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 Background: In recent days, graph theoretical analysis has gained high interest in the 
classification of neuropsychiatric diseases viz. Schizophrenia, ADHD, Autism, etc. 

Objective: In this study, we attempt to classify Schizophrenia through construction of 

functional connectome by preprocessing and  parcellating into regions of interest (ROI) 
based on Automated Anatomical Labelling (AAL) of resting state functional magnetic 

resonance images (RS-fMRI) contains 12 Schizophrenia and 15 healthy subjects 

(patients), estimation of time courses for each regions, calculation of Pearson 
correlation coefficient between every pair of region’s time courses, formation of 

connectivity matrix, computation of centrality measures viz. degree, betweenness, 

closeness, eigenvector, pagerank and clustering coefficient, then followed by feature 
selection and classification. Centrality measures can be considered as typical features to 

discriminate the people affected by Schizophrenia from healthy subjects. Results: 

Various feature selection procedures and classification algorithms are analysed on the 
centrality measures. Among them, Random Forest classification algorithm is able to 

achieve 85.19% accuracy. The accuracy is further increased to 88.89% through 
classification (Random Forest) with the combination of features viz. RB66 and RB67 

i.e. left and right palladium, a subcortical region in human brain which is obtained by 

Runs filtering technique. Conclusion: Palladium region’s betweenness centrality 
measure has higher contribution in prediction of Schizophrenia.  
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INTRODUCTION 

 

 The prevalence of neuropsychiatric diseases are rapidly elevating now-a-days. Different techniques viz. 

graph theoretical measures, image processing, data mining, etc., are applied extensively to study about the 

various brain disorders like Schizophrenia, ADHD, autism, etc. Recently, graph centrality measures are 

involved in the analysis. To perform that, the structure of brain has to be represented in the form of network 

which is known as connectome (Van den Heuvel and Sporns, 2013). Node of connectome is represented either 

by regions of interest (ROI) or voxel and edge is represented either by anatomical fiber bundles or temporal 

correlations. In this research, we investigate the Schizophrenia subjects using graph theoretical measures and 

discriminate them from healthy subjects using supervised machine learning algorithms. Schizophrenia has 

affected the 1% of world population (Bhugra, 2005) and it can be characterized by variety of symptoms related 

to memory, speech, cognition, behavioural changes and hallucinations, due to functional and structural changes 

of various regions of brain (Hirsch and  Weinberger, 2003). Still, researches are being carried out on this 

complex disorder to bring out hidden knowledge and thus improve the early detection and treatment. The 

organisation of paper is as follows: Section 1 explains about the literature work. Section 2 describes about the 

dataset and proposed methodology. Results and discussions are presented in Section 3. Section 4 provides 

conclusion and future directions. 

 

1. Related Work: 

 Neuro-researchers had used both data mining techniques and graph theoretical approaches to determine 

structural and functional alterations occurring in different brain regions as well as connectivity changes between 
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these regions of Schizophrenia patients. Centrality, modularity and integration of a functional connectome can 

be determined through graph theoretical approaches. The most commonly used centrality measures in the study 

of neurological disorders especially in Schizophrenia are degree centrality, node betweenness centrality, edge 

betweenness centrality etc. Wang et al. (2011) applied different kinds of centrality measures viz. degree, 

betweenness, closeness and clustering coefficient on structural connectome and observed less number of hubs in 

frontal and limbic regions of Schizophrenia. Shi et al. (2012) investigated grey matter volume of Schizophrenia 

in terms of betweenness centrality which revealed that the parietal and subcortical area has decreased number of 

hubs and occipital area with increased hub regions.  

 Ottet et al. (2013) found loss of degree and local efficiency in Schizophrenia. There are various works 

performed in the perspective of graph theoretical analysis to determine variations in brain regions caused by the 

disorder. 

 Data mining techniques also have been used in the classification of Schizophrenia and healthy subjects with 

different types of features like functional connectivity, structural connectivity, etc., and also to identify highly 

discriminating regions. Shen et al.(2010) applied low level embedding and unsupervised classifier for 

discrimination of Schizophrenia and high differentiations are revealed between the connectivity of few regions 

in cerebellum and frontal lobe. Du et al. (2012) found discriminating regions from frontal, temporal and visual 

areas through kernel principal component analysis (KPCA) and Fisher's linear discriminant analysis (FLD). 

