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Abnormal Brain Network Interaction Associated With Positive Symptoms in Drug-Naive Patients With First-Episode Schizophrenia
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Positive symptoms are marked features of schizophrenia, and emerging evidence has suggested that abnormalities of the brain network underlying these symptoms may play a crucial role in the pathophysiology of the disease. We constructed two brain functional networks based on the positive and negative correlations between positive symptom scores and brain connectivity in drug-naive patients with first-episode schizophrenia (FES, n = 45) by using a machine-learning approach (connectome-based predictive modeling, CPM). The accuracy of the model was r = 0.47 (p = 0.002). The positively and negatively associated network strengths were then compared among FES subjects, individuals at genetic high risk (GHR, n = 41) for schizophrenia, and healthy controls (HCs, n = 48). The results indicated that the positively associated network contained more cross-subnetwork connections (96.02% of 176 edges), with a focus on the default-mode network (DMN)-salience network (SN) and the DMN-frontoparietal task control (FPT) network. The negatively associated network had fewer cross-subnetwork connections (71.79% of 117 edges) and focused on the sensory/somatomotor hand (SMH)-Cingulo opercular task control (COTC) network, the DMN, and the visual network with significantly decreased connectivity in the COTC-SMH network in FES (FES < GHR, p = 0.01; FES < HC, p = 0.01). Additionally, the connectivity strengths of the right supplementary motor area (SMA) (p < 0.001) and the right precentral gyrus (p < 0.0001) were reduced in FES. To the best of our knowledge, this is the first study to generate two brain networks associated with positive symptoms by utilizing CPM in FES. Abnormal segregation, interactions of brain subnetworks, and impaired SMA might lead to salience attribution abnormalities and, thus, as a result, induce positive symptoms in schizophrenia.
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INTRODUCTION

Positive symptoms are distinguishing characteristics of schizophrenia; a severe mental disorder with diverse symptoms. Among these positive symptoms, the most prominent include hallucinations, delusions, and disordered thinking and behavior. The hallucination-delusion syndrome can lead to serious impairment of social function in patients. Currently, the primary goal of antipsychotic drugs in the treatment of schizophrenia is to reduce the occurrences and severity of positive symptoms. Exploring the underlying mechanisms of positive symptoms can assist in expediting the search for the etiology and potential therapies for the disease.

The “disconnection” hypothesis in schizophrenia is widely accepted. Both the abnormal salience monitoring theory of schizophrenia (1, 2) and the triple network model of psychopathology (3) posit that the abnormal functional communication between the SN and the DMN, or among the DMN, or between the SN the central executive network (CEN) is the mechanism behind psychotic symptoms. A recent study conducted by using deep discriminant autoencoder networks revealed that the dysfunctional integration within and across the DMN, the SN, and the frontoparietal task control (FPT) network plays an important role in the “disconnectivity” model of schizophrenia (4). A lower integration of the DMN, the CEN, and the sensory/somatomotor hand (SMH) network is associated with the severity of positive symptoms (5). Reduced DMN and CEN activation is observed in delusional patients with schizophrenia (6). Prior studies have reported strong relationships between disrupted SN/DMN functional communication and positive symptoms (7). All this emerging evidence implicate the occurrence of mental symptoms is closely related to the communication between large-scale brain networks.

With the development of technology, machine learning (ML) has significantly impacted the field of neuroscience. Thus, we aim to explore brain network connections based on a whole-brain, ML approach. Connectome-based predictive modeling (CPM) is one such method used for developing predictive models of brain-behavior relationships from whole-brain functional connectivity, with cross-validation to improve statistical efficacy and generalizability (8). In previous studies, CPM demonstrated adequate performances in predictive fluid intelligence (9), sustained attention (10), and cocaine abstinence (11). As CPM is based on linear modeling and a purely data-driven protocol, it exhibits suitable interpretability and presents two brain networks related to positive symptoms.

