about anything specific, but to remain awake and not to fall asleep. Scanning parameters were set as follows: 33 axial slices; repetition time (TR) = 2000 ms; echo time (TE) = 30 ms; slice thickness/skip = 4/0 mm; field of view (FOV) = 192 mm × 192 mm; matrix size = 64 mm × 64 mm; flip angle = 90°; volumes = 248.

Data preprocessing was performed in SPM8 software1. First, the dataset was corrected for slice time and head motion. From the final total of 66 subjects, data were not included from any subject with a head movement greater than 3 mm or with rotation greater than 3°. Then, we performed co-registration for spatial correction. Next, images underwent 12-dimensional optimal affine transformation into the standardized Montreal Neurological Institute (MNI) space, using 3 mm voxels. Smoothing was then performed to eliminate the differences between brain structures in different subjects and to improve the signal-to-noise ratio. Linear dimensionality reduction and bandpass filtering (0.01–0.10 Hz) were finally performed to eliminate the effects of line frequency drift and high frequency physiological noise. In addition, we used head, white matter, and cerebrospinal fluid signals as covariates for regression analysis to remove nuisance information from images. However, there was still disagreement in this field on whether global brain signals should be regressed, thus we did not regress global brain signals (Li et al., 2019).



Group Independent Component Analysis

In the current study, GICA was used to analyze fMRI data. GICA was performed using the GIFT2 toolbox. Specifically, the minimum description length (MDL) criterion was adopted to estimate the optimal number of decomposition components (Koechlin and Summerfield, 2007) in the normal group and in the depression group. Based on this, the final number of independent components was set to 54. Next, each fMRI dataset was decomposed using the Infomax algorithm and 54 independent spatial components (ICs) were obtained. Please refer to Supplementary Text 1 and Supplementary Table 1 for a detailed explanation of the rationality for selecting 54 ICs. The core idea underlying the use of this algorithm was to minimize the mutual information among the components of the output by maximizing the mutual information between the input and the output (Du and Fan, 2013). In order to ensure the stability and reliability of the independent components, we ran the Infomax algorithm 20 times on ICASSO3 by randomly initializing the decomposition matrix; after these repetitions, the same convergence threshold (Nenert et al., 2014) was obtained. Finally, the GICA3 algorithm was used to reconstruct the data so that the spatial distribution and time series of the independent components of the subjects (Erhardt et al., 2011) could be obtained.

The ICs extracted by the GICA included not only the brain network components-of-interest in this paper but also other unrelated components and components with more noise. Therefore, it was necessary to use a previous template matching method to screen out these independent components and to further confirm the components-of-interest using a manual inspection method (Jafri et al., 2008). The screening criteria used for the exclusion of intrinsic connection network components included larger activation areas where the multiple regression coefficients matched the prior template; the distribution of the main activation regions in the gray matter, and the overlap of these regions with known components such as blood vessels and head movements in low frequency space; and the domination of the power spectrum of the time series in activation regions by low frequency power (Allen et al., 2011). Finally, 32 unrelated or noisy components were removed, and 22 brain network components were retained; these intrinsic connectivity network components were identified as being part of the auditory, sensorimotor, visual, default mode, attention, or frontal lobe networks.



Construction of Resting State High-Order Functional Hypernetworks

Considering the dynamic changes of functional connections in the resting state, we proposed a high-order brain function hypernetwork model to simultaneously reflect the time-varying characteristics of the human brain’s working mechanism and the interactivity of multiple brain sections in space. Specifically, we first used the sliding time window method to construct a low-order functional brain network and then linked functional connections in multiple low-order functional brain networks into a relevant time series to reflect the time-variable characteristics of the functional connections. Based on the relevant time series, we used the sparse group LASSO method to construct a high-order functional hyper network. The specific steps are given below.


Construction of a Low-Order Resting State Functional Brain Network

Based on a fixed time window length and step size, the remaining 22 independent component time series data for each subject was divided into several time windows. The specific calculation for the number of sliding time windows is shown in Equation (1).

[image: image]

In equation (1), T refers to the complete time series size of the fMRI data for each subject; l refers to the length of the sliding time window; s represents the step size of each sliding window, and W represents the number of time windows. Taking the K-th subject as an example, the time series is represented by ts ∈ ℝT×N and N represents the number of independent components. Using equation (1), ts ∈ ℝT×N can be divided into W overlapping sliding time windows, where each specific time window is represented by ts(w) ∈ ℝl×N(1 ≤ w ≤ W), in other words, a rs-fMRI time series in a relatively short period of time.

Based on the time series for each sliding time windows ts(w) ∈ ℝl×N(1 ≤ w ≤ W), we employed Pearson’s correlation method to obtain a functional connection network under each sliding time window; in other words, a low order resting state functional connection network. The specific calculation is shown in Equation (2).

[image: image]

In equation (2), cov(i, j) represents the covariance of the time series between the independent component i and the independent component j; σi represents the standard deviation of the time series of the independent component i; and ri, j represents the correlation coefficient between the two components.

According to equation (2), we obtained W correlation matrices for each subject. In other words, we acquired W low-order resting state functional networks in a short period of time for each subject in which the nodes were independent components and the connection strength was ri, j. The W time window networks represented the time-varying characteristics of the brain functional connections over a short period of time. Considering the time-varying characteristics, the corresponding ri, j in the W low-order functional connection networks could be linked into a relevant time series TS = [ri, j(1), ri, j(2),…, ri, j(W)]T ∈ ℝW to reflect dynamic changes in functional connections. Note that the relevant time series TS = [ri, j(1), ri, j(2),…, ri, j(W)]T ∈ ℝW has a different meaning from the time series for independent components ts ∈ ℝT×N. The relevant time series TS = [ri, j(1), ri, j(2),…, ri, j(W)]T ∈ ℝW represents the dynamic change in functional connections which mainly represents the time-variable characteristics of the functional connection. However, the latter ts ∈ ℝT×N represents the change of the specific independent component BOLD signal during the rs-fMRI scan.

Under this condition, after considering the rich time-variable characteristics, the corresponding relevant time series of data for each subject was represented by [image: image]. Of these, TS1 represents the relevant time series under the first functional connection; W represents the number of divided time windows; and [image: image] represents the number of functional connections in the low-order functional connection network, where N represents the number of independent components. In our study, [image: image] was 231, because N was 22.



Construction of a Resting State High-Order Functional Hypernetwork Based on the Sparse Group Least Absolute Shrinkage and Selection Operator Method

After identifying the changes in functional connectivity, we next constructed a brain functional hypernetwork. Here, we used the sparse group LASSO method to create a high-order functional hypernetwork for the resting brain (See Supplementary Text 2 for the reason that the sparse group lasso method was used to construct hypernetworks). The sparse group LASSO method is a bi-level and preset group selection method that can select variables at the group level, as well as individual variables within the group. In other words, groupwise and within-group variables can be freely selected, thereby filtering out some false connections while retaining some useful connections. In this manner, this method is a more effective means of characterizing the multiple and complex interactions in the human brain.

The sparse group LASSO method selects variables at the preset group level (Friedman et al., 2010a); therefore, before using this method to create a hypernetwork, the brain areas need to be grouped so that the brain areas with strong correlations are divided into one group. Then, the sparse group LASSO method was adopted to construct a brain function hypernetwork. Here, we used the k-medoids algorithm (Park and Jun, 2009) to carry out clustering. Specifically, according to the relevant time series data, the pairwise similarities between the functional connections were obtained; then, we performed clustering between the functional connections. When clustering, all functional connections were divided into k groups, where each group represented a class of objects; the relationship between objects and groups had to satisfy the following conditions: (1) each group implied at least one object, and (2) each object must belong to a group. To ensure the robustness of clustering, the principle of k-means++ (Benjamini and Hochberg, 1995) was used when selecting the initial clustering center in the clustering process. The specific process is as follows: (1) first, we set a cluster number k value and randomly selected a k point as the centroid; (2) we measured the distance between the remaining points and the selected k points, and then divided each remaining point into the nearest centroid cluster; (3) next, we reset the centroid and the new centroid was used to select the remaining points in which we used a random selection rule with a probability that was proportional to the distance of the data point from the nearest cluster center point; and (4) clustering was repeated 10 times, and the group with the best clustering effect during the period was selected as the final clustering result. After clustering, the sparse group LASSO method was introduced to construct the high-order function hyper network. The specific calculation is shown in Formula (3).
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TSm represents the relevant time series of the m-th functional connection. CTSm = [TS1,…, TSm−1,0, TSm + 1,…, TSM] represents the data matrix of the m-th functional connection (all relevant time series except for the m-th functional connection, that is, the relevant time series corresponding to the m-th functional connection was set to 0), where [image: image]. αm represents the weight vector, which quantifies the degree of influence from other functional connections on the m-th functional connection. This is divided into k non-overlapping tree groups αmG1,αmG2,…,αmGk through clustering, where Gi(i = 1,2,…, k) represented a node with a tree structure. The functional connections corresponding to the non-zero element in αm represented the functional connections that interact with the specific functional connection TSm. Conversely, the zero element indicates that the corresponding functional connection was independent of the m-th functional connection, and no interaction existed.λ1,λ2 represented regularization parameters: λ1 was used to adjust the sparsity in the group, that is, to control the number of non-zero coefficients in the non-zero group. If λ1 was different, then the sparsity within the group was different; in other words, the number of non-zero coefficients in the group were different. λ2 was used to adjust the group-level sparsity (Yuan and Lin, 2006; Friedman et al., 2010b) and control the number of groups with at least one non-zero coefficient. If λ2 was different, then the group-level sparsity was different; in other words, the selected group variables were different. In the experiment, we solved the optimization problem by applying the sparse group LASSO method in the SLEP package (Liu et al., 2013).

Specifically, in each subject, αm was measured using formula (3) based on the relevant time series and considering multi-level neural activity information for a selected function connection; we did this by fixing the λ2 value and varying the λ1 value from 0.1 to 0.9 with a step size is 0.1. The functional connection corresponding to non-zero elements in αm and a selected function connection consists of a hyperedge. All hyperedges formed a high-order hypernetwork. The process used to construct a specific high-order brain function hypernetwork is shown in Figure 2. In this experiment, we set λ2 to 0.4 because this achieved the highest level of accuracy compared with other λ2 values.
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FIGURE 2. Flowchart showing the construction of a high-order brain functional hyper-network based on the sparse group LASSO method, including (A) construction of low-order brain functional networks, (B) schematic diagram of the sparse group LASSO method, (C) sub-networks generated by differentλ1,λ2), (D) high-order brain functional hyper-network.





Feature Extraction and Selection

In current study, we introduced a new property, shortest path length (Zhang and Liu, 2010), into our neuroimaging research and combined this with the traditional clustering coefficient to evaluate local topology information in the high-order functional hypernetwork from multiple angles. In addition, considering that the local topological properties could not fully characterize the topological information of the hypernetwork, we introduced hyperedges as subgraph features to characterize global topological information of the high-order brain function hypernetwork. The specific definition for local topological properties and global properties is described below.


Local Property Feature Extraction and Selection

We introduced multiple different types of topological attributes to the high-order hypernetwork from different angles, including the clustering coefficient and the shortest path distance. The clustering coefficient included three hypernetwork clustering coefficients based on a single node (HCC) and a hypernetwork clustering coefficient based on a pair of nodes (HCCPN). The specific definition is described below.

The first type of clustering coefficient based on a single node represents the number of adjacent nodes that have connections not included by node v and is represented by HCC1. The advantage of this definition is that any interaction found in this set represents the real connection between neighboring nodes and that there will be no data artifacts caused by interaction with node v (Gallagher and Goldberg, 2013). However, this definition may focus too much on neighbors with secondary shared connections that have nothing to do with node v. The calculation for this is shown in Equation (4):
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The u, v, t represent nodes. N(v) = {u ∈ V:∃e ∈ ζ, u, v ∈ e} represent the neighbors of node v, where ζ represents the set of hyperedges; e represents a hyperedge. If∃e ∈ ζ, when u, t ∈ e and v∉e, I(u, t,¬v) = 1. Otherwise, I(u, t,¬v) = 0.

The second type of clustering coefficient based on a single node represents the ratio of adjacent nodes containing node v that are also adjacent to each other and represented by HCC2. The advantage of this definition is that it is more likely to find the true connection between node v and the neighboring nodes. However, inevitably, the interactions discovered in this way may include data artifacts due to the shared interaction with node v (Gallagher and Goldberg, 2013). The calculation for this is shown in Equation (5).
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The u, v, t, N(v) have the same meaning as the parameters in HCC1. If ∃e ∈ ζ, when v, u, t ∈ e, I′(u, t, v) = 1. Otherwise, I′(u, t, v) = 0.

The third type of clustering coefficient based on a single node is the overlap ratio of adjacent hyperedges of node v and is represented by HCC3 (Gallagher and Goldberg, 2013). This definition represents the ratio of shared edges between node v and its neighbor nodes. The calculation for this is shown in Equation (6).
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The v, e, N(v) also have the same meaning as the parameters in HCC1. S(v) = {e ∈ ζ:v ∈ e} represents hyperedges containing node v.

The first type of clustering coefficient based on pairs of nodes represents a compromise between meeting the maximum and minimum criteria and is represented by HCCPN1. Of these, the maximum criterion considers that there may be obvious overlap between neighbors, defined by[image: image]. The minimum criterion considers the fact that a small neighborhood may intersect with a large neighborhood, defined by [image: image] (Gallagher and Goldberg, 2013). The calculation for this is shown in Equation (7).
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v and u represent nodes and S(v) has the same meaning as the parameters in HCC3.

After calculating the clustering coefficient based on pairs of nodes, the specific clustering coefficient of the node was obtained by averaging the clustering coefficients of the node and all its neighbor nodes (Latapy et al., 2008). The calculation for this is shown in Equation (8).
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HCCPN1(u, v) represents the clustering coefficient based on pairs of nodes. N(v) has the same meaning as the parameters in HCC1.

The shortest path length represents the shortest distance from the selected node to all other nodes (Zhang and Liu, 2010). In the hypernetwork, the path was defined according to the hyperedges from the source node to each destination node; the length of the path depended on the number of hyperedges along the path. If the hypergraphs are weighted hypergraphs, then, the weights of the hyperedges also need to be considered. If the hypergraphs are binary undirected hypergraphs, then the shortest path is the mean value of the minimum number of hyperedges passing through the path from the source node to each destination node. This indicator is often used in social and protein networks (Zhang and Liu, 2010). The calculation is shown in Equation (9).
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SP(v) represents the shortest path of node v in the hypergraph H while d(u, v) represents the shortest path between nodes u and v. V represents the number of nodes in the hypernetwork.

These five local topological properties comprehensively reflected the local topological information of the high-order hypernetwork. Then, based on each topological attribute, we adopted multiple linear regression analysis to estimate the influence of confounding factors (demographic information) on the local properties of the hypernetwork. Specifically, for each participant, each local topological attribute was averaged and identified as an independent variable (average HCC1, average HCC2, average HCC3, average HCCPN, and average SP), and demographic information was identified as the dependent variable. Then multiple linear regression was performed. See Supplementary Text 3 for the results. The results show that there is no significant correlation between all local topological attributes and confounding variables, that is, they are not affected by confounding factors.

Features extracted from a high-order hypernetwork may contain some irrelevant or redundant features. Therefore, to select key features for classification, the most discriminative features were selected based on statistical differences. For the MDD and NC group, we used the Kolmogorov–Smirnov non-parametric permutation test (KS non-parametric permutation test) (Fasano and Franceschini, 1987) for 1155 properties extracted from local properties. This data was then corrected by the Benjamini–Hochberg false-discovery rate (FDR) method (q = 0.05) (Benjamini and Hochberg, 1995). Following the KS non-parametric permutation test, the local attributes showing significant differences between groups were used as classification features (vector kernel). These were then fused by multi-kernel learning to construct the classification model. Note that the concatenation method was applied to combine the difference features of multiple local attributes.



Subgraph Feature Extraction and Selection

Previous studies have shown that subgraph features can express global attributes in brain networks and have been effectively used for the diagnosis of brain disease (Kong et al., 2013; Guo et al., 2018b). Therefore, we introduced subgraph features to describe the global information of the high-order brain hypernetwork. In the hyper-network, the hyperedges could be regarded as subgraphs. Therefore, we directly extracted hyperedges from the high-order brain functional hypernetwork as subgraph features.

The number of subgraphs extracted by hyperedges was very large. If all subgraphs participated in the classification, then the classification performance would be reduced. This is because not all frequent subgraphs have discriminative ability; in fact, only a few subgraphs show discriminative ability (Guo et al., 2017). Thus, it was necessary to select discriminative subgraphs as classification features. Here, we adopted the frequent scoring feature selection (FSFS) method to select discriminant subgraphs. Specifically, the discriminative scores (i.e., the frequency difference) of subgraph features were, respectively, calculated and sorted into two groups. Then, the features with larger frequency differences between the two groups of subjects were extracted as discriminative subgraphs.

The specific concepts and symbols used in the FSFS method are explained in the following formulae.
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In Formula (10), Dn represents a negative sample (patients with depression) while Dp represents a positive sample (normal control).
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In Formula (11), ςn = {gn1, gn2,…, gnk} represents the feature set of all subgraphs in the negative sample; this represents the set of all hyperedges in patients with depression. In contrast, ςp = {gp1, gp2,…, gpk} represents the feature set of all subgraphs in the positive sample; this represents the set of all hyperedges in normal subjects.
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In Formula (12), [image: image]; [image: image]; Ω*⊆ς represents the optimal set of subgraph features, as determined by Formula (13).
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In Formula (13), |⋅| represents the number of subgraph feature sets while maxt1, maxt2 represent the maximum number of subgraph features selected in the two groups of subjects, respectively. J(Ω) represents the validity criterion for evaluating the feature subset of the subgraph, and was calculated by Formula (14) and Formula (15).
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S(gs) represents the discriminative score of the subgraph pattern gs, expressed by the frequency difference between a positive sample and a negative sample. The greater the frequency difference, the stronger the discriminative ability of the subgraph feature between the two groups of subjects. An S(gs) = 1 implies that the subgraph pattern gs only exists in only one group of subjects. That is, the subgraph pattern only appears in the normal control group or only in the depression group. The discriminant scores of subgraphs in the two groups of subjects were, respectively, calculated using Formula (15) and sorted using Formula (16).
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By applying Formula (16), the optimal subgraph feature set was obtained as shown in Formula (17).
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In Formula (17), [image: image] represents the i-th discriminant subgraph in a positive sample and [image: image] represents the j-th discriminant subgraph in a negative sample. t1 represents the number of discriminant subgraphs in a positive sample while t2 represents the number of discriminant subgraphs in a negative sample.

According to the FSFS method, the discriminant subgraphs from the two groups of subjects were selected. Because the subgraphs could not be directly used as classification features to participate in the construction of the SVM classification model; first, they needed to be quantified. Thus, based on the discrimination subgraphs, we adopted the graph kernel method (Shervashidze et al., 2011) to quantify data into a graph kernel matrix.

Research shows that the graph kernel model is a commonly used strategy for isomorphic subgraph testing and serves as a link between graph data and many machine learning methods. In other words, the graph can be converted from the original space to the vector space; then, the similarity can be calculated (test graph isomorphism). Over recent years, researchers have introduced a variety of graph kernel measurement methods, such as subtree-based kernels (Shervashidze et al., 2011), path-based methods (Alvarez et al., 2011) and walk-based methods (Gärtner et al., 2003). In neuroimaging, the Weisfeiler-Lehman subtree kernel was proven to effectively capture topological information from graphs and achieved better performance than other graph kernel methods (Shervashidze et al., 2011). Therefore, we introduced the Weisfeiler-Lehman subtree kernel method to quantify discriminant subgraphs (Shervashidze et al., 2011). Here, an iterative method was used to relabel the original node label. In each subsequent iteration, the label for each node was replaced based on the label obtained in the last iteration and the label of its neighboring nodes. This continued until the labels of all nodes were the same, or the number of iterations was a predefined maximum value. For the specific construction process of the Weisfeiler-Lehman subtree kernel, see Supplementary Text 4. In current study, based on a discriminative subgraph[image: image], we combined each subject’s high-order hypernetwork separately to perform the Weisfeiler-Lehman test of isomorphism. The obtained value was used as the graph kernel feature of the subgraph [image: image]. Similarly, the graph kernel features of all discriminative subgraphs were calculated. Finally, all graph kernel features were formed into graph kernel matrix to participate in the construction of the classification model.




Classification

Based on the two types of features, we introduced multi-kernel learning to merge the vector kernel and the graph kernel into a mixed kernel, thus providing complementary information to improve the construction of the classification model. Specifically, the kernel-based feature combination was used to estimate the different weights of each group of features for feature fusion. This allowed multiple kernels functions to be merged into a hybrid kernel to participate in the construction of the classification model. The specific function of the hybrid kernel is shown by Equation (18).
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In Equation (18), [image: image] represents the kernel function of the l-th group of features (the l-th group of topological attributes) between subject x and subject z. μ = {μ1,μ2…,μL} represents the combined parameters of the kernel matrix and ∥μ∥2 = 1, where L represents the number of kernel matrices (in the experiment, L = 2). kf(x, z) represents a mixed kernel.

In multi-kernel learning, the most critical step is to determine the combination parameter μ. This directly affects the data fusion method and ultimately affects the classification performance. Here, we used the alignment maximization algorithm to determine the weight of the parameter μ (l = 1,…, L) (Cortes et al., 2010). This algorithm mainly seeks to maximize the alignment between the basic kernel kf and the target kernel ky to determine μ. The optimization function is shown in Formula (19).
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In Formula (19), ky = yyT, y is a label. <.,.>F represents the Frobenius inner product, ∥.∥F represents the Frobenius norm. To solve Formula (19), let b express the vector [image: image] and F represent the matrix characterized by [image: image] (m, n = 1…L). Formula (19) is transformed into a quadratic programming problem, expressed as Equation (20).
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After obtaining the value of μ, multiple kernels were fused to a hybrid kernel, so that we could construct a classification model using the traditional SVM classifier based on the libsvm package4.

We adopted ‘leave one out cross validation’ (LOOCV) to evaluate classification performance. If there were N samples, each sample was, respectively, regarded as the test set, and the remaining N-1 samples were regarded as the training set. Then, in the training set, K-fold Cross Validation was used for parameter optimization (c, γ) and the parameter group (c, γ) with the highest classification accuracy in the training set was selected to construct the classification model (Mishra and Deepthi, 2020). Here, we set the range of (c, γ) to (2–7, 27). In this way, a total of N different classification models was established. Next, the test set was used to predict the model. Note that before the classification model was constructed, the classification features needed to be standardized. In addition, considering the influence of the random selection of initial random seed points of the clustering algorithm during the construction of the high-order function hyper network, we repeated 50 experiments. The average value of the 50 experiments was considered as the final classification result.




RESULTS


The Intrinsic Connectivity Network

In this paper, 22 independent components were selected from the GICA. Figure 3 shows the spatial maps of these 22 independent components. According to the spatial maps of each independent component, the inherently connected network to which they belong was determined, as shown in Figure 3. In addition, we supplemented the coordinates of peak activations corresponding to each of these components, as shown in Supplementary Table 2 below.
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FIGURE 3. Spatial maps of the 22 components identified as intrinsic connection network (ICNs). VISUAL, visual network; DEFAULT MODE, default mode network; ATTENTIONAL, attentional network; AUDITORY, auditory network; SENSORIMOTOR, sensorimotor network; FRONTAL, frontal network. IC, independent component.


These 22 ICs were similar to those identified in previous work (Beckmann et al., 2005; Calhoun et al., 2008; Smith et al., 2009; Allen et al., 2011). Here, we described these 22 ICs in detail and provided citations to more comprehensive references. Resting-state networks are grouped by their anatomical and functional properties. IC 15 forms a rather prototypical representation of the large parts of the auditory system (AUD), mainly including bilateral activation of the superior temporal gyrus. Seifritz et al. (2002) indicated the temporal lobe was associated with the auditory system. Specht and Reul (2003) found a functional segregation of the temporal lobes into several subsystems responsible for auditory processing was visible.

The Sensorimotor networks (SM) were captured by five components (ICs 4, 8,11,22, and 36) situated in the vicinity of the central sulcus, mainly including activation of the left precentral gyrus, right postcentral gyrus, bilateral activation of the paracentral lobule, supramarginal gyrus and supplementary motor area. Parkinson et al. (2012) examined the fMRI correlates of speech feedback processing during an active speaking task with and without pitch perturbation in the auditory feedback. Results revealed a complex sensory–motor network involved in speech feedback processing including precentral gyrus, postcentral gyrus, supplementary motor area, etc. Hänggi et al. (2017) highlighted the neurological underpinnings of Xenomelia by assessing structural and functional connectivity by means of whole-brain connectome and network analyses of regions involved in Xenomelia. They illustrated subnetworks showing structural and functional hyperconnectivity in xenomelia compared with controls. These subnetworks were lateralized to the right hemisphere and mainly comprised by nodes belonging to the sensorimotor system, including the paracentral lobule, supplementary motor area, postcentral gyrus, etc. Agcaoglu et al. (2015) evaluated resting state network lateralization in an age and gender-balanced in functional magnetic resonance imaging (fMRI) dataset. The result showed that age was strongly related to lateralization in multiple regions including sensorimotor network regions precentral gyrus, postcentral gyrus and supramarginal gyrus.

The visual system (VIS) is also represented by six components (ICs 10, 19, 32, 34, and 38) in good agreement with the anatomical and functional delineations of occipital cortex. The main active regions were the lingual gyrus, cuneiform lobe, suboccipital gyrus, talus gyrus and middle temporal gyrus. Agcaoglu et al. (2015) showed the visual network was the most dominantly right lateralized functional network, including lingual gyrus, talus gyrus, cerebellum, suboccipital gyrus and inferior temporal gyrus. Ten Donkelaar and Cruysberg (2020) showed that lesions of the cuneus and posterior parietal lobe cause visuospatial disorders such as impaired motion perception, spatial disorientation and defects in attention. In addition, many researches have proved that the visual cortex evolved a region in the middle-temporal cortex that is highly specialized to process visual motion (Zeki, 1974; Zeki and Whitteridge, 1980; Baker et al., 1981).

The default mode network (DMN) was captured by three independent components (ICs 16, 18, and 31); the main active regions were located in the precuneus lobe, lingual gyrus and temporal lobe, etc. Cunningham et al. (2017) demonstrated that a detailed mapping of connectivity between the precuneus and thalamus and their connectivity with the DMN would provide a comprehensive baseline for future brain imaging studies, especially those involving consciousness. Dalwani et al. (2014) investigated whether DMN was altered in adolescents with conduct disorder and substance use disorders, relative to controls. The result showed that compared to controls, patients indicated reduced activity in superior, medial and middle frontal gyrus, retrosplenial cortex and lingual gyrus, and bilateral middle temporal gyrus—DMN regions thought to support self-referential evaluation, memory, foresight, and perspective taking.

The attention network (ATTN) was captured by six independent components (ICs 24, 25, 30, 35, 39, and 40); the main active regions were located in the frontal lobe, parietal lobe, precuneus lobe, temporal lobe and angular gyrus. Allen et al. (2011) classified several ICs known to be involved in directing and monitoring behavior as attentional networks. These included lateralized frontal-parietal networks (IC 30 and 39) similar to the ventral attention network. Some studies showed that precuneus lobe (IC 24) was implicated in directing attention (Cavanna and Trimble, 2006; Margulies et al., 2009). Agcaoglu et al. (2015) indicated that age was strongly related to lateralization in multiple regions with inferior parietal lobule, superior parietal lobule and middle temporal gyrus in attention network.

Finally, frontal networks (FRONT; ICs 33 and 43) known to mediate executive as well as memory and language functions was observed, whose active regions were located in the medial prefrontal cortex and parietal lobe (Koechlin et al., 2003; Koechlin and Summerfield, 2007). Therefore, it can be seen that the regions activated by independent components are consistent with previous findings.



Abnormal Components Based on Local Properties

Once the resting-state high-order function hypernetwork had been constructed, the local topological attributes were used to quantify the network to obtain local attribute features. The KS non-parametric test was then used to obtain local features with significant differences (with appropriate FDR correction). These significant features represented functional connections between components. The statistical significance results for specific differential functional connection are shown in Table 2; there were 21 abnormal functional connections. The independent components involved in the 21 differential functional connections are also shown in Figure 4A, including 20 components. Furthermore, we counted the number of occurrences for each independent component in the abnormal functional connection, as shown in Figure 4B. The results showed that the top four abnormal independent components with the highest frequencies were IC8, IC10, IC18, and IC25 (a total of three times). This showed that among all independent components, these independent components were the most discriminative. The corresponding inherent connection networks were the sensory motor, visual, default mode and attention networks.


TABLE 2. Discriminative functional connectivity based on local attributes.
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FIGURE 4. Abnormal independent components of the local attribute features. AUD, auditory network; SM, sensorimotor network; VIS, visual network; DMN, default mode network; ATTN, attentional network; FRONT, frontal network. IC, independent component. (A) The independent components involved in the 21 differential functional connections. Edges of different colors indicate different functional connections. Nodes of different colors indicate the frequency of the component in all abnormal functional connections. (B) The number of occurrences for each independent component in the abnormal functional connection.




Discriminative Components Based on Subgraph Features

Based on the resting state high-order brain function hypernetwork model, except for using quantifiable indicators to calculate local attribute features and we also extracted hyperedges as subgraph features to characterize global topological information. And we adopted FSFS methods to select discriminate subgraphs. Here, to ensure a balanced number of subgraph features, we, respectively, selected the top 36 frequent subgraphs with the highest frequency difference in the two groups of subjects as the discriminative subgraph features to perform classification, which was shown in Figure 5 (see the Supplementary Text 5 for a relative discussion of the number of discriminative subgraph features). To easily analyze the difference between the subgraph features for the two groups, we combined all discriminant subgraphs obtained for each group of subjects, as shown in Figure 6A. The results showed that the discriminative components obtained by the two sets of discriminative subgraphs were mostly the same. However, there are significant differences in these common components, namely IC8, IC15, IC18, IC40, IC10, IC4, IC11, IC25, IC43, IC16, IC19, IC35, IC38, IC32, IC30, IC34, IC22, IC33, and IC24. On this basis, we counted the number of times each independent component appeared in all discriminative subgraphs to select the most discriminative components on MDD, as shown in Figure 6B. The results showed that the top four discriminative components were IC8, IC15, IC18, and IC40. Of these, IC8 had the largest number of occurrences in discriminative components (56 times); this was followed by IC15 (51 times), IC18 (37 times), and IC40 (34 times). This showed that for subgraph features, these independent components were the most discriminative. The corresponding inherent connection networks were the sensory motor, auditory, default mode and attention networks.
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FIGURE 5. Discriminant subgraphs in the two groups of subjects. (A) The top 36 discriminative subgraphs in the MDD group, (B) the top 36 discriminative subgraphs in the NC group.
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FIGURE 6. Discriminative components of the discriminate subgraph features. AUD, auditory network; SM, sensorimotor network; VIS, visual network; DMN, default mode network; ATTN, attentional network; FRONT, frontal network. IC, independent component. (A) All discriminative subgraphs were combined in each group. Left figure represents all discriminative components of the discriminate subgraph features in MDD group. Right figure represents all discriminative components of the discriminate subgraph features in NC group. (B) A statistical chart showing the frequencies of the independent components in two groups of subjects. Red represents MDD group; Blue represents NC group.




Classification Results

We evaluated the classification performance of the RS-HOFHN model by classification accuracy, sensitivity, specificity, balanced accuracy (BAC), and area under curve (ROC). First, we separately calculated the classification accuracy of a single feature (local attribute feature and subgraph feature) and the classification accuracy of the fusion feature under the proposed method. Next, using the same data set, we compared the classification performance of the rs-HOFHN model with a traditional simple binary functional network (TBFN), a resting state high-order functional network (rs-HOFN), and a resting state functional hypernetwork (rs-FHN) model. For the TBFN model, Pearson correlation was first used to construct a functional brain network. Then, local attribute features were obtained by calculating the degree, betweenness centrality, and node efficiency; local difference features were then selected using KS non-parametric tests. Next, the gSpan algorithm (Yan and Han, 2002) was introduced to calculate frequent subgraphs. The FSFS algorithm was then applied to obtain the discriminant subgraphs. Finally, we merged the two sets of features for SVM classification. For the rs-HOFN model, the sliding window method was first used to construct the high-order function connection network. Feature extraction, selection, and classification processes in the rs-HOFN model were the same as for the TBFN. We used the sparse group LASSO method to construct the brain function hypernetwork for the rs-FHN model. Then, the five local attributes selected in this experiment were introduced to acquire local features and KS non-parametric tests were employed to select local difference features. Next, hyperedges were set as subgraph features, and the FSFS algorithm was also used to obtain the discriminant subgraphs. Finally, the two types of features were merged to construct the SVM classifier. The classification results are shown in Table 3. The results show that the classification accuracy of the rs-HOFHN model was the highest; the fusion feature reached 92.18%, which was superior to the classification performance of the TBFN, rs-HOFN and HFN models. In addition, except that the sensitivity of fusion features was slightly lower than that of local properties, the rest of the classification results show that the fusion features were better than single features in each network model. Furthermore, we compared the classification performance obtained by the rs-HOFHN model with the rest of the hypernetwork models in the existing researches (the hypernetwork model constructed by the star expansion method, the LASSO method, the elastic net method, and the group LASSO method), as shown in Table 3. The results show that the rs-HOFHN model proposed in this paper achieved the best classification performance, outperforming the existing hypernetwork models.


TABLE 3. Comparison of classification results for different methods.
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DISCUSSION

Network construction is critical for the classification of brain networks based on hypergraphs. Hypernetwork construction methods have been proposed previous publications; however, most of the existing functional hypernetwork models were characterized by the interaction of multi-regions in a static form (Jie et al., 2016; Li et al., 2017; Zu et al., 2018; Li Y. et al., 2019). However, research has shown that even in the resting state, brain neural activity still reveals transient and subtle dynamic changes. Understanding these dynamic changes is vital if we are to understand the basic characteristics of the brain functional network; these changes may also be significantly correlated with pathological mechanisms in brain diseases (Kudela et al., 2017; Zhao et al., 2020). Therefore, considering this problem, we extended the static brain function hypernetwork model and proposed the construction of a high-order resting state brain function hypernetwork. Here, the window method was first used to reflect the dynamic changes of functional connections in the resting state. Then, the sparse group LASSO method was introduced to construct a high-order brain function hyper network. Using this strategy, we can simultaneously reflect the temporal dynamics of the human brain’s working mechanism and the multivariate interactivity of space. In addition, we also introduced local topological attributes and global information to jointly characterize the high-order brain function hypernetwork, so as to reflect complete topological information relating to the high-order brain function hypernetwork and enhance the ability to detect differences between groups.

For local topological attributes, we used the non-parametric KS test to identify local difference features (corrected by the FDR method), including 21 significantly different functional connections. We also counted the number of occurrences of each independent component in the abnormal functional connection. The results showed that the top four abnormal independent components with the highest frequencies were IC8, IC10, IC18, and IC25. Of these, the corresponding inherent connection networks were the sensory motor network, the visual network, the default mode network and the attention network. For global characteristics, to ensure balance in the number of features between the two groups of subjects, we, respectively, selected the 36 discriminant subgraphs in each group of subjects with the highest frequency difference. Similar to the local features, the number of occurrences of each independent component in the discriminant subgraph were also counted. The results showed that the top four discriminative independent components with the most occurrences were IC8, IC15, IC18, and IC40. Two types of features had fewer overlapping components based on the most discriminative independent components, only IC8 and IC18. This indicated that two types of features complement each other and provide biomarkers related to disease pathology in a more comprehensive manner. Moreover, we found that the discriminative components derived from the two sets of characteristics were located in all of the inherent connection networks, thus indicating that the pathological mechanism of depression relates to damage to the brain’s inherent connection network and is caused by different degrees of abnormalities in different areas of the brain. Previous studies reported similar findings in that patients with depression possessed abnormal connection patterns in different inherent brain connection networks. For example, Lin et al. (Wen et al., 2019) performed static functional connectivity and model recognition analysis to detect the connection mode of whole brain functional networks based on depression and normal people, which showed that there found abnormal intra-network and inter-network connections. Therefore, from the perspective of the inherent connection network, the results of the present research are consistent with previous studies. Next, we discussed the discriminative components from the perspective of brain regions. IC18 and IC8 were found to be most discriminative independent components in the two groups of features. Therefore, we focused on the regions covered by these two components. IC8 included mainly left precentral gyrus. IC18 included mainly left lingual gyrus and left superior frontal gyrus, medial. These differential regions have been confirmed by existing studies to be significantly associated with pathological studies of depressive, and were imaging biomarkers that could not be ignored in the diagnosis of depression. Jin et al. (2011) used graph theory to assess the topological features of brain functional networks in depressed adolescents. They found that brain regions such as the left medial superior frontal gyrus were severely disrupted in depressed adolescents. Lord et al. (2012) studied changes in the community structure of resting-state functional connectivity in unipolar depression. They found changes in brain regions such as the left lingual gyrus. Geng et al. (2019) investigated the neural basis of MDD with somatic symptoms based on the measure of regional homogeneity (ReHo). The result showed that the somatic depression exhibited lower ReHo in the right middle frontal gyrus and left precentral gyrus. Therefore, the discriminative brain regions obtained by the present research were consistent with previous studies.

We applied a high-order functional hypernetwork, a high-order functional network, a functional hypernetwork and a traditional simple binary network models to 38 patients with MDD and 28 NC subjects for classification. The results showed that the high-order brain functional hypernetwork achieved the highest classification accuracy (Table 3). The underlying reason for this is that this particular network model not only considered the complex interactions among multiple components but also consider the dynamic changes of functional connections. The high-order functional network considered the dynamic changes of functional connections, but ignored the complex interactions among multiple components; that is, it only captured pairwise-related information between functional connections. In this way, the constructed network could be too strict, thus leading to the loss of some interactive information between multiple components. Consequently, this network would be unable to accurately characterize the interactions within the human brain (Bullmore and Sporns, 2009; Jie et al., 2014). Conversely, the brain functional hyper-network only considered the interaction between multiple components in the brain but ignored the abundant temporal information contained in the functional connections. This also meant that the constructed network was unable to provide more information relating to brain organization (Leonardi et al., 2013). This result showed that the functionally complex interactions of the brain would not be effectively simulated when considering the interactions between multiple brain regions from space or the time-varying nature of neural interactions from time. Only by considering the multiple interaction effects of the brain in space and the time-varying effects in time, can the complex interaction information of the brain be accurately simulated. In addition, we also compared the classification performance of the high-order hypernetwork model with the hypernetwork models in previous researches. The results show that the rs-HOFHN model proposed in this paper achieves the best classification performance. This also verified the conclusion we got above. That is, considering only the interactions of multiple components of the brain without considering the abundant temporal information contained in the functional connections, it could not more accurately simulate the complex interactions of the brain.

Finally, the importance of the features was evaluated by the ReliefF algorithm. This is a feature-weighing algorithm that assigns different weights according to the correlation between each feature and category. The greater the weight of the feature, the stronger the classification ability of the feature and vice versa (Kononenko, 1996). In this study, the ReliefF algorithm was used to calculate the feature classification weights obtained in different network models (Figure 7A). The results showed that the feature weight value calculated by the high-order function hypernetwork was higher than that calculated by the function hypernetwork and the high-order function network. This result also implied that without or simply consideration of the time-varying or pluralistic nature of the brain’s working mechanism cannot simulate the multi-level and complex interactions of the human brain under different time-space scales. Only by considering interaction information from multiple brain regions and the time-varying characteristics of the human brain can it accurately simulate the complex working mechanism of the human brain and accurately identify biological markers for psychiatric diseases. Furthermore, the rs-HOFHN model was taken as an example to verify the validity of the fusion feature, where the classification weights were evaluated for local features, subgraph features, and fusion features. We found that the ReliefF weights of the fusion features were significantly higher than the ReliefF weights of the local features and subgraph features (Figure 7B). The potential reason for this is that the fusion features effectively integrated local and global topological information; in other words, while reflecting the information of a single component, the features also represented global topology information in the network model. This result suggested that the simultaneous use of local and global topological information can completely characterize topology information from the high-order hyper-network, so as to achieve a better classification and identify more effective biomarkers.
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FIGURE 7. ReliefF weights in different networks and different types of features. (A) ReliefF weights for different networks. The Y-axis represents the ReliefF weight and the X-axis indicates different networks. TBFN denotes the ReliefF weight of the corresponding local properties and subgraph features obtained from the traditional simple binary functional network. rs-HOFN denotes the ReliefF weight of the corresponding local properties and subgraph features obtained from the high-order functional network. rs-FHN denotes the ReliefF weight of the corresponding local brain regions and the subgraph features obtained from the functional hypernetwork. rs-HOFHN denotes the ReliefF weight of the corresponding local brain regions and subgraph features obtained from the high-order functional hypernetwork. (B) The ReliefF weight acquired by different feature extraction methods in the high-order functional hypernetwork. Local property indicates the ReliefF weight obtained by local property features. Subgraph indicates the ReliefF weight obtained by subgraph features. Fusion-feature indicates the ReliefF weight obtained by local property features and subgraph features. ** Represents the P-values obtained by non-parametric permutation tests that were <0.05, while * represents P-values obtained by the non-parametric permutation test being <0.01.




THE INFLUENCE OF PARAMETERS

Many parameters were considered in this study. We found that the final classification performance was different when the parameter selection was different. These parameters mainly referred to sliding time window size l, sliding time window step size s, cluster k, function hypernetwork construction model regularization parameters (λ1, λ2) and the combination parameter μ in the multi-core learning method. In the next section, we discuss each of these parameters individually.


Sliding Time Window Size l

According to Formula (1), we found that the size l of the sliding time window affected the number of time window and the construction of low-order functional networks, which caused the number of time points in the relevant time series and the value of the functional connectivity at a certain moment were different. Accordingly, the construction of the high-order functional hypernetwork was affected ultimately. Therefore, we discussed the effect of sliding time window size on the final classification performance. In this experiment, the sliding time window size l was set to 40, 50, 60, 70, 80, and 90, respectively. Based on the size of each sliding time window and other parameters being fixed, a high-order brain function hypernetwork was constructed. Then two types of features were extracted and selected. Finally, multi-kernel learning was adopted and the SVM classification was performed. Figure 8 shows that when the sliding time window is 60, the classification performance is the highest. Under the other size windows, the results are lower than the classification results with a sliding time window size of 60. The underlying reason for this is that when l was small, similar time series might be divided into different windows, which would lead to too many features were selected. As a result, more redundant features were included, resulting in lower classification results. On the contrary, when l was large, the time window would be correspondingly reduced, which would result in insignificant time-varying characteristics. As a result, the reliability of the network model was affected, leading to lower the classification accuracy.
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FIGURE 8. Classification accuracy of different sliding time window sizes.




Sliding Time Window Step Size s

According to Formula (1), we found that size l of the sliding time window affected the construction of the high-order brain function hypernetwork. In addition, we also found that the step size s of the sliding time window could also influence the construction of the high-order function hyper network model. In this experiment, the time window step size was set to 1, 2, 3, 4, and 5, respectively. Based on each step size for the sliding time window and other parameters being fixed, a high-order brain function hypernetwork was constructed. Then, two types of features were extracted and selected. Finally, multi-kernel learning was adopted and SVM classification was performed. Figure 9 shows that when the step size was 1, that is, the current time window and the next time window were separated by one time point, the classification result was the highest. Moreover, as s became larger, the classification result became lower. The underlying reason for this is that as s became larger, the number of time windows divided decreased; this meant that the time-varying characteristics of the high-order brain function hypernetwork were not fully reflected. As a result, the reliability of the high-order brain function hypernetwork model was affected, thus leading to a lower classification accuracy.
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FIGURE 9. Classification accuracy of different moving steps.




The Number of Clusters k

The sparse group LASSO method is a preset group selection method. Different groups (different clusters of k) would affect the construction of the resting brain function hypernetwork, thus resulting in a different classification performance. Therefore, we changed the cluster number k value from 40 to 200 with a step size of 10 to select the appropriate cluster k and then constructed the high-order functional hypernetwork. Specifically, for each k value, we fixed other parameters and constructed the resting state high-order function hypernetwork based on the sparse group LASSO method. Then, two types of features were extracted and selected. Finally, multi-kernel learning was adopted and SVM classification was performed. In addition, because the random selection of the first initial seed point would cause differences in the network topology, it was necessary to eliminate the influence of initial seed points in the clustering algorithm. Thus, under the condition of each cluster k value, 50 experiments were carried out. Then, we selected the average value of the 50 experiments as the final classification result. Figure 10 indicates that the classification accuracy was the highest when k = 150 (92.18%).
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FIGURE 10. Classification accuracy of different k values based on the high-order functional hypernetwork.




Regularization Parameters λ1 and λ2

Previous studies have shown that parameter λ affects the topology of the network. The regularization parameter λ is known to determine the sparsity and scale of the network. If the λ value is too small, then the created network model would be too rough and involved too much noise; if the λ value was too large, then the network model would be sparser (Lv et al., 2015). Different parameter λ settings are also known to have a certain impact on the reliability of the network topology, especially modularity (Li and Wang, 2015). In addition, λ can affect classification performance and is known to be very sensitive. In other words, if the regularization parameter λ was different, the classification performance would be significantly different (Qiao et al., 2016). Therefore, obtaining the optimal regularization parameter λ value is indispensable for the creation of the network model and the improvement of classification performance. Over recent years, researchers have tried to optimize the reliability of network topology and classification performance by selecting parameter λ (Braun et al., 2012; Li and Wang, 2015; Qiao et al., 2016). However, recent studies have confirmed that it is difficult to obtain high reliability values for network topology when selecting a single λ. Only when the parameter λ value was set to 0.01 can network topology achieve high reliability (very close to 0, meaning that almost all nodes were connected at a hyperedge and that the network was a fully connected network) (Li and Wang, 2015).

Considering this problem, a multi-level regularization parameter setting method was proposed (Jie et al., 2016). In contrast to the single λ setting, a multi-level regularization parameter setting method could set a suite of regularization parameters, thus avoiding the selection of a single λ setting method and thus providing more network topology information. Therefore, in the present study, we used the multi-level parameter setting method to comprehensively characterize the topology of a high-order functional hypernetwork. Considering the time consumption required by the enumeration method, we set the range of regularization parameters (λ1, λ2) as (0, 1) and adopted a series of ascending combinations to construct a high-order function hypernetwork. In other words, when fixing the regularization parameter λ2, the regularization parameter λ1 was changed within the corresponding range to generate the corresponding hyperedge. Specifically, λ2 was set to 0.1,0.2,…,0.9 separately, and λ1 was applied to a series of ascending combinations, namely {0.1}, {0.1,0.2}, {0.1,0.2,0.3},…, {0.1,0.2,…,0.9}, to create hypernetwork models with different high-order resting states. Then, two types of features were extracted and selected. Finally, multi-kernel learning was adopted and SVM classification was performed. The results are shown in Figure 11; the classification accuracy was highest (92.18%) when λ2 = 0.4 and λ1 was used. It should be noted that when λ1 was set to{0.1}, regardless of the value of λ2, the classification result was no higher than 60%. The underlying reason for this is that if λ1 was a single value, there would be some nodes that exist and only exist in a hyperedge; this would result in the HCC3 and HCCPN values being unsolvable, so that the corresponding attribute features would be missing and could not be used to construct the classification model.
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FIGURE 11. Classification accuracy of different network construction parameters (λ1,λ2) in the sparse group LASSO method.




The Effectiveness of Each Introduced Local Property

We conducted ablation experiments from two levels of classification performance and feature classification weight to verify the effectiveness of each local feature introduced in this paper. Specifically, we removed each local attribute feature separately, and connected the remaining local attribute features as final local property feature. Then we used the KS nonparametric test method to perform feature selection, where the feature with p < 0.05 was selected as the difference feature for classification. The result is shown in Supplementary Table 3. The results show that if any one of the five local attributes was removed, the classification results were lower than those obtained by the five local attributes. Therefore, from the level of classification performance, all local properties introduced in this study were effective.

In addition, to further illustrate the effectiveness of the local fproperties introduced in this paper, we adopted the ReliefF algorithm to measure the effectiveness of the selected features. We removed each local attribute separately, and calculated the classification weights of the difference features obtained from the remaining topological attributes. Then we compared these classification weights with the classification weights obtained from the five local attribute difference features. The results show that after removing HCC1, the classification weight of the remaining topological attribute was 632.61. Similarly, HCC2 was 591.94; HCC3 was 531.29; SP was 550.43; HCCPN was 722.35 (The classification weights of these five groups of local attributes were all statistically significant). The results illustrated that after any local property feature was removed, the result obtained was lower than the classification weight (781.57) obtained by the difference features of five local attribute. Therefore, from the feature classification weight level, the introduced local properties were effective.

In summary, from the perspective of classification and feature validity, it was concluded that the five topological attributes of HCC1, HCC2, HCC3, SP, and HCCPN contained effective classification information to improve the diagnosis of depression.



Combination Parameter μ in Multi-Kernel Learning

The most important step in multi-kernel learning is the determination of the combined parameter μ, which directly affects the way that data fusion can influence the classification performance. In the current study, an alignment maximization algorithm was used to determine the weight of the parameterμl. Figure 12 shows the average value of the kernel parameters corresponding to two sets of topological attributes during the leave-one-out cross-validation process (Local properties: 0.911; Subgraph: 0.31). Under this value, the classification result of the proposed method reached 92.18%. Note that the sum of the squares of these two weights was not equal to 1, whose underlying reason was that we calculated the average value of the kernel parameters during the leave-one-out cross-validation process. In some cases, the weight of a parameter maybe a negative value, which made the sum of the squares of these two weights not being exactly equal to 1.
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FIGURE 12. Corresponding combination parameters under different discriminative features.




Repetitive Verification

To further verify the effectiveness of the proposed method, we used the Alzheimer’s Disease Neuroimaging Initiative (ADNI) data set5 to perform the current study. Normal subjects and patients with Alzheimer’s disease (AD) were selected from the database, including 30 normal subjects and 29 Alzheimer’s patients. A preprocessing process, that was similar to the process used for the MDD data set was utilized; this consisted of time layer correction, head motion correction, spatial normalization, linear dimensionality reduction, band pass filtering and smoothing. Then, the GICA method was used to divide the independent components and extract the spatial distribution and time series of each independent component. In the AD data set, 23 independent components were obtained. Based on the average time series data relating to independent components, a rs-HOFN model was constructed based on the time sliding window method, a rs-FHN model was constructed based on the sparse group LASSO method, and a rs-HOFHN model was constructed based on the time sliding and sparse group LASSO method. Next, local attributes (rs-HOFN: node degree, betweenness centrality and node efficiency; rs-FHN and rs-HOFHN: HCC, HCCPN and SP) and global information (HOFH: frequent subgraph features was extracted using the gSpan algorithm; rs-FHN and rs-HOFHN: hyperedges were regarded as subgraph features) were extracted. Furthermore, the non-parametric KS test and FSFS methods were applied to select local difference features and discriminant subgraphs. Finally, multi-kernel learning was used to fuse features and the SVM classifier was used to perform classification. The classification results are shown in Supplementary Table 4. These results showed that the rs-HOFHN model obtained better classification performance, thus indicating that a resting state high-order functional hypernetwork can more accurately describe the functional connections of the human brain, characterize the complex working mechanisms of the human brain, and identify more accurate pathological markers.




CONCLUSION

Previous research showed that a functional hypernetwork could capture interactions among multiple regions in a static form but ignored the dynamic changes of the functional connections over a short period of time. Therefore, considering the time variability of neural activity, we constructed a high-order function hyper network to meet the time variability of human brain interactions in time and the multiple interaction capabilities in space. In addition, local topological attributes and global characteristics were introduced simultaneously to fully characterize the high-order brain function hypernetwork model. Then, the two sets of features were mixed into a mixed kernel through multi-kernel learning for classification and diagnosis.

In this study, we identified the most discriminative functional connections and discriminant subgraphs in MDD. We found that our findings were consistent with those published previously. We evaluated the classification performance of a high-order hyper network, a traditional hypernetwork, a high-order network and a traditional binary network. We found that the high-order hyper network achieved the best classification performance, thus implying that a better classification performance could be achieved if the multivariate interactions and time-varying characteristics of neural interactions were considered simultaneously. In addition, two sets of features and multiple features were evaluated separately. We found that the classification accuracy and relief weighting of multi-features were better than single features (i.e., local attribute features and subgraph features), thus suggesting that better classification could be achieved, and more effective biomarkers could be identified when both local features and global information were used to jointly characterize high-order functional networks.

However, this study has some limitations that need to be considered. The method used to construct the functional hypernetwork in this research involved non-overlapping groups. However, recent study have shown that the overlap between groups may affect the construction of function brain hypernetwork models, thereby affecting the effectiveness of the classification model (Shen et al., 2019). Therefore, the overlap between groups (such as the overlapping group LASSO method) can be considered to further improve the construction of the hypernetwork in future research. In addition, we needed to perform clustering before constructing the high-order functional hypernetwork. Although different k values were selected, and multiple experiments based on a specific k value were performed, it is not possible to eliminate the effect of initial random seed points on the constructed brain function hypernetwork and classification results. Therefore, further research is needed to select a more optimal parameter setting method to generate a more stable hyperedge and further improve the topology of the function hypernetwork. Finally, in our experiment, it is mainly assumed that the hyperedge was decomposable in nature. That is, we decomposed the hyperedge into multiple nodes and tend to associate these nodes because they have common membership in the same hyperedge. In future research, we can try to introduce the line graph (Bandyopadhyay et al., 2020) theory of the hypergraph that regard the hyperedge as a node to consider its hyperedge information, thus performing the classification and diagnose of brain diseases.
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Brain health is an important research direction of neuroscience. In addition to the effects of diseases, we cannot ignore the negative effect of aging on brain health. There have been many studies on brain aging, but only a few have used dynamic models to analyze differences in micro brain characteristics in healthy people. In this article, we use the relaxed mean-field model (rMFM) to study the effects of normal aging. Two main parameters of this model are the recurrent connection strength and subcortical input strength. The sensitivity of the rMFM to the initial values of the parameters has not been fully discussed in previous research. We examine this issue through repeated numerical experiments and obtain a reasonable initial parameter range for this model. Differences in recurrent connection strength and subcortical input strength due to aging have also not been studied previously. We use statistical methods to find the regions of interest (ROIs) exhibiting significant differences between young and old groups. Further, we carry out a difference analysis on the process of change of these ROIs on a more detailed timescale. We find that even with the same final results, the trends of change in these ROIs are different. This shows that to develop possible methods to prevent or delay brain damage due to aging, more attention needs to be paid to the trends of change of different ROIs, not just the final results.

Keywords: aging, micro brain characteristics, relaxed mean-field model, initial parameter sensitivity, recurrent connection strength


1. INTRODUCTION

Aging is an irreversible that all human beings must experience. All parts of the body are subject to aging, including the brain. Most somatic cells have a brief life, and new cells will replace them after apoptosis. However, things are different for neurons: they are longer-lived, and some even survive for the whole of an individual's lifetime. On the other hand, most neurons will not regenerate once they have become apoptotic. Therefore, aging will lead to serious damage to the brain structure, usually manifested as a decline in memory and cognition, and is accompanied by an increased risk of brain diseases such as Alzheimer's disease. Therefore, with the aim of preventing, or at least delaying, the aging of the brain, it is important not only to explore which regions of interest (ROIs) of the brain undergo changes in aging, but also to try to find out the processes involved.

Toward the end of the last century, researchers started to seriously study the aging of the brain. With the development of network neuroscience (Bullmore and Sporns, 2009; Bassett and Sporns, 2017), research on brain aging has developed in a number of directions. Chen (2019) summarized the current state of knowledge of the physiological basis of healthy aging and age-related neurodegeneration as revealed using functional magnetic resonance imaging (fMRI). More recently, Bi et al. (2021) combined MRI and positron emission tomography (PET) techniques in a study of 42 elderly normal-cognition subjects and elucidated the metabolic mechanism of the brain's structural connections and its relationship with normal aging. In another recent study, to examine the differences in structural connectivity and cognition underlying motor adaptation in visual-motor learning tasks, Wolpe et al. (2020) used structural MRI in over 300 subjects of different ages.

Many studies to date have been limited to either structural or functional connectivity alone, despite the fact that, especially in brain aging, these are closely interrelated (Honey et al., 2009). In many age-specific comparative studies, because of limitations of experimental design and the number of subjects, it is difficult to collect data from all age groups. It has also been pointed out that only using two cohorts for comparison cannot reflect the process of change from youth to advanced age (Wang et al., 2010).

In this study, we use the relaxed mean-field model (rMFM) (Wang et al., 2019) to simulate the dynamic process relating structural connectivity and functional connectivity. We then evaluate the model parameters through a comparison between the young group and the old group in all ROIs. The overall goal is to explore the process of change of brain differences with age, and thereby help prevent or delay brain aging in advance. First, we analyze the initial parameters of the rMFM model to explore the influence of different parameter initializations on the fitting results. We then establish whole-brain dynamic rMFMs in the young and old groups, respectively. After this, we compare microscale brain properties (the recurrent connection strength and subcortical input strength) of the two groups and identify the brain regions exhibiting significant differences. Finally, we use more samples from different age groups to explore the changes in these two micro brain characteristics with age.



2. MATERIALS AND METHODS


2.1. Data

The data we used in this experiment were from the Nathan Kline Institute (NKI)/Rockland Sample public dataset. The dataset includes 196 subjects. Each subject received semi-structured diagnostic psychiatric interviews, and completed a battery of psychiatric, cognitive, and behavioral assessments. Then, after data acquisition by Siemens Trio 3T scanner, and preprocessing such as head movement correction, denoising, and thresholding, 188 ROIs were delineated according to the Craddock 200 atlas (Craddock et al., 2012), and the structural connectivity (SC) matrix and functional connectivity (FC) matrix obtained by diffusion tensor imaging (DTI) and fMRI. The dataset also included the subject ID, age, gender, name of ROIs (full and abbreviated), and the spatial position of ROIs in the brain. Some ROIs have the same names, and through mapping observation, we speculate that because these ROIs are in the same lobe and are very close in spatial location, the dataset author did not distinguish them by more specific naming. Therefore, we retained these same names, but dealt with them differently in model fitting, and we show their spatial location in the results.

The age range of subjects in the whole data set was [4, 85] (years). According to the aim of the study, we first placed subjects into a young group and an old group, depending on whether they were under the age of 20 or over 60, respectively, for finding ROIs where significant aging occurred. The data for subjects with ages in the range [20, 60] were used to characterize the changing trends in the aging process (see Table 1 for specific statistical information).


Table 1. Sample statistics.
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2.2. Relaxed Mean-Field Model

The whole-brain dynamic mean-field model (dMFM) (Deco et al., 2013) can be used to simulate neuronal activity through structural connection and is obtained by mean-field reduction of a detailed spiking neuronal network model within each brain region to the following set of nonlinear stochastic differential equations

[image: image]

where xi, H(xi), and Si are the total input current, the population firing rate, and the average synaptic gating variable at the i-th cortical region, respectively. Recurrent connection strength w, subcortical input strength I, global scaling factor G, and neuronal noise σ are unknown parameters that are artificially given initial values and adjusted during model fitting, we will discuss the initial sensitivity of these parameters in the next subsection. Following previous work (Deco et al., 2013), the kinetic parameters for synaptic activity were set to be r = 0.641 and τs = 0.1s. Parameter values for the input-output function H(xi) were set to be a = 270N/C, b = 108Hz, and d = 0.154s. The value of synaptic coupling was set to be J = 0.2609nA. vi(t) is uncorrelated standard Gaussian noise, and the amplitude is controlled by σ.

The simulated neuronal activities Si are fed to the Balloon-Windkessel hemodynamic model (Friston et al., 2003) to simulate the BOLD time series for each ROI. The specific process is, neuronal activity Si in each ROI causes an increase in the vasodilatory signal zi, with an inflow fi proportional to this signal, accompanied by changes in blood volume vi and deoxyhemoglobin content qi. The equations concerning these neurophysiological processes are as follows

[image: image]

where the kinetic parameters rate of signal decay κ = 0.65s−1, rate of elimination γ = 0.41s−1. Hemodynamic transit time τ = 0.98s, and Grubb's exponent α = 0.32. ρ = 0.34 is the resting oxygen extraction fraction. When qi and vi are obtained, the BOLD time series is calculated by the following equation (Stephan et al., 2007; Heinzle et al., 2016).

[image: image]

where V0 = 0.02 is the resting blood volume fraction and the equations for k1, k2, k3 are as follows

[image: image]

In the NKI dataset, the magnetic field strength B0 = 3T. At this time, the frequency offset of the outer surface of magnetized vessel ϑ0 = 28.265B0, the intravascular relaxation rate r0 = 110Hz, and the ratio between intravascular and extravascular MR signal is ε = 0.47. The echo time TE = 30ms in the NKI dataset.

We used a modified version of the MFM here, namely, the relaxed mean-field model (rMFM). In developing this model, Wang et al. (2019) relaxed the global parameters w and I, and optimized them into local parameters, so that each ROI has a pair of w and I matched to it, while G and σ remain unchanged. By adjustment of the parameters, a 53% improvement was obtained in the correlation between simulated FC and empirical FC, as estimated from a comparison of the empirical SC with the original model.

Therefore, we used the rMFM model to predict the neuronal activity in each ROI. As shown in Figure 1, we took the SC state of each ROI as the model input while given a set of initial parameters to simulate the neuronal activity of each ROI. Then, the BOLD time series of each ROI were simulated using the Balloon–Windkessel hemodynamic model, and the Pearson correlation coefficients of the BOLD time series of each ROI were calculated to give the simulated FC. Finally, we used the empirical FC to correct the model parameters and substituted the corrected parameters into the model until the error accuracy met the required level or the simulation time reached a stipulated maximum value.


[image: Figure 1]
FIGURE 1. Overview of rMFM & simulated FC correction. (A) Relaxed mean-field model. The empirical SC and initial parameters are given to the relaxed mean-field model to obtain the neuronal activities in each ROI and then input the neuronal activity into the hemodynamic model to obtain the BOLD time series. Calculated the correlation of the BOLD time series to obtain the simulated FC. (B) Simulated FC correction. Using the maximum expectation algorithm in the dynamic causal model to correct the simulated FC.




2.3. Parameter Initialization Analysis

Although the rMFM model improves the correlation between simulated and empirical FC, neither Deco et al. (2013) nor Wang et al. (2019) specified the impact of initial parameters on the final fitting correlation in establishing the model. In general, different initial parameters will lead to different results from a model, and we believe that the rMFM model is no exception in this respect. We therefore designed a numerical simulation to examine this issue.

First, we averaged the empirical SC and FC of all 196 samples to get the group average SC and FC. These two groups of average connectivity matrices were used only to explore the initial parameter sensitivity of the rMFM model, and were not used as a reference in the later evolution analysis experiments.

Next, we used the control variable method to study the influence of different parameter initializations on the results. For wi and Ii taking uniform values in steps of 0.1 within the range [0.1, 0.9], 81 groups of initial parameters were obtained. After model fitting, the correlation between simulated and empirical FC was recorded, and we obtained the correlation surface in the space of initial parameters. On this basis, we took more precise steps for the initial parameter interval with high correlation to get more accurate results. Although this method is simple, it confirmed our belief regarding the sensitivity of the results to the initial values of the parameters (see section 4.1 for specific results).



2.4. Estimation of Model Parameters

We simulated all 196 samples and obtained 378 parameters (188 recurrent connection strengths wi, 188 subcortical input strengths Ii, a global scaling factor G, and a noise coefficient σ).

After we had obtained the first simulated FC using the initial parameters, we optimized the parameters by using the maximum expectation algorithm in dynamic causal modeling (Friston et al., 2003) (see Wang et al., 2019 for the detailed steps of the algorithm). We optimized each sample for 500 iterations and selected the one with the highest Pearson correlation between simulated and empirical FC as the final parameter of the sample.

After all 196 sample parameters were fitted, we took out the young group and the old group, performed a two-sample t-test for each parameter for each ROI, and marked the ROIs with significant difference (p < 0.05, FDR corrected). We will present our results in detail in section 3.1.

Next, we drew scatter plots of parameter values with age for all ROIs, and fitted these values with first- and second-order polynomials. Through polynomial fitting, we could see how each parameter of the ROI changes with age. We will present these results in detail in section 3.2.




3. RESULTS


3.1. Comparison of Model Parameters

All model fitting results were obtained by running the simulations on MATLAB R2020a (MathWorks Inc., Natick, MA, USA). By comparing the parameters w and I of the rMFM model, we studied the micro brain characteristics of the young group and the old group. Here, we used the two-sample t-test to judge whether each ROI showed significant differences between the two groups. We found ROIs with significant differences in recurrent connection strength w, as shown in Figure 2, but we did not find ROIs with significant differences in subcortical input strength I. Because of the large number of ROIs, for clarity, only ROIs with significant differences are shown in Figure 2 (see Table 2 for statistical information).


[image: Figure 2]
FIGURE 2. ROIs with significant difference in w. Each pair of bars represents the mean value of the parameter w in the same ROI for the young group (dark blue) and the old group (light blue). The lines on the bars indicate the standard deviation.



Table 2. ROIs with significant difference in w.
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In Figure 2, there were 16 ROIs with significant differences in the parameter w (p < 0.05, FDR corrected), accounting for 8.5% of the total ROIs. These ROIs are mainly concentrated in the bilateral frontal pole, the bilateral superior frontal, bilateral middle frontal, bilateral postcentral, and a few areas of the occipital. We can also see in Figure 2 that for recurrent connection strength w, the average value of the old group is significantly weaker than that of the young group in the above ROIs, and shows high consistency. For example, in one left frontal pole, the mean parameter value in the young group is above 0.9, while in the old group it is less than 0.5. The same is the case for one right frontal pole, which is above 0.8 in the young group and only about 0.4 in the old group.

For subcortical input strength I, we did not find ROIs with significant differences between the young and the old group. However, this is only the result of the two-sample t-test and does not mean that there is no change in subcortical input strength with age. We will show the reason for this in the next subsection.

To obtain an intuitive view of the ROIs with significant differences, we used the BrainNet toolbox (Xia et al., 2013) to map the spatial positions of the above regions in the brain, as shown in Figure 3. We can see that the ROIs with significant differences between the young group and the old group are mainly concentrated in the frontal pole, frontal and central regions, and a few occipital regions.


[image: Figure 3]
FIGURE 3. Spatial locations of ROIs. Blue dots indicate the locations of the ROIs which the parameter w is significant.




3.2. Trends of Parameter Changes

Following the results described in the previous subsection, we carried out a further statistical analysis on regions such as the frontal pole, superior frontal, middle frontal, postcentral, and occipital. Taking the left frontal medial as an example, we extracted the values of the parameters w and I of all samples, and then drew scatter plots to observe the changes with aging. Finally, we used first- and second-order polynomials to fit these parameters, giving the results shown in Figure 4A. As well as the left frontal medial, the results for the left middle frontal, right central opercular, right cingulate anterior, and bilateral postcentral are also shown in Figure 4. We can see that for the recurrent connection strength w, there are significant differences between the young group and the old group. When all samples are combined, the second-order polynomial used for fitting almost overlaps with the first-order polynomial, which means that the recurrent connection strength decreases linearly and slowly with age.


[image: Figure 4]
FIGURE 4. ROIs with no significant difference in first- and second-order polynomial fits of recurrent connection strength w. The points represents the parameter values, the dashed lines are the first-order polynomial fits, and the solid lines are the second-order polynomial fits. Blue indicates w and red indicates I. (A) Left Frontal Medial. (B) Right Central Opercular. (C) Left Middle Frontal. (D) Right Cingulate anterior. (E,F) Bilateral Postcentral.


However, the situation is different for the left frontal pole, right middle temporal, and bilateral superior frontal. We present the parameter changes of these ROIs in Figure 5. Figure 5A shows the results for the left frontal pole, while Figure 5B shows the results for the right middle frontal, and Figures 5C,D for the bilateral superior frontal. We can see that although there is a significant difference in the value of the parameter w between the young group and the old group, the value for ages between 30 and 60 is almost the same as in the young group. The time at which these ROIs change in recurrent connection strength is from middle age to old age, but there is no significant change before that. The second-order polynomial fit presents another unique state, an inverted U-shape. With increasing age, this micro brain characteristic first gradually increases until it becomes stable in middle age, after which it decreases.


[image: Figure 5]
FIGURE 5. ROIs with differences in first- and second-order polynomial fits of recurrent connection strength w. The points represent the parameter values, the dashed lines are the first-order polynomial fits, and the solid lines are the second-order polynomial fits. Blue indicates w and red indicates I. (A) Left Frontal Pole. (B) Right Middle Frontal. (C,D) Bilateral Superior Frontal.


The above is an analysis of the trend of recurrent connection strength w with age. In section 3.1, we mentioned that for subcortical input strength I, we did not find ROIs that showed significant differences between the young group and the old group by the two-sample t-test, but this does not mean that this microscopic brain character did not change with age. The second-order polynomial fit of parameter I was similarly inverted U-shaped in these brain regions of the brain-stem, right lateral occipital superior, and right cingulate shown in Figure 6. There was an increase from young to middle age and a decrease from middle to old age, so that the difference in the parameter I between the young group and the old group could not be tested using only a two-sample t-test.


[image: Figure 6]
FIGURE 6. ROIs with differences in first- and second-order polynomial fits of subcortical input strength I. The points represent the parameter values, the dashed lines are the first-order polynomial fits, and the solid lines are the second-order polynomial fits. Blue indicates w and red indicates I. (A) Brain-Stem. (B) Right Lateral Occipital superior. (C,D) Right Cingulate anterior & posterior.





4. DISCUSSION

We have used the rMFM model to study the effect of aging on micro brain characteristics under natural conditions. We have found that aging will lessen the recurrent connection strength in most ROIs, including frontal pole, superior frontal, middle frontal, postcentral, central opercular, and cingulate anterior. These differences in micro brain characteristics show different trends of change with age.


4.1. Influence of Initial Parameters

In section 2.3, we noted that different parameter initializations will lead to different results, and we designed an experiment to prove this conclusion. The results of this experiment are shown in Figure 7.


[image: Figure 7]
FIGURE 7. Simulation results of parameter initialization. (A) Each point represents the correlation result corresponding to a pair of parameters (w, I). (B) Variation of the correlation with the parameter I for given values of the parameter w. (C) Variation of the correlation with the parameter w for given values of the parameter I.


Figure 7A shows the fitting results of the model when we took different values of the initial parameters. We can see when the parameter I is less than 0.2 or greater than 0.6, the correlation between simulated and empirical FC is close to 0, which means that we cannot get effective results. The appropriate initial range for the parameter I is [0.3, 0.5]. The initial value of the parameter w does not have such a significant effect. However, we can still see when the initial value of I is in the range [0.3, 0.5], small initial values of the parameter w give a better correlation than for large ones.

Figures 7B,C show the changes in fitting results as one parameter varies while the other is fixed. These curves enable us to select the initial value of the parameter more easily. Neither the dependence on w nor that on I shows the characteristics of a smooth curve. This is because there is a parameter σ, called neuronal noise, that arises in the process of rMFM model fitting, and the randomness of this parameter leads to jitter in a single simulation curve. If the simulation was repeated a number of times and the average value of the results was taken, this reduced the jitter and gave a smoother result.



4.2. Micro Brain Characteristics With Aging

For the recurrent connection strength w, the brain regions that showed significant differences between the young group and the old group were mostly distributed in the frontal, including left frontal medial, frontal pole, superior frontal, and middle frontal. The surface area of the frontal pole is negatively correlated with visuospatial working memory ability (Zacharopoulos et al., 2020) and plays an important role in controlling and maintaining information related to its behavior (Arai et al., 2016). And it is the frontal region that is closely related to cognitive ability. Damage to this region will lead to impairment of cognition, extraction of vocabulary, and other functions (Wierenga et al., 2008; Wang et al., 2010; Goh et al., 2013).

Other regions, such as right lateral occipital inferior, postcentral, right central opercular, and right cingulate anterior, similarly exhibited intergroup differences. The right occipital pole is part of the occipital cortex. The fractional anisotropy (FA) of its connecting bundle with the thalamus decreases significantly with age, which affects visual short-term memory ability (Menegaux et al., 2019, 2020). Some experiments have shown that with an increase in working memory load, young people can activate the default mode network (DMN) region faster than old people. Meanwhile, the neuroregulatory ability of young people is significantly higher (Qin and Basak, 2020).

Corticobasal syndrome (CBS) is a progressive movement disorder characterized by akinetic–rigid parkinsonism and a varying combination of motor and nonmotor symptoms. It is typically asymmetric and affects a single body region, especially the upper limbs. Upadhyay et al. (2016) found that the cortical thickness (CTh) of the precentral gyrus of patients with CBS was significantly lower than that of healthy people, and the CTh asymmetry of the postcentral gyrus was negatively correlated with the duration of the disease. Multiple sclerosis is a chronic neurodegenerative disease associated with somatosensory abnormalities and decreased stability (Moore et al., 2012). The postcentral gyrus is the central region of the somatosensory network (Tomasi and Volkow, 2011), and for patients with multiple sclerosis with somatosensory disorders, the functional connection of the postcentral gyrus is significantly weaker than in healthy groups (Fu et al., 2019). As a result, the weakening of the postcentral will affect the human ability to behave.

The cingulo-opercular network is closely related to the speed of visual processing. Through a study of this network, Ruiz-Rizzo et al. (2019) found that the internal functional connection (iFC) of the right anterior paracingulate and bilateral middle paracingulate decreased significantly with age, leading to a decrease in the speed of visual processing in the old group. A decrease in visual processing speed will reduce alertness, and thus maintaining alertness is also an important function of the cingulo-opercular network (Coste and Kleinschmidt, 2016; Haupt et al., 2019).



4.3. Limitations

Our study did have some limitations. First, the number of samples was small, so we were not able to group more delicately. Given a sufficient number of samples with uniform age distribution, the accuracy of age-related changes in micro brain characteristics could be improved. Second, we grouped according to age, and obtained our results by comparing parameters between young and old groups, and the results could easily have been affected by individual differences, i.e., outliers. If we can obtain long-life-cycle data of several samples from youth to old age, we may be able to draw further conclusions. Then, the dataset we used did not provide the original neuroscience imaging data, only the constructed connectivity matrix. Therefore, we have no way to do simulation evaluation, such as the number of ROIs, different atlases, etc. Finally, we did not carry out a theoretical derivation of the parameter initialization analysis, but just used a parameter fitting based on the ROI divided according to the Craddock 200 atlas, and we did not corroborate this by substituting another data set or atlas. Therefore, we propose that other researchers use the rMFM model to initialize and analyze their data to get initial values of the parameters.




5. CONCLUSION

In this article, we used the rMFM model to study the effect of aging on micro brain characteristics. First, we analyzed the initial parameter sensitivity of the rMFM model and selected an initial parameter range. We then identified the ROIs with significant differences in recurrent connection strength between young and old groups, mainly in the frontal, postcentral, central opercular, and cingulate anterior, as well as ROIs such as right lateral occipital inferior and left lingual. Further, we studied the trends of change of these ROIs with age. For some ROIs, such as the frontal medial, left middle frontal, and postcentral, the decrease in recurrent connection strength was found to follow a roughly linear trend with age. However, for other ROIs, such as left frontal pole, right middle frontal, and right cingulate, the decrease in recurrent connection strength or subcortical input strength was found to be manifested mainly in the middle-aged to elderly. The weakening of SC and FC caused by aging is irreversible, but means to effectively delay brain aging are still worthy of more research.
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Background: Currently, more than one-third of patients with drug-resistant temporal lobe epilepsy (TLE) continue to develop seizures after resection surgery. Dynamic functional network connectivity (DFNC) analyses, capturing temporal properties of functional connectivity during MRI acquisition, may help us identify unfavorable surgical outcomes. The purpose of this work was to explore the association of DFNC variations of preoperative resting-state MRI and surgical outcomes in patients with drug-resistant TLE.

Methods: We evaluated 61 patients with TLE matched for age and gender with 51 healthy controls (HC). Patients with TLE were classified as seizure-free (n = 39) and not seizure-free (n = 16) based on the Engel surgical outcome scale. Six patients were unable to confirm the postoperative status and were not included in the subgroup analysis. The DFNC was calculated using group spatial independent component analysis and the sliding window approach.

Results: Dynamic functional network connectivity analyses suggested two distinct connectivity “States.” The dynamic connectivity state of patients with TLE was different from HC. TLE subgroup analyses showed not seizure-free (NSF) patients spent significantly more time in State II compared to seizure-free (SF) patients and HC. Further, the number of transitions from State II to State I was significantly lower in NSF patients. SF patients had compensatory enhancement of DFNC strengths between default and dorsal attention network, as well as within the default network. While reduced DFNC strengths of within-network and inter-network were both observed in NSF patients, patients with abnormally temporal properties and more extension DFNC strength alterations were less likely to receive seizure freedom.

Conclusions: Our study indicates that DFNC could offer a better understanding of dynamic neural impairment mechanisms of drug-resistant TLE functional network, epileptic brain network reorganization, and provide an additional preoperative evaluation support for surgical treatment of drug-resistant TLE.

Keywords: functional dynamics, surgical outcomes, temporal lobe epilepsy, temporal properties, epilepsy surgery


INTRODUCTION

Temporal lobe epilepsy (TLE) is a form of focal epilepsy which the function as well as seizures are extremely complicated (Englot et al., 2015). While anti-epileptic drugs can help most patients with TLE become seizure-free, some patients remain with seizures and seek benefit from surgery. In theory, removal or disruption of the ictal onset zone could reduce the abnormal electrical activity and control seizures. Unfortunately, ∼40% of the patients with drug-resistant TLE still suffered seizures after surgery, and the cause remains unclear (Engel et al., 2012). Even the most modern preoperative multidisciplinary clinical evaluations, including seizure semiology, electrophysiology, neuropsychiatric, and imaging assessment, could not virtually distinguish the patients who did not achieve seizure-free after operation from those who completely benefitted from resection surgery.

Several factors are related to favorable post-surgical outcomes for drug-resistant TLE, such as younger age at surgery, shorter disease course, shorter seizure duration, lower seizure frequency, absence of generalized seizures, and the existence of unilateral mesial temporal lobe sclerosis (Specht et al., 1997; Radhakrishnan et al., 1998; Foldvary et al., 2000; Janszky et al., 2005; Ozkara et al., 2008; Muhlhofer et al., 2017). Despite these studies, those factors only had ∼80% chance of predicting surgical outcomes. Therefore, in addition to these clinical and demographic variables, we speculate that there may be other factors that can help distinguish which patient with TLE will obtain favorable surgical outcomes.

Brain network abnormalities are key constituents of TLE disease neuropathology. Functional imaging studies have demonstrated that network reorganization predominantly affects the ipsilateral medial temporal structures as well as the limbic network in TLE (Bonilha et al., 2004, 2010). With a longer disease duration, patients with TLE will experience progressive widespread functional and structural lesions (Galovic et al., 2019). Moreover, decreased functional coupling of the whole-brain network, including the default-mode network, ventral and dorsal attention networks, cognitive networks, as well as increased thalamic “hubness” measured by resting-states functional MRI have been reported in patients with TLE (Fox et al., 2006; Buckner et al., 2008; He et al., 2017). Previous researches indicated that lower network integration globally, whole-network, and within-network connectivity variability had a high prediction accuracy in post-surgical outcomes of patients with TLE, and these studies demonstrated the ability of using resting-state functional MRI network connectivity as a potential clinical tool for surgical result prediction (Morgan et al., 2017; DeSalvo et al., 2020). However, the unfavorable spatial-temporal of functional MRI does not largely consider the presence and potential of temporal variability in understanding the brain functional dynamics. Magnetoencephalography and electroencephalography (EEG) can provide the necessary spatial-temporal information for human brain information processing, but their poor spatial resolution cannot identify the underlying neural degenerative changes.

Dynamic functional network connectivity (DFNC) introduces time-varying characteristics on the basis of functional connectivity (Hutchison et al., 2013). Recent research have explored and identified that capturing these variabilities may engender a new understanding of neuropsychiatric diseases, in particular epilepsy, schizophrenia, autism, Alzheimer’s dementia, and Parkinson’s disease. Overall, the study of dynamic changes can reveal the functional harmony and flexibility of the central nervous system, and the investigation of these transformations could strengthen our understanding of functional diversification and adaptability.

Nonetheless, the whole brain transformation of functional connectivity strength and temporal properties against the background of DFNC remain largely unknown in TLE. The relationship among network reconfiguration, network epileptogenic potential, and clinical phenotype has not been adequately evaluated in drug-resistant TLE. In particular, whether the network configuration is relevant to the surgical outcome remains to be detected. Therefore, the main aim of the present study was to use group independent component analysis, sliding time window approach, and clustering analysis to (i) assess discrepancies in DFNC between patients with TLE and HC and (ii) demonstrate whether surgical outcomes in TLE are associated with altered DFNC temporal properties as well as connectivity strength. We hypothesized that surgical outcomes in drug-resistant TLE are associated with altered DFNC temporal variations, which could possibly be implied as an effective tool for preoperative evaluation.



MATERIALS AND METHODS


Participants

Sixty-one unilateral drug-resistant patients with TLE and 51 age-, gender-matched HC with no history of head trauma or neurological or neuropsychological disease were included in the final analysis. The diagnosis of drug-resistant TLE was determined by the classification of the International League Against Epilepsy (Berg et al., 2010) based on a comprehensive assessment consisting of detailed clinical history, seizure semiology, neurological examination, video EEG monitoring, structural image, and positron emission tomography (PET). In brief, focal aware seizures or impaired awareness; interictal or ictal EEG that shows abnormal discharges over the temporal region; MRI structural and PET metabolism abnormalities in temporal lobe; and seizures cannot be controlled by anti-epileptic drugs. Inclusion criteria included the diagnosis of TLE, the diagnosis of drug-resistant epilepsy, and no contraindications for surgical resection. Exclusion criteria included pre-surgical intracranial monitoring, progressive neurological disease, focal lesion aside from temporal region, and combination with severe mental disorders. Only 59 of 61 patients with drug-resistance TLE underwent anterior temporal lobectomy (n = 43), selective amygdalohippocampectomy (n = 7), or temporal lobe lumpectomy (n = 9) at the Department of Functional Neurosurgery, Xiangya Hospital of Central South University from 2018 to 2020. Two patients decided not to undergo surgery after the preoperative evaluation, and we lost contacts with four post-operative patients during the follow-up period. Therefore, we only included 55 patients with TLE in the further subgroup analysis. There were a total number of 36 SF patients and 19 NSF patients. Seizure outcomes of the 55 patients were assessed by an epileptologist at each year post surgery (up to 2 years) using the Engel surgery outcome classification (Engel et al., 2003) as seizure-free (SF; Engel Class I) and not seizure-free (NSF; Engel Class II through IV).

This study was approved by the Ethics Committee of Xiangya Hospital, and all participants provided written informed consent according to the Declaration of Helsinki. The demographic and clinical information of all participants are presented in Table 1.


TABLE 1. Demographic and clinical characteristics from study groups.
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MRI Acquisition

Preoperative resting-state fMRI data for all patients with TLE and HC were acquired on a 3.0 Tesla Siemens Prisma MRI system with a standard 32-channel head coil (Xiangya Hospital of Central South University). During the MRI scanning, all participants were instructed to keep the head steady, eyes closed without falling asleep, and relax without particular thinking. Scans were scanned using echo planar imaging sequences set to the following parameters: TR = 720 ms, TE = 37 ms, flip angle = 52°, 64 axial slices with 2.5 mm thickness and 2.5-mm gap, matrix size = 90 × 90, field of view = 225 mm × 255 mm, voxel size = 2.5 mm × 2.5 mm × 2.5 mm. Each resting-state functional sequence lasted 9.456 min, resulting in 788 volumes.



Controlling for Head Motion

We applied stringent control criteria to reduce the potential head movement bias (Hutchison et al., 2013). Specifically, we calculated maximum displacement and mean frame-wise displacement. Eventually, we excluded participants with excessive head movement (maximum displacement value over 0.3 mm or mean frame-wise displacement value exceeding 3 mm) during the scan.



Resting-State Functional MRI Data Preprocessing

Resting-state functional MRI data were preprocessed using Data Processing Assistant DPARSF (V4.3),1 which is based on Statistical Parametric Mapping software package SPM 122 implemented in MATLAB (version R2018b, MathWorks, Inc., Natick, MA, United States). The first 18 scans were discarded to achieve magnetization equilibrium, resulting in a total of 770 volumes. Slice timing was used to correct the slice acquisition delay, spatial realignment was performed for motion correction, images were normalized to Montreal Neurological Institute (Engel et al., 2003) space using the standard EPI template and interpolated to 3 mm cubic voxel, and spatial smoothing was applied with 6 mm full width at half maximum (FWHM) Gaussian kernel.



Group Independent Component Analysis

After resting-state functional MRI data preprocessing, intrinsic connectivity networks of all subjects were created. We implemented group independent component analysis in GIFT within the functional MRI Toolbox (GIFT version 3.01).3 Group independent components (ICs) were obtained by concatenating the preprocessed resting-state data from all participants. During the principal component analysis, two data reduction steps were performed, including subject-specific and group-level steps. Using the principal component analysis, the subject-specific data were reduced to 120 principal components. Further, in the group-level data reduction, the concatenated data were reduced to 100 group ICs with the expectation maximization algorithm (Roweis, 1999). The reliability and stability of the ICA algorithm were performed by repeating it 30 times using ICASSO in GIFT (Himberg et al., 2004). The obtained ICs with within-cluster similarity values greater than 0.80 were selected to estimate their reliability and stability. Subject-specific time and spatial maps for each IC were created using the back-reconstruction algorithm (Calhoun et al., 2001).

Among the obtained 100 ICs, the spatial map should exhibit peak activation in the grey matter, low spatial overlap with susceptibility artifacts of cerebral vessels as well as ventricles, and time courses that were mainly of low-frequency fluctuations with a power ratio of 0.15–0.25 Hz (Cordes et al., 2000). According to these criteria, we identified 33 meaningful ICs, and they were classified into nine instinct connectivity networks, based on the spatial correlation values between each IC and network templates (Yeo et al., 2011; Shirer et al., 2012; Szaflarski et al., 2018). ICs are arranged into cerebellum (CB), dorsal attention network (DAN), default mode network (DMN), frontoparietal network (FPN), limbic (LIM), subcutaneous (SC), sensorimotor network (SMN), ventral attention network (VAN), and visual network (VN).

To reduce the detrend linear, quadratic, and cubic trends, additional post-processing was performed for the time cours of 33 ICs. Outliers were detected based on the 3DDESPIKE algorithm.4 The fifth-order Butterworth filter with a high-frequency cut-off of 0.15 Hz was selected for filtering processing. Finally, movement parameters were regressed out.



DFNC Analysis


Sliding Time Window Approach

Dynamic functional network connectivity analyses were investigated with the sliding window approach in GIFT. Resting-state time series data were split into windows of the size of 60 repetition times (∼44 s), convolving a rectangle with a Gaussian and sliding a step with one repetition time. Previous studies have shown that cognitive states could be identified within a window length of 30–60 s, while the topological transformation of the brain network began to stabilize at 30 s (Shirer et al., 2012). Our window length has been testified to provide a good balance between the precision of covariance matrix estimation and the ability of DFNC calculation. Since short time series may have not enough information to represent the full covariance matrix, the inverse covariance matrix was used to estimate covariance in this study (Smith et al., 2011). Further, following the graphic LASSO method, we placed additional 100 repetitions on the L1 norm of the accuracy matrix to advance sparsity (Friedman et al., 2008). To stabilize variance prior to further analysis, Fisher’s z-transformation was used to transform DFNC matrices to z-scores.



Clustering Analysis

Window functional connectivity correlation matrix was calculated using K-means clustering algorithm to obtain the frequency and structure of reoccurring functional connectivity states (Roweis, 1999; Lloyd, 2006). L1 distance (City distance) function, as an effective measure for high-dimensional data, was used for K-means clustering algorithm (Aggarwal et al., 2001). Furthermore, to estimate the optimal number of clusters for group clustering, a cluster number validity analysis was performed on the exemplar windows of all subjects by varying k from 2 to 10. According to the gap criterion of cluster validity index, under a null distribution of a reference, the standardized within-cluster dispersion was expected to merge with within-cluster sum of squares, as well as the silhouette criterion, the similarity between points in other clusters and windows in the same cluster (Peter, 1987; Tibshirani et al., 2001). Given these two predictive criteria, we finally determined that the optimal cluster number was two (k = 2).



Group Differences in DFNC

We evaluated the following temporal properties: (i) fractional windows (the percentage of total time spent by subjects in a given state); (ii) mean dwell time (the time subjects spent in one state without switching to another state); and (iii) number of transitions (the frequency of subjects changing their state). We also tested for differences between groups in DFNC pairs for each connectivity state. Connectivity strength computation of all connectivity pairs in each state (528 pairings; P < 0.05, FDR-corrected) between TLE and HC, and among SF, NSF, and HC were both based on templates available in the GIFT toolbox implemented in MATLAB.




Statistical Analysis

All statistical analyses were performed using SPSS version 22 (IBM Corporation, Armonk, NY, United States). The differences between TLE and HC were tested using a two-sample independent t-test, while between-group differences among the TLE subgroups (SF and NSF) and HC were investigated using the three-level one-way ANOVA. Post hoc t-tests were added in case of significant ANOVA results. Pearson’s Chi-square test was used to compare the categorical variables. The level of significance was p < 0.05 (two-sided significant testing), and multiple comparisons were performed using the false discovery rate (FDR)-corrected.




RESULTS


Demographic and Clinical Characteristics

Sixty-one patients with drug-resistant TLE and 51 HC were included in the whole analysis. There were no significant differences in age and gender. There were a total number of 36 SF patients and 19 NSF patients involved in further subgroup analysis. There were no significant differences between SF and NSF patients under each clinical variable except the interictal EEG (Table 1).



Intrinsic Functional Connectivity Networks

Thirty-three ICs were divided into the following nine networks: CB (IC 7), DAN (IC 82), DMN (IC 7), FPN (ICs 29, 73, 89), LIM (ICs 21, 23, 42, 43, 68, 94), SC (ICs 12, 20, 32, 38, 44, 67), SMN (ICs 4, 10, 22), VAN (ICs 69, 76), and VN (ICs 14, 34, 65, 70, 78, 85). Figure 1A displays the detailed information and spatial maps of ICs. Figure 1B shows the averaged intrinsic functional network connectivity between 33 ICs for 61 patients with TLE as well as 51 HC.
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FIGURE 1. Spatial maps of the 33 intrinsic connectivity networks and the stationary functional connectivity. (A) Independent component networks spatial maps divided into nine functional networks: cerebellum (CB, one component), dorsal attention network (DAN, one component), default mode network (DMN, five components), frontoparietal network (FPN, three components), limbic (LIM, six components), subcutaneous (SC, six components), sensorimotor network (SMN, three components), ventral attention network (VAN, two components), and visual network (VN, six components), based on their anatomical and functional properties. (B) Group averaged static functional network connectivity between independent component pairs computed by the rest state functional MRI data. Connectivity values in the correlation matrix represents the Fisher’s z-transformed Pearson correlation coefficient, averaged over all subjects. IC, independent component.




DFNC Analysis


Clustering Analysis

The optimal criteria for the number of states is shown in Figure 2A. Given these two predictive criterion, the optimal cluster number was determined to the value 2 (k = 2). Figure 2B displays these two functional network connectivity states and their visualized connectivity patterns. We identified two completely distinct functional network connectivity states. As noted in Figure 2B, State I of patients with drug-resistant TLE and HC is a less frequent brain state (overall frequency: 28%, Figure 2B, upper panel), but it has strong positive inter-network connectivity, located mainly between SMN, VN, DAN, and VAN and State II is a more frequent brain state (overall frequency: 72%, Figure 2B, below panel) with within-network connectivity dominating, located mainly within SMN, VN, and DMN. Figure 2C shows the group-specific k-means algorithm results, and as noted above, there were 43 HC (percentage: 84.3%, Figure 2C, upper panel), 28 SF patients (percentage: 71.8%, Figure 2C, middle panel), and 5 NSF patients (percentage: 31.3%, Figure 2C, below panel) who entered State I.
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FIGURE 2. Results of clustering analysis. (A) Gap criterion: the optimal number of clusters as equal to two (k = 2); Silhouette criterion: the optimal number of clusters equal to 2 (k = 2). The clustering algorithm was applied to all participants. (B) Cluster medians matrices for each state. The total number and percentage of occurrences are listed upper each cluster right corner. (C) Dynamic functional network connectivity states for each of the three subgroups. CB, cerebellum; DAN, dorsal attention network; DMN, default mode network; FPN, frontoparietal network; HC, healthy controls; LIM, limbic; NSF, not seizure-free; SC, subcutaneous; SF, seizure-free; SMN, sensorimotor network; VAN, ventral attention network; VN, visual network.




DFNC Strength

In State I, within-network connectivity of VN was weaker in patients with TLE compared to HC (three-level ANOVA: P < 0.05, post hoc t-test: P < 0.05, FDR-corrected). In State II, a stronger inter-network connectivity (DMN-DAN) was observed in SF patients, as well as a stronger within-network connectivity (DMN-DMN) was observed in NSF patients, compared to HC. While SF patients had a weaker connection in VN-VN, NSF had weaker connections in LIM-LIM, VAN-SC, VAN-SMN, and VN-VN (three-level ANOVA: P < 0.05, post hoc t-test: P < 0.05, FDR-corrected) (Figure 3).
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FIGURE 3. Dynamic functional connectivity state results. Subgroup-specific circle plots of significant dynamic functional connectivity differences in each state, where SF and NSF patients had a weaker or stronger connectivity pattern in comparison to the HC. (post hoc t-tests, P < 0.05, FDR-corrected for multiple comparisons). CB, cerebellum; DAN, dorsal attention network; DMN, default mode network; FPN, frontoparietal network; HC, healthy controls; LIM, limbic; NSF, not seizure-free; SC, subcutaneous; SF, seizure-free; SMN, sensorimotor network; VAN, ventral attention network; VN, visual network.




Temporal Properties

Figure 4 shows temporal properties of DFNC for TLE and HC groups, as well as SF patients, NSF patients, and HC. In TLE, State II was more frequently observed than State I (P = 0.039), whereas in HC, State II occurred less frequently and State I more commonly (P = 0.039) compared to patients with TLE. Further, State II was more frequent in NSF than in SF and HC (NSF-SF: P < 0.05, NSF-HC: P < 0.05, FDR-corrected), while the opposite pattern was observed in State I, which was less frequent in NSF than in SF and HC (NSF-SF: P < 0.05, NSF-HC: P < 0.05, FDR-corrected) (Figure 4A).
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FIGURE 4. Temporal properties of DFNC for TLE and HC, and across TLE surgical outcome subgroups. (A) Fractional windows: Percentage of total time subjects spent in each state. (B) Mean dwell time and (C) number of transitions between states. Asterisks indicate statistically significant group differences based on significant post hoc t-tests (P < 0.05, FDR-corrected). HC, healthy controls; NSF, not seizure-free; SF, seizure-free; TLE, temporal lobe epilepsy. *P < 0.05; **P < 0.01; ***P < 0.001.


As exhibited in Figure 4B, significant group differences in mean dwell time between TLE and HC were identified in State I (P < 0.05) and State II (P < 0.05). Subgroup analysis revealed that NSF patients spent significantly less time than SF patients and HC in State I (NSF-SF: P < 0.001, NSF-HC: P < 0.001, FDR-corrected). NSF patients spent more time in State II as compared to SF patients and HC (NSF-SF: P < 0.01, NSF-HC: P < 0.001, FDR-corrected). Patients with TLE changed less frequently between these two states than HC (P = 0.52). Finally, subgroup analysis indicated that NSF group performed fewer transitions than SF group and HC (NSF-SF: P < 0.05, NSF-HC: P < 0.05, FDR-corrected) (Figure 4C). Overall, these DFNC changes suggested that patients with TLE with unsatisfied post-surgical outcomes stay longer in the sparse within-network connectivity state, performed fewer transitions, and had shorter dwelling time in the strong inter-network connectivity state.

Figures 1–3 were created using GIFT toolbox (v3.01). Figure 4 was made using Graph Pad Prism 8.0 software. MATLAB scripts for DFNC computation were based on templates available in the GIFT toolbox.





DISCUSSION

In this present study, we sought to predict post-surgical outcomes based on data derived from the pre-surgical evaluation of patients with drug-resistant TLE. We innovatively applied the DFNC analysis to evaluate the differences between 61 patients with drug-resistant TLE and 51 HC, ranging from favorable and unfavorable surgical outcomes of patients with TLE, putting a particular emphasis on temporal properties (fractional windows, mean dwelling time, and number of transitions), and the brain network connection strength of distinct connectivity states. We identified two different dynamic connectivity states, which were significantly related to surgical outcomes. The most altered temporal variations were observed in NSF patients. Network connection changes were apparent in VN-VN, DMN-DAN, DMN-DMN, LIM-LIM, VAN-SC, and VAN-SMN. In summary, this is the first study to assess dynamic connectivity properties across the TLE surgical outcomes. We believe that DFNC analyses permit the evaluation of time-varying characteristics on the basis of functional connectivity, may reflect the more comprehensive functional capacity of the central nervous system, and thus, it may serve as a potential clinical imaging biomarker of the disease (Deco et al., 2011; Hutchison et al., 2013; Kucyi et al., 2017).

Importantly, we have shown that temporal properties (fractional windows, mean dwelling time, and number of transitions) are altered in patients TLE vs. HC. Furthermore, in patients with poor prognosis, these changes were especially notable. We observed weaker connections in SF and NSF within the VN compared to HC which may indicate that patients with TLE had poor visual information processing ability. However, the mechanism of visual function impairment in TLE is currently not well understood. Previous studies of saccadic eye movements have found a connection between hippocampal activity and visual exploration in rodents (Jutras et al., 2013). Our study had over 70% of the enrolled patients with postoperative pathology confirming unilateral hippocampal sclerosis. A latest study found that the hippocampus may not be limited to a single-working mode of visual memory storage. It may also integrate visual information and interact with the frontoparietal eye movement region to assist in visual exploration, thus improving the efficiency of information acquisition (Bridge et al., 2017). Despite the similarity of our results with previous studies, further investigations of the mechanism on drug-resistant TLE with hippocampal sclerosis-related VN deficits are needed.

Then, we found a stronger connection between the DMN-DAN in SF, and NSF had a stronger connection within the DMN in the segregated state compared to HC. DAN and DMN were distinct functional networks and these two networks operate in an opposite pattern in the human brain (Fox et al., 2005). Besides, the DMN of the epileptic brain was thought to be more likely to transition between states than the healthy brain (Yang et al., 2021). It may suggest that patients with TLE had an overresponse during the dynamic balance of DMN. Our results further confirmed the important position of DMN in TLE networks. Our results have some consistency with previous studies, but there are also have some differences. This condition makes us have the reason to believe that our further disease subgroup analysis in this study could help us to better understand the significance of dynamic changes in the functional network connectivity. We hypothesized that enhanced DMN-DAN connectivity strength in SF patients is a compensatory mechanism that will disappear as the brain network further disrupts. The existence of the dynamic functional connectivity compensation mechanism of preoperative brain networks in patients may predict a better surgical outcome, but this still needs to be confirmed by further studies.

In addition, we detected that NSF had weaker connections in LIM-LIM, VAN-SC, VAN-SMN in State II compared to HC. The interaction of attention-sensorimotor network is important for movement control and skill learning. Unfortunately, patients with TLE suffered from impaired multiple functions due to chronic recurrent seizures (Glickstein, 2000). Coordinating functions of activity within-network and between-network were closely interrelated with key interacting functional networks (Greicius et al., 2003; Fox and Raichle, 2007). Chronic seizures induced a pervasive disturbance of network behavior that may influence the consistency of functional and effective connectivity and lead to the decline of brain overall function (Friston, 2011; Jiang et al., 2018). Previous studies showed that patients with focal epilepsy demonstrated extensive network alterations, including the functional and structural networks’ abnormal intergration (van Diessen et al., 2014). DeSalvo et al. (2020) found that lower overall network integration of preoperative resting-state functional MRI scans was associated with persistent postoperative seizures in patients with TLE. In general, these results explained that the different surgical outcomes detected in TLE may be related to the observed alterations of more extensive within-network and inter-network.

Further, we observed that the overall frequency of State II in patients with TLE occurred more often than in HC, and along with it the appearance of State I was lower. Our results concur with the DFNC research by Liao et al. (2014) who revealed dynamics of functional connectivity, adaptive reconfiguration of functional brain networks, and confirmed the vulnerability of the resting-state functional network in epilepsy. The network reconstruction of patients with TLE is more inclined to increase the intra-network connection and decrease the connections between networks. Moreover, patients with TLE diverged from HC depending on their surgical outcomes. We detected differences among SF, NSF, and HC. This characteristic network reconstruction model was more obvious in NSF patients. Further. post hoc analysis showed that State II was observed more frequently in NSF patients than in SF and HC groups; whereas there was no significant difference between SF patients and HC.

Finally, we found that there were significant differences in DFNC temporal properties between patients with TLE and HC. These diverse temporal properties were particularly evident in NSF patients, who spent the longest time in State II and remained for a minimum amount of time in the strongly inter-network connection State I than SF. There were consistent pieces of evidence which indicated that weak functional connectivity between networks, along with relative increases in functional connectivity within networks, were interpreted as the reduced integration efficiency of the neural network associated with disease expression (Chan et al., 2014; Elman et al., 2016). Moreover, active inter-state transition indicated better functional flexibility (Nomi et al., 2017). Our results implied that patients with TLE, in particular, NSF patients had the inefficient and unstable information flow within/between functional networks as well as the abnormal integration of brain networks. Our results are consistent with the findings in other neurological disorders, such as Alzheimer’s disease, Parkinson’s disease, and schizophrenia, all showing abnormal temporal properties compared to HC (Damaraju et al., 2014; Liu et al., 2017; Lottman et al., 2017; Diez-Cirarda et al., 2018). Aligned with these reports, our observations highly suggested that the temporal properties of functional network connectivity were closely related to surgical outcomes of TLE. Logically, patients with TLE with abnormally temporal variations were less likely to achieve seizure freedom.

There are several limitations of our study that require discussion. First, the small sample size impedes accurate estimates of generalizability. However, our sample is designed to maximize homogeneity to understand a specific population of patients. The proposed relationships with outcomes, therefore, need validation in a larger, independent patient cohort. Second, our data only include a 2-year follow-up and are measured only in yearly increments. More detailed dates of recurrence would improve future studies. Third, our cohort included patients who underwent three different types of surgical treatment. While no difference was detected in the outcome between selective amygdalohippocampectomy vs. anterior lobectomy in a recent study, this should be considered in future validation studies. Finally, we realize that there is a methodological limitation in this study. As none of the 61 patients underwent postoperative MRI scans, the exact amount of excision tissue in these patients could not be measured. However, our research objective was to explore preoperative changes related to surgical outcomes, which could help to guide preoperative evaluation.



CONCLUSION

In summary, this is the first study to evaluate DFNC properties resulting in the TLE surgical outcomes. Significantly, we have demonstrated altered temporal properties (fractional windows, mean dwelling time, and number of transitions) in patients with TLE as compared to HC. Furthermore, in patients with poor prognosis, these changes were especially notable. Specifically, NSF patients have more extensive alterations in DFNC strength within and between networks. Patients with TLE with preoperative abnormal temporal variations were less likely to achieve postoperative seizure freedom. We argue that this research approach, in particular the temporal properties of DFNC, could be a useful imaging biomarker for predicting surgical outcomes in TLE.



DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in the article/Supplementary Material, further inquiries can be directed to the corresponding authors.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by the Ethics Committee of Xiangya Hospital. Written informed consent to participate in this study was provided by the participants’ legal guardian/next of kin.



AUTHOR CONTRIBUTIONS

DG conceived designed, and initialized the study, analyzed the data, organized the figures, and wrote the manuscript. FX managed all parts of the experimental Resting-state fMRI data acquisitions. ZY and DL performed preoperative evaluations as well as surgical operations of drug-resistance TLE patients. LF, DL, ZY, and BX diagnosed the drug-resistance TLE patients and rigorously determined the experimental enrolled patients. RL, CD, and XW assisted with data analysis. LF and RL designed experiments and edited the manuscript. SW and YD assisted with collection and collation of clinical data of TLE patients and managed the follow-up of postoperative patients. All authors contributed to the article and approved the submitted version.



FUNDING

This work was supported by the National Natural Science Foundation of China (Grant Nos. 82071461 and 61906034) and Natural Science Foundation of Hunan Province (Grant No. 2021JJ31060).



ACKNOWLEDGMENTS

We are grateful to all of our research participants, without their patience and cooperation, this work would not be completed. Furthermore, we are grateful to our colleagues at the Department of Neurology, Neurosurgery and Radiology, Xiangya Hospital, Central South University and Key Laboratory for Neuroinformation of Ministry of Education, Center for Information in BioMedicine, School of Life Sciences and Technology, University of Electronic Science and Technology of China for valuable assistances and discussions.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnins.2022.840481/full#supplementary-material


FOOTNOTES

1
http://www.rfmri.org/DPARSF

2
www.fil.ion.ucl.ac.uk/spm

3
http://icatb.sourceforge.net

4
http://afni.nimh.nih.gov/afni


REFERENCES

Aggarwal, C., Hinneburg, A., and Keim, D. A. (2001). “On the surprising behavior of distance metrics in high dimensional space,” in Proceedings of the International Conference on Database Theory, eds J. Van den Bussche and V. Vianu (Berlin: Springer), 420–434. doi: 10.1007/3-540-44503-x_27

Berg, A. T., Berkovic, S. F., Brodie, M. J., Buchhalter, J., Cross, J. H., van Emde Boas, W., et al. (2010). Revised terminology and concepts for organization of seizures and epilepsies: report of the ILAE Commission on Classification and Terminology, 2005-2009. Epilepsia 51, 676–685. doi: 10.1111/j.1528-1167.2010.02522.x

Bonilha, L., Elm, J. J., Edwards, J. C., Morgan, P. S., Hicks, C., Lozar, C., et al. (2010). How common is brain atrophy in patients with medial temporal lobe epilepsy? Epilepsia 51, 1774–1779. doi: 10.1111/j.1528-1167.2010.02576.x

Bonilha, L., Rorden, C., Castellano, G., Pereira, F., Rio, P. A., Cendes, F., et al. (2004). Voxel-based morphometry reveals gray matter network atrophy in refractory medial temporal lobe epilepsy. Arch. Neurol. 61, 1379–1384. doi: 10.1001/archneur.61.9.1379

Bridge, D. J., Cohen, N. J., and Voss, J. L. (2017). Distinct hippocampal versus frontoparietal network contributions to retrieval and memory-guided exploration. J. Cogn. Neurosci. 29, 1324–1338. doi: 10.1162/jocn_a_01143

Buckner, R. L., Andrews-Hanna, J. R., and Schacter, D. L. (2008). The brain’s default network: anatomy, function, and relevance to disease. Ann. N. Y. Acad. Sci. 1124, 1–38. doi: 10.1196/annals.1440.011

Calhoun, V. D., Adali, T., Pearlson, G. D., and Pekar, J. J. (2001). A method for making group inferences from functional MRI data using independent component analysis. Hum. Brain Mapp. 14, 140–151. doi: 10.1002/hbm.1048

Chan, M. Y., Park, D. C., Savalia, N. K., Petersen, S. E., and Wig, G. S. (2014). Decreased segregation of brain systems across the healthy adult lifespan. Proc. Natl. Acad. Sci. U.S.A. 111, E4997–E5006. doi: 10.1073/pnas.1415122111

Cordes, D., Haughton, V. M., Arfanakis, K., Wendt, G. J., Turski, P. A., Moritz, C. H., et al. (2000). Mapping functionally related regions of brain with functional connectivity MR imaging. AJNR Am. J. Neuroradiol. 21, 1636–1644.

Damaraju, E., Allen, E. A., Belger, A., Ford, J. M., McEwen, S., Mathalon, D. H., et al. (2014). Dynamic functional connectivity analysis reveals transient states of dysconnectivity in schizophrenia. Neuroimage Clin. 5, 298–308. doi: 10.1016/j.nicl.2014.07.003

Deco, G., Jirsa, V. K., and McIntosh, A. R. (2011). Emerging concepts for the dynamical organization of resting-state activity in the brain. Nat. Rev. Neurosci. 12, 43–56. doi: 10.1038/nrn2961

DeSalvo, M. N., Tanaka, N., Douw, L., Cole, A. J., and Stufflebeam, S. M. (2020). Contralateral preoperative resting-state functional MRI network integration is associated with surgical outcome in temporal lobe epilepsy. Radiology 294, 622–627. doi: 10.1148/radiol.2020191008

Diez-Cirarda, M., Strafella, A. P., Kim, J., Peña, J., Ojeda, N., Cabrera-Zubizarreta, A., et al. (2018). Dynamic functional connectivity in Parkinson’s disease patients with mild cognitive impairment and normal cognition. Neuroimage Clin. 17, 847–855. doi: 10.1016/j.nicl.2017.12.013

Elman, J. A., Madison, C. M., Baker, S. L., Vogel, J. W., Marks, S. M., Crowley, S., et al. (2016). Effects of beta-amyloid on resting state functional connectivity within and between networks reflect known patterns of regional vulnerability. Cereb. Cortex 26, 695–707. doi: 10.1093/cercor/bhu259

Engel, J. Jr., McDermott, M. P., Wiebe, S., Langfitt, J. T., Stern, J. M., Dewar, S., et al. (2012). Early surgical therapy for drug-resistant temporal lobe epilepsy: a randomized trial. JAMA 307, 922–930. doi: 10.1001/jama.2012.220

Engel, J. Jr., Wiebe, S., French, J., Sperling, M., Williamson, P., Spencer, D., et al. (2003). Practice parameter: temporal lobe and localized neocortical resections for epilepsy. Epilepsia 44, 741–751. doi: 10.1046/j.1528-1157.2003.48202.x

Englot, D. J., Hinkley, L. B., Kort, N. S., Imber, B. S., Mizuiri, D., Honma, S. M., et al. (2015). Global and regional functional connectivity maps of neural oscillations in focal epilepsy. Brain 138(Pt. 8), 2249–2262. doi: 10.1093/brain/awv130

Foldvary, N., Nashold, B., Mascha, E., Thompson, E. A., Lee, N., McNamara, J. O., et al. (2000). Seizure outcome after temporal lobectomy for temporal lobe epilepsy: a Kaplan-Meier survival analysis. Neurology 54, 630–634. doi: 10.1212/wnl.54.3.630

Fox, M. D., and Raichle, M. E. (2007). Spontaneous fluctuations in brain activity observed with functional magnetic resonance imaging. Nat. Rev. Neurosci. 8, 700–711. doi: 10.1038/nrn2201

Fox, M. D., Corbetta, M., Snyder, A. Z., Vincent, J. L., and Raichle, M. E. (2006). Spontaneous neuronal activity distinguishes human dorsal and ventral attention systems. Proc. Natl. Acad. Sci. U.S.A. 103, 10046–10051. doi: 10.1073/pnas.0604187103

Fox, M. D., Snyder, A. Z., Vincent, J. L., Corbetta, M., Van Essen, D. C., and Raichle, M. E. (2005). The human brain is intrinsically organized into dynamic, anticorrelated functional networks. Proc. Natl. Acad. Sci. U.S.A. 102, 9673–9678. doi: 10.1073/pnas.0504136102

Friedman, J., Hastie, T., and Tibshirani, R. (2008). Sparse inverse covariance estimation with the graphical lasso. Biostatistics 9, 432–441. doi: 10.1093/biostatistics/kxm045

Friston, K. J. (2011). Functional and effective connectivity: a review. Brain Connect. 1, 13–36. doi: 10.1089/brain.2011.0008

Galovic, M., van Dooren, V. Q. H., Postma, T. S., Vos, S. B., Caciagli, L., Borzì, G., et al. (2019). Progressive cortical thinning in patients with focal epilepsy. JAMA Neurol. 76, 1230–1239. doi: 10.1001/jamaneurol.2019.1708

Glickstein, M. (2000). How are visual areas of the brain connected to motor areas for the sensory guidance of movement? Trends Neurosci. 23, 613–617. doi: 10.1016/s0166-2236(00)01681-7

Greicius, M. D., Krasnow, B., Reiss, A. L., and Menon, V. (2003). Functional connectivity in the resting brain: a network analysis of the default mode hypothesis. Proc. Natl. Acad. Sci. U.S.A. 100, 253–258. doi: 10.1073/pnas.0135058100

He, X., Doucet, G. E., Pustina, D., Sperling, M. R., Sharan, A. D., and Tracy, J. I. (2017). Presurgical thalamic “hubness” predicts surgical outcome in temporal lobe epilepsy. Neurology 88, 2285–2293. doi: 10.1212/WNL.0000000000004035

Himberg, J., Hyvärinen, A., and Esposito, F. (2004). Validating the independent components of neuroimaging time series via clustering and visualization. Neuroimage 22, 1214–1222. doi: 10.1016/j.neuroimage.2004.03.027

Hutchison, R. M., Womelsdorf, T., Allen, E. A., Bandettini, P. A., Calhoun, V. D., Corbetta, M., et al. (2013). Dynamic functional connectivity: promise, issues, and interpretations. Neuroimage 80, 360–378. doi: 10.1016/j.neuroimage.2013.05.079

Janszky, J., Janszky, I., Schulz, R., Hoppe, M., Behne, F., Pannek, H. W., et al. (2005). Temporal lobe epilepsy with hippocampal sclerosis: predictors for long-term surgical outcome. Brain 128(Pt. 2), 395–404. doi: 10.1093/brain/awh358

Jiang, L. W., Qian, R. B., Fu, X. M., Zhang, D., Peng, N., Niu, C. S., et al. (2018). Altered attention networks and DMN in refractory epilepsy: a resting-state functional and causal connectivity study. Epilepsy Behav. 88, 81–86. doi: 10.1016/j.yebeh.2018.06.045

Jutras, M. J., Fries, P., and Buffalo, E. A. (2013). Oscillatory activity in the monkey hippocampus during visual exploration and memory formation. Proc. Natl. Acad. Sci. U.S.A. 110, 13144–13149. doi: 10.1073/pnas.1302351110

Kucyi, A., Hove, M. J., Esterman, M., Hutchison, R. M., and Valera, E. M. (2017). Dynamic brain network correlates of spontaneous fluctuations in attention. Cereb. Cortex 27, 1831–1840. doi: 10.1093/cercor/bhw029

Liao, W., Zhang, Z., Mantini, D., Xu, Q., Ji, G. J., Zhang, H., et al. (2014). Dynamical intrinsic functional architecture of the brain during absence seizures. Brain Struct. Funct. 219, 2001–2015. doi: 10.1007/s00429-013-0619-2

Liu, F., Wang, Y., Li, M., Wang, W., Li, R., Zhang, Z., et al. (2017). Dynamic functional network connectivity in idiopathic generalized epilepsy with generalized tonic-clonic seizure. Hum. Brain Mapp. 38, 957–973. doi: 10.1002/hbm.23430

Lloyd, S. (2006). Least squares quantization in PCM. IEEE Trans. Inform. Theory 28, 129–137. doi: 10.1109/tit.1982.1056489

Lottman, K. K., Kraguljac, N. V., White, D. M., Morgan, C. J., Calhoun, V. D., Butt, A., et al. (2017). Risperidone effects on brain dynamic connectivity-a prospective resting-state fMRI study in schizophrenia. Front. Psychiatry 8:14. doi: 10.3389/fpsyt.2017.00014

Morgan, V. L., Englot, D. J., Rogers, B. P., Landman, B. A., Cakir, A., Abou-Khalil, B. W., et al. (2017). Magnetic resonance imaging connectivity for the prediction of seizure outcome in temporal lobe epilepsy. Epilepsia 58, 1251–1260. doi: 10.1111/epi.13762

Muhlhofer, W., Tan, Y. L., Mueller, S. G., and Knowlton, R. (2017). MRI-negative temporal lobe epilepsy-What do we know? Epilepsia 58, 727–742. doi: 10.1111/epi.13699

Nomi, J. S., Vij, S. G., Dajani, D. R., Steimke, R., Damaraju, E., Rachakonda, S., et al. (2017). Chronnectomic patterns and neural flexibility underlie executive function. Neuroimage 147, 861–871. doi: 10.1016/j.neuroimage.2016.10.026

Ozkara, C., Uzan, M., Benbir, G., Yeni, N., Oz, B., Hanoğlu, L., et al. (2008). Surgical outcome of patients with mesial temporal lobe epilepsy related to hippocampal sclerosis. Epilepsia 49, 696–699. doi: 10.1111/j.1528-1167.2007.01503.x

Peter, R. J. (1987). Silhouettes: a graphical aid to the interpretation and validation of cluster analysis. J. Comput. Appl. Math. 20, 53–65. doi: 10.1016/0377-0427(87)90125-7

Radhakrishnan, K., So, E. L., Silbert, P. L., Jack, C. R. Jr., Cascino, G. D., Sharbrough, F. W., et al. (1998). Predictors of outcome of anterior temporal lobectomy for intractable epilepsy: a multivariate study. Neurology 51, 465–471. doi: 10.1212/wnl.51.2.465

Roweis, S. (1999). EM algorithms for PCA and SPCA. Neural Inform. Process. Syst. 10, 626–632.

Shirer, W. R., Ryali, S., Rykhlevskaia, E., Menon, V., and Greicius, M. D. (2012). Decoding subject-driven cognitive states with whole-brain connectivity patterns. Cereb. Cortex 22, 158–165. doi: 10.1093/cercor/bhr099

Smith, S. M., Miller, K. L., Salimi-Khorshidi, G., Webster, M., Beckmann, C. F., Nichols, T. E., et al. (2011). Network modelling methods for FMRI. Neuroimage 54, 875–891. doi: 10.1016/j.neuroimage.2010.08.063

Specht, U., May, T., Schulz, R., Rohde, M., Ebner, A., Schmidt, R. C., et al. (1997). Cerebellar atrophy and prognosis after temporal lobe resection. J. Neurol. Neurosurg. Psychiatry 62, 501–506. doi: 10.1136/jnnp.62.5.501

Szaflarski, J. P., Bebin, E. M., Cutter, G., DeWolfe, J., Dure, L. S., Gaston, T. E., et al. (2018). Cannabidiol improves frequency and severity of seizures and reduces adverse events in an open-label add-on prospective study. Epilepsy Behav. 87, 131–136. doi: 10.1016/j.yebeh.2018.07.020

Tibshirani, R., Walther, G., and Hastie, T. (2001). Estimating the number of clusters in a data set via the gap statistic. J. R. Stat. Soc. B Stat. Methodol. 63, 411–423. doi: 10.1111/1467-9868.00293

van Diessen, E., Zweiphenning, W. J., Jansen, F. E., Stam, C. J., Braun, K. P., and Otte, W. M. (2014). Brain network organization in focal epilepsy: a systematic review and meta-analysis. PLoS One 9:e114606. doi: 10.1371/journal.pone.0114606

Yang, S., Zhang, Z., Chen, H., Meng, Y., Li, J., Li, Z., et al. (2021). Temporal variability profiling of the default mode across epilepsy subtypes. Epilepsia 62, 61–73. doi: 10.1111/epi.16759

Yeo, B. T., Krienen, F. M., Sepulcre, J., Sabuncu, M. R., Lashkari, D., Hollinshead, M., et al. (2011). The organization of the human cerebral cortex estimated by intrinsic functional connectivity. J. Neurophysiol. 106, 1125–1165. doi: 10.1152/jn.00338.2011


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Guo, Feng, Yang, Li, Xiao, Wen, Du, Deng, Wang, Liu and Xie. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.











	 
	ORIGINAL RESEARCH
published: 27 April 2022
doi: 10.3389/fnins.2022.872848





[image: image]

Estimating High-Order Brain Functional Networks in Bayesian View for Autism Spectrum Disorder Identification

Xiao Jiang1,2†, Yueying Zhou3†, Yining Zhang1, Limei Zhang1,4, Lishan Qiao1,4* and Renato De Leone2*

1School of Mathematics Science, Liaocheng University, Liaocheng, China

2School of Science and Technology, University of Camerino, Camerino, Italy

3College of Computer Science and Technology, Nanjing University of Aeronautics, Nanjing, China

4School of Computer Science and Technology, Shandong Jianzhu University, Jinan, China

Edited by:
Zhengxia Wang, Hainan University, China

Reviewed by:
Benzheng Wei, Shandong University of Traditional Chinese Medicine, China
Linling Li, Shenzhen University, China
Jun Wang, Shanghai University, China

*Correspondence: Lishan Qiao, qiaolishan@lcu.edu.cn; Renato De Leone, renato.deleone@unicam.it

†These authors have contributed equally to this work and share first authorship

Specialty section: This article was submitted to Brain Imaging Methods, a section of the journal Frontiers in Neuroscience

Received: 10 February 2022
Accepted: 31 March 2022
Published: 27 April 2022

Citation: Jiang X, Zhou Y, Zhang Y, Zhang L, Qiao L and De Leone R (2022) Estimating High-Order Brain Functional Networks in Bayesian View for Autism Spectrum Disorder Identification. Front. Neurosci. 16:872848. doi: 10.3389/fnins.2022.872848

Brain functional network (BFN) has become an increasingly important tool to understand the inherent organization of the brain and explore informative biomarkers of neurological disorders. Pearson’s correlation (PC) is the most widely accepted method for constructing BFNs and provides a basis for designing new BFN estimation schemes. Particularly, a recent study proposes to use two sequential PC operations, namely, correlation’s correlation (CC), for constructing the high-order BFN. Despite its empirical effectiveness in identifying neurological disorders and detecting subtle changes of connections in different subject groups, CC is defined intuitively without a solid and sustainable theoretical foundation. For understanding CC more rigorously and providing a systematic BFN learning framework, in this paper, we reformulate it in the Bayesian view with a prior of matrix-variate normal distribution. As a result, we obtain a probabilistic explanation of CC. In addition, we develop a Bayesian high-order method (BHM) to automatically and simultaneously estimate the high- and low-order BFN based on the probabilistic framework. An efficient optimization algorithm is also proposed. Finally, we evaluate BHM in identifying subjects with autism spectrum disorder (ASD) from typical controls based on the estimated BFNs. Experimental results suggest that the automatically learned high- and low-order BFNs yield a superior performance over the artificially defined BFNs via conventional CC and PC.

Keywords: brain functional network, high-order network, Pearson’s correlation, Bayesian statistics, matrix-variate normal distribution, autism spectrum disorder


INTRODUCTION

Resting-state functional magnetic resonance imaging (rs-fMRI)-based brain functional network (BFN) analysis without a specific task, has shown a great potential to discover biomarkers for identifying neurological/mental disorders, such as autism spectrum disorder (ASD) (Wang et al., 2019), major depressive disorder (MDD) (Long et al., 2020), schizophrenia (Ariana and Cohen, 2013), Parkinson’s disease (PD) (Baggio et al., 2014), Alzheimer’s disease (AD) (Hahn et al., 2013), and its early stage, namely, mild cognitive impairment (MCI) (Jiang et al., 2019). However, the identification of brain disorders based on the BFN remains a critical challenge, since its great performance depends on multiple interactive factors including reasonable brain parcellation, well-parametrized network estimation, discriminative feature selection/extraction, and powerful classifier design (Dadi et al., 2019; Pervaiz et al., 2020). Instead of considering all these aspects that have been empirically evaluated in recent studies (Dadi et al., 2019; Pervaiz et al., 2020), in this paper, we mainly focus on the BFN estimation issue. Recently, more advanced studies (Yu et al., 2017; Zhang et al., 2017; Mahjoub et al., 2018) have proposed the brain functional connectivity representations for estimating BFN at different connectivity levels, including low-order, high-order, etc. Low-order methods are designed to characterize the synchronization of blood oxygen level dependent (BOLD) signals and are insufficient to characterize a high level of interaction. Recent literature (Chen et al., 2016; Zhang et al., 2016) presented high-order methods to measure the relationship between the BFN connectivity. This paper specifically aims to capture the brain connectivity that is supposed to exist in a higher-order form.

Owing to its non-invasiveness and easy reproducibility, rs-fMRI (Wang et al., 2020) has become a widely used technique to estimate BFN whose nodes correspond to spatial regions of interest (ROIs) and edges describe the relationship (e.g., similarity, correlation, synchronism, etc.) between the rs-fMRI signals associated with these ROIs. In the past decades, researchers have developed many BFN estimation methods, including Pearson’s correlation (PC) (Biswal et al., 1995; Eguiluz et al., 2005), partial correlation (Marrelec et al., 2006), regularized full/partial correlation (Friedman et al., 2008; Jie et al., 2009; Li et al., 2017), structural equation modeling (Mclntosh and Gonzalez-Lima, 1994), and dynamic causal modeling (Friston et al., 2003), etc. According to a recent comparative study (Smith et al., 2013), the correlation-based approaches are “quite successful” for estimating informative BFNs. Particularly, PC is the fundamental and most widely used correlation-based method for BFN estimation. Despite its empirical effectiveness, PC only considers a pair of ROIs at a time, and thus suffers the confounding effect from other ROIs. Partial correlation can tackle this problem by regressing out the confounding variables. However, that may lead to an ill-posed estimation since the partial correlation is usually calculated by inverting a covariance matrix that may be singular. In practice, a regularizer is generally introduced into the partial correlation model, which not only deals with the ill-posed problem but also provides a natural way to introduce topological priors of the brain network into the estimation models. Specifically, L1-norm is commonly used to encode the sparsity prior of the BFN (Lee et al., 2011), a weighted version of the L1-norm to capture the hub structure (prior) (Li et al., 2017), the L2,1-norm to model group sparsity (or population prior) that imposes all the subjects share the same BFN topology (Zhang, 2010), and a combination of L1-norm with trace-norm to encode the modularity (prior) of the BFN (Qiao et al., 2016), to just name a few.

No matter which prior or regularizer is introduced, most of the correlation-based methods only estimate low-order BFNs whose edges are the full or partial correlation of the rs-fMRI time series. Beyond these traditional low-order correlations, researchers found that some forms of high-order correlations may contain useful feature information for BFN analysis and classification (Chen et al., 2016; Zhang et al., 2016; Zhou et al., 2018a,b). For example, Chen et al. (2016) defined the high-order correlation as the dependency between functional connectivity fluctuation, with clustered mean correlation time series as input. Different from characterizing a temporal correlation, Zhang et al. (2016) proposed to construct the high-order BFN to examine spatial properties of the functional connectivity network. Specifically, such a scheme is achieved by two sequential PC operations, where the first PC operation is used to construct a traditional low-order BFN, and the ensuing PC operation is conducted on the edge weights of the estimated BFN to generate the high-order BFN. Despite encoding the network information from different dimensions, the above methods are uniformly called correlation’s correlation (CC) (Zhang et al., 2017) since they both involve two PC operations in the high-order BFN construction. However, the CC-based high-order BFNs are estimated intuitively and heuristically without the support of any strong theoretical basis.

Toward a better understanding of CC, in this paper, we reformulate it in the Bayesian framework with a prior that the low-order BFN follows the matrix-variate normal (MVN) distribution. As a result, we obtain a probabilistic explanation for CC and develop a new method that both learns low- and high-order BFNs from data based on the rigorous theoretical framework. In brief, we summarize the main contributions of this paper as follows.


1.We reformulate PC from a statistical point of view. Based on this, a regularized statistical framework is derived by introducing Gaussian distribution to the error term, which provides a more flexible modeling idea.

2.A mathematical model for a high-order learning method based on CC is developed by assuming the adjacency matrix of low-order brain networks follows an aprior normal distribution.

3.Based on the probabilistic framework derived above, an automatic learning model, namely, BHM, is proposed. Compared with the traditional high-order network learning method (i.e., CC), the model simultaneously learns low-order and high-order brain networks. In the learning process, the direct information of the low-order network and the indirect information of the high-order network complement each other toward more reliable/discriminative brain networks.

4.Finally, we empirically verify that the automatically learned BFNs outperform the artificially defined ones via CC and other baselines in the identification of ASD, even with a simple feature selection method and classifier.



For a consistent expression throughout the paper, we first describe the basic notations as follows. Scalars involving the variables, parameters, and constants are denoted by italic lowercase letters, e.g., x. Vectors are denoted by bold lowercase letters and the elements inside are stored in a column, e.g., x = (x1, x2, ⋯, xn)T. Matrices are denoted by bold uppercase letters such as X.

The rest of the paper is organized as follows. In Section “Related Works,” we review the related works including PC, sparse representation (SR), and CC. In Section “High-Order Correlation Learning,” we first introduce a theoretical framework for explaining CC and then develop a new framework for learning high-order BFN by reformatting CC in a view of the maximal posterior probability. In Section “Experiments and Results,” we conduct experiments to evaluate the discrimination of the automatically learned high-order BFNs. In Section “Discussions,” we discuss the main findings. Finally, the conclusion are reported in Section “Conclusion.”



RELATED WORKS

In this section, we review three related works: PC, SR, and CC. As discussed previously, PC and SR are used to construct the traditional low-order BFNs, while CC as a two-step sequential PC method is used to estimate the high-order BFNs.


Pearson’s Correlation

Suppose xi is the multivariate random variable (random vector) associated with the ith ROI. Then, the observed rs-fMRI signals1 xi = (x1i, x2i, ⋯, xni)T, i = 1, 2, ⋯, p can be considered as a sampling of the multivariate random variable (or population) xi, where p is the number of ROIs and n is the number of time points. Since our goal is to estimate the edge weights of the BFN, the simplest and empirically effective way is to calculate the sample PC coefficient [image: image] of pair-wise ROIs, as follows.

[image: image]

where [image: image] is the mean vector corresponding to xi. Under Gaussian assumption, Eq. 1 gives an asymptotically unbiased estimation for the population PC coefficient. Without loss of generality, we redefine [image: image]. Then, the estimator of population PC coefficient can be simplified as follows:

[image: image]

where X = [x1, x2, ⋯, xp] is the rs-fMRI data matrix whose columns are the rs-fMRI time series associated with different ROIs. Therein, [image: image] is the generalized estimator in matrix form.



Sparse Representation

Sparse representation is one of the commonly used methods for calculating partial correlation among ROIs. A regularization term encoding sparsity prior is introduced into the BFN

estimation model. Specifically, the mathematical model of SR is given by:

[image: image]

where W is the edge weight matrix of BFN.

Similar to PC, we can rewrite SR in matrix form:

[image: image]

[image: image]

where the constraint wii = 0 plays a role in removing xi from X to avoid the trivial solution.



Correlation’s Correlation

Despite its popularity and effectiveness, the traditional PC can only construct the low-order BFN. That is, the connection between two ROIs is determined by the correlation of the corresponding rs-fMRI time series. However, in practice, a connection can be described in both low-order and high-order views. For example, we can directly define a connection between ROI i and j if there is a relationship. Besides, if ROIs i and j are connected to the same brain region, we can infer with a great possibility that there is a connection between ROI i and j. The former corresponds to the correlation in the traditional low-order view, while the latter can be considered as CC in a high-order perspective. This results can be achieved by a two-step procedure. First, the low-order BFN is estimated via PC. According to the formula in Eqs 1 or 2, the adjacency matrix [image: image] of the PC-based BFN can be calculated as follows.

[image: image]

where [image: image] and [image: image] are the ith and jth columns of [image: image], respectively. For simplicity, in Eq. 5, [image: image] and [image: image] has been centralized and normalized as the case in Eq. 2. As a result, the CC-based high-order BFN is defined as follows,

[image: image]




HIGH-ORDER CORRELATION LEARNING

As described previously, CC constructs the high-order BFN based on two sequential correlation operations. Despite its empirical effectiveness in identifying neuro-disorders (Chen et al., 2016; Zhang et al., 2016), CC is a measure defined intuitively without a clear mathematical/probabilistic explanation. Therefore, in this section, we will construct a more rigorous mathematical model for CC, in order to provide a better understanding of the CC-based high-order BFN.

Since CC is based on the PC variant, in the following Section “Pearson’s Correlation-Based Brain Functional Network Learning Framework in Bayesian View,” we first reformulate PC into a more flexible BFN estimation framework. Then, based on the framework, we establish a theoretical model for CC in Section “Learning High-Order Brain Functional Network With a Matrix-Normal Penalty.” Finally, we design an algorithm for learning the high-order BFN based on the theoretical model of CC in Section “Algorithm”.


Pearson’s Correlation-Based Brain Functional Network Learning Framework in Bayesian View

As we know, PC is a measure of the linear correlation between pair-wise rs-fMRI time series associated with the ROIs. In other words, a time series xi = (x1i, x2i, ⋯, xni)T can be linearly represented by other time series xj = (x1j, x2j, ⋯, xnj)T as

[image: image]

where aij is the representative coefficient, and εi = (ε1i, ε2i, ⋯, εni)T is the random error vector. That is, for each variable, we have:

[image: image]

Generally, we assume that the random variable εki follows a normal distribution with mathematical expectation 0, i.e., εki∼𝒩(0, σ2). Therefore, given xkj and aij are constants, xki follows the normal distribution xki∼𝒩(aijxkj, σ2). Then, The following formula can be obtained by the maximum likelihood estimation of xki (see Appendix A for details).

[image: image]

Note that Eq. 9 can be equivalently written as the following least-squares problem:

[image: image]

The optimal solution to Problem (10) is given by [image: image], considering that all of time series xi, i = 1, 2, ⋯, p have been normalized by [image: image]. This means that the solution of Eqs 9, 10 is the same as PC shown in Eq. 2. Therefore, in what follows, we only use wij instead of aij for the consistency of mathematical notations.

To provide a more flexible framework for BFN estimation, we further generalize PC in Bayesian view by introducing a prior distribution on wij. Although various distributions can be used as the prior, here we first consider the standard normal distribution, i.e., wij∼𝒩(0,1), since it provides a basis for understanding more complex cases. However, in practice, the entries wij in W may not be apriori independent of each other, but exist a relationship. Due to wij∼𝒩(0,1), the edge weight wij of BFN has the following prior probabilistic density:

[image: image]

Next, a maximal posterior estimation of wij (see Appendix B for details) can be obtained as follows,

[image: image]

The above problem is equivalent to the regularized least-squares problem:

[image: image]

where λ = σ2 in the case of standard normal distribution. In practice, [image: image] is a hyper-parameter that controls the balance between the two terms in Eq. 13, where [image: image] corresponds to the variance of normal distribution of the edge weight wij. Setting the gradient of the objective function to zero, we obtain the optimal solution of Eq. 13 as follows:

[image: image]

We find that it is a shrinkage of the original estimation of PC which helps remove the weak connections in BFN.

Note that Eq. 13 only considers finding one edge weight at a time. Without loss of generality, with the assumption that the variables wij in W are independent, we can rewrite Eq. 13 in the following matrix form:

[image: image]

where [image: image] is the trace operator of WWT. As a result, we achieve the estimation of BFN in a batching way as follows,

[image: image]

This formula is essentially a generalization of Eq. 2 with a shrinkage factor (1+λ)−1. When λ+0, Eq. 16 reduces to the traditional PC.



Learning High-Order Brain Functional Network With a Matrix-Normal Penalty

In Section “Pearson’s Correlation-Based Brain Functional Network Learning Framework in Bayesian View,” we reformulate PC and then generalize it in Bayesian view by introducing a standard normal prior wij∼𝒩(0,1) for each pair of ROIs (i, j), i, j = 1, 2, ⋯, p. However, in practice, the entries wij in W may not be apriori independent of each other, but exist a relationship. Even so, Section “Pearson’s Correlation-Based Brain Functional Network Learning Framework in Bayesian View” provides a flexible probabilistic framework to develop new brain network estimation methods. Inspired by this point, we lay down theoretical support for CC from the Bayesian perspective. More importantly, instead of assuming that wij in W are independent, we propose a Bayesian high-order model (BHM) for BFN estimation by introducing the prior of matrix-variate normal distribution to the low-order BFN W. BHM learns the high-order relationship from the data automatically, rather than manually define as the case in CC. Interestingly, such a scheme can simultaneously learn low-order and high-order BFNs by considering the spatial structure of network connections. To distinguish the low-order and high-order correlations, an illustration is shown in Figure 1. The connections among wij can be considered as a high-order correlation hij,kl, while wij denotes the traditional low-order linear correlation between ROIs.


[image: image]

FIGURE 1. The diagram of low- and high-order connections.



Model

Since we can vectorize the low-order edge weight matrix W into a p2 = 1 vector, the low- and high- order correlation can be modeled by a multivariate normal distribution, vec(W∼)𝒩(O, Ω), where W encodes the low-order relationship and Ω ∈ Rp2 = p2 is the covariance matrix for modeling the relationship between the entries in W. Despite the theoretical feasibility for encoding the high-order relationship, W-vectorization ignores its spatial structure as a matrix. Even worse, the estimation of Ω is extremely challenging due to its high dimension. Such a scale not only goes beyond the storage ability of the general memory (Specifically, in our experiment, p is 160, which takes up about 4.9 GB storage), but also may lead to the overfitting problem. Therefore, we further assume that the covariance matrix Ω has the Kronecker product decomposition (Gupta and Nagar, 2000), i.e., Ω = Ω1⊗Ω2, where Ω1 and Ω2 denote the row and column covariance matrices, respectively. That is, W follows the distribution W∼ℳ𝒩(O, Ω1⊗Ω2). As described earlier, in this paper, we mainly focus on correlation-based methods that generally result in the symmetric BFN. Therefore, the row and column covariance matrices of W are the same, i.e., Ω1 = Ω2, and without loss of generality, we define Ω≜Ω1 = Ω2. As a result, the matrix-variate normal distribution (Gupta and Nagar, 2000) of the low-order BFN W has a probability density:

[image: image]

Similar to the formulation in Eqs 11–16, we take Eq. 17 as a prior distribution of low-order network W. Then, we can formulate the posterior probability of W based on the Bayesian rule (see Appendix C for details). By maximizing the posterior probability, the low- and high-order BFN mutual learning model can be obtained as follows:

[image: image]

where W is the Bayesian low-order BFN, Ω corresponds to the Bayesian high-order BFN, p is the number of ROIs, and λ is a hyper-parameter that controls the balance between the two terms in the objective function.



Algorithm

The alternating optimization (AO) scheme (Bezdek and Hathaway, 2002) is employed to solve Problem (18). More specifically, we first initialize the low-order BFN using the PC estimator, i.e., [image: image], and then alternatively optimize W and Ω.

Step 1 Fix W and solve Ω. The optimization problem is

[image: image]

which can be solved by the following iterative formula (Dutilleul, 1999; Zhang and Schneider, 2010)

[image: image]

Note that, by initializing Ω = I in Eq. 20, at the first iteration, we obtain Ω = WTW, which reduces to the traditional CC, as [image: image] defined in Eq. 6. In other words, the traditional CC is only a rough estimation of the theoretical value at the first iteration. We can continue the iteration toward a more accurate estimation of Ω. In fact, with the estimated Ω, we can further update W according to the AO scheme. In practice, we generally add a small quantity δI to Eq. 20 for a more stable numerical solution where δ is a small positive constant.

Step 2 Fix Ω and solve W. The optimization problem is

[image: image]

With the fixed Ω, the gradient of Eq. 21 with respect to W is

[image: image]

Setting the gradient equal to zero, we obtain:

[image: image]

We summarize the algorithm for solving Problem (18) in Algorithm 1.


ALGORITHM 1: Estimating BFN with BHM model.

[image: image]







EXPERIMENTS AND RESULTS


Data Acquisitions and Processing

To evaluate the effectiveness of the proposed BHM, we conduct experiments on Autism Brain Imaging Data Exchange (ABIDE) database. The objective is to identify subjects with ASD from typical controls (TCs). Considering the heterogeneity of multi-site data, we only use data from the NYU site in our study. The dataset includes 184 subjects (79 ASD patients and 105 TCs). The detailed scan procedures and protocols are described on the ABIDE website.2 The demographic information of all participants is summarized and displayed in Table 1.


TABLE 1. Demographic information of the used dataset.

[image: Table 1]
All rs-fMRI images were acquired using a standard echo-planar imaging sequence on a clinical routine 3T Siemens Allegra scanner. During the 6-min rs-fMRI scanning procedure, most subjects were required to relax with their eyes focusing on a white fixation cross in the middle of the black background screen projected on a screen. A few participants close their eyes. The functional scan parameters include the flip angle = 90°, 33 slices, TR/TE = 2000/15 ms with 180 volumes, FOV = 240 mm and voxel size = 3 ×3 ×4 mm3. The rs-fMRI data were preprocessed by DPARSF3 software. Specifically, to avoid the interference of early signal instability, the first 5 rs-fMRI volumes of each subject were discarded. The remaining volumes were calibrated as follows: (1) Slice timing correction and head motion correction; (2) Regression of nuisance signals (ventricle, white matter) and head-motion with Friston 24-parameter model (Friston et al., 1996); (3) Normalization and register to MNI space with resolution of 3 3 3 mm3; (4) Segmentation using DATTEL; (5) Spatial smoothing by a kernel of 6 mm. After that, since our focus is functional connectivity, the rs-fMRI time series signals were partitioned into 160 ROIs, according to the functional atlas Dosenbach 160 (Dosenbach et al., 2010). Finally, the mean time series of the ROI were put into a data matrix X ∈ R175=160, which will be used for the subsequent BFN estimation.



Brain Functional Network Construction, Feature Selection, and Classification

With the preprocessed rs-fMRI data, we estimate the low- and high-order BFNs using the proposed method, i.e., Bayesian low-order Network W and Bayesian high-order Network Ω, respectively. For comparison, we also choose PC, SR, and traditional CC as baseline methods to construct BFNs.

Once the BFNs are constructed, the next step is feature selection and classification. In our study, we directly use edge weights of the estimated BFN as features for ASD identification. Despite its simplicity (without complex feature design), such a scheme easily causes the curse of dimensionality due to limited sample size. As described previously, the number of ROIs is 160 and thus the estimated feature edges are 160=(160−1)/2=12720, which is far greater than the sample size (i.e., the number of subjects 184). To alleviate the problem of small sample size, we adopt a two-sample t-test with an empirically fixed p values to select features before ASD classification. In our experiments, we evaluate five candidate parametric values of p, that is [0.001,0.005,0.01,0.05,0.1]. The specific parameter analysis results are given in Section “Sensitivity to Network Modeling Parameters.”

To perform the following classification task, we use a linear support vector machine (SVM) (Chang and Lin, 2011) with default C = 1 as the classifier. To evaluate the model, we adopt leave-one-out cross-validation (LOOCV) in our experiments due to the limited data samples. Specifically, a LOOCV works in each run and only one sample is used to test while the rest are used to train a classifier. The final performance is obtained by the averaged results of all the runs. Note that the model parameters are involved in certain methods, including SR and BHM. Therefore, we additionally adopt an inner LOOCV procedure on the training data to obtain the optimal parametric value. Specifically, for SR, the regularization parameter λ is set to [2−2, 2−1, 20, 21, 22]. For the proposed BHM, the regularization parameter λ is set to [0.0001, 0.001, 0.01, 0.1, 1]. To be consistent with the number of parameters in other methods, the coefficient δ of the perturbation involved in Eq. 20 is set to 0.1 empirically.



Classification Results

To evaluate the classification results of different methods, we use accuracy (ACC), sensitivity (SEN), specificity (SPE) as performance metrics. The definition of these quantities are reported in Table 2. Note that, in this work, we treat ASD patients as the positive class while the NCs as the negative class.


TABLE 2. Different performance metrics.

[image: Table 2]
In Table 3, we report the ASD classification results of five methods. It can be observed that the Bayesian low-order network (BHM-W) and Bayesian high-order network (BHM-Ω) constructed by the proposed BHM perform better than the BFNs constructed by the traditional PC and CC, respectively. Moreover, BHM-Ω achieves the best performance. Besides, the high-order BFNs (traditional CC and BHM-Ω) are associated with better recognition performance when they are compared with the baseline methods PC, SR, and BHM-W. This means that the high-order network structure can provide more helpful information for BFN analysis to some extent. Furthermore, for two corresponding low-order methods, the performance of the traditional PC and BHM-W are approximately similar whereas BHM-W has slightly better accuracy than the traditional PC. This may benefit from the guidance information provided by the Bayesian high-order network Ω in the optimization process.


TABLE 3. The classification results based on five different methods for ASD identification.

[image: Table 3]



DISCUSSION


Brain Functional Network Visualization

To evaluate the BFNs estimated by different methods, we randomly select a subject and visualize the BFNs constructed by PC, SR, CC, BHM, as shown in Figure 2. Specifically, the different colors of Figure 2 indicate different weights of the edge weights matrix (i.e., the BFN), ranging from −1 to 1. It is observed that: (1) Compared with SR, the BFNs estimated by the correlation-based methods (i.e., PC, CC, BHM) are denser since the sparsity prior is introduced into SR. (2) There are fewer areas of cold colors in the PC network heatmap, implying that the edges with the negative weights are less. (3) Compared with PC, CC’s network heatmap shows a sharper distinction between the areas of warm and cold colors, indicating that the positive edge weights of CC’s BFN are larger and the negative edge weights are smaller. (4) The BHM-W estimated from the Bayesian perspective has a greater distinction between positive and negative edge weights than PC. (5) The BHM-Ω as a Bayesian version of the traditional CC tends to produce a greater distinction between positive and negative edge weights than CC. Combined with the fact that the high classification accuracy of the BHM method, we can infer that the negative edge weights of BFN also have important information for classification. (6) The BFNs based on the correlation methods show a degree of consistency., as shown in the black box in Figure 2. Similar structures appear in the four BFNs estimated by PC, CC, BHM, which can provide certain support for the reliability of the three correlation methods. In addition, we cluster the brain regions using spectral clustering (Ng et al., 2001) and visualize the clustered adjacency matrices of these 5 methods in Figure 3. It is observed that the BFN estimated by BHM-Ω shows a more significant modular structure.


[image: image]

FIGURE 2. The BFN adjacency matrices of different methods. The patches marked by the black box are the consistent part of the network constructed by different methods.



[image: image]

FIGURE 3. Five clustered edge weight matrices of the same subject estimated by different methods.




Sensitivity to Network Modeling Parameters

As stated earlier, some methods including SR and BHM involve optional model parameters. Different parameter values may have a significant impact on the results. Therefore, we calculate the accuracy of different methods under different parameter values, as shown in Figure 4. It is worth noting that, traditional PC and CC models do not involve optional parameters. However, for comparison, we fix their values with the final classification accuracy in Figure 4 for visualization. We can observe that BHM-Ω and BHM-W are quite sensitive to the parameters. When λ in BHM is set to a large real number, the accuracy of BHM-Ω decreases, which may be because the large value of λ, the algorithm has difficulties to converge. Besides, the accuracy of BHM-W increases as λ increases. For this, we empirically tested a larger lambda range [2−5, 2−4, ⋯, 20, ⋯, 24, 25] and find that as λ continues to increase, the accuracy decreases, which is consistent with the performance of BHM-Ω. Moreover, SR is not sensitive to different parameter values, but its accuracy performs average in general.


[image: image]

FIGURE 4. Classification accuracy of ASD identification based on 5 BFNs estimated by PC, CC, SR, and BHM with 5 different parametric values. Although PC and CC have no optional parameters, in order to facilitate comparison, we visualize the accuracy of PC and CC in the left chart.


Considering that different p-values significantly influence the results, we show the classification accuracies of 5 methods under different p-values in Figure 5. Note that all 5 methods are sensitive to different p-values. We selected the optimal parameter value for feature selection, so that different methods can get the best classification performance.


[image: image]

FIGURE 5. Classification accuracy of ASD identification based on 5 BFNs estimated by PC, CC, SR, and BHM for 5 different p-values.




Top Discriminative Features

In this work, for the ASD classification task, we use the edge weights of the estimated BFN as features. With the empirically optimal parameter, we construct the BFNs using the proposed BHM, then apply a two-sample t-test to rearrange the features according to the p-values. Particularly, we choose the BHM-Ω since it outperforms the BFNs estimated by the other methods. As a result, we obtain the discriminative edge connections with a threshold value p < 0.001 as shown in Figure 6. Here, the thickness of each arc represents the discriminative power that is inversely proportional to the corresponding p-value. The colors of each arc are assigned randomly for better visualization.


