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Difficulties in parsing the multiaspect heterogeneity of schizophrenia (SCZ) based on current nosology highlight the need to subtype
SCZ using objective biomarkers. Here, utilizing a large-scale multisite SCZ dataset, we identified and validated 2 neuroanatomical
subtypes with individual-level abnormal patterns of the tensor-based morphometric measurement. Remarkably, compared with
subtype 1, which showed moderate deficits of some subcortical nuclei and an enlarged striatum and cerebellum, subtype 2, which
showed cerebellar atrophy and more severe subcortical nuclei atrophy, had a higher subscale score of negative symptoms, which is
considered to be a core aspect of SCZ and is associated with functional outcome. Moreover, with the neuroimaging–clinic association
analysis, we explored the detailed relationship between the heterogeneity of clinical symptoms and the heterogeneous abnormal
neuroanatomical patterns with respect to the 2 subtypes. And the neuroimaging–transcription association analysis highlighted
several potential heterogeneous biological factors that may underlie the subtypes. Our work provided an effective framework for
investigating the heterogeneity of SCZ from multilevel aspects and may provide new insights for precision psychiatry.

Key words: schizophrenia; subtype; structural MRI; neuroimaging–clinic association analysis; neuroimaging–transcription association
analysis.

Introduction
Schizophrenia (SCZ) is one of the most serious and dis-
abling psychiatric disorders but has an unclear etiology.
The current diagnosis of SCZ still mainly relies on diag-
nostic criteria, such as the International Classification
of Diseases and the Diagnostic and Statistical Manual of
Mental Disorders (DSM), which are based on a standard-

ized psychiatric interview assessing the related clinical
symptoms, but the diagnosis lacks any biological deter-
minant. More importantly, the current nosology conceals
the substantial within-disorder heterogeneity, which has
been supported by accumulating evidence from both
clinical observations (Carpenter Jr and Kirkpatrick 1988;
Davidson and McGlashan 1997; Okhuijsen-Pfeifer et al.
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2020) and neurobiological research (Brugger and Howes
2017; Alnaes et al. 2019). The heterogeneity underlying
the existing diagnostic framework has received increas-
ing attention because it restricts the progress toward
precision psychiatry for SCZ (Wolfers et al. 2018).

Because of the serious burden brought by SCZ,
researchers have tried to unearth potential biomarkers
with various noninvasive neuroimaging technologies
such as structural magnetic resonance imaging (MRI)
and have obtained some insights using the classical
case–control design. Compared with healthy controls
(HC), distributed gray matter volume deficits have been
reported in patients with a diagnosis of SCZ (Gupta et
al. 2015; Ediri Arachchi et al. 2020). The areas of deficit
include the prefrontal, temporal, and insular cortices as
well as areas of the subcortex (Okada et al. 2016; van
Erp et al. 2016) such as the hippocampus, amygdala,
and thalamus. However, these abnormalities have not all
been identified in every study. Some findings are even
somewhat contradictory. For example, in the cerebellum
2 distinct abnormal patterns, deficit (Chua et al. 2007;
Tanskanen et al. 2010; Wolfers et al. 2018) or enlargement
(Suzuki et al. 2002; Yuksel et al. 2012; Li, Liu, et al.
2020), have been found. These inconsistent results are
likely to be at least partially caused by the intrinsic
neurobiological heterogeneity, which limits efforts to
reveal the pathology of SCZ in a case-controlled manner
and highlights the necessity of stratifying patients with
a diagnosis of SCZ into meaningful subtypes (Woo et al.
2017; Feczko et al. 2019; Winter et al. 2021).

However, how and from what perspective to delineate
the subtypes of SCZ is still unclear. Although it is feasible
to obtain potential subtypes based on the clinical scales
(Dollfus et al. 1996; Zhang et al. 2015; Talpalaru et al.
2019), e.g. the Positive and Negative Symptoms Scale
(PANSS) (Kay et al. 1987), some open questions, such as
whether these scales, particularly the ones for negative
symptoms (Kumari et al. 2017), are complete descriptors
of the clinical symptoms of SCZ, remain to be explored
(Hong et al. 2020). Taking genetic information as the
starting point for related research (Hallmayer et al. 2005;
Jablensky 2006) is also feasible and has a strong biological
basis. Nevertheless, the interaction between genes and
the environment makes using these quite complex
and challenging. Fortunately, identifying intermediate
biomarkers between genes and various domains of
behavior and cognition, neuroimaging may lead to
promising and powerful tools for related psychiatric
research (Abi-Dargham and Horga 2016; Woo et al. 2017).

