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Evidence from electrophysiological, functional, and struc-
tural research suggests that abnormal brain connectivity 
plays an important role in the pathophysiology of schiz-
ophrenia. However, most previous studies have focused on 
single modalities only, each of which is associated with its 
own limitations. Multimodal combinations can more effec-
tively utilize various information, but previous multimodal 
research mostly focuses on extracting local features, rather 
than carrying out research based on network perspective. 
This study included 135 patients with schizophrenia and 
148 sex- and age-matched healthy controls. Functional 
magnetic resonance imaging, diffusion tensor imaging, and 
structural magnetic resonance imaging data were used to 
construct the functional, anatomical, and morphological 
networks of each participant, respectively. These networks 
were used in combination with machine learning to iden-
tify more consistent biomarkers of brain connectivity and 
explore the relationships between different modalities. We 
found that although each modality had divergent connec-
tivity biomarkers, the convergent pattern was that all were 
mostly located within the basal ganglia–thalamus–cortex 
circuit. Furthermore, using the biomarkers of these 3 
modalities as a feature yielded the highest classification ac-
curacy (91.75%, relative to a single modality), suggesting 
that the combination of multiple modalities could be ef-
fectively utilized to obtain complementary information 
regarding different mode networks; furthermore, this in-
formation could help distinguish patients. These findings 
provide direct evidence for the disconnection hypothesis of 
schizophrenia, suggesting that abnormalities in the basal 
ganglia–thalamus–cortex circuit can be used as a bio-
marker of schizophrenia.

Key words:  schizophrenia/functional network/structural 
network/morphological network/basal ganglia–
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Introduction

Schizophrenia is a severe mental disorder characterized by 
hallucinations, delusions, loss of initiative, and impairments 
in cognitive function. These abnormalities are considered 
to result from abnormal neuroanatomical connectivity and 
its functional consequences during cognition.1 The emer-
gence of in vivo neuroimaging techniques has provided new 
evidence supporting the disconnection hypothesis, which 
argues that schizophrenia is associated with abnormal or in-
efficient communication between functional brain regions, 
and disruptions in white matter structure.2–6 Numerous 
functional magnetic resonance imaging (fMRI) studies 
have identified abnormalities in functional connectivity in 
patients with schizophrenia, mostly concentrated within 
the default mode network, salience network, central exec-
utive network, and the thalamocortical loop.7,8 Diffusion 
tensor imaging (DTI) research has further verified that 
patients with schizophrenia exhibit abnormalities in mul-
tiple white matter tracts.9,10 Furthermore, structural MRI 
(sMRI) studies have suggested that gray matter atrophy 
occurs in numerous brain regions in patients with schizo-
phrenia,11 and that these regions form an integrated struc-
tural network.12 In addition, group-level morphological 
network analyses have demonstrated that patients exhibit 
a reduced ability to integrate information across different 
brain regions,13,14 and delayed maturation of temporal–oc-
cipital connections.15
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However, most previous studies have focused on single 
modalities only, each of which is associated with its own 
limitations. For instance, functional network analyses 
are highly sensitive to physiological noise and head mo-
tion, which can result in systemic false correlations.16 
Anatomical network represents the white matter con-
nection between the brain regions, namely, the axonal 
projection.17 Most DTI studies have used deterministic 
tractography algorithms to construct structural networks. 
Although such calculations can be performed quickly, they 
do not address the issue of fiber crossing. In contrast, the 
probability fiber tracking algorithm takes into account 
the uncertainty of fiber orientation estimates, which can 
improve the tracking accuracy.18 Morphological gray 
matter networks have provided valuable information re-
garding the coordination of gray matter (mainly including 
the soma of neuronal and dendrite structures) growth/
atrophy,19,20 but their construction is defined by the cor-
relation of morphological data between brain regions at 
the group level. Thus, such analyses are unable to provide 
information regarding individual differences. Given the 
limitations of single modalities, multimodal analysis may 
provide a new avenue for investigating diseases that affect 
multiple aspects of the brain, such as schizophrenia.21,22

