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Although regional brain deficits have been demonstrated in schizophrenia patients by structuralMRI studies, one
important question that remains largely unanswered iswhether the complex and subtle deficits revealed byMRI
could be used as objective biomarkers to discriminate patients from healthy controls individually. To address this
question, a total of 326 right-handed participants were recruited, including 163 drug-naïve first-episode schizo-
phrenia (FES) patients and 163 demographically matched healthy controls. High-resolution anatomic data were
acquired from all subjects and processed via Freesurfer software to obtain cortical thickness and surface area
measurements. Subsequently, the Support Vector Machine (SVM) was used to explore the potential utility for
cortical thickness and surface area measurements in the differentiation of individual patients and healthy con-
trols. The accuracy of correct classification of patients and controls was 85.0% (specificity 87.0%, sensitivity
83.0%) for surface area and 81.8% (specificity 85.0%, sensitivity 76.9%) for cortical thickness (p b 0.001 after per-
mutation testing). Regions contributing to classification accuracy mainly included the gray matter in default
mode, central executive, salience, and visual networks. Current findings, in a sample of never-treated FES pa-
tients, suggest that the patterns of illness-related graymatter changes has potential as a biomarker for identifying
structural brain alterations in individuals with schizophrenia. Future prospective studies are needed to evaluate
the utility of imaging biomarkers for research and potentially for clinical purpose.

© 2017 Elsevier B.V. All rights reserved.
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1. Introduction

The current diagnostic systems (DSM 5 and ICD-10) for establishing
psychiatric diagnoses are based on psychological and behavioral
criteria. For example, the diagnosis of schizophrenia is based on ob-
served behaviors and examination of psychiatric signs and symptoms
rather than objective biological markers. The lack of quantitative objec-
tive measures may be one reason that the causative factors in schizo-
phrenia remain obscure (Agarwal et al., 2010). First-episode
schizophrenia (FES) patients are of particular interest, byway of provid-
ingmore information about illness-associated brain abnormalities inde-
pendent of antipsychotic treatment and long course of illness effects.

Imaging studies have reported widespread anatomical and func-
tional alterations in FES patients relative to healthy controls, especially
rea under curve; ROC, receiver
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in frontal and temporal cortex (Asmal et al., 2016; Gutierrez-Galve et
al., 2010; Lui et al., 2009; Ren et al., 2013; Xiao et al., 2015). However,
most previous imaging findings have limited value for clinical applica-
tion for two reasons. First, most previous studies typically measured av-
erage group-level differences rather than classify individual patients,
thus they do not allow for evaluation of individual patients
(Zarogianni et al., 2013). Second,most prior studies considered brain re-
gions of interest in isolation rather than as a pattern of illness-related
alterations.

Addressing these challenges can be accomplished using pattern rec-
ognition approaches to identify biologically similar discrete patient sub-
groups, such as cluster analysis and machine learning approaches with
support vector machine (SVM) (Noble, 2006; Pereira et al., 2009).
Using SVM in FES and healthy controls, studies have demonstrated cor-
tical thickness or blood flow reduction in prefrontal and temporal re-
gions, as well as white matter alterations in uncinate fasciculus and
cingulum,which connect frontal and temporal lobe regions. These stud-
ies report an accuracy in the range of 70%–90% for differentiating FES pa-
tients from controls (Peruzzo et al., 2015; Squarcina et al., 2017;
Squarcina et al., 2015). Functional connectivity or activity in salience
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network and default mode network were also reported to have poten-
tial for diagnostic classification between FES and controls (Guo et al.,
2017; Mikolas et al., 2016).

Though these findings are encouraging, the interpretation of the re-
sults is to some extent hindered by potential medication effects and
small sample sizes. In machine learning studies, small sample size can
cause model overfitting and introduce a bias to the classification,
which result in poor generalization of the method to independent
data sets (Zarogianni et al., 2013). In some studies, larger samples
were used but including data from scanners from multiple centers.
Findings from animal and human studies indicate significant anatomic
and functional alterations even after short-term antipsychotic treat-
ment (Emsley et al., 2017; Goghari et al., 2013; Hu et al., 2016; Lui et
al., 2010; Reis Marques et al., 2014; Yue et al., 2016). To our knowledge,
no study has yet applied machine learning approaches in a large cohort
of never treated first episode patients from a single center and scanner.

Brain surface area and cortical thickness are widely used Magnetic
Resonance Imaging (MRI) parameters in schizophrenia research. During
early development of the human brain, the process of gyrification and
surface expansion accompanies the significant increase in brain surface
area (Armstrong et al., 1995), making this parameter of particular inter-
est in relation to early neurodevelopmental models of schizophrenia
(Palaniyappan et al., 2011).