Venkatraman et al. (2012) used Random Forest classifier and achieved 75% accuracy in classification of 

Schizophrenia. Arbabshirani et al. (2013) used independent component analysis to determine functional network 

connectivity and analysed several linear and non linear classifiers. In this work, we investigated the performance 

of graph descriptors (centrality measures) as features in the classification of Schizophrenia and the proposed 

method is detailed in subsequent section.  

 

2. Methodology: 

 The proposed framework includes following components viz. preprocessing of RS-fMRI, Functional 

connectome formation, Calculation of centrality measures, Feature Selection and Classification with leave-one 

out cross validation(LOOCV) which are explained in this section. The proposed framework is depicted in Fig. 1. 

 

2.1 Preprocessing of RS-fMRI: 

 Data of 12 chronic Schizophrenia subjects and 15 healthy are provided in Network Based Statistic (Zalesky 

et al., 2010) tool which is used in this work.  Subject’s description and aspects related to MRI acquisition are 

presented in detail in (Zalesky et al., 2010). RS-fMRI images are preprocessed to derive functional connectivity 

matrix which includes head motion correction, fMRI volumes realignment and correction of temporal motion. 

Then the ROIs are obtained through parcellation using Automatic Anatomical Atlas. Cerebellum and few 

cerebrum regions are excluded for further analysis due to its inaccurate estimation of time series and thus it 

forms functional graph with 74 nodes which includes cortical and subcortical regions and time courses are 

extracted. Bandpass filter with a frequency band of 0.03<f<0.06 Hz is applied to remove physiological noises. 

The cerebro-spinal fluid (CSF) and white matter signals are discarded as a nuisance signals. Resting state 

functional connectivity matrix is formed by calculating Pearson correlation coefficient from the time courses of 

ROIs (Zalesky et al., 2010). The sample ROIs name out of 74 regions has been shown in Table 1.  
 

Table 1: Sample ROIs Name. 

ROI No ROI Name ROI No ROI Name 

R1 Precentral_L … … 

R2 Precentral_L R71 Temporal_Sup_L 

R3 Frontal_Sup_L R72 Temporal_Sup_R 

R4 Frontal_Sup_R R73 Temporal_Mid_L 

... … R74 Temporal_Mid_R 

  

2.2 Functional connectome formation: 

 Binary functional connectivity matrix is obtained by thresholding weighted matrix. If the correlation value 

between the regions is more than the threshold value then holds value 1 in binary matrix, else it holds value 0. 

The threshold can be determined based on sparsity. Sparsity can be defined as the ratio of the actual edge 

number (K) to the maximum possible edge number [i.e. N (N-1)/2).(Sun et al., 2013).To ensure the equal 

number of edges in both Schizophrenia and healthy group, sparsity can be applied. In this study, sparsity level of 

10% is used for the construction of binary functional network which indicates that graph contains 10% of total 

number of edges. The sparse network is constructed with ROIs as nodes and significant connections as edges 

and it maintains the functional organisation of the human brain. 

 

2.3 Calculation of centrality measures: 

 Functional brain network can derive useful information based on graph theoretical measures and they are 

known to be graph descriptors. They provide quantitative information of every region or connection and thus 
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lead to comprehending brain with disorders. There is various global and local measurements (He and Evans, 

2010) viz. characteristic path length, clustering coefficient, centrality measures are analysed in the state of art to 

understand the changes occurring in brain due to neuro-disorders, evolution of disorder, aging and different 

conditions. The centrality measures viz. degree, betweenness, closeness, eigenvector, pagerank and clustering 

coefficient are calculated using Nodexl.  

 Degree centrality is a common centrality measure depends on the number of connections of a node with 

others. The high degree node is considered as hub and leads to rapid information transfer in the network. 

Mathematically it is defined as follows, 
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where i and j are source node and destination node respectively, represents the connectivity between node i 

and j, N is the total number of nodes in the graph(Hwang et al., 2013).   