Schizophrenia researchers have recently begun to in-
corporate multimodal imaging techniques. A  common 
multimodal fusion method is to constrain one modality 
with another. For instance, Cocchi et al23 first identified 
changes in whole-brain functional connectivity among 
patients, following which they evaluated the integrity 
of white matter pathways in the abnormally connected 
functional networks. Although this technology is pow-
erful, it may be impractical for widespread/repeated use. 
However, multivariate methods such as joint independent 
component analysis24 or multimodal canonical corre-
lation analysis21 can be used to explore the associations 
between the feature sets of different modalities. This 
method only considers the features at the single-voxel 
level and does not directly utilize information regarding 
connectivity. In our recent study,25 we also developed a 
novel multimodal method. Combining 3 modalities, we 
constructed the multi-index features of each region of in-
terest (ROI) using Wilk’s lambda statistics and detected 
significant changes using multivariate analysis of vari-
ance. However, in this previous study, we only focused on 
local features such as gray matter volume, and did not 
consider the connectivity perspective.

Early diagnosis and symptom prediction of mental 
diseases are an important focus of disease research. The 
imaging-based machine learning method has been in-
creasingly applied in the research on brain disease, and 
several studies suggest that the brain-specific indexes 
extracted using various brain imaging techniques can 
well identify patients.26,27 Compared with the recognition 
difference at a group level, modal classification at an in-
dividual level is more challenging.28 Various biomarkers 

may carry complementary information. Therefore, the 
combination of multimodal features rather than a single 
modal feature is a promising option to obtain enhanced 
classification accuracy.29

To overcome the aforementioned limitations and ex-
pand upon our previous study, we aimed to investigate 
abnormalities in connectivity among patients with schiz-
ophrenia, as well as the relationships between different 
modalities, by directly constructing 3 modal networks in 
conjunction with the machine learning method. To the 
best of our knowledge, our study is the first to directly 
construct 3 single-modality networks to investigate schiz-
ophrenia. The analytical method was used to determine 
(a) whether biomarkers discovered via a single modality 
can reliably distinguish patients from healthy controls; (b) 
whether fusion of multiple modalities improves the rate 
of accurate classification; and (c) whether there were any 
associations between biomarkers discovered via different 
modalities.

Materials and Methods

Participants

One hundred and thirty-five patients with chronic schiz-
ophrenia and 148 healthy control subjects were recruited 
for this study and the patients were identified according to 
the DSM-IV diagnostic criteria by qualified psychiatrists 
at the Taipei Veterans General Hospital, Taipei, Taiwan. 
The patient and control groups were well matched by 
gender (chi-square test, P = 0.77) and age (2 samples t 
test, P = 0.14). Patient and healthy control demographics 
are shown in table 1. In order to remove the possible influ-
ence of age and gender, they were used as the covariates 
for regression in the subsequent group comparison and 
discriminant analysis.

Resting-state fMRI data, DTI data, and T1-weighted 
3D high-resolution brain images were acquired for 
each subject on a 3T MR system (Siemens Magnetom 
Tim Trio, Erlangen, German) at National Yang-Ming 
University, equipped with a high-resolution 12-channel 
head array coil (see supplementary material for more 
sample information description and acquisition 
parameters).

