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Accurate diagnosis of the initial phase of Alzheimer’s disease (AD) is essential and crucial. The objective of this research was to employ efficient biomarkers for the diagnostic analysis and classification of AD based on combining structural MRI (sMRI) and resting-state functional MRI (rs-fMRI). So far, several anatomical MRI imaging markers for AD diagnosis have been identified. The use of cortical and subcortical volumes, the hippocampus, and amygdala volume, as well as genetic patterns, has proven to be beneficial in distinguishing patients with AD from the healthy population. The fMRI time series data have the potential for specific numerical information as well as dynamic temporal information. Voxel and graphical analyses have gained popularity for analyzing neurodegenerative diseases, such as Alzheimer’s and its prodromal phase, mild cognitive impairment (MCI). So far, these approaches have been utilized separately for the diagnosis of AD. In recent studies, the classification of cases of MCI into those that are not converted for a certain period as stable MCI (MCIs) and those that converted to AD as MCIc has been less commonly reported with inconsistent results. In this study, we verified and validated the potency of a proposed diagnostic framework to identify AD and differentiate MCIs from MCIc by utilizing the efficient biomarkers obtained from sMRI, along with functional brain networks of the frequency range .01–.027 at the resting state and the voxel-based features. The latter mainly included default mode networks (amplitude of low-frequency fluctuation [ALFF], fractional ALFF [ALFF], and regional homogeneity [ReHo]), degree centrality (DC), and salience networks (SN). Pearson’s correlation coefficient for measuring fMRI functional networks has proven to be an efficient means for disease diagnosis. We applied the graph theory to calculate nodal features (nodal degree [ND], nodal path length [NL], and between centrality [BC]) as a graphical feature and analyzed the connectivity link between different brain regions. We extracted three-dimensional (3D) patterns to calculate regional coherence and then implement a univariate statistical t-test to access a 3D mask that preserves voxels showing significant changes. Similarly, from sMRI, we calculated the hippocampal subfield and amygdala nuclei volume using Freesurfer (version 6). Finally, we implemented and compared the different feature selection algorithms to integrate the structural features, brain networks, and voxel features to optimize the diagnostic identifications of AD using support vector machine (SVM) classifiers. We also compared the performance of SVM with Random Forest (RF) classifiers. The obtained results demonstrated the potency of our framework, wherein a combination of the hippocampal subfield, the amygdala volume, and brain networks with multiple measures of rs-fMRI could significantly enhance the accuracy of other approaches in diagnosing AD. The accuracy obtained by the proposed method was reported for binary classification. More importantly, the classification results of the less commonly reported MCIs vs. MCIc improved significantly. However, this research involved only the AD Neuroimaging Initiative (ADNI) cohort to focus on the diagnosis of AD advancement by integrating sMRI and fMRI. Hence, the study’s primary disadvantage is its small sample size. In this case, the dataset we utilized did not fully reflect the whole population. As a result, we cannot guarantee that our findings will be applicable to other populations.
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INTRODUCTION

With the increase and the prevalence of age-related mental decline, researchers have been increasingly interested in studying pathological and regular aging in an attempt to identify early markers of neuronal disease. Indeed, due to the high expense and pharmaceutical burden of progressive disorder on the national healthcare system, research targeted at providing a timely and differential assessment of these disorders is essential. Alzheimer’s disease (AD) is the most prevalent neurodegeneration disease in the world, impacting millions of individuals (2020 Alzheimer’s disease facts and figures, 2020). The identification of precise and accurate biomarkers of early AD advancement will aid researchers and doctors in the development of novel medications and the monitoring of their efficacy, as well as reduce the time and expense of clinical examination. The National Institute of Neurologic and Communication Disorders and Stroke and the Alzheimer’s disease and Related Disorders Association (NINCDS-ADRDA) created clinical diagnostic guidelines for AD based on the binary method in the 1980s. The importance of cognitive deterioration in the detection of AD is mentioned in this technique (McKhann et al., 1984). Later, neuropathological evidence in the form of neurofibrillary tangles and senile plaques (Hyman and Trojanowski, 1997) was introduced. AD diagnostic regulation was enhanced in 2011 by the National Institute on Aging-Association Alzheimer’s Group. Additional features can be obtained by measuring cerebrospinal fluid (CSF), neurogenetic approach, tau, amyloid, and neuronal damage features as assessed by neuroimaging analysis, including MRI, positron emission tomography (PET), and functional MRI (fMRI). The use of biomarkers, such as the Mini-Mental State Examination (MMSE) score, MRI biomarkers (such as normalized whole-brain volume and hippocampal volume), and CSF biomarkers (amyloid–42, tau), as well as combined metabolic disorders, to detect AD and predict mild cognitive impairment (MCI) conversion shows promising future (van Maurik et al., 2017). MRI and PET imaging alterations allow for the determination of atrophic areas and amyloid/metabolism indicators (Zhang et al., 2011; Garali et al., 2018), allowing for the detection of AD even at an early stage (Jack et al., 2019). Because of the non-invasive nature of MRI, a lot of work has gone into improving the MRI processing scheme in order to uncover MRI-associated markers that may be used to increase the efficiency of Alzheimer’s diagnosis. There is a lot of evidence that various anatomical brain areas are damaged at different stages of the pathology, with the amygdala, hippocampus, and entorhinal cortex being the first to be impacted. Despite the fact that these areas are responsible for AD, they have yet to be thoroughly investigated. The hippocampal sub-regions are widely recognized to have a key part in the short-to-long-term memory assimilation process. The hippocampus region is more likely to be the first section of the brain to deteriorate. Furthermore, clinical research has revealed that the hippocampus region is one of the most often utilized and effective biomarkers for detecting the transition from MCI to AD (Platero et al., 2019; Liu et al., 2020). Despite this, due to the low resolution of MRI, it is commonly treated as a single entity. With major advancements in high-resolution MRI image data acquisition techniques, new possibilities for studying specific hippocampal sub-regions have emerged. CA1 volume measures were found to be more sensitive than total hippocampal volumetry for detecting structural alterations in the early stages of AD (Zheng et al., 2018). Hippocampus sub-regions have also been connected to age-related memory loss and certain features of memory patterns (Zheng et al., 2018). As a result, early identification of AD or its prodromal stage, MCI (Petersen, 2004) is critical for consistent and effective diagnosis, that can assist to slow the course of the disease. As an intermediate stage of Alzheimer’s, individuals with MCI are commonly marked by a cognitive and functional decline in the regular aging process and is affected by memory decline without the disorder (Petersen, 2004; Angelucci et al., 2010), which is commonly characterized by the overall decline in cognition on various brain regions. MCI is considered as prior AD (Petersen, 2004). Individuals with MCI develop Alzheimer’s subsequently, wherein symptoms emerge over the period of 2–3 years on average (Lopez et al., 2012). An eventual community support analysis in the old individual indicated that the transition rate of MCI from Alzheimer’s to various forms of dementia is approximately 10–15% every year (Wei et al., 2016). Previous research advises some individuals cannot transit to Alzheimer’s, and quite continue in stable form clinically for a long time, which is considered as stable MCI (MCIs), whereas MCI that converts to AD is referred to as MCIc. Previous research from Alzheimer’s analysis advocates the hypothesis that Alzheimer’s is commonly characterized by a functional disconnection of the neuronal pattern and functional connectivity (FC) of various brain areas, which is also shown in the initial stage of MCI or even before the transition to Alzheimer’s (Bishop et al., 2010; Clem et al., 2017; de Vos et al., 2018).

Biomarkers obtained from various imaging techniques, such as PET, resting-state fMRI (rs-fMRI), and structural MRI (sMRI), have shown beneficial aspects in the MCI and AD diagnosis (Ju et al., 2019). Particularly, the fMRI technique presents a wide analysis platform to quantify the functional patterns of the brain by calculating the correlation among intrinsic blood-oxygen-level-dependent (BOLD) frequency variation in multiple brain areas at resting state. Being sensitive to various brain region spontaneous neuronal activity, BOLD signal can be therefore utilized as an effective noninvasive biomarker for analyzing neuronal disease at a whole-brain level such as Alzheimer’s. FC, which gives the temporal interaction of BOLD frequency among various brain areas, can reveal how structurally isolated and functionally related brain regions communicate. Therefore, a functional network study utilizing fMRI images will serve an immense potentiality for automated disease diagnosis. A large literature has analyzed AD-generated alteration in functional networks on rs-fMRI (Hojjati et al., 2017; Zhang et al., 2019). The rs-fMRI presents the insight on a dynamic imaging modality for pathological identification of FC not only in an individual with Alzheimer’s but also in those with other neuropsychiatric or neurological disorders (Greicius, 2008). Evidence from previous studies indicates that functional relation at the resting state shows the connection link of work-related knowledge (Ito et al., 2017), in which functional networks have proven to be highly valuable and sensitive markers for Alzheimer’s (Sheline et al., 2010). Grieder et al. (2018) advise that loss in cognitive ability in AD individual are directly connected to the brain network complexity pattern. In a previous fMRI study, FC has been reported to indicate Alzheimer’s related cognitive impairment in older individuals with healthy cognition, AD, and MCI (Lin et al., 2018). Some fMRI analyses also indicated that the pathophysiology of Alzheimer’s is correlated with statistical alteration of regional spontaneous low-frequency BOLD variation coherence estimation in the relaxed phase. For voxel-wise analysis, the metrics used in these studies included regional homogeneity (ReHo) (Zang et al., 2004; He et al., 2007); the amplitude of low-frequency fluctuation (ALFF) (Zou et al., 2008; Li et al., 2017), and fractional ALFF (fALFF). These studies showed that the precuneus (PCu) and the posterior cingulate cortex (PCC) had the larger ReHo abnormality among Alzheimer’s as compared to cognitively normal individuals (p < 0.05). The fALFF along with ALFF analysis on fMR images (Han et al., 2011) suggested, individuals with MCI are characterized by reduced fALFF measure in the larger brain areas, which includes temporal cortices and occipital. The FC of rs-fMRI (Li et al., 2017), indicated, a brain area with major FC was highly presented in the default mode network (DMN) regions (Hafkemeijer et al., 2012; Zhang et al., 2020) and primarily affect the PCC and bilateral PCu (Dai et al., 2015). Both AD and aMCI have been found to target large-scale networks, including reduced DMN connectivity and increased salience network (SN) (Greicius et al., 2004; Zhou et al., 2010; Zhou and Seeley, 2014) connectivity, as well as aberrant connectivity between networks (Brier et al., 2012) in AD and disturbed connectivity in aMCI, especially in relation to the DMN (Lee et al., 2016; Yang et al., 2017; Zhang et al., 2017), using resting-state functional connectivity methods that quantify the temporal synchrony between brain regions. These are all statistically important discoveries for cluster-level comparison. Yet, the classification potential of the above-indicated biomarker identified the individual with MCI/AD into one of the categories (MCI/AD vs. healthy controls [HC]), which is a highly complex work as compared to the study of different groups (Rathore et al., 2017). Recently, another analysis recommended that the biomarkers retrieved from functional networks assessment and machine learning techniques using rs-fMRI provide an effective framework for accurate and efficient identification. Chen et al. (2011) utilized large-scale networks (LSN) technique with 95% area under the curve (AUC) to classify patients into amnestic MCI (aMCI) and cognitively healthy. Challis et al. (2015) presented the GP-LR technique with SVM and obtained an accuracy of 75% to diagnose healthy individuals from aMCI. Khazaee et al. (2015) utilized time series from a brain network with linear SVM as a classifier to identify disease individuals, their experimental result achieved 100% accuracy on classification. This could be due to the limited number of sample and their feature reduction technique which was the single-variable Fischer score method. In another study, they utilized features obtained both spatial and temporal variation from dynamic connectivity networks (DCNs). Finally, they combined it as a feature to evaluate the multi-kernel technique along with manifold regularization multi-task feature learning and obtained 78.8% of accuracy for the identification of EMCI and LMCI (Jie et al., 2018). It has been proven that a functional graph measure with a machine learning technique using rs-fMRI can precisely identify individuals with MCI, individuals with Alzheimer’s, and healthy control (Xiang et al., 2013).

However, large of the literature collected MCIs and MCIc groups into a single MCI group (He et al., 2008; Khazaee et al., 2015), and very few works of literature have analyzed the potentiality of rs-fMRI to identify differences among the two groups (Khazaee et al., 2015). In addition, Zuo et al. (2010) categorized the BOLD frequency into five frequency bands. Brain function in individuals with AD and MCI was significantly different at hippocampus, medial prefrontal, and posterior cingulate regions in these frequency bands. From this framework, we aimed to assess the potency for diagnostic classification to differentiate MCIs and MCIc, along with other groups, by using the biomarkers obtained from sMRI and functional brain networks during the resting state. Based on the classification results, to discover highly sensitive biomarkers, we can recognize accurately and precisely why sensitive biomarkers in the brain altered with disease advancement. We hypothesized that providing cognitive training and appropriate treatment for an individual’s highly sensitive brain area at various phases in disease advancement can avert the growth of Alzheimer’s conversion. It is better to observe that large of the abovementioned rs-fMRI technique utilized only time-series networks to compare different groups. However, using only time series for a feature vector obtained by rs-fMRI modality is possibly not precise to present the spatiotemporal pattern of the whole brain (He et al., 2008).