[image: image]

FIGURE 6. The most discriminative edge features of the BHM-Ω involved in the ASD classification task by using a t-test (p < 0.001). This figure is created by the circularGraph tool, which is designed by Paul Kassebaum and can be downloaded from http://www.mathworks.com/matlabcentral/fileexchange/48576-circulargraph.


In Figure 6, the top discriminative features and the corresponding brain regions, that may contribute to ASD identification include occipital lobe, post-cingulate, dorsal frontal cortex, inferior parietal lobule, precuneus, anterior prefrontal cortex, lateral cerebellum, temporal lobe, fusiform gyrus, mid insula, etc. in order of discriminant ability. The findings are consistent with previous studies (Nickl-Jockschat et al., 2012; Hashem et al., 2020; Lau et al., 2020). We visualize the ROIs using the Brainmesh of Ch2 with Cerebellum in Figure 7, where the size of node spheres depends on the original value in the node file provided by the Dosenbach 160 template.


[image: image]

FIGURE 7. The full view of most relevant ROI associated with the ASD classification task based on BHM-Ω. This visualization is created using the BrainNet Viewer (https://www.nitrc.org/projects/bnv/).




Other Distribution Priors

As described before, we first give an equivalent probability explanation for PC by introducing a normal distribution for the rs-fMRI signal values. Then we reformulate PC with Bayesian rule, thus getting two perspectives of PC. This provides a platform for generalizing PC to CC by assuming that the edge weight matrix W follows the MVN distribution prior. As a result, we derive a probabilistic explanation of CC and develop a high-order BFN estimation framework that allows the introduction of different priors (or regularizers).

Besides the introduced normal distribution prior on W for BFN estimation, we can also introduce other priors on W. For example, considering Laplacian distribution prior for wij, e.g., [image: image] where β is a scale parameter. In this way, the regularized least square problem is

[image: image]

We can find that the Laplacian distribution generates sparse BFN due to the regularizer wij. Besides, we can get the optimal solution by the soft thresholding, as follows:

[image: image]

Although different prior distributions can be tried to introduce the proposed probabilistic framework, we do not formulate their models in detail since this paper focuses on the formulation of CC.




CONCLUSION

In this paper, we propose a probabilistic high-order BFN learning framework with a matrix normal penalty for ASD identification. As pointed out previously, CC is intuitively defined based on two sequential PC operations and falls short of a rigorous mathematical basis. To address this issue, we first reformulate PC with Bayesian rule and then generalize PC to CC by assuming that the edge weight matrix follows a matrix-variate normal distribution prior. This work lays the theoretical foundation for CC methods, leading to a better understanding of high-order BFN learning. In this base, we develop a Bayesian High-order Model to simultaneously estimate the high- and low-order BFN. To efficiently solve the proposed objective function, an alternating optimization algorithm is proposed. Extensive experiments on the NYU site of ABIDE dataset demonstrate the effectiveness of the proposed method, in comparison to the baseline methods. Especially for the BHM-Ω, it achieves the best performance. Note that we only construct high-order BFN based on PC. In principle, any correlation-based BFN estimation method (e.g., SR) can be embedded in the proposed probabilistic framework. In the future, we plan to validate the scheme on the other correlation-based BFN models.
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APPENDIX

This Appendix consists of three appendices: Appendix A gives a detailed explanation of Eq. 9, Appendix B presents a detail for Eq. 12 and Appendix C gives a detailed derivation of Eq. 18. To keep the process of derivation smooth, we write the formulas that appeared above with the original number in the appendix, while the new formulas in the process of derivation was renumbered.


Appendix A

Given xkj and aij are constants, xki follows the normal distribution xki∼𝒩(aijxkj, σ2). The conditional distribution can be written as

[image: image]

Assuming that the variables xki of rs-fMRI time series xi, i = 1, ⋯, p are independent identically distributed, the likelihood function can be written as follows:

[image: image]

To avoid overflow caused by multiplying operations in Eq. A2′, we use the log-likelihood function and further maximize it:

[image: image]



Appendix B

The edge weight wij of BFN has the following prior probabilistic density:

[image: image]

According to Bayesian rule, the posterior distribution of wij is proportional to P(xi|wij, xj)P(wij):

[image: image]

where P(xi|wij, xj) is the likelihood of wij for xi. Based on Eqs A2′, 11

[image: image]

Taking the logarithm on Eq. A4′, we obtain

[image: image]

Next, the log-posterior probability is maximized (i.e., maximal posterior estimation) as follows,

[image: image]



Appendix C

As shown in Section “Learning High-Order Brain Functional Network With a Matrix-Normal Penalty,” the proposed model is formulated as

[image: image]

As described before, we assume that any time series xi from the data set X = [x1, x2, ⋯, xp]T follows the conditional distribution as:

[image: image]

Using the maximum likelihood estimation for aij, we get [image: image]. Therefore, we rewrite Eq. A2′ as follows.

[image: image]

We can further convert Eq. A7′ to the matrix form:

[image: image]

Furthermore, as mentioned in Section “Learning High-Order Brain Functional Network With a Matrix-Normal Penalty,” we assume that the low-order correlation matrix W follows the MVN distribution with the probabilistic density

[image: image]

Note that the row\column variance matrix Ω is considered as the high-order correlation matrix between xi since it models the relationships between wij.

Based on the Bayesian rule, the posterior probability of W is given by

[image: image]

From Eqs A8′, A9′, we obtain

[image: image]

Taking the logarithm of the above likelihood function and then maximizing it, we get

[image: image]

The above is equivalent to the optimization problem:

[image: image]

Consider that the solution of the former is [image: image]. Note that [image: image] can be rewritten in matrix form as [image: image]. Therefore, problem (A13′) can be transformed as

[image: image]
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Objective: Autism spectrum disorder (ASD) is a common neurodevelopmental disorder characterized by the development of multiple symptoms, with incidences rapidly increasing worldwide. An important step in the early diagnosis of ASD is to identify informative biomarkers. Currently, the use of functional brain network (FBN) is deemed important for extracting data on brain imaging biomarkers. Unfortunately, most existing studies have reported the utilization of the information from the connection to train the classifier; such an approach ignores the topological information and, in turn, limits its performance. Thus, effective utilization of the FBN provides insights for improving the diagnostic performance.

Methods: We propose the combination of the information derived from both FBN and its corresponding graph theory measurements to identify and distinguish ASD from normal controls (NCs). Specifically, a multi-kernel support vector machine (MK-SVM) was used to combine multiple types of information.

Results: The experimental results illustrate that the combination of information from multiple connectome features (i.e., functional connections and graph measurements) can provide a superior identification performance with an area under the receiver operating characteristic curve (ROC) of 0.9191 and an accuracy of 82.60%. Furthermore, the graph theoretical analysis illustrates that the significant nodal graph measurements and consensus connections exists mostly in the salience network (SN), default mode network (DMN), attention network, frontoparietal network, and social network.

Conclusion: This work provides insights into potential neuroimaging biomarkers that may be used for the diagnosis of ASD and offers a new perspective for the exploration of the brain pathophysiology of ASD through machine learning.

Keywords: Pearson’s correlation, functional magnetic resonance imaging, functional brain network, autism spectrum disorder, MK-SVM


INTRODUCTION

As a neural developmental syndrome, autism spectrum disorder (ASD) is commonly defined as defective or restricted communication, repetitive behaviors, and social reciprocity, leading to dysfunction in social, educational, and professional fields (Lord et al., 2000; Frith and Happé, 2005; Baio, 2014; Wee et al., 2016); the definition is based on the diagnosis and disease severity assessment. Approximately 1.47% of American children present with some form of ASD, the incidence of which has increased by nearly 30% per 2 years (Baio, 2014). Unfortunately, the diagnosis of ASD is dependent on the symptoms and behavioral patterns of ASD (Gillberg, 1993; Segal, 2000; Lord and Jones, 2012), due to which timely and appropriate treatments cannot be availed. Meanwhile, although gene expression-based diagnostic methods (Wang et al., 2009; O’Roak et al., 2012) can benefit early diagnosis, they are often costly and complicated. Fortunately, several studies have illustrated that abnormal functional disruptions in certain brain regions (Allen and Courchesne, 2003; Anderson et al., 2011; Delmonte et al., 2012) are highly correlated with ASD. Therefore, a potential method of identifying biomarkers for ASD can be adopted by analyzing brain activity data.

Functional magnetic resonance imaging (fMRI) has been successfully utilized in brain mechanism research and clinical diagnosis (Brunetti et al., 2006; Kevin et al., 2008; Jin et al., 2010; Li et al., 2020b). Particularly, several studies have suggested that patients with ASD show atrophy of gray matter volume, degeneration of white matter fiber structure, and reduction of spontaneous functional activity in the hippocampus and frontal region (Brambilla et al., 2003; Anderson et al., 2011; Li et al., 2017). However, because spontaneous brain activities are asynchronous and random across subjects, direct comparison of fMRI data (i.e., time courses) to identify and distinguish ASD patients from normal controls (NCs) remains challenging. As an alternative, the functional brain network (FBN) can provide insights into an effective method that can be developed to obtain data on relatively stable biomarkers that can be used for ASD identification (Smith et al., 2011; Sporns, 2011; Wee et al., 2012; Stam, 2014; Rosa et al., 2015). Moreover, several studies have confirmed that significant changes in FBN are highly correlated with neurological diseases such as ASD (Theije et al., 2011; Gotts et al., 2012), Alzheimer’s disease (Supekar et al., 2008; Huang et al., 2009; Liu et al., 2012), and mild cognitive impairment (Gao et al., 2020), among others.

Specifically, brain connectome analysis, including functional connections and graph theory topological measurements, has attracted significant attention owing to the complex brain network mechanism and various types of diagnostic information (Biswal et al., 1995; Li et al., 2019, 2021). In a series of resting-state FBN studies, several attempts have been reported on the consideration of the functional connections among individuals to train a classifier and findings have revealed a significant change in the default mode network (DMN), salience network (SN), and language network (O’Roak et al., 2012; Nielsen et al., 2013; Verly et al., 2014; Wee et al., 2014; Li et al., 2017). Other ASD studies have focused on utilizing graph theory to reveal the difference (Keown et al., 2017). However, most studies were conducted separately depending on brain network functional connections, and a certain portion of the information derived from the graph theory attributes might have been lost, which limited their performance. Thus, a more robust tactic is to combine the information of the brain network functional connections and graph theory attributes. Considering the potential superiority of multi-view learning tricks, we utilized the most commonly considered multi-kernel support vector machine (MK-SVM) method to combine information for accurate ASD diagnosis. This study may provide valuable insights into the pathophysiological mechanisms of preclinical ASD. The main contributions of this study can be summarized as follows.


1)Our findings revealed a new pathway that could be considered to efficiently identify and distinguish ASD from NCs by combining information from the brain network functional connections and graph theory attributes.

2)We used the MK-SVM as an example to confirm the information combination approach by identifying the ASD from NCs and achieved an 82.60% classification accuracy, which demonstrated a competitive finding.

3)A graph theoretic analysis suggested that the discriminative brain regions of ASD patients were mainly distributed in the limbic system, subcutaneous nuclei, cortex, and connections among them, which corresponded to the SN, DMN, attention network, frontoparietal network, and social network.

4)Our research further revealed that ASD patients showed enhanced integration function and weakened segregation functions of the brain network. Additionally, the functional connections related to the medial temporal lobe (e.g., the parahippocampal gyrus, hippocampus, and entorhinal cortex) and subcutaneous nuclei (e.g., putamen and pallidum) were mainly increased, while the related connections of the frontal lobe, parietal lobe, and occipital lobe were mainly decreased.





MATERIALS AND METHODS


Data Acquisition

We collected the resting-state fMRI (rs-fMRI) data related to 47 NC subjects and 45 ASD subjects (with ages ranging from 7 to 15 years), and data were deduced from a publicly available dataset named ABIDE (Di et al., 2014). There were no significant differences in gender and age between the ASD and NC groups, and the demographic information of the samples has been listed in Table 1. Data were similar to those reported in a recent study (Wee et al., 2016). For more details, refer to Wee et al. (2016).


TABLE 1. Demographic information of the samplings.

[image: Table 1]


Data Preprocessing

All rs-fMRI images were acquired using the 3T Siemens Allegra scanner. The imaging parameters included flip angle = 90°, TR/TE = 2000/15ms with 180 volumes, 33 slices, and 4.0mm voxel thickness. Specifically, the SPM8 toolbox1 and DPARSFA (version 2.2)2 were adopted to execute the fMRI pre-processing pipeline. Particularly, the pre-processing pipeline in this study is referenced to the well-defined pipeline reference in the DPABI manual, including (1) the removal of the first 10 time series; (2) normalization; (3) regression of nuisance signals (ventricle, white matter, global signals, and head motion) with the Friston 24-parameter model (Friston et al., 1996); (4) filtering of data (0.01−0.08Hz); and (5) the conduction of de-trending. Subsequently, the pre-processed BOLD time-series signals were partitioned into 90 ROIs according to the automated anatomical labeling atlas (Tzourio-Mazoyer et al., 2002).



Network Estimation

To define the network, we adopted the Pearson correlation (PC) to estimate FBNs, the details of which have been expressed as follows:

[image: image]

where xi ∈ Rtrepresent the average BOLD signal corresponding to the i-th brain region, t represents the time length, [image: image] represents a vector whose elements are the mean values of the elements in xi, i = 1,2,⋯,n, and n represents the number of ROIs.



Computation of Graph Measurements

To investigate the altered reconfiguration patterns of individual brain connectomes for ASD, we first performed a graph theory analysis of the FBN based on the graph network analysis toolbox (Gretna).3 Specifically, we considered both global graph theory measurements and the nodal property to characterize the different patterns of connections in the brain network, as shown in Table 2. The definitions of these measurements can be found in the paper published by Wang et al. (2015). Note that we focused on the binary network by considering the different sparsity thresholds (ranging from 0.02 to 0.5, with steps of 0.01). A total of 49 values under the sparsity threshold were obtained for each graph measurement. We then utilized the area under the curve (AUC; the sum of 49 values) as input for the attributes to train the classifier, which ensure that there was only one for each node value corresponding to one graph metric.


TABLE 2. Selected global and local graph measurements.

[image: Table 2]


Hub Node of the Estimates Functional Brain Network

The top 5% regions of the brain with the greatest weight were selected as the hubs of the group-level brain network. Specifically, we utilized the mean value of the entire individual brain network to establish the ASD/HC group-level network.



Information Combination for Autism Spectrum Disorder Identification

To accurately identify ASD from NCs, we attempted to combine the information from the connection weight and its topological information. We used the multi-kernel (MK) trick to combine different types of information. Specifically, we utilized the LIB-SVM toolbox to solve the support vector machine (SVM) classification problem. The MK-SVM is used to solve the following primary problem:

[image: image]

where n denotes the sample size, [image: image] and [image: image] represent the connection value, the global and nodal graph measurements of the i-th sample, and yi ∈ {1,−1} correspond to its class label, respectively, and m denotes the corresponding index of modality,wm represents the normal vector of the hyperplane in the Hilbert kernel space (RHKS), ϕm represents the mapping function from the original space to the present RHKS, and βm denotes the weight of the m-th modality. Then, the dual form of the MK-SVM can be represented as:

[image: image]

where [image: image] denotes a kernel matrix. Finally, the predictive level based on MK-SVM can be formulated as follows:

[image: image]



Feature Selection and Validation

To alleviate the confounding effect of the different steps in the classification pipeline, we conducted the simplest feature selection method (i.e., t-test with p < 0.05). Additionally, to evaluate the performance of different classification methods, we adopted the most commonly used leave-one-out cross-validation (LOOCV) strategy owing to the limited sample size (Li et al., 2020a). Specifically, the optimal parameter (hyper-parameter C for MK-SVM) was selected in the inner cross-validation, and the classification performance was evaluated in the outlier validation loop. The range of the hyperparameter C was from  2−5 to 25. We compared the classification performance of a single aspect [i.e., connection weight (C), global typological information (G), nodal typological information (N)], and combinations of different modes (i.e., C + G, C + N, G + N, and C + G + N). The entire pipeline used in this study is shown in Figure 1. In contrast to the traditional methods which only utilize the information of connections, global graph metrics or nodal graph metrics, it should be noted that our novelty is that we using kernel combination trick and firstly combine the information from different modal for ASD identification.


[image: image]

FIGURE 1. The entire pipeline of the proposed ASD classification task under the multiple graph view.




Classification Measurements

The classification performance of information combination methods is evaluated via several measurements, including sensitivity, specificity, and accuracy. The mathematical definitions of these three measures are as follows:

[image: image]
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Additionally, the receiver operating characteristic curve (ROC) and AUC of these methods are also provided.

Ar, assortativity; Eglobal, global efficiency; Lp, characteristic path length; Q, modularity score; Elocal, local efficiency; Cp, clustering coefficient; Hr, hierarchy; σ, small-world; γ, normalized clustering coefficient; Sr, synchronization; λ, normalized characteristic path length. *p-value < 0.05.




RESULTS


Graph Theory Measurements of Functional Brain Connectome

The results of the graph measurements of the ASD and NC groups are shown in Table 3. The results illustrated that Lp, λ, Ar, and Sr were increased, whereas Cp, γ, Eglobal, and Hr were decreased in ASD. Statistical analyses revealed that γ was significantly decreased in the ASD group compared to the NC group (p < 0.05).


TABLE 3. Graph theory measurements of the functional brain connectome.

[image: Table 3]


Degree Analysis of the Functional Brain Connectome

To investigate the degree distribution of the estimated brain network, we reported the mean degree of each node in the ASD and NC groups. As shown in Figure 2, the degree in the frontal, occipital parietal, and prefrontal regions tended to decrease in ASD, while it tended to increase in the temporal and subcortical regions. The 13 significant nodes with an average degree in the ASD and NC groups are listed in Table 4. The hub nodes of the ASD and NC groups are shown in Table 5. It was evident that most nodes overlapped across ASD and NC groups, including INS.L, PUT. L/R, PAL.L/R, INS.R, ROL.L, STG.L, ROL.R, AMYG.L/R, ACG.R, STG.R, and HES.L. Additionally, several specific hub nodes existed that corresponded to different groups. Specifically, in estimated brain network, ACG.L and IOG.R were only noted in the hub nodes of the NCs, while THA.L, HES.R, and HIP.L/R were only noted in ASD group as hub node.


[image: image]

FIGURE 2. Degree distribution of ASD and NC group.



TABLE 4. Significant nodes with the average degree in the ASD and NC groups.

[image: Table 4]

TABLE 5. Degree hubs of the MCI and NC groups based on the SR method.

[image: Table 5]


Betweenness Analysis of the Functional Brain Connectome

To investigate the betweenness distribution of the estimated functional brain connectome, we noted the mean betweenness of the ASD and NC groups (Figure 3). This finding illustrated that betweenness in the frontal, parietal, and prefrontal regions tended to decrease in ASD, while tended to increase in the subcortical regions. The significant nodes with average betweenness in the ASD and NC groups are listed in Table 6.


[image: image]

FIGURE 3. Betweenness distribution of ASD and NC group.



TABLE 6. Significant nodes with the average betweenness in the ASD and NC groups.

[image: Table 6]
The betweenness hub nodes of ASD patients and NCs are shown in Table 7. The results illustrated that most betweenness hubs overlapped across ASD and NC groups, including FFG.L, INS.L, ACG.L/R, DCG.L/R, IFGoperc.R, PCUN.R, IPL.L, and SPG.L. The FFG.R, HIP.L, and INS.R were only noted in hub nodes of the NCs, while IPL.R, ORBsupmed.L, PCG.L, PHG.R, SPG.R, PCG.R, and TPOsup.L were only noted in ASD group as hub node.


TABLE 7. Betweenness hubs of the MCI and NC groups based on the SR method.

[image: Table 7]


Consensus Connections Analysis

We noted all selected connections during the entire validation process, that is, consensus connections, as shown in Figure 4 because the selected connections in each inner validation loop could be different. Specifically, we selected the connections with a p-value < 0.05, in each loop to train the classifier, which resulted in the obtainment of 103 consensus connections. The most significant connection in consensus connection was PHG.R–PAL.L. The red line in the right side of figure represents the weights in ASD, which tends to increase, while blue line represents a decrease.


[image: image]

FIGURE 4. Consensus connection over the LOOCV by p-value < 0.05. The red line in the right figure represents the weights in ASD tends to be increased while the blue line represents decrease.




Classification

To confirm the information combination trick, we also validated the performance of the single kernel SVM classification result based on the connection, global measurements, and nodal measurements, and the results have been depicted in Table 8 and Figure 5. The classification accuracy of connection weight, global graph measurements, and nodal graph measurements were estimated to be 72.82, 63.04, and 54.34%, respectively. Additionally, using DeLong’s non-parametric statistical significance test (Zhang et al., 2016), C + G + N methods have been found to be significantly superior to Connection, Nodal, Global, C + G, C + N, and G + N methods under 95% confidence intervals with p-values of 0.004, 5×10−6, 3×10−10, 0.0247, 0.0278, and 1×10−5, respectively. These results revealed the superiority of the information combination strategy.


TABLE 8. Classification performance corresponding to different methods.

[image: Table 8]
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FIGURE 5. Receiver operating characteristic curve of classification based on different connectome features.





DISCUSSION

In the present study, we aimed to explore the biomarkers and pathological mechanisms of brain network connectivity in individuals with ASD. Our results indicated that the combination of three modalities (i.e., connection weight, global measurements, and nodal measurements) using MK-SVM could significantly improve the classification performance of ASD individuals, since such methods not only utilized the information of the connection weight but also effectively incorporated several topological inputs. Moreover, the distribution of the discriminative brain regions and altered patterns of the brain connectome revealed the pathological mechanisms of individuals with ASD.


Distribution of the Discriminative Brain Regions and Brain Networks

Regarding functional connectivity at the whole brain level, we found that the consensus connection with the most significant difference between ASD and NC was PHG.R–PAL.L. Additionally, the brain regions with significant differences in degree and betweenness between the ASD and NC groups were mainly distributed in the medial temporal lobe (e.g. HIP, PHG, and PCG), subcutaneous nuclei (e.g. PUT, PAL, and THA), and frontal and occipital parietal lobes. Meanwhile, the hub nodes of the ASD and NC groups, defined by degree and betweenness, mostly overlapped with the above-mentioned brain regions. Among them, brain regions, such as HIP, PHG, AMYG, and CG, belong to the limbic system. Therefore, our results indicated that the discriminative brain regions of ASD patients were mainly distributed in the limbic system, subcutaneous nuclei, cortex, and connections among them. Furthermore, by projecting these brain regions into brain subnetworks, we found that most were involved in the DMN, SN, attention network, frontoparietal network, and social network (Schmälzle et al., 2017). These sub-networks play an important role in learning and memory (Sanjeevan et al., 2020), emotional expression (Sagar-Ouriaghli et al., 2018), behavior control, and social skills (Sato and Uono, 2019).



Altered Pattern of the Brain Network Connectome in Autism Spectrum Disorder

Graph theoretic analysis conducted in our study indicated that in terms of global graph measurements, Lp, λ, Ar, and Sr were increased, whereas Cp, γ, σ, Q, Eglobal, Elocal, and Hr were decreased in ASD. Although only γ seemed to be statistically significant, the graph theory attributes that reflected the segregation function of brain networks, including Cp, γ, Q, and Elocal, exhibited a decreased trend in ASD patients. Meanwhile, the graph theory attributes that reflected the integration function of brain networks, such as Lp and λ, exhibited an increased trend in individuals with ASD. Therefore, our results suggested that patients with ASD exhibited abnormal functional connectivity. This finding was also mentioned in previous studies (Just et al., 2004; Kana et al., 2011; Zu et al., 2019). Our research further revealed that ASD patients showed enhanced integration function and weakened segregation functions of the brain network. This suggests that the ability to rapidly synthesize specialized information from distributed brain regions has increased, while the occurrence of specialized processing within densely interconnected groups of brain regions has decreased (Rubinov and Sporns, 2010).

Moreover, in terms of local graph measurements, we found that the topological attributes of ASD, such as degree, betweenness, and hub nodes, exhibited abnormalities in multiple brain areas in the cortex-subcortical circuits. Among them, the functional connections related to the medial temporal lobe (e.g. the hippocampus, parahippocampal gyrus, and entorhinal cortex) and subcutaneous nuclei (e.g. putamen and pallidum) were mainly increased, while the related connections of the frontal lobe, parietal lobe, and occipital lobe were mainly decreased. In previous studies, the dysfunction of connections has been demonstrated to be associated with abnormal social, language, and other behaviors of ASD patients (Gao et al., 2019; Verly et al., 2014; Sato and Uono, 2019). Additionally, the hub nodes of ASD and NCs mostly overlapped. Our results indicated the disappearance of certain hubs in the ASD group, which suggested that the brain network integration function of ASD might have changed. This might be related to the pathological changes in ASD.



Classification of Multi-Kernel Support Vector Machine

The classification results illustrate that combination of more information can be considered to effectively enhance the classifier for ASD diagnosis. Moreover, although global theory achieves 54.24% accuracy, it can provide a 6.52% accuracy gain for C + N. The results indicate that different types of information can provide different types of discriminative information for ASD diagnosis, which further confirms the effectiveness of the proposed information combination method. More importantly, such results are achieved with the use of only single modal data, that is, fMRI, which thereby provides novel insights for improving the identification performance in such neurodevelopmental disorders.




CONCLUSION

We report the application of FBNs as well as their topological information for investigation of potential biomarkers of ASD in the afflicted individuals. The discriminative connections of FBNs highlighted the abnormality of connections between the PHG.R and PAL.L of the ASD groups. Additionally, the combination of the information derived from the FBN with MK-SVM helped achieve the best classification performance and significantly outperformed the performance achieved using only single connection information. In the end, due to the limited sample sizes, it is still necessary for us to verify the robustness and generalization ability of the proposed methods on larger and higher quality databases in the future.
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Background: Orthodontic pain is orofacial pain caused by tooth movement. Anxiety is a strong predictor of the severity of such pain, but little is known about the underlying neuropsychological mechanisms of such effects. The purpose of this study was to investigate the effect of orthodontic pain on brain functional networks and to define the mediating role of anxiety in orthodontic pain and brain function.

Methods: Graph theory-based network analyses were applied to brain functional magnetic resonance imaging data from 48 healthy participants exposed to 24 h orthodontic pain stimuli and 49 healthy controls without any stimulation.

Results: In the experimental orthodontic pain stimulation, brain functional networks retained a small-world organization. At the regional level, the nodal centrality of ipsilateral brain nodes to the pain stimulus was enhanced; in contrast the nodal centrality of contralateral brain areas was decreased, especially the right mid-cingulate cortex, which is involved in pain intensity coding. Furthermore, anxiety mediated the relationship between nodal efficiency of mid-cingulate cortex and pain severity.

Conclusion: The results illuminate the neural mechanisms of orthodontic pain by revealing unbalanced hemispherical brain function related to the unilateral pain stimulation, and reveal clinically exploitable evidence that anxiety mediates the relationship between nodal function of right mid-cingulate cortex and orthodontic pain.
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INTRODUCTION

Orofacial pain, a kind of chronic pain (Long et al., 2016) caused by tooth movement, is a common side effect of orthodontic treatment. The main neural pathway is through the trigeminal nerve to the thalamus and then to the cerebral sensory cortex (Jantsch et al., 2005; Long et al., 2016). Nearly 95% of patients suffer from some degree of discomfort to pain during orthodontic procedures (Erdinc and Dincer, 2004), and this is the commonest reason that patients want to discontinue orthodontic treatment (Monk et al., 2017). Understanding the underlying brain neural mechanisms is important to help to alleviate pain and improve the results of treatment.

Pain is associated with the co-activation of numerous brain regions. In a similar model of experimental orthodontic pain (Yang et al., 2015), we recently reported altered functional connectivity (FC) in the thalamus and cingulum (Zhang et al., 2020). In other kinds of orofacial pain, the insula, mid-cingulate cortex (MCC) and frontal gyri are frequently reported as having increased functional activity even under weak pain stimulation (Jantsch et al., 2005; Youssef et al., 2014; Yin et al., 2020).

The graph-theoretical approach to analyzing large-scale networks is a powerful tool to explore brain organization (Rubinov and Sporns, 2010). The topological organization of the network is important in brain function: both global and nodal topological properties influence the efficiency of information transmission between brain regions (Rubinov and Sporns, 2010). In the presence of pain, the internal network topology of the brain is partially reconstructed (Farmer et al., 2012). Studies of patients with chronic pain have shown that the normal ‘small-world’ brain network organization is present, with no significant difference in global properties compared with healthy controls (HCs) (Kaplan et al., 2019; De Pauw et al., 2020). However, brain nodal properties were significantly different from HCs in the middle prefrontal cortex, anterior cingulate cortex, somatosensory cortex, temporal gyrus and insula (Kaplan et al., 2019; Tu et al., 2019). Beyond the classical neural model of orthodontic pain, there is evidence that several brain regions and networks with an essential role in emotion and cognition are involved in the pain process (Jahn et al., 2016; Reicherts et al., 2017; Wang et al., 2017). For example, altered function of MCC, insula, and regions in default mode network is related to pain, but also to emotional and cognitive function changes (Jahn et al., 2016; Reicherts et al., 2017; Wang et al., 2017). This suggests a reason to explore the workings of large-scale brain networks in orthodontic pain, both to define the pathophysiology and to explore the potential for treatment and prevention. However, it is still unclear how orthodontic pain influences brain functional topology. The first aim of this study was therefore to use an experimental orthodontic pain model to explore pain-related changes in gray matter functional networks based on rs-fMRI data and graph theory analysis.

Orthodontic pain not only hinders the orthodontic treatment (Erdinc and Dincer, 2004; Wang et al., 2015; Monk et al., 2017) but has harmful effects on physical and mental health (Sari et al., 2005). It is therefore important to determine reliable psychosocial predictors of orthodontic pain, in order to formulate prevention strategies and interventions to reduce pain. There is extensive evidence that dental anxiety is an emotional feature of patients with facial pain and also one of the major barriers to dental care (Michelotti et al., 2012; Fillingim et al., 2013; Chow and Cioffi, 2019). Anxiety is related to the frequency of orthodontics, and both are affected by orthodontic pain (Chow and Cioffi, 2019). Further research shows that patients’ anxiety during orthodontic treatment may also be an effective predictor of pain (Sari et al., 2005; Fillingim et al., 2013). Based on the previous research evidence of anxiety in orthodontics and pain, we believe that studying the relationship between anxiety and pain in subjects with orthodontic treatment may be important to alleviate orthodontic pain from the perspective of behavioral psychology. In addition, neuroimaging studies reveal that the anxiety-magnified pain intensity is dependent on neural activation in the thalamus, insula, and MCC (Bushnell et al., 2013; Reicherts et al., 2017), which is also reported in orthodontic pain. Given these findings, the second aim of this study was to elucidate, by means of a mediation analysis, the neuropsychological mechanisms of how anxiety affects orthodontic pain through gray matter function.

In light of the literature findings outlined above, we hypothesized (1) that small-world organization of the brain functional networks would be preserved in orthodontic pain participants, but (2) that nodal topological properties would show differences from controls in the insula, cingulate cortex and somatosensory cortex; also (3) the level of anxiety would be positively related to orthodontic pain, and further (4) it would play a mediating role in the relationship between brain function and orthodontic pain.



MATERIALS AND METHODS


Participants

Fifty-two subjects were enrolled in the experimental orthodontic pain group, and 49 subjects in the control group. Inclusion criteria were: age 18-60 years, Chinese Han nationality, no history of orthodontics. Exclusion criteria were: (a) medication for pain; (b) left-handedness; (c) any history of major illness, such as somatic or psychiatric disorders, neurological disorders, or severe head trauma with loss of consciousness; (d) claustrophobia or any contraindications for magnetic resonance imaging (MRI) scans, including pregnancy; (e) history of current serious medical problems. Forty-two out of the 52 subjects in the pain group and all 49 controls were reported in our previous study (Zhang et al., 2020).



Experimental Protocol

Patients usually experience pain about 12 h after application of orthodontic force, the pain peaking after about 24 h (Johal et al., 2018). In this study, experimental orthodontic pain was introduced in healthy subjects by an elastic separator applied, with the aid of dental floss, between the right first and second molar on the mesial and distal side for 24 h. The separator is stretched around the contact area of the teeth, pushing them apart and thus giving rise to orthodontic pain. After 24 h, MRI scan was performed with the elastic separator in situ, and the elastic separator was removed immediately afterward.

Participants completed the visual analog pain scale (VAS) (Myles et al., 2017) and the state anxiety inventory (STAI) (Ramanaiah et al., 1983) before the application of the elastic separator and again after 24 h, immediately before MRI scanning. VAS pain scores range from 0 to 100: the higher the score, the more severe the pain (Myles et al., 2017). The STAI is a 4-point Likert-type 20-item self-report questionnaire with options ranging from 1 (never) to 4 (always): a higher overall score indicates more severe anxiety. In the control group, no elastic separator was inserted and no measurements of VAS and STAI were obtained. Before MRI scan, we orally confirmed that there was no pain or discomfort in the control group.



Brain MRI Data Acquisition

The rs-fMRI data were acquired using a Siemens 3.0 Tesla MR system (Tim Trio; Siemens Healthineers, Erlangen, Germany). Foam blocks were used to minimize head movements. MRI scanning was performed with the elastic separator in situ for the subjects with orthodontic pain, and removed immediately after the scanning. The rs-fMRI images, scanning parallel to the anterior and posterior commissures, were acquired with an echo-planar sequence: echo time: 30 ms; repetition time: 2,000 ms; flip angle: 90°; slice thickness: 5 mm, 30 slices; matrix: 64 × 64 mm2; field of view (FOV): 240 mm × 240 mm; voxel size: 3.75 mm × 3.75 mm × 5 mm. During the 410 s rs-fMRI acquisition, participants were instructed to close their eyes and to try not to think about anything. High-resolution T1-weighted three-dimensional images were acquired using a magnetization-prepared rapid gradient-echo sequence: echo time: 2.26 ms; repetition time: 1900 ms; flip angle: 9°; 175 axial slices with slice thickness: 1 mm; matrix: 256 mm × 256 mm; FOV: 240 mm × 240 mm; single-voxel size: 1 mm × 1 mm × 1 mm. The T1 weighted images were reviewed by a radiologist for visible abnormalities.



Image Preprocessing

Structural and functional MRI data were preprocessed using SPM81 and DPARSF2 in MATLAB 2013b, in the following steps: removal of the first 10 time-points; slice-timing correction; realignment (head motion was required to be < 2.5 mm translation and < 2.5° rotation); regression out of nuisance signals; 24-parameter motion correction; removal of white matter and cerebrospinal fluid signals; reduction of effects of head movement by scrubbing the motion: ‘spikes’ with a high framewise displacement > 1 mm (Power et al., 2012) were regressed out as a separate regressor; segmentation of high-resolution brain structural images into gray matter, white matter and cerebrospinal fluid; registration of the functional images to each individual’s 3D T1 structural images; normalization of functional images into Montreal Neurological Institute space with voxel size of 3 mm × 3 mm × 3 mm; smoothing using a 4 mm full-width at half-maximum Gaussian kernel; outline detection; bandpass filter with a frequency window of 0.01 to 0.10 Hz.



Brain Network Construction and Topological Properties Calculation

The 246-template (Fan et al., 2016) was used to constructing each individual brain functional network in GRETNA3 by calculating the Pearson correlations of the time series of the rs-fMRI data signal among the 246 brain regions. We first binarized the FC matrices with a generated sparsity thresholds ranging from 0.24 to 0.35 with a step size of 0.01, determined based on previous standards and normalized networks to have the same number of edges (Zhang et al., 2011). We calculated the global and nodal topologic properties at each sparsity, and then the area under the curve (AUC) across the sparsity range to provide an overall value for the topological metrics. The global properties include small-world parameters (Watts and Strogatz, 1998): the clustering coefficient, characteristic path length, normalized clustering coefficient, normalized characteristic path length, and small-worldness (for normalization, 100 random graphs with the same number of nodes and edges were constructed as the baseline for each network). The property of small-worldness represents the optimum balance between information processing separation and integration in human brain networks (Watts and Strogatz, 1998). The other global properties are network efficiency parameters (Latora and Marchiori, 2001): local efficiency and global efficiency. The nodal properties were nodal degree, nodal efficiency, and nodal betweenness. These reflect the importance of the node to the global network functioning (Rubinov and Sporns, 2010).



Statistical Analysis

Independent-sample t-tests were performed to compare demographic data (apart from the sex ratio, analyzed by a chi-square test), clinical data, and topological properties between the orthodontic pain and control groups. In the pain group, partial correlation analyses were performed between the questionnaire scores and AUC of the topological properties that exhibited significant between-group differences, using age and sex as covariates (Li et al., 2017). All statistical analyses of topological properties were corrected for multiple comparisons using the Bonferroni procedure with p < 0.01.

To further explore the indirect influence of anxiety on the relationship between network attributes and pain, mediating analysis was performed using the SPSS macro PROCESS (including bootstrapping) (Hayes, 2013). In the pain group, the identified topological attributes of brain functional networks were independent variables (X), STAI scores were intermediary variables (M), and VAS scores were dependent variables (Y), with age and gender as control variables. There are four paths: Path a (representing the relationship between X and M), Path b (representing the relationship between M and Y after controlling for X), Path c (representing the relationship between X and Y), and Path c’ (representing the relationship between X and Y after adjusting M), and the indirect impact is c-c’ (or a × b). Estimates of indirect effects are considered meaningful when zero is not included in the bootstrapped 95% confidence interval (CI) (5,000 iterations).




RESULTS


Demographic and Clinical Characteristics

Four participants in the pain group were excluded for excessive head motion. Therefore, in the final analysis, the subjects included were 48 participants who received the experimental orthodontic pain intervention (21 males and 27 females, age 18-24 years with mean age 21.0 ± 1.1 years) and 49 controls who did not (22 males and 27 females, age 19-30 years with mean 21.0 ± 2.6 years). There were no significant differences in age (t = 0.05, p = 0.911), sex (t = 0.11, p = 0.961), and head motion (t = 1.29, p = 0.199) between the two groups. In the pain group, by paired t-test the pain severity (VAS score) was significantly higher after 24 h with the elastic separator (t = 2.45, p = 0.018). However, there was no difference in STAI scores before and after using the separator (p = 0.159) (Table 1). After 24 h with the elastic separator, partial correlation analysis showed a significant positive correlation between pain and anxiety (r = 0.62, p < 0.001) after adjusting for sex and age.


TABLE 1. Demographics and clinical data of participants with experimental orthodontic pain and control subjects.
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Alterations of Global Topological Organization

Both groups showed a small-world topology of brain resting-state functional organization (Figure 1). Compared with controls, the pain group showed significantly decreased clustering coefficient (t = −5.43, Bonferroni corrected p < 0.001) and local efficiency (t = −6.62, Bonferroni corrected p < 0.001) (Figure 2), with no significant differences in characteristic path length (p = 0.116), normalized clustering coefficient (p = 0.335), normalized characteristic path length (p = 0.066), small-worldness (p = 0.531), and global efficiency (p = 0.096).


[image: image]

FIGURE 1. Both the orthodontic pain subjects (ORTH) and control subjects (CS) showed that (A) the normalized clustering coefficient (CP) was greater than 1 and (B) the normalized path length (LP) was approximately equal to 1, indicating that both groups showed typical small-world topological characteristics.



[image: image]

FIGURE 2. The topological properties of brain functional networks in orthodontic pain subjects (ORTH) and control subjects (CS), shown as the area under the curve across the sparsity range. Significant between-group differences were found in Cp (t = –5.43, p < 0.001) and Eloc (t = –6.62, p < 0.001). Abbreviations: Cp, clustering coefficient; Lp, characteristic path length; γ, normalized clustering coefficient; λ, normalized characteristic path length; σ, small-worldness; Eloc, local efficiency; Eg, globe efficiency.




Alterations of Nodal Topological Organization

A total of 23 brain regions were identified as showing significant differences between groups in at least one nodal metric (with Bonferroni corrections for multiple comparisons). Compared with controls, the nodal centrality of brain nodes ipsilateral to the right-sided pain stimulus was mainly increased, while that of contralateral brain nodes was decreased. Compared with controls, the increased nodal centralities (mainly ipsilateral) were in the superior frontal gyrus (SFG, right, lateral and middle areas), precentral gyrus (right, head and face region), parahippocampal gyrus (bilateral entorhinal cortex and right posterior cortex), postcentral gyrus (right), insula gyrus (right), basal ganglia (right caudal hippocampus and left ventral caudate) and thalamus (right occipital thalamus and bilateral caudal temporal thalamus). The decreased nodal centralities (mainly contralateral) were in the superior temporal gyrus (STG, left caudal area), middle temporal gyrus (left dorsolateral area), inferior temporal gyrus (left ventrolateral area), postcentral gyrus (left), cingulate gyrus [left and right (Figure 3A), middle area] and occipital cortex (left, middle ventral, inferior and lateral superior areas) (Table 2).
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FIGURE 3. The positive correlations between the nodal efficiency of the right midcingulate cortex (MCC, shown in panel (A) and the visual analog scale (VAS) scores (r = 0.303, p = 0.040, shown in panel (C) and state anxiety inventory (SAI) scores (r = 0.414, p = 0.004, shown in panel (D) were found in orthodontic pain group. In mediation analysis, illustration (B) demonstrates that the node efficiency of MCC affects pain through anxiety in subjects with orthodontic pain, with sex and age controlled in the model.



TABLE 2. Regions with altered nodal centralities in subjects with experimental orthodontic pain compared with control subjects.
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Correlation and Mediation Analyses in the Pain Group

Exploring the relationships between topological properties (the two global characteristics in Figure 2 and 40 nodal metrics in Table 2 showing between-group differences) and clinical measurements (SAI and VAS scores at 24 h after application of the separator), we detected a positive correlation between VAS scores and nodal efficiency of right MCC (r = 0.303, uncorrected p = 0.040) (Figure 3C) and between STAI scores and nodal efficiency of right MCC (r = 0.414, uncorrected p = 0.004) (Figure 3D). However, these correlations did not survive Bonferroni correction.

In the first mediation analysis, we found a significant mediating effect of anxiety (M) on the relationship between nodal efficiency of right MCC (X) and pain (Y): indirect effect = 944.51; 95% CI = [364.22, 1662.79], p < 0.05 (Figure 3B) after adjusting for sex and age. To test the directionality of this relationship, we performed a second mediation analysis with anxiety as X, nodal efficiency of right MCC as M, and pain as Y. The results showed that nodal efficiency of right MCC (M) did not mediate the effect of the anxiety (X) on pain (Y): indirect effect = 0.04; 95% CI = [−0.14, 0.23], p > 0.05 after adjusting for sex and age. These findings implicate a single neuropsychological pathway: nodal efficiency of the right MCC influences pain via anxiety.




DISCUSSION

The whole-brain functional network topology exhibited a small-worldness both in subjects exposed to experimental orthodontic pain and controls. However, there were differences in the quantitative network parameters which can be summarized as decreased clustering coefficients and local efficiency in the pain group. Of the 23 nodes featuring 40 altered topological nodal properties in the pain group compared to controls, the nodal centrality of brain nodes ipsilateral to the pain stimulus was generally increased, while that of contralateral brain areas was decreased. The nodal efficiency of the right MCC was positively correlated with pain severity and anxiety, and mediation analysis finds that anxiety mediates the influence of MCC efficiency and pain intensity.


Global Topological Organization

Both groups, as expected, showed a small-world organization, known to facilitate efficient inter-regional communication and to be resilient to network disruption (Watts and Strogatz, 1998). The present result is consistent with previous research in pain (Kaplan et al., 2019; De Pauw et al., 2020). Compared to controls, the clustering coefficient and local efficiency were significantly decreased in the orthodontic pain group. These two parameters represent the separation topology of networks, which refers to the ability of densely interconnected regions to perform specialized processing (Latora and Marchiori, 2001). This change implies a reduced fault tolerance of the network. Change of nodes or connections in the network will affect its overall processing capacity (Latora and Marchiori, 2001). Notably, there were no differences between groups in global efficiency and average path length, which are usually used to estimate the integration of brain networks (Latora and Marchiori, 2001), which refers to the efficiency of global information communication, or the ability to integrate distributed information (Latora and Marchiori, 2001). Taken together, our results indicate that brain functional networks in orthodontic pain become less efficient and less segregated, but that integration is not affected. In short, the whole brain network exhibited a randomized alteration in response to orthodontic pain.



Nodal Topological Organization

At the regional level, we found nodal centrality increased mainly on the right side of the brain hemispheres, including SFG, precentral gyrus, parahippocampal gyrus, postcentral gyrus, insula, basal ganglia and thalamus. The insula plays an important role in “internal receptive” pain perception (Craig, 2003, 2004), and this finding implies an increase in information transmission efficiency of the insula. This is in line with previous reports of increased insular activity in pain (Jantsch et al., 2005), and suggests that the orthodontic pain stimulus may activate insula to produce and transmit pain sensation. Since the nociceptive input of insula comes from thalamus (Craig et al., 1994), and the ipsilateral activity of thalamus stimulated by pain was also increased, the high activity of ipsilateral insular lobe may reflect the upward conduction pathway of ipsilateral injury. In addition, there is evidence that pain information can be sent by the insula to SFG (Bantick et al., 2002). The SFG shows an inverse coding, i.e., stronger responses to weaker pain stimuli (Jantsch et al., 2005), and there is a negative correlation between pain intensity and activation of SFG (Bantick et al., 2002). Interestingly, we found that the nodal centrality of the right SFG was increased, while that of the left SFG was decreased; perhaps the facial stimulation information is received in the bilateral gyrus (Cusick et al., 1986) but the response differs between the stimulation side and the contralateral side.

We also found increased nodal centrality in the right thalamus. To some degree, this agrees with previous results of pain-related thalamus activation (Farrell et al., 2005). The strong ipsilateral thalamic activity associated with pain may reflect the thalamocortical input from the brainstem on receiving the ascending nociceptive input (Millan, 1999). The thalamus-somatosensory pathway plays an important role in pain stimuli (Walton et al., 2010; Youssef et al., 2014). Since the postcentral gyrus is the main part of the somatosensory cortex, the differential activation of bilateral posterior central gyrus may be related to the different projections of the fiber bundles to the thalamus (Millan, 1999; Ohara and Lenz, 2003). The precentral cortex receives inputs from the thalamus and somatosensory cortex. In line with previous work (Jantsch et al., 2005) and the ipsilateral pain transmission findings described above, we found increased nodal properties in the right precentral cortex. This activation reflects the focusing of attention on the pain inputs (Youssef et al., 2014) and indicates that managing orthodontic pain may be a more demanding neural task (Jantsch et al., 2005). We also found increased nodal centrality in the parahippocampal gyrus. According to previous work, pain stimuli not only transmit to the sensory cortex but also include memory-related regions (Long et al., 2016). In line with previous results (Gondo et al., 2012), the present finding may reflect how the pain experienced will be remembered and compared to previous pain (Bergius et al., 2002).

Similar to two studies of clinical pain (rheumatoid arthritis and migraine) (Liu et al., 2012; Basu et al., 2019), decreased nodal centrality was also found in the temporal gyrus, occipital cortex, and MCC. Interestingly, most of the findings were in the left hemisphere contralateral to the pain stimulation, reflecting the inconsistent functional nodal centralities of the bilateral cortex. The orofacial pain study reported decreased nodal centrality of temporal gyrus in patients (Kaplan et al., 2019) and the gray matter volume disruption of temporal gyrus was negatively correlated with pain intensity (Wang et al., 2017). The temporal gyrus may play a role in the memory processes related to the emotional components of pain, which may be related to the memory impairment of patients with orofacial pain (Vincent and Hadjikhani, 2007; Gondo et al., 2012). The occipital cortex is the main region of the visual network (Kaplan et al., 2019). Previous pain studies found that the nodal centrality of visual network related regions was decreased (Kaplan et al., 2019) and in unpleasant visual stimulation the pain-related brain activity increased (Harte et al., 2016). Thus the decreased nodal centrality of the occipital cortex may reduce the sensitivity of pain patients to vision-related unpleasant feelings (Kaplan et al., 2019). However, the role of temporal and occipital cortex in imaging studies of pain needs further investigation.

In these regions with reduced nodal centralities, the right MCC was positively correlated with VAS scores. The MCC is involved in pain intensity coding (Mohr et al., 2005), and the contralateral (right) MCC has the characteristics of inverse intensity coding (Jantsch et al., 2005) (the more severe the pain, the less activity). This is consistent with our findings: the pain was increased at 24 h, but the functional properties of MCC were decreased. The decreased node centrality of MCC may also be a maladaptation to pain stimuli. The MCC plays an important role in sensory integration during pain processing (Bornhövd et al., 2002), comparing the predicted sensory results of pain stimulation with the actual sensory feedback (Blakemore et al., 1998). The decreased functional properties of MCC may reflect the mismatch between pain prediction and sensory feedback (Mohr et al., 2005).

In conclusion, our study found that MCC is involved in the pain intensity coding and the sensory integration of pain. However, the correlation is only moderate and did not survive corrections for multiple comparisons. It will be important to explore the neural mechanism of MCC in pain in longitudinal studies.



Implications of Mediation Analysis

We found that anxiety plays a mediating role in the relationship between the nodal efficiency of right MCC and pain. Patients suffer a high level of anxiety and pain during orthodontic treatment (Sari et al., 2005), and pain can be increased by anxiety (Reicherts et al., 2017). We also found the pain was positively correlated with anxiety. Moreover, hierarchical regression analysis showed that anxiety had an incremental predictive ability for pain (ΔR2 = 36.5%, β = 0.61, p < 0.001) even after controlling for age and sex. At the neural level, a significant positive correlation was found between nodal efficiency of right MCC and anxiety. The MCC is involved in negative affect (Wang et al., 2017). Anxiety under pain stimulation is positively related to the activity of MCC (Reicherts et al., 2017; Wang et al., 2017). However, the decreased functional properties of MCC in the pain group may be a functional compensatory response: the greater the anxiety, the stronger the compensation represented by a lower nodal efficiency of right MCC (Yang et al., 2015). As mentioned, MCC participates in the feedforward component of sensory integration (Blakemore et al., 1998), and so the decreased nodal efficiency of right MCC may reflect the imbalance between the actual anxiety and the individual’s expected anxiety, and individuals may adapt to anxiety and pain by reducing the function of MCC. Taking this evidence together, anxiety caused by the alteration of functional properties in MCC may be an important neuropsychological mechanism for aggravating or causing orthodontic pain.



Limitations

Although the sample size is larger than most studies of orthodontic pain, it may still have limited the power of the study. This study was cross-sectional, and the mediation analysis is of course statistical, and does not guarantee causality. In the future, more complex methods (such as longitudinal designs) will be needed to determine the causal direction of the relationship between these variables. Besides, present study found altered node attributes related to the location of the pain stimulus, however, only subjects with right pain stimulation are included. Further study with left pain stimulation is needed to prove the result. More importantly, a future study needs to consider pain-related emotional changes and their relationship with brain functional alterations.




CONCLUSION

The present study identified global and local changes in brain functional network topology in experimental orthodontic pain. The participants with pain stimulation showed a preserved small-world functional network organization, but with altered node attributes related to the location of the pain stimulus. Ipsilateral (right) pain-related brain region activity was activated, and most of these areas have inverse coding characteristics, activation resulting in reduced pain perception. The activity of the contralateral (left) brain area was decreased. Furthermore, anxiety mediates the relationship between MCC and pain, suggesting a potential neuropsychological mechanism. Our results may assist the targeted selection of interventions for orthodontic pain (such as behavioral (Lichtenstein et al., 2018) or brain interventions (Boecker et al., 2008; Esch and Stefano, 2010; Tuulari et al., 2018; Fontes et al., 2020), to help reduce pain and improve cooperation during orthodontic treatment (Li et al., 2020).
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Normal aging causes profound changes of structural degeneration and glucose hypometabolism in the human brain, even in the absence of disease. In recent years, with the extensive exploration of the topological characteristics of the human brain, related studies in rats have begun to investigate. However, age-related alterations of topological properties in individual brain metabolic network of rats remain unknown. In this study, a total of 48 healthy female Sprague–Dawley (SD) rats were used, including 24 young rats and 24 aged rats. We used Jensen-Shannon Divergence Similarity Estimation (JSSE) method for constructing individual metabolic networks to explore age-related topological properties and rich-club organization changes. Compared with the young rats, the aged rats showed significantly decreased clustering coefficient (Cp) and local efficiency (Eloc) across the whole-brain metabolic network. In terms of changes in local network measures, degree (D) and nodal efficiency (Enod) of left posterior dorsal hippocampus, and Enod of left olfactory tubercle were higher in the aged rats than in the young rats. About the rich-club analysis, the existence of rich-club organization in individual brain metabolic networks of rats was demonstrated. In addition, our findings further confirmed that rich-club connections were susceptible to aging. Relative to the young rats, the overall strength of rich-club connections was significantly reduced in the aged rats, while the overall strength of feeder and local connections was significantly increased. These findings demonstrated the age-related reorganization principle of the brain structure and improved our understanding of brain alternations during aging.
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INTRODUCTION

The brain is a dynamic system that can be modeled as a complex network of structurally interconnected elements (Bullmore and Sporns, 2009). Most studies have shown that brain function depends on the topologic organization of the entire brain network, rather than individual regions or connections (Sporns et al., 2005; Moon et al., 2015, 2017). There are normal physiologic and psychologic changes that occur as people age, such as gait and mobility problems (Cruz-Jimenez, 2017) and decline in executive functions and memory (Kirova et al., 2015). Characterizing changes of the brain network is invaluable to increasing our understanding of age-related decline, even in the absence of disease.

Using graph theoretical tools, the brain can be modeled as a series of interactive networks composed of nodes and edges. Brain regions are nodes of the network, and the structural or functional connections between nodes are edges of the network (Kaplan et al., 2019). Global structure parameters can reveal the organization of the entire network, while regional structure parameters can capture the contributions of brain regions (Sporns et al., 2007). It is worth noting that there is a robust hub structure in the brain network, which plays a central role in the whole network to promote information integration and global communication (van den Heuvel and Sporns, 2011, 2013). They are considered as “brain hubs” and together form a higher-level of organization called “rich-club” (Colizza et al., 2006; Zamora-López et al., 2010). More importantly, the brain regions in the rich-club structure are more likely to be interconnected.

In recent years, with the extensive exploration of the topological characteristics of human brain, rodent studies have begun to shed light on the function of such complex network organization. Some studies have confirmed that there is an obvious rich-club structure in the functional brain networks of rats, just as in the human brain (Liang et al., 2018). However, studies on topological properties and rich-club architecture of metabolic brain networks in rodents are still very scarce and need to be further investigated.

(18F) Fluorodeoxyglucose with positron emission tomography (18F-FDG PET) is a valuable tool for detecting brain structural changes. Currently, most studies on constructing metabolic networks are based on group-level data. In the current study, we collected 18F-FDG PET data in the young and aged rats and constructed individual metabolic networks. Using systematically graph theory methods to assess age-related topological properties and rich-club organization changes occurring in the rat individual brain metabolic networks. Exploring the age-related reorganization mechanism of the brain network is of great clinical significance for understanding and identifying the functional decline and disease progression caused by aging.



MATERIALS AND METHODS


Animals

In this study, a total of 48 healthy female Sprague–Dawley (SD) rats were used, including 24 young rats and 24 aged rats. The young rats were 8 weeks old and weighed 180–200 g, and the old rats were 18 months old and weighed 350–380 g. All rats were provided adequate water and food, and fed in temperature-controlled laboratory with a 12-h light/12-h dark cycle for 1 week. All rats were obtained from the Shanghai Slack Laboratory Animal Limited Liability Company (Shanghai, China). Prior to the formal study, this protocol was approved by the Animal Ethical Committee of Shanghai University of Traditional Chinese Medicine.



18F-Fluorodeoxyglucose With Positron Emission Tomography/CT Acquisition

Positron emission tomography imaging was carried out on a dedicated small animal PET/CTR4 bed (Siemens Inc., United States). Following an overnight fast, each rat was injected through the tail vein with 0.5 mCi 18F-FDG 40 min before scanning, and anesthetized with 5% halothane gas inhalation at induction, followed by a 1.5% halothane gas maintenance dose during scanning. The attenuation correction for the 18F-FDG datasets was automatically performed to obtain a 128 × 128 matrix at the end of the acquisition period. The parameters of PET/CT acquisition were as follows: current = 500 μA, spherical tube voltage = 80 kV, and time = 492 s.



Data Preprocessing

The ImageJ software (Image Processing and Analysis in Java, National Institutes of Health, Bethesda, MD, United States) was used for data format conversion. The Statistical Parametric Mapping 8 toolbox (SPM 81) was used for data preprocessing (Ceccarini et al., 2013). First, converting PET/CT images from the DICOM-format to the NIFTI-format. Second, we hand-painted masks to obtain the skull-stripped brain images. Third, according to a standard rat brain template (Schwarz et al., 2006), the orientation of these images was modified by adjusting parameters, and the origin correction was completed. Fourth, the image voxels were magnified 10 times to meet the algorithm requirements in SPM8 (Choi et al., 2015). Fifth, each brain PET image was normalized to the standard brain space (Schwarz et al., 2006). Finally, the 18F-FDG value of each voxel was divided by the mean value of the entire brain to obtain the globally normalized PET image maps (Hou et al., 2020; Wang et al., 2020).



Individual Metabolic Network Construction

Jensen-Shannon Divergence Similarity Estimation (JSSE) method was used for constructing individual metabolic networks (Li et al., 2021, 2022). Briefly, this approach defined the similarity between the probability distribution of the standard uptake values of a group of voxels in a region of interest (ROI) with that in another ROI as the metabolic connectivity between any pair of brain regions in an individual brain metabolic network (Li et al., 2022). In the present study, we defined the nodes of the brain network by parcellating the brain into different ROIs according to the standard rat brain template (Schwarz et al., 2006). Then, the voxel intensity of each brain region was extracted from the globally normalized FDG uptake maps, and the probability density function of the corresponding region was estimated by kernel density estimation (Duong, 2007). Next, we calculated the Kullback–Leibler divergence (KLD) (relative entropy) of each pair of brain regions, according to the mathematical equation (Wang et al., 2020):
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where P and Q represent the probability density functions of voxel intensities in two brain regions, the “| |” operator indicates “divergence.” The higher similarity of the probability density functions between two ROIs, the nearer consistent functional activity levels in two brain regions (Lin et al., 2021). However, the KLD is not symmetric. Thus, referring to relevant literature (Li et al., 2021), we defined the edges of the brain network as the metabolic connections by JSSE, according to the mathematical equation:
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where M = 0.5 × (P + Q) and DKL( | ) are the KLD. Accordingly, we applied the JS divergence (JSD) to construct the adjacency matrix, where the corresponding element represented the metabolic connection strength. Finally, the 96 × 96 metabolic correlation adjacency matrix was referred as the individual brain metabolic network.



Network Topology Metrics

The GRETNA toolbox2 was used to perform the graph theory analysis. Each absolute matrix was restricted at a range of densities (0.1–0.4, interval of 0.01) to generate a set of binary undirected networks. And the topological metrics of metabolic brain networks were calculated at each density.

To describe the global topologic properties of the individual metabolic network, the following parameters were calculated: path length (Lp), clustering coefficient (Cp), global efficiency (Eglob), local efficiency (Eloc), and small-worldness. In a network, the Lp is the average shortest Lp overall pair of nodes in this network. First, converting the metabolic connection matrix was transformed to the connection length matrix. The Dijkstra algorithm was then used to calculate the shortest distance between pairs combinations of brain regions from the connection length matrix (Watts and Strogatz, 1998). The Cp of each node can be defined as the ratio of the number of edges that exist between any two neighbors of the node to the number of all possible edges between such neighbors. The Cp value of the network can be obtained by averaging the Cp values of all nodes in the network (Watts and Strogatz, 1998). The Eglob is defined as the estimation of the efficacy of information transfer between two nodes that are far apart in the network (Latora and Marchiori, 2001). The Eloc plays a similar evaluation role to Cp, which refers to the average efficiency of local subgraphs (Latora and Marchiori, 2001). Small-worldness index (σ) is defined as the value of normalized Cp (γ) divided by normalized Lp (λ) (Humphries and Gurney, 2008; Li and Huang, 2020). By comparing the Cp and Lp to the mean Cprand and Lprand of 5,000 random networks, the γ and λ were calculated.

For the regional topologic prosperities, the following parameters were calculated at each node of each graph: betweenness centrality (BC), degree (D), and nodal efficiency (Enod). The BC is the number of shortest-paths through the network that pass through the node (Stam and Reijneveld, 2007). A node’s D is defined as the number of edges connected to the node, reflecting the importance of the node in the network (Rubinov and Sporns, 2010). The Enod represents the efficiency of information transfer between the neighbors of a particular node (Qba et al., 2021).



Rich-Club Organization

Rich-club organization for each rat at a range of densities (0.1–0.4, interval of 0.01) was estimated using the GRETNA toolbox. The rich-club phenomenon is defined as the tendency of high connectivity between high-degree nodes, such as hub regions (Colizza et al., 2006). The calculation formula is:
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where the rich-club coefficient Φ(k) is calculated by the following three steps: First, a rich-club subnetwork was obtained by extracting the nodes with degree greater than predefined k and the edges among them. Next the total number of edges (E) and nodes (n) within rich-club subnetwork was counted. Third, the Φ(k) is calculated as the ratio of E to number of all possible connections among this set of nodes [n × (n−1)] (McAuley et al., 2007; van den Heuvel and Sporns, 2011). In this study, we normalized Φ(k) relative to 1,000 random networks with the same size and similar connectivity distribution as the real network. The overall random rich-club coefficient [Φrand(k)] was computed as the average Φ(k) over the 1,000 random networks. The brain network would be treated as a rich-club organization when the normalized rich-club coefficient [Φnorm(k)] is greater than 1.



Definition of Hub Regions and Three Connection Types

Nodes with high degree (k) were classified as network hubs. In this study, considering the aging-related brain alterations in aged rats, hub regions were defined only by nodes with high degree of young rats (Shu et al., 2017). We selected the top 10 (10%) nodes with the highest k as hub regions based on the average individual metabolic network of young rats (Wang et al., 2021). After dividing hub brain regions and non-hub brain regions, edges of the metabolic network were classified into three connection types: (1) rich-club connections, which link hubs and hubs; (2) feeder connections, which link hubs and non-hubs; and (3) local connections, which link non-hubs and non-hubs. Then, the sum of the edge weights for each connection type was calculated as the connectivity strength (Yan et al., 2018).



Statistical Analysis

To further simplify the statistical analysis, the area under the curve (AUC) over the density range of each topological metric was calculated and then employed as a scalar value. Statistical analyses were performed employing two-sample t-tests for group comparison. For the global network analysis and the connectivity strength analysis, the 0.05 level (p < 0.05) was accepted for statistical significance. And the significance threshold for regional network analysis was set at p < 0.05 and adjusted for multiple comparisons using Bonferroni correction.




RESULTS


Animals

All rats were in a normal and stable active state before scanning. We finally used the data of 23 aged rats and 24 young rats for statistical analysis, because one of the 24 aged rats was excluded for poor image quality.



Network Topological Properties

Compared with the young rats, Cp and Eloc were significantly lower in the aged rats (p < 0.05) (Table 1 and Figure 1). Out of the 96 regions in the aged rats, left posterior dorsal hippocampus showed significantly higher D and Enod, and left olfactory tubercle had significantly higher Enod than those of the young rats. However, no node was found to be significantly different in terms of BC (Table 2 and Figure 2).


TABLE 1. Intergroup differences of global network properties.
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FIGURE 1. The results of global properties between the young rats and aged rats. And p < 0.05 indicates significant differences.



TABLE 2. Intergroup differences of regional network properties.
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FIGURE 2. The nodes showed significant changes in regional properties between the young rats and the aged rats. (A) Red spheres indicate nodes with increased nodal properties in the aged rats. (B) The bar plots display the mean (standard error) of degree and nodal efficiency values of pdHIP.L and OT.L for each group. pdHIP.L, left posterior dorsal hippocampus; OT.L, left olfactory tubercle.




Rich-Club Organization

The rich-club organization of individual metabolic network [Φnorm(k) > 1] was found for both young rats and aged rats under the specific range of density (Figure 3).
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FIGURE 3. The characteristic rich-club organization of individual metabolic networks in young rats and aged rats.




Rich-Club Regions

Ten hub regions were identified, including bilateral caudate putamen (CPu), dorsal midline thalamus (dMT), ventromedial thalamus (VMT), zona incerta (ZI), as well as right nucleus accumbens core (Acbc) and olfactory tubercle (ON) (Figure 4).
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FIGURE 4. The rich-club regions and three types of connections. (A) Ten rich-club members (red nodes) across the young group; (B) the red nodes and the yellow nodes represent hub and non-hub regions respectively. The dark red lines represent rich-club connections; the light red lines represent feeder connections and the yellow lines represent local connections. Cpu, caudate putamen; dMT, dorsal midline thalamus; VMT, ventromedial thalamus; ZI, zona incerta; Acbc, nucleus accumbens core; ON, olfactory tubercle.




Group Differences in Metabolic Connectivity

Relative to the young rats, the aged rats exhibited significantly increased overall strength in feeder and local connections (feeder: p < 0.001; local: p < 0.001), whereas rich-club connections strength decreased significantly in the aged rats (p = 0.001) (Figure 5).


[image: image]

FIGURE 5. Between-group differences of overall strength in rich-club, feeder, and local connections.





DISCUSSION

Interest in characterizing functional, structural, and metabolic brain alterations during normal aging is growing. Understanding the underlying mechanisms across the whole-brain networks may help us better understand age-related changes. In this study, a graph-theoretical approach was applied to study the topological organization of individual brain metabolic network in the young rats and aged rats. There were three main results: (1) compared with the young rats, Cp (p = 0.004) and Eloc (p = 0.041) significantly decreased in the aged rats; (2) for regional network properties, the aged rats showed significantly higher D and Enod in left posterior dorsal hippocampus (p < 0.001), and Enod in left olfactory tubercle (p < 0.001); and (3) relative to the young rats, the overall strength of rich-club connections was significantly reduced (p = 0.001) in the aged rats, while the overall strength of feeder and local connections was significantly increased (p < 0.001).

Abnormalities in functional segregation (Cp and Eloc) are key features of brain network disorganization (Jiang et al., 2020). The Cp reflects the degree of clustering trend of nodes. The Eloc represents the efficiency of information exchange in the local network, which is similar but not equivalent to its Cp (Latora and Marchiori, 2001; Rubinov and Sporns, 2010). In this study, relative to the young rats, the aged rats showed significantly decreased Cp and Eloc across the whole-brain metabolic network. These results were in line with previous studies reporting lower local information transfer in aged subjects. Goh (2011) demonstrated that biological aging was consistently associated with the network dedifferentiation, which was manifested as decreased intra-network connectivity, as well as increased inter-network connectivity. That is, these communities themselves in brain network are increasingly dispersed with increasing age (Bethlehem et al., 2020). This might be the main reason for the decrease of Cp and Eloc of the whole-brain metabolic network. Our findings confirmed that decreased functional segregation was also a feature of the rats’ brain metabolic network disorganization in normal aging, and further supported that the brain network tended to develop into a random network with low Cp during normal aging (Bullmore and Sporns, 2009).

In terms of changes in local network measures, D and Enod are two indicators of the importance of a node (Chen et al., 2019). The D is the number of neighbors of the node (Bullmore and Bassett, 2011), and the Enod quantifies information communication of each node within the network. Our results showed that compared with the young rats, D and Enod of left posterior dorsal hippocampus were higher in the aged rats, indicating that the number of neighbors of left posterior dorsal hippocampus increased significantly, and its information transmission efficiency in the entire network was increased. The dorsal parts of the hippocampus receive signals from the visual, somatosensory and auditory cortices (Moser and Moser, 1998). Trompoukis et al. (2021) investigated the properties changes of synaptic transmission and neuronal excitability in the dorsal and ventral hippocampus of aged and young rats. Their research demonstrated that the dorsal hippocampus appeared able to promote transmission of low-frequency stimulus and inhibit transmission of high-frequency stimulus in young rats, while the dorsal hippocampus of old rats could not select the corresponding information transmission mode according to different frequencies. In this study, compared with the young rats, the dorsal hippocampus of the aged rats also showed significantly changes in information transmission. In addition, Enod of left olfactory tubercle in the individual brain metabolic networks of the aged rats was higher, while its D did not change significantly. Left posterior dorsal hippocampus and left olfactory tubercle in the aged rats, as non-hubs, showed significantly increased Enod, which was consistent with the result of feeder connections.

Most human researches have demonstrated that the rich-club structure is a basic and common feature of large-scale brain networks that exist throughout lifespan (Colizza et al., 2006; McAuley et al., 2007). Unfortunately, abnormal rich-club organization and reduced rich-club connective strength have been observed in the human brain with normal aging (Baggio et al., 2015; Escrichs et al., 2021). Our results gave evidence to the existence of the rich-club organization in rodents’ metabolic brain networks. Depending on the hub regions, we evaluated communication efficiency in the rat metabolic networks by calculating the strength of three types of connections. The results showed that relative to the young rats, the strength of the rich-club connections decreased significantly in the aged rats, while both the strength of the feeder and local connections increased significantly. These results suggested impaired connectivity in the rich-club organization, which was consistent with the human-related studies. This may be due to the brain’s tendency to strengthen connections with non-clubs over those with rich-hubs during normal aging (Zhao et al., 2015). Given that these changes reflect increased integration and importance of non-hub regions, we speculate that our results are related to the emergence of compensatory mechanisms. In addition, these results were supported by previously reported researches suggesting that rich-club connections were more impressionable to aging (Zhao et al., 2015) and were consistent with our regional efficiency.

In addition, it is a key question to consider whether the results of animal research can be helpful for clinical intervention. At present, pharmacological therapies and rehabilitation are commonly used for the treatment of degenerative changes and diseases in the elderly. However, these approaches effect only a modest improvement (Li et al., 2020). Therefore, new non-pharmacological strategies are needed to slow age-related decline and reduce disease-related functional impairment in older adults (Sanches et al., 2021). Effective therapeutic approaches in neurodegeneration should be able to operate on the degenerative process itself or on brain plasticity (Gutchess, 2014). Non-invasive brain stimulation (NIBS) approaches have been shown to induce corrective plastic changes by targeted stimulation of different brain regions for prolonged periods (Merzenich et al., 2014). Furthermore, some studies using NIBS have shown promise improving cognitive processes related to memory and language in normal aging (Reinhart and Nguyen, 2019). Based on our findings, targeting modulation of the maladaptive brain plasticity changes, such as strengthening connectivity and network integrity in the rich-club organization and adjusting the activity intensity of brain regions involving information transmission, might be useful to promote degenerative improvement in aged adults. We hope that the findings from our preliminary study will provide foundational results to inform the target of plasticity-based neuromodulation for functional improvement in aged adults.



CONCLUSION

Applying 18F-FDG PET data to explore individual brain metabolic network changes, this work provided new insights into age-related brain changes in healthy and diseased rodents. Our findings suggested abnormalities in topological properties of individual brain metabolic networks in the aged rats as well as impaired metabolic connectivity in the rich-club organization. Further research will certainly improve our understanding of brain alternations during aging.
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Purpose: Age-related hearing loss (ARHL), associated with the function of speech perception decreases characterized by bilateral sensorineural hearing loss at high frequencies, has become an increasingly critical public health problem. This study aimed to investigate the topological features of the brain functional network and structural dysfunction of the central nervous system in ARHL using graph theory.

Methods: Forty-six patients with ARHL and forty-five age, sex, and education-matched healthy controls were recruited to undergo a resting-state functional magnetic resonance imaging (fMRI) scan in this study. Graph theory was applied to analyze the topological properties of the functional connectomes by studying the local and global organization of neural networks.

Results: Compared with healthy controls, the patient group showed increased local efficiency (Eloc) and clustering coefficient (Cp) of the small-world network. Besides, the degree centrality (Dc) and nodal efficiency (Ne) values of the left inferior occipital gyrus (IOG) in the patient group showed a decrease in contrast with the healthy control group. In addition, the intra-modular interaction of the occipital lobe module and the inter-modular interaction of the parietal occipital module decreased in the patient group, which was positively correlated with Dc and Ne. The intra-modular interaction of the occipital lobe module decreased in the patient group, which was negatively correlated with the Eloc.

Conclusion: Based on fMRI and graph theory, we indicate the aberrant small-world network topology in ARHL and dysfunctional interaction of the occipital lobe and parietal lobe, emphasizing the importance of dysfunctional left IOG. These results suggest that early diagnosis and treatment of patients with ARHL is necessary, which can avoid the transformation of brain topology and decreased brain function.

Keywords: age-related hearing loss, brain function, functional magnetic resonance imaging, graph theory, small-world network


INTRODUCTION

With the increasingly serious aging of the world population, age-related hearing loss (ARHL), the third most common disease of the elderly, has attracted more and more attention (Loughrey et al., 2018; Slade et al., 2020). ARHL, associated with the function of speech perception decreases, is characterized by bilateral sensorineural hearing loss at high frequencies function (Lee et al., 2010; Rutherford et al., 2018; Sharma et al., 2021). The function of speech perception decreases shows slowed central processing of acoustic information in noisy environments (Gates and Mills, 2005; Yamasoba et al., 2013; Li et al., 2017). These problems not only contribute to the seriously decreased quality of life but also lead to social isolation and falls and shorten the life span of patients (Kamil et al., 2016). However, less is known about the exact neuropathological mechanism of ARHL and its relationship with cognitive impairment.

Although impaired inner ear function is the main cause of ARHL, it is increasingly recognized that ARHL is also related to structural and functional changes in the central auditory pathway and other areas of the central nervous system (Kazee et al., 1995; Spongr et al., 1997; Salvi et al., 2002; Ouda et al., 2015). With the further application of functional magnetic resonance imaging (fMRI) which was based on blood oxygen level dependent (BOLD) in central nervous system abnormalities of ARHL, some studies have found that hearing loss devoted to the disrupted functional networks such as limbic network (SCLN), default mode network (DMN), executive control network (ECN), attention network (AN), and visual network (VN) (Chen et al., 2018, 2020; Xing et al., 2020, 2021a,b; Ren et al., 2021). In addition, experiments have found abnormal structural and functional visual centers similar to the auditory center in ARHL (Schulte et al., 2020; Wei et al., 2021), proving that the dysfunction caused by hearing loss involves the whole brain (Benetti et al., 2021).

Recent studies using magnetic resonance spectroscopy (MRS) have shown decreased neurotransmitters such as gamma-aminobutyric acid (GABA) in ARHL related to age and speech in noise, indicating that the reduction of neurotransmitters in the auditory system is related to functional impairment (Gao et al., 2015; Dobri and Ross, 2021). Many fMRI studies and animal experiments have linked the decline of cognition with functional abnormalities in ARHL, as well as dementia and depression (Chen et al., 2020; Choi et al., 2021; Ren et al., 2021; Shen et al., 2021). However, the causal relationship between the degeneration of peripheral auditory system, such as inner ear structure, and the declined function of central auditory system and cognitive function in patients has not been clear (Rutherford et al., 2018; Bowl and Dawson, 2019; Ralli et al., 2019).

Graph theory provides a theoretical framework for analyzing the topology of brain networks by studying the local and global organization of neural networks. At present, it has been widely used to study the properties of complex networks (Lv et al., 2018; Sporns, 2018; Hallquist and Hillary, 2019). In the graph theory model, the human brain is characterized as a large-scale network consisting of nodes and edges, defined brain regions as nodes while edges as an anatomical connection or functional correlation between two nodes (Medaglia, 2017). The brain network can be divided into different modules to separate functionally related neurons and observe the connection and flow of information. These modules not only complete different functions independently but also participate in the integration of whole brain function jointly through the core nodes. Interestingly, the information transmission of our brain network reflects low cost and efficiency. It exhibits characteristics of the small-world network, which means small networks of highly connected nodes in clusters with a few connections working together to carry out specific tasks or perform specific cognitive function (Van Den Heuvel et al., 2008; Wang et al., 2012).

Some specific properties of graph theory include characteristic path length, clustering coefficient, node degree and degree distribution, centrality, and modularity (Sporns et al., 2004; Reijneveld et al., 2007; Stam and Reijneveld, 2007), which can provide important new insights into the structure and function of networked brain systems including structure, development, and diseases. Therefore, in this study, we first used resting-state fMRI to construct the brain functional networks of patients with ARHL and analyze the topological features of their brain networks using graph theory.



MATERIALS AND METHODS


Subjects

We recruited 91 subjects (all right-handed and educated for at least 8 years) through community health screening and newspaper advertisements, including 46 ARHL patients and 45 age, sex, and education-matched healthy controls (HCs). Hearing loss was assessed by the speech-frequency pure tone average (PTA) of thresholds at the frequencies of 0.25, 0.5, 1, 2, 4, and 8 kHz. The PTA value of 25 dB HL was accepted as the normal hearing threshold limit. Inclusion criteria of the ARHL were average PTA > 25 dB HL in the better hearing ear and age ≥50 years. Tympanometry was performed with a Madsen Electronics Zodiac 901 Middle Ear Analyzer (GN Otometrics) to confirm normal middle-ear function. A summary of the mean hearing thresholds of both ears in all subjects is shown in Figure 1.


[image: Figure 1]
FIGURE 1. Mean hearing thresholds of age-related hearing loss (ARHL) patients and healthy controls (HCs). The hearing thresholds were significantly higher in ARHL than HCs (*p < 0.001, 1,000–8,000 Hz). Data are presented as mean ± SD.


Exclusion criteria were ear diseases that affect hearing thresholds, including tinnitus, hyperacusis, and Meniere's diseases. To minimize the potential confounding factors, the following factors were excluded: ototoxic drug therapy, otologic surgery, noise exposure, alcoholism, brain injury, stroke, Alzheimer's disease, Parkinson's disease, major depression, epilepsy, neurological or psychiatric disorders that could affect cognitive function, major medical illness (e.g., anemia, thyroid dysfunction, and cancer), MRI contraindications, or severe visual loss.

All subjects underwent a battery of neuropsychological tests. The neuropsychological status of the subjects was established using the Mini Mental State Exam (MMSE), Montreal Cognitive Assessment (MoCA), auditory verbal learning test (AVLT), complex figure test (CFT), digit span test (DST), trail-making test (TMT) A and B, clock-drawing test (CDT), verbal fluency test (VFT), digit symbol substitution test (DSST), Self-Rating Anxiety Scale (SAS), and Self-Rating Depression Scale (SDS). It took about 1 h for each subject to complete all of the tests in a fixed order.

All the subjects provided written informed consent before their participation in the study protocol. Approval for the study was obtained from the Research Ethics Committee of Nanjing Medical University.



MRI Acquisition

A 3.0 T MRI scanner (Ingenia, Philips Medical Systems, Netherlands) with an 8-channel receiver array head coil was used to scan. Foam padding and earplugs were used to reduce head motion and scanner noise. The subjects were required to close their eyes, lie down quietly, stay awake, not think about anything special, and avoid any head motion during the scan. Structural images were acquired with a three-dimensional turbo fast echo (3D-TFE) T1WI sequence with high resolution as follows: repetition time (TR)/echo time (TE) = 8.1/ 3.7 ms; slices = 170; thickness = 1 mm; gap = 0 mm; flip angle (FA) = 8°; acquisition matrix = 256 × 256; field of view (FOV) = 256 mm × 256 mm. The structural sequence took 5 min and 29 s. Functional images were obtained axially using a gradient echo-planar imaging sequence as follows: TR = 2,000 ms; TE = 30 ms; slices = 36; thickness = 4 mm; gap = 0 mm; FOV = 240 mm × 240 mm; acquisition matrix = 64 × 64; and FA = 90°. The fMRI sequence took 8 min and 8 s.



Data Preprocessing

Data preprocessing used Statistical Parameter Mapping 12 (http://www.fil.ion.ucl.ac.uk/spm) and the Graph Theoretical Network Analysis Toolbox for Imaging Connectomics (2.0.0A http://www.nitrc.org/projects/gretna/) (GRETNA). The processing pipeline included the following stages: (1) Removing the first 10 volumes because of patients to adjust to the environment and signal adjustment from the MRI. (2) Slice timing, corrected and realigned, was performed for the remaining 220 images. Any subjects with a head motion >2.0 mm translation or a 2.0° rotation in any direction were excluded. (3) The remaining dataset was normalized to the 3D-T1 data by the diffeomorphic anatomical registration through exponentiated lie algebra methods (reslicing voxel size as 3 × 3 × 3 mm 3). (4) Detrending and filtering (0.01–0.08 Hz) were performed in turn. Subsequently, several nuisance signals were regressed from the data including head motion, the global mean, and signals from white matter and the cerebrospinal fluid.



Functional Connectivity Matrix and Graph Construction

The GRETNA software was used to construct the network (He et al., 2008; Zhang et al., 2011). First, automated anatomical labeling (AAL) atlas was applied to obtain 90 cortical and subcortical regions of interest in the whole brain, and each was taken for a network node(Tzourio-Mazoyer et al., 2002). Next, the mean time series was obtained for each region, and the partial correlations of the mean time series between all pairs of the nodes (representing their conditional dependencies by excluding the effects of the other 88 regions) were regarded as the edges of the network (Jin et al., 2011; Zhang et al., 2011; Tao et al., 2013). This process generated a partial correlation matrix (90 × 90) for each subject, which was converted to a binary matrix according to a predefined threshold. If the absolute partial correlation between regions i and area j exceeded the threshold, then entry a ij = 1; otherwise, a ij = 0.

The networks of individual subjects were different in the number of edges (Wen et al., 2011). To resolve this discrepancy, a range of sparse thresholds S to the correlation matrix was used to ensure that each graph had the same number of edges. For each participant, S was defined as the fraction of the total number of edges remaining in the network. The minimum value of S was set so that the average node degree of the threshold network was 2log(N), where N was the number of nodes. The threshold range generated by this process was 0.06 S 0.4, and the interval was 0.01. The networks generated by this threshold strategy could estimate the sparse properties of small-worldness and the smallest possible number of false edges (Watts and Strogatz, 1998; Zhang et al., 2011). For the brain networks at each sparsity level, we calculated both the global and node network parameters.



Brain Functional Network Analysis

For the brain function network, the global topological structure of the brain function network and the regional properties of each node were characterized by calculating the global network parameters and the regional node parameters. The node parameters examined included Bc (betweenness centrality), Dc (degree centrality), Ne (nodal efficiency), nodal clustering coefficient, nodal local efficiency, and nodal shortest path. The global parameters examined included small-world parameters including Lp (characteristic path length), Cp (clustering coefficient), γ (normalized clustering coefficient), λ (normalized characteristic path length), and δ (small-worldness), and the network efficiency parameters included Eglob (global efficiency) and Eloc (local efficiency) (Watts and Strogatz, 1998; Eisensehr et al., 2001).



Statistical Analysis

We calculated the area under the curve (AUC) for each network metric. The AUC for a general metric ⋎ was calculated over the sparsity range from S1 to Sn with an interval of ΔS, here S1 = 0.10, Sn = 0.34, and ΔS = 0.01. The AUC provided a summarized scalar for the topological characterization of brain networks, which is independent of a single threshold selection and sensitive to topological alterations in brain disorders (Wang et al., 2009; Zhang et al., 2011). The AUC value of each global parameter in the two groups, as a comprehensive evaluation of the index, was compared by a two-sample t-test. p < 0.05 was statistically significant. The Bonferroni correction was used for multiple brain regions between the two groups in node parameters.

For modular analysis, the network and node module in metric comparison of Gretna software was used to compare the functional connections within each module and between any two modules by a two-sample t test. The whole brain network is divided into six sub-modules, namely, the frontal lobe module, prefrontal lobe module, subcortical module, temporal lobe module, occipital lobe module, and parietal lobe module. The Bonferroni correction was used for multiple comparison correction. p < 0.05 was statistically significant. In addition, SPSS 19.0 statistical software was used to analyze the Spearman's correlation between the functional connection in or between modules and the global and node parameters. p < 0.05 was statistically significant.




RESULTS


Demographic and Cognitive Characteristics

The demographic characteristics of ARHL and HCs were presented in Table 1. We observed no significant differences between the ARHL group and HCs in terms of age, sex, and education level. Besides, no significant difference was revealed in PTA between the left and right ear of the ARHL patients and HCs. The cognitive status of both groups was summarized in Table 2. Patients with ARHL performed significantly poorer on TMT-B score (p < 0.05). Significant differences in other cognitive performances were not observed.


Table 1. Demographics of the ARHL and HCs.

[image: Table 1]


Table 2. Neuropsychological scores of the ARHL and HCs.

[image: Table 2]



Modular Analysis

Compared with the HCs group, the intra-modular interaction of the occipital lobe module decreased in the patient group (p = 0.002, Bonferroni correction) (Figure 2A). Besides, the inter-modular interaction of the parietal occipital lobe module also decreased in the ARHL group (p < 0.001, Bonferroni correction) (Figure 2B).


[image: Figure 2]
FIGURE 2. (A) The intra-modular interaction of occipital lobe module decreased in the patient group (p = 0.002). (B) The inter-modular interaction of parietal occipital lobe module decreased in the patient group (p < 0.001).




Nodal Level Analysis

The degree centrality (Dc) of the left inferior occipital gyrus (IOG) in the patient group showed a decrease in contrast with the HCs (p < 0.001, Bonferroni correction) (Figure 3). Furthermore, the nodal efficiency (Ne) of the left IOG in the patient group showed a decrease in contrast with the HCs (p < 0.001, Bonferroni correction) (Figure 3). However, the betweenness centrality (Bc) showed no differences between the two groups.


[image: Figure 3]
FIGURE 3. The degree centrality (Dc) and nodal efficiency (Ne) of the left inferior occipital gyrus (IOG.L) in the ARHL patient group showed a decrease compared with the healthy controls group (p < 0.001).




Global Level Analysis

Compared with the HCs group, the local efficiency (Eloc) of the ARHL group was higher (p = 0.013, p < 0.05) (Figure 4A). But the global efficiency (Eglob) showed no difference between the two groups. Otherwise, the clustering coefficient (Cp) of the patient group was higher than the control group (p = 0.019, p < 0.05) (Figure 4B). As for other parameters including normalized clustering coefficient (γ), normalized characteristic path length (λ), the characteristic path length (Lp), and small-worldness (σ), there were no difference between both groups.


[image: Figure 4]
FIGURE 4. (A) The local efficiency (Eloc) of the patient group was higher than the healthy controls (p = 0.013). (B) The clustering coefficient (Cp) of the patient group was higher than the control group (p = 0.019).




Correlation Analysis

The decreased intra-modular interaction of the occipital lobe module and decreased inter-modular interaction of the parietal occipital lobe module in the ARHL group were positively correlated with the Dc (p < 0.001, p = 0.003) (Figures 5A,D) and Ne (p < 0.001, p = 0.001) (Figures 5C,E). The decreased intra-modular interaction of the occipital lobe module in the ARHL group was negatively correlated with the Eloc (p = 0.020) (Figure 5B). However, the decreased inter-modular interaction of the parietal occipital lobe module in the ARHL group showed no correlation with the Eloc (p = 0.056). Similarly, the decreased intra-modular interaction of the occipital lobe module and the decreased inter-modular interaction of the parietal occipital lobe module in the ARHL group also showed no correlation with the Cp (p = 0.301, 0.605).


[image: Figure 5]
FIGURE 5. The correlation analysis of modular analysis with nodal and global parameters. (A) The decreased intra-modular interaction of the occipital lobe module in the patient group was positively correlated with the Dc (p < 0.001). (B) The decreased intra-modular interaction of occipital lobe module in the patient group was negatively correlated with the Eloc (p = 0.020). (C) The decreased intra-modular interaction of occipital lobe module in the patient group was positively correlated with the Ne (p < 0.001). (D) The decreased inter-modular interaction of parietal occipital lobe module in the patient group was positively correlated with the Dc (p = 0.003). (E) The decreased inter-modular interaction of parietal occipital lobe module in the patient group was positively correlated with the Ne (p = 0.001).





DISCUSSION

The occipital lobe not only plays an important role in integrating information of visual sense, auditory sense, and other information gathered by sensory systems but also connects visual information with brain processing systems of speech and other executive functions (Wu et al., 2020). The parietal lobe is essential to process sensory information, including integration, perception, digital cognition, speech understanding, decision-making, and spatial consciousness (Critchleey, 1953; Bisley and Goldberg, 2010). We found that the intra-modular interaction of the occipital lobe module and the inter-modular interaction of the parietal occipital module decreased in the patient group, indicating the disrupted function of the occipital lobe and parietal lobe. This was similar with previous studies (Zhang et al., 2021). One of the reasons may be the cross-modal functional reorganization due to a variety of sensory processing abnormalities caused as a result of hearing loss (Luan et al., 2019; Wei et al., 2021). The cross-modal plasticity is an internal ability of the brain, which represents a compensation mechanism when a specific sensory pattern is deprived (Benetti et al., 2021). Conjectured in this experiment, parietal and occipital resources of ARHL are occupied to compensate for hearing loss. However, excessive occupied resources for a long time may cause the functional change or even decline of the parietal occipital lobe. Therefore, early diagnosis and treatment of ARHL is necessary to decrease the negative impact on other brain regions (Glick and Sharma, 2017).

The IOG participates in the related processes of visual processing such as correlated gradients of spatial and face-part selectivity due to typical face-directed gaze behavior (De Haas et al., 2021). As a simple measurement of connectivity between a single node and all other nodes in networks, the DC represents the importance of a node (Telesford et al., 2011). The NE measures how efficiently information is exchanged over the network (Ottet et al., 2013). The decrease of Dc and Ne of the left IOG was positively correlated with the intra-modular interaction of the occipital lobe module and the inter-modular interaction of the parietal occipital module, indicating that the left IOG is a core node for information transmission within the occipital lobe and between the parietal occipital lobe (De Haas et al., 2021). In other words, the dysfunction of the left IOG plays an important role in the integration of whole brain function and further affects the connection between the occipital lobe and the parietal lobe. It is suggested that the study of the dysfunction of occipital and parietal lobes in ARHL in the future should focus on the IOG. For the treatment of ARHL, the abnormality of occipital and parietal lobes may improve with the IOG targeted.

While a small-world network between them has smaller Lp and larger Cp, which support the differentiation and integration of information with high efficiency (Van Den Heuvel and Hulshoff Pol, 2010). To a certain extent, the small-world network has the ability to resist disease attacks (Achard and Bullmore, 2007). The increased Cp represents the imbalance of differentiation and integration of the small-world network in the patient, which tends to the topology of a regular network and easier disease attacks. The information transmission speed of the regular network is lower than the random network in the brain level, which indicates that the topology transformation of the small-world network in ARHL may decrease the connectivity of the whole brain, and then lead to brain cognitive impairment (Van Den Heuvel and Hulshoff Pol, 2010; Lv et al., 2018). Therefore, early treatment of patients with hearing loss is necessary to prevent the transformation of topology and the decline of cognitive function.

The increase of Cp and Eloc represents the improvement of local network information processing efficiency of patients (Lv et al., 2018). We speculate that the decrease of DC and NE in the left IOG results in the decreased interaction within the occipital module and between the parietal occipital module, and the brain mobilizes more resources to solve this problem leading to improved local network information processing ability. Although this compensation mechanism can alleviate the dysfunction of local brain areas, the consumption of more resources may decrease the information processing ability of the global brain level, resulting in the abnormalities of other brain areas (Fornito et al., 2015). The transformation of small-world network topology may be the result of ARHL and the compensation mechanism. Interestingly, there was no difference in Eglob and Lp between the two groups, indicating no significant change in the information processing ability of the global brain level, which may be the cause of the pathogenesis of ARHL and insufficient sample size. On the contrary, it may be that sufficient brain information processing ability allows compensatory changes.



LIMITATION

First, this experiment is a cross-sectional study. A small sample size may lead to inaccurate results. Second, although earplugs have been used, the noise during MRI scan would have a certain impact on this experiment. Finally, our interpretation of the results is subjective to a certain extent because of few articles on graph theory and ARHL. Sufficient samples and multiple experiments are essential for ARHL.



CONCLUSION

Based on resting-state fMRI and graph theory, this experiment found decreased intra-modular interaction of the occipital lobe module and decreased inter-modular interaction of the parietal occipital lobe module. We prove the transformational topology of the small-world network in ARHL, which may cause the decline of global brain connectivity and brain cognitive impairment. These results suggest that early diagnosis and treatment of patients with ARHL is necessary, which can avoid the transformation of brain topology and decreased brain function. Our research suggested that the disorder of brain network topology may play a pivotal role in cognitive impairment of ARHL, which may be a potential imaging biomarker for early clinical diagnosis, prevention, and treatment of ARHL.
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Purpose: Presbycusis is characterized by bilateral sensorineural hearing loss at high frequencies and is often accompanied by cognitive decline. This study aimed to identify the topological reorganization of brain functional network in presbycusis with/without cognitive decline by using graph theory analysis approaches based on resting-state functional magnetic resonance imaging (rs-fMRI).

Methods: Resting-state fMRI scans were obtained from 30 presbycusis patients with cognitive decline, 30 presbycusis patients without cognitive decline, and 50 age-, sex-, and education-matched healthy controls. Graph theory was applied to analyze the topological properties of brain functional networks including global and nodal metrics, modularity, and rich-club organization.

Results: At the global level, the brain functional networks of all participants were found to possess small-world properties. Also, significant group differences in global network metrics were observed among the three groups such as clustering coefficient, characteristic path length, normalized characteristic path length, and small-worldness. At the nodal level, several nodes with abnormal betweenness centrality, degree centrality, nodal efficiency, and nodal local efficiency were detected in presbycusis patients with/without cognitive decline. Changes in intra-modular connections in frontal lobe module and inter-modular connections in prefrontal subcortical lobe module were found in presbycusis patients exposed to modularity analysis. Rich-club nodes were reorganized in presbycusis patients, while the connections among them had no significant group differences.

Conclusion: Presbycusis patients exhibited topological reorganization of the whole-brain functional network, and presbycusis patients with cognitive decline showed more obvious changes in these topological properties than those without cognitive decline. Abnormal changes of these properties in presbycusis patients may compensate for cognitive impairment by mobilizing additional neural resources.

Keywords: presbycusis, resting-state functional magnetic resonance imaging, graph theory, functional network, topological properties


INTRODUCTION

Presbycusis, defined as progressive bilateral sensorineural high-frequency hearing loss, has become a pervasive public health issue frequently accompanied with social isolation, communication, language, and speech processing problems (Gates and Mills, 2005; Dubno et al., 2008; Panza et al., 2015). Approximately 35–50% of adults aged 65 years or older suffered from presbycusis with the aging of the global population, consequently bringing a great social and economic burden (Rutherford et al., 2018). The main clinical features of presbycusis are characterized by slow central processing of auditory information, impaired localization of sound sources, and reduced ability to distinguish speech in noisy environments (Gates and Mills, 2005). In addition, presbycusis has been independently associated with cognitive decline and increased risk of dementia (Ford et al., 2018; Loughrey et al., 2018). This has been a serious negative impact on the daily life and social interaction of the elderly population.

Although the loss of sensory hair cell and neurons in the cochlea is the main cause of presbycusis, there is growing awareness that presbycusis is also associated with the structural and functional changes in the central auditory pathway and other regions in the central nervous system (Kazee et al., 1995; Ouda et al., 2015). Besides, less is known about its association with cognitive impairment. Several neuroimaging studies of presbycusis have demonstrated a variety of brain functional changes outside the auditory pathway. For example, Chen et al. (2018b, 2020) found that age-related hearing loss was associated with a decline in spontaneous activity of the auditory cortex, whereas impaired cognitive/executive function was associated with increased spontaneous activity in the prefrontal cortex; the decline of cognitive function in presbycusis patients may be closely related to the functional changes of the default mode network (DMN). Xing et al. proposed that the disorder of brain functional network architecture in the frontal lobe plays a crucial role in the executive dysfunction of presbycusis, and early biomarkers of FC alteration may exist before distinct cognitive impairment is detected in patients with presbycusis (Xing et al., 2020, 2021a,b).

Resting-state functional MRI (rs-fMRI) can non-invasively measure spontaneous activity in the human brain (Biswal et al., 1995). It mainly uses the blood-oxygenation level-dependent (BOLD) signal as a neurophysiological index and has been successfully applied to various clinical diseases such as mitochondrial encephalomyopathy with lactic acidosis and stroke-like episodes (MELAS) (Wang et al., 2020), type 2 diabetes mellitus (Xu et al., 2019), and obstructive sleep apnea (Chen et al., 2018a). Graph theory studies the complex network of the human brain connectome by measuring the topological properties of the region of interest (ROI) or that network associated with a particular function throughout the brain (Bullmore and Sporns, 2009; Smitha et al., 2017). The rs-fMRI brain network analysis method based on graph theory has shown that the human brain functional networks have many important topological properties, such as small-world properties, modular structure, and rich-club organization (Wang et al., 2020), and it can explore the functional connections between the whole brain and the local brain regions. Several studies have used graph theory analysis to reveal the destroyed topological properties of the functional network in several neurological diseases (Shi et al., 2021; You et al., 2021; Lan et al., 2022), playing a role in monitoring the disease status and providing a novel insight regarding the neurobiological mechanisms in these patients. As well, Xu et al. applied the graph theory analysis to sudden sensorineural hearing loss and found that nodal betweenness of the limbic network increased, which may indicate a plastic reorganization procedure of the brain to compensate for the hearing loss and cognitive decline (Xu et al., 2016). However, how the topology of brain functional network changes in the presbycusis patients has not been thoroughly studied yet.

In this study, we employed rs-fMRI to construct brain functional networks of presbycusis patients with or without cognitive decline and the healthy controls (HCs) and compared the diversity of entire brain functional network topology properties among the three groups using graph theory analysis. In this study, we hypothesized that: (1) presbycusis patients, especially those with cognitive decline, have topological disturbance and reorganization in the whole brain, (2) hearing loss and cognitive decline may be associated with functional network property alteration in the presbycusis patients with cognitive decline, and (3) there may be some alterations in topological properties to make a compensation to lessen the consequences caused by hearing loss and cognitive decline.



MATERIALS AND METHODS


Subjects

All the subjects provided written informed consent before their participation in the study protocol, and 110 participants (all right handed and educated for at least 8 years) were enrolled in this study, which included 60 presbycusis patients recruited from the otolaryngology department and 50 age-, gender-, and education-matched HCs recruited through community health census or online advertising. Hearing loss was assessed by the speech-frequency pure tone average (PTA) of thresholds at the frequencies of 0.25, 0.5, 1, 2, 4, and 8 kHz in the better hearing ears. The PTA value of 25 dB was accepted as the normal hearing threshold limit. Inclusion criteria of the presbycusis were average PTA > 25 dB in the better hearing ear and age ≥ 60 years. Tympanometry was performed with a Madsen Electronics Zodiac 901 Middle Ear Analyzer (GN Otometrics) to confirm normal middle-ear function. Approval for the study was obtained from the Research Ethics Committee of Nanjing Medical University.

Exclusion criteria included the following: (1) ear diseases that affected hearing threshold, including tinnitus, hyperacusis (Khalfa et al., 2002), and Meniere's disease (Lopez-Escamez et al., 2015); (2) a history of ototoxic drug therapy, otologic surgery, noise exposure, or hearing aid use; (3) conductive hearing loss (a mean air-bone difference at 0.5, 1, 2, and 4 kHz) > 10 dB in one or both ears; and (4) severe smoking, alcohol abuse, brain damage, stroke, Alzheimer's disease, Parkinson's disease, major depression, epilepsy, mental or neurological disorders, and major diseases (such as anemia, thyroid dysfunction, and cancer); and (5) MRI contraindications.



Neuropsychological Assessment

A comprehensive test of cognitive status was performed on all participants using Montreal Cognitive Assessment (MoCA), including 8 cognitive domains, namely, visual space and executive function, attention, memory, naming, abstract thinking, language, delayed recall, and orientation. The test was carried out in a quiet environment and all the subjects were expected to be relaxed and conscious. MoCA is commonly used to screen for Mild Cognitive Impairment (MCI), which has high sensitivity (Hobson, 2015). The MoCA test result has a total score of 30 points, with a final score ≥ 26 being considered normal. According to the MoCA score, the presbycusis patients were divided into 30 patients with cognitive decline and 30 without cognitive decline.



MRI Acquisition

Subjects were scanned under resting conditions using a 3.0 Tesla MRI scanner (Ingenia, Philips Medical Systems, Netherlands) with an 8-channel receiver array head coil. During scanning, the subjects were supposed to lie quietly with their eyes closed and avoid head movement during the scan, but not to fall asleep or think about anything special. To reduce head motion and scanner noise, foam pad and earplugs were used. According to the manufacturer's specifications, the earplugs (Hearos Ultimate Softness Series, USA) could attenuate scanner noise by almost 32 dB. Resting-state functional images were obtained axially using a gradient echo-planar imaging sequence as follows: repetition time (TR) = 2,000 ms, echo time (TE) = 30 ms, slices = 36, thickness = 4 mm, gap = 0 mm, field of view (FOV) = 240 × 240 mm, acquisition matrix = 64 × 64, and flip angle (FA) = 90°. The voxel size was 3.75 × 3.75 × 4.0 mm3. Structural images were obtained using a three-dimensional turbo fast echo (3D-TFE) T1WI sequence and following scan parameters: TR/TE = 8.1/3.7 ms, slices = 170, thickness = 1 mm, gap = 0 mm, FA = 8°, acquisition matrix = 256 × 256, and FOV = 256 × 256 mm. The functional sequence lasted for 8 min and 8 s, and the structural sequence lasted for 5 min and 29 s.



Functional Imaging Data Preprocessing

The rs-fMRI images were preprocessed using GRETNA (a graph theoretical network analysis toolbox for imaging connectomics) (Wang et al., 2015) (2.0.0A http://www.nitrc.org/projects/gretna/). The preprocess is as follows. (1) The first 10 volumes were removed because of the possible disequilibrium of the initial magnetization and subject's environmental adaptation. (2) Slice-timing correction and realignment were performed for the remaining 220 images. Any subjects with a head motion > 2.0 mm translation or a 2.0° rotation in any direction were excluded from analysis. (3) The remaining data were spatially normalized to the Montreal Neurological Institute template (resampling voxel size = 3 × 3 × 3 mm3). (4) Subsequently, several nuisance signals were regressed from the data including head motion, the global mean, and signals from white matter and the cerebrospinal fluid. (5) At the end of preprocessing, the time series of each voxel was temporally bandpass filtered (0.01–0.08 Hz) and linearly detrended.



Functional Connectivity Matrix and Graph Construction

The functional network was constructed using GRETNA (Wang et al., 2015), and the results were visualized using BrainNet Viewer (Xia et al., 2013). A network is composed of many nodes and the connecting edges between these nodes. Nodes represent brain regions, and an edge occurs when there is an anatomical connection or functional correlation between two nodes. In this study, we constructed the brain functional network for each subject according to the automated anatomical labeling atlas with 90 brain regions of interest (AAL90) template, which consists of 90 regions of interest (ROIs) (Tzourio-Mazoyer et al., 2002).

Each region was taken as a network node, and then, the mean time series was obtained for each region; the partial correlations of the mean time series between all pairs of the nodes (representing their conditional dependences by excluding the effects of the other 88 regions) were regarded as the edges of the network. Then, a partial correlation matrix (90 × 90) was generated for each subject and converted to an undirected binary matrix according to a predefined threshold (aij = 1, if the absolute partial correlation between regions i and area j exceeded the threshold, otherwise aij = 0). The networks of individual subjects were different in the number of edges; a range of sparse thresholds S, defined as the fraction of the total number of edges remaining in the network (Achard and Bullmore, 2007), was applied to the correlation matrices so that each graph had the same number of edges; its minimum value was set so that the average node degree of the threshold network was 2log(N), where N was the number of nodes (Fornito et al., 2010). The threshold range generated by this process was 0.06 S 0.4, and the interval was 0.01. The resulting 35 binarized connectivity matrices for each subject could estimate the sparse properties of small-worldness and the smallest possible number of false edges (Watts and Strogatz, 1998). For the brain networks at each sparsity level, we calculated both the global and node network metrics.



Network Analysis


Global and Nodal Metrics

By calculating the global network parameters and regional node parameters, the global topological structure of the brain functional network and the regional attributes of each node were represented for the brain networks at each sparsity threshold (Rubinov and Sporns, 2010; Wang et al., 2010). The global network metrics are composed of (1) small-world properties including clustering coefficient (Cp), characteristic path length (Lp), normalized clustering coefficient (γ), normalized characteristic path length (λ), and small-worldness (σ) and (2) network efficiency parameters including global network efficiency (Eglob) and local network efficiency (Eloc). γ = Cp/Cprand, λ = Lp/Lprand, Cprand, and Lprand were calculated from a random network.

High Cp, γ, and Eloc can show functional segregation of the brain network, which indicates the local interconnectivity of a network. Low Lp, λ, and high Eglob can reflect the functional integration in the brain, which is the ability for global information communication. Small-worldness quantifies the balance between integration/global processing (low characteristic path length) and segregation/local processing (high mean clustering coefficient). A small-world network typically has both the high mean clustering coefficient typical of regular lattice networks (γ > 1) and the small characteristic path length typical of random networks (λ ≈ 1) (Watts and Strogatz, 1998).

To explore nodal properties of the brain functional network, we calculated the betweenness centrality (BC), degree centrality (DC), nodal efficiency (NE), and nodal local efficiency (NLE). Betweenness centrality is a measure of a node's influence on the overall flow of information in the graph. Greater betweenness centrality means that most information flows through the node (Linton, 1978). Degree centrality is a measure of the number of direct connections with other nodes in the graph. Greater degree centrality means more connections (Rubinov and Sporns, 2010). Nodal efficiency represents the node efficiency of a given node, indicating the efficiency of the parallel information transmission of the node in the network (Rubinov and Sporns, 2010). Nodal local efficiency, defined as the inverse of the shortest average path length in a subgraph comprising of node and its adjacent neighbors, is considered a measure of fault tolerance in a network as it characterizes how well-information is exchanged by neighbors if the node is removed (Achard and Bullmore, 2007). Because area under the curve (AUC) can select single threshold calculation independently, and is highly sensitive about topology structure of brain disease abnormally, we calculated the AUC for each network metric (Zhang et al., 2011).



Modular Architecture

The AAL90 template divided the 90 ROIs into six sub-modules, namely, frontal lobe module, prefrontal lobe module, subcortical module, temporal lobe module, occipital lobe module, and parietal lobe module. We calculated the mean strength of intra- and inter-modular connections among the presbycusis patients with cognitive decline, the presbycusis patients without cognitive decline, and the HCs. For each subject, the mean strength of the intra-module was the average number of intra-modular connections of the selected module, and the mean strength of the inter-module was the average number of inter-modular connections between the selected module and other modules.



Rich-Club Organization

The rich-club organization is present in the brain network when the high-degree nodes are more massively interconnected than that expected by chance (Van Den Heuvel and Sporns, 2011). Rich-club nodes were chosen as the top 10 (12%) brain regions with the highest average nodal degree on the basis of the group-average cortical network (Van Leijsen et al., 2019). Based on the categorization of the nodes into “rich-club” nodes and “non-rich-club” nodes, the edges of the functional network were classified into three connection classes: “rich-club connections,” linking two rich-club nodes; “feeder connections,” linking one rich-club node to one non-rich-club node; and “local connections,” linking two non-rich-club nodes (Sporns, 2011; Van Den Heuvel and Sporns, 2011).




Statistical Analysis

Statistical analyses were performed using SPSS 21.0 (SPSS, Inc., Chicago, IL, USA). Categorical variables were investigated with a chi-squared test. The normality of distribution was assessed using the Shapiro-Wilk test. Non-parametric tests were applied if the data were identified as not normally distributed, while normally distributed continuous variables were investigated with a one-way ANOVA test for three groups. p < 0.05 was statistically significant. The AUCs of all the network metrics of the presbycusis patients with cognitive decline, the presbycusis patients without cognitive decline, and the HCs were separately statistically analyzed using a one-way ANOVA or nonparametric tests. Then, two-sample t-tests were performed as post-hoc tests between any two groups if the ANOVA test or nonparametric test showed significant differences. Bonferroni correction for multiple comparisons was carried out for nodal analysis to diminish the Type I error of simple effects (p < 0.05). Age, gender, and education were treated as covariates in all the statistical analyses.




RESULTS


Demographics and Clinical Data

The demographics and clinical characteristics of the three groups are summarized in Table 1. There were no significant differences between the presbycusis group and HCs in terms of age, sex, and education level. Besides, no significant difference was revealed in PTA between the left and right ears of the presbycusis patients and the HCs. For cognitive assessment, 30 patients with presbycusis performed significantly poorer in MoCA scores than other groups (p < 0.001).


Table 1. Demographics of the presbycusis patients and HCs.
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Group Differences in Global Network Organization

In the given threshold range, all presbycusis patients with cognitive decline, presbycusis patients without cognitive decline, and HCs exhibited a typical small-worldness (γ > 1, λ ≈ 1, σ > 1). Cp, Eloc, and Eglob values of the three groups increased with increasing threshold, while Lp, γ, λ, and σ values decreased. Among these three groups, significant group differences in global network metrics (Cp p = 0.043, Lp p = 0.001, λ p < 0.001, σ p = 0.038, Eglob p = 0.004) were observed. Compared with the HCs, the presbycusis patients with cognitive decline showed significantly increased values in Cp (p = 0.037), Lp (p = 0.002), and λ (p < 0.001), and significantly decreased values in Eglob (p = 0.005). The presbycusis patients without cognitive decline showed significantly increased values in Lp (p = 0.031) and λ (p = 0.046) and significantly decreased values in σ (p = 0.033). The presbycusis patients with cognitive decline and without cognitive decline did not differ significantly in the global network metrics. In addition, there were no significant difference among the three groups in γ (p = 0.068) and Eloc (p = 0.449) (Figure 1).


[image: Figure 1]
FIGURE 1. The differences in global metrics of the brain functional networks among presbycusis patients with cognitive decline, presbycusis patients without cognitive decline, and healthy controls. PCD, presbycusis patients with cognitive decline; PNCD, presbycusis patients without cognitive decline; HC, healthy controls; Cp, clustering coefficient; Lp, shortest path length; sigma (δ), small-world characteristic; gamma (γ), normalized clustering coefficient; lambda (λ), normalized characteristic path length; Eloc, local efficiency; Eglob, global efficiency; aCp, AUC in Cp; aLp, AUC in Lp; aLambda, AUC in Lambda; aEglob, AUC in Eglob. *p < 0.05, **p < 0.01.




Group Differences in Nodal Network Metrics

As shown in Figure 2A, Table 2 (p < 0.05, Bonferroni corrected), for nodal metrics, compared with the HCs, the presbycusis patients with cognitive decline showed increased BC in the right precuneus (PCUN.R) and decreased BC in the right middle temporal gyrus (MTG.R), while the presbycusis patients without cognitive decline showed increased BC in the right postcentral gyrus (PoCG.R).


[image: Figure 2]
FIGURE 2. Nodal network analysis for presbycusis patients with cognitive decline, patients with no cognitive decline, and healthy controls. Nodes showing increased (red) and decreased (green) betweenness centrality (A) in brain functional networks for the comparisons of PCD vs. HC and PNCD vs. HC. Nodes showing increased (red) and decreased (green) degree centrality (B), nodal efficiency (C), and nodal local efficiency (D) in brain functional networks for the comparisons of PCD vs. HC, PNCD vs. HC, and PCD vs. PNCD. Correction for multiple comparisons was performed using the Bonferroni calibration (p < 0.05). PCD, presbycusis patients with cognitive decline; PNCD, presbycusis patients without cognitive decline; HC, healthy controls.



Table 2. Nodes with significant grouping differences in nodal indicators.
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For the presbycusis patients with cognitive decline, there was a significantly increased DC in bilateral superior frontal gyrus, medial (SFGmed.L and SFGmed.R) compared with the HCs. For the presbycusis patients without cognitive decline, there was a significantly decreased DC in the right inferior frontal gyrus, opercular part (IFGoperc.R), the right inferior frontal gyrus, triangular part (IFGtriang.R), and the right rolandic operculum (ROL.R) but an increased DC in the left superior occipital gyrus (SOG.L) compared with the HCs. Additionally, a significantly higher DC was found in the right inferior frontal gyrus, opercular part (IFGoperc.R), the right inferior frontal gyrus, triangular part (IFGtriang.R), the right rolandic operculum (ROL.R), and the right superior frontal gyrus, medial (SFGmed.R), but a significantly lower DC was found in the left superior occipital gyrus (SOG.L), the left inferior occipital gyrus (IOG.L), the left fusiform gyrus (FFG.L), and the left temporal pole: middle temporal gyrus (TPOmid.L) for the presbycusis patients with cognitive decline compared with the presbycusis patients without cognitive decline (Figure 2B).

Compared with the HCs, the presbycusis patients with cognitive decline showed a decreased NE in the left middle occipital gyrus (MOG.L), the right inferior parietal, supramarginal and angular gyri (IPL.R), the left supramarginal gyrus (SMG.L), and the right middle temporal gyrus (MTG.R), while the presbycusis patients without cognitive decline showed a decreased NE in the right precental gyrus (PreCG.R), the right inferior frontal gyrus, opercular part (IFGoperc.R), the right inferior frontal gyrus, triangular part (IFGtriang.R), the right rolandic operculum (ROL.R), and the right insula (INS.R). When compared with the presbycusis patients without cognitive decline, the presbycusis patients with cognitive decline showed a significantly increased NE in the right inferior frontal gyrus, triangular part (IFGtriang.R), and the right rolandic operculum (ROL.R) but a significantly decreased NE in the left superior occipital gyrus (SOG.L), the left inferior occipital gyrus (IOG.L), and the left temporal pole: middle temporal gyrus (TPOmid.L) (Figure 2C).

A significantly increased NLE was observed in the right precentral gyrus (PreCG.R), the right superior frontal gyrus, dorsolateral (SFGdor.R), the right superior frontal gyrus, medial (SFGmed.R), the left cuneus (CUN.L), the left paracentral lobule (PCL.L), and the right middle temporal gyrus (MTG.R) for the presbycusis patients with cognitive decline compared with the HCs. For the presbycusis patients without cognitive decline, there was a significantly increased NLE in the left middle occipital gyrus (MOG.L), bilateral paracentral lobule (PCL.L and PCL.R), and the left middle temporal gyrus (MTG.L) compared with the HCs. Furthermore, a significantly higher NLE was found in the right precentral gyrus (PreCG.R) and the right superior frontal gyrus, dorsolateral (SFGdor.R) for the presbycusis patients with cognitive decline compared with the presbycusis patients without cognitive decline (Figure 2D).



Group Differences in Intra- and Inter-modular Connections

There were significant group differences in 1 case of intra-module connection and 1 case of inter-module connection. Post-hoc analysis revealed that when compared with the HCs, the presbycusis patients with cognitive decline showed increased connection strength in the frontal lobe module and prefrontal subcortical lobe module. When compared with the presbycusis patients without cognitive decline, the presbycusis patients with cognitive decline showed increased connection strength in the prefrontal subcortical lobe module (all p < 0.05 with Bonferroni correction) (Figure 3).
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FIGURE 3. Presbycusis patients with cognitive decline, presbycusis patients without cognitive decline, and healthy controls have significant differences in intra- and inter-modular connections. PCD, presbycusis patients with cognitive decline; PNCD, presbycusis patients with no cognitive decline; HC, healthy controls. Red lines represented significantly more connections.




Group Differences in Rich-Club Organization

Based on the group-averaged functional network, the rich-club nodes were defined as the top 10 (12%) brain regions with the highest average nodal degree of all regions for each group (Table 3). The distribution pattern of rich-club nodes was relatively similar between the presbycusis patients without cognitive decline and the HCs, but it was different from the presbycusis patients with cognitive decline (Figure 4). The rich-club nodes in the HCs mainly comprised the bilateral Supp_Motor_Area, Precuneus_L, bilateral Paracentral_Lobul, bilateral Temporal_Mid, Temporal_Sup_R, Precuneus_R, and Occipital_Mid_L. The newly formed rich-club nodes in the presbycusis patients without cognitive decline were mainly composed of the bilateral Supp_Motor_Area, bilateral Precuneus, bilateral Paracentral_Lobule, Occipital_Mid_L, Temporal_Pole_Sup_L, Occipital_Sup_L, and Temporal_Sup_L. Differently, the newly formed rich-club nodes in the presbycusis patients with cognitive decline were mainly composed of the bilateral Supp_Motor_Area, bilateral Precuneus, bilateral Temporal_Sup, Temporal_Mid_L, bilateral Paracentral_Lobule, and Frontal_Sup_R. However, no significant group differences were observed in the mean strength of feeder, local, and rich-club connections.


Table 3. Rich–club nodes for each group.

[image: Table 3]


[image: Figure 4]
FIGURE 4. The rich-club organization for presbycusis patients with cognitive decline, presbycusis patients without cognitive decline, and healthy controls. PCD, presbycusis patients with cognitive decline; PNCD, presbycusis patients with no cognitive decline; HC, healthy controls. The distribution of rich-club nodes in the whole brain for each group.





DISCUSSION

Based on graph theoretical analysis of rs-fMRI data, this study constructed a whole-brain functional network for presbycusis patients and HCs and detected the topological differences in the brain functional network of presbycusis patients. The main results were as follows: (1) All these three groups exhibited typical small-world topology. When presbycusis patients with/without cognitive decline were compared with the HCs, increased/decreased global metrics were found. (2) When compared with the HCs, abnormal nodal centralities were found in widespread brain regions in the other two groups. Besides, compared with presbycusis patients without cognitive decline, presbycusis patients with cognitive decline observed significantly increased nodal centralities in the frontal-prefrontal regions and decreased nodal centralities in the temporal-occipital regions. (3) Altered intra- and inter-modular connections were found mainly in the Frontal and Prefrontal-Subcortical modules. (4) The distribution of rich-club nodes in presbycusis patients changed, while no differences were found in the three connections among the three groups. All of these results not only helped to expand the understanding of the reorganization of the functional connections after presbycusis but also provided explicit evidence for disruption of brain functional network topology after cognitive decline.

In the framework of graph theory, there are three types of networks: regular, small-world, and random network, and these networks are judged by cluster coefficient and characteristic path length (Xia and Wang, 2010). Combining the advantages of regular and random networks, the small-world network has a higher clustering coefficient, which is favorable for local specialized processing, and a shorter characteristic path length, which is favorable for global distributed processing (Bullmore and Sporns, 2009; Xia and Wang, 2010; Bassett and Bullmore, 2017). Previous studies have shown that small-world characteristics exist in brain structures and functional networks, and changes in topology properties may lead to a variety of neuropsychiatric disorders such as Alzheimer's disease and Parkinson's disease (Rubinov and Sporns, 2010; Wang et al., 2013; Luo et al., 2015).

The increased cluster coefficient (Cp) and characteristic path length (Lp) can indicate the process of transferring networks from small-world networks to rule networks. The Cp reflects the level of local connectedness of a network (Lv et al., 2018), and the increased Cp indicates that the local brain network is enhanced, which are compensatory mechanisms that form clusters to preserve efficient communication. Wang et al. found that the normalized cluster coefficient and normalized characteristic path length are increased in mild cognitive impairment, and abnormality in these structural networks is associated with the slow speed of information processing (Wang et al., 2014). Both the Lp and the Eglob reflect the ability to communicate global information (Lv et al., 2018; Dai et al., 2019). The increased Lp and the decreased Eglob have been demonstrated to be associated with the decrease of transmission and integration function of long-distance brain interval information in type 2 diabetes and posttraumatic stress disorder (Lei et al., 2015; Xu et al., 2019). Consistently, Bai et al. and Wang et al. demonstrated that the increased Lp may have some correlations with poorer cognitive performance, corresponding to clinical manifestations such as cognitive, emotional, or language impairment following a hearing loss (Bai et al., 2012; Wang et al., 2013). The decreased sigma may reflect the imbalance in the differentiation and integration of brain networks in presbycusis patients without cognitive decline. All these changes in the global topological properties of these brain networks indicate that the neural network structure is abnormal in presbycusis patients. Similar findings can be found in other diseases, such as tinnitus (Lan et al., 2022), unilateral sudden sensorineural hearing loss (Xu et al., 2016), and lung cancer (You et al., 2021). Considering the previous studies, we speculated that the brain function of presbycusis patients may have been impaired in the early stage of hearing impairment. Under compensatory mechanisms, its local information processing capability is enhanced, consistent with the founding in type 2 diabetes (Xu et al., 2019). With the development of hearing impairment, the appearance of cognitive decline makes the impairment in brain function further aggravated. Compensatory mechanisms cannot compensate for the impairment in brain function, and its long-distance information transmission ability drops.

At the nodal level, compared with HCs, presbycusis patients had multiple nodes with abnormal betweenness centrality (Bc), degree centrality (Dc), and nodal efficiency (Ne), suggesting nodal reorganization in the global brain functional network. Bc and Dc measure the importance of a node in the network (Itahashi et al., 2014). Among these abnormal nodes, we noted that the nodes of the frontal lobe show both decreased Bc and Dc in presbycusis patients; considering the previous studies, these abnormal nodes may have reduced connectivity and efficiency for the communication with other regions (Sporns, 2011). However, compared with the HCs, the nodes showing both increased Bc and Dc in presbycusis patients were mainly in the precuneus, superior frontal gyrus, sup-occipital gyrus, and postcentral gyrus. Hence, we supposed that these nodes may reflect compensatory plasticity to keep efficient information communication across the functional network in presbycusis patients. In addition, compared with presbycusis patients without cognitive decline, presbycusis patients with cognitive decline showed some increased Bc and Dc nodes in the frontal lobe and some decreased nodes mainly in the occipital lobe and temporal lobe. The temporal lobe is responsible for processing auditory information and is also involved in cognitive functions such as memory and emotion (Yau et al., 2009; Hsu et al., 2012; Li et al., 2020); the occipital lobe dysfunction can lead to cognitive dysfunction that mainly manifests as memory deficits and motor perception disorders (Yeo et al., 2011; Wu et al., 2020). Nodal efficiency (Ne) is an index that evaluates the capacity of a node for information communication (Liao et al., 2017). All these abnormal nodes may have reduced connectivity and efficiency for communication with other regions. Considering the nodal local efficiency results, hearing impairment may disrupt the distributed networks of the frontal region, while cognitive decline may disrupt the distributed networks of the occipital and temporal regions. Besides, the increased nodal strength may reflect the compensatory process reaction of hearing impairment and cognitive decline. These findings accord with the change in global properties and might be attributed to compensatory efforts. When nerves are damaged, they may first activate the compensation mechanism and then gradually form a new neural network, resulting in functional replacement (Sun et al., 2016). Further efforts are needed to prove this hypothesis.

Modular architecture refers to the node group that is tightly connected within a local area but sparsely connected externally, enabling a balance between energy cost and communication efficiency (Andric and Hasson, 2015; Sporns and Betzel, 2016). Modular analysis showed that the intra-modular interaction of the frontal lobe module and the inter-modular interaction of the prefrontal-subcortical module increased in presbycusis patients with cognitive decline when compared with HCs. Besides, compared with presbycusis patients without cognitive decline, the inter-modular interaction of the prefrontal subcortical module increased in presbycusis patients with cognitive decline. Previous studies (Yau et al., 2009; Hsu et al., 2012) have shown that the frontal module is the main brain area involved in the cognitive impairment, which is associated with impairments in cognitive functions such as information processing speed, memory, and emotion. The prefrontal module is considered to be involved in the processing of visual, taste, smell, and somatosensory information (Rolls, 2004). Yuan et al. (2021) demonstrated the negative effects of chronic stress on prefrontal-subcortical functional connectivity in female squirrel monkeys. Changes in intra-modular and inter-modular connections in MELAS patients implied that there may be inappropriate integration between bottom-up sensory input and top-down regulation in MELAS patients (Wang et al., 2020). The high connectivity between the two modules can also be explained as a result of the compensation effect. These changes indicate that the balance between energy cost and communication efficiency has been broken in presbycusis and cognitive impairment.

In our study, all participants in the three groups had highly connected nodes, which were described as a rich-club organization (Sporns, 2011; Van Den Heuvel and Sporns, 2011). The distribution pattern of rich-club nodes had less difference among each group; it meant that the architecture of rich-club nodes was reorganized during the presbycusis stage. The same rich-club nodes in the three groups were mainly in the supplementary motor area, precuneus, and paracentral lobule. Compared with HCs, the newly formed rich-club nodes in presbycusis patients with cognitive decline were in the prefrontal module and temporal module, while the newly formed rich-club nodes in presbycusis patients without cognitive decline were mainly in the temporal and occipital module. In other words, for presbycusis patients with/without cognitive decline, the change of the nodes in the temporal module from non-rich club to rich club was a functional reorganization to compensate for the dysfunction of the nodes in the occipital module. Besides, some studies (Sporns, 2011; Van Den Heuvel and Sporns, 2011, 2012) suggested that the connections among rich-club nodes are central to the integration of information among different subsystems of the human brain. There were no significant differences in the rich-club connectivity, local connectivity, or feeder connectivity among the three groups. Given that the connectivity was not affected, we supposed that the brain network is thus compensated with the high efficiency after presbycusis and cognitive dysfunction.

The results of this study indicated that topological properties of brain functional connections are changed in presbycusis patients. In addition, the changes in presbycusis patients with cognitive decline were more significant than in those without cognitive decline. The alterations in presbycusis patients without cognitive decline suggested that brain networks have extensive plastic reorganization to produce functional replacement. However, with the development of hearing impairment, the cognitive decline appears to break the balance. When increased BC in the right postcentral gyrus (PoCG.R) and increased DC in the left superior occipital gyrus (SOG.L) are observed in patients with presbycusis, more interventions are needed to prevent further development of hearing impairment resulting in cognitive decline. These findings provided meaningful insights for further understanding the neural mechanism of presbycusis and cognitive decline.

The main limitations of this study include the following. (1) This research was a cross-sectional study with a relatively small sample size. Therefore, it is difficult to make a direct causal inference about the relationship between changes in topological properties and presbycusis patients with/without cognitive decline. Further longitudinal fMRI studies and larger samples are required to confirm the current findings. (2) We divided the whole brain into 90 regions using the AAL template to conduct the functional brain networks and omitted the cerebellum. There is no unified standard template for the division of brain regions in previous brain network research, while different segmentation schemes exhibit distinct topological structures. To avoid the influence of the varying node definitions of the different brain atlas templates, further studies are required to establish and use a unified standard template. (3) Although earplugs have been used to minimize the noise generated by MRI scans, we were unable to eliminate the possibility that noise might affect the results, which should be considered in future research.



CONCLUSION

In this study, graph theory analysis based on rs-fMRI was used to study the topological properties of brain network in presbycusis patients with/without cognitive decline and found that both global and node properties were changed. In addition, the changes were more pronounced in presbycusis patients with cognitive decline than in presbycusis patients without cognitive decline. Particularly, abnormal changes in these properties in presbycusis patients may compensate for cognitive impairment by mobilizing additional neural resources, such as the increase of nodal centrality and efficiency of multiple brain regions.
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Purpose: Whether the intrinsic functional connectivity pattern of the default mode network (DMN) is involved in the progression of cognitive decline in Parkinson’s disease (PD) remains unclear. This study aimed to investigate the intrinsic functional connectivity (FC) pattern of the DMN anchored on the posterior cingulate cortex (PCC) in patients with PD by resting-state functional magnetic resonance imaging (fMRI).

Methods: Fifty patients with PD and 50 healthy controls (HCs) were included for resting-state fMRI scanning. A seed-based FC method was used to reveal FC patterns in the DMN with region of interest (ROI) in the PCC. Relationships between FC patterns and disease severity (UPDRS-III) were detected.

Results: Compared with the HCs, the patients with PD showed increased FC between the PCC and the right precuneus, left cuneus, and right angular gyrus. In the PD group, the increased FC values in the right precuneus were significantly and positively correlated with motor severity as assessed with UPDRS-III scores (rho = 0.337, p = 0.02).

Conclusion: Our result highlights that the patients with PD showed increased FC between the PCC and the right precuneus, left cuneus, and right angular gyrus in the DMN. The altered connectivity pattern in the DMN may play a crucial role in the neurophysiological mechanism of cognitive decline in patients with PD. These findings might provide new insights into neural mechanisms of cognitive decline in PD.

Keywords: Parkinson’s disease, cognitive decline, functional connectivity, default mode network, functional magnetic resonance imaging


INTRODUCTION

Parkinson’s disease (PD) is a progressive neurodegenerative disorder that is characterized by movement disturbances such as bradykinesia, resting tremor, rigidity, and postural instability (Nemade et al., 2021; Tolosa et al., 2021). According to a survey in Europe, the prevalence rate of PD is 65.6 per 100,000–12,500 per 100,000 (Bloem et al., 2021; Le Heron and Macaskill, 2021). PD is not only accompanied by motor disorder, but it also leads to cognitive decline. Ding et al. demonstrated that three cognitive impairments, namely, executive function deficits, memory deficits, and visuospatial deficits, are most commonly observed in patients with PD (Ding et al., 2015). Stav et al. (2015) reported that lower amyloid-β42 in cerebrospinal fluid biomarkers was a potential biomarker for cognitive decline functions in early PD, mainly connected to medial temporal lobe-based cognitive functions. Besides, patients with PD are at high risk for dementia (Hanagasi et al., 2017), and the etiology of the neurophysiological mechanism of this increased risk remains unclear.

Recent advances in functional magnetic resonance imaging (fMRI) approaches have provided a non-invasive method for characterization of central nervous system changes in some specific brain regions in PD (Mitchell et al., 2021), including the basal ganglia (Szewczyk-Krolikowski et al., 2014; Rolinski et al., 2015; Filyushkina et al., 2019), hippocampus (Zeng et al., 2017; Guo et al., 2021), cingulate gyrus (Zhang et al., 2017; Wang et al., 2021), and so on. Zhang et al. (2017) found that patients with PD and fatigue had amplitude of low-frequency fluctuation (ALFF) changes in the right middle frontal gyrus within the attention network and in the left insula as well as right middle cingulate gyrus within the salience network. Meanwhile, Hou et al. (2014) demonstrated that patients with PD had decreased ALFF in the striatum and increased ALFF in the midbrain in slow-4 (0.027–0.073 Hz) relative to HCs. Moreover, Zeng et al. (2017) demonstrated that patients with PD showed decrease in regional homogeneity (ReHo) in the sensorimotor cortex, default mode network, and left cerebellum but increased ReHo in the supplementary motor area, bilateral temporal gyrus, and hippocampus with disease progression. Furthermore, PD also leads to brain network dysfunction. Various neuroimaging studies demonstrated that basal ganglia network dysfunction played an important role in impaired motor function in patients with PD (Filyushkina et al., 2019). Rolinski et al. demonstrated that decreased connectivity in the basal ganglia was detected in patients with PD (Rolinski et al., 2015). Szewczyk-Krolikowski et al. (2014) reported that patients with PD were associated with decreased functional connectivity in the basal ganglia network relative to HCs. However, these findings mainly focused on the abnormal local neural activity and basal ganglia network in patients with PD. Few studies on neurocognitive network alterations in patients with PD, especially the default mode network (DMN), have been reported.

The human brain is a complex dynamic system capable of generating low-frequency oscillations (LFOs) at rest (Wise et al., 2004). Low-frequency fluctuations (< 0.01 Hz) in blood oxygenation level-dependent signals during rest reflect spontaneous neural activity, which can be conceptualized as a network of anatomically linked regions. The DMN is regarded as an endogenous neural network that shows consistently higher blood oxygenation level-dependent activity during rest. The DMN shows consistently higher BOLD activity during rest in several brain regions such as the middle temporal gyrus (MTG), medial prefrontal cortex (mPFC), posterior cingulate cortex (PCC), anterior cingulate cortex, and inferior parietal lobe (Greicius et al., 2003). The DMN plays an important role in various higher cognitive functions such as memory, prospection, and self-processing (Spreng and Grady, 2010). The PCC is a key region of the DMN with strong connectivity in primates with entorhinal cortex, parahippocampal gyrus, and, thus, hippocampal memory system, which is involved in autobiographical memory and imagining the future; and spatial navigation and scene processing (Leech and Sharp, 2014). Several prior studies have reported disrupted functional connectivity of the DMN in patients with PD by resting-state fMRI (Guo et al., 2021; Shang et al., 2021b; Wang et al., 2021) or fluorodeoxyglucose positron emission tomography (FDG-PET) (Ruppert et al., 2021; Schindlbeck et al., 2021; Shang et al., 2021a). However, how DMN dysfunction draws a relationship to cognitive symptoms in patients with PD still remains unknown.

To address this issue, we performed a voxel-level resting-state functional-connectivity neuroimaging analysis of the PCC with all other voxels in the brain between groups. This study aimed to determine whether patients with PD with impaired cognition exhibited an abnormal functional connectivity (FC) pattern of the DMN using a seed-based approach. Moreover, we investigated relationships between abnormal functional connectivity in the DMN and clinical variables in the PD group. Our findings might provide new insights into neural mechanisms of cognitive decline in PD.



MATERIALS AND METHODS


Participants

Fifty patients with PD were enrolled from the Department of Neurology Affiliated to Nanjing First Hospital. The diagnostic criteria of PD are according to the clinical criteria of Movement Disorder Society (Postuma et al., 2015). For the PD group, disease severity and stage were evaluated using the Unified Parkinson’s Disease Rating Scale part III (UPDRS-III) and Hoehn and Yahr (H-Y) scale, respectively. Interviews and clinical assessments were conducted structurally by two experienced neurologists.

The exclusion criteria for all the participants were as follows: (1) family history of PD, dementia, or hypertension; (2) complaint of cognitive impairment with MMSE score < 27 or MoCA score < 26; (3) additional neuropsychological disorders (e.g., Alzheimer’s disease, schizophrenia, depression, and epilepsy) or cerebrovascular accidents (e.g., stroke and intracranial hemorrhage); (4) any complications or lesions involving the central nervous system (e.g., diabetes mellitus, hyperthyroidism, tumor, and brain trauma); (5) history of alcoholism or substance abuse; any condition contraindicating MRI scanning (e.g., metal foreign body or implant, claustrophobia, and hyperpyrexia) or inducing severe head movement (e.g., hearing or visual loss); (6) years of education < 9. Fifty age- and gender-matched healthy controls (HCs) were also recruited for this study. Studies involving human participants are reviewed and approved according to the Declaration of Helsinki and by the institutional review board of Nanjing Medical University. The patients/participants provided their written informed consent to participate in this study.

All the patients with PD underwent a cognitive assessment, including global cognitive tests and an extensive neuropsychological test battery, to assess the neurocognitive state. The global cognitive assessments contained the Montreal Cognitive Assessment (MoCA) (Nasreddine et al., 2005).



Magnetic Resonance Imaging Acquisition

The subjects were scanned under resting conditions using a 3.0 Tesla MRI scanner (MAGNETOM Prisma; Siemens Healthcare, Erlangen, Germany) equipped with a 64-channel receiver array head coil. During scanning, the subjects were supposed to lie quietly with their eyes closed and avoid head movement but not to fall asleep or think about anything special. To reduce head motion and scanner noise, foam pads and earplugs were used. Resting-state functional images were obtained axially using a gradient echo-planar imaging (EPI) sequence as follows: repetition time (TR) = 2,000 ms, echo time (TE) = 30 ms, slices = 33, thickness = 4 mm, gap = 0 mm, field of view (FOV) = 192 mm × 192 mm, acquisition matrix = 64 × 64, and flip angle (FA) = 90°. Recently, simultaneous multi-slice (SMS) imaging techniques have been used to highly accelerate the time of acquisition (Feinberg and Setsompop, 2013; Chen et al., 2015). Thus, SMS-accelerated EPI reconstruction was applied in this study. Structural images were obtained using a magnetization-prepared rapid gradient echo (MP2RAGE) sequence and following scan parameters: TR/TE = 5,000/2.98 ms, slices = 176, thickness = 1 mm, gap = 0 mm, FA = 90°, acquisition matrix = 256 × 256, and FOV = 256 mm × 256 mm.



Data Processing

The functional images were preprocessed using Statistical Parametric Mapping SPM121 and the toolbox for Data Processing Assistant and Analysis for Brain Imaging (DPABI)2 implemented in MATLAB 2013b (MathWorks, Natick, MA, United States) and in brief the following steps: (1) remove the first ten volumes function images, slice timing effects and head motion corrected; (2) Individual T1-weighted MP2RAGE structural images were registered to the mean fMRI data (Yan et al., 2016). Normalized data in Montreal Neurological Institute (MNI) 152 space were reliced at a resolution of 3 × 3 × 3mm3 and spatially smoothed with an 8-mm full width at half-maximum Gaussian kernel; (3) The linear regression to reduce the contribution of non-neuronal fluctuations; (4) Band-pass was filtered (0.01–0.08 Hz).



Definition of the Seed Region of Interest and Functional Connectivity Analysis

According to previous studies (Goto et al., 2013), the coordinate is the posterior cingulate cortex (PCC) (x = 0, y = −53, z = 26) and is 6 mm in diameter. For seed-based FC analysis, a correlation analysis of time course was performed between the spherical seed region (PCC) and each voxel of the whole brain for each subject using the DPABI software.



Statistical Analysis

The normality distribution of demographic characteristics and clinical assessments was checked using the Kolmogorov–Smirnov method. The intergroup difference of age was analyzed by using independent-sample t-test. The comparison of sex between PD and HCs was conducted by χ2-test. Mann–Whitney U test was applied for comparisons between groups in years of education and scores of clinical scales. SPSS software (version 20.0, SPSS Inc., Chicago, IL, United States) was utilized for the above statistical analyses. A p-value < 0.05 was defined as statistically significant.

One-sample t-test was conducted to assess patterns of DMN maps using the DPABI software. Two-sample t-test was conducted to assess different zFC maps between groups using the Gaussian random field (GFR) method, which was used to correct for multiple comparisons using the DPABI software (Two-tailed, voxel-level: p < 0.01, GRF correction, cluster-level: p < 0.05). Finally, Pearson correlation coefficients between altered zFC values and clinical variables were analyzed using SPSS.




RESULTS


Demographics Measurements

The detailed demographic characteristics and clinical assessments are shown in Table 1. The patients with PD were included at the early stage (H-Y stage, mean 1.41 ± 0.45) with a relatively short disease duration (mean 6.32 ± 4.63 years). No significant differences in age, gender, and years of education were observed between the patients with PD and the HCs (p > 0.05). The PD group had lower MoCA scores than the HCs (p < 0.001).


TABLE 1. Demographic and clinical characteristics of patients with PD and HCs.
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Functional Connectivity Differences of the Default Mode Network


The Spatial Pattern of Default Mode Network Between Parkinson’s Disease Group and Healthy Controls Group

The PCC mainly showed positive FC in DMN regions, including the mPFC, inferior parietal lobule (IPL), and precuneus (Figure 1). Compared with the HCs, the patients with PD showed increased FC between the PCC and the right precuneus (PreCUN), left cuneus (CUN), and right angular gyrus (ANG) (Figure 2 and Table 2).


[image: image]

FIGURE 1. Results of the two components representing the default mode network (DMN) by one-sample t-test in patients with Parkinson’s disease (PD) and healthy controls.
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FIGURE 2. Compared with the healthy controls, the patients with PD exhibited enhanced FC between the PCC and the right precuneus (R-PreCUN), left cuneus (L-CUN), and right angular gyrus (R-ANG) (two-tailed, voxel-level: p < 0.01, GRF correction, cluster-level: p < 0.05).



TABLE 2. Brain region with significant difference in FC values between patients with PD and HCs.
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Correlation Analysis

After the correlation analysis, in the PD group, the increased FC values in the right PreCUN were significantly positively correlated with motor severity as assessed with UPDRS-III scores (rho = 0.337, p = 0.02) (Figure 3A). Moreover, the enhanced FC values in the right ANG were also positively associated with the UPDRS-III scores (rho = 0.527, p < 0.001) (Figure 3B).


[image: image]

FIGURE 3. (A) Positive correlations between enhanced functional connectivity (FC) between the PCC and the right PreCUN and UPDRS-III scores in patients with PD (rho = 0.337, p = 0.02). (B) Moreover, the enhanced FC values in the right ANG were positively associated with the Unified Parkinson’s Disease Rating Scale part III (UPDRS-III) scores (rho = 0.527, p < 0.001).





DISCUSSION

This study examining the DMN in patients with PD has generated several important results. The main findings were that the patients with PD showed increased FC between the PCC and the right PreCUN, left CUN, and right ANG relative to the HC group. Moreover, these abnormalities were significantly correlated with the disease severity of PD. In our study, we found that PD patients had higher FC between the PCC and the right PreCUN relative HC. The PreCUN is the core component of the DMN (Yu et al., 2017). The PreCUN plays an important role in self-centered mental imagery and episodic memory retrieval (Utevsky et al., 2014). Previous neuroimaging studies demonstrated that PreCUN dysfunction was observed in patients with PD, which is involved in memory deficits, attention and working memory deficits, and time perception deficits in patients with PD. The increased FC between the PCC and the PreCUN was also observed in other neurodegenerative diseases including Alzheimer’s disease (Churchill et al., 2021). In line with these findings, we speculated that enhanced FC between the PCC and the right PreCUN might indicate cognition dysfunction in patients with PD.

We also found that the patients with PD showed increased FC between the PCC and the right ANG relative to the HCs. Previous neuroimaging studies demonstrated that ANG plays an important role in semantic information processing (Boylan et al., 2015). Meanwhile, the ANG is also involved in mnemonic functions (Matchin et al., 2019). Moreover, the ANG is the core hub of the DMN (Ramanan et al., 2018). It was shown that lack of desynchronization of brain oscillatory activity in the PCC and right ANG disrupts the efficient processing in the fronto-parietal working memory network, leading to decline in visual working memory performance (Vatansever et al., 2017). Thus, we speculated that the increased FC between the PCC and the right ANG might indicate the working memory performance in patients with PD. Furthermore, in the PD group, the increased FC values in the right Pre CUN and right ANG were significantly positively correlated with the disease severity of PD. Li et al. observed that altered global synchronizations in DMN regions such as the IPL were correlated with UPDRS-III scores, which was similar with our current results (Li M. et al., 2019). The DMN is also thought to be associated with self-referential processing (Gusnard et al., 2001; Li W. et al., 2019). We hypothesized that higher global synchronizations of the DMN in PD may result in decreased ability to be self-referential, more likely to maintain the default mode state, and less control of interactions between brain regions. Therefore, increased FC in the DMN might be a potential biomarker for identifying neural mechanism dysfunction in patients with PD.

Several limitations must be acknowledged in our study. First, previous longitudinal data have indicated a dissociation of the DMN in PD, where reduced connectivity between the PCC and the mPFC is associated with future cognitive impairments (Zarifkar et al., 2021). However, our study is cross-sectional with a relatively small sample size. Thus, it is difficult to make direct causal inferences regarding the relationships between the aberrant FC and the disease severity of PD. Further longitudinal fMRI studies are required to establish the causal relationships and confirm the current findings. Second, our study lacked an assessment of various neurophysiological tests on patients with PD. Moreover, the choice of seed may bias connectivity findings toward specific, smaller, or overlapping sub-systems rather than larger distinct networks (Buckner et al., 2008). Some data-driven fMRI techniques, such as independent component analysis (ICA) or graph theory analysis, will be utilized in our future study. Finally, physiologic noise including respiratory, head motion, and cardiac fluctuations, might have compromised our results. These confounding factors should be taken into consideration in future studies.



CONCLUSION

This study highlights that patients with PD showed aberrant FC in the DMN. The enhanced connectivity pattern in the DMN may play a pivotal role in the neurophysiological mechanism of cognitive decline in patients with PD.
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Purpose: The possible relationship between migraine and tinnitus still remains elusive although migraine is often accompanied by chronic tinnitus. Several neuroimaging studies have reinforced the cognitive network abnormality in migraine and probably as well as tinnitus. The present work aims to investigate the dynamic neurocognitive network alterations of migraine comorbid with tinnitus.

Materials and Methods: Participants included migraine patients (n = 32), tinnitus patients (n = 20), migraine with tinnitus (n = 27), and healthy controls (n = 47), matched for age and gender. Resting-state functional magnetic resonance imaging (rs-fMRI) with independent component analysis (ICA), sliding window cross-correlation, and clustering state analysis was used to detect the dynamic functional network connectivity (dFNC) of each group. Correlation analyses illustrated the association between clinical symptoms and abnormal dFNC in migraine as well as tinnitus.

Results: Compared with healthy controls, migraine patients exhibited decreased cerebellar network and visual network (CN-VN) connectivity in State 2; migraine with tinnitus patients showed not only decreased CN-VN connectivity in State 2 but also decreased cerebellar network and executive control network (CN-ECN) connectivity in State 2 and increased cerebellar network and somatomotor network (SMN-VN) connectivity in State 1. The abnormal cerebellum dFNC with the executive control network (CN-ECN) was negatively correlated with headache frequency of migraine (rho = −0.776, p = 0.005).

Conclusion: Brain network characteristics of migraine with tinnitus patients may indicate different mechanisms for migraine and tinnitus. Our results demonstrated a transient pathologic state with atypical cerebellar-cortical connectivity in migraine with tinnitus patients, which might be used to identify the neuro-pathophysiological mechanisms in migraine accompanied by tinnitus.

Keywords: migraine, tinnitus, neurocognitive network, executive control network, fMRI


INTRODUCTION

Migraine, a neurological disorder, presents with attacks of throbbing headache and neurological symptoms including vomiting, nausea, hypersensitivity to environmental stimuli, and mood changes (Bigal and Lipton, 2008). The development and course of migraine vary with each patient, where a subset of patients gets worsen over a period of months or years in form of an increased frequency of attacks. Tinnitus is a phantom sound perception in the absence of external stimuli with a prevalence of 12–30% worldwide (Shargorodsky et al., 2010; Piccirillo et al., 2020). It is worth noting that migraine or headache troubles nearly 26–47% of those with tinnitus (De Ridder et al., 2015), which has attracted many researchers to investigate the association between tinnitus and migraine recently. Thus, migraine, regarded as a risk factor, may dramatically decrease quality of life coupled with tinnitus. It has been suggested that migraine and tinnitus share a common neuropathological circuit, reflected in the similar disrupted thalamocortical activity (De Tommaso et al., 2014; De Ridder et al., 2015; Xu et al., 2021). Nevertheless, though migraine is often accompanied by chronic tinnitus, their potential pathophysiological relationship remains vague.

Brain networks dynamically and rapidly reorganize and coordinate on subsequent temporal scales to allow the execution of neurocognitive processes in a timely fashion (Bressler and Tognoli, 2006; Li et al., 2020) and this has been also proposed for tinnitus (De Ridder et al., 2014). Tinnitus is a complicated brain disorder usually suffering from cognitive and emotional symptoms and involves reorganization of brain networks’ memory, mediating perception, distress, salience, and attention (Chen et al., 2017a,c). Tinnitus has been characterized by aberrant intra- or inter-connectivity in large-scale brain networks (Kam et al., 2020). For example, the frontoparietal network (FPN) is involved in the top-down regulation of attention and emotion, which may explain deficits in tinnitus (Sedley et al., 2016).

