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Abstract
Machine learning technique has long been utilized to assist disease diagnosis, increasing clinical physicians’ confidence in their
decision and expediting the process of diagnosis. In this case, machine learning technique serves as a tool for distinguishing patients
from healthy people. Additionally, it can also serve as an exploratory method to reveal intrinsic characteristics of a disease based on
discriminative features, whichwas demonstrated in this study. Resting-state functionalmagnetic resonance imaging (fMRI) data were
obtained from 148 participants (including patients with schizophrenia and healthy controls). Connective strengths were estimated by
Pearson correlation for each pair of brain regions partitioned according to automated anatomical labelling atlas. Subsequently,
consensus connections with high discriminative power were extracted under the circumstance of the best classification accuracy.
Investigating these consensus connections, we found that schizophrenia group predominately exhibited weaker strengths of inter-
regional connectivity compared to healthy group. Aberrant connectivities in both intra- and inter-hemispherical connections were
observed. Within intra-hemispherical connections, the number of aberrant connections in the right hemisphere was more than that of
the left hemisphere. In the exploration of large regions, we revealed that the serious dysconnectivities mainly appeared on temporal
and occipital regions for the within-large-region connections; while connectivity disruption was observed on the connections from
temporal region to occipital, insula and limbic regions for the between-large-region connections. The findings of this study corrob-
orate previous conclusion of dysconnectivity in schizophrenia and further shed light on distribution patterns of dysconnectivity,
which deepens the understanding of pathological mechanism of schizophrenia.
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Introduction

Schizophrenia is a neuropsychiatric illness with a global prev-
alence of approximately 1% (Marín 2012; Walsh et al. 2008)
and is more frequently diagnosed during the period from late

adolescence to early adulthood (Os and Kapur 2009). A grow-
ing body of research is examining the use of machine learning
technique in the diagnosis of schizophrenia (Anderson and
Cohen 2013; Arbabshirani et al. 2013; Cheng et al. 2015;
Davatzikos et al. 2005; Fan et al. 2011; Kim et al. 2016;
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Shen et al. 2010; Yoon et al. 2012; Yu et al. 2013; Zarogianni
et al. 2013). Clinical physicians can give more confident di-
agnosis supplemented by the diagnostic information derived
by machine learning technique. Alternatively, machine learn-
ing technique can be utilized to extract discriminative features
that represent differential characteristics between the schizo-
phrenia group and the healthy group. For instance, Shen et al.
demonstrated that the abnormal functional connectivity between
frontal cortex and cerebellum significantly contributed to this
differentiation (Shen et al. 2010), implying therefore that inter-
regional dysconnectivity might be an important cause for
schizophrenia. Additionally, functional connectivity abnormali-
ties in temporal, default mode (Fan et al. 2011), auditory, and
visual networks (Arbabshirani et al. 2013) also contributed
greatly to schizophrenia differentiation. All these studies utilized
the leave-one-out cross validation (CV) to assess the perfor-
mance of schizophrenia differentiation. This leads to inflated
performance and might subsequently bias the detection of func-
tional connections that significantly contribute to schizophrenia
differentiation. Therefore, the findings derived from these biased
functional connections might not accurately reveal the intrinsic
characteristics of schizophrenia.

It hasbeen repeatedly reported that schizophrenia is associated
with functional dysconnectivity between disparate brain regions,
rather than anomalies only within isolated regions (Fitzsimmons
et al. 2013; Friston et al. 2016; Stephan et al. 2009). This func-
tional dysconnectivity implicates numerous brain areas
(Pettersson-Yeo et al. 2011; Zarogianni et al. 2013), particularly
frontal and temporal regions (Stephan et al. 2009). For instance,
using a seed-based functional connectivity method, it has been
revealed that the frontal region exhibited reduced connectivity to
other regions (e.g., the temporal region and basal ganglia)
(Anticevic et al. 2012; Lawrie et al. 2002; Yoon et al. 2013). In
contrast, enhanced functional connectivity in the default mode
network was also observed during working memory task
(Whitfield-Gabrieli et al. 2009). These findings suggested a po-
tential co-existingpatternof elevationand reductionof functional
connectivity pertaining to schizophrenia (Pettersson-Yeo et al.
2011; Stephan et al. 2009; Venkataraman et al. 2012), which is
widelydistributedthroughout thebrain(Chenetal.2013;Lianget
al.2006). Inaddition,Bleich-Cohenetal. showedthatdiminished
inter-hemispheric connectivity was related to schizophrenia
through exploring functional connectivity between homologue
regions (Bleich-Cohen et al. 2012). This concept of inter-
hemisphericdysconnectivitywasalsosupportedbyarecentstudy
of voxel-mirrored homotopic connectivity (Chang et al. 2015).