Data Preprocessing

Statistical Parametric Mapping package (SPM12: 
http://www.fil.ion.ucl.ac.uk/spm) and Data Processing 
Assistant for resting-state fMRI30 were used for 
preprocessing functional images. The PANDA toolbox31 
was adopted to preprocess DTI data. The T1-weighted 
structural data were preprocessed using the Diffeomorphic 
Anatomical Registration using Exponentiated Lie al-
gebra toolbox32 in SPM12 software. Detailed descriptions 
of the data preprocessing procedures were in the supple-
mentary material.
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Network Construction

Functional Networks. For the preprocessed data, the 
Human Brainnetome (BN) Atlas33 was used to parcellate 
the brain into 246 ROIs (supplementary table S1 lists 
the names and abbreviations for these regions). The time 
series of each ROI was extracted by averaging the time 
series of all voxels within it, and then we computed the 
Pearson correlation coefficient across subjects between 
the time signals of every pair of ROIs as the functional 
connectivity, which resulted in 30 135 (246 × 245/2) links.

Anatomical Networks. The anatomical network of each 
subject was constructed using the probability tracking 
algorithm. First, the T1-weighted structural images and 
the corresponding fractional anisotropy (FA) map of 
each subject were linearly registered through affine trans-
formation, and then each single transformed structural 
image was standardized through nonlinear transfor-
mation, with ICBM-152 as the template. Subsequently, 
the BN template was registered into the individual DTI 
space of each subject through inverse transformation. 
Afterwards, these 246 nodes were used as the seed points, 
respectively, to carry out probability tracking using the 
FDT of FSL package18; typically, the connection proba-
bility of seed region i to another region j was defined as 
the number of fibers passing the region j divided by the 
total number of fibers sampled in region i (5000 × n, n is 
the number of voxels in region i). Noteworthily, the con-
nection probability from i to j was not necessarily equal 
to that from j to i; therefore, these 2 probabilities were 
averaged to define the nondirectional connection proba-
bility Pij between region i and region j.

Morphological Networks. According to the method used 
by Wang et al,34 the Kullback–Leibler (KL) divergence-
based similarity measurement (KLS) was utilized to 
quantify the morphological connection between 2 re-
gions.35 For each subject, the gray matter volume values 
of  all voxels in each brain region were first extracted; 

subsequently, the probability density function of  these 
values was estimated using the kernel density estima-
tion.36 Then, the probability distribution function (PDF) 
was calculated for the obtained probability density func-
tion. Afterwards, the KL divergence between any pair of 
ROI was calculated as:

DKL (P, Q) =
n∑

i=1

Å
P (i) log

P (i)
Q (i)

+ Q (i) log
Q (i)
P (i)

ã
,

where P and Q are 2 PDFs, n is the number of sample 
points (here we choose n = 27, as the same in Wang et al34).

Finally, the KLS was computed as:

KLS (P, Q) = e−DKL(P,Q)

The value range of KLS is [0,1]. Higher KLS value was 
obtained when the gray matter density distribution of 
2 brain regions was closer (supplementary figure S2). 
The KLS-based morphological brain network could be 
generated for each subject after all these analyses.

Hub Regions for Each Modality

For each modality, the individual brain networks of the 
control group were averaged to obtain the group-level 
network. Subsequently, the weight of each brain region 
was calculated based on this group-level network, and the 
top 5% of brain regions in terms of weight were selected 
as the hub regions of the network.

SVM Classifier

In our study, the LIBSVM toolbox for MATLAB 
was applied to implement the support vector machine 
(SVM) classification.37 Dimensionality reduction is nec-
essary prior to discriminant analysis.38–40 Consequently, 
rank-sum tests comparing every connection across the 

Table 1.  Subject Demographics

Characteristics

Patient Control

P value(n = 135) (n = 148)

Male/female 57/78 65/83 .77 
Age (year) 43.9 ± 11.0 41.9 ± 11.1 .14
Education (year) 12.4 ± 3.5 16.1 ± 3.5 <.001
Duration (year) 16.4 ± 10.3 — —
PANSS positive scale score 9.5 ± 3.1 — —
 Negative scale score 9.8 ± 4.7 — —
 General psychopathology score 20.5 ± 4.4 — —
Total score 39.8 ± 9.8 — —
Chlorpromazine equivalents (mg) 468.8 ± 405.2 — —