Volume alterations in the hippocampus and amygdala are considered a primary feature of AD and are utilized as a diagnostic indication. In Alzheimer’s patients, hippocampal and amygdala atrophy generally spreads to other parts of the brain (Josephs et al., 2017; Feng et al., 2018). Anatomical MR imaging can be used to visualize the pattern of hippocampus amygdala, cortical, and subcortical atrophy. Which is important in the clinical diagnosis of AD (Feng et al., 2018). Therefore, the fundamental aim of this framework was to analyze the sMRI and rs-fMRI data to their full potential by combining hippocampal sub-volume, amygdala nuclei volume of sMRI, brain networks, and multi-measure voxel-based features of rs-fMRI to identify AD. Firstly, the cortical and subcortical segmentation was performed with Freesurfer (version 6), and then hippocampus subfield and amygdala nuclei volume segmentation was performed with Freesurfer’s segmentHA_T1.sh function (Fischl, 2012). Secondly, we processed the signal into the 0.01–0.027 Hz frequency band at the resting phase. Thereafter, we created a brain network by evaluating Pearson’s correlation coefficients among time series of the entire brain region. Afterward, we performed a threshold operation to obtain a binary undirected brain network. Subsequently, we obtained graph elements, such as global efficiency, local efficiency, characteristic path length, clustering coefficient, and SmallWorlds, to calculate the parameters of functional brain networks. Likewise, we obtained maps of three-dimensional (3D) regional coherence (fALFF, ALFF, ReHo, and DC) for each patient. After this we implemented univariate statistical two-sample t-tests for the entire 3D-brain area among training classes to obtain an analysis mask that preserved the original set of significant voxel-based features, generating notable differences in any one of the voxel measures, that is, fALFF, ReHo, FALFF, and DC. In this study, we also applied brain networks and voxel features separately, and finally, we combined both sMRI and rs-fMRI features. At the feature selection stage, we implemented and analyzed three different feature selection techniques to obtain the optimal features. To achieve unbiased classification performance, SVM with the cross-validation method (CV) was implemented as a classifier. More importantly, we also compare the performance of our model with the ensemble learning approach using Random Forest (RF) classifiers.



MATERIALS AND METHODS


Participants

Data used in the preparation of this article were obtained from the AD Neuroimaging Initiative (ADNI)1 database. The ADNI was launched in 2003 as a public-private partnership, led by Principal Investigator Michael W. Weiner, MD. The primary goal of ADNI has been to test whether serial MRI, PET, other biological markers, and clinical and neuropsychological assessment can be combined to measure the progression of MCI and early AD. Individual inclusion criteria for subjects were mentioned in the ADNI conduct. The included individuals were between the ages of 53 and 93 years. All individuals were able and willing to endure all test procedures, along with neuroimaging, and admitted to a longitudinal investigation. Psychoactive treatment was not included in the assessment. In this framework, we obtained data for all individuals accessible on the ADNI webpage. In total, 213 individuals were included as either AD (n = 63), MCIs (n = 37), MCIc (n = 45), or HC (n = 68), matched with age and sex ratio. Group categories were sorted through the functional activities questionaries (FAQ) record between 0 and 4, the Mini-Mental State Examination (MMSE) record 26–30, and the Geriatric Depression Scale (GDS) record between 0 and 4. For the MCI case, the FAQ record was 0–16, the MMSE record was 24–30, and the GDS record was 0–13. For the MCIc case, the FAQ record was 0–18, the MMSE record was 18–30, and the GDS record was 0–10.

For the AD case, the individual had a global CDR score of 1, an FAQ score of 3–28, an MMSE score of 14–24, and a GDS score of 0–7. Individuals with MCI who had been followed for less than 18 months and did not convert were not included in this study. Table 1 presents the demographic report of individuals who participated in the study, including the sex ratios and mean age for each category. Statistically significant differences in the clinical and demographic features were assessed among these categories, Student’s t-test was utilized at a.05 significance level. We did not notice significant changes (p > 0.05) among the category in sex ratio or age. For unbiased evaluation of performance, group classifications were randomly shuffled and split into k subgroup. For model evaluation training, datasets were trained and classification performance was measured on diagnostic sensitivity, specificity, F1-score, and Cohen’s Kappa index on the independent testing set. Sex and age distribution were preserved on the splitting procedure.


TABLE 1. Neuropsychological and demographic characteristics of participants.
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Structural MRI Preprocessing

From the ADNI webpage, we obtained 1.5-T T1-weighted MR images. The MRI scans were collected using Philips, GE, or Siemens Medical system scanners from data centers. Because the acquisition methodology of each scanner was different, ADNI performed an image normalization step. Image corrections encompassed calibration, image geometry distortion due to gradient non-linearity (grad-warp), a decrease in intensity non-uniformity due to waves, or a decrease in residual intensity non-uniformity of the 1.5-T scans utilized by ADNI. On the ADNI website, we can get more information regarding the sMRI. All scans had a resolution of 176×256×256 and were spaced 1 mm apart. We used the Freesurfer2 (version 6) (Fischl, 2012) toolbox to pre-process the collected sMRI images in our experiment.



Resting-State Functional MRI Image Acquisition

Philips Medical sMRI scanner of 3 T was utilized to obtain the fMR images. The rs-fMR images were acquired through the ADNI webpage. At the time of image acquisition, patients were asked to not to think, to lie in the scanner, and to relax. The parameters sequences were as follows: TR = 3,000 ms, plus sequence = GR, flip angle = 800°, TE = 30 ms, data matrix = 64 × 64, slice thickness = 3.33 mm, pixel spacing X = 3.31 mm and Y = 3.31 mm, axial slices = 48, time points = 140, and no slice gap.



Resting-State Functional MRI Preprocessing

Image processing procedures were achieved by utilizing Data Processing Assistant for Resting-State fMRI (DPARSF) (Yan and Zang, 2010) containing Statistical Parametric Mapping (SPM)3 and Resting-State fMRI Data Analysis Toolkit (REST)4. For stabilization and adaptation of individuals, participants’ first 10 time points were removed followed by correction of the last slice time. To compensate for the effect of head motion realignment, spatial transformation of a six-parameter rigid body was used. All spatial motion displacements were performed for <3 mm and <30° of rotation in each direction. Further, co-registration of rs-fMR images to 3D-T1 structural high-resolution images was carried out. The Montreal Neurological Institute (MNI) space was undertaken to normalize 3D-T1 structural MR images by non-linear wrapping based on Diffeomorphic Anatomical Registration via Exponential Lie Algebra (DARTEL). Individual fMRI images were then spatially normalized to the MNI field utilizing the parameters collected from the normalization of the structural image and simultaneously resampling them into 3-mm isotropic voxels. The 6-mm full-width half-maximum Gaussian kernel was utilized on normalized individual rs-fMR data. Linear detrending and band-pass filtering at 0.01–0.027 Hz were performed. The 6-mm FWHM Gaussian kernel for spatial smoothing was implemented. The six head motion parameter, the global mean signal, the white matter (WM), and the CSF signal were discarded as nuisance variance to decrease the motion effects and non-neuronal BOLD variation (Hojjati et al., 2018). Similarly, for voxel-based features, mask images were obtained according to the subject specialized normalized T1 anatomical images. The voxel measures within the mask were utilized for the analysis. The mask images obtained were utilized for developing various testing in further investigation and analyses.



Proposed Framework

Figure 1 represents the proposed procedure used in this framework. The first step of the framework was to prepare and process the sMRI (hippocampal subfield, amygdala volume) and rs-fMRI images to obtain the corresponding time series and whole-brain 3D measurements. From time-series data, we constructed the brain network. Similarly, we obtained the fALFF, ReHo, ALFF, DC, and SN feature vectors from 3D measures. From brain network construction, we obtained a nodal degree (ND), betweenness centrality (BC), and the nodal path length (NL). Similarly, for the voxel-based 3D structural model, we retrieved a 3D mask that determined a set of “effective” voxels to conduct statistical univariate t-tests. Thereafter, we combined the hippocampal-amygdala subfield volume (sMRI), the brain network, and voxel-based feature vectors (rs-fMRI) for the final classification. We then applied the feature reduction technique on the integrated training features set to choose highly significant features vectors to train the SVM and the RF classifiers. We finally obtained significant feature rank and fed the feature vectors as the training sample, and we also obtained the testing sample for classification. Owing to the limited size of the dataset, we utilized a CV of 10-fold to validate the diagnosis performance of the classification for the proposed framework. While performing the 10-fold CV, 90% of the total sample was utilized for the training process and the remaining 10% for testing.


[image: image]

FIGURE 1. Overview of the proposed framework.




Hippocampal Subfield and Amygdala Nuclei Volume

Hippocampal subregions in MRI have been demonstrated to play a role in predicting AD in those with moderate symptoms (van Maurik et al., 2017). It is more crucial to assess the sub-volume of the hippocampus in order to compute atrophy measures on the hippocampal subfield more precisely and to identify AD in individuals with MCI as well as normal controls (Zheng et al., 2018). Hippocampal segmentation was carried out utilizing the Freesurfer (Fischl, 2012) software in our procedure. First, the cortical and subcortical segmentation was performed with Freesurfer (version 6), and then the hippocampal subfield and amygdala nuclei volume segmentation were performed with Freesurfer’s segmentHA_T1.sh function (Fischl, 2012), and details can be found at5. Hippocampus atrophy is thought to be a key indicator of AD (Sørensen et al., 2017). The hippocampal subregion parcellation approach, provided by Freesurfer, was finally used to estimate hippocampal subregions and amygdala nuclei subfields (version 6). This program creates a computational parcellation of the amygdala and hippocampal regions using an atlas-based probabilistic Bayesian interface and ultra-high resolution ex-vivo MRI imaging data (0.1–0.15 mm isotropic). Simultaneous segmentation of both structures ensures that there is no overlap between them and that there is no chance of a gap between them (Saygin et al., 2017). The subiculum, the presubiculum, the parasubiculum, the cornu amonis fields 1, 2/3, and 4 (referred to as CA1, CA3, and CA4), the granule cell sheet of the Dentate Gyrus (DG), a transition of Hippocampus-Amygdaloid Area (HATA), the fimbria (a white matter area), the molecular coat of DG, the fissure region of the hippocampus, and the tail of the hippocampus are the 12 regions, as illustrated in Figure 2. Similarly, the accessory basal and basal, the central medial, the lateral, the cortical, and the anterior amygdala regions, the para laminar nucleus, and the Cortico-Amygdaloid Transition Area (CTA) are the nine subregions of the amygdala.
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FIGURE 2. (A) Structural MRI (sMRI) of hippocampal subfield and (B) amygdala nuclei volume.




Functional Network Construction

The brain network nodes were constructed by parcellation of the entire brain into 90 regions of interest by utilizing the automated anatomical labeling (AAL) template that gives an entire functional division of the cortex (Tzourio-Mazoyer et al., 2002). The time series obtained inside every voxel of the 90 regions of interest were averaged, which produced signals that served as the nodal features. Pearson’s correlation coefficient among the time series of the entire brain region was used to construct the value of the edges for networks. Then, Fischer’s r-to-z conversion was practiced on the rough random connectivity matrix to enhance the partial correlation coefficient uniformity (Risacher et al., 2009; Wee et al., 2012). The obtained matrix is symmetrical diagonally with zero value (Zhan et al., 2013). The sparsity threshold was utilized to define the value of the possible edges on an individual’s brain networks. The threshold serves as the connection cost for networks, which is explained as the ratio of the total possible number of connections to the suprathreshold relation within the brain networks (Sanz-Arigita et al., 2010). There is no straightforward approach to define a single sparseness threshold because various sparseness drive various analysis outcomes (He et al., 2009; Hojjati et al., 2018). This experiment examined each network at costs ranging from 5 to 25% at 1% intervals. In addition, we also carried out an analysis over various threshold values to examine the excellent threshold value (Fornito et al., 2010). To create efficient network parameters statistically fascinating variations in network parameters among different classification groups on various sparsity levels were measured.



Brain Network Feature Extraction

Entire brain networks parameters were calculated and evaluated utilizing the Matlab 2019a6 program and matlab_bgl7. All graph matrices were evaluated using the undirected connectivity matrix on 0.01–0.027 Hz frequency band. To retrieve dynamic features and eliminate largely redundant matrix features, we computed five global graph parameters for the undirected graphs. These five global graph parameters are as follows: local efficiency, global efficiency, clustering coefficient, characteristic path length, and small-worldness (Tan et al., 2019). In the feature extraction section, we extracted brain network features for 270 nodal features of the brain network, in which ND, NL, and BC were calculated for further study and for the classification framework. In short, for the obtained node i, ND, NL, and BC were defined as follows:

[image: image]

where Lij represents the minimal number of edges among nodes i and j, V represents the range of the graph, bij represents the network structure among nodes i and j, Sjm represents producing the shortest path length number among nodes m and j, Sjm(i) where indicated the shortest path number over the node i among nodes m and j. Possibly, path length Li calculates the pace of the message that is carried via a specific node, each node degree Ki corresponds to the connected link number to the particular node; the larger the value of bi, the higher the meaning of node i to the communication link within the networks, which reflect the information interaction level in the brain network.



Voxel-Wise Features Extraction

In this study, we illustrated voxel-base feature estimation from rs-fMR utilizing the REST toolbox pipeline. These voxel features can be classified into DMN (ReHo, fALFF, and ALFF), DC, and SN. We utilized the ReHo voxel to examine the regional brain activity amid the phase of the brain at resting. The Kendall’s Coefficient of Concordance (KCC) approach was utilized to calculate the voxel-wise features. Individual ReHo maps were obtained from all brain voxels for individual subjects. A higher ReHo value was obtained for the voxel consisting of its closest neighbors, and brain voxel features were obtained for a larger regional coherence within a cluster. Larger analyses in recent literature indicated the potentiality of ReHo in recent clinical practice (Zang et al., 2004; He et al., 2007). Similarly, the ALFF measure estimates the regional spontaneous activities of the brain, and fALFF is an improved version of ALFF. The time series were transformed and filtered to the frequency region utilizing a fast Fourier transform (FFT) followed by its corresponding power range. The fALFF is a modified domain of ALFF, which is characterized by the average amplitude ratio within the low-frequency range. A large body of literature on the brain has indicated the unusualness level of the particular signal in brain regions for a disease class as related to a control class while employing statistical univariate tests (Arbabshirani et al., 2017). Recently, many works of literature have utilized t-tests to calculate descriptive biomarkers from neuroimaging for machine learning (Chaves et al., 2009; Wee et al., 2012). The main results of the statistical analysis tests are generally carried out using p-values. We generated a diagnostic feature estimation, that is, ReHo, fALFF, ALFF, and DC, among two classification groups at the threshold value of p < 0.05. The correlation cluster size on the defined threshold (p = 0.05) associated with the respective voxel p-value was determined by Monte–Carlo simulations using the AlphaSim tool embedded in REST to calculate the cluster value and the cluster size. Similarly, for SN, we utilized a well-validated region of interest (ROI) that included 12 posterior and 7 anterior SN nodes accessible at8 and were extracted using independent component analysis (Shirer et al., 2012).