In the present study, we acquired high-resolution T1WI data from a
large cohort of subjects, including 163 drug-naïve FES patients and 163
demographically matched healthy controls. We in this study examined
cortical thickness and surface area rather than the gray matter volume
because cortical thickness and surface area are influenced by different
genetic factors (Panizzon et al., 2009). Surface area mainly represents the
number of columns of neurons within a cortical region (Rakic, 1988),
while cortical thickness reflects the size, density and arrangement of
neurons, neuroglia and nerve fibres (Narr et al., 2005) in cortical columns.

Two hypotheseswere addressed. First, we predicted that both cortical
thickness and surface area would show high sensitivity and specificity in
differentiating individual FES patients from controls separately. Second,
the regions contributing to the difference between FES patients and
controls would be primarily within the prefrontal and temporal cortex.

2. Materials and methods

2.1. Subjects

The study included 163 treatment-naïve FES patients and 163
healthy controls (Table 1). The studywas approvedby the local research
ethics committee and written informed consent was obtained from all
Table 1
Demographic and clinical characteristics for antipsychotic-naive first-episode schizophre-
nia patients and healthy controls.

Characteristic Antipsychotic-naïve FES (N
= 163)

HC (N =
163)

P

Mean ± SD Mean ± SD

Age (years) 23.54 ± 7.63 23.61 ±
5.94

0.92

Education (years) 12.03 ± 3.17 13.15 ±
2.45

0.10

Illness duration (months) 12.21 ± 20.08 – –
GAF scores 30.10 ± 11.13 – –
PANSS scores

Total 95.58 ± 19.33 – –
Negative symptoms 24.71 ± 6.36 – –
Positive symptoms 18.73 ± 7.97 – –
General psychopathology
symptoms

45.89 ± 9.82 – –

N N P
Gender(M/F) 74/89 86/77 0.18

FES: first-episode schizophrenia; HC: healthy controls.
subjects. Diagnoses of schizophrenia were determined using the Struc-
tured Interview for the DSM-IV (SCID-P). Psychopathology was evalu-
ated using the Positive and Negative Syndrome Scale (PANSS).
Psychiatric evaluations were performed by two experienced clinical
psychiatrists prior to treatment and MR examinations.

Healthy controls were recruited by poster advertisement, and did
not differ significantly from the schizophrenia group on age, sex, and
years of education. All controlswere screened using the SCID-NP to con-
firm the lifetime absence of psychiatric illnesses. Control subjects re-
ported no history of psychiatric illness in first-degree relatives. The
following exclusion criteria applied to all of the above groups: any neu-
rological disorder, lifetime drug or alcohol abuse or dependency, preg-
nancy or significant systemic illness, such as hepatitis or
cardiovascular disease. Brain MR images (i.e., T1-weighted and T2-
weighted images) were inspected by an experienced neuroradiologist
to check image quality and exclude patients with visible cerebral abnor-
malities of neuroradiological significance.

2.2. Data acquisition

All subjects were scanned on a 3.0 T MR scanner (EXCITE, General
Electric, Milwaukee, USA). High-resolution T1-weighted volumetric
3D images were obtained using a spoiled gradient recall (SPGR) se-
quence (TR = 8.5 ms, TE = 3.4 ms, Flip angle = 12°, slice thickness
= 1 mm) and an 8-channel phase-array head coil. A Field of View of
240 × 240 mm2 was used with an acquisition matrix comprising 256
readings of 128 phase encoding steps, producing 156 contiguous coro-
nal sliceswith slice thickness of 1.0mm. The finalmatrix of T1-weighted
images was automatically interpolated in plane to 512 × 512 to yield an
in-plane resolution of 0.47 × 0.47 mm2. Foam padding and ear-plugs
were used to reduce head motion and scanner noise.

2.3. Data analysis

StructuralMRI datawere processed using the FreeSurfer image anal-
ysis package (version 5.3.0, http://surfer.nmr.mgh.harvard.edu/).We
used the default parcellation and the Desikan atlas. Briefly, processing
includedmotion correction and removal of non-brain tissue using a hy-
brid watershed/surface deformation procedure, automated Talairach
transformation, segmentation, intensity normalization, tessellation of
gray matter and white matter boundaries, automated topology correc-
tion, and surface deformation following intensity gradients to optimally
place the gray matter–white matter and gray matter–cerebrospinal
fluid borders at the locationwhere the greatest shift in intensity defined
transition to other tissue class (Dale et al., 1999).