Note: PANSS, Positive and Negative Symptom Scale.
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classes were performed separately for the training set, 
yielding a P value for each connection. Statistically sig-
nificant features (P  <  0.1 Bonferroni corrected) were 
selected, whereas the rest were eliminated. We used a 
nested 10-fold cross-validation strategy41 with inner 
cross-validation to determine the optimal parameters (in-
cluding different kernel types: linear, t = 0; polynomial, 
t  =  1; radial basis function, t  =  2; and different trade-
off  parameter C: 0.001, 0.01, 0.1, 1, 10, 100, 1000, 10 
000)  and outer cross-validation was used to determine 
the classification performance as we did in our previous 
study.25 Finally, the experiment was repeated 100 times to 
avoid any bias introduced by random partitioning in the 
cross-validation, thus determining the average accuracy 
on the test set. We had trained and summarized 7 models 
to compare the judgment effects of single modes and 
different modal combinations (including fMRI, DTI, 
sMRI, fMRI + DTI, fMRI + sMRI, DTI + sMRI, and 
fMRI + DTI + sMRI).42

Consensus Features for Each Modality

When using the cross-validation method to evaluate clas-
sification performance, the feature set selected as the final 
output was slightly different, and different connections 
provided different contributions to classification. The 
consensus features refer to the connections that could be 
selected as the feature input in each cross-validation.40,43 
In this study, we focus on consensus features for each 
modality.

Robustness of the Network Analysis

The robustness of our findings was estimated by 
employing another parcellation scheme to construct the 
networks, known as the automated anatomical labeling 
atlas (AAL),44 which contains 90 ROIs (supplementary 
table S2). The discriminant analyses were then repeated 
as described earlier.

Results

Networks

Figure 1 depicts the multimodal networks obtained for 
healthy controls at the group level. The functional network 
exhibited potent homotopic connections, whereas the an-
atomical network was sparse, and its connections were 
mainly short-range connections to adjacent regions. The 
morphological network also exhibited strong homotopic 
connections, indicating that the gray matter density distri-
bution in the contralateral homotopic region was the most 
similar, consistent with group-level networks constructed 
based on cortex thickness.16 Moreover, there was a great 
difference in the gray matter density distribution between 
the subcortical and cortical regions. Consequently, the 
KLS values calculated for most (but not all) subcortical 
and cortical regions were relatively low.

Figure 2 illustrates the hub regions in each network. 
The hub regions of the 3 major networks differed greatly: 
That of the functional network was located mainly within 
the temporal and frontal lobes, that of the anatomical 
network was located mainly within the subcortical region, 
and that of the morphological network extensively dis-
tributed throughout the cortical region but mainly within 
the temporal lobe.

Classification

In this study, SVM was utilized to classify whether a 
sample belonged to the patient group or the control group 
(table 2). For single-modality analyses, the anatomical net-
work constructed using DTI exhibited the highest accu-
racy rate (84.06%), followed by the morphological network 
constructed using gray matter volume, which achieved an 
accuracy rate of 80.41%. The accuracy rate of the func-
tional network was 71.96%. Typically, classification accu-
racy improved after combining the network features of 
the 3 modalities, achieving an accuracy of up to 91.75% 
with a sensitivity and specificity of 90.90% and 92.53%, 

Fig. 1. Group networks in healthy controls.

D
ow

nloaded from
 https://academ

ic.oup.com
/schizophreniabulletin/advance-article-abstract/doi/10.1093/schbul/sbz062/5519584 by H

arvard Law
 School Library user on 12 July 2019

http://academic.oup.com/schizophreniabulletin/article-lookup/doi/10.1093/schbul/sbz062#supplementary-data
http://academic.oup.com/schizophreniabulletin/article-lookup/doi/10.1093/schbul/sbz062#supplementary-data


Page 5 of 10

Multimodal Analysis of Schizophrenia Networks

respectively. The classification accuracy obtained using 3 
modalities was significantly higher than that obtained using 
2 modalities, whereas that obtained using 2 modalities was 
markedly higher than that of a single modality (P < .0001 
for all comparisons, rank-sum test), suggesting that each 
modality is essential for achieving a favorable classification.

