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Abstract

Schizophrenia (SZ), bipolar disorder (BP) and schizoaffective disorder (SAD) share some
common symptoms, and there is a debate about whether SAD is an independent category. To the
best of our knowledge, no study has been done to differentiate these three disorders or to
investigate the distinction of SAD as an independent category using fMRI data. The present study
is aimed to explore biomarkers from resting-state fMRI networks for differentiating these
disorders and investigate the relationship among these disorders based on fMRI networks with an
emphasis on SAD. Firstly, a novel group ICA method, group information guided independent
component analysis (GIG-ICA), was applied to extract subject-specific brain networks from fMRI
data of 20 healthy controls (HC), 20 SZ patients, 20 BP patients, 20 patients suffering SAD with
manic episodes (SADM), and 13 patients suffering SAD with depressive episodes exclusively
(SADD). Then, five-level one-way analysis of covariance and multiclass support vector machine
recursive feature elimination were employed to identify discriminative regions from the networks.
Subsequently, the t-distributed stochastic neighbor embedding (t-SNE) projection and the
hierarchical clustering methods were implemented to investigate the relationship among those
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groups. Finally, to evaluate the generalization ability, 16 new subjects were classified based on the
found regions and the trained model using original 93 subjects. Results show that the
discriminative regions mainly include frontal, parietal, precuneus, cingulate, supplementary motor,
cerebellar, insula and supramarginal cortices, which performed well in distinguishing different
groups. SADM and SADD were the most similar to each other, although SADD had greater
similarity to SZ compared to other groups, which indicates SAD may be an independent category.
BP was closer to HC compared with other psychotic disorders. In summary, resting-state fMRI
brain networks extracted via GIG-ICA provide a promising potential to differentiate Sz, BP, and

Schizophrenia; Bipolar disorder; Schizoaffective disorder; Resting-state brain intrinsic networks;
Independent component analysis; Functional magnetic resonance imaging

1.Introduction

Schizophrenia (SZ), bipolar disorder (BP), and schizoaffective disorder (SAD) have
overlapping clinical symptoms, shared risk genes and co-occurrence within relatives
(Cardno and Owen, 2014; Cosgrove and Suppes, 2013; Malaspina et al., 2013). SZ is a
psychotic disorder characterized by altered perception, loss of motivation and judgment, and
impairment in social cognition. BP is a mood disorder marked by alternating episodes of
mania and depression. SAD is diagnosed when the symptom criteria for SZ are met, and
during the same continuous period there are major depressive, manic or mixed episodes.
Among SAD, one type is determined when an individual exhibits manic, hypomanic or
mixed episodes, and the other type is defined when an individual has depressive episodes
exclusively. Differentiating SAD from SZ and/or BP is difficult due to their similar
symptoms. In fact, there has been considerable controversy about SAD’s clinical distinction
from SZ and BP (Heckers, 2009; Maier, 2006). The DSM-V defines SAD as an independent
diagnosis within the same diagnostic class as SZ (Malaspina et al., 2013). There is some
evidence that SAD is an intermediate disease between BP and SZ (Cheniaux et al., 2008;
Gupta et al., 2007; Mancuso et al., 2015). Other work claims that SAD represents the co-
occurrence of SZ and BP (Laursen et al., 2009) or an atypical form of SZ/BP (Bogan et al.,
2000; Cascade et al., 2009; Lake and Hurwitz, 2006). SAD is also discussed as a
heterogeneous group comprised of both SZ and BP (Levitt and Tsuang, 1988). In general,
the hope is that neuroimaging-based measures rather than clinical symptoms may provide
adjunctive information for clinic diagnosis. Recently, it is found that brain intrinsic networks
(INs) that provide a unique insight into the organization of brain intrinsic activity are very
informative and reliable. Therefore, it is expected that measures from INs could offer
biomarkers for distinguishing these disorders as well as evidence about whether the
schizoaffective disorder is an independent category.