The above procedure generated average cortical thickness and sur-
face area for 68 frontal, temporal, parietal, and occipital lobe regions.
We used them as features in themachine learning analysis (below). Be-
fore the variables were used to classify, they were each residualized
using a general linear model with gender, age, and intracranial volume
as independent variables.

2.4. Multivariate pattern classification analysis

We used a specific multivariate pattern classification analysis ap-
proach known as SVM from the LIBSVM machine learning library
(www.csie.ntu.edu.tw/~cjlin/libsvm), which is a frequently used classi-
fier in neuroimaging research. The cortical thickness and surface area
features of 68 cortical regions from the Desikan atlas were extracted.
Table 2
Classification performance.

Specificity Sensitivity Accuracy AUC

Surface area 87.0% 83.0% 85.0% 0.85
Cortical thickness 85.0% 76.9% 81.8% 0.78

http://surfer.nmr.mgh.harvard.edu
http://www.csie.ntu.edu.tw/~cjlin/libsvm


Table 3
Regions contributing to discrimination between first episode schizophrenia and healthy
control groups based on surface area.

Regions Weight Network

lh_fusiform_area 0.037163317 visual network
lh_lingual_area 0.394043481 visual network
lh_posterior_cingulate_area 0.373321496 default mode network
lh_supramarginal_area 0.002481527 language network
lh_insula_area 0.044973661 salience network
rh_isthmus_cingulate_area 0.016799451 default mode network
rh_lateral_occipital_area 0.256421248 visual network
rh_lingual_area 0.076792878 visual network
rh_frontal_pole_area 0.010835031 default mode network

LH = left hemisphere; RH = right hemisphere.
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We analyzed these features separately to advance understanding of the
utility of both feature sets for classification purposes. We first normal-
ized the surface area features. Then we reduced the number of features
using a two-sample t-test between the FES and healthy controls,
thresholded to include parameters with group differences above p b

0.05 corrected for multiple comparisons. This step was used to improve
and stabilize classification performance (Dosenbach et al., 2010). A lin-
ear decision boundary in this high dimensional space was defined by a
hyperplane that separated individual cortical thickness or surface area
values according to a class label (i.e., FES vs. healthy controls). The opti-
mal hyperplanewas computed based on thewholemultivariate pattern
of anatomical features across all subjects in the training set. A similar
procedurewas implemented for a separate analysis of cortical thickness
data.

To obtain a stable and reliable performance of the proposed model
and to avoid the possibility of over fitting the model, we used 10-fold
cross validation technique (Kohavi, 1995). In 10-fold cross validation
the dataset was segmented into 10 random subsets from both patients
and controls. One subset was selected as the testing subset to test the
model in the first iteration, and the remaining 9 subsets were used for
training. In the subsequent 9 iterations, the process continues through
selecting, one by one each of the 9 subsets as a testing subset. After 10
iterations (folds), the performance measures were averaged. We re-
peated this procedure for the cortical thickness and surface area data
separately to assess the predictive power of eachmorphometric param-
eter. Statistical significance of the overall accuracy, sensitivity, and spec-
ificity for cortical thickness or surface area were determined by
permutation testing, randomly permuted the data (1000 times) to
Fig. 1.Multivariate pattern classification based on surface area. (A) Classification plot for trainin
first-episode schizophrenia; HC: healthy controls; ROC: receiver operating characteristic.
obtain two types of randomized versions of the data. The first version
is a standard labels permutation test (Good, 2000), and the second
uses a data columns per class permutation test (Ojala and Garriga,
2010). To evaluate the performance of the classification in different fea-
tures, receiver operating characteristic (ROC) curves were obtained by
using the SVM classifier.

3. Results

The classification performance for each structural feature is summa-
rized in Table 2. Classification accuracy for classification between FES
patients and healthy controls were 81.8% (specificity 85.0%, sensitivity
76.9%) for cortical thickness (all p b 0.001 for labels and data columns
per class permutation tests) and 85.0% (specificity 87.0%, sensitivity
83.0%) for surface area (all p b 0.001 for labels and data columns per
class permutation tests; Table 2).

Regions that contributed to surface area discrimination included left
fusiform, left lingual, left posterior cingulate, left supramarginal, left
insula, right isthmus cingulate, right lateral occipital, right lingual, and
right frontal pole cortex (Table 3, see Fig. 3). The illustration of classifi-
cation for surface area measures is presented in Fig. 1. ROC curve of sur-
face area was also obtained by using the SVM classifier (Fig. 1, Area
under Curve (AUC) = 0.85).