Of note, the existing inter-hemispheric investigations only fo-
cused on paired connectivity between homologue regions
(Bleich-Cohen et al. 2012; Chang et al. 2015; Guo et al. 2014),
leaving functional connectivity from one region to all other re-
gions located in contralateral hemispheres unexplored.
Furthermore, the proportions of intra-, inter-, left-, and right-
hemispherical connections that significantly contribute to

schizophrenia differentiation have not yet been determined,
which requires further investigation. To date, almost all brain
regions have been implicated in schizophrenia according to prior
reports, but little is known about the relative contribution of each
brain region to schizophrenia. We therefore explored functional
connectivity using machine learning technique to address the
questions.Asmentionedabove, the leave-one-outCVmight lead
to bias detection of functional connections. We proposed n-fold
CV to diminish the bias through seeking consensus functional
connections that occur in every fold validation.

Materials and methods

Participants

A total of 148 participants were recruited for imaging scanning.
Two of them were excluded due to missing category informa-
tion (i.e., patient or healthy control). One more participant was
excluded because of short length of volume scanning. The re-
maining number of participants is 145. The dataset can be
downloaded from http://fcon_1000.projects.nitrc.org/indi/ret-
ro/cobre.html, which was released by the Center for
Biomedical Research Excellence (COBRE), University of
New Mexico (Mayer et al. 2013). All participants included in
the imaging scanning did not meet any of the following criteria:
(1) history of neurological disorder; (2) history of mental retar-
dation; (3) history of severe head traumawith loss of conscious-
ness greater than 5 min; or (4) history of substance dependence
or abuse within the last 12 months. The diagnosis was imple-
mented according to the DSM-IV diagnostic criteria (American
Psychiatric Association 1994). At the time of scanning, all pa-
tients regularly received antipsychotic medications.

Data acquisition

All scans were performed in a 3-T Siemens Trio scanner with
foam padding and paper tape to restrain head motion. All
images were acquired parallel to anterior-commissure-
posterior-commissure line using an auto-align technique,
which included high-resolution T1-weighted MRI and
resting-state fMRI. Specifically, the resting-state fMRI was
performed with single-shot full k-space echo-planar imaging
(EPI) with ramp sampling correction using the inter-
commissural line as a reference (volume number = 150, slice
number = 33, repetition time [TR] = 2000 ms, echo time
[TE] = 29 ms, field of view [FOV] = 256 × 256, acquisition
matrix = 64 × 64, voxel resolution = 3 × 3 × 4 mm3). A five-
echo multiecho magnetization-prepared rapid gradient echo
sequence was used to acquire a whole brain high-resolution
T1-weighted image (TR = 2530 ms, TE = [1.64, 3.5, 5.36,
7.22, 9.08] ms, flip angle = 7°, slab thickness = 176 mm,
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FOV = 256 × 256 mm, acquisition matrix = 256 × 256, voxel
resolution = 1 × 1 × 1 mm3).

Data preprocessing

All of fMRI data were preprocessed using statistical paramet-
ric mapping (SPM12, http://www.fil.ion.ucl.ac.uk/spm),
resting-state fMRI data analysis toolkit (REST) (Song et al.
2011), and data processing assistant for resting-state fMRI
advanced edition (DPARSFA) (Yan 2010), operating in a
MATLAB programming environment (Mathworks, Inc.,
Natick, Massachusetts, USA). Briefly, it included the process-
ing steps of the first ten volumes removal, motion correction,
slice timing correction, spatial normalization to the Montreal
Neurological Institute (MNI) space, signal regression (includ-
ing regressors of 24 head-motion parameters, cerebrospinal
fluid, and white matter), temporal band-pass filtering (0.
01 Hz ~ 0.08 Hz), and spatial smoothing with a 6-mm full-
width half-maximum Gaussian kernel. In order to eliminate
the interference of large head motion, participants were ex-
cluded when the maximal inter-scan motion exceeded 2.
5 mm translation or 2.5 degrees rotation in any direction.
This resulted in the exclusion of 14 participants. The remain-
ing participants consisted of 60 patients (age: 38.42 ± 14.21,
mean ± standard deviation; gender: 47/13, male/female) and
71 healthy controls (age: 36.23 ± 11.63; gender: 48/23). In
addition, we inspected whether there was significant differ-
ence in the residual effect of head motion between groups.
We compared the number of volumes with relatively large