Even more exciting, several studies have used struc-
tural MRI to explore the heterogeneity of the neu-
roanatomical characteristics of SCZ (Brugger and Howes
2017; Alnaes et al. 2019) and provide more direct evidence
that structural MRI is a prospective tool for exploring
for underlying subgroups. Motivated by these advances,
some researchers have already provided potential strat-
ification strategies with structural MRI using different
methods of analysis (Dwyer et al. 2018; Honnorat et
al. 2019; Chand et al. 2020). Almost all these studies

focused on stratifying patients with SCZ into distinct
subtypes using volume measurements extracted from
structural MRI and then applying univariate statistical
approaches to determine whether clinical differences
existed between subtypes. Although some advances
have been made, a more detailed mapping relationship
between clinical symptoms and the discrepant pattern
is desirable. That is crucial for yielding insights into how
differing neuroanatomical abnormal patterns give rise to
heterogeneous clinical symptoms and how the clinical
symptoms organized underlying the neuroanatomical
representation. Also, the relationship between the
neuroimaging heterogeneity of the discovered subtypes
and the potential underlying heterogeneity of the gene
expression has rarely been established.

A variety of measures and methods have emerged that
can provide new ways to explore these problems. Among
these, tensor-based morphometry (TBM), a deformation-
based method, provides a unique way to characterize
the neuroanatomical characteristics of local tissue
volume/shape (expansion or contraction) and has been
reported to have higher sensitivity and efficiency than
voxel-based morphometry (VBM) (Borghammer et al.
2010; Chen, Liu, et al. 2020; Shafiei et al. 2020). Previous
studies have revealed the value of applying TBM with
the goal of bridging the gap between neuroimaging
biomarkers and clinical/genetic profiles (Apostolova and
Thompson 2007; Hua et al. 2008; Wang et al. 2020), a
use that has been suggested as potentially applicable to
SCZ (Yang et al. 2012; Kirschner et al. 2020). Therefore,
it is worth investigating whether it is possible to identify
the potential subtypes of SCZ utilizing TBM. However,
it is easy to introduce unnecessary and disorder-
independent confounding factors, such as gender and
age, by directly using the extracted characteristics to
stratify the data. As a tool for exploring the heterogeneity
of mental disorders, normative modeling (Marquand
et al. 2019) is a competitive solution for alleviating
this problem, in that it can take a cohort of HC as a
reference normative distribution to statistically infer
individual-level deviations in specific characteristics
for each patient. These individualized disorder-related
abnormal patterns derived using normative modeling
are inherently suitable for stratification. Consequently,
combining TBM with normative modeling to uncover
potential subtypes shows promise for providing new
insights into the heterogeneity of SCZ.

To fill in these gaps, we proposed a research proce-
dure (Fig. 1) to subtype SCZ into more homogeneous
subgroups. The overall scheme included 3 key steps: 1)
data pre-processing, 2) subtype discovery and validation,
and 3) subtype analyses. To meet the requirement of
sample size for this “unsupervised” task, we collected
data on 2 brands of MRI scanners at 7 centers (a total
of 1,055 participants, including 534 SCZ). Then sparse
k-means clustering (Witten and Tibshirani 2010) was
applied to the individual-level atypical TBM brain pat-
terns, derived using a normative model (Tetreault et al.
2020). In this work, we evaluated the stability of the

D
ow

nloaded from
 https://academ

ic.oup.com
/cercor/advance-article/doi/10.1093/cercor/bhac301/6675350 by N

STL N
on-Subscriber M

em
ber Adm

in C
enter user on 26 August 2022



Weiyang Shi et al. | 3

identified subtypes with independent discovery and val-
idation datasets and compared the subtypes with those
obtained using other data partitioning strategies. Next,
we conducted statistical tests of the clinical profiles
between the neuroanatomical subtypes. Further, neu-
roimaging–clinic and neuroimaging–transcription asso-
ciation analyses were performed to provide insights into
the subtypes. Through this approach, we expected to 1)
uncover clinically relevant subtypes; 2) reveal how the
discrepant abnormal neuroanatomical patterns could
lead to heterogeneous clinical symptoms; and 3) explore
the underlying heterogeneous biological factors of SCZ,
as reflected by the subtypes.