Consensus Features

We examined the consensus connections for the clas-
sification model that combine the 3 modal networks 
(figure  3, supplementary table S4). The functional net-
work yielded 96 such connections: 4 (4.2%) of these 
connections, which were connections between the thal-
amus and cortex, were enhanced in the patient group; 
in patients with schizophrenia, most of the connections 
were weakened, especially those involving the frontal lobe 
(SFG, OrG), insular, subcortical (BG), temporal (STG, 
PhG), and parietal (IPL) regions, particularly the subcor-
tical–cortical connections. Frontal abnormal connections 
were revealed primarily with the insular, temporal, and 
basal ganglia region. The abnormal subcortical–cortical 
connections with the basal ganglia and cingulate connec-
tion were the most significant.

The anatomical network yielded 27 connections, which 
were extensively distributed throughout the brain. Four 

(15%) of these connections were enhanced in the pa-
tient group. However, most connections were weakened 
in patients with schizophrenia, including 9 within the 
subcortex (mainly in the thalamus) and 1 from the right 
globus pallidus to the inferior frontal gyrus. Cortical 
connections are concentrated within the ipsilateral cortex, 
especially the connections within the right temporal lobe 
(4 connections) and the right parietal lobe (4 connections).

The morphological network yielded 8 connections, 4 
of which were enhanced in the patient group, all of which 
were the connection between subcortex and cortex. Four 
connections were weakened in patients with schizo-
phrenia, and all weakened connections were between the 
frontal lobe with other regions.

Network Analysis Robustness

We repeated our network analysis using the same process 
via the AAL atlas. Supplementary figure S5 depicts the 
multimodal networks obtained for healthy controls at the 
group level. The judgment analysis results also indicated 
that the combination of multiple modalities could mark-
edly enhance the accurate judgment rate (supplemen-
tary table S5). Typically, the accurate rate of 3-modality 
testing reached 89.94%: the accurate judgment rate of 
the morphological network was 82.78%, the functional 

Fig. 2. Hub regions for the 3 networks in healthy controls.

Table 2.  Discrimination Accuracy of Different Models

Accuracy (mean/std) (%) Sensitivity (%) Specificity (%)

fMRI 71.96/1.75 69.64 74.09
DTI 84.06/1.54 83.47 84.59
sMRI 80.41/1.99 79.8 80.97
fMRI + DTI 86.31/1.29 85.33 87.21
fMRI + sMRI 85.23/1.75 82.79 87.47
DTI + sMRI 90.61/1.21 89.70 90.14
fMRI + DTI + sMRI 91.75/1.05 90.90 92.53

Note: DTI, diffusion tensor imaging; fMRI, functional magnetic resonance imaging; sMRI, structural magnetic resonance imaging.
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network was 70.84%, and the anatomical network was 
69.83%. And we also detected the consensus features 
for each modality (supplementary figure S6). The anal-
ysis results of the networks defined by 2 templates were 

basically similar, and the greatest difference lay in the 
thalamus region, because the AAL template did not seg-
ment the thalamus into different subregions, leading to 
the lack of numerous thalamus results.

Fig. 3. The “consensus” features identified via the different modalities. (A) Functional network, (B) anatomical network, and (C) 
morphological network.
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Discussion

In this study, we utilized brain imaging data from 3 dif-
ferent modalities to construct functional, anatomical, 
and morphological networks for each participant, to 
identify biomarkers of brain connectivity in patients with 
schizophrenia. The biomarkers identified using these 3 
networks were mostly located in the basal ganglia–thal-
amus–cortex circuit, achieving a discriminant accuracy 
of up to 91.75%. Relative to single-modality features, 
integration of the 3 modalities significantly improved 
classification. These results highlight the critical role of 
the basal ganglia–thalamus–cortex network in the patho-
physiology of schizophrenia.