This study included patients with FES as the subjects. As FES subjects had never been treated, unlike patients with chronic schizophrenia, connectivity abnormalities may be distinguished without the confounding effects of medications. CPM was utilized here to extract the most relevant features (connections) associated with positive symptoms in patients with FES across the brain and for the construction of two functional networks. The connections between different functional subnetworks were then observed by using the networks identified previously with CPM. Meanwhile, we chose subjects at genetic high risk (GHR) for schizophrenia and healthy controls (HCs) and compared their network connectivity with that of the FES group. Compared to HCs, GHR subjects were at a higher risk of developing schizophrenia (12) and showed cognitive deficits (13–15), but they did not suffer from severe psychiatric symptoms. As positive symptoms represent a pathological state, we explored the network alteration in the FES group by comparing it with asymptomatic people. We hypothesized that positive symptoms are associated with changes in brain connectivity, especially in connections between different functional subnetworks.



MATERIALS AND METHODS


Participants

The study participants comprised 48 drug-naive patients with FES, 41 GHR subjects, and 50 HCs. The FES subjects were recruited from the Department of Psychiatry of the Second Xiangya Hospital of Central South University in China, while the GHR subjects and HCs were recruited from the local community. The FES subjects were diagnosed through a structured clinical interview according to the DSM-5 criteria. The GHR subjects had at least one first-degree relative who suffered from schizophrenia. All participants were drug-naive, 13–35 years old, right-handed, and Han Chinese. Subjects with a history of neurological or severe physical disease, substance abuse, or with an IQ of <70, which was determined by the WASI-IV (16), were excluded from the study. This study was approved by the ethics committee of the Second Xiangya Hospital of Central South University. Written informed consent was obtained from all subjects or their guardians.



Positive and Negative Syndrome Scale

The Positive and Negative Syndrome Scale (PANSS) (17) was used to evaluate the psychiatric symptomatology of the FES subjects. The assessments were conducted by clinical psychiatrists with experience and expertise in PANSS assessment. The total score for positive symptoms of each FES subject was the sum of all items in the positive subscale.



Image Acquisition

For each participant, magnetic resonance imaging (MRI) data were acquired by using a 3.0T magnetic resonance imager (Siemens, Skyra, Germany), equipped with a 16-channel array coil at Hunan Children’s Hospital, Changsha, China. During the scan, the participants were required to remain motionless and awake with their eyes closed. Foam pads and earplugs were provided to minimize head motion. Rest data was collected with single-shot full k-space echo-planar imaging (EPI) and the sequence parameters were as follows: TR/TE = 2,000/30 ms, slice number = 36, flip angle = 90°, field of view (FOV) = 256 mm2 × 256 mm2, slice thickness = 3.4 mm, and voxel size = 3.4 mm3 × 3.4 mm3 × 3.4 mm3. For each participant, one functional run contained 250 image volumes within a 508 s scanning time. For registration of functional images, a high-resolution structural image was acquired using a high-resolution sequence: TR = 2,530 ms, TE = 2.33 ms, flip angle = 7°, slice number = 192, FOV = 256 mm2 × 256 mm2, slice thickness = 1 mm, and voxel size = 1 mm3 × 1 mm3 × 1 mm3.