Materials and methods
Subjects
As multisite studies benefit from adopting the same
protocol, the large-scale dataset used in this study, which
was collected from 7 sites in the unified criteria using
2 brands of scanners, respectively, was advantageous for
the subtype mining task while naturally met the require-
ment of sample size. The whole dataset was further
divided into 2 parts, the discovery dataset and the vali-
dation dataset. The individuals in the discovery cohort,
SCZ-Siemens-Dataset, were recruited from 4 hospitals,
Peking University Sixth Hospital (PKU6, SIEMENS Trio
Trim 3T), Beijing Huilongguan Hospital (HLG, SIEMENS
Trio Trim 3T), Xijing Hospital (XIAN, SIEMENS Trio Trim
3T), and Henan Mental Hospital (XX_S, SIEMENS Verio
3T). The individuals in the validation cohort, SCZ-GE-
Dataset, were recruited from 3 hospitals, Henan Mental
Hospital (XX_G, GE Signa 3T), Renmin Hospital of Wuhan
University (WUHAN, GE Signa 3T), and Zhumadian Psy-
chiatric Hospital (ZMD, GE Signa 3T).

All the patients participating in this work were diag-
nosed based on the Diagnosis and Statistic Manual of
Mental Disorders, 4th edition text revision (DSM-IV-TR)
criteria by experienced psychiatrists using the Struc-
tured Clinical Interview for DSM-IV-TR Axis I Disorders,
Patient Edition (SCID-I/P). The positive and negative psy-
chotic symptoms of the patients were evaluated using
the PANSS by trained and experienced psychiatrists, and
only the patients with at least 3 of 7 positive items scored
higher than 4 and a total PANSS score more than 60
were recruited. Patients with other disorders, such as
schizoaffective disorder, mood disorders, cognitive dis-
orders, severe physical diseases, and alcohol or drug
dependence, were excluded from the study (Li, Zalesky, et
al. 2020). The HC were recruited according to the SCID-I,
Non-Patient Edition (SCID-I/NP), ensuring that they and
their first- and second-degree relatives had no history of
mental disorders. All protocols adopted in this work were
approved by the Medical Research Ethics Committees of
the local hospitals. Written informed consent was also
obtained from participants and/or their legal guardians.

A total of 1,055 participants (SCZ/HC = 534/521) with
gender, age, complete PANSS score information, and

high quality T1-weighted (T1w) images (see below) were
retained for subsequent analysis, including 673 subjects
(355 SCZ) in the discovery dataset and 382 subjects (179
SCZ) in the validation dataset. Please refer to Table 1 for
the detailed demographic and clinical information.

MRI acquisition and preprocessing
Similar scanning protocols were used for T1w images
across MR scanners and centers to avoid the introduction
of confounding factors. The T1w images were collected
with 192 sagittal slices on the SIEMENS scanners
and 188 sagittal slices on the GE scanners. Other
T1w scanning protocols were kept the same, with
matrix size = 256 × 256, resolution = 1 × 1mm2, slice
thickness = 1mm, and inversion time = 1,100 ms.

After screening the participants for those with
gender, age, and complete PANSS score information,
the T1w images of the retained individuals were
preprocessed using the extension toolkit of the SPM
software package, called the Computational Anatomy
Toolbox (CAT12; http://www.neuro.uni-jena.de/cat12/).
The detailed preprocessing steps include denoising,
intensity normalization, and linear and nonlinear
registration with the Montreal Neurological Institute
152-2009c (MNI152) template. During preprocessing,
subjects with a low image quality rating (<80%) were also
excluded. In total, 1,055 subjects (534 SCZ) were included
in the subsequent analysis (Table 1). To capture the
subtle neuroanatomical characteristics for stratification,
we extracted the TBM pattern for each participant,
which we calculated as the Jacobian determinant of
the deformation fields with respect to the nonlinear
registration of the individual to the standard tem-
plate. Biologically speaking, TBM describes the subject-
specific neuroanatomical characteristics, measuring
the degree of local tissue expansion or contraction of
subjects compared with the reference image used for
registration.