Features Selection Techniques

The number of features per subject, as in the neuroimaging study, is extremely high in comparison to the number of patients, a phenomenon known as the curse of dimensionality. Furthermore, dealing with a large number of features might be problematic because of the computational limitations of dealing with high-dimensional data, which can lead to overfitting. Feature selection is a step that comes before the classification problem and helps to minimize the dimensionality of a feature by choosing the right features and leaving out the wrong ones. This stage reduces the computing time for the training and testing datasets, speeding up the classification process and improving classification accuracy. To remove duplication and dependence, we first normalized the extracted features using the standard scalar function from the Scikit-learn module (Pedregosa et al., 2011), which modifies the dataset in such a manner that its distribution has a mean of 0 and a unit variance of 1. Features selection techniques utilized in this model are described below.



Least Absolute Shrinkage and Selection Operation

The least absolute shrinkage and selection (LASSO) method (Tibshirani, 1996) is a dynamic process and is utilized to select the significant features set. This method is basically based on regularization and feature elimination. The LASSO technique helps to reduce the residual sum of squares present in the analysis by ordinary least square regression (OLS), which places a constraint on the absolute sum values of the design framework. LASSO measures model coefficients β by minimization of the function below:
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where xj represent the data input at observation j and a vector k, and n represent the observation sample. yj represent the observation response at i. α is a user-defined non-negative parameter for regularization that controls the penalty strength. If α is largely sufficient, then parameters are compelled to be zero, ultimately leading to generating only efficient features vector. When α tends to zero, the model turn to OLS with the most efficient features vector (Hanyu et al., 2010).



Support Vector Machine-Recursive Feature Elimination

The support vector machine-recursive feature elimination (SVM-RFE) method is basically a multivariate wrapper technique based on the backward feature elimination technique, which precisely adopts a model and eliminates the less relevant feature vector till the specific number of relevant features is obtained. The ranking principle for the SVM-RFE is identical to the SVM technique. After this, the features that acquired the lowest rank is eliminated because it has the lowest response on evaluation, while the other feature vectors are selected for the SVM model in another iteration. All the irrelevant feature vectors were removed based on the repeated sequential procedure. Entire feature vectors are graded according to the elimination rank. A detailed explanation of the SVM-RFE technique can be explored in a preceding article (Guyon et al., 2002). In this study, after the implementation of SVM-RFE, the highly informative training feature vectors were kept which boosted cross-validated performance accuracy to train the classifiers.



Joint Mutual Information

Mutual information (MI) can be applied to evaluate any arbitrary relation among random variables in the information theory (Kraskov et al., 2004). Truly, the MI among two arbitrary variables, X and Y, is a calculation of the measure of knowledge on Y given by X or, reversely, on X supplied by Y. If X and Y are independent, that is, if X has no message about Y and vice versa, then mutual information between them is zero. For two random variables, X and Y, MI is calculated as
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where H(.) is entropy, H(X/Y) and H(Y/X) represent conditional entropies, respectively, and similarly, H(X;Y) represent joint entropy for X and Y, which are calculated as
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where Px(x) and Py(y) represent marginal density value and Px,y(X,y) defined the joint probability density value for X and Y, correspondingly. The function which defines the marginal density are:
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By substituting Eqs. 6, 7, 8 in Eq.5, the MI equation will be
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The discrete form of the equation can be represented by the integration over summation in the date for all possible values. Therefore, estimation of Px,y(x,y) is required to calculate the Joint Mutual Information (JMI) between X and Y. The discrete form of JMI is represented by the below equation.

[image: image]

when Fk is one of the traits in a set of traits {F1,F2,…,Fk} and Y is an outcome that can be assumed by the trait, and the MI technique can pick the efficient trait. The process usually treats the trait as an independent random variable and is sort in a descending order based on their mutual information according to the obtained value Y, which selects the top n number of features. The process is conditioned by parsimonious and proper feature vectors that should (i) not be highly correlated among them and (ii) be individually relevant. JMI is shared among {F1,F2,…,Fk} and Y is highlighted at Eq. 13, where Fk and Y represent the elements of Fk and Y, correspondingly.
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A JMI feature elimination technique initializes from an empty feature of trait, which iteratively calculates Fis and is added to the empty set, creating the optimum increment measure in the JMI among the feature vectors and the results. JMI is considered to be a highly stable and a flexible feature reduction technique amid all the information-theoretic feature elimination techniques established until now.



Random Forest Classifier

Random Forest is an ensemble learning approach, originally developed by Breiman (2001) to address regression and classification problems. The implementation of RF is based on the parameters set up, among which is the number of features in each branch and the number of trees. Previous studies noted that the optimum results could be obtained by setting default parameters (Immitzer et al., 2012; Zhang and Roy, 2017). However, studies conducted by Liaw and Wiener (2002) suggested that the larger the number of trees the more stable will the results be. In another study, Breiman (2001) noted that using more number of trees may not be beneficial for performance, but there is also no negative effect for the model. In another piece of literature, Feng et al. (2015) analyzed that, with the number of trees = 200, RF could reach precise results. Regarding the split parameter, many previous studies utilized the default parameter value [image: image]; where p represented the number of predictor variables (Duro et al., 2012). However, in our model, we set a number of trees = 100, 200, 500, and 1000; split = 1:10 with a step size 1 to obtain the optimal performance. RF classifiers were implemented using the Scikit-learn Python library (Pedregosa et al., 2011).



Support Vector Machine Classifier

As a supervised learning technique, SVM (Cortes and Vapnik, 1995) divides the classification group by finding the best hyperplane. By training data, SVM is trained in a given features space. Thereafter, that test dataset is classified according to its arrangement in the n-dimensional vector field. SVM has been practiced in numerous neuroimaging fields (Zhang et al., 2011; Collij et al., 2016) and is recognized as one of the highly robust machine learning tools in the area of neuroscience. Mathematically, in a 2D field, a linearly separable features vector can be separated by a line. A line equation is defined by y = ax+b. By replacing x with x1 and y with x2, the equation will become a(x1−x2)+b = 0. If we stipulate x = (x1,x2) and w = (a−1), we get w.x+b = 0, which gives the hyperplane equation. The hyperplane equation with a linearly separable output has the following form:
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where y represents the input data, zT represent a hyperplane, and ϕ(y) represents a function that map vector y into a high dimension. The elements z and b are appropriately scaled by the equal value, and the selected hyperplane in equation (14) remains stable. Furthermore, hyperplane can be making an exclusive pair of (z,b), which is represented by below formulation:
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where y1,y2,…,yN represent the training vector. The hyperplane in equation (15) are recognized as canonical hyperplanes. The hyperplane is represented as below:
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For a feature x that does not fit the obtained hyperplane, the equation below represents it (Cortes and Vapnik, 1995):
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where s is the measure of vector x to the defined hyperplane. Therefore, the output vector fy from SVM is exactly equivalent to the distance sx and z vector for the obtained hyperplane. Furthermore, in this study, we have utilized the kernel-support vector method, which is good to deal with the non-linear issue with the help of the linear classification method and which engages in swapping of the linearly un-classifiable vector into linearly classifiable. The concept inside this idea is a linearly unclassifiable vector that might be linearly classifiable in high dimensions. The kernel is mathematically defined as,
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where x and y represent features in the input and d represents the kernel element. Gaussian radial bias functions are represented by:
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where x and y represent two samples input, which are vectors in input ||x−y||2 that can be represented as Euclidean distance in the square form among two features. σ represents kernel elements. Sigmoid function derived from the neural networks was used for activation, and the bipolar sigmoid function is utilized often for an artificial neuron, which is represented by
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where x and y represent features in the input and ∝,c represents the kernel elements.

The SVM classifier was implemented by utilizing the Scikit-learn library (Pedregosa et al., 2011). The Scikit-learn library internally utilized LIBSVM (Chang and Lin, 2011) to handle all calculations. To obtain optimal classification accuracy, hyperparameters; cost c and γ (kernel width) of SVM must be tuned. With the aid of grid search and a 10-fold CV, these tuned optimal hypermeter values are automatically selected from the specified range of c = 1 to 9 and γ=1e−4 to 1. CV is a popular data shuffling and resampling technique for evaluating the generalization idea for the design of a predictive model and for preventing the underfitting or overfitting of the classifiers. CV is widely utilized in predictive modalities such as classification problems. In such types of issue, a framework is fitted with a known dataset, which is known as the training set, and a set of unknown samples against that model is evaluated, as the test set. The purpose is to have a testing sample for the model in the training stage and to then demonstrate how the process adopts various unknown datasets. Each phase of the CV engages the partition of the data samples into independent datasets, followed by an analysis of an individual sample. Subsequently, the study is validated on new independent subsets called testing samples. To lessen variability, numerous phases of CV are carried out by several partitions, after which an average of the results is considered. CV is a powerful procedure for evaluating model performance. Moreover, the data split features were applied in our model. The training data is used to train the machine learning (ML) classifier for subject group prediction across the provided features. After that, the classifier will be fine-tuned and tested on holdout data. To begin, model training entails a procedure in which ML passes the trained data via a process in which the classifier uncovers the train data patterns. As a result, the parameters are passed through to the target variables. As stated, our goal was to develop an ML classifier for the specific purpose of accurately identifying patients with AD and HC. We used supervised and ensemble learning models to propose an efficient ML classifier in the classification of subjects with AD to predict the AD patient status given a collection of independent variables. For crossvalidation purposes, we partitioned the dataset into three subgroups using this procedure. One set (test data) is used to forecast model performance, while the other two sets (training and validation) are used to evaluate model performance by training against new data. We randomly divided the entire dataset into a 70:30 ratio after data preparation, with 70% utilized for training and 30% used for testing. This will allow the system to generate fresh combinations each time the model is run, allowing for the most accurate prediction. The training dataset was divided into two subsets for training and validation after model training. Figure 3 is a brief explanation of each model.
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FIGURE 3. The data splitting stage is depicted in a diagram.


In this study, accuracy, specificity, sensitivity, F1-score, and Receiver Operating Characteristic (ROC) curves were used for performing validation of the classifiers. We also calculated Cohen’s kappa values for each class group, which represent interrater reliability between two classes (Cohen, 1960). Kappa calculates the proportion of information scores in a table’s principal diagonal and then adjusts them for the amount of agreement that might be expected by chance alone. For two raters, the formula is [image: image], where is the relative observed agreement between raters and is the hypothetical probability of chance agreement. In this method, we referred to HC as negative samples, patients with AD as positive samples, TN represents the number of negative sample sets that are correctly classified, total positive (TP) denotes the number of positive samples correctly categorized, false positive (FP) denotes the portion of negative dataset classified as positive, and false-negative (FN) denotes the number of positive datasets classified as negative samples. The accuracy, specificity, precision, and area under the curve are defined as follows:
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The ROC curve, which is a curve obtained by plotting the TP rate versus the FP rate, can calculate the diagnostic capability of a binary classifier. The area under the ROC curve is proportional to the classifier performance.




RESULTS


Findings From a Demographic and Clinical Approach

In AD over HC, AD over MCI, MCI over HC, and MCIs over MCIc, there was no significant age difference between groups. In all group combinations, however, there was a significant difference in MMSE (P > 0.05) and CDR (P > 0.05). AD has a male-predominant gender percentage while HC has a female-predominant gender percentage, whereas MCIs and MCIc have a female- and male-predominance percentage, respectively. Male dominance in AD is 58.73%, while female dominance in HC is 51.47%; whereas female and male dominance in MCIs and MCIc is 59.45 and 60%, respectively. These variables are described and analyzed in-depth in Table 1.



Highly Sensitive Brain Network Features

This section presents the top brain network features obtained by the JMI algorithm. Details about the selected network feature number and location of the AAL brain regions with their connectivity in the circular graph are presented in Figure 4 below. The feature reduction using the JMI method preserves all of the following attributes: betweenness centrality (BC), nodal path length (NL), and nodal degree (ND) features. We noted that, for all group classification NL trait contributed more as compared to the other two network features. The features selected show roughly similar features for the AD vs. HC and the MCIs vs. MCIc group and include the right precentral gyrus (PreCG.R), the left middle temporal gyrus (MTG.L), the left superior temporal gyrus (STG.L), the hippocampus (HIP.L and R), the amygdala left (AMYG.L), and the cuneal cortex right (CUN.R). For AD vs. MCI classification, the hippocampus (HIP.L and R), the cuneal cortex left (CUN.L), and the amygdala were selected along with other brain regions; similarly, for the HC vs. MCI group classification, the left middle temporal gyrus (MTG.L), the hippocampus (HIP.L and R), and the amygdala (AMYG.L and R) were selected along with other brain regions as shown in Figure 4. From this, we can conclude that the most affected brain region for all group classification analysis was mainly located on the middle temporal gyrus, the hippocampus, and the amygdala area followed by other brain regions. The location and brain region of these brain features are presented in Supplementary Tables 1–4.
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FIGURE 4. The location and networks of cortical regions with the highly discriminative attribute of top brain regions (BrainNet Viewer)8 and their corresponding circular connectivity (circularGraph) (http://www.mathworks.com/matlabcentral/fileexchange/48576-circulargraph): (A) Alzheimer’s disease (AD) vs. healthy control (HC) group, (B) AD vs. mild cognitive impairment (MCI) group, (C) HC vs. MCI group, (D) stable MCI (MCIs) vs. converted MCI (MCIc) group.