There has been an increasing interest in exploring biomarkers from functional magnetic
resonance imaging (fMRI) extracted INs (Calhoun and Adali, 2012; van den Heuvel and
Hulshoff Pol, 2010; Zhang and Raichle, 2010) for differentiating mental disorders. With
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respect to SZ and BP, some studies have explored these two disorders using fMRI INs.
Researchers applied independent component analysis (ICA) on resting-state or task-related
fMRI to analyze the difference in INs for healthy controls (HC), SZ patients, BP patients
and the relatives of patients, revealed that regions reflecting differences were mainly from
INs including default mode network (DMN), temporal network, and frontal network
(Calhoun et al., 2011; Garrity et al., 2007; Khadka et al., 2013; Meda et al., 2014; Ongur et
al., 2010). Difference was also reported in whole-brain IN for SZ patients, BP patients and
HC using a region of interest (ROI) based method (Argyelan et al., 2014), indicating that BP
patients had functional connectivity intermediate to SZ patients and HC. Whitfield-Gabrielli
et al. (Whitfield-Gabrieli et al., 2009) analyzed DMN using both resting-state and working-
memory task fMRI for SZ, relatives of SZ patients, and HC, finding that SZ patients and
their relatives exhibited significantly reduced task-related suppression in medial prefrontal
cortex. In addition, others have shown fMRI network connectivity (Arbabshirani et al.,
2013) or network maps (Du et al., 2012a; Fan et al., 2011) extracted via ICA provided
promising disease markers for diagnosing SZ.

However, most of previous studies merged SAD patients with SZ or BP patients probably
due to the relatively low reliability of SAD (Maj et al., 2000). A few works have explored
SAD using fMRI (Madre et al., 2013; Madre et al., 2014; Ongur et al., 2010), revealed
aberrance in DMN. Since SAD has attracted serious concerns about its reliability and
validity of the diagnosis, EEG (Chun et al., 2013; Mathalon et al., 2010) and MEG data
(Reite et al., 2010) were also employed to explore SAD. However, to the best of our
knowledge, from the aspect of fMRI brain networks, no study has been done to differentiate
these three disorders, or to investigate the distinction of SAD as an independent category as
well as the relationship among SZ, BP and SAD.

Two major types of approaches are used to extract brain INs from fMRI: model-based and
data-driven analyses (Li et al., 2009). Among model-based approaches, the widely used ROI
(or seed) based methods (Biswal et al., 1995) may be limited by the shapes, locations and
inter-subject variability of ROI (Du et al., 2012b). On the other hand, data-driven
approaches including the ICA (Calhoun and Adali, 2012; Calhoun et al., 2001), principle
component analysis (PCA), and clustering methods (Du et al., 2014b; van den Heuvel et al.,
2008), have gained increasing popularity. In particular, ICA that offers an independence-
based (Calhoun et al., 2013) decomposition of the spatiotemporal fMRI has been widely
applied due to its interpretability, reliability and reproducibility (Zuo et al., 2010).

Although ICA has been successful in brain INs extraction, the random order of resulting
independent components (ICs) makes multiple-subject data analysis difficult. In multiple-
subject studies, especially for clinic application, it is expected that corresponding meanings
of INs can be assigned across subjects meanwhile the inter-subject variability in INs can be
accurately captured. The traditional individual-subject ICA method struggles with
effectively establishing the correspondence of INs across subjects (Moritz et al., 2003;
Schopf et al., 2010). To overcome this problem, group ICA approaches (Calhoun and Adali,
2012) have been proposed by reconstructing individual INs based on common group ICs
using PCA-based back-reconstruction approaches (Calhoun et al., 2001; Erhardt et al., 2011)
or regression-based method (e.g., dual regression) (Beckmann et al., 2009; Erhardt et al.,
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2011). However, the independence of subject-specific components derived from those group
ICA methods cannot be guaranteed, since the independence is not explicitly optimized at the
subject level. In this study, we apply an improved group ICA method, called group
information guided independent component analysis (GIG-ICA) (Du and Fan, 2013) to
compute the subject-specific brain INs, while still preserving the correspondence of INs
across subjects. GIG-ICA estimates the components using a multiple-objective optimization
algorithm, which simultaneously optimizes the independence of subject-specific INs as well
as the correspondence between group ICs and subject-specific INs. A previous study (Du
and Fan, 2013) has shown that GIG-ICA is able to obtain INs with higher accuracy
compared to traditional group ICA methods. We believe that the optimization of
independence of individual INs will provide a better measure of the similarity and the subtle
differences in INs of SZ, BP, and SAD.