Individual-level atypical TBM brain patterns
To subtype the patients into meaningful subgroups with
disorder-related abnormalities after considering multiple
potential confounding factors, such as age and gender,
we calculated individual level W-score maps (La Joie
et al. 2012; Tetreault et al. 2020; Tremblay et al. 2020),
which reflect the voxel-wise neuroanatomical morpho-
metric deviations compared with the normative models
for each patient. Although we strictly implemented
uniform collection standards in the data collection
stage, considering the inherent multisite character of the
adopted dataset, we introduced the site information into
modeling as a confounding variable to further prevent
possible site-related unnecessary factors from affecting
the subsequent analysis. Specifically, we established the
voxel-wise normative model based on the HC using a
general linear model (GLM) with age, gender, and site as
covariates and with the TBM value of each voxel serving
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Fig. 1. Overview of the research scheme for SCZ subtype mining and analysis. (A) Five key questions concerned in this study. (B) The 3-step research
pipeline adopted in this study. In the section of “subtype analyses,” each content is colored according to the question it handles (please refer to
Supplementary Fig. S1 for a more detailed flow chart).

as the response variable:

YHC =GLM
(

Xage, Xgender, Xsite; β
) + RHC

=β0 + β1XHC
age + β2XHC

gender + β3XHC
site + RHC

whereYHC represents the TBM maps for the HC, β repre-
sents the parameters to be optimized, and RHC represents
the residuals extracted from the normative model for the
HC, which can be used to estimate the distribution of the
normal deviations for each voxel.

Then the individual atypical maps, also called W-score
maps, for the patients were calculated with the estab-
lished model as:

W = RSCZ

std
(
RHC

) =
(
YSCZ − GLM

(
XSCZ

age , XSCZ
gender, XSCZ

site ; β
))

std
(
RHC

)

where RSCZ represents the voxel-wise residuals for a given
patient, calculated as the residuals between the actual
TBM values and the predicted values from the estimated
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Table 1. Demographic and clinical characteristics of the used multiset dataset.

SCZ Dataset

SCZ-Siemens-Dataseta, n = 673 SCZ-GE-Datasetb, n = 382 SCZ-Datasetc, n = 1055 (673 + 382)

Controls Patients Controls Patients Controls Patients

N 318 355 203 179 521 534
Age, mean years (SD) 27.77 (6.77) 27.53 (7.25) 28.73 (7.46) 28.43 (7.29) 28.15 (7.05) 27.83 (7.27)
Female, n (%) 150 (47.17) 175 (49.30) 112 (55.17) 93 (51.96) 262 (50.29) 268 (50.19)
Education, mean years (SD) 13.38 (3.46) 11.73 (3.81) 13.64 (3.39) 9.76 (3.74) 13.48 (3.43) 11.07 (3.90)
Duration of illness, mean months
(min–max)

N/A 47.69 (0–288) N/A 54.64 (1–310) N/A 49.97 (0–310)

Chlorpromazine-equivalent dose (mg)
per day, mean (SD)

N/A 415.53 (211.99) N/A 384.51 (197.05) N/A 407.93 (208.53)

PANSS total score, mean score (SD) N/A 82.14 (11.91) N/A 88.58 (11.76) N/A 84.30 (12.23)
Subscale score of positive symptoms N/A 23.95 (4.15) N/A 24.66 (4.17) N/A 24.19 (4.17)
Subscale score of negative symptoms N/A 19.21 (5.93) N/A 22.04 (5.95) N/A 20.16 (6.08)
Subscale score of general symptoms N/A 38.98 (7.13) N/A 41.87 (6.64) N/A 39.95 (7.09)

aSCZ-Siemens-Dataset, the discovery dataset for subtype mining.bSCZ-GE-Dataset, the validation dataset used to verify the clustering result.cSCZ-Dataset,
combined the SCZ-Siemens-Dataset and SCZ-GE-Dataset for subsequent verification analysis.

GLM model derived using the HC data, and std
(
RHC

)

represents the standard deviation of the obtained resid-
uals from the HC. In this way, the W-score map of a
given patient depicts the degree to which their voxel-
wise TBM values deviate from the normal deviations
(expected values) estimated from the healthy population.

Subtype mining with sparse k-means clustering
To obtain robust and cluster-friendly low-dimensional
features, we performed an a priori atlas-based dimen-
sionality reduction method to extract the average W-
score value for each region, termed the regional W-score.
The 273-region version of the Brainnetome Atlas (Fan
et al. 2016) was adopted to extract a 273-dimensional
feature vector for each patient. Based on the hypothesis
that the morphological abnormalities of the underlying
subtypes may only appear in some brain regions, we
used sparse k-means clustering (Witten and Tibshirani
2010; Zhang et al. 2020) to simultaneously identify the
subtypes as well as the corresponding salient features
for clustering. Unlike the general clustering algorithms,
which directly optimize the distance within or between
clusters in the whole feature space, sparse k-means clus-
tering takes maximizing the weighted between-cluster
sum of squares (BCSS) as the objective function. The
BCSS can be calculated by subtracting the within-cluster
sum of squares (WCSS) from the total sum of squares
(TSS):