Data Preprocessing

Resting-state functional magnetic resonance imaging (rs-fMRI) data preprocessing was performed by using Data Processing Assistant for rs-fMRI (running in MATLAB R2013b) (18). The data pre-processing sequence was as follows. The first 10 time points of each functional image were removed to facilitate equilibration of the magnetic field. Slice timing and realignment were performed, followed by the execution of within-subject co-registration of the T1 image to a functional image and segmentation into gray matter (GM), white matter (WM), and cerebrospinal fluid (CSF). To reduce the effects of non-neuronal fluctuations, including the CSF and WM signals and head motion profiles, nuisance covariate regression was performed by using Friston’s 24-parameter model (19) (six head motion parameters, six head motion parameters one-time point before, and 12 corresponding squared items). Individual data were transformed into a standardized Montreal Neurological Institute coordinates (MNI) space by applying the normalization parameters obtained from DARTEL, with a resampling voxel size of 3 mm × 3 mm × 3 mm. The generated images were then smoothed by using a 4 mm3 × 4 mm3 × 4 mm3 full-width at half-maximum (FWHM) Gaussian kernel with the linear trends removed. Finally, the MRI data were bandpass filtered (0.01–0.1 Hz) to reduce the effects of low-frequency drift and high-frequency physiological noises. To control the quality of the fMRI data, pictures for normalization from each participant were presented and scored during preprocessing. One HC with serious normalization problems (score < 3) was excluded. To control the head motion, the discarded subjects were defined as mean FD (Jenkinson) of >0.2 mm (20). As a result, three FES subjects and one HC were excluded. We additionally calculated the mean FD (Jenkinson) (21) and compared it among the three groups with results demonstrating no significant difference in FD (f = 0.359, p = 0.783). The fMRI data of each subject were then divided into 264 brain regions by utilizing the Power264 atlas (22). A correlation analysis was finally performed between each of the two brain regions by using Pearson correlation to obtain 264 × 264 matrices with Fisher z-transformation.



Construction of Positive Symptom-Associated Network by Connectome-Based Predictive Modeling

In this study, CPM used the leave-one-out cross-validation approach, where in each iteration, one FES subject formed the test set and the remaining FES subjects formed the training set. First, a 264 × 264 correlation matrix was obtained for each subject in the training set with each number representing the strength of the connection between the two brain regions. The total positive symptom scores of the FES subjects were normally distributed. Pearson correlation was used to correlate each value in the correlation matrix with the total positive symptom score and to obtain the statistical p-value. By setting a threshold value of p = 0.01, the most positively and negatively relevant edges were selected for model-building in the training set. The strengths of all positively associated connections, as well those of the negative connections, were summed. The two total values were entered into a linear model with the total positive symptom score. The generated model was used to predict the positive symptom scores of individuals in the test set. After 45 iterations, the predicted score of each patient was obtained. The connections that survived in each iteration were aggregated to form a final and positively associated network and a negatively associated network. The predicted scores were correlated with the actual scores to measure the model’s accuracy (r-value). Statistical significance for the model accuracy was assessed by using 10,000 permutation tests. Positive symptom scores were randomly reassigned to different subjects. Then, new label assignments were input to build a new model and obtain a new correlation coefficient. This process was repeated 10,000 times to generate an empirical null distribution to assess the statistical significance of the true model’s accuracy. The statistical threshold was set at p < 0.05.

Threshold selection: As mentioned above, the selection of significantly related connections is important in CPM and a threshold value of p = 0.01 has been used in several previous studies which utilized CPM (9, 10). However, since no consensus has been reached on the threshold value of p, we chose a series of thresholds from p = 0.005 to 0.05 with increments of 0.005. Consequently, 10 models under different thresholds were obtained. Each of these was found to be effective after the permutation test and all of them had similar accuracies. For the following subsequent analysis, we chose the model with p = 0.01 because it was more stringent in the selection of connections and enabled better performance (r = 0.47, p = 0.002). The accuracies of the remaining models are presented in the Supplementary Material.



Connection Strength Comparison

In all three groups (FES, GHR, and HC), the total strength of the final positively/negatively associated network was calculated by summing all connections. First, in each group, the total strength of the positively associated network was compared with that of the negatively associated network. Second, the total strength of both the positively and negatively associated networks was compared among the three groups. Multiple comparison correction was then performed with Bonferroni correction.

We calculated the connection strengths between the different subnetworks according to the main subnetworks involved. In the positively associated network, the strengths of connections between the DMN and the FPT network along with the DMN-SN connections were summed. In the negatively associated network, the connection strengths of the SMH-Cingulo opercular task control (COTC) network, the DMN, and the visual network were calculated. These connection strengths were compared among the three groups. Multiple comparison correction was performed with Bonferroni correction.

Furthermore, the strength of each node in the positively/negatively associated network was calculated by summing the weights of all edges connected to the node. The nodes were then compared among the three groups and corrected with FDR (q < 0.05). Age, gender, years of education, and head motion (mean FD) were treated as covariates.