The goal of the study is twofold. One is to explore resting-state fMRI INs based biomarkers
using GIG-ICA for distinguishing HC, SZ patients, BP patients, and two symptom-defined
subsets of SAD patients. The other is to employ fMRI INs to investigate the relationship
among these groups, with an emphasis on SAD. Preliminary results of this study have been
reported in (Du et al., 2014a).

2. Material and Methods

2.1 Material

2.2 Methods

Resting-state fMRI data (see Table 1) from 20 HC, 20 SZ patients, 20 psychotic BP patients,
20 patients suffering schizoaffective disorder with manic episodes (SADM), and 13 patients
suffering schizoaffective disorder with depressive episodes exclusively (SADD) were
analyzed. In this study, we treated two symptom-defined sub-groups of SAD patients
separately because there is still a debate in the field about whether SAD or its subtypes
should be regarded as SZ or BP. All subjects gave written informed consent approved by
Hartford Hospital and Yale University. Patients were diagnosed according to DSM-IV-TR
criteria, and were clinically stable with consistent medication doses for 4 weeks or longer.
There is no significant group effect on age and gender. Scans were acquired on a 3T
dedicated head scanner (Siemens Allegra) equipped with 40mT/m gradients and a standard
quadrature head coil at the Olin Neuropsychiatry Research Center. The functional scans
were acquired using gradient echo planar imaging (EPI) with the following parameters:
repeat time (TR)=1.5s, echo time (TE)=27ms, field of view=24cm, acquisition
matrix=64x64, flip angle= 70°, voxel size=3.75mmx3.75mmx4mm, slice thickness=4mm,
number of slices=29, and ascending acquisition. Resting-state scans lasted just over 5
minutes, during which 210 functional images were acquired. During data acquisition,
subjects were asked to remain alert with eyes open and instructed to think of nothing.
Additionally, on the day of scanning, patients were assessed with the positive and negative
syndrome scale (PANSS).

GIG-ICA was first applied to extract subject-specific INs from preprocessed fMRI of 93
subjects, including HC, SZ patients, BP patients, and two sub-groups of SAD patients. Then,
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statistical analysis and machine learning method were employed to identify discriminative
regions from the INs. Next, based on features extracted from the discriminative regions,
projection and clustering methods were performed to investigate the relationship among
groups as well as examine the discrimination ability. Finally, in order to examine the
generalization ability, 16 new subjects were classified based on the found biomarkers and
the trained model from original 93 subjects. The processing steps are described in details in
the following sections, and the overall flowchart is shown in Fig. 1.

2.2.1 Data preprocessing—SPM8 (http://www.fil.ion.ucl.ac.uk/spm) was adopted for
fMRI preprocessing. For each subject, the first ten volumes were discarded to allow for T1
equilibration. The remaining images were slice-time corrected and realigned to the first
volume for head-motion correction. The output of realignment shows that the head motion
were slight in all subjects, the translation were less than 3mm, and rotation did not exceed 3°
in all axis through the whole scanning process. The maximum head motion parameter during
the scanning were averaged across subjects for each of those five groups, and reported in
supplementary Table S1. Subsequently, the images were spatially normalized to the
Montreal Neurological Institute (MNI) EPI template (Friston et al., 1995), resliced to
3mmx3mmx3mm voxels, and smoothed with a Gaussian kernel with a full-width at half-
maximum (FWHM) of 8 mm.