framewise displacement (FD > 0.4) representing the displace-
ment of each volume as compared to the previous volume, and
found that there was no significant difference between the
patient group and the healthy group (t129 = 1.51, p = 0.134).
The detailed demographic and clinical characteristics of the
remaining participants were shown in Table 1.

To define the network nodes, we employed a previously
validated, automatically labelled template (Tzourio-Mazoyer
et al. 2002) to parcellate the brain into 116 regions of interest
(ROIs) (see Supplementary Table S1). The representative time
series of an ROI was obtained by averaging the time series of
each voxel within that region. Inter-regional connectivity
strengths were then calculated between all possible pairs of
ROIs using Pearson correlation. Correlation coefficients were
subsequently converted to z values by Fisher’s r-to-z transfor-
mation to improve the normality of values.

Feature selection and classification methods

Kendall Tau method has been used in feature selection for
schizophrenia differentiation (Shen et al. 2010; Tang et al.
2012). Additionally, t-test and Fisher’s score can also be uti-
lized for feature selection, which were applied to other differ-
entiation tasks such as mental state classification and stroke
identification (Li et al. 2016; Rehme et al. 2014). Therefore,
we adopted these three methods in our study to evaluate dis-
criminative power of each functional connection. All connec-
tions were then sorted in descending order and the top dis-
criminative connections were fed into a classifier. Four

Table 1 Characteristics of the participants involved in this study*

Variable Group (patients/controls = 60/71) Statistic

Patients (SCZ) Healthy Controls (HC)

Age (years) 38.42 ± 14.21 (18–65) 36.23 ± 11.63 (18–65) t(129) = 0.97, p = 0.33
a

Gender (Male/Female) 47/13 48/23 χ2(1) = 1.88, p = 0.17
b

Handedness (Left/Right/Ambidexterous) 10/48/2 1/68/2 χ2(2) = 9.96, p = 0.007
b

Education (years) 13.16 ± 1.80 (10–20)c 13.90 ± 1.73 (10–18)d t(117) = −2.30, p = 0.023a

Age of illness onset (years) 22.54 ± 9.12 (5–61)e – –

Duration (years) 15.69 ± 12.35 (0–47)e – –

PANSS Positive Symptoms 15.10 ± 4.82 (7–28) – –

PANSS Negative Symptoms 14.53 ± 4.73 (8–29) – –

PANSS General Symptoms 29.18 ± 8.33 (16–56) – –

PANSS, Positive and Negative Syndrome Scale; SCZ, Schizophrenia; HC, Healthy Control

*Data are presented as Mean ± SD (Minimum-Maximum) unless otherwise indicated
a Two-tailed two-sample t-test
b Pearson Chi-square test
cMissing for four participants
dMissing for eight participants
eMissing for one participant
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classifiers (k-nearest neighbours, k-NN, parameter k = 5; lin-
ear support vector machine, L-svm, parameter C = 1; support
vector machine with radial basis function kernel, RBF-svm,
parameters C = 1 and Gamma = 1/feature number; and linear
discriminant analysis, LDA) were employed, which were rec-
ognized as either good performance or classical methods for
classification. All possible combinations of feature selection
methods and classifiers with different number of selected fea-
tures were compared using 10-fold CV in this study.
Permutation test was used to assess performances of methods
in schizophrenia differentiation. More details of methodolog-
ical definition and description can be found in the supplemen-
tary section of methodology.