Statistical Analysis

Data analysis was performed by using SPSS (IBM SPSS Statistics for Macintosh, Version 23.0). Mean FD, demographic, and clinical variables of the three groups were compared by using analysis of variance (ANOVA) or chi-squared test. For post hoc comparisons, Fisher’s least significant difference procedure and Dunnett T3 correction (adjusted p < 0.05) were applied. The network strength was examined by using an F-test with Bonferroni correction. Group differences in node strength were identified by ANOVA with FDR correction. Age, gender, years of education, and head motion (23) were regarded as covariates in all comparisons among the groups. The statistical threshold was set as p < 0.05.




RESULTS


Demographic and Clinical Characteristics

No significant differences were found in terms of gender (p = 0.671), age (p = 0.602), and mean FD (p = 0.57) among the three groups. HC had a higher educational level than the other groups (p = 0.006; Table 1).


TABLE 1. Demographic and clinical information.
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Defined Positive and Negative Networks Related to Positive Symptoms of First-Episode Schizophrenia

The positively and negatively associated networks in FES are shown in Figure 1. The obtained positively associated network indicated that a stronger network connection led to more serious positive symptoms, while the opposite was true for the negatively associated network. The positively associated network involved 127 brain regions with 176 edges, while the negatively associated network involved 108 brain regions with 117 edges. The positively associated connections focused on the frontal and temporal lobes and the limbic system, while the negatively associated connections focused on the frontal, parietal, and occipital lobes. Based on the Power264 atlas, which divides the whole brain into 14 subnetworks, cross-subnetwork connections were found to be dominant in positively associated networks (accounting for 96.02%). These connections were concentrated in the DMN-SN (27.27%) and the DMN-FPT network (13.64%). The negatively associated networks had fewer cross-subnetwork connections (71.79%) and were concentrated in the COTC-SMH network (11.11%), the visual network (11.11%), and DMN (9.40%) (Figure 2).


[image: image]

FIGURE 1. Anatomical distribution of positive and negative networks. Panel (A) shows a positively associated network and (B) shows a negatively associated network. The sphere in the figure represents the brain region. In addition, the more edges connected to the brain region, the larger the ball. The nodes of the positive network are focused on the frontal, temporal, and limbic systems, while those of the negative network are focused on the parietal and occipital lobes.
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FIGURE 2. Positive and negative network connection. Panel (A,B) plots show the distribution of positively and negatively associated networks across the 14 subnetworks. The 264 brain regions on the map are marked with different colors, each representing a subnetwork. The anatomical label of each brain region corresponds to the AAL90 atlas by MNI coordinates. Red edges indicate a positively associated network and blue edges indicate a negatively associated network. Panel (C) shows the proportion of cross-and intra-subnetwork connections. Panel (D) shows the connection matrix in each subnetwork. D1 is the positively associated network, while D2 is the negatively associated network. The positively associated network connections are focused on the DMN-SN and DMN-FPT networks. The negatively associated networks are focused on COTC-SMH network, DMN, and the visual network. U, uncertain; SH, sensory/somatomotor hand; SM, sensory/somatomotor mouth; CT, Cingulo-opercular task control; Au, auditory; DM, default mode; MR, memory retrieval; VT, ventral attention; V, visual; FT, fronto-parietal task control; Sa, salience; Su, subcortical; Ce, cerebellar; DA, dorsal attention.




Network Strength Alteration and Decreased Node Connectivity in First-Episode Schizophrenia

The total strength of the negatively associated network was significantly higher than that of the positively associated network in HCs (p < 0.001) and GHR subjects (p < 0.001). The difference between the two networks was not observed in the FES subjects. Although the negatively associated networks had fewer edges, they had higher connectivity strength in all individuals except for FES subjects.