2.2.2 Intrinsic networks extraction using GIG-ICA—The preprocessed fMRI of 93
subjects were subjected to GIG-ICA for extracting their subject-specific INs. GIG-ICA (Du
and Fan, 2013) included three steps: (1) performing group-level ICA on all subjects’
datasets to get group ICs, (2) identification and removal of artifact group ICs, (3)
computation of individual INs using a multiple-objective optimization algorithm (Du and
Fan, 2013). At step 1, group-level ICA (Calhoun et al., 2001; Erhardt et al., 2011) included
subject-level and group-level PCA applied to the temporally concatenated data and ICA
applied to the dimensionality reduced data using Infomax algorithm (Bell and Sejnowski,
1995). At step 2, the artifact group ICs in terms of head motion and physiological noises
were identified manually by inspecting spatial maps of group ICs, mean of related individual
time courses (TCs), and spectra of mean individual TCs (Allen et al., 2014). At step 3, the
remaining non-artifact group 1Cs were taken as references to compute the subject-specific
INs using a multi-objective optimization solver (Du and Fan, 2013). GIG-ICA automatically
generates Z-scored ICs. In this paper, the number of ICs was set to a empirical value, 30
(Abou-Elseoud et al., 2010), and the number of principle components used in the subject-
level PCA was specified as a greater number, 60 (Erhardt et al., 2011). The ICASSO
technique (Himberg et al., 2004) with 20 ICA runs was implemented to get reliable group
ICs using a “best run” approach (Ma et al., 2011).

2.2.3 Exploring discriminative regions from intrinsic networks—To explore INs
based measures for distinguishing different groups, we analyzed the subject-specific INs as
follows. First, for each IN, a statistical map was created and thresholded by voxel-wise one-
sample t-tests (p<0.01 with FDR correction) on IC Z-scores of 93 subjects, then IC Z-scores
of subjects in each statistically significant voxel were entered into a voxel-wise five-level
one-way analysis of covariance (ANCOVA) with age and gender as covariates. Next, based
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on the voxels extracted from all INs, which show a main effect of group difference using
ANCOVA (p<0.05), multiclass support vector machine recursive feature elimination
(MSVM-RFE) (Zhou and Tuck, 2007) with 10-fold cross-validation was applied to further
select voxels (features) in a backward elimination procedure. In ANCOVA, we chose a
relatively loose threshold (p<0.05 uncorrected), considering that more features for selection
could benefit the performance of MSVM-RFE. In MSVM-RFE, features corresponding to
the ranking criterion in the bottom 10% of the remaining features were removed in each
step, and the maximum number of iterations was set to 20. While repeating the feature
selection algorithms 10 times on different data subsets (10-fold), 10 different feature subsets
were obtained. By computing the frequency of each feature appearing in the 10 subsets, we
identified the important features which had the highest frequency (frequency=1).
Subsequently, the regions containing more than 20 voxels were identified as discriminative
regions. After that, for each discriminative region from INs, IC Z-scores from corresponding
network among voxels within the region were averaged for each subject, then the mean Z-
scores from different subjects were compared between any pair of groups using two-sample
t-tests (p<0.01 with FDR correction). Finally, for each discriminative region, Pearson
correlation coefficients were computed between mean Z-scores and positive/negative
PANSS scores for each of 4 patient groups, separately. The significance level was adjusted
for p<0.05 for each region.