Several studies using functional MRI (fMRI) have reinforced the brain network abnormality in tinnitus and probably also migraine, including alterations in auditory and extra-auditory distributed cortical networks (Llinás et al., 1999; Roberts et al., 2010; De Ridder et al., 2015; Hayes et al., 2021). Increased connectivity between auditory and limbic network have been observed (Schlee et al., 2008; Kim et al., 2012; Maudoux et al., 2012a,b). Da Silva et al. found enhanced cortical thickness in the somatosensory cortex (SSC) as well as in the visual-motion processing regions in patients with migraine with and without aura (Granziera et al., 2006; DaSilva et al., 2007), suggesting that migraine attacks may lead to neuro-plastic changes in the SSC where the head and the face are somatotopically represented. Moreover, functional connectivity (FC) analyses have explored the functional organization of specific brain networks responsible for sensory processing (Sprenger and Borsook, 2012; Schwedt et al., 2015). The aberrant visual network has been reported in patients with migraine (Hadjikhani et al., 2001; Granziera et al., 2006; Palm-Meinders et al., 2017; Wang et al., 2017; Zhang et al., 2017b; Gaist et al., 2018). Recently, Tedeschi et al. (2016) found lingual gyrus, as one of the main components of the visual network had stronger functional connectivity in patients with migraine with aura (MWA) but its structure or microstructure remained normal compared with healthy controls and individuals with migraine without aura (MWoA). Moreover, altered remote FC to higher-order networks has been detected in the centro-parietal regions involving sensorimotor networks (Zhang et al., 2017a; Chong et al., 2019). This may hint that sparse long-range network connectivity to higher-order regions and aberrant network activity in centro-parietal sensorimotor regions could commonly generate the neuro-pathophysiological characteristics of response inhibition in patients with MwoA.

In line with the theory that migraine is actually an altered neurocognitive cortical process, Chen et al. (2020) found the normal regulation of prepotent responses might be destructed by cortical disexcitability of the prefrontal executive network and centro-parietal sensorimotor network in migraineurs. Response inhibition was abnormal probably caused by the weaker neural activities within the prefrontal executive networks in patients MwoA. Therefore, it was considered a vital element of the executive system (Logue and Gould, 2014; Jahanshahi et al., 2015). Other relevant studies also have perceived the looser functional connection in the prefrontal executive network including the middle frontal gyrus as well as the dorsal anterior cingulate cortex (Russo et al., 2012; Chong et al., 2019; Filippi and Messina, 2019).

The cerebellum is correlated with pain sense (Moulton et al., 2010) and has been proved to cause migraine. Russo et al. (2019) found a significantly increased activation in cerebellar cortices both in patients with MWA and MwoA after thermal stimulation of the trigeminal nerve. Anatomically, the gray matter volume of the cerebellum was increased in response to trigeminal pain, and functionally, the neural response in this region was regulated by the stage and severity of migraine (Mehnert and May, 2019). The relevant regions including the primary motor cortex, dorsolateral prefrontal cortex, periaqueductal gray, inferior parietal lobule, primary somatosensory cortex, and parahippocampal gyrus were considered to participate in cognitive, sensorimotor, emotional, and pain information processing leading to migraine (Moulton et al., 2010; Mehnert and May, 2019; Russo et al., 2019). The visual pathway may also interact with the pain perception regulatory network in view of increased functional connectivity between the left cerebellum and lateral geniculate body.

Therefore, the present work aims to investigate the dynamic neurocognitive network alterations of migraine and tinnitus and whether clinical features are associated with such abnormalities. We used to construct brain functional networks of patients with migraine, chronic tinnitus, migraine with tinnitus, and healthy controls, and analyzed the dynamic functional network connectivity (dFNC) alterations using independent component analysis (ICA), sliding window cross-correlation, and clustering state analysis. Static functional network connectivity (sFNC) can be applied to assess the temporal correlation between brain regions over the whole period of fMRI acquisition; however, their applicability is restricted by oversimplified analysis excluding temporal dynamics (Allen et al., 2014). Important details on neurological diseases that might not be accessible through static connectivity can be obtained through dFNC (Sakoğlu et al., 2010). By exploring the neurocognitive network characteristics of migraine with tinnitus, possible neuropathological mechanisms of migraine comorbid with chronic tinnitus may be tested. We assumed that abnormal dFNC alterations would be detected within some specific networks in patients with migraine along with tinnitus.



MATERIALS AND METHODS


Participants

This study was approved by the Research Ethics Committee of the Nanjing First Hospital. All the participants provided written informed consent. This study included four groups of participants, which are the following: (1) patients with migraine, (2) patients with chronic tinnitus, (3) patients with migraine with tinnitus, and (4) healthy controls.

According to the International Classification of Headache Disorders, Third Edition (beta version) (ICHD-3 beta), 32 episodic migraineurs without aura were recruited from the Department of Neurology in our hospital, containing 22 with unilateral headache (right/left: 10/12) and 10 with a bilateral headache or no side preference. All subjects were right-handed, none had chronic neurologic or psychiatric conditions, and none took daily medications other than vitamins or oral contraceptives. No subjects used analgesics for any reason more than 8 days per month. No subject was taking a migraine preventive medication. Duration of migraine was recorded as well as attack frequency.

A total of forty-seven patients with chronic bilateral tinnitus (duration > 6 months) were recruited from the Department of Otolaryngology in our hospital. The pure tone audiometry (PTA) examination, as well as the Iowa version of the Tinnitus Handicap Questionnaires (THQ) (Kuk et al., 1990), was applied to evaluate the hearing threshold, tinnitus severity, and tinnitus distress. Any individuals whose PTA thresholds were ≥25 dB HL at the frequencies of 0.25, 0.5, 1, 2, 4, and 8 kHz (defined as hearing loss) were excluded from our research.

Furthermore, 47 patients with chronic tinnitus were divided into the migraine group (27 individuals) and the non-migraine group (20 individuals), respectively. In the migraine group, 8 had a right-side unilateral headaches, 11 had left-side and 8 had bilateral or no side preferential headaches, respectively. Moreover, 47 healthy control subjects were included in this study. None of these subjects was known to suffer from chronic tinnitus or migraine and were group matched for age, gender, and education. The excluded criteria were as follows: individuals had (1) hyperacusis, pulsatile tinnitus, and Meniere’s diseases; (2) head injury, anemia, stroke, Alzheimer’s disease, major depression, and other neuropsychiatric diseases; (3) MRI contraindications; (4) thyroid dysfunction, cancer, damaged liver/kidney function, and other organic diseases.



Magnetic Resonance Imaging Acquisition

A 3T Philips Ingenia scanner (Philips Medical Systems, Best, Netherlands) with an eight-channel phased-array head coil was applied to obtain all resting-state image data. During scanning, subjects should lie tranquility keeping their eyes closed, but not fall asleep or think about anything peculiar. Also, any head movement was not allowed in this process. We used the earplugs (Hearos Ultimate Softness Series, New York, NY, United States) that could attenuate scanner noise by approximately 32 dB. After an 8-min and 10-s scanning, resting-state functional imaging data was acquired by a gradient echo-planar imaging sequence with the following specifications: repetition time (TR)/echo time (TE) = 2,000/30 ms; slices = 36; thickness = 4 mm; gap = 0 mm; field of view (FOV) = 240 mm × 240 mm; acquisition matrix = 64 × 64; and flip angle (FA) = 90°. While structural 3D T1-weighted images were obtained by the 3D turbo fast-echo T1WI sequence (TR/TE = 8.1/3.7 ms; slices = 170; FA = 8°; thickness = 1 mm; gap = 0 mm; FOV = 256 mm × 256 mm; and acquisition matrix = 256 × 256).



Magnetic Resonance Imaging Data Preprocessing

Using the SPM12 software1 implemented in MATLAB (version R2016b, MathWorks, Natick, MA, United States), we performed the resting-state fMRI data preprocessing. Firstly, the first 10 scans were deleted to allow for the steady-state of magnetization and the patient’s adaptation to the scanning environment. Secondly, the inter-scan head motions were corrected by the realignment to the first volume. Thirdly, according to the tissue probability maps, it was divided into gray matter, cerebral spinal fluid, and white matter. Fourthly, non-linear transforming was used for the normalization into the standard Montreal Neurological Institute template while spatial smoothing was performed by 6-mm full width at half-maximum Gaussian kernel.



Group Independent Component Analysis

After data preprocessing, we used independent component analysis (ICA) analysis to extract the spatial ICs and identify resting-state networks (RSNs) from the data of all subjects in the group ICA function of the fMRI Toolbox (GIFT) (Calhoun et al., 2001; Erhardt et al., 2011). Firstly, the data reduction was followed by principal component analysis, which evaluated the ICA according to the aggregate data of the subjects (Li et al., 2007). The number of ICs was evaluated by the minimum description length (MDL) criteria. Then, using the InfoMax algorithm building in the GIFT performed the proper ICA. Finally, the value of connectivity intensity within each IC was transformed into Z-score for showing the degree of correlation between a given voxel and its corresponding components in the time series (Calhoun et al., 2001). Based on previous rs-fMRI studies, 11 independent components were finally identified as RSNs by visual inspection among the results of ICA (30 ICs).



Dynamic Functional Network Connectivity Analysis

In order to compute the dFNC between ICA time processes, a sliding time-window method was applied to compute the dFNC among ICA time courses was calculated by the sliding time-window approach, where the window was set at 20-TRs width convolved with a Gaussian (σ = 3 TRs) and each step length was 1 TR (Du et al., 2016). Therefore, each individual’s FNC data was segmented into 128 windowed FNC. Based on the method proposed in an earlier study (Damaraju et al., 2014), the inter-component covariance was calculated. The windowed covariance matrices (component × component × window) in the time series reflected the altered features of FNC in each individual.

All the dynamic FNC windows were eventually allocated into two clusters by the K-means clustering algorithm, which was calculated with 500 iterations and 150 repeats of dFNC windows in the squared Euclidean distance method (Malhi et al., 2019). The center of clustering can be thought of as the average patterns that participants tend to return to during the experiment (Miller et al., 2016). Based on the elbow criterion, defined as the ratio of intra- to inter-cluster distances, the algorithm was dedicated to matching the optimal value of k (minimized k-value) and finally evaluated the targeted value of k is 2 in the search window k is 2–10 (Damaraju et al., 2014). We evaluated the differences in the characteristics of each dFNC state between groups on the group level of dFNC states.

The differences of each dFNC state between the two groups were calculated by an independent two-sample t-test corrected for false discovery rate (FDR), where p < 0.05 was considered significant. The characteristic parameters of dFNC states including reoccurrence fraction, mean dwell time, and the number of transitions were also investigated. Meanwhile, the comparison of these parameters was conducted by an independent two-sample t-test (p < 0.05, FDR corrected). Mean dwell time is defined as how long the subjective stay in a certain state. The reoccurrence fraction is calculated as the proportion of the total number of windows belonging to a certain state, and the number of transitions is the number of changes from one state to another, representing the stability of FNC over time.



Statistical Analysis

All statistical analysis was calculated by IBM SPSS 25 (IBM Corporation, Armonk, NY, United States). The differences in demographic and clinical information between the two groups were evaluated by the Chi-square tests (for categorical variables) and the independent two-sample t-test (for continuous variables). The correlations between the clinical characteristic and dFNC attributes, such as reoccurrence fraction, mean dwell time, and the number of transitions were calculated by Spearman’s correlation analysis and controlled for the variable including age and gender. The statistical significance was set at p < 0.05.




RESULTS


Demographic Characteristics

As Table 1 demonstrated, no significant differences were found in age, gender, disease duration, hearing thresholds, THQ scores, and VAS scores between the four groups (patients with migraine, chronic tinnitus, migraine with tinnitus, and healthy controls). However, patients with migraine along with tinnitus had worse HIT6 scores and higher headache frequency than migraine patients (p < 0.05). There were no significant differences in hearing thresholds between the four groups (Figure 1).


TABLE 1. Demographics and clinical characteristics.
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FIGURE 1. Average hearing thresholds of migraine patients, tinnitus patients, migraine patient with tinnitus, and healthy controls. Data are presented as mean ± SD.




Resting-State Networks

Using group ICA, seven meaningful RSNs were identified (Figure 2): the auditory network (AUN; IC19) primarily included bilateral middle, superior temporal gyrus, and insular. The dorsal attention network (DAN; IC10) mainly consists of the precentral and superior frontal cortex with the orbital part, ventral precentral, middle frontal gyrus, and bilaterally the intraparietal sulcus. The executive control network (ECN; IC06 + 20) included several medial frontal areas, containing the paracingulate and the anterior cingulate. The sensorimotor network (SMN; IC13) includes the bilateral precentral, medial, and postcentral frontal gyrus and the supplementary motor area. The default-mode network (DMN; IC03 + 09) primarily included the bilateral inferior parietal gyrus, posterior cingulate/precuneus, superior frontal gyrus, medial frontal gyrus, and angular gyrus. The visual network (VN; IC11 + 30) involved the middle and superior occipital gyrus, fusiform gyrus, and the temporal-occipital regions. And cerebellum network (CN; IC14 + 21) is located in bilateral cerebellum hemispheres.


[image: image]

FIGURE 2. Spatial maps of identified resting-state networks are divided into seven different functional domains, namely, AUN, DAN, ECN, SMN, DMN, VN, and CN. AUN, auditory network; DAN, dorsal attention network; ECN, executive control network; SMN, sensorimotor network; DMN, default mode network; VN, visual network; CN, cerebellum network.




Group Difference of Occurrences and Dynamic Functional Network Connectivity Patterns

Compared with healthy controls, patients with migraine exhibited decreased cerebellar network and visual network (CN-VN) connectivity in State 1; compared with healthy controls, patients with migraine along with tinnitus showed not only decreased CN-VN connectivity in State 1 but also decreased cerebellar network and executive control network (CN-ECN) connectivity in State 1 (Figure 3A) and increased cerebellar network and somatomotor network (SMN-VN) connectivity in State 2 (Figure 3B).


[image: image]

FIGURE 3. Connectivity results for State 1 (A) and State 2 (B) evaluated using two-sample t-tests, and the significance was corrected using false discovery rate (FDR).




Correlation Between Cerebellar-Cortical Dynamic Functional Network Connectivity and Clinical Traits

As shown in Figure 4, the abnormal cerebellum dFNC with the executive control network (CN-ECN) was negatively correlated with headache frequency of migraine (rho = −0.776, p = 0.005). Besides, the association between the clinical traits with the FNC measures was analyzed and no other significant correlations were observed.


[image: image]

FIGURE 4. Negative correlation between dFNC (CN-ECN) and headache frequency (rho = −0.776, p = 0.005).





DISCUSSION

In the present study, we identified two reoccurring dFNC states that exhibited significantly different connectivity patterns. The cerebellar network was highly synchronous in every state for patients with migraine. Positive dFNC in the cerebellar network with a somatomotor network (SMN-VN) was only observed in State 1. In-State 2, negative cerebellum dFNC connected with visual network, executive control network in patients with migraine. The abnormal cerebellum dFNC with the executive control network (CN-ECN) was negatively correlated with headache frequency of migraine.

Researchers found abnormal interaction between the cerebellar network and visual network in migraineurs between attacks (Moulton et al., 2010). Such associations were directly revealed by our study. Furthermore, abnormalities in CN-ECN connectivity may disrupt habituation to external stimuli. Indeed, lack of habituation is a well-characterized aspect of migraine disease that may also account for hyperexcitability in migraineurs. Tinnitus and chronic pain can thus be conceptualized as a continuous and persistent prediction error (Moulton et al., 2010; Bauer et al., 2013).

We observed abnormal cerebellum dFNC in migraine compared with healthy controls. The cerebellum generally participates in pain and nociceptive processing (Vincent and Hadjikhani, 2007; Moulton et al., 2010). One previous study indicated that the cerebellar regions were activated in healthy subjects when seeing some unpleasant picture or stung by painful heat stimulation which suggested the potential relationship between cerebellum and pain stimulation and general aversive processing (Moulton et al., 2010). Meanwhile, activated cerebellar responses are able to be induced by aversive stimuli like noxious and negative emotional pictures (Mehnert et al., 2017). Another clue demonstrating an association between cerebellum and pain is that experimental pain sensation is abnormally altered after cerebellar infarction (Ruscheweyh et al., 2014). The hyperesthesia toward heat could lead to more apparent abnormalities on the side of the infarct (Ruscheweyh et al., 2014). The cerebellum was proved to participate in migraine based on previous relevant studies. Functionally, it was demonstrated that the neural activities in cerebellar regions were overactive in patients with MWA and MwoA when performed the thermal stimulation of the trigeminal nerve was (Russo et al., 2019). Structurally, the increase in the gray matter volume of the cerebellum was detected within migraineurs compared with healthy controls. A couple of cerebellar functions and structures might be regulated by the severity and stage of migraine (Mehnert and May, 2019). The above evidence suggested that the cerebellum was a crucial node within the migraine-related neural pathways. There is abundant descending afferent and ascending efferent neural connectivity between the cerebellum and cerebral cortex and subcortex, which are responsible for their information transmission and interaction within top-down and bottom-up pathways. These neural pathways, centered in the cerebellum, were proved to participate in multi-information processing, such as sensorimotor, cognition, pain, and emotion, which might promote the migraine generation (Moulton et al., 2010; Mehnert and May, 2019; Russo et al., 2019).

The cerebellum had increased functional connectivity to the visually related regions like the later geniculate nucleus, which hinted at the aberrant integration between the visual and pain perception network (Zhang et al., 2020). The abnormal central reorganization caused by chronic pain syndromes like migraine might weaken the anti-nociceptive ability of the brain, as reflected in reduced dynamic functional connectivity between the cerebellum and somatomotor network (Jia and Yu, 2017). The broken cerebellar inhibitory effect on trigeminal neuralgia might be induced by the looser connections between the thalamus and superior cortical regions (Mehnert and May, 2019). In patients with MwoA, the cerebellum relevant impaired functional connectivity widely existed in the whole-brain neural network involving the multi-sensory cortices and cognitive relevant regions (Qin et al., 2020). It has been demonstrated that the cerebellum participates in and regulates pain perception (Moulton et al., 2010). Moreover, previous studies also indicated the possible relationships between the cerebellum (paraflocculus) and the tinnitus mechanism (Chen et al., 2017b; Mennink et al., 2020). Therefore, we suggest that the cerebellar network may play a core role in patients with migraine along with tinnitus.

This finding is consistent with existing literature on the pathophysiologic basis of migraine. For instance, the visual cortex is hyperexcitable in interictal migraine for both migraines with and without aura. Further exploratory analyses demonstrated that migraineurs with and without photophobia did not differ in occurrence rates of dFNC states. A study (Datta et al., 2013) found that the activation in visual networks including the primary visual cortex and lateral geniculate in patients with MwA was stronger than in patients with MwoA and healthy controls. Furthermore, the visual hyperactivity and photophobia in patients with migraine might be caused by the aberrant neural sensitivity of the posterior thalamus, which is an important intermediate node for visual information transmission. The SMN, consisting of the primary motor cortex, premotor cortex, supplementary motor area, and primary somatosensory cortex (Zhang et al., 2017a), is a key network responsible for multipurpose high-order cognitive processing (Brennan and Pietrobon, 2018), which previously proved to participate in migraine. Altered neural activities in some SMN subregions may result from pain and cognition (Yu et al., 2012; Wang et al., 2016). Additionally, the migraine attack is a paroxysmal dysfunctional alteration disrupting afferent or efferent information modulating among multiple sensory systems (Xue et al., 2012). It has been repeatedly demonstrated that the subregions in SMN functionally interact with the central executive network (CEN) in patients with MwoA (Zhang et al., 2017a). The strength of functional connectivity within SMN was significantly associated with pain intensity and therapeutic effect in MwoA (Li et al., 2015).

Since the patients in our study were in the interictal stage, this finding may further support the specificity of this abnormal dFNC to the brain’s functional architecture in migraine. We also speculate that during or around an attack, these dFNCs may no longer be functioning similarly, and there may be differences between those with and without photophobia. In addition, although most patients in our study reported that they had phonophobia before the MRI scan, we did not find any abnormal auditory dFNC or any difference between occurrence rates between those with and without phonophobia.

There are several limitations in the present study. Firstly, the relatively small sample size may affect the statistical reliability of the present outcomes. Secondly, the features of migraine were just evaluated by the GAD-7, migraine frequency, and VAS scores in this study. Furthermore, a confounding factor related to the auditory system should be taken into account. Using earplugs during MR scanning seems not enough to completely avoid the disturbance from scanner noise, which probably affects the brain’s functional architecture.



CONCLUSION

This study provided evidence that brain network characteristics of migraine with tinnitus patients may indicate different mechanisms for migraine and tinnitus. These findings suggest a transient pathologic state with atypical cerebellar-cortical connectivity in migraine with tinnitus patients, which may underlie the neurocognitive mechanisms of migraine comorbid with tinnitus.
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Objective: Gastrointestinal (GI) symptoms are prominent in major depressive disorder (MDD) and bring patients lots of complaints and troubles. We aimed to explore whether there were some distinctive brain image alterations in MDD with GI symptoms, which could be used to distinguish MDD with GI symptoms from those without GI symptoms and healthy controls (HCs).

Methods: A total of 35 outpatients with GI symptoms, 17 outpatients without GI symptoms, and 28 HCs were recruited. All the participants were scanned by a resting-state functional magnetic resonance imaging. Imaging data were analyzed with the global functional connectivity (GFC) and support vector machine methods.

Results: MDD with GI symptoms showed decreased GFC in the left superior medial prefrontal cortex (MPFC) compared with MDD without GI symptoms. Compared with HCs, MDD with GI symptoms showed decreased GFC in the bilateral middle temporal pole (MTP) and left posterior cingulate cortex/precuneus (PCC/Pcu), and increased GFC in the right insula and bilateral thalamus. SVM analysis showed that an accuracy was 78.85% in differentiating MDD with GI symptoms from MDD without GI symptoms by using the GFC of the left superior MPFC. A combination of GFC of the left PCC/Pcu and bilateral MTP exhibited the highest accuracy (87.30%) in differentiating patients with MDD with GI symptoms from HCs.

Conclusion: MDD with GI symptoms showed abnormal GFC in multiple networks, including the default mode network and cortico-limbic mood-regulating circuit. Using abnormal GFC might work well to discriminate MDD with GI symptoms from MDD without GI symptoms and HCs.

Keywords: global functional connectivity, major depressive disorder, gastrointestinal symptoms, resting state, functional magnetic resonance imaging


INTRODUCTION

In addition to the main psychological symptoms (such as persistently depressed mood state), major depressive disorder (MDD) often appears with medically unexplained somatic symptoms (Jain, 2009). Among these, gastrointestinal (GI) symptoms are prominent which bring patients with MDD a lot of complaints and troubles. A literature review (Lépine and Briley, 2004) supported that pain led to depression which in turn increased sensitivity to pain, which indicated that there might be bidirectional influences between MDD and GI symptoms (Karling et al., 2007). Besides, patients with somatic symptoms seemed to undergo more difficult and less effective treatment than patients without somatic symptoms. Some previous studies have shown that somatic symptoms were associated with exacerbation of clinical symptoms, low remission rates (Novick et al., 2013), and poor prognoses (Bekhuis et al., 2016) in patients with MDD. Nevertheless, in outpatient services, general physicians experienced hardly to recognize mental disorders such as MDD, and the chief complaint of somatic symptoms added a more difficult identification (Jain, 2009), which was often referred as to “masked depression” (Verster and Gagiano, 1995). Consequently, patients with MDD with GI symptoms underwent chronic lack of proper diagnoses and effective treatments (Kirmayer et al., 1993; García-Campayo et al., 2008). The economic burden increased because of more healthcare resources utilization during episodes of MDD (Painchault et al., 2014). It would result in an increasing medical cost of MDD and additional waste of medical resources (García-Campayo et al., 2008) when they constantly sought medical help. In the context of a global scarcity of psychiatrists and other mental health resources (Smith, 2014) increased consumption of medical resources caused by the failure to get a correct diagnosis undoubtedly undermines the rational allocation of medical resources. Thus, effective and proper identifications of MDD with GI symptoms are of great significance for the prognosis of MDD and the rational medical resource allocation.

However, the mechanism of GI symptoms in MDD remains unclear. Brain imaging techniques were greatly applied to research the brain image abnormalities in many mental disorders, by using different methods such as gray matter volume (GMV), network homogeneity (NH), functional connectivity (FC), and regional homogeneity (ReHo). Brain structural and functional aberrations were found in patients with MDD with GI symptoms based on literature reviews, such as altered GMV and ReHo (Yan et al., 2019; Liu et al., 2020). But, there is a lack of research into connections between spatially distant brain regions. Current evidence indicated that MDD exhibited abnormal resting-state FC in discrete brain networks, especially in the default-mode network (DMN) and cortico-limbic mood-regulating circuit (MRC) (prefrontal-amygdalar-pallidostriatal-mediothalamic MRC) (Wang et al., 2012). The DMN was regarded as a critical role in gastric sensations (Skrobisz et al., 2020) and functional abnormalities were reported in digestive diseases (Fan et al., 2019). Thus, it was curious to see whether FC of these areas was similarly altered in patients with MDD with GI symptoms. To avoid bias of the pre-selection of seeds in the seed-based regions of interest (ROI) methods and face the controversial issue of the number of independent components in the independent component analysis (ICA) approach (Kelly et al., 2012), a model-free voxel-wised global functional connectivity (GFC) method was applied in the present study with a less biased way (Cui et al., 2018; Ding et al., 2019; Pan et al., 2019).

Taken together, we aimed to explore the GFC differences across patients with MDD with GI symptoms, patients with MDD without GI symptoms and healthy controls (HCs) in the present study. We hypothesized that patients with MDD with GI symptoms would show abnormal GFC in multiple networks, especially in the DMN or cortico-limbic MRC. And it was expected that the altered GFC would correlate with clinical characteristics of patients with MDD with GI symptoms. In addition, the support vector machine (SVM) method was used to detect whether GFC values in these abnormal brain regions might be potential image markers to distinguish patients with MDD with GI symptoms from those without GI symptoms and HCs.



MATERIALS AND METHODS


Participants

A total of 35 outpatients with one or more GI symptoms (GI symptoms group) and 17 outpatients without any GI symptoms (non-GI symptoms group) were recruited. GI symptoms mainly included medically unexplained nausea, vomiting, gastralgia (stomachache), gastric distention, constipation, diarrhea, heartburn, acid reflux. All of them were 18–55 years old outpatients from the Second Xiangya Hospital of Central South University, China. They received their final diagnoses independently by two psychiatrists according to the DSM-5 criteria. Inclusion criteria were: (1) first time of major depressive episode; (2) the 17-item Hamilton Rating Scale for Depression (HRSD-17) (Hamilton, 1967) total scores ≥ 17; (3) with no relative history of medication and physical therapy (such as repetitive transcranial magnetic stimulation, electroconvulsive therapy); (4) with no confirmed digestive tract diseases. The severity of MDD was evaluated by using the HRSD-17. The HRSD-17 can be divided into the following five types of factors: (1) anxiety/somatization (six items of psychic anxiety, somatic anxiety, gastrointestinal symptoms, hypochondriasis, insight, and general symptoms); (2) weight loss (one item); (3) cognitive disturbances (three items of self-guilt, suicide, and agitation); (4) retardation symptoms (four items of depression, work and interests, retardation, and sexual symptoms); (5) sleep disturbances (three items of difficulty falling asleep, superficial sleep, and early awakening).

A total of 28 HCs were recruited from the community, demographically matched (on age, gender, and education) with the patients. Anyone with a suspicious or explicit history of mental disorders running in the family would be excluded, same as any history of digestive tract diseases, neurological diseases, substance abuse, or psychotic symptoms (such as hallucination and delusion, etc.).

All the participants were right-handed and Han Chinese. Exclusion criteria for all the participants are as follows: (1) other mental disorders meeting DSM-5 criteria; (2) with any history of neurological diseases, severe physical illnesses, and substance abuse; (3) be pregnant; (4) with structural abnormalities of the brain; (5) and with any contraindications to MRI scanning.

The study was approved by the Medical Research Ethics Committee of the Second Xiangya Hospital of Central South University, China. It was conducted in accordance with the Helsinki Declaration. Each participant has submitted a written informed consent before enrollment.



Imaging Acquisition and Data Preprocessing

All the participants underwent a 3.0 T Siemens scanner (Germany) resting-state MRI scan in the Second Xiangya Hospital of Central South University. Initial brain image data were obtained using the echo planar imaging (EPI) sequence. The specific parameters were as follows: repetition time/echo time (TR/TE) 2,000/30 ms, 30 slices, 64 × 64 matrix, 90°flip angle, 24 cm field of view, 4 mm slice thickness, 0.4 mm gap, and 250 volumes lasting for 500 s.

Data preprocessing was finished by using DPABI in Matlab (Yan et al., 2016). The first 10 fMRI images data were discarded to avoid the influence of potential unstable factors, such as unstable initial MRI signals and adaptation time of subjects. Then, slice timing and head motion corrections were performed on the images. The maximum displacement on the x, y, or z axis was 2 mm and the maximum angular rotation was 2°. After that, the corrected images were spatially normalized to the MNI space with 3 mm × 3 mm × 3 mm. Next, the fMRI data were filtered by temporal band-pass (0.01–0.08 Hz) and linearly detrended. Some suspicious pseudo covariates were removed, such as signals from the center region of white matter and region of interest (ROI) based on ventricular seeds, the 24-head motion parameters obtained by the rigid body correction. The global signal was not removed in the present study (Hahamy et al., 2014).



Global Functional Connectivity Analysis

The specific analysis process was consistent with our previous studies (Cui et al., 2018; Ding et al., 2019; Pan et al., 2019). For each participant, voxel-wise GFC (FC between a given voxel and all the other voxels) was calculated within a gray matter mask in Matlab. The gray matter mask was generated in SPM8 at a threshold of probability > 0.2 (Liu et al., 2015). Pearson correlation coefficients (r) between time series of all pairs of voxels were calculated and then converted to z values using the Fisher r-to-z to transformation (Wang et al., 2015). The GFC of a voxel was the mean coefficient of this given voxel with all the other voxels. By composing the GFC of all voxels, the GFC maps were generated.



Statistical Analyses

Analysis of variance (ANOVA) was used to compare demographic data (age, years of education) and clinical data (HRSD-17 scores, and five factor scores of HRSD-17) across the three groups. A chi-square test was performed to describe gender distribution and differences in illness duration between the two patient groups were compared by using a two-sample t-test. P < 0.05 was considered statistically significant.

The frame-wise displacement (FD) value was calculated for each participant (Power et al., 2012). The group differences were identified by performing an analysis of covariance (ANCOVA) in individual whole-brain GFC maps across the three groups, followed by post hoc t-tests. Age, gender, years of education, and FD were applied as covariates. The results were false discovery rate (FDR) corrected at p < 0.05.



Correlation Analyses

We extracted the mean z values from brain regions with abnormal GFC. The correlations between abnormal GFC values and HRSD-17 scores as well as the five factor scores were assessed by the Pearson’s correlation analysis with a threshold of the Benjamini–Hochberg corrected p < 0.05.



Classification Analyses

Using the SVM method, the LIBSVM software package1 was conducted in MATLAB to verify the feasibility of using GFC values of abnormal brain regions to distinguish MDD with GI symptoms from those without GI symptoms and HCs. The approach of “leave-one-out” was applied in the study.




RESULTS


Demographic and Clinical Characteristics

No group differences were observed in age, years of education, and gender distribution across the three groups. The two patient groups did not differ in illness durations. The HRSD-17 total and factor scores (excepting weight loss) of the two patient groups were all higher than those of HCs. The GI group showed significantly higher weight loss scores than both non-GI group and HCs, whereas these two groups showed no significant difference in weight loss scores. Besides, the HRSD-17 total scores, factor scores of anxiety/somatization, weight loss, and sleep disturbances of the GI group were higher than those of the non-GI group (Table 1).


TABLE 1. Demographic and clinical characteristics of the participants.
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Global Functional Connectivity Differences Across Groups

As shown in Figure 1, the three groups showed significant differences mainly in the frontal, temporal, insular, and limbic areas.


[image: image]

FIGURE 1. Brain regions showing group differences of GFC values across the three groups. Color bar indicates F values from ANCOVA (age, gender, years of education and framewise displacement as covariates). GFC, global functional connectivity; ANCOVA, analysis of covariance.



Major Depressive Disorder With Gastrointestinal Symptoms Versus Major Depressive Disorder Without Gastrointestinal Symptoms

Patients with MDD with GI symptoms showed lower GFC in the left superior medial prefrontal cortex (MPFC) than that in patients with MDD without GI symptoms (Table 2 and Figure 2). No higher GFC was observed in the group comparisons.


TABLE 2. Significant GFC differences across groups.
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FIGURE 2. Statistical map depicts lower GFC of MDD patients with GI symptoms compared with MDD patients without GI symptoms. Blue denotes lower GFC. Color bar indicates T values from two-sample t-test. MDD, major depressive disorder; GFC, global functional connectivity; GI, gastrointestinal symptoms.




Major Depressive Disorder With Gastrointestinal Symptoms Versus Healthy Controls

Patients with MDD with GI symptoms showed decreased GFC in the bilateral middle temporal pole (MTP) and left posterior cingulate cortex/precuneus (PCC/Pcu), and increased GFC in the right insula and bilateral thalamus, compared with HCs (Table 2 and Figure 3).
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FIGURE 3. Statistical map depicts higher and lower GFC of MDD patients with GI symptoms compared with healthy controls. Blue denotes lower GFC and red denotes higher GFC. Color bar indicates T values from two-sample t-test. MDD, major depressive disorder; GFC, global functional connectivity; GI, gastrointestinal symptoms.




Major Depressive Disorder Without Gastrointestinal Symptoms Versus Healthy Controls

Compared with HCs, patients with MDD without GI symptoms showed decreased GFC in the left PCC/Pcu and increased GFC in the right inferior frontal gyrus (IFG) (Table 2 and Figure 4).
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FIGURE 4. Statistical map depicts higher and lower GFC of MDD patients without GI symptoms compared with healthy controls. Blue denotes lower GFC and red denotes higher GFC. Color bar indicates T values from two-sample t-test. MDD, major depressive disorder; GFC, global functional connectivity; GI, gastrointestinal symptoms.





Classification Analyses


Major Depressive Disorder With and Without Gastrointestinal Symptoms

The results of SVM analysis showed that the accuracy, sensitivity, and specificity were 78.85% (41/52), 85.71% (30/35), and 64.71% (11/17) respectively, in differentiating patients with MDD with GI symptoms from patients with MDD without GI symptoms by using abnormal GFC values of the left superior MPFC (Figure 5).
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FIGURE 5. Visualization of classifications through SVM using abnormal GFC values of the left superior MPFC to discriminate MDD with and without GI symptoms. (Left) SVM parameters result of 3D view. (Right) Classified map of GFC of the left superior MPFC. SVM, support vector machine; GFC, global functional connectivity; MPFC, medial prefrontal gyrus; MDD, major depressive disorder; GI, gastrointestinal symptoms.




Major Depressive Disorder With Gastrointestinal Symptoms and Healthy Controls

The results of SVM analysis showed that a combination of GFC of the left PCC/Pcu and bilateral MTP exhibited the highest accuracy (87.30%, 55/63), sensitivity (85.71%, 30/35), and specificity (89.29%, 25/28) in differentiating patients with MDD with GI symptoms from HCs (Figure 6).
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FIGURE 6. Visualization of classifications through SVM using a combination of GFC values of the left PCC/Pcu and bilateral MTP to discriminate MDD with GI symptoms and HCs. (Left) SVM parameters result of 3D view. (Right) Classified map of a combination of GFC of the left PCC/Pcu and bilateral MTP. SVM, support vector machine; GFC, global functional connectivity; HCs, healthy controls; PCC/PCu, posterior cingulate cortex/precuneus; MTP, middle temporal pole; MDD, major depressive disorder; GI, gastrointestinal symptoms.





Correlations Between Global Functional Connectivity and Clinical Characteristics

For all the patients, GFC of the left superior MPFC was negatively correlated with weight loss scores (r = –0.460, p = 0.001, the Benjamini–Hochberg correction p = 0.006).

For MDD with GI symptoms, GFC of the left superior MPFC was negatively correlated with weight loss scores (r = –0.450, p = 0.007, the Benjamini–Hochberg correction p = 0.021) and positively correlated with retardation symptoms scores (r = 0.464, p = 0.005, the Benjamini–Hochberg correction p = 0.03). GFC in the left MTP was negatively correlated with total HRSD-17 scores (r = –0.412, p = 0.014, the Benjamini–Hochberg correction p = 0.042) and increased GFC of MDD with GI symptoms in the bilateral thalamus was positively correlated with retardation symptoms (r = 0.498, p = 0.002, the Benjamini–Hochberg correction p = 0.012). There were no significant correlations between GFC of the right MTP, right insula, and left PCC/Pcu, and clinical characteristics after the Benjamini–Hochberg correction (see more details in Supplementary Table).

For MDD without GI symptoms, GFC of the left superior MPFC was positively correlated with weight loss scores (r = 0.687, p = 0.002, the Benjamini–Hochberg correction p = 0.012). There were no significant correlations between GFC of both the left PCC/Pcu and right IFG and clinical characteristics after the Benjamini–Hochberg correction (see more details in Supplementary Table).




DISCUSSION

In this study, the GI group showed more severe depressive symptoms than non-GI group, especially in the terms of anxiety/somatization, weight loss, and sleep disturbances. We observed that GI group showed decreased GFC in the left PCC/Pcu and bilateral MTP and increased GFC in the thalamic and insular areas compared with HCs. And the GI group showed decreased GFC in the left superior MPFC than non-GI group. Good classification results were shown in differentiating GI group from non-GI group and HCs by using SVM analyses.

In addition to the gut microbiota, the brain also regulates food intake through homeostatic control, mood, and cognition (Torres-Fuentes et al., 2017; Milaneschi et al., 2019). Hypothalamus, insula, amygdala, and other limbic and cortical areas participate in the complex processes (Behary and Miras, 2014). During the communication between the central nervous system and peripheral biological signals, the parasympathetic innervation of vagus nerves acts as a vital coordinating role, and vagal nerve blockade may be a surgical therapy in obesity in clinical (Browning et al., 2017). A previous study reported that the cortical neurons that influenced parasympathetic functions were overwhelmingly in the MPFC and insula (Levinthal and Strick, 2020). Thus, dysfunctions in these brain regions may influence body weight by the abovementioned pathways in MDD. In MDD with GI symptoms, function alterations of these brain regions may further affect these processes and lead to weight loss.

Previous studies indicated that somatic symptoms were correlated with more severe clinical symptoms in MDD (Novick et al., 2013) and MDD with GI symptoms showed more severe depression (Liu et al., 2020). Consistent with these studies, the HRSD-17 total scores, factor scores of anxiety/somatization, weight loss and sleep disturbances of GI group were all higher than those of non-GI group which indicated that patients with MDD with GI symptoms showed more severe depressive symptoms than those without GI symptoms. As noted previously, patients with MDD with GI symptoms underwent a prolonged lack of proper diagnoses and experienced lower remission rates and poorer prognoses. Therefore, early detection of patients with MDD with GI symptoms as their chief complaint and aggressive treatments of their depressive symptoms and GI symptoms may help improve the remission rate and positively impact their prognosis.

As one of the core regions of the DMN and part of cortico-limbic MRC, MPFC has attracted a lot of attention in recent years (Raichle, 2015). Involved in a variety of self-referencing, affective, and cognitive functions (such as perceptual memory and executive control) (Lemogne et al., 2012; Schwiedrzik et al., 2018; Lieberman et al., 2019), MPFC performs as a part of the central stress circuit, participating in the process of stress response (Bhatia and Tandon, 2005). In the neuroscience researches, MPFC showed neuroplasticity impairments under chronic stress and depressive-like behaviors (Duman and Aghajanian, 2012; Abdallah et al., 2015; Duman et al., 2016) and similar phenomena existed in researches of cognitive science and clinical psychology level (Price and Duman, 2020). Stress could have both short-term and long-term influences on gastrointestinal tract function and GI symptoms are physical reactions to stressful and emotional conditions (Bhatia and Tandon, 2005). Thus, the function of the MPFC might be associated with depressive symptoms, as well as GI symptoms. At the same time, structural changes in the MPFC may occur with the onset of somatic symptoms, such as gray matter loss in the MPFC, which has been consistently reported to correlate with chronic pain stress (Kang et al., 2019). Previous studies indicated that stress (whatever acute or chronic stress) may induce structural and functional impairments in the MPFC (Bhatia and Tandon, 2005; Wellman and Moench, 2019). These findings suggest that the decrease of GFC in the MPFC in the GI group may be related to the structural changes such as gray matter loss. In addition, portions of the MPFC influenced parasympathetic output to the stomach and related prefrontal neurons were in the left hemisphere more than three times as in the right hemisphere (Levinthal and Strick, 2020), which was consistent with the finding that microstimulation in this region could induce alterations in the gastric function (Hurley-Gius and Neafsey, 1986). Therefore, we speculate that the structure and function of the MPFC may be altered in the vicious cycle of recurrent bad mood and GI symptoms. In the present study, patients with MDD with GI symptoms showed lower GFC in the left superior MPFC than that in patients with MDD without GI symptoms, which may show that decreased GFC in the MPFC might be correlated with the onset of GI symptoms in MDD. Besides, we observed that decreased GFC of MDD with GI symptoms in the left superior MPFC was negatively correlated with weight loss scores and positively correlated with retardation symptoms scores. These further confirmed the important role of the MPFC in MDD with GI symptoms.

A previous study has reported that the volume of the middle temporal gyrus (MTG) was strongly associated with deficits in language and reasoning ability, and both were the state- and trait-related markers of depression (Ang et al., 2020). In our previous studies, we found that melancholic MDD showed lower NH in the bilateral MTG than HCs, especially in the right MTG/MTP (Cui et al., 2017; Yan et al., 2021). Decreased ReHo in the right MTG was also reported in remitted geriatric depression (Yuan et al., 2008). All these findings might reflect the MTG changes as one state characteristic of depression. Consistent with these studies, we observed that patients with MDD with GI symptoms showed decreased GFC in the bilateral MTP compared with HCs in the present study, and decreased GFC in the left MTP was negatively correlated with the severity of depression. Apart from language and memory functions (Squire and Zola-Morgan, 1991; Squire et al., 2004; Baxter, 2009; Friederici and Gierhan, 2013), the temporal lobe has been proposed to be involved in endogenous attention control by one special node and this node was directly connected to the frontal and parietal attention control regions (Sani et al., 2021). PCC has been proposed to be involved in controlling attention by connecting to the frontal lobe (Leech and Sharp, 2014). But whether there is any link between these two regions is unknown. As one of the components of the DMN, PCC/Pcu has attracted much attention in many studies of MDD (Raichle, 2015). Many previous studies have reported decreased activity in the PCC/Pcu in MDD, such as decreased FC, voxel-mirrored homotopic connectivity (VMHC) and ReHo (Bluhm et al., 2009; Chen et al., 2012; Zhu et al., 2012; Guo et al., 2013). Consistently, we observed that both two patient with MDD groups showed decreased GFC in the left PCC/Pcu compared with HCs in the present study. Although it is unclear whether there is a link between the temporal lobe and PCC in attentional control function, we concurrently observed GFC changes in both two brain regions in MDD. Therefore, we speculate that abnormalities in both two brain regions are associated with attention-deficit-induced cognition impairments in MDD.

By direct electrical stimulation of the insula cortex, a variety of visceral responses (containing gastric sensory or motor phenomena, such as nausea, vomiting, belching) and somatic sensation responses were elicited (Penfield and Faulk, 1955; Afif et al., 2010), which promoted the insula to be seen as a primarily visceral–somatic region (Uddin et al., 2017). Besides, cortical neurons that participated in the parasympathetic control of the stomach were overwhelmingly located in the insula (Levinthal and Strick, 2020). Therefore, GI symptoms may occur when the structure or function of the insula were aberrant. For instance, the insula has been commonly found to be involved in the pathophysiologic mechanism of functional dyspepsia (FD) (Van Oudenhove et al., 2010; Zeng et al., 2011; Liu et al., 2018). In addition, the insula has been reported to be associated with abnormal visceral sensitivity in irritable bowel syndrome (IBS) (Icenhour et al., 2017). Thalamus, as the “relay station” of the brain, is recognized as one of the key roles in gastrointestinal sensory processing, because primary interoceptive information is usually afferent to the thalamus, and then it will act as a “gateway” to relay signals to the insula (Zhou et al., 2013; Iannilli et al., 2014; Liu et al., 2018). A previous study observed that patients with FD showed lower connection probability in the right anterior insula with the right thalamus and decreased functional connectivity of them (Liu et al., 2018). Thus, the structure and function of the insula and thalamus may work in the process of the onset and sensory transmission of GI symptoms in MDD. In addition to the “visceral–somatic” functions mentioned earlier, the insula is involved in cognitive control and emotional processes by connection with higher-level cortices and limbic areas (Deen et al., 2011; Chang et al., 2013). Besides, the thalamus, one part of the cortico-limbic MRC, is widely recognized to be involved in the process of attention control, and thus affects cognition (Saalmann and Kastner, 2011; Halassa and Kastner, 2017). And it has been reported that attention deficit was associated with the clinical psychomotor retardation in MDD (Lemelin and Baruch, 1998). To some extent, this is consistent with the findings of the present study that increased GFC in the bilateral thalamus in the GI group was positively correlated with retardation symptoms. Structural and functional changes in the insula and thalamus were reported in many previous studies of MDD (Wise et al., 2017; Peng et al., 2018; Wang et al., 2018; Zhang et al., 2018; Hu et al., 2019). In the present study, we observed that MDD with GI symptoms showed increased GFC in the right insula and bilateral thalamus compared with HCs. And this may account for many of the differences in the clinical manifestations between the GI group and HCs. Reviewing all the aforementioned previous studies, the complexity of the neuropsychiatric system function is well demonstrated.

No less than 60% of the sensitivity or specificity is required for an eligible diagnostic indicator and more than 70% is conducive to the establishment of diagnostic indicators (Swets, 1988; Gong et al., 2011). Thus, results of SVM analysis in differentiating patients with MDD with GI symptoms from those without GI symptoms by using GFC of the left superior MPFC were moderate. And results of SVM analysis in distinguishing patients with MDD with GI symptoms and HCs by using a combination of GFC of the left PCC/Pcu and bilateral MTP were relatively effective. Therefore, we could try to use this method to discriminate MDD with GI symptoms from MDD without GI symptoms and HCs in our clinical work under the dilemma that we can only diagnose through subjective experience and lack objective indicators. However, the clinical symptoms of many patients are complex and there are many confounding factors, so the application scope of this method may be limited.

A previous study indicated that MDD was sensitive to the grading of spectra across resting-state networks (Ries et al., 2018). And Yang et al. (2021) found abnormal FC density in some brain networks in both lower and higher frequency bands in the bipolar disorder during depressive episodes. Thus, whether there are frequency-specific FC changes in MDD with GI symptoms needs further exploration. There are also some limitations. The sample size is small, so the generalization of the research results is limited to some extent. Furthermore, we did not subdivide each of the different GI symptoms because we assumed that they had similar mechanisms. Therefore, we did not know whether different symptoms made different outcomes.



CONCLUSION

The present study found that patients with MDD with GI symptoms showed abnormal GFC in multiple networks, including the DMN and cortico-limbic MRC, which suggested that these brain regions may play an important role in the biological mechanisms of GI symptoms in MDD. Abnormal GFC values were correlated with some clinical characteristics. Besides, we observed that MDD with GI symptoms demonstrated more severe depressive symptoms than MDD without GI symptoms. Early identification of patients with MDD with GI symptoms as their chief complaint and aggressive treatments of their depressive symptoms and GI symptoms may help improve the remission rate and positively impact their prognosis. In our clinical practice, it might work well to discriminate MDD with GI symptoms from HCs by using a combination of GFC of the left PCC/Pcu and bilateral MTP.
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Facial asymmetry is the major complaint of patients with unilateral facial nerve lesions. Frustratingly, although patients experience the same etiology, the extent of oral commissure asymmetry is highly heterogeneous. Emerging evidence indicates that cerebral plasticity has a large impact on clinical severity by promoting or impeding the progressive adaption of brain function. However, the precise link between cerebral plasticity and oral asymmetry has not yet been identified. In the present study, we performed functional magnetic resonance imaging on patients with unilateral facial nerve transections to acquire in vivo neural activity. We then identified the regions of interest corresponding to oral movement control using a smiling motor paradigm. Next, we established three local networks: the ipsilesional (left) intrahemispheric, contralesional (right) intrahemispheric, and interhemispheric networks. The functional connectivity of each pair of nodes within each network was then calculated. After thresholding for sparsity, we analyzed the mean intensity of each network connection between patients and controls by averaging the functional connectivity. For the objective assessment of facial deflection, oral asymmetry was calculated using FACEgram software. There was decreased connectivity in the contralesional network but increased connectivity in the ipsilesional and interhemispheric networks in patients with facial nerve lesions. In addition, connectivity in the ipsilesional network was significantly correlated with the extent of oral asymmetry. Our results suggest that motor deafferentation of unilateral facial nerve leads to the upregulated ipsilesional hemispheric connections, and results in positive interhemispheric inhibition effects to the contralesional hemisphere. Our findings provide preliminary information about the possible cortical etiology of facial asymmetry, and deliver valuable clues regarding spatial information, which will likely be useful for the development of therapeutic interventions.
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INTRODUCTION

Facial nerve lesions can be caused by various forms of trauma and iatrogenic treatments, and are the second commonest cause of facial paralysis after Bell’s palsy (Baugh et al., 2013). After a facial nerve lesion, patients usually have facial asymmetry, of which oral commissure asymmetry is one of the main manifestations. In clinical practice, patients have different levels of oral commissure asymmetry. The bilateral facial muscles generate an optimal balance of tension to maintain facial symmetry in healthy individuals (Linstrom, 2002; Trotman et al., 2020). In our previous study, we reported that patients with unilateral facial nerve lesions often have hypertonic facial muscles on the unaffected side (Ma et al., 2022). The dysfunction of unaffected facial muscles plays an important role in facial asymmetry at rest as well as exaggerated, excessive facial motion when smiling. However, the underlying mechanism and precise etiology about the dysfunction have not been well described. We believe that neuroimaging is a vital first step to begin to understand this field.

In our clinical observations, patients with homogeneous etiologies show high heterogeneity in asymmetry outcomes (Chen et al., 2017; Ma et al., 2022). A recent study has demonstrated that facial nerve lesions induce widespread cerebral plasticity, including changes in cortical reorganization and functional connectivity, which correlate with clinical severity (Klingner et al., 2012; Song et al., 2017; Ma et al., 2021a,b). There is also evidence to suggest that cerebral plasticity contributes to facial muscle dysfunction (He et al., 2014; Xiao et al., 2015; Ma et al., 2021b). Deefferentation from the cerebral to the peripheral facial nerve leads to excessive activation of primary motor areas, resulting in enhanced facial activity (Xiao et al., 2015; Ling et al., 2021). Furthermore, it appears that cortical reorganization after motor deefferentation contributes to facial asymmetry (Klingner et al., 2021). As peripheral neuropathy occurs within the top-down pathway, sensorimotor adaptation is triggered by a mismatch between the desired symmetry and excessive activation (Klingner et al., 2014). Many studies have demonstrated the crucial role of sensorimotor adaptation on mismatch during facial motor tasks (Hu et al., 2015; Klingner et al., 2019; Ma et al., 2021b). In contrast, static facial asymmetry is the result of an imbalance of bilateral facial muscle tension. However, the precise link between cerebral plasticity and oral asymmetry in the resting state has not yet been systematically explored. The main goal of the present study was to investigate whether resting-state cerebral function is associated with resting-state oral asymmetry.

In our study, 22 patients with unilateral facial nerve lesions underwent functional magnetic resonance imaging (fMRI). The locations of cerebral areas corresponding to oral movement control were identified using a smiling motor paradigm. We specified three local networks within the identified areas: the ipsilesional (left) intrahemispheric, contralesional (right) intrahemispheric, and interhemispheric networks. Because functional connectivity is a core feature of resting-state cerebral plasticity, the strength of functional connectivity reflects the intensity of information transfer and the degree of neuronal activity synchronization between cerebral areas (Tokuno et al., 1997; Xiao et al., 2015; Li et al., 2017). We compared the mean intensity of each network connection between patients and healthy subjects, and analyzed the relationship between this intensity and the extent of oral asymmetry. Our study provides insights into the possible cortical etiology of facial asymmetry. Furthermore, by investigating the spatial information of cortical areas, our findings may help surgeons to provide more effective cortical therapeutic interventions to reconstruct facial symmetry.



MATERIALS AND METHODS


Subjects

From 2020 to 2022, 22 patients (13 females, 9 males) with completely unilateral facial nerve injury were enrolled in this study. To eliminate hemisphere-specific effects, 11 patients with right facial nerve injury and 11 patients with left facial nerve injury were investigated in a balanced design. We recruited patients with the specific etiology of postsurgical acoustic neuroma. All patients had no facial muscle contractions on the paralyzed side, and needle electromyography testing verified that there were no signs of action potentials but showed significant fibrillation potential amplitude in the paralyzed facial muscles. The testing results indicate that the muscle fibers still have spontaneous activity and are not completely deformed. Patients scored Grade 1 on Terzise spontaneous activity and ar (Terzis and Noah, 1997). We included patients with (1) denervation time ranging from 12 to 15 months; (2) age from 26 to 55 years; (3) right-handedness as assessed by the Edinburgh Handedness Inventory (Oldfield, 1971); and (4) signed informed consent. Participants were excluded if they had (1) experienced medical treatment for facial dysfunction; (2) acoustic neuroma remains; (3) a confirmed history of mental disease, cerebral disease, or central/peripheral neuropathies; or (4) any contraindications for MRI; (5) droop oral commissure with soft tissue ptosis on the paralyzed side (Terzis and Noah, 1997). This research was approved by the Medical Ethics Committee of the Shanghai Ninth Peopleresearch was approved by thTong University School of Medicine (Shanghai, China; Approval Number SH9H-2021-TK26-1). All procedures were conducted in accordance with the Declaration of Helsinki. For the control group, 15 right-handed age-matched healthy participants (8 females, 7 males) were enrolled.



Evaluation of Oral Commission Asymmetry

All patients underwent a series of standard recordings, including personal information, photographs, and videos. The Facial Assessment by Computer Evaluation (FACEgram) (Hadlock and Urban, 2012; Chen et al., 2017) software was used to quantitatively assess oral commissure symmetry at rest. The “c-score” refers to the measurement from the oral commissure to the bottom edge of the lower lip (c-line), while the “a-score” and “b-score” are the measurements from the oral commissure perpendicular and parallel to the horizontal and vertical lines at the bottom edge of the lower lip (a-line and b-line). The a-, b-, and c-lines form a right triangle, where c2 = a2 + b2 (Figure 1). Thus, the “c-score” reflects both the vertical and horizontal oral commissure positions. The difference in bilateral oral commissure position (cdif) refers to the oral commissure position of the unaffected side (cua) minus the paralyzed side (cp; i.e., cdif = cua - cp). A larger value of cdif indicates greater asymmetry of the oral commissure. All evaluations were performed by one independent observer.
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FIGURE 1. FACEgram was used to quantitatively assess the unaffected (A) or paralyzed (B) side of the oral commissure at rest. The bilateral pupil and midpoint were used to establish a coordinate system. The oa-score”coreinate system. Thfrom the oral commissure perpendicular to the horizontal line at the bottom edge of the lower lip (blue line). The “b-score”corefrom the oral commissure perpendicular to the vertical line (red line). The “ac-score”corefrom the oral commissure to the bottom edge of the lower lip (green line). The photo shows the static outcome of a 31-year-old woman at 1 year postoperative. The difference in bilateral oral commissure (cdif = 5.48) was determined by the unaffected (cua = 27.28) minus the paralyzed (cp = 21.79) oral commissure positions (cdif = cua - cp).




Motor Task Paradigm

Instructions and a training program were provided before individuals underwent MRI scanning to ensure that all enrolled subjects were able to perform the task. Because of the perioral muscles involved in smiling movements dominate the oral symmetry at resting state. The control individuals were instructed to move their mouth angle up bilaterally to generate a natural smile before relaxing the facial muscles to return to the starting position. The patients with facial nerve lesions received daily paradigm training for 1 week before the scanning session. With the help of a mirror feedback apparatus, patients were asked to both imagine and imitate a natural smile. During MRI, all subjects followed the visual instructions and performed the paradigm. The tasks required voluntary repetitive movements, which were visually guided by emoticons, in each onset epoch of 15 s. Subjects usually performed 15–20 sets of smile tasks in each onset epoch. The baseline was a blank task where participants were asked to focus their eyes on a cross in the middle of the screen. Each session lasted 90 s, which consisted of three repetitions of a 30-s ON-OFF cycle.



Magnetic Resonance Imaging Protocol

All examinations were performed on the same 3.0 Tesla MR scanner (Prisma, Siemens, Erlangen, Germany) to obtain echo-planar T2*-weighted image volumes (EPI) and transaxial T1-weighted structural images. Functional resting-state data were acquired in one EPI session of 240 volumes. Each subject was instructed to lie down with their eyes closed, avoid any structured thinking, and remain awake. The first three dummy scans were automatically discarded because of magnetic equilibration. A functional image volume was composed of 48 transaxial slices, with a top-down interleaved scanning sequence. The field of view included the whole cerebrum and cerebellum (voxel size = 2 mm × 2 mm × 2 mm, field of view = 188 mm × 188 mm × 96 mm, repetition time = 1.5 s). The task-related fMRI scans used the same parameters and were performed after the resting-state scan. After functional measurements, high-resolution T1-weighted structural images (voxel size = 1 mm × 1 mm × 1 mm) with sagittal reconstruction were acquired.



Preprocessing of Functional Data (Resting State and Motor Paradigm)

The recruited subjects were affected in both the left and right sides in the present study. Thus, to unify the affected brain side, we flipped some brain images along the anterior–posterior axis to make the left hemisphere in all images be the ipsilesional side. The preprocessing procedures for the functional images from both the resting-state and task-dependent scans were similar. The slicing time procedure was used to adjust the time of image acquisition in one TR according to the hemodynamic equation. Images were then aligned to the reference image and a head motion parameter was generated. Next, covariates such as age, head motion, and cerebrospinal fluid signal were regressed out. Both the task-dependent and resting-state images were then normalized into standard space using the EPI template, and the normalized volumes were smoothed using a 6-mm full-width-at-half-maximum Gaussian kernel. We performed two extra procedures for the resting-state images: detrending and low band-pass (0.01–0.08 Hz) filtering. Other than these two steps, the resting-state and task-dependent images were preprocessed using the same methods.



Functional Magnetic Resonance Imaging Analysis of Task-Dependent Images

A general linear model was used to generate the statistical maps. Both between- and within-group comparisons were used to reveal cortical activation in the motor task for the two groups. The two-sample t-test was also applied to examine differences in motor-task activation between the two groups. The resulting statistical maps were thresholded using false discovery rate (FDR, p < 0.05).



Connectivity Analysis of Resting-State Data

We first localized several regions of interest (ROIs) derived from previous task-dependent fMRI results. According to the voxel size, we selected the largest clusters as the candidates for later analysis. After defining ROIs, a cluster-level time series was extracted by averaging the time series of all voxels with this cluster. Variance (including head motion parameters and white matter signals) was removed from the data using linear regression. Next, weighted brain networks with nodes and edges were established. These ROIs constituted the right hemispheric, left hemispheric, and interhemispheric brain networks. Sparsity was set to 50% to reduce covariance caused by weak connections. Furthermore, Pearson correlation coefficients were calculated between every pair of nodes in the three brain networks. The average connectivity, which represented the mean intensity of connections within the local functional network, was generated for each network. These coefficients were transformed to z-scores using Fisher’s z-transformation. The z-scores of each brain network between the two groups (control vs. facial nerve lesions) were compared separately using a paired t-test to detect any significant differences in functional connectivity. In addition, to investigate the relationship between cerebral resting-state functions and oral asymmetry, we performed Pearson correlation analysis on the average functional connectivity of patientsnnectionen every and their clinical data (cdif).




RESULTS


Clinical Assessment of Facial Asymmetry

There were no significant differences in demographic details between patients with facial nerve lesions and controls (p > 0.05). The details are listed in Table 1.


TABLE 1. Patients demographics.

[image: Table 1]
In the patients with facial nerve lesions, the cp (26.26 ± 2.15 mm, range 21.59–29.33 mm) was significantly smaller than the cua (35.67 ± 4.24 mm, range 27.27–44.19 mm) at rest. The mean cdif was 9.41 ± 3.48 mm (range 4.72–15.48 mm).



Motor Task Data

The smile task evoked highly significant activations in both the patients and controls (p < 0.05, FDR corrected, Figure 2); however, activation patterns were significantly different between the two groups.
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FIGURE 2. Random effects group analysis of the facial smiling task. Activations (one sample t-test, p < 0.05, FDR corrected) in response to blocked (15 s) movement of the bilateral mouth angle are shown superimposed on a template cortex. Images from the control group (n = 15) are shown in the upper part of the figure, while images from the patients (n = 22) are shown in the lower part. PoCG, postcentral gyrus; PreCG, precentral gyrus; SMA, supplementary motor area; MFG, middle frontal gyrus; MTG, middle temporal gyrus; R, right; L, left; FP, facial paralysis patients; HC, healthy controls. Color bar shows the t-value.


In the control group, the smile task mainly recruited cortical areas in the precentral gyrus (bilateral primary motor area), postcentral gyrus (somatosensory motor area), middle frontal gyrus, superior frontal gyrus (supplementary motor area), and middle temporal gyrus. The main recruited subcortical areas were the insula, putamen, basal ganglia, thalamus, and lobules VI and VIII of the cerebellum.

In patients, the ipsilesional hemisphere (left side) showed a similar activation pattern to that of the controls, but the activation was greater. In contrast, the contralesional hemisphere (right side) showed relatively weak activation in the precentral, postcentral, and superior frontal gyri. The activation images of the patients and the differences between groups are shown in Figure 3.
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FIGURE 3. Significant differences between patients and controls in the motor task. Hot colors represent areas that were significantly greater in the controls (n = 15) compared with patients (n = 22), while cold colors represent areas that were significantly greater in the patients compared with controls (two sample t-test, p < 0.05, FDR corrected). The histograms show significant clusters in the right and left hemispheres, respectively. PoCG, postcentral gyrus; PreCG, precentral gyrus; SMA, supplementary motor area; MFG, middle frontal gyrus; MTG, middle temporal gyrus; INS, insula; R, right; L, left. Color bar shows the t-value.




Functional Connectivity

To reduce the number of tests and focus on our primary research aim, we selected the top six functional cerebral areas that were most activated during the smiling motor task. We then estimated the functional connectivity within the left intrahemispheric, right intrahemispheric, and interhemispheric networks and compared them using paired t-tests (Figure 4).
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FIGURE 4. Cerebral networks for the estimation of functional connectivity. The identified areas constitute the right hemispheric, left hemispheric, and interhemispheric networks. The nodes represent the peak activated locations, and the edges represent the strengths of connectivity. The images from controls are shown in the upper part of the figure, while images from the patients are shown in the lower part. Sparsity was set to 50%. PoCG, postcentral gyrus; PreCG, precentral gyrus; SMA, supplementary motor area; MFG, middle frontal gyrus; MTG, middle temporal gyrus; INS, insula; R, right; L, left; FP, facial paralysis patients; HC, healthy controls.


In the patient group, functional connectivity of the ipsilesional network (left, r = 0.65 ± 0.10) was significantly higher than that of the contralesional network (right, r = 0.48 ± 0.11, p < 0.05). In the control group, there was no significant difference between the left and right networks (left vs. right, 0.59 ± 0.08 vs. 0.58 ± 0.07, p > 0.05).

We then further investigated the differences between the two groups. The connectivity of both the left (r = 0.65 ± 0.10) and interhemispheric (r = 0.58 ± 0.08) networks were significantly higher in the patient group than in the control group (right = 0.58 ± 0.07, interhemispheric = 0.52 ± 0.10, p < 0.05). However, the connectivity in the right network was significantly lower in the patient group than in the control group (patient vs. control, 0.48 ± 0.11 vs. 0.58 ± 0.07, p < 0.05) (Figure 5).
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FIGURE 5. Statistical analysis of the mean functional connectivity of cerebral networks between the two groups. The mean functional connectivity in the left, right, and inter-hemispheric networks of patients (n = 22) and controls (n = 15) are shown. These network-specific averaged z-score values (via Fisher’s z-transformation) were then tested for differences both within and between groups. *p < 0.05 between groups; #p < 0.05 within groups; paired t-test.




Clinical Correlations

To investigation correlations between oral commissure asymmetry (cdif) and connectivity in the right, left, and interhemispheric networks, Pearson regression analysis was performed on each individual patient. To eliminate the influence of age on the results, patient age was also examined in this model. There was a significant correlation between the functional connectivity of the ipsilesional network (left, R2 = 0.25, p < 0.05) and cdif. In contrast, age (R2 = 0.12, p > 0.05), the contralesional network (right, R2 = 0.12, p > 0.05), and interhemispheric connectivity (R2 = 0.15, p > 0.05) were not significantly correlated with cdif (Figure 6). These results indicate that greater asymmetry of the oral commissure is related to stronger connectivity in the ipsilesional hemisphere. Thus, the increased connectivity in the ipsilesional hemisphere may result in hypertonic facial muscles on the unaffected side at rest.
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FIGURE 6. Correlations between connectivity and clinical data in the patient group (n = 22). The Pearson correlations of the average connectivity and age of individual patients with oral asymmetry are shown. (A) There was a significant correlation between functional connectivity in the ipsilesional network (left hemisphere, R2 = 0.25, p < 0.05) and cdif; increased connectivity correlated with greater oral asymmetry. (B–D) Contralesional hemispheric connectivity (right hemisphere, R2 = 0.12, p > 0.05), interhemispheric connectivity (R2 = 0.13, p > 0.05), and age (R2 = 0.12, p > 0.05) were not significantly correlated with cdif.





DISCUSSION

Facial paralysis caused by a facial nerve lesion can result in a series of difficult consequences for patients. For example, asymmetrical facial expressions can lead to depression and social barriers (Baugh et al., 2013). Static asymmetry is one of the major complaints of some patients, while other patients have only slight oral commissure asymmetry. Even with the same etiology of facial nerve injury and similar onset times and ages, patients experienced very different levels of oral commissure asymmetry at rest in the current study. Consistent with recent studies, in patients who underwent total facial nerve transection approximately 1 year previously, we revealed hyperactivation of ipsilesional cerebral areas, which innervate the unaffected facial muscles during smiling. In contrast, the contralesional hemisphere, which innervates the paralyzed facial muscles, had weakened activation. Notably, we also demonstrated that increased functional connectivity in the ipsilesional hemisphere was significantly correlated with oral commissure asymmetry. A summary of our results is as follows: (a) the network within the ipsilesional hemisphere, which consists of cerebral areas corresponding to the facial motor task, presented a maladaptive increase in connectivity; (b) connectivity within the contralesional network was consequently reduced because of interhemispheric inhibition from the opposite hemisphere together with long-term disuse of the paralyzed facial muscles; and (c) interhemispheric connectivity, which was likely inhibitive because of the interhemispheric inhibition effect, was significantly increased in patients.

Using positron emission tomography, transcranial magnetic stimulation, and fMRI, morphometric analysis has revealed that there is widespread cerebral reorganization, including motor and somatosensory reorganization, after facial nerve injury (Rijntjes et al., 1997; Bitter et al., 2011; Klingner et al., 2014; Rottler et al., 2014). This reorganization mainly occurs in the bilateral primary motor cortex, sensorimotor cortex, middle temporal gyrus, promotor cortex, cingulate motor area, supplementary motor area, supramarginal gyrus, precuneus, and subcortical areas including the thalamus, insula, and cerebellum. Consistent with these previous studies, we found that the areas with the most changes were localized in regions such as the middle temporal gyrus, bilateral primary motor cortex, sensorimotor cortex, middle frontal gyrus, supplementary motor area, and insula. After facial nerve lesions, changes in these areas are primarily responsible for mediating facial movement, processing sensorimotor information, higher order processing, and cognitive integration in learning and memory (Downar et al., 2002; Hickmott and Steen, 2005; Klingner et al., 2011). This reorganization plays a crucial role in determining how well a patient adapts after a facial nerve lesion.

Facial palsy involves a complete motor deefferentation (i.e., a loss of motor output). In contrast, deefferentation from the innervated brain area to the peripheral facial muscles as the result of a facial nerve lesion cause a motor–sensory mismatch error between the desired movement (motor) and the perceived executed movement (somatosensory feedback) (Klingner et al., 2014, 2019). This mismatch is a form of adaptation via cerebral plasticity. Thus, when patients perform facial motor tasks, more attention and visualization of the movements might occur compared with healthy individuals (Klingner et al., 2019; Ling et al., 2021). This results in the following errors: the commands of the ipsilesional functional area fail to execute and there is hypertonicity of the unaffected facial muscles. Our previous study suggested that hypertonicity of facial muscles on the unaffected side is an important factor that affects facial symmetry (Ma et al., 2022). In the present study, the activation of ipsilesional sensorimotor areas, which innervate the unaffected facial muscles, was higher than that of healthy subjects. A plausible explanation might be that there is increased neural activation in multiple ipsilesional cerebral areas of patients (Ling et al., 2021). Previous group analysis studies have reported that activation in the primary motor cortex, putamen, thalamus, supplementary motor area, sensorimotor cortex, cerebellum, and insula is significantly increased during movement execution (Rijntjes et al., 1997; Xiao et al., 2015; Calistri et al., 2021). Moreover, increased activation in the frontal lobe, supplementary motor area, and insula plays an important role in the increased awareness of imminent paretic facial expressions in the ipsilesional pathway (Kobayashi et al., 2003; Salardini et al., 2012; Finis et al., 2013). This persistent mismatch is a powerful driver of sensorimotor adaptation, and mismatch error is then positively reinforced (Klingner et al., 2021), leading to more hypertonicity of the unaffected facial muscles. Based on the interhemispheric competition model, hyperactivation of the ipsilesional hemisphere has an inhibitory effect on activation of the contralesional hemisphere via callosal pathways (Daskalakis et al., 2002; Ginatempo et al., 2019; Carson, 2020). In this model, the hyperactivation is positively related to the extent of inhibition, and thus to the decreasing activation of the contralesional hemisphere. The interhemispheric inhibition effect and its relationship with motor deficits have been demonstrated in previous studies of patients with paretic upper limbs (Lefebvre et al., 2014; Palmer et al., 2019). Because of the similarities and differences in the anatomical structures of the facial and spinal nerves. The changes of cerebral plasticity caused by facial nerve lesions are more extensive compared to spinal nerve lesions (Hwang et al., 2015). These processes have been suggested to be maladaptive motor-sensory plasticity, which is correlated with the severity of facial palsy (Rijntjes et al., 1997).

Abnormal functional connectivity is a core feature of maladaptive cerebral plasticity in patients with facial paralysis (Li et al., 2017), and has been reported to correlate with facial nerve function (Albert et al., 2009; Hampstead et al., 2011). In patients with Bell’s palsy, decreased functional connectivity in the contralesional motor and somatosensory networks is related to sensorimotor integration and modulation in the early stages (Carter et al., 2010; van Meer et al., 2010; Klingner et al., 2014, 2019). Later, the strength of functional connectivity increases, reflecting the recovery of facial function. These changes are associated with the clinical severity of Bell’s palsy, and are derived from asymmetrical compensation (Han et al., 2019; Wu et al., 2019). The strength of functional connectivity increases to a stable level until recovery stabilizes (Klingner et al., 2012). Moreover, increased ipsilesional connectivity, such as of the ipsilesional anterior cingulate cortex with the primary motor cortex, supplementary motor area, premotor, bilateral dorsolateral prefrontal cortex, midcingulate cortex, and sensorimotor cortex, strengthens the movements of facial expression muscles in patients with Bell’s palsy (Hu et al., 2015). Furthermore, increased amplitude of low-frequency fluctuation values have been reported in the ipsilesional insula, which might reflect a hypercompensation of spontaneous neuronal activity in the resting state (Wu et al., 2019).

In the current study, the increased connectivity of facial expression-related areas in the ipsilesional hemisphere indicate an attempt to resolve sensory-motor discrepancies by modulating cerebral functional connectivity, and were correlated with oral commissure asymmetry. The ipsilesional hemisphere has a positive inhibitory influence on pyramidal tract cells via callosal projections to the contralesional hemisphere. When more positive inhibitory information flows through the corpus callosum, the connectivity of the interhemispheric network is increased (Ferbert et al., 1992; Hübers et al., 2008). We found increased connectivity of the interhemispheric network in patients with facial nerve lesions. The relatively long-term denervation and transneuronal degeneration of the paralyzed facial muscles, together with interhemispheric inhibition from the opposite hemisphere, induced significantly decreased activation in contralesional hemisphere areas. Maladaptive processes occurred, and the area of facial representation was likely overtaken by neighboring cortical areas (e.g., hand or tongue representation areas) (Sanes et al., 1990; Rödel et al., 2004; Lotze et al., 2006). Functional connectivity within the contralesional hemisphere was significantly reduced. This decrease reflects an unsuccessful sensory-motor adaptation process, caused by the inability—and interhemispheric inhibitory influences—of contralesional cerebral areas to resolve the sensory-motor mismatch. However, these changes did not significantly correlate with oral commissure asymmetry. These results indicate that maladaptive changes in cerebral plasticity occur in patients with long-term unilateral facial nerve lesions. The findings also extend our understanding of sensory-motor interactions in response to mismatched signals in the later stages of injury. Our study provides insights into the mechanisms of facial asymmetry in central nervous system plasticity. And the results can be translated into a connectivity-based targeting strategy for focal cerebral stimulation. Early interventions, such as transcranial magnetic stimulation, transcranial direct current stimulation, or acupuncture, might be beneficial therapeutic options for improving facial symmetry.



LIMITATIONS

A prospective study on the dynamic and time-dependent correlations between functional connectivity and oral commissure asymmetry would be a more robust way to investigate the mechanisms of facial asymmetry in central nervous system plasticity. Current knowledge supports the view that the mismatch leads to hypertonicity of the unaffected facial muscles. The maladaptive plasticity on the other hand consolidates the dysfunction of facial nerve in the later stage. We believe this is a highly interrelated and mutually reinforcing process. However, we could not specify the causal relationship between the facial asymmetry and maladaptive plasticity. Furthermore, patients with facial palsy experience oral commissure asymmetry both at rest and while smiling. However, we have found that large variations in oral commissure asymmetry occur during smiling, even in a single patient at different times or in different emotional states. A unified standard for measuring oral asymmetry while smiling is thus needed. We have also tried to test the strength and action potentials of facial muscles, but there was again large variation. In future studies, we will investigate correlations between the hypertonicity of facial muscles and cerebral plasticity in patients with facial palsy.



CONCLUSION

A long-term course of facial nerve transection induced widespread sensory-motor maladaptations and a mismatch in cerebral reorganization. There were extensive changes in activation patterns and functional connectivity of patients with facial nerve lesions. Increased connectivity of smiling-related areas in the ipsilesional hemisphere correlated with oral commissure asymmetry. We suggest that this modulated functional connectivity indicates an attempt to compensate for facial asymmetry proprioception at rest. Our study provides valuable spatial information for future clinical cerebral interventions and rehabilitative processes that promote facial symmetry.
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Background: Structural magnetic resonance imaging (sMRI) reveals abnormalities in patients with autism spectrum syndrome (ASD). Previous connectome studies of ASD have failed to identify the individual neuroanatomical details in preschool-age individuals. This paper aims to establish an individual morphological connectome method to characterize the connectivity patterns and topological alterations of the individual-level brain connectome and their diagnostic value in patients with ASD.

Methods: Brain sMRI data from 24 patients with ASD and 17 normal controls (NCs) were collected; participants in both groups were aged 24–47 months. By using the Jensen–Shannon Divergence Similarity Estimation (JSSE) method, all participants’s morphological brain network were ascertained. Student’s t-tests were used to extract the most significant features in morphological connection values, global graph measurement, and node graph measurement.

Results: The results of global metrics’ analysis showed no statistical significance in the difference between two groups. Brain regions with meaningful properties for consensus connections and nodal metric features are mostly distributed in are predominantly distributed in the basal ganglia, thalamus, and cortical regions spanning the frontal, temporal, and parietal lobes. Consensus connectivity results showed an increase in most of the consensus connections in the frontal, parietal, and thalamic regions of patients with ASD, while there was a decrease in consensus connectivity in the occipital, prefrontal lobe, temporal lobe, and pale regions. The model that combined morphological connectivity, global metrics, and node metric features had optimal performance in identifying patients with ASD, with an accuracy rate of 94.59%.

Conclusion: The individual brain network indicator based on the JSSE method is an effective indicator for identifying individual-level brain network abnormalities in patients with ASD. The proposed classification method can contribute to the early clinical diagnosis of ASD.

Keywords: identification, global metric, nodal metric, autism spectrum disorder, individual brain morphological connectome


INTRODUCTION

Autism spectrum disorder (ASD) is a heterogeneous neurodevelopmental disorder that manifests in early childhood, with core symptoms of language and social communication disorders, decreased engagement, and repetitive stereotypes of limited activity (Li et al., 2017; Lord et al., 2018). It has become a major global public health problem due to its high incidence and disability rate (Lyall et al., 2017). Usually, such disease can be diagnosed by multidisciplinary professionals (pediatricians, psychiatrists, or psychologists) via clinical scales, symptoms, and signs. However, this approach is only sensitive enough to identify most children with ASD in whom parents have already noticed symptoms (Mandell and Mandy, 2015). Therefore, it is necessary to explore a reliable indicator to distinguish preschool children with ASD from normal controls (NCs).

Many neuroimaging techniques are widely used to explore pathophysiological changes in the anatomy and function of patients with ASD, such as structural magnetic resonance imaging (sMRI), diffusion tensor imaging (DTI), and blood oxygen level dependent (BOLD), sMRI has attracted attention for its ability to provide multidimensional indicators, such as gray matter (GM) volume, cortical thickness, and gyrification index (Courchesne et al., 2001; Courchesne, 2002; Carper and Courchesne, 2005; Schumann et al., 2010; Ecker et al., 2013; Elsabbagh and Johnson, 2016). Previous sMRI studies have shown that patients with ASD have brain network alterations (Hazlett et al., 2017), abnormal connections (Ecker et al., 2015), and local overconnectivity with specific areas (Lewis et al., 2014), such as the frontal and occipital regions (Rane et al., 2015). It is well known that brain morphological network features detected in patients with ASD could help distinguish these individuals from NCs, and its classification accuracy for ASD ranges from 75.4 to 90.39% (Gao et al., 2020). However, the patients in the studies mentioned above were children over 7 years of age. How brain networks affect specific brain regions in preschool children is still worth exploring further.

As mentioned above, the individual brain morphological networks detected in patients with ASD can help separate these individuals from NCs and reveal relevant pathophysiological mechanisms. Therefore, it is necessary to build a frame of morphological networks for ASD early diagnosis. However, most studies have focused on group-level network methods for morphological network modeling, ignoring information at the individual level (Wang et al., 2016). In this paper, the Jensen–Shannon Divergent Similarity Estimation (JSSE) method (Zhu et al., 2021) was used to construct individual brain networks for preschool children with ASD. Student’s t-test was used to select critical features of brain networks between groups. There are two primary aims of this study: (1) To discover altered patterns of individual brain connectome, including morphological connectivity, node graph metrics, and global graph metrics, in preschool children with ASD. (2) To achieve accurate classification of preschool children with ASD and NCs.



MATERIALS AND METHODS


Participants

Only children aged between 2 and 5 years were included in this study. A total of 24 preschool children with ASD (18 male and 6 female, 32.29 ± 7.32 months) who were diagnosed with ASD based on DSM-5, Gesell Developmental Scales (Gesell); Autism Behavior Checklist (ABC); the Modified Checklist for Autism in Toddlers (M-CHAT); Clancy Autism Behavior Scale (CABS), scanned with sMRI, were consecutively enrolled in this study between January 2019 and December 2020. We excluded patients with a history of hypoxic ischemic encephalopathy, head trauma, psychiatric disorders, and substance use disorder. Seventeen typical developmental NC groups, including 5 males and 12 females, aged 34.94 ± 7.86 months, matched for similar ages, and sex distributions were randomly recruited to obtain normative data. Detailed clinical participants’ information can be found in Table 1. None of the NCs had a history of cognitive impairment or neurological or psychiatric disorders. The study was approved by the Ethics Committee of Hunan Children’s Hospital. After signing informed consent, each subject was examined by magnetic resonance imaging (MRI).


TABLE 1. Local and global graph metrics of the morphological brain connectome.

[image: Table 1]


Data Acquisition

All participants were scanned using the German Siemens 3.0 T Skyra magnetic resonance scanner (eight-channel, head coil). Children were instructed to sleep during image acquisition, followed by routine MRI sequence scans to exclude intracranial organic lesions. The specific parameters were as follows: T2 weighted imaging (T2WI) axis images: repetition time (TR) = 2230 ms, echo time (TE) = 108 ms, matrix = 256 × 256, field of view (FOV) = 240 mm × 240 mm, and slice thickness = 4 mm. T1 weighted imaging (T1WI) axis images: TR = 800 ms, TE = 15 ms, slice thickness = 4 mm, FOV = 240 mm × 240 mm. T2-fluid attenuated inversion recovery (FLAIR): TR = 8000 ms, TE = 102 ms, slice thickness = 4 mm, matrix = 256 × 256, inversion time = 2369 ms, and FOV = 240 mm × 240 mm. The three-dimensional T1-weighted sagittal images were acquired using magnetization-prepared rapid gradient echo: TR = 2300 ms, TE = 2.33 ms, slice thickness = 1 mm, and FOV = 240 mm × 240 mm, scanning time: 4 min 12 s.



Image Preprocessing

Data were preprocessed using Computational Anatomy Toolbox-CAT12, a toolbox of Statistical Parameter Mapping 12 (SPM 12) software implemented on MATLAB 2012b. According to the CAT12 software analysis, the total brain volume, the volume of GM, white matter (WM), and cerebrospinal fluid (CSF) for each individual can be obtained. Next, individual GM image volumes should be normalized into standard Montreal Neurological Institute (MNI) space with non-linear deformation parameters.



Individual-Level Brain Network Construction

Distributional divergence-based methods were successfully applied to the construction of individual morphology network (Kong et al., 2014; Wang et al., 2016). Many researchers have utilized the Kullback–Leibler (KL) divergence to construct the individual network:

[image: image]

In this equation, the KL divergence is asymmetrical. P and Q represent a pair of ROIs’ probability density function (PDF) of voxel intensity. In our study, we used JSSE to estimate morphological connections between regions to characterize morphological relationships. Compared with KL-based methods, the JSSE method has two advantages. The benefit of this approach is that the range of Jensen–Shannon (JS) divergence (0–1) makes the judgment of similarity more accurate. The second advantage is that it becomes easier to characterize the connections between ROIs because of symmetrical JS divergence.

The detailed process is described as follows (Zhu et al., 2021): first, after preprocessing, the structural T1 images were segmented into GM, WM, and CSF. Next, we used GM to construct individual morphological networks. In detail, we represented brain nodes with the 90 ROIs (45 for each hemisphere without cerebellum) in automated anatomical labeling (AAL) atlas segmentation to describe individual morphological networks. Global normalization was used in each region of interest (ROI) to construct a regional correlation matrix (90 × 90) for everyone. The intensity of the voxels in every ROI was extracted. Then it was used to estimate the PDF of the corresponding ROI with kernel density estimates. Finally, we obtained the morphological connections that are categorized as JS divergence (Li et al., 2021) based on the following mathematical equations:
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where M and DKL(⋅|⋅) are the KL-divergence. The adjacency matrix describes a pair of morphological connections. And the corresponding elements in it represented the strength of the morphological connection between regions i and j.



Graph Metrics Construction

In order to explore the alteration of connection patterns in the brain’s morphological networks in ASD, we analyzed the global and local measurement of morphological brain networks using Graph Theory Network Analysis Toolbox (Wang et al., 2015). Specifically, the global metric includes the clustering coefficient (Cp), characteristic path length (Lp), normalized cluster coefficient (γ), normalized characteristic path length (λ), small world (σ), global efficiency (Eglobal), and local efficiency (Elocal) (Newman, 2004). Local graph metrics also include degree centrality (DC), nodal efficiency (Ne), betweenness centrality (BC), nodal characteristic path length (NLp), nodal local efficiency (NLe), and nodal clustering coefficient (NCp). These indicators’ definition could be found in the research of Wang et al. (2015). Different connection patterns can be characterized by global and node graph metrics, as shown in Table 1.



Feature Selection and ASD Identification

To confirm the validity of ASD identification, we performed one of the most stringent nest-stay one cross validation (LOOCV) strategies. It can make full use of all subjects, and provides an more accurate classification (Li et al., 2020a). All subjects were used to train classifiers except for one subject. At the same time, to reduce the interference in the feature selection process, we chose Student’s t-test (P < 0.05) to select the node and global graph measurements (Li et al., 2020b). For connection weights, significance level was set at the 1% level using the Student t-test, which was carried out using the non-parametric permutation method (10,000 permutations) (Zuo et al., 2012). Significance levels were set at the 1% level using the Student t-test. To combine these information toward better ASD identification, the linear-kernel based MK-SVM is conducted following some recent studies (Xu et al., 2020a,b). Figure 1 provides all procedures mentioned above.
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FIGURE 1. Data processing and analysis.




Statistical Analysis

Statistical analysis was performed using SPSS software (version 25.0, IBM Corporation, Armonk, NY, United States). Continuous variables are expressed as mean ± SD. Student’s t-test and Pearson’s χ2 test were used for comparisons between two groups. To assess the information combination method and the classification performance of the proposed JSSE, we used the following quantitative measures: accuracy, sensitivity, and specificity. The mathematical definitions of these three measures are given as follows:

[image: image]

The area under the curve (AUC) and the receiver operating characteristic curve (ROC) were calculated as measures for classifying patients with ASD and NCs. Significance levels were set at the 5% level for all, but 1% for morphological connections.




RESULTS


Demographics and Clinical Data

Table 2 shows the summary statistics for all participants. No significant differences were found in sex or age between the ASD and NCs (P > 0.05 for all).


TABLE 2. Demographic and clinical characteristics in ASD patients and NCs.
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Global Graph Metrics of the Morphological Brain Connectome

The global graph metrics of participants in the ASD and NC groups are shown in Table 3. Statistical analyses revealed that there were no significant differences in any of the global graph metrics between participants in the ASD and NC groups (P > 0.05 for all).


TABLE 3. Global graph measurement of the morphological brain connectome in NCs and ASD.
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Nodal Graph Metrics of the Morphological Brain Connectome

The significant differences between the ASD and NCs in each ROI are shown in Tables 4–9. From these tables, it is apparent that the predominant brain regions with different levels of nodal graph measures were distributed mainly in the frontal, occipital, parietal gyri, and basal ganglia (BG). Compared with NCs, patients with ASD had significantly higher values of BC in the IPL.L, MOG.R, and PCL.R (Table 4). For DC, the values of the ASD group were lower than those of the NC group in the HIP.R, LING.R, but higher in IPL.L, ORBmid.R, PCL.L, PUT.L, PUT.R, and THA.R (Table 5). Nevertheless, participants in the ASD group showed significantly lower nodal clustering coefficients in the MOG.R, bilateral ORBmid, and SMA. In PCG.R and PCL.L, the ASD group showed significantly higher values of NLe (Tables 6, 7). For Ne, the ASD group had significantly higher values in IPL.L, ORBmid.R, PCL.L, PCL.R, PUT.L, PUT.R, THA.R compared with the NC group (Table 8) but lower in the HIP.R, LING.R. Nevertheless, in SOG.R, the ASD group showed significantly higher values of NLp, while lower in ITG.L, MFG.R, SMG.L (Table 9) (P < 0.05, for all).


TABLE 4. Between-group comparison in BC.
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TABLE 5. Between-group comparison in DC.
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TABLE 6. Between-group comparison in NCp.
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TABLE 7. Between-group comparison in NLe.
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TABLE 8. Between-group comparison in Ne.

[image: Table 8]

TABLE 9. Between-group comparison in NLp.
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Consensus Significant Morphological Connections

By using Student’s t-tests, we selected the consensus connections with P-values < 0.01 in each loop, resulting in a total of 16 connections, as shown in Figure 2. We observed that most consensus connections in the frontal, parietal, and thalamic regions were increased inpatients with ASD but decreased in the occipital, prefrontal, and temporal lobes and pallidum. There were 24 nodes with consensus connections, which are listed in Table 10.
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FIGURE 2. The most consensus connections. The arc thickness indicates the discriminative power of an edge, which is inversely proportional to the estimated P-values.



TABLE 10. Between-group comparison in consensus connections.
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Classification Results

For the morphological connectivity (C), global metric (G), and node metric (N) of brain network, the corresponding AUC values were 0.9112, 0.6852, and 0.8088 AUC, respectively (Table 11, Figure 3). By combining C and G, G and N, and C and N, we obtained 86.48, 89.20, and 81.08% accuracy, respectively. Interestingly, although the classification ability of global graph metrics is low, it still improve the ability of node graph metrics and morphological connections. Finally, the combination of morphological connection, global metrics, and node metrics (C + G + N) achieves the best classification performance, with an accuracy of 94.59%, a specificity of 95.00%, and an AUC of 0.9882.


TABLE 11. Classification performance corresponding to different methods.
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FIGURE 3. The ROC results of different methods. C, morphological connectivity; G, global metric; N, nodal metric; TPR, true positive rate; FPR, false positive rate.





DISCUSSION

In this study, we selected characterized features from different properties of brain connective groups and combined these information to train the classifier to distinguish between patients with ASD and NCs. Our detailed results are as follows. First, the individual brain network built based on the JSSE method provides multidimensional indicators for individual analysis. Second, patients with ASD affected abnormal brain regions, and their pathways were predominantly distributed in the BG, thalamus, and cortical regions spanning the frontal, temporal, and parietal lobes. The over connection of the above brain regions provides effective brain network features for identifying preschool children with ASD. Finally, the combination of morphological connectivity, global metrics, and node metrics (C + G + N) effectively improves classification performance, and consensus connectivity contributes the most to classification.

Compared with those of participants in the control group, the brain regions with local nodal graph measurements and consensus connections in patients with ASD, differences were mainly distributed in the bilateral precentral gyrus, left inferior parietal, supramarginal and angular gyri, left inferior temporal gyrus, right hippocampus, right lingual gyrus, right thalamus, and right posterior cingulate gyrus. This suggests that the patients with ASD affected abnormal brain regions and that their pathways are predominantly distributed in the BG, thalamus, and cortical regions spanning the frontal, temporal, and parietal lobes, which is consistent with previous studies (Courchesne, 2002; Belmonte et al., 2004; Just et al., 2004; Kumar et al., 2010; Abbott et al., 2018). These brain regions play an important role in social interaction, communication, and repetitive behavior. Although structural abnormalities are not the only mechanism that leads to changes in functional connections, abnormal brain structure, and connections in patients with ASD are one of the theological bases for their abnormal brain function connection patterns (Zikopoulos and Barbas, 2013). The posterior cingulate gyrus is the core hub of the default mode network (DMN) (De Pasquale et al., 2018; Busler et al., 2019) and exhibits the strongest connectivity in its trajectory, especially within the DMN (Gao et al., 2009). The left inferior parietal connects the patterns of action and social cognition and is the key node in the action observation network (AON) (Wymbs et al., 2021). AON is hypothesized to support imitation behavior. When the left inferior parietal is damaged, it may lead to impairment of the core social and communicative characteristics of ASD (Oberman and Ramachandran, 2007). In addition, the thalamus is involved in the processing of neuronal signaling among different cortical regions and is related to cognitive processing and emotion processing. The atypical sensory reactivity seen in ASD could be related to altered thalamic connectivity. ASD-related studies also showed that the thalamus may play a role in sensory overresponsivity (SOR) (Ben-Sasson and Podoly, 2017; Podoly and Ben-Sasson, 2020), an extreme negative response to sensory stimuli (Green et al., 2017).

At the local brain network level, compared with NCs, patients with ASD have a higher value of Ne in the frontal parietal lobe (ORBmid.R, IPL.L, PCL.L, PCL.R), BG (PUT.L, PUT.R), and thalamus, while the limbic system (HIP.R, LING.R) is reduced. In addition, the value of DC in HIP.R and LING.R were decreased. This indicates high input of cortical and BG information, while limbic system information integration and processing efficiency were reduced. The primitive limbic system dominates the control system, which can cause it to be unable to properly regulate external stimuli, thus affecting the child’s ability to think and act. This may be the cause of repetitive stereotyped behaviors and communication disorders in patients with ASD. The increased BC value in patients with ASD in MOG.R, IPL.L, PCL.R regions indicates an enhanced role in the entire brain information transmission system. This study found that the NLp in the MPG.R, ITG.L of patients with ASD is shorter than that of NCs, indicating that the ability of corresponding brain region function integration is enhanced, and the ability to transmit information over long distances is stronger. Some studies have also reached similar conclusions using diffuse tensor imaging. This abnormality may be related to the WM over connection of the brain of patients with ASD, especially in the network involving the BG and the collateral-limbic system. Moreover, the nodal clustering coefficiency of ORBmid.L, ORBmid.R, SMA.L, MOG.R, SMG.L were also reduced compared to those in NCs, suggesting that the degree of connectivity between those brain regions in the ASD group was reduced, which may be the cause of communication disorders in ASD. However, at the whole-brain level, the means of assortativity, modularity score, hierarchy (Hr), Eglobal, Elocal, clustering coefficient, characteristic path length, and small world in the ASD group were higher than those of NCs but lower in normalized clustering coefficient and normalized characteristic path length. Additionally, there was no significant difference in the comparison between groups, which is the same as the study of Chen et al. (2021). This is different from the result of Gao et al. (2020), which may be related to the tool of morphological connectivity construction.

In addition, this study also showed that the marginal-cortical-basal ganglia-thalamus-cortical circuits in patients with ASD were disturbed. In our analysis of consensus significant morphological connections, the most involved was the cortico-BG-thalamic pathway (Kim et al., 2016). The BG play a crucial role in stereotyped behavior. These structures include the neostriatum (caudal and shell nuclei), globus pallidus, and thalamus and are functionally interconnected. The corticostriatal pathway receives information input from multiple brain regions, and each loop route consists of two distinct pathways: the “direct pathway” (cerebral cortex-striatum-pallidum medial/subthalamic-cerebral cortex) and the indirect pathway (cerebral cortex-striatum-lateral part of the globus-pallidus-subthalamus nucleus-medial palette/subthalamus nigra/subthalamus-cerebral cortex). The BG are involved in regulation through direct and indirect pathways. Any imbalance in these loops can lead to stereotypical behavior. This finding indicates that children with ASD showed overconnectivity within whole-brain networks and internetwork reduction compared to NCs. On the other hand, cortico-subcortical over connection provides a theoretical framework for the existence of social disorders in conceptual autism (Nair et al., 2020). In addition to these regions, our results showed that more connections (16 significant connections in total) of patients with ASD were affected, worthy of further study on a larger scale combined with clinical data.

Our current brain connective approach can effectively distinguish individuals with ASD from HCs because it can measure local network properties and the whole network. In our work, we observed that morphological consensus connectivity and nodal metrics can provide effective indicators for identifying ASD. Although the classification effect of global indicators is the worst, they can still provide information about morphological connections and nodal indicators. By combining morphological connection and nodal metric (C + N), global metric and nodal metrics (G + N), and morphological connection and global metrics (C + G), the classification performance was effectively improved. All of this information is combined to achieve more accurate classification results.

The study has several limitations. First, the study didn’t further classify the severity of ASD patients due to small sample size and imbalanced data. Second, the morphological network of ASD patients will change with aging, and we need to track these patients for further study in the future.



CONCLUSION

The individual brain network indicator based on the JSSE method is an effective indicator for identifying individual-level brain network abnormalities in patients with ASD. The proposed classification method can contribute to the early clinical diagnosis of ASD.
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AAL, automated anatomical labeling; ADHD, attention deficit and hyperactivity disorder; Ar, assortativity; AUC, area under the curve; BG, basal ganglia; BOLD, blood oxygen level dependent; Cp, clustering coefficient; DC, degree centrality; DTI, diffusion tensor imaging, Eglocal, global efficiency; Elocal, local efficiency; FLAIR, fluid attenuated inversion recovery; Hr, hierarchy; JSSE, Jensen–Shannon Divergence Similarity Estimation; KL, Kullback–Leibler; LOOCV, leave-one-outcross-validation; Lp, characteristic path length; MRI, magnetic resonance imaging; NCp, nodal clustering coefficiency; NCs, normal controls; Ne, nodal efficiency; NLe, nodal local efficiency; NLp, nodal characteristic path length; γ, normalized clustering coefficient; Q, modularity score; PDF, probability density function; ROC, receiver operating characteristic curve; sMRI, structural magnetic resonance imaging; T1WI, T1 weighted imaging; T2WI, T2 weighted imaging; TR, repetition time; TE, echo time; FOV, field of view; ROI, region of interest; SPM, statistical parametric mapping; λ, normalized characteristic path length; σ, small-world.
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Little is known about neuropsychological research on patients with acoustic neuroma (AN), especially cognitive neuropsychology. We aim to compare the cognitive function of patients with AN and healthy controls (HCs) and explore possible underlying mechanisms. Various neuropsychological assessments were performed on all participants. Tract-based spatial statistics (TBSS) was used to compare DTI metrics such as fractional anisotropy (FA), axial diffusivity (AD), radial diffusivity (RD), and mean diffusivity (MD). Correlation analysis was analyzed between DTI metrics and cognitive scales. Compared with the HC group, the AN group performed worse in the neuropsychological evaluations, and TBSS analysis showed widespread alteration of the FA, AD, RD, and MD, which correlated with the cognitive function. These white matter tracts include minor forceps, major forceps, anterior thalamic radiation, superior longitudinal fasciculus, corticospinal tract, and right inferior fronto-occipital fasciculus. Meanwhile, we found for the first time that cognitive decline was related to the decrease of FA in minor forceps, which can be used as a neurobiological marker of cognitive impairment in patients with AN. The occurrence of cognition impairment is common in patients with AN. Including neuropsychological evaluation in the routine clinical assessment and appropriate treatment may strengthen clinical management and improve the quality of life of patients.

Keywords: cognition, acoustic neuroma, vestibular schwannoma, diffusion tensor imaging, tract-based spatial statistics (TBSS)


INTRODUCTION

Previous research has demonstrated that patients with bilateral deafness are associated with cognitive impairment. Cognition decline in elderly people with severe and moderate bilateral hearing loss is 1.6 and 1.4 times higher than that in a normal person, respectively (Davies et al., 2017). Presbycusis is more likely to develop cognitive impairment, such as memory decline (Lin et al., 2011), psychomotor processing disorders (Chen et al., 2018), and decreased executive function (Gurgel et al., 2014). For patients with bilateral presbycusis, early hearing intervention can improve the behavior state and cognition function (Ma et al., 2016; Adrait et al., 2017). Research confirms that unilateral hearing loss (UHL) can also affect cognitive function. UHL children develop worse cognitive performance and poorer language than normal children (Lieu et al., 2012; van Wieringen et al., 2019). The brain network connections, such as language, executive function, and cognition, are altered in children with UHL (Jung et al., 2017).

Acoustic neuroma (AN), often called vestibular schwannoma, is an important contributor to UHL. AN is a benign tumor, which originates from the VIII cranial nerve sheath (Evans et al., 2005). AN accounts for around 6% of all intracranial tumors, and 85% of the tumors in the cerebellopontine angle region (Fortnum et al., 2009). About 90% of patients with AN perform ipsilateral side UHL (Suzuki et al., 2010). UHL is defined as hearing loss in one ear and normal in the other one (Vincent et al., 2015). UHL can cause a decline in the ability of sound source localization and communication in a noisy environment (Nelson et al., 2019). Some studies have demonstrated that cognitive decline occurs in patients with AN. Goebel and Mehdorn (2018) included 45 patients (AN: meningiomas = 27:18) and found that 69% of patients present cognitive impairment. And the most common cognitive performance is visual movement speed and attention (alertness). Fan et al. (2020) demonstrated that cognitive decline has been observed in some patients with AN. To date, there are few reports on whether AN will cause cognitive dysfunction, and the number of reported cases is small. More importantly, little is known about the mechanism. In our study, first, using various neuropsychological tests, we compared the cognition between AN and healthy control (HC) groups. Then we explore the possible mechanism using the tract-based spatial statistics (TBSS) method based on diffusion tensor imaging (DTI) data. DTI takes advantage of the anisotropy of diffusion of water molecules in different tissues to measure the dispersion motion of water molecules and can be used to evaluate the fiber direction, density, integrity of myelin sheath, and morphology of axons. The DTI metrics most commonly include fractional anisotropy (FA), axial diffusivity (AD), radial diffusivity (RD), and mean diffusivity (MD).

In patients with UHL, some findings are obtained using DTI. Wu et al. (2009) used region of interest (ROI) to measure FA, AD, and RD in the lateral lemniscus and inferior colliculus of 19 patients with long-term unilateral deafness. The authors found that the FA value decreased, indicating demyelination or axonal injury in the lateral lemniscus and inferior colliculus. Rachakonda et al. (2014) found that in addition to the decrease of FA in the left lateral lemniscus, changes in other non-auditory pathways, for example, the microstructural integrity was affected in the superior temporal gyrus and middle cerebellar peduncle in 29 children with UHL (7–17 years old). Vos et al. (2015) found that FA decreases significantly in both hemispheres of patients with UHL. At present, there are few studies on the white matter fiber of UHL and even less on the relationship between UHL and cognitive function. Therefore, we design this experiment to study the changes in white matter fiber metrics (FA, MD, AD, and RD) in the whole brain based on TBSS and aim at finding the relationship between DTI metrics and cognitive function.



MATERIALS AND METHODS


Participants

In total, 69 right-handed patients with AN (mean age: 50.3 ± 13.1 years, age range: 19–76 years, and 44 women) who were recruited from Neurosurgery of West China Hospital between October 2019 and July 2020 underwent neuropsychological evaluations and DTI scanning. The median years of education of patients with AN were 9.62 years, and the interquartile range was 6.50 years. The median course of disease of patients with AN was 2.0 years, interquartile range was 3.6 years. Acoustic neuroma was subdivided into left acoustic neuroma (LAN) and right acoustic neuroma (RAN). A total of 44 patients with LAN (mean age: 50.3 ± 13.6 years, age range: 20–76 years, 25 women, median years of education: 11.0 years, and interquartile range: 7.3 years) and 25 patients with RAN (mean age: 50.3 ± 12.5 years, age range: 19–73 years, 19 women, median years of education: 9.0 years, and interquartile range: 9.0 years) received hearing test and tinnitus handicap inventory if present tinnitus symptom. Seventy right-handed HCs (mean age: 46.5 ± 10.1 years, age range: 26–74 years, 48 women, median years of education: 9.0 years, and interquartile range: 7.0 years) were enrolled in our study, with age, gender, and years of education matched to the patients. The HCs underwent the same neuropsychological evaluations and DTI scanning. All participants reported no previous or current psychiatric disorders. The experiment was approved by the hospital ethics committee, and all participants signed the informed consent.



Clinical Assessment and Neuropsychological Evaluation

Pure tone average (PTA) was defined as the average pure tone threshold at 0.5, 1, 2, and 4 kHz. According to the World Health Organization (1991), hearing loss was classified as normal hearing (PTA < 25 dB HL), mild loss (PTA: 26–40 dB HL), moderate loss (PTA: 41–60 dB HL), severe loss (PTA: 61–80 dB HL), and profound loss (PTA > 81 dB HL). Based on tumor size, according to Koos classification (Erickson et al., 2019), patients were graded into four groups: grade I (small intrameatal tumor), grade II (intrameatal and extrameatal; no contact with the brainstem), grade III (touching but without compression of the brainstem), and grade IV (large tumor touching the brainstem with compression of the brainstem). The size of LAN was 3.02 ± 1.21 cm, and the size of RAN was 3.06 ± 1.13 cm. No statistical significance between the two groups was detected.

Patients with AN are often complicated with tinnitus. In our study, patients with AN accompanying tinnitus were evaluated using the tinnitus handicap inventory (THI) (Newman et al., 1996). Higher scores reveal greater severity and impact on daily life.

The neuropsychological evaluation for all participants consisted of the evaluation of attention, memory, visuospatial executive, language, orientation, executive control, motor speed, calculation, and abstract. The neuropsychological evaluation included the following measures: Montreal cognitive assessment (MoCA), Rey auditory verbal learning test (RAVLT), Stroop color-word test (SCWT), symbol digit modalities test (SDMT), trail-making test (TMT), Hamilton depression scale (HAMD), and Hamilton anxiety scale (HAMA). MoCA reflects the general cognitive function, including 8 domains (attention, memory, language, orientation, calculation, executive function, abstract, and visuospatial function). RAVLT is used to assess auditory vocabulary learning ability and memory. SCWTs evaluate executive function and attention. SDMT is mainly used to evaluate the speed of information processing, attention, working memory, movement speed, and visual perception ability. TMTs assess attention, executive control, and visuospatial abilities.



MRI Data Acquisition

Magnetic resonance imaging (MRI) data were performed using a 3.0 Tesla magnet (General Electric Medical System, Milwaukee, WI, USA) and a 32-channel head coil. The DTI data included one b = 0 s/mm2 and 51 gradient directions using b = 1,000 s/mm2. The repetition time was 7.0 s and the echo time was 72 ms. A total of 34 slices of 4 mm thickness without a gap, not including the cerebellum, were acquired with matrix size 256 × 256. The flip angle was 90°. The field of view was 24 × 24 cm. The scanning time was about 8 min and 3 s. T1 scanning parameters were as follows: slice thickness was 1 mm, scanning matrix was 512 × 512, and voxel size was 0.5 × 0.5 × 1.0 mm3. The scanning time was about 4 min and 37 s. During scanning, earmuffs and earplugs were used to reduce scanning noise. Imagining data were obtained with the same radiological and MR equipment.




DATA PREPROCESSING


TBSS Pre-processing

Diffusion tensor imaging (DTI) data processing was performed by FSL software (Jenkinson et al., 2012). The main steps of preprocessing included eddy current correction, obtaining a brain mask, and diffusion tensor estimation. Eddy current correction can correct the deformation caused by head movement to some extent. Adjusted the gradient direction according to the results of eddy current correction. Then the extra-brain image of the b0 image was removed by the bet2 command to reduce invalid calculations, and a mask was obtained. Then the diffusion tensor was estimated using the dtifit function of FSL, and the related metrics such as FA, MD, AD, and RD were obtained at the same.

The metrics were processed through the TBSS software package of FSL. The TBSS processing flow was as follows (Zhang et al., 2020): (1) The individual FA images were registered to the FMRIB58_FA template. (2) The average FA map and white matter skeleton were constructed. (3) Binary white matter skeleton mask was created at a threshold of FA > 0.2. (4) The individual participant's FA was projected onto the FA skeleton. (5) Voxel-level statistical analysis was performed. Using a non-parametric test between groups, the brain regions with statistical differences were obtained, and the random procedures were repeated 5,000 times. (6) Expand the results to show the results better. Differential MD, AD, and RD were obtained by the same methods. The results were corrected by multiple comparisons, using p < 0.05, based on the threshold-free cluster enhancement (TFCE) method (Smith and Nichols, 2009). JHU ICBM-DTI-81 White-Matter Labels atlas (Wakana et al., 2004) was used to determine the anatomical location information of differential brain regions. Finally, Spearman's correlation analysis was performed between DTI metrics of the significant cluster as identified by TBSS and cognitive function. The significance level was p < 0.05.



Network Construction and Rich-Club Analyze

The network construction was performed using PANDA (www.nitrc.org/projects/panda) (Cui et al., 2013). The main steps were as follows: data quality check, data format conversion, and head eddy-current effect correction. The whole-brain fiber bundle was tracked using deterministic fiber tracking (Mori et al., 1999). The main results tracked by PANDA software were fiber number (FN). The FN was registered to the individual AAL90 brain region. Due to tumors compressing the cerebellum and brainstem in some patients, it may affect the study of the cerebellum, so we constructed networks based on the 90 cerebral regions of the AAL atlas, excluding the cerebellar regions. The FN value of every two brain regions constructed a weighted matrix. The connections were considered effectively structurally connected if at least three fibers in two brain regions in 80% of the subjects (Shu et al., 2015), transforming the weighting matrix into a binary matrix. Network topological property (degree centrality) was calculated using the GRETNA toolbox (http://www.nitrc.org/projects/gretna/) (Collin et al., 2014) (see Supplementary Table 1).

Sorting by degree centralities from large to small, the first 12% were taken as rich club nodes (Collin et al., 2014). All nodes were divided into rich club nodes and non-rich club nodes. The connections between rich club nodes were defined as rich club connections, the connections between rich club and non-rich club nodes were defined as feeder connections, and the connections between non-rich club nodes were defined as local connections (Collin et al., 2017). The schematic diagram is shown in Figure 5A. Rich-club refers to the connections between hub nodes, which are more closely connected than the connections between non-hub nodes, reflecting the difference in brain operation mode. Generally, rich club nodes are chosen from the group average brain network of healthy people because the disease may change the degree of centrality.



Statistical Analysis

Statistical analysis was performed using SPSS (version 23.0, IBM, USA). Data are expressed as mean ± SD for normally distributed data or median (interquartile range) for not normally distributed data. Categorical variables were presented as a percentage. The Student's t-test (two-tailed) was performed if the variables were satisfied normal distribution and homogeneous variance, and Mann–Whitney U non-parametric test was used if the variables were not satisfied normal distribution and homogeneous variance. Comparisons among the three groups were made using one-way ANOVA or Kruskal–Wallis H test, depending on whether or not the data were satisfied normal distribution and homogeneous variance. The qualitative data were compared by the χ2 test. To explore the relationship between clinical data and cognition, Spearman's correlation analysis was performed. P-value was set to 0.05.




RESULTS


Demographic Characteristics

There were no significant differences in gender, age, and years of education between patients and HCs (p > 0.05). No significant differences in the course of the disease, PTA on the affected side, and THI scores between the LAN and RAN groups were attested (p > 0.05).



Comparison of Cognition Function and Correlation Analysis

Compared to the HC group, both groups (LAN and RAN) performed worse in MoCA, RAVLT, SCWT B, C, SDMT, and TMT (p < 0.05) (see Table 1). Spearman's correlation analysis showed that the left-sided PTA of patients with LAN was negatively correlated with MoCA subscores on visuospatial executive (r = −0.502, p = 0.004) and delayed recall (r = −0.383, p = 0.034), and SDMT (r = −0.382, p = 0.034), and positively correlated with SCWT A (r = 0.423, p = 0.018) and SCWT B (r = 0.474, p = 0.007). In patients with RAN, the right-sided PTA was negatively correlated with MoCA subscores on orientation (r = −0.566, p = 0.014), RAVLT immediate recall (r = −0.519, p = 0.027), RAVLT delay recall (r = −0.476, p = 0.046), and SDMT (r = −0.498, p = 0.036), while positively correlated with SCWT B (r = 0.627, p = 0.005) and TMT-A (r = 0.492, p = 0.038).


Table 1. Comparison of clinical data and cognitive function among LAN, RAN, and HC groups.
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Comparison of Cognitive Function Among Patients With Different Grades of AN and HC Group

According to Koos classification, there were 1 patient in grade I, 16 cases in grade II, 17 cases in grade III, and 35 cases in grade IV. Because the number of patients with grade I was too small to analyze statistically, the cognitive functions of patients of other grades were compared with those of the HC group. The results showed that compared with the HC group, the cognitive function of patients with grades II–IV decreased, as listed in Supplementary Tables 1, 2.



Comparison of Cognitive Function Among Patients With Different Degrees of Hearing Loss and HCs

The left PTA in patients with LAN was 55.73 ± 26.14 dB HL, and the right PTA in patients with RAN was 66.74 ± 34.06 dB HL, and there was no statistical significance between groups. According to WHO grade (1996), the hearing of the affected side (tumor side) of the patients with AN was as follows: normal hearing in 5 cases, mild loss in 12 cases, moderate loss in 9 cases, severe loss in 13 cases, profound loss in 10 cases. Compared with the HC group, the cognitive function of patients with AN having mild to profound hearing loss decreased to various degrees, (see Supplementary Tables 3, 4).



TBSS Analysis

Compared with the HC group, the DTI metrics FA, AD, RD, and MD in patients with LAN and RAN changed widely. Compared to the HC group, the FA values in patients with LAN and RAN decreased in the minor forceps, while the FA value in the bilateral corticospinal tract and the left superior longitudinal fasciculus increased (see Figure 1). The MD values in patients with LAN and RAN increased in left anterior thalamic radiation, right inferior fronto-occipital fasciculus, and major forceps (see Figure 2). The AD values in patients with LAN and RAN increased in bilateral superior longitudinal fasciculus, left anterior thalamic radiation, and right corticospinal tract (see Figure 3). The RD values in patients with LAN and RAN increased in bilateral anterior thalamic radiation (see Figure 4). The correlation analysis showed that the changes in these metrics (FA, AD, RD, and MD) mentioned above show an extensive correlation with the neuropsychological variables, which may lead to a cognition decline in patients with AN (see Tables 2, 3).


[image: Figure 1]
FIGURE 1. Fractional anisotropy (FA) results of tract-based spatial statistics (TBSS). The background map was constructed by the mean FA skeleton (green) overlaid on the Montreal Neurological Institute (MNI) template. The red voxels represent values increase, and the blue voxels represent a decrease. Group differences in FA. The FA values of left acoustic neuroma (LAN) and right acoustic neuroma (RAN) patients decreased in the minor forceps, while the FA value in the bilateral corticospinal tract and the left superior longitudinal fasciculus increased compared to the healthy control (HC) group.



[image: Figure 2]
FIGURE 2. Group differences in mean diffusivity (MD). The MD values in patients with LAN and RAN increased in left anterior thalamic radiation, right inferior fronto-occipital fasciculus, and major forceps.



[image: Figure 3]
FIGURE 3. Group differences in axial diffusivity (AD). The AD values in patients with LAN and RAN increased in bilateral superior longitudinal fasciculus, left anterior thalamic radiation, and right corticospinal tract.



[image: Figure 4]
FIGURE 4. Group differences in radial diffusivity (RD). The RD values in patients with LAN and RAN increased in bilateral anterior thalamic radiation.



Table 2. Correlation analysis between DTI parameter metrics and cognition scale (1).

[image: Table 2]


Table 3. Correlation analysis between DTI parameter metrics and cognition scale (2).
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The Results of Rich Club Analysis

Ten rich club nodes were as follows: bilateral precentral gyrus, bilateral median cingulate and paracingulate gyri, bilateral insular, left middle occipital gyrus, right postcentral gyrus, right precuneus, and right dorsolateral superior frontal gyrus, and the remaining 80 nodes were defined as non-rich club nodes. Compared with the HC group, all the connections in patients with LAN and RAN decreased, and the differences were statistically significant (see Figure 5).


[image: Figure 5]
FIGURE 5. The related results of rich club analysis. (A) Schematic diagram of rich club analysis. Red nodes represent rich club nodes, and blue nodes represent non-rich club nodes. Sorting by degree centralities from large to small, the first 12% were taken as rich club nodes. Rich club connections (red lines) refer to the edges that link rich club nodes in the network; local connections (blue lines) refer to the edges that link non-rich club nodes; feeder connections (purple lines) refer to the edges that link rich club nodes and non-rich club nodes in the network. (B) In this study, 10 rich club nodes are shown, namely bilateral precentral gyrus, bilateral median cingulate and paracingulate gyri, bilateral insular, left middle occipital gyrus, right postcentral gyrus, right precuneus, and right dorsolateral superior frontal gyrus. (C) The comparison results of rich club analysis. Compared to the HC group, all the connections in patients with LAN and RAN decreased. *p < 0.05, **p ≤ 0.01, ***p ≤ 0.001. The numbers in the box represent mean values. Error bars represent mean ± SD.





DISCUSSION

The patients with LAN and RAN performed worse on MoCA, RAVLT, SCWT, SDMT, and TMT tests, revealing that patients with AN developed cognition declines such as attention, memory, executive function, information processing speed, and movement speed. Previous studies have established that cognitive decline occurs in patients with AN (Goebel and Mehdorn, 2018; Fan et al., 2020), however, little is known about the possible underlying mechanisms. In this study, we also found that general cognitive function, attention, executive function, memory, visuospatial and perception, movement speed, and information processing speed in patients with AN were significantly lower than those of normal people. Furthermore, we explored the possible mechanism using TBSS based on DTI data. We found FA, AD, RD, and MD values changed, and were related to cognitive impairment in patients with AN. DTI is used to evaluate the fiber direction and density, the integrity of myelin sheath, and the morphology of axons (Mori and van Zijl, 2002). Eigenvalues λ1, λ2, and λ3 are always used to describe the characteristics of white matter. FA values can be calculated and deduced according to λ1, λ2, and λ3. The AD is equal to λ1, and RD is equal to the average values of λ2 and λ3. Actually, FA is determined by AD and RD. FA is highly sensitive to microstructure changes, however, it is not specific to the types of changes. Theoretically, the decrease of FA may be caused by the decrease of AD or the increase of RD or the combination of both, and vice versa (Squarcina et al., 2017). AD may be affected by the diameter or density of white matter fibers, reflecting the integrity of the axon. And the increase in AD value reflects the decrease in the diameter or density of the axon (Rizk et al., 2017; Liu et al., 2018). RD mainly reflects myelin sheath integrity (Rizk et al., 2017; Liu et al., 2018), and the increase of RD value reflects the damage to myelin integrity, demyelination change, or poor myelination formation (Zheng et al., 2017). MD reflects the average degree of diffusion (Li et al., 2011). If white matter fiber is damaged, such as the decrease of cell membrane density, the limitation of water molecular dispersion decreases and it is easier to disperse, then the MD value will increase in theory (Hervé et al., 2005; Li et al., 2011). Therefore, it is suggested that multiple metrics (such as FA, MD, AD, and RD) should be used at the same time to better reflect the changes in white matter microstructure.

We found that compared with the HC group, the FA value of the minor forceps decreased. The corpus callosum transmits information about learning and involves executive function and memory (Voineskos et al., 2012). Tomimoto et al. (2004) found that the volume and FA of corpus callosum decreased in patients with vascular dementia. Kontis et al. (2009) demonstrated that the decrease of FA in the corpus callosum of premature infants is linked to poor language learning in adulthood. We also found that the decrease of FA in minor forceps was related to the decline of general cognitive function, attention, memory, executive control, and visuospatial and visuoperceptual abilities (see Table 2). To our knowledge, this is the first time to report this finding in patients with AN. Thus, we consider FA in minor forceps can be used as a neurobiological marker of cognitive impairment in patients with AN. To our surprise, the FA values in the bilateral corticospinal tract and left superior longitudinal fasciculus were higher than those in the HC group, so we paid special attention to the reasons AD and RD caused the increase of FA on these fiber bundles. In patients with AN, the AD values of the left superior longitudinal fasciculus and the right corticospinal tract were increased, and the RD values were normal. The increase in AD value may be caused by the decrease in fiber diameter or density, which reflects the destruction of axon integrity (Rizk et al., 2017; Liu et al., 2018; Jütten et al., 2019). No significant change in RD indicates that there is no significant change in myelin sheath in patients with AN. therefore, we believed that the increase of FA value in bilateral corticospinal tract and left superior longitudinal fasciculus in patients with AN was affected by the increase of AD value of fiber bundle, which essentially reflected the destruction of axonal integrity of corticospinal tract and left superior longitudinal fasciculus, rather than the increase of FA caused by myelin thickening caused by compensatory remodeling. Therefore, we chose the AD values of the corticospinal tract and the left superior longitudinal fasciculus instead of FA values to analyze the correlation with the cognitive scale.

The superior longitudinal fasciculus connects the frontotemporal parietal cortex, mainly involves the regulation of movement, working memory, attention, and language, and plays an important role in executive control, emotion regulation, and cognitive process (Wang et al., 2016; Zhang et al., 2016). In our study, the increased AD value of bilateral superior longitudinal fasciculus showed the destruction of axonal integrity and was associated with the decline of general cognitive function, memory, attention, language, and executive control ability. The corticospinal tract transmits motor information and participates in speech processing, and its damage is often related to decreased memory (Grahn et al., 2009) and visuospatial impairment (Su et al., 2007). Consistent with the previous report, we also found that the increased AD of the corticospinal tract was linked to the decrease of MOCA, visuospatial and executive, language fluency task, and RAVLT. The increase of RD in bilateral anterior thalamic radiations revealed the demyelination of white matter. The anterior thalamus radiation originates the medial thalamic nuclei and passes through the anterior limb of the internal capsule, projects to the frontal lobe, and the thalamic nucleus is complex and has fibrous connections with the hippocampus, striatum, and frontal cortex, which is related to cognitive function, memory and emotional regulation (Biesbroek et al., 2013; Spalletta et al., 2013). Therefore, the damage to the microstructure of anterior thalamic radiations may lead to the decline of related cognitive function. Our study also confirmed that anterior thalamic radiation was related to the decline of general cognitive function, memory, attention, and executive control in patients with AN, which was consistent with the reported literature (Biesbroek et al., 2013; Spalletta et al., 2013). The right inferior frontal-occipital fasciculus connects the frontal lobe and the temporal-occipital lobe, which may be linked to auditory-visual synesthesia, and also plays a major structural connection in the ventral attention network (Umarova et al., 2010), which is consistent with the conclusion that the MD value of the inferior frontal-occipital fasciculus was negatively correlated with the attention score (r = 0.376, p < 0.001) in our study. The frontal lobe is an important brain area of executive function, including mainly fiber bundles such as superior longitudinal fasciculus, corpus callosum, inferior frontal-occipital fasciculus, and inferior longitudinal fasciculus, which can lead to executive dysfunction. It has been found that the decrease of executive function in patients with white matter lesions is associated with the damage of white matter fiber in the frontal lobe, which may be linked to the disconnection of the executive loop in the frontal lobe (Munoz, 2006; Li et al., 2007). Correlation analysis in our study showed that the damage to the superior longitudinal fasciculus, corpus callosum, and inferior fronto-occipital fasciculus was related to the decrease in executive function in patients, which was consistent with the conclusions of previous studies (see Tables 2, 3).

Previous studies used ROI to focus on the microscopic changes of white matter fiber in the auditory pathway. In this study, no obvious changes were found in the auditory pathway. TBSS may not be as sensitive as ROI in the subtle structure, but ROI only pays attention to some areas of interest, while TBSS can explore the voxel level of the whole brain and find abnormal alterations that the ROI method is difficult to find.

We found that the rich club nodes of healthy people were mainly located in the DMN, sensorimotor network, attention network, salience network, and executive control network, which was consistent with the previous study (Li et al., 2021). The precentral gyrus belongs to the sensorimotor network. Studies have validated that the sensorimotor system not only initiates and regulates the sensation and movement of the body but also plays an important role in speech processing such as vocabulary, phonetics, sentences, and chapter processing (Fischer and Zwaan, 2008). The dorsolateral superior frontal gyrus is involved in memory execution, and the premotor area and prefrontal lobe are related to spatial memory (Smith et al., 1996). The key brain regions for retrieving memory include the right frontal lobe, anterior cingulate gyrus, parietal lobe, and thalamus (Nyberg et al., 1996). The insular mainly plays a key role in the switching between cognitive function-related networks (Seeley et al., 2007; Sidlauskaite et al., 2016). The precuneus is associated with episodic memory retrieval (Buckner and DiNicola, 2019). Therefore, these rich club regions involving memory, attention, and executive control were closely related to cognition. However, the rich club connections in patients with LAN and RAN were lower than those in the HC group, which were closely related to the decline in memory, attention, and executive control ability of patients. In the patients with LAN and RAN, the rich club connections, feeder connections, and local connections were all decreased, showing that the connections of the whole brain network in patients with AN had changed, which may lead to cognitive dysfunction.

However, this article still has the following weakness: (1) The study is a cross-sectional study that failed to follow up on the changes in cognitive function with the progress of the disease and the development of hearing level. (2) This study failed to follow up on whether the cognition recovered after hearing improvement in patients with AN. (3) Although TBSS is superior to other methods in the present study, it is still relatively new and needs additional comment. For example, the process assumes that in the white matter tract, the anisotropy value is the largest at the center of the tract, and gradually decreases away from the center. However, the assumption is not always correct. In several areas where two or more areas diverge or converge, more complex FA projection techniques are required (Smith et al., 2006). (4) It may need multimodal MRI (e.g., Morphological, Structural, and Functional Networks) to validate the results (Xu et al., 2021).



CONCLUSION

In this study, we found that the cognitive function decreased in patients with AN, and we explored the underlying possible mechanism. The white matter showed extensive damage in patients with AN, which was related to the decline of general cognitive function, attention, memory, and executive function. At the same time, we found for the first time that the decline of cognitive function was related to the decrease of FA in minor forceps, which can be used as a neurobiological marker of cognitive impairment in patients with AN. The connections between the rich club brain regions involved in memory, language, attention, executive control, and other functions are decreased, leading to a decline in corresponding cognitive functions. The occurrence of cognition impairment is common in patients with AN. Including neuropsychological evaluation in the routine clinical assessment and appropriate treatment may strengthen clinical management and improve the quality of life of patients.
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Objective: The diagnosis of Parkinson’s disease (PD) remains challenging. Although 18F-fluorodeoxyglucose (18F-FDG) positron emission tomography (PET) has revealed the metabolic abnormalities associated with PD at systemic levels, the underlying rich-club organization of the metabolic connectome in these patients remains largely unknown.

Materials and Methods: The data of 49 PD patients and 49 well-matched healthy controls (HCs) were retrieved and assessed. An individual metabolic connectome based on the standard uptake value (SUV) was built using the Jensen-Shannon Divergence Similarity Estimation (JSSE) method to compare the rich-club properties between PD patients and HC.

Results: Our results showed the rich-club organization of metabolic networks (normalized rich-club coefficients > 1) in the PD and HC group were within a range of thresholds. Further, patients with PD demonstrated lower strength and degree in rich-club connections compared with HCs (strength: HCs = 55.70 ± 8.52, PDs = 52.03 ± 10.49, p = 0.028; degree: HCs = 56.55 ± 8.60, PDs = 52.85 ± 10.62, p = 0.029), but difference between their feeder and local connections was not significant.

Conclusion: Individual metabolic networks combined with rich club analysis indicated that PD patients had decreased rich club connections but similar feeder and local connections compared with HCs, indicating rich club connections as a promising marker for early diagnosis of PD.

Keywords: metabolic brain network, FDG-PET, rich club, JS divergence, Parkinson’s disease


INTRODUCTION

Parkinson’s disease (PD) is the most commonly diagnosed chronic degenerative neurological dyskinesia. It affects more than 6 million individuals worldwide and significantly impacts the life quality of elder people by causing irreversible brain damage (Feigin et al., 2019; Li et al., 2021a). According to statistics, advancing age represents the most significant risk factor for developing PD. Genetics were also shown to play pivotal roles in PD pathogenesis, with over 90 independent risk variants identified (Blauwendraat et al., 2020). The pathological hallmark of PD is dopaminergic neuronal degeneration in the substantia nigra pars compacta with abnormal intracellular α-synuclein aggregation within the cytoplasm of neuronal cells in several different brain regions (Braak et al., 2002). The major motor symptoms of PD include akinesia, slowed movements, uncontrolled tremors, rigid muscles and postural instability, while non-motor symptoms include sleep disorders, dysosmia and cognitive disturbance (Tolosa et al., 2021). Despite important advancements that have been made in recent years in understanding the pathophysiology of PD, its underlying mechanisms of occurrence remain largely unknown, and early diagnosis remains challenging.

In recent years, significant focus has been placed on decoding the underlying neuroimaging mechanisms of PD via multimodal magnetic resonance imaging (MRI)(Mahlknecht et al., 2010). Functional neuroimaging techniques were used to localize abnormality in neuronal activities and explore the impact of the disease on brain networks combined with topological methods (Li et al., 2021b). The radiotracer 18F-fluorodeoxyglucose (18F-FDG), a radiotracer acting as a glucose analog, provided an index for cerebral glucose metabolism combined with positron emission tomography (PET). Previous literature on 18F-FDG PET evaluating brain metabolic differences between PD and normal cases identified decreased metabolism in the parieto-occipital and latero-frontal regions and increased metabolism in the sensorimotor regions, putamen, thalamus and cerebellum of PD patients (Peng et al., 2014). In a study that investigating the efficacy of FDG-PET imaging as a biomarker for determining PD progression, the investigators found that patterns of hypometabolism detected at baseline with FDG PET had an 85% sensitivity and 88% specificity in predicting the risk of progression to cognitive impairment (Pilotto et al., 2018). These analyzes were based on voxel levels to localize abnormal metabolic brain regions. However, brain regions with similar metabolism activities are considered functionally interconnected, forming a metabolic network. Using 18F-FDG PET imaging and graph theoretical analysis, Ko et al., 2018 assessed the topological properties of the metabolic networks in PD patients and an experimental non-human primate model. They found a metabolically active core with pathological exaggeration of small-worldness in the hypermetabolic regions (i.e., subcortical regions) of human and non-human PD models (Ko et al., 2018).

Recently, research in neuroimaging suggested rich-club organization as an important topological property existing in brain networks, whereby high-degree of dense interconnections were found between highly connected regions within the brain. These highly connected regions are called “hub” regions and the other brain regions are called “peripheral” regions. The edges of each individual’s brain network were classified as rich-club connections (hub-hub regions linking), local connections (peripheral-peripheral regions linking), and feeder connections (regional-peripheral regions linking). The structural and functional networks of rich-club provide a novel way to examine the potential underlying mechanisms of neurodegenerative diseases and neurodevelopmental disorders (Ray et al., 2014; Shu et al., 2018, Chen et al., 2020; Peng et al., 2022). Currently, no studies have investigated the alternations in rich-club organizations of the metabolic networks using 18F-FDG PET mapping in PD. This study used 18F-FDG PET data to construct an individual metabolic network and applied graph theory approaches to explore rich-club organization alterations in the metabolic connectome of patients with PD.



MATERIALS AND METHODS


Participants

This study consisted of PD patients and healthy controls (HCs), enrolled between January 2018 and December 2019, and matched for similar age, education and gender to obtain normative data (Li et al., 2021a); resulting in 49 PD patients (33 male and 16 female participants; age, 53.94 ± 11.16 years) matched with 49 HCs. All HCs had no neurological impairment/disease or head injury. PD was diagnosed with idiopathic PD based on the International Parkinson and Movement Disorder Society (MDS) diagnostic criteria (Postuma et al., 2015). All PD cases were consecutively enrolled. Cases were excluded if: (1) had a history of head injury or stroke; (2) any psychological disorder; (3) underwent intracranial surgery, and; (4) had a past history of substance use disorder. All participants consented to this study. The study was performed following the Declaration of Helsinki and the protocol received approvement from the Ethics Committee of Xiangya Hospital, Central South University.



18F-FDG PET Imaging and Evaluation

18F-FDG PET imaging was performed using the Discovery Elite PET/computed tomography (CT) scanner (GE Healthcare) at the PET Center of Xiangya Hospital. The participants were advised to rest for 45–60 min with their eyes closed in the supine position on the PET scanner bed. The PET/CT scanning was conducted for 10 min using 3-dimensional (3D) mode after 18F FDG (3.7 MBq/kg) injection (intravenous). The images were reconstructed using the ordered subset expectation maximization algorithm with 6 iterations and 6 subsets method. Prior to image preprocessing, the DICOM images of PET were transformed into NIfTI images using the dcm2nii software (version 121). Preprocessing of PET images was performed with the statistical parametric mapping (SPM) software2 implemented on MATLAB. Individual 18F-FDG PET image volumes were manually reset to the origin of 3-dimensional standard stereotactic Montreal Neurological Institute (MNI) spaces. The image intensity of all participants was globally normalized for a homogeneous comparison. A standard uptake value (SUV) image was generated for each participant. Then, the automated anatomical labeling (AAL) atlas was applied to parcellate all SUV images into 90 ROIs (45 per hemisphere without cerebellum), which were then defined as nodes of the individual metabolic network.



Individual Jensen-Shannon Divergence Similarity Estimation (JSSE) Metabolic Network Construction

After obtaining the preprocessed SUV images, the individual metabolic network was constructed. Based on the current distribution-divergence-based method (Wang M. et al., 2020), the metabolic similarity was denoted as the edge between ROIs. In particular, the edges of networks were defined as the similarity between probability distributions of SUVs of all voxels of any ROI pairs. Using validated methodologies in previous literature (Li et al., 2021a; Tang et al., 2021, Li et al., 2022), the Jensen-Shannon (JS) divergence was used to perform similarity measurements using the following equation:

[image: image]

Here, ℙ and ℚ refer to probability density functions (PDFs) of voxel intensities in ROI pairs; 𝕄=0.5×(ℙ + ℚ) and DKL(⋅|⋅) represent the KL divergence. The probability distributions of SUVs were estimated using kernel density estimation (Duong, 2007). It should be noted that a smaller divergence score indicated more similar PDFs between two ROIs for this adjacency matrix to describe pairwise metabolic connectivities, whereby the metabolic connection strengths between regions i and j was referred to corresponding elementsJSs(ℙ||ℚ) in the adjacency matrix.
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Rich-Club Organization

Rich-club organizations, characterized by highly interconnected brain regions, represent an important network topology providing a structural frame to efficiently integrate and separate information processing. A flow diagram of the image preprocessing, individual metabolic network construction, and rich club analysis are shown in Figure 1.
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FIGURE 1. The flow diagram of positron emission tomography (PET) images preprocessing, individual metabolic network construction and analyzes. The flow diagram shows the preprocessing of PET images, construction of the individual metabolic network based on JSD, hub analysis and rich-club analysis.


Based on the average weighted metabolic network of all participants, the rich club coefficient (φ) was determined, which was then normalized (φnorm) relative to a set of 1000 random networks from the sparsity of 0.1 to 0.4 with steps of 0.01. φnorm > 1 over a range of degrees indicated presence of rich-club organizations in the metabolic networks. The top 14 highest degree brain regions, which corresponded to the highest-ranking 15% of the 90 regions based on the group average metabolic network, were called hub regions. Upon categorizing the whole brain regions into hub and peripheral regions, the edges of each individual’s metabolic network were classified as rich-club connections (hub-hub regions linking), local connections (peripheral-peripheral regions linking), and feeder connections (regional-peripheral regions linking). The GRaph thEoreTical Network Analysis (GRETNA) toolbox3 was used to perform rich-club organization analysis.



Statistical Analyzes

All analyzes were performed on the Statistical Package for Social Sciences software (SPSS, version 22). Comparisons between groups in age and education were determined using the two-sample t-tests, while comparisons between groups in sex were performed the chi-square (χ2) test. The connectivity strength of the rich club, feeder and local connections between the PDs and HCs were compared using the two-sample t-test. P values < 0.05 represented significant difference (p value was uncorrected).




RESULTS


Baseline Characteristics

In total, 49 HCs were matched with 49 PDs and included in this study. The participants’ baseline characteristics are shown in Table 1. They were comparatively similar in terms of education (p = 0.163), gender (p = 0.577), and age (p = 0.832).


TABLE 1. Baseline characteristics in Parkinson’s disease (PD) patients and healthy controls (HC).
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Rich-Club Organizations Between Parkinson’s Disease (PD) and Healthy Control (HC)

A normalized rich-club coefficients greater than 1 was employed to assess the average group level of metabolic networks between HCs and PDs, and was found to range from 0.1–0.4 with steps of 0.01. The biggest normalized rich-club coefficient was found in the sparsity threshold of 0.11 (φnorm = 1.108). Based on a network density at 11% in the average metabolic network, the hub nodes were identified by sorting the nodal degree. The top 14 (15%) highest-degree nodes were defined as hub regions and were primarily distributed in the prefrontal, lateral temporal and medial parietal regions, which was consistent with the findings from a previous study (Wang S. et al., 2020) (Figure 2A and Table 2). The remaining 76 brain regions were classified as peripheral regions (Figure 2A). Significant differences in the strength and degree of the rich club connections were found (Figures 2B–D). In detail, the PDs showed a decrease in strength and degree of rich club connections from HCs (strength: HCs = 55.70 ± 8.52, PDs = 52.03 ± 10.49, p = 0.028; degree: HCs = 56.55 ± 8.60, PDs = 52.85 ± 10.62, p = 0.029) (Figures 2C,D). In contrast, there were no significant differences in feeder and local connections between HCs and PDs (strength of feeder connections: HCs = 174.12 ± 11.91, PDs = 174.36 ± 14.50, p = 0.92; strength of local connections: HCs = 213.60 ± 15.40, PDs = 215.06 ± 21.89, p = 0.65; degree of feeder connections: HCs = 176.88 ± 11.55, PDs = 177.29 ± 14.70, p = 0.86; degree of local connections: HCs = 217.04 ± 15.32, PDs = 218.71 ± 22.27, p = 0.61; average strength of feeder connections: HCs = 0.984 ± 0.011, PDs = 0.983 ± 0.004, p = 0.62; average strength of local connections: HCs = 0.984 ± 0.011, PDs = 0.983 ± 0.004, p = 0.61) (Figures 2B–D).
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FIGURE 2. Altered rich-club organizations of metabolic networks in Parkinson’s disease (PD) and healthy control (HC). (A) The top 14 (15%) highest-degree nodes (hub regions) and the remaining 76 regions (peripheral regions). (B–D) Comparisons of the strength and degree of rich-club connections were significantly different between PD and HC. In contrast, their feeder and local connections were comparatively similar. PD, Parkinson’s disease; HC, healthy control.



TABLE 2. Hub regions of the metabolic network.
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DISCUSSION

This study used 18F-FDG PET imaging data to construct individual metabolic networks based on the JSSE algorithm to investigate alterations in rich-club organizations of the brain metabolic connectome in PD patients. Our results showed lower strength and degree of rich club connections in patients with PD compared with HC, indicating that the hub regions of PD patients were more susceptible to metabolic stress and becoming functionally comprised; thus, providing an insight into the underlying mechanism of the metabolic connectome dysfunction in PD.

We are the first to reveal the rich-club organization of the metabolic network in patients with PD based on a constructed individual metabolic network using the novel JSSE method. JSSE was able to extend the asymmetrical KLSE to calculate a bounded and symmetrical divergence score of one probability distribution from another (Li et al., 2021a). The superiority of JSSE over KLSE includes two aspects. First, the JSSE ranges from 0 (identical) to 1 (maximally different), demonstrating a more accurate judgment in similarity when making comparisons between two groups, compared with KLSE, which ranges from 0 to +∞. Second, JSSE is symmetric, rendering easier visualizations of the connections between ROIs.

The brain network is composed of anatomically distinct regions indicative of integrated and segregated information processing to maintain the execution of neural functions. Network architectures showed the presence of a small high degree regions termed the “rich club,” which was “rich” in degree and formed a dense level of interconnections; constituting a pivotal role in the overall networking system (Van Den Heuvel and Sporns, 2011). Rich-club organizations are considered a keystone for global information integration in the brain (Van Den Heuvel et al., 2012). In this study, rich club regions were primarily distributed within the superior occipital, frontal, mid-frontal and inferior temporal gyrus, concording with previous literature (Wang S. et al., 2020). The normalized rich-club coefficient in the sparsity ranging from 0.1 to 0.4 with steps of 0.01 was higher than 1, indicating the existence of metabolic networks in the rich-club organization of PD patients. Our findings also showed that the rich club connections in PD patients had lower strength and degree compared with HC, while no significant difference in feeder and local connections between them was observed; suggesting disruptions in rich-club as an important step associated with PD progression. Previous studies have shown that rich-club components were highly vulnerable to damage, and due to their important roles in global communication, disturbances in these regions are more likely to manifest as symptoms in patients with PD (van den Heuvel and Sporns, 2013).

Our finding is consistent with results from a previous resting-state functional MRI study which also found disrupted nodal network measures in cortical hub regions in patients with PD compared with HC (Lin et al., 2018). Using diffusion tensor imaging to explore the neural mechanisms underpinning freezing of gait in patients with PD (Hall et al., 2018), Hall et al. found that PD freezers exhibited lower participation coefficients distributed in the subcortical, superior frontal and parietal regions than non-freezers. Additionally, several of these cortical regions were within the brain’s rich club region, indicating that freezing of gait in PD might be related to disturbances in the structural network topology between brain hub regions (Hall et al., 2018). These interesting findings suggest that PD primarily affects rich club connections at disease onset and could be an early biomarker for PD. The possible reasons for this observation could be: (1) higher connection strength between hub nodes could result in a higher probability of impairment (Hall et al., 2018), and (2) hub nodes are more susceptible to oxidative and metabolic stress (Fornito et al., 2015).

This study had some limitations worth discussing. First, the brain parcellation template that was used for constructing the brain metabolic networks may have, to a certain extent, affected the results of rich club analysis. Future studies should try implementing other brain schemes to confirm this study’s findings. Second, the study cohort was relatively small, and expanding the sample size using multicentre settings and longitudinal follow-up studies could yield higher-evidence level results. Lastly, considering that only 18F-FDG PET was used to assess metabolic networks in PD patients, a combination of multimodal imaging analysis could provide a more comprehensive understanding on the association between imaging biomarkers and disease symptoms in patients with PD.



CONCLUSION

By using 18F-FDG PET imaging to construct individual metabolic networks combined with rich club analysis, this study found vulnerable rich-club connections in the metabolic network of PD patients. It could be considered as a promising imaging biomarker for the early detection of PD.
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Objective: Diffusion tensor imaging (DTI) studies have investigated white matter (WM) integrity abnormalities in Parkinson’s disease (PD). However, little is known about the topological changes in the brain network. This study aims to reveal these changes by comparing PD without freezing of gait (FOG) (PD FOG–), PD with FOG (PD FOG+), and healthy control (HC).

Methods: 21 PD FOG+, 34 PD FOG-, and 23 HC were recruited, and DTI images were acquired. The graph theoretical analysis and network-based statistical method were used to calculate the topological parameters and assess connections.

Results: PD FOG+ showed a decreased normalized clustering coefficient, small-worldness, clustering coefficient, and increased local network efficiency compared with HCs. PD FOG+ showed decreased centrality, degree centrality, and nodal efficiency in the striatum, frontal gyrus, and supplementary motor area (SMA). PD FOG+ showed decreased connections in the frontal gyrus, cingulate gyrus, and caudate nucleus (CAU). The between centrality of the left SMA and left CAU was negatively correlated with FOG questionnaire scores.

Conclusion: This study demonstrates that PD FOG+ exhibits disruption of global and local topological organization in structural brain networks, and the disrupted topological organization can be potential biomarkers in PD FOG+. These new findings may provide increasing insight into the pathophysiological mechanism of PD FOG+.

Keywords: Parkinson’s disease, freezing of gait, diffusion tensor imaging, graph theory analysis, network-based statistic


INTRODUCTION

Freezing of gait (FOG) is common in the middle and late stages of Parkinson’s disease (PD) (Pardoel et al., 2019). It is a short-lived and intermittent symptom of starting difficulty, causing a great physical and psychological burden on PD patients (Gao et al., 2020). The clinical manifestation of FOG is a short-term block of movement before or during walking. PD with FOG (PD FOG+) patients often feel “sucked on the floor and difficult to lift their feet” (Gonçalves and Pereira, 2013). This situation usually lasts for several seconds, occasionally as long as tens of seconds (Giladi and Hausdorff, 2006). At present, there is no good treatment method for FOG, and traditional medical treatment and electrical stimulation have difficulty achieving similar effects to other symptoms of PD (Giladi, 2008).

Although FOG has devastating consequences for the lives of PD patients, its underlying pathophysiological mechanism is still unclear, and it is called a “mysterious phenomenon” (Nutt et al., 2011; Okuma, 2014). Previous studies have shown that the dysfunction of multiple brain areas, such as the basal ganglia, motor area, frontal and parietal cortex, and brainstem, are important aspects of FOG (Okuma, 2006; Pieruccini-Faria et al., 2015; Dagan et al., 2017). Some studies have reported that due to dysfunction of the cerebral cortex and basal ganglia, the secretion of dopamine in the striatum is reduced, which reduces the activity of the midbrain motor area and leads to FOG (Bartels et al., 2006; Takezawa et al., 2010; Yanagisawa, 2018). In addition, several studies have found that FOG is related to the interaction of the brain’s cognitive network and motor network (Shine et al., 2013; Dagan et al., 2018).

Diffusion tensor imaging (DTI) is a non-invasive magnetic resonance imaging (MRI) method that can show the integrity of nerve fiber bundles and functional area connections in living bodies and can quantitatively assess the degree of white matter damage (Lope-Piedrafita, 2018; Shaikh et al., 2018). Using DTI technology, a series of studies have been conducted to determine whether there is an abnormality in the white matter structure of PD FOG+ patients. Compared with PD FOG-, PD FOG+ patients have shown WM abnormalities in the corpus callosum, cortical white matter tracts of the cingulate gyrus, pedunculopontine nucleus, and supplement motor area (Youn et al., 2012; Iseki et al., 2015; Jin et al., 2021b). Conversely, in terms of tract projection from the supplementary motor area to subcortical areas and whole-brain analysis, no differences were found between PD FOG+ and PD FOG- patients (Fling et al., 2014; Canu et al., 2015). Most studies thus far have focused on identifying white matter lesions in specific regions or fiber tracts, lacking the more complex and in-depth distributed patterns that may exist in DTI data.

Graph theory is a robust mathematical framework for dealing with complex networks, which enables us to quantitatively analyze the topological properties of the brain network and the efficiency of processing information (Bullmore and Sporns, 2009; Sporns, 2018). The brain network constructed by graph theory has some special topological properties, such as small-worldness properties, network efficiency, nodal centrality, and connectivity strength (Sporns et al., 2004; van den Heuvel and Sporns, 2013). The small-worldness properties support segregated, distributed, specialized, and integrated information processing and support high dynamic complexity at minimizing wiring costs, which is very economical (Bassett and Bullmore, 2006). Network efficiency is closely related to the ability of network information transmission. When a complex network has a high parallel information transmission capacity, its network efficiency is often relatively high (Zhang et al., 2018; Chen et al., 2019). Node centrality is a powerful indicator used to evaluate the relative importance of a node in the entire brain network and represents the information integration ability of a single brain region in the entire brain network (Li et al., 2018; Jin et al., 2021a). Changes in topological properties can expose patients to brain network dysfunction or recombination, which may have an impact on the separation and integration of information (Zhang et al., 2017). The exploration of PD FOG+ patients’ structural brain networks will deepen our understanding of the pathophysiological mechanism and promote the implementation of effective treatments.

The graph theory method can be used to explore the changes in the topological properties of the brain network of patients with FOG. Several recent studies have shown that compared with healthy controls (HCs), the topological properties of the brain network of PD patients have undergone overall disruption (Baggio et al., 2015; Kim et al., 2017; Ma et al., 2017). In addition, changes in topological attributes such as global efficiency, local efficiency, and nodal centrality have been related to PD motion subtypes, showing that levodopa is committed to normalizing the damaged network topological organization (Berman et al., 2016; Nambu and Chiken, 2020). However, these studies mainly focused on functional brain networks, and only comparisons between PD FOG- patients and HCs were performed. There are few studies on the structural brain network among PD FOG+, PD FOG- and HC.

In this study, we aimed to explore the abnormality of the topological properties of the structural brain network among the PD FOG+, PD FOG- and HC groups. For this goal, we used DTI images and graph theory to examine the alterations in the entire structural brain network. We hypothesized that PD FOG+ patients would show disrupted structural brain network organization compared to PD FOG- patients and HCs.



MATERIALS AND METHODS


Participants

This study included 55 right-handed PD patients. All patients met the diagnostic criteria of the United Kingdom Parkinson’s Disease Society Brain Bank, and the exclusion criteria were as follows (Figure 1): (1) atypical Parkinson’s disease with multiple system atrophy, corticobasal ganglia degeneration, progressive supranuclear palsy, excessive resting tremor, comorbidities, such as Alzheimer’s disease, depression, and anxiety disorders; (2) history of cerebrovascular disease, brain injury, or other neurodegenerative diseases; (3) diseases that seriously affect gaits, such as visual impairment, orthopedic disease, musculoskeletal disease or stroke; (4) severe cognitive impairment or dementia (MMSE score < 24); and (5) serious contraindications to MRI, such as metal implants, claustrophobia, internal devices, etc. A patient who met the following two conditions was considered a PD FOG+ patient: (1) the third item in the FOGQ is greater than one point; (2) more than two experienced neurologists have performed a series of exercise tests (walk, turn around, go through the narrow doorway), and determined that the patient has FOG. Patients who did not meet any of the above conditions were classified as not exhibiting FOG (FOG-). After stopping anti-Parkinson’s disease drugs for at least 12 h to reduce the pharmacological effects on nerve activity, clinical tests and MRI scans were performed after stopping the drugs in the morning.
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FIGURE 1. Schematic representation of the inclusion and exclusion criteria for this study. HC, health control; PD FOG- Parkinson’s disease without freezing of gait; PD FOG+, Parkinson’s disease with freezing of gait.