Neither positively nor negatively associated network strengths differed among the three groups. In the comparison of connectivity strength among different subnetworks, only connectivity strength between COTC and SMH in the negatively associated network exhibited a significant difference (FES < GHR, p = 0.01; FES < HC, p = 0.01; Table 2 and Figure 3).


TABLE 2. Comparison of network strength among the three groups [first episode schizophrenia (FES), genetic high-risk (GHR), and healthy controls (HCs)].
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FIGURE 3. Comparison of positively and negatively associated network strengths and the decreased connectivity of the Cingulo opercular task control (COTC)-sensory/somatomotor hand (SMH0 network. (A) Negatively associated network strength was significantly higher than positively associated network strength in HCs (p < 0.001) and GHR (p < 0.001). (B) The strength of negatively associated connections in the COTC-SMH network in FES was significantly decreased as compared to GHR (p = 0.005) and HC (p = 0.015). *The difference was significant with a p value of less than 0.05 (after Bonferroni correction).


In the negatively associated network, the node strengths of P28 (Precentral_R, p < 0.0001), P21 (Precentral_R, p < 0.0001), and P54 (Supp_Motor_Area_R, p < 0.001) were significantly reduced in FES subjects compared to that in GHR subjects. No significant difference was observed in positively associated nodes.




DISCUSSION

Schizophrenia is considered a disorder of the brain’s network connection (24, 25). Recent studies have found both hyperconnectivity and hypoconnectivity in the brain network of individuals suffering from schizophrenia (26, 27). Similarly, in this study, two opposite networks associated with positive symptoms were defined in FES. The positively associated network had more cross-subnetwork connections (96.02%), which were concentrated in the DMN-SN and the DMN-FPT network. In comparison, the negatively associated network had fewer cross-subnetworks (71.79%), which were concentrated in the COTC-SMH network, the visual network, and the DMN. Although there were fewer edges, the total connectivity strength of the negatively associated network was significantly higher than that of the positively associated network in the HC and GHR groups. In contrast, this feature was not found in the FES group. Moreover, the connectivity strength between the COTC and the SMH networks and between the right Supplementary motor area (SMA) and the right precentral gyrus in the negatively associated network were significantly decreased in the FES group. Connectivity in the negatively associated network was decreased, while in the positively associated network, connectivity was increased with more subnetwork communications. This suggested that increased communication between brain subnetworks was related to higher positive symptom scores. In addition, network segregation was affected and interaction between the brain subnetworks was altered in the FES group.

The small-world property (28, 29) is an important feature of brain networks and has been well established. Excessive connectivity between subnetworks can cause considerable specialization in a community (30, 31), while increased resting-state system segregation is positively correlated with cognitive training improvements (32, 33). In contrast, brain dysfunction and reduced segregation of brain systems have been widely observed in many neuropsychiatric diseases, especially schizophrenia (34). These findings are similar to the results of the present study.

According to a previously proposed hypothesis, a resting-state organization represents an optimized state of metabolic energy demands and maintains segregation at rest to allow each functional system to respond rapidly and flexibly to the processing of tasks and goals (30). Thus, the imbalance of segregation and integration of brain subnetworks (especially the associated systems in positively associated networks) can lead to the disability of higher-order cognitive functions.

Among the mainly involved subnetworks in positively associated connections, The DMN, one of the primary subnetworks involved in positively associated connections, focuses on different aspects of self-referential processing (35). The FPT network, also known as the CEN (36), is essential for decision-making in the context of goal-directed behavior (37, 38), while the SN acts as a switch between the CEN and the DMN (3, 39–41). The DMN and the SN appear to have more of a negative correlation. However, in this study, the connections among the DMN, the SN, and the CEN were enhanced. Based on the deficits of the DMN, the SN, and the CEN in patients with schizophrenia (3, 7, 26, 42, 43), Menon (3) proposed the triple network model, suggesting that abnormalities in the engagement and disengagement of these three core networks play an important role in psychiatric disorders. An important aspect is the inappropriate salience assignment to external stimuli or internal events, leaving the cognitive system lacking in context-relevant engagement and disengagement. The symptoms in subjects at risk of psychosis are also associated with reality distortion (44). Hence, we considered that the abnormal interactions among the DMN, the SN, and the CEN might be related to inappropriate salience assignment and interfere with higher-level cognition with potential induction of psychiatric symptoms. A recent meta-analysis of schizophrenia (26) indicated hyper-connectivity between the affected network and the ventral attention network, implicating that the imbalanced communication between the salience processing network and other networks made it difficult for patients to distinguish between the internal and external worlds.