In our study, the functional network was constructed 
using resting-state fMRI, and the observed functional 
connections were used as features for classification, 
yielding a diagnostic accuracy of approximately 72%. The 
judgment effects of the functional networks constructed 
using the 2 atlases were both mediocre; however, the 
connections detected were far more significant than those 
detected by the other 2 modalities. This can be easily 
explained because structure is generally considered as the 
basis of function,45 and multiple functional connections 
and even the entire functional network may be af-
fected when one connection in the structure is affected. 
However, the precise relationship between structure and 
function may not be simple, and a general consensus is 
that, resting-state functional connection strength is posi-
tively correlated with the structural connection strength.46 
However, functional connection can also be observed 
between regions with a few structural connections or 
no connections, which suggests the indirect structural 
connection-mediated functional association (namely, 
through a third region).47 Consequently, a functional net-
work may be more complex than a structural network, 
and the analysis method used in our research may not 
well explain the rich information encompassed in this 
network. Abnormal functional connections include ab-
normal enhancement of the thalamocortical connections 
and abnormal reduction of the basal ganglia–cortical 
connections, which are consistent with previous studies, 
including studies on the construction of functional 
networks from whole-brain voxel-level48 and studies 
specifically targeting thalamocortical connections8 and 
striatum–cortical connections.49 Furthermore, the BN 
templates used to build the network showed multiple 
connections within the insular region, which is a rare 
finding. The AAL atlas, used to build the functional 
network, detected only a small number of connections 
involving the insular region, indicating that this region 
may have been neglected because the template used did 
not subdivide this region, causing important information 
to be dismissed.

The diagnostic accuracy of the anatomical network 
reached as high as 84%. In addition, the consensus 

connections identified using DTI were extensively dis-
tributed throughout the brain, consistent with our pre-
vious voxel-based analysis results obtained using the 
same data, which revealed that FA values are reduced in 
most brain regions in patients with schizophrenia.10 In a 
recent study,50 the investigators collected 4322 samples 
from 29 datasets, also reporting that FA values were 
generally lower among patients than among controls. 
In addition to extensive alterations to internal cortical 
connections, patients with schizophrenia also exhibited 
numerous internal subcortical connections. Interestingly, 
the AAL template did not segment the subregions of the 
thalamus; as a result, the AAL template can only identify 
connection differences within the cortical lobe, whereas 
the connection information within the thalamus was 
lacking, which greatly reduces the accuracy of classifica-
tion (<70%), thus further highlighting the importance of 
treating the difference in networks within the thalamus as 
a significant marker to distinguish a patient.

The individual morphological network was constructed 
based on KL divergence to measure similarities in the dis-
tribution of gray matter volume. Such methods were first 
utilized by Kong et al35,51 in 2014 and further developed 
by Wang et al.34 These authors discovered that morpho-
logical network analysis at the individual level is a signifi-
cant and reliable method for characterizing human brain 
structure. Our results indicated that this method attained 
relatively high accuracy using both atlases. The results 
obtained using the BN template mainly focused on the 
thalamus–cortex circuit, whereas those obtained using 
the AAL mainly focused on the basal–ganglion–cortical 
circuit. Because both templates had relatively high judg-
ment rates, we believe that there should be a significant 
difference between patients and normal subjects for both 
of them. The abnormality in subcortical volume has been 
verified in 2 large sample studies.52,53 Moreover, a pre-
vious group-level network based on gray matter volume 
also detected subcortical–cortical gray matter coupling 
abnormalities.12 Our results suggest that an abnormal 
increase in subcortical–cortical connectivity may reflect a 
synchronous decrease in gray matter integrity.