Twenty-three right-handed HCs were recruited from the community through poster advertisements, including 14 females and 9 males. The following criteria were used to exclude HCs: (1) cognitive impairment (MMSE score is lower than 24); (2) systemic, mental or neurological diseases (such as anxiety, depression, Alzheimer’s, etc.); (3) focal or diffuse brain injury, including lacunar and extensive cerebrovascular diseases; and (4) serious contraindications to MRI, such as metal implants, claustrophobia, internal devices, etc. Finally, 78 participants were included in this study, including 21 PD FOG+ patients, 34 PD FOG- patients, and 23 healthy controls matched by age, sex, and education level. This study was approved by the Ethics Committee of Guangzhou First People’s Hospital and was conducted in adherence with the 1964 Declaration of Helsinki and its subsequent amendments or similar ethical standards. The approved ethics clearance number is K-2018-141-03. All subjects signed an informed consent form before participating in this study.



Clinical Assessment

All PD patients were assessed for motor and cognitive abilities, especially general cognitive and executive functions. The Unified Parkinson’s Disease Rating Scale (UPDRS-III) and Hoehn and Yahr scale (H&Y) were used to assess the motor disability and severity of PD (Diedrichsen et al., 2011). The Timed Up and Go (TUG) test was used to evaluate mobility, balance, walking ability, and fall risk (Kleiner et al., 2018). The severity of FOG was assessed by employing the FOGQ. The Montreal Cognitive Assessment (MoCA) and MMSE were used to evaluate the intellectual status and cognitive function. The Frontal Assessment Battery (FAB) test was used to assess frontal lobe function (Datta et al., 2019). Subjects also completed the Hamilton Anxiety Rating Scale (HARS) and Hamilton Depression Rating Scale (HDRS) to assess depression and anxiety levels.



Image Acquisition

MRI data of all subjects are acquired with a 3.0 Tesla MRI system (Siemens Medical Solutions, Germany) equipped with an 8-channel phased-array head coil. When performing MRI scans, all subjects wore earplugs and tight foam head cushions to reduce the effects of scanning noise and head movement. They were told to keep their heads fixed, close their eyes, and not think about anything. Three-dimensional T1-weighted images were acquired using a 3D magnetization-prepared rapid gradient-echo (MP-RAGE) sequence with the following parameters: repetition time (TR) = 1,900 ms, echo time (TE) = 102 ms, flip angle (FA) = 9°, thickness = 1.0 mm, slices = 160, field of view (FOV) = 250 × 250 mm2, matrix = 256 × 256, and voxel size = 1.0 × 1.0 × 1.0 mm3. Then, the DTI images were acquired using an echo planar imaging (EPI) sequence with the following parameters: TR = 8,700 ms, TE = 102 ms, FOV = 230 × 230 mm2, voxel size = 2.5 × 2.5 × 2.5 mm3, matrix = 92 × 92, thickness = 2.5 mm, and slice gap = 0 mm. Diffusion gradients are applied in 99 non-collinear directions with a b factor of 2,000 s/mm2 after an acquisition with b = 0 s/mm2 for reference.



Data Preprocessing

The FMRIB’s Diffusion Toolbox (FDT) and FMRIB’s Software Library (FSL) were used to preprocess DTI data for each subject. Two experienced radiologists performed a visual inspection of the DTI data and T1 data to avoid obvious artifacts caused by subject movement or instrument malfunction. The specific steps of preprocessing DTI data were shown as follows: (1) converting images in DICOM to NIFTI format; (2) b0 image extracting; (3) brain extraction; (4) Correction for eddy currents and head motion by registering the DTI images to the b0 image; and (5) calculation of fractional anisotropy (FA) by using linear least square fitting method.



Network Construction

The “Pipeline for Analyzing braiN Diffusion imAges (PANDA)” software installed on the Linux system and MATLAB (Cui et al., 2013) was used for network construction. For any effective network organization, nodes and edges are the basic building blocks of graph theory models, so their accurate definition is also very important (Butts, 2009). The automated anatomical labeling template (AAL) divides the entire brain into 90 regions, and then these segmented brain regions will be used as nodes of the brain network so that the constructed brain network has 90 nodes.

The following specific steps are used to define the nodes and edges of the network. (1) Definition of network nodes: In short, register 3D T1-weighted images of each subject to the b0 image in DTI space (non-diffusion weighted gradient direction), and then the transformed T1 images were further non-linearly registered onto the MNI-ICBM152 template. Then, inverse transformations were used to warp the automatic anatomical marker template from the MNI space to the DTI space. In this way, the structural brain network with 90 nodes (45 in each cerebral hemisphere) was acquired. To ensure that the transformation is correct, we check the ROI of each subject in the diffusion space. (2) Network edge definition: The fiber assignment based on the continuous tracking (FACT) algorithm was used for fiber tracking (connecting each pair of brain regions in the diffusion space) and whole-brain fiber construction. When the fractional anisotropy (FA) is less than 0.2 or the tracking turning angular between two connections is greater than 45°, the fiber bundle tracking is stopped. We chose a threshold for fiber bundles to reduce the impact of false connections. If there are at least three fibers (T = 3), the two regions are considered structurally connected (network edge).



Network Analysis

All structural network properties (including global and regional properties) were analyzed by using MATLAB-based GRETNA, a graph theoretical network analysis toolbox (Wang et al., 2015), and visualized by the BrainNet Viewer toolbox (Xia et al., 2013).

First, we analyzed the global properties of the structural brain network. These global properties include small-worldness properties (γ, λ, and δ), clustering coefficient (Cp), characteristic path length (Lp), global network efficiency (Eglob), and local network efficiency (Eloc). In the small worldness properties, γ, λ, and δ refer to normalized Cp, normalized Lp, and small-worldness, respectively. Compared with regular networks, the small-worldness networks have shorter Lp and higher Cp. Cp represents the average clustering coefficient of all nodes in the structural network, which is an important indicator to measure the degree of network interconnection. Lp is the average shortest path length between any two nodes in the brain network. Egloc is considered an important indicator to measure the efficiency of parallel information transmission in the network. Eloc measures the communication efficiency among the nodes. When a network possesses these characteristics (γ > > 1, λ≈1, and δ > 1), it is considered to have small-worldness.

Second, we investigated the regional properties of the structural brain network among the PD FOG+, PD FOG-, and HC groups. These regional properties include degree centrality (DC), between centrality (BC), node efficiency (NE), node local efficiency (NLE), and nodal shortest path length (Np). DC indicates the importance of nodes or brain regions in the whole brain network, while BC indicates the ability of nodes to influence the entire network. Moreover, NE illustrates the efficiency of parallel information transfer for a given node in the brain network, and NLE investigates the transmission capacity of local information in the brain network. Np of a given node quantifies the mean distance or routing efficiency between this node and all the other nodes in the network. The specific processing steps of structural brain network construction are shown in Figure 2.
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FIGURE 2. The study procedure of graph theory analysis of structural brain network (DTI, diffusion tensor imaging; AAL, automated anatomical labeling; HC, health control; PD FOG- Parkinson’s disease without freezing of gait; PD FOG+, Parkinson’s disease with freezing of gait).




Statistical Analysis

The differences in demographic and clinical characteristics between PD FOG+, PD FOG- and HC patients were analyzed through the statistical package IBM SPSS statistics software (SPSS)1 for Window version 24.0. One-way analysis of variance (ANOVA) and post hoc tests were used to compare variables between three groups. The Mann–Whitney U-test was used to compare variables only between two groups. A paired two-sample t-test was used to compare the global and local attributes of the structured brain network, taking age, sex, and disease duration into account as covariates. p < 0.05 indicated a significant difference. The network-based statistics (NBS) method was used to explore edgewise analyses. In the NBS analysis, non-parametric permutation tests with 10,000 iterations were used to detect significant intergroup differences in structural connectivity strength. Pearson’s correlation analysis with FDR (false discovery rate) correction was used to explore the relationships between structural network properties and FOG severity in PD FOG+ patients.




RESULTS


Demographic and Clinical Characteristics

The demographic and clinical characteristics of all subjects are presented in Table 1. The analysis showed that no significant differences were found among PD FOG+ and PD FOG- patients and HCs concerning age, sex, education level, or Mini-Metal State Examination (MMSE) scores. In terms of Frontal Assessment Battery (FAB), The Timed Up and Go (TUG), and FOG questionnaire (FOGQ) scores, PD FOG+ patients exhibited significant differences in comparison to PD FOG- patients (p < 0.05). For UPDRS-III, H&Y scale, MoCA, HDRS, or HARS scores, there were no differences between PD FOG+ and PD FOG- patients.


TABLE 1. Demographic and clinical characteristics of participants.
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The Small-World Properties of Structural Network

As shown in Figure 3, all three groups (PD FOG+, PD FOG-, HC) exhibited typical small-worldness topological properties (γ > > 1, λ≈1, δ > 1). Statistical comparison was used to detect whether there were significant differences in the small-world properties of the whole brain structural network among the three groups. Compared with HCs, PD FOG+ patients showed a significantly lower normalized clustering coefficient (γ) and small-worldness (δ) (p < 0.05). No significant differences were found in small-world (γ, λ, δ) properties between PD FOG- and HC or between PD FOG+ and PD FOG- (P > 0.05).
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FIGURE 3. Small-world property comparison among the PD FOG+, PD FOG- and HC groups. (A) The normalized clustering coefficient (Gamma). (B) The normalized characteristic path length (Lambda). (C) The small-worldness (Sigma) (HC, healthy control; PD FOG- Parkinson’s disease without freezing of gait; PD FOG+, Parkinson’s disease with freezing of gait).




The Global Properties of the Structural Brain Network

Figure 4 shows that in terms of global properties, no significant differences were observed in Lp and Eglob among the three groups, but differences were found in Cp and Eloc between PD FOG+ and HC. PD FOG+ patients displayed significantly decreased Cp and increased Eloc compared with HCs. There was no significant difference in Cp, Lp, Eglob, or Eloc between PD FOG- and HC or between PD FOG+ and PD FOG-.
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FIGURE 4. Comparisons of the global properties among the PD FOG+, PD FOG– and HC groups. (A) Clustering coefficient (Cp). (B) Characteristic path length (Lp). (C) Global efficiency (Eglob). (D) Local efficiency (Eloc).




The Regional Properties of the Brain Network

As shown in Figure 5A, significant differences in BC were found among the PD FOG+, PD FOG- and HC groups. PD FOG+ patients showed decreased BC in 12 brain regions including right superior frontal gyrus, left middle frontal gyrus, left supplementary motor area, left and right median cingulate, left parahippocampal gyrus, right superior occipital gyrus, left inferior occipital gyrus, left supramarginal gyrus, left and right caudate nucleus, left lenticular nucleus, increased BC in right olfactory cortex in PD FOG+ patients compared with HC (p = 0.029, p = 0.0032, p = 0.0047, p = 0.012, p = 0.039, p = 0.0008, p = 0.0064, p = 0.0058, p = 0.0027, p = 0.016, p = 0.0073, p = 0.0003, and p = 0.0053, respectively, FDR corrected). Compared with HCs, PD FOG- patients exhibited decreased BC in seven regions, including the left middle frontal gyrus, right median cingulate gyrus, right parahippocampal gyrus, left supramarginal gyrus, left and right caudate nucleus, and right superior temporal gyrus (p = 0.0039, p = 0.025, p = 0.0004, p = 0.0083, p = 0.0051, p = 0.031, p = 0.0016). Compared with PD FOG- patients, PD FOG+ patients showed decreased BC only in the left caudate nucleus (p = 0.0023).
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FIGURE 5. Brain regions with abnormal or significantly different properties among the PD FOG+, PD FOG– and HC groups. (A) Significantly different between centrality. (B) With significantly different degree centrality. (C) With significantly different nodal efficiency. The only red sphere indicates the increased centrality in PD FOG+ patients, and the other blue spheres indicate the decreased measures in the first group in the comparison. No brain regions with significant differences were observed for degree centrality and nodal efficiency in PD FOG– vs. HC and PD FOG+ vs. PD FOG–.


For DC, PD FOG+ showed decreased values in the left middle frontal gyrus and right caudate nucleus (p = 0.036, p = 0.0065, Figure 5B). In terms of NE, PD FOG+ patients exhibited decreased values in the right superior frontal gyrus, left hippocampus, and left superior temporal gyrus (p = 0.0029, p = 0.017, p = 0.0010, Figure 5C). No differences were found in DC and NE between PD FOG+ and PD FOG- patients (p > 0.05).



The White Matter Connectivity Between Groups

In Figure 6, based on the NBS method, significantly decreased structural connections were observed among the PD FOG+ vs. HC, PD FOG- vs. HC, and PD FOG+ vs. PD FOG- groups (FDR corrected). The subnetwork with 18 nodes and 18 edges showed decreased structural connections in PD FOG+ patients compared with HCs (left part of Figure 6). The related nodes included the right superior frontal gyrus (dorsolateral), right superior frontal gyrus (orbital part), left middle frontal gyrus, right middle frontal gyrus (orbital part), left supplementary motor area, left superior frontal gyrus (medial), left and right median cingulate, and paracingulate gyri, right hippocampus, left calcarine fissure and surrounding cortex, right lingual gyrus, left inferior occipital gyrus, right postcentral gyrus, right supramarginal gyrus, right paracentral lobule, left caudate nucleus, left superior temporal gyrus, and left middle temporal gyrus.
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FIGURE 6. The connections with significantly different structural connectivity strengths among the PD FOG+, PD FOG–, and HC groups.


The PD FOG- patients showed decreased structural connections compared to HCs, and the subnetwork consisted of 13 nodes and 13 edges (the middle part of Figure 6). The nodes included the left middle frontal gyrus, left inferior frontal gyrus (opercular part), right inferior frontal gyrus (orbital part), left supplementary motor area, right superior frontal gyrus (medial), left median cingulate and paracingulate gyri, left posterior cingulate gyrus, right parahippocampal gyrus, right superior occipital gyrus, right postcentral gyrus, left supramarginal gyrus, right and left caudate nucleus, and left superior temporal gyrus.

Compared with PD FOG- patients, decreased structural connections were observed in PD FOG+ patients (the right part of Figure 6). The subnetwork with 10 nodes and 10 edges consists of the left middle frontal gyrus, right middle frontal gyrus (orbital part), left supplementary motor area, right superior frontal gyrus (medial), left median cingulate and paracingulate gyri, left posterior cingulate gyrus, left postcentral gyrus, left and right caudate nucleus, and left middle temporal gyrus.



Relationships Between Network Properties and Freezing of Gait Severity

The relationships between network properties and the severity of FOG in PD FOG+ patients are shown in Figure 7. Regarding regional properties, the centrality in the left supplemental motor area (SMA) and right caudate nucleus (CAU) was negatively correlated with the FOGQ (r = –0.472, p = 0.031; r = –0.494, p = 0.028). There were no significant correlations between FOGQ scores and any other global and regional network properties.
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FIGURE 7. The correlation between FOGQ (freezing of gait questionnaire scores) and network topological properties in PD FOG+ patients. (A) The between centrality of the left supplementary motor area is negatively related to FOGQ scores. (B) The centrality of the right caudate nucleus was negatively related to FOGQ scores.





DISCUSSION

By using DTI and graph theory network analysis, the topological organization of the structural brain network was compared among PD FOG+, PD FOG-, and HC. Four main findings have been found. First, at the global level, PD FOG+ patients showed significantly decreased γ and Cp compared with HCs. However, regarding local network efficiency (Eloc), PD FOG+ patients are higher than HCs. These findings may imply a randomization shift of the structural brain network in PD FOG+. Second, at the regional level, significantly different topological properties, including BC, DC, and NE, have been found among PD FOG+, PD FOG-, and HC patients in several brain regions. Most importantly, PD FOG+ patients showed decreased BC in the left caudate nucleus. No other regions in regional topological properties have been found between PD FOG+ and PD FOG-. Third, disrupted structural connections were found among the three groups. Significantly decreased structural connections were observed among the three groups. Fourth, the regional parameters in several brain regions are significantly correlated with the severity of FOG. These findings may enable us to better understand the pathophysiological mechanism of FOG from the perspective of structural brain networks. In summary, the current study, to the best of our knowledge, is the first to systematically investigate the structural brain network among PD FOG+, PD FOG-, and HC.


Different Global Topological Properties in Structural Networks

In this study, all PD FOG+, PD FOG-, and HC patients exhibited small-world organization, which is by previous functional network studies (Maidan et al., 2019; Ruan et al., 2020). The small-world properties were characterized by high local clustering and short path length, which reflect the best balance between local specialization and global integration (Achard et al., 2006; Bassett and Bullmore, 2017). In terms of global topological properties, PD FOG+ patients showed decreased Cp and increased Eloc compared with HCs. Cp is usually used to assess the information processing efficiency of brain networks, and the finding of decreased Cp in PD FOG+ patients may suggest a lower information processing ability. It is worth noting that a recent study using rs-fMRI also reported similar results (Li et al., 2021). Local efficiency is used to measure the ability of information transmission, and the increased Eloc may indicate a relatively higher ability of information transmission in PD FOG+ patients than in HCs. Disrupted global properties may reflect the miscommunication of overall information in PD FOG+ patients. In addition, this is the first time that graph theory has been used to explore the structural brain network of PD FOG+ patients.



The Difference in Nodal Parameters Between Groups

In addition to global topological properties, significantly different regional parameters, including BC, DC, and NE, were found among the three groups. These regional parameters reflect the central role of nodes in the overall information communication of the brain network (Sporns et al., 2007). The changes in nodal topological properties reflect the abnormalities in regional neural circuits of the structural brain network, which can supply extra information that cannot be obtained from an investigation of the global topology of the network. These nodal properties have been widely used to characterize a variety of brain diseases, such as stroke and schizophrenia (Zhu et al., 2016; Cao et al., 2021).

Compared with HCs, decreased BC has been found in several brain regions, mainly located in the prefrontal cortex, supplementary motor area, hippocampus, cingulate gyrus, and occipital gyrus bilateral striatum, and increased centrality in the right olfactory cortex in PD FOG+ patients. Abnormalities in these brain regions have been reported by previous studies (Mitchell et al., 2019; Brugger et al., 2020; Ruan et al., 2020; Jin et al., 2021a). The prefrontal cortex plays an important role in cognitive and executive functions (Teffer and Semendeferi, 2012). The supplementary motor area is mainly involved in the movement produced and controlled by the body itself rather than the movement produced by external stimuli (Nachev et al., 2008). The hippocampus, cingulate gyrus, and occipital gyrus bilateral striatum are tightly related to spatial positioning, memory, and motor coordination functions (Kegeles et al., 2010; Knierim, 2015; Powell et al., 2018). Damage to their structural brain network may be one of the potential pathogeneses of FOG.

Moreover, significantly positive correlations were found between BC in the left SMA and right CAU and FOGQ scores, indicating that the symptoms of FOG will become more serious with the increase in BC in these two regions. The BC values of these two regions may be used as potential biomarkers. PD FOG- patients showed decreased BC in prefrontal and marginal lobes, the main difference between PD FOG+ patients and PD FOG- patients is that the BC decease of PD FOG- patients is not as serious as that of PD FOG+ patients.

PD FOG+ patients showed decreased DC and NE in the CAU, prefrontal cortex, hippocampus, and superior temporal gyrus (STG). STG is mainly responsible for processing auditory signals. Some studies have demonstrated the disrupted functional network properties of the STG in PD FOG+ patients (Ruan et al., 2020; Jin et al., 2021a). Compared with PD FOG- patients, PD FOG+ patients showed decreased BC in the right CAU. A resting-state functional MRI (rs-fMRI) study suggested that altered functional connectivity in the CAU may cause damage to the executive function of PD FOG+ patients (Steidel et al., 2021). Thus, the decreased BC in the right CAU may be an important aspect leading to FOG, which is also an important distinction between PD FOG+ and PD FOG-.

In our previous study on the functional brain network of FOG in PD, we found that PD FOG+ patients showed decreased DC in MFG, inferior temporal gyrus (ITG), STG, middle temporal gyrus (MTG), and parahippocampal gyrus (PhG) (Jin et al., 2021a). These findings suggest that PD FOG+ patients have some commonalities and differences in brain regions with impaired functional and structural brain networks. The commonalities are represented by the disrupted MFG, STG and PhG. This may indicate that the structure and function of the brain are closely related and abnormal brain structure is accompanied by the weakening of the corresponding function. In another work (Jin et al., 2021b), we found significant correlations between structural and functional parameters by employing tract-based spatial statistical analysis and voxel-mirrored homotopic connectivity methods. The differences are reflected by the abnormal CAU, SMG, BCG, and SOG, ORBsup regions (observed in structural network, but not in functional network) and the disrupted ITG (observed in functional network, but not in structural network). It indicates that different definitions of network connections have a wide range of influences on network topology (Liang et al., 2009; Korhonen et al., 2021). Therefore, how determining a reasonable connectivity measure for the nature of brain connectivity becomes an important issue in this field.

In conclusion, a comprehensive quantitative assessment of the similarity and specificity of structural and functional brain networks combined with multimodal imaging techniques remains an important direction for current research (Park and Friston, 2013; van Diessen et al., 2013).



Distinctive Connectivity Characteristics Between Groups

Significantly decreased structural connections were found in the PD FOG+ and PD FOG- groups. These brain regions were mainly located in the frontal lobe, occipital lobe, temporal lobe, parietal lobe, and marginal lobe. It is well known that the early symptoms of Parkinson’s disease are a decrease in dopamine input into the cortex and subcortical structures (Rodriguez-Oroz et al., 2009). The decreased structural connections in PD FOG+ patients are consistent with previous tract-based spatial statistic (TBSS) findings (Iseki et al., 2015; Wang et al., 2016). Decreased FA values have been found in widespread cortical and subcortical brain regions, including the frontal lobe, hippocampus, striatum, internal capsule, and cerebellum (Pietracupa et al., 2018; Bharti et al., 2019). Using the NBS method, functional network-based rs-fMRI has found decreased functional connections in the sensorimotor cortex, visual network, default mode network, auditory network, dorsal attention network, subcortical regions, and limbic network (Ruan et al., 2020).

More importantly, we found that PD FOG+ patients showed significantly decreased structural connections in the frontal pole, temporal pole, parietal lobe, and marginal lobe compared with PD FOG- patients. Those findings may indicate that PD FOG+ patients showed more disrupted structural connections. Based on structural connectivity and topological properties of brain network among the three groups, we found that PD FOG+ patients displayed disrupted structural connectivity and topological properties compared with PD FOG- and HC groups. Especially, PD FOG+ patients showed decreased BC in CAU, which is related to the severity of FOG, and decreased structural connectivity. These findings may indicate that during the transition from PD FOG- to PD FOG+, there may be changes in structural connectivity (edge) and topological properties of the brain region (node), and these altered regions should receive more clinical attention. Both nodes and edges are fundamental components of brain networks, and node-centric and edge-centric network models are regarded as complementary approaches to revealing the organizational characteristics of the nervous system (Stanley et al., 2013; Faskowitz et al., 2020, 2022). In addition, we also found no significant differences in global parameters between PD FOG+ and PD FOG-, possibly because regional brain abnormalities did not extend to global changes. These results may provide a potential basis for formulating clinically targeted treatments.



Limitations

There are several limitations to our study. First, the sample size of all subjects was relatively small, which may reduce the statistical ability. Second, our study is cross-sectional; therefore, the dynamic alterations of related regions and measures cannot be examined during the progression of PD FOG+ from PD FOG-. Third, this is the first study to use graph theory to explore the topological properties of the structural brain network in PD FOG+ patients, and the results need to be further tested to prove their validity.




CONCLUSION

The structural brain network of the PD FOG+, PD FOG-, and HC groups showed small worldness properties. As displayed in Figure 8, compared with HCs, PD FOG+ patients showed decreased structural connections, γ, and CE, and increased Nloc. PD FOG+ patients exhibited decreased BC, DC, and NE in several regions, and these brain regions were mainly located in the prefrontal cortex, supplementary motor area, hippocampus, cingulate gyrus, and occipital gyrus bilateral striatum. Compared with PD FOG-, PD FOG+ patients showed significantly decreased BC in the right CAU and decreased structural connections in the frontal pole, temporal pole, parietal lobe, and marginal lobe. These results may suggest the disruption of the structural network in PD FOG+. These findings may help understand the pathophysiological mechanism of FOG and provide new ideas for studying the neurobiology of FOG. The topological properties of abnormal brain regions can be used as potential biomarkers, which will help the early diagnosis, identification, and treatment of PD FOG+ patients.
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FIGURE 8. Schematic diagram of the main conclusions.
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Detection of early morphological changes in the brain and early diagnosis are important for Alzheimer’s disease (AD), and high-resolution magnetic resonance imaging (MRI) can be used to help diagnose and predict the disease. In this paper, we proposed two improved ResNet algorithms that introduced the Contextual Transformer (CoT) module, group convolution, and Channel Shuffle mechanism into the traditional ResNet residual blocks. The CoT module is used to replace the 3 × 3 convolution in the residual block to enhance the feature extraction capability of the residual block, while the Channel Shuffle mechanism is used to reorganize the feature maps of different groups in the input layer to improve the communication between the feature maps from different groups. Images of 503 subjects, including 116 healthy controls (HC), 187 subjects with mild cognitive impairment (MCI), and 200 subjects with AD, were selected and collated from the ADNI database, and then, the data were pre-processed and sliced. After that, 10,060 slices were obtained and the three groups of AD, MCI and HC were classified using the improved algorithms. The experiments showed that the refined ResNet-18-based algorithm improved the top-1 accuracy by 2.06%, 0.33%, 1.82%, and 1.52% over the traditional ResNet-18 algorithm for four medical image classification tasks, namely AD: MCI, AD: HC, MCI: HC, and AD: MCI: HC, respectively. The enhanced ResNet-50-based algorithm improved the top-1 accuracy by 1.02%, 2.92%, 3.30%, and 1.31%, respectively, over the traditional ResNet-50 algorithm in four medical image classification tasks, demonstrating the effectiveness of the CoT module replacement and the inclusion of the channel shuffling mechanism, as well as the competitiveness of the improved algorithms.

Keywords: Alzheimer’s disease, MRI, CoT module, Channel Shuffle, ResNet, medical image classification


INTRODUCTION

Alzheimer’s disease (AD) is the most common degenerative neurological disease among the elderly, accounting for approximately 80% of all dementia subjects, and is the sixth leading cause of death in the United States (Dunn et al., 2021). According to the level of cognitive impairment, there are also conditions that have not been diagnosed as AD, namely healthy controls (HC) and moderate cognitive impairment (MCI). Among them, MCI is a common cognitive decline disorder, which is a transitional state between HC and AD (Mimura et al., 2021). Around the world, more than 55 million people are estimated to have dementia, and the number of people affected will increase to 139 million by 2050 (Kuehn, 2021). Although many clinical trials of drug candidates are now underway, there are few effective therapeutic agents for AD (Yamamoto et al., 2022). Early diagnosis and intervention of AD have the potential to delay or slow down the disease from progressing, so early diagnosis studies of AD are of great importance (Laske et al., 2015).

In recent years, magnetic resonance imaging (MRI) has been valuable in evaluating AD patients. We have identified it as the imaging method for many clinical conditions. An important feature of AD is progressive brain atrophy, which can be detected with the help of high-resolution quantitative MRI scanning techniques that can examine changes in brain anatomy in vivo and identify areas that are affected in the early stages of AD (Chan et al., 2001). However, manual analysis and processing of MRI images have the disadvantages of being subjective and time-consuming. Algorithm-based computer-aided diagnosis can better classify medical images, which can help doctors improve diagnosis efficiency. Deep learning technology has excellent learning ability for images, and it has great advantages in the processing and analysis of complex brain neuroimaging. MRI voxel points were used as features (Salvatore et al., 2015), followed by principal component analysis (PCA) to reduce the complexity of the data, which was then fed into a support vector machine (SVM) (Hearst et al., 1998) to train a classification model that achieved an accuracy of 76% for AD vs. HC. An SVM is a weak classifier, and multiple weak classifiers can be integrated into one strong classifier by Adaboost (Hastie et al., 2009) algorithm to further improve the accuracy of classification. Bilateral hippocampal volumes and low-frequency amplitude values with significant differences in all groups of brain regions were selected as classification features (Falahati et al., 2014), and the MRI data of AD, MCI, and HC were classified in pairs using the Adboost integration method, and the accuracy of AD vs. HC classification could reach 78.57%. However, the above-mentioned studies required many complex pre-processing tasks, which were time-consuming and did not provide high accuracy in classification. Because traditional machine learning algorithms are sensitive to data. However, deep learning techniques alleviate this problem by not requiring many pre-processing steps on the data, and just feeding the simply processed data to the algorithmic model, which can be trained to learn the features of the data and can classify and identify AD (Ding et al., 2019; Sharma et al., 2020; Suh et al., 2020). A deep learning-based cascaded autoencoder for feature representation (Suk and Shen, 2013), which combined latent information such as nonlinear relationships with original low-level features, helped to construct a robust model for AD: MCI classification with high diagnostic accuracy, and experiments conducted on the ADNI dataset showed that the accuracy of the method for AD and MCI diagnosis was 95.9% and 85.0%, respectively. To effectively mitigate the over-fitting of the network, the dropout method provided a simple technique to avoid the over-fitting in feed-forward neural networks. A robust deep learning system to identify different progression stages of AD patients based on MRI and positron emission tomography (PET) scans (Li et al., 2014), using dropout techniques, improved classical deep learning algorithms by preventing co-adaptation of weights, with an average improvement of 6.2% in classification accuracy. The fusion of traditional machine learning algorithms with deep learning also has some advantages. Deep Belief Network (DBN) was used for MRI and PET images (Ortiz et al., 2016), and the DBN automatically extracted the high-dimensional features for the training of the support vector machine. The high-dimensional features extracted from the last convolution layer of the CNN were flattened into a one-dimensional vector and fed into a fully connected network with a SoftMax classifier to obtain an AD vs. HC classifier for AD-aided diagnosis. In recent years, the algorithmic framework of transfer learning has also been applied to image classification problems. The early stages of AD were diagnosed by using hierarchical transfer learning and tissue segmentation of brain images (Mehmood et al., 2021). The proposed model outperformed the latest models in testing accuracy in layer-by-layer transfer learning using VGG (Simonyan and Zisserman, 2014) architecture with pre-trained weights for classification.

Machine learning techniques, especially deep learning techniques, are driving innovation in AD recognition and classification tasks. However, the problems of a large number of model parameters, the difficulty in training the models, and the unsatisfactory accuracy of AD recognition are still significant. Therefore, finding a deep learning classification method with a few parameters and efficient to train is substantial for the recognition and classification of AD.

In this paper, two improved image classification network models based on ResNet-18 and ResNet-50 (He et al., 2016) are proposed. The two algorithms introduce a self-attention mechanism (Vaswani et al., 2017) and partial convolution layer to extract global and local features of the input information, respectively, and add group convolution and Channel Shuffle mechanism (Zhang et al., 2018) to the ResNet-50 module, which can effectively improve the model’s global and local information attention, enhance the feature extraction ability of residual blocks, and improve the classification accuracy for different levels of AD and HC.



RELATED WORK


Residual Neural Network

There have been a series of breakthroughs in computer vision in the past few years. In particular, introducing deep convolution neural networks has achieved many advanced results in image classification and recognition problems. Therefore, many researchers prefer to use deeper neural networks to solve more complex tasks and improve the accuracy of classification and recognition by adding more layers to the network. However, as the number of layers of neural networks continues to deepen, training becomes difficult, and accuracy decreases. Deep Residual Network (ResNet) is a specific type of neural network proposed by He et al. (2016) further to deepen the number of layers of the network, and the model won first place in the ILSVRC 2015 classification competition with a top-5 error rate of 3.57%. ResNet emerged mainly to solve the complex problem of stacking residual blocks in deep neural networks, thus improving the network’s accuracy and performance. By introducing residual blocks, the issue of training very deep networks is eased. ResNet skips some intermediate layers, called skip connections, which are the essence of residual blocks, unlike traditional neural networks.

The residual block in ResNet comprises a weight layer and a ReLU function (Agarap, 2018). When the input is x, the learned feature is denoted as H(x), and the residual part is F(x) = H(x)−x. The stacked layers further learn new features based on the input features. The network has better performance, and even if the learning in the network is 0, even when the residual knowledge is 0, the identity mapping will not cause the network performance to degrade. From a mathematical point of view, it can express the learning of the residual block as:
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Among them, the input and output of the l-th residual block unit are xl and xl + 1, respectively, the learned residual is denoted as F, h(xl) = xl represents the identity mapping, and f represents the ReLU activation function, which can be obtained from the shallow layer of the network. The features learned from l to deep L can be expressed as:

[image: image]

The gradient back-propagation (LeCun et al., 1988) process for ResNets can be obtained using chain derivation rules:

[image: image]

The gradient generated by the loss function reaching the deep layer of the network is [image: image], and the gradient generated by the constant mapping is 1. The existence of “1” can ensure that the gradient will not disappear during the back-propagation, so the residual block can be used to deepen the level of the network and learn more features. It should be noted that the number of channels of some 3 × 3 convolutional layers in the residual block has not changed.



Contextual Transformer

Inspired by Transformer’s self-attention mechanism in natural language processing, many researchers have explored the application of the self-attention mechanism in computer vision task scenarios. By the combination of attention mechanism, it can not only verify the judgment basis of the deep learning model, but also make the deep learning model pay more attention to the important features in order to improve the performance of the deep learning model. In addition, the attention mechanism can be effectively used in medical image analysis, and its application to medical image processing has a good prospect.

First, channel-based attention or non-local relations across images add self-attention to the convolution neural network. Second, the extraction of visual features by the convolution neural network is enhanced by replacing some convolution layers with self-attention layers, thus improving image classification and detection. Third, it combines the attention mechanism with convolution features and achieves excellent results. Under the same computational cost and model size constraints, the architecture of the attention mechanism can achieve competitive image classification accuracy. Traditional self-attention mechanisms interact based on input obtained feature information across different spatial locations, but all paired query–key relationships are independently learned on isolated query–key pairs without exploring the context between their transmission. It can fuse rich contextual information and play a huge part in visual representation of 2D images. Therefore, a new attention mechanism–contextual transformation module is considered to be added to ResNet. It showed the architecture of the contextual transformer (CoT) module (Li et al., 2022) in Figure 1. The CoT module combines the advantages of Transformer and CNN, where Transformer can get the global information of input features and CNN can capture the local knowledge of input features, combining the advantages of each to improve the feature representation of input information by the network model. It showed the architecture of the CoT module in Figure 1.


[image: image]

FIGURE 1. Contextual Transformer (CoT) block architecture.


H, W, and C denote the height, width, and number of channels of the input data X, D is the change value of the channel, Ch is the header number, Q, K, and V represent queriers, keys, and values respectively, θ and δ denote 1 × 1 convolution operations, ⊗ denotes matrix multiplication, and Wv denotes embedding matrix. Firstly, for the input feature X, three variables, namely, Q = X, K = X, V = XWv, are defined. A convolution of k × k is performed on K to get K with local contextual information representation, denoted as K1, which can be regarded as static modeling of local information. Then, K1 and Q were concatenated, and then, two successive convolution operations were performed on the result of the concatenation.

[image: image]

where A matrix is got from the interaction of query information and local context information, rather than just modeling the relationship between query and key. It is the self-attention mechanism that is enhanced by the guidance of local context modeling K1. Finally, this attention map was multiplied by V to get the dynamic context modeling K2. Finally, the result of CoT is the fusion of K1 for local static context modeling and K2 for global dynamic context modeling.

Overall, the input image data dimensions are first convolved by k × k convolution kernel to obtain the local information of the image, and then, the local information is spliced and fused with the original input information, so that the number of channels of output features becomes twice that of the original. Secondly, the attention matrix is obtained by two convolution kernels, and then, the matrix product operation is performed with the output result of convolution kernel operation to obtain the local and global information of the image. Finally, the local features extracted by CNN and the global features extracted by self-attention are added and fused to obtain the output feature Y. It is worth noting that the input dimension of the CoT module is consistent with the output dimension, and the number of channels has not changed. Therefore, it can be embedded into the residual block of ResNet.



Channel Shuffle Structure

Channel Shuffle is an operation that helps information flow across channels in a convolution neural network. If a group convolution is allowed to take input data from different groups, the input and output channels will be correlated, which allows information to be communicated interactively between different groups. Specifically, for the feature map generated by the upper layer, the channels in each group can be divided into several subgroups, and then, different subgroups can be transferred to each group in the next layer, so the information exchange between subgroups of group convolution is strengthened. The operation process of Channel Shuffle is shown in Figure 2. Figure 2A shows an ordinary group convolution operation, which isolates all the operations, resulting in the output into associating a very small part of the input information, resulting in the result that the information between groups cannot be exchanged, thus reducing the expressiveness of the input; Figure 2B shows a random disruption reassignment for the dimension of the output, which is actually uniform disruption operation, dividing the output of each group into multiple subgroups and then inputting multiple subgroups into different groups in order to realize that the information between groups can be retained; and in Figure 2C, the feature map of the output in Figure 2B is reorganized, and the input of the next layer is from different, ensuring that the information can be interactively circulated between different groups.


[image: image]

FIGURE 2. Schematic diagram of the operation of Channel Shuffle.





ALGORITHM DESIGN


The First Algorithm

The first algorithm takes the ResNet-18 structure as the backbone network. The main idea is to replace a convolution block in the module of ResNet-18 with a CoT module. In convolution operation, because of the small receptive field of the convolution kernel, the output feature information extracted through the convolution kernel is limited. At the same time, the self-attention mechanism can get global information through the larger receptive field. Therefore, introducing the CoT module for ResNet means introducing the contextual information of self-attention mechanism for ResNet-18 and combining the local contextual information extracted by convolution to effectively fuse the two and improve the visual representation of ResNet.

As shown in Figure 3, the improvement in the module is mainly to use the CoT module to replace the convolution block in the original residual block and to improve the feature expression ability of the residual block to the input data. The left figure is the original residual block, containing two convolution layers and a skip connection. The output of the first convolutional layer is activated using the ReLU function, and then the input is added directly before the final ReLU activation function by skipping two convolutional operations. Output features are output as the extracted features. The right figure shows the improved residual block, replacing the convolution block in the original residual block with the CoT module, introducing an attention mechanism to the ResNet, and further enhancing the feature representation and performance of the algorithm. The structure of the improved CoT-ResNet-18 is shown in Figure 4, and the comparison between ResNet-18 and CoT-ResNet-18 is shown in Table 1.


[image: image]

FIGURE 3. Comparison of the improved ResNet-18 residual block. (A) ResNet-18 residual block. (B) Improved residual block.



[image: image]

FIGURE 4. CoT-ResNet-18 architecture diagram.



TABLE 1. Comparison of ResNet-18 and CoT-ResNet-18.

[image: Table 1]
As shown in Figure 4, the 3 × 3 convolution blocks in the original architecture of ResNet-18 are replaced with the CoT module, which can further enhance the feature extraction capability of the network for the input data. Each residual block can learn the global and local information of the input features using the self-attention mechanism and convolution operation in the CoT module. Then, the global and regional information can be fused, enhancing the network model’s ability to represent the input features and thus improve the performance based on the original ResNet-18. The network’s input is a 224 × 224 2D image, which goes through multiple residual blocks and a final fully connected layer to achieve disease classification and prediction.



The Second Algorithm

The second algorithm takes the ResNet-50 structure as the backbone and improves based on the residual block. The CoT module is used to replace the 3 × 3 convolution blocks in the original residual blocks, the 1 × 1 convolution blocks are changed to group convolution, and then, the grouped output feature maps are channel shuffled. The primary purpose is to enhance the feature extraction ability of the data using the CoT module and then reduce the number of parameters of the model using group convolution to enhance the information communication between different groups to achieve the purpose of improving the classification accuracy and slightly reducing the number of model parameters. A learnable grouped convolution is used in ResNet-50 to replace the normal convolutional layers, allowing flexible grouping structures and yielding better representation capabilities. The grouped convolution approach allows for a better trade-off between accuracy and speed than normal convolution.

As shown in Figure 5, the Figure 5A shows the bottleneck block of ResNet-50, which contains two 1 × 1 convolution layers with the main purpose of changing the number of channels and 3 × 3 convolution layers for extracting features from the input information; the Figure 5B shows the improved residual block, whose basic structure is similar to that of the bottleneck block. Improvements include replacing the 1×1 convolution layers in the bottleneck block with 1×1 group convolution layers, and adding the Channel Shuffle mechanism to randomly reorganize the output features after the group convolution layers to enhance the information exchange of the output features from different groups. The improved residual block shown in Figure 5B is named CoT with Channel Shuffle Bottleneck (CCS Bottleneck). The enhanced CCS-ResNet-50 model architecture is shown in Figure 6, and the comparison between ResNet-50 and CCS-ResNet-50 is shown in Table 2.


[image: image]

FIGURE 5. Comparison of the improved ResNet-50 residual block. (A) ResNet-50 residual block. (B) Improved residual block.
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FIGURE 6. CCS-ResNet-50 architecture diagram.



TABLE 2. Comparison of ResNet-50 and CCS-ResNet-50.

[image: Table 2]
As shown in Figure 6, the CCS-ResNet-50 architecture is divided into five stages, of which Stage 0 has a simple structure and can be regarded as the pre-processing of inputs, while the last four stages are composed of CCS Bottleneck and have a similar structure. The remaining three stages include 4, 6, and 3 CCS Bottleneck, respectively, and finally, the output is implemented via average pooling and full connection.



Loss Function

The cross-entropy (Zhang and Sabuncu, 2018) loss function is used for the training of the improved ResNet. For the multi-classification task, the cross-entropy loss function is that,

[image: image]

where M is the total number of ADs with different levels, po,c is the probability value that the model determines that the observation item o belongs to class c, and it is a binary indicator (0 or 1). If the observation item o can be correctly classified as c, the value of yo,c is 1; otherwise, it is 0. When performing batch training to calculate the loss, the cross-entropy loss function is used to evaluate the difference between the probability distribution of the model’s current training and the true data distribution. The smaller the value calculated by the cross-entropy loss function, the closer the two distributions are.



Experimental Parameter Setting

This paper has implemented the two proposed algorithms using the commonly used machine learning library PyTorch 1.9.0+cu102 and Python 3.6 for building the network module. Hardware platforms used for the experiments are as follows: CPU is Intel(R) Xeon(R) Silver 4214, GPU is NVIDIA GeForce RTX 3090, and a video memory size is 48G. The processed MRI dataset contains 10,060 sliced images containing 4,000 AD slices, 3,740 MCI slices, and 2,320 HC slices. The 10,060 slices were randomly disorganized. The training, validation, and test datasets were split into 8:1:1, and the accuracy of the AD:HC, AD:MCI, MCI:HC, and AD:HC:MCI tasks was evaluated to examine the performance of the model classification. In the model training process, the experimental loss function is the cross-entropy loss function, and the model optimization uses the Adam optimizer (Kingma and Ba, 2014), with the initial learning rate set to 3e-5 and the batch size set to 32. The number of training epochs is set to 100, and if the model is failed to improve in every 10 training epochs, the learning rate is reduced by 10 times, and if the training loss does not decrease after 30 epochs, the training is stopped to prevent over-fitting. The models are trained and learned for 10 epochs, the performance of the models is tested on the validation set, the models with the highest accuracy on the validation set are saved, and when all training is complete, the final classification accuracy is tested on the test set. For the evaluation criteria of the experiments, we used the top-1 accuracy, precision, and recall, which are commonly used in image classification tasks, to evaluate the model’s classification with the following equations defined,
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TP (true positive) indicates the positive samples predicted by the model as positive class, TN (true negative) indicates the negative samples predicted by the model as negative class, FP (false positive) indicates the negative samples predicted by the model as positive class, and FN (false negative) indicates the positive samples predicted by the model as negative class. Thus, the accuracy indicates the ratio of the number of samples correctly classified by the model to the total number of samples; the precision rate indicates the proportion of results predicted to be positive classes that are correct; and the recall rate indicates the proportion of samples that are actually positive classes that are correctly judged to be positive classes (Raschka, 2014).




PROCEDURES


Alzheimer’s Disease Neuroimaging Initiative Data Acquisition

The Alzheimer’s Disease Neuroimaging Initiative (ADNI) was launched in 2003 and is led by Principal Investigator Michael W. Weiner, Ph.D., and its Web content is available at https://adni.loni.usc.edu/. The primary purpose of the ADNI is to investigate whether it is possible to combine a range of MRI, other biomarkers, and clinical and neuropsychological assessments to measure the progression of mild cognitive impairment and early AD. This project then opens up the data so that researchers worldwide can share data that can help explain the mechanisms of disease that occur in the preclinical and early stages of AD. Although there is currently no cure for AD, the ADNI database has dramatically facilitated the study of AD by researchers. In the ADNI database, data for each modality are classified into many categories, such as AD, MCI, and HC, according to their level of disease, and images of subjects with AD, MCI, and HC are classified using MRI data. However, the number of images in this study required a rather limited convolution neural network, and only a few slices of data are available for training and classification.

In this paper, we have selected data that are publicly available in the ADNI database. Before data download, ADNI will give a CSV table to record the subject’s number, gender, subject time, disease description, and other information for the data in this database Based on the table information, we filtered the MRI 3D image data with T1 weight from the ADNI1 period and got the data of 503 subjects, which contained 116 HC, 187 MCI, and 200 AD. It shows the statistical information of the final filtered data in Table 3. It showed the 3D MRI image of a randomly selected subject from the collated data in Figure 7.


TABLE 3. Detailed descriptive information of the filtered data.

[image: Table 3]
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FIGURE 7. Example of 3D MRI image.




Data Pre-processing

The data in the ADNI database may vary due to different sample acquisition conditions, which are mainly reflected in the equipment used to acquire the data which may be from other manufacturers, the operation of the medical personnel, the time of data acquisition, and so on. Various factors cause the differences between the data, so a series of pre-processing operations are required to achieve the requirements of feature extraction, feature selection, and image recognition and classification. It showed the steps of pre-processing the 3D MRI sample data in Figure 8.


[image: image]

FIGURE 8. Flowchart of data pre-processing.


We can divide the pre-processing of the data into the following five steps (Kun et al., 2020). (1) The downloaded data are in NIFTI format. It registered all MRI sample data with the MNI152 template using the tool FSL (Jenkinson et al., 2012) under Ubuntu, which is used to align the MRI data of all subjects to the same three-dimensional coordinate space to correct their spatial positions. (2) For a more accurate analysis of MRI sample data, it is necessary to use the skull culling method to remove voxel values from irrelevant background regions and keep only brain tissue in intracranial regions, reducing some irrelevant information and noise. Also, use the bet robust algorithm in FSL under Ubuntu for skull culling, set the fractional intensity threshold to 0.65, remove some unnecessary voxel values, and make image analysis more focused on image research. (3) Different MRI sample data have certain size differences. It is necessary to uniformly size the image after skull culling and scale it to 128 × 128 × 128. (4) Normalize the voxel value of the scaled MRI images, use the maximum and minimum normalization method, and then multiply it by the coefficient 255 to control the range of voxel value within 0–255. (5) With reference to other papers (Bae et al., 2020), the reason for selecting the 20 clearest coronal slices for each subject was to cover the entire hippocampus, as this region contains the most important information for the classification of AD. The processed data are sliced according to the coronal direction’s main view direction. We can regard the 3D MRI sample data as a stack of multiple continuous 2D images with a certain continuity. Therefore, 20 intervals with clear tissue structure in each sample are selected as the experimental data.

As shown in Figure 9, the 3D MRI sample data in the dataset were opened randomly using MRIcron software.1 The left picture is the original downloaded image from the database, the middle picture is the image after registration, and some pictures are the image after skull culling. When the score threshold parameter of skull culling is set to 0.65, more unnecessary parts are removed and only relatively clear parts of brain tissue are retained.


[image: image]

FIGURE 9. Sample slices of MRI images after registration and skull removal.





EXPERIMENTAL RESULTS


The Analysis of Experimental Results

The experiments used 3D MRI data collated and filtered from the ADNI database, and the data were pre-processed and then sliced to get 10,060 MRI 2D slice data. The image data samples were then input into the proposed classification network to obtain the classification results for AD. It showed the results of the correct classification rate of MRI data in Table 4, and Acc stands for the classification accuracy, Pre stands for precision, Rec stands for recall. The bolded numbers in Tables 2–5 indicate the maximum values in their columns, and so on.


TABLE 4. Experimental results of AD:MCI classification on MRI slices (unit: %).
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TABLE 5. Experimental results of AD:HC classification on MRI slices (unit: %).
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As shown in Table 4, compared with the traditional ResNet-18 model, the CoT-ResNet-18 model improves the accuracy of the AD:MCI classification task by 2.06%, indicating the effectiveness of the CoT module. On the basis of the ResNet-50 model, the Channel Shuffle mechanism is added, which has a slight improvement in performance. At the same time, the CoT model was added on the basis of the introduction of the Channel Shuffle mechanism and achieved a recognition accuracy rate of 96.23% in the classification task, with a precision rate of 94.87% and a recall rate of 93.91%.

As shown in Table 5, compared with the traditional ResNet-18 model, the CoT-ResNet-18 model improves the accuracy by 0.33% in the classification task of AD:HC. The CCS-ResNet-50 model achieved a recognition accuracy of 97.90% in this classification task, with a precision of 96.47% and a recall rate of 98.40%.

As shown in Table 6, compared with the traditional ResNet-18 model, the CoT-ResNet-18 model improves the accuracy of the MCI:HC classification task by 1.82%. The CCS-ResNet-50 model achieved a recognition accuracy of 91.75% in this classification task, with a precision rate of 92.98% and a recall rate of 94.40%.


TABLE 6. Experimental results of MCI:HC classification on MRI slices (unit: %).
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As shown in Table 7, compared with the traditional ResNet-18 model, the CoT-ResNet-18 model improves the accuracy by 1.52% in the classification task of AD:MCI:HC. Compared with the traditional ResNet-50 model, the CCS-ResNet-50 model achieved a recognition accuracy of 88.61% in this classification task.


TABLE 7. Experimental results of AD:MCI:HC classification on MRI slices (unit: %).
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In summary, it showed the results to explain:


1.The effectiveness of CoT module. Compared with the traditional attention mechanism, the CoT module absorbs the contextual information among the nearest neighbors of the input information. Moreover, it combines the advantages of convolution operations to fuse the global and local information of the input features, which improves the expression ability of the output features and thus enhances the feature extraction ability of the residual blocks of ResNet.

2.The group convolution and Shuffle Channel mechanisms are introduced in the residual bottleneck block of ResNet-50, replacing two 1 × 1 convolution layers with group convolution and then enhancing the communication exchange of output features from different groups by random channel confusion. The experimental results show a slight reduction in the number of parameters of the model with guaranteed accuracy improvement.





Comparison With Other Methods

Therefore, the comparison of the experimental results in this paper is consistent with previous studies that have used slices of MRI data from the ADNI to verify the performance of the algorithm.

As shown in Table 8, the two algorithms proposed in this paper have improved the classification results for different levels of Alzheimer’s disease compared with the methods proposed by previous researchers (Liu and Shen, 2014; Sarraf and Tofighi, 2016; De Luna and Marcia, 2021; Hasan et al., 2021; Xu, 2021), while this paper extends the classification between the two previously studied diseases to three categories and achieves better classification results. Among them, Sarraf et al. used the classical architecture LeNet-5 to classify functional MRI data of AD subjects with normal controls, and the accuracy of the tested data reached 96.85%, with the simple structure of LeNet-5 and limited ability to extract data. We further developed from the idea from Xu et al. whose approach was to use ResNet-50 as the backbone network and replace the 3 × 3 convolution with SKNet (Li et al., 2019), achieving a higher classification accuracy. Our idea is to replace the 3 × 3 convolution with a CoT module. The experiments showed that our experimental results achieved better classification results. Therefore, introducing the CoT module, group convolution, and Channel Shuffle mechanism into the residual block in ResNet is more reasonable and fully illustrates that the improved algorithm is competitive.


TABLE 8. Experimental results of classification of MRI data.
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DISCUSSION AND CONCLUSION


Discussion

The aim of this study is to investigate two novel models based on ResNet in order to classify AD, NC, and MCI, which can automatically extract features of MRI images for classification and can greatly simplify the pre-processing steps without complex manual processing operations. From the analysis of the experimental results in Table 4, the results showed that the application of the CoT module and the Channel Shuffle mechanism to ResNet can significantly improve the accuracy of the MRI image classification. We achieved satisfactory results in the image classification. In particular, in the classification task of AD:NC, a recognition accuracy of 97.50% was achieved, which was attributed to the more pronounced differences in the brain scans of structural MRI for HCs and AD patients, and the model was also able to accurately extract that feature and then use it for classification. From the comparison in Table 5, we also achieved good classification results in the classification tasks of AD:MCI, AD:HC, MCI:HC, and AD:NC:MCI, most of which were higher than the classification accuracies of the existing models. In summary, it is also shown that our proposed model has the following advantages: (1) The MRI images used do not require complex manual processing operations, such as segmentation of white matter and cerebrospinal fluid, and CoT-ResNet-18 and CCS-ResNet-50 models can automatically extract feature information from the more complex and subtle 2D images in the data; (2) the two models built using the ResNet-style architecture are reasonable for the analysis of medical images and they have a simple structure. It is noteworthy that both the CoT modules played a prominent role in enhancing the feature extraction of the residual blocks of ResNet, allowing the performance of the models to be further improved; and (3) we extended the traditional two-class classification of AD to three-class classification, and the results showed the excellent performance and robustness of the models. From the experimental results in Tables 4, 5, we can see that the two models used in this experiment have much room for improvement in improving the classification of the AD, MCI, and HC from each other. For future research, the focus can be on the optimization on the network structure, the change of convolution kernel, the step size of the convolution layer, and the update of the loss function. Of course, the above improvements to the models also apply to general image classification tasks, and perhaps, better results can be obtained.



Conclusion

This paper designed two algorithms based on ResNet and showed their improved performance for AD image classification. First, the convolution layers of residual blocks are replaced with ResNet-18-based CoT modules, and the attention mechanism is introduced into the ResNet, where each residual block enhances the information extraction ability of the input data on top of the original one, thus improving the performance of the whole network. Second, based on the improvement in the ResNet-50 model, the 3 × 3 convolution layers in the ResNet-50 residual blocks are also replaced with CoT modules. The combination of the self-attention mechanism and convolution operations is used to extract the local and global information of the input information and fuse them to enhance the information extraction ability of the residual blocks. Then, two convolution layers are replaced by group convolution. We introduced the Channel Shuffle mechanism, which can randomly disrupt and reorganize the output feature maps after group convolution to enhance the information interaction between groups, reducing the number of model parameters without degrading the model performance. Finally, experiments are conducted on MRI slices ADNI data. Both algorithms designed in this paper can improve the classification accuracy compared with the existing conventional network model, showing the effectiveness of the ResNet-based attention module.
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Structural and Functional Brain Connectivity Uniquely Contribute to Episodic Memory Performance in Older Adults
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In this study, we examined the independent contributions of structural and functional connectivity markers to individual differences in episodic memory performance in 107 cognitively normal older adults from the BIOCARD study. Structural connectivity, defined by the diffusion tensor imaging (DTI) measure of radial diffusivity (RD), was obtained from two medial temporal lobe white matter tracts: the fornix and hippocampal cingulum, while functional connectivity markers were derived from network-based resting state functional magnetic resonance imaging (rsfMRI) of five large-scale brain networks: the control, default, limbic, dorsal attention, and salience/ventral attention networks. Hierarchical and stepwise linear regression methods were utilized to directly compare the relative contributions of the connectivity modalities to individual variability in a composite delayed episodic memory score, while also accounting for age, sex, cerebrospinal fluid (CSF) biomarkers of amyloid and tau pathology (i.e., Aβ42/Aβ40 and p-tau181), and gray matter volumes of the entorhinal cortex and hippocampus. Results revealed that fornix RD, hippocampal cingulum RD, and salience network functional connectivity were each significant independent predictors of memory performance, while CSF markers and gray matter volumes were not. Moreover, in the stepwise model, the addition of sex, fornix RD, hippocampal cingulum RD, and salience network functional connectivity each significantly improved the overall predictive value of the model. These findings demonstrate that both DTI and rsfMRI connectivity measures uniquely contributed to the model and that the combination of structural and functional connectivity markers best accounted for individual variability in episodic memory function in cognitively normal older adults.

Keywords: multimodal neuroimaging, individual differences, diffusion tensor imaging, resting state functional connectivity, episodic memory


INTRODUCTION

Growing interest in using neuroimaging methods to map the human connectome has led to advances in methods that allow for in vivo examination of both structural and functional connectivity throughout the brain. Structural (i.e., physical, anatomical) connections are typically measured using diffusion-weighted imaging (DWI), which allows for the visualization of white matter pathways by quantifying water diffusion properties in different types of brain tissue. Compared to ventricles and gray matter regions, which have more unrestricted, or isotropic, diffusion properties, white matter tracts (made up of myelinated axons) typically have more restricted, or anisotropic, diffusion due to the presence of myelin sheaths (Tournier et al., 2011; Jones et al., 2013; Soares et al., 2013). Diffusion tensor imaging (DTI) is a modeling technique used to index the direction and degree of anisotropic diffusion throughout brain tissue in order to characterize the microstructural properties of the underlying white matter (Alexander et al., 2007, 2011; Jones et al., 2013; Teipel et al., 2016).

By contrast, functional connections are typically measured as co-occurring fluctuations in brain activation patterns across different brain regions using resting state functional magnetic resonance imaging (rsfMRI). This technique measures intrinsic correlations between fluctuations in the fMRI blood oxygenation level-dependent (BOLD) signal across disparate brain regions while participants are at rest, in the absence of any cognitive task (Biswal et al., 1995, 2010; Park and Friston, 2013; Teipel et al., 2016). Regions exhibiting higher correlations are said to be functionally connected. Since rsfMRI relies on temporal dependencies in the BOLD signal and not underlying anatomical connections, it is possible to have functionally connected regions in the absence of direct structural connections (Honey et al., 2009); however, it is generally agreed that structural and functional connectivity are somewhat correlated (Honey et al., 2009; Suárez et al., 2020).

A growing body of literature suggests that both structural and functional connectivity tend to decline during normal aging and across the Alzheimer’s disease (AD) spectrum (for reviews, see Ferreira and Busatto, 2013; Contreras et al., 2015; Teipel et al., 2016; Damoiseaux, 2017; Moody et al., 2021; Yu et al., 2021). These age- and disease-related changes in structural and functional connectivity have largely been investigated separately for each respective modality. Only recently have studies begun to utilize multimodal neuroimaging methods to simultaneously examine both connectivity modalities. Moreover, only a few studies have examined multimodal structural and functional connectivity markers and their relation to cognition, particularly episodic memory. In terms of global cognition, Palesi et al. (2016) found that when combined functional and structural connectivity graphs were generated using DTI measures as weights for the functional connection metrics (i.e., edges), poorer cognition in mild cognitive impairment (MCI) and AD dementia patients, as measured by the Mini-Mental State Exam (MMSE), was associated with reductions in functional network measures (e.g., global efficiency, local efficiency, and connectivity strength). Similar results were obtained for memory performance, assessed with logical memory and spatial ability, as measured by the Rey-Osterrieth Complex Figure copy test. A recent study (Yu et al., 2020) also found that combined structural and functional features from connectomes both independently contributed to the prediction of MMSE scores and a list learning task (the Rey Auditory Verbal Learning Test, RAVLT) in MCI patients. In older adults with normal cognition at baseline, a longitudinal investigation using stepwise regression revealed that both structural connectivity change in the cingulum and caudate-cortical functional connectivity change uniquely contributed to the explained variance in memory changes over time, indexed by 5 minute delayed recall performance on the California Verbal Learning Test (Fjell et al., 2016). Similarly, structural and functional connectivity in parietal regions both independently accounted for 12-year changes in memory scores from the Free and Cued Selective Reminding Task in non-demented older adults (Edde et al., 2020).

The dearth of multimodal neuroimaging studies examining the relationship between the connectivity modalities and episodic memory has left open questions about the potential interplay between structural and functional connectivity in predicting individual differences in memory function in older adults. The present investigation sought to test whether examining the relative contributions of structural and functional neuroimaging connectivity measures together might improve the ability to predict individual differences in episodic memory among older adults. We utilized hierarchical and stepwise regression to test whether each modality provided independent, meaningful information in explaining the variance in memory performance. Our regression models also included cerebrospinal fluid (CSF) markers of amyloid (Aβ42/Aβ40) and phosphorylated tau (p-tau181), along with hippocampal and entorhinal gray matter volumes, which are recognized markers of AD-related pathology. We predicted that both structural and functional connectivity measures would uniquely contribute to individual variation in episodic memory performance in cognitively normal older adults, advocating for the utility of both connectivity modalities as important markers of individual differences in memory performance in older adults. In contrast, we predicted that the examined AD biomarkers would not contribute to individual differences in memory performance, based on our previous work (Alm et al., 2020) that found CSF markers of Aβ42 and total tau (t-tau), as well as medial temporal lobe gray matter volumes, were not significantly associated with delayed episodic memory performance in cognitively normal older adults. These measures were included, however, to test whether memory performance is better explained by the combination of structural and functional connectivity measures, after accounting for these AD biomarkers.



MATERIALS AND METHODS


Study Design

Data in the current study were derived from a subset of participants enrolled in the BIOCARD study, an ongoing longitudinal prospective cohort study aimed at identifying early biomarkers of AD. As previously described (Albert et al., 2014), the BIOCARD study began at the intramural program of the Geriatric Psychiatry Branch of the National Institutes of Mental Health (NIMH) in 1995. Participants completed comprehensive neuropsychological and clinical assessments annually, including a physical and neurological examination, record of medication use, and behavioral and mood assessments. MRI scans, CSF samples, and blood specimens were collected approximately every 2 years. In 2005, the study was stopped for administrative reasons, and in 2009, it was re-initiated when a research team at Johns Hopkins University (JHU) re-established the cohort and resumed annual assessments. Participants again began to complete annual cognitive and clinical assessments. Biennial collection of MRI (including diffusion-weighted imaging and rsfMRI data), CSF, and amyloid PET data began in 2015. Collection of tau PET imaging data was initiated in 2020. The data included in the present investigation were acquired beginning in 2015, with longitudinal data collection ongoing.



Participants

The original BIOCARD cohort was comprised of 349 participants, who enrolled in the study between 1995 and 2005. At baseline, all participants were judged to be cognitively normal, as ascertained by cognitive testing, and free of any significant medical problems [e.g., severe cardiovascular or cerebrovascular disease (CVD), chronic psychiatric disorders, or chronic neurologic disorders]. At the time of enrollment, participants were primarily middle-aged (M = 57.3, SD = 10.4, range = 20.0–85.8). By design, approximately 75% of the cohort had a first degree relative with AD dementia. Additional information regarding the BIOCARD cohort is detailed elsewhere (Albert et al., 2014).

The current study sample included cognitively normal participants with DTI, rsfMRI, CSF, and cognitive testing data available from the same visit. This yielded a sample of 107 participants (60.7% female) with a mean age of 69.01 (SD = 8.53, range = 34.43–89.08) and mean education of 17.50 years (SD = 2.09, range = 12–20). Participant characteristics are shown in Table 1.


TABLE 1. Participant characteristics.
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These data were collected between January 2015 and January 2017 as part of the ongoing longitudinal assessments of the larger BIOCARD cohort. All participants in the study sample were judged to be cognitively normal based on consensus diagnoses completed by the staff of the JHU BIOCARD Clinical Core, which is comprised of neurologists, neuropsychologists, research nurses, and research assistants. A syndromic diagnosis was first established (i.e., normal, MCI, Impaired not MCI, Dementia) based on three sources of information: (1) clinical data concerning the medical, neurological, and psychiatric status of the individual; (2) reports of changes in cognition by the participant and their informants; and (3) evidence of decline in cognitive performance based on review of longitudinal neuropsychological assessments of multiple cognitive domains with comparison to published norms. Participants were deemed free of other medical conditions that could affect cognitive function outside of the topic of study. In this study, the diagnosis of Impaired not MCI typically reflected contrasting results from the Clinical Dementia Rating (CDR) interview and the cognitive test scores, with the participant and informant expressing concerns about changes in cognition in daily life but no observed impairments on objective neuropsychological assessment or vice versa. Since participants with a diagnosis of Impaired not MCI (n = 20) do not meet criteria for MCI, they were included among the cognitively normal participants, consistent with prior publications (see Albert et al., 2014 for additional details). Finally, if a participant was determined to be not cognitively normal, then an etiologic diagnosis was made (e.g., AD, Frontotemporal Dementia, Lewy Body Dementia, etc.). This diagnostic approach is consistent with the guidelines of the National Institute on Aging – Alzheimer’s Association working groups (Albert et al., 2011; McKhann et al., 2011) and comparable to the approach employed at the National Institute on Aging Alzheimer’s Disease Centers program. All diagnoses were made without knowledge of the MRI or CSF biomarker measures.



Image Acquisition

Magnetic resonance imaging scans were collected on a 3T Philips Achieva scanner (Eindhoven, Netherlands). Diffusion-weighted images were acquired using a spin-echo sequence (TR = 7454 ms, TE = 75 ms, FOV = 260 mm × 260 mm, 0.81 mm × 0.81 mm × 2.2 mm voxels, flip angle = 90°, b-value = 700, number of gradients = 33, 70 axial slices, 275 s scan duration). Resting state BOLD data were acquired using a gradient-echo sequence (TR = 3000 ms, TE = 30 ms, flip angle = 75°, FOV = 212 mm × 212 mm, 3.3 mm × 3.3 mm × 3.3 mm voxels, 48 axial slices, 420 s scan duration). T1-weighted structural images were also acquired using a magnetization-prepared rapid gradient-echo (MPRAGE) sequence for anatomical reference and image registration (TR = 6.8 ms, TE = 3.1 ms, shot interval = 3000 ms, inversion time = 843 ms, flip angle = 8°, FOV = 256 mm × 256 mm, 1 mm × 1 mm × 1.2 mm voxels, 170 sagittal slices, 359 s scan duration).



Image Processing


Diffusion Imaging

Quality control and DTI reconstruction were performed using MRICloud (Mori et al., 2016)1, which follows the pipeline of DTIStudio (Jiang et al., 2006) for subject motion and eddy current correction, as well as tensor fitting. MRICloud offers a fully automated multi-atlas image parcellation algorithm, which combines the image transformation algorithm, Large Deformation Diffeomorphic Metric Mapping (LDDMM; Christensen et al., 1997; Miller et al., 1997; Grenander and Miller, 1998) based on complementary contrasts [mean diffusivity (MD), fractional anisotropy (FA), and fiber orientation; Ceritoglu et al., 2009], and a likelihood fusion algorithm for DTI multi-atlas mapping and parcellation (Tang et al., 2014). The DTI multi-atlas template set contains 12 healthy adult brains, and results in the parcellation of 168 brain structures, from which vectors of DTI scalar metrics (three eigenvalues) were extracted. Parcellations for each participant were visually inspected to ensure that the automated segmentation process yielded accurate delineations of the structures of interest.

Building on our previous study (Alm et al., 2020), we chose to focus our analyses on radial diffusivity (RD), as it was the most sensitive DTI measure in accounting for individual differences in episodic memory in our earlier findings. RD is an average of the two minor eigenvalues, reflecting diffusion perpendicular to the primary axis of diffusion. The absolute diffusivities, including RD, may be more sensitive to specific microstructural changes, compared to FA (Alexander et al., 2011). We also sought to restrict our number of a priori comparisons in order to minimize inflated false positive rates due to multiple comparisons. Given our prior findings and other established links between medial temporal lobe white matter tracts and episodic memory function, the fornix (restricted to the body and column due to resolution constraints) and hippocampal cingulum were selected as the structural connectivity measures of interest. Region of interest (ROI)-specific RD measures were obtained by averaging the left and right hemisphere RD values across all of the voxels within an ROI.



Resting State Functional Magnetic Resonance Imaging

Standard preprocessing of the resting state BOLD data was performed using SPM and in-house MATLAB scripts. Preprocessing steps included slice timing correction, realignment, normalization to MNI standard space, and spatial smoothing using a Gaussian filter with a full-width half-maximum of 4 mm (Hou et al., 2019). Data were detrended and bandpass-filtered to 0.01–0.1 Hz in order to retain low-frequency fluctuation components. Motion scrubbing was performed to discard volumes with a displacement of 0.5 mm or greater relative to the prior volume (Power et al., 2012, 2014). Volumes immediately before and after the displaced volumes were also discarded to account for temporal spread of artifactual signal resulting from the temporal filtering in the low-frequency functional signal (Chan et al., 2014).

Preprocessed images were then parcellated into 114 ROIs and grouped into 7 large-scale resting state functional connectivity networks based on the parcellation of Yeo et al. (2011). The functional connectivity networks included 5 cognitive networks: the executive control network, default mode network, limbic network, dorsal attention network, and salience/ventral attention network (henceforth referred to as the salience network); and 2 sensory-motor networks: the visual network and somatomotor network. The present study focused only on the 5 cognitive networks.

After regressing out nuisance covariates of whole brain signal, white matter signal, CSF signal, and six rigid-body motion parameters, cross-correlation coefficients were computed between all pairs of ROIs. Fisher-z transformations were performed in order to transform correlation coefficients into z-scores, yielding a 114 × 114 pairwise connectivity matrix. To calculate network-wise functional connectivity, the connectivity matrix was reduced from 114 × 114 to 7 × 7 by averaging the z-transformed correlations belonging to the same network.



Volumetric Magnetic Resonance Imaging

Gray matter volumes of interest included the volume of the entorhinal cortex and hippocampus. These ROIs were derived from the same MRICloud (see text footnote 1; Mori et al., 2016) multi-atlas parcellation methods described above. ROI volumes for the entorhinal cortex and hippocampus were measured by summing the number of voxels within each ROI and were averaged across hemispheres.




Cerebrospinal Fluid Assessments

CSF was collected via lumbar puncture during the same visit as MRI acquisition. 20 ml CSF was collected in the morning between 8 and 10 am after an overnight fast into a 50 ml polypropylene tube. After mixing and centrifugation at 2000 rpm for 15 min, 500 μl aliquots of CSF were frozen at −80°C within 60 min of collection. CSF Aβ42 (picograms/ml), Aβ40 (picograms/ml), and p-tau181 (picograms/ml) were measured using the Lumipulse G1200 assay (Fujirebio, Malvern, PA, United States). The ratio of CSF Aβ42/Aβ40 and p-tau181 were used in the current analyses. Assays were run in duplicate, and all samples were run in a single batch. Intra-assay coefficient of variation for this assay was 3.4% for Aβ42, 2.7% for Aβ40, and 1.8% for p-tau181. Three participants did not have CSF values available for the visit corresponding to their neuroimaging data and were therefore treated as missing cases for the CSF variables in the regression analyses.



Delayed Episodic Memory Composite Score

A delayed verbal episodic memory composite score was derived from performance on tasks within the neuropsychological battery administered during the same visit as MRI acquisition and lumbar punctures. Specifically, z-scored performance was computed for the California Verbal Learning Test (CVLT) long delay free recall and the Wechsler Memory Scale Logical Memory (LM) delayed recall measures. For each participant, the z-scored measures were then averaged to yield a single delayed memory composite score, as used in prior work in this cohort (Alm et al., 2020).



Statistical Analyses

Statistical analyses were performed using SPSS (Version 27). Hierarchical linear regression was used to examine the relative contributions of structural and functional connectivity markers to individual differences in delayed episodic memory performance, above and beyond potential contributions of CSF markers and gray matter volumes.

For the hierarchical regression model, the dependent variable was the composite delayed episodic memory score, and independent variables were added in blocks based on the different categories of variables, with simultaneous variable entry for each block. Step 1 included demographic variables of age and sex (years of education was not included, because it was not found to be a significant predictor of delayed episodic memory performance in our prior work; Alm et al., 2020). In Step 2, the ratio of CSF Aβ42/Aβ40 and p-tau181 were added as separate independent variables. In Step 3, entorhinal and hippocampal volume measures were added as separate independent variables. In Step 4, DTI microstructural measures (i.e., mean RD values) were added as separate independent variables for the fornix and hippocampal cingulum. In Step 5, network functional connectivity measures were added as separate independent variables for each of the following networks: executive control, default mode, limbic, dorsal attention, and salience network.

Based on the results of this analysis, a secondary analysis was conducted using stepwise linear regression to assess which measures entered on their own, rather than in blocks based on the type of measure, best accounted for individual variation in episodic memory. Stepwise regression also allowed us to examine which combination of measures predicted the highest proportion of explained variance in delayed memory. Unlike hierarchical regression, in which a block of variables can be entered simultaneously in a user-determined order, stepwise regression utilizes a mathematically driven approach to order of entry, whereby an algorithm determines which set of variables maximizes the overall proportion of explained variance. Independent variables were added one at a time to the model and subsequently removed if they did not statistically improve the overall model. Again, the dependent variable was composite delayed episodic memory score. The independent variables included were age, sex, Aβ42/Aβ40, p-tau181, entorhinal volume, hippocampal volume, fornix RD, hippocampal cingulum RD, and salience network resting state functional connectivity.




RESULTS


Hierarchical Linear Regression

In the hierarchical regression model, Step 1 included demographic variables of age and sex, [R2 = 0.09, F(2,101) = 5.15, p = 0.007] and revealed that sex was significantly associated with composite delayed memory score, with females having higher memory performance than males [β = 0.25, t(101) = 2.63, p = 0.01; Table 2]. Age was not a significant independent predictor of delayed memory performance [β = −0.17, t(101) = −1.74, p = 0.09]. The addition of the CSF markers in Step 2 did not yield a significant increase in the proportion of explained variance [ΔR2 = 0.00, ΔF(2,99) = 0.18, p = 0.84], nor were Aβ42/Aβ40 or p-tau181 significant predictors of episodic memory [β = 0.06, t(99) = 0.50, p = 0.62 and β = 0.001, t(99) = 0.01, p = 0.99, respectively]. Sex remained a significant predictor [β = 0.25, t(99) = 2.54, p = 0.01], but age was not significantly associated with memory [β = −0.16, t(99) = −1.60, p = 0.11]. Similarly, the addition of gray matter volumes in Step 3 did not significantly improve the model [ΔR2 = 0.01, ΔF(2,97) = 0.41, p = 0.66]. Age [β = −0.18, t(97) = −1.74, p = 0.09], sex [β = 0.21, t(97) = 1.89, p = 0.06], entorhinal volume [β = −0.05, t(97) = −0.46, p = 0.65], hippocampal volume [β = −0.08, t(97) = −0.71, p = 0.48], Aβ42/Aβ40 [β = 0.05, t(97) = 0.42, p = 0.67], and p-tau181 [β = −0.01, t(97) = −0.07, p = 0.94] were not significantly associated with memory in this model.


TABLE 2. Hierarchical regression explaining variability in delayed episodic memory composite.
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By contrast, the addition of DTI microstructural measures in Step 4 significantly increased the proportion of variance explained in episodic memory performance [ΔR2 = 0.10, ΔF(2,95) = 5.63, p = 0.005], and both fornix RD and hippocampal cingulum RD were significantly associated with episodic memory [β = −0.43, t(95) = −2.93, p = 0.004 and β = 0.31, t(95) = 2.76, p = 0.007, respectively]. Specifically, lower fornix RD and higher hippocampal cingulum RD were associated with better delayed memory performance. Sex was a significant predictor [β = 0.23, t(95) = 2.16, p = 0.03], but no other variables were significant (p’s > 0.47). Finally, there was no significant change in the proportion of explained variance after the addition of the resting state functional connectivity measures in Step 5 [ΔR2 = 0.06, ΔF(5,90) = 1.54, p = 0.19]. However, resting state functional connectivity within the salience network was a significant predictor of episodic memory [β = −0.28, t(90) = −2.36, p = 0.02], such that lower resting state connectivity values were associated with better delayed memory performance. Fornix RD and hippocampal cingulum RD remained significant [β = −0.53, t(90) = −3.41, p = 0.001 and β = 0.34, t(90) = 2.99, p = 0.004, respectively], but none of the other resting state networks were significantly associated with memory performance and no other variables reached significance (p’s > 0.22; see Table 2). In order to visualize the magnitude of each variable’s contribution to the final regression model, standardized regression coefficients from Step 5 are plotted in Figure 1.


[image: image]

FIGURE 1. Regression coefficient betas (absolute values) from the hierarchical linear regression plotted for variables of interest color coded based on entry into the regression. Error bars are 95% confidence intervals. Demographic variables were entered in Step 1, CSF measures were entered in Step 2, gray matter volumes were entered in Step 3, DTI measures were entered in Step 4, and functional connectivity measures were entered in Step 5. Fornix RD, hippocampal cingulum RD, and salience network resting state connectivity were significant predictors of delayed episodic memory performance. *p < 0.05; **p < 0.01; ***p < 0.001.


Additionally, we computed partial correlations, controlling for age and sex, to test for relationships between the 2 structural and 5 functional connectivity measures. There was a significant negative correlation between fornix RD and salience network functional connectivity [r(103) = −0.34, p < 0.001], indicating that decreased fornix RD was associated with increased salience network connectivity. There were no significant correlations between fornix RD and the other functional connectivity networks (absolute r’s < 0.15, p’s > 0.12) or between hippocampal cingulum RD and the functional connectivity networks (absolute r’s < 0.13, p’s > 0.19).



Stepwise Linear Regression

To further explore the potential contributions of the salience network to individual variation in memory performance, a stepwise linear regression was conducted with the following predictors: age, sex, Aβ42/Aβ40, p-tau181, entorhinal volume, hippocampal volume, fornix RD, hippocampal cingulum RD, and salience network resting state functional connectivity. Results are presented in Table 3. Sex, fornix RD, hippocampal cingulum RD, and salience network functional connectivity were selected as significant predictors in the final model. Moreover, the addition of each one of the variables significantly improved the model. In Step 1, sex emerged as a significant predictor [R2 = 0.07, F(1,102) = 7.13, p = 0.01], followed by significant increases in the proportion of explained variance after the inclusion of fornix RD in Step 2 [ΔR2 = 0.04, ΔF(1,101) = 4.83, p = 0.03], hippocampal cingulum RD in Step 3 [ΔR2 = 0.07, ΔF(1,100) = 9.11, p = 0.003], and salience network functional connectivity in Step 4 [ΔR2 = 0.04, ΔF(1,99) = 4.48, p = 0.04]. Therefore, while the strongest model included all four variables [R2 = 0.22, F(4,99) = 6.89, p < 0.001], each variable added unique predictive information to the model to improve the ability to explain variability in delayed episodic memory.


TABLE 3. Stepwise regression explaining variability in delayed episodic memory composite.
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Partial regression plots from the final stepwise regression model (Step 4) are displayed in Figure 2 depicting the relationships between the structural and functional connectivity measures with delayed memory. Memory performance was negatively associated with fornix RD [β = −0.48, t(99) = −4.16, p < 0.001] and salience network functional connectivity [β = −0.21, t(99) = −2.12, p = 0.04], such that decreased fornix RD and salience network connectivity were associated with better memory performance. There was a positive association between hippocampal cingulum RD and delayed memory [β = 0.35, t(99) = 3.29, p = 0.001], indicating that increased RD was related to better memory performance.
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FIGURE 2. Visualization of the fornix [restricted to the body and column due to resolution constraints], hippocampal cingulum, and salience network with corresponding partial regression plots from the stepwise linear regression with standardized residuals depicting the relationships between the structural and functional connectivity markers with delayed episodic memory performance. Shaded 95% confidence interval bands.





DISCUSSION

This study demonstrated that both structural and functional connectivity markers uniquely contributed to the explained variance in episodic memory performance in cognitively normal older adults. White matter microstructure in medial temporal lobe tracts of the fornix and hippocampal cingulum, as well as functional connectivity of the salience network were each independently associated with delayed memory. Additionally, a stepwise linear regression model found that the addition of each of these variables significantly improved the model, suggesting that the strongest model was one that included both structural and functional connectivity measures. Taken together, these findings indicate that a multimodal approach combining measures from both structural and functional connectivity modalities best accounts for individual differences in episodic memory among cognitively normal older adults.

These findings are in line with recent work demonstrating that both structural and functional connectivity measures independently contribute to explained variance in longitudinal memory changes in non-demented older adults (Fjell et al., 2016; Edde et al., 2020; Pur et al., 2022), as well as within a cross-sectional sample of MCI patients (Yu et al., 2020). These findings are also consistent with prior research suggesting that a multimodal approach combining features from structural and functional connectivity modalities is better than either modality alone in discriminating AD dementia patients from healthy controls (Schouten et al., 2016; but see Dyrba et al., 2015 where combining modalities did not improve prediction) and participants with subjective cognitive decline from healthy controls (Yan et al., 2019; Chen et al., 2022).

In contrast, CSF Aβ42/Aβ40, CSF p-tau181, and gray matter volumes of the entorhinal cortex and hippocampus were not significantly associated with variability in delayed memory performance in this cognitively normal sample. This was also the case in our previous study on the relationship between episodic memory and various brain biomarkers (Alm et al., 2020). CSF measurements reflect more global changes, while the significant associations in the present investigation were localized to particular regions or networks; therefore, it is possible that the global CSF measures were not sensitive enough to capture individual differences in memory performance, at least among cognitively normal individuals. Other cross-sectional studies have also reported no evidence of relationships between verbal memory tasks and CSF AD biomarkers among cognitively normal/non-demented participants (Schott et al., 2010; Li et al., 2014; Bos et al., 2018; Seo et al., 2021). Similarly, while gray matter volumes were localized to specific medial temporal lobe regions, these are considered measures of macrostructure, and may consequently be unable to detect subtle individual differences when compared to microstructural alterations of particular white matter tracts. It is possible that associations between memory and gray matter volume may emerge in samples that include participants with MCI or dementia, which are likely to exhibit more variability in gray matter volume measures.

Functional connectivity within the executive control, default mode, limbic, and dorsal attention resting state networks were not associated with delayed memory performance. Only the salience network demonstrated a significant association with delayed episodic memory performance. The limited findings within the resting state modality could be explained by previous research suggesting that alterations in structural connectivity seem to emerge earlier during aging than functional connectivity changes (Wang et al., 2018; Filippi et al., 2020). For example, Filippi et al. (2020) argued that the early changes in structural connectivity may be the mechanism that propagates later changes in large-scale functional connectivity networks. Therefore, in this cognitively normal sample, alterations in structural connectivity measures may appear stronger, and prior to, alterations in functional connectivity measures. It should be noted, however, that the opposite pattern of earlier changes in functional connectivity compared to structural connectivity has also been reported (Palesi et al., 2016; Chen et al., 2022), warranting further research to clarify the temporal time course of these connectivity changes. Similarly, when differentiating AD dementia patients from healthy controls, Schouten et al. (2016) found that stepwise classification was most improved by the addition of DTI features, and marginally improved when functional connectivity was further added. This parallels our stepwise regression findings, in which DTI measures of the fornix and hippocampal cingulum showed the largest improvement in our model. However, the results of this study do not provide a rationale for the salience network emerging as the sole significant predictor among the functional connectivity networks examined. It is possible that alterations in salience network connectivity occur earlier than in other networks, but this has not been previously reported, and future studies are needed to explore this possibility.

It has also been suggested that stronger coupling (i.e., correlation) between the structural and functional connectivity modalities may be maladaptive or represent pathological aging processes. For example, increased coupling between the modalities has been shown throughout progression along the AD spectrum (Palesi et al., 2016; Wang et al., 2018; Dai et al., 2019; Cao et al., 2020). Additionally, increased coupling has also been shown to be negatively correlated with memory performance (Wang et al., 2018; Edde et al., 2020), implying an adverse impact of strengthened structural and functional connectivity coupling on memory function. It is therefore possible that the relative lack of functional connectivity findings in this study could reflect a lack of structural-functional coupling within the ROIs examined here, among cognitively normal individuals, and that more pronounced functional connectivity effects could emerge over time. It is not possible to test this in a cross-sectional study, warranting future longitudinal investigations.

Interestingly, a significant negative correlation between fornix RD and salience network functional connectivity was observed after controlling for age and sex, but no correlations were found with the other functional networks. Past results in cognitively normal/non-demented samples have been inconsistent with respect to the direction of structural – functional connectivity relationships. Some studies have found positive correlations between the modalities in older adults, suggesting that higher white matter integrity is associated with higher functional connectivity (Andrews-Hanna et al., 2007; Chen et al., 2009; Teipel et al., 2010; Davis et al., 2012), while others have shown negative correlations, such that lower white matter integrity was associated with higher functional connectivity (Fling et al., 2012; Marstaller et al., 2015; Fjell et al., 2016; Yang et al., 2016). Still others have found no correlation (Hirsiger et al., 2016; Tsang et al., 2017), making it difficult to discern the relationship between these connectivity modalities. Some of these discrepancies could be related to differences in networks and white matter tracts examined across studies; future studies are needed to examine the impact of changes in coupling on cognitive and clinical outcomes. The fornix – salience network correlation, taken together with the significant effect of the salience network in our regression models, may suggest that the salience network is a key early functional connectivity marker to be further tracked during aging.

Elevated RD is often attributed to myelin loss (Alexander et al., 2011; Beaulieu, 2011; Tournier et al., 2011; Jones et al., 2013); therefore, a positive relationship between hippocampal cingulum RD and memory performance was not expected, nor was a negative relationship between salience network functional connectivity and memory performance. Nonetheless, the positive hippocampal cingulum – memory relationship was seen in our previous study in this cohort (for a longer discussion on the direction of this effect, see Alm et al., 2020), and two recent studies also reported negative correlations between functional connectivity and memory in non-demented older adults (Edde et al., 2020), as well as subjective cognitive decline and MCI patients (Xue et al., 2021). While it is true that RD generally increases (Lebel et al., 2012; Madden et al., 2012; Chen et al., 2013; Fjell et al., 2017; Ouyang et al., 2021) and functional connectivity generally decreases with age (Fjell et al., 2015, 2017; Sala-Llonch et al., 2015; Damoiseaux, 2017; Tsang et al., 2017), it is important to note that there are many exceptions to this general pattern (for reviews, see Ferreira and Busatto, 2013; Antonenko and Flöel, 2014). There have also been reports of increases and decreases in structural and functional connectivity in older adults within a single study, depending on the ROI/network (Madden et al., 2012; Tomasi and Volkow, 2012; Song et al., 2014; Ouyang et al., 2021; Xue et al., 2021; Pur et al., 2022) and whether within or between network connectivity is considered (Betzel et al., 2014; Song et al., 2014; Damoiseaux, 2017). In fact, Xue et al. (2021) found that specifically in the salience network, the direction of the functional connectivity – memory relationship in subjective cognitive decline and MCI patients depended on which salience network nodes were examined. Right anterior insula – left middle temporal gyrus functional connectivity was positively associated with memory, while right anterior insula – right superior temporal gyrus and right anterior insula – right hippocampus functional connectivity were negatively associated with memory. Thus, it is an oversimplification to assume that lower RD and higher functional connectivity should always be considered better, and therefore associated with higher memory scores. The underlying mechanisms are more complex, and the relationships with aging and cognition likely depend on a number of factors, such as the shape and length of connections and the specific ROIs.

Several limitations should be considered in the present investigation. First, this study was cross-sectional in nature. Since longitudinal neuroimaging data collection is underway for the BIOCARD study, future analyses will enable tracking of changes in structural and functional connectivity over time, as well as the examination of how connectivity changes may relate to longitudinal decline in memory performance. It should also be noted that the generalizability of these findings may be limited by BIOCARD cohort characteristics, including that participants were primarily white and highly educated. One technical limitation of diffusion imaging is that ROI-based analyses of small white matter tracts, such as the fornix, are particularly prone to signal contamination due to partial volume effects that can arise in regions within close proximity to CSF (Vos et al., 2011; Metzler-Baddeley et al., 2012). However, it is known that volume reductions due to atrophy exacerbate partial volume effects, creating a concern mostly in study samples with known atrophy, such as MCI or AD dementia patients (Oishi and Lyketsos, 2014). Future studies should take advantage of recent methodological advancements in diffusion imaging, including multi-shell acquisition and higher b-values, to further mitigate partial volume effects. Finally, the structural and functional connectivity measures used in this study are qualitatively different, complicating direct comparisons between the two modalities. Madden et al. (2020) argue that these differences in measurement properties may contribute to inconsistencies in past findings and suggest that graph theory measures may provide an approach to bring the different modalities into the same measurement framework.



CONCLUSION

The current findings highlight the importance of multimodal approaches when considering neuroimaging-related markers of individual differences in episodic memory function among older adults. In this study, both structural and functional connectivity modalities uniquely contributed to explained variance in episodic memory performance within cognitively normal older adults. Furthermore, the combination of structural and functional connectivity markers best accounted for individual variability in episodic memory, suggesting meaningful information was gained by examining both connectivity modalities. Future studies will benefit from adopting a multimodal approach targeting these connectivity measures as critical markers of potential brain changes that may precede subsequent cognitive decline and pathological aging.
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Background: Previous studies have noticed that systemic inflammation may alter the integrity of white matter. However, how the levels of serum cytokine affect the integrity of white matter in major depressive disorder (MDD) patients are unclear. Our study aimed to investigate the association between the inflammatory cytokine levels and white matter microstructure in drug-naïve patients with MDD pre- and post-treatment.

Method: In total, 29 MDD patients and 25 healthy controls (HC) were included in this study. Diffusion tensor imaging (DTI) was conducted in all subjects at baseline, and the MDD patients were reassessed after venlafaxine treatment, using a tract-based spatial statistics (TBSS) analysis. Morning serum interleukin-6 (IL-6), tumor necrosis factor-alpha (TNF-α), and high-sensitivity C-reactive protein (hs-CRP) concentrations in MDD patients were also measured pre- and post-treatment.

Results: Significantly reduced fractional anisotropy (FA) values were found in the bilateral superior fronto-occipital fasciculus (SFO), posterior limb of the internal capsule (IC-PL), and fornix compared with the HC, and FA values in these regions in MDD patients have risen to normal levels except the bilateral SFO after treatment. The FA value of the left IC-PL was inversely correlated with the peripheral hs-CRP levels in both pre- and post-treatment MDD patients.

Conclusion: Our results suggested that the white matter integrity in the left IC-PL was significantly inversely correlated with the peripheral hs-CRP levels in both pre- and post-treatment MDD patients.

Keywords: major depressive disorder, white matter, inflammation, high-sensitivity C-reactive protein, diffusion tensor imaging


INTRODUCTION

Growing research suggests white matter fibers as key components of the brain changes in MDD patients (Korgaonkar et al., 2011; Cole et al., 2012; de Diego-Adelino et al., 2014; Korgaonkar et al., 2014). Diffusion tensor imaging (DTI) is a method to assess the abnormalities of white matter tracts that could help study pathophysiology mechanisms for depression. Fractional anisotropy (FA) is recognized as one of the quantitative parameters derived from DTI, which is more sensitive to pathological conditions and can reflect microstructural abnormalities of white matter integrity (Jenkins et al., 2016). Decreased FA is known to indicate the disruption of white matter, lowered myelination, and/or reduced axonal density (Beaulieu, 2002). Previous studies have reported reduced FA values in various white matter areas among MDD patients in comparison with individuals (Korgaonkar et al., 2011; Guo et al., 2012; Han et al., 2014; Xia et al., 2018). However, the pathogenesis and the treatment response of WM alteration in MDD have not been well understood.

Current evidence indicated that inflammatory processes play a key role in the pathogenesis of MDD (Dowlati et al., 2010; Leonard and Maes, 2012; Haapakoski et al., 2015) and response to treatment (Vollmar et al., 2009; Fornaro et al., 2011; Valkanova et al., 2013). Higher concentrations of inflammation in MDD patients were detected in comparison with healthy controls. However, the specific inflammatory markers being measured are crucial, i.e., tumor necrosis factor (TNF)-α, interleukin (IL)-6, and C-reactive protein (CRP) (Howren et al., 2009; Dowlati et al., 2010; Hiles et al., 2012; Valkanova et al., 2013; Liu et al., 2016). Prior study has found that microstructural changes in white matter fibers in emotional and cognitive approaches are linked with the psychopathology of bipolar disorder (Benedetti et al., 2011). However, this topic has not received much attention among drug-naïve patients with MDD. A cross-sectional study found that the reduced FA values of the bilateral inferior fronto-occipital fasciculus and corpus-callosum in the early stage of MDD correlated with IL-1β levels (Sugimoto et al., 2018). Another community study reported that higher C-reactive protein level in mid-life was correlated with the decreased FA value on brain DTI in later years (Walker et al., 2017). These growing pieces of evidence suggest that inflammatory markers might alter WM microstructure in MDD. We hypothesized that elevated inflammatory cytokines may alter the microstructure of WM tracts in drug-naïve MDD patients, and reduced inflammatory cytokines may help improve the microstructural abnormalities of WM integrity after antidepressant treatment. We aimed to explore the relationship between the peripheral hs-CRP, IL-6, and TNF-α, levels and WM microstructure in drug-naïve patients with MDD pre- and post-treatment with venlafaxine.



MATERIALS AND METHODS


Participants

Our MDD patients aged between 18 and 50 years were enrolled at the outpatient clinical sites of the Department of Psychiatry, Guangzhou First People’s Hospital, South China University of Technology, China, between October 2017 and October 2018. The healthy controls were included via advertisements. Accordingly, 29 drug-naïve patients with MDD and 25 age, gender, BMI, and education level paired with healthy controls were recruited (Table 1). All participants in our study went through the Structured Clinical Interview for DSM-IV-TR Axis I Disorders-Patient Edition (SCID-I/P) by two experienced psychiatrists. Our patients met the criteria for MDD but no other mental disorders were found, and all healthy controls were confirmed no history of any major DSM-IV axis I disorder or a family history of major psychiatric illnesses according to DSM-IV-TR. Drug-naïve patients with MDD were chosen (MDD patients who have never taken any kind of antidepressants). The 17-item Hamilton Depression Rating Scale (HAMD-17) (Hamilton, 1967) was implemented to discover the severity of depression. All recruited MDD patients had scored ≥ 17 on the 17-item HAMD. Participants with any moderate or severe physical illness (diabetes, hypertension, dyslipidemia, and infectious disorders), drug and alcohol abuse or dependence, or any neurological disease, and the existence of other mental disorders were excluded. Those MDD patients with high suicide risk or BMI > 25 were also excluded. None of the subjects had a history of childhood trauma, no major life events within 1 year were found, and no medications that influence the immune system (steroids, aspirin, or non-steroidal anti-inflammatory drugs) were used. The drug-naïve MDD patients were treated with venlafaxine at 150–225 mg daily plus benzodiazepines if needed. The treatment period was 8 weeks. An experienced neuroradiologist evaluated all of the MRI scans to make sure that the subjects didn’t have a severe brain injury. This study was approved by the Hospital’s ethics committee. Written informed consent was obtained from all participants before the beginning of the study.


TABLE 1. Demographic and clinical data for MDD participants and healthy controls.
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Cytokine Measurements

We collected peripheral venous blood samples from 29 MDD participants and 25 healthy individuals on admission between 8 and 9 a.m., overnight, and 30 min after waking and resting. MDD patients were reassessed after treatment with venlafaxine. All participants slept overnight in the lounge of the hospital before morning cytokine measurements. The plasma was isolated and stored at –80°C. Serum concentrations for high-sensitivity CRP levels (mg/L) were measured by immuneturbidimetric assay, immediately after taking the samples with commercial kits (Roche Diagnostic, Switzerland) on Roche C702 automatic analyzer. The normal reference range is < 3 mg/L. Serum levels of TNF-α and IL-6 were measured using the enzyme-linked immunosorbent assay (ELISA), immediately after the collection of samples by commercial kits (RayBiotech, United States). Mean intra- and interassay coefficients of variation (CV) were < 10%.



Image Data Acquisition

Both MRI and DTI were performed on a clinical 3.0-T Siemens MAGNETOM Verio scanner (Siemens, Erlangen, Germany), using a twelve-channel head and neck coil. Scan parameters were TR/TE = 8,700 ms/102 ms, FOV = 230 mm × 230 mm, slice thickness = 2.5 mm, number of excitations = 2, and spatial resolution = 2.5 × 2.5 × 2.5 mm. Diffusion gradients (b = 2,000 s/mm2) were applied along 99 non-collinear directions simultaneously.



Imaging Analysis

The distortion of the diffusion tensor images was corrected by eddy current correction using FRIB software library (FSL) v4.1.0, Oxford.1 Voxel-wise statistical analysis of FA, mean diffusivity (MD), radial diffusivity (RD), and axial diffusivity (AD) values was performed using TBSS version 1.1. Images of diffusion indicators were converted from native space to the standard space of 1 mm3 Montreal Neurological Institute (MNI). We used FMRIB’s Non-Linear Image Registration Tool (FNIRT, part of FSL) to non-linearly register the participant’s FA image into the FMRIB58 FA template. FA data of each subject were projected to the mean FA skeleton built from averaging adjusted individual FA images. WM tracts were represented by the FA skeleton, and the mean skeleton at FA was built with the threshold of 0.2 (Smith et al., 2006). FA images were adjusted with an 8-mm full width at half maximum Gaussian filter.



Statistical Analysis

All statistical analyses were done using the Statistical Package for Social Sciences, version 22.0 (SPSS, Chicago, IL). We applied the chi-square and independent samples t-test to analyze statistics between MDD and HC groups concerning demographic and clinical variables. FA, MD, AD, and RD values and cytokine levels of patients before and after treatment were compared with a paired sample t-test. The relationship between serum cytokine concentrations and the FA values was evaluated with a single-group mean value with a partial correlation test controlling for age, education, and duration. Two-tailed with alpha set to 0.05 was used for all analyses. We applied multiple comparisons of statistical results in the randomized tool of FSL using the method of TFCE (threshold-free cluster enhancement). We indicated a statistically significant correlation between the groups after multiple comparisons were made at the cluster level after adjustment for family-wise error (FWE) and considered values of p < 0.05 and > 20 voxels. We set the number of permutations in all voxel-wise analyses at 5,000. In all voxel analyses, age and gender were included in the statistical model as non-sense variables using the TBSS.




RESULTS


Participants

The demographic data of all participants are presented in Table 1. No statistically significant differences were found between the patient and HC groups in age, gender, BMI, and education level at baseline. Twenty of the patients had their first episode, and all patients were free of drug treatment (including anxiolytics) in the study; 29 MDD patients finished the serum cytokine levels collection and DTI scans at baseline, and one patient’s DTI result was unavailable; 8 patients dropped out of the study, where 5 patients could not tolerate the side effects of venlafaxine and 3 patients dropped out of the study due to other reasons. Hence, 20 MDD patients were reevaluated after 8 weeks of venlafaxine treatment. The severity of depression decreased significantly after treatment. No significant distinctions were observed in all cytokines measured between the MDD and HC. However, peripheral levels of hs-CRP, TNF-α, and IL-6 in MDD patients were reduced, lower than that in HC after venlafaxine treatment.



Comparison of WM Integrity Change Between Major Depressive Disorder Patients and Healthy Controls

Fractional anisotropy reductions (FWE-corrected, p < 0.05) in the bilateral posterior limb of the internal capsule, superior fronto-occipital fasciculus (SFO), and fornix were found in the drug-naïve MDD patients compared with HC at baseline (Figure 1). Cluster labels and significant MNI space are reported in Table 2. No significant differences were observed for the AD, RD, and MD. After the treatment, FA values in these regions rose to normal levels except for the bilateral SFO. The reduced FA values in the bilateral SFO were still lower than that in the HC. No region in post-treatment MDD showed a higher FA value than that in the HC (Figure 2).
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FIGURE 1. The FA values comparison between pretreatment MDD and HC groups. Lower FA in MDD patients (n = 28) vs. HC (n = 25) in the fornix tract, bilateral superior fronto-occipital fasciculus (SFO), and bilateral posterior limb of the internal capsule (IC-PL). The white matter FA values of MDD patients were significantly lower than that of the control group in axial slices, as demonstrated in red-green (FWE-corrected p < 0.05, cluster > 20).



TABLE 2. The FA values comparison between groups at baseline (control group > MDD group).
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FIGURE 2. The FA values comparison between post-treatment MDD and HC groups. The decreased FA values of the bilateral superior fronto-occipital fasciculus (SFO) in the post-treatment MDD patients were still significantly lower than that of HC, as indicated in red-green (FWE-corrected p < 0.05, cluster > 20).




Correlation Between Peripheral Inflammatory Cytokine Levels and WM Integrity

The FA values of the left PL-IC and genu of the corpus callosum revealed significant inverse correlations between peripheral hs-CRP levels in pretreatment MDD patients after controlling age, duration, and year of education. The decreased FA in the left PL-IC rose to normal levels and was also significantly negatively correlated with hs-CRP levels after treatment in post-treatment MDD (Figure 3). No areas presented a significant connection between other serum cytokine levels and FA values in drug-naïve MDD patients before and after treatment with venlafaxine. There were no areas that showed a significant correlation between peripheral cytokine levels and FA in HC. We found an inverse correlation between the FA values in the left PL-IC and peripheral hs-CRP levels in both pre- and post-treatment patients when controlling for age, duration, and education by partial correlation.
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FIGURE 3. Correlation between the peripheral hs-CRP levels and the FA in the left posterior limb of the internal capsule (L_PL-IC) before and after treatment. An inverse correlation between the FA values in the left posterior limb of the internal capsule (L_PL-IC) and peripheral hs-CRP levels in both before and after treatment patients was found when controlling for age, duration, and education by partial correlation (A pretreatment, B post-treatment).





DISCUSSION

In this study, decreased FA values in the bilateral PL-IC, SFO, and fornix in pretreatment MDD patients rose to normal levels to some extent after treatment. In addition, FA values in the left PL-IC in MDD patients were significantly inversely associated with the peripheral hs-CRP levels before and after treatment. These values were also approved by the partial correlation analysis, after controlling age, education, disease course, and other confounding factors.

No statistically significant differences in the concentration of inflammatory cytokines were noticed between the MDD patients and HC at baseline. However, after the treatment, peripheral hs-CRP, IL-6, and TNF-αlevels in MDD patients were reduced obviously and even lower than that in HC. Previous studies showed that low-grade inflammation is a key characteristic of MDD with higher concentrations of inflammatory markers such as C-reactive protein (CRP) and TNF-α and IL-6 levels (Duivis et al., 2013; Valkanova et al., 2013; Dahl et al., 2014). Our negative results for the cytokines levels are also consistent with the results of Meier et al. (2016) and Sugimoto et al. (2018) with similar BMI scores in the MDD and HC groups and our strict inclusion criteria.

In our study, 74.1% of patients achieved clinical remission after 8 weeks of venlafaxine treatment. With significantly improved depression symptoms, the post-treatment hs-CRP, TNF-α, and IL-6 levels in the drug naïve patients with MDD were lower than that in the HC. Similarly, Li et al. (2013) pointed out that serum TNF-α levels were significantly reduced after venlafaxine treatment in the drug naïve and first-episode patients with MDD. Previous studies also reported that antidepressants may decrease peripheral inflammation (Kohler et al., 2018), and antidepressant response is modulated by neuroinflammatory pathways (Miller et al., 2017). We speculate that the decrease in plasma hs-CRP, TNF-α, and IL-6 levels is due to the pharmacological action of venlafaxine. Peripheral cytokines level in the acute phase of MDD patients might be over-corrected by venlafaxine, and whether it reconstructs to normal level will need further research.

We should note that high peripheral hs-CRP levels were significantly inversely associated with FA values of the left IC-PL in both pre- and post-treatment MDD patients in this study. Peripheral cytokines are considered to have central effects, either through the transmission of signals by the vagus nerve or through crossing the blood–brain barrier (Dantzer et al., 2008). CRP and other inflammatory cytokines in MDD peripheral blood may mirror the inflammatory activity of CNS (Felger et al., 2020). Serum CRP is a crucial flag of peripheral inflammation and plays a key role in the occurrence, development, and treatment of MDD (Au et al., 2015; Cattaneo et al., 2015; Liu et al., 2020). The elevation of hsCRP levels generally determines low-grade inflammation (Howren et al., 2009; Duivis et al., 2013; Valkanova et al., 2013; Dahl et al., 2014). We inferred that white matter fibers in MDD patients might be more sensitive to hsCRP than healthy controls, and MDD patients with normal hsCRP levels in the early stage might have already undergone the microstructural alteration in the WM tracts. A previous study has demonstrated that chronic social stress can promote serum cytokines to cross the BBB or alter the integrity of the BBB by promoting the reduction of endothelial tight junction protein Claudin-5, suggesting that inflammatory cytokines may affect brain parenchyma more easily in participants with MDD than in healthy individuals (Menard et al., 2017). Peripheral serum inflammation cytokines are correlated with both the structural and functional abnormalities of the brain in MDD patients (Frodl and Amico, 2014). For example, according to a study by Frodl et al. (2012), the elevation of CRP and IL-6 levels was significantly inversely correlated with decreased bilateral hippocampal volume in MDD, which suggests that increasing inflammatory cytokines might have an important part in the neuroplasticity-neurotoxicity cascade. It was pointed out that abnormalities of white matter microstructure in systems crucial for the cognitive and emotional procedures may be related to the neuropathological mechanism of BD (Benedetti et al., 2011). However, less research has been conducted to investigate this topic. In a previous DTI study, a higher C-reactive protein level in midlife was associated with significant FA reductions in the brain in late life (Walker et al., 2017). Furthermore, another meta-analysis predicted that the high level of systemic inflammation among MDD patients would change the integrity of white matter, which influences the progress of the disorder into a chronic form (Goldsmith et al., 2016). Our findings are consistent with the previous evidence that systemic inflammation in MDD patients was correlated with microstructural changes in white matter tracts. Furthermore, we also found that the neuroinflammatory state was associated with microstructural alterations in white matter fibers after successful antidepressant treatment, which provides the first evidence to support the preliminary relationship between peripheral hs-CRP levels and white matter changes. The injury of white matter integrity can be reversed after successful antidepressant treatment in our MDD patients, which could be supported by some previous research. Wohleb et al. (2011) suggested that therapeutic interventions marking stress-related neuronal differences in the hippocampus would be helpful for MDD patients. This evidence supports our speculation that relatively high levels of systemic inflammation may lead to WM injury in the MDD brain, and this injury can be restored by successful antidepressant treatment to some extent.

Several other inflammatory cytokines, such as TNF-α and IL-6, are thought to have a more significant effect on neurological function. However, we only found that relatively high levels of hsCRP were negatively correlated with the microstructural alterations in the white matter in MDD patients. It could be due to IL-6 and TNF-α being also sensitive to stress, and we excluded patients with recent and previous major life event trauma and childhood trauma but did not evaluate their short-term stress levels. Evidence suggests that CRP levels are relatively constant even in the absence of disorder (Kluft and de Maat, 2001).

In terms of regional specificity, our findings are also consistent with several previous DTI data that identified WM-reduced FA values in SFO (Phillips et al., 2003), posterior limb of the internal capsule (IC-PL) (Alves et al., 2012; Ghazi Sherbaf et al., 2018), and fornix (Hoogenboom et al., 2014) of MDD patients. However, no significant changes in FA between patients with MDD and healthy individuals were reported by a large sample study (Choi et al., 2014). It is possible that studying a wide range of patients with different demographic characteristics (Wise et al., 2014), episodes or duration of illness (Wise et al., 2014), and antidepressants (Khalaf et al., 2015; Zhang et al., 2015) results in inconsistent findings. In addition, myelination and WM volume have been addressed to alter with age (Giorgio et al., 2010; Belov and Pshuk, 2020). Thus, in our study, examinations of the integrity of white matter sections in younger patients with drug-naïve MDD before and after treatment are critical to understanding the pathophysiology of this disease (Cullen et al., 2010).

It is crucial to point out that the peripheral hs-CRP levels were only specifically associated with the FA values in the left PL-IC in MDD patients before and after treatment. Our results were similar to large-scale research by Green et al. (2020), suggesting a correlation between DNAmCRP and FA values in the external and internal capsules. The internal capsule is a major subcortical combining structure linking cortical-subcortical regions, which is located between the caudate nucleus, the dorsal thalamus, and the legume nucleus. Previous research suggested that people with depression have damaged cortical-subcortical neural circuits (Sexton et al., 2009), mainly involving abnormalities in white matter tracts in different regions including emotional regulation (Liao et al., 2013), cognition (Austin et al., 2001), or reward circuits (Bracht et al., 2015).

The limbic-thalamic-frontal lobe circuit is important in the neuropathology arrangement of depression. The posterior limb of bilateral internal capsules is a crucial structure of this processing network (Wakana et al., 2004); impacts cognitive, emotional, and behavioral functions; and its impairment is associated with cognitive-related, primary, or post-stroke depression (Xiao et al., 2015). We found that only FA values in the left PL-IC were significantly inversely correlated with high serum hs-CRP levels in MDD pre- and post-treatment. It might be supported by some previous studies suggesting that in MDD, cortico-limbic-striatal findings are left-lateralized (Strawn et al., 2014; Yang et al., 2015; Niu et al., 2017).

This is the first longitudinal study to demonstrate the relationship between serum cytokine levels and white matter alterations in drug-naïve MDD patients before and after antidepressant treatment. We provide the first evidence to discover the associations between peripheral hs-CRP levels and WM alterations. The advantages of our study lie in the confounding factors such as age, course of the disease, medication status, comorbidities, and education, BMI, and lifestyle that were strictly controlled, which were relatively rare in similar DTI studies (Benedetti et al., 2016; Sugimoto et al., 2018). Moreover, we also used 99 non-collinear diffusion-sensitive gradient directions in the DTI scan, which can more accurately measure the changes of the WM fiber and improve the reliability of the results (Jones, 2004). However, some potential limitations of the study could be taken into consideration. The major problem in this study is the limited sample size that might decrease the power of our results due to our rigorous exclusion criteria, but the relatively small sample size is very common in similar imaging studies (Wang et al., 2012; Benedetti et al., 2016; Sugimoto et al., 2018), especially for longitudinal studies (Haroon et al., 2014; Lin et al., 2016; Tsuchiyagaito et al., 2021); the statistical power of this sample is generally recognized. The relatively small sample size of this study is for the following two reasons: First, it was difficult to find drug-naïve MDD with such strict inclusion criteria and second, the patients enrolled in our study also had a relatively high loss rate after 8 weeks of treatment with venlafaxine. Future studies should strengthen the follow-up of the patients’ medication status and further improve the patients’ compliance with the treatment. It should be noted that all MDD patients’ hs-CRP levels were less than 3 mg/L at baseline, and most of them achieved clinical remission after antidepressant treatment; thus, our results could only represent the MDD patients who respond to the treatment but not the resistant patients. Therefore, a larger group size with different characteristics of MDD is required to discover the correlation between serum hS-CRP levels and WM changes. Furthermore, to observe the causal associations between peripheral hs-CRP levels and WM alterations in MDD, follow-up measures of the healthy control group should be included in our further study. Moreover, to make a more accurate MDD diagnosis, machine learning-based analysis (Li et al., 2020) and graph theory-based analysis (Xu et al., 2020) are also considered in our future work.

In conclusion, significantly increased FA values were found in the bilateral SFO, PL-IC, and fornix compared with the pretreatment values among early stage MDD patients. The FA values in the left PL-IC areas were inversely correlated with the peripheral hs-CRP levels in both pre- and post-treatment patients. Our results suggested that the changes in white matter integrity in the left PL-IC are associated with serum hs-CRP levels before and after antidepressant treatment.
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Mild cognitive impairment (MCI) is a nervous system disease, and its clinical status can be used as an early warning of Alzheimer's disease (AD). Subtle and slow changes in brain structure between patients with MCI and normal controls (NCs) deprive them of effective diagnostic methods. Therefore, the identification of MCI is a challenging task. The current functional brain network (FBN) analysis to predict human brain tissue structure is a new method emerging in recent years, which provides sensitive and effective medical biomarkers for the diagnosis of neurological diseases. Therefore, to address this challenge, we propose a novel Deep Spatiotemporal Attention Network (DSTAN) framework for MCI recognition based on brain functional networks. Specifically, we first extract spatiotemporal features between brain functional signals and FBNs by designing a spatiotemporal convolution strategy (ST-CONV). Then, on this basis, we introduce a learned attention mechanism to further capture brain nodes strongly correlated with MCI. Finally, we fuse spatiotemporal features for MCI recognition. The entire network is trained in an end-to-end fashion. Extensive experiments show that our proposed method significantly outperforms current baselines and state-of-the-art methods, with a classification accuracy of 84.21%.

Keywords: functional brain network (FBN), mild cognitive impairment (MCI), graph convolution, attention, spatiotemporal features


1. INTRODUCTION

Alzheimer's disease (AD) is an irreversible degenerative brain disease, and it is also one of the most common forms of dementia (Raju et al., 2020). AD usually occurs in the later years of human life. According to previous statistics released by the Global Health Organization, the global prevalence of AD reached a staggering 26.6 million in 2006, and this statistic will double every 20 years (Brookmeyer et al., 2007). In the future in 2046, 1.2% of the global population will be at risk of developing AD. Recent studies have shown that the prediction of mild cognitive impairment (MCI) is helpful for the early diagnosis of AD (Morris et al., 2001; Association, 2019). Because MCI is a clinical state between the normal population and patients with AD, it has a high probability of developing AD (Kang et al., 2020). In addition, individuals with features of MCI almost always have neuropathological features of AD (Morris et al., 2001). In medicine, MCI is a nervous system disease with the main symptoms being mild memory impairment and mild executive function impairment with additional visuospatial deficits (Gauthier et al., 2006). These symptoms are usually not life-threatening and can be detected by the patient or his or her family members. Current research suggests that MCI may not be a simple disease, but an early manifestation of AD disease (Ithapu et al., 2015). Therefore, MCI can often be regarded as an ideal clinical test subject for predicting AD disease. With the in-depth study of MCI, people can anticipate their risk for AD earlier and take preventive and therapeutic measures, such as taking oral medications to improve cognition (Roberson and Mucke, 2006) and changing their daily routine (Zubatiy et al., 2021). Since the variation between MCI and normal population is very subtle and slow (Association, 2019). Therefore, the prediction of MCI is a challenging task. After years of research, a large number of machine learning-based diagnostic methods have been developed for MCI identification (Li et al., 2017, 2019), which can be briefly classified into the following two types:

1) Based on traditional machine learning methods, which mainly use traditional machine learning techniques to model MCI data into a binary classification problem. For example, in Zhang et al. (2011), the authors capture and combine biomedical pattern features from different modalities with the help of multi-kernel support vector machines for predicting patients with MCI. In Liu et al. (2013b), authors adjusted the distribution of MCI-specific classes for MCI identification by a graph partitioning algorithm. In Liu et al. (2013a), the authors embedded high-dimensional neuro-imaging data into a low-dimensional space and exploited local sparse code gradients to test the data to further enhance the classification of MCI. Due to their strong reliance on prior-knowledge, these methods have strict dataset requirements, making it difficult to generalize in practical applications.

2) Deep learning based methods, mainly use the deep convolutional neural network (CNN) features to extract hidden features in neuroimaging data for MCI identification. For example, in Amoroso et al. (2017), authors designed a multiplexed neural network to model structural brain connectivity atrophy for the classification of MCI and normal controls (NC). In Yue et al. (2018), authors designed a 2DCNN framework to capture the most useful features in the gray matter of sMRI for MCI identification. In Puranik et al. (2018), the authors designed a deep 2DCNN framework and utilized the transfer method for AD, MCI, and NC classification. However, since these methods seldom consider the temporality of the existence of relevant data sets, their classification accuracy may be suboptimal.

Despite the success of these methods, the identification of MCI is still a difficult problem. Excitingly, the functional brain network (FBN) has become an important method for modeling brain neural time courses, which provides an effective imaging biomarker for the diagnosis of MCI (Bray et al., 2021). A large number of medical experiments have found that the functional connections between brain regions, voxels and ROIs in FBN are highly correlated with some diseases such as nerves or MCI (Greicius, 2008; McKhann et al., 2011). Therefore, learning FBN based on time series correlation can provide more accurate and stable test results for MCI identification (Li et al., 2020b, 2021). In this article, FBN defines the nodes as brain regions, and the edge between these regions is determined by the relationship between their blood-oxygen-level dependent (BOLD) time series recorded by fMRI. In recent years, with the rise of deep graph convolutional networks, state-of-the-art performance has been achieved in their applications in different fields, such as social networks (Dowlagar and Mamidi, 2021; Liu et al., 2022), computer vision (Han et al., 2021; Zou and Tang, 2021), and gene prediction (Yu et al., 2021; Peng et al., 2022). Meanwhile, deep graph convolutional networks have also achieved satisfactory success in disease prediction tasks (Tang et al., 2021; Yu et al., 2021). Specifically, as shown in Figure 1, we first design a space-time convolution strategy (ST-CONV) to extract time-series features and structural features between brain functional signals and brain nodes. Then, we introduce an attention mechanism to further capture brain nodes that are more correlated with MCI. Finally, we fuse time series features and structural features (i.e., spatiotemporal features) for MCI identification. The whole network is trained in an end-to-end manner. Extensive experiments demonstrate that our proposed method is significantly competitive compared with the current baselines and the state-of-the-art methods. We summarize our main contributions as follows:

• A deep learning framework for MCI identification is proposed, which provides a new way for MCI identification.

• A new fusion mechanism is designed, which extracts the spatiotemporal features of brain functional signals and FBN, and applies its fusion to MCI identification.

• We used our DSTAN to distinguish MCI from NC and achieved a classification accuracy of 84.21%, which is superior to baseline and the most advanced methods.

The rest of this article is organized as follows: In Section 2, we introduce materials. In Section 3, we infer the DSTAN network. Section 4 reports the experimental results, and Section 5 discusses and looks forward to the full text.


[image: Figure 1]
FIGURE 1. Deep Spatiotemporal Attention Network (DSTAN) structure illustration. Spatiotemporal convolution strategy (ST-CONV) represents spatiotemporal convolution, Node-ATT Module represents Attention module of brain functional Node, Attention represents brain node attention map and FC represents full connection layer. n represents the number of brain nodes, and T, T′ represents the number of time points of functional brain signals. c′ is the number of channels.




2. DATASET


2.1. Data Acquisition

In this article, we use the same data set as Qiao et al. (2016). The data set consisted of 45 patients with MCI and 46 NC subjects, and these data were static Functional Magnetic Resonance Imaging (fMRI) images. At the same time, the data set can be obtained from the MCI database (https://www.nitrc.org/projects/modularbrain/), in which Table 1 is a summary of the demographic information of the subjects.


Table 1. Demographic information of subjects.

[image: Table 1]



2.2. Data Pre-Processing

In this section, we use fMRI images obtained by the standard echo planar imaging sequence function in the 3T scanner (TRIO, Siemens). During fMRI imaging, the parameters are set as follows: the voxel thickness is 2.97 × 2.97 × 3mm3, the number of slices is 45, acquisition matrix size is 74 × 74, and [image: image] with 180 volumes. In addition, we use Statistical Parametric Mapping (SPM)2 and DPARSFA (version 2.2) for image pre-processing (Yan and Zang, 2010). In the pre-processing process, we discard the first 10 fMRI images of the subjects uniformly in order to prevent signal jitter. Then, we process the remaining fMRI images in the following steps: In step 1, we adopt a correction strategy for slice acquisition timing and head motion. In step 2, we remove the low and high-frequency artifacts in the corrected image and further regress out nuisance signals based on Friston et al. (1996). In step 3, we discard the time points with frame-wise displacement >0.5 to reduce the influence of micro-head movements on functional connectivity. On this basis, we divide the preprocessed BOLD time series signals into 90 ROIs according to the standard of automatic anatomical labeling (AAL) atlas. In step 3, we store these time series data of length 80 into a matrix of size X ∈ ℝ80×90.




3. METHOD

In this section, we design a DSTAN network, which captures spatiotemporal features by fusing temporal and spatial features of functional brain signals, and uses an attention mechanism to capture brain nodes related to MCI. Specifically, Section 3.1 formalizes the problem definition. Section 3.2 describes how to extract temporary and structural features in functional brain signals and functional brain networks. In Section 3.3, the attention mechanism is used to capture MCI related brain nodes. In Section 3.4, spatiotemporal features are fused. The objective function of DSTAN is defined in Section 3.5.


3.1. Problem Definition

Suppose the data set is [image: image], N denotes the number of samples, f(x, t)h denotes the feature vector of the h-th sample, where th ∈ {t1, t2, …, tT}, xh ∈ {x1, x2, …, xn}, and yh ∈ {0, 1} is the corresponding label, and 0 and 1 represent “normal” and “MCI,” respectively. We assume that the FBN has n brain nodes corresponding to brain regions, G = {V, E}, where V denotes brain region and edge E denotes the functional connectivity between two brain regions. DSTAN networks have L convolution layers. The number of input and output channels in the l-th convolution layer is c1 and c2, respectively. For the l-th convolution layer, [image: image] is the input of convolution, [image: image] is the input of the brain node attention module, T denotes the number of time points of functional brain signals, w denotes the size of the convolution kernel, and s denotes the size of average pooling. The purpose of the DSTAN network design is to capture spatiotemporal features by fusing the spatial and temporal features of functional brain signals and to use the attention mechanism to focus on brain nodes related to MCI.



3.2. Spatiotemporal Convolution Strategy

The transmission of functional brain signals is based on the underlying functional connections between brain regions (Huang et al., 2018), and they contain rich temporal information. Therefore, we extract node features (i.e., spatial features) and temporal features of functional signals from functional networks and time series, respectively. To this end, we design an ST-CONV strategy, as shown in Figure 2. We first perform convolution operation on the time series of input functional signals to extract its temporal features [image: image] as follows:

[image: image]

where [image: image] denotes the output, tpool(·) denotes temporal average pooling with a window size of (1, s), σ(·) denotes the activation function, and kj(t, i) denotes the convolution kernel with the size of (1, w) in the i-th channel. Then, we capture the spatial features of functional signals in the functional network through the graph convolution operation:

[image: image]

where [image: image] denotes the output of graph convolution, [image: image], [image: image] denotes [image: image], the rest elements are 0, I denotes identity matrix, W is the parameter corresponding to [image: image], and [image: image] denotes the input.


[image: Figure 2]
FIGURE 2. Spatiotemporal convolution strategy structure illustration. Temporal-Conv represents temporal convolution operation, Temporal-AvgPool represents temporal average pooling, Grap-Conv represents graph convolution operation, Node-Att Module represents the brain node attention module, and Attention represents the brain node attention map.




3.3. Brain Node Attention Module

There are a large number of brain nodes in the functional brain network, and the brain regions corresponding to different brain nodes reflect different diseases (Ries et al., 2008). In order to capture the features of brain nodes related to MCI, we introduce an attention mechanism, as shown in Figure 3. We first integrate the channel and time information of each brain node into a scalar, and solve the brain nodes related to MCI as follows:

[image: image]

where [image: image] denotes the output of the j-th channel after convolution operation, ht denotes the convolution kernel set with the size of [image: image], and [image: image] denotes the input of the brain node attention module.


[image: Figure 3]
FIGURE 3. Illustration of attention mechanism. Temporal-Conv represents temporal convolution operation, Channel-AvgPool represents channel average pooling operation, and r represents the down-sampling rate.


Then, we maintain the feature invariance in the functional signal through the average down-sampling based on the channel dimension, and suppress the noise generated when collecting the functional signal to make it better for training, which can be expressed as:

[image: image]

where CavgM denotes the output.

In order to further capture the MCI-related brain nodes, we project the brain node features of CavgM into the MCI-related feature space. We design the K-layer base layer in the attention module and perform the following operations: 1) Perform down-sampling on the k-th base layer:

[image: image]

where [image: image] denotes the output of the k-th base layer, [image: image] denotes the down-sampling rate, relu(·) denotes the activation function, and fc(·) is the same as the fully connected operation. 2) Perform up-sampling on the k + 1-th base layer:

[image: image]

where [image: image] denotes the output of the (k + 1)-th base layer, and n denotes the up-sampling rate. In this way, we can further get the attention map of brain nodes as follows:

[image: image]

where Z(x) ∈ ℝn × 1 × 1 denotes the brain node attention map. In the detailed process, the k-th base layer performs down-sampling from n brain nodes to [image: image] brain nodes; the (k + 1)-th base layer performs up-sampling from [image: image] brain nodes to n brain nodes. We use this nonlinear transformation to capture the dependency between brain nodes and MCI.

Finally, in order to further focus on the brain nodes with strong correlation, we multiply the brain node attention map with the functional signal:

[image: image]

where [image: image] denotes the output.

As discussed above, different brain regions have different effects on MCI. Therefore, we separate brain nodes with different correlations by maximizing the variance of the brain node attention map. At the same time, the high value of highly correlated brain regions in the brain node attention map will lead to excessive attention loss. In this regard, we control attention loss by minimizing their mean values as follows:

[image: image]

where [image: image] denotes the attention loss, mean(·) denotes the mean operation, and var(·) denotes the variance operation.



3.4. Spatiotemporal Feature Fusion

In order to further explore the impact of temporal and spatial features of functional signals on MCI identification, we fuse spatial and temporal features. Specifically, we realize the spatiotemporal feature fusion by summing temporal features [image: image] and spatial features [image: image]:

[image: image]

where [image: image] denotes the output of spatiotemporal features fusion.

Finally, in the L-th convolutional layer, we further extract spatiotemporal features by convolution operations and compress them into a scalar as the input of the fully connected layer as follows:

[image: image]

where [image: image] denotes the output of the convolution operation, [image: image] denotes the convolution kernel set corresponding to [image: image].



3.5. Objective Function

In DSTAN, the features of functional signals are mapped to the corresponding label space through fully connected layers. In the training process, the objective function of the DSTAN network is designed:

[image: image]

where [image: image] denotes the cross-entropy loss, and [image: image] denotes the attention loss of the h-th sample.




4. EXPERIMENTS

In the MCI identification experiments, we utilize fMRI data to train a deep neural network framework for MCI identification. Since the framework needs to use functional connections between brain nodes to extract the spatial features of functional brain signals. Therefore, we use the Pearson correlation coefficient method to construct functional brain networks to obtain functional connectivity matrix related to brain nodes.


4.1. Experimental Setting

In this section, our experimental setup is divided into the following steps:

Step 1: In order to obtain the connection matrix of brain nodes, we first use the Pearson coefficient to measure the correlation between brain nodes, so as to obtain a functional connectivity matrix P. Then, we sparse the connectivity matrix, where λ=0.1,0.2,…,1 denotes sparsity. Finally, the spatial features of a functional signals are extracted by using graph convolution operation of auxiliary of the connectivity matrix.

Step 2: We set the following settings for each module in DSTAN: 1) In the ST-CONV module, we use convolution kernels to extract time series features, and at the same time, we perform an average pooling operation on the time series. The number of output channels is set to (8,16,32). 2) In the Node-ATT module, we perform operational down-sampling on the base layers and set the sampling rate to 1/16.



4.2. Implementation

All experiments are programmed and implemented as follows: PyTorch 1.9 framework, Python version 3.8, and trained with one GeForce RTX 3090 GPU. We use SGD as the optimizer for training, with the momentum of 0.1, weight attenuation of 1e-4, 90 iterations, the initial learning rate of 0.1, attenuation of 50% every 30 times, and batch size of 32. Note that we randomly divided the preprocessed fMRI data obtained in Section 2.2 into a training set and a test set in a ratio of 8:2 for the following experiments.



4.3. Evaluation Standard

We use the following indicators for quantitative measurements, which include accuracy, sensitivity, and specificity. All methods are tested with these metrics, which are as follows:

[image: image]

[image: image]

[image: image]

where TruePositive represents the number of correctly classified positive patients with MCI, and TrueNegative, FalsePositive, and FalseNegative represent the corresponding number of subjects, respectively.



4.4. Experimental Results and Analysis
 
4.4.1. Visualization of Brain Node Functional Connectivity Matrix

In this section, we report the influence of sparsity λ and functional connectivity between brain nodes on MCI identification. We sparse the functional connectivity matrix P to different degrees. From Figure 4, we can observe that: 1) in the first row of images, when λ = 0.1, the connectivity matrix P retains more brain node connections with weaker correlations, which makes it difficult to extract effective spatial features from functional signals, thus negatively affecting MCI identification. 2) In the middle row of images, when λ = 0.5, the connectivity matrix P removes the connections of weakly correlated brain nodes and retains certain correlated brain nodes, which reduces the adverse factors for identifying MCI. 3) In the last row of images, when λ = 0.9, the connectivity matrix P retains the highly correlated brain node connections so that the graph convolution operation can extract more effective spatial features, which can further promote the accuracy of model recognition MCI. The above experimental results show that the choice of sparsity λ has a significant dependence on the functional connections between brain nodes, and a higher sparsity has a beneficial impact on spatial feature extraction and MCI identification.


[image: Figure 4]
FIGURE 4. Visual illustration of brain node connections.




4.4.2. Classification Performance of Different Sparsity

In order to further explore the influence of sparsity λ on MCI identification, we conducted experiments in different sparsity ranges. Figure 5 shows the sparsity λ classification accuracy histogram in the range of 0.1–0.9. From this figure, we obtain the following observations: 1) When λ = 0.9, DSTAN classification accuracy is significantly better than other sparse classification experiments. 2) The functional connections of brain nodes affect the classification performance of MCI, which leads to great differences in the classification results of connection matrices with different sparsity. 3) With the increase of sparsity, the interference of weakly correlated brain nodes gradually decreases, and the classification accuracy improves. Therefore, removing weak functional connections between brain nodes in DSTAN can improve MCI identification performance. Finally, the above experimental results prove again that higher sparsity can promote graph convolution to capture more spatial features and further improve MCI classification accuracy.


[image: Figure 5]
FIGURE 5. Classification accuracy of different sparsity λ.




4.4.3. MCI Identification

We performed MCI vs. NC experiments on the MCI dataset. We compare the following methods, including traditional machine learning methods: Support Vector Machine (Song et al., 2017), RandomForest (Fredo et al., 2018), and Deep learning methods: Multi-Layer Perception (Shanmuganathan, 2016; Almuqhim and Saeed, 2021; Gao et al., 2021; Yin et al., 2021). Table 2 reports the test accuracy of all methods on the MCI dataset. The following observations are made: 1) In MCI identification, deep learning methods are significantly better than traditional machine learning methods. 2) The DSTAN method significantly outperformed other methods in accuracy, sensitivity, and specificity. In addition, this method is effective for MCI identification based on FBN. In conclusion, DSTAN can well identify patients with MCI, and the probability of misdiagnosis of patients with NC is low.


Table 2. Performance of all methods on MCI identification.

[image: Table 2]



4.4.4. Visualization of Brain Node Attention Map

Figure 6 shows the brain node visualization obtained from the attention map in Section 3.3. Specifically, the abscissa values correspond to the brain regions of different brain nodes, and the ordinate values represent the correlation intensity. The higher the value of the ordinate, the stronger the correlation between the corresponding brain region and MCI. The colors of corresponding values in all brain regions are randomly generated. From this figure, we can find: 1) The corresponding values of most brain regions are 0, i.e., Inferior frontal gyrus, triangular part (IFGtriang), and Gyrus rectus Middle (REC) occipital gyrus (MOG). This result indicates that this part of the brain region has nothing to do with MCI identification, which is consistent with the conclusion of Wee et al. (2012) on the relationship between brain regions and MCI. 2) This figure shows a total of 34 brain regions that have a strong correlation with MCI, thus affecting MCI identification. 3) This figure shows that brain regions such as the middle temporal gyrus (MTG), Superior frontal gyrus medial orbital (ORBsupmed), inferior parietal (IPL), Supramarginal gyrus (SMG), and Precuneus (PCUN) have a strong correlation with MCI identification which is consistent with previous MCI imaging biomarker reports and pathological studies (Greicius, 2008; Albert et al., 2011).


[image: Figure 6]
FIGURE 6. Visualization of brain node attention map.





4.5. Ablation Studies

To verify the effectiveness of each component in DSTAN proposed in this article, we perform ablation studies. Table 3 reports the performance comparison between DSTAN and the removal of the attention mechanism (No-Att for short). From this table, we observe that: 1) In the No-Att method, the gap between DSTAN and No-Att accuracy is small. But the sensitivity and specificity are much lower than DSTAN. This finding may suggest that we are more likely to misdiagnose patients with MCI and patients with misdiagnosed NC. 2) DSTAN is superior to the No-Att method in all evaluation indicators. The above results demonstrate that the attention mechanism in the DSTAN framework is used to eliminate the interference of redundant brain nodes on MCI identification, so as to improve the performance of MCI classification.


Table 3. Comparing the classification performance of the DSTAN and the No-Att methods.

[image: Table 3]




5. DISCUSSION

In this study, a reliable functional brain network (FBN) is constructed from functional magnetic resonance imaging (fMRI) data to assist in the identification of mild cognitive impairment. Different from previous studies, we propose a novel DSATN framework, which fuses functional brain signals and spatiotemporal features of FBN for MCI identification. Specifically, we first capture spatiotemporal features through ST-CONV strategy and graph convolution. Then, we capture the brain node features associated with MCI through an attention mechanism. Finally, we fuse these features for DSATN network training. Our detailed experimental results are listed as follows: 1) We facilitate graph convolution to obtain more effective spatial features in functional brain signals through a higher sparse functional connectivity matrix. 2) We use the attention mechanism to effectively improve the MCI identification performance and capture 34 brain regions with strong correlations with MCI. 3) We obtain an encouraging classification accuracy of 84.21% on MIC identification.


5.1. Spatiotemporal Feature Fusion in MCI Identification

Functional magnetic resonance imaging (fMRI) is a widely used neuroimaging modality. This modality performs imaging by measuring the blood oxygen level dependence (BOLD) of each brain region in the brain (Khosla et al., 2019). fMRI data are rich in temporal and spatial features (Ma et al., 2016). Previous study has studied the spatial features of fMRI, e.g., using matrix decomposition (Du and Zhang, 2021), Pearson correlation sparse (Smith et al., 2013), and sparse representation (Lee et al., 2011) to construct FBN, and extract its structural features; At the same time, there are also studies on the temporal features of fMRI, e.g., using Rnn (Dvornek et al., 2018), LSTM (Yan et al., 2018) to extract temporal features in the time series of fMRI data. Some recent studies have investigated the spatiotemporal features of fMRI data, e.g., in Gadgil et al. (2020), the authors divided the fMRI data into multiple short sequences according to the length of the time series, then quantified the connectivity between brain regions in the short sequences, and used graph convolution to extract spatial features of short sequences. In Li et al. (2020a), authors used convolution operation to extract spatial features in fMRI data, and taked the resulting features as the input of LSTM network to capture the temporal information contained in the data. The above methods utilize spatiotemporal features in fMRI data, but do not deeply consider the relationship between temporal and spatial features. In DSTAN, considering that both temporal and spatial features of fMRI data have positive effects on MCI identification, we further fuse temporal and spatial features. Specifically, we use convolution operation to extract temporal features and graph convolution operation to extract spatial features. Then, we achieve spatiotemporal feature fusion by element-wise summation. Extensive experimental results are compared with current state-of-the-art methods to verify the effectiveness of spatiotemporal feature fusion. We speculate as follows: 1) Each brain region corresponds to a set of time series and contains temporal information. 2) The corresponding temporal features of the brain regions related to MCI have a positive role in promoting MCI identification, and their corresponding spatial features have a key role in MCI identification. Therefore, the accumulation of these two positive-acting features can improve the performance of MCI identification.



5.2. Brain Node Attention Mechanism in MCI Identification

In the brain node attention module, we set up multiple base layers to capture the brain regions related to MCI. The experiments in this article found that 34 brain regions in all brain regions are closely related to MCI, including the middle temporal gyrus controls semantic cognition (Davey et al., 2016); the Superior frontal gyrus medial orbitally affects schizophrenia and delusions (Gao et al., 2015); Inferior parietal affects sensory memory function Chen et al. (2021); Supramarginal gyrus affects auditory memory function (DES, 2014); and Precuneus affects cognitive function (Nagano-Saito et al., 2021). These brain nodes are correlated with MCI and are consistent with the experimental results of previous studies (Greicius, 2008; Albert et al., 2011). At present, many studies have shown that FBN can show more structures or attributes, such as classification, hierarchy, centrality, synchronization, and scale-free topological results. Therefore, we will further explore the relationship between brain regions and MCI, and use correlation knowledge sharing in multi-task learning for MCI identification and interpretability research, providing a new method for the prevention and treatment of MCI.



5.3. Limitations and Future Directions

We build an MCI identification mechanism based on spatiotemporal feature fusion and attention mechanism and achieve excellent experimental results. However, there are still several limitations that need to be considered further. First, the training and validating model is inseparable from a large number of data samples and data from different sources. In future study, we need to further validate the robustness of our proposed method with large samples and heterogeneous data from multiple sources. Second, less research on the interpretability of MCI identification is involved. We need an interpretable analysis combined with clinical knowledge. Third, MCI is an early stage of AD, and MCI should be analyzed together with other related nervous system diseases. At present, many studies have shown that FBN can show more structures or attributes, such as classification, hierarchy, centrality, synchronization, and scale-free topological results. Therefore, we will further explore the relationship between brain regions and MCI, and use correlation knowledge sharing in multi-task learning for MCI identification and interpretability research, providing a new method for the prevention and treatment of MCI.




6. CONCLUSION

In the present study, we propose a DSTAN network, which uses spatiotemporal feature fusion and attention mechanism for MCI identification, and obtains excellent classification performance (Accuracy = 84.21%). In addition, spatiotemporal feature fusion increases the diversity of effective training samples by accumulating temporal and spatial features. The brain node attention mechanism strengthens the model's attention to brain regions related to MCI. Our findings demonstrate that the combined use of spatiotemporal feature fusion and attention mechanism can better distinguish MCI from NC. Combining FBN and graph convolution for better MCI identification is helpful for early clinical diagnosis of AD.
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Purpose: Previous research has found that women with second pregnancy may have an increased risk of cognitive dysfunction. This study aims to investigate the intrinsic functional connectivity (FC) pattern of the DMN anchored on posterior cingulate cortex (PCC) in postpartum women, especially the parous women using resting-state functional magnetic resonance imaging (rs-fMRI).

Methods: Twenty parous women, 26 primiparous women, and 30 nulliparous women were included for rs-fMRI scan. They were age and education well matched. A seed based FC method was conducted to reveal FC patterns with other brain regions using a region of interest in the PCC. The relationships between FC patterns and cognitive performance were further detected.

Results: Relative to primiparous women, parous women had significantly decreased FC primarily between the PCC and the right middle frontal gyrus and right parahippocampal gyrus. The decreased FC to the right parahippocampal gyrus in parous women was positively associated with the reduced DST scores (rho = 0.524, p = 0.031). Moreover, parous women compared with nulliparous women showed significantly decreased FC between the PCC and the left superior frontal gyrus and left middle frontal gyrus. The reduced FC to the left superior frontal gyrus in parous women was also positively associated with the lower DST scores (rho = 0.550, p = 0.022).

Conclusion: Our result highlights that women with second pregnancy revealed decreased FC between the DMN regions with the parahippocampal gyrus and prefrontal cortex, which was correlated with specific impaired cognitive function. This study may provide new insights into the neuropathological mechanisms of postpartum cognitive impairment and enhance our understanding of the neurobiological aspects during postpartum period.

KEYWORDS
parous women, primiparous women, posterior cingulate cortex, resting-state fMRI, cognitive dysfunction


Introduction

The universal two-child policy has been conducted in China for a long time since October, 2015 (Zeng and Hesketh, 2016). Women with second pregnancy may face multiple complex psychological challenges owing to the abrupt policy changes (Priya et al., 2018). In addition to postpartum depression, anxiety or other mental disorders, women may show an increased risk of cognitive dysfunction, which primarily manifests as poor memory, forgetfulness, difficulty concentrating, and distractibility (Christensen et al., 2010; Postma et al., 2014; Albin-Brooks et al., 2017). Prior studies have found that postpartum women show cognitive impairment that may occur prior to affective disorder (Christensen et al., 2010; Postma et al., 2014; Meena et al., 2016). However, the etiology of the neurophysiological mechanism of this increased risk remains still unclear.

Multimodal neuroimaging techniques have been used to investigate the brain structural and functional alterations in primiparous women, which are linked with cognitive dysfunction (Kim et al., 2010; Postma et al., 2014; Hoekzema et al., 2017; Zheng et al., 2018, 2020). Hoekzema et al. (2017) confirmed that primiparous women exhibited a symmetrical pattern of extensive gray matter (GM) reductions throughout pregnancy, mainly affecting the bilateral lateral prefrontal and temporal cortex. Nonetheless, no study is reported regarding the brain network alterations in the central nervous system of women with second pregnancy.

Using resting-state functional magnetic resonance imaging (rs-fMRI), low frequency fluctuations (<0.01 Hz) in blood oxygenation level-dependent (BOLD) signal during rest reflect spontaneous neural activity can be conceptualized as a network of anatomically linked regions (Mantini et al., 2007; Lee et al., 2013). Previous studies have used rs-fMRI to examine the abnormal brain activity and network in postpartum depression (Xiao-Juan et al., 2011; Chase et al., 2013; Deligiannidis et al., 2013; Fisher et al., 2016; Zhang et al., 2020). Furthermore, the default mode network (DMN) shows consistently higher BOLD activity during rest in several brain regions, such as the posterior cingulate cortex (PCC), medial prefrontal cortex (mPFC), and anterior cingulate cortex (ACC) (Greicius et al., 2003). The DMN acts a pivotal role in various cognitive functions, including memory, prospection, and self-processing (Spreng and Grady, 2010). Among these regions, the PCC is a key region with strong connectivity with the hippocampal memory system, which is involved in autobiographical memory, and imagining the future as well as spatial navigation (Leech and Sharp, 2014). During cognitive processing, the PCC is functionally linked to the DMN regions, such as the mPFC (Fransson and Marrelec, 2008; Li et al., 2020). Several studies have reported reduced resting-state functional connectivity (FC) in DMN regions involved in social cognition in postpartum women (Xiao-Juan et al., 2011; Chase et al., 2013; Zheng et al., 2020). Moreover, aberrant brain activity of the PCC in postpartum women has also been detected in prior studies (Zheng et al., 2018; Bak and Nah, 2021). However, how DMN dysfunction draws a relation to cognitive symptoms in parous women compared with primiparous women still remains unknown.

To address this problem, this study attempted to explore and analyze the resting-state FC analysis of the PCC in the brain between postpartum women and nulliparous women. We determine whether parous women exhibited aberrant FC pattern of the DMN using a seed-based approach. Moreover, the relationships between abnormal DMN connectivity and cognitive dysfunction were further investigated in parous women compared with primiparous women. We assumed that the parous women might show disrupted brain FC that was associated with cognitive dysfunction compared with primiparous women or nulliparous women. Our findings might provide new insights into neurophysiological mechanisms of cognitive impairment in women with second pregnancy.



Materials and methods


Participants

A total of 76 women (aged between 20 and 40 years, right-handed, ≥9 years of education) made up of 20 parous women, 26 primiparous women, and 30 nulliparous women were included through community health screening, which were age and education-matched. No subject was subsequently excluded because of the exceeded limits for head motion during scanning. All the parous and primiparous women were medication free and had delivered a healthy and full-term infant in the preceding 3 months. None of the women experienced any complications during pregnancy or delivery, such as hypertension, heart disease, eclampsia, diabetes, or postpartum hemorrhage. This study was approved by the Research Ethics Committee of the Nanjing Medical University. All the subjects provided written informed consent before participation.

Subjects were excluded if they suffered from severe smoking, alcoholism, Alzheimer’s disease, Parkinson’s disease, stroke, brain trauma, major depression, epilepsy, and MRI contraindications. None of the women had postnatal depression according to the Edinburgh Postnatal Depression Scale (EPDS, overall scores <12) (Cox et al., 1987).

Blood samples were collected by venepuncture at 8 A.M. to assess the levels of fasting plasma glucose (FPG), triglycerides, total cholesterol, low density lipoprotein (LDL)-cholesterol, and high-density lipoprotein (HDL)-cholesterol, in order to exclude the hyperglycemia and hyperlipidemia at the time of examination.

The neuropsychological status of the participants was established using the Mini Mental State Exam (MMSE), Montreal Cognitive Assessment (MoCA), Complex Figure Test (CFT), Clock-Drawing Test (CDT), Verbal Fluency Test (VFT), Digit Span Test (DST), Auditory Verbal Learning Test (AVLT), Trail-Making Test (TMT) A and B, Digit Symbol Substitution Test (DSST), Self-Rating Depression Scale (SDS), and Self-Rating Anxiety Scale (SAS).



Magnetic resonance imaging acquisition

Magnetic resonance imaging data were acquired using a 3.0 Tesla MRI scanner (Ingenia, Philips Medical Systems, Netherlands) with an 8-channel receiver array head coil. During scanning, the subjects were supposed to lie quietly with their eyes closed and avoid head movement, but not to fall asleep or think about anything special. Structural images were obtained using a three-dimensional turbo fast echo (3D-TFE) T1WI sequence as follows: repetition time (TR) = 8.1 ms; echo time (TE) = 3.7 ms; slices = 170; thickness = 1 mm; gap = 0 mm; flip angle (FA) = 8°; acquisition matrix = 256 × 256; field of view (FOV) = 256 mm × 256 mm. Fluid-attenuated inversion recovery (FLAIR) were also acquired: TR = 7000 ms; TE = 120 ms; slices = 18; thickness = 6 mm; gap = 1.3 mm; FA = 110°; and voxel size = 0.65 mm × 0.95 mm × 6 mm. Functional images were acquired using a gradient echo-planar imaging (EPI) sequence as follows: TR = 2000 ms; TE = 30 ms; slices = 36; thickness = 4 mm; gap = 0 mm; FOV = 240 mm × 240 mm; acquisition matrix = 64 × 64; and FA = 90°.



Functional data analysis

Functional magnetic resonance imaging data preprocessing was performed using Data Processing and Analysis for (Resting-State) Brain Imaging (DPABI_V6.1_220101)1 with the following procedures. Removed the first ten volumes function images, slice timing effects and head motion corrected. The remaining dataset was spatially normalized to the Montreal Neurological Institute (MNI) 152 space (resampling voxel size = 3 mm × 3 mm × 3 mm). Moreover, smoothing with an 8-mm full width at half-maximum Gaussian kernel, detrending and filtering (0.01–0.08 Hz) were performed.

The seed regions of interest (ROI) of the PCC were generated from Brodmann template using the WFU_PickAtlas software (Maldjian et al., 2003). For seed based FC analysis, correlation analysis of time course was performed between the spherical seed region (PCC) and each voxel of the whole brain for each subject using DPABI software. Six head motion parameters and mean time courses of global, WM and CSF signals were included in the regression analysis.



Structural analysis

Structural images were processed using the VBM toolbox in SPM12.2 Briefly, the structural images were normalized and segmented into GM, white matter (WM), and cerebrospinal fluid (CSF) in SPM12. The GM, WM, and brain parenchyma volume were divided by the total intracranial volumes. T1 images were normalized to the MNI template using affine linear registration followed by Gaussian smoothing (FWHM = 8 mm).



Statistical analysis

Differences in demographic information and clinical measures were analyzed using one-way analysis of variance (ANOVA) among the three groups followed by a post-hoc test (t-test for means and χ2-test for proportions). The SPSS software (version 25.0, Chicago, IL, United States) was used for statistical analyses and p < 0.05 was considered significant.