Voxel-Based Sensitive Features

The region showing significant alteration in a univariate t-test are vital in achieving highly accurate differential prediction of the AD, MCI, and HC groups. For the optimal classification accuracy, previous studies (Arbabshirani et al., 2017) used the univariate statistical t-test to compute the group difference in the voxel-based analysis in the machine learning method. The main outcomes of the calculation are relied on statistical tests generally represented by p-values. Afterward, the excellent p-value only preserves the effective brain regions. Using the t-test of different group analyses, we created an analytically significant mask that preserved only the significant voxels difference between the two groups at p < 0.05 for ReHo, ALFF, and fALFF obtained from rs-fMR images. Consequently, adjusted individual voxel p-values of.05 were determined. Afterward, for SN, we utilized a well-validated region of interest (ROI) that included 12 posterior and 7 anterior SN nodes accessible at9 and were extracted using independent component analysis (Shirer et al., 2012), as presented in Supplementary Figure 5 and Supplementary Table 5. Similarly, to do a full-brain study of the areas impacted by AD and MCI, we utilized a frequently used graph-based metric of network architecture called degree centrality (DC). Individual network centrality maps were created in a voxel-by-voxel manner within the study mask. First, a voxel-based whole-brain correlation analysis was performed on the preprocessed functional runs. A correlation matrix was created by correlating the time course of each voxel inside the gray matter mask from each participant with the time course of every other voxel. The DC was calculated as the sum of the weights of the significant weighted connections for each voxel using an undirected adjacency matrix created by thresholding the correlation at r > 0.25 (Zuo et al., 2012). Finally, the DC on a voxel-by-voxel basis is calculated at the individual level. The highly significant brain regions obtained on the voxel-based analysis for the proposed method are shown in Figures 5–7 and in Supplementary Figures 6, 7. We have also presented the information of peak regions and their corresponding MNI co-ordinate in Supplementary Tables 6, 9. The most discriminative patterns obtained on the process and all information from regional coherence measures were calculated. This can suggest that various parts of the brain region go through various functional alterations because of MCI and Alzheimer’s. Therefore, to accomplish optimal diagnostic accuracy of the classification framework, it should cover the complementary information about altered brain patterns. One major discovery of this framework is that the effective and important regional voxel-based features can complement the brain network features obtained from the rs-fMRI data and structural features from sMRI.
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FIGURE 5. An univariate statistical two-sample test on region of homogeneity (ReHo) voxel maps among two classification groups (A) AD vs. HC (B) MCIs vs. MCIc. The threshold value was set to p < 0.05. The hot and cold bar represent negative and positive changes.



[image: image]

FIGURE 6. Univariate t-test difference maps between two classification groups, AD vs. HC, of four voxel maps.
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FIGURE 7. Univariate t-test difference maps between two classification groups MCIs vs. MCIc, of four voxel maps.




Classification Results

In this section, we evaluated the diagnostic performance of the purposed method on sMRI of the hippocampus, the amygdala features along with brain network features, and the voxel-based features of rs-fMRI and have combined all of them with that of SVM and RF classifiers for respective binary classification. We implemented and analyzed the three features obtained from sMRI and rs-fMRI images separately as well as combined. We used the hippocampus and the amygdala volume, as well as voxel features, as complementary features for the brain network, which help to improve the classification accuracy for AD and MCI diagnosis. The combined procedure shows great potential for the classification task with higher AUC, accuracy, better sensitivity, and precision. For brain network features, we measured the different features such as ND, NL, and BC. Through a series of threshold values in the cost, 5–25% of best and stable results were utilized for diagnostic classification of each group, which is presented in Supplementary Figures 1–4. Similarly, for voxel-based features, we calculated the five voxel features, namely ReHo, ALFF, fALFF, DC, and SN: group difference univariate t-test. We evaluated our feature reduction and classification algorithm on feature vectors using a 10-fold CV. First, we partition the data into 10 equal-sized subsets (folds) which contain 90% subset for training and the remaining 10% of the test subjects. Then, features selection was carried out on the training subsets. We implemented the distinct features selection algorithm to select the important feature sets to optimize the classifier performance. Based on the obtained top selected features set, SVM and RF classifiers were trained. Because each feature had a distinct scale, we linearly ascended each training feature to simulate to a range between 0 and 1 in our case; the same scaling procedure was then used on the test dataset. In our scenario, the RBF kernel outperforms other kernels because of the modest number of features used. For each test and training subset, we implemented independent feature selection to escape the feature selection bias amid a 10-fold CV. We measured cross-validated accuracy for classifiers on a given number of feature sets and plotted the numbers of selected features against the accuracy as shown in Figure 8 for each group classification.
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FIGURE 8. An illustration of the performance of three feature selection algorithms for classifying four different groups on combined features vectors (A) AD vs. HC, (B) AD vs. MCI, (C) HC vs. MCI, and (D) MCIs vs. MCIc. The x-axis represents the number of selected features, while the y-axis represents the classification accuracy.


Finally, we evaluated the AUC as shown in Figure 9, and accuracy, sensitivity, specificity, F1-score, and Cohen’s Kappa in Figure 10 for individual and combined feature set and different features selection algorithm as presented in Tables 2–5. Table 2 presents the classification of AD against HC. In this study, we compared the performance of different features selection methods on the different feature sets with SVM and RF classifiers. The Joint Mutual Information (JMI) feature reduction technique with SVM classifiers outperforms all other techniques contemplated with the highest AUC and accuracy. For AD vs. HC diagnostic classification, the integrated (Hippocampal + Amygdala + BN + Voxel) feature vectors performed well in comparison with individual feature set with 97.03% AUC, 95.87% accuracy, 97.35% sensitivity, and 95.95% specificity along with 96.33% F1-score and.913 Cohen’s Kappa index, respectively. We did not notice the significant classification difference between the SVM-RFE, and LASSO features selection algorithm for AD vs. HC. In comparison with the RF classifier, there was 1–6% better performance in terms of accuracy with SVM for AD vs. HC classification on different features vectors, but we noticed slightly better specificity for combined features with LASSO for RF classifier. For voxel features with JMI feature selection, we noticed the same pattern for RF classifiers that perform equally with SVM classifiers in terms of accuracy. For hippocampal and amygdala volume, RF classifiers with SVM-RFE features selection show good performance in terms of F1-score. Similarly, for the classification performance of AD vs. MCI as shown in Table 3, we obtained the 94.03% AUC, 92.45% accuracy, 95.98% sensitivity along with 90.45% specificity, 93.75% F1-score, and.9105 of Cohen’s Kappa index, respectively. For HC vs. MCI classification as shown in Table 4, we achieved the highest classification accuracy on the JMI feature selection method. Although there was not much difference between the individual features method, JMI significantly improved for the combination of the hippocampal, amygdala, brain network, and voxel-based features sets with 92.06% AUC, 90.35% accuracy, and 94.34% sensitivity along with 92.11% specificity, 94.13% F1-score, and.9035 of Cohen’s Kappa score. More importantly, from the results presented in Tables 2–5, brain network features perform well as compared to the hippocampal, amygdala (sMRI), and voxel-based (rs-fMRI) features for individual features in most of the cases.


[image: image]

FIGURE 9. Receiver operating characteristics (ROC) curve for (A) the AD vs. HC group, (B) the AD vs. MCI group, (C) the HC vs. MCI group, and (D) the MCIs vs. MCIc group for combined features vectors: Hippocampus, amygdala, brain network (BN), and voxel (Combined).
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FIGURE 10. The Cohen’s Kappa index for (A) AD vs. HC group, (B) AD vs. MCI group, (C) HC vs. MCI group, and (D) MCIs vs. MCIc group for individual and combined feature set and different feature selection algorithm.



TABLE 2. A 10-fold cross-validated binary classification performance for Alzheimer’s disease (AD) vs. healthy control (HC) groups using support vector machine (SVM) and Random Forest (RF) classifiers.
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TABLE 3. A 10-fold cross-validated binary classification performance for AD vs. mild cognitive impairment (MCI) groups using SVM and RF classifiers.
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TABLE 4. A 10-fold cross-validated binary classification performance for HC vs. MCI using SVM and RF classifiers.
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TABLE 5. A 10-fold cross-validated binary classification performance for stable MCI (MCIs) vs. converted MCI (MCIc) groups using SVM and RF classifiers.

[image: Table 5]
Similarly, the classification performance for the less commonly reported group of MCIs vs. MCIc using different features selection methods is listed in Table 5. Like the previous pattern, the highest diagnostic classification results in terms of AUC, accuracy, specificity, and sensitivity were calculated with the JMI feature selection method as compared to other features selection technique. However, for MCIs vs. MCIc classification, there was no significant difference between the performance of SVM-RFE and the LASSO feature selection as compared to other different group classifications as shown in Tables 2–5. For the MCIs vs. MCIc classification, we obtained the 91.08% AUC, 88.03% accuracy, 94.85% sensitivity, and 89.71% specificity along with 93.17% of F1-score, and.8831 of Cohen’s Kappa index, respectively, for combined feature set, i.e., hippocampal and amygdala features (sMRI) as well as BN and Voxel (rs-fMRI) features. From Table 5 for the MCIs vs. MCIc classification, SVM-RFE and LASSO feature selection method also shows the potential to compete the JMI feature selection with 90.19% and 89.75% AUC along with 85.32% and 85.11% accuracy, respectively. We also observed that accuracy is significantly increased while classifying MCIs vs. MCIs by integrating hippocampal and amygdala volume of sMRI along with brain networks and voxel features of rs-fMRI. Overall, we noticed that, as compared with RF classifiers, SVM classifiers perform better for almost all feature selection techniques and all three different kinds of feature sets. This may be due to lesser training data than the number of feature set. SVM is better than RF when there were a large number of features and lesser training data and RF is better for multiclass problems, while SVM is better for binary classification.

From all these reported results, it has clear evidence that the utilization of JMI as features selection algorithm for MCI and AD against HC classification and conversion prediction of MCI shows the great potentiality using SVM classifiers with a combination of structural features (hippocampal and amygdala), brain networks, and voxel-based (rs-fMRI) features. More importantly, the AUC curve as illustrated in Figure 9 below for all classification groups shows that the proposed model was quite stable.




DISCUSSION

Alzheimer’s disease can be detected earlier, which can aid with therapy and avoid brain tissue damage. For the diagnosis of AD, researchers have used a variety of statistical and machine learning models. In clinical research, the MMSE score, MRI analysis (normalized whole-brain volume, hippocampal volume), biomarkers based on CSF, such as amyloid–42, and combined biomarkers have shown a great potentiality for AD diagnosis (van Maurik et al., 2017). The closeness between AD MRI data and normal healthy MRI data of older persons makes detection of AD difficult. A recent study suggested that decreased hippocampus subfield volumes have been commonly observed in dementia disorders such as AD and dementia with Lewy bodies (DLB) (Delli Pizzi et al., 2016; Mak et al., 2016, 2017). The volumes of the CA1, CA2-3, CA4, DG, and total subiculum (subiculum, presubiculum, and parasubiculum) are reduced in AD, according to one study (Mak et al., 2017). Similarly, the rs-fMRI data not only involve peculiar numerical features but also present rich dynamic temporal information. Several works of literature that relied on rs-fMR have been tested and verified for the diagnostic classification of MCI and Alzheimer’s from the healthy population. However, those previous studies either focus only on structural features, the graph theory approach, or the voxel-based approach and lose the full potentiality of combing structural features (hippocampal-amygdala) and brain network with voxel-based features. Therefore, to examine the full possibility of rs-fMRI and sMRI on AD diagnosis, we presented insights into the performance for diagnostic classification of all four binary classification groups by combining the hippocampus subfield and the amygdala nuclei volume from sMRI along with brain network and voxels-based features (ReHo, fALFF, ALFF, DC, and SN) from rs-fMRI. Besides this, we also proposed the different feature selection algorithms for the classification of AD vs. HC, AD vs. MCI, HC vs. MCI, and the less commonly reported group, MCIs vs. MCIc. Our experimental outcome indicated that each feature set is important to achieving good classification performance.

Several recent works of literature have analyzed the neuroimaging method for discriminative classification of AD, with the target on patients with MCI, who may or may not convert to Alzheimer’s, and identifying an individual with Alzheimer’s from HC. However, it is hard to do a direct comparison with the existing state-of-art methods due to the majority of works of literature utilizing different datasets and classification methods, which both significantly affected the performance accuracy. With the combination of different feature selections with different classifiers for AD vs. HC and MCIs vs. MCIc, the binary classification of previous works of literature has reported the accuracy of different ranges as shown in Tables 6, 7. These works of literature utilized the ADNI database to evaluate their proposed method, and we can clearly see that the classification accuracy was influenced by the number of subjects, and the accuracy decreased as the number of subjects increased. As reported in the Results section, the highest classification accuracy for AD vs. HC and MCIs vs. MCIc obtained in this study is 95.87 and 88.03%, using the combination of the features with JMI feature selection, which is visualized in Figure 11. If we compare the obtained results for AD vs. HC and MCIs vs. MCIc classification; our framework outperforms the current state-of-art method. The majority of the studies, including Khazaee et al. (2015) and Lama and Kwon (2021), have utilized a limited number of datasets because of the limited number of fMRI data availability in the ADNI data bank. For MCIs vs. MCIc, the accuracy of prior approaches (Khazaee et al., 2015; Zhang et al., 2021) for constructing brain networks was lower than that of the current study since they solely analyzed functional aspects. Only Hojjati et al. (2017) classified diseases using the rs-fMRI graph theory and the machine learning technique (mRMR, FS) with a 91.4% classification accuracy. However, the sample size (of only 18 people) was insufficient, and the result was not generally representative. In this study, we used rs-fMRI and sMRI features to perform binary classifications and found that combining structural and functional MRI data improved classification performance. In our proposed framework, we found that combined sMRI (hippocampal subfield and amygdala nuclei volume) and rs-fMRI (brain networks and voxel) outperformed a single sMRI or rs-fMRI model for two-group classifications (MCIs and MCIc) with improvement in accuracy (Ardekani et al., 2017; Zhang et al., 2021) as shown in Table 7. As a result, in the current work, we proposed to combine sMRI and rs-fMRI for disease classification. Schouten et al. used sMRI and fMRI to differentiate 16 patients with AD from 22 normal controls. They discovered that integrating features from two modalities increases classification performance, and they attained an accuracy of 89.5% in AD vs. HC classification (Schouten et al., 2016). All the state-of-art studies presented here analyzed and performed the classification task and made a conclusion. Furthermore, we also carried out our proposed method using ADNI dataset with a larger number of individuals as compared to existing works of literature with cross-validation. It was challenging to identify MCIc subjects since we utilized baseline sMRI and rs-fMRI images in these participants and they transitioned to AD 6 to 36 months later. They exhibited heterogeneity in their conversion time to AD, ranging from 6 to 36 months. Patients with MCIc who converted to AD over a longer period of time (e.g., 36 months) may have a comparable brain network and structure at baseline as compared to patients with MCIs who did not convert to AD. The brain networks and structures of patients with MCIc who progressed to AD in a shorter period (e.g., at 6 months) may on the other hand be comparable to those of patients with AD. In addition, individuals with MCIc were the only unstable group of patients that progressed from MCI to AD over the 36-month follow-up period. In fact, for at least 36 months, patients in the MCIs, AD, and HC groups remained stable and did not transition to another group. Furthermore, we noticed instability in patients with MCIc, as some of them converted to AD and then returned to MCI after 36 months. Unlike earlier research, our study examined not only the conversion sensitivity of the two groups of patients MCIs/MCIc but also analyzed the brain regions of other patient groups. The highly responsive brain regions selected from the two groups are listed in Figure 4 and Supplementary Tables 1–4. It is also worth mentioning that betweenness centrality contributed 70–75% of the features for brain networks and 30–35% for the feature combination. Our findings imply that the betweenness centrality in a functional network conveys more disease information and that the top selected features are more responsive to more efficient detection for MCIs vs. MCIc and HC vs. MCI. Our findings are consistent with earlier research, and these specific brain areas have been linked to AD and MCI conversion (Liu et al., 2013). The importance of numerous brain areas in MCI pathology has long been acknowledged.