2.2.4 Investigating relationship among groups—Based on all discriminative regions
extracted from INs, we investigated relationship among different groups. First, for each
subject, IC Z-scores within voxels in all discriminative regions of INs were concatenated as
a feature vector, with Z-score from each voxel as one feature. Then, each feature from 93
subjects was normalized into zero mean and unit standard deviation. Next, based on the
normalized feature vectors, the similarity and distance between any pair of subjects were
computed using their feature vectors’ Pearson correlation coefficientC and 1 — C,
respectively. Thus, similarity matrix and distance matrix (size: 93 x 93) reflecting
relationship among 93 subjects can be calculated. Afterwards, we averaged the values in
each inter-group or intra-group associated sub-block of the distance matrix in order to reflect
the overall relationship among groups. Furthermore, to visualize the relationship among
subjects, a projection method named t-distributed stochastic neighbor embedding (t-SNE)
(Mwangi et al., 2014; van der Maaten and Hinton, 2008) was applied to project 93
normalized feature vectors onto a 2D space. In addition, based on the identified features, a
hierarchical clustering approach with agglomerative algorithm was also performed to
investigate the relationship among those groups by identifying the hierarchy of clusters (Bae
etal., 2014; Wao et al., 2015). The used linkage type in the hierarchical clustering approach
is average-linkage, which applies the average of distances between all pairs of subjects to
measure the distance between newly formed clusters to each other and to other subjects.

2.2.5 Investigating discrimination ability for new subjects—One advantage of
GIG-ICA is that the method can compute individual INs for new subjects based on the group
ICs from original subjects, keeping the correspondence of INs across all subjects. Therefore,
GIG-ICA enables us to classify (or diagnose) new subjects based on the found biomarkers
and the trained model from original subjects. In this study, with the non-artifact group ICs
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obtained from the above mentioned 93 subjects as references, subject-specific INs were
estimated for preprocessed fMRI of 16 new subjects. These subjects including 4 HC, 4 SZ
patients, 4 BP patients, and 4 SADM patients (no data of additional SADD patients
available) were scanned and preprocessed with the same standard. For each new subject, a
feature vector was extracted from its INs based on the discriminative regions found from the
original 93 subjects. So, the new subjects were classified using a support vector machine
(SVM) classifier that was trained using the feature vectors from original 93 subjects.

3.1 Intrinsic networks extracted using GIG-ICA

From the preprocessed fMRI of 93 subjects, 30 group ICs were obtained from GIG-ICA. 18
group ICs were identified as artifacts, leaving 12 INs estimated for each subject. As shown
in Fig. 2, these networks included fronto-parietal networks (IN 1 and IN 2), default mode
networks (IN 3, IN 5, and IN 6), salience network (IN 4), parietal network (IN 7), auditory
related network (IN 8), vision related network (IN 9), visuospatial network (IN 10),
cerebellum (IN 11), and sensory-motor network (IN 12).

3.2 Discriminative regions from intrinsic networks

From 12 INs, 53 discriminative regions involving about 2000 voxels were identified. Fig. 3
shows the primary regions containing more than 50 voxels. As summarized in Table 2, those
regions mainly involved frontal, parietal, precuneus, cingulate, supplementary motor,
cerebellar, insula, and supramarginal cortices. The remaining regions are summarized in
supplementary materials (Table. S2). For each primary region, the mean Z-scores within the
region of different subjects were compared between any pair of groups using two-sample t-
tests. As shown in Fig. 4, different brain regions represented different between-group
relationship, reflecting the complexity of those disorders. Among those regions, the insula
cortex was significantly different between HC and BP, and the supplementary motor area
was highly discriminative for group pairs including HC and SADM, SZ and BP, BP and
SADM, as well as BP and SADD. In the next section, we evaluated and reported the
relationship among different groups using measures from all those discriminative regions.
As described in the Methods section, we also computed the Pearson correlation coefficients
between mean Z-scores and PANSS scores for each patient group. Results show that mean
Z-scores in right medial frontal cortex (region (b)) were correlated negatively with PANSS
negative scores in SADM group (r=—0.51, p=0.02); mean Z scores in right precuneus cortex
(region (i)) were correlated positively with PANSS negative scores in BP group (r=0.53,
p=0.02); mean Z scores in left cerebellum (region (j)) were correlated positively with
PANSS positive scores in SZ group (r=0.52, p=0.03); and mean Z scores in left
supplementary motor cortex (region (k)) were correlated positively with PANSS negative
scores in SZ group (r=0.67, p=0.003, it can pass the Bonferroni correction for multiple
comparison).