After merging the network connections of the 3 
modalities as features, diagnostic accuracy was higher than 
that obtained using any single modality, suggesting that 
the combination of multimodal features provided com-
plementary information carried by different biomarkers. 
Although the connections identified by each modality 
differed, the convergent pattern is that all were mostly 
located within the basal ganglia–thalamus–cortex circuit. 
Several previous studies specifically investigated subcortical 
gray matter injury,53,54 thalamocortical dysconnectivity,8 
and corticostriatal dysconnectivity49,55–57 in patients with 
schizophrenia. However, these studies utilized hypothesis-
based methods and were unable to determine the positions 
of abnormalities in the thalamus and basal ganglia in the 
patient group. In this study, we started with whole-brain 
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networks derived using 3 different modalities, following 
which we utilized a purely data-driven method to identify 
abnormalities in the basal ganglia–thalamus–cortex circuit. 
Our findings suggest that such abnormalities can be used 
to distinguish patients from controls, further highlighting 
their core role in the pathophysiology of schizophrenia. 
However, as the effects of medication cannot be com-
pletely ruled out, our results may include samples of psy-
chosis risk, not just schizophrenia.

Brain connectivity can be a confusing concept, as the 
term can refer to various types of “connections.”5 Thus, 
brain networks constructed via different modalities may 
reflect different aspects of brain architecture. Gong et al58 
suggested that the morphological network constructed 
using cortex thickness correlations differs significantly 
from white matter networks constructed using DTI. One 
recent study16 compared 4 types of trans-species and 
trans-modal networks, revealing that the congruity of 
these 4 networks was relatively poor. In this study, the 
consensus connections discovered using the 3 modalities 
did not overlap, and no significant correlations were 
observed among the consensus connections identified 
using different modalities (see supplementary materials). 
Such differences may be related to the influence of genetic 
risk factors on different brain tissues in different manners 
or at different stages.59 Moreover, some previous studies 
have reported the coupling of functional structure,46 but 
these studies were performed using a few restricted seed 
points, which may make it easier for the structural func-
tional coupling correlation to pass the correction.

This study possesses some limitations of  note. First, 
we utilized simple splicing methods only for the classifi-
cation of  the multimodal brain images, thus ignoring the 
relationships between different modalities. Future studies 
should take these relationships into account. Second, 
the methods used to construct the 3 networks remain to 
be improved: Our functional network was constructed 
based on the hypothesis of  static network interaction; 
however, the interaction between large-scale functional 
brain networks was unstable. Some recent studies focused 
on deriving more valuable information by constructing 
dynamic functional networks.60,61 However, there are 
many indices for the measurement of  structural network 
edges. The FA value for the fiber pathway may be more 
suitable for measuring white matter integrity. Individual 
morphological networks have only been proposed within 
the last few years, and the physiological significance of 
morphological connectivity remains unclear. Third, we 
used the BN atlas to define the node for 3 modalities 
because it is a fine-grained, cross-validated atlas with a 
framework for integrating multimodal information.33 We 
had used the AAL template to repeat our analysis, but 
there was a certain difference in the results between the 
2 templates, particularly in the thalamus region and it 
is still unclear how to assess and control the influence 
of  different node definition.62,63 Fourth, patients with 

schizophrenia exhibited relatively low levels of  educa-
tion, which may be related to cognitive deficits before or 
after disease onset.13 Finally, most patients with schizo-
phrenia enrolled in this study had taken antipsychotics. 
We carried out an analysis to explore the Spearman cor-
relation between the chlorpromazine equivalents and 
the consensus connection strength; however, we did not 
find any significant correlation (supplementary table 
S4). Nevertheless, we cannot rule out the effect of  drugs 
on our results. To exclude the influence of  psychotropic 
drugs on network connectivity, further studies should 
investigate the patterns of  connectivity in drug-naive 
patients.

Supplementary Material

Supplementary data are available at Schizophrenia 
Bulletin online.
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