TABLE 6. Performance comparison of AD vs. HC with state-of-the-art methods.
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TABLE 7. Performance comparison of MCIs vs. MCIc with state-of-the-art methods.
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FIGURE 11. Bar graph with different features selection methods (A) the AD vs. HC group, (B) the AD vs. MCI group, (C) the HC vs. MCI group, and (D) the MCIs vs. MCIc group on different feature vectors: Hippocampal-amygdala volume, Brain Network (BN), Voxel, and combined features set.


Previous studies noted the network distortion in the temporal lobe area in individuals with Alzheimer’s (He et al., 2009). In other studies (Liu et al., 2013) also noted the functional loss in the middle temporal gyrus (MTG) and PreCG in AD patients. In comparison with previous literature, we notice that the temporal lobe area may be more damaged in the AD and initial MCI. The MTG was highly sensitive in the feature selection for MCI and AD classification. The nodal degree in the superior temporal gyrus (STG), Cuneus (CUN), precentral gyrus (PreCG), and MTG as well as the betweenness centrality in the hippocampus (HIP), Amygdala (AMYG), and inferior temporal gyrus (ITG) were shown to be discriminative in distinguishing AD from HC. Similar trends were followed by MCIs from MCIc classification. The nodal degree in the STG, middle temporal gyrus (MTG), and CUN as well as the betweenness centrality in the amygdala (AMYG) and Hippocampus (HIP) were shown to be discriminative in distinguishing MCIs from MCIc Supplementary Table 4. In summary, the highly sensitive features were selected for the brain network using the JMI algorithm. Moreover, the selected brain area carries more information about the disease with more sensitive features which leads to more accurate performance. The temporal region plays an important role in MCI and AD. We also suggested that the other region such as the caudate nucleus, superfrontal gyrus, orbitofrontal cortex, occipital, etc. regions for further exploration of the disease pathology in AD.


Limitations

Our study has a few drawbacks. First, the sample size is limited, which may impair the robustness of the group’s statistical analysis. Further analysis with a bigger sample size with different datasets should be carried out. The unbalance data is another drawback. We aimed to analyze high-quality data with more balanced samples for feature selection and classification in the future or to design a more robust approach that enhances classification accuracy and generalization; the model’s generalization should be considered by using a different database besides ADNI. Because the ADNI database is growing, future research should acquire a bigger sample and should balance the number of individuals. Future research should also look at different networks analysis and classification approaches in different phases of AD, as well as the interpretability of functional brain abnormalities. The ability to evaluate the models’ resilience across numerous data sets will be required. We think that the follow-up data within the subject can better show the brain area where the sensitive features of the altered biomarker are present in terms of subject design. More significant and accurate findings may be produced if participants may record follow-up data through cognitive training while also maintaining a baseline control.




CONCLUSION

Alzheimer’s disease is an irreversible and a leading health problem in older age; it is important to consider the protective response and to slow down the onset of the advancement of Alzheimer’s. Thus, the proper identification of various stages of Alzheimer’s and MCI progression is important. In this article, we utilized the hippocampal subfield and the amygdala nuclei volume obtained from sMRI in combination with brain network features and multi-measure features obtained from rs-fMRI. So far, several anatomical MRI imaging biomarkers for AD diagnosis have been identified. The use of the cortical and subcortical volume, the hippocampus, and the amygdala volume has proven to be beneficial in distinguishing patients with AD from the healthy population. Similarly, the rs-fMRI data provides specific numerical information but also contributes to the rich dynamic temporal correlation. However, those preceding studies used either of the biomarker hippocampal subfield and amygdala volume, brain networks, or voxel-based multi-measure features separately. Thus, to analyze the full potentiality of sMRI and rs-fMRI in AD identification, we utilized the combined features in our studies. Additionally, we utilized and compared the different features selection algorithm to select the optimal feature set to obtain the maximum classification accuracy. We also compared the performance of SVM with an RF classifier. From the results obtained, JMI feature selection with the SVM algorithm among all others significantly improved the performance accuracy.



DATA AVAILABILITY STATEMENT

Publicly available datasets were analyzed in this study. This data can be found here: the dataset used in this study were acquired from ADNI homepage, which is available freely for all researcher and scientist for experiments on Alzheimer’s disease and can be easily downloaded from ADNI websites: http://adni.loni.usc.edu/about/contact-us/. The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by IRB no. is 2-1041055-AB-N-01-2019-45/2020-72 in Chosun University. The patients/participants provided their written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

UK developed the concept and handled the analysis. G-RK reviewed the concept and verified the results. Both authors reviewed and contributed to the manuscript and have approved the final version.



FUNDING

This research was supported by the National Research Foundation of Korea (NRF) grant funded by the Korea government (MSIT) (No. NRF-2021R1I1A3050703). And this research was supported by the Brain Korea 21 Four Program through the National Research Foundation of Korea (NRF) funded by the Ministry of Education (4299990114316).



ACKNOWLEDGMENTS

Data collection and sharing for this project were funded by the Alzheimer’s Disease Neuroimaging Initiative (ADNI) (National Institutes of Health Grant U01 AG024904) and DOD ADNI (Department of Defense award number W81XWH-12-2-0012). As such, the investigators within the ADNI contributed to the design and implementation of ADNI and/or provided data but did not participate in the analysis or writing of this report. A complete listing of ADNI investigators can be found at: http://adni.loni.usc.edu/wpcontent/uploads/how_to_apply/ADN I_Acknowledgement_List.pdf, accessed on 6 April 2022. ADNI is funded by the National Institute on Aging, the National Institute of Biomedical Imaging and Bioengineering, and through generous contributions from the following: AbbVie, Alzheimer’s Association; Alzheimer’s Drug Discovery Foundation; Araclon Biotech; BioClinica, Inc.; Biogen; Bristol-Myers Squibb Company; CereSpir, Inc.; Cogstate; Eisai Inc.; Elan Pharmaceuticals, Inc.; Eli Lilly and Company; EuroImmun; F. Hoffmann-La Roche Ltd. and its affiliated company Genentech, Inc.; Fujirebio; GE Healthcare; IXICO Ltd.; Janssen Alzheimer Immunotherapy Research & Development, LLC.; Johnson & Johnson Pharmaceutical Research and Development LLC.; Lumosity; Lundbeck; Merck & Co., Inc.; Meso Scale Diagnostics, LLC.; NeuroRx Research; Neurotrack Technologies; Novartis Pharmaceuticals Corporation; Pfizer Inc.; Piramal Imaging; Servier; Takeda Pharmaceutical Company; and Transition Therapeutics. The Canadian Institutes of Health Research provide funds to ADNI clinical sites in Canada. Private-sector contributions are facilitated by the Foundation for support of the National Institutes of Health (https://www.fnih.org, accessed on 11 August 2021). The grantee organization is the Northern California Institute for Research and Education, and the study is coordinated by the Alzheimer’s Therapeutic Research Institute at the University of Southern California. ADNI data are disseminated by the Laboratory for Neuro Imaging at the University of Southern California.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnagi.2022.818871/full#supplementary-material


FOOTNOTES

†http://adni.loni.usc.edu/

3http://surfer.nmr.mgh.harvard.edu/

4http://www.fil.ion.ucl.ac.uk/spm

5http://restfmri.net

6https://surfer.nmr.mgh.harvard.edu/fswiki/HippocampalSubfieldsAndNucleiOf Amygdala

7https://www.mathworks.com

8https://github.com/dgleich/matlab_bgl

9http://nitrc.org/projects/bnv/

10http://findlab.stanford.edu/research.html


REFERENCES

2020 Alzheimer’s disease facts and figures (2020). 2020 Alzheimer’s disease facts and figures. Alzheimers Dement. 16, 391–460. doi: 10.1002/alz.12068

Angelucci, F., Spalletta, G., di Iulio, F., Ciaramella, A., Salani, F., Colantoni, L., et al. (2010). Alzheimer’s disease (AD) and mild cognitive impairment (MCI) patients are characterized by increased BDNF serum levels. Curr. Alzheimer Res. 7, 15–20. doi: 10.2174/156720510790274473

Arbabshirani, M. R., Plis, S., Sui, J., and Calhoun, V. D. (2017). Single subject prediction of brain disorders in neuroimaging: promises and pitfalls. Neuroimage 145, 137–165. doi: 10.1016/j.neuroimage.2016.02.079

Ardekani, B. A., Bermudez, E., Mubeen, A. M., and Bachman, A. H. (2017). Prediction of incipient Alzheimer’s disease dementia in patients with mild cognitive impairment. J. Alzheimers Dis. 55, 269–281. doi: 10.3233/JAD-160594

Bishop, N. A., Lu, T., and Yankner, B. A. (2010). Neural mechanisms of ageing and cognitive decline. Nature 464, 529–535. doi: 10.1038/nature08983

Breiman, L. (2001). Random forests. Mach. Learn. 45, 5–32. doi: 10.1023/A:1010933404324

Brier, M. R., Thomas, J. B., Snyder, A. Z., Benzinger, T. L., Zhang, D., Raichle, M. E., et al. (2012). Loss of intranetwork and internetwork resting state functional connections with Alzheimer’s disease progression. J. Neurosci. Off. J. Soc. Neurosci. 32, 8890–8899. doi: 10.1523/JNEUROSCI.5698-11.2012

Challis, E., Hurley, P., Serra, L., Bozzali, M., Oliver, S., and Cercignani, M. (2015). Gaussian process classification of Alzheimer’s disease and mild cognitive impairment from resting-state fMRI. Neuroimage 112, 232–243. doi: 10.1016/j.neuroimage.2015.02.037

Chang, C.-C., and Lin, C.-J. (2011). LIBSVM: a library for support vector machines. ACM Trans. Intell. Syst. Technol. 2:27. doi: 10.1145/1961189.1961199

Chaves, R., Ramírez, J., Górriz, J. M., López, M., Salas-Gonzalez, D., Alvarez, I., et al. (2009). SVM-based computer-aided diagnosis of the Alzheimer’s disease using t-test NMSE feature selection with feature correlation weighting. Neurosci. Lett. 461, 293–297. doi: 10.1016/j.neulet.2009.06.052

Chen, G., Ward, B. D., Xie, C., Li, W., Wu, Z., Jones, J. L., et al. (2011). Classification of Alzheimer disease, mild cognitive impairment, and normal cognitive status with large-scale network analysis based on resting-state functional MR imaging. Radiology 259, 213–221. doi: 10.1148/radiol.10100734

Clem, M. A., Holliday, R. P., Pandya, S., Hynan, L. S., Lacritz, L. H., and Woon, F. L. (2017). Predictors that a diagnosis of mild cognitive impairment will remain stable 3 years later. Cogn. Behav. Neurol. Off. J. Soc. Behav. Cogn. Neurol. 30, 8–15. doi: 10.1097/WNN.0000000000000119

Cohen, J. (1960). A coefficient of agreement for nominal scales. Educ. Psychol. Meas. 20, 37–46. doi: 10.1177/001316446002000104

Collij, L. E., Heeman, F., Kuijer, J. P. A., Ossenkoppele, R., Benedictus, M. R., Möller, C., et al. (2016). Application of machine learning to arterial spin labeling in mild cognitive impairment and Alzheimer disease. Radiology 281, 865–875. doi: 10.1148/radiol.2016152703

Cortes, C., and Vapnik, V. (1995). Support-vector networks. Mach. Learn. 20, 273–297. doi: 10.1007/BF00994018

Dai, Z., Yan, C., Li, K., Wang, Z., Wang, J., Cao, M., et al. (2015). Identifying and mapping connectivity patterns of brain network hubs in Alzheimer’s disease. Cereb. Cortex 25, 3723–3742. doi: 10.1093/cercor/bhu246

de Vos, F., Koini, M., Schouten, T. M., Seiler, S., van der Grond, J., Lechner, A., et al. (2018). A comprehensive analysis of resting state fMRI measures to classify individual patients with Alzheimer’s disease. Neuroimage 167, 62–72. doi: 10.1016/j.neuroimage.2017.11.025

Delli Pizzi, S., Franciotti, R., Bubbico, G., Thomas, A., Onofrj, M., and Bonanni, L. (2016). Atrophy of hippocampal subfields and adjacent extrahippocampal structures in dementia with Lewy bodies and Alzheimer’s disease. Neurobiol. Aging 40, 103–109. doi: 10.1016/j.neurobiolaging.2016.01.010

Duro, D. C., Franklin, S. E., and Dubé, M. G. (2012). A comparison of pixel-based and object-based image analysis with selected machine learning algorithms for the classification of agricultural landscapes using SPOT-5 HRG imagery. Remote Sens. Environ. 118, 259–272. doi: 10.1016/j.rse.2011.11.020

Feng, F., Wang, P., Zhao, K., Zhou, B., Yao, H., Meng, Q., et al. (2018). Radiomic features of hippocampal subregions in Alzheimer’s disease and amnestic mild cognitive impairment. Front. Aging Neurosci. 10:290. doi: 10.3389/fnagi.2018.00290

Feng, Q., Liu, J., and Gong, J. (2015). UAV remote sensing for urban vegetation mapping using random forest and texture analysis. Remote Sens. 7, 1074–1094. doi: 10.3390/rs70101074