Another important mechanism of the triple network model is the aberrant bottom-up detection of salient events. In this study, reduced connectivity in the COTC-SMH network was found in the negatively associated network, indicating that positive symptoms are associated with low-level sensory signal changes in cognitive processing. The COTC network shares similar functions and anatomical locations with the SN (36, 45) and is in charge of initiating and maintaining task processing (46, 47). The decreased connections between COTC and the perception network might reflect the unusually detected signals of perception. The inability to accurately initiate and maintain the task process might cause abnormal attention allocation. This result is consistent with those obtained by Orliac, who discovered a pronounced effect of reduced functional connectivity in the visual, auditory, and cross-modal binding networks in patients with schizophrenia (48).

Another important result of this study was the reduced connectivity strength of the right SMA and the right precentral gyrus in the FES group. In patients with schizophrenia, the precentral gyrus is involved in auditory-verbal imagery (49), and its activity is associated with auditory verbal hallucinations (50). In psychopathological studies, SMA’s function is considered necessary for self-attribution (51–53). A study found that schizophrenia patients with hallucinations have low SMA activity in tasks requiring the generation and monitoring of the inner language (54). SMA activation in healthy individuals with non-clinical hallucinations is related to a lack of self-control of hallucinations (55). The impaired function of SMA can diminish a person’s capacity for voluntary action and mental imagery (49, 56, 57), leading to misinterpreted intentions or speech perceptions that form the foundations of hallucinations and illusions (52, 58).

Both the affected interactions between subnetworks and the decreased connectivity of SMA indicate that the inappropriate salience assignment is closely related to the positive symptoms in patients with schizophrenia. From a pharmacological perspective, midbrain dopamine receptors are the therapeutic target for positive symptoms (59). Abnormal dopamine regulation of the mesolimbic system in schizophrenia might lead to aberrant attribution of saliency and contribute to the emergence of positive symptoms (60–62). Patients with schizophrenia are highly attentive to irrelevant cues and are positively correlated with positive symptoms (63). Therefore, we suggest that abnormal subnetwork interactions and segregation can have cascading consequences on attention allocation and engagement of the cognitive system. Impaired SMA can lead to abnormal attribution, causing hallucinations.

A limitation of this study was that another independent set was not used to validate the CPM model. Therefore, the positively and negatively associated networks extracted in this study might not apply to all individuals with schizophrenia. On one hand, it was difficult to ensure consistency in PANSS assessment across studies. The derived brain network based on FES in this study might not be able to accurately predict the PANSS scores of subjects in other studies. On the other hand, in clinical practice, clinicians do not need to use CPM to assess the positive symptoms of schizophrenia. Given the strong interpretability of CPM, we sought to extract brain networks that were significantly associated with positive symptoms. After rigorous cross-validation and permutation tests, we concluded that the functional network extracted by CPM is significantly correlated with positive symptoms. Another limitation of this study was that the age of the FES group was between 13 and 35 years. Although age was treated as a covariate, it was difficult to remove any potential influence. In future studies, more subjects should be included to cover all age stages.



CONCLUSION

In this study, we found that increased communication among different functional modules is related to higher positive symptoms scores. Abnormal interactions among the DMN, the SN, and the CEN along with decreased connectivity in the COTC-SMH network could be involved in the development of positive symptoms. The hypofunction of SMA might cause abnormal attributions of the internal language. These might interfere with the patient’s recognition of internal and external stimuli, contributing to the bias of thought. Thus, more in-depth neurobiological studies need to be conducted to explore the function and interactions of large-scale brain networks.
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