Results

Differentiation performance

In general, all combinations of feature selection methods and
classificationmethods accomplished comparable performance
in distinguishing patients with schizophrenia from healthy
people (see Table 2). The highest classification accuracy
(76.34%) was achieved by the combination of t-test and
LDA using the 442 most discriminative functional connec-
tions (see Fig. 1a, and see Supplementary Fig. S1 for other
methods). Permutation test (repetition times: 100,000) dem-
onstrated that the classification accuracy was significantly
higher than the random (p < 10−5, see Fig. 1b, and see
Supplementary Fig. S2 for other methods). In terms of sensi-
tivity, specificity, positive predictive value, and negative pre-
dictive value, the combination of t-test and LDA was better
than the other combinations except the specificity (see the
details in Table 2).

Table 2 Performances of all
combinations of feature extraction
methods and classification
methods

Classifier Feature selection Accuracy Sensitivity Specificity PPV NPV

k-NN t-test 70.99% 56.67% 83.10% 73.91% 69.41%
Kendall Tau 70.23% 60.00% 78.87% 70.59% 70.00%
Fisher’s score 68.70% 68.33% 69.01% 65.08% 72.06%

L-svm t-test 72.52% 66.67% 77.46% 71.43% 73.33%
Kendall Tau 70.23% 68.33% 71.83% 67.21% 72.86%
Fisher’s score 71.76% 70.00% 73.24% 68.85% 74.29%

RBF-svm t-test 68.70% 55.00% 80.28% 70.21% 67.86%
Kendall Tau 67.18% 53.33% 78.87% 68.09% 66.67%
Fisher’s score 67.18% 53.33% 78.87% 68.09% 66.67%

LDA t-test 76.34% 70.00% 81.69% 76.36% 76.32%
Kendall Tau 70.23% 66.67% 73.24% 67.80% 72.22%
Fisher’s score 69.47% 68.33% 70.42% 66.13% 72.46%

The best performances for each evaluation metric are highlighted in boldface

k-NN, k-nearest neighbours; L-svm, Linear support vector machine; RBF-svm, support vector machinewith Radial
Basis Function kernel; LDA, Linear Discriminant Analysis; PPV, Positive Predictive Value; NPV, Negative
Predictive Value
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Fig. 1 a Classification performance with respect to the number of
selected features. All features were first assigned scores that represent
discriminative power and then sorted in a descending order. Different
numbers of features (from 12 to 552 with incremental step size of 5)
were fed to the linear discriminant analysis (LDA) to obtain
classification accuracies. b The permutation distribution of the estimate
using 442 features and LDA. In each permutation, class labels of samples
were randomly permuted prior to training and classification. The
permutation was repeated 100,000 times, resulting in 100,000
classification accuracies based on random labels. In this case, the
classification accuracy (76.34%) based on the true labels exceeded all
classification accuracies in permutation, declaring that the classifier can
reliably learn the relationship between the features and the labels with a
probability higher than 0.99999
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Dominant connections and regions

In this study, 442 functional connections were selected by
means of the 10-fold CV when the highest performance
was achieved. Among them, 235 consensus functional
connections were found, which were consistently selected
at every time of the 10-fold CV (see consensus connec-
tions in Fig. 2a). These consensus connections involved a
number of regions spreading across the entire brain. We
detected 11 important regions, which are defined by that
their discriminative powers are one standard deviation
more than the mean of powers of all discriminative re-
gions (see regions highlighted in magenta colour in Fig.
2b). In particular, the temporal lobe contains the majority
of important regions. These regions are left heschl gyrus
[HES.L], right heschl gyrus [HES.R], right superior tem-
poral gyrus [STG.R], right middle temporal gyrus
[MTG.R], right temporal pole, middle temporal gyrus

[TPOmid.R], and right inferior temporal gyrus [ITG.R].
Besides, two important regions (i.e., left superior occipital
gyrus [SOG.L] and right fusiform gyrus [FFG.R]) reside
in the occipital lobe and two other important regions (i.e.,
left and right median cingulate and paracingulate gyri
[MCG.L][MCG.R]) reside in the limbic lobe. Another im-
portant region (right rolandic operculum [ROL.R]) resides
in the frontal lobe.

Hemispherical distribution

Almost all consensus functional connections (99.57%, 234
out of 235 connections) exhibited fairly weaker strength in
the linkages between brain regions for patients with schizo-
phrenia compared to healthy controls (see Fig. 3a). Only one
functional connection showed stronger connectivity strength
in patients. Furthermore, inter-hemispherical connectivity
strength of a region was calculated by averaging connectivity

)b()a(

L

R

0.1 0.65

Discriminative Power Regional ImportanceRegional Importance

L

A

P

R

MCG.L MCG.R

TPOmid.R
FFG.R

HES.L

HES.R

ITG.R

STG.R

SOG.L

MTG.R

ROL.R

0 2 4
SMA.L

IFGoperc.R
ORBinf.