Regions that contributed to cortical thickness discrimination in-
cluded left inferior parietal, left rostral anterior cingulate, left rostral
middle frontal, right caudal middle frontal, right inferior parietal, right
lingual, and right temporal pole cortex (Table 4, see Fig. 4). The illustra-
tion of classification for cortical thickness measures is presented in Fig.
2. ROC curve of cortical thickness was also obtained by using the SVM
classifier (Fig. 2, AUC = 0.78).

4. Discussion

Using the largest sample of drug-naive FES studied to date with a
single MR scanner, the current study successfully demonstrated the po-
tential value of MRI in differentiating individual schizophrenia patients
from healthy controls. Using a machine learning approach, we obtained
an accuracy of 85.0% for surface area and 81.8% for cortical thickness.
Thus, the findings support our hypothesis that patterns of gray matter
alterations may provide a useful biomarker for identifying neuroana-
tomic alterations in schizophrenia at an early phase of illness prior to in-
fluences of psychiatric medications. Furthermore, the regions that
g on FES andHC data and testing on FES and HC data using surface area. (B) ROC curve. FES:

Image of Fig. 1


Table 4
Regions contributing to discrimination between first episode schizophrenia and healthy
control groups based on cortical thickness.

Regions Weight Network

lh_inferior_parietal_thickness 0.747446630 default mode network
lh_rostral_anterior_cingulate_thickness 0.073074305 salience network
lh_rostral_middle_frontal_thickness 0.123998723 central executive

network
rh_caudal_middle_frontal_thickness 0.148789386 central executive

network
rh_inferior_parietal_thickness 0.457086964 default mode network
rh_lingual_thickness 0.065754951 visual network
rh_temporal_pole_thickness 0.012785662 salience network

LH = left hemisphere; RH = right hemisphere.
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contributed to the differentiation between the patients and controls are
belonged to the default mode network (DMN), central executive net-
work (CEN), salience, visual and language networks, all of which have
been previously implicated in the pathogenesis of schizophrenia
(Allen et al., 2008; Ffytche et al., 1998; Garrity et al., 2007; Manoliu et
al., 2014; Torrey, 2007;White et al., 2010). We did not confirm the pre-
dicted regional specificity of effects to temporal and frontal cortex.

While neuroimaging studies in psychiatry have been useful for re-
search purposes, their clinical application often has been limited by
group-level analyses and analysis of different regional changes in isola-
tion. The current study provides evidence indicating that structural MRI
data analyzed with analytic procedures examining discrete imaging pa-
rameters may provide important information for individual classifica-
tion of patients with FES. In fact, a number of studies using traditional
region of interest analysis did not find any specific cerebral region
which could be used to reliably differentiate patients with schizophre-
nia from healthy controls (Agarwal et al., 2010; Levitt et al., 2010). Be-
sides methodological issues associated with medication, duration of
illness and sample size, the absence of reliable markers could be due
to the fact that schizophrenia is a complex disorder with anatomical
and functional deficits in multiple brain regions (Shenton et al., 2010).
Thus it may not be possible to identify a specific biomarker using a re-
gion of interest analysis based on standard univariate statistics. In con-
trast, multi variate approaches such as SVM consider statistical
associations among different brain regions and therefore may have
greater potential for detecting alterations, which are subtle and distrib-
uted. In the current study, SVM revealed that patterns of both cortical
thickness and surface areameasures are sensitive in identifying antipsy-
chotic-naive FES from controls.
Fig. 2.Multivariate pattern classification based on cortical thickness. (A) Classification plot for tr
curve. FES: first-episode schizophrenia; HC: healthy controls; ROC: receiver operating characte
The high accuracy of cortical thickness and surface area measures in
differentiating individual schizophrenia patients from healthy controls
has also been reported in chronically treated and FES patients, where
studies have found classification accuracy ranging between 75% and
92% (Castellani et al., 2012; Fan et al., 2011; Fan et al., 2005; Peruzzo
et al., 2015; Pohl and Sabuncu, 2009; Squarcina et al., 2017; Squarcina
et al., 2015; Yang et al., 2010). Our study extended previous findings
in three certain aspects. First, our investigation was carried out on
drug-naïve patients and therefore our results were not affected by the
effects of medication and duration of illness. It is well known that med-
ication can have a significant impact on gray matter even after a very
short period of treatment (Keshavan et al., 1994; Keshavan et al.,
1998). Thus, the observation that classification accuracy from our FES
sample was similar to that reported in chronically ill patients suggests
that group separation using MRI anatomic measures may be relatively
stable after illness onset. However, the similarity of feature selection
for these classifications remains to be determined. Second, the number
of participants in our investigation was larger than previous SVM stud-
ies of FES. Adequate sample size is of course an important consideration
regarding the robustness and reliability of the model developed for the
classification system (Zarogianni et al., 2013). Third, the current study,
unlike some previous SVM studies (Castellani et al., 2012; Fan et al.,
2011; Fan et al., 2005; Pohl and Sabuncu, 2009; Yang et al., 2010)
using regions of interest analysis, we employed whole brain analysis.
An advantage of using whole brain surface based analysis is that this is
a totally automatic approach that develops classification algorithms em-
pirically without bias.