To investigate the between-group FC differences, post-hoc analysis was further conducted by one-way ANOVA. Significant thresholds were corrected using false discovery rate (FDR) criterion and set at p < 0.01. Age, education, and GM volume were used as nuisance covariates to adjust for the effect of these factors. To identify the relationship between aberrant FC and cognitive variables, the mean z-values of each brain region that showed significant group differences were calculated within every subject. Spearman correlation analysis between the mean z-values and each variable were performed using SPSS software. The statistical threshold was set at p < 0.05. Partial correlations were performed after correction for age, education, and GM volume. Bonferroni correction was applied for multiple comparisons in the correlation analyses.




Results


Clinical data analysis

The demographic characteristics and neuropsychological results of the parous women, primiparous women and nulliparous women were shown in Table 1. The three groups did not significantly differ in terms of age, education, FPG, blood lipids and WM hyperintensity (all p > 0.05). The parous women had significantly poorer DST scores than the primiparous women (p < 0.05). The other neuropsychological tests exhibited no significant differences among parous women, primiparous women and nulliparous women.


TABLE 1    Demographics and neurocognitive characteristics of the parous, primiparous, and nulliparous women.

[image: Table 1]



Structural data analysis

Table 2 presents the comparisons of the whole-brain volumes (GM volume, WM volume, and brain parenchyma volume) among parous women, primiparous women and nulliparous women. The results showed that there were no significant changes in GM and WM volumes among the three groups (p > 0.05).


TABLE 2    Structural results among the parous, primiparous, and nulliparous women.

[image: Table 2]



Functional data analysis


Parous women vs. primiparous women

Compared with primiparous women, parous women showed significantly decreased FC between the PCC and the right middle frontal gyrus and right parahippocampal gyrus (Figure 1 and Table 3, p < 0.01, FDR corrected).


[image: image]

FIGURE 1
Compared with primiparous women, parous women showed significantly decreased FC between the PCC and the right middle frontal gyrus (R-MFG) and right parahippocampal gyrus (R-PHG) (p < 0.01, FDR corrected).



TABLE 3    Decreased FC of PCC in parous women compared to primiparous women.
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Parous women vs. nulliparous women

Parous women compared with nulliparous women exhibited significantly reduced FC between the PCC and the left superior frontal gyrus and left middle frontal gyrus (Figure 2 and Table 4, p < 0.01, FDR corrected).


[image: image]

FIGURE 2
Parous women compared with nulliparous women exhibited significantly reduced FC between the PCC and the left superior frontal gyrus (L-SFG) and left middle frontal gyrus (L-MFG) (p < 0.01, FDR corrected).



TABLE 4    Decreased FC of PCC in parous women compared to nulliparous women.
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Primiparous women vs. nulliparous women

Relative to nulliparous women, primiparous women revealed a significant reduction in FC between the left middle frontal gyrus (Figure 3 and Table 5, p < 0.01, FDR corrected).
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FIGURE 3
Relative to nulliparous women, primiparous women revealed a significant reduction in FC between the left middle frontal gyrus (L-MFG) (p < 0.01, FDR corrected).



TABLE 5    Decreased FC of PCC in primiparous women compared to nulliparous women.
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Correlation results

Compared with primiparous women, the decreased FC of the PCC to the right parahippocampal gyrus in parous women was positively associated with the reduced DST scores (rho = 0.524, p = 0.031) (Figure 4A). Moreover, compared with nulliparous women, the decreased FC of the PCC to the left superior frontal gyrus in parous women was also positively associated with the lower DST scores (rho = 0.550, p = 0.022) (Figure 4B). These correlations were corrected for age, education, and GM volume. None of the other decreased FC was correlated with other cognitive performances.


[image: image]

FIGURE 4
(A) Compared with primiparous women, the decreased FC of the PCC to the right parahippocampal gyrus in parous women was positively associated with the reduced DST scores (rho = 0.524, p = 0.031); (B) compared with nulliparous women, the decreased FC of the PCC to the left superior frontal gyrus in parous women was positively associated with the lower DST scores (rho = 0.550, p = 0.022).





Discussion

As the central region of the DMN, the PCC performs diverse cognitive functions including visuospatial memory and processing of emotional and non-emotional information (Vogt et al., 2006; Leech and Sharp, 2013; Sestieri et al., 2017). Moreover, the DST score was used to assess the immediate memory (Hale et al., 2002). Therefore, the correlation between decreased PCC activity and impaired DST scores may indicate the decline of the short-term memory in postpartum women. The PCC is also recognized for its role in self-referential processing and social cognition (Mars et al., 2012). Alterations in endogenous sex steroid hormone levels during the postpartum period may result in widespread neural changes, including in the PCC (Fisher et al., 2016). Furthermore, our previous study had mainly demonstrated decreased resting-state FC patterns within the DMN regions, especially the PCC, which were associated with impaired cognitive function in primiparous women without depression (Zheng et al., 2020). Therefore, our findings indicate that reduced PCC connectivity pattern within the DMN may be responsible for the impaired short-term memory in parous women, which is different from that in primiparous women.

Furthermore, reduced FC of the PCC to the right parahippocampal gyrus in parous women was positively associated with the impairment DST scores. The parahippocampal area has been hypothesized to play a critical role in memory recollection and transferring information from the hippocampus to the association areas (Diederen et al., 2010). Women with postpartum psychosis showed smaller gray matter volume and decreased surface area in parahippocampal gyrus compared to women without postpartum psychosis (Fusté et al., 2017). Sharma et al. (2021) demonstrated disrupted FC between the posterior DMN and parahippocampal gyrus in older adults with subjective cognitive decline and correlates with subjective memory ability. Our results suggested that the FC of the PCC to the parahippocampal gyrus is another connection route associated with short-term memory. Since PCC–parahippocampal cortical connections provide access to autobiographical and other memories involved in self/other-relevant thought, women with second pregnancy may be less apt to access these cognitive functions.

The prefrontal cortex, especially the superior and middle frontal cortex, is mainly responsible for executive function (Yuan and Raz, 2014). We found decreased FC between PCC and prefrontal cortex were linked to impaired DST performance in parous women, which may indicate the dysfunction of executive abilities. Prior studies have detected disrupted executive function as one of the main cognitive dysfunction in postpartum women (Anderson and Rutherford, 2012; Meena et al., 2016). A fMRI study showed that the prefrontal brain activity during a response inhibition task was decreased throughout the first postpartum weeks in healthy women (Bannbers et al., 2013). Our combined ALFF and ReHo analyses revealed reduced neuronal activity, mainly in the PCC and prefrontal cortex, which was associated with executive dysfunction in primiparous women (Zheng et al., 2018). Furthermore, compared with the nulliparous women, postpartum women had a significantly decreased FC between the PCC and the left mPFC (Zheng et al., 2020). The current study extends the work that aberrant brain connectivity in the prefrontal cortex may play a pivotal role in postpartum cognitive impairment, especially the executive dysfunction.

This study has several limitations. First, the relatively limited sample size may lead to statistical bias and may reduce the ability to detect a relationship between abnormal FC and cognitive decline in parous women. Further studies with larger sample sizes are required in the future. Second, we only selected the PCC as the ROI but did not analyze FC changes in the other regions of the DMN. Therefore, future work should further analyze FC changes within the DMN in postpartum women. Third, the low temporal resolution and hemodynamic response delay of fMRI may affect the connectivity results. Studies on the combination of brain structure at the molecular or cellular level will be helpful to further explore the underlying neural mechanisms of cognitive dysfunction after pregnancy. Finally, physiologic noise, including respiratory, head motion, and cardiac fluctuations, might have compromised our results. These confounding factors should be taken into account in future studies.



Conclusion

Taken together, this study showed that women with second pregnancy may cause FC alterations between the DMN regions with the parahippocampal gyrus and prefrontal cortex. Significant associations were also found between the disrupted FC networks and cognitive dysfunction in parous women. These results may provide new insights into the neuropathological mechanisms of cognitive impairment during postpartum period, especially for the parous women. The second pregnancy is associated with potential brain connectivity network alterations, which may provide more pivotal information for the clinical obstetrics about the early prevention from postpartum cognitive dysfunction.



Data availability statement

The original contributions presented in this study are included in the article/supplementary material, further inquiries can be directed to the corresponding authors.



Ethics statement

The studies involving human participants were reviewed and approved by the Research Ethics Committee of the Nanjing Medical University. The patients/participants provided their written informed consent to participate in this study.



Author contributions

JZ and TZ designed the experiment, collected the data, performed the analysis, and wrote the manuscript. Y-CC, HC, and YF collected the data. W-WT and J-XZ contributed to the discussion and manuscript revision. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by a grant from the Jiangsu Provincial Maternal and Child Health Research Project (No. F201829) and Nanjing Special Fund for Health Science and Technology Development (No. YKK18162).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Footnotes

1
http://rfmri.org/dpabi

2
http://www.fil.ion.ucl.ac.uk/spm


References

Albin-Brooks, C., Nealer, C., Sabihi, S., Haim, A., and Leuner, B. (2017). The influence of offspring, parity, and oxytocin on cognitive flexibility during the postpartum period. Horm. Behav. 89, 130–136. doi: 10.1016/j.yhbeh.2016.12.015

Anderson, M. V., and Rutherford, M. D. (2012). Cognitive reorganization during pregnancy and the postpartum period: an evolutionary perspective. Evol. Psychol. 10, 659–687. doi: 10.1177/147470491201000402

Bak, Y., and Nah, Y. (2021). Neural correlates of empathy for babies in postpartum women: a longitudinal study. Hum. Brain Mapp. 42, 3295–3304. doi: 10.1002/hbm.25435

Bannbers, E., Gingnell, M., Engman, J., Morell, A., Sylvén, S., Skalkidou, A., et al. (2013). Prefrontal activity during response inhibition decreases over time in the postpartum period. Behav. Brain Res. 241, 132–138. doi: 10.1016/j.bbr.2012.12.003

Chase, H. W., Moses-Kolko, E. L., Zevallos, C., Wisner, K. L., and Phillips, M. L. (2013). Disrupted posterior cingulate–amygdala connectivity in postpartum depressed women as measured with resting BOLD fMRI. Soc. Cogn. Affect. Neurosci. 9, 1069–1075. doi: 10.1093/scan/nst083

Christensen, H., Leach, L. S., and Mackinnon, A. (2010). Cognition in pregnancy and motherhood: prospective cohort study. Br. J. Psychiatry 196, 126–132. doi: 10.1192/bjp.bp.109.068635

Cox, J. L., Holden, J. M., and Sagovsky, R. (1987). Detection of postnatal depression. Development of the 10-item Edinburgh postnatal depression scale. Br. J. Psychiatry 150, 782–786. doi: 10.1192/bjp.150.6.782

Deligiannidis, K. M., Sikoglu, E. M., Shaffer, S. A., Frederick, B., Svenson, A. E., Kopoyan, A., et al. (2013). GABAergic neuroactive steroids and resting-state functional connectivity in postpartum depression: a preliminary study. J. Psychiatr. Res. 47, 816–828. doi: 10.1016/j.jpsychires.2013.02.010

Diederen, K. M., Neggers, S. F., Daalman, K., Blom, J. D., Goekoop, R., Kahn, R. S., et al. (2010). Deactivation of the parahippocampal gyrus preceding auditory hallucinations in schizophrenia. Am. J. Psychiatry 167, 427–435. doi: 10.1176/appi.ajp.2009.09040456

Fisher, P. M., Larsen, C. B., Beliveau, V., Henningsson, S., Pinborg, A., Holst, K. K., et al. (2016). Pharmacologically induced sex hormone fluctuation effects on resting-state functional connectivity in a risk model for depression: a randomized trial. Neuropsychopharmacology 42, 446–453. doi: 10.1038/npp.2016.208

Fransson, P., and Marrelec, G. (2008). The precuneus/posterior cingulate cortex plays a pivotal role in the default mode network: evidence from a partial correlation network analysis. Neuroimage 42, 1178–1184. doi: 10.1016/j.neuroimage.2008.05.059

Fusté, M., Pauls, A., Worker, A., Reinders, A., Simmons, A., and Williams, S. C. R. (2017). Brain structure in women at risk of postpartum psychosis: an MRI study. Transl. Psychiatry 7:1286. doi: 10.1038/s41398-017-0003-8

Greicius, M. D., Krasnow, B., Reiss, A. L., and Menon, V. (2003). Functional connectivity in the resting brain: a network analysis of the default mode hypothesis. Proc. Natl. Acad. Sci. U.S.A. 100, 253–258. doi: 10.1073/pnas.0135058100

Hale, J. B., Hoeppner, J.-A. B., and Fiorello, C. A. (2002). Analyzing digit span components for assessment of attention processes. J. Psychoeduc. Assess. 20, 128–143. doi: 10.1177/073428290202000202

Hoekzema, E., Barba-Müller, E., Pozzobon, C., Picado, M., Lucco, F., García-García, D., et al. (2017). Pregnancy leads to long-lasting changes in human brain structure. Nat. Neurosci. 20, 287–296. doi: 10.1038/nn.4458

Kim, P., Leckman, J. F., Mayes, L. C., Feldman, R., Wang, X., and Swain, J. E. (2010). The plasticity of human maternal brain: longitudinal changes in brain anatomy during the early postpartum period. Behav. Neurosci. 124, 695–700. doi: 10.1037/a0020884

Lee, M. H., Smyser, C. D., and Shimony, J. S. (2013). Resting-state fMRI: a review of methods and clinical applications. Am. J. Neuroradiol. 34, 1866–1872. doi: 10.3174/ajnr.A3263

Leech, R., and Sharp, D. J. (2013). The role of the posterior cingulate cortex in cognition and disease. Brain 137, 12–32.

Leech, R., and Sharp, D. J. (2014). The role of the posterior cingulate cortex in cognition and disease. Brain 137, 12–32. doi: 10.1093/brain/awt162

Li, W., Xu, X., Jiang, W., Wang, P., and Gao, X. (2020). Functional connectivity network estimation with an inter-similarity prior for mild cognitive impairment classification. Aging (Albany NY) 12, 17328–17342. doi: 10.18632/aging.103719

Maldjian, J. A., Laurienti, P. J., Kraft, R. A., and Burdette, J. H. (2003). An automated method for neuroanatomic and cytoarchitectonic atlas-based interrogation of fMRI data sets. Neuroimage 19, 1233–1239. doi: 10.1016/S1053-8119(03)00169-1

Mantini, D., Perrucci, M. G., Del Gratta, C., Romani, G. L., and Corbetta, M. (2007). Electrophysiological signatures of resting state networks in the human brain. Proc. Natl. Acad. Sci. 104, 13170–13175. doi: 10.1073/pnas.0700668104

Mars, R. B., Neubert, F.-X., Noonan, M. P., Sallet, J., Toni, I., and Rushworth, M. F. (2012). On the relationship between the “default mode network” and the “social brain. Front. Hum. Neurosci. 6:189. doi: 10.3389/fnhum.2012.00189

Meena, P. S., Soni, R., Jain, M., and Jilowa, C. S. (2016). Cognitive dysfunction and associated behaviour problems in postpartum women: a study from North India. East Asian Arch. Psychiatry 26:104.

Postma, I. R., De Groot, J. C., Aukes, A. M., Aarnoudse, J. G., and Zeeman, G. G. (2014). Cerebral white matter lesions and perceived cognitive dysfunction: the role of pregnancy. Am. J. Ostet.Gynecol. 211, .e1–.e5. doi: 10.1016/j.ajog.2014.02.031

Priya, A., Chaturvedi, S., Bhasin, S. K., Bhatia, M. S., and Radhakrishnan, G. (2018). Depression, anxiety and stress among pregnant women: a community-based study. Indian J. Psychiatry 60, 151–152. doi: 10.4103/psychiatry.IndianJPsychiatry_230_17

Sestieri, C., Shulman, G. L., and Corbetta, M. (2017). The contribution of the human posterior parietal cortex to episodic memory. Nat. Rev. Neurosci. 18:183. doi: 10.1038/nrn.2017.6

Sharma, N., Murari, G., Vandermorris, S., Verhoeff, N., Herrmann, N., Chen, J. J., et al. (2021). Functional connectivity between the posterior default mode network and parahippocampal gyrus is disrupted in older adults with subjective cognitive decline and correlates with subjective memory ability. J. Alzheimers Dis. 82, 435–445. doi: 10.3233/JAD-201579

Spreng, R. N., and Grady, C. L. (2010). Patterns of brain activity supporting autobiographical memory, prospection, and theory of mind, and their relationship to the default mode network. J. Cogn. Neurosci. 22, 1112–1123. doi: 10.1162/jocn.2009.21282

Vogt, B. A., Vogt, L., and Laureys, S. (2006). Cytology and functionally correlated circuits of human posterior cingulate areas. Neuroimage 29, 452–466. doi: 10.1016/j.neuroimage.2005.07.048

Xiao-Juan, W., Jian, W., Zhi-Hong, L., Yan, M., and Shi-Wei, Z. (2011). Increased posterior cingulate, medial frontal and decreased temporal regional homogeneity in depressed mothers. a resting-state functional magnetic resonance study. Procedia Environ. Sci. 8, 737–743. doi: 10.1016/j.proenv.2011.10.112

Yuan, P., and Raz, N. (2014). Prefrontal cortex and executive functions in healthy adults: a meta-analysis of structural neuroimaging studies. Neurosci. Biobehav. Rev. 42, 180–192. doi: 10.1016/j.neubiorev.2014.02.005

Zeng, Y., and Hesketh, T. (2016). The effects of China’s universal two-child policy. Lancet 388, 1930–1938. doi: 10.1016/S0140-6736(16)31405-2

Zhang, S., Wang, W., Wang, G., Li, B., Chai, L., Guo, J., et al. (2020). Aberrant resting-state interhemispheric functional connectivity in patients with postpartum depression. Behav. Brain Res. 382:112483. doi: 10.1016/j.bbr.2020.112483

Zheng, J. X., Chen, Y. C., Chen, H., Jiang, L., Bo, F., Feng, Y., et al. (2018). Disrupted spontaneous neural activity related to cognitive impairment in postpartum women. Front. Psychol. 9:624. doi: 10.3389/fpsyg.2018.00624

Zheng, J. X., Ge, L., Chen, H., Yin, X., Chen, Y. C., and Tang, W. W. (2020). Disruption within brain default mode network in postpartum women without depression. Medicine (Baltimore) 99:e20045. doi: 10.1097/MD.0000000000020045













	 
	

	TYPE Original Research
PUBLISHED 22 July 2022
DOI 10.3389/fnins.2022.957620





Intra and inter: Alterations in functional brain resting-state networks in patients with functional constipation

Dan Zhang1, Zai-Long Zhou1, Ting Xing2, Mei-Yu Zhou2, Ye-Ming Wan2, Shu-Chen Chang2, Ya-Li Wang2 and Hai-Hua Qian1*

1Department of Anorectal Surgery, The Affiliated Hospital of Nanjing University of Chinese Medicine, Nanjing, China

2No. 1 Clinical Medical College, Nanjing University of Chinese Medicine, Nanjing, China

[image: image]

OPEN ACCESS

EDITED BY
Zhengxia Wang, Hainan University, China

REVIEWED BY
Li Xuejing, The Affiliated Huai’an Hospital of Xuzhou Medical University, China
Sen Wang, Nanjing Medical University, China

*CORRESPONDENCE
Hai-Hua Qian, haihuaqian@126.com

SPECIALTY SECTION
This article was submitted to Brain Imaging Methods, a section of the journal Frontiers in Neuroscience

RECEIVED 31 May 2022
ACCEPTED 05 July 2022
PUBLISHED 22 July 2022

CITATION
Zhang D, Zhou Z-L, Xing T, Zhou M-Y, Wan Y-M, Chang S-C, Wang Y-L and Qian H-H (2022) Intra and inter: Alterations in functional brain resting-state networks in patients with functional constipation.
Front. Neurosci. 16:957620.
doi: 10.3389/fnins.2022.957620

COPYRIGHT
© 2022 Zhang, Zhou, Xing, Zhou, Wan, Chang, Wang and Qian. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

Background: Functional constipation (FCon), is a symptom-based functional gastrointestinal disorder without an organic etiology and altering brain structure and function. However, previous studies mainly focused on isolated brain regions involved in brain plasticity. Therefore, little is known about the altered large-scale interaction of brain networks in FCon.

Methods: For this study, we recruited 20 patients with FCon and 20 healthy controls. We used group independent component analysis to identify resting-state networks (RSNs) and documented intra- and inter-network alterations in the RSNs of the patients with FCon.

Results: We found 14 independent RSNs. Differences in the intra-networks included decreased activities in the bilateral caudate of RSN 3 (strongly related to emotional and autonomic processes) and decreased activities in the left precuneus of RSN 10 (default mode network). Notably, the patients with FCon exhibited significantly decreased interactive connectivity between RSNs, mostly involving the connections to the visual perception network (RSN 7–9).

Conclusion: Compared with healthy controls, patients with FCon had extensive brain plastic changes within and across related RSNs. Furthermore, the macroscopic brain alterations in FCon were associated with interoceptive abilities, emotion processing, and sensorimotor control. These insights could therefore lead to the development of new treatment strategies for FCon.

KEYWORDS
functional constipation, resting-state networks, independent component analysis, functional network connectivity, brain plasticity


Introduction

Functional constipation (FCon), a symptom-based functional gastrointestinal disorder without an organic etiology, is characterized by difficulty in defecation, reduced stool frequency, and abdominal distension and pain (Mugie et al., 2011). The efficacy of drug-based and non-drug therapies (such as lifestyle and pelvic floor interventions) remains far from satisfactory, and the therapy cycle is long (Koppen et al., 2015; Rao et al., 2016).

With the development of modern neurogastroenterology and the in-depth study of the structure and function of the enteric nervous system, the links at different levels between the gastrointestinal system and the central nervous system have been thoroughly investigated (Jones et al., 2006; Heiss and Olofsson, 2019; Barrio et al., 2022). Moreover, neuroimaging is a recent convenient tool for studying the brain plastic changes derived from FCon. Brain mechanism researchers commonly use functional MRI (fMRI), for example to observe the brain structural and functional changes in FCon patients. Several recent studies have reported that FCon could alter brain structure and functions such as somatic and sensory processing, motor control, self-referential processing, and emotional process modulation (Zhu et al., 2016; Hu et al., 2020; Duan et al., 2021; Li et al., 2021; Liu et al., 2021; Zhang Z. et al., 2021). Moreover, the brain plastic changes might be closely associated with constipation symptoms and emotional status. However, previous studies mostly focused on isolated brain regions involved in brain plasticity. Moreover, behavior-related brain function depends on the functional integration of neural networks. A previous study employed graph theory to investigate the large-scale characteristics of the brain functional networks and indicated that FCon was related to reduced functional connectivity and abnormalities in the thalamocortical networks (Liu et al., 2021).

Neuroimaging studies have revealed that the brain is organized into spatially segregated and functionally integrated intrinsic connectivity networks (Laird et al., 2011). For example, the default mode network, which mainly includes the medial prefrontal cortex and the posterior cingulate cortex, is a task-negative network that is active during periods of inactivity (Raichle and Snyder, 2007). Independent component analysis (ICA) is a powerful and widely used data-driven method for detecting independent patterns in multivariate information (Fox and Raichle, 2007; Fang et al., 2021). Meanwhile, fMRI studies are also suitable for decomposing resting-state data into potential spatially segregated intrinsic connectivity networks, called resting-state networks (RSNs). RSN identification and functional connectivity analysis have provided an approach to investigating the macroscopic spatio-temporal organization of the brain (Lin et al., 2017; Xing et al., 2020; Zhang H. et al., 2021).

Herein, we used group independent component analysis (GICA) to identify RSNs. Next, we investigated intra- and inter-network alterations in the RSNs of FCon patients. This study is the first to explore the macroscopic spatio-temporal alterations within and across the related functional RSNs in patients with FCon.



Materials and methods


Participants

A total of 20 FCon patients and 20 healthy controls were recruited at the Affiliated Hospital of Nanjing University of Chinese Medicine (Jiangsu Province Hospital of Chinese Medicine). Two experienced gastroenterologists from the Affiliated Hospital of Nanjing University of Chinese Medicine (Jiangsu Province Hospital of Chinese Medicine) performed FCon diagnosis using the Rome IV criteria (Drossman, 2016). We also calculated the Constipation Scoring System (CSS) of the FCon patients. The CSS score quantifies constipation on a scale of 0–30 points, with a higher score indicating a worse constipation. We recruited FCon patients with no other medical or psychological disorders. Besides, the patients with the following conditions were excluded from our study: (1) redundant sigmoid colon/congenital giant colon/pelvic floor muscle relaxation; (2) constipation after childbirth; (3) current medications affecting brain function; and (4) contraindications to fMRI. In addition, we recruited age- and gender-matched healthy controls through advertisements placed in the local community. We also surveyed the FCon patients and healthy controls using the ZUNG self-rating depression scale (SDS) and ZUNG self-rating anxiety scale (SAS; Zung, 1971, 1965). To ensure the absence of anxiety or depression, we excluded participants with SAS and SDS total scores below 50. The Ethics Committee of the Affiliated Hospital of Nanjing University of Chinese Medicine (Jiangsu Province Hospital of Chinese Medicine) reviewed and approved this study involving human participants (2021-NL-044-02). The study protocol has been approved by the local research ethics committee and registered with the Chinese Clinical Trial Registry (ChiCTR2100048671). All the participants provided their written informed consent to participate in this study.



Resting-state functional MRI data acquisition and preprocessing

We performed resting-state fMRI scans of the whole brain on the participants using a GE 3T MRI scanner (SIGNA Architect). Participants were instructed to lie still and had their heads immobilized with foam pads. The gradient echo-planar imaging sequence was used for scanning, and the scanning parameters were as follows: slice number = 49, TR = 2 s, matrix size = 128 × 128, FOV = 240 mm × 240 mm, flip angle = 90°, slice thickness = 3 mm, number of average = 2.

Resting-state fMRI data were preprocessed using the Statistical Parametric Mapping 8 toolbox1 implemented in the MATLAB 2014a platform. Briefly, the main steps were as follows: (1) removing the first 10 TRs data for the signal equilibrium; (2) slice-timing correction; (3) correction for head motion (the head movements were all < 2.5 mm or 2.5 degrees in any direction); (4) spatial normalization to the standard Montreal Neurological Institute space; (5) spatial smoothing with a 6-mm Gaussian kernel; and (6) temporal bandpass filtering (0.01–0.1 Hz) to decrease the low-frequency drift.



Independent component analysis and resting-state networks identification

Following data preprocessing, we performed ICA—a data-driven analysis method (Calhoun et al., 2001)—to identify the resting-state independent components (ICs) of the FCon patients and healthy controls using GICA of fMRI Toolbox2.

We applied a concatenation approach plus back-reconstruction for the GICA. First, we reduced the dimensionality of the images using principal component analysis, then temporally concatenated the data and decomposed them into 39 components using the information-maximization (infomax) algorithm. Then, we estimated the ICs number according to the minimum description length criteria (Jafri et al., 2008). To assess the robustness, we applied 100 repetitions of the infomax ICA algorithm in ICASSO. Next, we reconstructed the spatial patterns and time courses of the group-level ICs for each subject. We then performed z-transformations of the ICA-determined maps. Finally, we identified 14 ICs-of-interest by spatial sorting and visual inspection according to a previous ICA analysis study (Laird et al., 2011).



Analysis of the intra-network alterations within resting-state networks

We performed a one-sample t-test in SPM8 for each selected IC to get a group-level RSN spatial map for all subjects [p < 0.05 after false discovery rate (FDR) correction]. We also binarized the significant clusters to define them as mask. Subsequently, we investigated the intra-connectivity differences in each RSN by comparing two groups using two-sample t-tests (p < 0.05 after FDR correction) within the binary mask of each selected IC.



Analysis of the inter-network alterations between resting-state networks

Next, we employed the functional network connectivity (FNC) toolbox3 to investigate the possible interaction between RSNs using a constrained maximal time-lagged correlation method reflecting the temporal domain interactions.

Based on the ICA algorithm, the source signals of brain regions within one component are synchronous. Thus, we extracted the time courses of each component and further measured the temporal synchronous degree between RSNs by Pearson correlation. We conducted one-sample t-tests to examine the temporal interactions between any pair of ICs for each group (p < 0.05 after FDR correction). Next, we performed two-sample t-tests for group comparison of all possible statistically significant correlation combinations (p < 0.05 after FDR correction).




Results


Demographic characteristics

The patient and control groups had similar age ranges and gender partitions. Although no participants were diagnosed with depression or anxiety (with SAS/SDS scores < 50), the FCon patients had significantly higher SAS (p = 0.0088) and SDS (p = 0.0001) scores than the healthy controls. The FCon patients’ average constipation duration was 7.3 ± 3.70 months and the CSS score was 13.50 ± 3.66 (Table 1).


TABLE 1    Demographic and clinical information of the participants.
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Resting-state networks identification

We identified 14 ICs by spatial sorting and visual inspection according to a previous ICA analysis study (Laird et al., 2011), and we specified each RSN map using one-sample t-tests across all individual IC maps. We describe each of these briefly below, as Laird et al. (2011) previously reported, and Figure 1 shows the cluster location of each IC.
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FIGURE 1
Spatial maps for each RSN. Each RSN map was obtained using one-sample t-test across all individual independent components (p < 0.05 after FDR correction). The color bar indicates the t-value of the one-sample t-test. RSN, resting-state networks.


RSN 1 (limbic and medial-temporal regions) was strongly associated with interoceptive processing caused by air-hunger, and with the olfactory and gustatory responses, albeit more weakly.

RSN 2 (subgenual anterior cingulate cortex and orbitofrontal cortex) was relevant to olfaction, gustation, and emotion and strongly associated with the reward and thirst tasks (Heatherton, 2011).

RSN 3 (bilateral basal ganglia and thalamus) was strongly related to reward tasks and interoceptive processing caused by hunger, thirst, as well as anxiety and olfaction (Herrero et al., 2002).

RSN 4 (middle frontal and superior parietal areas) was related to visuospatial processing and reasoning (Dosenbach et al., 2007).

RSN 5 (ventral precentral gyri, central sulci, postcentral gyri, superior, and inferior cerebellum) was linked to action and somesthesis relevant to hand movements and tasks (Smith et al., 2009).

RSN 6 (superior parietal lobule) was anticorrelated with some cognitive and emotional processing (Scheperjans et al., 2005).

RSN 7 (middle and inferior temporal areas) was related to visual perception tasks, including viewing complex, usually emotional stimuli (such as visual food stimuli; Masterson et al., 2019).

RSN 8 and 9 (lateral and medial posterior occipital areas) were also associated with visual perception (Ishioka et al., 2021). RSN 11 was strongly weighted toward higher-level visual processing such as orthography and covert reading. Meanwhile, RSN 12 was mainly associated with simple visual stimuli such as flashing checkerboards (White et al., 2011).

RSN 10 (medial prefrontal and posterior cingulate/precuneus areas), also known as the default mode network, was closely associated with theory of mind and social cognition tasks (Biswal et al., 2010).

RSN 11 (cerebellum) was commonly related to action and somesthesis, as well as several sensorimotor, autonomic, and cognitive functions (Stoodley, 2016).

RSN 12 (transverse temporal gyri) was associated with audition, music, and speech (Fishman et al., 2001).

RSN 13 (dorsal precentral gyri, central sulci, postcentral gyri, and superior and inferior cerebellum) included primary sensorimotor cortices for the mouth. It was linked to action and somesthesis involving speech, chewing, or swallowing, and tongue motor function (Ekstrand et al., 2019).

RSN 14 (left-lateralized frontoparietal areas) was closely associated with a distributed range of semantic, phonologic, and orthographic language tasks, as well as working and explicit memory tasks (Yang and Zevin, 2014).



The intra-network difference between functional constipation patients and healthy controls in identified resting-state networks

Figure 2 and Table 2 present the intra-network differences. FCon patients had significantly lower bilateral caudate nucleus activities in the RSN 3 than the healthy controls. They also had significantly decreased activity in the left precuneus (RSN 10). We found no differences in other RSNs.
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FIGURE 2
The results of the intranetwork difference between FCon patients and healthy controls. Altered functional activities were found in RSN 3 (bilateral basal ganglia and thalamus) and RSN 10 (default mode network). No difference was found in other RSNs. The color bar indicates the t-value of the two-sample t-test between FCon patients and healthy controls. A negative t-value means significantly lower functional activity in the FCon patients. FCon, functional constipation; RSN, resting-state networks.



TABLE 2    The intranetwork difference in identified RSNs between FCon patients and healthy controls.
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The interactive alterations between the resting-state networks

As shown in Figures 3, 4, FCon patients showed significantly lower connectivity between RSN 1 and RSN 7, RSN 5, and RSN 9, RSN 5 and RSN 8, RSN 4 and RSN 14, RSN 5 and RSN 9, RSN 9 and RSN 14, and RSN 8 and RSN 13 than healthy controls. Notably, there was no significantly increased connectivity in FCon patients.
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FIGURE 3
FCon-related differences in brain functional network connectivity between RSNs. The blue line between relative RSNs means significantly lower connectivity strength in FCon patients. FCon, functional constipation; RSN, resting-state networks.
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FIGURE 4
Results of component combination between each pair of the identified RSNs. The blue lines show the correlation of p-value; the red dotted line shows the user p-value threshold.





Discussion

This study investigated the difference in the intra-network and interactive alterations of RSNs between FCon patients and healthy controls using ICA and FNC algorithms. Differences in the intra-network showed decreased activities in the bilateral caudate nucleus of RSN 3 (strongly related to emotional and autonomic processes) and decreased activities in the left precuneus of RSN 10 (default mode network). Notably, the FCon patients exhibited significantly decreased interactive connectivity between RSNs, primarily including the connections to the visual perception network (RSNs 7, 8, and 9). Overall, FCon patients had extensive brain plastic changes within and across related RSNs compared with healthy controls.

Using the ICA approach, we identified 14 RSNs. RSNs 1–3 were strongly linked to emotional and autonomic processes involving interoceptive processes, such as hunger and thirst. RSNs 4–6 were closely related to motor and visuospatial integration, coordination, and execution. RSNs 7–9 were associated with visual perception. Finally, RSNs 10–14 were divergent networks known as the default mode network (10), cerebellum network (11), auditory network (12), motor and sensory cortices for the mouth (13), and left frontoparietal regions (14).

The intra-network activities analysis revealed that FCon patients had lower activities in the bilateral caudate nucleus, a basal ganglia brain region required for executive functions (Macfarlane et al., 2013). Furthermore, the caudate nucleus has consistently been linked to reward processing (O’Doherty, 2004; Knutson and Cooper, 2005). Studies of irritable bowel syndrome (IBS) specific brain alterations indicated that the basal ganglia played a role in pain processing by undergoing microstructural and functional reorganization (Song et al., 2006; Tillisch et al., 2011; Ellingson et al., 2013). Furthermore, deep brain stimulation of the caudate nucleus effectively relieved both psychiatric and gastrointestinal symptoms in a patient with IBS (Langguth et al., 2015). FCon, like IBS, may be linked to abnormal gastrointestinal sensorimotor and emotional processing.

Additionally, the FCon patients showed lower activities in the left precuneus of RSN 10 (default mode network), which is crucial in self-referential processing and mood control (Raichle and Snyder, 2007). Buvanendran (2010) found that the precuneus was activated in patients with chronic pain and was linked to self-awareness; thus, it might be associated with these patients’ perception of their relationship with the outside world (Cavanna and Trimble, 2006). Besides, numerous studies have focused on the emotional problems of patients with FCon (Dykes et al., 2001; Chan et al., 2005; Duan et al., 2021; Li et al., 2021). They reported that FCon was related to increased psychosocial distress. Furthermore, neuroimaging studies found that FCon patients with anxiety or depression showed significantly different basal brain activities and connectivity in the emotional-arousal network and thalamus. Similarly, FCon patients with anxiety or depression had significantly different functional connectivity within and between salience and sensorimotor networks (Duan et al., 2021; Li et al., 2021). Overall, the physiological abnormalities in the gastrointestinal system are apparently associated with psychological factors.

Another key finding of this study was that FCon only significantly decreased the interactive connectivity between RSNs, mostly involving the connections to the visual perception network (RSN 7–9). The other RSNs of the connection included those associated with motor control and execution (RSNs 4 and 5), hunger-satiety perception (RSN 1), motor and sensory cortices for the mouth (RSN 13), and working and explicit memory (RSN 14). These connections between RSNs are primarily related to interoception, which is crucial to emotional processes. Several psychiatric disorders, such as eating disorders (Perry et al., 2021) and depression (Eggart et al., 2021; Hielscher and Zopf, 2021), impair these processes. Regarding somatic diseases such as IBD, previous studies have focused on interoceptive abilities and their role in emotional processing (Longarzo et al., 2017; Atanasova et al., 2021). In light of our findings, future research on FCon should focus on interoceptive abilities, emotion processing, and sensorimotor control.



Limitations

First, this study had a relatively small sample size, limiting our results’ generalizability and statistical power. Second, we excluded patients with FCon accompanied by anxiety or depression and therefore did not compare them with FCon patients without anxiety or depression. Although the patients had only slightly higher SAS and SDS scores than the healthy controls, none of them met the diagnostic criteria of anxiety or depression. Finally, the lack of interoceptive abilities assessment in patients with FCon is a limitation, especially since the decreased connections were found between RSNs mostly associated with interoception. Future work should, therefore, further investigate the association between brain functional and structural changes and interoceptive abilities.



Conclusion

In this study, we clarified the intra- and inter-networks alterations in patients with FCon. Overall, our results support the notion that the macroscopic brain alterations in FCon are associated with interoceptive abilities, emotion processing, and sensorimotor control. These insights could lead to new treatment strategies for FCon.
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Objectives: This study used resting-state functional magnetic resonance imaging (rs-fMRI) scans to assess the dominant effects of 36 h total sleep deprivation (TSD) on vigilant attention and changes in the resting-state network.

Materials and methods: Twenty-two healthy college students were enrolled in this study. Participants underwent two rs-fMRI scans, once in rested wakefulness (RW) and once after 36 h of TSD. We used psychomotor vigilance tasks (PVT) to measure vigilant attention. The region-of-interest to region-of-interest correlation was employed to analyze the relationship within the salience network (SN) and between other networks after 36 h of TSD. Furthermore, Pearson’s correlation analysis investigated the relationship between altered insular functional connectivity and PVT performance.

Results: After 36 h of TSD, participants showed significantly decreased vigilant attention. Additionally, TSD induced decreased functional connectivity between the visual and parietal regions, whereas, a significant increase was observed between the anterior cingulate cortex and insula. Moreover, changes in functional connectivity in the anterior cingulate cortex and insula showed a significant positive correlation with the response time to PVT.

Conclusion: Our results suggest that 36 h of TSD impaired vigilant visual attention, resulting in slower reaction times. The decrease in visual-parietal functional connectivity may be related to the decrease in the reception of information in the brain. Enhanced functional connectivity of the anterior cingulate cortex with the insula revealed that the brain network compensation occurs mainly in executive function.
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Introduction

Sleep is an innate biological rhythm that is a physiological need to maintain daily life (Lester et al., 1983). Most of us spend approximately one-third of our lives asleep. Adequate sleep restores the brain and body, thus replenishing depleted bodily functions (Abbott et al., 2018). Sleep deprivation (SD) is a state caused by the interaction of the internal state and external environment. It is operationally defined as the state of an individual who does not sleep for more than 4 h in total, during a 24 h day (Jovanović, 1991). However, with the rapid pace of modern life, high stress, and frequent use of electronic network products, sleep deprivation has become a common phenomenon (Barnes et al., 2011). In the “White Paper on Exercise and Sleep 2021,” the big data shows that “the incidence of insomnia among Chinese adults is as high as 38.2%, and there are over 300 million people with sleep disorders in China today,” especially in young people (Patrick et al., 2017). Studies have shown that more than 70% of young people sleep less than 7 h a day, and at least 60% suffer from severe sleep deprivation (Owens et al., 2017). Simultaneously, people must give up sleep and stay awake all night because of the demands of their work (Bin et al., 2012). Workers on manufacturing lines, doctors on night shifts, truck drivers on long hauls, and firefighters are often sleep-deprived. This leads to a dramatic decrease in attention, prolonged reaction times, and a significant decrease in judgment and thinking skills (Hyams et al., 2010). A series of high loads and shift systems of continuous working conditions will cause irreversible damage to the human body and mind and are prone to many serious safety accidents (Patanaik et al., 2015). Sleep deprivation negatively affects tens of millions of lives, their education, employment, and mental health.

Vigilant attention is a special type of attention in which individuals maintain a state of constant awareness and vigilance to stimuli of adaptive importance that may appear, but have not yet appeared (Hudson et al., 2020). The attentional network model, proposed by Posner and Petersen (1990) divides attention into three interconnected subnetworks: a pre-attentive network, a post-attentive network, and a vigilance system, corresponding to the three main functions of executive control, directed inhibition, and vigilance of attention. The psychomotor vigilance task (PVT) paradigm, which is highly reproducible, has small learning effects, is reliable, has become the gold standard for assessing the effects of sleep deprivation on vigilance, and is an ideal tool for behavioral assessment (Van Dongen et al., 2003). As the duration of the waking state increases, the individual’s vigilance function continues to decline, making it difficult to maintain focused attention for long periods. Therefore, the response time of vigilance tasks is particularly sensitive to sleep deprivation (Lim and Dinges, 2010). It leads to prolonged PVT reaction time (Doran et al., 2001); in addition, the impairment of vigilance by sleep deprivation is reflected in the reaction time, and response lapse is also a sensitivity indicator. Some researchers have found that individual response times are significantly longer, and response lapse is significantly increased after sleep deprivation (Teng et al., 2019), suggesting that sleep deprivation leads to physical and mental fatigue in individuals, which leads to slower responses and increased errors. Zepf et al. (2019) found that adults with ADHD have abnormal anterior insular connections and that abnormal connection is associated with poor attention, difficulty in social functioning, and impaired cognitive control. Their research found the brain network mechanism of ADHD in the resting state. However, the attention level of ADHD is already comparatively lower. Tu et al. (2020) revealed that frontal functional disconnection may underlie the pathogenesis responsible for vigilance attention. However, the pattern of attention brain networks in healthy people after 36 h of sleep deprivation that have few understandings. The effects of sleep deprivation on brain function are temporary and reversible, through a period of recovery sleep, previously disturbed brain function is restored to balance. Therefore, we focused the changes between attention performance and the intra-network and inter-network functional connectivity of healthy adults from resting state perspectives after 36 h of SD. We can use SD to elucidate the underlying mechanisms of vigilance attention which is an important goal in basic and clinical neuroscience.

Sleep deprivation severely impairs an individual’s cognitive functions, such as sensory perception (Aguiar and Barela, 2015), visual information processing (Cohen-Zion et al., 2016), emotional regulation (Killgore et al., 2008), working memory (Gerhardsson et al., 2019), vigilant attention (Roca et al., 2012), and executive control functions (Corsi-Cabrera et al., 2015). The most severe impairment is decreased visual vigilance, which is considered the basis for other cognitive impairments (Lim and Dinges, 2010). Event Related Potential provides electrophysiological evidence that sleep deprivation impairs vigilance in the temporal dimension. One study found a decrease in wave amplitude and prolongation of latency in individuals with longer sleep deprivation, such as N1, N382, P300, and P718, suggesting that sleep deprivation slows down the detection of visual stimuli, decreases the correct rate, and diminishes the level of vigilance (Humphrey et al., 1994; Corsi-Cabrera et al., 1999). Other researchers have investigated vigilance using high-resolution spatial brain-imaging techniques. After sleep deprivation, visual vigilance function is not only associated with decreased prefrontal function, but also with decreased parietal and visual cortices, as well as thalamic function (Chee et al., 2011), significantly slower processing of visual information, and reduced executive control functions.

Resting-state functional magnetic resonance imaging (rs-fMRI) is a neuroimaging technique used to study the functional connectivity of the resting brain networks, by comparing the time-domain correlation of signal fluctuations in blood oxygen levels between different brain regions, to determine the functional connectivity of each brain region (Greicius et al., 2003). The human cognitive system is composed of eight main brain networks: default mode network (DMN), sensorimotor network (SMN), visual network (VN), salience network (SN), dorsal attention network (DAN), ventral attention network (VAN), frontal-parietal control network (FPN), and subcortical network (Yeo et al., 2011). It has been found that sleep deprivation impairs cognitive processes, but functional compensation occurs. Recent studies have found that DMN is not simply one homogeneous network but at least two functionally distinct sub-networks. One sub-network consists of the dorsal and anterior regions, called the dorsal DMN, and is involved in introspective, self-oriented processes; the other consists of posterior and medial temporal regions, called the ventral DMN, and is engaged in decision-making, which is a more complex process requiring higher cognitive function (Andrews-Hanna et al., 2010; Doucet et al., 2011; Chen et al., 2017). Functional connectivity within the dorsal DMN was reduced by SD, whereas enhanced functional connectivity was found within the ventral DMN as well as between the two sub-networks. Enhanced communication across two sub-networks correlated positively with working memory and negatively with PVT response time, suggesting compensatory functional connectivity between the dorsal and ventral DMN (Chen et al., 2018). The SN mediates the transition between the default mode network and frontoparietal control networks, to guide rational responses to salient stimuli (Menon and Uddin, 2010). The anterior insular cortex plays a central role in the SN. Sleep deprivation reduces the activity of the SN in attention tasks (Ma et al., 2015). It also reduces function in the right anterior insula which causes the frontoparietal control network activity for task execution, to switch back and forth with task-independent default network activity (Sridharan et al., 2008). This is most likely the cause of the unstable attentional state of the brain and the sharp decrease in vigilance function after sleep deprivation.

Most studies have found that sleep deprivation can cause severe impairment in visual vigilance function and have provided sufficient evidence of the brain regions’ electrophysiological and functional activation. However, few studies have investigated the dominant effects of 36 h total sleep deprivation (TSD) on vigilant attention in individuals from the perspective of functional connectivity in resting-state brain networks. Therefore, this study hypothesized that individuals with sleep deprivation would have severely impaired vigilance function, with significantly longer reaction times, increased response lapse, and decreased functional connectivity with the anterior insula, the core node of the SN for attentional information processing. This study aimed to establish a theoretical basis for the decline of vigilance function and intervention in individuals following sleep deprivation, by investigating the impact of sleep deprivation on neural networks and changes in functional connectivity of brain networks.



Materials and methods


Participants

Twenty-two healthy male college students (mean age: 24 years; age range 21–28 years), volunteered to participate in this experiment. The participants were all from Beijing, were right-handed, had normal or corrected visual acuity, had not previously participated in psychological or physical-related tests, had undergone a rigorous physical examination by a psychiatrist to exclude psychiatric and somatic disorders, and had no tobacco or alcohol dependence or other undesirable habits. Participants’ intelligence quotient (IQ) scores on the Raven’s Standard Progressive Matrices were above the population average (IQ > 110). Participants’ scores on the Pittsburgh Sleep Quality Index (PSQI < 5) indicated good sleep quality. The experimental procedure and precautions to be taken during the experiment were explained in detail to them before the experiment. All participants completed an informed consent form and received the appropriate participant fee at the end of the experiment. The Ethics Committee of the Beihang University (Beijing, China) approved the experiment.



Experimental materials


Psychomotor vigilance task

The PVT was used to test the vigilance status of the participants. PVT is one of the most used experimental paradigms in sleep deprivation research and is sensitive to sleep deprivation in several metrics, including mean reaction time, median reaction time, 10% fastest reaction time, 10% slowest reaction time, and response lapse. The experimental procedure used in this study was based on the E-prime 3.0 platform, with a duration consistent with the prevailing standard version, set at 10 min (Lim and Dinges, 2010), and the response device used was a computer mouse. First, a yellow fixation cross with a red box appeared on the screen in the center of a black background and remained there for 2 s. Second, a yellow numerical stimulus was presented inside the red box for a random duration of 2–10 s. After that, participants had to respond by clicking the mouse as rapidly as possible. After clicking the mouse, the box turned yellow and the number in the box was the participant’s response time. After few moments, the box turned red again, and the next trial began. Figure 1 illustrates the PVT paradigm.
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FIGURE 1
The psychomotor vigilance task (PVT) paradigm. Firstly, a yellow fixation cross with a red box appeared in the center of a black background on the screen and remained for 2 s. Then, a yellow numerical stimulus was presented in the red box for a random duration of 2–10 s. After that, participant had to respond to the mouse button press as soon as possible. After pressing the button, the box turned yellow, and the number in the box was the participant’s response time.




Resting-state magnetic resonance imaging scans

All participants underwent two rs-fMRI scans, once in rested wakefulness (RW) and once after 36 h of TSD. Following the rs-fMRI scans, a PVT was conducted to measure the vigilant attention of participants in both RW and TSD states (Zhang et al., 2021). Behavioral data and resting-state MRI were collected twice. Participants were asked to keep their eyes open during the scan and not think about anything else. At the end of the scan, participants were asked if they had fallen asleep. The entire scan lasted for approximately 7 min. Brain imaging data of the participants were stored and processed for subsequent analysis of brain network characteristics.




Experimental procedure

The experiment used a repeated measures design. Participants were part of a single 36 h of TSD experiment. At 16:00 on the day before the experiment, the participants arrived at the laboratory, were given details about the experiment as well as precautions. They completed a general informed consent form to sleep in the laboratory that night, guaranteeing the participant 8 h of sleep. Participants began sleep deprivation at 8:00 a.m. on Day 2, with the 1st MRI scan set as a baseline measurement and a PVT was conducted following the MRI scan. After completing sleep deprivation for 36 h at 8 p.m. on Day 3, an MRI scan was performed, and thereafter, the second PVT was conducted. Two participants entered the experiment simultaneously, ensuring that three people were in the laboratory. This comprised the health-care worker and the two participants. The participants were supervised to ensure that they were prevented from sleeping (including napping) throughout the sleep deprivation period. Behavioral metrics were recorded, including the participants’ reaction time to task completion, response lapse, median response, 10% fastest response time, and 10% slowest response time. The functional connectivity imaging technique selected 26 regions of interest (ROIs) from six brain networks: the DMN, SMN, VN, SN, DAN, and FPN. The SN was used as the seed from which to explore the functional connectivity between and within the SN and each brain network. Magnetic resonance scans were performed in the magnetic resonance room of Beijing Military General Hospital. Before experiment onset, the participants prepared themselves (removing metal objects, wearing shoe covers, earplugs, etc.), and then laid flat on the MRI scanner with a sponge block padded on the head, to reduce their head movement during the scan. The scans were performed with a GE 3.0 T Discovery 750 MRI system (General Electric Medical System, Milwaukee, WI, United States), using an eight-channel head coil to acquire MRI signals. The participants were asked to keep their eyes open, remain relaxed, and keep their heads as still as possible during the entire scan. A camera was installed in the cavity of the MRI scanner to monitor whether the participant’s eyes remained open in real-time, to ensure that they did not fall asleep during the entire MRI scan. Using an echo-planar imaging sequence with 210 frames, resting-state scans were performed. The acquisition parameters were as follows: repetition time = 2,000 ms, echo time = 30 ms, field of view = 210 mm × 240 mm, slice thickness = 3 mm, slice gap = 1 mm, flip angle = 90°, acquisition matrix (matrix) = 64 × 64, 35 oblique slices (parallel to the AC-PC line), and volume = 210. The high-resolution T1 structure image was acquired using the FSPGR-BRAVO sequence, with the following acquisition parameters: repetition time = 8,208 ms, inversion time = 450 ms, echo time = 3.22 ms, flip angle = 12°, field of view = 240 × 240 mm, voxel size = 1 mm × 1 mm × 1 mm, and slice number = 192. The experimental flowchart is shown in Figure 2.
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FIGURE 2
Experimental flow chart. Total sleep deprivation (TSD) began after a routine nocturnal sleep period, at 08:00 on Day 2, and ended at 20:00 at Day 3. Participants were required to stay awake for 36 h during the whole TSD session. Participants performed psychomotor vigilance tasks (PVT) and functional magnetic resonance imaging (fMRI) scanning at 20:00 on Day 2. After 36 h TSD, fMRI scanning, and PVT was performed at approximately 20:00 on Day 3 for all participants.




Data analysis


Behavioral data analysis

Psychomotor vigilance task data were received from 23 participants, of which one participant was excluded owing to invalid data. Therefore, the final behavioral data of the 22 participants were analyzed. The behavioral data measures were mean reaction time, response lapse, median reaction time, 10% fastest reaction time, and 10% slowest reaction time. The mean reaction time is the average of the participants’ reaction times for each trial of the PVT. We defined reaction times ≤100 (ms) as incorrect responses with a total of two occurrences, and reaction times ≥500 (ms) as reaction lapse. The median reaction time was the middle reaction time of all trials in descending order of reaction time, 10% of the fastest RT, 10% of the slowest reaction time-averaged over the first 10%, and last 10% of all trials. Paired samples t-tests were performed using SPSS ver28.0 (IBM, Armonk, NY, United States), to compare the differences in reaction time, response lapse, median reaction time, 10% fastest reaction time, and 10% slowest reaction time, before and after sleep deprivation.



Functional magnetic resonance imaging data processing

The resting-state fMRI data were based on the MATLAB (MathWorks, Inc., Natick, MA, United States) platform and the functional connectivity tool CONN 18b (Neuroimaging Informatics Tools and Resources Clearinghouse), for the process includes pre-processing, and functional connectivity analysis. First, we scrubbed the data, and the time point was set to 10; that is, the first 10 repetition-time images were scrubbed to avoid the effect of magnetic field instability at the beginning of the scan and to ensure the integrity of the data. Next, slice-time correction was performed to eliminate the variability of scan times between different slices, thus correcting the acquisition times of all slices to the same time point. The remaining rs-fMRI data were realigned to the middle volume of each session using the SPM12 realign and unwarp procedure to perform the head motion correction. Head motion correction was used to eliminate participants with excessive head motion parameters to facilitate subsequent statistical analysis; thereafter, functional outlier detection was used to remove extreme values, and then spatial normalization was performed, using the currently widely used template of the Montreal Neurological Institute (MNI). The standard spatial template established by the MNI, widely used today, was used to facilitate group-level analysis of all participants in a uniform space, and spatial smoothing was set to 4 mm × 4 mm × 4 mm to improve the effectiveness of statistical analysis. Before further processing, the quality of the pre-processed images was evaluated to prevent false-positive results. The quality report that was generated, built into the CONN, provided a preview of the participants’ image spatial normalization results. The alignment of the 22 resting-state images with the MNI standard space was as expected. The effects of some covariates were regressed using the CompCor function to reduce physiological noise factors and improve the signal-to-noise ratio. The preprocessing pipeline is illustrated in Figure 3A. According to the CONN template, 26 ROIs (Tzourio-Mazoyer et al., 2002) were selected from the six large-scale networks: DMN, SMN, VN, SN, DAN, and FPN (Yeo et al., 2011). The default mode network includes the medial prefrontal cortex (MPFC), left and right paracentral lobules [LP(L) and LP(R)], and posterior cingulate cortex (PCC); SMN includes the left and right lateral and superior; VN includes the medial, occipital, and left and right lateral; the SN includes the anterior cingulate cortex (ACC), left and right anterior insula, left and right rostrolateral prefrontal cortex [RPFC(L) and RPFC(R)], and left and right supramarginal gyrus [SMG(L) and SMG(R)]; the DAN includes left and right frontal eye field [FEF(L) and FEF(R)], and left and right intraparietal sulcus [IPS(L) and IPS(R)]; and the FPN includes the left and right lateral prefrontal cortex [LPFC(L) and LPFC(R)], and left and right posterior parietal cortex [PCC(L) and PCC(R)]. Table 1 lists the abbreviated names and coordinates of these 26 ROIs. The specific location distributions are shown in Figure 4. Twenty-six brain ROIs were selected to separately assess each participant’s functional connectivity from diverse sources in a first-order analysis. Then, the mean time course of each ROI was extracted by averaging the time series of all voxels in the corresponding ROI. ROI-ROI maps were generated by computing pairwise the Pearson’s correlation of the 26 ROIs. Thereafter, we chose seven ROIs of the SN as the seed for comparing the intra-and inter-networks of functional connectivity. The analysis pipeline is illustrated in Figure 3B. Data processing methods included general linear models fused with typical hemodynamic response functions. In the second-order analysis, comparisons between participants were made [SD > RW (1, −1)], based on a general linear model with random effects. The network-level correction was applied for multiple comparisons (false discovery rate, p < 0.05) (Whitfield-Gabrieli and Nieto-Castanon, 2012). The ROI-ROI map is illustrated in Figure 3C.
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FIGURE 3
Preprocessing and analysis pipeline. (A) Preprocessing pipeline; (B) analysis pipeline: first and second level analyses; (C) ROI-to-ROI map: 26 regions of interest (ROis) were selected from the six large scale networks: default mode network (DMN), sensorimotor network (SMN), visual network (VN), salience network (SN), dorsal attention network (DAN), ventral attention and frontal-parietal control network (FPN), SN as the seed, ROI-to-ROI analysis. SD, sleep deprivation; RW, rested wakefulness; ROI, regions of interest.



TABLE 1    Abbreviated names and coordinates of 26 regions of interests (ROIs) in the resting-state network.
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FIGURE 4
Twenty six brain regions of interest (ROis) distribution in the brain. Default mode network (DMN), sensorimotor network (SMN), visual network (VN), salience network (SN), dorsal attention network (DAN), ventral attention, and frontal-parietal control network (FPN). These numbers correspond to the number of brain regions in Table 1.




Statistical treatment

SPSS.28.0 was used to calculate the mean and standard deviation of the reaction time, response lapse, median reaction time, 10% fastest reaction time, and 10% slowest reaction time; paired samples t-tests were used to compare the differences between RW and TSD after 36 h. Finally, the behavioral data were correlated with the fMRI data by Pearson correlation, to explore their relationship.





Results


Behavioral results

For 22 participants with correct responses on the PVT, the mean reaction time, response lapse, median reaction time, 10% fastest reaction time, and 10% slowest reaction time were calculated and statistically analyzed, as shown in Table 2. Compared with RW, the mean reaction time was significantly slower after 36 h of TSD (t21 = 4.33, p = 0.006), the number of response lapse was significantly higher (t21 = 4.33, p < 0.001), the median reaction time was significantly longer (t21 = 3.27, p = 0.004), the 10% fastest reaction time was significantly longer (t21 = 3.50, p = 0.002), and 10% of the slowest responses were significantly prolonged (t21 = 2.71, p = 0.013).


TABLE 2    Behavioral change after sleep deprivation (SD).
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Brain imaging results


Changes in functional connectivity of brain regions

The functional connectivity within the SN and between other networks, such as DMN, SMN, VN, DAN, and FPN, in RW and TSD is shown in Figure 5. The results showed that compared with RW, the functional connectivity between the left supramarginal gyrus [SMG(L)] and the right visual area (t21 = −3.68, p-FDR = 0.0349) was significantly decreased after SD. Within the SN, the functional connectivity between the anterior cingulate gyrus and the right insula (t21 = 3.55, p-FDR = 0.0472) was significantly enhanced. The results are shown in Figure 6 and Table 3.


TABLE 3    ROI-to-ROI functional connectivity statistics of a network: comparison of rested wakefulness (RW) and total sleep deprivation (TSD) scans (t-test).
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FIGURE 5
ROI-to-ROI connectivity of six networks in panels (A) rested wakefulness (RW) and (B) total sleep deprivation (TSD) scans [p < 0.001 FDR set wise corrected for all comparisons across the entire network]. ROI, region of interest; SD, sleep deprivation; DMN, default mode network; SMN, sensorimotor network; VN, visual network; SN, salience network; DAN, dorsal attention network; ventral attention and frontal-parietal control network (FPN).
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FIGURE 6
Alerted ROI-to-ROI functional connectivity of networks contrasting in rested wakefulness (RW) vs. total sleep deprivation (TSD) scans: Comparing to RW scan, functional connectivity of ACC-Alsula (R) [within salience network (SN)] is higher (the red line), and functional connectivity of SMG(L)-Lateral(R) (SN-VN) is lower (the blue line). All the results are shown at panels (A) left view, (B) right view, (C) anterior view, (D) superior view. (FDR set wise corrected for all comparisons across the entire network). ROI, region of interest; ACC, anterior cingulate cortex; SMG(L), left supramarginal gyrus; VN, visual network. *p < 0.05, **p < 0.01, ***p < 0.001.




Brain functional connectivity changes associated with psychomotor vigilance tasks

Pearson’s correlation was used to calculate the correlation between functional connectivity changes and reaction time before and after sleep deprivation, to explore the relationship between changes in functional connectivity and PVT, as shown in Figure 7. An increase in reaction time was significantly positively correlated with increased functional connectivity within the SN [ACC-Alnsula(R), SN] (r = 0.54, p < 0.01), and negatively correlated with decreased functional connectivity in the SN and VN [SMG(R)- lateral (R), SN-VN] (r = −0.208, p = 0.35), but no statistical difference was observed.
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FIGURE 7
Alerted functional connectivity correlate to altered reaction time of vigilance attention: altered reaction time of vigilance attention is (A) positively correlated with the alerted functional connectivity of ACC-Alsula (R) [within salience network (SN)], and (B) negatively correlated with the alerted functional connectivity of SMG(L)-Lateral(R) (SN-VN) TSD, total sleep deprivation; RW, rested wakefulness; ACC, anterior cingulate cortex; SMG(L), left supramarginal gyrus; VN, visual network. *p < 0.05, **p < 0.01, ***p < 0.001.






Discussion

In this study, we explored the effects of 36 h of TSD on the functional connectivity of vigilant attention and salience networks in large-scale brain networks. We found that after 36 h of TSD, participants’ vigilance decreased substantially, their responses became more sluggish, and the frequency of wandering increased (Deurveilher et al., 2015). The visual-parietal functional connectivity was decreased, indicating that the brain’s response to visual stimuli processing was reduced, and perceptual processing was impaired, whereas, the anterior cingulate cortex functional connectivity with the insula was enhanced, showing functional compensation, to maintain a certain level of wakefulness. We also found a positive correlation between increased functional connectivity between the ACC and insula and the decline in vigilance attention performance. This suggests that the impairment of vigilance function, in participants with sleep deprivation, may be related to weakened information acquisition, reduced processing ability, and the disruption of functional brain networks (De Havas et al., 2012). However, a compensatory higher cognitive function emerges, suggesting a rebalancing of the brain network.

The ability of the brain to process external information is impaired after sleep deprivation, which is corroborated by our finding of decreased visual-parietal functional connectivity. TSD for 36 h leads to instability of the frontoparietal control network and deactivation of the parietal lobes (Chee et al., 2011), resulting in a lack of attention to specific stimuli and impaired allocation of attentional resources, making weak external stimuli less likely to be noticed. Visual networks are mainly involved in visual representation and processing (Grill-Spector and Malach, 2004), and negative activation of the right lateral lobe allows for restricted external stimulus input. Therefore, the decline in visual-parietal connectivity suggests that sleep deprivation impedes the brain’s cognitive information processing processes, especially for visual stimuli, causing the brain’s neuronal information network to exhibit a more complex chaotic pattern.

We found that the functional connectivity of the ACC and insula appeared to be enhanced during impaired cognitive processing in the brain after 36 h of TSD. The activation of the insula, as the core nodes of the salience network, plays a crucial role in processing visual information, and the increased functional connectivity between the insula and ACC, to a certain extent, compensates for the individual’s persistently impaired level of vigilance attention. Therefore, the increase in this part of functional connectivity suggests that the brain may have functional compensation. Whether the compensated higher or lower cognitive function component has been controversial. Our results show that higher cognitive functions need to be compensated, because we found that the functional connectivity of the ACC to the insula, which represents executive function, was enhanced within the salience network. However, this is contrary to our initial hypothesis of decreased insular connectivity. Few researchers have suggested that sleep deprivation reduces the activation of the SN in attention tasks (Ma et al., 2015). The right insula controls the switching of attentional tasks between the default network and the frontoparietal control network. Dysfunction of the right insula is the main cause of the unstable attentional state after sleep deprivation (Sridharan et al., 2008). In contrast, it has been shown that anterior and ventral activation of the prefrontal lobe, associated with response inhibition tasks, is significantly reduced after sleep deprivation; the right ventral prefrontal lobe and anterior insula are activated more strongly to perform the task after sleep deprivation (Chuah et al., 2006). This may result from differences in the type of task selected for the study and the duration of sleep deprivation; our results support the latter. This suggests a rise in the functional connectivity of the insula with the anterior cingulate cortex for the compensatory higher cognitive functions of sleep deprivation.

We also found a positive correlation between changes in the functional connectivity of the anterior cingulate cortex with the insula and the response time to PVT. This suggests a covariate relationship between brain network functional connectivity changes and behavioral changes. The nervous system cannot directly process physical or chemical energy input from the external world. The input needs to be sensorily encoded and converted into neural impulses that the nervous system can receive to produce a series of behavioral responses. In contrast, fMRI indirectly measure neuronal activity by detecting the BOLD signal, and previous studies have shown a strong correlation between resting-state BOLD data and spontaneously fluctuating local field potential correlation. As Liégeois et al. (2019) showed, that by combining resting-state static functional connectivity and dynamic functional connectivity methods, brain network-based functional connectivity was found to fit and predict the psychological and behavioral characteristics of individuals with considerable explanatory power (Liégeois et al., 2019).

This study is the first to investigate the relationship between changes in insular and vigilance function from large-scale brain networks. Our findings suggest a rebalancing of the brain network, with an equilibrium established at a lower level, since SD impairs the cognitive function of the individual, leading to a continuous decrease in the level of vigilant attention (Borragán et al., 2019; Qi et al., 2021). However, the brain appears to compensate functionally for part of the decrease; this compensatory adaptation can offset insufficient cognitive functions (Drummond et al., 2000). Deantoni also found that functional connectivity between navigation-related brain structures increases during relearning in the extended environment after TSD, which represents the use of compensatory brain resources (Deantoni et al., 2021). Overall, the existence of compensatory neural activity is accurate (Muto et al., 2012). This compensatory mechanism is triggered in individuals who experience SD, thus maintaining another dynamic equilibrium of the brain (Liu et al., 2014).

The limitations of this study are as follows: the participants were all male volunteers who received sleep deprivation in the laboratory. Thus, the effects on the female population were not explored. Further, the ecological validity is low, as the study was done in a lab setting; thus, generalization to daily life should be done with caution. Additionally, individual differences in participants, such as susceptibility to sleep deprivation were not considered, as the susceptibility of the same trait to sleep deprivation varies depending on the participant, as well as the type of daily cycle of sleep. Some participants were of the night type, whereas, some were of the early morning type, which should be considered in future studies. Although this study was equipped with a participant to supervise the other participants’ continuous wakefulness for 36 h, it is inevitable that some of them engaged in strenuous activities, such as playing e-sports games, or fell asleep during this period, thus affecting the overall sleep deprivation. Therefore, future studies could include electrophysiological techniques, to ensure that the participant is asleep. The sample size may also influence changes in functional brain connectivity before and after sleep deprivation; further, appropriate sample expansion could ensure more convincing results. Future studies could also investigate the brain mechanisms underlying impaired vigilance in individuals from graph-theoretic-based analyses, such as functional connectivity density, local coherence, and fractional low-frequency amplitude.

This study found that 36 h of TSD impaired visual vigilance function and decreased functional connectivity of the visual and parietal lobes, which may be related to reduced brain information reception. Simultaneously, there was a compensatory organismal brain network with enhanced functional connectivity between the anterior cingulate cortex, which represents an executive function, and the insula, which needs to be demonstrated in future studies.
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Bipolar disorder (BD) is a recurrent chronic mental disorder with a broad profile of functional deficits including disturbed emotional processing and cognitive impairments. The goal of the current study was to further explore the underlying neural mechanism of dysfunction in patients with BD from a comprehensive perspective of both cognition and emotion. Forty-six clinical patients with BD and forty-five healthy controls performed emotion induction task and verbal fluency task (VFT), with frontal activity measured by functional near-infrared spectroscopy (fNIRS). Our results show distinct hemodynamic activity in the prefrontal region during emotional and cognitive processing between patients with BD and healthy controls. Patients with BD exhibit valence-dependent prefrontal cortex (PFC) hemodynamic response to emotional stimuli, with bilateral frontal hypoactivity indicating decreased positive reactivity and left frontal hyperactivity indicating increased negative reactivity. On the other hand, patients with BD showed impaired performance with bilateral frontal hypoactivity during VFT. Taken together, frontal dysfunction of cognition and emotionality in patients with BD probed by fNIRS would be a potential biomarker in clinical assessment.
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Introduction

Bipolar disorder (BD) is a recurrent chronic mental disorder characterized by mood and energy fluctuations between manic and depressive episodes (Grande et al., 2016). Among mood disorders, BD has the highest risk of suicide (Gonda et al., 2012). It affects over 1% of the world population, with an estimated lifetime prevalence of 2.5% (Merikangas et al., 2011), and leads to high rates of morbidity and mortality, especially among young and working-aged people (Alonso et al., 2011).

Patients with BD exhibit a broad profile of functional deficits (Vieta et al., 2018), including disturbed emotional processing and cognitive impairments (Bourne et al., 2013; Douglas et al., 2018). Emotion dysfunction in patients with BD manifests in heightened or more frequent negative affectivity measured by self-report (Heerlein et al., 1998) and standard assessment (Pavlova et al., 2011). Among cognitive impairments, key deficits lie in executive function, attention, verbal memory, and non-verbal memory (Lima et al., 2018). An overall meta-analysis reveals functional impairment in verbal fluency in participants with BD compared to healthy controls (Raucher-Chene et al., 2017). In addition, a longitudinal study shows that verbal fluency deficits were more prominent with depressive symptoms (Chaves et al., 2011).

In recent years, there is an increasing number of studies investigating potential biomarkers of BD using neuroimaging techniques (Teixeira et al., 2019), largely magnetic resonance imaging (MRI). Structural alternation and abnormal functional activation of BD when compared to a healthy group were reported in a series of MRI studies (Chen et al., 2011; De Peri et al., 2012; Ambrosi et al., 2017; Waller et al., 2021). Despite the fruitful results achieved from MRI studies, MRI experiments are confined to the scanning room, with little susceptibility to movements. These disadvantages led to a limited clinical application of MRI in BD research and validated biomarkers for BD in clinical practice, which could aid diagnostic accuracy and allow for early intervention and prognosis across the lifespan, and remains to be further investigated (Grande et al., 2016).

Functional near-infrared spectroscopy (fNIRS) is an emerging non-invasive neuroimaging technique that has attracted increasing attention in the past 30 years (Boas et al., 2014). It sheds near-infrared light into the outer layer of the cerebral cortex and the light absorption varies with the change in hemoglobin concentration induced by cortical activities (Bunce et al., 2006). fNIRS has an acceptable spatial and temporal resolution, good portability, and little restriction of body movements, allowing for various kinds of experiments including near-natural circumstances (Boas et al., 2014). Given these unique properties, fNIRS has become a well-established tool for neuroscience research, used not only for neural activity in healthy populations but also as a probe for assessment in clinical application (Fujimoto et al., 2014; Tsujii et al., 2018; Ma et al., 2020; Devezas, 2021).

Currently, fNIRS-based BD studies focus largely on cognitive processing. Reduced frontal activation was observed during various cognitive processing with compromised performance (Takei et al., 2014; Ono et al., 2015; Fu et al., 2018; Tsujii et al., 2018; Zhu et al., 2018; Chen et al., 2021), regardless of the specific mental status of the patients. Yet little attention was paid to emotion processing in fNIRS-based BD research, and results were inconsistent. Matsubara et al. (2014) reported reduced activity in the superior and middle frontal regions to happy words, and hyperactivity in the left inferior frontal region to threat words. Aleksandrowicz et al. (2020) found a decreased activity of emotional words, regardless of the valance, in the frontal and frontotemporal cortex in individuals at high risk for BD. Contrary, Segar et al. (2021) found an increased activity to emotional stimuli of bilateral dorsolateral prefrontal cortex (DLPFC) in risky individuals. In contrast, Kameyama et al. (2006) failed to identify a correlation between depression severity and frontal lobe dysfunction detected by fNIRS in patients with BD. To sum up, there are still unclear aspects regarding frontal lobe dysfunction in patients with BD.

To further explore the underlying neural mechanism of dysfunction in patients with BD from a comprehensive perspective of both emotion and cognition, we employed fNIRS to investigate the hemodynamic patterns of patients with BD and healthy controls during verbal fluency task (VFT) and emotion induction. We expected frontal hypoactivity during cognitive processing and a distinct pattern of frontal activity during emotional processing.



Materials and methods


Participants

Forty-six clinical patients with BD exhibiting depressive episodes were recruited from Yuquan Hospital. The inclusion criteria were as follows: meeting the diagnostic and statistical manual of mental disorders, fourth edition, text revision (DSM-IV-TR) diagnosis of BD, aged between 18 and 60, having more than 9 years of education, not having a history of neurological disease or chronic substance abuse (addictive drugs such as methamphetamine, ecstasy, k-powder, heroin, and alcohol). Forty-five healthy controls (HC), matched in age, sex, and education level were recruited from the local community. All participants were right-handed. The study was carried out with the written consent of each participant and was in accordance with the ethical standards of the Declaration of Helsinki. This study was approved by the Ethics Committee of Yuquan Hospital and registered at http://www.medresman.org.cn/, with Reg No. ChiCTR2100043338.



Clinical assessments

The Hamilton Depression Scale (HAMD; Hamilton, 1960) and the Hamilton Anxiety Rating Scale (HAMA; Hamilton, 1959) were rated by an independent physician to assess the depression and anxiety states of the participants.



Procedure

The experiment was carried out in a quiet room with soft lighting, and participants were seated comfortably in front of a monitor. The participants were asked to perform two tasks, emotion induction task and VFT, during fNIRS scanning, and to avoid unnecessary movement, head movement in particular, to reduce fNIRS data artifacts. The stimuli were presented Eprime 2.0.


Emotion induction task

The emotion induction task began with instruction and a fixation mark to remind participants of the upcoming task. Afterward, 15 affective pictures selected from the International Affective Picture System (Lang, 1997), 5 pleasant (mean valence 2.40 ± 0.31, mean arousal 1.43 ± 0.28), 5 neutral (mean valence 4.83 ± 0.23, mean arousal 1.02 ± 0.27), and 5 unpleasant (mean valence 7.75 ± 0.25, mean arousal 1.41 ± 0.25) were presented. Pleasant pictures consisted of esthetically pleasing, endearing, and positive (e.g., sports, cute animals) content. Neutral pictures included mundane scenes and daily objects. Unpleasant pictures consisted of disgust, sad, and threat scenes. Each picture was presented for 5 s, and participants were asked to view the pictures carefully and immerse themselves in the scenes as the picture was presented, and press keys to assess their feelings toward the picture as pleasant, neutral, or unpleasant. Then, there was a 2-s rest period with a fixation mark presented on the screen (Figure 1A).
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FIGURE 1
(A) Flow of emotion induction task. Three emotion blocks (pleasant, neutral unpleasant). Each block includes five trials, and each trial contains a 5-s task period and a 2-s rest period. The total duration of the emotion induction task was 105 s. (B) The flow of verbal fluency task. Four category blocks (vegetables, home appliances, four-footed animals, and fruits). Each block contains a 30-s task period and a 30-s rest period. The total duration of the verbal fluency task was 240 s.




Verbal fluency task

A semantic category version of the VFT was used. There were four blocks in total, each block for one category: vegetables, family applications, four-footed animals, and fruits. Each block included 30 s of task period and 30 s of a rest period. During the task period, participants were asked to speak out aloud as many examples as possible according to the category word presented on the screen. Audio responses were recorded and then transcribed for further analysis (duplicates and errors were excluded). During the rest period, a fixation mark was presented on the screen, and the participants were asked to keep quiet and relaxed (Figure 1B).




Functional near-infrared spectroscopy measurements

The fNIRS measurements were conducted with a 45-channel continuous-wave fNIRS system (FOIRE3000, Shimadzu Co., Japan) with 14 emitters and 14 detectors (inter-optode distance, 30 mm) placed upon the frontal cortex, based on the international 10–20 system. Probes of the lowest were positioned along the Fp1-Fp2 line with the middle optode placed between channel 42 and 43 at position FPz. Probes and channel layouts are illustrated in Figure 2. Scalp positions of each optode and each channel were recorded using a 3-dimensional magnetic digitizer (PATRIOT, Polhemus Inc.) on one of the participants, to estimate the cortical locations of the corresponding channels by a probabilistic registration process using NIRS-SPM v.3.2 (Ye et al., 2009; Tsuzuki and Dan, 2014). Relative changes in concentrations of oxygenated hemoglobin (HbO), deoxygenated hemoglobin (HbR), and total hemoglobin (HbT) were calculated from the absorption of near-infrared light at three wavelengths (780, 805, and 830 nm), using the modified Beer–Lambert law.
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FIGURE 2
(A) Optodes arrangement of functional near-infrared spectroscopy (fNIRS) measurements. Numbers in red represent emitters, blue represent detectors, and white represents channels. (B) Channels projected to the rendered brain by a probabilistic registration process using NIRS-SPM (Ye et al., 2009; Tsuzuki and Dan, 2014). (C) Sensitivity map with front and side views over the frontal cortex estimated by Monte-Carlo simulation using the Atlas Viewer from Homer2 (Boas et al., 2002; Aasted et al., 2015). Red dots represent the emitters, blue dots the detectors, and green lines the channels. The colormap represents spatial sensitivity values ranging from –2 to 0 in log10 units.




Functional near-infrared spectroscopy data analysis

The fNIRS data were preprocessed and analyzed using NIRS-KIT (Hou et al., 2021) based on MATLAB 2013b (The MathWorks Inc., MA, United States). Considering that the HbO signal is widely used in psychiatric studies (Ozawa, 2021), with better sensitivity to task-related hemodynamic changes (Bendall et al., 2016; Yeung and Lin, 2021), and found fair to excellent reliability at map-wise and cluster-wise scales in emotion processing involving prefrontal cortex (PFC) in a preliminary test-retest study (Huang et al., 2017), we focused on the HbO signal in the present study.

A wavelet transformation was performed to minimize the impact of motion artifacts on the functional data (Molavi and Dumont, 2012). The wavelet coefficient exceeding 1.5 times the interquartile range, which was properly due to motion artifacts, was set to zero. A first-order detrend was applied to remove linear trends from fNIRS data. Data were then bandpass filtered between 0.01 and 0.2 Hz with a third-order IIR filter to attenuate slow drifts, physiological interference, and high-frequency noises.

The General Linear Model was used to detect the hemodynamic activities of the HbO signals from each participant. The design matrix consisting of four boxcar regressors (three for emotion categories of pleasant, neutral, and unpleasant, and one for VFT) was convolved with a Gaussian HRF to obtain the predictors of the time series of brain activation. Beta-estimates of each regressor represented the weight of each condition to the variance of the hemodynamic signal. Condition-wise effects of interest were then calculated with following contrast vectors: [1 –1 0 0] for pleasant pictures, [1 –1 0 0] for unpleasant pictures, and [0 0 0 1] for VFT.

To reflect the differences more intuitively between groups, the pre-processed data of the region of interest (ROI) were averaged across blocks and subjects. The mean value of oxy-Hb changes during the rest period was subtracted from the block average for baseline correction.



Statistical analysis

Group comparison of sex was conducted using the chi-square test. Group comparison of other demographic information, clinical and behavioral performance, and condition-wise effects of fNIRS data were compared by t-test. Channels with significant differences between groups were defined as ROIs of the corresponding condition. The mean value and SD of averaged beta-estimates within ROI during emotion induction tasks and VFT were calculated. Correlation between HAMD/HAMA scores and the averaged beta-estimates within ROI during emotion induction tasks were computed and between VFT performance and the averaged beta-estimates within ROI during VFT, as well. A correlation coefficient of 0.10 is thought to represent a weak association than that of 0.30 which is a moderate correlation and that of 0.50 is the strongest (Cohen, 2013). Statistical significance was set at p < 0.05, uncorrected.




Results


Demographic information and physiological assessment

As shown in Table 1, patients with BD and healthy controls did not differ in sex ratio, age, and education level. There were no significant differences in pulse rate and oxygen saturation between groups, indicating a comparable physiological baseline.


TABLE 1    Demographic characteristics, clinical information, and VFT performance, beta estimates within region of interest (ROI) during tasks.
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Assessment of Hamilton depression scale/Hamilton anxiety rating scale and verbal fluency task performance

Patients with BD differ significantly from healthy controls in HAMA total score (p < 0.00) and HAMD total score (p < 0.00), indicating a higher level of anxiety and depression in patients with BD, as expected. Also, VFT performance was significantly different between BD and HC groups (p < 0.00). Patients with BD generated fewer words than healthy controls.



Comparison of frontal activation between groups

Channels in right DLPFC (Ch-2, 22) and left ventrolateral prefrontal cortex (VLPFC) (Ch-32) showed significant differences in viewing pleasant pictures, with lower hemodynamic changes in patients with BD (see Figures 3A,B). Channel 32 (left VLPFC) showed a significant difference during unpleasant picture viewing, with higher hemodynamic changes in patients with BD (see Figures 3C,D). Channels in bilateral DLPFC (Ch-14, 19) showed significant differences during the VFT task, with lower hemodynamic changes in patients with BD (see Figures 3E,F).


[image: image]

FIGURE 3
Comparison between bipolar disorder (BD) patients and healthy controls (HCs) of frontal activation and time course of hemodynamic changes evoked by pleasant pictures (A,B), unpleasant pictures (C,D), and verbal fluency task (VFT) task (E,F). The colormap represents the discrepancy (t-value) of frontal cortex activation between BD patients and HCs.




Correlation analysis

Frontal activity evoked by unpleasant pictures was positively correlated with HAMA total scores of the patients with BD and healthy controls (r = 0.25, p < 0.02) and positively correlated with HAMD total scores, but with marginal significance (r = 0.20, p = 0.06). There was no significant correlation between frontal activation evoked by pleasant pictures and HAMA total scores (r = –0.07, p = 0.52), or with HAMD total scores (r = –0.15, p = 0.16). Frontal activation evoked by VFT was positively correlated with VFT performance (r = 0.37, p < 0.00) and negatively correlated with HAMA total scores (r = –0.26, p < 0.02) and HAMD total scores (r = –0.27, p < 0.02).




Discussion

The goal of the present study was to probe the abnormal pattern of frontal activity during emotional and cognitive processing in patients with BD. The results presented above support our hypothesis of hypofrontality during verbal fluency with poor cognitive performance in patients with BD and abnormal frontal activity during emotion induction.


Frontal activity induced by pleasant and unpleasant stimuli in patients with bipolar disorder

In the present study, patients with BD differentiate from the healthy controls in frontal activity induced by emotion-laden stimuli, in a valence-dependent manner. Compared to healthy controls, patients with BD show lower hemodynamic changes in right DLPFC and left VLPFC during viewing pleasant pictures. This attenuated frontal activity is consistent with previous fMRI and fNIRS studies which report decreased inferior frontal gyrus (IFG) activation during emotional tasks in patients with BD (Chen et al., 2011; Hoshi et al., 2011; Frey et al., 2013). In a study that combined lesion and neuroimaging techniques, PFC lesions caused by middle cerebral artery (MCA) stroke induced a deficit of pleasant experience and reduced neural activity in the bilateral dorsal prefrontal cortex and the left superior frontal gyrus (Paradiso et al., 2011).

On the contrary, higher hemodynamic changes in left VLPFC while viewing unpleasant pictures were found in patients with BD as compared to healthy controls, and the hyperactivity was positively correlated with the severity of anxiety/depression. Though the correlation remained at a weak-to-moderate level, partly due to the comparatively large individual difference in frontal activity induced by emotion stimuli, which was also reported in other fNIRS studies concerning neural correlates of emotion induction (Huang et al., 2017). In healthy volunteers, increased hemodynamic activity in PFC induced by negative stimuli was demonstrated in numerous neuroimaging studies, as a result of the salient effect of negative emotion (Glotzbach et al., 2011; Aldhafeeri et al., 2012; Ozawa et al., 2014; Westgarth et al., 2021). In congruent with most neuroimaging studies investigating emotion processing in patients with BD, the present study revealed that negativity bias was more prominent in patients with BD (Altshuler et al., 2008; Frey et al., 2013; Matsubara et al., 2014, 2015; Segar et al., 2021). Moreover, left lateralization of neural activity induced by negative stimuli in patients with BD was also found in our study, in line with previous BD studies showing increased activation in the left frontal regions in the face of negative stimuli (Matsubara et al., 2014). According to the approach-withdrawal hypothesis proposed by Davidson, the left PFC might be involved in the approach component of the motivational system engaged by emotional stimuli (Davidson, 1992).

This valence-dependent PFC hemodynamic response to emotional stimuli in patients with BD was also reported in an fNIRS study with the emotional Stroop paradigm, where patients with BD showed decreased oxy-Hb in the bilateral middle frontal region responding to happy words and increased oxy-Hb in the left inferior frontal region responding to threat words (Matsubara et al., 2014). Taken together, these findings suggest that valence-dependent PFC neural response to emotional stimuli may be a trait marker of altered emotion processing in patients with BD, regardless of the specific emotional task employed. Lima et al. (2018) reviewed studies investigating emotionality in patients with BD and summarized that BD is related to increased negative reactivity and slightly less positive reactivity. Our study partly agreed with Lima et al. that BD relates to increased negative reactivity but decreased positive reactivity. Abnormal emotionality in patients with BD may also arise from maladaptive strategies for regulating emotions, such as negative rumination and dampening of positive emotion, in an automatic manner (Dodd et al., 2019).



Verbal fluency task performance and neural correlates in patients with bipolar disorder

The present study found attenuated frontal activity in patients with BD, with a reduced number of words generated during VFT. The verbal fluency impairment demonstrated by behavioral performance was in line with previous studies (Raucher-Chene et al., 2017). A storage deficit, as well as impaired retrieval of semantic memory, was found in patients with poor VFT performance (Rossell and David, 2006; Sung et al., 2013). Chang et al. (2011) proposed that functional deficit in patients with BD resulted from impairment of knowledge-based strategies for categorization in semantic memory. Besides language processing, factor analysis shows the executive component involved in VFT (Aita et al., 2019).

In healthy volunteers, prominent activation in frontal regions including the left anterior cingulate gyrus, and the superior, inferior, and medial frontal gyrus, during the VFT task was reported in an fMRI meta-analysis (Wagner et al., 2014). In an fNIRS meta-analysis of studies using VFT to investigate psychiatric disorders, reduced HbO changes in frontal and temporal regions during VFT tasks were found in psychiatric patients including BD compared with healthy controls, as a manifestation of neural inefficiency (Yeung and Lin, 2021). As consistent with previous neuroimaging studies, our present study found hypoactivity in bilateral DLPFC, positively correlated with deterioration of VFT performance and severity of anxiety/depression in patients with BD. The impaired behavioral performance and frontal hypoactivity indicate the functional deficits of frontal regions in processing semantic memory and executive control in patients with BD (Sung et al., 2013; Fu et al., 2018; Aita et al., 2019).



Limitations

The current study has several limitations. First of all, only patients with BD with depression were recruited, while patients of different mental statuses may behave differently and exhibit distinct neural correlates, especially when mood shifts occur. Second, the drug effect was not ruled out in our findings, while patients were taking multiple antidepressants or stabilizers. However, there was no direct evidence of medication effects on oxy-Hb concentrations in patients with BD. According to a review of medication effects in neuroimaging studies of BD, psychotropic medication had a limited impact on fMRI findings (Hafeman et al., 2012). Therefore, we infer that medication may not likely contribute to the different patterns of hemodynamic activity observed between patients with BD and healthy controls in the present study. Third, emotional and cognitive processing was investigated separately in our study. Further investigations are needed to develop an integrated design to explore the intricate link between emotionality and cognition in BD.




Conclusion

The present study found distinct hemisphere activity in the prefrontal region during emotional and cognitive processing between patients with BD and healthy controls. Patients with BD exhibit valence-dependent PFC hemodynamic response to emotional stimuli, with bilateral frontal hypoactivity indicating decreased positive reactivity and left frontal hyperactivity indicating increased negative reactivity. Together with the impaired performance and hypofrontality during VFT, dysfunction of cognition and emotionality in patients with BD probed by fNIRS would be a potential biomarker in clinical assessment.
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Motor dysfunction is the major sequela of ischemic stroke. Motor recovery after stroke has been shown to be associated with remodeling of large-scale brain networks, both functionally and structurally. Electroacupuncture (EA) is a traditional Chinese medicine application that has frequently been recommended as an alternative therapy for ischemic stroke and is reportedly effective for alleviating motor symptoms in patients. In the present study, the effect of EA on the alterations of functional resting state networks (RSNs) was explored after middle cerebral artery occlusion/reperfusion (MCAO/R) injury using resting-state functional MRI. Rats were randomly assigned to three groups, including the sham group, MCAO/R group and MCAO/R+EA group. The ladder rung walking test was conducted prior to and after modeling to assess behavioral changes. RSNs were identified based on the independent component analysis (ICA) performed on the fMRI data from groups. EA treatment effectively reduced the occurrence of contralateral forelimb foot faults. Furthermore, our results suggested the disrupted function of the whole-brain network following ischemic stroke and the modulatory effect of acupuncture. The sensorimotor network (SMN), interoceptive network (IN), default mode network (DMN) and salience network (SN) were related to the therapeutic effect of EA on stroke recovery. Collectively, our findings confirmed the effect of EA on motor function recovery after cerebral ischemia reperfusion and shed light on the assessment of EA intervention-induced effects on brain networks. This study provides neuroimaging evidence to explain the therapeutic effects of EA in ischemic stroke and will lay the groundwork for further studies.
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Introduction

Stroke can be categorized into ischemic and hemorrhagic stroke, ischemic stroke accounts for approximately 80% of cases, and hemorrhagic stroke accounts for 20% (Wang et al., 2017). Ischemia stroke refers to localized ischemic necrosis or softening of brain tissues caused by permanent or temporary artery occlusion in the cerebral bloodstream, and it has the characteristics of high morbidity, high mortality, and high disability (Zhang et al., 2020; Guo et al., 2021). As a main cause of disability in adults, ischemic stroke can lead to long-lasting neurological deficits, motor and cognitive dysfunctions that have a considerable negative impact on patients’ quality of life (Lu et al., 2017). Therefore, elucidation of the pathological mechanisms underlying ischemic stroke has important implications for functional recovery after stroke.

Brain plasticity or neural plasticity can be defined as the capacity of the brain to modify the organization of the brain structure and function in response to new stimuli or environmental exposures (Jiang et al., 2015). Resting-state fMRI (rs-fMRI) is a powerful neuroimaging technique that has become a non-invasive method for studying brain function in patients suffering from ischemic stroke who suffer from motor disturbance or cognitive impairment (Saad et al., 2013; Chen et al., 2016). Previous studies have focused on the metrics that reflect regional spontaneous neuronal activity, such as regional homogeneity (ReHo) and the amplitude of low-frequency fluctuation (ALFF), which have been widely used to investigate brain functions following ischemic stroke (Liang et al., 2020; Hu et al., 2021). The advent of rs-fMRI has enabled studies to unravel brain networks involving many regions across different modalities, including white matter tracts, gray matter volume, and functional connectivity (Van Kesteren and Kievit, 2021). Large-scale brain networks have been used extensively in the study of neuropsychiatric and neurodegenerative disorders, such as depression, mild cognitive impairment, schizophrenia, Alzheimer’s disease and stroke (Williamson and Allman, 2012; Li et al., 2020). A wide network of the brain has been implicated in the recovery of motor function after acute ischemic stroke (Cheng et al., 2021). The resting state networks (RSN) refer to functional networks of brain regions that are active without a specific task or stimulus (Jeong et al., 2012), which comprise the sensorimotor network (SMN), interoceptive network (IN), default mode network (DMN), dorsal attention network (DAN), executive control network (ECN), salience network (SN), and primary sensorimotor, visual, and auditory network (PN) (Raichle, 2011). Independent component analysis (ICA), a data-driven approach, has been extensively used to identify multiple RSNs and investigate functional activities within and between brain networks in vivo (Huang et al., 2020). Focal cerebral ischemia leads to abnormal functional brain networks in resting-state conditions. How the different brain areas interact in stroke patients remains unknown. Research on the pathogenesis of ischemic stroke from the perspective of RSNs can reveal the underlying mechanisms of brain network reconfigurations, and it also has constructive significance for finding a suitable rehabilitation method.

Electroacupuncture (EA) is a type of therapy that applies a pulsating electrical current to acupuncture needles, thus enhancing the effects of acupuncture stimulation on acupoints (Xiang et al., 2019). It has been used in the treatment of various neurological diseases, such as stroke, Parkinson’s disease, epilepsy, and spinal cord injury (Zhao et al., 2019). A previous fMRI study found that acupuncture could play a role in ameliorating brain dysfunction and could lead to specific alterations in several resting state networks of sleep deprivation subjects (Dai et al., 2012). Another study found that the architecture of the whole-brain functional network was altered after acupuncture in healthy subjects, and the alterations certified the specificity of acupoints (Han et al., 2020). The clinical applicability and efficacy of acupuncture in rehabilitation after stroke has been demonstrated in several studies (Lv et al., 2021; Zhang et al., 2022). The Zusanli (ST36) and Quchi (LI11) acupoints are the most commonly used acupoints for the treatment of stroke (Xie et al., 2013; Liu et al., 2016a).

The purpose of this study was to investigate the disrupted function of the whole-brain network following middle cerebral artery occlusion and reperfusion (MCAO/R) and the therapeutic effects of EA at the LI11 and ST36 acupoints in a rat model. Here, we hypothesize that EA at LI11 and ST36 may ameliorate MCAO/R injury-induced motor function impairment by activating motor-related brain networks.



Materials and methods


Animals

Sprague–Dawley rats (clean grade, with a body weight of approximately 250–280 g) were provided by the Shanghai Laboratory Animal Research Center (Shanghai, China). Estrogen is known to be protective against ischemia–reperfusion injury; thus, female rats were not used in the current study to avoid the confounding effect of estrogen (Wang et al., 2019). Rats were housed under controlled lighting (12-h light/12-h dark cycle), humidity (40–50%) and temperature (23 ± 2°C) conditions. Rats were given ad libitum access to food and water. All animal experiments were approved by the Committee on Animal Care and Usage of Shanghai University of Traditional Chinese Medicine (Approval No. PZSHUTCM200110002). The National Institutes of Health Guide for the Care and Use of Laboratory Animals was strictly adhered to throughout this study. Twenty-four rats were randomly assigned to three groups: the sham group, MCAO/R group and MCAO/R+EA group. The experimental flow is presented in Figure 1.
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FIGURE 1
Experimental design used in the study.




Focal cerebral ischemia reperfusion model

The rats were anesthetized with 3% pentobarbital sodium (30 mg/kg, intraperitoneal). The MCAO model was implemented according to the method reported by Longa et al. (1989). Briefly, the left common carotid artery, internal carotid artery (ICA) and external carotid artery (ECA) were exposed and isolated carefully. After distal ligation of the ECA, a small incision was made on the ECA, and a monofilament nylon suture (L3600, Jialing Co. Ltd., Guangzhou, China) was inserted from the stump on the ECA into the internal carotid artery until a slight resistance was felt. After a 2-h ischemia period, reperfusion was achieved by slowly removing the monofilament nylon suture to restore blood supply to the MCA territory. In the sham group, the rats underwent the same operation without insertion of the monofilament nylon suture. Successful model establishment was confirmed by the observation of rats failing to extend right forepaw, circling to the right, or even falling to the right (Longa et al., 1989).



Electroacupuncture intervention

Electroacupuncture was performed at the same time of day (approximately 9:00 a.m.). The rats were fixed in an immobilization apparatus, with their bodies immobilized, leaving the head and limbs to move freely. Rats were acclimated to the immobilization apparatus at least 3 days prior to acupuncture intervention to relieve anxiety. In this experiment, 0.25 × 13 mm disposable sterile stainless-steel needles were inserted into LI11 and ST36. LI11 is located in the depression lateral to the anterior aspect of the radius joint of the forelimb, and ST36 is located 5 mm beneath the capitulum fibulae and lateral posterior to the knee joint on the contralateral side (Li et al., 2022). EA treatment was initiated on the first postoperative day and conducted for 30 min once a day for 7 consecutive days, with a frequency of sparse and dense waves of 2/15 Hz (HANS-200, Nanjing Jisheng Medical Co., Ltd., Nanjing, China). The intensity of the current was determined by observing slight jitter of the muscle.



Ladder rung walking test

The ladder rung walking test is a locomotor test used to assess balance and coordination control of the forelimb and hindlimb. In the test, the rats were placed on one side of the ladder and required to walk on a horizontal ladder with irregular spacing (1–3 cm apart) three times. The total number of steps and the number of errors of the paralyzed forelimb were recorded. Foot fault (%) = (the number of wrong steps/total steps) × 100% (Metz and Whishaw, 2002).



fMRI image acquisition

Functional MR images of brain were acquired from all rats in the resting-state using an 11.7 T animal scanner (Bruker Corporation, Germany) equipped with a surface coil (Bruker) at 1 week after surgery. After anesthetization with 5% isoflurane, the rats were fixed in the scanner. Anesthesia was continuously delivered (1.5% isoflurane combined with 0.05 mg/kg dexmedetomidine) throughout the entire scanning session, and a breathing machine was used to monitor the respiration of the rats. Rs-fMRI was acquired using an echo-planar imaging (EPI) sequence with the following parameters: flip angle = 90°, slice thickness = 0.3 mm, number of averages = 1, repetition time (TR) = 3,000 ms, echo time (TE) = 8.142 ms, and field of vision (FOV) = 27 × 27 mm2. After data acquisition, the image quality was visually checked immediately. Low-quality images were discarded, and an additional scan was applied.



fMRI data preprocessing

The MATLAB statistical parametric mapping 12 (SPM12) toolbox1 was used for data preprocessing. All images in DICOM format were converted to NIfTI format, and the first 10 time points of the functional images were deleted to minimize the effect of instability MRI signals. Images underwent slice timing correction, coregistration, and realignment for head motion correction. Non-brain tissue was subsequently removed using MRIcron.2 All scans were manually realigned according to the anterior-posterior commissure. Subsequently, images were spatially normalized into the standard template and resampled to 2.06 × 2.06 × 2 mm3. Finally, images were smoothed with a full width at half maximum triploid as the voxel size (6.18 × 6.18 × 6 mm3) to increase the signal-to-noise ratio. Temporal bandpass filtering (0.01–0.1 Hz) was further performed to decrease the effects of low-frequency drift and high-frequency physiological noise.



The intranetwork alteration of resting state networks

The preprocessed data of the three groups were merged and analyzed as one group. Spatial ICA was conducted for all preprocessed data using GIFT software.3 The proposed method consists of three major steps: dimension reduction via principal component analysis (PCA), ICA decomposition, and back-reconstruction for individual-level components. In this study, the data were first subjected to dimensionality reduction using the two-level PCA method. Then, independent component estimation was conducted using the information maximization (Infomax) algorithm. The independent components (IC) number was determined to be 20 based on previous studies and the minimum description length criteria (Calhoun et al., 2001; Hutchison et al., 2010). The InfoMax algorithm was used to decompose the data into 20 components. To achieve robust outcomes, this analysis was replicated 100 times. Group-level ICs were then back-reconstructed for each subject, and each estimated component received subject-specific spatial maps and time courses. To obtain voxel values comparable across participants, the ICA-determined networks were converted into Z-maps using Fisher Z transformation before entering group statistics (Song et al., 2011). Spatial maps for each of the RSNs were transformed to z values. A voxel-wise two-sample t-test was used to compare the differences between two groups.



Statistical analysis

Statistical analysis was performed with SPSS 22.0 software (SPSS Inc., Chicago, IL, United States), and the results are expressed as the means ± standard errors of the means (SEM). Multiple group comparisons were analyzed by one-way analysis of variance (ANOVA) followed by the least significant difference test (LSD) when variances were homogeneous. Values of P < 0.05 were considered statistically significant. Pearson’s linear correlation coefficient was calculated to explore the relations between behavior and brain metrics, which were caused by cerebral ischemia/reperfusion injury and EA therapy. The significance threshold was set at P < 0.05, two-tailed.




Results


Electroacupuncture treatment significantly reduced the occurrence of forelimb foot fault

The ladder rung walking test results are displayed in Figure 2. The incidence rate of foot faults in the MCAO/R rats remained higher on the 7th day after the operation compared with the sham group (P < 0.01). The incidence of forelimb foot faults in the EA group was significantly decreased compared with that in the MCAO/R group on the 7th day after the operation (P < 0.05).
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FIGURE 2
Treatment with EA reduces the occurrence of contralateral forelimb foot faults after MCAO/R. At 7 days after modeling, MCAO/R significantly increased the incidence of contralateral forelimb foot faults. The incidence of contralateral forelimb foot faults in the MCAO/R+EA group was decreased compared with that in the MCAO/R group at 7 days postsurgery. The data are presented as the means ± SEMs (n = 8 per group). **P < 0.01 compared with the sham group, #P < 0.05 compared with the MCAO/R group.




Intra-network alterations in identified resting state networks in middle cerebral artery occlusion/reperfusion rats and the effect of acupuncture on resting state networks

Referenced to the research of Dusica Bajic and colleagues (Bajic et al., 2017), four RSNs were identified, including the SMN, IN, DMN, and SN (Figure 3). We found significant changes of FC in these networks, three of these networks exhibited a decrease in the MCAO/R group compared with the sham group. In the IN, the activity of the left visual cortex was significantly decreased. In the DMN, the activity of the right nucleus accumbens shell (AcbSh) was decreased. In the SN, the activity of the left visual cortex was significantly decreased (Figure 4 and Table 1). We then investigated the effect of EA on these networks separately. These networks exhibited an increase after EA treatment (Figure 5 and Table 2). In the SMN, the activity of the right corpus callosum was increased. In the IN, the activity of the left visual cortex was significantly increased. In the DMN, the activities of the right AcbSh and somatosensory cortex were increased. In the SN, the activity of the right motor cortex was significantly increased.
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FIGURE 3
Coronal views of spatial maps for each resting-state network. (A) sensorimotor network (SMN), (B) interoceptive network (IN), (C) default mode network (DMN), and (D) salience network (SN). Each RSN map was obtained using a one-sample t-test across all individual IC patterns (FWE, P < 0.05). The right hemisphere of the brain is on the right side of the image.
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FIGURE 4
A brain with altered function within the network between the sham and MCAO/R groups. Altered functional activity in the interoceptive network (IN), default mode network (DMN), and salience network (SN). Warm colors denote higher functional activity in the MCAO/R group compared with the sham group, and cool colors denote lower functional activity in the MCAO/R group. Two sample t-test (P = 0.001, alphasim corrected, cluster size > 10).



TABLE 1    Differences between MCAO/R and sham groups in resting state functional connectivity of networks.
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FIGURE 5
A brain with altered function within the network between the MCAO/R group and MCAO/R+EA groups. Altered functional activity in the sensorimotor network (SMN), interoceptive network (IN), default mode network (DMN), and salience network (SN). Warm colors denote higher functional activity in the MCAO/R+EA group compared with the MCAO/R group, and cool colors denotes lower functional activity in the MCAO/R+EA group. Two sample t-test (P = 0.001, alphasim corrected, cluster size > 10).



TABLE 2    Differences between MCAO/R and MCAO/R+EA groups in resting state functional connectivity of networks.
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Correlation analyses demonstrated a correlation between behavior and brain area functional activations

The BOLD signal values of brain regions that showed significant differences were calculated to analyze the Pearson linear correlations with the behavioral indices of foot fault. As shown in Figure 6, in the MCAO/R vs. sham groups, we found a significant negative correlation between the rate of foot faults and the BOLD signal value of the left visual cortex area in the IN network (r = –0.574, P = 0.02). In addition, the foot fault rate showed a significant negative correlation with the left visual cortex area in the SN network (r = –0.697, P = 0.003). The foot fault rate did not correlate (positive or negative) with the BOLD signal values of brain regions in the DMN. In the MCAO/R+EA vs. MCAO/R group, a significant positive correlation was found between the foot fault rate and the BOLD signal value of the right motor cortex area in the SN network (r = 0.51, P = 0.044). No regions in the other networks had functional activity that was positively or negatively correlated with the rate of foot fault.
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FIGURE 6
Correlation analyses demonstrate the link between behavior and brain area functional activations. (A–C) In the sham group and MCAO/R group, the behavioral results showed a significant negative correlation with the left visual cortex in the IN (A) and SN (C) networks. The rate of foot faults did not correlate (positive or negative) with the right AcbSh in the DMN (B). (D–H) In the MCAO/R group and MCAO/R+EA group, there was a significant positive correlation between the rate of foot faults and right motor cortex area in the SN network (H). The foot fault rate was not correlated (positive or negative) with the right corpus callosum in the DMN (D), the left visual cortex in the IN (E), or the right AcbSh in the DMN.





Discussion

Ischemic stroke is a serious central nervous system disease that may subsequently lead to loss of locomotor and cognitive function. EA is a therapeutic strategy to repair brain injury and improve functional outcome in acute ischemic stroke (Liu et al., 2009). As EA shows a beneficial effect in ischemic stroke, further investigation is needed to better understand the mechanisms of EA in ischemic stroke. In the current study, the ladder rung walking results demonstrated improved motor function of the paralyzed forelimb after EA treatment. Furthermore, this study explored brain networks involved in the potential modulatory effect of EA in rats with cerebral ischemia–reperfusion injury. LI11 and ST36 were chosen to explore the mechanisms underlying alterations in brain network connections after EA treatment. The SMN, IN, DMN, and SN were identified to be related to the therapeutic effect of EA on stroke recovery. To our knowledge, we are the first to explore the mechanisms underlying alterations in brain network connections after EA at the LI11 and ST36 acupoints in an MCAO/R model, as well as the correlation between behavior and brain activity.

fMRI has been a feasible tool to investigate brain changes following acupuncture in rats in vivo. The majority of published studies have focused on plastic changes in specific regions of the brain. Recently, studies have explored the relationships among brain structure, brain function, and behavior from the perspective of network scales. Connectivity between the ventral SMN and the ipsilesional frontoparietal network (FPN) was decreased in chronic severe stroke patients, suggesting that the control of motor function may be disrupted by the impaired cognitive control of the ipsilesional FPN to SMN (Zhao et al., 2018). The complex anatomical structure of each RSN is directly related to special brain functions. The SMN comprises the primary somatosensory cortex, motor cortices, and insular cortex (Kajimura et al., 2020). The SMN has been proposed to serve a variety of functions, such as sensorimotor integration, executive control, and emotional regulation (Yeo et al., 2011). The IN is a network containing areas of the anterior cingulate cortex and insula. The insula functions as the key switching center for processing and modulating pain, visceral sensory, emotion, and maintaining homeostasis, while the cingulate cortex is thought to be responsible for integrating emotional context with interoception (Ketai et al., 2016). DMN comprises three major subdivisions, including the ventromedial prefrontal cortex, posterior cingulate cortex, and precuneus (Greicius et al., 2003). Several lines of evidence have demonstrated that the DMN is associated with social cognition, introspection, prospection and memory (Dutta et al., 2019), and altered functional connectivity of the DMN is associated with cognitive decline (Sheline and Raichle, 2013). The SN is composed of the prefrontal cortex, insula, supramarginal cortex, and cingulate cortex, and SN is responsible for the detection of salient events, the switch of attention and control over behavior (Rosemann and Thiel, 2019). In the current study, the IN, DMN, and SN exhibited a decrease in activity following model establishment. Reduced functional activity was observed in the left visual cortex and right AcbSh. Previous studies demonstrated that MCAO resulted in retinal ischemia in rats, and Horner syndrome occurred ipsilateral to cerebral infarction and was represented in the ipsilateral visual cortex area (Kim et al., 2020). The AcbSh is an essential brain site for emotion- and motivation-related learning and memory (Huang et al., 2011). Alterations in brain functional networks may be related to functional dysfunction in rats with cerebral ischemia–reperfusion injury.

Electroacupuncture has been widely used as a component of traditional Chinese medicine for thousands of years. Different EA frequencies may result in different biological effects. High-frequency EA releases dynorphin to mediate the analgesic effects, while a low frequency releases endomorphin, encephalin, and endorphin, which may play an important role in recovery after stroke (Tian et al., 2016; Lee et al., 2020). Reportedly, EA exerts neuroprotective effects in the acute phase following ischemic stroke and may also facilitate functional recovery in the extended poststroke recovery phase (Liu et al., 2021). ST36 and LI11 are located near the knee and elbow joints, respectively, and are commonly applied in the treatment of ischemic stroke (Xie et al., 2013; Liu et al., 2016b). These two acupoints are considered sea points of the Yangming stomach meridian of the foot and the Yangming large intestine meridian of the hand, respectively. Based on traditional Chinese medicine theories, acupuncture at LI11 and ST36 could achieve a therapeutic effect by regulating the balance of qi and blood (Li et al., 2016). Behavioral evaluation is non-invasive and convenient and can be conducted continuously. The ladder rung walking test does not require painful aversive stimuli or other manipulation. The present results showed that EA treatment could decrease the foot fault rate of the affected limbs after MCAO/R. Acupuncture plays an important role in brain functional reorganization and compensation. The central nervous system may be differentially encoded after being triggered by acupuncture at different sites of the body, and the corresponding functional networks may mediate the specific therapeutic efficacy of acupuncture (Qin et al., 2011). Acupuncture at Yanglingquan (GB34) can regulate multiple brain networks in stroke patients with hemiplegia and likely transmit information between the cognitive network and SMN through the DMN as a relay station to integrate the effective connectivity network (Fu et al., 2017). Another study indicated that acupuncture at Waiguan (TE5) could increase the cooperation of the bilateral SMN in stroke patients (Chen et al., 2014). The results of the present study demonstrated functional disruption of the whole-brain network in MCAO/R rats and the modulatory effect of EA intervention. The SMN, IN, DMN, and SN were related to the therapeutic effect of EA on stroke recovery. The functional activity of the left visual cortex, right corpus callosum, AcbSh, somatosensory cortex, and motor cortex was significantly increased following EA treatment. The corpus callosum is the major brain commissure connecting the cerebral hemispheres and plays a key role in transferring motor, sensor and cognitive information between bilateral hemispheres (Revanna et al., 2018). The somatosensory and motor cortices are strongly modulated in relation to behavioral performance (Voudouris and Fiehler, 2021). Furthermore, the interactions between the IN and SN showed a significant association with motor function performance, suggesting that the IN and SN play an important mediating role during stroke rehabilitation.

Several limitations exist in the current study that should be noted. First, the sample size of this study was relatively small. A larger sample size is required to further confirm this conclusion in the future. Second, we only followed the animals in the acute stage. Further observation will be needed to determine its long-term outcomes, making our findings more convincing. Despite the aforementioned limitations, the current study, with the administration of EA, has identified changes in the brain network in the pathogenesis of ischemic stroke.



Conclusion

In conclusion, the results of the present study add to the increasing evidence that EA is an effective therapeutic strategy for ischemic stroke. EA at the LI11 and ST36 acupoints was able to enhance the functional connectivity of the brain network and effectively promote the recovery of limb motor function. This might be one of the functional mechanisms by which EA exerts its protective effect in ischemic stroke.
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Sudden sensorineural hearing loss (SSNHL) is a common otology emergency and some SSNHL will develop into a long-term hearing loss (LSNHL). However, whether SSNHL and LSNHL have similar psychiatric patterns remains unknown, as well as the neural substrates. Increasing evidence has proved that the cerebellar network plays a vital role in hearing, cognition processing, and emotion control. Thus, we recruited 20 right SSNHL (RSSNHL), 20 right LSNHL (RLSNHL), and 24 well-matched healthy controls to explore the cerebellar patterns among the three groups. Every participant underwent pure tone audiometry tests, neuropsychological evaluations, and MRI scanning. Independent component analysis (ICA) was carried out on the MRI data and the cerebellar network was extracted. Granger causality analysis (GCA) was conducted using the significant cerebellar region as a seed. Pearson’s correlation analysis was computed between imaging characteristics and clinical features. ICA found the effect of group on right cerebellum lobule V for the cerebellar network. Then, we found decreased outflow from right cerebellum lobule V to right middle orbitofrontal cortex, inferior frontal gyrus, anterior cingulate cortex, superior temporal gyrus, and dorsal lateral prefrontal cortex in RSSNHL group in GCA analysis. No significance was found in RLSNHL subjects. Additionally, the RSSNHL group showed increased effective connectivity from the right middle frontal gyrus (MFG) and the RLSNHL group showed increased effective connectivity from the right insula and temporal pole to the right cerebellum lobule V. Moreover, connections between right cerebellum lobule V and mean time series of the cerebellar network was negatively correlated with anxiety score in RSSNHL and negatively correlated with depression scores in RLSNHL. Effective connectivity from right MFG to right cerebellum lobule V could predict anxiety status in RSSNHL subjects. Our results may prove potential imaging biomarkers and treatment targets for hearing loss in future work.

Keywords: cerebellar network, sudden sensorineural hearing loss, long term sensorineural hearing loss, independent component analysis, effective connectivity


INTRODUCTION

Sensorineural hearing loss (SNHL) is the most common sensory deficit with the death of hair cells, spiral ganglion, or auditory nerve fibers (Géléoc and Holt, 2014). Estimates suggested that by the year 2050, it will affect up to 900 million individuals worldwide. Sudden sensorineural hearing loss (SSNHL) was defined by De Kleyn (De Kleyn, 1944) as sudden onset of SNHL of >30 dB in three contiguous frequencies for three days or less, accompanied by tinnitus and vertigo sometimes. SSNHL can generally improve within a matter of days (Schreiber et al., 2010) while SSNHL patients who cannot recover within 2 weeks will likely develop into long-term SSNHL (LSNHL; Cho et al., 2022).

The effects of hearing impairment can not only be peripheral but also be central. Impaired ability of communication after auditory deprivation would lead to a reduced quality of life, resulting in annoyance, frustration, depression, and social isolation (Mick et al., 2014; Kamil and Lin, 2015; Force et al., 2021). Research on congenital deafness and presbycusis indicated that hearing loss (HL) caused inattention and increased the risk of dementia in later life (Evans, 2006; Lin et al., 2013). However, whether SSNHL and LSNHL have similar psychiatric patterns remains unknown.

There is increasing awareness that the cerebellum is not only associated with motor function but also with cognition processing and emotion control (Schmahmann and Caplan, 2006; Moreno-Rius, 2018). The cerebellum was involved in the underlying neural circuit of anxiety, fear, deficits of executive control, spatial cognition, and memory (Buckner, 2013; Otsuka et al., 2016; Llano et al., 2021). In addition, the cerebellum is considered to play a much border role in sensory and perceptual aspects (Baumann et al., 2015). Except for the primary auditory cortex, the cerebellum has been documented as the second active region during auditory tasks (Petacchi et al., 2005). Human and animal studies also found its participation in hearing impairments, including tinnitus, hyperacusis, and HL (Velluti and Crispino, 1979; Chen et al., 2015). Manganese-enhanced magnetic resonance imaging demonstrated and evaluated spontaneous activity of the cerebellum in rats with tinnitus, counting it as a tinnitus generator (Brozoski et al., 2007; Zhang et al., 2018). Neuroimaging study in unilateral HL noted enhanced and weakened connectivity between the cerebellar network and other systems (Zhang et al., 2018). Our previous finding has implicated the role of the cerebellum in LSNHL (Xu et al., 2019). But no one has focused on the local cerebellar network and effective connectivity in different duration of SNHL.

The present study was designed to explore: (1) alterations of the cerebellar network following right SSNHL (RSSNHL) and right LSNHL (RLSNHL); (2) causal relationship between cerebellum and other brain regions. To address it, we used independent component analysis (ICA) to extract the cerebellar network, which has been proved as a robust tool for identifying and reconstructing temporally-coherent, spatially-independent networks based on group connectivity rather than individual level (Jafri et al., 2008; van Belle et al., 2014). Compared to the seed-based method, ICA has been proven to avoid a-priori seed selection as well as to reduce the heterogeneity of the cerebellar network pattern, thus allowing for unbiased exploration of the association between the cerebellar network and cognitive function (Dacosta-Aguayo et al., 2014). ICA also helps to separate signal fluctuations in RSNs from each other and automatically captures the entire cerebellar network as a single major component. Furthermore, Granger causality analysis (GCA) was conducted to determine whether the cerebellar time series was useful for forecasting other brain areas since it was widely applied due to its ability of characterizing the flow information of diverse sources of data (Stokes and Purdon, 2017). We assumed that: (1) RSSNHL and RLSNHL patients would show aberrant intrinsic connectivity within the cerebellar network relative to healthy controls, and (2) effective connectivity between the cerebellum and other cortical regions would be further detected, which was correlated with specific neuropsychological status of SNHL.



MATERIALS AND METHODS


Subjects and clinical assessment

We recruited 20 RSSNHL (12 males and eight females, mean age of 51.5 + 7.0 years), 20 RLSNHL (eight males and 12 females, mean age of 53.1 + 12.3 years), and 24 well-matched healthy controls (12 males and 12 females, 56.5 + 6.9 years) from the local community and E.N.T. department of our hospital via advertisements. A professional audiologist diagnosed SNHL with pure tone audiometry (PTA) in six frequencies (0.25, 0.5, 1, 2, 4, and 8 kHz) using a GSI-61 audiometer, as well as with otoscopy to exclude middle ear infection, tympanic membrane perforation, and cerumen.

Subjects who met the following criteria were included in our study: (1) 20–70 years old; (2) right-handedness; (3) had an education level of 6 years at least; (4) postlingual deafness; (5) hearing threshold of right ear >30 dB in at least three frequencies; (6) hearing threshold of left ear <25 dB in all six frequencies. Individuals who: (1) had pulsatile tinnitus, conductive deafness, Meniere’s disease, otosclerosis, head tumors, and MRI contraindications; (2) had a history of head trauma, stroke, psychiatric illnesses, Alzheimer’s disease, and neurosurgery; (3) suffered from drugs or alcohol addiction were excluded.

Every participant underwent neurological scales and MRI scanning respectively. We computed mini-mental state examination (MMSE), symbol digit modalities test (SDMT), and auditory verbal learning test (AVLT) to assess cognition status; self-rating anxiety scale (SAS), and Hamilton depression scale (HAMD) to evaluate anxiety and depression. Subjects with MMSE scores <26 were removed from our study.



MRI data acquisition

All subjects were scanned on 3.0 Tesla MRI with an 8-channel head coil (Ingenia, Philips Medical Systems, Netherlands). Everyone was asked to lie quietly with eyes closed, stay awake, and avoid thinking about special things during acquisition. We used a foam pad to minimize head motion and earplugs to attenuate scanner noise. Firstly, structure images were acquired with a T1-weighted 3D spoiled gradient-echo sequence: repetition time (TR) = 8.1 ms, echo time (TE) = 3.7 ms, flip angle (FA) = 8°, field of view (FOV) = 256 mm × 256 mm, matrix = 256 × 256, 170 slices, slice thickness = 1.0 mm. Then, functional images based on BOLD were acquired axially using a gradient-echo-planar (EPI) sequence with next parameters: TR/TE = 2,000/30 ms, FA = 90°, FOV = 240 mm × 240 mm, matrix = 64 × 64, 36 slices, slice thickness = 4 mm.



Data preprocessing

Image preprocessing was carried out using Data Processing and Analysis of Brain Imaging toolbox (DPARBI1) and Statistical Parametric Mapping software (SPM 122). We discarded the first 10 volumes of functional images for signal equilibrium and used the remaining 230 volumes for analysis: slice timing, realignment, co-registration with the anatomical scan, segment into gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF), and normalization into Montreal Neurological Institute (MNI) template (resampling to 3 × 3 × 3 mm3). After that, all functional images were smoothed using a 6 mm full-width half-maximum (FWHM) Gaussian kernel. None of the 64 subjects were excluded because of head motion >2.0 mm in maximum displacement or >2.0° rotation in any direction. Twenty-four various variances, including motion parameters, white matter, and CSF signals were removed from signals via linear regression.



Independent component analysis

Before ICA analysis, we performed voxel-based morphometry (VBM) to generate GM volume of each subject using VBM- DARTEL method (Umeda et al., 2015), and no significant difference was found among groups. Age, gender, education level, and GM volume were added as covariates in the subsequent statistical analysis to control these confounders. Group spatial ICA was conducted to extract the cerebellar network using GIFT software package3 based on Matlab4. All preprocessed functional images were decomposed into 30 components using the infomax algorithm following repeated 100 times analysis with ICASSO (Himberg et al., 2004). The intensity values of connectivity within each independent component were converted to z-scores to reflect the degree to which the time series of a given voxel correlated with the mean time series of its corresponding component. One-sample t-test with false discovery rate (FDR) correction (p < 0.01) was applied to define the cerebellar network according to a previous study (Huang et al., 2018), with the distinct peak of power spectrum at low-frequency (<0.1 Hz) range, and spatial pattern and periodic temporal fluctuation.



Granger causality analysis

In this study, we used GCA analysis to describe the causal relationship between the reference time series of ROI and the time series of other brain regions based on REST software5. As a definition from Granger in the field of economics (Granger, 1969), if the given time series of x could predict the time series of y, we thought y must have a causal influence on x. Here, the time series of right cerebellum lobule V was defined as x, and the time series of other brain areas were defined as y. The linear direct effect of x on y (Fx→y) and the linear effect of y on x (Fy→x) were calculated voxel by voxel across the whole brain. Thus, each subject had two Granger causality maps and these maps were converted to z-values using Fisher’s r to z transformation (Zx→y and Zy→x) to improve the normality.



Statistical analysis

The demographic and neuropsychological data were performed by SPSS software (Version 21.0, Chicago). The chi-square test was applied to evaluate gender distribution. Data were expressed as mean + standard deviation, and a one-way analysis of variance (ANOVA) was conducted on all continuous variables. A post-hoc test was computed to find the difference between patients and Controls, and the significant threshold was set at p < 0.05.

Functional data (including VBM, ICA, and GCA) were analyzed using REST software. We compared the difference among RSSNHL, LSSNHL, and Control groups using one-way ANOVA for multiple comparisons, Family-wise error (FWE) correction with p < 0.05 was of significance. Post-hoc test with Bonferroni correction was performed to explore the intergroup difference within a mask of ANOVA results. After that, we extracted the signals of significant results and computed Pearson’s correlation to analyze the relationships between functional images and neuropsychological test (p < 0.05).




RESULTS


Demographic and neuropsychological data

Totally, 64 subjects were included in our research, including 20 RSSNHL patients, 20 RLSNHL patients, and 24 Controls. There was no significance in terms of age, gender, education level, and hearing threshold of the left ear. The hearing ability of the right ear in both RSSNHL and RLSNHL groups was much worse than Controls (p < 0.001). From the perspective of neuropsychological tests, SAS score, SDMT score, AVLT tests of immediate and delayed memory were of significance while there was no significant difference in MMSE and HAMD scales (Table 1). Post-hoc analysis using Dunnett t-test (two-sided) found that SDMT (p < 0.001), AVLT-2 (p = 0.001), AVLT-3 (p < 0.001), AVLT-5 min (p < 0.001) and AVLT-20 min (p = 0.016) performance in RLSNHL group were worse than Controls, while SAS scores in RSSNHL group were higher than Controls (p < 0.001). We could conclude from the above data that different durations of HL led to various neuropsychological deficits as RSSNHL induced anxiety and RLSNHL resulted in impaired cognition.

TABLE 1. Demographic information, auditory ability, and neuropsychological features of RSSNHL, RLSNHL, and Controls.
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Cerebellar network

Firstly, VBM analysis failed to find significance among the three groups. Figure 1A was the cerebellar network we extracted using the ICA method based on functional images. ANOVA revealed an effect of group on right cerebellum lobule V for the cerebellar network. As suggested by post-hoc analysis, we found a weak functional connectivity (FC) between right cerebellum lobule V and mean time series of the cerebellar network in the RSSNHL group, but enhanced connections in the RLSNHL group, compared to Controls (Figures 1B,C; p < 0.05/3).


[image: image]

FIGURE 1. Independent components analysis among RSSNHL, RLSNHL, and Controls. (A) Spatial maps of identified cerebellar network. (B) Difference of cerebellar network between RSSNHL and Controls. (C) Difference of cerebellar network between RLSNHL and Controls. The significant p was set at <0.05 with family-wise error correction. RSSNHL, right sudden sensorineural hearing loss; RLSNHL, right long-term sensorineural hearing loss.





Effective connectivity

As indicated in the ICA analysis, we chose the right cerebellum lobule V as a seed for GCA analysis. Compared with Controls, between-group analysis, we found decreased outflow from right cerebellum lobule V to right middle orbitofrontal cortex (OFC), inferior frontal gyrus (IFG), anterior cingulate cortex (ACC), superior temporal gyrus (STG), and dorsal lateral prefrontal cortex (DLPFC) in RSSNHL group (Figure 2A, Table 2). No significance was found in RLSNHL subjects (Figure 2B, Table 2).
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FIGURE 2. Effective connectivity from cerebellum lobule V among RSSNHL, RLSNHL, and Controls. (A) Significant regions between RSSNHL and Controls. (B) No significance between RLSNHL and Controls. The significant p was set at <0.05 with family-wise error correction. The region with the significant difference among the three groups is shown with color. OFC, middle orbitofrontal cortex; IFG, inferior frontal gyrus; ACC, anterior cingulate cortex; STG, superior temporal gyrus; DLPFC, dorsal lateral prefrontal cortex; RSSNHL, right sudden sensorineural hearing loss; RLSNHL, right long-term sensorineural hearing loss.



TABLE 2. Effective connections from right cerebellum lobe V among RSSNHL, RLSNHL, and Controls.
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Besides, we visually observed that the RSSNHL group showed increased effective connectivity from the right middle frontal gyrus (MFG) and the RLSNHL group showed increased effective connectivity from the right insula and temporal pole (TP) to the right cerebellum lobule V (Figures 3A,B, Table 3). The significant p was set at <0.05 with FWE correction.
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FIGURE 3. Effective connectivity to the cerebellum lobule V among RSSNHL, RLSNHL, and Controls. (A) Significant regions between RSSNHL and Controls. (B) Significant regions between RLSNHL and Controls. The significant p was set at <0.05 with family-wise error correction. The region with the significant difference among the three groups is shown with color. MFG, middle frontal gyrus; TP, temporal pole; RSSNHL, right sudden sensorineural hearing loss; RLSNHL, right long-term sensorineural hearing loss.



TABLE 3. Effective connections to right cerebellum lobe V among RSSNHL, RLSNHL, and Controls.
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Correlation analysis

Pearson’s correlation analysis revealed that decreased FC between right cerebellum lobule V and mean time series of the cerebellar network in the RSSNHL group was negatively correlated with SAS score (r = −0.606, p = 0.005, Figure 4A). And the increased connections between right cerebellum lobule V and the mean time series of the cerebellar network in the RLSNHL group showed a negative correlation with SDMT performance (r = −0.544, p = 0.013, Figure 4B). Moreover, the effective connectivity from right MFG to right cerebellum lobule V could predict anxiety status in RSSNHL subjects (r = 0.495, p = 0.027, Figure 4C).


[image: image]

FIGURE 4. Relationships between MRI imaging properties and clinical features in RSSNHL and RLSNHL. (A) Decreased functional connectivity between the right cerebellum lobule V and mean time series of cerebellar network in RSSNHL group was negatively correlated with SAS score (r = −0.606, p = 0.005). (B) Increased connections between the right cerebellum lobule V and mean time series of the cerebellar network in RLSNHL group showed negative correlation with SDMT performance (r = −0.544, p = 0.013). (C) Effective connectivity from right MFG to the right cerebellum lobule V could predict anxiety status in RSSNHL subjects (r = 0.495, p = 0.027). MRI, magnetic resonance imaging; ICA, independent components analysis; SAS, self-rating anxiety scale; SDMT, Hamilton depression scale; MFG, middle frontal gyrus; RSSNHL, right sudden sensorineural hearing loss; RLSNHL, right long-term sensorineural hearing loss.






DISCUSSION

In the present study, we identified an altered cerebellar network using ICA measurement and abnormal casual flow of right cerebellum lobule V in acute and long-term right SNHL, along with anxiety in sudden SNHL and cognitive impairments in long-term SNHL. Weakened inter-connectivity in the cerebellar network and enhanced inflow from MFG to right cerebellum lobule V in acute SNHL were negatively and positively correlated with SAS scores respectively. Increased inter-connection in the cerebellar network in long-term SNHL showed a negative correlation with cognition ability. Taken together, we speculated that SNHL disrupted functional integration of the cerebellar network and the cerebellar network had distinct functions in sudden and long-term SNHL, contributing to SNHL-induced neuropsychological deficits.

Previous nationwide population-based cohort studies in Taiwan (Tseng et al., 2016) and Korea (Kim et al., 2018) demonstrated an increased risk of affective disorders following SSNHL, including anxiety and depression, which were consistent with our findings. One possible explanation is the stress mechanism, as acoustic trauma could cause anxiety and transient oxidative stress in an animal model (Zheng et al., 2014). Moreover, Masuda et al. (2012) proposed some inflammatory biomarkers related to system stress in patients with SSNHL, like neutrophil counts and natural killer cell activity. Second, epidemiologic studies indicated the bidirectional relationships between anxiety disorders and SSNHL (Stein, 2009). Third, as an otology emergency, SSNHL with pervasive tinnitus often developed psychological perturbations and tinnitus individuals also had a high prevalence of anxiety (Muhlmeier et al., 2016). Patients whose symptoms cannot alleviate will then develop into long-term auditory deprivation and performed worse in SDMT and AVLT. Hearing impairment in the elderly has been found to contribute to cognitive dysfunction (Strutt et al., 2022) and many neurodegeneration diseases dementia commonly involve sensory systems, including auditory (Hardy et al., 2016). Additionally, mice with HL exhibited working and recognition memory deficits, as well as increased p-tau and lipofuscin expression in the hippocampus (Park et al., 2018), which could be evidence of HL-related dementia.

However, we failed to find the disparity in GM among these three groups. VBM analysis in unilateral SSNHL demonstrated GM alterations of contralateral auditory cortical morphology (Fan et al., 2015) and non-auditory brain areas (Yang et al., 2014). Boyen et al. (2013) observed GM increases in STG, while Alfandari et al. (2018) did not find any brain volume changes in the primary auditory cortex and WM underneath it, but increased GM in angular gyrus and decreased WM in the fusiform gyrus in long-term HL. Furthermore, neuroimaging studies uncovered that tinnitus and vertigo also had various effects on GM and WM across the whole brain (Meyer et al., 2016; Scott-Wittenborn et al., 2017). Altogether, these inconsistencies of structure MRI in SNHL were possibly because of heterogeneity of participants, duration of diseases, residual hearing, accompanying symptoms, and different psychological conditions.

Our ICA results indicated an abnormal role of the right cerebellum lobule V among these three groups. As part of the anterior lobule, cerebellum lobule V has been confirmed to function in sensory (Diano et al., 2016), somatosensory (O’Reilly et al., 2010), and sensorimotor patterns (Kawabata et al., 2022). In the present study, we found decreased cerebellar FC in RSSNHL and increased cerebellar FC in RLSNHL. As the cerebellum lobule V is involved in the anterior lobe (sensorimotor cerebellum), sudden hearing deprivation led to weakened neural activity in the acute period. The possible mechanism of enhanced synchronicity in cerebellum lobule V may be neural plasticity. By manipulating the activity of the cerebellum lobule V, Chao et al. found its correlation with social process, anxiety behaviors, and cognition in animal research (Chao et al., 2021). Moreover, we found a significant negative correlation between lobule V and SAS/SDMT behaviors. FC analysis of cortico-cerebellar circuits proved the interactions of STG and lobule V, providing evidence of participation of lobule V in auditory processing (Stoodley, 2012). And the lobule V was also engaged in language processing and reading, which need the cooperation of normal hearing (McDermott et al., 2003).

OFC locates within the frontal lobe and is a part of the limbic system, which is involved in cognition and emotion. It receives projections from the temporal lobe and has been proved that higher listening effort was associated with thinning and grey matter loss in the OFC in age-related hearing loss (Rosemann and Thiel, 2020). Song et al. (2013) found decreased connectivity between OFC and the auditory cortex in patients with single-sided deafness. In our results, we also found the abnormalities of other subregions in the frontal lobe, including IFG, DLPFC, and MFG. In previous research (Xu et al., 2019), we disclosed the weakened couplings between the cerebellum and other brain areas in long-term bilateral SNHL, including IFG and MFG, which may support part of the present findings here. DLPFC has been recognized as a key node in cognitive processing and executive function. Moreover, it may influence emotional reactivity by altering higher-order perceptual attention systems, because it doesn’t receive direct projection from emotion generators (Luan et al., 2019). However, [18F] fluorodeoxyglucose (FDG)-PET of elderly patients with hearing aids detected increased metabolism in the prefrontal gyrus and the cingulum (Verger et al., 2017). This inconsistence may be due to the use of hearing aids and neural plasticity after hearing recovery.

Besides, the RSSNHL group showed weakened connections from the cerebellum lobule V to ACC. It is known that ACC has connections to both the emotional limbic system and the cognitive prefrontal cortex anatomically. Conversely, a relative increase in FDG uptake was found in ACC in RSSNHL patients within 72 h of onset, as well as a decrease in FDG uptake in the insula (Micarelli et al., 2017). Heterogeneity of duration could be the possible reason since the duration of RSSNHL in our study is 8.2 ± 6.2 days. What is more, RLSNHL showed enhanced connectivity from the insula to cerebellum lobule V. The insula plays an important role in multimodal sensory processing, audio-visual integration, and cognition (Fitzhugh and Pa, 2022). We need to do more work to figure out the mechanism of recruitment of insula in acute and long-term SNHL.

Our study explored underlying neural substrates of different duration of hearing impairments and improved better understanding of the impact of auditory disability, providing potential therapeutic targets for future research. It still has several limitations in our research. First, the relatively small sample of subjects might affect the statistical power, and generalizability of results. And we could not rule out some accompanying symptoms, such as tinnitus or vertigo. Second, various etiological factors of sudden and long-term hearing loss would have different effects on brain functions, so that larger datasets need to be collected to control these confounding factors. Third, we did not pay much attention to the frequencies of hearing loss, which likely influence neural activities. Finally, we focused on the cerebellum lobule V using the ICA method, further work needs to be done to find vital roles of other cerebellar subregions.



CONCLUSION

To conclude, the current study revealed the key role of the cerebellar network among RSSNHL, RLSNHL, and Controls, especially the cerebellum lobule V. Additionally, causal connections between the cerebellar network and other brain areas were also demonstrated, as well as correlations with neural deficits, disclosing the neuropathological mechanism underlying acute and long-term hearing deprivation.
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Subjective cognitive decline (SCD) is considered the first stage of Alzheimer’s disease (AD). Accurate diagnosis and the exploration of the pathological mechanism of SCD are extremely valuable for targeted AD prevention. However, there is little knowledge of the specific altered morphological network patterns in SCD individuals. In this present study, 36 SCD cases and 34 paired-matched normal controls (NCs) were recruited. The Jensen-Shannon distance-based similarity (JSS) method was implemented to construct and derive the attributes of multiple brain connectomes (i.e., morphological brain connections and global and nodal graph metrics) of individual morphological brain networks. A t-test was used to discriminate between the selected nodal graph metrics, while the leave-one-out cross-validation (LOOCV) was used to obtain consensus connections. Comparisons were performed to explore the altered patterns of connectome features. Further, the multiple kernel support vector machine (MK-SVM) was used for combining brain connectomes and differentiating SCD from NCs. We showed that the consensus connections and nodal graph metrics with the most discriminative ability were mostly found in the frontal, limbic, and parietal lobes, corresponding to the default mode network (DMN) and frontoparietal task control (FTC) network. Altered pattern analysis demonstrated that SCD cases had a tendency for modularity and local efficiency enhancement. Additionally, using the MK-SVM to combine the features of multiple brain connectomes was associated with optimal classification performance [area under the curve (AUC): 0.9510, sensitivity: 97.22%, specificity: 85.29%, and accuracy: 91.43%]. Therefore, our study highlighted the combination of multiple connectome attributes based on morphological brain networks and offered a valuable method for distinguishing SCD individuals from NCs. Moreover, the altered patterns of multidimensional connectome attributes provided a promising insight into the neuroimaging mechanism and early intervention in SCD subjects.

Keywords: subjective cognitive decline, structural magnetic resonance imaging, morphological brain network, graph theory, multiple kernel learning


INTRODUCTION

Alzheimer’s disease (AD) is a neurodegenerative disease accompanied by cognitive decline, changes in personality, and impaired ability to perform daily activities. A total of 131.5 million people are estimated to have dementia by 2050 worldwide (Quinn et al., 2018). Early AD prevention and treatment are critical. Subjective cognitive decline (SCD), a self-experienced and reported worsening of confusion and memory loss, is one of the initial manifestations of preclinical AD (Jessen et al., 2014). Therefore, finding objective evidence to diagnose SCD early is extremely valuable for targeted AD prevention.

Researchers have used noninvasive magnetic resonance imaging (MRI) to assess alterations in brain structure and function in the initial asymptomatic stages of AD (Xu et al., 2021). Several studies have found that SCD patients had lower hippocampal volume and thinner cortical thickness in their temporoparietal lobe, which was linked to faster subsequent memory loss and higher risk of disease aggravation (Verfaillie et al., 2016, Verfaillie et al., 2018a; Yue et al., 2018). In addition, various MRI techniques, such as resting-state functional MRI (rs-fMRI), diffusion tensor imaging (DTI), and three-dimensional (3D) T1-weighted images (WI) structural MRI (3D-T1WI sMRI), have been used to assess changes in the morphology, structure, and function of brain network and provided new insights into the topological organization of graph theory attributes in SCD individuals. Furthermore, rs-fMRI has found that SCD cases had increased functional connectivity in their retrosplenial cortex and precuneus but decreased functional connectivity in their frontoparietal cortex and posterior memory system (Dillen et al., 2016; Dong et al., 2018; Viviano et al., 2019). In a study by Shu et al. (2018), the investigators used DTI to investigate the brain structural connectome in SCD patients and found significant disruptions in the topological efficiency in structural connectomes associated with memory impairment. Recently, the individual morphological brain network construction methods based on 3D-T1 sMRI have been used to explore the characteristics of brain networks (Kong et al., 2014). Some researchers (Tijms et al., 2018; Verfaillie et al., 2018b) have used the individual morphological brain network approach in SCD patients and found that they exhibited abnormal topological attributes, such as lower path length values in the precuneus, frontal, occipital, and temporal lobes, which were associated with disease progression and obvious deterioration in clinical cognitive performance. Nevertheless, the specific alterations in various topological properties of SCD patients and their value for early identification of SCD remain to be further investigated.

For the diverse connectome indicators derived from morphological brain networks, such as morphological brain connections and global and nodal graph metrics, a combination of multidimensional data was conducted to distinguishing the SCD individuals from normal controls (NCs). In our previous study, this proposed method, multiple kernel support vector machine (MK-SVM), was used to fuse the functional brain connectome information and has demonstrated a good classification performance in differentiating between patients with mild cognitive impairment (MCI) and NCs (Xu et al., 2020a). However, the combination of topological features of structural brain networks to accurately identify SCD patients remains to be further validated.

By combining graph-theoretic analysis and MK-SVM based on individual-level morphological brain network, this study primarily aimed to: (i) identify the discriminative topology properties and specific brain areas of SCD subjects; (ii) determine the distinctive alteration patterns in connectome features that are significantly different between SCD and NC groups; and (iii) explore an accurate classifier for distinguishing SCD patients from NCs.



MATERIALS AND METHODS


Participants

For this study, 36 SCD patients and 34 NCs were selected. Each participant underwent neuropsychological and neuroimaging tests. The neuropsychological scales used in this study were the Verbal Fluency Test (VFT), Activity of Daily Living Scale (ADL), Auditory Verbal Learning Test (AVLT; Vakil and Blachstein, 1993), Geriatric Depression Scale (GDS; Sawada et al., 2019), and Montreal Cognitive Assessment (MoCA; Nasreddine et al., 2005). SCD cases were selected based on the following criteria (Jessen et al., 2014): (a) the age of onset of >60 years; (b) gradual decrease in self-perceived memory during the past 5 years (compared to initial non-disease state) or that could be validated by a close caregiver; (c) normal general cognitive function, as confirmed by the objective scale. NCs comprised participants with no cognitive impairment and normal neuropsychological scale scores.

The study protocol was approved by the Ethics Committee of Tongji Hospital of Tongji University (Shanghai, China). Before sample enrollment, each participant or their legal representative(s) provided signed consent for participation.



Data acquisition

The 3.0T MagnetomVerio MRI scanner (Siemens, Munich, Germany), equipped with 32-channel head coils, was used to perform T1WI-MRI on each participant. During the MRI, each participant was advised and guided to: (1) close their eyes (not sleeping); (2) keep calm and avoid any thoughts as much as possible; and (3) avoid any movements. High-resolution T1WI 3D scans were obtained by using the 3D magnetization-prepared rapid gradient echo (MP-RAGE) at the following parameters: slice number = 192; flip angle = 7°; matrix size = 256 × 256; echo time (TE) = 2.98 ms; inversion time (TI) = 1,100 ms; repetition time (TR) = 2,530 ms; slice thickness = 1.0 mm; field of view (FOV) = 256 × 256 mm2, voxel size = 1.0 × 1.0 × 1.0 mm3. The scan was performed in 6.03 min.



Preprocessing of MRI

Statistical Parametric Mapping (SPM12; Pataky, 2010) was used to preprocess the scan images. Voxel-based morphometric (VBM) was used to segment individual structural MRI images into the cerebrospinal fluid (CSF), gray matter (GM), and white matter (Ashburner and Friston, 2000). DARTEL was used to normalize the GM images according to the Montreal Neurologic Institute (MNI) criteria (Ashburner, 2007). Jacobian determinants were used to compensate and modify the effects of spatial normalization. Lastly, smoothing of all normalized T1WI structural images was performed using a 6.0-mm full width at half-maximum Gaussian kernel to enhance the signal-to-noise ratio and allow even data distribution (Shen and Sterr, 2013).



Construction of individual morphological brain network

The brain was divided into 90 regions of interest (ROIs) based on the Automatic Anatomical Labeling (AAL) atlas, which were defined as nodes of the morphological brain network (Tzourio-Mazoyer et al., 2002). Jensen-Shannon distance-based similarity (JSS) was used to evaluate the morphological brain network connections between two brain ROIs (Endres and Schindelin, 2003; Peng et al., 2022). First, the GM volume values were extracted from all voxels of each brain region. Second, the kernel density estimation (KDE) was used for calculating the GM volume values probability density function. Third, the probability distribution function (PDF) was calculated for the derived GM volume value probability density function. Lastly, based on the probability distribution function, we calculated the JSS value between any pair of ROIs. The value range of JSS was (0, 1), where 1 represented the same distribution. Therefore, a closer GM density distribution between two ROIs was represented by a higher JSS value. The set of sparsity thresholds (range, 0.1–0.4; steps, 0.01) was also used for constructing an undirected binary network.



Statistical analyses

The Statistical Package for Social Science (SPSS v26; IBM, Armonk, NY, USA) was used to compare baseline data between SCD patients and NCs with a two-sample t-test, rank-sum test, or chi-squared (χ2) test. A P value of <0.01 was used as the threshold for statistical difference. Comparisons between discriminative brain network connectome features were performed with the two-sample t-test (P < 0.01). Their false discovery rate for multiple comparisons was also determined for corrections as needed.



Feature selection and classification

The t-test was applied to identify discriminative brain regions and nodal graph metrics of the brain network. For the high-dimensional connectome information, MK-SVM was used to combine different types of connectome features. The MATLAB LIBSVM toolbox3 was used to perform the MK-SVM classification (Xu et al., 2020a). The specific calculation process was listed as follows.
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Here, n indicates the size of the sample, x1i, x2i, and x3i represent the value of brain connection, global metrics, and nodal graph metrics, respectively, of the ith sample where [image: image] is the kernel matrix for mth modality. The following equation can be used to represent the dual form of MK-SVM.
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Here, [image: image] represent the kernel matrix on the mth modality. [image: image] was used to define the kernel matrix between a new test sample and the ith training sample for the mth modality. MK-SVM was used to assess the classification performance using the following equation.

[image: image]

βm was used on the grid-searching space based on a cross-validation scheme using the constraint [image: image] ranged between 2−5 and 25.

Considering the small sample size used in the present study, we utilized the Leave-one-out cross-validation (LOOCV) strategy to optimize the parameters and discern classification performance. The classification performance was compared for a single feature and the combination of different connectome features, including morphological brain connection (C), global graph metrics (G), nodal graph metrics (N), C+G+N, C+N, G+N, and C+G, respectively.



Consensus connections

When using the nested cross-validation strategy to assess the classification performance based on the proposed MK-SVM method, all selected connection features during the training process were recorded. In the present study, as the selected features by t-tests in each validation might be different, we recorded all the selected features during the training process. The consensus connections refer to the features that are consistently selected in all validations (Dosenbach et al., 2010; Zeng et al., 2012). Therefore, in our study, the consensus connections of brain networks were considered the most discriminative features to explore the pathological mechanisms and potential biomarkers associated with SCD. The data processing and classification methodologies are illustrated in Figure 1.


[image: image]

FIGURE 1. The procedure of data processing and classification.






RESULTS


Demographic and neurocognitive characteristics

Table 1 shows the characteristics of the study participants. Our findings showed that the SCD group had significantly higher VFT-vegetable scores than the NC group (p < 0.01). The other variables between the two groups were not significantly different.

TABLE 1. Demographic and neurocognitive characteristics of the NC and SCD groups.
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Graph metrics of the morphological brain connectome

Our results showed that an increase in the connection density was associated with an increase in the value of Cp, Eglobal, and Elocal and a decrease in Lp, λ, γ, σ, and Q between the two groups (Table 2; Figure 2). Moreover, SCD patients and NCs both fitted γ = Cpreal/Cprand>1, and λ = Lpreal/Lprand≈1, indicating that the morphological networks of the brain were associated with greater real Cp values and similar real Lp values compared with the matched random networks. Thus, both groups met the “small-world” topological attributes. Further, we observed that SCD patients had lower λ values than NCs for almost the entire range of connection density (P < 0.01).


[image: image]

FIGURE 2. Comparison of normalized clustering coefficient (γ), normalized characteristic path length (λ), and “small world” (σ) between the subjective cognitive decline (SCD) and normal control (NC) groups.



TABLE 2. Statistical result of graph metrics between the two groups.

[image: image]

We analyzed the most discriminative nodal graph topological features. Table 3 shows that the betweenness centrality, degree centrality, and nodal efficiency were the most discriminative abilities between the two groups and were mostly found in the limbic and frontal lobes, corresponding to DMN, frontoparietal task control (FTC), and sensory/somatomotor hand (SH) brain networks. Further comparisons of nodal graph metrics revealed that SCD patients had significantly higher values of betweenness centrality, nodal clustering coefficient, degree centrality, nodal efficiency, and local nodal efficiency in the frontal lobe (e.g., the bilateral inferior frontal and right superior frontal gyri), limbic lobe (e.g., left parahippocampal gyri), and central region (e.g., left postcentral gyri). In contrast, the nodal shortest path length and degree centrality values were significantly lower in the left supplementary motor area, left superior frontal gyri, and medial orbital gyri (P < 0.01 for all).

TABLE 3. Top 15 most discriminative nodal graph metrics.
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Consensus connections of morphological brain connectome

We investigated the significantly different consensus connections between the two groups. As shown in Table 4 and Figure 3; most of the consensus connections were found in the frontal, temporal, parietal, and occipital lobes. Furthermore, corresponding subnetworks to these brain regions were the DMN, visual network, and auditory network. Additionally, our results suggested that the mean values of consensus connections distributed in the occipital and temporal lobes were lower in the SCD group than in the NC group. However, the mean values of consensus connections distributed in the frontal lobe or between the frontal lobe and other brain regions (e.g., the temporal and parietal lobes) of SCD patients were higher than those in NCs.