maximize
C1,C2,...,CK,w

⎧⎨
⎩

m∑
d=1

wd

⎛
⎝1

n

n∑
i=1

n∑
j=1

fi,j,d −
K∑

k=1

1
nk

∑
i,j∈Ck

fi,j,d

⎞
⎠

⎫⎬
⎭

s.t.‖w‖2 ≤ 1, ‖w‖1 ≤ s, wd ≥ 0∀d

where w is the weight vector that needs to be optimized,
has the same dimension (m = 273) as the input, and
quantifies the salience of each input feature for the
clustering process. Ck denotes the nk samples within the

kth cluster, and fi,j,d denotes the square of the distance
between samples i and j along the dth feature. Simply, the
first term in the formula represents the TSS of the dth

feature, and the second term represents the WCSS. Utiliz-
ing sparse k-means clustering guarantees the sparsity of
the selected features by imposing L1 and L2 constraints
on the weight vector w where the hyperparameter s
denoting the sparse level of the selected features. The
objective function was solved in an iterative manner
(Witten and Tibshirani 2010). The hyperparameter s was
determined by the gap statistic measurement produced
by a permutation approach (Witten and Tibshirani 2010).
Specifically, for each candidate value of s (ranged from
2 to 15 with length setting to 50 in this study), we per-
mutated the features 1 by 1 for 100 times and the gap
statistic value was calculated as the difference between
the real objective function value and the mean value of
the objective function values with 100 times permuta-
tion. The hyperparameter s with the highest gap statistic
was chosen finally. And the optimal cluster number was
determined by commonly used criteria: the Calinski-
Harabasz index (Caliński and Harabasz 1974) and the
silhouette coefficient (Rousseeuw 1987).

Subtype discovery and validation
Normative model estimation, individual-level W-score
map calculation, and sparse clustering were carried out
sequentially using the discovery dataset, SCZ-Siemens-
Dataset. We then repeated the above steps using the SCZ-
GE-Dataset to verify the identified subtypes. In addition,
we adopted 2 other grouping strategies to further validate
the stability of the subtyping result: 1) We stratified the
patients in the whole SCZ-Dataset, that is, we merged the
SCZ-Siemens-Dataset with the SCZ-GE-Dataset. This is
referred to as merged clustering below. 2) We stratified
the patients in the SCZ-Dataset using a leave-one-site-
out procedure. Based on the correlations between the
weight vectors of the sparse k-means clustering, which
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represents the saliency of the features identified by the
clustering process, the stability of the subtyping results
was measured under the different data division strate-
gies.

To further test the generalization of the regional W-
scores extracted using different normative models for
identifying the subtypes, we trained and tested the radial
basis function kernel based support vector machine (rbf-
SVM) classifiers with the features and labels obtained
from the training dataset and the testing dataset
independently. We particularly focused on the cross-
manufacturer generalization of the subtype classifiers.
Specifically, we 1) trained using the patients in the SCZ-
Siemens-Dataset and tested using the patients in the
SCZ-GE-Dataset, and 2) then reversed the training and
testing datasets. The hyperparameters of each SVM
classifier were determined by grid searching with 5-fold
cross-validation in the corresponding training dataset.

Statistical analysis
To visualize the voxel-wise abnormal neuroanatomical
pattern of the gray matter area for each subtype relative
to the HC, 2-sample t-tests were applied to the TBM maps,
with age, gender, and site as covariates and group as
a between-group factor. The false discovery rate (FDR)
was set to 0.05 for 5,000 permutations of threshold-free
cluster enhancement (TFCE) (Winkler et al. 2016; Yan
et al. 2016; Chen et al. 2018). We also explored the dif-
ference pattern between the identified subtypes using
the same settings for the subsequent analysis of its
relationship with the heterogeneity of clinical symptoms.
In addition, the demographic and clinical characteristic
differences between the subtypes were evaluated using 2
tailed 2-sample t-tests or chi-square tests. In detail, age,
years of education, duration of illness, dosage of antipsy-
chotic medications, and PANSS scores were compared
with 2-sample t-tests; gender ratio was compared with
a chi-square test.