Fischl, B. (2012). FreeSurfer. Neuroimage 62, 774–781. doi: 10.1016/j.neuroimage.2012.01.021

Fornito, A., Zalesky, A., and Bullmore, E. T. (2010). Network scaling effects in graph analytic studies of human resting-state fMRI data. Front. Syst. Neurosci. 4:22. doi: 10.3389/fnsys.2010.00022

Garali, I., Adel, M., Bourennane, S., and Guedj, E. (2018). Histogram-based features selection and volume of interest ranking for Brain PET image classification. IEEE J. Transl. Eng. Health Med. 6, 1–12. doi: 10.1109/JTEHM.2018.2796600

Greicius, M. (2008). Resting-state functional connectivity in neuropsychiatric disorders. Curr. Opin. Neurol. 21, 424–430. doi: 10.1097/WCO.0b013e328306f2c5

Greicius, M. D., Srivastava, G., Reiss, A. L., and Menon, V. (2004). Default-mode network activity distinguishes Alzheimer’s disease from healthy aging: Evidence from functional MRI. Proc. Natl. Acad. Sci. U.S.A. 101, 4637–4642. doi: 10.1073/pnas.0308627101

Grieder, M., Wang, D. J. J., Dierks, T., Wahlund, L.-O., and Jann, K. (2018). Default mode network complexity and cognitive decline in mild Alzheimer’s disease. Front. Neurosci. 12:770. doi: 10.3389/fnins.2018.00770

Guyon, I., Weston, J., Barnhill, S., and Vapnik, V. (2002). Gene selection for cancer classification using support vector machines. Mach. Learn. 46, 389–422. doi: 10.1023/A:1012487302797

Hafkemeijer, A., van der Grond, J., and Rombouts, S. A. R. B. (2012). Imaging the default mode network in aging and dementia. Biochim. Biophys. Acta BBA Mol. Basis Dis. 1822, 431–441. doi: 10.1016/j.bbadis.2011.07.008

Han, Y., Wang, J., Zhao, Z., Min, B., Lu, J., Li, K., et al. (2011). Frequency-dependent changes in the amplitude of low-frequency fluctuations in amnestic mild cognitive impairment: a resting-state fMRI study. Neuroimage 55, 287–295. doi: 10.1016/j.neuroimage.2010.11.059

Hanyu, H., Sato, T., Hirao, K., Kanetaka, H., Iwamoto, T., and Koizumi, K. (2010). The progression of cognitive deterioration and regional cerebral blood flow patterns in Alzheimer’s disease: a longitudinal SPECT study. J. Neurol. Sci. 290, 96–101. doi: 10.1016/j.jns.2009.10.022

He, Y., Chen, Z., and Evans, A. (2008). Structural insights into aberrant topological patterns of large-scale cortical networks in Alzheimer’s disease. J. Neurosci. 28, 4756–4766. doi: 10.1523/JNEUROSCI.0141-08.2008

He, Y., Chen, Z., Gong, G., and Evans, A. (2009). Neuronal networks in Alzheimer’s disease. Neurosci. Rev. J. Bringing Neurobiol. Neurol. Psychiatry 15, 333–350. doi: 10.1177/1073858409334423

He, Y., Wang, L., Zang, Y., Tian, L., Zhang, X., Li, K., et al. (2007). Regional coherence changes in the early stages of Alzheimer’s disease: a combined structural and resting-state functional MRI study. Neuroimage 35, 488–500. doi: 10.1016/j.neuroimage.2006.11.042

Hojjati, S. H., Ebrahimzadeh, A., Khazaee, A., and Babajani-Feremi, A., and Alzheimer’s Disease Neuroimaging Initiative (2017). Predicting conversion from MCI to AD using resting-state fMRI, graph theoretical approach and SVM. J. Neurosci. Methods 282, 69–80. doi: 10.1016/j.jneumeth.2017.03.006

Hojjati, S. H., Ebrahimzadeh, A., Khazaee, A., Babajani-Feremi, A., and Alzheimer’s Disease Neuroimaging Initiative (2018). Predicting conversion from MCI to AD by integrating rs-fMRI and structural MRI. Comput. Biol. Med. 102, 30–39. doi: 10.1016/j.compbiomed.2018.09.004

Hyman, B. T., and Trojanowski, J. Q. (1997). Consensus recommendations for the postmortem diagnosis of Alzheimer disease from the National Institute on Aging and the Reagan Institute Working Group on diagnostic criteria for the neuropathological assessment of Alzheimer disease. J. Neuropathol. Exp. Neurol. 56, 1095–1097. doi: 10.1097/00005072-199710000-00002

Immitzer, M., Atzberger, C., and Koukal, T. (2012). Tree species classification with random forest using very high spatial resolution 8-band WorldView-2 satellite data. Remote Sens. 4, 2661–2693. doi: 10.3390/rs4092661

Ito, T., Kulkarni, K. R., Schultz, D. H., Mill, R. D., Chen, R. H., Solomyak, L. I., et al. (2017). Cognitive task information is transferred between brain regions via resting-state network topology. Nat. Commun. 8:1027. doi: 10.1038/s41467-017-01000-w

Jack, C. R., Therneau, T. M., Weigand, S. D., Wiste, H. J., Knopman, D. S., Vemuri, P., et al. (2019). Prevalence of biologically vs clinically defined alzheimer spectrum entities using the national institute on aging-Alzheimer’s association research framework. JAMA Neurol. 76, 1174–1183. doi: 10.1001/jamaneurol.2019.1971

Jie, B., Liu, M., and Shen, D. (2018). Integration of temporal and spatial properties of dynamic connectivity networks for automatic diagnosis of brain disease. Med. Image Anal. 47, 81–94. doi: 10.1016/j.media.2018.03.013

Josephs, K. A., Dickson, D. W., Tosakulwong, N., Weigand, S. D., Murray, M. E., Petrucelli, L., et al. (2017). Rates of hippocampal atrophy and presence of post-mortem TDP-43 in patients with Alzheimer’s disease: a longitudinal retrospective study. Lancet Neurol. 16, 917–924. doi: 10.1016/S1474-4422(17)30284-3

Ju, R., Hu, C., Zhou, P., and Li, Q. (2019). Early diagnosis of Alzheimer’s disease based on resting-state brain networks and deep learning. IEEE/ACM Trans. Comput. Biol. Bioinform. 16, 244–257. doi: 10.1109/TCBB.2017.2776910

Khazaee, A., Ebrahimzadeh, A., and Babajani-Feremi, A. (2015). Identifying patients with Alzheimer’s disease using resting-state fMRI and graph theory. Clin. Neurophysiol. Off. J. Int. Fed. Clin. Neurophysiol. 126, 2132–2141. doi: 10.1016/j.clinph.2015.02.060

Kraskov, A., Stögbauer, H., and Grassberger, P. (2004). Estimating mutual information. Phys. Rev. E 69:066138. doi: 10.1103/PhysRevE.69.066138

Lama, R. K., and Kwon, G.-R. (2021). Diagnosis of Alzheimer’s disease using brain network. Front. Neurosci. 15:605115. doi: 10.3389/fnins.2021.605115

Lee, E.-S., Yoo, K., Lee, Y.-B., Chung, J., Lim, J.-E., Yoon, B., et al. (2016). Default mode network functional connectivity in early and late mild cognitive impairment. Alzheimer Dis. Assoc. Disord. 30, 289–296. doi: 10.1097/WAD.0000000000000143

Li, Y., Jing, B., Liu, H., Li, Y., Gao, X., Li, Y., et al. (2017). Frequency-dependent changes in the amplitude of low-frequency fluctuations in mild cognitive impairment with mild depression. J. Alzheimers Dis. JAD 58, 1175–1187. doi: 10.3233/JAD-161282

Liaw, A., and Wiener, M. (2002). Classification and Regression by randomForest. R News 2:5.

Lin, Q., Rosenberg, M. D., Yoo, K., Hsu, T. W., O’Connell, T. P., and Chun, M. M. (2018). Resting-state functional connectivity predicts cognitive impairment related to Alzheimer’s disease. Front. Aging Neurosci. 10:94. doi: 10.3389/fnagi.2018.00094

Liu, C. Y., Krishnan, A. P., Yan, L., Smith, R. X., Kilroy, E., Alger, J. R., et al. (2013). Complexity and synchronicity of resting state blood oxygenation level-dependent (BOLD) functional MRI in normal aging and cognitive decline. J. Magn. Reson. Imaging JMRI 38, 36–45. doi: 10.1002/jmri.23961

Liu, M., Li, F., Yan, H., Wang, K., Ma, Y., Shen, L., et al. (2020). A multi-model deep convolutional neural network for automatic hippocampus segmentation and classification in Alzheimer’s disease. Neuroimage 208:116459. doi: 10.1016/j.neuroimage.2019.116459

Lopez, O. L., Becker, J. T., Chang, Y.-F., Sweet, R. A., DeKosky, S. T., Gach, M. H., et al. (2012). Incidence of mild cognitive impairment in the Pittsburgh Cardiovascular Health Study-Cognition Study. Neurology 79, 1599–1606. doi: 10.1212/WNL.0b013e31826e25f0

Mak, E., Gabel, S., Su, L., Williams, G. B., Arnold, R., Passamonti, L., et al. (2017). Multi-modal MRI investigation of volumetric and microstructural changes in the hippocampus and its subfields in mild cognitive impairment, Alzheimer’s disease, and dementia with Lewy bodies. Int. Psychogeriatr. 29, 545–555. doi: 10.1017/S1041610216002143

Mak, E., Su, L., Williams, G. B., Watson, R., Firbank, M., Blamire, A., et al. (2016). Differential atrophy of hippocampal subfields: a comparative study of dementia with lewy bodies and Alzheimer disease. Am. J. Geriatr. Psychiatry 24, 136–143. doi: 10.1016/j.jagp.2015.06.006

McKhann, G., Drachman, D., Folstein, M., Katzman, R., Price, D., and Stadlan, E. M. (1984). Clinical diagnosis of Alzheimer’s disease: report of the NINCDS-ADRDA Work Group under the auspices of department of health and human services task force on Alzheimer’s disease. Neurology 34, 939–944. doi: 10.1212/wnl.34.7.939

Moradi, E., Pepe, A., Gaser, C., Huttunen, H., and Tohka, J. (2015). Machine learning framework for early MRI-based Alzheimer’s conversion prediction in MCI subjects. Neuroimage 104, 398–412. doi: 10.1016/j.neuroimage.2014.10.002

Pedregosa, F., Varoquaux, G., Gramfort, A., Michel, V., Thirion, B., Grisel, O., et al. (2011). Scikit-learn: machine learning in python. J. Mach. Learn. Res. 12, 2825–2830. doi: 10.1080/13696998.2019.1666854

Petersen, R. C. (2004). Mild cognitive impairment as a diagnostic entity. J. Intern. Med. 256, 183–194. doi: 10.1111/j.1365-2796.2004.01388.x

Platero, C., Lin, L., and Tobar, M. C. (2019). longitudinal neuroimaging hippocampal markers for diagnosing Alzheimer’s disease. Neuroinformatics 17, 43–61. doi: 10.1007/s12021-018-9380-2

Rathore, S., Habes, M., Iftikhar, M. A., Shacklett, A., and Davatzikos, C. (2017). A review on neuroimaging-based classification studies and associated feature extraction methods for Alzheimer’s disease and its prodromal stages. Neuroimage 155, 530–548. doi: 10.1016/j.neuroimage.2017.03.057

Risacher, S. L., Saykin, A. J., West, J. D., Shen, L., Firpi, H. A., McDonald, B. C., et al. (2009). Baseline MRI predictors of conversion from MCI to probable AD in the ADNI cohort. Curr. Alzheimer Res. 6, 347–361. doi: 10.2174/156720509788929273

Sanz-Arigita, E. J., Schoonheim, M. M., Damoiseaux, J. S., Rombouts, S. A. R. B., Maris, E., Barkhof, F., et al. (2010). Loss of ‘small-world’ networks in Alzheimer’s disease: graph analysis of fMRI resting-state functional connectivity. PLoS One 5:e13788. doi: 10.1371/journal.pone.0013788

Saygin, Z. M., Kliemann, D., Iglesias, J. E., van der Kouwe, A. J. W., Boyd, E., Reuter, M., et al. (2017). High-resolution magnetic resonance imaging reveals nuclei of the human amygdala: manual segmentation to automatic atlas. Neuroimage 155, 370–382. doi: 10.1016/j.neuroimage.2017.04.046

Schouten, T. M., Koini, M., de Vos, F., Seiler, S., van der Grond, J., Lechner, A., et al. (2016). Combining anatomical, diffusion, and resting state functional magnetic resonance imaging for individual classification of mild and moderate Alzheimer’s disease. Neuroimage Clin. 11, 46–51. doi: 10.1016/j.nicl.2016.01.002

Sheline, Y. I., Morris, J. C., Snyder, A. Z., Price, J. L., Yan, Z., D’Angelo, G., et al. (2010). APOE4 allele disrupts resting state fMRI connectivity in the absence of amyloid plaques or decreased CSF Aβ42. J. Neurosci. Off. J. Soc. Neurosci. 30, 17035–17040. doi: 10.1523/JNEUROSCI.3987-10.2010

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

Sørensen, L., Igel, C., Pai, A., Balas, I., Anker, C., Lillholm, M., et al. (2017). Differential diagnosis of mild cognitive impairment and Alzheimer’s disease using structural MRI cortical thickness, hippocampal shape, hippocampal texture, and volumetry. Neuroimage Clin. 13, 470–482. doi: 10.1016/j.nicl.2016.11.025

Tan, B., Liu, Q., Wan, C., Jin, Z., Yang, Y., and Li, L. (2019). Altered functional connectivity of alpha rhythm in obsessive-compulsive disorder during rest. Clin. EEG Neurosci. 50, 88–99. doi: 10.1177/1550059418804378

Tibshirani, R. (1996). Regression Shrinkage and selection via the Lasso. J. R. Stat. Soc. Ser. B Methodol. 58, 267–288. doi: 10.1111/j.2517-6161.1996.tb02080.x