 Betweenness centrality is defined to be the occurrence of a particular node in the communication path of 

two nodes. Mathematically betweenness centrality (bi) is given as fraction of the shortest paths in the network 

between any two nodes that pass through the node (Rubinov and Sporns, 2010). 
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where h, i and j are source node, middle node and destination node respectively, phj is the number of shortest 

paths between h and j, and phj(i) is the number of shortest paths between h and j that pass through i (Rubinov 

and Sporns, 2010). Nodes with high betweenness centrality are generally regarded as connector hubs that link 

nodes in the different modules of a network.  

 Closeness centrality measure determines the communication paths for exchange of information between all 

pairs of regions. Mathematically, it is defined as the inverse of average shortest path length between every pair 

of nodes in a network. This describes that how much a node is near to every other node. The equation can be 

given as below. 
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where dij is the shortest path between nodes i and j (Rubinov and Sporns, 2010). Eigenvector centrality is 

obtained based on the connectivity of neighbouring nodes. The eigenvector centrality estimate for a given node 

is proportional to the sum of the centrality estimates of neighbouring nodes. It is defined by the eigenvector of 

the largest eigenvector of a symmetric matrix. 
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where   is the largest eigenvalue, and e is the corresponding eigenvector, wij is the weight between nodes i and 

j (Hwang et al., 2013). PageRank Centrality is calculated from the proportional score of its influence of 

neighbours. It includes small probability alpha (α) to select between a pair of neighbour nodes and thus weakly 

connected graphs can also be evaluated. If the alpha is zero, pagerank centrality is equal to eigenvector 

centrality (Rubinov and Sporns, 2010). 
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where  j
ijajL )( is the number of neighbours of node j(outdegree in a directed graph). Small world networks in 

a graph can be recognized through clustering coefficient that indicates the triangle connectivity formed by nodes 

(Rubinov and Sporns, 2010). Information spread efficiency and the clusters of a network can be estimated 

through clustering coefficient of the network which is given by 
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where Ci is the clustering coefficient of the node, ki is the degree of a node and ti is the number of triangles 

around a node (Rubinov and Sporns, 2010). 

 These centrality measures are obtained for all regions of both Schizophrenia and healthy group and they are 

formed as predictive features because of its quantitative information obtained from functional connectome. The 

features are RDi, RBi, RCi, REi, RPi and RCCi that indicates the centrality measures viz. degree, betweenness, 

closeness, eigenvector, pagerank and clustering coefficient respectively and i varies from 1 to 74 which refers 

ROIs in the brain. Therefore, 444 features are obtained for each subject and they are concatenated to form single 

matrix which is involved the identification of discriminating regions and also for classification of Schizophrenia.  

 

2.4 Feature Selection and Classification:              

 Data mining techniques(Shomona Gracia Jacob and Geetha Ramani, 2012) are widely used for prediction 

of Schizophrenia and we investigate the neuroimage of disorders based on graph quantitative measures. Initially, 
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feature selection technique is applied on the centrality measures to determine the highly discriminating features. 

Different filter based feature selection techniques viz. Runs filtering, Fisher filtering and ReliefF filtering are 

applied on the constructed matrix with centrality values and the significant features are determined (Shomona 

Gracia Jacob et al., 2012). These features are inputted to various classification algorithms viz. Random Forest, 

C4.5, Support Vector  

 Machine (SVM), K-Nearest Neighbour (K-NN) and the results are analysed. Random Forest classification 

with Runs filtered feature is found to produce promising results than other techniques and they are detailed in 

section 4. Runs filtering(Shomona Gracia Jacob and Geetha Ramani, 2011) is based on Mood’s run test that 

ranks features based on relevant analysis. The identification of these features facilitates the understanding 

aberrant structural and functional alterations occurred in Schizophrenia patients. Then the classification of 

Schizophrenia is performed with filtered features. Random Forest (Breiman, 2001) is an ensemble based 

decision tree classification method where features and training samples are selected randomly and node with 

high feature score is considered as decision node. The process is repeated recursively until all leaf nodes are 

constructed with distinctive class label. Leave-one out cross validation technique (LOOCV) is used in prediction 

accuracy of classification algorithms (Geetha Ramani and Sivaselvi, 2014). The outcomes are presented in the 

subsequent section.  