[image: image]

FIGURE 3. Theconsensus connections of the morphological brain network. Left: theconsensus connections of the morphological brain network selected byleave-one-out cross-validation (LOOCV) in the subjective cognitivedecline (SCD) and normal control (NC) groups based on AAL90. Thethickness of an arc in the circle indicates the discriminative powerof an edge, which is inversely proportional to the estimatedP-values. The colors were randomly generated to differentiate regionsof interest (ROIs). Right: the consensus connections selected by LOOCV. The connections were mapped on the ICBM 152 template with the BrainNetViewer package (http://nitrc.org/projects/bnv/). Blue and red represent the decrease and increase of morphological connection weight of SCD groups, respectively.



TABLE 4. Consensus connections in the NC and SCD groups.
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Classification

The MK-SVM method was used to differentiate SCD patients from NCs based on brain connectome information (Table 5; Figure 4). Our results showed that the classification accuracy of the brain networks C, G, and N was 82.86%, 55.71%, and 61.43%, respectively. Furthermore, we performed combinations of the brain network graph metrics, and our results showed that the classification accuracy for C+G, C+N, and G+N was 84.29%, 90.00%, and 62.85%, respectively. The optimal classification performance was with the combination of C, N, and G, which demonstrated an accuracy, sensitivity, specificity, and area under the curve (AUC) of 91.43%, 97.22%, 85.29%, and 0.9510, respectively, indicating that combining the multimodal features could effectively boost the performance of the classification.


[image: image]

FIGURE 4. Receiver operating characteristic (ROC) of classification based on different morphological connectome features. C, connection; G, global metrics; N, nodal metrics; FPR, false-positive rate; TPR, true-positive rate.



TABLE 5. Classification performance of different structural graph metrics.
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DISCUSSION

Compared with previous morphological brain network construction methods, the JSS method provides a more accurate evaluation of the similarity between brain regions (Endres and Schindelin, 2003; Li et al., 2021). The quantitative and symmetric JSS divergence evaluation method enables a more objective and accurate description of connections between brain regions in morphological brain networks. Based on the individual morphological brain network, we could identify the most significantly affected brain regions and specific graph metrics that could differentiate between SCD patients and NCs. The altered patterns of topological properties of the morphological brain connectome indicated the enhancement of local brain network function associated with SCD. We trained a classifier for differentiating SCD patients from NCs and acquired a surprising result based on the MK-SVM method. Finally, we applied the MK-SVM method for the combination of multidimensional brain network connectome features and distinguishing SCD patients from NCs.


Most discriminative brain network features and the altered patterns

For the discriminative brain network features identified in this study, our results indicated that the nodal graph metrics and consensus connections with the most discriminative abilities were primarily located in the frontal, limbic, and parietal lobes. Furthermore, an analysis showed that when these brain regions were projected to subnetworks, most of them were located in the DMN and FTC networks, among which DMN demonstrated the greatest ability to distinguish SCD patients from NCs. Previous literature has reported an association between DMN and episodic memory loss, which was then referred to as the most significant cognitive domain impairment in early-stage AD (Wang et al., 2013; Joshi et al., 2019). Previous studies comparing the functional brain networks between SCD and MCI patients have also confirmed these early alterations and the important role of DMN-related brain regions (Xu et al., 2020a, b). Nevertheless, our study validated the significant changes in DMN in SCD patients from the individual morphological brain network perspective. Thus, our results not only validated the discriminative ability of the DMN for discriminating NCs from SCD patients but also showed the repeatability and verifiability of the proposed methods.

For the altered pattern analysis of brain network connectome features, our results showed that both SCD patients and NCs met the “small-world” topological attributes, which was consistent with our previous findings on functional brain networks. This suggests the high efficiency of brain networking in integrating information rapidly in real time across brain regions to actively optimize information processing between brain regions at the lowest cost possible (Watts and Strogatz, 1998; Liao et al., 2017). In addition, some previous studies based on the white matter structural network or functional network have found that functional integration among brain regions was decreased in SCD (Xu et al., 2020b; Tao et al., 2021). In our study, we found that a decreased value of λ was associated with an increase in the function of brain network integration in SCD, suggesting that SCD patients had an enhanced ability to communicate and transmit global information compared to NCs, which might be related to compensatory alterations in the morphological brain networks during SCD progression.

At the level of local brain regions, we observed that the discriminative ability for nodal efficiency, degree centrality, and betweenness centrality was the most significant among the selected nodal graph measurements. A previous study has found that SCD patients had less global efficiency and local efficiency mainly distributed in the bilateral prefrontal regions and left thalamus and demonstrated the disruption of structural network topology in SCD (Shu et al., 2018). In our study, an increase in nodal clustering coefficient and local efficiency and reduced values in nodal shortest path length in the frontal and limbic lobes were associated with increased modularity and local efficiency in the morphological brain network in SCD patients. The result reflected the enhanced function of brain network segregation in SCD, which were also found in functional brain network (Xu et al., 2020b). Similarly, the increased mean value of consensus connections distributed between the frontal lobe or frontal lobes and other brain regions (e.g., the temporal and parietal lobes) in the SCD group indicated the compensatory changes in the morphological brain network with enhanced connectivity of some brain regions. As mentioned in a previous study, these compensatory changes may be attributed to the indistinctive decline in cognitive function during SCD (Chen et al., 2020).



Classification performance of different connectome features

This study used MK-SVM to combine brain connectomes and differentiate SCD patients from NCs. MK-SVM is a sparse machine-learning method that can solve imbalanced dimension issues to achieve the best classification performance. As shown in Table 5, brain connections exhibited the most excellent performance for the single modality of morphological brain network connectome, with an AUC of 0.9027. We found that regardless of global or nodal graph metrics, combining with brain connections could effectively improve their classification performance, the reason for which may be that brain connections carry abundant information. Notably, despite the worst classification performance of the global graph metrics among these features, it does not mean that it is insignificant, and the result may be related to the low dimension of the data it contains. The global graph metrics were very meaningful for exploring the global properties of brain network connectomes and disease mechanisms. Although the AUC of global and nodal graph metrics were lower than brain connections, the combination of C+G, C+N, and G+N significantly improved classification performance. Particularly, combining three brain connectome features (C+G+N) with MK-SVM demonstrated optimal classification performance, with an AUC of 0.9510, which was superior to the SCD classification based on the functional brain network in our previous study (Xu et al., 2020b). Recent studies, such as that by Huang et al. (2021) have employed MK-SVM to integrate information from three types of white matter networks and obtained an accuracy of 83.3% for distinguishing MCI subjects from NCs. Previous researchers, using the linear kernel SVM, achieved the accuracy of 79.49% and 83.13% in two different cohorts for the diagnosis of SCD individuals (Lin et al., 2022). For our results, these results can only be used for reference and compared to some extent. Due to the differences in data sets and model parameters, further verification is needed to understand whether different classification models can be compared or not. In sum, our results demonstrated that a combination of brain connectome features provided complementary information to each other and further enhanced SCD classification performance.



Limitations and perspectives

There were some limitations to the present study that need to be addressed in the future. First, it was a single-center study with a relatively small number of participants. Hence, the robustness and generalizability of the proposed model still require further validation and improvement in multicenter and larger cohort studies. Second, only neuroimaging information was used in this study, but we intend to combine SCD with additional diagnostic tests (i.e., PET, electroencephalography, biomarkers, and clinical cognitive function examinations) to deepen our understanding of SCD pathogenesis. Third, a stringent and longer follow-up of different AD stages via imaging techniques would be useful to identify early and specific markers that could improve the diagnosis of AD and predict its progression.




CONCLUSIONS

This study showed that compared with NC, the most discriminative traits of SCD patients were located in the frontal, limbic, and parietal lobes, corresponding to DMN and FTC networks. The altered pattern analysis demonstrated that SCD was more inclined to modularity along with local efficiency enhancement. Furthermore, MK-SVM combined with multiple brain connectome features to overcome the problems of the high-dimensional curves and small samples and effectively improved the classification performance for SCD diagnosis. Our research findings provided insights for improving the SCD diagnosis. Multidimensional connectome attributes analysis based on the morphological changes in brain networks provides a promising approach for insight into the neuroimaging mechanism and early intervention in SCD subjects.
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With the development of resting-state functional magnetic resonance imaging (rs-fMRI) technology, the functional connectivity network (FCN) which reflects the statistical similarity of temporal activity between brain regions has shown promising results for the identification of neuropsychiatric disorders. Alteration in FCN is believed to have the potential to locate biomarkers for classifying or predicting schizophrenia (SZ) from healthy control. However, the traditional FCN analysis with stationary assumption, i.e., static functional connectivity network (SFCN) at the time only measures the simple functional connectivity among brain regions, ignoring the dynamic changes of functional connectivity and the high-order dynamic interactions. In this article, the dynamic functional connectivity network (DFCN) is constructed to delineate the characteristic of connectivity variation across time. A high-order functional connectivity network (HFCN) designed based on DFCN, could characterize more complex spatial interactions across multiple brain regions with the potential to reflect complex functional segregation and integration. Specifically, the temporal variability and the high-order network topology features, which characterize the brain FCNs from region and connectivity aspects, are extracted from DFCN and HFCN, respectively. Experiment results on SZ identification prove that our method is more effective (i.e., obtaining a significantly higher classification accuracy, 81.82%) than other competing methods. Post hoc inspection of the informative features in the individualized classification task further could serve as the potential biomarkers for identifying associated aberrant connectivity in SZ.
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Introduction

Schizophrenia (SZ) is a serious chronic mental disorder (Insel, 2010) that affects the brain, with the symptoms typically including hallucinations, delusions, emotional disturbances and confusion in language and behavior (Galderisi et al., 2018). Due to the complexity of the brain, the heterogeneity of disease, and the overlapping symptoms between different psychiatric disorders, clinical diagnosis is still difficult (Jablensky, 2022). Despite decades of research, the pathological mechanism of SZ is still not well understood. Research suggests that SZ may have differences in the connectivity of brain regions (Lynall et al., 2010; Lin et al., 2021).

Benefiting from the development of neuroimaging and computer technology, resting-state functional magnetic resonance images (rs-fMRI), measuring the low-frequency fluctuations in the blood-oxygen-level-dependent (BOLD) signals, have been proved to capture spontaneous neural activity of the brain that reflects functional organization (Barkhof et al., 2014; Zhang et al., 2019). Graph theory-based brain networks can effectively represent the coordinated interactions of neural activities between different ROIs/nodes and reflect the functional connectivity (FC; edges between nodes) in the complex brain (Vecchio et al., 2017; Sporns, 2022). A series of functional brain network construction methods based on BOLD signals such as correlation-based methods (Sporns, 2011) and sparse-learning-based methods (Yu et al., 2017; Gao et al., 2020) have been widely applied in brain disease diagnosis. For instance, Li et al. (2017) remodeled the functional brain network for autism spectrum disorder diagnosis based on Pearson’s correlation [PC; the most commonly used correlation-based method (Smith et al., 2011)] using sparsity and scale-free prior, respectively. Yu et al. (2019) constructed a weighted graph regularized sparse brain network for mild cognitive impairment diagnosis. However, these methods assumed the temporal stationarity of functional brain network (aka, static functional connectivity network, SFCN) across the duration of the scan, which ignore the rich dynamic information during scan. The dynamic interactions of ROIs may be critical for diagnosing brain disorders.

Researchers suggest that through dynamic reconfiguration of the brain, its various parts can adaptively coordinate and integrate in response to rapidly changing stimuli (Cocchi et al., 2013; Kupis et al., 2021). To capture dynamic interactions between ROIs, dynamic FCN (DFCN), constructed with the sliding window method (Hutchison et al., 2013), could consider the changing characteristics of the brain and simulate these changes by measuring the correlation of brain regions in a short period (Damaraju et al., 2014). For instance, Wee et al. (2016) used the sliding window method and PC to construct a DFCN for the identification of early mild cognitive impairment. Zhang J. et al. (2016) proposed a DFCN-based temporal variability measure to discover differences in the temporal variability of brain networks in subjects with different diseases through the diagnosis of multiple brain diseases. DFCN can simply and effectively represent the dynamic changes in the interaction patterns between ROIs, but cannot represent the complex interaction patterns between multiple brain regions in a deeper way. Neurological findings have demonstrated that a brain region predominantly interacts directly with multiple ROIs in neurological processes (Huang et al., 2010).

High-order functional connectivity network (HFCN) has great potential for mining complex spatial interactions across multiple brain regions. Many studies have proposed different HFCN construction methods. For instance, through extracting the FC series from the DFCN, Chen et al. (2016) proposed to cluster them and constructed the HFCN based on the pairwise correlation of averaged FC series. Zhao et al. (2018) proposed a multi-level HFCN construction method based on SFCN. A multi-level high-order network is obtained through the “correlation’s correlation” strategy, and then features are extracted from each level of the network for autism classification. Li Y. et al. (2020) proposed an ultra-least squares group constrained ultra-orthogonal least squares regression algorithm to construct low-order and high-order brain function networks, and successfully realized the prediction of mild cognitive impairment. High-order networks can provide additional spatial information for disease identification by characterizing complex brain region interactions. However, most traditional functional brain network analysis focus on DFCN or HFCN, which may ignore the complementarity that exists between them.

In this article, we propose a temporal-spatial dynamic functional connectivity method for the diagnosis of SZ. Specifically, the sliding window method is used to construct the DFCN of each subject, and the HFCN is constructed based on DFCN, and then two different features are extracted from these two networks respectively. The features extracted from DFCN reflect the relationship of brain functional network connectivity over time, which called temporal variability. The features extracted from HFCN represent the functional interaction between different modules in the brain network to a certain extent, reflecting the modularity of the brain network, which called spatial variability. Through fusing these two kinds of features that characterize the brain FCNs from region and connectivity aspects, we utilize Least Absolute Shrinkage and Selection Operator (Lasso) (Tibshirani, 1996) for feature selection and build a linear classifier for identification of SZ and HC.



Materials and methods


Materials


Data acquisition

The rs-fMRI data comes from the Centers of Biomedical Research Excellence (COBRE1), which contains 57 SZ subjects and 64 HC subjects. The detailed information of the dataset is shown in Table 1. According to the fourth edition of Diagnostic and Statistical Manual of Mental Disorders (DSM-IV) criteria, the diagnosis of SZ is identified by psychiatrist and symptom is assessed using the Positive and Negative Syndrome Scale (PANSS). All subjects are screened and excluded if (1) history of DSM-IV disorders; (2) history of significant head trauma; and (3) history of substance abuse. The single-shot full k-space echo-planar imaging (EPI) with ramp sampling correction using the inter-commissural line (AC-PC) as a reference is used to obtain rest data, where repetition time (TR)/time-of-echo (TE) = 2,000/30 ms, in-plane voxel = 64 × 64, 32 slices, voxel size = 3 mm × 3 mm × 4 mm, field of view (FOV) = 256 mm × 256 mm and number of volumes = 150.


TABLE 1    Demographic information of the participants from COBRE dataset.
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Data preprocessing

The first 10 volumes are discarded to allow for scanner stabilization and the subjects’ adaptation to environment. The remain volumes are preprocessed using DPABI toolbox (Yan et al., 2016). The processing flow includes slice timing correction, realignment, spatial normalization [a standard Montreal Neurological Institute (MNI) template, resampled to 3 mm × 3 mm × 3 mm], and spatial smoothing using an 8 mm FWHM Gaussian kernel. The band-pass filter (0.01–0.08 Hz) is used to reduce low frequency drift and high frequency physiological noise. The automated anatomical labeling atlas (AAL2) (Tzourio-Mazoyer et al., 2002) is used to parcellate the brain into 120 ROIs. After data preprocessing, the mean time series are extracted from each ROI, and the time point signal of each ROI is normalized.




Construction of low-order functional connectivity network


Construction of static functional connectivity network

Pearson’s correlation measures the functional connectivity of ROIs by calculating the correlation coefficient between the average rs-fMRI time series of ROIs, defines as

[image: image]

where xi = [x1i,x2i,⋯,xMi] ∈ ℝM and xj = [x1j,x2j,⋯, xMj] ∈ ℝM denote the average rs-fMRI time series from the i-th and j-th ROIs respectively. M = 140 is the length of the time series. The [image: image] and [image: image] are the mean value of xi and xj respectively, and Wij reflects the correlation between the i-th and j-th ROIs. The whole brain PC matrix is W = XTX ∈ ℝN×N, where X = [x1,x2,⋯,xN] ∈ ℝM×N denotes the whole-brain BOLD signals, and N = 120 denotes the number of ROIs. W characterizes the static correlation of a pair of ROIs throughout the scan time, which ignores dynamic interaction information in the rs-fMRI signal.



Construction of dynamic functional connectivity network

To capture the dynamic nature of neural activity, the entire BLOD time series is partitioned into multiple segments of overlapping subseries to construct the sub-networks using a sliding window method. As shown in Figure 1, the number of subseries K is
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FIGURE 1
Framework for construction of DFCN and HFCN. The DFCN is first constructed by computing the PC coefficient under k different sub-windows based on the BOLD signal. Then the DFCNs of all subjects are stacked to extract FC time series and clustered. Finally, the HFCN is obtained by calculating the PC of different FC sequence clusters. The figure in the upper right illustrates the dimension reduction of higher-order networks through clustering.


where ⌈⌉ denotes the ceiling function, and Δ denotes the sliding step. L represents the length of the window. It is worth noting that a smaller L can capture short-term inter-ROIs dynamic interactions, but is also more susceptible to noise. Correspondingly, a larger L is not conducive to the detection of dynamic interaction information between brain regions. L = {20, 30, 40, 50, 60, 70} will be automatically searched in subsequent experiments. The step size is uniformly set to 1, since a smaller Δ can obtain more subsequences to make the results more continuous.

Based on the above, suppose that xi(k) = [x1i(k), x2i(k),⋯,xLi(k)] ∈ ℝL(k = 1,2,⋯,K) denotes the average region time series of i-th brain region under the k-th sub-time window, the PC coefficient of i-th and j-th ROIs are Wij(k). Therefore, the sub-network under the k-th sub-time window is defined as

[image: image]

where CDL(k) represents the low-order DFCN of the subjects under the k-th sub-time window. In essence, DFCN reflect the temporal variability of functional connections between ROIs.




Construction of high-order functional connectivity network

To capture high-order functional interactions across ROIs, the “correlation’s correlation” principle is adopted to obtain HFCN (Chen et al., 2016; Zhang H. et al., 2016). Specifically, the FC series [image: image] between i-th and j-th ROIs for the s-th subject can be obtained from CDL(k)(see Eq. 3). [image: image] reflects the short time-dependent series of the correlation between i-th and j-th ROIs. Then the high-order connectivity for the s-th subject can be computed as [image: image]for each pair of FC series h[image: image] and [image: image], where corr denotes PC coefficient. Thus, H can extract interaction information from up to four ROIs, whereas the correlation in Eq. 3 involves only two ROIs. This suggests that high-order connectivity can characterize more complex interactions.

However, since the number of FC series is N × (N − 1) / 2, the dimension of the high-order connectivity network grows exponentially with N2, which will cause a large amount of computation complexity and the poor generalization performance. Therefore, the mean clustering algorithm (Ward, 1963) is employed to group the FC series into different clusters. Specifically, the DFCN of all S subjects are stacked together in the following

[image: image]

where [image: image] denotes the stacked sequence of all K sub-networks along the time for the s-th subject. Then FC of i-th and j-th ROIs is denoted by [image: image] for all S subjects. After that, the N × N FC series in the stacked network are clustered into U clusters, and the corresponding average FC series of U clusters are calculated respectively as follows

[image: image]

where Ωu denotes the set of the u-th cluster, and |Ωu| denotes the number of elements in the set. Thus, the average FC series of the s-th subjects in the u-th cluster is obtained as

[image: image]

It is important to note that the size of U directly affects the difference of different clusters. In order to simulate the real high-order interaction of ROIs, we set the parameter U as one of {300, 400, 500, 600, 700, 800}. The cluster parameter U will be automatically searched in subsequent experiments, and the effect will be given in the discussion section. Based on the average FC series obtained in Eq. 6, the high-order functional connectivity between the u-th cluster and the v-th cluster can be expressed as [image: image]. The HFCN can be defined as

[image: image]

where CDH denotes the inter-modulation relationship between the functional connections of multiple ROIs, and reflects the spatial variability of the brain network. Furthermore, the HFCN obtained by “correlation’s correlation” strategy assumes that the functional brain network is fully connected. In order to better represent the real characteristics of the brain, we sparse the HFCN with percentage thresholding (edges with top λHD% connection strength are retained) (Qiao et al., 2018). The high-order network thresholding parameter λHD range is {0:10:90}, which will be automatically searched in subsequent experiments, and the effect will be given in the discussion section.



Feature extraction and selection


Temporal variability feature extraction

Temporal variability is a measure that describes the degree to which the FC of a particular ROI to all other ROIs changes over time (Zhang J. et al., 2016). The temporal variability of i-th ROI can be expressed as

[image: image]

where wi(k) = [W11(k),W21(k),⋯,WN1(k)]T ∈ ℝN×1 denotes FC under the k-th window between the i-th ROI and all other ROIs, k and l represent different time windows. The [image: image] denotes the average of PC coefficient in different time windows for i-th ROI. The [image: image] compares the functional architecture, i.e., overall functional connectivity profile associated with ROI k across different time windows. Then, a deduction from 1 indicates temporal variability of a ROI. In this way, it is possible to both target specific ROIs and assess the extent to which the functional architecture has changed over time at the global level.



High-order network topology feature extraction

We use the node degree and weighted-graph local clustering coefficient (Rubinov and Sporns, 2010) to extract features, separately. The node degree is the number of nodes directly connected to i-th node. The degree of the i-th node is defined as
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The weighted-graph local clustering coefficient quantifies the probability that neighbors of this vertex are also connected to each other, which can better characterize the clique structure of the FCN. The weighted-graph local clustering coefficient fi for vertex i can be defined as follows
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where j and h are the neighbor nodes of node i, ri is the number of neighbor nodes of node i, and ti is the number of edges between all nodes connected to node i. The number of HFCN nodes depends on the number of clusters U, and the dimensions of the weighted-graph local clustering coefficient and node degree are both U.



Feature selection

The temporal variability extracted from DFCN is low-order features (N dimensional vectors), and the weighted-graph local clustering coefficient and node degree extracted from HFCN are high-order features (2U dimensional vectors). In order to remove irrelevant and redundant features for improving the generalization performance, Lasso regression algorithm (Tibshirani, 1996) is employed to find the most discriminative features relevant to SZ.

For considering the interaction among features, Lasso regression combines all features (with the dimension of m = N + 2U) to select feature subsets and the involved ℓ1-norm sparsity regularization is used to control the dimension of feature subsets. Lasso can be defined as

[image: image]

where Y = [y1,y2,….,yS] ∈ ℝS×1 denotes the ground-truth label of the subjects (i.e., 1 for SZ, −1 for HC), and F ∈ ℝS×(m + 1) denotes a sparse dictionary that consists of the original feature matrix of S subjects and a column vector with all elements 1. α denotes the regression coefficient vector, and the position of its non-zero elements is the index of the selected feature in original feature set. λFS represents the penalty coefficient, which is used to control the sparsity of the feature subset. λFS is automatically searched in the experiments and its impact on model performance is given in the discussion section.





Experiments and results


Experiment settings

After selecting important features with Lasso, the support vector machine (SVM) with a linear kernel is trained for SZ identification. There are four hyperparameters in our proposed model, including window length L (range of {20:10:70}), clustering number U (range of {300:100:800}), high-order network thresholding λHD (range of {0:10:90}), and Lasso feature selection parameter λFS (range of {0.1:0.1:0.6}). The nested leave-one-out cross-validation (LOOCV) is used to evaluate classification performance and optimize those hyperparameters. Specifically, for S subjects in the dataset, S-1 subjects are used for training while the left-out one is used for testing. This procedure is repeated S times for evaluating the classification performance. To determine the optimal combination of the above four parameters, LOOCV is executed again on S-1 training subjects in the above process. Then, by applying the combination of optimal parameters on the S-1 different training subsets, we train S-1 classifiers to classify the test subject, and the final classification result is determined via majority voting. After repeating the above process S times, an overall cross-validation classification accuracy is calculated.



Evaluation methodology and results


Evaluation metrics

The five metrics are employed to evaluate the performance, including accuracy (ACC), sensitivity (SEN), specificity (SPE), area under curve (AUC), and receiver operating characteristic (ROC). Those evaluation metrics can be defined as ACC = (TP + TN)/(TP + FN + TN + FP), SEN = TP/(TP + FN), SPE = TN/(TN + FP), where TP, TN, FP, and FN are true positive, true negative, false positive, and false negative, respectively.



Method comparison

We compare three methods with features extracted from SFCN, DFCN, and HFCN, respectively. The feature selection and classification procedures are same with our proposed method. Specifically, the upper triangular in static FC network (i.e., the matrix W) is extracted and converted into a long vector. The vectors of all subjects are standardized and used as input to SVM after feature selection. Similarly, the temporal variability features and high-order features extracted from the low-order DFCN and the HFCN are separately used as the input of SVM after feature selection. The classification results are listed in Table 2 and the ROC curve is shown in Figure 2.


TABLE 2    The comparison of performance in the classification of SZs and HCs by different methods.
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FIGURE 2
Receiver operating characteristic curves achieved by four different methods in SZ vs. HC classification.


It can be seen from Table 2 that the performance of the static FC method is less than 70%. This may be because the SFCN only delineates the functional connectivity between paired ROIs throughout the scan, ignoring the dynamic functional interactions between multiple brain regions during the scan. The temporal variability method is improved by 3.3% compared to the static FC method. This illustrates the DFCN and temporal variability method of simulating the dynamic interaction of the brain by measuring the short-term correlation of brain regions, which is beneficial to the capture of discriminative features. Through the clustering of FC series and the calculation of high-order correlations, HFCN can further characterize the modulation relationship between FC of multiple ROIs, thereby characterizing the complex abstract interactions of the brain. Therefore, the high-order features (node degree and graph-weighted local clustering coefficients) extracted from HFCN can further improve the classification performance. Finally, the classification performance can be effectively improved by fusing low- and high-order features. This may be because temporal variability and high-order topological features describe properties between brain regions from different perspectives, indicating that the complementary information is critical for disease diagnosis.




Connectivity network analysis

One participant is randomly selected to investigate the constructed connectivity network, shown in Figure 3. It can be seen from Figures 3F,G that there is less difference between the brain network constructed by SFCN using the full time series and the averaged DFCN. This may be because both are essentially correlation measures for BOLD signals, while subtle differences may be the short-term FC properties obtained by DFCN. From Figures 3A–E, it can be seen that measuring the correlation of BOLD signals at a fine-grained level can effectively reflect the dynamic functional interaction of ROIs. It is worth noting that the FC intensity varied significantly throughout the scanning phase. This change is reflected in spatially and temporally, that is, the FC has undergone interactive reorganization in different ROIs, which changes the modular structure of the brain network. Figure 3H shows that network topology in the HFCN is more complex, implying it containing more high-order ROI’s interaction.
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FIGURE 3
Visualization of SFCN, DFCN, and HFCN when the window length L = 40. (A) All the rearranged DFCN upper triangular elements along the time window, where the horizontal axis represents the 101 time windows, and the vertical axis represents the 7,140 functional connectivities. (B–E) The DFCN sub-networks under the k-th time windows, where k = 1, k = 40, k = 80, and k = 101, respectively. (F,G) The average of the sub-networks under whole time windows of DFCN and the static FC network based on pair-wise correlation of BOLD signals, respectively. (H) The constructed high-order FC network.


Furthermore, we investigate the connectivity differences in the HFCN of SZ and HC from both individual and group perspectives. From Figures 4A,B, it can be seen that the high-order functional connectivity of HC is overall higher than that of SZ, which is consistent with the existing researches on lower-order brain networks (Su et al., 2013; Yu et al., 2020). This illustrates that there is a wide range of functional disconnections in SZ patients (Lynall et al., 2010). This disconnection is manifested in complex functional interactions across multiple ROIs (Li et al., 2019), leading to abnormalities in the functional separation and integration characteristics of SZ.
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FIGURE 4
Visualization of HFCN for SZ and HC (L = 40, U = 600, λHD = 0.5). (A) The HFCN and local details of the randomly selected SZ patient and HC. (B) The averaged HFCN and local details of SZ and HC groups.





Discussion


Model parameter sensitivity analysis

To further analyze the influence of different parameters on the classification results, the classification performance under different window L, different cluster U, as well as different parameter combinations are discussed.


The effect of L and U on the performance

We fix L at one of {20, 30, 40, 50, 60, 70}, and use nested LOOCV to optimize several other parameter combinations to analyze the effect of L on model performance. It can be seen from Figure 5A that ACC first increases and then decreases with L, and reaches the highest when L = 40. This indicates that the size of the L is important for the detection of dynamic interactions between ROIs. A smaller window length can capture shorter-term functional changes, but is more susceptible to noise. A larger window length would make the performance more stable, but the dynamic information cannot be effectively detected. This is consistent with previous research (Li Y. et al., 2020). In addition, when the L becomes large, the length of the FC series decreases, which may lead to a decrease in the reliability of HFCN. The choice of cluster number U also has a greater impact on the classification results. As shown in Figure 5B, the impact of U on performance is analyzed by fixing the number of clusters U to be one of {300, 400, 500, 600, 700, 800}. It can be seen that ACC is more sensitive to changes in the number of clusters, and the highest ACC can be obtained when U is 600.


[image: image]

FIGURE 5
The effect of different parameters on classification performance. (A) The different window length L; (B) the different cluster number U.


The clustering algorithm can reduce the dimension of HFCN and effectively decrease the computational complexity as well as the redundant features. The FC series of some ROI pairs are depicted in Figure 6A. For many ROI pairs, their temporal correlations are significantly different, such as the FC strength and change trend. From Figures 6B,C, it can be seen that the functional connectivity order of three clusters has a consistent change trend within the cluster, but has a significantly different change trend among the clusters. The clustering algorithm is able to find the underlying dominant dynamic patterns in all FC sequences.
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FIGURE 6
Some selected FC series and their clustering results (L = 40, U = 600). (A) The original FC series. (B) Red, green, and blue indicate three different clusters. (C) The averaged FC series of the three clusters, separately.




The effect of different parameter combinations on the performance

To further analyze the impact of different parameter combinations on the performance, we conduct an additional LOOCV experiment, and the accuracy under different combinations of parameters (L, U, λFS) with HFCN threshold parameter λHD = 0.5 is shown in Figure 7. It can be seen that when L = 40 and U = 600, the accuracy is generally higher, which is consistent with the previous results when L and U are analyzed separately. In addition, the Lasso feature selection parameter λFS has a greater impact on the classification results. When λFS is set to a small value (0.1–0.3), high classification performance can be obtained. This is because λFS controls the number of features in the feature selection process. When λFS is too large, some discriminative features are discarded together with redundant features, which may be detrimental to the classification performance.
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FIGURE 7
Statistical classification accuracy is estimated by our proposed method with different values of hyperparameters. For clear visualization, HFCN thresholding parameter λHD is set to 0.5. These results are obtained by LOOCV on whole data.





Most discriminative features

To find out the discriminative features or clusters for SZ identification, we fix the number of clusters U at 600 and analyze the importance of each feature in the classification. Specifically, during the feature selection process in each validation step, the selected features for classification might be different for different training datasets. We count the total weight of each feature in all training and classification, and use it to measure the classification contribution of features, as shown in Figure 8. It can be seen that only a few features have a large weight, indicating that they are the discriminative features for classification. Furthermore, most of the features with large weight belong to the time variability features and node degree features of high-order network, which reveals that these two kinds of features play a more important role in SZ diagnosis.


[image: image]

FIGURE 8
The normalized classification weights of all features (U = 600).


To further find the most important classification features, we conduct a separate analysis of time variability features and high-order features. For the time variability features, we take the absolute value of the normalized feature weights and sort them. Table 3 lists the brain regions corresponding to the top ten features with large weights. We can see that the brain regions with highest contribution including the frontal lobes, Cerebellum7bR, Vermis7, and limbic system, which are visualized in Figure 9. These regions have been suggested to be related to SZ by previous studies (Weinberger et al., 1994; Grace, 2000; Ichimiya et al., 2001).


TABLE 3    Brain regions corresponding to the 10 time variability features with large weights.
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FIGURE 9
The projections of ROIs corresponding to the ten time variability features with the large weights on the cortical surface.


For high-order features, we add the feature weights of the node degree and the weighted-graph local clustering coefficient of HFCN in classification to obtain the importance of a certain cluster. The five most important clusters are filtered out for classification and presented in the form of a chord diagram, as shown in Figure 10. It can be seen that the five clusters with the largest weights involve 58 functional connections and 21 brain regions (20 mirrored brain regions of both hemispheres among them). Five brain regions are consistent with Figure 9 and Table 3, including the insular inferior frontal gyrus, paracentral lobule, retroorbital gyrus, supplementary motor area, and cerebellum7b. Figure 11 shows the related FC within the five clusters. It can be seen that these functional connections mainly involve the frontal lobe, parietal lobe, and cerebellum. Among them, the frontal lobe-cerebellar and the parietal lobe-cerebellar connection are more numerous and weighted. Figure 12 shows the specific top twenty clusters with the highest classification weights. It can be seen that the cerebellum and frontal lobes still have constant importance in these top clusters. In addition, the visual network regions of the occipital lobe, such as the fusiform gyrus and the cortex around the talar fissure are also of greater importance for the diagnosis of SZ.


[image: image]

FIGURE 10
Functional connectivity contained in the five clusters with the largest classification weights. Each node in the figure represents a ROI, and the line between the two nodes represents functional connectivity. The functional connections contained in different clusters are shown in different colors, and the importance increases sequentially from Cluster 5 to Cluster 1.
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FIGURE 11
The most discriminative connections and brain regions in the whole brain view. The size of a node, calculated from the total weight of all clusters that containing the node, indicates the importance of the node during the classification. The thickness of the edge represents the classification weight of the cluster that connects the edge.
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FIGURE 12
The top 20 clusters with the highest classification weight. The functional subnetworks represented by different colors are the same as in Figure 11.


In this article, cerebellum (especially Cerebelum7bR) and frontal lobe-related features play the most important roles in SZ classification, which confirmed by features extracted from both DFCN and HFCN. In fact, abnormalities in the cerebellum and frontal lobe of patients with SZ have been identified in other studies (van den Heuvel et al., 2010; Wang et al., 2014). For example, Andreasen et al. (1996) found that SZ patients showed dysfunction of the prefrontal-thalamic-cerebellar circuit, and proposed the Cognitive Dysmetria hypothesis (Andreasen et al., 1998), which believed that abnormalities in the neural circuits connecting the thalamus and cerebellum may lead to abnormalities in cognitive control, coordination and affective aspects. This may be the underlying psychopathological cause of the complex symptoms of SZ. Functionally, the frontal lobe is involved in attention regulation, abstract rules, social behavior, etc., and is also linked to the symptoms of SZ. In terms of the cerebellum, it is not only mainly responsible for the function of motor control but also has been reported in the research of SZ that there are abnormalities of neural circuits between it and other cortex (Cao and Cannon, 2019; Kelly et al., 2021). In addition, the striatum and multiple regions of the parietal-premotor cortex (paracentral lobule, postcentral gyrus, precuneus, supramarginal gyrus, inferior parietal gyrus, and superior parietal gyrus) also show important roles in SZ classification (Salvador et al., 2005). The striatum has been a key region in the study of SZ, and has an important relationship with the dopamine hypothesis of the etiology of SZ (Li A. et al., 2020). Many antipsychotic drugs rely on blockade of dopamine receptors in the striatum (Kegeles et al., 2010). In the AAL2 template, the striatum is divided into three brain regions: caudate nucleus, putamen, and pallidum, two of which appear in the five clusters with the largest classification weight and show abnormal connectivity to the orbitofrontal cortex. The paracentral lobules, postcentral gyrus, and other brain regions of the parietal-premotor cortex are mainly involved in sensory-motor, spatial attention, etc. Abnormalities in these brain areas may explain the sensory, thinking and behavioral disorders in SZ.




Conclusion

In this article, we propose a temporal-spatial dynamic functional connectivity analysis method that combines DFCN and HFCN for SZ diagnosis. Specifically, we first construct a DFCN and extract temporal variability features that reflect temporal dynamic information. Based on DFCN, the HFCN is constructed by means of clustering algorithm and “correlation’s correlation” strategy, and the node degree and graph-weighted local clustering coefficient features of the sparse HFCN are extracted. Then, the most discriminatory features are selected with Lasso method for SZ classification. The proposed method is verified on a real SZ dataset and demonstrates promising performance via comparison with the competitive brain network analysis methods. The abnormal brain regions detected in this paper can provide a direction for more detailed research on the pathology of SZ and the search for biological markers in the future.
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Purpose: Leukoaraiosis (LA) is a major public issue that affects elderly adults. However, the underlying neuropathological mechanism of LA without cognitive impairment requires examination. The present study aimed to explore the dynamic functional network connectivity (dFNC) in LA patients without cognitive impairment.

Methods: Twenty-three patients with LA and 20 well-matched healthy controls were recruited for the present study. Each subject underwent magnetic resonance imaging (MRI) scanning and cognition evaluations. Spatial independent component analysis was conducted to evaluate dynamic functional connectivity. The differences in dFNC were determined and correlated with cognitive performance.

Results: Compared with controls, LA without cognitive impairment showed aberrant dFNC in State 1, involving increased connectivity in the default mode network (DMN) with the executive control network (ECN). In addition, decreased connectivity in the DMN with the salience network (SN) was found in State 3. Furthermore, the decreased number of transitions between states was positively associated with the visuospatial/executive score (Spearman's rho = 0.452, p = 0.031), and the longer mean dwell time in State 1 was negatively associated with the Montreal Cognitive Assessment (MoCA) score (Spearman's rho = – 0.420, p = 0.046).

Conclusion: These findings enrich our understanding of the neural mechanisms underlying LA and may serve as a potential imaging biomarker for investigating and recognizing the LA at an early stage.

KEYWORDS
  leukoaraiosis, cognitive impairments, dynamic connectivity, functional connections, functional MRI


Introduction

Leukoaraiosis (LA) is a common neuroimaging phenomenon that often occurs in older people (Smith, 2010). There is growing evidence to suggest that the prevalence of magnetic resonance imaging (MRI)-detected LA in people over age 60 years is greater than 30% and increases with age. LA has been recognized to be linked with cognitive dysfunction or dementia and several neurodegenerative disorders. The effects of LA on cognitive function are insidious and may be difficult to detect at the early stage but are crucial. It has been confirmed to be related to cognitive impairment, such as a reduction in the cognitive processing speed, executive function, and visual space function (Van Straaten et al., 2006). Besides that, several studies have found normal cognitive function at the early stage in LA patients (Koga et al., 2009; Wardlaw et al., 2015). However, the potential neuro-mechanism for LA without cognitive dysfunction has been unclear to date. Therefore, the neural substrates underlying LA without cognitive impairment need to be elucidated currently.

Prior neuroimaging studies have demonstrated reduced functional connectivity networks, such as the default mode network (DMN), dorsal attention network (DAN), or other cognitive networks, in LA patients (Li et al., 2015; Chen et al., 2019, 2021). Specifically, decreased causal functional connectivity between the DMN and DAN was observed in LA-associated cognitive impairment (Shi et al., 2020). Together, these results suggest that network alterations may reflect clinically relevant phenomena in LA. However, due to the assumption that functional connectivity is constant during resting-state functional MRI (fMRI) scans, most studies have not considered the important aspects from the dynamic perspective. The temporal dynamics of brain network connections can be detected by analyzing fMRI data (Allen et al., 2014). Aberrant dynamic functional connectivity is linked to specific neurological diseases, such as Alzheimer's disease (Gu et al., 2020), Parkinson's disease (Fiorenzato et al., 2019), presbycusis (Xing et al., 2021), and mild traumatic brain injury (Lu et al., 2021). In addition, several studies of subcortical ischemic vascular disease have investigated altered dynamic functional connectivity (Fu et al., 2019). Nevertheless, alterations in dynamic functional connectivity in early stage LA patients are still unclear. Therefore, this study aimed to identify differences in dynamic functional connectivity in LA patients without cognitive impairment as well as healthy controls (HCs). We hypothesized that LA patients might demonstrate aberrant dynamic functional network connectivity (dFNC) and these dFNC aberrances would correlate with abnormal cognitive performance.



Materials and methods


Subjects and clinical data

We recruited 23 LA patients from the Department of Neurology in our hospital and 20 age-, sex-, and education-matched HCs from the local community via advertisements. The inclusion criteria for the LA patients were as follows: (1) patients aged between 50 and 80 years old and (2) patients showed LA on MRI scans according to the revised version of the scale of Fazekas et al. (1987). All patients had subcortical white matter hyperintensity (WMH) on T2-weighted images and were diagnosed with ischemic brain diseases (Wardlaw et al., 2013). The exclusion criteria were as follows: (1) cortical or subcortical infarct or hemorrhage, Parkinson's disease, Alzheimer's disease, neurologic disorders, and major illnesses; (2) a history of brain injury, drug addition, smoking, or alcoholic addiction; and (3) MRI contraindications, such as cochlear implants, pacemakers, or prosthetic valves.



Cognitive evaluation

All subjects underwent standardized clinical neuropsychological evaluations, such as the Mini-Mental State Examination (MMSE) and Montreal Cognitive Assessment (MoCA). All subjects provided written consent before their participation in the study protocol, which was approved by the Medical Research Ethics Committee of Nanjing Medical University.



Scan acquisition

All functional and structural imaging data were acquired using a 3.0 Tesla Philips MRI equipment (Discovery MR750, General Electric, Milwaukee, WI, USA) using a 32-channel head coil, including 3D-T1 and blood-oxygen-level-dependent (BOLD) sequences. Foam padding was used to reduce head motion, and earplugs were used to attenuate the influence of noise by ≈ 32 dB. Every subject was asked to lie quietly, keep their eyes closed, remain awake, and avoid thinking about anything special during the whole scanning. The parameters of 3D-T1 weighted imaging were as follows: repetition time (TR) = 8.2 ms, echo time (TE) = 3.2 ms, slices = 170, thickness = 1 mm, gap = 0 mm, fractional anisotropy (FA) = 12°, field of view (FOV) = 240 × 240 mm, matrix = 256 × 256. BOLD was acquired using a gradient echo-planar imaging sequence as follows: TR = 2,000 ms, TE = 30 ms, slice = 36, thickness = 4 mm, gap = 0 mm, FA = 90°, FOV = 240 × 240 mm, and matrix = 64 × 64.



Data processing

Functional data were preprocessed using DPABI (http://rfmri.org/dpabi) and SPM 12 (http://www.fil.ion.ucl.ac.uk/spm) on MATLAB (R2021b). The preprocessing steps of functional data were similar to those in a previous study (Xu et al., 2019), including (1) removing the first 10 time points to minimize the effect of signal instability; (2) slice timing; (3) realignment for head motion correction; (4) segmentation; (5) normalization to a standard template; (6) regressing 6 motion parameters, 6 temporal derivatives and 12 corresponding squared items using the Friston-24 parameter; (7) smoothing with 6-mm full width at half-maximum Gaussian kernel; and (8) detrending and filtering (0.01–0.08 Hz). Subjects with a translational or rotational head motion of >2.0 mm or 2.0° in any direction were excluded.

Then, group spatial ICA was analyzed using the Group ICA fMRI toolbox (GIFT) (Calhoun et al., 2001). The ICA analysis consisted of three stages: data reduction, application of the ICA algorithm, and back reconstruction for each individual subject. A modified version of the minimum description length criterion was adopted to determine the number of components from the aggregate dataset (Li et al., 2007). Single participant spatial or temporally independent maps were then back-reconstructed from the aggregate mixing matrix. This procedure was repeated several times in ICASSO (http://research.ics.tkk.fi/ica/icasso/) to ensure estimation stability. Then, subject-specific spatial maps and time courses were obtained using a back reconstruction approach, and the results were converted to z scores. Among the 34 independent components (ICs), 20 ICs were acquired and categorized into 7 RSNs for subsequent analyses according to previous reports.

The dFNC analysis was performed using the temporal dFNC toolkit in GIFT software. The dFNC between ICA time processes was calculated using a sliding time-window approach. The sliding window size was set to a width of 20 and TRs = 40 s with a Gaussian (= 3 TRs), with each step advancing 1 TR, resulting in W = 128 windows. Then, the k-means clustering algorithm using the squared Euclidean distance method with 500 iterations and 150 replicate dFNC windows was conducted on the windowed FNC (wFNC) matrices (Malhi et al., 2019). The number of optimal mental states was estimated based on the elbow criterion, which is defined as the ratio of within- to between-cluster distances. Using this method, k is 5 in the search window k is 2–10 (Damaraju et al., 2014). Two-sample t-tests were used to compare each dFNC state between LA and HC with a significance threshold of p < 0.05 [false discovery rate (FDR)-corrected]. The temporal properties of dFNC states were analyzed by computing the fraction time and mean dwell time in each state and the number of transitions between states. A two-sample t-test was used to analyze the significance of the mean residence time and transition times in the LA and HC groups (p < 0.05, FDR corrected).



Statistical analysis

Differences in demographic and clinical variables between groups were compared using independent sample t-tests with SPSS software (version 20.0; SPSS, Chicago, IL). Spearman's correlation analysis was used to assess the relationship among the network metrics, temporal attributes and cognitive score, and controlling for age and gender. The significant p value was set at <0.05. Moreover, the effect size and the power for each significant network metric (p < 0.05) were also analyzed. The effect size of the group mean difference is measured using Cohen's d with pooled standard deviation (Cohen, 1992). The statistical power of the test with a significance level 0.05 is calculated based on the group means, standard deviations, and sample sizes, using an online power calculator (http://www.powerandsamplesize.com/).




Results


Demographic and neuropsychological characteristics

The demographic and cognitive characteristics of both LA patients and HCs are presented in Table 1. No significant group differences were found in age, sex, education, MMSE, or MoCA scores between the LA and HC groups. No significant differences in cognition were observed between LA without cognitive impairment and HCs.


TABLE 1 The detailed information about demographic and neuropsychological data in patients and control participants.

[image: Table 1]



Dynamic functional network connectivity analysis

Twenty ICs were selected as our networks of interest (Figure 1), which were categorized into the eight resting-state networks: DMN (ICs 9, 13, 15, 23, 25, 29), sensorimotor network (SMN) (ICs 18, 22), executive control network (ECN) (ICs 16, 17, 20), auditory network (AuN) (ICs 2, 3, 6), attention network (AN) (IC 24), salience network (SN) (IC 26), visual network (VN) (ICs 12, 33), and cerebellum network (CN) (ICs 8, 10). The cluster stability/quality was very high (Iq > 0.9) for 20 components.


[image: Figure 1]
FIGURE 1
 The serial cross sections of the brain representing the eight networks with 20 components in the leukoaraiosis (LA) group. DMN, default mode network; SMN, sensorimotor network; ECN, executive control network; AuN, auditory network; AN, attention network; SN, salience network; VN, visual network; CN, cerebellum network.


Figure 2 displays five common functional connectivity states and corresponding centroids of clusters: the percentages of total occurrences of these five states differed, with State 1 (76.1%), State 2 (23.9%), State 3 (23.9%), State 4 (23.9%), and State 5 (23.9%). The significant differences between the two groups in dFNC were found in State 1 and State 3. Coupling among the two networks differed between groups in State 1, representing the DMN (IC15) and SN (IC26) (HC > LA, p < 0.05, FDR correction) (Figure 3A). In State 3, the dFNC between the DMN (IC23) and ECN (IC16) differed between the LA and HC groups (LA > HC, p < 0.05, FDR correction) (Figure 3B).


[image: Figure 2]
FIGURE 2
 Dynamic functional network connectivity (dFNC) centroids obtained for the five states using the k-means algorithm. The total number of occurrences and percentage of total occurrences are listed above in each cluster median.



[image: Figure 3]
FIGURE 3
 Significant differences in dFNC between the LA and healthy control (HC) groups in State 1 (A) and State 3 (B). The top and bottom rows on the left side represent median connectivity matrices in LA and HC, respectively.


The significant group differences were observed in the mean dwell time of the two states (Figure 4). The mean dwell time in State 1 was significantly longer in the LA group than in the HC group (mean ± SD for LA: 38.83 ± 9.96; for HC: 15.79 ± 26.67, p < 0.05; power: 0.9935). The mean dwell time in State 5 was significantly shorter in the LA group than in the HC group (mean ± SD for LA: 7.10 ± 14.65; for HC: 14.76 ± 27.78, p < 0.05; power: 0.3413). Moreover, the number of transitions between states in the LA group was smaller than that in the HC group (mean ± SD for LA: 4.00 ± 2.26; for HC: 5.56 ± 2.25, p = 0.017; power: 0.7831). However, no significant group difference in fractional windows in each state was detected (p > 0.05).


[image: Figure 4]
FIGURE 4
 Temporal properties of functional connectivity state analysis in LA and HC groups, including mean dwell time (A) and number of transitions (B). Asterisks represent significant group differences (p < 0.05, FDR corrected).




Correlation analysis

In the correlation analysis between dFNC properties and cognitive performance in the LA group (Figure 5), we found that the reduced number of transitions was positively correlated with visuospatial/executive scores (Spearman's rho = 0.452, p = 0.031), suggesting a relationship between dynamic state changes and LA patients' visuospatial/executive performance. In addition, the longer mean dwell time in State 1 was negatively correlated with MoCA score (Spearman's rho = – 0.420, p = 0.046).


[image: Figure 5]
FIGURE 5
 Correlation between cognitive scores and temporal properties in LA patients. (A) The number of transitions was positively correlated with the visuospatial/executive score (Spearman's rho = 0.452, p = 0.031). (B) The mean dwell time in State 1 was negatively correlated with Montreal Cognitive Assessment (MoCA) score (Spearman's rho = −0.420, p = 0.046).





Discussion

This study evaluated the dFNC abnormalities among LA subgroups and HCs, in order to assess the neural mechanism of LA without cognitive impairment. To our knowledge, most existing studies have focused on LA with cognitive impairment; and our research is the first study to examine the aberrant dFNC and cognitive condition in LA subjects.

Our results suggest increased interactions of the DMN-ECN, along with decreased interactions with the DMN-SN and altered temporal properties. In addition, these aberrations were correlated with cognitive decline in the LA group. Consistent with the results regarding the increased interactions of DMN-ECN, Li et al. showed that LA patients without cognitive impairment exhibited significantly increased amplitude of low-frequency fluctuations (ALFF) in the precuneus and superior frontal gyrus (SFG) compared with normal controls (Li et al., 2015). The DMN, consisting of the precuneus, prefrontal, and temporoparietal junction areas, appears to be one of the key brain networks in the resting state (Raichle et al., 2001). The precuneus is located in the medial region of the parietal lobe and is responsible for memory and executive function (Cavanna and Trimble, 2006). In addition, the SFG plays a pivotal role in attention, execution control, and self-awareness (Li et al., 2013). Therefore, we speculate that LA may disrupt the enhanced interactions within the DMN-ECN leading to network disruption. Furthermore, Chen et al. demonstrated that LA patients showed decreased functional connectivity between the DMN and the SN (Chen et al., 2019), which was similar to our findings. The previous studies also confirmed that the functional connectivity between the DMN and SN might provide a characterization of the cognitive impairment of the LA (Reijmer et al., 2015; Atwi et al., 2018). Thus, we hypothesized that aberrant dFNC between the DMN and other resting-state networks may act as a potential imaging biomarker for early cognitive dysfunction caused by LA, suggesting that aberrant dFNC may exist prior to overt cognitive impairment and symptoms in LA patients.

Different dFNC temporal properties were found in LA patients. The decreased transition between states is applied to distinguish the LA from the HC. Moreover, the dFNC temporal properties are associated with cognitive dysfunction in multiple domains, such as memory, execution, attention, and visuospatial function (Fortenbaugh et al., 2018). Therefore, these observations may indicate functional network vulnerability in LA and emphasize the importance of detecting LA for dFNC temporal properties. Further studies are required to confirm whether aberrant functional segregation and the number of state transitions can act as potential biomarkers for LA.

Several limitations should be acknowledged in our study. First, the current study is observational with a relatively small sample size, which may restrict the statistical power. We did not include the LA patients with cognitive impairment. Further research is needed to expand the sample size and enroll the other types of LA patients. Second, we did not take the duration of LA into consideration; we enrolled LA patients without cognitive impairment to observe early brain functional abnormalities. Thus, future studies detecting dynamic network changes in different courses of LA will be considered. Finally, this study is a cross-sectional experimental design, and a longitudinal study should be conducted to explore the progression of cognitive impairment and the causal relationship between dFNC changes and cognitive performance in LA patients.



Conclusion

In summary, this preliminary study is the first to focus on the different connections between HCs and LA without cognitive impairment, examining the neural mechanism underlying LA. Our study suggests that temporal functional dynamics may help contribute to early diagnosis. Moreover, this research could provide a potential therapeutic target for LA in the future.
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Introduction: The m-NMES had been demonstrated to redistribute brain resources and induce plastic changes in the stroke patients. However, the physiological mechanism and clinical efficacy of m-NMES combination with existing clinical rehabilitation programs remains unclear in patients with aphasia after stroke. This study aimed to investigate the effects of simultaneous use of m-NMES and language training (m-NMES-LT) with on cerebral oscillations and brain connection, as well as the effect on clinical efficacy.

Materials and methods: Total 21 right–handed adult patients with aphasia were randomly assigned to language training (LT) group and m-NMES-LT group, and tissue concentration of oxyhemoglobin and deoxyhemoglobin oscillations were measured by functional near-infrared spectroscopy in resting and treatment state during three consecutive weeks. Five characteristic frequency signals (I, 0.6–2 Hz; II, 0.145–0.6 Hz; III, 0.052–0.145 Hz; IV, 0.021–0.052 Hz; and V, 0.0095–0.021 Hz) were identified using the wavelet method. The wavelet amplitude (WA) and wavelet phase coherence (WPCO) were calculated to describe the frequency-specific cortical activities.

Results: The m-NMES-LT induced significantly higher WA values in contralesional PFC in intervals I, II, and V, and ipsilesional MC in intervals I-V than the resting state. The WPCO values between ipsilesional PFC-MC in interval III-IV, and between bilateral MC in interval III-IV were significantly higher than resting state. In addition, there was a significant positive correlation between WPCO and Western Aphasia Battery in m-NMES-LT group.

Conclusion: The language training combined with neuromuscular electrical stimulation on median nerve could improve and achieve higher clinical efficacy for aphasia. This is attributed to the m-NMES-LT could enhance cortical activation and brain functional connectivity in patients with aphasia, which was derived from myogenic, neurogenic, and endothelial cell metabolic activities.

KEYWORDS
aphasia, neuromuscular electrical stimulation on median nerve, language training, brain functional connectivity, effect of rehabilitation


Introduction

As a neurological disease, stroke has the characteristics of high morbidity, mortality, and disability rate (Feigin et al., 2014). Aphasia is one of the most common complications and sequelae of stroke and it was often accompanied by a reduction of available vocabulary, linguistic rules, and verbal retention span, as well as impaired comprehension and production of messages, which accounts for up to 20–30% of the stroke disability rate. The characteristics of aphasia interfere with the patient’s normal communication with the external environment, thus seriously affecting the patients’ emotions, family, and social life. Therefore, understanding and strengthening effective rehabilitation treatment after stroke is of great significance for related functional recovery in aphasia patients.

Traditional language training (LT) for aphasia, such as schuell stimulation, was the most widely used treatment for aphasia in clinical practice (Seniów et al., 2013). Schuell stimulation promoted the reconstruction and recovery of the devalued speech symbol system in stroke patients with aphasia to the greatest extent by using strong and controlled auditory stimulation. According to the degree and type of aphasia, it repeatedly used topics that were easily accepted by the patient, and give the patient corresponding auditory training stimulation. It could obtain optimistic effect in the early recovery of stroke. Studies had shown that auditory sensory input could alter the brain electrical activity, increasing the frequency of firing of neurons and the number of fibers activated and influence the structure and function of the brain, which is the mechanism of LT. However, LT required intensive and repetitive auditory stimulation to achieve the recovery of patients with aphasia, and was not sensitive to severe patients (Chapey, 2012; Coelho et al., 2012). Therefore, it is urgent to find a more efficient rehabilitation method of aphasia patients in recovery period after stroke.

Neuromuscular electrical stimulation on median nerve (m-NMES) was a commonly utilized tool to augment peripheral nerve activation. Conventional m-NMES placed electrodes on the skin of 2 cm above the wrist stripes to deliver electrical stimulation. Because it occupied a large area in the centrally innervated area and was the peripheral portal of the central nervous system, the electrical stimulation signals acting on the median nerve could be projected in a large range in the cerebral cortex and had a significant therapeutic effect. Neuroimaging studies had indicated that m-NMES could improve cortical activities and reorganization for a period of time after sensory input in the form of somatosensory electrical stimulation, which demonstrated the potential of m-NMES to redistribute brain resources and induce plastic changes in the stroke patients (Conforto et al., 2007, 2010). Our previous studies had shown that m-NMES could trigger sensorimotor stimulations of the affected hand that sequentially induced neural plasticity and involved functional reorganization of distant cortical areas in patients with aphasia after stroke (Huo et al., 2019). Therefore, we hypothesize that simultaneous use of m-NMES and LT (m-NMES-LT) in patients with aphasia may better induce the activation of the cerebral cortex and the reorganization of the brain network, thereby effectively improving the clinical efficacy of aphasia rehabilitation. The research based on neurophysiological measurements could help us better understand the underlying physiological mechanisms of this model.

The fNIRS is a new non-invasive imaging method of brain function that based on the neuro-metabolic coupling mechanism and the neuro-vascular coupling mechanism. It can indirectly reflect the activity of cerebral cortex and brain functional network (Lloyd-Fox et al., 2010; Scholkmann et al., 2014). The technology has good temporal and spatial resolution and can be realized real-time, non-invasive, continuous blood oxygen saturation monitoring (Jobsis, 1977; Naseer and Hong, 2015). Thus, it is readily applicable in clinical settings to detect hemodynamic fluctuation in different states of stroke patients, and it has been widely used in brain function evaluation, cognitive science and other fields (Tachtsidis and Papaioannou, 2013; Pinti et al., 2020). Studies have shown that the prefrontal cortex (PFC) plays an important role in language function. Language activity could cause a multiplicity of language-activated cerebral blood oxygenation and hemodynamic changes in PFC (Binder et al., 1997; Sakatani et al., 1998; Cotelli et al., 2012). The activation of the motor cortex (MC) was tightly connected to the language system (Pulvermüller and Fadiga, 2010; Meinzer et al., 2011, 2016), which could facilitate language processing in patients with aphasia (Meinzer et al., 2011; Harnish et al., 2014), and the occipital cortex (OC) had important value in the study of aphasia (Nelles et al., 1998; Szaflarski et al., 2011; Garcia-Azorin et al., 2014). Therefore, we tried to use fNIRS to detected the changes in delta [O2Hb] and [HHb] of PFC, MC, and OC.

Current models suggest that language functions result from functional interactions of distant temporal, frontal and parietal brain regions within a left-lateralized network (Hickok and Poeppel, 2007; Friederici, 2012; Gh and Ds, 2019). So, we choosed subjects with left stroke in this study and used fNIRS technology as the monitoring means, aimed to investigate the changes of m-NMES-LT on cerebral oscillations and brain functional reorganization. The results may help broaden the understanding of the contribution of aphasia recovery.



Materials and methods

This study was a randomized, two-arm trial. The experimental procedures were approved by the Human Ethics Committee of National Research Center for Rehabilitation Technical Aids and were in accordance with the ethical standards specified by the Helsinki Declaration of 1975 (revised in 2008). It has been registered with the Chinese Clinical Trials Registry website under the trial number ChiCTR2100048433. Rehabilitation Center, Qilu Hospital of Shandong University and the Human Ethics Committee of National Research Center for Rehabilitation Technical Aids undertook this project.


Participants

A total of 21 right-handed adult patients with aphasia after stroke were finally recruited to participate and completed this study through inpatient Qilu Hospital of Shandong University. All patients were sTables–ever after a first or recurrent stroke. The inclusion criteria were as follows: (1) left hemisphere lesion; (2) those with language functional impairment after stroke; (3) there is a need for rehabilitation. The exclusion criteria were as follows: (1) left-handed; (2) extremity dermatitis; (3) history of neurological, psychiatric, or auditory symptoms; (4) clinically significant or unstable medical disorder; (5) with brain trauma or had undergone brain surgery; (6) smoking and drinking. The researchers introduced the basic information (including experimental purposes, procedures, schedules, announcements, and contributions) of the experiment to the study participants and obtained their consent.



Study design and randomization

The sample size calculation was based on the previous studies (Mattioli et al., 2013). The total sample of subjects achieves 80% power to detect differences among the means versus the alternative of equal means using an F test with a 0.05 significance level. The minimum sample size was 20. Participants were randomly allocated to one of two groups: the LT group (namely simultaneous use of language training therapy and sham intervention) and the m-NMES-LT group (namely simultaneous use of language training therapy and m-NMES). Computer-generated numbers were used to randomly assign these patients. Opaque, sealed envelopes were used to conceal patient allocation and patients were allocated to the groups at random and patients were blinded after assignment to interventions. The enrollment and allocation of participants illustrated that 35 participants were assessed for eligibility in the study, nine participants withdrew from the study because of not meeting the inclusion criteria, three participants or families refused to consent to this study, and no participant was unable to be assessed. Two participants were excluded dropped out of the follow-up study because of loose detectors, as shown as Figure 1. Each post stroke aphasic patient was treated 5°days per week for three consecutive weeks, and underwent the Western Aphasia Battery (WAB) immediately when they were admitted to the hospital and after the 3°weeks of treatment. The fNIRS was implemented continuously throughout the experiment. The study was conducted from 6 July 2021 to 30 Dec 2021 at the Rehabilitation Center, Qilu Hospital of Shandong University.
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FIGURE 1
The enrollment and allocation of participants.




Procedures

The experiment was divided into resting state and treatment state in both LT group and m-NMES-LT group. The process of study took place in the Speech and Language Therapy Room at the hospital. Both groups of patients received the same type of LT. The task of LT was chosen and implemented by an experienced speech and language therapist, and included such domains as listening comprehension, repetition, word, and picture matching, verbal expression and conversational speech. Although the general nature of LT was the same for all patients, the set of tasks was matched to the type and severity of the individual aphasic symptoms. The m-NMES (rectangular pulse, 50 Hz) was delivered with a 40-s on−20-s off cycle. The intensity was set at the highest tolerable level of participants and sufficient to create a visible muscle twitch or contraction without pain.

Before the experiment, all participants were required to sit for 5–10 min in a noiseless environment to eliminate existing hemodynamic reactions induced by their activity. Subsequently, the fNIRS was worn by scientific assistant for the participants, and the real-time detection (in clouding resting and treatment state) was performed. One thing to note about the resting state is that during the resting state, patients were instructed to stay awake with their eyes closed and remain quiet for 10 min. After the resting state, the professional therapist wears the m-NMES equipment for the participants in both LT and m-NMES-LT groups. In the treatment state, the m-NMES-LT group received weak electric shocks were applied to the right wrist above the median nerve in, and the LT group received sham stimulation at the same sites in the same order but no treatment or electrical stimulation dose was applied. Patients in each group were treated once per day for 20 min, 5°days per week (Monday to Friday), for three consecutive weeks. The staff recorded the basic information of the participants on the day before the experiment.



Functional near–infrared spectroscopy measurement

A technology multi–channel tissue oxygenation monitor with continuous–wave (NirSmart, Danyang Huichuang Medical Equipment Co., Ltd., Beijing, China) with wavelength of 740 and 850 nm was used in fNIRS measurements. To ensure that infrared light could pass through the skull to the gray matter, each sensor of the instrument consisted of a light emitting diode and a detector optode with a distance of 30 mm. We initially set all differential path–length factors to 7.0, and the sampling rate was 10 Hz. The calibration function of the instrument and the corresponding template were used to ascertain the channels to fill exactly in correspondence of the 10/10 electrode positions according to different head sizes. Each optode was connected to the scalp surface by using a customized hard plastic cap, and covered with a black cloth to prevent the penetration of the environmental light. In this study, the fNIRS channels were defined as the middle point of the corresponding light source-detector pairs. A total of 43 measurement channels, including 24 light source probes, and 16 detector probes, were symmetrically positioned over the regions of the left (ipsilesional) and right (contralesional) PFCs (LPFC/RPFC), MCs (LMC/RMC), and OCs (LOC/ROC) as shown in Figure 2.
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FIGURE 2
Schematic diagram of the experimental setup. Configuration of 24 source optodes, 16 detector optodes, and 43 measurement channels.




Data pre–processing

The fNIRS data were preprocessed using the NIRS Toolbox in MATLAB R2020a (MathWorks Inc., Natick, MA, United States). The pre–processing method of fNIRS data had been elaborated in our previous studies (Tan et al., 2015, 2016; Xu et al., 2017; Xie et al., 2019). Simply put, a moving average filter was used to eliminate the obvious abnormal points in the signal and the artifact portion was removed by cubic spline interpolation. Then independent component analysis was performed on delta [O2Hb] and [HHb] signals of each channel to determine the components that might be related to noise and artifacts, and three reference channels with 10 mm source–detector distance were used to extract scalp blood flow changes on signals. Finally, we retained the 0.0095–2 Hz portion of the filtering signal obtained using the six–order Butterworth band–pass filter.



Wavelet transform

Continuous wavelet transform (CWT) is a wavelet analysis method used to analyze near-infrared brain oxygen signal, which has good time domain and frequency domain, and can analyze signal characteristics in time domain and frequency domain simultaneously. In recent years, this method has been applied to the field of biomedical engineering to analyze the interaction between various physiological parameters of human body. CWT could project time series from time domain to frequency domain and enable us to continuously derive the frequency content in time by adjusting the length of wavelet windows. Since the Morlet wavelet could locate independent time and meet the requirements of frequency resolution, the Morlet wavelet was used as the mother wavelet for wavelet transform.

In the spontaneous cerebral oxygen signal, the specific frequency interval distinguished by the wavelet transform had different physiological sources. Five frequency intervals corresponding to different physiological sources have been identified in our previous studies (Li et al., 2010; Bu et al., 2017): 0.6–2 Hz, synchronization of cardiac (I); 0.145–0.6 Hz, respiratory (II); 0.052–0.145 Hz, myogenic (III); 0.021–0.052 Hz, neurogenic (IV); 0.0095–0.021 Hz, endothelial cell metabolic (V). It can also be interpreted as the frequency intervals I and II reflect systemic regulation activities, whereas frequency intervals III–IV indicate neurovascular coupling. These can reflect the physiological source of cerebral activation and functional connectivity changes, which may be helpful to understand the neural mechanisms of brain plasticity and reorganization of the network after therapy in patients with aphasia and provide new ideas and methods for understanding the mechanism of brain function rehabilitation.



Wavelet amplitude

The results of wavelet transform were averaged over the time domain to obtain the wavelet amplitude (WA) of each Δ [O2Hb] and [HHb] signal at each time and frequency, which reflects the magnitude of the fluctuation of the original signal at a certain frequency. WA of the Δ [O2Hb] and [HHb] signal represents the changes of regional cerebral blood flow with the activity of cerebral cortex during different conditions. Functional hyperaemia or neurovascular coupling could increase regional cerebral blood flow by activating local neurons to match the needs blood and nutrients of local brain cells in the task state (Willie et al., 2014). Thus, WA is characterized by the intensity or activation of the cerebral cortex.



Wavelet phase coherence

The FC was calculated using wavelet phase coherence (WPCO), which is a method of using the phase information of the signal to evaluate the correlation of two signals. It could analyze the correlation of multiple different time series, observe their relationship in different frequency and time, and then put forward the appropriate interpretation mechanism. Some academics had made this method been applied to medicine, to analyze the relationship between the various physiological signals. The WPCO value was between 0 and 1, and the value quantitatively represents the instantaneous phase of the two signals at a consistent degree throughout the continuous process of the time series to identify possible connectivity (Bernjak et al., 2012). The high WPCO value indicates that an agreement between the two cortical regions exists, otherwise it indicates that weaker relationships between the two delta signals exist (Han et al., 2014).



Statistical analysis

The Kolmogorov–Smirnov test and Levene test of participant’s data were performed to ensure that the assumptions required for parameter analysis were satisfied. The Pearson’s correlation was used for correlation analysis between WAB and spontaneous cerebral oxygen signal. The one–way ANOVA was performed on the region–wise WA and WPCO. The Bonferroni correction was used for the multiple comparisons. Totally there were three inter-groups pair-wise comparisons (resting state VS LT state, resting state VS m-NMES-LT state, and LT state VS. m-NMES-LT state), thereby the corrected p-value threshold was set at p < 0.0167.




Results


Demographic characteristic

Table 1 shows the demographic characteristic and WAB scores. There were no significant differences in baseline demographic or clinical features between the groups. Similarly, there were no significant group differences in any of the preintervention outcome measures as shown as in Table 2.


TABLE 1    Characteristics of participants with aphasia.
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TABLE 2    Demographic characteristics: Mean (SD).
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Cerebral activation

As an indication of cerebral activation, WA values at 0.0095–2°Hz frequency intervals in the two groups showed specific differences in different brain regions. Our cortical activation results showed that, from the perspective of neurovascular coupling, RPFC seemed to be more sensitive to LT, while LMC was more active under m-NMES-LT treatment. However, there was no evidence that the WA values showed differences in LT and m-NMES-LT treatment in LPFC or RMC.

Figure 3 shows the detailed results of WA value in resting, LT and m-NMES-LT states. Compared with the resting state, WA values of the LT state showed significantly higher in contralesional PFC in the frequency intervals III (p = 0.009). In addition, m-NMES-LT state showed significantly higher WA values in contralesional PFC in intervals I (p = 0.05), II (p = 0.024), V (p = 0.05), and in ipsilesional MC in intervals I (p = 0.02), II (p = 0.011), III (p = 0.016), IV (p = 0.034), and V (p = 0.023) than the resting state.
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FIGURE 3
Wavelet amplitude (WA) data between resting and treatment states: Mean (SD). *(p < 0.05) indicate significant difference between the resting state and m-NMES-LT state. &(p < 0.05) indicate significant difference between the resting state and LT state. L, left; R, right; MC, motor cortex; PFC, prefrontal cortex; m-NMES, neuromuscular electrical stimulation on median nerve; LT, language training.




Functional connection analysis

Figure 4 shows the connectivity maps in the five frequency intervals under the different states. Visualized functional connectivity maps measured the degree of integration of brain networks. In this study, the results of significant differences between three states revealed interesting brain network characteristics. The connectivity was dense in intervals I to III and sparse in intervals IV and V; and increased connectivity was seen in intervals IV to V. In addition, the connectivity of the system regulatory activities did not change significantly in the three states, while the results of functional network changes in neurovascular coupling activities were all related to the prefrontal cortex.
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FIGURE 4
Frequency intervals I–V maps of the different state. The resting state (A), LT state (B) and m-NMES-LT state (C). Connectivity line indicates a significant wavelet phase coherence (WPCO) value between two channels. Line color indicates the connectivity intensity, and the sizes of the red dots indicate the numbers of connectivity among the channels. m-NMES, neuromuscular electrical stimulation on median nerve; LT, language training; WPCO, wavelet phase coherence.


The significant differences of WPCO values between the resting state and m-NMES-LT state as shown in Figure 5A. The WPCO value of m-NMES-LT state between ipsilesional PFC and ipsilesional MC in interval III (p = 0.037), IV (p = 0.026); ipsilesional PFC and contralesional MC in interval III (p = 0.042); contralesional PFC and contralesional MC in interval III (p = 0.044), IV (p = 0.006); contralesional PFC and ipsilesional MC in interval III (p = 0.017), IV (p = 0.001), and V (p = 0.043); ipsilesional MC and contralesional MC in intervals III (p = 0.042) and IV (p = 0.019) was significantly higher than resting state. Moreover, the WPCO of m-NMES-LT between ipsilesional PFC and ipsilesional MC in interval IV (p = 0.023); ipsilesional PFC and contralesional MC in interval IV (p = 0.04); contralesional PFC and ipsilesional MC in interval IV (p = 0.016); contralesional PFC and contralesional MC in interval IV (p = 0.016); ipsilesional MC and contralesional MC was significantly higher in interval IV (p = 0.024) and V (p = 0.044) than LT as shown in Figure 5B, and there was no significant difference in WPCO value was found between resting and LT states.
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FIGURE 5
The wavelet phase coherence (WPCO) values of different state. Comparison of WPCO values between the resting state and m-NMES-LT state (A), resting state and LT state (B). Warm color represents the increased WPCO value; the brighter the color, the higher the significance. Cool color represents the decrease in WPCO value; and the deeper the color, the higher the significance. m-NMES, neuromuscular electrical stimulation on median nerve; LT, language training; WPCO, wavelet phase coherence.




Clinical validation

The behavioral comparison results after three consecutive weeks of treatment showed that although the WAB values of the two groups of patients showed an increase trend, the m-NMES-LT group had a greater increase, and the value of Repetition (P = 0.049) after treatment was significantly higher than before treatment, as shown as Table 3.


TABLE 3    Results of comparison of behavioral data before and after treatment: Mean (SD).
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The results of Pearson’s correlation between WPCO and WAB showed that there was a significant positive correlation between WPCO value of LPFC-LOC and Spontaneous speech (r = 0.708, p = 0.011), Auditory comprehension (r = 0.685, p = 0.014), Naming (r = 0.742, p = 0.007), AQ (r = 0.715, p = 0.01), between WPCO value of LPFC-ROC and Spontaneous speech (r = 0.623, p = 0.027), Auditory comprehension (r = 0.638, p = 0.024), Naming (r = 0.628, p = 0.026), Aphasia quotient (r = 0.654, p = 0.02), between WPCO value of LMC-LOC Spontaneous speech (r = 0.676, p = 0.016), Auditory comprehension (r = 0.676, p = 0.016), Naming (r = 0.712, p = 0.01), Aphasia quotient (r = 0.695, p = 0.013), between WPCO value of LMC-ROC and Auditory comprehension (r = 0.596, p = 0.035), and Naming (r = 0.555, p = 0.048) in the frequency interval IV as shown in Figure 6A.
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FIGURE 6
Correlation results of wavelet phase coherence (WPCO) and western aphasia battery (WAB) in frequency intervals III (A) and IV (B). The intensity of the color and the diameter of the circle indicate the size of the correlation. Red means positive correlation and blue means negative correlation. WPCO, wavelet phase coherence; WAB, Western Aphasia Battery.


In frequency interval V, the significant positive correlation was founded between WPCO value of LPFC-LMC and Naming (r = 0.652, p = 0.02), between WPCO value of LMC-RMC and Naming (r = 0.604, p = 0.032), between WPCO value of LMC-RPFC and Naming (r = 0.597, p = 0.034), between WPCO value of LPFC-LOC and Spontaneous speech (r = 0.581, p = 0.039), Auditory comprehension (r = 0.709, p = 0.011), Naming (r = 0.638, p = 0.024), Aphasia quotient (r = 0.659, p = 0.019), between WPCO value of LMC-LOC and Auditory comprehension (r = 0.664, p = 0.018), AQ (r = 0.631, p = 0.025) as shown in Figure 6B.




Discussion

This study mainly investigated the effects of two rehabilitation therapies (LT and m-NMES-LT) on the brain connectivity and clinical efficacy in patients with aphasia as measured by fNIRS. We found that the clinical efficacy of patients with m-NMES-LT for 3°weeks was better than LT through WAB score. In addition, m-NMES-LT could effectively increase the activation of the contralesional PFC and ipsilesional MC, and the WPCO of m-NMES-LT between ipsilesional and contralesional hemisphere was increased compared with LT. Specifically, we expected that the significant positive correlation between WPCO and WAB may contribute to a better understanding of the mechanism of m-NMES-LT in patients with aphasia.

Our previous study using fNIRS found that the distant cortical areas of stroke patients who received the m-NMES therapy produced functional reorganization. In particular, the neural coupling from the PFC to other brain areas was significantly increased in stroke patients following unilateral m-NMES. Some studies have shown that patients with aphasia exhibit changes in cerebral blood oxygenation and hemodynamics in the left PFC induced by language activities (Sakatani, 1998). Allendorfer JB et al. also reported that activation related to processing noun-verb semantic associations on the verb generation task were present in frontal, temporal and parietal regions. In addition, there was study reported that the m-NMES could improve the language function of coma patients. Therefore, we attempted to use m-NMES to treat stroke patients with aphasia on the basis of conventional language rehabilitation and use fNIRS to monitor their brain function, tried to observe the effect of m-NMES on language rehabilitation.

Five spontaneous oscillations with characteristic frequencies had been identified in fNIRS signals by using CWT in this study. We made further analyze for the data of acquired frequency intervals to obtain the WA which represents the changes of regional cerebral blood flow with the activity of cerebral cortex during different conditions. The WA results showed that the cerebral activation in frequency intervals I and II was significantly higher for m-NMES-LT state compared to that for resting state in contralesional PFC and ipsilesional MC. This result suggested that the cerebral blood flow in contralesional PFC and ipsilesional MC were changed during m-NMES-LT state. Because the oscillation in interval I and II mainly reflected the influence of respiratory and cardiac activities, which serve as pumps that drive blood through the vessels (Shiogai et al., 2010; Li et al., 2013). As a part of the systemic circulation, the effect of the cardiac and respiratory pumping is manifested in the vessels. This change was consistent with the theory that m-NMES may increase local cerebral blood flow and improve blood flow around hematoma (Liu et al., 2010). In addition, our results showed that compared with the resting state, WA values of the LT state had significantly higher in contralesional PFC in the frequency interval III. The m-NMES-LT state had significantly higher WA values in ipsilesional MC in intervals III and IV than the resting state. First, the oscillations in interval III were suggested to originate locally from the intrinsic myogenic activity of smooth muscle cells in resistance vessels. The vascular smooth muscles contracted or relaxed in response to an increase or a decrease in intravascular pressure respectively, and the myogenic mechanism might be partly under autonomic control. The oscillation in interval IV was a vascular reaction of neurogenic origin, which was closely related to frequency interval III. The continuous activity of the autonomous nervous system served to maintain the basal level of vasoconstriction. The nerves released substances that affect the smooth muscles activities, leading to changes in the vessel radius and resistance. The significantly increased WA in interval III and IV indicated an enhanced contractility of smooth muscle layer among contralesional PFC in LT, and an enhanced contractility of smooth muscle and neurovascular regulatory activity among ipsilesional MC in response to m-NMES-LT. The enhanced activity of the autonomous nervous system and the contractility of vascular smooth muscle caused by the nervous system are both significant for improving blood supply for blood vessels. Therefore, m-NMES-LT may play a role to the recovery of language function by improving the mechanism of blood supply to PFC and MC.

Another interesting finding was that the m-NMES-LT exhibited significant effect on spectral amplitude of cerebral oxygenation oscillations in frequency interval V. The oscillation in this interval reflected the influence of endothelial related metabolic activity. Metabolic regulation is the process of controlling blood flow according to the concentration of metabolites. Endothelial cells control the contraction and relaxation of smooth muscle by releasing vasodilators (such as nitric oxide) and vasoconstrictors to adjust the blood flow to satisfy the oxygen requirement of cells. Therefore, an increase in spontaneous oscillations could be the result of the endothelial layer activities. The neuroimaging studies about aphasia indicated if the reactivation and compensation of aphasia patients mainly occurred in the left hemisphere peri-lesional areas, resulting in relatively good recovery. In addition, evidence supported the communication between PFC and other brain regions, and this increased connectivity seemed to be crucial for therapy-induced improvements of aphasic word retrieval (Abel et al., 2015; Stefanie et al., 2015). In the present study, the significant increase of WPCO between ipsilesional PFC and ipsilesional MC in intervals V indicated that m-NMES-LT could enhance the functional connectivity of the left hemisphere in endothelial related metabolic activity. This might have important value for the rehabilitation of patients with aphasia.

It was worth noting that there was a significant positive correlation was found between WPCO associated with left hemisphere and WAB score, which confirmed that the increase of FC had a positive effect on the patient’s clinical performance. A number of studies had shown that higher complexity of functional connectivity is associated with better language performance post stroke (Yourganov et al., 2010), which was consistent with the findings of this study. This should be an important mechanism for the clinical efficacy of m-NMES-LT. In addition, previous studies had shown that NMES could enhance bilateral PFC activation (Huo et al., 2019), and both ipsilesional and contralesional PFC contribute to the recovery of aphasia (Belin et al., 1996; Harvey et al., 2017). The results of this study showed that although LT could induce the activation of PFC, the activation effect of m-NMES-LT seemed to be better. Therefore, we cautiously speculated that LT was more effective in activated PFC, which might be another mechanism of m-NMES-LT in clinical efficacy. These indicated that m-NMES-LT might have better clinical therapeutic effect than use LT.

Our study has several limitations. Firstly, although the sample size calculated was sufficient and the findings of this study are promising, the sample size was small, and, therefore, the study did not have sufficient power to provide firm conclusions. Future studies should recruit a larger sample size. Secondly, arterial pressure oscillations occurring spontaneously as Mayer wave existed in conscious participants in the vicinity of 0.1 Hz frequency, which may affect the FC in interval III (0.052–0.145 Hz). Therefore, the interference of Mayer waves should be considered in future studies. Moreover, the severity of patients was not classified. Different effects of m-NMES-LT on patients with mild and severe stroke were not analyzed in detail, and it is valuable to compare the change in brain function of different severity of stroke by applying fNIRS. The fNIRS is commonly used to detect the alternations of cortical functional plasticity. Limited by the detection depth, fNIRS cannot penetrate into the subcortical lesion such as basal ganglia region. More interesting results might be obtained by considering further refinement and investigation of the severity and classification of aphasia in subsequent studies.

The present findings revealed that m-NMES-LT could enhance cortical activation and brain functional connectivity in patients with aphasia, which was derived from myogenic, neurogenic, and endothelial cell metabolic activities. In addition, m-NMES-LT could improve clinical efficacy, and the increase of FC and the use of LT under the conditions of activation of regions contributed by m-NMES might be its possible mechanism of action. These suggested that m-NMES-LT might be more effective than LT in promoting clinical rehabilitation of patients with aphasia.
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Using the animal brain as a cross-species tool for human brain research based on imaging features can provide more potential to reveal comprehensive human brain analysis. Previous studies have shown that human Brodmann area 5 (BA5) and macaque PE are homologous regions. They are both involved in processes depth and direction information during the touch process in the arm movement. However, recent studies show that both BA5 and PE are not homogeneous. According to the cytoarchitecture, BA5 is subdivided into three different subregions, and PE can be subdivided into PEl, PEla, and PEm. The species homologous relationship among the subregions is not clear between BA5 and PE. At the same time, the subdivision of PE based on the anatomical connection of white matter fiber bundles needs more verification. This research subdivided the PE of macaques based on the anatomical connection of white matter fiber bundles. Two PE subregions are defined based on probabilistic fiber tracking, one on the anterior side and the other on the dorsal side. Finally, the research draws connectivity fingerprints with predefined homologous target areas for the BA5 and PE subregions to reveal the characteristics of structure and functions and gives the homologous correspondence identified.
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Introduction

The development of brain science depends on the progress of innovative thinking and research methodology, but the living experiments of humans restrict the development of brain science to a certain extent. Cross-species comparison can provide a basis for verifying the assumptions and future research results in the human brain. Due to the similarity and evolutionary homology between the brains of primates, the non-human primate (NHP) brain is a transitional model for human brain research. The macaque brain is a classic transition model, and many invasive experiments can use this model to reflect the working and pathological mechanism of the human brain (Thiebaut de Schotten et al., 2019; Xia et al., 2019a). The accumulation and disclosure of brain image data of humans and non-humans, such as the Human Connectome Project (HCP) (Van Essen et al., 2013) and PRIMatE Data Exchange (PRIME-DE) project (Milham et al., 2018), have laid the foundation for the comparison of cross-species.

Magnetic resonance imaging (MRI) research can support future human brain discovery and hypothesis verification in cross-species comparison. At the same time, it can help identify finer subdivisions of brain regions and reveal their functional and neural circuit characteristics. Functional MRI (fMRI) and diffusion MRI (dMRI) compare functional and structural connections between species. Xia et al. (2019b) determined that the striatal emotion processing network is a conservative region. The homology of cortical projection sources in these regions is determined by the proportion of projections to these conservative regions. Furthermore, some imaging studies are based on anatomical connection patterns, such as exploring comparable characteristics between species through their structural similarity based on homologous brain regions and homologous white matter bundles (Wang et al., 2019). Researchers have also collected functional connectivity characteristics from specific task states of humans and macaques for cross-species comparison (Deco et al., 2013). Through a cross-species comparative study, the researchers found some interesting phenomena. For example, the primary and intermediate visual areas of humans are more introverted than those of macaques (Fattori et al., 2012), and the functional structures of the anterior cuneate nucleus (PCun) of humans and macaques are similar (Wang et al., 2019).

The superior parietal lobule (SPL) is involved in integrating information from visual and somatosensory cortical regions to perform stretching and grasping movements (Passarelli et al., 2021). Most research on macaque SPL focuses on PE, PEc, and V6A. PE is located on the posterior parietal cortex (PPC) and is essentially an advanced somatosensory area dominated by somatosensory input, which participates in the motor processing of depth and direction information in the process of touch (Battaglia-Mayer et al., 2013). The latest research found that PE, PEc and V6A are all involved in the regulation of gaze and arm static position, especially the PE area, which has a more independent coding ability (De Vitis et al., 2022). Pandya and Seltzer (1982) confirmed the existence of PE and defined it as a cytoarchitecture of homogeneous entities. Some studies have shown that 5l and 5m are equivalent to the PE, while 5Ci is equivalent to the PEci of macaques (Scheperjans et al., 2005). A recent neural tracer study shows that PE is not homogeneous. This study found that according to the cytoarchitecture and the average density of some examined receptors and layered distribution patterns, PE can be subdivided into three parts: PEla (lateral-anterior PE), PEl (lateral PE), and PEm (medial PE) (Impieri et al., 2019). However, the functional connectivity pattern and anatomical connectivity pattern of PE subregions have not been studied, and it is not clear whether subdivisions based on cytoarchitecture can match the functional connectivity patterns and anatomical connectivity patterns. At the same time, whether humans and macaques share the connectivity pattern is not clear. Therefore, it is necessary to perform medical imaging histological analysis of the PE subregion.

Currently, connectivity-based parcellation (CBP) has been widely recognized, and its results are consistent with cytoarchitectonic mapping results (Liu et al., 2013; Wang et al., 2016; Ren et al., 2019). The main criterion of brain region segmentation in CBP is the connection information of brain regions. The basic assumption of this method is that each voxel or node belonging to the same brain region has a very similar connection pattern. Behrens used DTI data to segment the thalamus and verified its results (Behrens and Johansen-Berg, 2005). Johansen-Berg used the probability tracking method to track the nerve fibers of the auxiliary motor area and used the cross-correlation method to divide the auxiliary motor area into two regions (Johansen-Berg et al., 2005). Anwander used the same method to resegment the Broca region and the K-means clustering method to obtain three subregions (Anwander et al., 2007). Beckmann applied an iterative K-means clustering method to the segmentation of the cingulate gyrus, and the segmentation results of 9 subregions were obtained (Beckmann et al., 2009). Therefore, the CBP can provide precise structural PE subregion segmentation results.

In this study, the researcher used probabilistic fiber tracking techniques to calculate the anatomical connectivity of the voxels in the PE region and subdivided the PE region into four different subregion schemes. By analyzing the evaluation indexes of these schemes, the subdivision scheme of two regions is selected. Then, the researcher used each subregion’s anatomical and functional connectivity to verify the subdivision result. At the same time, the research team drew 19 predefined homologous target regions for cross-species analysis, and the anatomical connection fingerprints and functional connection fingerprints of BA5 (5L, 5m) and PE (two subregion schemes) with these homologous target regions were calculated. Furthermore, we conducted a cross-species analysis of the subregion area of human BA5 (5L, 5m) and macaque PE. This research can help study the process of arms motivation control and touch in the brain. It is also helpful in analyzing neurosurgical localization and provides a basis for clinical diagnosis and rehabilitation training of human arm movement.



Materials and methods


Dataset


Human data

This research collected human datasets from the publicly available datasets released by the Human Young Adult projects of Human Connectome Project (HCP) (Van Essen et al., 2013). The human data were acquired using a 3.0 T MR system. This dataset includes 22 healthy subjects (13 males and 9 females, age range = 22–35 years old) and selected their corresponding preprocessed structural MRI (sMRI) and diffusion MRI, where sMRI data include 0.7 mm high-resolution isotropic T1 weight MRI (TR/TE = 2,400/2.14 ms, TI = 1,000 ms, FA = 8°, voxel resolution = 0.7 × 0.7 × 0.7 mm), diffusion MRI data (acquired the spin–echo EPI sequence, slice = 111, TR/TE = 5,520/89.5 ms, FA = 78°, voxel resolution = 1.25 × 1.25 × 1.25 mm, diffusion weighting consisting of 1,000, 2,000, 3,000 s/mm2, and 18 non-weighting epochs), and rest-fMRI data (acquired using the gradient-echo EPI sequence, TR/TE = 720/33.1 ms, FA = 52°, voxel resolution = 2 × 2 × 2 mm, scanning matrix = 104 × 90 acquisition time = 14.55 min, and 1,200 frames are collected).



Macaque data

This research collected macaque datasets from the publicly available dataset released by the PRIMatE Data Exchange (PRIME-DE) project (Milham et al., 2018). The macaque dataset includes 18 macaques (all female, age distribution: 18.5–22.5 years) from the University of California, Davis, UC-Davis. The data of these macaques were collected using Siemens Skyra 3 T’s 4-channel flip coil scanning. The bred macaques met the UC-Davis IACUC ethics certification. This dataset includes T1 weight MRI (TR/TE = 2,500/3.65 ms, TI = 1,100 ms, FA = 7°, voxel resolution = 0.3 × 0.3 × 0.3 mm), diffusion MRI (TR/TE = 6,400/115 ms, voxel resolution = 1.4 × 1.4 × 1.4 mm, diffusion weighting consisting of 1,600 s/mm2 and 800 s/mm2), and rest-fMRI (acquired the gradient-echo EPI sequence, TR/TE = 1,600/24 ms, voxel resolution = 1.4 × 1.4 × 1.4 mm). The researcher used these data as the elderly data.



Diffusion magnetic resonance imaging data preprocessing

FSL software was used to preprocess the diffusion MRI data, and the preprocessing included the five following steps: (1) Space correction and head movement realign: use the FDT tools in FSL to distortion correction, and the eddy current and head movement of diffusion MRI are corrected (Smith et al., 2004); (2) Brain tissue extraction: our researcher used the ResTLU-net tool designed by our team to extract brain tissue files from brain T1 and diffusion images and remove non-brain tissue (Wang et al., 2022); (3) Individual image space registration: use the FNIRT tool to register the T1-weighted image to the subject’s diffusion image space; (4) Atlases template space registration: register the human and macaque T1 images to the standard MNI152 and D99 templates, respectively. To obtain a more accurate registration effect, the research team adopts a two-step registration method and selects individuals with better registration results to form the experimental dataset. (5) Adopt BEDPOSTX runs Markov chain Monte Carlo stands for modeling crossing Fibers. It creates all the files necessary for running probabilistic tractography.




Resting-state functional magnetic resonance imaging data preprocessing

The resting-state fMRI data preprocessing process includes the six steps as follows: (1) Time correction (slice timing): the middle layer is selected as the reference, and then the remaining layers are aligned to this layer to eliminate the impact of different acquisition times on the data; (2) Head movement correction (Realign): If there is a translation greater than 2.5 mm in the head movement image, the data with a rotation angle more significant than 2.5° will be discarded; (3) Spatial normalization (Normalization) normalizes the image space after head movement correction to the Montreal Neuropathy Research Institute (MNI) standard head anatomy template and resamples with voxels; (4) Filter: use slow-5 (0.01–0.027 Hz), slow-4 (0.027–0.073 Hz), Slow-3 (0.073–0.198 Hz) and slow-2 (0.198–0.25 Hz) frequencies are filtered to eliminate the influence of physiological noise (such as breathing, heartbeat, etc.) above and below this frequency band. (5) Smooth: Use a Gaussian check with a full-width, half-height (FWHM) of 6 mm to perform spatial smoothing on the image after spatial normalization to reduce random noise in the image and increase the signal-to-noise ratio so that the data are obtained from the space. The resolution is easier to compare. (6) Interference covariate regression: To remove the influence of physiological factors, the white matter, cerebrospinal fluid, head movement, and other covariates were regressed. The above steps are implemented through the DPABI tool (Yan et al., 2016).



Region of interestregion selection

The researcher obtain the PE area of macaques from D99 atlas v2.0 (Saleem et al., 2021). The maximum probability map (MPM) in individual space is obtained by registration processing, and the PE brain region is extracted. Then, the left and right hemisphere PE regions are manually divided to obtain the seed mask of the bilateral brain region, which is used for subsequent probabilistic fiber tracking and based on connectivity seeds for group analysis. At the same time, the locations of the 5l and 5m regions, which are homologous regions for PE, were labeled under the standard normalized mutual information (NMI) space for comparative analysis across species. The locations of the regions in the D99 and Brainnetome Atlas are shown in Figure 1.
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FIGURE 1
Schematic diagram of the spatial location of PE in macaques and 5L and 5m in humans. The top of the schematic is the macaque brain in the D99 atlas, and the yellow area is the PE area in the macaque brain. The bottom of the schematic diagram is the human brain tissue structure in the MNI standard space, where the yellow area is the 5L area, and the green area is the 5m area.


According to the existing homologous regions of humans and macaques summarized by the research group through the literature, macaques select regions based on the D99 atlas, and humans find the corresponding regions based on the Brainnetome Atlas (Fan et al., 2016). To fully study the functional and structural characteristics of PE regions, 19 different types of homologous brain regions involved in motor, auditory, language, memory, and advanced cognition were selected as follows: 9/46d, 44v, SMA, 8m, M1, S1, ParOp, aIPS, pIPS, pIPL, 23ab, rsplC, perirhinal, ventrStr, hippoc, 35/36r, 9m, 8dL, granular insula. The spatial distribution of the above region of interest (ROI) areas in the standard brain space of humans and macaques is shown in Figure 2.
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FIGURE 2
Schematic of 19 target ROIs in the human and macaque brains. The schematic diagram shows the spatial locations of the 19 ROIs selected in this paper under the macaque D99 atlas and the human brainnetome atlas. The relevant regions of interest are marked with 19 different colors, and the relationship between the color and the region is displayed on the far right of the picture. To display the 19 ROIs more intuitively, a 3D stereo image is drawn on the right side of the brain slice.




Analysis I: Anatomical connectivity-based parcellation of the PE region


Probabilistic tractography

Diffusion probabilistic tractography and voxelwise probability distributions were estimated for three directions using the FDT tools (Tomassini et al., 2007). For each voxel in the PE region, 20,000 streamlines were employed, and the connectivity probability between the seed voxel and the remaining voxel was estimated. The resulting anatomical connectivity matrix thus consisted of rows for each PE voxel and columns for each voxel of the whole brain. Next, an asymmetric cross-correlation matrix was generated by multiplying the connectivity matrix by its transposed matrix. The element value is the correlation between the connectivity profile of the seed voxel and the connectivity profile of the seed voxel (Johansen-Berg et al., 2004).



Anatomical connectivity-based parcellation of the PE region

Spectral clustering is used to process the similarity matrix to determine 2–5 different numbers of subregional clusters (Wang et al., 2012, 2015; Fan et al., 2014; Xu et al., 2015; Yang et al., 2016). Next, the individual subdivision results of a specific object are transformed from diffusion to MNI space, and a MPM is created for each solution of all objects. The MPM uses the subdivision results of all subjects in the MNI space and is calculated by assigning each voxel in the reference space to the most likely location area. If two regions show the same probability on a particular voxel, then this voxel is assigned to the region with a higher average probability of 26 voxels (Eickhoff et al., 2005; Li et al., 2017; He et al., 2020).



Determining the optimal number of subregions of the PE

The Dice coefficient is used to evaluate the degree of overlap between grouping results based on anatomical connectivity to identify the corresponding structure topology of PE, thereby determining the best grouping of PE neutron regions. A higher Dice coefficient is considered to reflect better PE segmentation. The average Crame’s V (CV) is also used to measure the spatial distribution consistency of the regions between individuals. The researcher randomly divides the samples into two groups, the CV values of the results of the two groups are calculated, and the process is repeated 1,000 times to calculate the average CV value. The better partitioning scheme with a CV value closer to 1. NMI, the stable partitioning scheme, is determined with a higher MNI value. The loss or gain of information between two partitioning schemes is quantified using the variation of information (VI) indicator, which can be used to determine the most stable partitioning scheme by a lower value. Finally, the research team performed median filtering on the clustering results and matched the PE subregions to the D99 template.




Analysis II: Anatomical connectivity patterns cross-species comparisons of PE


Anatomical connectivity mapping

Probabilistic tractography was performed using FSL for 5,000 streamlines per voxel from the target in human brain research. Considering that the imaging quality and voxel resolution of macaque brain diffusion MRI are lower than those of the human brain, to obtain accurate anatomical connectivity information of the macaque, probabilistic tractography was performed using 50,000 streamlines per voxel from the macaque PE region and its subregions to the target ROI mapping the anatomical connections between each voxel. Finally, the probability of anatomical connectivity from each region to each target brain region was determined.



Comparisons of anatomical connectivity patterns

To further evaluate the connectivity fingerprints between humans and macaques, the connectivity values for each region were normalized using Equation 1. The maximum connectivity probability between the PE subregions and any target brain region was 1, while the minimum connectivity probability was 0.
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where Pi, j is the connectivity probability between the i PE subregion and the j target brain region. Max(pi) is the maximum connectivity probability between the PE subregion and all target brain regions, while min(pi) is the minimum connectivity probability between the PE subregion and all target brain regions. The normalized anatomical connectivity probability values were used to construct a connectivity fingerprint for each PE subregion. Finally, the cosine similarity and Manhattan distance between human and macaque fingerprints were calculated to characterize the similarity between humans and macaques.
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The cosine similarity (CS) is calculated as Equation 2. In Equation 2, p,q represents two fingerprints to be compared; n represents the number of target regions in the fingerprint; and pi, qi represents the connection value of the i target region in the p, q fingerprints. The value of the cosine similarity calculation ranges from –1 to 1: the closer the value is to 1, the more similar the connectivity of the two brain regions is, that is, the greater the likelihood that the two brain regions are homologous; the closer the value is to 0, which indicates that the two brain regions are independent of each other, and the less likely it is to be homologous; the value is close to –1, indicating that the two brain regions are negatively correlated.
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The Manhattan Distance (MD) is calculated using Equation 3. In Equation 3, p and q are the two vectors of the connected fingerprint, and i represents the target regions of the fingerprint. The smaller the value of the Manhattan distance, the higher the similarity of the two vectors, and the more similar the connectivity of the two brain regions, that is, the greater the possibility that the two brain regions are homologous.




Analysis III: Functional connectivity patterns cross-species comparisons of PE


Delineating the subregion-specific functional networks

The research team used the DPABI tool to perform the resting-state functional connection of 197 brain regions corresponding to PE based on the D99 template (Yan et al., 2016). Then, the Pearson correlation coefficients between PE and them were calculated. In statistics, the Pearson product-moment correlation coefficient (Pearson’s r) is used to measure the correlation between two variables, X and Y (linear correlation), and its value is between –1 and 1. It is a widely used indicator to measure the degree of correlation between brain regions in resting-state function data. The research team used the Pearson correlation coefficient as the eigenvalue to construct the functional connectivity network between PE (subregions) and the predefined ROIs.



Comparison of functional connectivity patterns

First, the research team mapped the functional connectivity network of the PE (and the PE subregions divided by the team) with predefined ROIs to determine the connection patterns of different brain regions. The team then calculated the functional connectivity patterns of the human brain’s 5L and 5m regions. Then, the cosine similarity and Manhattan distance between different subregions are calculated to find the most similar subregion matching between the human brain and macaque brain.





Results


Analysis I: Anatomical connectivity-based parcellation of the PE region


Cluster partitioning of the area PE

The MPM of PE clustered into 2, 3, 4, and 5 subregions was obtained from the grouping based on anatomical connectivity. Figure 3 is a schematic diagram of the spatial location distribution of the four regional clustering results. Each subregion of the brain image is divided into different clusters by color, which is divided into 2, 3, 4, and 5 subregions from top to bottom.
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FIGURE 3
3D result diagram of different PE subregion schemes. From top to bottom, there are clustering results for brains with 2, 3, 4, and 5.


To determine the optimal number of subregions of the PE, the evaluation indexes of four subdivision schemes of the left and right hemispheres are calculated (Dice, NMI, CV, and VI), and the results are shown in Table 1. The results showed that Dice, CV and NMI were the optimal outcomes in the subdivided subregion results when the clustering num was set to 2, as in the left brain subregion results where the CV value was 0.521, indicating high consistency of regional distribution among individuals. The Dice coefficient was 0.416, indicating a better topology for this grouping. The NMI parameter value was 0.546, indicating that the grouping results of this scheme exhibited superior stability on different individuals compared with other grouping schemes. Meanwhile, the VI parameter of the bipartition scheme is the smallest at 0.002, indicating that this segmentation scheme loses the least amount of information.


TABLE 1    Evaluation indexes of PE segmentation of the left and right brains of macaques.
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As shown in Figure 4, the left and right hemispheres of the evaluation indicators showed a consistent trend. Therefore, the researchers believe that dividing the PE brain regions of the left and right hemispheres into two subdivision schemes is the best grouping result. Subsequently, cosine similarity and Manhattan distance between fingerprints of subdivided regions of the left and right hemispheres were calculated, as shown in Table 2. Identify the similar subdivided result within the left and right hemispheres into the same subdivision, which was tentatively named PE_1 (consist with PE_L1 and PE_R1) and PE_ 2 (consist with PE_L2 and PE_R2). In the D99 template space, the spatial location of the space centroid for each subregion is as follows: PE_L1 (95,128,201), PE_L2 (286,134,201), PE_R1 (179,134,201), PE_R2 (187,126,201).
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FIGURE 4
The trend chart of indexes of the left and right hemispheres under different subdivision scheme results. The trend graph on the left shows the evaluation indexes of the four segmentation results of the left hemisphere of the brain, and the trend graph on the right shows the evaluation indexes of the four segmentation results of the right hemisphere of the brain. With the increase in the number of partitions, the evaluation indicators under different partition schemes all decrease to varying degrees.



TABLE 2    Evaluation of similarity between fingerprints of PE subregion.
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Cluster partitioning of the area PE

To ensure the accuracy of the segmentation results, researchers used two image registration tools, FNIRT (FSL) and ANTs, to process the raw data of macaque brain MRI and performed probabilistic tractography calculations and cluster analysis to compare the two segmentation results. The median filtered the clustering results of the two alignment methods and assigned them back to the D99 template with good overlap and the D99 atlas for subsequent subregion correlation experiments (Figure 5). For the partition results obtained by the two registration methods, the Dice, sensitivity, specificity, and intersection over union (IoU) were calculated. The obtained results showed that the effect of registration on the template was better (Table 3). The experimental results show that the Dice, sensitivity, and specificity are all greater than 70%, and the IoU is greater than 0.5. This shows that the results of the PE subregion partition obtained by the two registration methods have a higher coincidence degree, and the experiment can be reproduced.
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FIGURE 5
Diagram of subdivision results based on FNIRT and ANTs registration. The top of the schematic shows the results of registration using the FNIRT method. Below the schematic diagram is the result of the registration of the partitions using the ANTs tool.



TABLE 3    The spatial overlap effect of the macaque PE subdivision based on FNIRT and ANTs.
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Analysis II: Cross-species comparisons of anatomical connectivity patterns


Cluster partitioning of the area PE

The comparison method based on connectivity fingerprints brings the brains of the two species into the common coordinate system constructed by the homologous brain regions. The team drew the trend map for the bilateral 5L (5l_L and 5l_R) and 5m (5m_L and 5m_R) regions of the human brain and bilateral PE (PE_L and PE_R) region based on 19 target ROI, shown as shown Figure 6, and calculated the cosine similarity and Manhattan distance between six regions. From Table 4, it can be found that the structural connection pattern of the PE region is closer to human 5L. According to the trend graph, macaque PE and human 51 have a strong trend consistency, and both PE and 51 showed strong connectivity to pIPS and S1. The location of pIPS in the human brain is also located in SPL, and the corresponding region of pIPS in the macaque brain is 5_(PEa), 5_(PEa) itself is adjacent to PE; S1 is the main somatosensory cortex area of humans and macaques, and it is explainable that there is a stable connection (Galletti and Fattori, 2018; Passarelli et al., 2021). According to the above results, the researcher judged that human 5L and macaque PE have a homologous relationship.
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FIGURE 6
Comparison of anatomical connections between 5L and 5m of humans and the PE of macaques. The trend graph and the X-axis are the 19 ROIs selected in the study, and the Y-axis is the connection frequency from the seed area to the target area calculated in the probabilistic fiber tracking. (Here, the probabilistic fiber tracing of both human and macaque brains is set to 20,000 times per voxel point) The upper left corner image shows the connection of the PE region and 5L region to 19 ROIs, in the left hemisphere of the macaque and human brain. The lower left corner image shows the connection of the PE region and 5L region to 19 ROIs, in the right hemisphere of the macaque and human brain. The upper right corner image shows the connection of the PE region and 5m region to 19 ROIs, in the left hemisphere of the macaque and human brain. The lower right corner image shows the connection of the PE region and 5m region to 19 ROIs, in the right hemisphere of the macaque and human brain.



TABLE 4    Indication of CS and MD in anatomical connectivity fingerprints between human and macaque.
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Anatomical connectivity of the PE subregions

The Manhattan distance of the connection fingerprints of the bilateral 5L (5l_L and 5l_R) and 5m (5m_L and 5m_R) regions with the PE subregions in Analysis 1 (two-subregion scheme, including PE_L1, PE_L2, PE_R1, PE_R2) is shown in Figure 7. Blue represents a smaller distance from Manhattan, and red indicates a greater difference between the two regions. It can be found that the PE_1 of both hemispheres is similar to human 5L, and it is believed that there is a homologous relationship for PE_1 and 5L. As shown in Table 4, the 5m subregion and PE in this experiment were the same as the 5m as a whole and did not show an obvious homologous relationship with PE, nor did the left and right brains show an obvious corresponding relationship with the subregion. In addition, the PE subregion also shows strong connections to M1, which is the primary motor cortex in humans and macaques (Galletti et al., 2003).
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FIGURE 7
Comparison of anatomical connections between 5L and 5m in humans and subregions of the PE. 5l_L represents the 5L area in the left hemisphere of the human brain; 5l_R represents the 5L area in the right hemisphere of the human brain; 5m_L represents the 5m area in the left hemisphere of the human brain; 5m_R represents the 5m area in the right hemisphere of the human brain area. PE_L1 represents the PE_1 region in the left hemisphere of the macaque brain; PE_L2 represents the PE_2 region in the left hemisphere of the macaque brain; PE_R1 represents the PE_1 region in the right hemisphere of the macaque brain; PE_R2 represents the PE_2 region in the right hemisphere of the macaque brain. The numbers in the squares represent the Manhattan distance between the corresponding areas of the monkey brain and the human brain, with red representing far distance and blue representing near distance.





Analysis III: Functional connectivity patterns cross-species comparisons of PE


Resting-state functional connectivity of the PE area

The team performed experiments on the resting-state functional connectivity between brain regions and brain regions according to the division of brain regions in D99 and calculated the Pearson correlation coefficients between PE regions and the rest of the brain regions in the bilateral brains. The researcher selected brain regions with Pearson correlation coefficients higher than 0.4 to draw the percentage bar chart for bilateral PE (Figure 8). It was found that both the right and left brains of macaque monkeys were found to be different in 5_(PEa), LIPd (lateral intraparietal area, dorsal subdivision), 1–2 (somatosensory areas 1 and 2), Peci, 3a/b (somatosensory areas 3a and 3b), and LIpv (lateral intraparietal area, ventral subdivision) were strongly correlated, and the correlations were decreasing in order. The results showed that some brain areas with a weaker correlation with PE function showed some differences between the left and right brains; for example, the correlation between PE and AIP was stronger in the left brain than in 7a_(Opt/PG) and the opposite in the right brain.
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FIGURE 8
Resting-state functional connectivity of the macaque PE area. The X-axis represents the region of interest used to calculate the connection; the Y-axis represents the value of the Pearson correlation coefficient. The upper left histogram represents the Pearson correlation coefficient between the PE region in the left hemisphere and the region of interest. The lower left histogram represents the Pearson correlation coefficient between the PE region in the right hemisphere and the region of interest. The image on the right shows the ROI region and its spatial location used on the left histogram.


The researcher also calculated the CS and MD for the fingerprints of the corresponding brain regions in the bilateral PE region to observe the differences between the left and right PE regions. From Table 5, both 5L and 5m have a strong correlation with PE, 5L is relatively closer to PE, and the overall correlation of the left brain is stronger. Compared with the results of the structural connection, the 5m region shows a higher similarity with the PE region. The functional connection fingerprints of the PE, 5L and 5m regions are shown in Figure 9. The human 5L region, 5m area and macaques PE region also show strong connections in the resting state functional connections to pIPS, S1 and other regions that have previously been prominent in structural connections. At the same time, it also shows new connection characteristics relative to structural connections in other brain regions. The connection of 5L and 5m regions in humans is stronger than that in macaques in 9m, 8 dL, 9/46d, 44v, SMA, 23ab.


TABLE 5    Indication of CS and MD in resting-state functional connectivity fingerprints between human and macaque.
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FIGURE 9
Resting-state functional connectivity fingerprints of PE, 5L, and 5m. The left-hand fingerprint image shows the connections between human and macaque brain regions in the left hemisphere. The right fingerprint image shows connections between human and macaque brain regions associated with the right hemisphere.




Resting-state functional connectivity of the PE subregions

To investigate the functional connectivity characteristics of PE subregions, the team calculated the Pearson correlation coefficients of bilateral PE subregions with the whole brain. Figure 10A shows the whole-brain resting-state functional connectivity fingerprints of the PE subregions bilaterally, and the regions with Pearson correlation coefficients greater than 0.5 were selected as connectivity points. Figure 10A shows the left hemisphere connectivity fingerprints, and the connectivity target regions were selected starting from the PE left subregion and arranged clockwise in descending order of connectivity strength, while Figure 10B shows the right hemisphere connectivity fingerprints, and the target regions were selected in the same way as the left hemisphere. In the functional correlation analysis, Pearson correlation coefficients shown in the PE subregions of the macaque brain are all the highest correlated with the other area on the same side, followed by the other side of the brain and its corresponding location. For example, for PE_L1: PE_L2 > PE_R1 > PE_R2.
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FIGURE 10
Resting-state functional connectivity fingerprinting of PE subregions. (A) The fingerprint shows the related brain regions connections with bilateral hemispheres of the macaque brain PE_1 area. (B) The fingerprint shows the related brain regions connections with bilateral hemispheres of the macaque brain PE_2 area.


Researchers synthesized the results of the two registration methods, excluding the results with large differences in correlation coefficients, to ensure the reliability of the calculation results. The Dice coefficients based on the two registration methods are PE_L1: [0.968], PE_L2: [0.966], PE_R1: [0.967], and PE_R2: [0.964], which further verifies that the two-subregion schemes of the PE region are valid under the two registration methods.

The CS and MD indicators are given in Table 5. Considering Figure 9, it can be found that 5L seems to have more substantial functional homology with PE_L1, 5m has stronger functional homology with PE_L2, and the Manhattan distance is also closer, which is consistent with the DTI results. Compared with the entire PE region, the similarity between the PE subregion and the 5m subregion is higher than the structural connection. The functional connection similarity between the PE and 5L is higher than 5m, but it is not significant in the PE subregion. However, the results of the Manhattan distance show characteristics consistent with the structural connection. Therefore, the researcher inferred that there is a clear homologous relationship between PE_1 and 5L, and there is a functional homologous relationship between PE_2 and 5m.





Discussion


Cellular architecture analysis

In previous studies, differences in the mean density (average density over all layers) and lamellar distribution pattern according to the cellular architecture as well as some examined receptors led to the subdivision of the cellular architecture region PE into three parts (Impieri et al., 2019): the PEla, PEl, and PEm. The PEm and PEla had clearly visible columnar organization, while the PEl was not. In terms of layer thickness, all three regions have similarly well-developed layer III; in contrast, layer IV differs differently: the PEm shows a thicker granular layer, and in the PEla and PEl, the layers became thinner. Another difference is that the border of the white matter is clearly different only in the PEla region. In terms of cell quantity, the PEm area shows a better-stained cytosol with a few large cone cells in layer V, whereas the PEla area shows a clear strip of large cones in layer III, especially in sublayer IIIc. The PEl area shows a strip filled with cone neurons corresponding to layer III. In addition, the tissue particles in PEm were larger, wider, and coarser, whereas the tissue in PEl was smaller, finer, and more compact, with PEla being between them. Therefore, the research speculates that there may be an apparent cooperative junction area in PE.

In this study, a non-invasive method was used to subdivide PE regions using probabilistic fiber tracking based on DTI data and combined with a clustering algorithm, which has been widely used in the field of brain region subdivision, such as fine delineation of the nucleus ambiguous, precuneus, and medial thalamic nucleus (Wang et al., 2019; Xia et al., 2019b; Li et al., 2022). This research determined a convergent PE topographic tissue based on the anatomical connection through white matter fiber bundle tracking clustering, including an anterior PE subregion (PE_1) and a dorsal PE subregion (PE_2). Based on the present results, it is unclear whether to form a complete regional correspondence between the subregions delineated in this research and previous studies. Furthermore, the PE subregions delineated in this study, their respective structural and functional characteristics, and their homologous relationships with human brain regions will be further discussed.



Anatomical architecture analysis

Before the homology analysis of cross-species structure, the research compares the similarities between bilateral PE_1 and PE_2. There is a very high similarity between the subregions. Differences were shown in the structural connectivity of PE subregions to target regions: the PE_L1 and PE_R1 regions were found to be more connected to the pIPS, which corresponds in the macaque brain to region 5_(PEa), adjacent to the PE region, and has somatic and visual perception functions. The PE_L2 region is more connected to the PE_R2 and ventrStr regions. There is evidence that area ventrStr integrates inputs from the lateral amygdala, hippocampus, prefrontal cortex, and other areas to produce excitatory signals acting on the motor system (outcome prediction) and is able to integrate inputs from the lateral nucleus of the amygdala, hippocampus, prefrontal cortex, and other areas to stimulate or deinhibit goal-directed behavior and integrate declarative memory and procedural memory components that constitute the third memory system (Pennartz et al., 2011).

This study found that the PE, PE subregion, and area 5L showed conspicuous connectivity to the pIPS area and S1 area. Region S1 is the primary somatosensory cortical area in humans and macaques (Dum and Strick, 2002; Grol et al., 2007). According to previous studies, human Brodman area 5 (BA5) is located in the lateral and medial portions of the superior parietal cortex, including the medial part of the intraparietal sulcus that overlaps with areas PE, PEa, and PEc (Saleem and Logothetis, 2012). BA5 is characterized by a dense concentration of SMI-32-positive pyramidal neurons in layers III and V. Recent studies in macaques have also revealed that the PE area in macaques is a somatosensory motor area, which may indicate that the macaque PE region plays a similar role to human BA5. In interneurons, extension direction and depth are mainly encoded by different neuronal populations. Direction signals are more prominent before movement onset, whereas depth processing occurs mainly during and after movement execution. It was shown that the cerebral cortex is strongly involved in the motor processing of depth and direction information during the arrival process. This highlights a trend in the intermediate PPC areas, from the joint encoding of depth and direction signals in the tail of area V6A to the mostly separate processing of the two signals in the tail of area PE (De Vitis et al., 2019).

The anatomical connection architecture shows that both PE subregions may be homologous to humans, and the PE_1 region may be more similar to the human 5L region. In the structural connection, both PE subregions do not show a similar connection mode of the 5m region. Through the similarity of the results, it is found that there is a specific relationship between the strength of structural connectivity reflected by this method and the distance between regions, so the similarity or homologous relationship reflected by structural connection has some limitations. Therefore, the inference of homology with the 5m region mentioned by predecessors needs to be further verified, and functional connectivity is needed to make a more comprehensive discussion.



Functional architecture analysis

By comparing the results of the resting-state fMRI data calculated in Analysis III, this study found that there is an apparent functional correlation between the PE subregion and the human regions 5L and 5m, and the connection characteristics of the 5L region are more similar to those of PE_1. Region 5m also showed higher similarity with PE_2 in functional connectivity.

Some previous experiments on the monkey PE area were combined to understand the main functional features. Ferraina et al. (2009) found that gaze signals had relatively little effect on PE neural activity during the reach phase. Gaze position modulation in PE may arise from the central median nucleus of the thalamus, which exhibits various eye movement-related signals, even though the association with PE is fragile (Kunimatsu and Tanaka, 2012; Impieri et al., 2018). A study established a sensory mapping experiment. Most medial PE recording points showed somatosensory sensitivity, and many cells responded to stimuli in both upper and lower limbs, suggesting that it plays a role in arm-leg coordination postural control (De Vitis et al., 2019). This is probably because the middle part of the PE in this study is closer to the middle than that studied by Padberg et al. (2019). Most of the PE neurons in this study showed a greater preference for distant space during motor execution and goal-keeping, showing that arm and leg coordination may be more critical for postural adjustment when monkeys reach and hold the furthest target. In medial PE, depth and orientation signals of reach are partially processed by two distinct neuronal subpopulations integrating somatic input from upper and lower extremities.

The present study verified that PE areas have motor control from a functional connectivity perspective and inferred that PE_1 is more oriented toward spatial arm movements, and PE_2 may tend to engage in visuomotor behavior based on the strong and weak relationship to target area connectivity. Monkeys and humans have similar processing in reaching direction and depth. SPL is involved in sensory-motor integration in the primate brain, and reach-related signals have been found in several human SPL subregions, including human V6A, PE and PEci (Cavina-Pratesi et al., 2010; Tosoni et al., 2015; Pitzalis et al., 2019). Martin et al. (2015) indicated that the PPC is activated during reaching peripheral targets. This direction-selective signal is present in areas V6A and 7A and the medial and posterior IPS. Therefore, this research hypothesizes that PE_1 is homologous to human area 5L and that PE_2 is functionally similar to human 5m.

According to the description of the function of the brain region in the brain atlas provided by the Chinese Academy of Sciences (Fan et al., 2016), the 5L_L area of the human brain is sensitive to tasks such as observation and gaze, and it has the tactile recognition of complex patterns and the spatial organization function of movement patterns. The 5lR region is responsible for controlling random movement and imaginative cognition in the flanker inhibition control experiment. Human region 5m achieved cognition of memory and space in completing the n-back task. Therefore, it is hypothesized that the anterior subregion of PE has the function of spatial perception and motor control, and the dorsal subregion of PE has the ability of memory and spatial cognition. The connection-based study of the brain’s PE regions helps construct a cross-species comparison framework, and further investigation can be made into the information processing mechanisms and functions between the human and macaque.

Previously, the segmentation scheme that researchers divided the PE area into 3 subregions based on receptor density was very valuable (Impieri et al., 2019). Therefore, this study chose the subdivision scheme of two subregions as the best, mainly based on connection-based brain tissue segmentation. method evaluation index (Wang et al., 2018). The relationship between our subdivision scheme in two subregions and that in three subregions remains to be further analyzed. From the preliminary observation of the current morphological structure, it can be found that the main parts of PE1 and PE1 together constitute the PE_1 region in our scheme, and a small part of PE1 and PE1 combine with PEm to constitute the PE_2 region in our scheme.

In addition, FSL and ANTs were used for alignment in this study; both methods are commonly used methods in image alignment, and good alignment results were obtained. The partitioning results obtained by the two alignment methods have a high degree of overlap, so the standard coordinates are chosen to locate the subregions in this study. The cross-species comparative analysis further demonstrated that the performance of the subregions obtained by the two methods remained consistent, but there were also differences. Therefore, this research combines the two results and adopts consistent phenomena to draw more reliable conclusions. Finally, the subdivided PE subregions were registered to the macaque D99 brain atlas, and this work laid the foundation for the subsequent studies in this research and provided ideas for refining and supplementing the brain atlas, which will be helpful in future related studies about the brain atlas.




Conclusion

This study distinguished the anatomical connectivity pattern of each voxel in the PE area, and a new subregion subdivision scheme was obtained by clustering. Then, the partition scheme of the two subregions is determined as the optimal result. To further support the two subdivision schemes of the PE region, the anatomical and functional connectivity patterns were analyzed. Since anatomical connectivity can reflect the functional structure to some extent, resting-state fMRI was used to analyze the functional connectivity of subregions. Finally, the research team decided that the PE could be divided into two subregions, and according to its spatial location, it was determined as the anterior side of PE (PE_1), and the other was located on the dorsal side of PE (PE_2).

In addition, a cross-species comparison between humans and macaques was conducted to explore the homology relationship between this region in the two species. Furthermore, it was found that the anterior side of PE (PE_1) had more similar connectivity features with 5L in the human brain, and 5m showed higher similarity with the dorsal side of PE (PE_2) in functional connectivity as distinct from structural connectivity. In summary, this study identified functional PE topologies and structural connectivity patterns shared by humans and macaques, suggesting that PE has evolved similar roles between species. These findings provide more detailed information on the functional organization of PE and may facilitate future clinical, cognitive, and evolutionary studies in this field. In particular, research on improving the brain-computer interface and the control of bionic prosthetic limbs can provide more precise brain localization.
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Preterm birth is a worldwide problem that affects infants throughout their lives significantly. Therefore, differentiating brain disorders, and further identifying and characterizing the corresponding biomarkers are key issues to investigate the effects of preterm birth, which facilitates the interventions for neuroprotection and improves outcomes of prematurity. Until now, many efforts have been made to study the effects of preterm birth; however, most of the studies merely focus on either functional or structural perspective. In addition, an effective framework not only jointly studies the brain function and structure at a group-level, but also retains the individual differences among the subjects. In this study, a novel dense individualized and common connectivity-based cortical landmarks (DICCCOL)-based multi-modality graph neural networks (DM-GNN) framework is proposed to differentiate preterm and term infant brains and characterize the corresponding biomarkers. This framework adopts the DICCCOL system as the initialized graph node of GNN for each subject, utilizing both functional and structural profiles and effectively retaining the individual differences. To be specific, functional magnetic resonance imaging (fMRI) of the brain provides the features for the graph nodes, and brain fiber connectivity is utilized as the structural representation of the graph edges. Self-attention graph pooling (SAGPOOL)-based GNN is then applied to jointly study the function and structure of the brain and identify the biomarkers. Our results successfully demonstrate that the proposed framework can effectively differentiate the preterm and term infant brains. Furthermore, the self-attention-based mechanism can accurately calculate the attention score and recognize the most significant biomarkers. In this study, not only 87.6% classification accuracy is observed for the developing Human Connectome Project (dHCP) dataset, but also distinguishing features are explored and extracted. Our study provides a novel and uniform framework to differentiate brain disorders and characterize the corresponding biomarkers.
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Introduction

Preterm birth is a worldwide problem that affects infants throughout their lives significantly. Fifteen million babies are estimated to be born prematurely each year, and ~1 million children die each year due to complications of preterm birth. The lifetime of disability, including learning disabilities, visual problems, and hearing problems will last in many survivors (Vogel et al., 2005; Douglas-Escobar and Weiss, 2013; Cecatti et al., 2016; Sheinerman et al., 2017; Walani, 2020). Furthermore, much evidence has been found for the fact that all aspects of brain development can be affected by preterm delivery (Berger et al., 2012). Therefore, it is urgent to further elucidate the differences between preterm and term infant brains, which will facilitate the interventions for neuroprotection and improve outcomes of prematurity.

To elucidate the abnormalities of the preterm infant brain structures, many investigations have been proposed to study the alterations on the cortical, white matter (WM), gray matter (GM), and deep GM volumes in preterm infant brains at the macro-structural level. With the assistance of advanced neuroimaging technologies, studies are proposed to characterize the alterations at the connectome-level from the functional or the structural perspective (Damaraju et al., 2010; Smyser et al., 2013; Wehrle et al., 2018). A few studies revealed that structural and functional alterations were found in preterm infant brains predominantly in frontal, temporal, and occipital regions, and in the cerebellum (Eikenes et al., 2011; Bjuland et al., 2014; Nosarti et al., 2014), which represented a greater potential of exploring their correlations. Some studies further elucidated that most structural-based alterations were more inclined to decrease the intensity of connectivity while the functional-based alterations owned the opposite situations. However, some other findings suggested that structural and functional perspectives are quite complex to associate, and structural and functional alterations are not always consistent (Kelly et al., 2019; Saha et al., 2020; Sa de Almeida et al., 2021). To further elucidate causes and relationships of functional and structural alterations, it is important to understand those alteration regions/connections that are directly or indirectly connected to structural and functional perspectives, realize whether they have common architecture, and further explore the possible hypothesis that functional alterations can be derived from the structural alterations. To achieve these goals, a study solely on single modality is not enough; multi-modality fusion is the key point. Therefore, the integration of the preterm infant brain, structural and functional connectivity profiles, and studying their relationship and exploring the distinguishing features/biomarkers are extremely important and necessary.

Advantages of the joint representation analysis are also obvious in the field of machine learning; it has been suggested that each different imaging technique should feedback different brain information (Sui et al., 2012). For example, functional magnetic resonance imaging (fMRI) measures the hemodynamic response related to neural activity in the brain dynamically; structural magnetic resonance imaging (sMRI) additionally provides information about structural connectivity among brain networks. Sui et al. (2012) believed that conjoint analysis could maximize the use of cross-information in the existing data, in finding important changes that are only partially detected in each modality. Some studies have dedicated efforts on the topic of multi-modality analysis (Qi et al., 2018; Sui et al., 2020). For example, a multimodal canonical correlation analysis model with joint independent component analysis was proposed (Sui et al., 2018). It was worth noting that in most existing methods, subjects were usually registered to a common atlas to align data across subjects (Chen et al., 2022). However, individual differences will be sacrificed in these approaches because image registration algorithms had difficulty in dealing with the anatomical variation that existed between different brains (Ardekani et al., 2004; Stiers et al., 2006; Thirion et al., 2006; Li et al., 2010, 2012).

In recent years, deep learning algorithms have shown the superiority of automatically studying and characterizing the distinguishing features from the medical images (Li et al., 2014; Suk et al., 2014; Litjens et al., 2017). Thus, the advanced learning algorithms are preferred to be adopted into the study of differentiating and characterizing brain diseases and biomarkers (Cole et al., 2017; Mehdipour Ghazi et al., 2019). Compared with convolutional neural network (CNN)- and recurrent neural networks (RNN)-based algorithms, graph neural networks (GNN)-based algorithms (Li et al., 2019, 2021) perform the convolution operations on the non-Euclidean data, which is more suitable to study the topological information of the brain networks and help identify the biomarkers from the high-dimensional functional and structural representations of the brain. Among existing GNN models, the self-attention graph pooling (SAGPOOL) (Lee et al., 2019) model is an effective model structure with fast training speed and is suitable for small datasets. It uses a three-layer graph convolution layer to extract features and a self-attention pooling layer to select important dense individualized and common connectivity-based cortical landmarks (DICCCOL) landmarks by updating their corresponding weights. This fits well with the purpose of classifying and analyzing relevant preterm and term biomarkers.

To effectively capture the biomarkers of brain disorders and diseases, e.g., disorders from preterm birth, from multi-modality and retain the individual differences, in this study, a novel DICCCOL-based multi-modality GNN (DM-GNN) is proposed to differentiate the brain disorders and characterize the corresponding biomarkers. The major advantages of the proposed DM-GNN framework are three-folds: (1) The DICCCOL system is introduced to initialize the graph nodes with correspondence and retain the individual differences. (2) Multi-modality representations are included in this work. DICCCOL-based functional and structural profiles are extracted from the magnetic resonance imaging (MRI) of the brain, which includes the brain anatomy (from DICCCOL system), function, and structure representations. (3) The GNN framework with SAGPOOL is proposed to feedback the importance of each graph node such that distinguishing biomarkers can be identified.

Our experiment results successfully demonstrate the effectiveness of the proposed approach. About 86.4% preterm-term classification accuracy is achieved and 107 DICCCOL landmarks are recognized as the biomarkers of greater importance. Particularly, precentral, precuneus, superior frontal, superior parietal, supramarginal, isthmus insula, and postcentral regions are further identified as the biomarker regions, which are studied and discussed throughout the study. Our results shed new insights that biomarkers can be successfully identified by the integration of multi-modality representations. It is worth noting that our proposed DM-GNN approach is applicable to many other brain disorders and diseases, which can be easily transferred and applied.

The remainder of this article is structured as follows: in Section Methods, we introduce the DM-GNN framework, and the experiment design is described in detail; in Section Results, the results are presented according to the experiment design, and biomarkers are identified and discussed. In Section Conclusion and discussion, the conclusion is drawn, and future perspective is also discussed.



Methods


Dataset and preprocessing

Eighty-six infant subjects are selected from the dataset of developing Human Connectome Project (dHCP) (Hughes et al., 2017; Makropoulos et al., 2018). Of these, 43 are preterm infants born < 38 weeks, and the remainder are term infants over 38 weeks. To compare the growth of preterm and term infants in different settings, we use data from term and preterm infants at the same gestational age. All the subjects are scanned with sMRI, diffusion MRI (dMRI), and resting-state fMRI (rs-fMRI) at around 40 weeks.

The basic parameters of T2-weighted sMRI are as follows: TR = 1,200 ms, TE = 156 ms, SENSE factor = 2.11 (axial) and 2.60 (sagittal), image matrix = 290 × 290 × 203, and resolution = 0.5 × 0.5 × 0.5 mm. Diffusion weighted images consist of three shells of b = 400, 1,000, and 2,600 s/mm2 and were interspersed with an approximately equal number of acquisitions on each shell within each run. The basic parameters of rs-fMRI are as follows: TR = 392 ms, TE = 38 ms, total volume = 2,300, image matrix = 67 × 67 × 45, and resolution = 2.16 × 2.16 × 2.15 mm. The basic parameters of dMRI are as follows: TR = 3,800 ms, TE = 90 ms, total slice = 300, SENSE factor = 1.2, partial Fourier = 0.86, image matrix = 128 × 128 × 64, and resolution = 1.17 × 1.17 × 1.5 mm. A spherically optimized set of directions on 4 shells (b0: 20, b400: 64, b1000: 88, b2600: 128) is split into four optimal subsets (one per phase encoding direction).

FMRIB Software Library (FSL) FEAT (Jenkinson et al., 2012) is adopted to process rs-fMRI data as follows: skull removal, motion correction, slice time correction, and spatial smoothing. It is worth noting that dMRI is used as an intra-subject standard space, to which the other data modalities are aligned. T2-weighted sMRI volumes are linearly warped to fractional anisotropy (FA) map of dMRI. Then, the surface is transposed to dMRI space by applying the transformation matrix onto it. We reconstruct the cortical surface using T2-weighted sMRI data, following the steps provided in the dHCP dataset: skull removal, tissue segmentation, and surface reconstruction. We process the dMRI data using the skull-strip and eddy current corrections of FSL (Jenkinson et al., 2012), and then use DSI Studio (Yeh, 2020) for fiber tracking.



Proposed DICCCOL-based multi-modality GNN learning framework

In this study, a novel DM-GNN approach is proposed to differentiate the differences between the brains of preterm and term infants both at 40 weeks of gestational age and identify the corresponding biomarkers. The major steps can be summarized into five steps, i.e., graph generation, feature extraction, graph pooling, graph classification, and biomarker analysis. Please refer to Figure 1 for details. Specifically, in the graph generation module, we construct structural connectivity matrix and functional similarity matrix from dMRI, sMRI, and rs-fMRI data, and further represent these two matrices sparsely, which delegate edges and features of the graph, respectively. In the feature extraction module, we use three graph convolution layers to extract node features and concatenate the node features of the three layers together for the subsequent process. In the graph pooling module, we use the self-attention pooling to select important nodes by updating weights to nodes. In the graph classification module, we use global-maximum and global-average to aggregate all node features as features of the graph used for binary classification. In the model of our proposed DM-GNN framework, two parameters are vitally important. In the biomarker analysis module, we extract some DICCCOL landmarks as biomarkers and analyze the brain regions to which they belonged. They are number of layers and number of the hidden units, respectively. To explore the proper parameters, several experiments are applied using different parameters.


[image: Figure 1]
FIGURE 1
 Framework of proposed dense individualized and common connectivity-based cortical landmarks (DICCCOL)-based multi-modality graph neural network (GNN). (A) Graph generation. (B) Feature extraction. (C) Graph pooling. (D) Classification. (E) Biomarker analysis.




Description of DICCCOL-based multi-modality GNN

In the DM-GNN model, first, we utilize DICCCOL landmarks to process multi-modality data into the input data of the model and use three graph convolutional layers to extract high-level features. Next, the features operated by the three graph convolution layers are spliced, and the attention score of those graph nodes is measured to reveal the contributions from each node for the task of differentiation. Finally, we input the features of DICCCOL landmarks with higher attention scores into two fully connected layers to classify preterm and term infants.


Graph generation
 
Generate nodes of graph

As shown in Figure 1, we predict 358 DICCCOL landmarks on each subject using the cortical surface and nerve fibers of the brain (Zhu et al., 2013). To be self-contained, the pipeline of calculating the trace-map vector and then optimizing the DICCCOL landmarks on each individual is proposed. Specifically, we use a trace-map approach to describe the shape of nerve fibers. An example of a fiber bundle is visualized in Figure 2A. As shown in Figure 2B, we divide each fiber into three parts evenly, obtain the main direction of each part (from the starting point to the end point), and project the starting point of each part to the center of the sphere and the end point to the sphere. The sphere is divided into 122 equal regions to describe the location of the end point (Chen et al., 2013) (Figure 2D). According to the position of the end point on the sphere, each part of a fiber generates a 122-dimensional vector, and these vectors of a bundle of fibers are accumulated to obtain a representative 122-dimensional vector to describe the shape of the fiber bundle that finally passes through the landmark (Figure 2C). Zhu et al. (2013) provide 10 DICCCOL templates which contain locations of 358 DICCCOL landmarks and corresponding trace-map feature vectors, respectively. When predicting DICCCOL landmarks on a new subject, we first register the cortical surface of the subject to a DICCCOL template and then localize the initial location of each DICCCOL landmark based on the registered surface. Second, we choose the landmarks of the initial location of nearby five-rings as potential candidates for optimizing each of the final DICCCOL landmarks (Figure 2E). Further, for optimizing DICCCOL landmark i on a new subject, correlation coefficient of the trace-map vectors between the potential candidates of DICCCOL landmark i and corresponding landmarks on 10 DICCCOL templates is utilized for optimization; thus DICCCOL landmark i can be identified with the highest correlation coefficient among those potential candidates (Zhu et al., 2013). In this way, the corresponding DICCCOL landmark i can be obtained across all the subjects. Additionally, all the DICCCOL landmarks can be identified by repeating such processes for every initial location of each subject. We show DICCCOL landmarks on a term subject in Figure 2F. The advantage of the DICCCOL system is that DICCCOL landmarks can provide consistency and correspondence across subjects. Therefore, DICCCOL system can overcome the huge individual differences among the subjects and provide the same dimension and one-to-one correspondence data for each subject.


[image: Figure 2]
FIGURE 2
 (A) A bundle of fibers passing through the DICCCOL landmark. (B,C) Trace-map approach. (D) Sphere containing 122 regions. (E) Initial location and potential candidates of DICCCOL landmark. (F) DICCCOL landmarks on one term subject visualized from three perspectives of the left hemisphere, medial view, and right hemisphere.




Generate feature of graph nodes

Features of graph nodes are generated from the functional MRI data. Specifically, we use the functional similarity between DICCCOL landmarks as features of nodes in the graph. Based on the coordinates of DICCCOL landmarks, the functional time series of DICCCOL landmarks are extracted from the rs-fMRI data, resulting in 358 vectors in length of 2,300 for one subject. We calculate the Pearson correlation coefficient of functional time series between pairs of DICCCOL landmarks to obtain a functional similarity matrix [image: image] for one subject. To make the matrix more effective and representative, we set the significant threshold fs to make the matrix much sparser. Then, for all preterm subjects, we extract the elements of the ith row and jth column of matrix F on each individual to obtain a vector Vp of length 43 (number of all preterm subjects) and use the same method to obtain the vector Vt for term subjects. We perform a t-test (two-sample) on Vp and Vt under the significant difference threshold fs in the training set. If there is a significant difference, we keep the element at the corresponding position of the matrix F; otherwise, we set it to 0. The new matrices of all the subjects obtained are stacked, and the obtained [image: image] is used as an input to the first convolutional layer, where N represents the number of subjects.



Generate graph edges

Structural representations of the brain are utilized to represent the graph edges. Specifically, we use nerve fiber bundles as edges of the graph. We reconstruct the nerve fiber tracts of the brain from the dMRI data. We count the number of nerve fibers between all DICCCOL landmark pairs and generate a 358*358 structural connection matrix, S∈ℝ358 × 358 for each individual. The value of the node Sij represents the number of nerve fibers passing through both DICCCOL i and DICCCOL j. Likewise, we set the threshold, ts to make the matrix sparse. We set the value above threshold, ts to 1 in the matrix S, and zero in the others to generate the edge matrix, E. The main diagonal element of matrix E is also 1. Matrix E is used as the edge matrix input of the algorithm.




Feature extraction

As shown in Figure 1B, the feature extraction module is designed with three graph convolutional layers, and Layer Normalization is used for normalization in the middle of every two layers. Graph convolution is similar to convolution on image, where Fourier transform is used to transform the convolution into the product of the spectral domain. The transformation matrix can then be used as the convolutional kernel. We obtain the feature output fh of the graph convolutional layer by Equation (1). Convolution operations are performed on both functional and structural networks since structural information is utilized as the edges of the graph and functional information is utilized as the features of the nodes of the graph.

[image: image]

where fin is the input of the graph convolution layer, W is the transformation matrix, Λ is the degree matrix of E, and the diagonal matrix of [image: image].



Graph pooling

In the graph pooling module, we use the SAGPOOL architecture to accomplish graph pooling. In details, we calculate the attention score Z of each node according to Equation (2). The node score Z represents the potential contribution of the corresponding DICCCOL landmark in the classification. We reserve nodes with higher node scores Z to complete the graph pooling process. We concentrate the outputs of the three graph convolutional layers in the feature extraction module together into the graph pooling layer to obtain the pooled graph nodes.

[image: image]

where fc is the feature matrix obtained by concatenating the features from three graph convolution layers and fi is the output of the ith convolutional layer. [image: image] is a weight matrix, kϵ(0, 1] is a hyper-parameter that determines whether the nodes are eliminated or not. In this experiment, k is set as 0.2. The value of Z is obtained from the convolutional layer with the size of 1 × N; according to the value of Z, top[kN] nodes are remained as important nodes, and top is a function defined to return the indices of those most important nodes. Zm is the final top rank nodes that need to be reserved for the further analysis.



Graph classification

In the graph classification module, we feed the node feature of different subjects into the graph readout layer to obtain the features of different graphs and use two fully connected layers to classify them. After the graph pooling layer, due to the reduction of graph nodes, the number of features of each node is correspondingly reduced. In the graph readout layer, we compute the mean and maximum of features of each graph nodes and concentrate them together. The fully connected layer outputs a value for each category of preterm birth and full term, and the category with the highest value is used as the classification result. We obtain the graph feature fG from the graph readout layer by Equation (3).

[image: image]

where fGE and fGM are graph features obtained after the global average and the global maximum of nodes, and fG is obtained by concatenating fGE and fGM.




Differentiating preterm and term infant brains via DM-GNN

Based on the proposed DM-GNN framework, experiments are designed to differentiate preterm and term infant brains. Totally, 86 infant brains are adopted, including an equal number of preterm and term infants. The ratio of training data and testing data is 4:1 and a 5-fold cross-validation strategy is utilized. It is worth noting that our input is shuffled. That is, the input node feature matrix, fin and adjacency matrix, A are reconstructed based on the sample ordinal numbers in a random order. We use accuracy (ACC), sensitivity (SEN), specificity (SPE), and receiver operator characteristic (ROC)-area under curve (AUC) to measure the performance of the framework. In particular, we combine the results of 5-folds of test data to calculate the value of ROC-AUC.
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where TP is the number of preterm infants judged to be preterm, FP is the number of term babies judged to be preterm, TN is the number of term babies judged to be full term, and FN is the number of preterm babies judged to be full term.

To verify the value of multimodal fusion, we adopt the single modality GNN model as the ablation experiment. Specifically, instead of using functional similarity matrix as the input for the feature of nodes of DM-GNN model, we adopt DICCCOL landmarks as the graph nodes and their structural trace-map vectors to represent the feature of the graph nodes. In this way, the input of the ablation experiment uses structural profiles sorely. The comparison between the proposed DM-GNN and the ablation experiment can reveal the improvement of the multi-modality fusion.



Analysis of the differentiable brain regions and identification of the biomarkers

In Section Graph pooling, according to the self-attention pooling layer of the SAGPOOL model, we obtain the Z scores of all DICCCOL landmarks when training the DM-GNN model, which represents the contribution of DICCCOL landmarks to the classification performance. We normalize the score Z on each subject and obtain the mean of the score Z of each DICCCOL landmark on preterm subjects, term subjects, and all the subjects as the classification contribution of this DICCCOL landmark. Those DICCCOL landmarks with high contribution extracted according to a certain proportion, are the candidates for the biomarkers to differentiate the preterm and term infant brains.



Further interpretation of the biomarkers based on the UNC infant cortical surface atlas

To better interpret those identified biomarkers (important DICCCOL landmarks), UNC infant cortical surface atlas (Li et al., 2015; Wang et al., 2019; Wu et al., 2019) is utilized as the template for all the infant brains. The UNC infant cortical surface atlas is a spatiotemporal cortical surface atlas for infant brains, which is the first spatiotemporal (4D) high-definition cortical surface map.

Two schemes are provided here to further interpret the biomarkers based on the UNC infant cortical surface atlas (i.e., registration priority scheme and average priority scheme). For registration priority scheme, we register the important DICCCOL landmarks on each subject obtained in Section Analysis of the differentiable brain regions and identification of the biomarkers to the standard UNC infant cortical surface atlas to obtain the distribution of these nodes over the brain regions. We then investigate the average of these distributions among subjects. For the average priority scheme, we count the mean of the normalized Z score of each DICCCOL landmark across all the subjects and select the serial number of the important DICCCOL landmarks. Similarly, we register the corresponding DICCCOL landmarks on each subject to obtain the mean distribution of nodes on brain regions. We compare these two distributions to analyze differences for preterm vs. term infants and obtain most important brain regions. We extract the DICCCOL landmarks in these regions, count the number of nerve fibers passing through the DICCCOL landmarks in different regions, and finally visualize them.

Using the infant cortical functional parcellation map provided by the UNC infant cortical surface atlas, we analyze the potential impact of preterm birth on brain function. We use the parcellation maps for infants at 3, 6, 9, and 12 months provided by the UNC infant cortical surface atlas, with 7 functional partitions for 3 months, 9 partitions for 6 months, and 10 partitions for others. We calculate the mean value of the distribution ratio of important DICCCOL landmarks among the functional partitions over all the subjects.




Results

We train and test the algorithm on Pytorch (1.8.0) in a Python (version 3.7.12) environment using an NVIDIA Geforce GTX 3090 with 24GB GPU memory. The order of subjects entered in the algorithm is randomly shuffled. We use the adaptive moment estimation (Adam optimizer) in the model and set the learning rate of the model to 0.0003, and the weight decay to 0.002. We use 5-folds cross validation for experiments. We divide the data into 5 sets equally, and each experiment is performed in a total of 5 times. One set of data is used as the test set in each experiment, and the other four sets are used as the training set. All subjects are used as test subjects once. Considering the actual training performance, we fix the training model for 800 epochs.


Classification performance between preterm and term infants

In this section, classification performance of DM-GNN (5-folds cross validation) for binary classification is shown in Figure 3. The curve of training loss and testing ACC for 1-fold is shown in Figure 3A. Mean and standard variation of the 5-folds are 0.864 and 0.084 for ACC, 0.882 and 0.079 for SEN, 0.851 and 0.098 for SPE, and 0.860 for ROC-AUC. ACC, SEN, and SPE of 5-folds is shown in Figure 3B. As shown in Figure 3B, most of the ACC of 5-folds is higher than 0.80, the SPE and SEN of 3-folds are equal, and the difference between SPE and SEN of the other 2-folds is 0.11. Considering that our dataset is not large, and the test set is lightweight, such fluctuations are acceptable. This shows that the classification performance is stable between 5-folds. These results demonstrate the stability and effectiveness of our proposed method and confirm the existing and predictable differences between preterm and term infant brains.
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FIGURE 3
 (A) Curve of train loss and ACC for the fourth group. The red curve represents ACC of the training set, and the green curve represents ACC of the test set. (B) ACC, SEN, and SPE for all groups.


As mentioned in Section Description of DICCCOL-based multi-modality GNN, we conduct supplementary experiments for different values of the number of layers and the number of hidden layer units, which are summarized in Table 1. Three convolutional layers yield the best classification performance and significantly outperforms the others. To determine the number of the hidden units, 5 different scales are chosen: 32, 48, 52, 56, 60, 64, 68, 72, 76, 80, and 96. Their classification performance is reported in Table 2. As shown in Table 2, the effect of the number of hidden units on the results is gradual and 64 hidden units yield the best classification performance. Therefore, the number of the graph convolutional layers is fixed as 3 and the number of the hidden units is set to 64.


TABLE 1 Classification performance of different number of graph convolutional layers.
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TABLE 2 Classification performance of different hidden units.
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As mentioned in Section Differentiating preterm and term infant brains via DM-GNN, we conduct ablation experiments using purely structural data as the input to the SAGPool model. The mean ACC of the experiment is 0.758, SEN is 0.769, SPE is 0.747, and ROC-AUC is 0.833. Although the experimental result is not as good as the original experiment, which is around 10% drop, we think this result is reasonable. The reasons are as follows. First, this experiment uses the overall attention (at group level) as the basis of selecting DICCCOL landmarks, while the original experiment uses the attention of each subject. Therefore, our expectations for the results of this experiment are slightly lower than those of the original experiments. Second, parameters are not fine-tuned, such as selecting DICCCCOL with the highest attention 30%; the performance of this experiment still has some space for further improvement. Finally, how to use those biomarkers for the best differentiation are still under investigation; for example, whether generating the significant brain network based on those biomarkers (selected DICCCOL nodes) can bring the best differentiation performance. We will work on those issues in our future work.



Discriminable biomarkers obtained from proposed method

As mentioned in Section Analysis of the differentiable brain regions and identification of the biomarkers, SAGPOOL reveals the distinguishing ability of all the graph nodes. Top 30% important DICCCOL landmarks are retained and shown in Figure 4. For group-level, we obtain group-wise important DICCCOL landmarks from all preterm infants, all term infants, and all individuals separately and visualize on a subject as shown in Figure 4A. For individual-level, we obtain important DICCCOL landmarks from each individual and visualize them in Figure 4B on 3 preterm and term subjects. Interestingly, the overlap of most important DICCCOL nodes between preterm and term subjects is 98/107, and 103/107 between all the subjects and preterm subjects, 102/107 for all the subjects and term subjects. This suggests that most important DICCCOL landmarks, which contribute significantly to the classification with respect to functional and structural representations, are stable between preterm and term subjects, and thus could serve as potential biomarkers of preterm and term infant brains. Due to the huge inter-individual variability, we also evaluate the individual differences of our results. On average, the overlap of important DICCCOL landmarks between a single preterm subject and group-wise ones on all preterm subjects is 68.07 /107 (about 64%), and the corresponding value for term subjects is 69.16/107 (about 65%), suggesting that the important DICCCOL landmarks on the group level are relatively close to those on individual level.
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FIGURE 4
 (A) Visualize the important DICCCOL landmarks of preterm subjects, term subjects, and all the subjects on a random subject. (B) Visualize the important DICCCOL landmarks on preterm and term subjects.