SFGmed.R
SFGdor.
TPOmid.L

L

L

PCUN.R
SFGmed.L

OLF.L
CRBLCrus2.L

Vermis45
CRBLCrus1.L

PAL.L
AMYG.R
AMYG.L

CRBL6.R
REC.L
OLF.R
CAL.L

TPOsup.R
PCUN.L

TPOsup.L
HIP.L

ORBinf.
PreCG.L

SMG.L
CRBL6.L

INS.L
IOG.R

R

IFGoperc.L
PHG.L
INS.R

PCL.R
ORBsupmed.R

ROL.L
ACG.R

ORBsupmed.L
LING.L
SMA.R

PreCG.R
IOG.L
PCL.L
CAL.R
STG.L

MOG.R
MOG.L
SOG.R
PHG.R
FFG.L

LING.R
CUN.R
ITG.L

CUN.L
MTG.L
SOG.L
FFG.R
HES.R
ITG.R

STG.R
MTG.R
HES.L

TPOmid.R
MCG.R
ROL.R
MCG.L

>mean+std

Fig. 2 a Left sagittal, right sagittal, and axial views of the consensus
connections. Consensus connections were those selected as features at
every time in the 10-fold cross-validation. Colour and width of lines
encode discriminative power. Sphere size represents regional importance,
which is the sum of discriminative powers of all edges connecting to that

region. b Regional importance. The magenta bars indicates top discrim-
inative regions whose discriminative powers are one standard deviation
more than the mean of powers of all discriminative regions (> mean +
std). The regions marked by magenta bars on the right panel were also
illustrated the same colour in the left connectivity views
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strength across all pairs between this region and all regions
located in the opposite hemisphere to investigate inter-
hemispherical connectivity. We found a distributed inter-
hemispherical connectivity reduction in patients with schizo-
phrenia compared to controls (see Fig. 3b). 28 regions in the
left hemisphere and 24 regions in the right hemisphere
showed significantly weaker inter-hemispherical connectivity
for patients with schizophrenia (p < 0.05, Bonferroni-
corrected). Within these consensus connections, the number
of inter-hemispherical connections is comparable to the
number of intra-hemispherical connections (see Fig. 4).
However, the number of connections located in the right
hemisphere is always more than that of connections located
in the left hemisphere regardless of the proportion of con-
sensus connections included for counting.

Connectivity between large regions

Small regions were grouped into 7 large regions (i.e., frontal,
insula and limbic, occipital, parietal, subcortical, temporal,
and cerebelum) to explore large-region connectivity patterns
(see Fig. 5). In the top 25% of the most discriminative con-
sensus connections, within-large-region connections appeared
in the temporal and occipital regions (see Fig. 5a). The
between-large-region connections were mainly observed from
the temporal region to the occipital, insula and limbic regions.
This phenomenon was consistent for both intra-hemispherical
and inter-hemispherical connections. The same inter-large-
region pattern was also preserved when less number of con-
sensus connections (top 10% of consensus connections) was
included for the exploration (see Fig. 5b). When all consensus
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Fig. 3 aComparisons of connectivity strength between patient group and
control group for the most discriminative consensus edges, which were
selected as features at every time in the 10-fold cross-validation. Red lines
in the upper diagram indicate the connections whose strength means
averaged across patients were weaker than that averaged across
controls. Blue lines in the bottom diagram show the opposite case. b
Comparisons of inter-hemispheric connectivity strength between
patients with schizophrenia and controls. Inter-hemispheric connectivity
strength of a region was obtained by averaging across all pairs between
this region and all regions located in the opposite hemisphere. Red bars

represent inter-hemispheric connectivity strength of each region located
in the left hemisphere, while green bars illustrated for regions of the right
hemisphere. Error bars show standard errors over subjects. Asterisks
indicate regions with significant difference between patients with
schizophrenia and controls in inter-hemispheric connectivity (p < 0.05,
Bonferroni-corrected). All these regions exhibit reduced inter-
hemispheric connectivity for patients. For illustrative purposes, regional
names shown in the right bar panel (b) were sorted in a descending order
according to inter-hemispheric connectivity strength of the left
hemisphere of patients with schizophrenia
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connections were included for the exploration, this pattern still
dominantly appeared, although more connections were ob-
served in other regions (see Fig. 5c).