Tzourio-Mazoyer, N., Landeau, B., Papathanassiou, D., Crivello, F., Etard, O., Delcroix, N., et al. (2002). Automated anatomical labeling of activations in SPM using a macroscopic anatomical parcellation of the MNI MRI single-subject brain. Neuroimage 15, 273–289. doi: 10.1006/nimg.2001.0978

van Maurik, I. S., Zwan, M. D., Tijms, B. M., Bouwman, F. H., Teunissen, C. E., Scheltens, P., et al. (2017). Interpreting biomarker results in individual patients with mild cognitive impairment in the Alzheimer’s biomarkers in daily practice (ABIDE) project. JAMA Neurol. 74, 1481–1491. doi: 10.1001/jamaneurol.2017.2712

Wee, C.-Y., Yap, P.-T., Zhang, D., Denny, K., Browndyke, J. N., Potter, G. G., et al. (2012). Identification of MCI individuals using structural and functional connectivity networks. Neuroimage 59, 2045–2056. doi: 10.1016/j.neuroimage.2011.10.015

Wei, R., Li, C., Fogelson, N., and Li, L. (2016). Prediction of conversion from mild cognitive impairment to Alzheimer’s disease using MRI and structural network features. Front. Aging Neurosci. 8:76. doi: 10.3389/fnagi.2016.00076

Xiang, J., Guo, H., Cao, R., Liang, H., and Chen, J. (2013). An abnormal resting-state functional brain network indicates progression towards Alzheimer’s disease. Neural Regen. Res. 8, 2789–2799. doi: 10.3969/j.issn.1673-5374.2013.30.001

Yan, C., and Zang, Y. (2010). DPARSF: a MATLAB toolbox for “pipeline” data analysis of resting-state fMRI. Front. Syst. Neurosci. 4:13. doi: 10.3389/fnsys.2010.00013

Yang, H., Wang, C., Zhang, Y., Xia, L., Feng, Z., Li, D., et al. (2017). Disrupted causal connectivity anchored in the posterior cingulate cortex in amnestic mild cognitive impairment. Front. Neurol. 8:10. doi: 10.3389/fneur.2017.00010

Zang, Y., Jiang, T., Lu, Y., He, Y., and Tian, L. (2004). Regional homogeneity approach to fMRI data analysis. Neuroimage 22, 394–400. doi: 10.1016/j.neuroimage.2003.12.030

Zhan, L., Jahanshad, N., Jin, Y., Toga, A. W., McMahon, K. L., de Zubicaray, G. I., et al. (2013). “Brain network efficiency and topology depend on the fiber tracking method: 11 tractography algorithms compared in 536 subjects,” in Proceedings of the 2013 IEEE 10th International Symposium on Biomedical Imaging, San Francisco, CA, 1134–1137. doi: 10.1109/ISBI.2013.6556679

Zhang, D., Wang, Y., Zhou, L., Yuan, H., Shen, D., and Alzheimer’s Disease Neuroimaging Initiative (2011). Multimodal classification of Alzheimer’s disease and mild cognitive impairment. Neuroimage 55, 856–867. doi: 10.1016/j.neuroimage.2011.01.008

Zhang, H. K., and Roy, D. P. (2017). Using the 500m MODIS land cover product to derive a consistent continental scale 30m Landsat land cover classification. Remote Sens. Environ. 197, 15–34. doi: 10.1016/j.rse.2017.05.024

Zhang, L., Zuo, X.-N., Ng, K. K., Chong, J. S. X., Shim, H. Y., Ong, M. Q. W., et al. (2020). Distinct BOLD variability changes in the default mode and salience networks in Alzheimer’s disease spectrum and associations with cognitive decline. Sci. Rep. 10:6457. doi: 10.1038/s41598-020-63540-4

Zhang, T., Liao, Q., Zhang, D., Zhang, C., Yan, J., Ngetich, R., et al. (2021). Predicting MCI to AD conversation using integrated sMRI and rs-fMRI: machine learning and graph theory approach. Front. Aging Neurosci. 13:688926. doi: 10.3389/fnagi.2021.688926

Zhang, T., Zhao, Z., Zhang, C., Zhang, J., Jin, Z., and Li, L. (2019). Classification of early and late mild cognitive impairment using functional brain network of resting-state fMRI. Front. Psychiatry 10:572. doi: 10.3389/fpsyt.2019.00572

Zhang, Y.-W., Zhao, Z.-L., Qi, Z., Hu, Y., Wang, Y.-S., Sheng, C., et al. (2017). Local-to-remote cortical connectivity in amnestic mild cognitive impairment. Neurobiol. Aging 56, 138–149. doi: 10.1016/j.neurobiolaging.2017.04.016

Zheng, F., Cui, D., Zhang, L., Zhang, S., Zhao, Y., Liu, X., et al. (2018). The volume of hippocampal subfields in relation to decline of memory recall across the adult lifespan. Front. Aging Neurosci. 10:320. doi: 10.3389/fnagi.2018.00320

Zhou, J., Greicius, M. D., Gennatas, E. D., Growdon, M. E., Jang, J. Y., Rabinovici, G. D., et al. (2010). Divergent network connectivity changes in behavioural variant frontotemporal dementia and Alzheimer’s disease. Brain J. Neurol. 133, 1352–1367. doi: 10.1093/brain/awq075

Zhou, J., and Seeley, W. W. (2014). Network dysfunction in Alzheimer’s disease and frontotemporal dementia: implications for psychiatry. Biol. Psychiatry 75, 565–573. doi: 10.1016/j.biopsych.2014.01.020

Zou, Q.-H., Zhu, C.-Z., Yang, Y., Zuo, X.-N., Long, X.-Y., Cao, Q.-J., et al. (2008). An improved approach to detection of amplitude of low-frequency fluctuation (ALFF) for resting-state fMRI: fractional ALFF. J. Neurosci. Methods 172, 137–141. doi: 10.1016/j.jneumeth.2008.04.012

Zuo, X.-N., Di Martino, A., Kelly, C., Shehzad, Z. E., Gee, D. G., Klein, D. F., et al. (2010). The oscillating brain: complex and reliable. Neuroimage 49, 1432–1445. doi: 10.1016/j.neuroimage.2009.09.037

Zuo, X.-N., Ehmke, R., Mennes, M., Imperati, D., Castellanos, F. X., Sporns, O., et al. (2012). Network centrality in the human functional connectome. Cereb. Cortex 22, 1862–1875. doi: 10.1093/cercor/bhr269


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 Khatri and Kwon. 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.


OPS/images/fnagi-14-818871-g003.jpg
Dataset

!

Model Training Model evaluation Prediction





OPS/images/fnagi-14-818871-e000.jpg
- Z;;sie vLij

L

V-1
K= >by

jev
e Sjm(i)

iAjEmeV Sjm

(0]

@

3)





OPS/images/fnagi-14-818871-g004.jpg





OPS/images/fnagi-14-818871-g001.jpg
rs-fMRI

SMRI

Lorem Ipsum

Freesurfer Pre-processing |

| Brain Network I

AAL Templet

Regional

Voxel Features

mean time
series

Connectivity
matrix and
thresholding

Graph measure ¢

fALFF

ALFF

|

Univariate
t-test

Voxel wise (DMN and SN)
features vectors

ippocampus and

H
‘ Amygdala Volume
' ~ | Corticaland

Sub-cortical
arcellations

t

Hippocampal subfield and
amygdala nuclei volume

-

:

N

.

..:.‘\ - —

Selected features
>

>* " *
Y
| Test Set
(Size=1)

<n ¥ -

Features set

b e e e e e e I T g
Features Combination
-
v ‘ 10-fold CV ‘
B T S T T T T S i T i i !
Classification - - ‘-
1 :
Ll Feature Training Set II-] u u
" Selection (Size=K-1)
R
TIE






OPS/images/fnagi-14-818871-e002.jpg
I(X; Y)

H(X) — H(X/Y) = H(Y) — H(Y/X)
HX) + H(Y) — H(X; Y)

®)





OPS/images/fnagi-14-818871-g002.jpg
parasubiculum
presubiculum
subiculuum
CAl

CA3

CA4

GC-DG

HATA

fimbria

HEEEEE

Molecular_layer _HP
Hippocampal-fissure
HP_tail

| . |
i
l

Amygdala nuclei

Lateral Nucleus

Basal Nucleus
ABN

AAA

Central Nucleus

Medial Nucleus
Cortical Nucleus
CTA

PN






OPS/images/fnagi-14-818871-e001.jpg
RSSpasso(Bis Bo)

n

k
:ur{gmm[z( i— (Bixi + o) + “ZW)] @
B

i=1 j=1





OPS/images/fnagi-14-818871-i001.jpg





OPS/images/fnagi-14-818871-i000.jpg





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Alzheimer’s Disease Diagnosis and Biomarker Analysis Using Resting-State Functional MRI Functional Brain Network With Multi-Measures Features and Hippocampal Subfield and Amygdala Volume of Structural MRI



		INTRODUCTION



		MATERIALS AND METHODS



		Participants



		Structural MRI Preprocessing



		Resting-State Functional Magnetic Resonance Imaging Image Acquisition



		Resting-State Functional MRI Preprocessing



		Proposed Framework



		Hippocampal Subfield and Amygdala Nuclei Volume



		Functional Network Construction



		Brain Network Feature Extraction



		Voxel-Wise Features Extraction



		Features Selection Techniques



		Least Absolute Shrinkage and Selection Operation



		Support Vector Machine-Recursive Feature Elimination



		Joint Mutual Information



		Random Forest Classifier



		Support Vector Machine Classifier







		RESULTS



		Findings From a Demographic and Clinical Approach



		Highly Sensitive Brain Network Features



		Voxel-Based Sensitive Features



		Classification Results







		DISCUSSION



		Limitations







		CONCLUSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		ACKNOWLEDGMENTS



		SUPPLEMENTARY MATERIAL



		REFERENCES

















OPS/images/fnagi-14-818871-t001.jpg
Group AD(n=63) MCIs(n=37) MCIc(n=45) HC (n=68)

Sex (M/F) 37/26 156/22 27/18 33/35
Age 74514718 73324758 73814 791 178687 +7.13
FAQ score 19.95+7.73 172+ 215 723+ 718 0.14 £ 0.37
NPI-Qscore  4.85+5.13 1.87 £1.75 278 +£2.85 0.37 +£0.83
GDS score 2.32+2.87 1.28 +£1.05 235+ 2.85 1.19 4+ 1.95
MMSE score  19.95+5.15 2912+ 1.03 2517+ 345 29.25+1.75
CDR 0.94 +£0.27 0.50 +£0.0 0.50 &+ 0.28 0.00 +£0.13
Values are means or numbers + standard deviations.

MMSE, mini-mental examination; NPI-Q, neuropsychiatric inventory questionnaire;
FAQ, functional activities questionaries; GDS, geriatric depression scale.





OPS/images/cover.jpg
& frontiers | Frontiers in Aging Neuroscience

Alzheimer’s Disease Diagnosis
and Biomarker Analysis Using
Resting-State Functional MRI
Functional Brain Network With
Multi-Measures Features
and Hippocampal Subfield
and Amygdala Volume
of Structural MRI









OPS/images/fnagi-14-818871-e008.jpg
fo) =2%.0) +b (14)





OPS/images/fnagi-14-818871-e007.jpg
KF, Byy...,F) = Z Z ZZ
feR fieFy  fieFy yeY
Pl for oo fin))

T A AT

(13)






OPS/images/logo.jpg
’ frontiers | Frontiers in Aging Neuroscience





OPS/images/fnagi-14-818871-g009.jpg
A

Cross-Validation ROC Curve for AD vs. HC Classification(combined features)
1.0 1 ~

True Positive Rate

C

True Positive Rate

0.8 1

0.6 1

0.4 1

0.2 1

0.0 1

I o L4

s’
i 7’
7’
7’
7’

7’
ROC fold 0 (AUC = 1.00)
ROC fold 1 (AUC = 0.99)

,/’ ROC fold 2 (AUC = 0.97)
,/’ ROC fold 3 (AUC = 1.00)
,,’ ROC fold 4 (AUC = 0.93)
’,’ ROC fold 5 (AUC = 0.95)
’,’ ROC fold 6 (AUC = 0.92)
o ROC fold 7 (AUC = 0.98)
¥ 4 ROC fold 8 (AUC = 1.00)
,’, ROC fold 9 (AUC = 0.97)
o -~~~ Chance
—— Mean ROC (AUC = 0.97 = 0.03)
- + 1 std. dev.
0.0 0.2 0.4 0.6 0.8 1.0

Falée Positive Rate

'ROC fold O (AUC = 0.90)
ROC fold 1 (AUC = 1.00)

47 ROC fold 2 (AUC = 0.88)
P ROC fold 3 (AUC = 0.98)
F ROC fold 4 (AUC = 0.99)
7 ROC fold 5 (AUC = 0.95)
> ROC fold 6 (AUC = 0.91)
> ROC fold 7 (AUC = 0.81)
i ROC fold 8 (AUC = 0.93)
r ROC fold 9 (AUC = 0.92)
” -~-=- Chance
—— Mean ROC (AUC = 0.92 + 0.06)
+ 1 std. dev.

0.4 0.6
False Positive Rate

D

Cross-Validation ROC Curve for AD vs. MCI Classification(combined features)
1.0 4 - —

True Positive Rate

Cross-Validation ROC Curve for MCls vs. MClc Classification(combined feature:
1.0 4

True Positive Rate

0.8

0.6

0.4

0.2 1

0.0

0.8 4

0.6

0.4 1

0.2 4

0.0 1

,/ ROC fold 2 (AUC = 0.97)
/’ ROC fold 3 (AUC = 0.99)
¥ ROC fold 4 (AUC = 0.96)

7’
ROC fold 0 (AUC = 0.99)
ROC fold 1 (AUC = 0.90)

ROC fold 5 (AUC = 0.96)

ROC fold 6 (AUC = 0.94)

ROC fold 7 (AUC = 0.89)

ROC fold 8 (AUC = 0.97)

ROC fold 9 (AUC = 0.92)
Chance

Mean ROC (AUC = 0.94 + 0.03)
+ 1 std. dev.