Investigate biomarkers/regions based on the UNC infant cortical surface atlas

As mentioned in Section Further interpretation of the biomarkers based on the UNC infant cortical surface atlas, we extract the most important DICCCOL landmarks using the proposed two schemes at a ratio of top 30%. The region-level distribution of the brain of these important DICCCOL landmarks is obtained after being registered onto the UNC infant cortical surface atlas. We compare the two distributions of two schemes and pick out the brain regions with the highest importance from 36 brain regions, which should be considered as biomarker regions. They are precentral (0.069, 0.095), precuneus (0.049, 0.059), superior frontal (0.061, 0.046), superior parietal (0.057, 0.082), postcentral (0.069, 0.095), supramarginal (0.044, 0.062), and isthmus insula (0.073, 0.041). Their importance level and locations are visualized in Figure 5.
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FIGURE 5
 (A) Distribution of DICCCOL landmarks in important brain regions for both schemes. For each pair of columns, the left side represents the distribution follow registration priority scheme, and the right side represents the distribution follow average priority scheme. (B) Important brain regions on the UNC infant cortical surface atlas, and the color of the brain regions corresponds to that in (A).


We investigate the abovementioned biomarkers through a literature review, summarized in Table 3. In general, precentral, postcentral, and isthmus insula are more studied and mentioned, and preterm and term infants have greater differences in these regions, which can be considered as more important biomarkers. Other important conclusions from the literature are summarized as follows: (1) Preterm infants have lower axial diffusivity (AD), radial diffusivity (RD), mean diffusivity (MD), and FA in the precentral and postcentral regions, indicating that these regions are less mature than other cortical regions. Conversely, the lower diffusivity (MD, AD, and RD) of isthmus insula indicates a higher maturity. (2) The precentral, postcentral, and isthmus insula regions contain brain hubs, and the precentral, precuneus, and post central regions can predict brain age in preterm infants using functional data. (3) Precentral, precuneus, and superior frontal are identified as higher-order rich-clubs, and superior parietal, supramarginal, and isthmus insula contain rich-club nodes. These reports demonstrate that our method to find biomarkers is effective. On this basis, other less concerned regions, including precuneus and supramarginal, could also deserve a further attention, even though fewer reports on them are available.


TABLE 3 The literature review of the proposed brain biomarker regions.
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To further analyze the relationship between these identified brain biomarker regions, we investigate the structural connectivity of the biomarkers (important DICCCOL landmarks) in those brain regions. As shown in Figure 6, postcentral, isthmus insula, and supramarginal have much more connections to other regions, suggestive of the greater importance of those brain regions as the “connector” of brain regions. In contrast, superior frontal and precuneus are less connected to other regions. Also, the connections among postcentral, isthmus insula, and supramarginal are strong, while postcentral, superior frontal, and isthmus insula have a relatively balanced proportion of connections among each other.


[image: Figure 6]
FIGURE 6
 Structural connection patterns among important brain regions.


We also use longitudinal UNC infant cortical surface atlas to further study the brain functions of those identified brain biomarker regions. After the mapping between our identified brain biomarker regions and UNC infant cortical surface atlas at different time points are done, we obtain the functional networks with the proportion of the biomarkers participated at different time points (Table 4). It is worth noting that certain brain functions have not developed at early months, so some elements in Table 4 is not applicable. It is found that biomarkers are largely involved in the functional networks of central visual, anterior default mode, and superior temporal lobe, suggesting that those brain functions may include huge differences between preterm and term infant brains.


TABLE 4 Functional networks with the proportion of biomarkers participated at different time points.
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Conclusion and discussion

In this work, a novel DICCCOL-based multi-modality GNN framework is proposed to differentiate preterm and term infant brains and characterize the corresponding biomarkers. Classification accuracy is 86.4% and 7 important brain regions with 107 landmarks are identified as the biomarkers. Our experiment results demonstrate the effectiveness of the proposed framework to differentiate the brain disorders or diseases, as well as the validity of the identified biomarkers. Our results shed the new insight that DM-GNN framework owns the superiority for differentiating brain functional states and identifying the biomarkers. Particularly, utilizing both functional and structural profiles, the DICCCOL system initializes the graph nodes with correspondence but retains the individual differences. As so, multi-modality GNN can better capture the brain functional states and extract meaningful features.


Connectome-level study from the functional and structural perspective

In recent years, research on preterm birth has gradually shifted from volume-based analysis to connectome-level analysis and we summarize some related studies. With regard to volume-based analysis, more specifically, quantitative MRI studies can be used to explore both WM and GM abnormalities in preterm birth brains. Besides, many studies reported that volume reductions have been described in the hippocampus (Nosarti et al., 2002; Cheong et al., 2013), caudate nucleus (Abernethy et al., 2002; Nosarti et al., 2008), thalamus (Giménez et al., 2006; Cheong et al., 2013), corpus callosum (Nosarti et al., 2004; Narberhaus et al., 2008; Taylor et al., 2011), and cerebellum (Allin et al., 2001; Taylor et al., 2011). Additionally, many related works focused on using voxel-based morphometry to explore the widespread GM and WM alterations of preterm birth, especially in frontal and temporal lobes, which mediated cognitive impairment (Nosarti et al., 2008). Diffusion tensor imaging (DTI) has also been adopted to characterize WM microstructure in the developing brain (Allin et al., 2011).

Studies are proposed to explore the functional or structural alterations at the connectome-level. For example, preterm infants with moderate to severe WM injuries were found to show greater loss of connectivity than very preterm infants without WM injuries and term-born infants (Smyser et al., 2013). Reductions in the functional connectivity between resting state networks (RSNs) had been reported to persist throughout the early childhood (Damaraju et al., 2010). Wehrle et al. (2018), proposed that assessing the functional connectivity of the resting brain should provide valuable insight into underlying mechanisms of impaired cognitive development after preterm birth. Further, a series of machine learning algorithms had been proposed to better characterize the alterations on the connectome-level, e.g., voxel-wise statistical analysis of the diffusion data was performed using tract-based spatial statistics (TBSS, part of FSL) (Eikenes et al., 2011); an artificial neural network (ANN) framework for early prediction of cognitive deficits in very preterm infants based on fMRI connectome data (He et al., 2018); a deep learning convolutional neural network had been proposed to identify preterm infants at the risk of a later motor impairment and to identify brain regions with predictors of adverse outcome (Saha et al., 2020).

Based on these connectome-level analyses, a variety of different opinions and observations about the alterations caused by the preterm birth are obtained. On the one hand, studies on the structural connectivity proposed that the brains of preterm infant show increased modularity, weakened rich-club connectivity, and diminished global efficiency compared to term infants, suggesting a delayed transition from a local architecture, i.e., focused on short-range connections, to a more distributed architecture with efficient long-range connections (Sa de Almeida et al., 2021). On the other hand, studies on the functional connectivity had largely focused on connections involved in language and attention, which reported profound alterations in the functional connectivity within and between language areas and language-related areas, and other parts of the brain, such as visual attention and working memory areas (Finke et al., 2015). However, dissenting opinion was also found, e.g., two types of relationship are possible: (i) the more attention is impaired, the more intrinsic connectivity is changed from that of healthy controls, reflecting detrimental effects of preterm birth; (ii) the less attention is impaired, the more intrinsic connectivity is changed from that of healthy controls, reflecting compensatory response on effects of preterm birth (Finke et al., 2015). Eikenes et al. (2011), also stated that structural and functional alterations were not always consistent, and different trajectories in brain connectivity could exist. Therefore, the joint analysis of function and structure is extremely important.



Experiment of more fine-grained division of preterm birth data

Preterm birth is a dynamic process that also varies among preterm infants of different gestational ages. We try to do a more fine-grained division of the preterm birth data. We further divide the data of preterm infants into three subcategories: “Group 1”: 18 infants younger than 32 weeks of gestational age; “Group 2”: 12 infants between 32 and 35 weeks of gestational age; “Group 3”: 13 infants older than 35 weeks of gestational age. Three binary classification experiments are then designed; they are “Group 1” vs. term infants, “Group 2” vs. term infants, and “Group 3” vs. term infants. To keep the balance of the input data, for each binary classification, the number of the term infant brains we used is exactly the same as the preterm infant brains. The results are shown in Table 5.


TABLE 5 Classification performance of term and preterm infants in fine-grained division.

[image: Table 5]

The ACC for classification between Group 1 and term infants is 0.800, and the ROC-AUC is 0.875, which is the best among the three groups of experiments. The ACC for classification between Group 2 and term is 0.767, and the ROC-AUC is 0.806, which is slightly worse than the previous experiments. The ACC for classification between Group 3 and term is 0.733, and the ROC-AUC is 0.667. These results suggest that the differences between preterm and term infant brains are much more significant in preterm infants at younger gestational age. The overall classification performances of these three experiments are lower than that of the original experiments, due to the relatively small number of subjects used in the experiments resulting in a low generalization ability of the features learned by the model. This is why we prefer not to split the preterm data into a finer granularity. Our follow-up research will pay more attention on this issue and try to include more available data into consideration.



Discussion on the effectiveness of the DICCCOL system

Since both functional information and structural information are carried by the DICCCOL landmarks that construct the graph nodes, the functional and structural consistency of DICCCOL landmarks across the subjects is crucial. Two experiments are designed to demonstrate the effectiveness of functional and structural correspondence of DICCCOL across the subjects. For the structural perspective, we randomly select 4 preterm subjects as category 1 and four term subjects as category 2, respectively. For each category, we select one subject as a template, and register the DICCCOL landmarks of the template to the other three subjects. As shown in Figure 7, for each category, we visualize the shape of fibers passing through 4 DICCCOL landmarks and registered landmarks. It is clear that the shapes of fibers passing through the DICCCOL landmarks are much more similar, illustrating the advantages of the DICCCOL system on structural consistency over traditional registration algorithm.


[image: Figure 7]
FIGURE 7
 Fiber shapes of DICCCOL landmarks and registered landmarks.


For the functional perspective, to use the task fMRI data, we use the Human Connectome Project (HCP) S900 dataset (Van Essen et al., 2013) for the experiment. We select 86 subjects to conduct experiments using their fMRI data for 7 tasks including emotion, gambling, language, motor, relational, social, and working memory. We randomly select one subject as a template and register its DICCCOL landmarks to the other 85 subjects as registered landmarks. Two functional similarities are calculated: (1) between the DICCCOL landmarks on the template and other subjects; (2) the DICCCOL landmarks on the template and the registered landmarks on other subjects (Figure 8). The functional consistency of DICCCOL landmarks is demonstrated by comparing the functional similarities. The functional similarity is represented by the similarity of the functional signals and similarity matrices. The results are shown in Table 6. The functional signal similarity between the two DICCCOL landmarks in Figure 8 is 0.3418, and the functional signal similarity between the DICCCOL landmark on the template and the registered landmark is 0.3027, which is lower than that between the DICCCOL landmarks. As shown in Table 6, similarities between DICCCOL landmarks are slightly higher in six functions than the results of the registration, and equal in the other one. Overall, it shows that the function between DICCCOL landmarks is more stable than using the traditional registration method.


[image: Figure 8]
FIGURE 8
 Illustration of functional consistency between DICCCOL landmark and registered landmark.



TABLE 6 Similarity comparison between DICCCOL-based and traditional registration method.
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In general, we are clear about the performance and limitations of DM-GNN. It is worth noting that our proposed DM-GNN is not only designed for the study of preterm and term infant brains, but also established as a standard framework which can be effectively applied to other brain disorders, such as Alzheimer (Parisot et al., 2018), Schizophrenia (Du et al., 2021), and Autism (Du et al., 2021). In the future, we will continuously improve the DM-GNN framework, including the architecture of GNN and the integration of the multi-modality representations.
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Pruritus of chronic spontaneous urticaria (CSU) is one of the most common and irritating sensations that severely affects the quality of life. However, the changes in the functional connectivity (FC) between thalamic subregions and other brain regions have not been fully elucidated. This study aimed to explore the potential changes in brain neural circuits by focusing on various subregions of the thalamus in patients with CSU pruritus to contribute to the understanding of chronic pruritus from the perspective of central mechanisms. A total of 56 patients with CSU and 30 healthy controls (HCs) completed the data analysis. Urticaria Activity Score 7 (UAS7), pruritus visual analog score (VAS-P), Dermatological Life Quality Index (DLQI), and immunoglobulin E (IgE) values were collected to assess clinical symptoms. Seed-based resting-state functional connectivity (rs-FC) analysis was used to assess relevant changes in the neural circuits of the brain. Compared to HCs, seeds within the caudal temporal thalamus (cTtha) on the right side of patients with CSU showed increased rs-FC with the cerebellum anterior lobe (CAL). Seeds within the lateral prefrontal thalamus (lPFtha) on the right side showed increased rs-FC with both CAL and pons, while those within the medial prefrontal thalamus (mPFtha) on the right side showed increased rs-FC with both CAL and the dorsal lateral prefrontal cortex (dlPFC) on the right side. Seeds within the posterior parietal thalamus (PPtha) on the right side showed increased rs-FC with the cerebellum posterior lobe (CPL) on the left side. The UAS7 values and IgE levels were positively correlated with the rs-FC of the right dlPFC. Our results suggest that patients with CSU may exhibit stronger rs-FC alterations between certain thalamic subregions and other brain regions. These changes affect areas of the brain involved in sensorimotor and scratching.

Trial registration number: [http://www.chictr.org.cn], identifier [ChiCTR1900022994].
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Highlights


–Resting-state functional connectivity analysis was used to analyze pruritus of CSU.

–Thalamic subregions were used as seed points for the first time.

–Functional connections with the cerebellum and frontal lobe were found.

–Changes in UAS7 and IgE levels were positively associated with scratching the neural circuitry.

–Functional connectivity disturbances exist in patients with CSU pruritus.





Introduction

Chronic spontaneous urticaria (CSU) is a global intractable skin disease, defined as urticaria with spontaneous onset in the absence of specific predisposing factors, and characterized by pruritus, wheals, with or without angioedema, with a duration of more than 6 weeks (Kolkhir et al., 2017; Zuberbier et al., 2022). Clinical symptoms more often affect the upper and lower limbs and are aggravated during the summer and at night (Maurer et al., 2010). CSU affects a considerable proportion (1–2%) of the population (Sánchez-Borges et al., 2021). CSU appears to be more prevalent in females than in males (Rosman et al., 2019; Wertenteil et al., 2019) as well as in the geographic locations of Asia than in Europe and North America (Fricke et al., 2020). A hospital-based multicentre epidemiological questionnaire by researchers from China in 2014 found that 61.0% of 3,027 patients were afflicted with CSU (Zhong et al., 2014). The prevalence of CSU increases with increasing disease activity, and more medical resources and costs are required to treat it. The mean annual direct and indirect costs related to CSU in the United States have been estimated to be $244 million, with medication costs accounting for 62.5% and work absenteeism for 15.7% of the expenses (Delong et al., 2008). Owing to the long course of the disease (van der Valk et al., 2002; Toubi et al., 2004; Sánchez-Borges et al., 2017), multiple inducing factors (Zhong et al., 2014), high medical costs, and repetitive nature (Maurer et al., 2017), the physical and mental health, as well as the quality of life of patients, are seriously affected (Balp et al., 2015; Vietri et al., 2015). Symptoms are long-lasting and difficult to control, with pruritus in CSU being the most unbearable symptom, further exacerbated by wheals and angioedema (Zuberbier et al., 2018). Chronic pruritus has received increasing attention as a challenging clinical condition.

In recent years, pruritus research has made great progress in terms of cytokines (Jianli, 2006), pathological morphology (Wang and Ma, 2020), and gene expression (Yunzhou, 2020). The brain is the most advanced center for pruritus regulation. However, how this information is transmitted to the brain as well as the central circuit underlying pruritus-induced scratching behavior, remains largely unclear (Mu et al., 2017; Wang et al., 2018a). The internal neural activity of the brain is non-stimulus-dependent thinking activity while the resting state is considered the most basic spontaneous neural activity of the brain in its original state. Blood oxygen level-dependent functional magnetic resonance imaging (BOLD-fMRI) is a technique used to study brain function indirectly through changes in the ratio of oxygenated to deoxygenated hemoglobin during brain functional activities (Ogawa et al., 1990). BOLD-fMRI has various advantages including non-invasiveness, non-radiation, higher spatial resolution, direct superposition of functional images, precise image positioning, as well as the fact that it can better respond to the most basic spontaneous neural activity of the brain (Crosson et al., 2010). Therefore, resting-state BOLD-fMRI is an application mode suitable for the study of brain mechanisms.

Over the past 15 years, a large number of BOLD-fMRI studies have been conducted on urticaria, atopic dermatitis, nodular prurigo, end-stage renal disease, and psoriasis to reveal the changes in the brain function in patients with these skin diseases (Mueller et al., 2017). The cognitive activities of the brain are not only related to the functional activities of specific brain regions, but also the interaction and connection between spatially distributed brain regions, while the brain network may play a more important role (Li, 2014). Resting-state functional connectivity (rs-FC) refers to the temporal correlation of the activities of different brain regions that are spatially separated (Friston et al., 1993) and is mainly used to elucidate the brain functional network (Crosson et al., 2010). Therefore, rs-FC is the analytical method most commonly used to explain functional brain networks (Friston et al., 1993; Crosson et al., 2010). The thalamus is the higher center of sensation, most often activated by harmful stimuli. It is also the core brain region in the pruritus matrix (Najafi et al., 2021). Previous studies have found that when pruritus occurs, the primary afferent nerve from the skin projects the pruritus signal upward to the thalamus, activating several brain regions, including the premotor area, auxiliary motor area, anterior cingulate gyrus, insula, main somatosensory cortex, and sub-somatosensory cortex, prefrontal cortex, orbitofrontal gyrus, precuneus, and cerebellum (Andrew and Craig, 2001; Mochizuki et al., 2003; Paus et al., 2006; Mochizuki and Kakigi, 2015). Among these, the thalamus is associated with the recognition of pruritus and the intensity thereof (Darsow et al., 2000). The thalamus is composed of various nuclei (Long et al., 2020), of which the main nucleus of each thalamus is known to be associated with one or more cortical regions (Müller et al., 2020). Each subregion of the thalamus can be activated by histamine or non-histamine substances (Najafi et al., 2019). Although the whole thalamus has been proven to be an important brain region for CSU patients to transmit pruritus signals, it is not clear which specific sub-brain region of the thalamus is key and how rs-FC changes.

In this study, we primarily discussed the changes in functional connections between each subregion of the thalamus and other brain regions in patients with CSU and whether the changes in these functional connections are correlated with the clinical symptoms of patients with CSU. This study provides direct evidence for a better understanding of the changes in brain function at CSU.



Materials and methods


Participants

We recruited 60 patients with CSU in Chengdu, Sichuan Province, China, from 1 January 2020 to 30 June 2021. Diagnostic criteria were based on “the international EAACI/GA2LEN/EuroGuiDerm/APAAACI guidelines for the definition, classification, diagnosis, and management of urticaria” (Zuberbier et al., 2022). A total of 31 healthy controls (HCs) were age- and sex-matched with patients with CSU and were recruited locally through advertisements.



Inclusion criteria

The inclusion criteria were as follows: (1) meet the diagnostic criteria; (2) right-handed, 18 years old ≤ age ≤ 70 years old, education ≥ 6 years, both male and female; (3) Urticaria Activity Score 7 (UAS7) > 14 scores; (4) no metal implants in the body, and no contraindication to fMRI scanning; (5) not using antihistamines within 2 weeks before entering the study, and not using steroid hormones and immunosuppressive drugs within 1 month; (6) not receiving acupuncture treatment or participating in other ongoing clinical studies 3 months before entering the study; and (7) signed the informed consent form and voluntarily participated in this study. Patients who met the above seven criteria were included in this study.



Exclusion criteria

The exclusion criteria were as follows: (1) contraindications to MRI examinations such as claustrophobia; (2) inability to understand or record the urticaria diary; (3) pregnant and lactating women; (4) combined with serious primary diseases of the cardiovascular, liver, kidney, digestive, and hematopoietic system; (5) progressive malignant tumor or other serious wasting diseases, easily complicated by infection and bleeding; (6) unconscious, unable to express subjective discomfort symptoms, or mentally ill; and (7) participation in similar studies within 1 month of this study. Patients who met any of the above criteria were excluded.



Clinical symptoms tests

All patients with CSU and HCs completed a series of clinical symptom questionnaires and physiological and biochemical examinations, including age, sex, and disease course, within 1 day of the MRI data acquisition. The UAS7 was the primary outcome of the study. Immunoglobulin E (IgE), pruritus visual analog score (VAS-P), and Dermatology Life Quality Index (DLQI) were secondary outcomes.



Magnetic resonance imaging data acquisition

All participants completed brain imaging data acquisition using a GE MR750 3.0T (GE Medical Systems, Waukesha, WI, USA) imaging system in the MRI room of the Affiliated Hospital of Chengdu University of Traditional Chinese Medicine. Structural images were acquired using high-resolution three-dimensional T1-weighted brain volume MRI sequences: repetition time (TR)/echo time (TE) = 2,700 ms/3.39 ms; field of view (FOV) = 256 mm × 256 mm; slice thickness = 1 mm; slice number = 176; matrix size = 256 × 256; and flip angle = 7°. Subsequently, axial functional images were obtained using a gradient-echo T2*-weighted echo planar imaging sequence. The scanning parameters were as follows: TR/TE = 2,000/30 ms; FOV = 240 mm × 240 mm; slice thickness = 4 mm; slice number = 43, matrix size = 64 × 64; and flip angle = 90°. Based on these parameters, 240 volumes were acquired in approximately 10 min. The participants were instructed to refrain from drinking coffee, strong tea, and alcohol for at least 24 h and to maintain adequate sleep. Hair sprays and wax were to not be used on the day of data collection. Participants had to arrive at the examination room at least 30 min in advance. Before entering the examination room, we confirmed the absence of cardiac pacemakers, cochlear implants, metal dentures, or intrauterine devices. During the entire scanning process, participants were asked to keep their head and limbs immobile and to relax and close their eyes to rest, but not to fall asleep.



Data pre-processing

Blood oxygen level-dependent functional magnetic resonance imaging data were converted into an analyzable NIFTI file format using DICOM 1.3.5 (Digital Imaging and Communications in Medicine) software. Resting state-fMRI (Rs-fMRI) data were pre-processed by DPABI software (Data Processing and Analysis of Brain Imaging)1 (Yan et al., 2016). This was based on the SPM12 data analysis toolkit2 in MATLAB (MathWorks, Natick, MA, USA). The steps were as follows: (1) removal of the first 10 time points; (2) temporal layer correction; (3) head motion correction; (4) spatial normalization (re-acquisition of 3 mm × 3 mm × 3 mm voxel images); (5) spatial smoothing (using an isotropic Gaussian kernel with a full width at half maximum of 6 mm); (6) removing linear trends; (7) regressing head motion effects (using Friston 24 parameters), white matter, and cerebrospinal fluid signals; (8) filtering noise (0.01–0.08 Hz using bandpass filtering); and (9) exclusion of participants whose head moved more than 2.5 mm on any axis or whose head rotated more than 2.5°. Rs-FC was further calculated after pre-processing the Rs-fMRI data.

Four patients in the CSU group were excluded from fMRI data image analysis, (three patients had axial head movement exceeding 2.5 mm, and one patient had head rotation exceeding the threshold of 2.5°) while one subject in the HCs group was excluded because the axial head movement exceeded 2.5 mm. Ultimately, there were 56 members in the CSU group and 30 in the HCs group for the final data analysis.



Analysis of rs-FC based on seed

The tool used for rs-FC analysis was the CONN-fMRI Functional Connectivity Toolbox v17.a (Whitfield-Gabrieli and Nieto-Castanon, 2012). Regions of interest (ROI) were the various subregions of the thalamus. The brainnetome atlas of the various subregions of the thalamus, such as ROI names and Montreal Neurological Institute (MNI) coordinate maps, were obtained from the Brainnetome Atlas_BNA_subregions3 (Table 1; Fan et al., 2016). Using each ROI of the thalamus as a seed, the rs-FC of patients with CSU (n = 56) and HCs (n = 30) seeded versus the whole brain at baseline were compared. The average time series of all voxels in the seed were calculated and Pearson correlation calculations with other voxel time series in the brain were performed one by one. For each voxel in the whole brain, the correlation coefficient between the voxel and seed was obtained. Pearson correlation coefficients were converted to approximate Gaussian distributed data values using Fisher Z transform. Brain regions with statistically significant relationships were identified and shown based on specific thresholds, and rs-FC between seeds and these brain regions was thus determined (Greicius et al., 2003; Ruirui, 2019; Yi and Chengxin, 2019).


TABLE 1    Regions of interest within the thalamus.
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Statistical analysis


Clinical data

SPSS 22.0 (SPSS Inc., Chicago, IL, USA) was used for statistical analysis. Continuous variables were expressed as the mean ± standard deviation (SD) while binary variables were expressed as percentages. Differences in age, medical history, clinical symptoms, and biochemical characteristics between groups were determined using independent two-sample t-tests. Differences in sex between the groups were tested using Pearson’s chi-squared test.



Imaging data

Seed-based between-group differences in rs-FC were calculated using the SPM12. Two-sample independent t-tests were performed on patients with CSU and HCs at baseline. All fMRI data analyses were performed with a voxel-level p < 0.005 uncorrected thresholds and a cluster-level p < 0.05 family-wise error (FWE) corrected threshold. Brain regions with significant differences were identified in the above analysis. The mean Fisher Z scores for these regions were then extracted and correlated with the clinical outcomes. The threshold for these correlation analyses was two-tailed (p < 0.05).




Ethics statement

This study was approved by the Sichuan Regional Ethics Review of the Committee of Traditional Chinese Medicine (23 April 2019 approval number 2019 kl-006). This research was conducted in accordance with the Code of Ethics of the World Medical Association (Declaration of Helsinki). Informed consent was obtained from all patients with CSU and healthy participants.




Results


Demographic and clinical characteristics

The demographic and clinical information of the 56 patients with CSU and 30 HCs are summarized in Table 2. The two groups were matched for age (41.11 ± 12.62, 43.63 ± 15.65, respectively, p = 0.419) and sex (females represented 76.8 and 66.7%, respectively, p = 0.312). Since patients with CSU had severe urticaria symptoms, the course of the disease, IgE (p = 0.000), UAS7, VAS-P, and DLQI (p = 0.000) was significantly higher in patients with CSU than in HCs.


TABLE 2    Baseline characteristics of patients with CSU and HCs.
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Characteristics of rs-FC changes between thalamic subregions and brain regions


Enhancement of rs-FC (CSU > HCs)

As shown in Figure 1 and Table 3, the seed-based rs-FC analysis yielded the following results. When compared to HCs, seeds within the caudal temporal thalamus (cTtha) on the right side of patients with CSU showed increased rs-FC with the cerebellum anterior lobe (CAL). Seeds within the lateral prefrontal thalamus (lPFtha) on the right side showed increased rs-FC with both CAL and pons. Seeds within the medial prefrontal thalamus (mPFtha) on the right side of patients with CSU showed increased rs-FC with both CAL and dorsal lateral prefrontal cortex (dlPFC) on the right side. Seeds within the posterior parietal thalamus (PPtha) on the right side showed increased rs-FC with the cerebellum posterior lobe (CPL) on the left side. No increase in rs-FC was observed in the remaining thalamic subregions and cerebral brain regions in patients with CSU as compared to HCs.


[image: image]

FIGURE 1
The group differences in thalamus rs-FC network (CSU vs. HCs). (A) Seeds within the cTtha_R of patients with CSU showed increased rs-FC with the CAL. (B) Seeds within the mPFtha_R showed increased rs-FC with both CAL and dlPFC_R. (C) Seeds within the lPFtha_R showed increased rs-FC with both CAL and pons. (D) Seeds within the PPtha_R showed increased rs-FC with the CPL_L. Warm colors represent increased rs-FC values. rs-FC, resting-state functional connectivity; CSU, chronic spontaneous urticaria; HCs, healthy controls; L, left; R, right; cTtha, caudal temporal thalamus; mPFtha, medial prefrontal thalamus; lPFtha, lateral prefrontal thalamus; PPtha, posterior parietal thalamus; CAL, cerebellum anterior lobe; dlPFC, dorsal lateral prefrontal cortex; CPL, cerebellum posterior lobe.



TABLE 3    Brain regions with increased seed-based rs-FC values in patients with CSU compared to HCs.
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Decrease of rs-FC (CSU < HCs)

No decrease in thalamic subregions or cerebral brain regions was found in patients with CSU as compared to HCs.



Correlations between seed-based rs-FC and clinical data

In patients with CSU, increased rs-FC between the right mPFtha and dlPFC positively correlated with the UAS7 score (r = 0.294; P = 0.028) and IgE (r = 0.283; P = 0.035), respectively (Figure 2).


[image: image]

FIGURE 2
Correlation between increased rs-FC network values and clinical indicators. (A) The increase of rs-FC network values between the mPFtha_R and the dlPFC_R was positively correlated with UAS7 (r = 0.294; P = 0.028). (B) The increase of rs-FC network values between the mPFtha_R and the dlPFC_R was positively correlated with IgE (r = 0.283; P = 0.035). rs-FC, resting-state functional connectivity; L, left; R, right; mPFtha, medial prefrontal thalamus; dlPFC, dorsal lateral prefrontal cortex; UAS7, urticaria activity score 7; IgE, immunoglobulin E.






Discussion

In our study, we applied the voxel level of the seeds to study the alterations in rs-FC between thalamic subregions and cerebral brain regions in patients with CSU. To determine the relationship between these connectivity changes and clinical symptoms, we explored the pathophysiological basis of CSU. In our study, we found an increase in the rs-FC between cTtha on the right and CAL; lPFtha on the right and CAL, pons; mPFtha on the right and CAL, dlPFC on the right; and PPtha on the right and CPL on the left. We did not find, however, any reduction in the differential rs-FC. The mPFtha and dlPFC on the right were positively correlated with UAS7 and IgE, respectively. Since these are pathological features of CSU, these findings provide evidence of rs-FC alterations in the thalamus of patients with CSU.

The thalamus is a key structure in the brain and is considered to be a relay station. It processes all the sensory signals from different parts of the body and relays them to the cerebral cortex. Because of its importance, minimal damage to the thalamus can negatively affect other brain regions (Chen et al., 2021). The thalamus is a complex and diverse brain region comprising many nuclei with diverse physiological functions. The most characteristic feature of CSU is unbearable pruritus (Viegas et al., 2014). Pruritus stimulates pruriceptors, and the afferent fibers transmit impulses to the posterior horn of the spinal cord to realize signal processing at the spinal cord level. Finally, the signal is transmitted to the higher brain center and projected to the corresponding target area through the thalamic nuclei (Wallengren, 2005). The differences in connectivity between different thalamic subregions and other brain regions may be related to the different functions of the thalamic subregions themselves. Pruritus sensation is widely distributed in the frontal and parietal cortices as well as in the subcortical regions in a highly dispersed manner, indicating that the central regulation of pruritus is coordinated by the interaction of multiple functionally related brain regions (Mochizuki and Kakigi, 2015).

In this study, we observed increased connectivity of the thalamus to the prefrontal cortex and cerebellum in patients with CSU. It is important to note that connectivity disturbances in this circuit are primarily located in thalamic regions, such as the cTtha, mPFtha, lPFtha, and PPtha. cTtha, is centered in the dorsal and ventral nuclei and connects with the premotor and somatosensory cortices, as well as parts of the temporal and inferior occipital lobes (Xi et al., 2020). cTtha is considered a first-order nucleus that receives input from the surrounding sensory organs and subcortical structures and sends projections to the motor and somatosensory cortices (Jones, 2007). Based on thalamic histology, mPFtha, and lPFtha are dorsomedial nuclei and anterior complexes that are thought to project into the prefrontal cortex (Russchen et al., 2010). The higher-order nuclei in the thalamus are the mid-dorsal nuclei, which directly receive input from the higher-order associative cortex, including the prefrontal cortex (Jones, 2007). Fan et al. (2016) found that the right PPtha is associated with attention, vision, and perception. Considering that PPtha is related to interoception, this may be related to impaired interoceptive memory function in patients with CSU, which leads to excessive attention to certain feelings, such as pruritus (Li et al., 2019).

Interestingly, aberrant rs-FC between multiple thalamic subregions and the cerebellum was observed in the present study. The cerebellum is a subcortical part of the motor system, much like the thalamus, and is generally thought to be involved in motor coordination (Schneider et al., 2008). The cerebellum may also be involved in sensory coordination as well as cognitive and affective changes (Yosipovitch et al., 2008). In recent years, the role of the cerebellum in patients with CSU has received increased attention. Neuroanatomical studies have shown that the cerebellum sends projections to the sensorimotor and reward areas of the cortex through the thalamus (Schmahmann, 1996). At the same time, the cerebellum receives cortical input from the reward regions via the pontine nucleus and from the sensorimotor regions via the pontine nucleus and inferior olives. Severe pruritus sensations can prompt repeated scratching. Scratching is a fundamental behavioral response to pruritus that is highly rewarding and relieving (Yosipovitch et al., 2008). Humans are a combination of the body and mind, so pruritus cannot be separated from scratching. What is the effect of scratching? The first is to eliminate pruritus through pain caused by scratching. Second, it is a highly rewarding and seemingly addictive behavioral response (Yosipovitch et al., 2007). The rewarding effect of scratching may be amplified by the presence of pruritus. Thus, scratching can inhibit the emotional component of pruritus, resulting in relief (Habas et al., 2004). One study also found significant activity in the cerebellar hemispheres during pruritus and suggested that these activities were related to the urge to scratch (Herde et al., 2007). The cerebellar efferent pathways from the cerebellum to the reward and sensorimotor areas may be involved in the neuropathology of CSU (Wang et al., 2018b).

When scratching becomes an active action, the role of the sensorimotor cortex is significantly weakened and the cerebellum becomes an important core brain area for processing scratching information (Therrien and Bastian, 2015; Wang et al., 2018b). Voxel-based morphometry (VBM) analysis revealed that patients with CSU showed significantly higher gray matter (GM) volumes in the right premotor cortex, left fusiform cortex, and left cerebellum than HCs (Wang et al., 2021), further demonstrating the important changes in the cerebellum on the pathological basis of CSU. Functional and morphological abnormalities of the cerebellum have been demonstrated in conditions with chronic pruritus, such as psoriasis and CSU. However, the mechanism of pruritus involving the cerebellum is unclear (Wang et al., 2021).

Pruritus and pain showed similar results. Pruritus is considered a multidimensional phenomenon with sensory, emotional, and cognitive aspects similar to chronic pain (Ishiuji et al., 2009). Consequently, pain fMRI studies have found that the dlPFC is an important regulatory area. It exerts active control over pain perception by modulating cortical-cortical and cortical-subcortical interactions (Napadow et al., 2015). The dlPFC and thalamus are major components of the dorsal cognitive circuit and are involved in working memory and executive function (Pauls et al., 2014; Moon and Jeong, 2015; Spiegel et al., 2017). The increased phase of pruritus produces an increase in fMRI signals in the dlPFC compared to saline (Napadow et al., 2015). CSU is caused by degranulation of the mast cells, resulting in excessive histamine release. The fMRI signal of dlPFC was also enhanced upon histamine stimulation (Ishiuji et al., 2009). Peak itchiness is associated with activation in the right dlPFC, bilateral premotor areas, and left superior parietal lobule (SPL) (Napadow et al., 2014). Repeated scratching induced brain activity in the dlPFC, which is consistent with previous imaging studies of pruritus (Mochizuki and Kakigi, 2015). The pons lies between the midbrain and medulla oblongata and is connected to the cerebellar cortex through white matter nerve fibers, transmitting nerve impulses from one cerebellar hemisphere to the other, and coordinating muscle activity on both sides of the body. The pons has been extensively researched in the past for their role in pain sensation. In migraine with aura, intrinsic brain FC between the pons and somatosensory cortex increases during attacks compared to that without attacks (Hougaard et al., 2017).

In patients with CSU, the right mPFtha and dlPFC may play key roles in the pruritus-scratch cycle. Increased rs-FC between the mPFtha and dlPFC on the right was positively correlated with both UAS7 and IgE levels. UAS7 is recommended by the latest chronic urticaria activity guidelines and can be used to assess the number of urticaria and severity of pruritus over 7 days (Zuberbier et al., 2022). Another important pathogenic mechanism of CSU is mediated by the IgE high-affinity receptor (FcεRI) expressed by mast cells (Dobrican et al., 2022). Mast cells are activated upon antigenic stimulation, mediated by IgE, and release multiple mediators, including histamine, to initiate an inflammatory response. A dramatic increase in serum IgE concentration is frequently observed in patients with CSU and is a common indicator of allergic reactions (Tanaka and Furuta, 2021). Most previous CSU functional brain imaging studies have mainly focused on the relationship between clinical symptoms and brain function. However, no attention has been paid to objective changes in IgE levels. To our knowledge, this is the first study to assess the link between these two. Increased rs-FC between the mPFtha and dlPFC on the right side may suggest pruritus-induced sensory hypersensitivity in patients with CSU. The pruritus cycle is the most concentrated manifestation of chronic pruritus and is regulated by multiple brain networks (Wedi, 2022). By comprehensively observing the changes in the clinical symptom score (UAS7) and immune index (IgE), the pathological changes in brain function in patients with CSU can be described in more detail. Objective visual evidence of the pathological mechanism of CSU can be provided.

Previous studies have found that more intense pruritus is associated with the right ventral striatum and right occipital cortex, between the right putamen and left precentral gyrus, and between the precuneus and cingulate cortex rs-FC reduction (Wang et al., 2018a; Dehghan et al., 2022). While it was primarily associated with a decrease in rs-FC, we found that increased connectivity between the SPL and dlPFC was associated with an increase in sensory pruritus. The greater the increase in connectivity, the lower the increase in perceived pruritus, suggesting that greater interactions between nodes in the executive attention network limit pruritus sensation by enhancing top-down regulation (Desbordes et al., 2015). In earlier years, the skin and brain have been shown to be bidirectionally connected, both anatomically and functionally (i.e., skin-brain axis, brain-skin axis) (Arck et al., 2010), as they originate from the common ectoderm (Fan et al., 2016). Under normal circumstances, the hypothalamic-pituitary-adrenal (HPA) axis hormones help maintain skin homeostasis and provide anti-inflammatory and antibacterial defenses (Slominski, 2007; Kim et al., 2013; Chen and Lyga, 2014). Therefore, the HPA axis may change under high stress, leading to skin inflammation and tissue receptor resistance to glucocorticoids (Arck and Paus, 2006; Kim et al., 2013), thereby affecting skin immune homeostasis and inducing or aggravating immune skin diseases (Inanç, 2016). CSU is closely related to visual sensory stimulation. Patients with CSU have frequent wheals and aggravated pruritus, and prolonged visual stimulation of the skin lesions will continue to affect their psychological state. Negative emotions such as tension, depression, and anxiety will further aggravate the pruritus experience (Krishnan and Koo, 2010). The incidence of CSU has seasonal regularity. Most of the patients in this study were admitted during summer and autumn, with a high incidence of disease and aggravation of urticaria or pruritus (Maurer et al., 2010). Other studies have also confirmed that compared with saline, thermal stimulation can increase activation of the anterior auxiliary motor area, dlPFC, and insula, amongst others, in patients with histamine-induced pruritus, which is significantly affected by temperature and has opening-closing properties (Pfab et al., 2008). Therefore, during the onset of clinical symptoms in patients with CSU, the functional connections between several subregions of the thalamus (cTtha, lPFtha, mPFtha, and PPtha) and the cerebellum, pons, and dlPFC were enhanced, and pruritus perception and scratching cycle behaviors were more clearly encoded. Therefore, this may also be one of the reasons for the different results from previous studies.

Our experiment used an rs-FC study. The rs-FC data analysis method based on the seed point method is the simplest and most commonly used method for studying neuronal activity and FC of the brain (Greicius et al., 2003). The rs-FC analysis method observes synchronization between different brain regions from the perspective of functional integration, and studied the presence of a connection between different brain regions and demonstrated the strength of this connection (Horwitz et al., 1992; Yu et al., 2014). Also taking into account the fact that the pons contains the pontine and motor nuclei of the trigeminal and facial nerves and is involved in sensory processes related to touch and pain, facial sensation and expression, and secretion of saliva and tears (Vila-Pueyo et al., 2018), the abnormal connection between the pons and thalamus further confirmed the neural circuit of the pruritus-scratch cycle. To the best of our knowledge, this is the first study to find changes in the function of the pons in patients with CSU.



Limitations

Although the rs-FC analysis method can intuitively explain the functional changes in the brain, there are also certain subjective and artificial influences on the selection of seed points based on the brain regions accumulated in the past (Teng et al., 2018). Therefore, further research is needed to explore the specific roles of different brain regions in pruritus-related disorders. This study only observed the changes in brain function in patients with urticaria and did not study the brain structure in detail. The two can be combined in the future to further explore the pathological characteristics of urticaria. The primary outcomes identified by fMRI in this study were primarily descriptive where the phenomenon of brain function changes in CSU patients was observed. To understand the mechanism of the phenomena, research protocol will be accordingly changed in the future.



Conclusion

In this study, we find enhanced rs-FC between the thalamus, cerebellum, and scratching neural circuits in patients with CSU using a seed point-based rs-FC analysis method. Furthermore, abnormally enhanced rs-FC between the right mPFtha and dlPFC was more sensitive to changes in clinical outcomes in patients with CSU. This enhanced rs-FC may contribute to further understanding of the underlying pathological mechanisms of CSU and provide direct evidence for the early diagnosis and recognition of CSU.
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Purpose: The study characterizes regional homogeneity (ReHo) and amplitude of low frequency fluctuations (ALFF) in abnormal regions of brain in patients of chronic kidney disease (CKD).

Materials and methods: A total of 64 patients of CKD were divided into 26 cases of non-dialysis-dependent chronic kidney disease (NDD-CKD), and 38 cases of dialysis-dependent chronic kidney disease (DD-CKD). A total of 43 healthy controls (normal control, NC) were also included. All subjects underwent resting-state functional magnetic resonance imaging (rs-fMRI). ALFF and ReHo data was processed for monitoring the differences in spontaneous brain activity between the three groups. ALFF and ReHo values of extracted differential brain regions were correlated to the clinical data and cognitive scores of CKD patients.

Results: Non-dialysis-dependent group has increased ALFF levels in 13 brain regions while that of DD group in 28 brain regions as compared with NC group. ReHo values are altered in six brain regions of DD group. ALFF is correlated with urea nitrogen and ReHo with urea nitrogen and creatinine. DD group has altered ReHo in two brain regions compared with NDD group. The differences are located in basal ganglia, cerebellar, and hippocampus regions.

Conclusion: Abnormal activity in basal ganglia, cerebellar, and hippocampal regions may be involved in the cognitive decline of CKD patients. This link can provide theoretical basis for understanding the cognitive decline.

KEYWORDS
chronic kidney disease, regional homogeneity, amplitude of low frequency, dialysis, resting-state functional magnetic resonance imaging


Introduction

Chronic kidney disease (CKD) systematically impairs renal function and glomerular filtration rate persists at <60 mL/min/1.72 m2 for more than 3 months. Patients suffer decline in attention, processing speed, functioning, alertness, verbal, and visual learning, along with weakened cognitive function such as theory of mind (Drew et al., 2019; Vondracek et al., 2021). The resting-state functional magnetic resonance imaging (rs-fMRI) non-invasively reflects the intrinsic activity of brain and assists in exploring the pathogenesis of neurological disorders (Li et al., 2020).

The amplitude of low frequency fluctuations (ALFF) detects the intensity of variations in blood oxygen level-dependent (BOLD) signal of fMRI. This is a stable indicator in fMRI sequence that responds to the low frequency electrical activity of neurons at rest. This measures brain activity without cognitive load to localize the neural activity in specific regions and physiological states of brain (Li et al., 2017; Zhu et al., 2021; Zhou et al., 2022). Local coherence regional homogeneity (ReHo) analysis reflects the synchronization of whole-brain voxels in localized regions of brain activity state (Yang et al., 2021). Its measurements are positively correlated with coherence and centrality of regional brain activity (Ji et al., 2020).

Amplitude of low frequency fluctuations method distinguishes neural activation patterns in healthy and diseased populations (Zhang et al., 2021). ALFF can be correlated with clinical and psychological phenomena in fMRI. Resting-state neuronal electrical activity can be assessed early in the disease, i.e., it can reveal localized abnormal brain activity in patients with CKD (Luo et al., 2016; Zhang et al., 2017; Li P. et al., 2021).

The ALFF and ReHo studies on cognitive impairment in CKD patients are not well documented. Abnormal ReHo and fractional amplitude of low frequency fluctuations (fALFF) in the brain of CKD patients under diverse treatment modalities assists in exploring the abnormalities of local brain functional activity. The obtained images elucidate the pathophysiological mechanisms of cognitive dysfunction in CKD. We provide a preliminary theoretical foundation that emphasizes the clinical risk factors to regulate the brain activity of CKD patients, which may be an early imaging symbol of CKD patients’ cognitive ability.



Materials and methods


Data acquisition

Sixty-four patients with CKD were selected who attended Liangxiang Hospital of Capital Medical University from January 2021 to December 2021. They were divided as whether they received dialysis treatment or not. NDD-CKD group had 26 patients with 17 males and 9 females of mean age 56.88 ± 11.70. DD group had 38 patients with 18 males and 20 females of mean age 58.06 ± 11.07. Inclusion criteria for CKD patients was as follows: (1) CKD patients meeting the NKF KDOQI diagnostic criteria; (2) age ≥18 years; (3) receiving maintenance hemodialysis and continuous ambulatory peritoneal dialysis for >3 months; and (4) no infection or other complication in last 3 months (Smith et al., 2013; Scialla et al., 2021). The exclusion criteria included: (1) Contraindication to MRI examination; (2) previous neurological and psychiatric diseases; and (3) tumor history. Inclusion criteria for healthy volunteers was as follows: (1) Age, gender, and education match with the patients; and (2) normal renal function. Exclusion criteria were the same as those for CKD group. Subjects signed an informed consent form and study was approved by the Ethics Committee of Liangxiang Teaching Hospital of Capital Medical University (no. 2016174).



Data collection

Demographic data regarding patients’ age, gender, and education was collected. Serum creatinine, urea nitrogen, blood uric acid, and hemoglobin tests were conducted. eGFR was calculated using modified CG formula, eGFR = 186 × (SCr/88.4)–1.154 × age–0.203 × (0.742, female). eGFR of <15 mL/(min. 1.73 m2) was included in DD-CKD group and 15–60 mL/(min. 1.73 m2) in NDD-CKD group.

Resting-state fMRI data acquisition: MRI scans were made on Magnetom Skyra 3.0T MRI scanner (Siemens, Germany) using 32-channel phased-array magnetic head coil. Participants underwent fMRI scans with parameters: Single excitation gradient echo-echo planar imaging (SS-GRE-EPI) sequence with repetition time TR = 2,000 ms, echo time TE = 30 ms, flip angle FA = 90°, matrix = 64 × 64, field of view FOV = 224 mm × 224 mm, layer thickness = 4 mm, number of layers = 36, number of repetitions = 180, fat suppression on, and parallel imaging factor = 2. Subjects were asked to close eyes, lie down, relax, and remain awake and calm during functional MRI data acquisition.



Data processing and analysis


Methods

Analyzed pipelines using configurable connectives (C-PAC),1 a python-based pipeline tool involving AFNI, ANTs, FSL, and custom python code (Zou et al., 2008; Tustison et al., 2014; Pruim et al., 2015; Hartig et al., 2021).



Structural processing

Structural processing involved following steps: (1) Images de-skewed; (2) images repositioned to right-to-left, posterior-to-anterior, inferior-to-upper (RPI); (3) cranial dissection performed; (4) cranially dissected brains normalized to Montreal Neurological Institute (MNI) 152 stereotactic space (1 mm isotropic) with linear and non-linear registration; (5) brain regions divided to gray matter, white matter, and cerebrospinal fluid; and (6) tissue segmentation of participants by priori knowledge of tissue in the standard space provided by FSL.



Functional processing

Functional preprocessing included following steps: (1) Removed first 10 time points; (2) performed slice timing correction; (3) images de-skewed; (4) images repositioned to right-to-left, back-to-front, down-to-up (RPI); (5) motion correction applied to mean image for obtaining motion parameters; (6) skull stripped; (7) global mean intensity normalized to 10,000; (8) white matter boundary-based linear transformation and FSL priori white matter tissue segmentation to register functional images to anatomical space; (9) removed motion artifacts using ICA-AROMA and partial component regression; (10) applied interference signal regression, including (a) mean of white matter signal (WM), (b) mean of cerebrospinal fluid signal (CSF), (c) 24 motion parameters (six head motion parameters, previous time point of 6 head motion parameters, and 12 corresponding squared terms), (d) linear trend of time series, and (e) global signal for one set of strategies; (11) bandpass time filtering from −0.01 Hz to 0.1 Hz; and (12) z-score followed by smoothing (FWHM = 6.0 mm).



Functional indicators

The fALFF in frequency of 0.01–0.1 Hz, and ReHo for 27 neighboring voxels, were generated.




Statistical analysis

Two-samples t-test in DPABI2 software compared NDD-CKD vs. NC, DD-CKD vs. NC, and NDD-CKD vs. NC. ReHo and ALFF values of DD-CKD regressed off the effect of age and gender. Afterward, Gaussian Random Field (GRF) correction method was used for multiple comparison corrections. Voxel level significance of P < 0.001 was applied to generate clusters. Brain regions with cluster level significance of P-value < 0.05 were the regions of interest and their ALFF and ReHo values were extracted. SPSS 23.0 found out the relation of cognitive function with ALFF and ReHo using multiple linear regression models. P-value < 0.05 was considered a statistically significant difference.




Results


Comparison of demographic and clinical characteristics of dialysis-dependent, non-dialysis-dependent, and normal control groups

Total of 64 patients with CKD are included in this study, 26 in NDD, and 38 in DD. Baseline information of two groups is given in Tables 1, 2 the incidence of hypertension, diabetes mellitus and dyslipidemia in NDD-CKD group is higher, hemoglobin, red blood cells, protein, albumin, and phosphate are lower, and urea nitrogen and creatinine are higher than those in NC group (Table 1).


TABLE 1    Demographic of the CKD and NC groups.

[image: Table 1]


TABLE 2    Clinical characteristics and cognitive scores of the CKD and NC groups.
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Comparison of amplitude of low frequency fluctuations between dialysis-dependent, non-dialysis-dependent, and normal control groups

Analysis of patients corrected for age, gender, and education show that patients in NDD-CKD group compared to NC have more pronounced signal expression in left thalamus, left nucleus accumbens, left pallidum, left cerebellar regions 6 and 8, cerebellar earth regions 4, 5, 6, and 7, Frontal_Inf_TriL, right parahippocampal gyrus, right syrinx and left superior parietal gyrus (voxel P < 0.001, cluster P < 0.05). In DD-CKD group, bilateral cerebellar regions 3, 4, 5, 6, and right cerebellar region 8, left cerebellar region 9, right parahippocampal gyrus, right cerebellar horn, cerebellar earth regions 3, 4, 5, and 6, right thalamus, bilateral hippocampal gyrus, right sino-hypoglossal gyrus, Parietal_Inf_L, bilateral angular gyrus, bilateral superior occipital gyrus, left anterior temporal lobe, right superior parietal gyrus, and right insula are visible. ALFF values in cerebellar and thalamic regions are also increased in NDD-CKD and DD-CKD groups compared to NC. No significant differences are found in above regions of NDD-CKD compared to DD-CKD (Figure 1 and Tables 3, 4).
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FIGURE 1
Results of ALFF (A) difference between NDD-CKD and NC groups; (B) difference between DD-CKD and NC groups; red indicates significantly increased ALFF and blue indicates significantly decreased ALFF. Corrected for GRF, voxel P < 0.001, cluster P < 0.05.



TABLE 3    Regions of significant differences in ALFF between NDD-CKD and NC.
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TABLE 4    Regions of significant differences in ALFF between DD-CKD and NC.
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Comparison of regional homogeneity in three groups

Analyses corrected for age, gender, and education show that changes of ReHo expressions in six regions are statistically significant in DD-CKD compared to NC group (voxel P < 0.001, cluster P < 0.05), i.e., the ReHo expression is higher in bilateral caudate nucleus and right cisterna magna in DD-CKD than in NC group. ReHo of bilateral talar sulcus and right middle occipital gyrus is lower than that of NC group. ReHo is reduced between the left middle and left superior temporal gyrus in DD-CKD compared with NDD-CKD group (voxel P < 0.001, cluster P < 0.05). No significant differences are found between NDD-CKD and NC groups (Figure 2 and Tables 5, 6).


[image: image]

FIGURE 2
Regional homogeneity results; (A) difference between DD-CKD and NC groups, (B) difference between DD-CKD and NDD-CKD groups; red indicates a significant increase in ALFF, blue indicates a significant decrease in ALFF. Corrected for GRF, voxel P < 0.001, cluster P < 0.05.



TABLE 5    Regions of significant differences in ReHo between DD-CKD and NC.
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TABLE 6    Regions of significant differences in ReHo between DD-CKD and NDD-CKD.
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Correlation of amplitude of low frequency fluctuations and regional homogeneity with urea nitrogen and creatinine in chronic kidney disease patients

Correlation analysis of ALFF and ReHo with urea nitrogen and creatinine levels in subjects is performed with age and sex as covariates and values are corrected for GRF. Values are transformed to z-values before the analysis. The results reveal ALFF being correlated with urea nitrogen in nine regions: Bilateral nucleus accumbens, right caudate nucleus, left thalamus, left cerebellar regions 9, 4, 5, and 8, and right limbic gyrus with statistically significant differences (voxel P < 0.001, cluster P < 0.05). ReHo is correlated with urea nitrogen in the left caudate nucleus, bilateral olfactory bulb, left hippocampal gyrus, left parahippocampal gyrus, left cerebellar regions 4 and 5, right lingual gyrus, cerebellar earthworm region 3, left inferior parietal gyrus, left postcentral gyrus and Frontal_Inf_Orb_R with statistically significant differences. ReHo is associated with creatinine in the bilateral hippocampal gyrus, left parahippocampal gyrus, left caudate nucleus, left inferior parietal gyrus, and left postcentral gyrus (voxel P & lt; 0.001, cluster P < 0.05). No significant correlation is seen between ALFF and creatinine (Figure 3 and Tables 7–9).
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FIGURE 3
Results of correlation analysis of ALFF, ReHo with urea nitrogen and creatinine; (A) correlation of ALFF with urea nitrogen expression (B) correlation of ReHo with urea nitrogen expression (C) correlation of ReHo with creatinine expression; red represents positive correlation, blue represents negative correlation (corrected for GRF) voxel P < 0.001, cluster P < 0.05.



TABLE 7    Correlation analysis of ALFF and urea nitrogen expression.
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TABLE 8    Correlation analysis of ReHo and urea nitrogen expression.
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TABLE 9    Correlation analysis of ReHo and creatinine expression.
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Discussion

Cognition is the process through which individuals acquire and apply information, including attention, memory, verbal communication skills, executive skills, visual-spatial imagination, and orientation. Cognitive impairment refers to the damage of one or more of these abilities in varying degrees of severity (Drew et al., 2019; Viggiano et al., 2020). Its prevalence increases in CKD patients (Drew et al., 2017; Freire de Medeiros et al., 2020; Miglinas et al., 2020).

Spontaneous neural activity at rest can be analyzed by fMRI techniques (Li W. et al., 2021; Li et al., 2022). Herein, CKD patients are divided into dialysis and non-dialysis groups according to eGFR values. ALFF and ReHo are combined to study the changes in brain activity of CKD patients and correlating with clinical indicators. Increased ALFF values indicate enhanced neuronal activity and vice versa. The local coherence is a non-invasive method to find the activity of local functional neurons by studying the temporal coherence of BOLD signals of 27 spatially adjacent voxels in same time series. Abnormalities in synchronization or coordination indicate the impaired brain connectivity which is one of the early markers for diseases related to impaired brain neurological function. Results show that 13 brain regions in NDD and 28 in DD have increased ALFF values when compared to NC group. ReHo values are altered in six brain regions of DD group. DD group has altered ReHo in two brain regions compared with NDD group. The differences are in basal ganglia, cerebellum, and hippocampus regions. Basal ganglia relates to human cognitive, learning, motor, and memory functions. Neurons in basal ganglia are connected to cerebral cortex through associated circulation. Its lesions can damage this connection and cause cognitive dysfunction. New evidence suggests that cerebellum is involved in higher cognitive and emotional functions including visuospatial and emotional processing. Hippocampus is located between thalamus and medial temporal lobe. It is part of the limbic system and responsible for short-term memory storage, conversion, and orientation (Li et al., 2014; Fanouriakis et al., 2020). This suggests that abnormalities in brain functional activity may be influenced by clinical indicators and are the structural basis of cognitive impairment in patients.

A clinical study involving 90 patients with ESRD noted (Ruebner et al., 2016): Cognitive function correlates with glomerular filtration rate as part of the target organ damage in CKD. Present study also finds that altered ALFF values in above mentioned corresponding areas are correlated with urea nitrogen, and ReHo values with urea nitrogen and creatinine, suggesting that cognitive impairment in CKD patients is associated with specific structural brain alterations. The increased ALFF in hippocampal, basal ganglia and cerebellar regions in CKD group may be a compensatory mechanism of brain during cognitive decline. It is hypothesized that this compensatory state may be replaced by hypo-activated state as the disease progresses and adaptive limits of brain are exceeded. The brain regions with abnormal ReHo values in this study do not overlap with those with abnormal ALFF. This suggests that two analyses are based on different neurophysiological mechanisms. ALFF reflects the intensity and ReHo the coherence of neural activity, suggesting that brain tissue in CKD patients exhibits regional plastic response to implicit structural damage.

As a single-center cross-sectional study, this work has some limitations, i.e., the sample size needs expansion and the subgroups require refining for better correlations. Follow-up cohort studies can further correlate the changes in renal function, cognitive function and brain structure.



Conclusion

The findings herein show that altered renal function in CKD patients compromises the cognitive function and brain structure. For the first time, brain-imaging-behavior relationship in patients with kidney disease is assessed. A preliminary theoretical basis is provided to emphasize that aggregation of clinical risk factors modulates brain activity in patients with CKD. This can be an early imaging marker of cognitive decline in CKD patients.
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Introduction: We investigated the structural brain networks of 562 young adults in relation to polygenic risk for Alzheimer’s disease, using magnetic resonance imaging (MRI) and genotype data from the Avon Longitudinal Study of Parents and Children.

Methods: Diffusion MRI data were used to perform whole-brain tractography and generate structural brain networks for the whole-brain connectome, and for the default mode, limbic and visual subnetworks. The mean clustering coefficient, mean betweenness centrality, characteristic path length, global efficiency and mean nodal strength were calculated for these networks, for each participant. The connectivity of the rich-club, feeder and local connections was also calculated. Polygenic risk scores (PRS), estimating each participant’s genetic risk, were calculated at genome-wide level and for nine specific disease pathways. Correlations were calculated between the PRS and (a) the graph theoretical metrics of the structural networks and (b) the rich-club, feeder and local connectivity of the whole-brain networks.

Results: In the visual subnetwork, the mean nodal strength was negatively correlated with the genome-wide PRS (r = –0.19, p = 1.4 × 10–3), the mean betweenness centrality was positively correlated with the plasma lipoprotein particle assembly PRS (r = 0.16, p = 5.5 × 10–3), and the mean clustering coefficient was negatively correlated with the tau-protein binding PRS (r = –0.16, p = 0.016). In the default mode network, the mean nodal strength was negatively correlated with the genome-wide PRS (r = –0.14, p = 0.044). The rich-club and feeder connectivities were negatively correlated with the genome-wide PRS (r = –0.16, p = 0.035; r = –0.15, p = 0.036).

Discussion: We identified small reductions in brain connectivity in young adults at risk of developing Alzheimer’s disease in later life.

KEYWORDS
Avon Longitudinal Study of Parents and Children (ALSPAC), Alzheimer’s disease, polygenic risk score, brain networks, brain structure, diffusion magnetic resonance imaging, tractography


Introduction

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder that affects over 35 million people world-wide (Prince et al., 2013). It leads to severe cognitive impairment and the inability of patients to function independently. There is a pressing need to identify non-invasive biomarkers that could facilitate pre-symptomatic diagnosis when disease-modifying therapies become available. Although a minority of early-onset AD cases are caused by mutations in specific genes with autosomal dominant inheritance (Tanzi, 2012), the majority of AD has a complex genetic architecture and is highly heritable (Gatz et al., 2006), with different genes conveying different amounts of risk. Genome-wide Association Studies (GWAS) have implicated many Single Nucleotide Polymorphisms (SNPs) (Kunkle et al., 2019), of which the apolipoprotein e4 allele (APOE4) confers the greatest risk (Saunders et al., 1993; Strittmatter et al., 1993; Farrer et al., 1997; Lambert et al., 2013; Yu et al., 2014), but is neither necessary nor sufficient to cause AD (Sims et al., 2020). AD GWAS have also found evidence that specific biological processes, or disease pathways, such as cell trafficking, beta amyloid production, tau protein regulation and cholesterol transport are involved (Jones et al., 2010; Kunkle et al., 2019). Polygenic risk scores (PRS), which aggregate risk loci genome-wide (Wray et al., 2014), are highly predictive of AD (Escott-Price et al., 2015, 2017; Sleegers et al., 2015; Xiao et al., 2015; Yokohama et al., 2015; Tosto et al., 2017; Chaudhury et al., 2018; Cruchaga et al., 2018; Altmann et al., 2020; Harrison et al., 2020) and have been widely used in the search for biomarkers for the disease (Harrison et al., 2020).

Obtaining reliable biomarkers in a non-invasive manner is very valuable because it can be better tolerated by participants compared to more invasive methods (Zhang S. et al., 2012; Prestia et al., 2013). Magnetic resonance imaging (MRI) can non-invasively measure characteristics of the brain’s structure. Diffusion-weighted MRI (dMRI, Le Bihan et al., 2006) has allowed mapping of the brain’s white-matter (WM) tracts, enabling the study of the human brain as a network of cortical and subcortical areas connected via those tracts. Via these techniques, alterations in the brain of AD patients and of people at risk of developing AD have been identified. AD patients exhibit axonal loss in tracts associated with certain default mode network (DMN) nodes (Mito et al., 2018). They also exhibit increased characteristic path length and decreased intramodular connections in functional and structural brain networks compared to healthy controls (Dai et al., 2019). The DMN is altered in the presence of AD pathology (Dai et al., 2019) where a decrease in its connectivity has been observed (Mohan et al., 2016; Badhwar et al., 2017). The diffusion tensor fractional anisotropy in the cingulum and of the splenium of the corpus callosum is reduced in AD patients compared to controls (Zhang et al., 2007). Structural covariance brain networks, in which the edges are calculated as the correlations between the node volumes, show decreased small-worldness in AD (John et al., 2017). Increased shortest path length and clustering coefficient, as well as decreased global and local efficiency have been observed in the structural brain networks of AD patients (He et al., 2008; Lo et al., 2010). These results, as well as recent work by Palesi et al. (2016), suggest that, in addition to the AD pathology preferentially affecting specific brain areas, AD is a disconnection syndrome.

Cognitively healthy middle-aged and older carriers of AD risk (genetic or otherwise) also exhibit alterations in brain structure. Decreased hippocampal volume and cortical thickness have been associated with high AD PRS (Mormino et al., 2016; Corlier et al., 2018; Li et al., 2018). Aging APOE4 carriers have reduced local structural connectivity at the precuneus, medial orbitofrontal cortex and lateral parietal cortex (Brown et al., 2011). APOE4 status also affects the clustering coefficient and the local efficiency of structural brain networks. Specifically, Ma et al. (2017) observed that the values for the APOE4 carriers were higher than those of the non-carriers in a normal-cognition group, while the opposite pattern was observed in a group of participants suffering from Mild Cognitive Impairment (MCI). Middle-aged adults with genetic, family and lifestyle risks of developing AD have a hub in their structural connectome that is not present in the structural connectome of people with no such risks of developing AD (Clarke et al., 2020). Significant functional connectivity differences in the brain networks implicated in cognition were seen in middle-aged individuals with a genetic risk for AD (Goveas et al., 2013). The DMN also exhibits changes in mature (Fleisher et al., 2009) and young APOE4 carriers (Filippini et al., 2009). A PRS composed of immune risk SNPs is associated with a thinner regional cortex in healthy older adults at risk of developing AD (Corlier et al., 2018). Other studies have also investigated the effect of AD PRS on brain structure (Sabuncu et al., 2012; Harrison et al., 2016; Lupton et al., 2016; Hayes et al., 2017), finding alterations associated with increased genetic burden. Some of the studies have also used disease pathways to inform the PRS (Ahmad et al., 2018; Caspers et al., 2020). A few studies have also identified alterations in the brain of young AD-risk carriers. The hippocampal volume and the fractional anisotropy of the right cingulum are altered in young adults with increased risk of developing AD (Foley et al., 2017), and their precuneal volume is reduced (Li et al., 2018). Increased functional connectivity and hippocampal activation in a memory task was observed in the DMN of young, cognitively normal APOE4 carriers (Filippini et al., 2009). Young APOE4 carriers also showed increased activation (measured via fMRI) in the medial temporal lobe compared to non-carriers, while performing a memory task (Dennis et al., 2010).

Despite the evidence that (a) there are alterations in the brain networks of AD patients, and (b) there are functional and structural changes in the brains of young adults at risk of developing AD, the structural brain networks of young adults at risk of AD have not been studied. Our work fills that gap, by investigating structural brain networks of young adults at different risks of developing AD, where the risk is evaluated both via GWAS and via specific risk pathways. We hypothesize that the localized alterations in the structure of the brain of young adults at risk of AD would present themselves as changes in their structural brain networks. We investigate the network corresponding to the whole-brain connectome, as well as the DMN, the limbic and visual subnetworks, because those subnetworks are known to be affected in AD (Power et al., 2011; Deng et al., 2016; Badhwar et al., 2017; Hansson et al., 2017; Wang et al., 2019). We also investigate the hubs of the whole-brain connectome and their interconnectivity.


Hypotheses

We hypothesize that increased risk of AD would lead to increased characteristic path length for those networks, and an increased mean clustering coefficient, in agreement with the alterations these measures present in AD. We also hypothesize that the interconnectivity of the hubs would be reduced for increased risk of AD. Given the young age of the participants, we expect any observed alterations to be small. Any identified changes could be followed up in a longitudinal study of the same cohort, and possibly lead to important biomarkers that indicate disease onset or progression, or inform early preventative interventions in adults at risk of AD.




Materials and methods


Participants

The Avon Longitudinal Study of Parents and Children (ALSPAC) is a pregnancy and birth cohort established to identify the factors influencing child health and developmental outcomes. Pregnant women resident in Avon, UK with expected dates of delivery 1st April 1991 to 31st December 1992 were invited to take part in the study. The initial number of pregnancies enrolled is 14,541 (for these at least one questionnaire has been returned or a “Children in Focus” clinic had been attended by 19/07/99). Of these initial pregnancies, there was a total of 14,676 fetuses, resulting in 14,062 live births and 13,988 children who were alive at 1 year of age.

Between the ages of 18–24 years, a subset of ALSPAC offspring were invited to participate in three different neuroimaging studies; the ALSPAC Testosterone study (Patel et al., 2020; Liao et al., 2021; n = 513, mean age at attendance 19.62 years, range 18.00–21.50 years), the ALSPAC Psychotic Experiences (PE) study (Drakesmith et al., 2015, 2016, 2019; Fonville et al., 2015; n = 252, mean age at attendance 20.03 years, range 19.08–21.52 years), and the ALSPAC Schizophrenia Recall-by-Genotype (SCZ-RbG) study (Lancaster et al., 2019; n = 196, mean age at attendance 22.75 years, range 21.12–24.55 years). Scanning protocols were harmonized across sub-studies where possible, and all data were acquired at Cardiff University Brain Research Imaging Centre (CUBRIC).

We analyzed data from 562 individuals (mean age 19.81 years, SD 0.02 years; 62% male) from those ALSPAC neuroimaging studies (Boyd et al., 2013; Fraser et al., 2013; Sharp et al., 2020). Please note that the study website contains details of all the data that is available through a fully searchable data dictionary and variable search tool (http://www.bristol.ac.uk/alspac/researchers/our-data). Written informed consent was collected for all participants in line with the Declaration of Helsinki. Ethical approval for the neuroimaging studies was received from the ALSPAC Ethics and Law Committee and the local NHS Research Ethics Committees. Informed consent for the use of data collected via questionnaires and clinics was obtained from participants following the recommendations of the ALSPAC Ethics and Law Committee at the time.



MRI acquisition

MRI data were acquired using a GE HDx 3T system (GE Healthcare, Milwaukee, WI, USA) at CUBRIC. Axial T1-weighted images were acquired using a 3D fast spoiled gradient recalled sequence (TR = 8 ms, TE = 3 ms, TI = 450 ms, flip angle = 20°, matrix size = 256 × 192 × 159) to aid co-registration. Diffusion-weighted images were acquired with a twice refocused spin-echo echo-planar imaging sequence parallel to the anterior-posterior commissure and the acquisition was peripherally gated to the cardiac cycle. Data were collected from 60 slices of 2.4 mm thickness (FOV = 230 mm, matrix size 96 × 96, TE = 87 ms, b-values 0 and 1200 s/mm2) using parallel imaging (ASSET factor = 2) encoding along 30 isotopically distributed directions according to vectors taken from the International Consortium for Brain Mapping protocol (Jones et al., 1999). For 219 of those participants, the diffusion-weighted images were acquired using 60 directions. For those participants, a subsample of the optimal 30 directions were used, alongside the first three images with b-value equal to 0 (see Foley et al., 2018; for further details; Jones et al., 1999; Afzali et al., 2021).



Data processing and tractography

Data pre-processing was performed as described by Foley et al. (2018). To summarize, T1 structural data were down-sampled to 1.5 mm × 1.5 mm × 1.5 mm resolution. Eddy-current and participant motion correction were performed with an affine registration to the non-diffusion-weighted images (Leemans and Jones, 2009) with appropriate reorienting of the encoding vectors. Echo-planar imaging of the diffusion-weighted data was performed, warping the data to the down-sampled T1-weighted images (Irfanoglu et al., 2012). RESTORE (Chang et al., 2005), RESDORE (Parker et al., 2013a), and free water correction (Pasternak et al., 2009) algorithms were run. Whole-brain tractography was performed for each data set using the damped Richardson-Lucy pipeline (Dell’acqua et al., 2010) which has been shown to produce a reliable tractogram in cases of crossing fibers, and in-house MATLAB code (Parker et al., 2013b). The criteria used for termination of the tracts were: angle threshold of > 45°, fiber orientation density function peak < 0.05 and fractional anisotropy < 0.2.



Network construction

We used the Automated Anatomical Labeling (AAL) (Tzourio-Mazoyer et al., 2002) to define the 90 cortical and subcortical areas of the cerebrum that correspond to the nodes of the structural networks. The WM tracts linking those areas are the connections, or edges, of the networks. The network generation was performed in ExploreDTI-4.8.6 (Leemans et al., 2009). We generated two connectivity matrices for each participant, one in which the edges are weighted by the number of streamlines (NS) and one in which they are weighted by the mean fractional anisotropy (FA) of the diffusion tensor along the streamlines of the tracts. Both these metrics have been shown to result in measures of connectivity that exhibit heritability (Arnatkeviciute et al., 2021), repeatability (Yuan et al., 2018; Messaritaki et al., 2019; Roine et al., 2019; Dimitriadis et al., 2021), and functional relevance (Honey et al., 2009; Goni et al., 2014; Messaritaki et al., 2021). To reduce the possible number of false connections, structural connections reconstructed with 5 or fewer streamlines were discarded from the analysis. Furthermore, to avoid our results being dependent on this choice of threshold, the analysis was repeated for this threshold being from 1 to 12 streamlines. A graphical representation of this part of the analysis is shown in Figure 1.
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FIGURE 1
Analysis that leads from the MR images to the structural brain networks. This analysis is repeated for each participant individually.


In addition to the whole-brain connectome, we derived the DMN, the limbic subnetwork and the visual subnetwork, by selecting the edges that connect only the nodes in those subnetworks. The AAL atlas regions for the subnetworks are listed in Table 1 (Power et al., 2011).


TABLE 1    Nodes of the AAL atlas included in the DMN, limbic and visual subnetworks. The nodes from both the left and right hemispheres are included.
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Graph theory and network analysis

The Brain Connectivity Toolbox (BCT, Rubinov and Sporns, 2010) was used to calculate the graph theoretical metrics for the structural brain networks of all participants (Figure 2). A detailed description of graph theoretical metrics is provided by Rubinov and Sporns (2010), but we provide here a brief explanation of the ones we use, for completeness. The clustering coefficient of a node is equal to the number of existing edges among the neighbors of the node divided by the number of all possible edges and is a measure of how interconnected the node’s neighbors are. The degree of a node is the number of edges that stem from that node. The betweenness centrality of a node is the number of shortest paths (connecting pairs of nodes) that the node belongs to in the network. The nodal strength is the sum of the weights of the edges stemming from a node. These four graph theoretical metrics are node-specific. To derive network-wide measures, their mean values over all the nodes in the network are used. The characteristic path length of a network is the mean value of the steps along the shortest paths that connect all possible pairs of nodes in the network. The global efficiency of the network is proportional to the sum of the inverse shortest path lengths over all pairs of nodes in the network and is related to how efficiently the nodes of the network can exchange information. In contrast to the previous measures mentioned, the characteristic path length and the global efficiency are network-wide, rather than node-specific, measures. Finally, the local efficiency of a node is calculated the same way as the global efficiency of the subnetwork that consists of the node’s neighbors.


[image: image]

FIGURE 2
Diagram showing the sub/networks used in our analysis and the graph theoretical and connectivity metrics that are correlated with the PRS. NS: number of streamlines; FA: fractional anisotropy of the diffusion tensor.


For our analysis, we calculated the mean clustering coefficient, mean betweenness centrality, characteristic path length, global efficiency and mean nodal strength. The expectation is that, if changes to the topological organization are a result of increased risk of developing AD, then the mean clustering coefficient, global efficiency and mean nodal strength will decrease, and the characteristic path length will increase, for increased risk. In order to remove metrics that represent redundant information from our analysis, we calculated the Pearson correlation between all pairs of graph theoretical metrics for each network and excluded from further analysis metrics that exhibited correlation coefficients of 0.85 or higher.

In order to investigate the hubs of the networks, we also calculated the local efficiency and the degree of each node. This allowed us to calculate the hub-score, or hubness, of each node for the whole-brain network. Instead of using a single measure for identifying hubs (for example only the node degree or only the betweenness centrality as is sometimes done), we used a composite measure as proposed by Betzel et al. (2014). Specifically, we normalized the node degree, nodal strength, betweenness centrality and local efficiency for each participant – this was in order for all four metrics to be equally weighted in the hubness calculation and was done by dividing the values of each metric across nodes by the largest value. We then averaged the normalized values for each node. That average was the hubness of the node.

The hubness of each node was averaged over all participants, to derive the mean node hubness. Hub nodes were defined as those with mean node hubness greater or equal to the average of the mean node hubnesses plus one standard deviation, according to van den Heuvel and Sporns (2011). The hub nodes comprise a rich club of nodes. The rich-club connectivity was calculated for each participant by summing the strength of the edges that connect the hub nodes only. The feeder connections, i.e., the connections that link one hub node and one non-hub node, were also identified. The feeder connectivity was also calculated for each participant, as the sum of the strength of the feeder connections. Finally, the local connections were identified as the connections that link non-hub nodes only. The local connectivity was the sum of the strength of the local connections. We stress that the rich-club, feeder and local connectivities are defined for the whole-brain network.



Polygenic risk score calculation

Genome data were provided by the University of Bristol. ALSPAC participants were genotyped using the Illumina HumanHap550 quad genome-wide SNP genotyping platform by 23andMe subcontracting the Wellcome Trust Sanger Institute (WTSI, Cambridge, UK) and the Laboratory Corporation of America (Burlington, NC, USA). Participants were excluded from analysis if they had minimal or excessive heterozygosity, genotyping completeness < 97%, or if they were of non-European ethnicity. Quality control parameters were as follows: Minor allele frequency (MAF) > 0.01; Individual call rate > 95%, Hardy Weinberg Equilibrium (HWE) (P > 5 × 10–7). PRSs were calculated according to the International Schizophrenia Consortium method (Purcell et al., 2009). Training data were taken from the latest genetic meta-analysis of AD (Kunkle et al., 2019) comprising of 94,437 cases and controls. In our sample, SNPs with low MAF < 0.1 and imputation quality < 0.9 were removed. Data were then pruned for SNPs in linkage disequilibrium (LD) using genetic data analysis tool PLINK (Chang et al., 2015) using the clumping function (–clump). This aimed to remove SNPs in LD within a 500 kilobase window, retaining only the most significantly associated SNPs. Scores were generated in PLINK using the –score command. We note that APOE has a p-value of around 7 × 10–44 in most Alzheimer’s GWAS, and it explains almost as much variance in the phenotype as all the other loci combined. Therefore, APOE4 carriers are invariably in the highest deciles of the polygenic score.

To compute pathway-specific PRS, nine pathway groups were taken from Kunkle et al. (2019), who matched lists of SNPs to genes and tested them for enrichment within gene functional categories. The pathway groups were as follows: protein-lipid complex assembly, regulation of beta-amyloid formation, protein-lipid complex, regulation of amyloid precursor protein catabolic process, tau protein binding, reverse cholesterol transport, protein-lipid complex subunit organization, plasma lipoprotein particle assembly and activation of the immune response. The lists of SNPs were matched to SNPs in our target dataset. Then the data was clumped and scored as described above.

A previous study found that an AD PRS computed with p-value threshold (PT) of 0.001 explained the most variance in structural (non-network) neuroimaging phenotypes of healthy young adults (Foley et al., 2017). Therefore, our primary analysis used PT = 0.001 to select relevant SNPs from the discovery sample. For our secondary analysis, seven different progressive training PTs were computed (0.00001; 0.0001; 0.01; 0.05; 0.1; 0.3; and 0.5). Lower PT indicates that SNPs are more significantly associated with AD case status in the training dataset. Two versions of each score were calculated, including and excluding the APOE locus. This was done to assess the effect of PRS without APOE and the effect of APOE within the PRS.

Through this method, we ended up with 20 different PRS: genome-wide with and without APOE, and each of the nine pathway-specific PRS with and without APOE. Each of these PRS further corresponds to eight values for the PTs, as described above.



Statistical analyses

Correlations between graph theoretical metrics and the genome-wide PRS (APOE included) and the nine pathway-specific PRS (APOE included) were calculated in MATLAB (MATLAB and Statistics Toolbox Release, 2015b and 2021a; The MathWorks, Inc, Natick, MA, United States). Correlations were also calculated between the rich-club, feeder and local connectivity versus the 10 PRS scores. The participant gender and the diffusion scan type (30 vs. 60 diffusion gradient directions) were controlled for by using partial correlations. Data points that had Cook’s distance higher than three times the mean Cook’s distance (Cook, 1977) were removed from the calculation. Our primary analysis used PT = 0.001. Resulting p-values were corrected for multiple comparisons using false-discovery-rate (FDR) correction (Benjamini and Yekutieli, 2005). The correction was applied over the graph theoretical metrics of all four networks, the rich-club, feeder and local connectivities, and the 10 PRS (i.e., the genome-wide plus the nine pathway-specific ones) for each PT. If a significant association was found between a PRS and the graph theoretical metrics or connectivities, correlations were also calculated with the PRS excluding the APOE locus, to assess whether the correlations were purely due to that locus. To exclude the possibility that our results are confounded by population stratification, we repeated our analyses using the first 10 principal components derived from common alleles as covariates.

We also looked at the rest of the PT thresholds, as is standard practice (Purcell et al., 2009; de Leeuw et al., 2015). In particular, the investigations for the higher values of PT are justified, because it is likely that many loci that show only nominal association with disease status are actually involved in the pathological process. This was demonstrated by Escott-Price et al. (2015) who found that the highest prediction accuracy was given by a PRS which included SNPs from 0.5 and below (AUC = 78.2%, 95% confidence interval: 77–80%). To control for multiple comparisons in this case, and since the performed tests are not independent, we calculated the permutation-corrected p-values via the minP procedure (Westfall and Young, 1993; Rempala and Yang, 2013), intended for strong control of the family wise error rate. In the “Results” Section we report the p-values without this correction [corrected, however, for multiple testing over all the graph theoretical metrics and (sub)networks as listed above], and clearly state at the end of the Section which of these values survived this latter multiple-comparison testing for the PT thresholds. The related corrected p-values are given in Section A of the Supplementary Material.




Results


Networks

The whole-brain, default mode, limbic and visual subnetworks for one participant are shown in Figure 3 (NS-weighted networks) and Figure 4 (FA-weighted networks). The relative strength of the connections depends on the edge-weighting and has an impact on the graph theoretical metrics of the networks. Given the differences observed between NS- and FA-weighted networks, performing the analysis for both these edge-weightings is warranted.
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FIGURE 3
Whole-brain, DMN, limbic and visual subnetworks, for NS-weighted networks, from the data of one participant. The lines represent the edges (connections) between brain areas.
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FIGURE 4
Whole-brain, DMN, limbic and visual subnetworks, for FA-weighted networks, from the data of one participant. The lines represent the edges (connections) between brain areas.


The correlation coefficients between graph theoretical metrics of the networks and the related p-values are given in Table 2A (for the NS-weighted networks) and Table 2B (for the FA-weighted networks). Based on these, we selected the metrics to be used in subsequent analysis, which are summarized in Table 3.


TABLE 2    Correlation coefficients and p-values (the latter in italics) for the graph theoretical metrics of the NS-weighted networks (A) and the FA-weighted networks (B).
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TABLE 3    Metrics used in the analysis for each network.
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Whole-brain connectome

No statistically significant correlations between graph theoretical metrics of the whole-brain network and the PRSs were found to survive multiple comparison correction.



Default-mode network

For our primary analysis (PT = 0.001), no statistically significant correlations between the PRS and the graph theoretical metrics of the DMN survived multiple-comparison correction. The following correlations, however, did survive multiple comparison correction.

For PT = 0.3, the mean nodal strength of the NS-weighted DMN was correlated with the genome-wide PRS, including APOE (r = –0.14, p = 1.5 × 10–3). When the APOE locus was excluded from the analysis, the correlation persisted (r = –0.14, p = 1.6 × 10–3). The correlations also persisted when the analysis was repeated for NS thresholds between 1 and 12.

For PT = 0.01, the mean betweenness centrality of the FA-weighted DMN was correlated with the activation of the immune response PRS, including APOE (r = –0.16, p = 1.2 × 10–4). When the APOE locus was excluded from the analysis, the correlation persisted (r = –0.15, p = 4.5 × 10–4). The correlations also persisted when the analysis was repeated for NS thresholds between 1 and 12.

Repeating the analyses for the visual subnetwork using the first ten principal components derived from common alleles as covariates did not change these results.

All these results are shown in Figure 5.
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FIGURE 5
Correlation coefficients between the graph theoretical metrics of the default-mode network and the genome-wide PRS including APOE for the eight different values of PT. The asterisk indicates the instances in which the p-value survived multiple comparison correction.




Limbic subnetwork

No statistically significant correlations between graph theoretical metrics of the limbic subnetwork and the PRSs were found to survive multiple comparison correction.



Visual subnetwork

For our primary analysis (PT = 0.001), no statistically significant correlations between the PRS and the graph theoretical metrics of the visual subnetwork survived multiple-comparison correction. The following correlations, however, did survive multiple comparison correction:

The mean nodal strength of the NS-weighted visual subnetwork was correlated with the genome-wide PRS, including APOE, for PT = 0.1, 0.3, and 0.5. The correlation coefficients were r = –0.17, –0.18, and –0.19, for the three values of PT respectively, while the p-values were 8.4 × 10–5, 4.1 × 10–5, and 1.3 × 10–5 respectively. When the analysis was repeated with the APOE locus excluded, the correlations persisted. Specifically, the correlation coefficients were: –0.15, –0.17, and –0.18, while the p-values were 7.6 × 10–4, 1.4 × 10–4, 2.9 × 10–5, for the three values of PT respectively. The correlations also persisted when the analysis was repeated for NS thresholds between 1 and 12.

The mean clustering coefficient of the NS-weighted visual subnetwork was correlated with the tau protein binding PRS, including APOE, for PT = 0.3 and 0.5. The correlation coefficients were r = –0.14, while the p-values were 1.4 × 10–3 for both PTs. When the analysis was repeated with the APOE locus excluded, the significance of the correlations disappeared, with the correlation coefficients being –0.02 and the p-values being 0.71. The correlations persisted, however, when the analysis was repeated for NS thresholds between 1 and 12.

The mean betweenness centrality of the NS-weighted visual subnetwork was correlated with the plasma lipoprotein particle assembly PRS, including APOE, for PT = 0.3 and 0.5. The correlation coefficients were r = 0.15 and 0.16, for the two values of PT respectively, while the p-values were 9.2 × 10–4 and 3.6 × 10–4 respectively. When the analysis was repeated with the APOE locus excluded, the correlations persisted, with the correlation coefficients being r = 0.12 and 0.13 for the two values of PT respectively, and the p-values being 7.5 × 10–3 and 2.2 × 10–3 respectively. The correlations also persisted when the analysis was repeated for NS thresholds between 1 and 12.

Repeating the analyses for the DMN using the first ten principal components derived from common alleles as covariates did not change these results.

All these results are shown in Figure 6.
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FIGURE 6
Correlation coefficients between the graph theoretical metrics of the visual subnetwork and the three PRSs for which those survived multiple comparison correction, for the eight different values of PT. The asterisk indicates the instances in which the p-value survived multiple comparison correction.




Rich-club, feeder, and local connectivity of the whole-brain network

Figure 7 shows the nodes that are hubs for the NS-weighted and the FA-weighted networks. For the NS-weighted networks, the hubs were the left and right putamen, left and right precuneus, left and right hippocampus, left and right superior frontal gyrus, left middle occipital gyrus, left and right superior occipital gyrus, right calcarine sulcus and right caudate. For the FA-weighted networks, the hubs were the left and right putamen, left and right precuneus, left and right hippocampus, left and right superior frontal gyrus, left middle occipital gyrus, left calcarine sulcus, right superior parietal gyrus, left superior orbitofrontal gyrus, and left superior occipital gyrus. We note that ten out of the 13 hubs were the same in the NS- and FA-weighted networks, while three differed.
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FIGURE 7
Hubness scores for the network nodes for the NS-weighted (top) and FA-weighted (bottom) networks. The purple circles indicate nodes that are hubs for the respective networks.


For our primary analysis (PT = 0.001), no statistically significant correlations between the PRS and the rich-club, feeder or local connectivities of the whole-brain network survived multiple-comparison correction. The following correlations, however, did survive multiple comparison correction:

The rich-club connectivity of the NS-weighted whole-brain connectome was correlated with the genome-wide PRS, including APOE, for PT = 0.3 and 0.5. The correlation coefficients were r = –0.16 and –0.15 for the two PTs respectively, while the p-values were 3.7 × 10–4 and 1.1 × 10–3 respectively. When the analysis was repeated with the APOE locus excluded, the correlations persisted, with the correlation coefficients being r = –0.15 and –0.14 for the two PTs respectively, and the p-values being 6 × 10–4 and 1.7 × 10–3 respectively. The correlations also persisted when the analysis was repeated for NS thresholds of 1–12.

The feeder connectivity of the NS-weighted whole-brain connectome was correlated with the genome-wide PRS, including APOE, for PT = 0.3 and 0.5. The correlation coefficients were r = –0.14 and –0.15 for the two PTs respectively, while the p-values were 1.3 × 10–3 and 8.8 × 10–4 respectively. When the analysis was repeated with the APOE locus excluded, the correlations persisted, with the correlation coefficients being r = –0.14 and –0.13 for the two PTs respectively, and the p-values being 1.4 × 10–3 and 2.3 × 10–3 respectively. The correlations also persisted when the analysis was repeated for NS thresholds of 1–12.

All these results are shown in Figure 8.
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FIGURE 8
Correlation coefficients between the rich-club, feeder and local connectivities and the genome-wide PRS including APOE, for the eight different values of PT. Asterisks indicate p-values that survived multiple comparison correction.


As mentioned earlier, the minP procedure was used to calculate the permutation-corrected p-values for the PT thresholds. The related p-values are given in Section A of the Supplementary Material. They remained statistically significant for all the cases above, with the exception of the correlation between the mean betweenness centrality of the visual network and the PRS for plasma lipoprotein particle assembly excluding APOE for PT = 0.3, and the correlation between the feeder connectivity and the genome-wide PRS excluding APOE for PT = 0.3. Additionally, the values of the correlation coefficients for the thresholds between 1 and 12 are given in Section B of the Supplementary Material.




Discussion

To the best of our knowledge, this is the first study to examine the relationship between AD PRS and network-based measures for the whole-brain structural connectome and subnetworks. We used a cohort of young participants to assess any potential early changes in the structural connectome. From a clinical perspective, using pathway-specific PRSs in addition to genome-wide ones is important, because it can pave the way for more targeted interventions based on the predicted pathway involvement and potentially allow clinical trials to stratify patients using their specific risk profiles.

Compared to the FA-weighted networks, using NS-weighted networks resulted in more statistically significant relationships between the PRS and structural network metrics, such as the graph theoretical metrics we employed and the connectivity strength between the rich-club, and feeder connections. Even though both the NS and the FA are routinely used to assign significance to the edges of structural networks, it has been argued (Huang and Ding, 2016) and proven experimentally (Messaritaki et al., 2021) that the NS is more relevant from a functional perspective to the network organization of the human brain compared to the FA. This may be contributing to the increased sensitivity of the NS in the differences observed in our study. Other metrics have also been used as edge-weights, such as the inverse radial diffusivity (Caeyenberghs et al., 2016; Messaritaki et al., 2022), which captures myelination and axonal packing and is, therefore, also meaningful in assessing connectivity. From a methodological point of view, this demonstrates that the selection of the metric for the edge weights can impact the results and, if not optimal, it can fail to reveal certain statistically significant relationships. As the capabilities of MRI to measure microstructural metrics evolves (Wolff and Balaban, 1989; Mackay et al., 1994; Assaf and Basser, 2005; Barazany et al., 2009; Zhang H. et al., 2012), using these and other measures (e.g., myelin, axonal density and axon diameter) as edge weights should also be explored.

Our analysis identified statistically significant (after correction for multiple comparisons) correlations between graph theoretical metrics and PRS, present in the DMN. The negative correlation between the mean nodal strength and the genome-wide PRS for the NS-weighted DMN indicates that high genome-wide risk of AD results in lower nodal strength in that network. Furthermore, the fact that the correlation persisted when the APOE locus was removed from the analysis indicates that this relationship is a result of multiple genetic factors and not exclusively due to the APOE gene.

Our analysis also revealed statistically significant (after multiple-comparison correction) correlations between the graph theoretical metrics of the NS-weighted visual subnetwork and the PRSs. The negative correlation between the mean nodal strength and the genome-wide PRS (including APOE) implies weaker connectivity in the visual subnetwork of participants at higher risk of developing AD. The negative correlation between the mean clustering coefficient and the tau protein binding PRS (including APOE) indicates that participants at higher risk of developing AD through this pathway have less clustered communities in the visual subnetwork. The positive correlation between the mean betweenness centrality and the PRS for plasma lipoprotein particle assembly (including APOE) implies that, in participants at higher risk of developing AD, each node participates in more shortest paths and therefore the organization of the visual subnetwork is less central compared to participants at low risk. The fact that the first and third of these correlations persisted when the APOE locus was excluded from the genetic risk calculation indicates that they are a result of multiple genetic factors, and not exclusively due to the APOE gene. The second correlation, however, appears to be driven predominantly by the APOE gene.

Studies of young adults with genetic predisposition to AD are still limited, and predominantly involve brain function rather than structure. As mentioned earlier, increased functional connectivity and hippocampal activation in a memory task was observed in the DMN of young, cognitively normal APOE4 carriers (Filippini et al., 2009). This finding was not, however, replicated in a study by Mentink et al. (2021), which instead found that compared to non-carriers, APOE4 young carriers had increased functional activation in facial-recognition areas during the encoding of subsequently recollected items. Young APOE4 carriers also showed increased activation (measured via fMRI) in the medial temporal lobe compared to non-carriers, while performing a memory task (Dennis et al., 2010). In contrast to these studies which focused on the DMN, the majority of our findings pertained to the visual network. Additionally, observing small changes in the NS-weighted and FA-weighted structural networks does not necessarily imply the presence of measurable functional deficiencies (which also depends on the sensitivity of those functional studies). Functional connectivity is believed to be also reliant on a number of other microstructural metrics (such as myelination and axonal density) which could be compensating for changes present in the NSs.

As mentioned earlier, alterations in the visual subnetwork of AD patients have been recently reported in the literature. For example, Deng et al. (2016) observed increased characteristic path length and clustering coefficient in the visual subnetwork (measured with BOLD fMRI) of AD patients. Badhwar et al. (2017) also observed decreased connectivity in the primary visual cortex of AD patients. Wang et al. (2019) observed impairments in the visual subnetwork of AD patients, as well as in patients with subjective cognitive decline, which is considered a prodromal stage of AD. This last result further supports the idea that alterations in the visual subnetwork can appear many years before AD diagnosis.

We also observed statistically significant correlations (after multiple-comparison correction) between the rich-club and feeder connectivities of the NS-weighted whole-brain network and the genome-wide PRS, including APOE. These negative correlations indicate that structural connections that involve at least one hub node are weaker in the brains of young participants at risk of developing AD. The relationships held when the APOE locus was excluded from the analysis, which indicates that the effect comes from genetic influences above and beyond APOE.

A few studies have reported altered connectivity of the rich-club and feeder edges in the structural brain networks of participants with AD and with MCI. Xue et al. (2020) recently observed reduced rich-club connectivity in patients with amnestic MCI compared to healthy age-matched controls, and reduced feeder and local connectivity in patients with amnestic MCI compared to participants with subjective cognitive decline. Cai et al. (2019) reported decreased feeder (and local) connection strength in the structural networks of AD patients compared to healthy controls. Our results are in line with these alterations in connectivity strength observed in AD and MCI patients.

It is interesting that we observed decreased clustering coefficient with increased AD risk, while AD studies (He et al., 2008; Lo et al., 2010; Deng et al., 2016) observed increased clustering coefficient in AD patients. However, it is not uncommon that a pattern of structural or functional metrics is observed in at-risk populations, for that pattern to be reversed when the pathology is realized. Specifically for AD for example, Koelewijn et al. (2019) observed that young APOE carriers exhibited hyperconnectivity in brain areas that were found, in the same work, to show hypoconnectivity in AD patients. We also note that the structural networks in He et al. (2008) were structural covariance networks rather than tractography-derived networks, and that Lo et al. (2010) had a small sample of 25 patients and 30 controls in their tractography study. Also, Deng et al. (2016) used functional MRI rather than diffusion MRI and had a much smaller sample than ours.

The rest of the graph theoretical metrics we investigated showed no statistically significant correlations after multiple comparison correction was applied. Recently, Foley et al. (2017) showed that there is a reduction in the FA of the right cingulum and a decrease in the left hippocampal volume of young adults at genetic risk of developing AD. In this context, our results imply that those alterations do not translate into changes in the structural brain networks and subnetworks of those young adults. We note, however, that the participants in that study included participants that were a few years older compared to those in our study.

The correlations observed in our analysis are small, in the range of 0.14–0.19 (in absolute value). This is to be expected, given that the cohort of our study consisted of young adults with normal brain function.

We note that the summary statistics used in PRS analysis were taken from a large discovery sample reported in the latest GWAS meta-analysis (Kunkle et al., 2019). Therefore, our risk estimates for AD loci are the best available. We computed PRS in our sample manually in PLINK, rather than using automated PRS tools. This gives us the ability to specify several exact parameters which can be difficult with automated PRS tools. Furthermore, these automatic tools have precalculated SNPs linkage disequilibrium scores. They often use only 1 million SNPs, whereas the current GWASes have 4–8 million SNPs available. Our study employed a relatively large sample size comprising participants of the same age (19.81 ± 0.02 years old), therefore avoiding the confound of brain changes that are age related, and which are known to exist in young adults up to the age of at least 25 years. Furthermore, our study is the first to use disease pathway PRS to explore associations between biological pathways and underlying differences in structural brain connectivity. We used two different edge weights, NS and FA, in our analysis. These metrics are the most widely used in the literature to weigh the edges of structural networks. It is worth pointing out that some graph theoretical metrics are dependent on the choice of edge weighting (such as the clustering coefficient and the nodal strength), while others are not (such as the node degree). Furthermore, we could have calculated correlations for other graph theoretical metrics, however, we chose to limit our choice as described in the “Materials and Methods” section, in order to avoid multiple comparison corrections forcing us to reject results that are truly statistically significant. We also note that changes in the topological properties of brain networks can be complex and due to a number of factors, such as, for example, volumetric changes, which could exhibit themselves as altered connectivity. Regarding the pathway-specific PRS, the accuracy of our results is limited by the current knowledge of pathway variants. Additionally, our study involved a geographically limited sample in which men are slightly over-represented. Therefore, our results may not be representative of the general population. We note that the AAL atlas that we used is one of a few atlases that could have been used to conduct the analysis. Recent studies have shown how results from tractography studies could be dependent on the choice of atlas (Parker et al., 2014). Finally, participants of non-European ethnicity were excluded from the analysis because polygenic score analyses in populations with high genetic admixture are not valid. Even small differences in population genetics may lead to distinctive linkage disequilibrium (LD) structure and allele frequencies (Moskvina et al., 2010). Pruning, an essential part of PRS calculation, relies on LD structure to retain SNPs that are most associated with a trait while removing others that are closely linked. Where LD structure diverges, alternative SNPs will be selected. This means that ethnicity admixture must be avoided and comparisons between population groups using PRS are not valid. This further implies that the findings of our study may not generalize to other ethnicities. Around 2% of ALSPAC participants were non-white (Fraser et al., 2013).



Conclusion

Our results demonstrate that genetic burden is linked to changes in structural brain networks, both for the whole-brain connectome and the visual subnetwork, in young adults. The genome-wide PRS including APOE was linked to a reduction in the mean nodal strength of the visual subnetwork and of the rich-club and feeder connections of the whole-brain network. The plasma-lipoprotein particle assembly PRS including APOE was linked to an increase in the betweenness centrality of the visual subnetwork. Importantly, these relationships were still present, albeit slightly weaker, when the APOE locus was excluded from the analysis. This indicates that the search for AD biomarkers can benefit from the consideration of genetic risk above and beyond APOE. Different biomarkers could point to different pathway involvement, which could allow clinical trials to stratify patients accordingly. Specifically for the pathway-specific PRS, it is not currently known exactly how these biological processes relate to brain networks, and this is incredibly complicated to decipher. As such, this work points to possible directions that researchers can look into in future studies.
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Background: Robot-assisted therapy (RAT) has received considerable attention in stroke motor rehabilitation. Characteristics of brain functional response associated with RAT would provide a theoretical basis for choosing the appropriate protocol for a patient. However, the cortical response induced by RAT remains to be fully elucidated due to the lack of dynamic brain functional assessment tools.

Objective: To guide the implementation of clinical therapy, this study focused on the brain functional responses induced by RAT in patients with different degrees of motor impairment.

Methods: A total of 32 stroke patients were classified into a low score group (severe impairment, n = 16) and a high score group (moderate impairment, n = 16) according to the motor function of the upper limb and then underwent RAT training in assistive mode with simultaneous cerebral haemodynamic measurement by functional near-infrared spectroscopy (fNIRS). Functional connectivity (FC) and the hemisphere autonomy index (HAI) were calculated based on the wavelet phase coherence among fNIRS signals covering bilateral prefrontal, motor and occipital areas.

Results: Specific cortical network response related to RAT was observed in patients with unilateral moderate-to-severe motor deficits in the subacute stage. Compared with patients with moderate dysfunction, patients with severe impairment showed a wide range of significant FC responses in the bilateral hemispheres induced by RAT with the assistive mode, especially task-related involvement of ipsilesional supplementary motor areas.

Conclusion: Under assisted mode, RAT-related extensive cortical response in patients with severe dysfunction might contribute to brain functional organization during motor performance, which is considered the basic neural substrate of motor-related processes. In contrast, the limited cortical response related to RAT in patients with moderate dysfunction may indicate that the training intensity needs to be adjusted in time according to the brain functional state. fNIRS-based assessment of brain functional response assumes great importance for the customization of an appropriate protocol training in the clinical practice.

KEYWORDS
 stroke, motor rehabilitation, functional near-infrared spectroscopy, functional connectivity, cortical reorganization


Introduction

The recovery of upper-limb motor function is still limited in stroke survivors, which significantly impacts their independence of daily living (Lawrence et al., 2001; Stoykov et al., 2009). Recently, robot-assisted therapy (RAT) for the upper-limb has emerged as a popular rehabilitation intervention for stroke. Several studies have verified the clinical effectiveness of RAT based on clinical assessment (Sale et al., 2014) and biomechanical parameters, including kinematic and kinetic parameters (Mazzoleni et al., 2011, 2013). Besides, recent reviews have reported heterogeneous outcomes of RAT among stroke patients (Veerbeek et al., 2017; Mehrholz et al., 2018), mainly because the severity of hemiparesis was not considered as an important feature when choosing an appropriate pattern of RAT for a patient. There is a lack of clinically effective assessment tools to assist the therapist to deliver appropriate therapeutic interventions according to the specific need of each patient, especially for the patients with moderate to severe hemiplegia. Plastic reorganization of the brain is essential for functional recovery after stroke (Cirillo et al., 2020). As regard this issue, it is necessary to evaluate the specific functional response patterns associated with RAT in stroke patients with different degree of motor impairment. Real-time characterization of the brain functional responses to specific interventions assumes great importance for the customization of an appropriate protocol training as to reach substantial improvement in the clinical practice.

The real-time monitoring of cortical responses during motor intervention still remains challenging due to the low tolerance of motion artifact of some imaging techniques, such as functional magnetic resonance imaging (fMRI) and electroencephalography (EEG). Functional near-infrared spectroscopy (fNIRS) is an emerging noninvasive method that monitors cortical haemodynamics with advantages including safety, portability, and motion artifact tolerance (Murata et al., 2002, 2006). In recent years, significant progress made in fNIRS technology make it attract considerable attention in various research and clinical settings (Hong and Yaqub, 2019). Brain functional features collected based on fNIRS can be used as a biomarker of mild cognitive impairment (MCI)(Yang et al., 2020). fNIRS can also be used to evaluate the characteristics of brain function response induced by cognitive interventions such as acupuncture therapy in patients with MCI (Ghafoor et al., 2019). In addition, several fNIRS studies have demonstrated the feasibility of fNIRS for brain-computer interface (BCI), which can be widely used in the field of neurorehabilitation, motor rehabilitation and entertainment, etc. (Naseer and Hong, 2015). The combination of fNIRS, EEG, and other technologies can improve the classification accuracy of BCI system by decoding brain activities under multimodal neuroimaging modalities (Hong and Khan, 2017). Based on the principle of optical imaging, fNIRS can be utilized in combination with electromagnetic neuromodulation technologies (such as transcranial electrical stimulation) to monitor the cortical response and provide real-time feedback for these interventions (Yang et al., 2021). The application of fNIRS can not only get insight into the mechanism underlying neuromodulation in neurorehabilitation, but also provide targeted neuromodulation based on closed-loop regulation to achieve personalized therapy for brain disorders (Hong et al., 2022). Additionally, a comprehensive review described fNIRS-related applications for stroke and suggested fNIRS as a promising technology for detecting brain function responses during specific rehabilitation interventions (Saitou et al., 2000). Using fNIRS, we previously reported the involvement of the prefrontal, motor and occipital areas during limb-linkage training (Huo et al., 2019) and unilateral/bilateral upper limb training in stroke patients (Xu et al., 2022). The prefrontal cortex (PFC) contributes to attention, planning, decision-making and the synthesis of diverse information needed for goal-directed behaviour (D’Esposito et al., 2000; Miller and Cohen, 2001). Motor-related areas are mainly involved in the coordination and execution of sensory and motor functions for complex movements (Moran and Desimone, 1985; Peterka and Loughlin, 2004). The occipital lobe (OL) is crucial for the conscious perception of body parts and can be modulated by visual stimuli, visual-guided attention and motor action (Miller et al., 1993; Astafiev et al., 2004). Functional connectivity (FC) analysis is commonly used to explore the neural interactions within the brain functional network, providing insight into the understanding of cortical reorganization and behaviour deficits after stroke (Friston, 2011; Corbetta et al., 2018). It is speculated that these regions may be involved in a specific coordinated pattern in response to motor therapy for stroke rehabilitation.

At such, the primary aim of this study was to evaluate the specific cortical network response patterns to RAT based on fNIRS in combination with FC analysis in subacute stroke patients with unilateral moderate-to-severe motor deficits, supporting the hypothesis of different functional response patterns associated with RAT depend on the degree of impairment. Real-time assessment of brain functional response can provide a theoretical basis for choosing the appropriate protocol for a patient to support the clinical decision.



Materials and methods


Participants

The flow-chart through this study is shown in Figure 1. Thirty-two first-ever patients with stroke hemiplegic participated in this study. All subjects were right-handed according to the Chinese edition of the Handedness Inventory (Oldfield, 1971). Inclusion criteria: (Stoykov et al., 2009) unilateral lesions; (Lawrence et al., 2001) moderate to severe motor impairment of the hemiplegic upper limb; (Sale et al., 2014) ability to understand and follow experimental tasks; (Mazzoleni et al., 2013) age between 18 and 80 years. Exclusion criteria: (Stoykov et al., 2009) clinically unstable medical disorders; (Lawrence et al., 2001) severe cognitive impairment. The baseline characteristics (age, sex, time post stroke, lesion location) and clinical assessments, including the National Institutes of Health Stroke Scale (NIHSS), Mini-mental State Examination (MMSE) and Fugl-Meyer assessment for upper-extremity (FMA-UE), were assessed for each patient (Table 1). Of note, patients were classified into 2 groups (those with a low score reflecting severe impairment and those with a high score reflecting moderate impairment) by the median FMA-UE score (median: 18) to investigate the effects of motor impairment on the brain functional response to RAT.

[image: Figure 1]

FIGURE 1
 Flow-chart through this study.




TABLE 1 Clinical characteristics of stroke patients.
[image: Table1]

Experiments were conducted with the understanding and written consent of each patient or the family members. The experimental study (Trial Registration: ChiCTR2100048433) was approved by the Medical Ethics Committee of Qilu Hospital and carried out according to the ethical standards defined by the Helsinki Declaration in 1975 (revised in 2008).



RAT task and fNIRS data acquisition

During the experiment, patients were asked to undergo data acquisition in the sitting position in both the resting state (10 min) and task state (10 min). During the resting state, patients were asked to remain still and relax with their eyes closed but stay awake. The robotic system (Arm Motus™, Shanghai Fourier Intelligence Technology Co., Ltd., China) designed for clinical rehabilitation applications was used for this study. During the task state, the hemiparetic forearm of patients was positioned on the robot-assisted upper-limb training instrument (end effector type) with an arm bracket secured to the forearm and a handle was fixed to the affected hand with bandages. The robotic system provides the goal-directed and planar reaching movements of shoulder and elbow through an “assisted as needed” control strategy at an equally speed (5.0 cm/s) and range of motion (medium: Y-axis = 20 cm, X-axis = 30 cm) around a centre target. The Movement trajectory and space is shown in Figure 1. During the task state, the patients were requested to avoid any movements other than those needed for motor tasks. A professional therapist was involved in the whole experiment to ensure the safety of the participants.

During each session, cerebral haemodynamics were continuously monitored using a continuous-wave fNIRS device (Nirsmart, Danyang Huichuang Medical Equipment Co, Ltd., China) with 23 sources and 14 detectors at a sampling rate of 10 Hz. The differential path-length factors (DPFs) were set to 6. A total of 40 channels were positioned over the left and right PFC (symmetric with FpZ as a reference), motor cortex (corresponding areas C3 and C4) and OL (symmetric with OZ as a reference) according to the international 10–10 system of electrode placement (Figure 2A). The interoptode distance was 30 mm. As shown in Figure 2B, the regions of interest (ROIs), including the bilateral PFC, primary motor cortex (M1), primary somatosensory cortex (PSC), premotor and supplementary motor area (PSMA), and OL, were defined based on fNIRS channel locations recorded by 3D digitization. For patients with lesions on the right, the lesion side was uniformly set to the left hemisphere by flipping the fNIRS channels from right to left about the midsagittal line for patients with lesions on the right. In this study, the ROIs in the ipsilesional and contralesional hemispheres were presented as i-PFC, i-PSC, i-PSMA, i-M1, i-OL, and c-PFC, c-PSC, c-PSMA, c-M1, c-OL, respectively.

[image: Figure 2]

FIGURE 2
 Multichannel fNIRS configurations in international 10–10 system (A) and corresponding brain regions of interest (B).




fNIRS data preprocessing

For fNIRS data, first, the absorbance signals recorded by fNIRS were bandpass filtered at 0.0095–2 Hz (zero-phase, fifth-order Butterworth filter) to reduce the uncorrelated noise components and low-frequency baseline drift. Then, fluctuations in the concentration of oxygenated haemoglobin (delta HbO2) were calculated from the filtered light density according to the modified Beer–Lambert law (Cope and Delpy, 1988). The first 1 min of delta HbO2 data were excluded to reach a steady state, with 5,400 remaining time points for each patient. We then applied principal and independent component analysis to reduce physiological interference in fNIRS measurements to extract the functional response in the brain (Santosa et al., 2013). The components of interest were visually identified according to the criteria that the relevant time course has a remarkable low-frequency spectrum (0.01–0.08 Hz) for functional haemodynamic responses (Cordes et al., 2001). This study focuses on delta HbO2 signal for subsequent analysis, mainly delta HbO2 data has better signal to noise ratio and a stronger correlation with blood-oxygenation level-dependent signal measured by fMRI (Anwar et al., 2013; Visani et al., 2015). Data preprocessing including motion artifact removal was described in our previous study (Huo et al., 2019).



FC analysis based on wavelet phase coherence

Wavelet transforms have the ability to decouple signal components and provide localized phase information. With the complex Morlet wavelet, the wavelet coefficients are complex numbers and can define the instantaneous relative phase information for each frequency and time. Wavelet transforms can be used to examine the relationship among oscillations (Li et al., 2014). FC can be calculated based on the wavelet phase coherence (WPCO) index to describe the statistical interdependencies between two haemoglobin oscillatory components by examining how phase differences align within a specific frequency range (Bandrivskyy et al., 2004; Bernjak et al., 2012). The amplitude-adjusted Fourier transform (AAFT) surrogate test was used to confirm whether the detected coherence parameters were genuine or spurious (Stankovski et al., 2017). Tan et al. described the calculation procedure for the WPCO and AAFT tests in detail (Tan et al., 2015). In this study, oscillators of delta HbO2 signals in 0.01–0.08 Hz were identified using wavelet transform. Based on the AAFT test, significant channel-wise FC was obtained for each channel pair among the fNIRS oscillations for each condition.


Interregional and intraregional FC analysis

Based on the significant channel-wise FC matrix for each condition, we calculated the interregional and intraregional FC of the ROIs to analyse task-related changes in the large-scale network. The interregional FC among ROIs was calculated by averaging the WPCO values across all involved channel-wise connection edges based on the fNIRS channel distribution, generating a [image: image] region-wise FC matrix. The intraregional FC was calculated by averaging the WPCO values of the involved channel-wise connection edges within each of the ROIs, generating 10 intraregional FC values.



Correlation analysis of task-related FC changes and clinical variables

To identify the relationship between the brain functional response related to the RAT and the clinical functional status of the upper-limb, partial correlations were employed to assess the correlation between task-induced changes in FC (delta FC =[image: image]) and the FMA-UE score with age and time poststroke as nuisance regressors for each group of stroke patients.



Brain lateralization analysis based on the hemisphere autonomy index

The connection-based hemispheric autonomy index (HAI) was calculated for each significant FC matrix to further describe the functional network architecture of specific states for stroke patients. Based on the significant channel-wise FC matrix, the HAI was calculated according to the definition:

[image: image]

where m represents any fNIRS channel (m = 1,2,[image: image]40); [image: image] and [image: image] are the number of channels connected to channel m within (ipsilateral) hemisphere and between (contralateral) hemisphere, respectively; and [image: image] and [image: image] represent the total number of channels connected with channel m in the ipsilateral and contralateral hemispheres, respectively. The HAI is calculated for each channel as the index describing brain lateralization based on the difference between intrahemispheric and interhemispheric connectivity with each channel. This approach yielded HAI values that ranged between −1 and 1. A higher HAI value indicated more intrahemispheric connectivities than interhemispheric connectivities.




Statistical analysis

In this study, we used the G-power (v3.1.9.2; Franz Faul, University of Kiel, Kiel, Germany) for calculation of the sample size based on a previous fNIRS study that investigated the functional network patterns of stroke patients related to rehabilitation training (Lu et al., 2019). We set the effect size as 0.52, an [image: image]-error of 0.05 and a β of 0.20 (power level of 0.80). According to the analysis, at least 32 patients were needed in order to make an adequate group size, thus a sample size of 16 per group. The Kolmogorov–Smirnov test was used to determine whether values for the assessments were normally distributed. Demographic data including sex and type of stroke was compared by groups using a chi-square test. Age, duration of stroke, and functional assessment (MMSE, NIHSS, BI, and FMA-UE) were compared using one-way ANOVA. Based on this group classification, significant within-group and between-group differences in connection related indices (channel-wise FC, interregional FC, and intraregional FC) were evaluated using repeated–measures ANOVA and post hoc t-test with false discovery rate (FDR)-corrected for multiple comparisons. The association of upper-limb functional status and cortical response was examined by correlating FMA-UE with FC changes related to RAT with age and time post stroke as nuisance regressors. The Mann–Whitney U test was used to analyse the within-group and between-group differences in the HAI obtained from each condition. Statistical significance was set at p < 0.05.




Results


Demographic information

All 32 participants completed the study. Patients were classified as having moderate (high score group, n = 16, FMA-UE: 33.31[image: image]9.04) or severe (low score group, n = 16, FMA-UE: 12.56[image: image]4.16) upper-limb motor impairment according to the median of the FMA-UE. No significant between-group differences were noted in the characteristics of patients, including age, sex, time poststroke, stroke type and MMSE (p > 0.05, see Table 2). One-way ANOVA showed that the NIHSS score of patients in the low score group significantly higher than that of patients in the high score group (p = 0.006).



TABLE 2 Comparison of basic information of two groups of patients.
[image: Table2]



Effects of motor impairment on RAT-related changes in FC

For within-group statistical result of channel-wise FC, the low-score group showed significantly decreased WPCO values in the RAT state compared to the resting state (Figure 3A), which were mainly distributed between the prefrontal and motor areas, between the prefrontal and occipital brain areas, and between the bilateral motor related brain areas. For the high-score group (Figure 3B), only one channel-wise WPCO value (between Ch. 33 and Ch. 16) was significantly decreased in the task state compared with the resting state, which were significant at strict FDR-corrected thresholds. For the large-scale interregional and intraregional FC, task-state FC correlation strengths were consistently lower than resting-state FC strengths among cortical regions in both groups of patients. The results showed that in the low score group, during the task state compared with the resting state, significantly decreased interregional FC values were observed in the network (Figure 3C), including connectivities between the i-PFC and c-PFC (t = 2.845; p = 0.012), i-M1 (t = 2.975; p = 0.009), c-M1 (t = 2.957; p = 0.010), i-OL (t = 2.740; p = 0.015), c-OL (t = 3.730; p = 0.002), and between the c-PFC and i-M1 (t = 2.731; p = 0.015), i-OL (t = 3.474; p = 0.003), c-OL (t = 3.424; p = 0.004), and between the i-M1 and i-PSMA (t = 2.763; p = 0.015), i-PSC (t = 3.000; p = 0.009), c-PSMA (t = 2.987; p = 0.009), c-PSC (t = 2.755; p = 0.002), c-M1 (t = 3.281; p = 0.005), and between the c-M1 and c-PSMA (t = 2.820; p = 0.013), c-PSC – c-M1 (t = 3.034; p = 0.008), and between the c-PSMA – c-PSC (t = 3.011; p = 0.009). For the high score group (Figure 3D), the interregional FC of connectivities between the i-M1 and i-PFC (t = 3.697; p = 0.002), c-PSC (t = 3.583; p = 0.003), c-M1 (t = 2.980; p = 0.009) was significantly decreased in the task state compared with that in the resting state. There were no significant differences between groups after FDR correction.

[image: Figure 3]

FIGURE 3
 Changes in channel-wise FC (A, B) and region-wise FC (C, D) in response to RAT for the low score and high score groups. In the first row, the upper triangle represents the t-value of channel-wise FC between the two states, while the blue dot on the bottom triangle represents the statistically significant difference of channel-wise FC after FDR correction between the two states in each stroke group. The second row displays the t-values of region-wise FC between the two states. The *represents the statistically significant difference of region-wise FC after FDR correction between the two states in each stroke group. The size of a node indicates how many significant edges are connected to this region. Different node colours represent different brain regions. *FDR-corrected p < 0.05.


As shown in Figure 4A, a significant decrease in intraregional FC values was observed in the low score group in ROIs in the i-PFC (t = 5.444, p < 0.001), i-PSMA (t = 3.739, p = 0.002), i-PSC (t = 2.671, p = 0.017), i-M1 (t = 2.671, p = 0.017), c-PSMA (t = 3.836, p = 0.002) and c-OL (t = 3.018, p = 0.009). For the high score group, the intraregional FC of i-M1 (t = 3.823, p = 0.002) was significantly decreased in the task state compared with the resting state. The results of correlation analysis show a significant negative correlation between FMA-UE scores and task-evoked decreases in intraregional FC of i-PSC (r = −0.564, p = 0.045) in the low score group and i-M1 (r = −0.612, p = 0.026) in the high score group, as shown in Figure 4B.

[image: Figure 4]

FIGURE 4
 Alterations in intraregional FC in response to RAT in the two groups (A) and the relationship between the delta FC and FMA-UE score (B). *FDR-corrected p < 0.05.




RAT-related changes in HAI values in patients with different degrees of motor impairment

Figure 5 shows the connection-based HAI values in the resting state and RAT state for the two groups. The results show that compared with the resting state, the HAI values of channel 15 (Z = −2.497, p = 0.012) in the low score group and HAI values of channel 20 (Z = −2.497, p = 0.005) in the high score group were significantly increased in the RAT state. There were no significant differences between groups after correction. In addition, a significant difference in the bilateral hemisphere between channel 5 and channel 10 (Z = −2.844, p = 0.007) was observed in the resting state of the high score group.

[image: Figure 5]

FIGURE 5
 Connection-based HAI values in the resting state and RAT state in the high score group (A) and low score group (B). *Denotes that the within-group difference is statistically significant; # denotes that the difference between hemispheres is statistically significant.





Discussion

The goal of this study was to investigate the differences in RAT-related brain functional responses in stroke patients with different degrees of upper-limb motor impairment. Specifically, we analysed the task-related changes in interregional and intraregional FC and the brain lateralization index of the functional network based on fNIRS. The main findings were that patients with severe impairment showed a wide range of significant FC responses induced by RAT with the same assistive mode as the moderate impairment group, involving the interregional and intraregional FC among bilateral prefrontal, motor and occipital areas. The significant task-related intraregional FC response of i-PSC was significantly correlated with FMA-UE in the low score group. Additionally, the HAI value of channel 15 distributed in the i-PSMA areas was significantly increased in the RAT state compared with the resting state. RAT-related extensive cortical response in patients with severe dysfunction might contribute to brain functional organization during motor performance, which is considered the basic neural substrate of motor-related processes. In contrast, the limited cortical response related to RAT in patients with moderate dysfunction might imply that the RAT task with assisted mode failed to induce wide range of brain functional responses and the training intensity needs to be adjusted in time according to the brain functional state for patients with moderate motor impairment. All the above evidence indicates that different functional response patterns associated with RAT depend on the degree of impairment. Real-time characterization of the brain function responses to specific training tasks is important for the assessment of functional status of stroke patients and provide guidance for the customization of effective rehabilitation training protocol.

Functional recovery after stroke is widely considered to be a consequence of central nervous system reorganization (Ward, 2004). In this study, we found that RAT substantially affected the functional networks of stroke patients by decreasing intrinsic network FC. This was evidenced in both the interregional and the intraregional FC. Task-related changes in FC play an important role in dynamically reshaping brain network organization and strongly contributing to brain activations during task performance (Cole et al., 2021). Compared with the resting state, there were significant changes in the interregional and intraregional FC values among the bilateral prefrontal, motor-related and occipital areas in the task state in the low score group. Performing complex motor tasks assisted by the robot system may require a higher level of attention and sensor-motor processing to integrate visual, proprioceptive, and somatosensory feedback information associated with motor output (Betti et al., 2013; Spadone et al., 2015; Kim et al., 2018). However, only the connectivities between the i-M1 and the i-PFC, between the i-M1 and the c-PSC, and between the i-M1 and the c-M1 showed significant task-related changes in the patients in the high score group. This result suggests that patients in the low-score group need to recruit a wider range of brain regions to complete the same motor task than patients in the high-score group.

Task-related network reconfigurations might facilitate the propagation of task-related activations, which are commonly considered the primary neural substrate of motor execution processes (Cole et al., 2021). For patients with severe motor impairment, the significant alterations in the interregional and intraregional FC involved bilateral hemispheres might be responsible for processing and integrating the central and peripheral information related to the task demands (Siegel et al., 2016). It has been confirmed that movement of the affected hand is related to increased neural activity not only in the ipsilesional but also in the contralesional hemisphere (Chollet et al., 1991). Additionally, it is suggested that when the task becomes more demanding, motor performance depends more on bilateral motor areas (Verstynen and Ivry, 2011). Motor recovery has been demonstrated to be accompanied by increased regional cerebral blood flow in the bihemispheric sensorimotor cortex (Chollet et al., 1991). All this evidence suggested that the contralesional motor areas might play a supportive role during motor rehabilitation for patients with severe motor impairment. In addition, correlation analysis showed that the task-induced changes in the functional network of the ipsilesional sensory area were significantly correlated with the upper-limb motor function status of patients with severe motor impairment. Brain lateralization analysis showed that the HAI values of fNIRS channels (ch13-ch17) covering the ipsilesional pre-motor and supplementary motor area (SMA) were increased in the RAT state compared with the resting state, which were significantly increased in the channel 15. More specifically, the location of channel 15 distributed in the ipsilesional SMA. Hemisphere lateralization is a property of the human brain that facilitates efficient and rapid information processing. The HAI can reflect cortical functional lateralization based on the imbalance of intrahemispheric and interhemispheric connectivity (Wang et al., 2014). This result might indicate the increased involvement of the ipsilesional SMA area in the brain functional network during RAT of the affected upper limb in patients with severe motor impairment. It was suggested that motor improvement in stroke is associated with cortical function and structural reorganization involving the lesion and its surrounding tissue (Buch et al., 2016). A previous study showed that functional improvement of constraint-induced movement of the affected upper limb after stroke is associated with an increased motor map area in the ipsilesional hemisphere (Sawaki et al., 2008). Taken together, all this evidence indicates that patients with severe motor dysfunction significantly induced involvement of the contralesional hemisphere and the sensorimotor and supplementary motor areas on the ipsilesional side during the RAT in assisted mode. This finding was in accord with previous research that showing high-intensity upper limb training in the early stage of rehabilitation can increase the activation of the motor areas in the ipsilesional hemisphere and enhance neuroplasticity (Zhang et al., 2017). The upper limb rehabilitation robot can control the expansion of the contralateral (the opposite side of hemiplegic limb) cortical motor area and the recruitment of the ipsilateral (the same side of hemiplegic limb) cortex through task-directed training, and promote the functional reorganization of the functional cortex to promote functional recovery of the upper limb (Singh et al., 2021).

Patients in the high score group showed limited task-related significant changes in the functional network, which were mainly related to the M1 region on the affected side. There was a significant correlation between the FMA-UE and the intraregional FC of the i-M1 in the high score group. In addition, the HAI value of channel 20 distributed in the ipsilesional M1 was significantly increased in the RAT task state compared with the resting state in the high score group. In conclusion, the brain functional responses induced by the RAT task mainly focused on the ipsilesional M1 area for patients with moderate impairment. The above point of view and our results might imply that compared with the outcome for the low score group, the RAT task with assisted mode failed to induce wide range of brain functional responses for patients with moderate motor impairment. These results might indicate that the mode of motor training rehabilitation needs to be adjusted in real time according to the functional status of patients to ensure that an adequate brain functional reorganization response can be induced.



Limitations

Several limitations should be acknowledged in this study. First, stroke patients with moderate to serve upper extremity impairment in the subacute stage were recruited in the current experiment. The lack of a subgroup of stroke patients with mild motor impairment and controlled group based on healthy subjects or RAT with unaffected upper-limb of stroke patients is a potential limitation of this study. Future experimental design would recruit more stroke patients with different degrees of motor impairment (including mild, moderated and severe dysfunction) and the healthy controls to fully describe the characteristics of the brain functional response related to specific rehabilitation tasks. Second, due to the difference of cortical activation patterns related to active and passive upper limbs movements in stroke patients (Xia et al., 2022), the influence of active participation on brain functional response in the motor training should be considered. In this study, “assisted as needed” pattern of RAT was set uniformly for patients in the subacute stage with severe–moderate upper limb motor impairment. Under this training protocol, robotic device might provide more assistance to the patients with severe motor impairment than the patients with moderate motor impairment. However, due to the lack of kinematical variables in this study, it is difficult to estimate the influence of active participation degree of stroke patients with different degrees of dysfunction on the cortical response during assisted training. Thus, further studies are warranted to clarify the influence of the active participant on the cortical response induced by RAT by the collection of kinematic data simultaneously.



Conclusion

In conclusion, this study showed RAT-related changes of decreased intrinsic network FC in the brain functional networks of stroke patients, with evidence in both the interregional and the intraregional FC. Different functional responses related to RAT were observed in patients with different degrees of dysfunction. Patients with severe motor impairment showed a significant task-related FC response involving extensive areas in the bilateral hemispheres, especially the PSC and SMA in the affected side. The brain functional responses induced by the RAT task mainly focused on the ipsilesional M1 area for patients with moderate impairment. The limited cortical response related to RAT in patients with moderate dysfunction might imply that the RAT task with assisted mode failed to induce wide range of brain functional responses and the training intensity needs to be adjusted in time according to the brain functional state for patients with moderate motor impairment. Taken together, fNIRS-based real-time assessment of the effects of RAT on the brain functional network provides new insights into the mechanisms of neuroplasticity associated with treatment and provides theoretical guidance for stroke rehabilitation intervention protocol.
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Background: Type 2 diabetes mellitus (T2DM) is a metabolic disorder associated with an increased incidence of cognitive and emotional disorders. Previous studies have indicated that the frontostriatal circuits play a significant role in brain disorders. However, few studies have investigated functional connectivity (FC) abnormalities in the frontostriatal circuits in T2DM.

Objective: We aimed to investigate the abnormal functional connectivity (FC) of the frontostriatal circuits in patients with T2DM and to explore the relationship between abnormal FC and diabetes-related variables.

Methods: Twenty-seven patients with T2DM were selected as the patient group, and 27 healthy peoples were selected as the healthy controls (HCs). The two groups were matched for age and sex. In addition, all subjects underwent resting-state functional magnetic resonance imaging (rs-fMRI) and neuropsychological evaluation. Seed-based FC analyses were performed by placing six bilateral pairs of seeds within a priori defined subdivisions of the striatum. The functional connection strength of subdivisions of the striatum was compared between the two groups and correlated with each clinical variable.

Results: Patients with T2DM showed abnormalities in the FC of the frontostriatal circuits. Our findings show significantly reduced FC between the right caudate nucleus and left precentral gyrus (LPCG) in the patients with T2DM compared to the HCs. The FC between the prefrontal cortex (left inferior frontal gyrus, left frontal pole, right frontal pole, and right middle frontal gyrus) and the right caudate nucleus has a significant positive correlation with fasting blood glucose (FBG).

Conclusion: The results showed abnormal FC of the frontostriatal circuits in T2DM patients, which might provide a new direction to investigate the neuropathological mechanisms of T2DM.

KEYWORDS
 type 2 diabetes mellitus, frontostriatal circuits, functional connectivity, resting-state, functional magnetic resonance imaging


1. Introduction

Type 2 diabetes mellitus (T2DM) is a metabolic disease with an increasing incidence worldwide (Lees et al., 2009; Bobbert et al., 2013). This disease constitutes a risk factor associated with an increased incidence of cognitive dysfunctions and emotional disorders [e.g., Parkinson’s disease (PD), Alzheimer’s disease (AD), obsessive–compulsive disorder (OCD), and major depressive disorder (MDD)] (den Braber et al., 2010; Pan et al., 2010; Zhang et al., 2013; Ashraghi et al., 2016; Athauda and Foltynie, 2016; De Pablo-Fernandez et al., 2018; Cheong et al., 2020; Wei et al., 2020; Sánchez-Gómez et al., 2021; Fanelli et al., 2022). However, the specific neural substrate of T2DM-related cognitive impairment and emotional disorders remains unclear. The frontostriatal circuits have been shown to play an important role in the pathophysiology of a variety of cognitive and emotional disorders (Casey et al., 2007; Baggio et al., 2015; Achterberg et al., 2016; Gramespacher et al., 2020; Tomiyama et al., 2022). Given the impairment of cognitive and emotional functioning in T2DM, the role of frontostriatal connectivity in T2DM is attracting considerable attention (Looi, 2017; Pérez-Taboada et al., 2020).

The frontostriatal circuits form a looped structure wherein information is delivered directly from the frontal cortex to the striatum, while the frontal cortex receives information from major outputs of the striatum indirectly via the thalamus (Gopinath et al., 2011; Mandelbaum et al., 2019). Different cortical projection areas can form different circuits with the basal ganglia: sensorimotor circuits involve premotor cortical projections; associative circuits involve the dorsolateral prefrontal and parietal cortex; limbic circuits primarily involve the orbitofrontal and medial prefrontal cortices. These circuits contribute to motor control, motor learning, emotions and association (Lanciego et al., 2012; Barber et al., 2019; Young et al., 2022). Disrupted connectivity of these circuits may underlie certain abnormalities that occur in various cognitive and emotional disorders (Kwak et al., 2010; Posner et al., 2014; Huang et al., 2015; Tomiyama et al., 2021). Recently, an increasing number of studies have provided significant insight through neuroimaging of frontostriatal circuits.

Resting-state functional magnetic resonance imaging (rs-fMRI) is a promising approach with which to studying the brain-related pathophysiology of T2DM (Chau et al., 2021; Lei et al., 2022). Functional connectivity (FC) is an effective method to explore impaired frontostriatal circuits (Di Martino et al., 2008; Kelly et al., 2009). Previous rs-fMRI studies have indicated that abnormal FC of the frontostriatal circuits impacts cognitive functions and emotional regulation (Casey et al., 2007; Achterberg et al., 2016; Lin et al., 2018; Gramespacher et al., 2020; Tomiyama et al., 2022). For example, several studies have revealed that frontostriatal connectivity is reduced in patients with PD and AD (Middei et al., 2004; Anderkova et al., 2017; Nieuwhof et al., 2017). Moreover, disruption of FC within reward-relevant corticostriatal neurocircuitry is associated with reduced motivation and motor slowing in depression (Felger et al., 2016). More importantly, previous research has shown that T2DM has complex associations with cognitive and emotional disorders; for example, T2DM increases susceptibility to PD, AD, MDD, and more (D’Amelio et al., 2009; Kumar et al., 2014; Zhang et al., 2017; Cheong et al., 2020). In AD, an increased risk of cognitive decline among diabetic patients is well documented (Kodl and Seaquist, 2008; Reijmer et al., 2010; Rawlings et al., 2014). Regarding PD, a number of epidemiological studies indicate that the incidence is increased in people with preexisting diabetes (Cereda et al., 2011; Xu et al., 2011; Yang et al., 2017). However, the mechanisms of this relationship are unknown. Previous studies have shown that insulin resistance is associated with disease progression, increased severity of dyskinesia, and increased risk in patients with PD (Bosco et al., 2012; Athauda and Foltynie, 2016). Furthermore, a number of patients with T2DM in the absence of PD exhibit pathologies related to subclinical striatal dopaminergic dysfunction (Cheong et al., 2020), and T2DM and PD share common etiopathogenic mechanisms (Santiago and Potashkin, 2014). We speculate that there are possible alterations in frontostriatal circuit connectivity in this population.

Some recent studies have provided further relevant evidence. A study using fMRI reported that FC in the frontostriatal circuit was decreased in patients with type 1 diabetes mellitus compared to normal controls (Croosu et al., 2022). More importantly, multiple studies have shown structural abnormalities of the frontostriatal circuit in T2DM. For example, the magnetization transfer ratio (MTR) representing the biophysical integrity of the cortico-striato-pallido-thalamic circuits was compromised in patients with T2DM even in the absence of significant cognitive impairments or mood disturbances (Yang et al., 2015). In addition, meta-analyses to date have demonstrated a significant decrease in gray matter volume (GMV) in the cortico-striato-limbic network in patients with T2DM (Wu et al., 2017). This finding further demonstrated the important role of the frontostriatal circuitry in the pathogenesis of T2DM. T2DM-related changes in these circuits may contribute, in part, to increased susceptibility to cognitive deficits and/or emotional disorders in patients with T2DM and potentially indicate the underlying substrates linking T2DM and cognitive and emotional disorders.

However, to the best of our knowledge, there have been no studies of dysfunctional frontostriatal connectivity in T2DM. In this study, we hypothesized that abnormalities in the FC of the frontostriatal circuitry would be associated with T2DM. To test this hypothesis, we performed rs-fMRI analyses to examine the FC of the frontostriatal circuitry in patients with T2DM and HCs. More importantly, we investigated the relationship between abnormal FC of the frontostriatal circuitry and the clinical indicators of T2DM.



2. Materials and methods


2.1. Participants

The medical research ethics committee of Jiangsu Integrated Traditional Chinese and Western Medicine Hospital examined this cross-sectional research plan and granted ethical approval. A total of 31 patients who met the latest diagnostic criteria for T2DM (American Diabetes Association, 2013) were recruited from the Endocrinology Department of Jiangsu Integrated Traditional Chinese and Western Medicine Hospital, and 31 healthy controls (HCs) were recruited through advertisements. The T2DM group and the HC group were matched for age, sex, and education level. All subjects participated voluntarily and signed informed consent forms. Because some patients had incomplete clinical data or imaging data, only 27 patients with T2DM and 27 patients with HCs were ultimately included. Table 1 presents the demographic and clinical characteristics of all participants. All subjects were right-handed individuals between 30 and 75 years of age and had no contraindications to MRI. The patients had a diabetes duration of at least 1 year and no complications. They were closely self-monitored and routinely treated with various hypoglycemic agents, and none had any history of hypoglycemic episodes. The exclusion criteria for both groups were as follows: (1) abnormal brain structure, including the presence of tumors or a history of trauma, surgery, or cerebrovascular accidents; (2) neurological or mental disorders, such as depression, dementia, schizophrenia or epilepsy.



TABLE 1 Demographic and clinical characteristics with T2DM and healthy controls.
[image: Table1]



2.2. Clinical and neuropsychological data

The history and clinical data of patients with T2DM were obtained from medical records and questionnaires. The clinical data of HCs, along with demographic data such as gender and age, were obtained through a questionnaire. After overnight fasting, blood samples were obtained to measure the levels of fasting blood glucose (FBG) and glycosylated hemoglobin (HbA1c). The Mini-Mental State Examination (MMSE) and Montreal Cognitive Assessment (MoCA) were used to assess the general cognitive function of diabetes patients and HCs.



2.3. Image acquisition

A 3.0 TMRI (Discovery 750) scanner from GE (United States) was used for MRI examination. During imaging, subjects wore eye masks and were instructed to remain awake and keep their heads still. Soft pads were used to reduce head movement, and headphones were used to reduce noise. rs-fMRI scans were obtained by using a gradient-recalled echo echo-planar imaging (GRE-EPI) sequence (repetition time (TR) =2,000 ms; echo time (TE) =30 ms; flip angle (FA) = 90 degrees; layer spacing =0 mm; layer thickness = 4 mm; field of view (FOV) =220 mm × 220 mm; matrix dimensions = 64 × 64. A fast gradient-echo sequence (magnetization-prepared rapid gradient echo, MPRAGE) was used to obtain high-resolution 3D T1-weighted structure images. The acquisition parameters were as follows: TR = 8.2 ms, TE = 3.2 ms, inversion time (TI) = 900 ms, FA = 9°, FOV = 256 mm × 256 mm, and voxel size = 1.3 mm × 0.9 mm × 5 mm; these parameters were used for image registration and functional positioning.



2.4. Data processing

Rs-fMRI and structural images were analyzed using the CONN toolbox (Version 18.a). Preprocessing of fMRI and structural images was performed using CONN’s default preprocessing pipeline. The preprocessing pipeline included functional realignment and unwarping, slice-timing correction, outlier identification, segmentation, normalization of functional and anatomical images to the standard Montreal National Institute (MNI) template, outlier rejection, and functional smoothing. The data were smoothed spatially with an 8-mm full width at half maximum Gaussian kernel. The fMRI data were further denoised by using the component-based noise correction method (CompCor) to remove signal contributions from brain white matter, cerebrospinal fluid, and motion parameters. Finally, a temporal bandpass filter of 0.008–0.09 Hz was applied, and linear detrending was performed.



2.5. FC analysis

For seed-based FC analyses, six ROIs—the bilateral caudate, bilateral putamen and bilateral pallidum—were created according to anatomical parcellation atlases included in the CONN toolbox (Harvard-Oxford Probabilistic Atlas, see Figure 1). For the first-level analyses, the average BOLD time series of each seed was correlated with remaining voxels in the brain, and FC connectivity maps were derived by Fisher’s r-to-z transformation to carry out second-level analyses. For the second-level analyses, within-and between-group analysis of results from the T2DM and HC groups was further performed. For within-group comparisons, a whole-brain false discovery rate (FDR)–corrected threshold of p < 0.05 was used to identify areas of significant functional connectivity, and between-group analyses were performed to compare FC changes using two-sample t tests. The results of the seed-based analyses are reported at the following thresholds: uncorrected voxelwise p < 0.001 and cluster-level familywise error (FWE)-corrected p-FWE <0.05. In addition, we investigated the relationship between clinical symptoms and the FC maps of the right caudate seed region. Group-level analysis of variance was conducted, in which the clinical indicators were used as covariates to identify the association between the resting-state FC index and T2DM. In this covariate analysis, correlations between the FC and clinical scores were considered significant at a cluster-corrected p-FWE <0.05.

[image: Figure 1]

FIGURE 1
 Right caudate FC maps. (A) Right caudate seed region. (B) FC maps for the HC group (second-level analysis, p < 0.05, FDR corrected). (C) FC maps for the T2DM group (second-level analysis, p < 0.05, FDR corrected).




2.6. Statistical analysis

We used SPSS 21.0 to analyze differences in demographic and clinical data as well as neuropsychological scores between the T2DM patients and the HCs. The mean ± standard deviation (x ̅± s) and percentage (%) are used to express numerical and categorical data, respectively. The chi-square test was used to compare the gender distributions of the two groups; Kolmogorov–Smirnov tests were performed for each group to verify the normality of other numerical data distributions. Depending on whether the distributions were normal or nonnormal, two-independent-sample t tests and Mann–Whitney U tests were used to identify significant differences between the T2DM and HC groups, p < 0.05 was considered statistically significant.




3. Results


3.1. Clinical and neuropsychological data

The clinical characteristics and neuropsychological data of the patients with T2DM and the HCs are summarized in Table 1. No significant group differences were observed in age, sex, or weight (all p values >0.05). However, the patients exhibited significantly higher levels of HbA1c and FBG than the HCs (all p values <0.05). The patients also performed significantly worse on two neuropsychological tasks, namely, the Alternate Wiring Test and delayed recall (p < 0.05), which mainly involve the cognitive domains of processing speed, executive function and episodic memory (Table 1).



3.2. FC of the striatum sub-regions

FC mappings generated with striatum sub-regions as the seeds were remarkably consistent with previous studies (Supplementary Figures S1–S6). Figure 1 shows the right caudate FC maps of the HC and T2DM groups. Only significant differences in the FC of the right caudate were found between these two groups (p < 0.05, FWE corrected). As shown in Figure 2, significantly reduced FC was observed between the right caudate and the left precentral gyrus in the T2DM patients compared to the HCs. No significant differences in the FC of the left caudate, bilateral putamen and bilateral pallidum were found between these two groups.

[image: Figure 2]

FIGURE 2
 Group differences in right caudate FC maps. (A). Right caudate FC maps for the HC group (p < 0.05, FDR–corrected). (B). Right caudate FC maps for the T2DM group (p < 0.05, FDR–corrected). (C) Group differences in right caudate FC between the HC and T2DM groups in voxelwise whole-brain analysis. Compared to HCs, T2DM patients had reduced FC between the right caudate and left precentral gyrus (p < 0.05, FWE corrected).




3.3. Correlations between fasting glucose and right caudate FC

To test our hypothesis regarding an association between the severity of T2DM variables and right caudate connectivity abnormalities in the T2DM group, we performed a correlation analysis. We found that FBG was significantly positively correlated with the connectivity between right caudate and the LIFG, LFP, RFP and RMFG (see Table 2; Figure 3).



TABLE 2 Correlations with FBG variables in T2DM patients.
[image: Table2]
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FIGURE 3
 Four clusters showed significant correlations between FC with the right caudate and fasting blood glucose (FBG) variables among patients with T2DM (p < 0.05, FDR–corrected). IFG, inferior frontal gyrus; FP, frontal pole; MFG, middle frontal gyrus; FDR, false discovery rate, L Left; R Right.





4. Discussions

In this study, we used rs-fMRI to investigate the frontostriatal circuits in patients with T2DM compared with HCs. We found abnormal FC in the frontostriatal circuits within T2DM patients. The FC between the right caudate nucleus and the left precentral gyrus (LPCG) was significantly reduced in patients with T2DM. Moreover, the FC between the prefrontal cortex (left inferior frontal gyrus, or LIFG; left frontal pole, or LFP; right frontal pole, or RFP; and right middle frontal gyrus, or RMFG) and the right caudate nucleus had a significant positive correlation with FBG. This result suggests that the frontostriatal circuits are involved in the neuropathology of cognitive impairment in T2DM, which might provide a new direction for research into the neuropathological mechanisms of T2DM.


4.1. Alterations in the FC of prefronto-striatal sensorimotor loops in T2DM

Consistent with previously reported findings (Franzmeier and Dyrba, 2017), our study found that the FC between the right caudate nucleus and the LPCG was significantly reduced in patients with T2DM. The frontostriatal sensorimotor loops play an important role in sensorimotor control. Many studies have found that the striatum may contribute to habit formation and motor control by continuously integrating task-relevant information to constrain the execution of motor habits (Albin et al., 1989; Rueda-Orozco and Robbe, 2015; Sales-Carbonell et al., 2018). The caudate nucleus is a critical part of prefronto-striatal loops that have been consistently implicated in behavior (McColgan et al., 2015; Ji et al., 2018). The PCG is the site of the premotor cortex, which mainly manages skeletal muscle movements throughout the body; at the same time, some proprioceptive fibers also project to the PCG to modulate somatosensation (Christensen et al., 2007; Marotta et al., 2021). Previous studies have shown that patients with T2DM have dyskinesias and sensory disturbances. For example, T2DM is associated with decreased muscle strength, postural instability, and gait difficulties (Park et al., 2006, 2009; Kotagal et al., 2013; Cheong et al., 2020). Furthermore, the peripheral neuropathy associated with T2DM may lead to sensory impairments that compromise the function of the motor system (Allen et al., 2016). Thus, deficits in prefrontal-striatal sensorimotor loops between the right caudate nucleus and LPCG may be the neuropathological basis of motor and sensory dysfunction in T2DM.

A number of studies have examined the correlations of FC in frontostriatal sensorimotor loops with movement-related disorders. For example, a previous rs-fMRI study of MDD reported that the frontostriatal sensorimotor loops are involved in psychomotor changes, such as hypo-and hyperactivity (Schmaal et al., 2016). More importantly, structural neuroimaging studies have demonstrated biophysical abnormalities in the head of the caudate nucleus in patients with T2DM and MDD. fMRI studies probing motor inhibition in PD have shown that the frontostriatal systems are functionally impaired (Schernhammer et al., 2011; Kumar et al., 2014; Qin et al., 2021). Thus, our studies support the existence of an association between preexisting T2DM and movement-related disorders (e.g., MDD and PD) at the level of brain function.

However, the pathophysiological mechanism underlying the abnormal FC of prefronto-striatal sensorimotor loops in T2DM has remained unclear. Some studies indicate that changes in brain function are associated with changes in brain structure (Espeland et al., 2013; Karama et al., 2014). Previous studies have found that high glucose and insulin resistance in T2DM promote striatal oxidative stress, alter dopamine neurotransmission, and increase the chance of nigrostriatal neuron damage (Morris et al., 2011; Pérez-Taboada et al., 2020). Another previous study revealed that T2DM was associated with the loss of subcortical gray matter in the caudate nucleus and putamen (Moran et al., 2013). Thus, the damage to striatal structures may be responsible for the FC changes in the frontostriatal sensorimotor loops in the T2DM group.



4.2. Effects of hyperglycemia on the FC of prefronto-striatal circuits in T2DM

A number of studies have reported relationships between FBG and the FC of brain networks or regions in T2DM. For example, some studies have reported that reduced FC is associated with an increase in FBG (Xia et al., 2013; Chen et al., 2014; Liu et al., 2016). In contrast, one study reported that fasting plasma glucose was positively correlated with the FC between the left fusiform gyrus and the right MFG (Guo et al., 2021). In line with this previous study, our present study also found a positive correlation between FBG and the FC between the right caudate nucleus and LIFG, LFP, RFP, and RMFG in patients with T2DM.

The LIFG, LFP, and RMFG are components of the prefrontal cortex, which plays a key role in feeding control, food craving, and metabolic regulation (Li et al., 2013; Gluck et al., 2017). The caudate nucleus is a critical part of the striatum and is involved in mediating hunger and satiety (Holsen et al., 2012), food reward, food-seeking behaviors, and food-related emotion-regulatory memory processes (Schoenbaum et al., 1998; Miller, 2000; Petrovich et al., 2002; Saper et al., 2002). Accordingly, the prefronto-striatal circuits have been demonstrated to exhibit altered FC in organisms with altered feeding behavior. For example, some studies have reported that participants with obesity displayed increased FC between the ventral striatum and the medial prefrontal cortex, which are linked to food craving and weight gain (Contreras-Rodríguez et al., 2017; Contreras-Rodriguez et al., 2019) Our findings may further support the notion that the prefronto-striatal circuit plays an important role in feeding behavior. Abnormal feeding behavior (e.g., excessive eating) is one of the typical clinical symptoms of T2DM and is closely linked to the epidemic of obesity (DeFronzo et al., 2015; Leitner et al., 2017). One possibility is that the FC of prefronto-striatal circuit enhancement may reflect the activation of neural circuits governing food reward in T2DM patients. Furthermore, T2DM is an energy utilization disorder in which blood sugar cannot be converted into energy, resulting in hunger that significantly increases activation in the reward-salience circuitry (ventral striatum, dorsal caudate, anterior cingulate cortex) during the processing of immediate reward (Wierenga et al., 2015), which may be the neural basis for the clinical symptoms of abnormal feeding behavior in T2DM.

Overall, T2DM is a chronic metabolic disease that is closely related to many unhealthy lifestyle habits, including obesity caused by excessive eating. Abnormal FC of the prefronto-striatal circuit may contribute to a reduced ability to control food intake and abnormal eating habits in T2DM, leading to metabolicdisorder.