3.3 Relationship among groups

The distance matrix (Fig. 5(A)) calculated using the feature vectors of subjects illustrates
that subjects in the same group had greater similarity. Fig. 5(B) reflects the overall
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relationship among groups, indicating that SADM group and SADD group were the most
similar to each other, while SADD group was the closest to SZ group compared to the other
groups. Projection result (Fig. 5(C)) demonstrates that different groups were well separated,
although some groups were close to one another. To be specific, the center of the projected
points of each group shows that SADM group and SADD group were closer to each other
than any other groups, while BP group was closer to HC group than other groups. The
linkage result from the hierarchical clustering as shown in Fig. 5(D) reflects how subjects
were clustered into groups, thus reflects the relationship among groups. We summarize the
relationship among those 5 groups based on the majority of subjects that were correctly
clustered. Fig. 5(D) shows that if we separate the subjects into four clusters, then SADM
group and SADD group would combine into one cluster against SZ group, BP group, and
HC group; if we separate the subjects into three clusters, then SADD group, SADM group
and SZ group would become one cluster against BP group and HC group; if only two
clusters are allowed, then HC group and BP group would belong to one cluster, and SZ
group, SADD group, and SADM group would belong to the other cluster. These results
suggest that evaluated using measures from INs, SADM group and SADD group were
closest to each other; SADD group was more similar to SZ group compared to other groups;
and BP group was closer to HC group than other patient groups.

3.4 Discrimination ability

We tested the trained model using the features identified from the original 93 subjects on our
independent testing dataset, which included 16 subjects. The classification accuracy for
these new subjects was 68.75%, with one HC, two BP patients, and two SADM patients
misclassified. The accuracy is remarkably higher than chance (chance=20%), although it is
lower than usually reported classification accuracy for two groups (e.g., SZ and HC). Due to
more obvious symptoms in SZ contrast to HC, 2-category classification of HC and SZ
should be much easier than differentiating 5 groups including HC, Sz, BP, SADM, and
SADD in this study. It is also worth noting that we did not use any information from new
subjects to select features and train model, so the classification results for new subjects are
not biased.

4. Discussion and conclusions

There has been an increasing interest in determining whether neuroimaging-based measures
can differentiate among the clinically-defined entities of SZ, BP and SAD. Moreover,
whether SAD should be considered a separate category and what is the relationship among
these disorders has been a specific and unresolved controversy (Keshavan et al., 2011;
Tamminga et al., 2014). To the best of our knowledge, our work makes the first attempt to
explore biomarkers for distinguishing those disorders as well as the relationship among
those disorders by using resting-state fMRI networks.

The result (Fig. 3) demonstrates that the discriminating regions identified from INs mainly
comprised of frontal, parietal, precuneus, cingulate, supplementary motor, cerebellar, insula,
and supramarginal cortices, most of which are involved in cognitive, emotional, executive,
sensory and motor function. Interestingly, most of those regions clearly fall within two well-
characterized large-scale networks: the default mode network and the salience network, with
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the frontal, parietal, precuneus, cingulate, and cerebellar cortices belonging to the default
mode network, and the anterior cingulate cortex and the insula involved in the salience
network. The finding is consistent with previous research works, where these two functional
networks have been repeatedly reported to be associated with a range of mental disorders
including SZ, BP and SAD (Calhoun et al., 2011; Khadka et al., 2013; Madre et al., 2013;
Palaniyappan et al., 2012; Whitfield-Gabrieli and Ford, 2012; Williamson and Allman,
2012). Among the identified regions, the posterior cingulate cortex (PCC) as a central node
in default mode network has been shown to exhibit abnormal brain activity for psychiatric
disorders (Leech and Sharp, 2014) in both resting state (Whitfield-Gabrieli et al., 2009;
Zhou et al., 2007) and task performance (Whitfield-Gabrieli et al., 2009). In addition, since
the insula along with anterior cingulate cortex (ACC) provides integrated salience
processing (Palaniyappan and Liddle, 2012; Uddin, 2015), the disrupted circuit of insula and
ACC may impair the switching ability between the default mode state and task-related
states, which has been reported as a primary function of the salience network. Results also
show that there is a significantly positive correlation between mean Z-scores in motor cortex
and PANSS negative scores in SZ group, coinciding with the frequently reported motor
abnormalities in schizophrenia patients (Pascual-Leone et al., 2002). Furthermore, GIG-ICA
enables us to classify (or diagnose) new subjects based on the found biomarkers from
original subjects, and the measures from INs performed well in differentiating different
groups. Therefore, our study shows the potential of resting-state INs extracted via GIG-ICA
as a promising means for distinguishing disorders with similar symptoms.