Discussions

In this study, we identified differential functional connections
that greatly contributed to distinguishing patients from healthy
people, and further determined consensus functional connec-
tions. Almost all consensus functional connections exhibited
reduced connectivity strength in patients with schizophrenia
compared to healthy people. These disrupted connections in-
volved a number of brain regions, from which 11 important
regions were shown to be highly implicated in schizophrenia
differentiation. The majority of important regions resided in
the temporal lobe. Furthermore, we found that the number of
consensus connections between hemispheres (inter-
hemispherical connections) was comparable to that of consen-
sus connections within hemispheres (intra-hemispherical con-
nections). However, the number of consensus connections in
the right hemisphere was more than that of consensus connec-
tions in the left hemisphere. Through the exploration of large-
region connectivity, we found that the occipital and temporal
regions were predominant in the disruption of within-large-
region connectivity while the majority of inter-large-region
connections were from the temporal region to the occipital,
insula and limbic regions. Our study corroborated the previous
finding of dysconnectivity in schizophrenia and revealed new
characteristics in the distribution of abnormal connections.

Three feature selection methods and four classification
methods were employed for schizophrenia differentiation.
The results showed that performance was comparable among
different combinations of feature selection and classification
methods. Functional connections can be utilized for schizo-
phrenia identification, which was also reported in other studies
(Shen et al. 2010; Yu et al. 2013). In these studies, leave-one-
out CV was used to evaluate classification performance,
which leads to inflated performance (i.e., an optimistic esti-
mate of classification accuracy), especially for the case of
small sample size (Anderson and Cohen 2013). To circumvent
this problem, our study utilized a scheme of 10-fold CV,
which resulted in a more accurate and credible evaluation
for the performance. This scheme could also benefit the de-
tection of robust differential functional connections and sub-
sequent analysis because only consensus connections selected
at every time of the 10-fold CV are included for further anal-
ysis. As an alternative method for detecting intrinsic charac-
teristics in schizophrenia, machine learning technique seems
more intuitive and straightforward compared to statistical
methods. For statistical methods, a significance level have to
be specified so that those connections whose significances
exceed this significance threshold can be extracted. The

threshold is relatively arbitrarily determined (e.g., setting as
0.01 or 0.05 after multiple comparison correction) and does
not follow a definitive manner. This issue is avoided by using
machine learning technique. Differential connections can be
screened out in the context of maximizing classification
performance.

In the exploration of consensus functional connections, the
decline of connectivity strength was observed in almost all
consensus connections in patient group compared to healthy
group and only one functional connection exhibited enhanced
connectivity strength. This co-existing pattern of increasing
and decreasing in functional connectivity is in accordance
with previous findings derived from group analyses (Chen et
al. 2013; Öngür et al. 2010; Venkataraman et al. 2012). This
finding could also provide a possible explanation why some
studies reported decreased functional connectivity for schizo-
phrenia (Bleich-Cohen et al. 2012; Segal et al. 2010; Zhou et
al. 2008) while others reported increased functional connec-
tivity (Whitfield-Gabrieli et al. 2009). Besides supporting pre-
vious finding of co-existing pattern, our study further ad-
dressed that the decrease of functional connectivity is dramat-
ically predominant, reflecting that the disruption of functional
connectivity was crucial factor in schizophrenia. It conferred
added evidence supporting the notion of dysconnectivity in
schizophrenia (Friston et al. 2016; Stephan et al. 2009) from
the perspective of machine learning. There is emerging evi-
dence to indicate that schizophrenia was associated with brain
structural anomalies Collinson et al. 2009, (2014; Takao et al.
2010), which was also observed across developmental phases
of schizophrenia (Wheeler and Voineskos 2014). All these
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Fig. 4 The numbers of inter-, intra-, left-, and right-hemispherical
connections against with the percentages of the consensus functional
connections. The number of intra-hemispherical connections is
comparable to that of inter-hemispherical connections, but the number
of right-hemispherical connections is consistently more than that of left-
hemispherical connections. Three typical percentages are selected
(indicated by (a), (b), and (c)) and their corresponding connections are
illustrated in Fig. 5
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findings suggest that both structural and functional abnormal-
ities could attribute to schizophrenia (Camchong et al. 2011)
and they might be related to each other (Sugranyes et al.
2012). More recent study showed that brain structure impair-
ments might lead to abnormal functional connectivity (Fornito
and Bullmore 2015). A broad range of structural anomaly
could result in widespread functional dysconnectivity as ob-
served in our study.