0.'4 0.'6
False Positive Rate

! J
4
| I" ‘
,/
,I
,I
,I
’I
’I
,I
,I
’I
,I
’I
’I
’I
‘,,

ROC fold 0 (AUC = 0.79)

J ROC fold 1 (AUC = 0.81)

P ROC fold 2 (AUC = 0.93)

o ROC fold 3 (AUC = 0.96)

7 ROC fold 4 (AUC = 0.81)

P ROC fold 5 (AUC = 0.99)

r ROC fold 6 (AUC = 0.87)

F.d ROC fold 7 (AUC = 1.00)

F 4 ROC fold 8 (AUC = 1.00)

i ROC fold 9 (AUC = 1.00)

F 4 -=-- Chance
F —— Mean ROC (AUC = 0.91 + 0.08)
4 + 1 std. dev.
4§

0.'0 0.2 ¢ 0?8 1.0

0.4 0.6
False Positive Rate





OPS/images/fnagi-14-818871-e009.jpg
min [27%.(y)) + b

13






OPS/images/fnagi-14-818871-g007.jpg





OPS/images/fnagi-14-818871-e004.jpg
©)
/vay(x, »)dy
Px(x) = J,

(10)
dx

Py, y(x, y)

Py(y) = /X X





OPS/images/fnagi-14-818871-g008.jpg
A AD vs. HC classification B AD vs. MCI Classification

100 100
90 - i
*X 80+
X 80 A o
3~ @
e g
g g m-
€ 70+
—— SVM-RFE = ——— SVM-RFE
- LASSO
. P ... LASSO
IMI - JMI
m 1 ] 1] 1] L]
50 T g 2 _rs 0 10 20 0 40 50
0 10 20 0 40 50 Number of Selected F eatures
Number of Selected F eatures
C HC vs. MCI Classification D MCls vs. MClc Classification
100 100
90 + Q0 -
8o 8 .
——— SVM-RFE
—— SVMRFE
60 - Lasso i - LASSO
——— .. ey JME
w Ll L] L] ’
0 10 20 20 40 50 0 T T T T
0 10 20 30 40 50

Number of Selected F eatures
Number of Selected F eatures





OPS/images/fnagi-14-818871-e003.jpg
H(X)

H(Y)

h(X; Y)

I

/ Py()log Px(X)dx ©
= / Py(y)log Pr(y)dy %)
Jy

- [ [Prs@iogpveiay ®
Loy





OPS/images/fnagi-14-818871-g005.jpg





OPS/images/fnagi-14-818871-e006.jpg
1Y) = 3 Povte, y)lngpx(;)(P 8) (12)

xeX reY





OPS/images/fnagi-14-818871-g006.jpg
ReHo

DC






OPS/images/fnagi-14-818871-e005.jpg
Pxy(x,y)
IX;Y) = f/ny(x y)logp Py (y)d xdy (1)





OPS/images/fnagi-14-818871-e011.jpg
Z%.(x) + b= szl 17)





OPS/images/fnagi-14-818871-e010.jpg
Z™.(x) + b = 0, whichissameas

2.y

0(which has more dimensions) (16)





OPS/images/fnagi-14-818871-e013.jpg
llx =12
el

K(x,y) = exp(— (19)





OPS/images/fnagi-14-818871-e012.jpg
K(xy) = @yt (18)





OPS/images/fnagi-14-818871-g010.jpg
0.95
0.9
0.85
0.8
0.75
0.7

HV+Amygdala

HV+Amygdala

Cohen's Kappa Plot for AD vs. HC Classification

& ¢ @ |3 & ¢ 8|3 &
s 5| % $ 5| %
E | E | E
S | < S <
+ +
> =
== i o
SVM-RFE LASSO M
e S\/M e RF
Cohen's Kappa Plot for HC vs. MCI Classification
& - ks = & E @ N &
S 5 0B S 5 B
£ | E E £
(=] o
< | 2 9 | 2
= >
m =4 e =
SVM-RFE LASSO IMI

e SV e RF

Voxel

Voxel

Combined

Combined

0.95
0.9
0.85
0.8
0.75
0.7

0.95
0.9
0.85
0.8
0.75
0.7

Cohen's Kappa Plot for AD vs. MCl Classification

2 2 T I|8% % T B|3 B % ¥
k! $ £ % S 5 % g 5
> > >
g - - :
+ o p © o O
= = =
b m
SVM-RFE LASSO IMI
—@—SVM === RF
Cohen's Kappa Plot for MCls vs. MClc Classification
Y- & = T | = & g B | = & £ 9
& g 5| ® 2 5 | ® £ £
> > >
= E E £ £ £
= o < o . o
= = =
= hn . =
SVM-RFE LASSO IMI

= SV el RF





OPS/images/fnagi-14-818871-g011.jpg
Performance Comparision of AD vs. HC Classification
100

95

ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE
HV+Amygdala BN Voxel Combined HV+Amygdala BN
SVM-RFE

~N N 00 W
v o wum

Voxel Combined HV+Amygdala BN Voxel Combined
LASSO IMI

mSVM EmRF

Performance Comparision of AD vs. MCI Classification

100
95
90
85
80
A il |
70
ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE
HV+Amygdala BN Voxel Combined  HV+Amygdala BN Voxel Combined HV+Amygdala BN Voxel Combined
SVM-RFE LASSO M
mSVM mRF

Performance Comparision of HC vs. MCI Classification
100

90
5
| ”l“ll || |I| I" ||| ‘” ||I||H IH ” |
70

ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE | ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE
HV+Amygdala BN Voxel Combined | HV+Amygdala BN

SVM-RFE

o o
o

Voxel Combined HV+Amygdala BN

Voxel Combined
LASSO

EmSVM ERF

Performance Comparision of MCls vs. MClc Classification
100

ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE ACC SEN SPE
HV+Amygdala BN Voxel Combined HV+Amygdala BN

SVM-RFE

N N 0 0 W
v O un o

Voxel Combined HV+Amygdala BN Voxel Combined
LASSO IMI

mSVM mRF





OPS/images/cross.jpg
3,

i





OPS/images/fnagi-14-818871-t006.jpg
References Cohort Features

de Vos et al., 2018 AD/HC(77/173) FC matrices, FC dynamics, ALFF

Khazaee et al., 2015 AD/HC (34/45) Graph measures

Lama and Kwon, 2021 AD/HC (31/31) Brain Network

Our method AD/HC (33/35) sMRI, Brain Network and Voxel features of rs-fMRI

Bold value represents the results obtained form proposed method.

Classifier

Group Lasso LR
Naive Bayes
LSVM
SVM

Accuracy

93.30%
90.63%
96.95%

AUC

85%

N/A
98





OPS/images/fnagi-14-818871-t007.jpg
References Cohort Features Classifier Accuracy AUC

Moradi et al., 2015 sMCI/pMCI MRI, age and cognitive measure LDS 82.72% 0.902
(100/16)

Ardekani et al., 2017 sMCI/pMCl (78/86) Hippocampal volumetric (sMRI) RF 82.30% N/A

Hojjati et al., 2017 MClc/MCInc (18/62) rs-fMRI, graph theory SVM 91.40% N/A

Zhang et al., 2021 MClc/MCinc (30/35) rs-fMRI, sMRI, graph theory SVM 84.71% 0.88

Our method MCls/MClc (30/31) sMRI, Brain Network and Voxel features of rs-fMRI SVM 87.78% 93.8

Bold value represents the results obtained form proposed method.





OPS/images/fnagi-14-818871-t002.jpg
Performance Matrix

SVM RF
Feature selection method Features AUC ACC SEN SPE F1 Cohen’s Kappa ACC SEN SPE F1 Cohen’s Kappa
SVM-RFE HV + Amygdala 87.12 84.51 91.13 85.07 85.45 0.8501 78.03 86.12 86.33 87.13 0.8201
BN 90.42 90.13 81.04 85.12 84.13 0.8713 88.47 87.35 90.07 82.15 0.7972
Voxel 9217 8897 90.71 95.09 88.46 0.8055 84.78 92.01 86.42 84.13 0.8013
Combined 93.14 9298 95.03 92.71 83.78 0.9131 91.05 9123 88.88 82.23 0.8430
LASSO HV + Amygdala 85.99 8275 82.03 87.59 82.20 0.8538 80.05 7543 83.11 84.05 0.7851
BN 90.07 8895 95.04 84.45 8577 0.8512 87.74 86.71 91.08 87.71 0.8903
Voxel 91.75 88.13 9214 93.25 90.65 0.8531 87.31 9045 87.72 76.11 0.8113
Combined 95.95 9413 9353 9551 84.38 0.9345 90.46 93.04 84.22 84.11 0.9012
JMI HV + Amygdala 89.45 85.33 89.05 84.83 86.15 0.8791 80.85 87.59 822 8538 0.8601
BN 93.95 9275 93.03 89.08 9245 0.8583 87.75 87.47 90.35 91.37 0.8614
Voxel 9441 9246 9543 88.81 91.15 0.9010 9251 95.00 85.87 93.15 0.9071
Combined 97.03 9587 97.35 9595 96.33 0.9130 9323 9531 9493 9237 0.8935






OPS/images/fnagi-14-818871-t003.jpg
Performance Matrix

SVM RF
Feature selection method Features AUC ACC SEN SPE F1 Cohen’s Kappa ACC SEN SPE F1 Cohen’s Kappa
SVM-RFE HV + Amygdala 85.27 7814 87.91 84.73 8275 0.855 77.45 8318 84.17 84.18 0.8021
BN 9142 8485 9512 87.45 88.13 0.8342 80.25 9043 84.56 77.45 0.8178
Voxel 85.32 82.83 8451 93.13 8352 0.7847 81.75 9253 84.98 81.78 0.7380
Combined 93.71 8718 9245 90.14 91.75 0.8501 86.45 88.37 84.73 8251 0.8703
LASSO HV + Amygdala  84.9 80.83 93.11 87.04 84.19 0.8503 7851 8258 78.95 84.45 0.7913
BN 90.34 88.74 9445 90.87 87.14 0.8305 8591 90.98 87.42 83.31 0.8033
Voxel 86.73 8524 9501 88.11 8546 0.8013 85.41 9121 84.63 78.98 0.7818
Combined 93.91 9045 9446 91.71 89.58 0.8401 87.75 9213 90.03 85.54 0.8135
JMI HV + Amygdala 82.75 8127 87.72 81.27 88.35 0.8587 79.31 8324 81.18 85.03 0.8035
BN 91.73 91.32 9443 87.17 8875 0.8309 86.08 87.53 88.14 84.23 0.8118
Voxel 92.08 88.01 93.13 89.57 91.33 0.8703 87.89 93,58 89.13 85.85 0.8273
Combined 94.03 9245 9598 90.45 93.75 0.9105 90.75 9515 87.73 91.03 0.8831






OPS/images/fnagi-14-818871-t004.jpg
Performance Matrix

SVM RE
Feature selection method Features AUC ACC SEN SPE F1 Cohen’s Kappa ACC SEN SPE F1 Cohen’s Kappa
SVM-RFE HV + Amygdala 82.85 77.32 90.54 84.13 84.71 0.8010 76.53 86.15 90.23 78.97 0.8501
BN 86.01 85.42 84.12 81.47 84.13 0.8210 78.56 84.45 88.11 78.47 0.8203
Voxel 87.31 86.53 93.12 87.89 85.45 0.7809 84.01 90.35 88.75 80.10 0.8283
Combined 91.21 8521 93.45 92.11 88.79 0.8451 84.36 87.84 85.01 79.45 0.8401
LASSO HV + Amygdala 84.92 76.95 87.3 82.08 82.83 0.8045 75.03 85.91 90.07 87.18 0.8531
BN 87.42 8215 88.63 87.45 84.88 0.8331 81.52 87.38 82.88 85.45 0.7933
Voxel 87.13 8045 86.85 91.12 86.91 0.7903 78.96 88.45 86.23 76.14 0.8311
Combined 90.03 84.74 85.77 91.03 90.11 0.8815 82.41 87.15 8295 80.75 0.8220
JMI HV + Amygdala 83.57 79.45 88.45 79.85 83.50 0.8201 77.13 7895 8552 8515 0.8130
BN 91.83 86.15 92.09 94.15 87.71 0.8305 83.87 91.54 84.35 81.33 0.8015
Voxel 90.57 86.43 85.15 86.01 91.23 0.8917 84.25 88.32 83.03 89.77 0.8738
Combined 92.06 90.35 94.34 92.11 94.13 0.9035 85.15 91.12 8531 84.95 0.8805






OPS/images/fnagi-14-818871-t005.jpg
Performance Matrix

SVM RE
Feature selection method Features AUC ACC SEN SPE F1 Cohen’s Kappa ACC SEN SPE F1 Cohen’s Kappa
SVM-RFE HV + Amygdala 83.35 76.43 8275 7841 8214 0.8310 75.02 80.37 853 79.41 0.8129
BN 88.32 84.46 90.11 8527 90.17 0.8375 80.45 87.52 91.15 80.14 0.8175
Voxel 8454 8325 9195 88.11 8352 0.8805 80.34 86.33 80.17 84.75 0.8835
Combined 90.19 85.32 9287 88.03 8873 0.8231 82.13 84.85 87.85 87.02 0.8750
LASSO HV + Amygdala 8523 7510 86.35 83.57 8217 0.7803 7491 7474 8150 77.13 0.7512
BN 86.37 8098 9284 86.38 84.56 0.8415 76.89 84.77 80.11 77.91 0.8240
Voxel 84.33 84.45 90.37 87.33 8947 0.8170 82.31 86.13 84.71 79.79 0.8430
Combined 89.75 8511 9237 90.15 85.12 0.7897 83.39 91.18 84.27 84.18 0.8203
JMI HV + Amygdala 8552 7845 885 84.05 83.14 0.7888 7754 7957 82.35 79.09 0.7545
BN 88.73 84.38 94.17 91.13 90.03 0.8055 82.45 87.31 81.41 90.93 0.7905
Voxel 87.97 8514 9277 87.53 91.11 0.8730 8424 90.34 8259 88.15 0.9015
Combined 91.08 88.03 9485 89.71 93.17 0.8831 85.31 9217 87.15 90.57 0.8733

AUC, area under curve; ACC, accuracy, SEN, sensitivity; SPE, specificity; F1, F-score; SVM, support vector machine; RF, random forest; SVM-RFE, SVM recursive feature
elimination; LASSO, least absolute shrinkage and selection operation; JMI, joint mutual information; HV, hippocampus volume; BN, brain networks).
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