Another contribution of this study is that the relationship among the 5 groups is clearly
illustrated based on measures from INs (Fig. 5). Although different cortex regions show
varied between-group relations (Fig. 4), measures from all INs suggest that SADM and
SADD resemble one another, in agreement with the traditional clinical distinction for SAD
(Malaspina et al., 2013). In this paper, we did not combine two symptom-defined sub-groups
of SAD patients into one group for analysis because debate continues over whether SAD or
its subtypes should be regarded as SZ or BP. Our finding supports that SAD exists as a
unitary entity with different subtypes, in contrast to suggestions of regarding SAD (or
subtype of SAD) as atypical form of SZ/BP (Bogan et al., 2000; Cascade et al., 2009; Lake
and Hurwitz, 2006) or even eliminating the diagnosis of SAD (Heckers, 2009). In addition,
our study shows that SADD shares high similarity to SZ (Fig. 5(B)), possibly due to their
frequently overlapping depression symptoms (Mulholland C, 2000). The finding is
consistent with previous work, which reported that SADD patients could meet criteria for
SZ (Tsuang and Coryell, 1993). Thus, our results suggest SAD may be considered as an
independent category, although its depressive subtype had high similarity to SZ. Our
findings also show that BP patients are more similar to HC than patients with the other two
disorders based on measures from INs, which accords with BP group in general showing
fewer cognitive impairments than the other patient groups (Hill et al., 2013) with some
exceptions (Keshavan et al., 2011). We also demonstrated that the SZ, SADM and SADD
groups are relatively close to one another, while the BP and HC groups are close to one
another (Fig. 5(D)), supporting the idea that SAD may be in the same diagnostic class as SZ,
but not in the same class as mood disorders in the current DSM-5 (Heckers et al., 2013;
Malaspina et al., 2013). It is worth noting that in this study the relationship among different
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groups were measured based on resting-state INs. So, it is reasonable that our conclusion
could differ from some findings in clinical, genetic (Cardno and Owen, 2014),
neuropsychological and neurophysiological studies. However, one clinical based study
(Tamminga et al., 2013) reported that characteristics of SAD were more similar to SZ than
to BP, consistent with our findings.

Some aspects may limit the generalization ability of our findings. First, the sample size of
each diagnostic group was relatively small. Considering the subtypes of SAD patients
separately, it was difficult to recruit large number of patients over the years. Due to the
small number of subjects used in both biomarker identification and classification for new
subjects, the study should be taken as an exploratory analysis. In addition, we did not test the
performance of the classifier using data from new SADD patients due to the limited sample
size. However, we envision the classifier will have acceptable performance for new SADD
patients as a result of the relatively high accuracy under training data. This will be directly
tested in the future as additional data become available. In summary, the proposed technique
for distinguishing different mental disorders is promising with remarkably higher accuracy
than chance. Second, considering the subtle difference among the symptoms-related
diseases, we used the features extracted by statistical analyses and the machine learning
method (MSVM-RFE) to measure the relationship among those 5 groups. In our study, the
relationship was investigated for the original 93 subjects, but not for the new 16 subjects due
to the lack of SADD patients. Therefore, in future studies, the reliability of inter-group
relationship needs be further examined based on more data. However, our work still
provides a promising way to investigate a spectrum of similar disorders using neuroimaging-
based measures. Third, we used clinical diagnosis as our label, but the diagnosis themselves
could be a little biased due to the similar symptoms across those disorders. Further work is
needed to develop new methods to explore biomarkers without the guidance of diagnosis
label. Fourth, a full history of medication (which likely differs among the patient groups)
was not available for each subject. So, potential effects of medication cannot be evaluated.
Finally, a few parameters (e.g., the number of ICs, the maximum iteration time, and the
number of voxels preserved in discriminative regions) in the framework are adjustable and
may influence the identified biomarkers. In future work, with more data, we plan to evaluate
how parameter-optimization could improve the fMRI network patterns and accordingly the
biomarkers.
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Fig. 2.
One-sample t-tests statistics (p<0.01 with FDR correction) of 12 brain intrinsic networks