It's also interesting that the distributed regions from the discrimina-
tion map for surface area include left fusiform, left lingual, left posterior
cingulate, left supramarginal, left insula, right isthmus cingulate, right
lateral occipital, right lingual and right frontal pole cortex, most of
whichbelong to theDMNor saliencenetwork. For example, the left pos-
terior cingulate and right isthmus cingulate as well as frontal pole, be-
long to DMN, which is an integrated system for self-related cognitive
activity, including autobiographical, self-monitoring and social func-
tions (Menon, 2011). Previous studies have reported aberrant anatom-
ical and functional connectivity of DMN in FES and chronic patients and
in high risk subjects (Camchong et al., 2011; Clark et al., 2017; Garrity et
al., 2007; Hu et al., 2017). Insular cortex and dorsal anterior cingulate
cortex which are parts of the salience network, were utilized for diag-
nostic classification for FES (Mikolas et al., 2016). The left fusiform, bilat-
eral lingual, and right lateral occipital areas belong to the visual system.
Previous studies demonstrated significant gray matter volume
aining on FES and HC data and testing on FES and HC data using cortical thickness (B) ROC
ristic.

Image of Fig. 2


Fig. 3. Regions contributing to diagnostic classification based on surface area.
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reduction in visual system and lower magnetization transfer ratio and
fractional anisotropy in white matter adjacent to visual areas
(Onitsuka et al., 2007; Palaniyappan et al., 2013). Alterations in the
left supramarginal area and auditory cortex have been reported to be
relevant for auditory verbal hallucinations in schizophrenia (Cui et al.,
2017). Besides the regions mentioned above, discriminating map for
cortical thickness included rostral and caudal middle frontal cortex,
which aremainly involved in CEN. CEN plays an important role inwork-
ing memory and attention, and impaired cognition arising from CEN
deficit is recognized as a prominent feature of schizophrenia (Menon,
2011). Taken together, our findings provide evidence that the changes
of the cortical patterns contributing to the difference between FES and
controls involve widely distributed neural networks believed to be
core targets of the pathogenesis of schizophrenia.

There are certain limitations to be considered in interpreting our re-
sults. First, all datawere processed by the same protocol and the version
of FreeSurfer 5.3 over the course of our 10-year recruitment to create
this quite large sample of never-treated first episode patients, with re-
sults consistent across publications in this regard. Newer software
might yield somewhat different findings. Second, although results
from the present investigation are promising, the eventual
Fig. 4. Regions contributing to diagnostic cla
development of a diagnostic tool to be used in everyday clinical practice
will ultimately require several advances. The efficiency of a model such
as ours needs to be replicated, and shown to be useful before and after
treatment and across of ages and illness duration. The model will need
an even greater level of accuracy than that found in the present study,
perhaps by includingmore diverse observations frommultimodal imag-
ing. For example, diagnostic accuracymight be improvedby the integra-
tion of structural and functional neuroimaging data with genetic,
clinical and cognitive information. Investigators will also need to estab-
lish utility in the clinically relevant differential diagnosis contrasting
psychiatric disorders rather than patient control comparisons.

5. Conclusion

In summary, the present study provides evidence that anatomical
MRI shows promise in discriminating FES from healthy individuals.
Using machine learning, we demonstrated that both cortical thickness
and surface area data showed high accuracy in identifying FES. These
findings may provide the first step towards using MRI as a tool to
guide clinicians. As the field of psychiatric neuroimaging evolves, appli-
cations of MRI studies for differential diagnosis and for individualizing
ssification based on cortical thickness.

Image of Fig. 4
Image of Fig. 3
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and tracking treatment effects may significantly advance patient care,
though much work needs to be done before translating the MRI re-
search findings into clinical practice.
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