 
Fig. 1: Proposed Method for Prediction of Schizophrenia. 

 

3. Results: 

 Centrality measures exhibits the importance of 74 regions identified through AAL atlas in the brain of 12 

Schizophrenic and 15 healthy individuals. These values can be used as predictive information for classification 

of Schizophrenia since the role of regions is altered during the progression of disease. In the view of identifying 

highly significant centrality measure of a region contributing for classification of Schizophrenia, various 

filtering techniques are applied. Among them, the investigation of Runs filtering with significance value greater 

than 0.01 has identified a feature viz. betweenness centrality of left Palladium (RB66) which is a component of 

subcortical region, basal ganglia in human brain. ReliefF filtering with weight greater than 0.05 as a threshold 

has filtered 5 features and Fisher filtering with significance value greater than 0.01 has revealed 1 feature as 

important which are shown in Table 2. 
 

Table 2: Identification of Significant Features. 

Filtering 
Technique 

Regions of Interest 

Runs RB66 

ReliefF RE9, RC72, RB22, RCC25, RC67 

Fisher RD63 

   

 The classification accuracy(Geetha Ramani and Jacob, 2013) obtained by different types of classifiers with 

both filtered and complete features on discrimination of Schizophrenia is presented in the Table 3. On analysis, 
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it is found that the Random Forest tree has achieved accuracy of 85.19% with significant feature obtained by 

Runs filtering technique. The Random Forest itself produces lesser accuracy with complete feature set as input. 

C4.5 produces better results with ReliefF filtered features and found reduced performance with others. 

Comparatively, SVM does not perform well with any feature selection technique. K-NN is able to produce 

74.07% classification accuracy with Runs filtered feature. Palladium region’s betweenness centrality measure is 

able to classify Schizophrenia from healthy subjects with high accuracy and so it can be identified as highly 

discriminating region. Literature has also shown that the variations in basal ganglia are evident in Schizophrenia 

(Vinod et al., 2001). Generally, Palladium regulates the involuntary movements and it is very well known that 

people diagnosed with Schizophrenia reveals movement disorders. Thus the results are in accordance with 

clinical studies. 
 

Table 3: Performance of Classifiers. 

Classifier Complete Features 
 

Filtered Features 

Runs ReliefF Fisher 

Random Forest 51.85 85.19 40.74 74.07 

C4.5 74.07 59.26 77.78 59.26 

SVM 44.44 51.85 33.33 48.15 

K-NN 40.74 74.07 37.04 70.37 

 

 The accuracy is increased still to 88.89% through the classification (Random Forest) with the combination 

of features RB66 and RB67. RB67 is one of the features obtained through Runs filtering with the threshold of 

0.05 significance value and the decision tree is depicted in Figure 2. The combination of RB66 and RE9 could 

also able to yield the same classification accuracy, where RE9 (left Frontal Mid Orbital) is also among those set 

of features identified by Runs filtering.  

 
Fig. 2: Decision Tree of Random Forest classifier with Runs Filtered Features (RB66 and RB67). 

 

4. Conclusion: 

 In this research, we analyse the graph centrality measure as a data mining component to understand the 

discriminating regions in Schizophrenia and to classify them from healthy subjects. Centrality measures are 

considered as features and filter based feature selection is applied and they are given as input for classification 

technique.  Random Forest classifier achieved 85.19% accuracy with feature viz. RB66 and it is improved to 

88.89% through classification (Random Forest) the combination of features viz. RB66 and RB67 i.e. left and 

right palladium, a subcortical region in human brain which is obtained by Runs filtering technique. The work 

revealed that the betweenness centrality measure of Palladium has higher contribution in prediction of 

Schizophrenia. In future, centrality measures can be designed and developed for analysing the region’s 

significance in information transfer at different perspectives for accurate discrimination of people diagnosed 

with neuropsychiatric disorders. 
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