(INs) extracted from 93 subjects.
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Region (c)
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Region ‘(f)
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rou

Region (i)

The mean and standard deviation of the averaged Z-scores across subjects in each primary
discriminative region for healthy controls (HC), schizophrenia (SZ) patients, bipolar (BP)
patients, patients suffering schizoaffective with manic episodes (SADM), and patients
suffering schizoaffective with depressive episodes exclusively (SADD), separately. Any pair
of groups with significant difference tested by two-sample t-tests (p<0.01 with FDR
correction) on the averaged Z-scores are denoted using cyan lines. The regions (a)-(k)
correspond to that reported in Fig. 3 and Table 2.
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(A?) Distance matrix computed using the feature vectors of 93 subjects. The x-axis and y-axis
denote subject ID. Subjects with ID 1-20 are healthy controls (HC), subjects with ID 21-40
are schizophrenia (SZ) patients, subjects with ID 41-60 are bipolar (BP) patients, subjects
with ID 61-80 are patients suffering schizoaffective disorder with manic episodes (SADM),
and subjects with ID 81-93 are patients suffering schizoaffective disorder with depressive
episodes exclusively (SADD). Each inter-group or intra-group related sub-block is denoted
by white lines. (B) The mean distance matrix obtained by averaging the values in each inter-
group and intra-group related sub-block of the distance matrix. (C) The projection results of
93 subjects using t-distributed stochastic neighbor embedding (t-SNE) method. Each point
denotes one subject, and different colors denote different groups. Each ellipse reflects mean
(center) and standard deviation for one group. (D) The linkage results from the hierarchical
clustering method. The x-axis denotes the subject 1D, which is as same as that in (A). In (D),
“HC” denotes that most of the subjects clustered into the related group are healthy controls.
“SZ”, “BP”, “SADM” and “SADD” have similar meanings.
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Discriminative regions containing more than 50 voxels extracted from brain intrinsic networks (INs), their
voxel numbers, their volumes in cubic millimeters, and their corresponding Montreal Neurological Institute
(MNI) coordinates.

IC Region ID AAL Region (L/R) Voxel number  Volume (mm3)  MNI coordinate (x, y, z)
IN 2 (@) SupraMarginal (L) 53 1431 (-62,-40,34)
IN3 (b) Frontal_Med_Orb (R) 76 2052 (2,64,-8)
IN3 (c) Cingulate_Ant (L) 92 2484 (-1,42,23)
IN5 (d) Cingulate_Post (L) 62 1674 (-2,-43,22)
IN 6 (e) Frontal_Med_Orb (R) 53 1431 (3,58,-4)
IN7 0] Parietal_Inf (L) 52 1404 (-41,-49,41)
IN8 ) Insula (R) 62 1674 (44,11,4)
IN 10 () Parietal_Inf (L) 52 1404 (-54,-25,40)
IN 10 (i) Precuneus (R) 114 3078 (8,-57,48)
IN 11 ()] Cerebellum_Crus2 (L) 62 1674 (-28,-80,—-35)
IN 12 (k) Supp_Motor_Area (L) 162 4374 (-11,-5,74)

IN, intrinsic network; AAL, automated anatomical labeling; L, left; R, right.
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