5. Limitations

This study has some limitations. First, this study had a cross-sectional design and a small sample size, which may have resulted in limited statistical power. We will perform an additional study to confirm the present findings in patients with T2DM. Second, the indicators used in the clinical evaluation were not comprehensive; further studies should add insulin indicators, Motor function, body mass index (BMI), and food addiction (FA) scores. Third, the Increased FBG possibility caused by the FC of prefronto-striatal circuit enhancement to activate the neural circuits governing food reward in T2DM patients, However, we did not measure relevant clinical indicators, We should add food addiction (FA) scores in future studies. Finally, although we demonstrated altered FC of the frontostriatal circuitry in T2DM, its contribution to behavioral and cognitive impairments in T2DM is not fully understood. Further studies should incorporate cognitive tasks and motor function assessments to investigate cognitive and motor dysfunction arising from the frontostriatal circuitry in T2DM.



6. Conclusion

In conclusion, this rs-fMRI study revealed abnormal frontostriatal FC in patients with T2DM. Moreover, this abnormality was closely related to blood glucose, which expands the understanding provided by previous studies and further supports the concept that the frontostriatal circuits play an important role in the pathogenesis of T2DM. Our findings provide important insights into the pathogenetic processes of T2DM.
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Background: The levodopa challenge test (LCT) has been routinely used in Parkinson disease (PD) evaluation and predicts the outcome of deep brain stimulation (DBS). Guidelines recommend that patients with an improvement in Unified Parkinson’s Disease Rating Scale (UPDRS)-III score > 33% in the LCT receive DBS treatment. However, LCT results are affected by many factors, and only provide information on the immediate effectiveness of dopamine. The aim of the present study was to investigate the relationship between LCT outcome and brain imaging features of PD patients to determine whether the latter can be used to identify candidates for DBS.

Methods: A total of 38 PD patients were enrolled in the study. Based on improvement in UPDRS-III score in the LCT, patients were divided into low improvement (PD-LCT-L) and high improvement (PD-LCT-H) groups. Each patient’s neural network was reconstructed based on T1-weighted magnetic resonance imaging data using the Jensen–Shannon divergence similarity estimation method. The network was established with the multiple kernel support vector machine technique. We analyzed differences in individual morphologic brain networks and their global and local metrics to determine whether there were differences in the connectomes of PD-LCT-L and PD-LCT-H groups.

Results: The 2 groups were similar in terms of demographic and clinical characteristics. Mean ± SD levodopa responsiveness was 26.52% ± 3.47% in the PD-LCT-L group (N = 13) and 58.66% ± 4.09% in the PD-LCT-H group (N = 25). There were no significant differences between groups in global and local metrics. There were 43 consensus connections that were affected in both groups; in PD-LCT-L patients, most of these connections were decreased whereas those related to the dorsolateral superior frontal gyrus and left cuneus were significantly increased.

Conclusion: Morphologic brain network assessment is a valuable method for predicting levodopa responsiveness in PD patients, which can facilitate the selection of candidates for DBS.

KEYWORDS
 Parkinson disease, deep brain stimulation, Levodopa challenge test, morphologic brain network, connectome


Introduction

Parkinson disease (PD) is the second most common neurodegenerative motor disorder and affects more than 6 million people worldwide (Feigin et al., 2019). It is characterized by the degeneration of dopaminergic neurons and pathologic formation of Louis corpuscles, leading to motor symptoms such as tremor, muscle stunting, movement retardation, and posture imbalance as well as non-motor manifestations such as sleep, olfactory, cognitive, and mental disorders and autonomic dysfunction (Poewe et al., 2017). According to epidemiologic studies conducted in Europe and the United States, the prevalence rate of PD is 1% in people over the age of 60 years and > 4% in people over the age of 80 years, with the rates expected to rise over the next few decades (Balestrino and Schapira, 2020). The diagnosis of PD is mainly made and the severity determined through clinical examination and follow-up (Tolosa et al., 2021). In China, the treatment approach for PD is long-term, multidisciplinary integrated therapy (Chen S. et al., 2016).

Deep brain stimulation (DBS), especially closed-loop or adaptive DBS, is an essential aspect of PD treatment (Habets et al., 2018). Patients undergo brain imaging including magnetic resonance imaging (MRI) and positron emission tomography–computed tomography (PET-CT) before DBS is performed. The levodopa challenge test (LCT) is also widely recommended before the procedure (Saranza and Lang, 2021). A 30% or 33% improvement in Unified Parkinson’s Disease Rating Scale (UPDRS)-III score in the LCT has been set as a threshold for selecting candidates for DBS (Defer et al., 1999); however, it is unclear how this can predict the effectiveness of the DBS operation. It was reported that patients with a motor symptom improvement rate of <30% in the l-dopa impact test responded well to DBS (Zheng et al., 2021); and at our center, DBS was effective in some patients with <33% improvement in the LCT. As the LCT does not fully reflect brain function, it is important to establish other methods for predicting the response of PD patients to DBS.

Neuroimaging studies have revealed structural and functional alterations in multiple brain networks in PD (Ji et al., 2018). For example, changes in the brain network observed by 18F-fluorodeoxyglucose (FDG)-PET/CT can be used for PD diagnosis and treatment selection for patients (Li et al., 2021a) Voxel-based morphometry (VBM) is a relatively new approach for analyzing MRI data that has objective and quantitative advantages (Lenka et al., 2015). The aim of this study was to determine whether morphologic brain network changes observed by MRI and VBM in patients with PD are associated with LCT results, and can thus be used to identify patients who are likely to respond well to DBS.



Materials and methods


Study population

A total of 38 patients diagnosed with idiopathic PD according to International Parkinson and Movement Disorder Society diagnostic criteria were retrospectively enrolled in the study. All patients underwent implantation surgery for DBS at Huashan Hospital, Fudan University from January 2020 to December 2021. Patients with a history of head trauma, stroke, intracranial tumor, hydrocephalus, and psychiatric illness were excluded. Medical records were thoroughly reviewed to collect detailed information. Written, informed consent was provided by each patient or their legal guardians. The study was approved by the Institutional Review Board of Huashan Hospital and Medical Ethics Committee of Huashan Hospital, Fudan University, Shanghai, China. The procedures used in this study adhered to the tenets of the Declaration of Helsinki.



LCT

The LCT was administered to patients by experienced neurologists at Huashan Hospital. To induce the “off” medication state, dopamine receptor agonists were stopped 72 h before the test, followed by levedopa and other dopaminergic medications 12 h before the test. After the first evaluation of UPDRS-III score as the “off” baseline, 10 mg domperidone was administered orally, followed by a dose of 150% of the standard first morning levodopa equivalent dose 30 min later. UPDRS-III score was assessed every 30 min until 4 h after levodopa intake. The lowest score was recorded as the peak “on” value. Levodopa responsiveness (LR) was calculated as follows: % LR = (“off” UPDRS-III score − peak “on” UPDRS-III score) / “off” UPDRS-III score × 100%. During the test, patients’ heart rate and blood pressure were monitored and any adverse events were recorded.



Image acquisition and preprocessing

MRI was performed on an 3 T Ingenia scanner (Koninklijke Philips N.V., Amsterdam, The Netherlands). Structural 3D T1-weighted images were acquired with the following parameters: axial section thickness, 1.0 mm; no gap; repetition time, 6,900 ms; echo time, 2.9 ms; field of view, 240 × 224 mm × 170 mm; matrix size, 240 × 240 × 170; voxel size, 1 × 1 × 1 mm3; and signal-to-noise ratio (SNR), 1.004. Imaging data were preprocessed using the Computational Anatomy Toolbox (CAT12; http://www.neuro.uni-jena.de/cat/) from Statistical Parametric Mapping 12 (SPM12; http://www.fil.ion.ucl.ac.uk/spm/software/spm12/). Gray matter (GM) was segmented with default parameters and spatially normalized to the Montreal Neurological Institute space, followed by nonlinear modulation to compensate for potential bias. After these steps, a GM volume map was obtained for each subject (a voxel size of 1.5 × 1.5 × 1.5 mm). Spatial smoothing (Gaussian kernel with 6-mm full width at half maximum) was further applied to enhance the SNR of the GM volume map of each patient (voxel size of 1.5 × 1.5 × 1.5 mm). The cerebral cortex was divided into 90 regions (45 per cerebellar hemisphere) based on automatic anatomical labeling (AAL) (Tzourio-Mazoyer et al., 2002).



Individual Jensen–Shannon divergence similarity estimation morphologic brain network construction

Early-stage PD with cognitive impairment can be predicted based on topologically convergent and divergent GM networks (Suo et al., 2021a). The distribution divergence-based method has been used in morphologic brain network investigations including in PD (Yoo et al., 2017; Fiorenzato et al., 2019; Yang et al., 2021). Specifically, Kullback–Leibler (KL) divergence (Suo et al., 2021b) was applied to construct the network according to the following formula:

[image: image]

where P and Q represent probability density functions (PDFs) of voxel intensities from a pair of regions of interest (ROIs). We applied the JSSE to construct individual mathematical relationships for any 2 ROIs to achieve a more accurate and symmetric estimate of morphologic brain connectivity. Based on the ROI parcellation from the AAL atlas, a 90 × 90 region correlation matrix was generated for each patient and the intensity of the ROI was extracted to estimate the corresponding PDF. Morphologic connections were derived as the JS divergence (relative entropy) using the following equation:

[image: image]

where [image: image] are the KL divergence. The JS divergence was used as a measure of morphologic connectivity to generate the adjacency matrix.



Computation of graph metrics

Global and local graph metrics of the morphologic brain network were determined by graph theoretical network analysis (Bullmore and Sporns, 2009) to evaluate individual connectivity patterns. Global graph metrics included clustering coefficient (Cp), small world (σ), global efficiency (Eglobal), local efficiency (Elocal), characteristic path length (Lp), normalized clustering coefficient (γ), normalized characteristic path length (λ), and modularity score (Termenon et al., 2016) and also assortativity, and nodal graph metrics included degree centrality (DC), nodal efficiency (Ne), betweenness centrality (BC), shortest path length, and nodal clustering coefficient (Xu et al., 2020).In this study, synchronization had been adopt. Before calculating the sum of the corresponding node attribute values under the sparse threshold, we compared the network size of different sparse thresholds (0.02–0.5 in steps of 0.01). We then applied the sum of the values of each node as an attribute to train the classifier so that only one value corresponded to a graphical measure.



Feature combination

In order to more accurately predict levodopa responsiveness, connection weight, global metrics, and nodal metrics were combined with the multikernel support vector machine (MK-SVM) technique (Xu et al., 2021). In a case with n training samples with connection values and graph metrics,[image: image], [image: image], and [image: image] represented the connection weight, global metrics, and nodal metrics, respectively, of the ith sample. With [image: image]as the corresponding label, the following problem was solved:

[image: image]

where [image: image] represents the transform from the original space in mth data to the Represent Hilbert Kernel Space (RHKS), [image: image] is the hyperplane in RHKS, and [image: image] is the corresponding combined weight of the mth attribute. The dual form of MK-SVM is represented as follows:

[image: image]

where [image: image] is the kernel matrix of the mth data. After training the model, we tested the new sample: x[image: image]. The kernel between the new test sample and ith training sample in the mth modality was defined as [image: image].

The predictive level based on MK-SVM was formulated using the following equation.

[image: image]

To evaluate the gain in predictive performance of the combined information (ie, connection and global and nodal graph metrics in addition to LCT results), we employed the most commonly used and simplest linear kernel [image: image] according to the following equation.

[image: image]



Feature selection and validation

To determine whether there were differences between the 2 groups, the strictest nested leave-one-out cross-validation (CV) (Li et al., 2017) was used in the construction of connections by combining the information from connection weights and global and nodal graph metrics.

All data processing and classification procedures used in the study are shown in Figure 1.

[image: Figure 1]

FIGURE 1
 Data-processing and classification procedures adopted in the study. The JSSE was chosen to construct the morphological network. Then, the nodal and global graph metrics were computed. In the end,the MK-SVM was adopted to combine these information for comparison.





Results


Demographic and clinical characteristics of the study population

The demographic and clinical characteristics of the study population are shown in Table 1. Age, education, and sex distribution were similar between the 2 groups. According to the results of the LCT, patients were divided into PD-LCT-L (UPDRS-III score improvement rate ≤ 33%) and PD-LCT-H (UPDRS-III score improvement rate > 33%).



TABLE 1 Demographic and clinical characteristics of the study population.
[image: Table1]



Global and local graph metrics of the brain connectome

The global graph metrics of the PD-LCT-L and PD-LCT-H groups are shown in Table 2. Compared with the PD-LCT-H group, hierarchy (Hr) was increased whereas assortativity, Cp, Eglobal, Elocal, Lp, modularity score, synchronization, [image: image] and [image: image]were decreased in the PD-LCT-L group. However, the differences were not statistically significant ([image: image]).



TABLE 2 Global and local graph metrics of the brain connectome.
[image: Table2]



Consensus connections of the morphologic brain connectome

As mentioned above, we selected consensus connections with [image: image] in each inner CV loop. As the selected connections in each loop could differ, we recorded all selected features during the entire training process—i.e., consensus connections. Specifically, we selected significant consensus connections with [image: image] in each loop for a total of 43 (Table 3). Most of these were decreased in PD-LCT-L patients, except for those in the frontal and temporal lobe regions, which were increased. Significant consensus connections in the thalamus and putamen differed significantly between the 2 groups.



TABLE 3 Consensus connections.
[image: Table3]



Degree analysis of the morphologic brain connectome

We visualized the mean degree of each node in the PD-LCT-L and PD-LCT-H groups to compare the degree distribution of the estimated brain connectomes. Specifically, there were 6 significant nodes with the average degree in the PD-LCT-L and PD-LCT-H groups (Table 4). Nodes with a standard deviation degree higher than the mean of the degree of all nodes were identified as degree hub nodes. A comparison of hub nodes between 2 groups in the same modal network revealed that most overlapped. There were also several hub nodes that corresponded to specific groups.



TABLE 4 Six significant nodes with average degree.
[image: Table4]



BC analysis of the morphologic brain connectome

To investigate the BC of the estimated morphologic brain connectome, 5 significant nodes with average betweenness in the PD-LCT-L and PD-LCT-H groups were examined (Table 5). The betweenness of left anterior cingulate cortex, left amygdala, left temporal pole of the superior temporal gyrus, and right parahippocampal gyrus tended to decrease in the PD-LCT-L group compared with the PD-LCT-H group, whereas that of the left precuneus tended to increase.



TABLE 5 Betweenness centrality.
[image: Table5]



Ne and nodal local efficiency analysis of the morphological brain connectome

The Ne values of 4 significant nodes in the PD-LCT-L and PD-LCT-H groups are listed in Table 6. The Ne of the left middle frontal gyrus, left insula, and right thalamus showed a decreasing tendency in the PD-LCT-L group, whereas the Ne of the left precuneus showed the opposite trend. Meanwhile, NLe of the right pallidum and left thalamus tended to decrease whereas both Ne and NLe of the left fusiform gyrus increased in the PD-LCT-L group compared with the PD-LCT-R group.



TABLE 6 Nodal efficiency and nodal local efficiency.
[image: Table6]



Classification performance

We evaluated the classification performance of the combined information and proposed JSSE method based on accuracy, sensitivity, and specificity, which were calculated with the following equations:

[image: image]

[image: image]

[image: image]

where is true positive (ie, number of positive subjects correctly classified in the identification task); FP is false positive (number of negative subjects that were incorrectly classified in the identification task); and TN and FN are the number of true negative and false negative subjects, respectively (see Table 7).



TABLE 7 Classification performance corresponding to different methods.
[image: Table7]

To validate the combined information results, we also determined the single-kernel SVM classification based on connection and global and nodal metrics. The receiver operating characteristic curve showed that the performance of the combined information results were superior to that of the global metric (Figure 2). However, the combination of connection, global metrics, and nodal metrics did not outperform the results obtained using all 4 measurements (ie, including the LCT results).

[image: Figure 2]

FIGURE 2
 The ROC results of different methods.





Discussion

The diagnosis of PD is mainly symptom-based. The heterogeneity of clinical presentation and disease course in PD reflects a complex pathogenesis and can determine the most effective treatment. Stratifying PD patients can facilitate the selection of individually tailored treatment strategies. This study investigated whether morphologic brain networks identified by MRI and analyzed by JSSE can predict the response to DBS in PD patients stratified according to improvement rates in the LCT. The results showed that while there were no significant differences in global graph metrics, the 2 groups differed with respect to DC, BC, Ne, NLe, NCp, and NLp. Thus, combining morphologic brain network characteristics and LCT results can provide detailed information regarding disease state in individual PD patients. Moreover, JSSE applied to T1-weighted MRI data can reveal inter-individual differences in brain connectivity that can inform treatment selection for patients with PD.

LCT is a valuable tool for identifying the optimal treatment for PD and is required prior to DBS. However, the test has certain limitations. First, there is no absolute standard for the results. An LR of 30% was proposed based on a placebo effect observed in one-third of patients, but a value of 33% was set in the Core Assessment Program for Intracerebral Transplantations and Core Assessment Program for Surgical Interventional Therapies in Parkinson’s Disease preoperative protocols (Defer et al., 1999); the latter value had moderately high sensitivity and a specificity of 70% for chronic levodopa, with a positive predictive value of 92.3% and negative predictive value of 32.1% (Schade et al., 2017). Second, LCT results can set certain expectations for operators, follow-up regulators, and patients (Lang and Widner, 2002). However, LCT results may be biased by the patient’s long-term oral drug use as well as psychological and other factors (Anderson and Nutt, 2011). Third, higher-than-usual doses of drug can cause gastrointestinal symptoms, but abrupt discontinuation of dopaminergic drugs can lead to neuroleptic malignant syndrome-like events in PD patients (Ikebe et al., 2003). Other factors such as oral drug dose and test time can also affect the results. For these reasons, most neurosurgeons base their assessment of the patient’s condition and the choice of treatment strategy on other modalities in addition to the LCT (Schade et al., 2017). In this study, the LCT was typically administered early in the morning when the patient was in a fasting state, and a dose of 150% of the standard morning levodopa dose was used. Improvement in motor scores compared with the “off” state was evaluated every 30 min for 4 h. Several patients complained of gastrointestinal symptoms and dizziness.

High-resolution (3.0 T or 7.0 T) MRI can provide information on pathologic changes in the brain of PD patients (Sclocco et al., 2018). Previous brain network-related studies in PD patients have mainly focused on diagnosis; analyzing the relationship between GM network topology and the GM network determined from imaging data and disease severity can provide greater resolution for early diagnosis (Suo et al., 2021b). PD patients have higher Eglobal and Elocal than normal subjects, which are unrelated to their clinical features (Zhang et al., 2015). In studies investigating PD-associated patterns in metabolic brain networks, relatively overactive areas were considered as the source of PD brain network dysfunction (Lin et al., 2008). Some studies on the efficacy of DBS surgery found that structural and functional connectivities were independent predictors of clinical improvement (Horn et al., 2017). However, there have been no studies on the correlation between dopamine impact tests and brain networks. Our results confirm that the morphologic brain network of PD patients with different LCT test results have certain differences that warrant closer examination in future studies.

All patients enrolled in our study were diagnosed with PD by at least 1 neurologist and 1 neurosurgeon. T1-weighted MRI data were acquired before subthalamic nucleus DBS surgery. The graph theory was applied to examine individual morphologic brain networks. Both groups of patients exhibited small-world properties for global and local graph metrics of the brain connectome, and the groups did not differ in terms of nodes and global graph metrics, consistent with previous research (Jia et al., 2015). This suggests that information transmission efficiency in the whole brain was reduced in the early stage of PD disease and remained relatively stable with disease progression. We also found that the connectivity of many brain areas was weaker in the PD-LCT-L group than in the PD-LCT-H group, especially in the temporal lobe, limbic system, and thalamus, reflecting damage to these areas associated with low improvement in the LCT. Connection between the thalamus and cuneus were also altered in the PD-LCT-L group, which has been reported in patients suffering from both PD and cognitive impairment (Li et al., 2020). A correlation has been observed between atrophy of thalamic neurons, reduced thalamic volume, and cognitive function (Chen F. X. et al., 2016). As a key hub of the default mode network, the precuneus is involved in many advanced cognitive functions; impaired connections in the precuneus reflected a decline in the cognitive level of patients in the PD-LCT-L group. Among indicators of complex network operation, the cluster coefficient measures the degree of collectivization of the network, node degree describes centrality in the network, and Eglobal and Elocal represent the network’s global and local transmission capacities, respectively (He and Evans, 2010).

Compared with the PD-LCT-H group, the PD-LCT-L group showed increased connectivity in a few areas of the frontal and temporal lobes, and the cluster coefficients of the dorsolateral superior frontal gyrus and DC, Ne, and NLe of the left fusiform gyrus were increased; moreover, the DC of the left cuneus and left postcentral gyrus and BC of the precuneus were also increased. These brain regions are all related to cognition and movement.From the Figure 3, we observed that the brain areas with increased connectivity in the PD-LCT-L group tended to be on the left side rather than on the right, and the left fusiform gyrus connectome showed a compensatory increase in connectivity. In terms of consensus connections, the right parahippocampal gyrus–right thalamus network was the most prominent. As the main cortical input to the hippocampus, this pathway plays an important role in cognition and emotion, which explains the anxiety and depression observed in patients with poor drug control (Zhang et al., 2019). Another important pathway for consensus connections identified in our study was the orbitofrontal cortex–amygdala and Heschl’s gyrus. The orbitofrontal cortex is essential for processing visual, spatial, and emotional information (Rolls, 2019). We found that this brain area was closely linked to the parietal occipital lobe and was also a central node in the morphologic brain network. Heschl’s gyrus is located in the primary auditory cortex, occupying Brodmann areas 41 and 42; it is the first cortical structure to process incoming auditory information (Abdul-Kareem and Sluming, 2008). We observed significant differences in mood, anxiety, and depression between PD-LCT-L and PD-LCT-H patients; the connection networks related to motor disorders validated in our study may provide insight into the pathophysiology of certain emotional disorders and their relationship to clinical symptoms in PD. We also found that the connection between the thalamus and putamen differed between the 2 groups, with fewer connections in the PD-LCT-L group; this was previously shown to be related to the degree of cognitive dysfunction and tremor severity in some patients with PD (Halliday, 2009; Li et al., 2021b, 2022). Taken together, these findings provide an anatomic basis for evaluating the clinical symptoms of PD as well as potential imaging biomarkers for diagnosis.

[image: Figure 3]

FIGURE 3
 The most consensus connections mapped on the International Consortium for Brain Mapping (ICBM) 152 template using the BrainNet Viewer software package http://nitrc.org/projects/bnv/ and circularGraph, shared by Paul Kassebaumb http://www.mathworks.com/matlabcentral/fileexchange/48576-circulargraph. The connectivity matrices of the fully connected network of PD-LCT -L compared to PD-LCT-H are shown. The 43 most significant connections were retained.


There were several limitation to this study.We havenot adopt multiple comparison correction analysis, such as Bonferroni correction, false discovery rate correction, and we will promote in the future work. Additionally, the data were analyzed retrospectively and could not be stratified according to different PD clinical symptoms. A control cohort would be explored in future investigations.



Conclusion

The results of this study show that JSSE based on MRI data can be used in conjunction with LCT results to identify candidates for DBS among patients with PD. Our findings also provide new insight into abnormalities in the morphologic brain network in PD that can inform individualized treatment decisions.
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1. Mean kurtosis (MK) is low at 33 weeks and decrease significantly at 33-40 weeks. (Preterm and structure)

2. The values of AD, RD, MD, and FA are significantly higher. (Preterm compared with term and structure)

3. EA values are higher at 20 weeks and lower at 35 weeks. (Structure)

4. This region is identified as a higher-order rich-club. (Term, structure, and function)

5. The variance of FC of preterm around 40 weeks is significantly lower than preterm around 34 weeks.
(Preterm and function)

6. This region s a functional hub and can be used brain maturity prediction. (Preterm and function)

1. The connection strength of preterm subjects is lower than that of term subjects. (Preterm compared with
term and structure)

2. This region is identified as a higher-order rich-club. (Term, structure, and function)

3. This region can be used brain maturity prediction. (Preterm and function)

1. MK decreased significantly and is low at 40 weeks. (Preterm and structure)

2. High MD values for cluster containing in this region. (Preterm compared with other clusters and structure)

3. This region s identified as a higher-order rich-club. (Term, structure, and function)

1. It has fast decreasing FA value (preterm at 27-38 weeks) and high MD value for cluster containing this
region. (Preterm and structure)

2. This region contains rich-club nodes. (Term, structure, and function)

3. The FC of it show significant differences from adults. (Preterm and function)

1. MK islow at 33 weeks and decreased significantly. (Preterm and structure)

2. The values of AD, RD, MD, and FA are significantly higher. (Preterm compared with term and structure)

3. FA is high at 20 weeks and low at 35 weeks. (Structure)

4. The variance of FC of preterm around 40 weeks is significantly lower than preterm around 34 weeks.
(Preterm and function)

5. This region is a functional hub and can be used brain maturity prediction. (Preterm and function)

1. The value of FA decreases significantly during 28-38 weeks. (Preterm and structure)

2. This region contains rich-club nodes. (Term, structure, and function)

3. The FC of it show significant differences from adults. (Preterm and function)

1. The values of MK and FA decreased slowly. (Preterm and structure)

2. The lower diffusion rates (MD, AD, RD) in this region. (Preterm compared with term and structure)

3. In'both preterm and term, it contains brain hubs. (Both preterm and term and structure)

4. This region contains rich-club nodes. (Term, structure, and function)
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two-sample t-test. 'X2, derived from the chi-square test. °Z, derived from the
rank-sum test. The data represent the mean = standard deviation (SD). SCD,
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N 6143 69.44 5294 06756
MK_CG 8429 88.89 79.41 0.9061
MK_CN 90.00 09509
MK_GN 62.85 0.6781
MK_CGN 91.43 09510

Structural connectivity (C), Global metric (G), Nodal metric (N); MK-SVM,
multiple kernel support vector machine.
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ROI ROI Mean value
SCD NC

RECL OLEL 0642 1074
CAUR ORBInfR 0463 1072
HESR STGR 0.289 1073
ITGL ORBsup.R 0.526 1073
MOGR I0GR 1133 1072
PHG.L IFGtriang L 0.925 1073
SEGmed.L IFGtriang L 0.877 1073
SMG.L I0GR 0.998 1072
LING.R CALL 1.052 1072
SMG.L SFGdorL 0672 1072
SFGmed.L MOG.L 0.834 1072

RO region of interest.
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Nodal graph metrics Mean value AAL brain regions Sub-network

SCD

Nodal effictency PHGLL DMN
Degree centrality PHGLL DMN
Betweenness centrality ORBInfR DMN
Nodal effictency IFGopercR FIC
Nodal clustering coeffictent PoCGL SH
Betweenness centrality PHGLL DMN
Degree centrality IFGopercR FIC
Nodal efficiency IFGtriang L FIC
Nodal local efficiency PoCGL SH
Nodal efficiency SEGdorR DMN
Nodal shortest path SMAL crc
Degree centrality IFGtriang L FTC
Degree centrality SEGdorR DMN
Degree centrality ORBsupmed L DMN
Nodal effictency ORBsupR FIC

AAL, automated anatomical labeling atlas; DMN, default mode network; FTC, frontoparietal task control; SH, sensory/somatomtor hand; CTC, cingulo-opercular task
control
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Global graph metrics SCD NC

G 0.2946 £ 0.01 0.2949 £ 0.01
Ly 0.9445 £ 0.02 0.9557 £ 0.03
y 0.8123 £ 0.06 0.8044 % 0.07
e 0.5152 £ 0.01 0.5203 £ 0.01
o 0.6899 £ 0.05 0.6762 % 0.06
Eglobal 0.2375 £ 0.00 0.2358 £ 0.01
Elocal 0.3502 % 0.01 0.3497 £ 0,01
Q 13.7664 £ 1.05 135253 £ 112

Cp. clustering coefficient; Egogar, global effictency; Epg, local effictency; Ly,
characteristic path length; NC, normal control; SCD, subjective cognitive
decline; Q. modularity score; y, normalized clustering coefficient; , normalized
characteristic path length; o, small world. * Significant with EDR (0.05).
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S1 SO HCs Fit Post hoc t-tests or

(n=35) (n=17) (n=28) or x2 value p-values
Age (years) 30.86 + 6.84 30.29 + 8.05 30.14 £ 5.00 0.102 0.9032
Gender(male/female) 13/22 6/11 14/14 1.377 0.5020
Handedness (Right/Left) 35/0 17/0 28/0
Education(years) 1451 £3.28 12.94 &+ 3.46 14.61 £ 2.69 1.797 0.1732
liness duration(months) 6.23 + 4.63 6.94 + 3.98 0.544 0.589¢
HRSD-17 scores 22.69 + 3.41 20.18 &+ 2.67 0.89 + 0.88 585.979 S1 > SO > HCs
Anxiety/Somatization 7.31 £1.92 6.41 +£1.66 0.39 £0.57 174.531 S1 > S0 > HCs
Weight loss 0.80 + 0.83 0.06 + 0.24 0 18.741 S1 > S0, HCs
Cognitive disturbances 3.71+£1.78 3.41+1.50 0 64.213 S1, 80 > HCs
Retardation symptoms 6.40 £ 1.42 6.76 + 1.56 0.18 £0.39 253.030 S1, SO > HCs
Sleep disturbances 4.46 £1.42 3.53+1.28 0.32 £0.55 108.570 S1 > S0 > HCs

S1, MDD with GI symptoms; SO, MDD without GI symptoms; HCs, healthy controls; HRSD-17, 17-item Hamilton Rating Scale for Depression.

aThe p-value was obtained by analyses of variance.
bThe p-value was obtained by a chi-square test.
®The p-value was obtained by two-sample t-tests.
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Cluster location Peak (MNI) Number of T-value

voxels

X y z
S1vs. SO
Left Superior MPFC -6 48 39 4 -4.0430
S1vs. HCs
Right Middle Temporal Pole 33 15 -36 27 —4.3420
Left Middle Temporal Pole 42 18 24 25 -4.4823
Left Posterior Cingulate -6 —60 6 40 -4.1788
Cortex/Precuneus
Right Insula 33 27 3 23 3.9262
Bilateral Thalamus g 27 6 50 4.0570
SO vs. HCs
Left Posterior Cingulate -3 —-63 3 23 —-4.0405
Cortex/Precuneus
Right Inferior Frontal Gyrus 48 39 -9 24 4.6179

MNI, Montreal Neurological Institute; GFC, global functional connectivity; MPFC,
medial prefrontal cortex; G, gastrointestinal; S1, MDD with GI symptoms; SO, MDD
without GI symptoms; HCs, healthy controls.
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Region

ORBmid.R
HIPR
LING.R
IPL.L
PCL.L
PUT.L
PUTR
THAR

Nodal graph measure

DC
DC
DC
DC
DC
DC
DC
DC

Mean value
NCs ASD
10.444710  12.631250
12.156180 8.671000
14.650590  11.494000
10.236760  14.680750
3.642941 5.898500
8.951765 11.893500
8.659706 11.134250
6.490000 10.792500

P-value

0.019290
0.013924
0.032529
0.013051
0.039057
0.014066
0.040263
0.000206
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Region Nodal graph measure Mean value P-value
NCs ASD

MOG.R BC 20.34094 34.59861 0.037526

IPL.L BC 49.02761 83.13141 0.012876

PCL.R BC 8.565475 29.38573 0.015691
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Global graph metrics

Ar

Q

Hr
Eg/oca/
Elocal

NCs (mean + SD)

0.1457 0.03
17.4754 1.71
0.0682 0.03
0.2265 0.01
0.3661 0.01
0.3146 0.01
1.0225 0.10
0.56602 0.02
0.7879 0.09
1.0551 0.06
—1.0018 1.25

ASD (mean + SD)

0.15622 0.02
17.9321 1.57
0.0688 0.02
0.2275 0.01
0.3693 0.01
0.3166 0.01
1.0645 0.13
0.5543 0.01
0.8247 0.09
1.0341 0.05
—-1.9170 1.92

Ay, assortativity; ASD, autism spectrum disorder; Gy, clustering coefficient; Egjopal,
global efficiency, Ejncal, local efficiency; Hr, hierarchy; Ly, characteristic path length;
NCs, normal controls; Q, modularity score; Sy, synchronization; y, normalized
clustering coefficient; \, normalized characteristic path length, o, small-world.
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Variable ASD (n =24)
Age (months) 32.29 7.32
Sex (female/male) 6/18

Gesell 39.92 23.68
ABC 93.25 58.08
M-CHAT 27.75 17122
CABS 12.67 6.26

NCs (n =17)

34.94 7.86
5/12
NA
NA
NA
NA

P-value

0.275°

0.7532
NA
NA
NA
NA

Gesell, Gesell Developmental Scales; ABC, Autism Behavior Checklist; M-CHAT,
Modified Checklist for Autism in Toddlers; CABS, Clancy Autism Behavior Scale.

ap-value was obtained by using the Chi-square test.
bp_value was obtained by using a two-sample t-test.





OPS/images/fnagi-14-944485/crossmark.jpg
(®) Check for updates





OPS/images/fnins-16-952067/fnins-16-952067-t001.jpg
Local graph metrics

Degree centrality (DC)

Nodal efficiency (Ne)

Betweenness centrality (BC)

Nodal characteristic path length (NLp)
Nodal clustering coefficiency (NCp)
Nodal local efficiency (NLe)

Global graph metrics

Assortativity (Ar)
Modularity score (Q)
Hierarchy (Hr)

Global efficiency (Egiocar)
Local efficiency (Ejocar)
Clustering coefficient (Cp)
Normalized clustering coefficient (y)
Normalized characteristic path length ()
Small-world (o)
Characteristic path length (Lp)
Synchronization (Sr)
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ROI
index

ROI name

Cerebelum7bR

Gyrus rectus

Inferior frontal gyrus, opercular part
Medial orbital gyrus

Inferior frontal gyrus, opercular part
Paracentral lobule

Anterior orbital gyrus

Amygdala

Supplementary motor area

Vermis7

Anatomical
zonation

Cerebellum
Frontal lobe
Frontal lobe
Frontal lobe
Frontal lobe
Frontal lobe
Frontal lobe
Limbic system
Frontal lobe

Cerebellum
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Method

Static FC
Time variability
High-order features

Time variability +
high-order features

ACC (%)

68.60
71.90
73.55
81.82

SEN (%)

77.19
68.42
75.44
82.46

SPE (%)

60.94
75.00
71.88
81.25

AUC (%)

74.42
75.27
78.84
89.26





OPS/images/fnins-16-952067/fnins-16-952067-g002.jpg





OPS/images/fnins-16-965937/fnins-16-965937-t001.jpg
SZ HC P-value

Numbers 57 64

Gender (male/female) 48/9 45/19 0.072
Ages 36.684 + 13.620 35313 +11.804 0.554
Handedness (L/R/both) 8/48/1 1/62/1 0.022

The ages are denoted as mean = SD. L/R/both: left/right/(both left and right). P-value < 0.05
is marked in bold.
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Region

ORBmid.L
ORBmid.R
SMA.L
PCG.R
MOG.R
SMG.L
PCL.L

Nodal graph measure

NC,
NCp
NCp
NCp
NCp
NC,
NC,

Mean value
NCs ASD
0.342462 0.320918
0.342355 0.321900
0.370547 0.341055
0.191760 0.281514
0.325027 0.294525
0.315014 0.274908
0.241941 0.363027

P-value

0.015702
0.049634
0.024054
0.034550
0.027890
0.044608
0.006307
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Variable

No.

Sex

Female

Male
Paralyzed side
Left

Right

Age (year)
Mean £ SD
Range
Evolution (month)
Mean + SD
Range

Patient group

22

13

11

11

38.86 + 6.92
26-55

1841 +1.14
12-15

aChi-square test; ? Two sample t-test.

Health controls

15

N/A
N/A

356.80 £ 9.27
19-53

N/A
N/A

0.732

0.26°
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Variables HC (n = 49) PD (n = 49)
Education (years) 13.44 + 3.15 12.37 + 4.06
Sex (male/female) 30/19 33/16
Age (years) 5212 +9.84 53.94 + 11.16
UPDRS-IIl score NA 23.2
Disease duration (months) NA 60.2

0.163

0.577

0.832
NA
NA

HC, healthy controls; PD, Parkinson’s disease; UPDRS, unified Parkinson’s

disease rating scale.





OPS/images/fnins-16-848363/fnins-16-848363-g006.jpg
ATTN

Independent Component

Discriminative components in both groups m= Discriminative components in both groups
Discriminative components in MDD group == Discriminative components in NC group

|IC36
IC39
|IC31
1C24
IC33
1C22
1C34
1IC30
1C32
|IC38
IC35
IC19
IC16
1C43
1IC25
IC11

IC4
IC10
1C40
IC18
IC15

IC8

/(:9

4

Myg

ATTN

== MDD
B NC

o_

A_.
o

N
o

30
Frequency

5
o

a1
o

60





OPS/images/fnagi-14-964874/fnagi-14-964874-g002.jpg
- Rich-club organization B

0.986 -

Average strength

0.982 -

0.980

©® Hub regions e Peripheral regions

Deg
8

Strength

’
ve
799
e
51/1 ” A
» L]
AL LA
e DA
ey LAAA
oy FLL AL
2P LAk
vy oA
o DAL
e LA
oy LAAA
2000y LAA
2200 A
e 44

[L-JHC BZIPD





OPS/images/fnins-16-848363/fnins-16-848363-g005.jpg





OPS/images/fnagi-14-964874/fnagi-14-964874-g001.jpg
* Hub analysis

PET MASK Network

« Normalization * AAL atlas « JSSE
* Smooth

* Rich-club





OPS/images/fnins-16-964310/fnins-16-964310-g002.jpg
B Sm

M 9/46d

M perirhinal
[]23ab

[ pIPL

& 35/36r

1 SMA

M alPS

& ventrStr
[C] hippoc

[ 8dl

M ParOp

M 44v

B Granular insula
M S1

LI M1

L1 9m

M pIPS

L rsplC






OPS/images/fnins-16-848363/fnins-16-848363-g004.jpg
ATTN

Independent Component

IC40
IC39
IC38
IC30
1C43
IC36
IC35
IC34
IC33
IC32
IC31
IC24
1C22
IC19
IC16
IC15
IC11

IC4
IC25
IC18
IC10

IC8

B Frequency

0.0

0.5

1.0

15 2.0

Frequency

2.9

3.0

3.9





OPS/images/fnagi-14-964874/fnagi-14-964874-e001.jpg
JSs (PIIQ) = exp(—=Dys (P|Q)) @)





OPS/images/fnins-16-964310/fnins-16-964310-g001.jpg





OPS/images/fnins-16-848363/fnins-16-848363-g003.jpg
VISUAL

& =

ATTENTIONAL

& 2%

SENSORIMOTOR

= 3%

IC10
(-27.5,-95.5,-5.5)

IC24
(-2.5,-65.5,59.5)

IC4

(44.5,-33.5,65.5)

IC19
(18.5,-57.5,6.5)

S &
£3 »
88

IC 25
(2.5,11.5,71.5)

IC 32
(8.5,-92.5,-14.5)

IC 30

L

3

IC8

(-27.5,-20.5,74.5)

IC 34 IC 38
(53.5,68.53.5) (55,-84.544.5)

> 5
a )
g

e
1

IC35 IC 39

(44.5,-59.5,54.5) (41.5,-75.5,39.5) (-45.5,-65.5,45.5)

LS
A

L
"
#

IC11 IC 22
(0.5,-18.5,74.5) (62.5,-33.5,36.5)

IC 16 IC 18 IC 31
(0.5,-72.5,39.5) (0.5,-36.5,-0.5) (0.5,-26.5,-9.5)

A

a
o SF
=
H
=
(I
L
0O
IC 40 IC 15
(0.5,-47.5,74.5) (60.5,-20.5,12.5)

IC 36

AUDITORY

IC33 IC43

(0.5,2.5,74.5) (-48.5,15.5,32.5) (-48.5,20.5,-9.5)

FRONTAL

83
1
&






OPS/images/fnagi-14-964874/fnagi-14-964874-e000.jpg
Dys (PIIQ) = %[DKL (PIIM) + Dgz (QIIM)] 1)





OPS/images/fnins-16-964310/fnins-16-964310-e002.jpg
n
MD=Y" |pi—qi|
=

3)





OPS/images/fnins-16-848363/fnins-16-848363-g002.jpg
[

BOLD fMRI Data T:Component Time Series
GICA ' i

2 2
» »
® "
® ‘5
u "
> 2 ”
10 e -W
. .
L] L]
. .
2 2
2 4 6 8 0 v oW ow ow 2 2 2 4 6 8

Low-order Functional Network

Low-order Functional Network

Stacking )

1 W

. cov(i, j) TS=[r (1), (2 W
9 Construction of Low-order Brain Functional Brain Network )
4 i )
CTS: Relevant Time Seires CTS_
TS, TS,.-- TS, s~ TS, TS, TS a_ a_ Q
81m g1m g1m} a
2m 2m 2m} d:qcé;
. k
— — : <+
x A +hlz
o, ||, o, | GMm}% 2
: R
rg1m|n||TSm-CTSmam||2+ l|a_|[,+ i§1||||2, m=1,2,...,M, A =[0.1,0.2,...,0.9], A,=[0.1/0.2/.../0.9]
\ Sparse Group Il_asso Method y
4 + )
A=0.1, A=0.4 A=0.2, A=04 Multiple sets of (A, A,) value A=0.9,A=04
4 h 4 A 4 )
231
181
121
61
61 121 181 231 61 121 181 231 61 121 181 231
\_ J - J A o
Sub-networks generated by different (A, A,) value
\_ I J
4 + )
231} 462! 693! 924! 1155 1386! 1617 1848'! 2079
9 High-order Functional Hypernetwork )






OPS/images/fnagi-14-964874/cross.jpg
3,

i





OPS/images/fnins-16-964310/fnins-16-964310-e001.jpg
CS=

Z,"_,pqux

N

@)





OPS/images/fnins-16-848363/fnins-16-848363-g001.jpg
BOLD fMRI Data

GICA

N Component Time Series
k2

-
Ll

Division of

Sliding Time Window

.

Low-order Brain Network

Construction of Low-order Brain Functional Brain Network j

Low-order Braln Network
Construction of

Relevant Time Series

N Data Acquisition and Preprocessing )
4 ) 4
Vector Kernel
Multi-kernel
Learning
-
SVM Classifier
A

Classification

Graph Kernel

D T
Difference Feature Local Property Feature
S
B,
~-—3 -
- - ' Y
B High-order Functonal Hypernetwork
N Local Property Feature Extraction and Selection
4 )
Discriminative Feature Subgraph Feature
-

Subgraph Feature Extraction and Selection

Construction of High-order

Brain Functional HyperNetwork
) \_ yp






OPS/images/fnins-16-933825/fnins-16-933825-t003.jpg
MoCA scores

RAVLT immediate recall
RAVLT delay recall
SCWT A (s)

SCWT B (s)

SCWT C(s)

SDMT

TMTA(s)

T™MTB ()

Data are presented as Spearman’s correlation coefficient (r value) and (p-value). RD, radial diffusi

RD in left anterior
thalamic radiation
(n =139)

~0.336 (o < 0.001)
—0.372 [p < 0.001)
~0.402 (o < 0.001)
0225 (0.009)
0321 p < 0.001)
0297 p < 0.001)
~0.356 o < 0.001)
0.298 p < 0.001)
0.305 (p < 0.001)

RD in right anterior
thalamic radiation
(n=139)

~0.391 (o < 0.001)
—0.403 (o < 0.001)
~0.416 (o < 0.001)
0301 (o < 0.001)
0320 (p < 0.001)
0383 (0 < 0.001)
-0333 o < 0.001)
0290 (0.001)
0296 (o < 0.001)

MD in left anterior
thalamic radiation
(n =139)

~0.392 (o < 0.001)
~0.426 (o < 0.001)
~0.451 o < 0.001)
0237 (0.006)
0341 (p < 0.001)
0331 (o < 0.001)
~0.366 (o < 0.001)
0311 (o < 0.001)
0311 o < 0.001)

MD, mean diffusivit

MD in right inferior
frontooccipital fasciculus
(n =139)

~0.368 (o < 0.001)

—-0.357 (p < 0.001)

~0.415 (o < 0.001)
0.261(0.002)
0.240 (0.004)
0.266 (0.002)
~0.266 (0.002)
0.244 (0.004)
0252 (0.003)

MD in major
foeceps
(n=139)

~0.404 (o < 0.001)
—0.402 (p < 0.001)
~0.415 (p < 0.001)
0277 (0.001)
0.298 o < 0.001)
0247 (0.004)
~0.269 (0.001)
0.309 (o < 0.001)
0.245 (0.004)





OPS/images/fnins-16-964310/fnins-16-964310-e000.jpg
pij—max (p;)

B () i ()





OPS/images/fnins-16-848363/fnins-16-848363-e019.jpg
F'b
n= W (20)





OPS/images/fnins-16-933825/fnins-16-933825-t002.jpg
MoCA scores
RAVLT immediate recall
RAVLT delay recall
SCWTA(s)

SCWT B (s)

SCWT C(s)

SDMT

TMTA(s)

T™MTB ()

Data are presented as Spearman’s correlation coefficient (r value) and (p-value). DT, diffusion tensor imaging; FA, fractional anisotropy; AD, axial diffusivity.
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LAN (n = 44) RAN (n = 25) HC (n = 70) Hvalue p-Value Post-hoc

MoCA 21.00 (6.00) 20,00 (9.00) 25.50 (4.00) 38.792 <0.001* RAN<HCLAN<HC
SDMT 39,00 (28.00) 34.00 (34.00) 45.00 (28.00) 10.824 0.004* RAN<HCLAN<HC
RAVLT (mmediate recall) 34.00 (16.00) 3100 (15.00) 47.00 (19.00) 32,651 <0.001* RAN<HCLAN<HC
RAVLT (delay recal) 600(5.00) 5.00 (4.00) 9,00 (5.00) 18.441 <0001 RAN<HCLAN<HC
SCWTA(s) 32,00 (27.00) 36.00 (16.75) 27.00 (14.50) 5714 0057 N/A

SCWTB(s) 49.00 (32.00) 53,00 (24.00) 38,00 (20.00) 15.631 <0001 RAN>HCLAN>HC
SCWTC(s) 129.00 (83.00) 131.00 (64.00) 85.50 (53.00) 24.963 <0.001* RAN>HCLAN>HC
TMTA(S) 5200 (65.00) 67.00 (63.00) 4050 (30.00) 18.100 <0001 RAN>HCLAN>HC
TMT B (s) 170.00 (193.00) 230.00 (191.00) 104.00 (116.00) 16.320 <0.001* RAN>HCLAN>HC

p-Values were obtained by Kruskal-Wallis non-parameter test. H values were obtained by Kruskal-Walls. All data were presented as median (interquartile range). ‘p < 0.05. LAN, left
acoustic neuroma; RAN, right acoustic neuroma; HC, healthy control: N/A, not available.
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2.57 (& 2.12)/3.60 (£ 2.15)
2.11 (& 2.73)/3.0 (£ 2.68)
1.10 (£ 1.76)/1.65 (& 2.30)
17.00 (& 17.29)/27.03 (£ 20.32)

P-value

0.125
0.272
0.449
0.539
0.227

m-NMES-LT group
Pre/Post

2.90 (& 3.66)/6.40 (= 3.95)
1.99 (£ 2.24)/3.43 (& 1.95)
0.89 (& 1.65)/2.78 (£ 2.31)
0.84 (& 1.69)/1.81 (£ 2.67)
13.23 (& 16.17)/29.75 (£ 19.98)

P-value

0.055
0.142
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Demographic characteristics LT group (n=11) m-NMES-LT P-value
group (n=10)

Age (Years), mean (SD) 54.82 (£ 10.25) 57.50 (£ 10.81) 0.566
Male/female (N) 8/3 713 0.890
Time (Month) 2.65 (£ 2.58) 2.44 (£ 1.55) 0.827
‘WAB (Per 3°weeks treatment)
Spontaneous speech 2.45 (£ 3.67) 2.9 (£ 3.66) 0.784
Auditory comprehension 2.57 (£ 2.12) 1.99 (£ 2.24) 0.547
Repetition 2.11 (£ 2.73) 0.89 (£ 1.65) 0.237
Naming 1.10 (£ 1.76) 0.84 (£ 1.69) 0.734

Aphasia quotient 17.00 (£ 17.29) 13.23 (£ 16.17) 0.613
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Patients Group Sex Age
Pt 1 F 57
Pt 2 F 55
Pt 3 F 68
Pt 4 M 46
Pt 5 M 48
Pt 6 M 58
Pt 7 M 75
Pt 8 M 60
Pt 9 M 49
Pt 10 M 46
Pt 11 M 41
Pt 12 m-NMES-LT M 44
Pt 13 m-NMES-LT M 59
Pt 14 m-NMES-LT M 79
Pt 15 m-NMES-LT F 65
Pt 16 m-NMES-LT M 63
Pt 17 m-NMES-LT M 47
Pt 18 m-NMES-LT M 57
Pt 19 m-NMES-LT F 50
Pt 20 m-NMES-LT M 64
Pt 21 m-NMES-LT F 47

Etiology

Hemorrhage

Hemorrhage

n

arc

arc

arc

arc

arc

arc

arc

arc

arc

arc

ion

Hemorrhage

ion

ion
ion
ion
ion
ion
ion
ion

ion

Site of lesion

Basal ganglia
Basal ganglia
Basal ganglia
Basal ganglia
FTP
MCA
Basal ganglia
FTP
Basal ganglia
MCA
Basal ganglia
MCA
FTP
Basal ganglia
Basal ganglia
MCA
MCA
ITP
MCA
MCA
Basal ganglia

Time (month)

0.9
4.77
0.5
9.03
2.03
0.77
42
3.13
1.37
0.4
2.07

1.67

4.33
0.67
3
0.67
0.83
2.43
4.83

Aphasia type

Broca
Transcortical mixed
Wernicke
Global
Global
Global
Global
Global
Transcortical motor
Transcortical sensory
Transcortical mixed
Global
Global
Global
Global
Global
Global
Broca
Transcortical mixed
Global

Broca

WAB (Pre/Post 3°weeks treatment)

SS

4/7
7/12
10/12
0/1
0/0
0/2
0/4
0/3
0/4
0/4
6/7
0/4
1/3
0/3
1/4
1/4
4/9
11/15
719
0/9
4/4

AC

6.8/7.2
3.9/6.3
4.9/5.8
3.2/4.6
0.9/0.3
1.1/2.4
1.1/1.6
0.2/2.7
3.6/3.9
0.2/2.4
2.4/2.4
0.4/2.4
0.5/1.7
0.1/1.1
1/2.5
0.3/2.4
3.8/3.7
6.6/7.9
2.9/3.5
0.2/4.3
4.1/4.8

RT

0.6/2.5
6.9/7.4
6.9/7.5
0/0
0/0
0/0.9
2.1/2.6
2.6/4
0/1
0/1.1
4.1/5
0/0.2
0/0.8
0/1
0/3
0/1.4
0.8/2.5
0.8/6.2
5.2/7.2
0.1/2.1
2/3.4

NM

0.9/4.2
4.4/6.3
4.1/4
0/0
0/0
0/0
0/0
0/0.6
0/0
0/0
2.7/3
0/0
0/0
0/0
0/0.6
0/0
3.1/3.8
4.8/8
0.2/1
0/4.1
0.3/0.6

AQ

24.5/41.8
44.3/63.9
51.8/58.6
6.4/11.2
1.8/0.6
2.2/10.6
6.4/16.4
5.6/20.6
7.2/117.8
12.4/21
24.4/34.8
0.7/13.1
3/11
0.2/10.2
4/20.2
2.6/15.6
23.4/38
46.4/74.2
30.6/41.4
0.6/39
20.8/25.6

Pt, Patient; M, Male; F, Female; MCA, Middle cerebral artery; FTP, Frontotemporal-parietal; ITP, Insula-temporoparietal; WAB, Western Aphasia Battery; SS, Spontaneous speech; AC, Auditory comprehension; RT, Repetition; NM, Naming; AQ,

Aphasia quotient.
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Morphological connectivity (C), global metric (G) nodal metric (N).
C + G + N methods are significantly superior to connection, global, and nodal.
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Region Nodal graph measure Mean values P-value
NCs ASD
ORBmid.R Ne 0.237425 0.258050 0.009147
HIP.R Ne 0.249732 0.219698 0.013432
LING.R Ne 0.271090 0.235913 0.047874
IPL.L Ne 0.224450 0.271096 0.016760
PCL.L. Ne 0.141197 0.191237 0.019205
PCL.R Ne 0.153426 0.205746 0.037053
PUT.L Ne 0.227609 0.254986 0.008673
PUT.R Ne 0.224428 0.248695 0.024248
THA.R Ne 0.202564 0.243955 0.000197
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Characteristics LA patients (n = 23) HC (n=20) P-value Effect size

Age (years) 64.96+7.87 61.80 4 5.81 0.147 022268
Gender (M:F) 14/9 1218 0954 -

Education (years) 10524 1.93 10.50 4 143 0967 0.00589
MMSE scores 2887+ 139 2870122 0675 0.06486
MoCA scores 26484 1.88 2585+ 173 0263 0.17177

Data are pre

ed as the Mean = SD. LA, leukoaraiosis; HC, healthy controls; MM: i-Mental Stat

mination; MoCA,
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Region Nodal graph measure Mean value P-value
NCs ASD

ORBmid.L NLe 0.394183 0.383576 0.042599

SMA.L NLe 0.406270 0.390297 0.034042

PCG.R NLe 0.194410 0.284032 0.037018

PCL.L NLe 0.263333 0.396279 0.003965

THA.R NLe 0.336583 0.365775 0.040534
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Functional connection Local topological properties (P-value)

ICA ICB Hcc! HCC? Hcc® SP HCCPN
4 32 0.007 0.022 0.028 0.003 0.756
4 33 0.002 0.033 0.004 0.005 0.891
8 10 0.022 0.003 0.026 0.691 0.497
8 11 0.002 0.007 0.002 0.415 0.485
8 33 0.000 0.004 0.000 0.004 0.850
10 22 0.094 0.008 0.002 0.074 0.781
10 30 0.049 0.004 0.014 0.163 0.485
11 31 0.001 0.011 0.004 0.277 0.415
15 35 0.001 0.033 0.026 0.963 0.011
15 43 0.094 0.691 0.188 0.891 0.001
16 18 0.012 0.303 0.372 0.285 0.229
16 43 0.828 0.038 0.137 0.114 0.625
18 19 0.461 0.625 0.839 0.730 0.010
18 25 0.040 0.017 0.022 0.074 0.963
19 22 0.021 0.007 0.003 0.000 0.382
24 25 0.963 0.665 0.691 0.426 0.003
24 35 0.142 0.473 0.871 0.891 0.022
25 38 0.294 0.438 0.094 0.817 0.000
31 36 0.001 0.003 0.038 0.147 0.106
32 34 0.016 0.322 0.007 0.005 0.891
34 36 0.268 0.003 0.043 0.449 0.510

ICA and ICB represent two independent components in functional connection; HCC' represents the first type of hypernetwork clustering coefficient based on a single
node; HCC? represents the second type of hypernetwork clustering coefficient based on a single node; HCC?® represents the third type of hypemetwork clustering
coefficient based on a single node; SP represents the shortest path; HCCPN represents the hypernetwork clustering coefficient based on pairs of nodes. The bold values
represents P < 0.05.
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NC (n = 28) MDD (n = 38)

Age (years) 17-51 17-49
(26.6 +9.35) (28.4 + 8.99)
Gender (male/female) 13/15 15/23
Handedness (R/L) 28/0 38/0
HAMD NA 15-42

(22.8 +13.19)

P-value

0.412

0.55P

Data are presented as the range (mean + SD). HAMD, Hamilton Depression
Rating Scale; MDD, major depressive disorder. NA, not applicable; NC, normal
control. @P-value was calculated with the two-sample two-tailed t-test; 5p_vajue

was computed by the two-tailed Pearson’s y 2 test.
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Parameter

Age, years
Education, years
Sex, female/male
Disease duration, years
UPDRS-III

H&Y scale
FOGQ

MMSE

MoCA

FAB

TUG

HDRS

HARS

HC(n = 23)

64.2+3.5
10.32 £ 2.4
14/9
NA
NA
NA
NA
26.32 £1.58
NA
NA
NA
NA
NA

PD FOG+ (n = 21)

65.5 £6.3
9.46 +£ 3.5
11/10
5.94 +5.35
23.42 + 6.53
2.43 +£0.563
9.39 &+ 5.62
25.55 + 4.21
21.21 £4.43
18.6+£2.4
126+1.4
7.84 +£6.25
11.43 £6.52

PD FOG- (n = 34)

64.7 + 8.3
10.38 £4.3
1717
3.183+3.25
22.31 £ 9.36
21834+ 0.45
1.24 £1.37
25.75+ 4.35
21.5683 + 5.52
1569+13
1707
9.65 + 6.24
10.36 £ 7.45

Data are shown as the mean = standard deviation. *P < 0.05; @one-way analysis of variance; Pchi-squared test; °mean white U-test.
FAB, Frontal Assessment Battery;, FOGQ, Freezing of Gait Questionnaire; H&Y, Hoehn and Yahr, HARS, Hamilton Anxiety Rating Scale; HDRS, Hamilton Depression
Rating Scale; HC, healthy control; MMSE, Mini-mental State Examination; MoCA, Montreal Cognitive Assessment; NA, not applicable; PD FOG+, Parkinson’s disease

with freezing of gait; PD FOG-, Parkinson’s disease without freezing of gait; TUG, Timed Up and Go; UPDRS, Unified Parkinson’s Disease Rating Scale.

P-value

0.3022
0.392
0.713°
0.0063°
0.21°
0.18°
<0.001¢*
0.5762
0.363°
<0.001¢*
<0.001°*
0.35°
0.76°
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AD:MCI AD:HC MCI:HC AD:HC:MCI

References Acc Pre Rec Acc Pre Rec Acc Pre Rec Acc Pre Rec
Ortiz et al. 84.00 - 79.12 90.09 - 86.12 83.14 - 67.26 -

Luna et al. - - - - - - 78.90 79.39 78.49

Liu et al. 86.30 - 84.55 93.08 - 92.67 87.24 - 85.55 -

Sarraf et al. - — 96.85 = = - =

Xu et al. 95.30 - 94.50 97.18 - 94.92 89.53 - 88.67 -

Hasan et al. 9592 96.00 96.00 = ~ - = = ~ — -
CoT-ResNet-18(ours) 95.72 93.43 93.91 94.34 92.49 93.60 89.44 90.92 93.89 88.31 - -

CCS-ResNet-50(ours) 96.23 94.87 93.91 97.90 96.47 98.40 91.75 92.98 94.40 88.61 - -

Bolded numbers indicate the maximum value of the column.
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Classification Model Accuracy
task
AD:MCI:HC VGG-16 84.38
ResNet-18 86.79
ResNet-50 87.30
ResNet- 87.30
50+Channel
Shuffle
CoT-ResNet-18 88.31
(ours)
CCS-ResNet- 88.61
50
(ours)

Bolded numbers indicate the maximum value of the column.
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Classification Model Accuracy Precision Recall
task
MCI:HC VGG-16 86.96 90.05 89.82
ResNet-18 87.62 88.78 92.62
ResNet-50 88.45 88.00 95.17
ResNet- 90.76 94.69 90.84
50+Channel
Shuffle
CoT-ResNet-18 89.44 90.92 93.89
(ours)
CCS-ResNet- 91.75 92.98 94.40
50
(ours)

Bolded numbers indicate the maximum value of the column.
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Classification Model Accuracy Precision Recall
task
AD:HC VGG-16 93.29 92.65 85.52
ResNet-18 94.01 92.09 93.20
ResNet-50 94.98 93.28 94.40
ResNet- 96.76 94.67 96.38
50+Channel
Shuffle
CoT-ResNet-18 94.34 92.49 93.60
(ours)
CCS-ResNet- 97.90 96.47 98.40
50
(ours)

Bolded numbers indicate the maximum value of the column.
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Classification Model Accuracy Precision Recall
task
AD:MCI VGG-16 91.84 91.62 91.62
ResNet-18 93.66 94.44 86.29
ResNet-50 95.21 92.46 93.40
ResNet- 95.72 95.74 91.37
50+Channel
Shuffle
CoT-ResNet-18 95.72 93.43 93.91
(ours)
CCS-ResNet- 96.23 94.87 93.91
50
(ours)

Bolded numbers indicate the maximum value of the column.
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Categories Number of Age Gender
subjects

AD 200 75+£7.9 118M/82F

MCI 187 77 +72 116M/72F

HC 116 77 +£53 59M/57F
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ROl names full (abbrev)

Left Frontal Medial (LFMC)

Left Frontal Pole (LFP)

Left Frontal Pole (LFP)

Left Lingual (LLG)

Left Middle Frontal (LMFG)

Left Middle Frontal (LMFG)

Left Postcentral (LPG)

Left Superior Frontal (LSFG)
Right Central Opercular (RCOC)
Right Cingulate anterior (RCGad)
Right Frontal Pole (RFP)

Right Lateral Occipital inferior (RLOCid)
Right Middle Frontal (RMFG)
Right Middie Frontal (RMFG)
Right Postcentral (RPG)

Right Superior Frontal (RSFG)

Young group mean ( std)

064 (+0.13)
0.49 (+ 0.10)
096 (+0.47)
047 (+0.15)
057 (+0.11)
056 (+ 0.13)
061 (+0.13)
0.42 (+ 0.08)
057 (+0.14)
0.46 (+ 0.13)
081 (+ 0.40)
059 (+0.11)
052 (4 0.18)
051 (+0.10)
064 (+ 0.14)
0.43 (+ 0.08)

Old group mean ( std)

0.44 (£0.12)
036 (+0.09)
0.42 (£0.19)
028 (+0.05)
0.41 (£0.11)
037 (+0.09)
0.43 (+0.11)
032 (+0.07)
0.41 (4 0.08)
028 (+0.05)
038 (+0.20)
0.42 (4 0.11)
0.32 (+ 0.09)
034 (£0.10)
0.47 (+0.11)
032 (+0.08)

Peorrected

0.0336
0.0396
0.0363
0.0252
0.0376
0.0201
0.0376
0.0460
0.0470
0.0311
0.0460
0.0399
0.0401
0.0382
0.0444
0.0391
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Layer name

Conv1
Conv2.x

Conv3.x

Conv4.x

Convb.x

Output size

112 x 112
56 x 56

28 x 28

14 % 14

7x7

1x1

ResNet-50

7 x 7 64 stride 2
3 x 3 max pool stride

[ 1 x1conv2d, 64 ]
3 x 3 conv2d, 64
L 1 x 1convad, 256 |

1 x 1 conv2d, 128 7]
3 x 3 conv2d, 128
L 1x 1convad, 512 |

[ 1 x 1 conv2d, 256 ]
3 x 3 conv2d, 256
| 1 x 1convad, 1024 |

[ 1x1conv2d, 512 ]
3 x 3 conv2d, 512

L 1 x 1convad, 2048 |

2

x 3

x 4

x B

x 3

average pool, 1000 —d fc,

softmax

CCS-ResNet-50

7 x 7 64 stride 2

3 x 3 max pool stride 2

[ 1 x 1 Georwza, 64
Channel Shuffle
CoT, 64
| 1 x 1 Geonv2d, 256 |
[ 1 x 1 Geonvaa, 128
Channel Shuffle
CoT, 128
| 1 x 1 Geonv2d, 512 |
1 %1 Gceonv2d, 256 ]
Channel Shuffle
CoT, 256
| 1 x1Geonv2d, 1024 |
[ 1 x1Geonvad, 512 ]
Channel Shuffle
CoT, 512

| 1 x 1 Geonv2d, 2048 |

x 3

x 4

x 6

x 3

average pool, 1000 —d fc, ;

softmax
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Layer name

Conv1
Conv2.x

Conv3.x

Conv4.x

Convs.x

Output size

112 x 112
56 x 56

28 x 28

14 % 14

X7

1x1

ResNet-18

7 x 7 64 stride 2
3 x 3 max pool stride 2
3 x 3 Convad, 64
{3 x 3 Convad, 64:| *
{3 x 3 Convad, 128:| o
3 x 3 Conv2d, 128
{3 x 3 Convad, 256:| i
3 x 3 Conv2d, 256
3 x 3 Conv2d, 512
|:3 x 3 Conv2d, 512:| *
average pool, 1000 —d fc,
softmax

CoT-ResNet-18

7 x 7 64 stride 2
3 x 3 max pool stride 2
3 x 3 Convad, 64
%2
CoT, 64
3 x 3 Conv2d, 128
X 2
CoT, 128
3 x 3 Convad, 256
X 2
CoT, 256
3 x 3 Conv2d, 512
x 2
CoT, 512
average pool, 1000 —d fc,
softmax
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Number  Agerange  Agemean (£std)  Gender (M:F)

DataSet 196 4-85 34.96 (4 20.04) 120:76
Young 53 4-20 13.79 (+ 4.18) 29:24
oid 31 60-85 70.26 ( 7.20) 14:17
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Method Research Accuracy (%) Sensitivity (%) Specificity (%) BAC (%)

TBFN Local properties 74.24 78.95 67.86 73.41
Subgraph feature 1272 76.32 67.86 72.09

Fusion feature 78.79 81.57 75.00 78.29

rs-HOFN Local properties 84.84 89.47 78.57 84.02
Subgraph feature 81.82 86.84 75.00 80.92

Fusion feature 89.39 92.11 85.71 88.91

rs-FHN Local properties 86.42 89.00 82.92 85.96
Subgraph feature 80.30 82.42 77.00 79.71

Fusion feature 89.18 90.95 86.77 88.86

rs-HOFHN Local properties 89.55 93.95 83.57 88.76
Subgraph feature 84.69 87.05 81.48 84.27

Fusion feature 92.18 93.63 90.20 91.92

Star expansion Yang et al. (Liet al., 2017) 7410 76.50 70.00 73.20
LASSO Yang et al. (Li et al., 2019) 75.40 64.30 84.90 74.60
Elastic net Guo et al. (2018a) 86.36 92.10 81.57 86.83
Group LASSO Li et al. (2020) 81.74 84.74 77.68 81.21

TBFN represents traditional simple binary functional network model; rs-HOFN represents resting state high-order functional network; rs-FHN represents resting state
functional hypernetwork; rs-HOFHN represents resting state high-order functional hypernetwork; star expansion represents resting state functional hypernetwork based
on star expansion method; LASSO represents resting state functional hypernetwork constructed by LASSO method; Elastic net represents resting state functional
hypernetwork constructed by Elastic net method; Group LASSO represents resting state functional hypernetwork constructed by group LASSO method. Fusion feature
represents local properties combined with subgraph feature. BAC represents balanced accuracy.
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Groups MDD patients Healthy controls
Clinical variables (mean + SD) (mean + SD)
(mean + SD) S

Sex (M/F) 5/24 2/23
Age (years) 34.48 + 14.83 35.00 + 13.91
Education (years) 12.72 £ 3.81 14.68 + 3.96
Duration (months) 36.68 + 30.81 -
Depressive 1.76 £ 0.83 -
episodes

Smoke(Y/N) 2/29 0/25
BMI 21.52 + 3.44 21.61 + 2.56
HAMD-17

Baseline 22.79 + 4.84* 3.07 £1.21
After treatment 5.86 + 2.93%# -
Hs-CRP (mg/l)

Baseline 0.88 + 1.07* 1.11+£1.07
After treatment 0.36 £ 0.51* =
TNF-a(pg/ml)

Baseline 48.45 + 29.29% 41.35 +15.86
After treatment 16.65 + 8.08™ -

IL-6 (pg/ml)

Baseline 6.65 + 4.62* 7.89 +3.84
After treatment 4.44 +£2.81* -

Values are represented as mean £ SD. *p < 0.05, ®p < 0.01, pretreatment
major depressive disorder vs. controls or post-treatment major depressive disorder
vs. controls.*p < 0.05, #p < 0.01, pretreatment major depressive disorder vs.
post-treatment major depressive disorder. SD, standard deviation;, MDD, major
depression disorders; HAMD-17, 17-item Hamilton Rating Scale for Depression;
hs-CRR, high-sensitivity C-reactive protein; TNF-o, tumor necrosis factor (TNF)-o;
IL-6, interleukin (IL)-6.
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Delayed memory composite score Independent variables B t-value F AF R2 AR?

Step 1 7.13* 0.07
Sex 0.26 2.67*
Step 2 6.12** 4.83* 0.11 0.04
Sex 0.23 2.48*
Fornix RD —0.21 —2.20*
Step 3 7.44*** 9.91% 0.18 0.07
Sex 0.26 2.84**
Fornix RD —0.38 —3.54**
Hippocampal cingulum RD 0.33 3.02**
Step 4 6.89*** 4.48* 0.22 0.04
Sex 0.26 2.91**
Fornix RD —0.48 —4.16***
Hippocampal cingulum RD 0.35 3.29*+*
RS salience —0.21 —2.12*

Variables entered into model: age, sex, ABa2/ABao, p-tautgy, entorhinal volume, hippocampal volume, fornix RD, hippocampal cingulum RD, salience network functional
connectivity. RD, radial diffusivity; RS, resting state. *p < 0.05; *p < 0.01; **p < 0.001. Bolded values represent statistically significant findings.
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Delayed memory composite score

Step 1

Step 2

Step 3

Step 4

Step 5

o < 0.06; *p < 0.05; *p < 0.01; **p < 0.001. RD, radial diffusivity; RS, resting state. Bolded values represent statistically significant findings.

Independent variables

Age
Sex

Age
Sex

ABa2/ABao
P-tau1gy

Age

Sex

ABa2/AB4o

P-tau1gy

Entorhinal volume
Hippocampal volume

Age

Sex

ABa2/AB40

P-tausgy

Entorhinal volume
Hippocampal volume
Fornix RD

Hippocampal cingulum RD

Age

Sex

ABa2/AB40

P-tau1gy

Entorhinal volume
Hippocampal volume
Fornix RD
Hippocampal cingulum RD
RS control

RS default

RS limbic

RS dorsal attention
RS salience
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Variables HC SF NSF P value
(n =51) (n =39) (n=16) HC vs SF HC vs NSF SF vs NSF

Age, years, mean (range) 30.7 (18-56) 28.1 (14-55) 33.3 (17-56) 0.34 0.37 0.07
Sex (female/male) 19/32 18/21 7/9 0.40 0.64 0.87
Handedness (right/left) 51/0 39/0 16/0 > 0.99 >0.99 > 0.99
Age at onset, years, mean (range) - 14.1 (1-32) 15.5 (1-45) - - 0.69
Epilepsy duration, years, mean (range) - 14.0 (1-32) 17.8 (3-37) - - 0.16
Lesion side (right/left) - 18/21 11/5 = = 0.13
All Seizures Frequency, per month, mean (range) - 9.9 (1-33) 11.7 (3-45) - - 0.49
GTCS Frequency, per month, mean (range) - 1.3 (0-13) 1.3 (0-5) - - 0.99
Status Epilepticus - Fr=2 n=3 - - 0.11
Number Of Meds Failed, mean (range) - 4.3 (2-8) 4.2 (2-7) - - 0.79
MTS On Pathology - 28 13 - - 0.46
Interictal EEG (Lat/Not Lat) o 39/0 12/4 = - 0.0012
Ictal EEG (Loc/Not Loc/No Records) - 16/4/19 7/0/7 - - 0.44
Follow-up, months (range) - 18.2 (12-24) 18.8 (12-24) - - 0.74
Type Of Surgery (ATL/SelAH/TLL) - 28/5/6 11/2/3 - - 0.95

Values are given as mean (range). Statistical differences are listed between HC and SF (HC vs SF), HC and NSF (HC vs NSF), and SF and NSF (SF vs NSF). Chi-square
test was used for categorical variables. ATL, anterior temporal lobectomy; EEG, electroencephalography; GTCS, generalized tonic clonic seizures; HC, healthy controls;
Lat, lateralized; Loc, localized,; Meds, anti-epileptic medications; MTS, mesial temporal sclerosis; NSF, not seizure-free; SelAH, selective amygdalohippocampectomy; SF

seizure-free; TLL, temporal lobe lumpectomy.
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Variable Participants (n = 107)

Age in years, mean (SD) 69.01 (8.53)
Sex, females (%) 60.70%

Education, mean years (SD) 17.50 (2.09)
MMSE score, mean (SD) 29.33 (0.92)
CVLT long delay free recall, mean (SD) 14.25 (2.08)
LM delayed recall, mean (SD) 17.27 (3.08)

MMSE, Mini-Mental State Examination; CVLT, California Verbal Learning Test;
LM, Logical Memory.
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TLE-IAS Control Significance

Age (years) 26.0 (10.2) 25.7 (10.0) 0.111

Age range (years) 6-55 5-48 -

Sex (male: female) 42:34 32:28 0.982

Onset age of seizure (years) 14.8 e -
©.7)

Duration of seizure (years) 11.0 - -
(7.6)

SEEG 12 - -

Postoperative pathology

FCD 10 - -

HS 19 - -

Tumor 2

Other 17 - -

Epileptogenic zone

Left temporal lobe 41 - -

Right temporal lobe 35 = =

Values are presented as mean (SD). FCD, focal cortical dysplasia; TLE-IAS,
temporal lobe epilepsy with impaired awareness seizures; HS, hippocampal
sclerosis; NS, not significant; SEEG, stereo-electroencephalography.
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Cluster-level Voxel-level  p Fwe-corrected Peak coordinates Anatomical region Brodmann
ke T %, ¥, 2) (mm) area

TLE versus control

4456 783 0.000 16 20 30 Right cingulate gyrus
755 0.000 —14 -6 40 Left cingulate gyrus
731 0.000 —14 28 2 Left anterior cingulate
57 6.09 0.000 -32 -4 30 Left parietal lobe
31 5.46 0.002 16 -54 48 Right precuneus
53 5.46 0.002 —14 -40 -28 Left cerebellum anterior lobe
22 5.16 0.005 18 -36 -30 Right cerebellum anterior lobe
36 496 0011 38 -8 -6 Right temporal lobe
179 -6.05 0.000 42 —22 -30 Right fusiform gyrus
-5.96 0.000 42 ~14 -38 Right fusiform gyrus
—5.74 0.000 50 ~14 -36 Left inferior temporal gyrus
50 -5.43 0.002 -32 -62 56 Left superior parietal lobule
a7 —5.42 0.002 42 12 —40 Right middle temporal lobule
—5.21 0.004 46 14 —32 Right superior temporal gyrus 38
—4.98 0012 40 4 —44 Right middle temporal lobule
25 -5.32 0.003 58 4 -16 Right middle temporal lobule
—4.92 0013 52 10 —24 Right superior temporal gyrus 39
225 -5.28 0.003 48 —44 54 Right inferior parietal lobule
-5.25 0.004 40 -50 56 Right inferior parietal lobule
—5.06 0.008 28 -70 52 Right superior parietal lobule 7
7 —5.27 0.003 66 -16 -4 Right middle temporal lobule 21
27 -5.21 0.004 62 -2 6 Right superior temporal gyrus 22
49 —5.14 0.006 32 44 38 Right superior frontal gyrus
—4.68 0.032 42 42 28 Right middle frontal gyrus
26 —4.89 0015 —26 34 50 Left middle frontal gyrus
—4.68 0.031 -30 38 44 Left midde frontal gyrus 8
Left TLE versus control
875 6.93 0.000 -20 -28 0 Left cingulate gyrus
6.14 0.000 ~14 -6 40 Left cingulate gyrus
524 0.006 —16 6 40 Left cingulate gyrus
389 632 0.000 16 20 30 Right cingulate gyrus
6.28 0.000 18 38 12 Right frontal lobe/sub-gyral
6.06 0.000 —16 28 24 Left anterior cingulate
529 628 0.000 36 —42 32 Right parietal lobe/sub-gyral
601 0.000 24 -6 34 Right parietal lobe/sub-gyral
5.86 0.001 24 -26 34 Right frontal lobe/sub-gyral
432 6.14 0.000 32 -28 -8 Right lateral ventricle/hippocampus
5.58 0.002 40 -6 -18 Right temporal lobe
557 0.002 42 —42 -10 Right temporal lobe
81 5.64 0.001 20 16 18 Right extra-nuclear
5.00 0.016 18 24 -4 Right frontal lobe/sub-gyral
882 -6.83 0.000 —60 -8 -12 Left middle temporal gyrus
-6.58 0.000 —40 -18 —32 Left fusiform gyrus
-6.52 0.000 —52 8 -6 Left Superior temporal gyrus
% -5.11 0.003 -34 -60 54 Left superior parietal lobuie 7
45 -4.91 0.007 46 -46 54 Leftinferior parietal lobule
28 —4.84 0.009 —28 60 14 Left middle frontal gyrus 10
21 —4.72 0015 -26 46 36 Left superior frontal gyrus 9
ight TLE versus control
1384 701 0.000 —14 -4 40 Left cingulate gyrus
678 0.000 —14 a2 -2 Left anterior cingulate
661 0.000 —14 28 22 Left anterior cingulate
312 6.64 0.000 18 2 32 Right cingulate gyrus
5.26 0.008 10 8 30 Right cingulate gyrus
5.16 0011 18 38 12 Right frontal lobe/sub-gyral

61 583 0.001 i —44 30 Left parietal lobe/sub-gyral
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Characteristic CD patients Healthy controls P-value
(n = 20) (n=22)
Gender (male/female) 8/12 10/12 0.7212
Age (years) 33.00 + 13.35 37.82 +£7.40 0.1510
CDAI 196.03 £ 33.43 N/A
SAS 35454732 N/A
SDS 41.60 + 7.38 N/A
Disease duration (months) 61.00 + 70.58 N/A

ay?2 test; Pindependent t-test for continuous data (mean + SD). CD, Crohn’s
disease; CDAI, CD activity index; SAS, Self-rating Anxiety Scale; SDS, Self-rating

Depression Scale; and N/A, not applicable.
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RSNs Region Voxel size t-value Peak MNI coordinates

label
X y z
Prime visual
Negative Left 28 -3.072 -9 —66 12
calcarine
Language
Positive Left middle 36 3.923 51 —51 15
temporal

Negative, CD < healthy control; Positive, CD > healthy control; MNI, Montreal
Neurological Institute.
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Contrast Name MNI Coordinates

ROI-seed Region Extent t-value X y z
label

PoG_L_1 Positive Tha L_8 21 47168 —18 —18 0

Tha_R_2 13  4.6085 15 —6 6

Negative PoG_L_3 47 —6.1465 —-60 —-15 30

PoG_R_1 12 —4.7988 48 -21 57

PoG_L_2 Positive INS_L_6 50 54193 -33 0 15
Tha_R_2 117 51319 16 —6

Tha_R_5 117 4.4707 9 -30 3

Tha L_8 61 44567 —-156 —-18 9
Negative MTG_L_1 75 -59152 -63 -36 -6
PoG_L_3 67 -—-4.8182 -57 —-15 30

MTG_R_4 42 —4.8052 63 -3 -15
SFG_L_3 36 —-4.7037 -—-12 57 27
PoG_R_1 16 —-4.5723 48 -21 57
PCun_L_3 33 —4.5277 -18 75 27
PCun_R_.3 20 -—-4.5268 21 —69 30
OrG_L_6 17 —4.2139 48 30 -—-12
LOcC_R_1 21 —4.1363 30 —81 9
MTG_R_1 10 —-4.026 69 —-24 —12
PoG_R_2 Negative MVOcC_R .6 20 —5.348 9 —-75 30

PoG_L_1 40 -5.0868 —54 -6 21

PCun_L_.3 20 —-4.8597 -18 75 27

PoG_L_3 Positive MFG_R_4 11 42102 36 51 21
Tha L 5 29 48051 -—12 -9 9

Tha_R_8 28  4.8348 12 -9 9

Negative PoG_L_2 35 —-4.7809 -60 15 27

The corrected threshold of p < 0.05 was determined by Monte Carlo simulation.
MNI, Montreal Neurological Institute; INS, Insular Gyrus; LOcC, lateral Occipital
Cortex; MFG, Middle Frontal Gyrus; MTG, Middle Temporal Gyrus; MVOcC,
MedioVentral Occipital Cortex; OrG, Orbital Gyrus; PCun, Precuneus; PoG,
Postcentral Gyrus; SFG, Superior Frontal Gyrus; Tha, Thalamus. L, left: R, right.
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Contrast Name

MNI Coordinates

Region Label Extent t-value X y z

Positive PoG_L_3 11 5.208 57 —24 48
PoG_L_3 10 5.208 —57 24 48

Negative PoG_R_1 32 —5.038 51 —-15 48
PoG_L_1 32 -5.038 51 —15 48

PoG_R_1 26 —4.422 63 —6 24

PoG_L_1 18 —4.422  —63 —6 24

The corrected threshold of p < 0.001.
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TLE-IAS, temporal lobe epilepsy with impaired awareness seizures; ke, cluster size; FEW, family wise error.
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CAl

n (male/female) 25 (10/15)

Age (year), mean (SD) 26.24 (5.33)
Height (cm), mean (SD)  169.16 (6.57)
Weight (kg), mean (SD)  62.76 (15.00)

CAIT, mean (SD) 12.68 (4.96)
AOFAS, mean (SD) 62.56 (11.72)
KPAFS, mean (SD) 50.88 (156.19)

Control t/x 2

39 (19/20) 0.47
27.79(4.69)  1.23
168.74(9.25)  —0.21

64.91(14.19)  0.58
2059(0.88)  16.86
99.74(1.60)  15.78
98.33(2.89)  15.44

p-Value

0.492
0.220
0.83°
0.57°

<0.0001°

<0.0001°
<0.0001P

aChi-square test. ®Independent t-test. SD, standard deviation; CAl, chronic ankle
instability; CAIT, Cumberland Ankle Instability Tool; AOFAS, American Orthopedic
Foot and Ankle Society Score; KPAFS, Karlsson-Peterson Ankle Function Score.
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Region BA  Cluster t-value for MNI

size peak voxels coordinates, mm
X y z
PTs > HCs
Postcentral_ R 3 558 4.05 48 —24 60

BA, Brodmann area; MNI, Montreal Neurological Institute; PTs, CAl patients; HCs,
healthy controls; Postcentral_R, the right postcentral gyrus.
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Region BA Cluster t-value for MNI

size peak voxels coordinates, mm
X y z
PTs < HCs
Frontal_Mid_Orb_R 46 295 —-4.10 42 51 -6

BA, Brodmann area; MNI, Montreal Neurological Institute; PTs, CAl patients; HCs,
healthy controls; Frontal_Mid_Orb_R, the right middle frontal gyrus, orbital part.
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Region BA  Cluster t-value for MNI

size peak voxels coordinates, mm
X y z
PTs > HCs
Precentral_R 6 322 5.21 42 -9 66
Frontal_ Mid_R 9 196 4.33 39 27 54

BA, Brodmann area; MNI, Montreal Neurological Institute; PTs, CAl patients; HCs,
healthy controls; Precentral_R, the right precentral gyrus, Frontal_Mid_R, the right
middle frontal gyrus.
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Global graph metric PD-LCT-L PD-LCT-H ¥

Ar 01809 £ 0.04 01827 0,04 a0t
¢ 17.6011 220 18.2621 £ 245 0.4451
Hr 00169 £ 0.02 00439 % 0,02 06520
Hglabal 02171001 02158% 001 0.6663
Elocal osenn o0 oseis 001 025
N 03159 0,01 03196 % 001 02432
4 10029 % 0.12 L0254 0.15 0.6088
4 05780 0.02 05805 % 0.04 07954

07598 0.09 07798 % 0.10 05133

10962 0.07 11021 % 008 0.8222

~11078* 165 7% 126 0.7218

Ap »assortativi

Cp . clustering coefficient; Eglobal ,global eficiency; Ejoa] »local efficiency Hr , hierarchy; Ly , characteristic path length; PD-LCT-H, Parkinson discase
patients with high improvement on the levodopa challenge test; LCT-L, Parkinson disease patients with low improvement on the levodopa challenge test; Q , modularity score; Sy ,
synchronization; y, normalized clustering coefficient; 2, normalized characteristic path length; o, small-world,
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Variable

Age, years.

Sex (male/female)
Education
lliteracy
Primary school
Middle school
University
Disease duration

(months)

PD-LCT-L

(N=13)
63.38+3.95
8/5

5
1023+3.44

Values are shown as mean D or
PD-LCT-H, Parkinson disease patients with high improvement on the levodopa

challenge test; L.
levodopa challenge test

PD-LCT-H
(N=25)

63.76 £ 7.85

10/15

1

6

13

4

9724329

0873
0.307

0.095

0.657

L, Parkinson disease patients with low improvement on the





OPS/images/fnagi-14-990913/fnagi-14-990913-M9.jpg
o





OPS/images/fnagi-14-990913/fnagi-14-990913-M8.jpg
min Z B + cz.»:,

ln 1 i=1
SLY; [ 21% (M’”) ¢’“(x,"’)+b
m=l

&20,i=12,..

]21—5,

3)





OPS/images/fnins-16-855470/cross.jpg
3,

i





OPS/images/fnins-16-855470/fnins-16-855470-g001.jpg
Prime Visual

Language

o

W

Posterior Insula

X=57

Precuncus






OPS/images/fnins-16-855470/fnins-16-855470-g002.jpg
Prime Visual

Language






OPS/images/fnagi-14-834145/fnagi-14-834145-g002.jpg
B
-
.
.
-

-

. .“ .. 3 . “0 ® m ER R RN RN B AR AR EA NN
. SLET GieRsl o Sm——
" “.. .'u..“ < .... ... ”... m AEARERRER AXA XA R A E A RER
= st et e fe A.vu,w -
S sofi SBRED ols ..
. y
E atSne o0, MEGe 2
T S g ‘e se s, @ =
u P ° ] . ® o e “ . -

N Ypn AT N L m NS O
.na i o. - LR = pm e e ]
- . - ol
St : %" & - ® 9,
5 — R SRR

e R Y ’ . * .

u e® * . .
O Tk i T e g ot n G e e e e
. N - ‘ . & TR R R e e AR R A R R e

{ cae * * “. . .. ‘ .&.* b 09 In-n-“-“-H-“-nn“o“ “n“n“-n-no”-“.“.“-“-“

g Feedd,  IEE. =

. - g . - v é

R 4 SR S i

., w* oﬂ o N oo & N o = ;
< -

¢ e

o

." o...
0.98 -
0.96
0.94 4
0.92 -
0.90-+
0.8+
0.6-
0.4-
0.2
0.0-

O ™ YISUIIPS ITRIIAY

- - — - . —— — . —
-~ R R N RS LE R R B = N RN fE R SRR ERE R RS
- "N NN LR B R RN RN R E N NN BN NS
- AR A AN RDS (AR R R R NN AR AR R E NN
NN S AR NS BEER s NN ..

- R EEE RS LR R RN AR AR R BN LR N RN

AR RE AN ESEEEARE AR A SR ERRERR

=
4 2
.M A AN R SRR E RN m

| S 1

03§
— S('D

L3 U R R

BEA AR R ERE N NN
. NN R
»_n LB B N
.. AREEREERRERN

Sparisty

HC

_ A nﬁ%h

015

ol
&

- - — o . — . -
' "~ v - W
o~ - - <

a.:o_wE.x.u qnp ._.ae... PAZICULION

.

] |

mwmmw : 3 =

(11] M 18]

2200+
2100+

Ilnlun_ LB NN
suea LR R R RN R R R R e
- LR . LR e ) -
[ N SN NN
L& & fsxaan AXAARARRRERAR

* 20000000

LA L L L L L L L L

AL L L L L UK
A A AR RN NN

| R RN
. NN
|- R R R
- BN BN e
[ SRR N
s AARARARERRARN

.000.000.
QOOOOOOOOA
LA L L L L LU
A AARLREREREEAN

-
“
.
.
3
N

2100~
20504
20004
1950+
1000
800
600
9 -
60 -
30
(-

o v 2o

4

< % Astedg O





OPS/images/fnagi-14-834145/fnagi-14-834145-g003.jpg
B HC <SCD

@ Hub regions @ Peripheral regions





OPS/images/fnagi-14-834145/fnagi-14-834145-t001.jpg
Items HC (n = 54) SCD (n =53) Statistical value p-value
Age (years) 74.02 +£6.93 72.08 +6.23 1.52 0.13°
Education (years) 16.54 +2.12 17.08 + 2.20 -1.29 0.20°
Gender (male/female) 32/22 33/20 0.76 0.842
Neuropsychiatric Scores

Cal 32/54 (13.84 £ 1.25) 53/53 (22.49 + 6.52) -7.40 < 0.001b*
General mental status

MMSE 28.83 + 1.63 28.89+1.25 -0.19 0.85P
Cognitive subdomain scores

WMS-LM immediate recall 15.04 + 3.47 14.96 + 3.25 0.12 0.91P
WMS-LM delayed recall 14.04 £+ 3.63 13.58 + 3.54 0.65 0.52P
RAVLT total 47.64 +£9.78 45.69 + 10.17 1.00 0.32P
RAVLT immediate recall 9.68 + 3.63 9.70 £ 3.15 -0.03 0.98°
RAVLT delayed recall 8.79 + 3.91 8.72 + 4.49 0.09 0.93°
TMT-A 29.33 +£7.99 31.04 £9.82 -0.99 0.33°
TMT-B 72.76 + 37.30 76.68 + 39.63 -0.53 0.60°
Category fluency-Animals 22.07 £ 5.98 22.57 £ 6.08 -0.42 0.67°
CDT 4.69 + 0.51 4.47 +0.59 -0.48 0.64°

Values are presented as the mean =+ standard deviation (SD).

aThe p-value was obtained by y2test.

bThe p-value was obtained by two-sample t-tests.

* indicates a statistical difference between groups, p < 0.05.

HC, health controls; SCD, subjective cognitive decline; MMSE, Mini-Mental State Examination; CCl, Cognitive Change Index; WMS-LM, Wechsler Memory Scale Logical
Memory; RAVLT, Rey Auditory Verbal Learning Test; TMT, Trail-Making Test; CDT, Clock Drawing Test.
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Connectivity

Connections Region A

HC > SCD
OrG_R_6_6
BTG L. 6 4
STG_L 6.4
FuG_R_3_1
IPL_R_6_5
ITG_R_7_7
CG_L 73
Str Ll 6.4
INS_L_6_6
INS_R_6_6
Str R_6_4
OcG_R_4_1

HC < SCD
OrG_R_6_3
STG L 6 2
ITG_R_7_3
PrG_R_6_2
Cun_R_5_8
OcG_R. 4.2

sOcG_L_2_1

PhG_L_6_1
IPLL 65
Cun_L 53
OcG_L 4.4
Cun_L 53
Cun_L 5.5
Str R 6.4
Str R 6.4

HC, health controls; SCD, subjective cognitive decline.

Region B

SFG_R_7_6
OrG_R_6_6
PrG_R 6.3
PCL_R_2_1
STG_L_6_4
ITG_L_7_4
IPL_.R_6_2
IPL_.R_6_2
PCun_R_4_2
PoG_L_4_4
INS_L_6_6
INS_R_6_6

SFG_L_7_5
MFG_R_7_2
MFG_R_7_2
MFG_R_7_6
MFG_R_7_6
MFG_R_7_6
IFG_L_6_6
PrG_R_6_1
STG_L_6_3
STG_R_6_3
PhG_R_6_6
SPL_R_5_3
IPL_L_ 6.5
PoG_L_4_1
INS_R_6_4

HC (mean value)

0.89
0.85
0.84
0.90
0.83
0.88
0.83
0.85
0.83
0.85
0.83
0.82

0.87
0.84
0.85
0.84
0.83
0.82
0.85
0.78
0.83
0.81
0.83
0.80
0.83
0.79
0.82

SCD (mean value)

0.85
0.81
0.81
0.86
0.78
0.84
0.79
0.82
0.78
0.79
0.80
0.78

0.90
0.89
0.90
0.88
0.88
0.86
0.89
0.81
0.87
0.85
0.87
0.86
0.87
0.81
0.84

p-value

< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001

< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
< 0.001
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Region BA Cluster t-value for MNI

size peak voxels coordinates, mm
X y z

Seed1: Precentral_R
Cingulum_Ant_L 32 82 —3.68 0 45 g
Postcentral_R 3 113 4.27 60 —-18 48
Seed?2: Frontal_Mid_R
Temporal_Mid_L 21 73 —3.96 -60 —-18 -9
Seed 3:
Frontal_Mid_Orb_R
Parietal_Inf_L 40 80 —4.53 —-54 —-51 36

FC, functional connectivity; BA, Brodmann area; MNI, Montreal Neurological
Institute; Precentral R, the right precentral gyrus; Cingulum_Ant_L, the left anterior
cingulate gyrus; Postcentral_R, the right postcentral gyrus; Frontal_Mid_R, the
right middle frontal gyrus; Temporal_Mid_L, the left middle temporal gyrus;
Frontal_Mid_Orb_R, the right middle frontal gyrus, orbital part; Parietal_Inf_L, the
left inferior parietal lobule.
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Method Sen
Global(G) 7294
Nodal(N) 8298
Connection(C) 87.23
N+G 85.11
C+G 89.36
C+N 93.61
C+G+N 95.74

PE, specificity

Spe
100
88.23
94.12
9117
94.12
100
100

AUC
03076
09343
09547
09389
09547
0.9660
09773
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rus; Ne, nodal efficiency;

Ne

INS.L
0.246564
0.265425
0.013344

FFG.L
0243791
0222839
0038538

L, left fusiform gyrus; INS.L, left insula; LCT-H, high improvement on the levodopa challenge test; L
Le, nodal local efficiency; PAL.R, right pallidum; THA.L, left thalamus

THA.R
007538
0.107153
0.027674

NLe

PALR
0015702
0043692
0042931

THA.L
0.141954
0202459
0.030709

L. low improvement on the levodopa challenge test; MEG.L, left middle
THAR, right thalamus.
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ACG.L PHG.R AMYG.L PCUN.L TPOsup.L

LCT-L 8515045 2104107 207643 6474832 6455661
LCT-H 1384427 2818066 123366 4801521 1232528
Pvalie  0.012843 003375 0.049101 0028623 0044767
ACG.L, left anterior cingulate cortex; AMYG.L, left amygdala; LCT-H, high

mprovemet on the evodopa challege tst; LCT-L, low Improvement on the levodopa
challenge test; PCUN.L left precuneus; PHG.R, right parahippocampal gyrus;
TPOsup.L, left temporal pole of the superior temporal gyrus.
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MEGL INSL AMYG.L CUNL FEG.L PoCG.L
LCT-L 1276077 12.23853  4.453462 16.89981  11.78564  17.02436
LCT-H 1485375 14.04729  6.398854 14.89708  9.802083  14.75219
pvalue 0043823 0021711 0042738 0021208 0019236 0008371

AMYGL, left amygdala; CUN.L, left cuneus; FFG.L let fusiform gyrus; INS.L, left
insula; LCT-H, high improvement on the levodopa challenge test; LCT-L, low
improvement on the levodopa challenge test; MFG.L, left middle frontal gyrus; PoCG.L

left posterior cingulate gyrus.
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LCT-L LCT-H P

PHGR' THAR 1533859 1793755 847E-05
CUNR' THAL 1610628 1855255 0000359
THA.L MTGL 1538496 1767644 0.000404
ORBsup.L! AMYG.L 1621654 1654497 0.000469
PCGR “HIPL 1593433 1731876 0.000654
CUNR “THAR 1580043 152271 0.000672
IPLR “THAR 1428361 1460949 0.00072
DCGL “THAR 1435743 1799698 0.000749
THAR MTGL 1509259 158111 0.00116
CAUL STGL 167633 1718709 0001267

HG.R, right parahippocampal gyrus; THA.R, right thalamus. CUN.R, right cuneus;
HALL, left thalamus; MTG.L, left middle temporal gyrus; ORBsup.L, lft superior
frontal gyrus; AMYG.L, left amygdala; PCG.R, right posterior cingulate gyrus; HIPL, lef
hippocampus; Cun.R, right cuneus; IPLR, inferior parietal, but supramarginal and
angular gyri; DCG.L, left median cingulate and paracingulate gyri; CAULL lef caudate
nucleus; STG,L, left superior temporal gyrus.
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Brain region MNI coordinate x, y, z (mm) Peak T value Cluster size
RSSNHL vs. Controls

R middle orbitofrontal cortex 11 27,543 35

R inferior frontal gyrus 47 18

R antertor cingulate cortex 10 6,54,6 94

R superior temporal cortex 43 48,18, 15 20

R dorsal lateral prefrontal cortex 9 3,51,36 7

RLSNHL vs. Controls

No significance

BA, Brodmann area; MNI, Montreal Neurological Institute coordinates; RSSNHL, right sudden sensorineural hearing loss; RLSNHL, right long-term sensorineural hearing

loss.
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Characteristics RSSNHL (n =20) RLSNHL (n = 20) Controls (n = 24) P value
Demographic information

Age (year) 5314123 565+6.9 0.163
Gender (M/F) 1212 0.449
Education (year) 143£40 125432 1224 0102
Duration (day) 82462 365'(7.4£6.1) - -
Audiology test

Right ear (dB HL) 7614236 761 4241 185423 <0.001
Left ear (dB HL) 201459 200£50 173421 0.074
Neuropsychological tests

MMSE (score) 206£06 299404 0128
SDMT (score) 363£131 470£10.1 0.003
AVLT 1 (n) 3813 44£11 0.136
AVLT 2 (n) 5+14 65£18 0.003
AVLT 3 (n) 57409 71412 <0.001
AVLT 5 min (n) 5310 69+ 11 <0.001
AVLT 20 min (n) 52412 70£11 <0.001
SAS (score) 37.6£79 367£129 <0.001
HAMD (score) 64£45 52441 0.166

Data are expressed as Mean = standard deviation. * means multiply. RSSNHL, right sudden sensorineural hearing loss; RLSNHL, right long-term sensorineural hearing loss,
MMSE, Mini-mental state examination; SDMT, symbol digit modalities test; AVLT, auditory verbal learning test; SAS, self-rating anxlety scale; HAMD, Hamilton depression
scale
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Brain region NI coordinate X, y, Z (mm) Peak T value Cluster size

RSSNHL vs. Controls

R middle frontal gyrus 10 6,48, -9 41917 83
RLSNHL vs. Controls

L insula 48 —48,6,0 4557 1n
R temporal pole 48 63,6,3 44012 13

BA, Brodmann area; MNI, Montreal Neurological Institute coordinates; RSSNHL, right sudden sensorineural hearing loss; RLSNHL, right long-term sensorineural hearing
loss.
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Serial number Brain regions Abbreviations
(L, left; R, right)

29 Left insula INS.L
34 Right median cingulate and DCG.R
paracingulate gyri
38 Right hippocampus HIPR
40 Right parahippocampal gyrus PHG.R
41 Left amygdala AMYG.L
64 Right superior marginal gyrus SMG.R
75 Left lenticular nucleus pallidum PAL.L
80 Right heschl gyrus HES.R
82 Right superior temporal gyrus STG.R

90 Right inferior temporal gyrus ITG.R
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MoCA scores

Gender Age Education years
(male/female) (years, x +s) (vears, x +s) (points, x £ s)
ESRD patients (n = 45) 25/20 49.24 + 8.57 11.47 £2.09 21.33+2.44
Normal controls (n = 30) 15/15 48.20 + 6.91 11.36 £ 2.01 27.37 £1.33
/%2 0.302 1.090 0.382 —13.809
P 0.583 0.279 0.731 0.000
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Parameter ESRD patients Normal controls t P
(n = 45) (n =30)

v 0.654 + 0.058 0.694 + 0.032 —3.473 0.001
2 0.324 + 0.009 0.323 + 0.008 0.289 0.773
o 0.599 + 0.053 0.635 + 0.028 —3.384 0.001
Cp 0.174 £ 0.013 0.175+0.013 0.313 0.756
Lp 0.539 + 0.020 0.537 £ 0.017 0.456 0.650
Eglobal 0.171 £ 0.005 0.172 £ 0.004 —0.477 0.635
Elocal 0.230 + 0.007 0.231 + 0.006 —0.968 0.336
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0.607
0.000

6%

0.166
0.395

[

0.531
0.000

Cp

0.194
0.268

Lp

0.139
0.514

Eglobal

—0.147
0.636

Elocal

0.353
0.056
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Predictive model

GTA-SVRM
GTA-LSSVRM
GTA-WOA-SVRM
GTA-WOA-LSSVRM

RMSE

1.85
1.57
1.08
0.92

MAE

1.68
1.51
1.01
0.88

MAPE%

6.94
7.01
4.74
414
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Number of voxel

65
57
57
37

Peak R-value

0.45
0.39
—0.45
0.48

Peak MNI coordinates
X y z
—18 —36 6
—15 18 15
—48 —21 39
30 —39 3

Structure name

Hippocampus_L, ParaHippocampal L
Caudate_L
Parietal_Inf L, Postcentral L

Hippocampus_R
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Cluster

g W N

Number of voxel

134
90
47
43
39

Peak R-value

0.42
0.45
0.44
—0.42
0.47

Peak MNI coordinates

X y z

3 21 0
—21 —24 —27
6 —36 -9
—48 —21 39
63 —24 21

Structure name

Caudate_L, Olfactory_L, Olfactory_R

Hippocampus_L, ParaHippocampal_L, Cerebelum_4_5_L
Lingual R, Vermis_3

Parietal_Inf L, Postcentral_L

Frontal_Inf_Orb_R
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Anatomical regions MNI coordinates, mm Number of voxels p

X Y z
L_SFO 111 113 80 45 0.021*
R_SFO 69 112 80 54 0.023*
L_IC-PL 112 133 93 882 0.014*
R_IC-PL 69 136 93 880 0.048*
Fornix 88 111 90 162 0.017*

*o < 0.05, FWE-corrected. MNI, Montreal Neurological Institute. FA, fractional
anisotropy; MDD, major depressive disorder; L_SFO, the left superior fronto-
occipital fasciculus; R_SFO, the right superior fronto-occipital fasciculus; L_IC-PL,
the left posterior limb of the internal capsule; R_IC-PL, the right posterior limb of
the internal capsule; Fornix, the fornix tract.
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Cluster

g W N

Number of voxel

123
49
41
39
35

Peak R-value

0.45
0.40
0.39
0.42
—0.41

Peak MNI coordinates
X y z
24 12 —12
—21 —18 3
-3 —51 —27
—30 —54 —54
63 —24 21

Structure name

Putamen_R, Caudate_R
Thalamus_L, Putamen_L
Cerebelum_9_L, Cerebelum_4_5_L
Cerebelum_8_L

SupraMarginal_R
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Cluster Number of voxel Peak T-value Peak MNI coordinates Structure name

1 38 —4.4 —66 —12 0 Temporal_Mid _COPYL, Temporal_Sup _COPYL
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Cluster
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Number of voxel

142
131
125
72

Peak T-value

4.9
5.5
—4.2
—4.2

Peak MNI coordinates

X y z
18 —18 24
—15 18 18
21 —63 6
33 —87 15

Structure name

Caudate _R, Putamen_R
Caudate_L
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Method Accuracy Sensitivity Specificity

SVM 63.15 75.00 54.54
RF 68.42 54.54 75.00
MLP 68.42 75.00 63.63
Gao 78.94 72.72 87.50
Almughim 63.15 63.63 87.50
YIN 73.68 81.81 62.50
DSTAN 84.21 81.81 87.50

The optimal performances are bolded.





OPS/images/fnagi-14-925468/fnagi-14-925468-t001.jpg
mclI NC

Gender (M/F) 25/20 14/32
Age (Mean + SD) 7413668 735 +3.50
MMSE (Mean + SD) 2771 £1.73 2810 1.35
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NC (N =43)
Demographics
Age (years) 55.64 £+ 9.70
Male (%) 28 (66.67)
Duration of disease (years) NA
Hypertension (%) 5(11.90)
Diabetes (%) 1(2.38)
Dyslipidemia (%) 2 (4.76)
“*p < 0.01.

CKD (N =64) T/X2 value P-value
NDD-CKD group (N =26) DD-CKD group (N=38) A B C A B C

56.88 + 11.70 58.06 % 11.07 047 —099 —039 064 032  0.69

17 (65.38) 18 (58.06) 001 057 032 091 045 0.57

3.00 £ 2.99 5.00 = 4.50 NA NA 193 NA NA 005

23 (88.46) 28(9032) 38.86 4428 005 0.00% 000 0.82

19 (73.08) 18 (58.06) 3865 2872 140  0.00% 0.00° 0.24

17 (65.38) 23 (74.19) 2931 3818 052 0.00% 000 0.47

A: Comparison between NC and NDD-CKD groups (NC vs. NDD-CKD).
B: Comparison between NC and DD-CKD groups (NC vs. DD-CKD).

C: Comparison between NDD-CKD group and DD-CKD group (NDD-CKD vs. DD-CKD).
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Seed

cTtha_R

IPFtha_R

mPFtha_R

PPtha_R

Contrast

CSU > HCs
CSU < HCs
CSU > HCs

CSU < HCs
CSU > HCs

CSU < HCs
CSU > HCs
CSU < HCs

Brain region

Cerebellum anterior lobe
None
Cerebellum anterior lobe
Pons
None
Cerebellum anterior lobe
dIPFC_R
None
Cerebellum posterior lobe_L

None

BA

46/47

19

Voxel size

384

250
39

211
211

221

MNI coordinates
X y z
6 —48 33
6 —48 —33
3 23 —38
39 42 0
39 42 0
—36 —75 —24

Peak Z score

5.42

4.51
2.77

5.39
3.77

375

CSU, chronic spontaneous urticaria; HCs, healthy controls; rs-FC, resting-state functional connectivity; BA, Brodmann’s area; MNI, Montreal Neurological Institute; R, right; L, left;

dIPFC, dorsal lateral prefrontal cortex; cTtha, caudal temporal thalamus; 1PFtha, lateral prefrontal thalamus; mPFtha, medial prefrontal thalamus; PPtha, posterior parietal thalamus.
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Variables CSU (n=56) HCs (n=30) P

Age, mean, year 41.11 £12.62 43.63 + 15.65 0.419%
Female 43(76.8%) 20(66.7%) 0.312
Course of disease, month 84.41 +48.12 = —
IgE 247.73 £199.08 60.43 £ 40.50 0.000*4
UAS7 28.27 £7.40 - -
VAS-P 513 +2.03 - -
DLQI 11.21 +£5.46 0.23 +£0.50 0.000*¢

?The data were tested using an independent two-sample ¢-test.

bThe data were tested using Pearson’s chi-squared test.

*There was statistical significance between the two groups.

CSU, chronic spontaneous urticaria; HCs, healthy controls; IgE, immunoglobulin
E; UAS7, urticaria activity score 7; VAS-P, pruritus visual analogue score; DLQI,
Dermatology Life Quality Index.
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Cluster Number of voxel Peak T-value Peak MNI coordinates  Structure name

X y z

1 513 5.6 9 —45 21 Cerebelum_4 5_L, Cerebelum_4_5_R, Cerebelum_6_R, ParaHippocampal
_R, Cerebelum_3_R, Cerebelum_Crusl_R, Vermis_6, Vermis_4_5,
Vermis_3, Thalamus_R, Cerebelum_3_L, Hippocampus _R, Fusiform_R,
Cerebelum_8_R, Cerebelum_6_L

2 89 —4.9 48 —66 42 Angular _R

3 88 —4.2 —54 —51 54 Parietal_Inf L, Angular_L

4 64 5.0 -9 —42 —36 Cerebelum_9_L

5 53 —5.0 -9 —81 54 Occipital_Sup _L, Precuneus_L

6 52 4.4 21 —15 69 Precentral_R, Frontal _Sup_R

7 47 —4.2 27 —60 12 Calcarine _R

8 47 —4.3 21 —81 54 Parietal_Sup_R, Occipital_Sup_R

9 41 4.9 —24 —33 —33 Cerebelum_4_5_L, ParaHippocampal L

10 39 4.5 36 —-30 21 Insula _R
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Cluster

o NN U R W

Number of voxel

120
98
45
42
37
36
36
34

Peak T-value

7.3
5.0
—4.1
4.8
—4.1
6.0
58
45

Peak MNI coordinates
X y z
-6 -9 0
—6 —63 —39
—48 24 24
27 —24 —21
—30 —66 57
9 —42 —48
6 —48 —21
—30 —42 -33

Structure name

Thalamus_L, Putamen_L, Pallidum_L
Cerebelum_8_L, Vermis_7, Vermis_6
Frontal_Inf_Tri_L
ParaHippocampal_R, Fusiform_R
Parietal_Sup_L

Cerebelum_9_R

Vermis_4_5

Cerebelum_6_L, Cerebelum_8_L
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Laboratory tests
Hemoglobin, g/dl
Erythrocyte pressure (%)
Protein, g/dl

Albumin, g/dl

Urea nitrogen, mg/dl
Creatinine, mg/dl
Calcium, mg/dl
Phosphate, mg/dl

Total MMSE score
MoCA scale total score

*p < 0.05and **p < 0.01.

NC (N =43)

134.95 +16.27
40.45 +4.24
65.26 & 5.50
38.24+£2.72
5.02 £+ 1.36

67.26 + 16.41
2.30£0.11
1.09 £0.27
28.38 +1.27
27.29 +1.60

CKD (N =64) T/X2 value P-value
NDD-CKD group (N =26) DD-CKD group (N=38) A B C A B C
104.85 =+ 23.66 112.61 +18.24 —571 551 —1.40 0.00%  0.00* 0.17
31.85 £ 6.61 35.06 £ 5.78 592 4.60 —1.95 0.00%  0.00%  0.06
59.96 £ 9.55 67.42£7.33 254 —144 —331 0.02* 016  0.002**
32.50 £ 6.63 35.19 £ 4.62 —420 327 —L75 0.00%  0.002** 0.09
14.30 £ 11.47 18.96 = 5.02 4.11-15.046 —1.920 0.000%*  0.000** 0.064
392.62 £ 328.65 969.35 = 297.85 5.04—16.844 —6.946 0.000** 0.000** 0.000**
2.19£0.20 237 £0.19 254 —171 —3.36  0.02*  0.09  0.001**
1.45 £ 0.48 1.79 £0.73 3.97 —5.06 —2.01  0.00%  0.00%*  0.049*
27.00 £ 1.26 2239 £2.75 —437 1127 834  0.00%  0.00°  0.00%*
2546 £2.14 23.55+2.28 375 7.83 325 0.001** 0.00%  0.002**
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Performance of all methods on MCl identification. The optimal performances are bolded.
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Brain MNI Cluster

region Xy, 2) size

Left IFG -3822,16 312 750 0.000060
Left FP ~3654,14 9 501 0.026387
Right MEG 422624 85 560 0036207
Right FP 386210 102 536 0.026387

IFG, inferior frontal gyrus; FP, frontal poles MFG, middle frontal gyrus; FDR, false
iscovery rate; MNI, Montreal Neurological Institute.
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Characteristics

values
Age (years) 5503£108 | 54568979 0751
Sex (male/female) 14/13 11716 1000
Weight(kg) 65.93£9.86 | 6596+1354 079
HbA1c(%) mmol/mol) 9045244 | 5425072 0,000
Fasting glucose (mmol/L) 10.69£3.47 | 533086 0.000
B

MMSE 26445229 27962176 0009
Directional force 9854036 9924027 039
Auditory verbal memory test 2934027 | 296+046 0.561
Attention and computing power | 3414155 383144 0.101
Auditory verbal memory test- | 2442075 | 274045 0156
delay

Language power S11£134 | 8.59£067 0123
MoCA 2115839 | 23412399 | 0042
Alternate wiring test 02964047 | 07412045 0001
visual structural skills] (cube) | 0407405 059£05 0.180
visual structural skills2 (clock) | 215£091 24807 0137
Name 2824048 | 27%061 0461
Memory(No points) / / —
Attention 4624139 | 5485085 0.06
Repeat 1292072 1524058 0219
Word fluency 07:08 0442058 0299
Abstract force 096£089  1.0£057 0879
Delayed recall 1674149 | 267%166 0.024

Orientation force 5854036 5934027 0391
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Characteristics  Highscore ~ Lowscore  Statistical
group (n1=16) group (n=16)  result

Sex (M/F) 818 1373 e
P=0063
Age (years) 456941561 524317.63 F=2414,
Pp=0.131
Time post-stroke 365152 2654174 F=2991,
(months) 094
NIHSS 4192254 658266 F=8573,
p=0006*
EMA-UE 33314904 1256 4.16 F=1405,

MMSE 2725+ 1.06 27194128

Data are presented as mean + SD. *p <0.05,
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Age/Sex  Duration (days) Type NIHSS FMA-UE MMSE  Lesion site

1 S6/M 43 Hemorrhage 8 13 2 L-BG

2 73M 2 Infarction 4 14 2 L-BG, CR
3 49 152 Hemorrhage 9 6 2 L-BG, CR
! 34F n2 Hemorrhage 9 19 2 L-BG

5 52M 53 Infarction 3 16 23 L-BG, CR
6 34F 123 Hemorrhage 9 27 2 L-BG

7 29M 65 Infarction 3 3 23 RBG

3 50/M 64 Hemorrhage 7 7 29 L-BG, CR
9 49/M 138 Hemorrhage 9 7 2 L-BG, CR
10 53M 177 Infarction 5 20 2% LBG

1 29/M 50 Infarction 3 31 27 RBG

12 66/F 141 Infarction 3 35 23 RBG, CR
13 34/F 132 Hemorrhage 9 3 27 L

14 46/M 177 Hemorrhage 10 16 3 L

15 53M 57 Infarction 15 2 L-BG
16 37M 145 Hemorrhage 2 46 27 RBG
17 66/F 126 Infarction 3 33 2 R-BG, CR
18 29/M 84 Infarction 36 2 RBG
19 e 34 Hemorrhage il 16 27 RBG
20 37M 121 Hemorrhage 2 44 27 RBG
21 66/F 161 Infarction 3 4 2 R-BG, CR
2 S0/F 59 Hemorrhage 1 10 27 RBG

23 38/M 78 Hemorrhage 10 8 2 RBG
24 B 20 Infarction 5 35 29 RBG
25 S7/F 35 Hemorrhage 3 38 27 R-BG

26 50/M 173 Hemorrhage 7 16 2 RBG
27 64/F 7 Infarction 6 1 23 RBG
28 73M 127 Infarction 3 19 27 L-BG, CR
29 52M 39 Infarction 3 14 29 L-BG, CR
0 52M 61 Infarction 3 15 2 L-BG, CR
31 SOM 43 Hemorrhage 7 4 L-BG, CR
2 37IM 135 Hemorrhage 2 46 RBG

F: Female; M: Male; L: Lef; R: Right; BG: Basal ganglia; CR: Corona radiata. NIHSS: National Institutes of Health Stroke Scale; MMSE: Mini-mental State Examination; FMA-UE: Fugl-
Meyer assessment for upper-extremity.
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Methods
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0.6359
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0.6576
0.7283

SEN

0.6222
0.2658
0.5570
0.5316
0.6329

SPE

0.6383
0.8571
0.7429
0.7143
0.8000






OPS/images/fnins-16-957620/fnins-16-957620-g003.jpg





OPS/images/fnins-16-872848/fnins-16-872848-t002.jpg
Performance metrics Abbreviations Definitions

TP + TN
Accuracy ACC R e
Sensitivity SEN e
Specificity SPE L

TR TN, FE and FN indicate true positive, true negative, false positive, and false
negative, respectively.
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ASD (n =79) TC (n = 105)

Gender (M/F) 68/11 79/26

Age (year SD) 1451 £+ 6.23 16.80 + 3.23
FIQ (mean SD) 107.91 + 16.62 113.16 £ 13.12
ADOS (mean SD) 11.83 £ 4.08 =

ASD, autism spectrum disorders; TC, typical control; FIQ, full intelligence quotient;
ADOS, autism diagnostic observation schedule.
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Brain region BA MNI T score
coordinates
X, > z (mm)

Left middle 10 —24, 39, 30 —3.2027
frontal gyrus

Voxels

137

Thresholds were set at a corrected p < 0.01 corrected by FDR criterion. BA, Brodmann’s area;

MNI, Montreal neurological institute.
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Brain region BA MNI T score Voxels
coordinates
X, > z (mm)

Left middle 6 —39,9,54 —3.4509 69
frontal gyrus
Left superior 8 —21, 39,45 —4.2416 218

frontal gyrus

Thresholds were set at a corrected p < 0.01 corrected by FDR criterion. BA, Brodmann’s area;

MNI, Montreal neurological institute.
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Brain region BA MNI T score Voxels
coordinates
X, Y, z (mm)

Right middle frontal 8 30, 21,51 —4.4567 93
gyrus

Right 36 34, —-18,—-14 —3.0508 120
parahippocampal

gyrus

Thresholds were set at a corrected p < 0.01 corrected by FDR criterion. BA, Brodmann’s area;
MNI, Montreal neurological institute.
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Gray matter volume
(% of TIV)

White matter
volume (% of TIV)

Brain parenchyma
volume (% of TIV)

Data are expressed as mean =+ SD.

Parous women
(n=20)

320+ 1.6
298 +1.5

61.8+2.7

TIV, total intracranial volume.

Primiparous

women
(n=26)

316 +1.7
294+1.5

61.0 2.8

Nulliparous
women
(n=30)

322413
29:541.5

61.7+2.3

p-value

0.294
0.731

0.510
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Parous Primiparous women Nulliparous women p-value

women (n =26) (n=30)
(n=20)

Age (year) 32.15+3.13 30.15 + 2.62 30.53 £+ 3.88 0.1112
Education levels (years) 17.55 + 2.09 17.15+ 1.74 16.77 +3.15 0.546%
Fasting glucose (mmol/L) 4.73 £0.32 4.84 £045 4.87 +0.38 0.428%
Triglycerides (mmol/L) 0.70 £0.26 0.83 £0.32 0.73 +0.26 0.275%
Total cholesterin (mmol/L) 4.23 +0.54 4.42+0.73 4.18 +0.57 0.3282
LDL-cholesterin (mmol/L) 243 £0.42 2.60 £ 0.63 2.36 +0.44 0.0572
HDL-cholesterin (mmol/L) 1.28 £0.17 1.47 £0.34 1.38+0.24 0.2442
WM hyperintensity 0(0-1) 0(0-2) 0(0-2) 0.578%
Cognitive performance

MMSE 28.85+1.27 29.00 + 0.94 29.17 £0.79 0.5222
MoCA 25.85+1.81 26.23 + 1.18 26.30 £ 1.09 0.484%
AVLT 31.11 +8.12 34.62 + 8.34 35.50 £+ 7.68 0.194%
AVILT-delayed recall 6.30 £ 2.36 7.19 £2.15 6.97 +2.24 0.3942
CFT 3443+ 1.70 34.58 + 1.67 3448 +£1.78 0.9552
CFT-delayed recall 17.05 £ 2.96 16.73 £ 2.95 17.60 £ 2.01 0.458%
DST 11.45 + 1.47 13.73 £ 2.96 14.43 £3.31 0.002%2
TMT-A 53.75 £17.45 50.12 £ 17.26 48.30 £ 13.28 0.4932
TMT-B 100.45 + 39.81 86.96 + 14.67 103.63 £ 34.10 0.098%
CDT 3.60 £ 0.60 3.42 £ 0.50 3.57 +0.50 0.465%
VET 1440 £ 4.11 15.81 +3.24 13.67 £ 3.75 0.099%
DSST 67.55+ 8.10 69.00 + 9.57 69.17 + 8.24 0.7922
EPDS 4.85 + 1.66 4.18 £2.52 - 0.322°
SDS 38.55+5.74 38.88 + 6.40 38.50 £ 5.62 0.968%
SAS 37.35+6.00 40.00 £ 7.56 3940 £7.24 0.430?

Data are represented as Mean % SD, 7 (%) or median (range), *p < 0.05. For comparisons of demographics: P-values were obtained by using one-way ANOVA tests; ® P-values were obtained
using two-sample ¢-test. LDL, low-density lipoprotein; HDL, high-density lipoprotein; WM, white matter; FD, framewise displacement; MMSE, mini mental state exam; MoCA, Montreal cognitive
assessment; AVLT, auditory verbal learning test; CFT, complex figure test; DST, digit span test. TMT-A, trail making test-part A; TMT-B, trail making test-part B; CDT, clock drawing test; VFT, verbal
fluency test; DSST, digit symbol substitution test; EPDS, Edinburgh postnatal depression scale; SDS, self-rating depression scale; SAS, self-rating anxiety scale; WMH, white matter hyperintensity.
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Node

HIPR
PHG.R
SMA.L
PAL.L
PCG.L
OLFR
PUT.L
SMA.R
ORBsup.L
THA.L
SFGmed.R
PAL.R
SFGdor.R

ASD

12.881 £ 1.93
12.391 £ 2.00
10.237 £ 2.50
14.594 £+ 2.21
10.169 £ 2.08
12.494 £+ 2.65
16.001 £1.97
10.494 £ 2.59
10.037 £ 2.04
13.688 £ 2.15
10.809 £ 1.96
14.249 £ 2.23
9.108 + 1.60

NC

11.382 £ 2.23
11.318 £1.87
11.628 +£ 2.22
13.486 + 1.98
11.101 £ 1.41
11.348 £1.71
14.044 £1.81
11.709 £ 2.32
10.893 £ 1.62
12.676 £+ 1.90
11.687 £1.57
13.353 £+ 1.96
9.858 + 1.93

p-Value

0.0009
0.0094
0.0104
0.0132
0.0135
0.0152
0.0175
0.0197
0.0283
0.0341
0.0385
0.0432
0.0446
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%
Lp
Yk

ASD

0.2643 £ 0.01
0.8595 £ 0.05
1.0418 £ 0.10
0.5002 £ 0.01
0.9054 £ 0.09
16.2912 £ 1.52
0.2588 + 0.01
0.3439 £ 0.01
0.1647 £ 0.04
—0.0034 £ 0.04
—11.3854 £+ 3.25

NC

0.2651 £ 0.01
0.8295 £ 0.04
1.0785 £ 0.07
0.5001 £ 0.01
0.9378 £ 0.06
16.9097 + 1.47
0.2590 + 0.01
0.3549 £ 0.01
0.1510 £ 0.04
0.0075 £ 0.04
—12.2578 £+ 3.44

*p value < 0.05.
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Characteristic path length (L, ) Degree centrality
Clustering coefficient (Cp ) Nodal efficiency
Normalized characteristic path length () ) Betweenness centrality
Normalized clustering coefficient (y ) Shortest path length
Small-world (o) Nodal clustering coefficient

Global efficiency (Egiopar )
Local efficiency (Eiocar)
Modularity score (Q)
Assortativity (Ar)
Hierarchy (Hr)
Synchronization (Sr)
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ASD (N = 45) NC (N = 47) p — Value

Gender (M/F) 36/9 36/11 0.2135*
Age (year £SD) 11.1+£23 11.0+£23 0.7773"
FIQ (mean + SD) 106.8+17.4 18.3+14.1 0.0510
ADI — R (mean + SD) 32.2+14.3% = =
DOS (mean=+ SD) 18.7+50 ~ #

ADI-R, Autism Diagnostic Interview-Revised; FIQ, Full Inteligence Quotient; ADOS,
Autism Diagnostic Observation Schedule; ASD, autism spectrum disorders; NC,
normal control. *The p-value was obtained by chi-squared test. 1 The p-value was
obtained by two-sample two-tailed t-test. ¥Two patients do not have the ADI-
R score.
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HC (N =45) BD (N =46) Group comparison (P)

Sex (male/female) 20/25 22/24 0.75
Age (years) 28.69 % 6.55 30.394+8.35 0.40
Education level (years) 15.07 & 2.66 15.20 4 2.34 0.85
Pulse rate (min) 77.831+8.22 79.91+7.64 0.38
Oxygen saturation (%) 0.97 £0.01 0.97 £ 0.01 0.41
HAMA total score 091+ 1.01 11.78 £ 5.68 <0.00
HAMD total score 2.69 £ 1.09 18.37+£7.26 <0.00
VFT performance 9.97 £ 1.58 6.29 £1.72 <0.00
Beta estimates within ROI (10"-3)

Pleasant 0.89 +3.70 -6.40 £ 5.60 <0.05
Unpleasant -12.5 £ 6.00 9.30 £7.30 <0.05
VFT 2.63+1.20 -4.50 £ 1.57 <0.05

HAMD, Hamilton depression scale; HAMA, Hamilton anxiety rating scale; VFT performance, correct responses averaged across four blocks of the verbal fluency task; HC, healthy control; and
BD, bipolar disorder.
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Network ROI-to-ROI t p-unc p-EDR

SN-VN SMG(L)-Lateral(R) —3.68 0.0014 0.0349
Within-SN ACC-Alnsula(R) 3.55 0.0019 0.0472

ROI, region of interest; FDR, false discovery rate; RW, rested wakefulness; TSD, total sleep deprivation. p < 0.05 FDR set wise corrected for all comparisons across the entire network. SN, salience
network; VN, visual network; SMG(L), left supramarginal gyrus; ACC, anterior cingulate cortex.
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Behavioral metrics

Number of lapses
Reaction time (ms)
Median RT (ms)
Fastest 10% RT (ms)
Lowest 10% RT (ms)

RwW

2.14+£191
370.84 £ 57.02
345.55 £ 41.45
281.45 £+ 25.99
586.30 & 217.95

SD

5.14 +4.38
442.18 4 142.53
380.41 £57.72
301.46 £ 28.33
886.02 £ 674.43

Data are presented as mean =+ standard deviation. RW, rested wakefulness; SD, sleep deprivation; RT, reaction time.

4.33
3.06
3.27
3.50
2.71

<0.001
0.006
0.004
0.002
0.013
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VN
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FPN

ROI

MPEC
LP(L)
LP(R)
PCC
Lateral(L)
Lateral(R)
Superior
Mdial
Occipital
Lateral(L)
Lateral(R)
ACC
Alnsula(L)
Alnsula(R)
RPFC(L)
RPEC(R)
SMG(L)
SMG(R)
FEF(L)
FEF(R)
IPS(L)
IPS(R)
LPEC(L)
PPC(L)
LPEC(R)
PPC(R)

ROI name

Medial prefrontal cortex
Left paracentral lobule
Right paracentral lobule
Posterior cingulate cortex
Left Lateral

Right Lateral

Superior

Mdial

Occipital

Left Lateral

Right Lateral

Anterior cingulate cortex
Left anterior insula

Right anterior insula

Left rostrolateral prefrontal cortex

Right rostrolateral prefrontal cortex

Left supramarginal gyrus
Right supramarginal gyrus
Left frontal eye field

Right frontal eye field

Left intraparietal sulcus
Right intraparietal sulcus
Left lateral prefrontal cortex

Left posterior parietal cortex

Right lateral prefrontal cortex

Right posterior parietal cortex

Number

O e NN R W N -

LT T S N T N S S S S S Ry
G KA O N = S vV ® N O G R W = O

26

MNI center
1 55
-39 —77
47 —67
1 —61
—55 —12
56 —10
0 —31
2 —79
0 —93
—37 —79
38 -72
0 22
—44 13
47 14
-32 45
32 46
—60 -39
62 —35
—27 -9
30 -6
-39 —43
39 —42
—43 44
—46 —58
41 38
52 —52

-3
33
29
38
29
29
67
12a
—4
10
13
35
1
0
27
27
61
32
64
64
52
54
28
49
30
45

DMN, default mode network; SMN, sensorimotor network; VN, visual network; SN, salient network; DAN, dorsal attention network; FPN, frontoparietal control network; ROIs, regions of interest.
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Brain region  Cluster size MNI coordinates
x y z
RSN 3
Left caudate 88 —6 12 3
Right caudate 65 15 0 18
RSN 10
Left precuneus 86 =9 —60 30

FCon, functional constipation; RSN, resting-state networks.

t-value

—8.58
—7.89

—6.74
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Age (years)
Gender (female/male)

SDS

SAS

Duration of FCon (months)

Constipation Scoring System scores

FCon
patients

41.41 +13.02
7/13
40.45 +7.36
39:91 £:5.50
7.30 £3.70
13.50 + 3.66

Healthy
controls

39.25 +11.44
8/12
34.86 +3.82
38.81 £11.33

p-value

0.44¢
0.74
0.00887
0.0001¢

FCon, functional constipation; RSN, resting-state networks. “Two sample t-tests. bChi-

square test.
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Global network properties Young group  Aged group p-values
(n =24) (n=23)
Path length 0.623 £0.019 0.621 £0.023 0.659
Clustering coefficient 0.212 £0.008 0.209 £ 0.004 0.004
Global efficiency 0.151 £0.008 0.152 £ 0.004 0.687
Local efficiency 0.248 £0.008 0.246 £ 0.005 0.041
o 0.497 £0.045 0.505 £ 0.057 0.575
% 0.598 £0.051 0.601 £ 0.063 0.878
© 0.359 £0.007 0.354 £ 0.008 0.056

Data are expressed as the mean + SD.
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Side Brain region Betweenness Degree Efficiency

Right Superior frontal gyrus (lateral) 5.00" 3.40 3956
Right Superior frontal gyrus (medial) 3.04 4.30 4.53*
Right Inferior frontal gyrus (ventral) 1.87 4.15 4.33*
Right  Precentral gyrus (head and face 5.45* 3.43 4.00
region)
Right  Parahippocampal gyrus (entorhinal 3.53 449~ 413
cortex)
Right Postcentral gyrus 4.46* 1.43 1.85
Right Insular gyrus 5.15" 3.90 4.52*
Right Caudal hippocampus 1.65 543~ 4.62¢
Right Occipital thalamus 2.98 6.91* 6.57*
Left Ventral caudate 2.02 4.48* 4.64*
Left Caudal temporal thalamus 3.10 5.76* 5.22¢
Left  Parahippocampal gyrus (entorhinal 2.59 5.09* 5.26*
cortex)
Left Parahippocampal gyrus (posterior 3.48 5.28" 482"
area)
Right Middle cingulate gyrus —3.91 —4.47* —4.42*
Left Superior temporal gyrus (caudal) —4.50* —6.42* —6.41*
Left  Middle temporal gyrus (dorsolateral) —4.94* —7.53* —7.34*
Left Inferior temporal gyrus —0.56 -5.08* —4.72*
(ventrolateral)
Left Postcentral gyrus —1.33 —4.58* —-4.19
Left Middle cingulate gyrus —4.91* —4.82¢ -5.08*
Left Middle ventral occipital cortex —0.96 —4.42¢ —3.95
Left Inferior occipital gyrus —1.57 —4.47* —4.22
Left Lateral superior occipital gyrus —2.98 —4.33* —4.08
Right Caudal temporal thalamus 4.59* 5.66* 5.46*

t values are shown, positive/negative t values suggesting the nodal centrality
was larger/smaller than controls. *Regions were considered abnormal in partic-
ipants with orthodontic pain than controls (o < 0.01, Bonferroni correction for
multiple comparisons).
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Characteristic Pain group (n = 48) Controls (n = 49) P

Demographic factors

Sex (Male/Female) 21/27 22/27 0.911
Age (years) 21.02 +£1.06 21.04 £2.62 0.961
Clinical measurements Without separators 24 h with separators

Visual analog scale (score) 146 £17.3 206+ 17.4 — 0.018

State anxiety inventory (score) 28.1+11.0 299+ 114 — 0.159
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R_Corpus_Collosum
L_Cortex_Visual
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R_Cortex_Motor

Extent

19
11
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t-value

5275
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Method Accuracy
Connection (C) 72.82
Nodal (N) 63.04
Global (G) 54.34
C+G 76.09
C+N 79.34
G+N 67.39
C+G+N 82.60

Sensitivity

73.33
66.67
57.78
80.00
84.44
73.33
84.44

Specificity

72.34
59.57
51.06
72.34
74.46
61.70
80.85

Boldface denotes the best performance for each column.

AUC

0.8539
0.6921
0.5726
0.8728
0.8841
0.6950
0.9191
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Node

10G.L
FFG.R
PCG.L
TPOsup.L
THA.L
AMYG.L
PUT.L
HES.R
IPL.R

ASD

19.257 £ 15.42
39.324 £ 27.00
25.433 £ 11.09
28.775 £ 11.54
24.352 £ 13.45
20.436 £ 11.77
26.008 £ 9.69
16.299 £+ 10.82
27.009 £ 15.37

NC

13.021 £+ 8.82
28.005 + 18.31
32.846 + 18.29
29.680 + 13.39
18.941 £9.25
26.824 £ 16.73
22.061 £8.17
11.609 £ 5.98
34.970 + 21.59

p-Value

0.0187
0.0203
0.0216
0.0261
0.0264
0.0305
0.0372
0.0448
0.0454






OPS/images/fnins-16-958804/fnins-16-958804-g004.jpg
IN

L_Visual

23

-3.7874

R AcbSh

Dl

-3.7874

L_Visual

@l

-3.7874





OPS/images/fnins-16-913377/fnins-16-913377-t005.jpg
AAL number

Corresponding brain region

Insula_L
Putamen_R
Putamen_L
Pallidum_L

Insula_R
Pallidum_R

Temporal_Sup_L
Amygdala_R
Rolandic_Oper_L
Heschl_L
Thalamus_L
Temporal_Sup_R
Rolandic_Oper_R
Amygdala_L
Cingulum_Ant_R
Thalamus_R
Heschl_R
Hippocampus_L

Insula_L
Putamen_R
Insula_R
Putamen_L
Rolandic_Oper_L
Temporal_Sup_L
Pallidum_L
Pallidum_R
Rolandic_Oper_R
Cingulum_Ant_L
Amygdala_R
Cingulum_Ant_R
Temporal_Sup_R
Amygdala_L
Cingulum_Mid_L
Heschl_L
Thalamus_L

Subnetwork

Salience
Subcortical
Subcortical
Subcortical

Salience
Subcortical

Ventral attention
Memory retrieval
Cingulo-opercular task Control

Auditory

Subcortical
Ventral attention
Auditory
Memory retrieval

Salience
Subcortical

Auditory

Default mode network

Salience
Subcortical
Salience
Subcortical
Cingulo-opercular task Control
Ventral attention
Subcortical
Subcortical
Auditory
Default mode
Memory retrieval
Salience
Ventral attention
Memory retrieval
Cingulo-opercular task Control
Auditory
Subcortical






OPS/images/fnins-16-958804/fnins-16-958804-g003.jpg
SI\INO@QQ DMNCDCDCDCD
QOO QOOD

DG "OOOX o
OO0 OO0





OPS/images/fnins-16-958804/fnins-16-958804-g002.jpg
Foot fault (%)

50

40+

30+

20+

10+

Sham
-&- MCAO/R
- MCAQO/RITA

L)

3

||
Pre

J
1 2 3 4 5 6 7
Time after operation (day)





OPS/images/fnins-16-958804/fnins-16-958804-g001.jpg
Protocal

* Adapation

f Ladder rung walking test

~
—- <] I -— ——

—l— ) m ———
- N e ~af—

Time (day)

? MCAO/R operation * Electroacupuncture

* Resting-state functional magnetic resonance imaging





OPS/images/fnins-16-905121/fnins-16-905121-g002.jpg





OPS/images/fnins-16-905121/fnins-16-905121-g001.jpg
PD Patients (7 =) " ' T value

Healthy controls






OPS/images/fnins-16-905121/cross.jpg
3,

i





OPS/images/fnagi-14-905487/fnagi-14-905487-t003.jpg
Rich-club nodes for each group

X (mm) Y (mm) Z(mm) Functional Anatomical
classification classification

PCD
Supp_Motor_Area_R 8.62 0.17  61.85  Association Frontal
Supp_Motor_Area L -532 485 6138 Associaon  Frontal
Precuneus_L ~7.24 5607 4801 Associaon  Parietal
Precuneus_R 998 5605 4377 Associaon  Parietal
Temporal_Sup_R 58.15 -21.78 680 Associaion  Temporal
Temporal Sup L~ —53.16 —2068 7.18  Associaon  Temporal
Temporal_ Mid_L -5552 ~3380 -220 Association  Temporal

Paracentral_Lobule_ R 7.48 —31.59 68.09  Association Parietal
Paracentral_Lobule_L —-7.63 -25.36 70.07  Association Parietal
Frontal_Sup_R 2190 3112 4382  Association Prefrontal
PNCD

Supp_Motor_Area R 862  0.17 61.85  Association Frontal
Supp_Motor_Area L. —5.32 4.85 61.38  Association Frontal

Precuneus_L ~7.24 5607 4801 Associaon Parietal
Paracentral_Lobule R~ 7.48 —31.59 6809 Associaon  Parietal
Precuneus_R 998 5605 4377 Associaon  Parietal
Paracentral_Lobule_L ~7.63 —25.36 7007 Associaon  Parietal
Occipital_Mid_L. -82.30 -80.73 16.11 Associaion  Occipital
Temporal_Pole_Sup_L ~39.88 1514 —20.18 Paralimbic  Temporal
Occipital_Sup_L ~16.54 ~84.26 28.17  Associaion  Occipital
Temporal_Sup_L -53.16 —2068 7.13  Associaon  Temporal
HCs

Supp_Motor_Area R 862  0.17 61.85  Association Frontal
Supp_Motor_Area L. -532 4.85 6138  Association Frontal

Precuneus_L ~7.24 5607 4801 Associaon Parietal
Paracentral_Lobule R 7.48 3159 6809 Associaon  Parietal
Terporal_Mid_R 57.47 —87.23 —147 Association  Temporal
Terporal_Mid_L -55.52 —3380 —220 Associaion  Temporal
Paracentral_Lobule_L ~7.63 —25.36 7007 Associaon  Parietal
Temporal_Sup_R 58.15 -21.78 680 Association  Temporal
Precuneus_R 998 5605 4377 Associaon  Parietal
Occipital_Mid_L —3239 —80.73 1641 Associaion  Occipital

PCD, presbycusis with cognitive decline; PNCD, presbycusis without cognitive decline;
HCs, healthy controls.
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PCD vs.HCs (Bc)
Precuneus_R
Terporal_Mid_R
PNCD vs.HCs (Bc)
Postoentral R

PCD vs.HCs (Dc)
Frontal_Sup_Medial_L
Frontal_Sup_Medial_R
PNCD vs. HCs (Dc)
Frontal_Inf_Oper_R
Frontal_Inf_Tri_R
Rolandic_Oper_R
Occipital_Sup_L.

PCD vs.PNCD (Dc)
Frontal_Inf_Oper_R
Frontal_Inf_Tri_R
Rolandic_Oper_R
Frontal_Sup_Medial_R
Occipital_Sup_L
Occipital_inf_L
Fusiform_L
Temporal_Pole_Mid_L
PCD vs.HCs (Ne)
Occipital_Mid_L
Parital_Inf_ R
SupraMarginal_L
Temporal_Mid_R
PNCD vs.HCs (Ne)
Precentral R
Frontal_Inf_Oper_R
Frontal_Inf_Tr_R
Rolandic_Oper_R
Insula_R

PCD vs.PNCD (Ne)
Frontal_Inf_Tri_R
Rolandic_Oper_R
Occipital_Sup_L
Occipital_inf_L.
Terporal_Pole_Mid_L
PCD vs.HCs (NLe)
Precentral R
Frontal_Sup_R
Frontal_Sup_Medial_R
Cuneus_L
Paracentral_Lobule_L
Temporal_Mid_R
PNCD vs.HCs (NLe)
Occipital_Mid_L.
Paracentral_Lobule_L
Paracentral_Lobule_R
Terporal_Mid_L
PCD vs.PNCD (NLe)
Precentral R
Frontal_Sup_R

X (mm)

9.98
67.47

41.43

—4.80
9.10

50.20

50.33

52.65
—-16.54

50.20
50.33
52.65
9.10
—16.54
-36.36
-31.16
-36.32

-32.39
46.46
-55.79
57.47

41.37
50.20
50.33
52.65
39.02

50.33
52.65
—16.54
—36.36
-36.32

41.37
21.90
2.10
-5.93
—7.83
57.47

-32.39
—7.63
7.48
—65.62

41.37
21.90

y (mm)

—56.05
-37.23

—26.49

4917
50.84

14.98

30.16

-6.25
-84.26

14.98
30.16
-6.25
50.84
-84.26
-78.29
—40.30
14.59

-80.78
-46.29
-33.64
-37.23

-8.21
14.98
30.16
-6.25
825

30.16
-6.25
—84.26
—78.29
14.59

-8.21

112

50.84
—80.13
—25.36
-37.23

-80.73
—26.36
-31.69
-33.80

-8.21
31.12

Z (mm)

43.77
—1.47

52.65

30.89
30.22

21.41
1417
14.63
2817

21.41
1417
14.63
30.22
28.17
-7.84
-20.23
—34.08

16.11
49.64
3045
—1.47

52.09
21.41
1417
14.63
2.08

14.17

14.63

28.17

~7.84
—34.08

52.09
43.82
30.22
27.22
70.07
—1.47

16.11
70.07
68.09
-2.20

52.08
43.82

PCD>HC
PCD<HC

PNCD>HC

PCD>HC
PCD>HC

PNCD<HC
PNCD<HC
PNCD<HC
PNCD>HC

PCD=>PNCD
PCD>PNCD
PCD>PNCD
PCD>PNCD
PCD<PNCD
PCD<PNCD
PCD<PNCD
PCD<PNCD

PCD<HC
PCD<HC
PCD<HC
PCD<HC

PNCD<HC
PNCD<HC
PNCD<HC
PNCD<HC
PNCD<HC

PCD>PNCD
PCD>PNCD
PCD<PNCD
PCD<PNCD
PCD<PNCD

PCD>HC
PCD>HC
PCD>HC
PCD>HC
PCD>HC
PCD>HC

PNCD>HC
PNCD>HC
PNCD>HC
PNCD>HC

PCD>PNCD
PCD>PNCD

P-value

0.008
0.017

0.040

0.021
0.016

0.003
0.009
0.025
0028

0.026
0.011
0.032
0.040
0.021
0.013
0.036
0.029

0.017
0.041
0.043
0.024

0.012
0.002
0.007
0.013
0.028

0.019
0.043
0.007
0.015
0.026

0.032
0016
0.003
0.010
0.024
0.004

0.014
0.004
0.009
0.008

0.042
0038

PCD, presbycusis with cognitive decline; PNCD, presbycusis without cognitive decline;

HCs, healthy controls.
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PCD (n =30) PNCD (n = 30) HCs (n = 50)

Age (year) 6308+7.30 6247 +7.12
Sex (M/F) 14/16 12/18
Education (years) 1040 £2.18  11.47 £1.72

PTA of left ear (dBHL) 33.08 £3.79 33.11 £5.00
PTA of right ear (dB HL) 33.16 £6.66 33.52 +5.28

Average PTAof both 3312 £3.60 3332 £4.14
ears (dB HL)
MoCA scores 2457 £0.77 26,63 +0.72

Data are represented as Mean + SD. 'p < 0.001.

61.08+3.93
24/26
10.78 £1.79
17.93 £ 5.84
17.40 £5.19
17.67 £5.12

26.74£1.23

P-value

0.3212

0.776°

0.087%
<0.001"
<0.001
<0.001

<0.001

#The p-values are obtained by using one-way ANOVA. ®The p-values are obtained by
using x?-test. M, male; F, female; PTA, puretone audiometry; PCD, presbycusis with
cognitive decline; PNCD, presbycusis without cognitive decline; HCs, healthy controls.
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ARHL (n = 46) HCs (n = 45) p-value

MMSE 28.891 +£0.30 28841 £0.30 0.864
MoCA 25.701 £0.70 26.221 + 0.80 0.154
AVLT 33.507 £0.53 35.477 £0.29 0.230
CFT 34.451 £0.71 34.641 + 0.58 0.566
CFT-delay 16.843 £0.53 17.283 £ 0.64 0.559
TMT-A 69.702 + 0.97 68.622 + 1.29 0.809
TMT-B 175.005 £ 1.21 153.474 £9.38 0.044%
CDT 3.480 + 0.556 3.530 £ 0.65 0.633
DbsT 11.151 £0.59 11.822 £0.17 0.0968
VFT 14.374 £0.05 15.303 +£ 0.64 0.252
DssT 69.917 +£0.94 69.049 + 0.90 0.645
SAS 36.835 £ 0.93 35.986 £ 0.59 0.499
SDs 38.599 + 0.06 37.028 £ 0.41 0.396

Data are represented as mean  SD, *p < 0.05.

ARHL, age-related hearing loss; HCs, healthy controls; MMSE, Mini Mental State Exam;
MoCA, Montreal Cognitive Assessment; AVLT, auditory verbal learming test; CFT, complex
figure test; DST, digit span test, TMT-A, trail making test-Part A; TMT-B, trail making test-
Part 8; CDT, clock drawing test; VFT, verbal fiency test; DSST, digit symbol substitution
test; SDS, Self-Rating Depression Scale; SAS, Self-Rating Anxiety Scale.
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ARHL (n = 46)

Age (year) 62.657 +0.45
Sex (male: female) 21/25

Education level (years) 10.742 0.03
PTA (Left, dB HL) 33.034 +0.18
PTA Right, dB HL) 33,656 +0.38
PTA (Both, dB HL) 33.043 £ 0.88

Deta are represented as meanSD, ‘p-value < 0.001.

HCs (n = 45)

61.273 £0.71
21/24
10.671 £ 0.68
16.262 + 0.92
16.093 £ 0.27
16.182 £ 0.34

p-value

0.264

0.853

0.991
<0.001*
<0.001*
<0.001"

ARHL, age-related hearing loss; HCs, healthy controls; PTA, puretone audiometry.
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Brain regions p-Values

Betweenness Degree Nodal efficiency
centrality

Aged rats > Young rats
Posterior dorsal hippocampus_L - <0.001 <0.001
Olfactory tubercle_L - - <0.001
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Migraine (n = 32) Tinnitus (n = 20) Migraine with tinnitus (n = 27) Healthy controls (n = 47)

Age (year) 37.91+£9.38 40.55 + 10.42 37.78+7.24 41.91 £8.73
Gender (male/female) 5/27 8/12 5/22 11/36
Mean HT (dB) 16.14 £ 2.38 16.75 £ 2.50 16.94 + 1.44 16.22 +£2.18
Disease duration (months) 46.50 + 28.06 = 46.67 + 28.89 =
Headache frequency 4.00 +£1.83 - 9.30 £ 3.00 -
HIT-6 score 57.28 £9.34 - 62.37 £2.98 -

VAS score 6.47 £ 1.46 - 5.85+1.03 -

THQ score - 48.12 £ 14.76 50.62 + 14.31 -

P-value

0.136°
0.207¢
0.3972
0.9820
<0.001°
0.006°
0.063°
0.562°

Data were presented as Mean + SD. P-value < 0.05 were considered statistically significant.
20ne-way ANOVA.

b Two-sample t-tests.

CChi-square test.

Abbreviations HIT-6, Headache Impact Test-6; VAS, visual analog scale; THQ, Tinnitus Handicap Questionnaires; HT, Hearing thresholds.
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Brain regions Peak MNI coordinates Peak t-value Cluster size (number of voxels)

X Y z BA
PD > HC
Right precuneus 16 —-50 28 6.51 23 236
Left cuneus —16 —54 24 5.26 19 257
right angular gyrus 45 —60 39 6.03 39 163

The statistical threshold was set at the voxel level with p < 0.01 for multiple comparisons using Gaussian random-field theory (two tailed, voxel-level p < 0.01, GRF
correction, cluster-level p < 0.05). FC, functional connectivity; BA, Brodmann area; MINI, Montreal Neurological Institute; PD, Parkinson’s disease; HCs, healthy controls.
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HCs (n = 50) PD (n = 50) T/Z P

Age 61.74 £6.17 62.88 £9.06 0.735 0.464
Sex (M/F) 30/20 32/18 0.170 0.680
Education (years) 10.44 £368 1026 £3.30 -0.257 0.797
Disease duration (years) - 6.32 +4.63 - -
UPDRS-III - 27.76 £ 11.79 - -
H-Y stage - 1.41 £0.45 - -
MoCA scores 2820+ 132 2436+286 —8.608 <0.001

Data are represented as mean + standard deviation. HC, healthy control; PD,
Parkinson’s disease; M, male; F, female; UPDRS, Unified Parkinson’s Disease
Rating Scale; H-Y, Hoehn-Yahr.