The brain regions involving in aberrant connections are
widespread according to the observations in our study,
which is in agreement with the finding of many previous
studies (Andreasen and Pierson 2008; Bleich-Cohen et al.
2012; Chang et al. 2015; Gur et al. 2000; Shen et al.
2010; Zhou et al . 2008; Zipursky et al . 1992).
Widespread aberrant connections might explain the diver-
sity of dysfunctions in schizophrenia. The connectivity
disruption of a specialized brain area could result in the
dysfunction corresponding to that area. As found in our
study, abnormal connections largely reside in the temporal
and occipital lobes. These lobes are implicated in auditory
and visual hallucinations (Ford et al. 2009; Rolland et al.
2015), which are prevalent symptoms in patients with
schizophrenia. The regions in the cerebellum were found
to be involved in disrupted functional connectivity ac-
cording to the current study, which might link to abnormal
motor behaviour as cerebellum serves to coordinate motor
function (Andreasen and Pierson 2008). Abnormalities of
functional connectivity in different brain areas could lead
to high-level cognitive problem such as disorganized
thinking, which generally involves a wide range of brain
areas.

The studies exploring homologue connectivity found
significant reduction in connective strength (Bleich-
Cohen et al. 2012; Chang et al. 2015; Guo et al. 2014;
Hoptman et al. 2012), which is in accordance with our
finding of strength decline in the inter-hemispherical con-
nections. Our research extended these studies by explor-
ing connectivity from one region to all regions in the
contralateral hemisphere, rather than only restricting to
homologue connectivity, showing wide connectivity re-
duction between hemispheres. We speculated that connec-
tivity reduction between hemispheres might be associated
with abnormal asymmetry in brain structure (Sun et al.
2015), especially with disruption in the corpus callosum
(Collinson et al. 2014). Furthermore, our study explored

the hemispherical distribution of consensus functional
connections and found that the number of disrupted con-
nections was comparable between inter-hemispherical
connectivity and intra-hemispherical connectivity.
However, the number of disrupted connections in the right
hemisphere was consistently more than that of disrupted
connections in the left hemisphere (see Fig. 4), implying
severer affection in the right hemisphere. This right
laterality is in line with the laterality found in the distri-
bution of important regions (see regions marked in
magenta colour in Fig. 2b). The exploration of large-
region connectivity revealed that the within-large-region
connections were mainly observed in temporal and occip-
ital regions, implying that connectivity disruption in these
regions might lead to failures in the processing of audito-
ry and visual information. The inter-large-region connec-
tions between temporal region and occipital region were
predominately observed, showing the interruption of func-
tional connectivity. Both disrupted within-large-region
and inter-large-region connections could result in improp-
er information processing and integration, which might
cause hallucinations.

The use of machine learning technique for schizophrenia
investigation is shown to be promising. Although the findings
in our study are intriguing, there are a few limitations: (1) the
sample size used in this study is relatively large compared with
the majority of the reported studies (Arbabshirani et al. 2013;
Cheng et al. 2015; Davatzikos et al. 2005; Du et al. 2012; Fan et
al. 2011; Yoon et al. 2012), but more samples are preferable to
draw a more confident conclusion; (2) the effect of treatment
medication might confound observations in regional changes
and inter-regional connections (Andreasen et al. 2011);
However, an opposing viewpoint was also proposed, suggesting
that medication is unlikely to be a confounding factor and may
even exert a normalizing influence against the randomization
(Rubinov et al. 2009). Therefore, the medication effect on func-
tional connectivity is undetermined and requires further investi-
gations; (3) the current study only explored brain connectivity at
one time point, which does not allow us to inspect changes over
time. To this end, a longitudinal study is required for further
exploring brain connectivity with machine learning technique.
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