Establishing the relationship between
neuroanatomical heterogeneity and clinical
heterogeneity using a neuroimaging–clinic
association analysis
To further explain how the heterogeneity of the pattern
between the discovered subtypes contributes to the
heterogeneous clinical symptoms, we utilized partial
least-squares correlation (PLSC) analysis (Krishnan
et al. 2011; Kebets et al. 2019; Kirschner et al. 2020) to
establish the relationship between the PANSS scores
and the discrepant pattern between the discovered
subtypes. To avoid overfitting, only the voxels located
in regions with significant differences between the
subtypes and significantly correlated with at least one
item of the PANSS scores (pFDR< 0.05) were retained to
enter the subsequent analysis. The W-score maps of
the reserved voxels constituted the symptom-related
W-score maps for each patient. Then the individual-
level PANSS profiles and the obtained symptom-related

W-score maps were taken as the input variables in
the PLSC. By considering multiple linear combination
patterns for both kinds of input, PLSC can obtain multiple
pair-wise latent components (LCs). The core function of
PLSC is to optimize the weighted combination patterns
to obtain pair-wise latent variables (one for the PANSS
profiles and the other for the symptom-related W-score
maps) with the maximal covariance. After identifying
the LCs using this data-driven approach, we calculated
the P values for the LCs using a permutation test (we
randomly shuffled the order of the PANSS scores among
the patients constrained by subtype, 1,000 permutations
(Kebets et al. 2019)) to pick the significant LCs after the
correction for multiple comparisons (pFDR< 0.05).

For each significant LC, we calculated the voxel load-
ings by measuring the Pearson’s correlations between the
symptom-related W-score maps and the corresponding
latent variable driven by the W maps. Using a similar
procedure, we can also get the PANSS loadings for each
significant LC. These loadings measure the contribu-
tion of each voxel/item to the corresponding compo-
nent. Bootstrap resampling, a nonparametric method,
was adopted to estimate the reliability of these contri-
bution patterns using 1,000 repetitions of sampling with
replacement from the paired inputs. Then the bootstrap
ratios, expressed as Z scores, were calculated as the
ratio of the loading coefficient of each voxel/item to its
bootstrap-estimated standard error. Then, the Z scores
were converted to P values to correct for multiple com-
parisons (pFDR < 0.05). In addition, we conducted 1,000
times 5-fold cross validation to verify the generalizability
of the identified significant components and avoid the
bias caused by data division.

Exploring the potential underlying gene-level
heterogeneity of the identified subtypes by
neuroimaging–transcription association analysis
Next, we explored the potential mechanism underlying
the divergence of the mined subtypes (measured with
a regional t statistic map; see below) using the Allen
Human Brain Atlas (AHBA, https://human.brain-map.
org) transcriptomes dataset (Hawrylycz et al. 2012). The
regional microarray expression data, provided by AHBA,
were obtained from the postmortem brains of 6 donors
(1 female, ages range from 24 to 57). We used the abagen
toolbox (version 0.1.1; https://github.com/rmarkello/
abagen) to preprocess the gene expression data and
map them to the Brainnetome Atlas (273-ROI version)
(Fan et al. 2016), which includes 210 cortical regions, 36
subcortical regions, and 27 cerebellar regions. Utilizing
the data provided by Arnatkeviciute et al. (2019), we
first reannotated the microarray probes. Probes without
a valid Entrez ID or with an intensity less than the
background in more than half of the samples were
removed (Quackenbush 2002), retaining 31,569 probes.
Also, when multiple probes indexed the expression of
the same gene, we only maintained the probe with the
highest consistent pattern of regional variation across
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the donors utilizing an index of differential stability
(Hawrylycz et al. 2015). Next, samples were assigned
to the corresponding brain regions in which their MNI
coordinates were located. The samples not assigned
to any brain region were discarded. To map the gene
expression data to brain regions more accurately, 2
additional operations were taken: 1) update the MNI
coordinates of the tissue samples using the nonlinear
registration in the advanced normalization tools and 2)
constrain the sample-to-region matching by hemisphere
and gross structural divisions (i.e. cortex, subcortex,
and cerebellum) (Arnatkeviciute et al. 2019). Then,
normalization was performed separately for the tissue
samples within distinct structural brain structures (i.e.
cortex, subcortex, cerebellum) using the robust sigmoid
function (Fulcher et al. 2013) and the unit-interval rescale
operation. Finally, by averaging the expression values of
samples assigned to the same region in each donor and
then across donors, a regional expression matrix with
257 rows (the brain regions in which at least 1 probe
was directly located) and 15,605 columns (the remaining
genes) was obtained.

A 2-sample t-test was performed between the discov-
ered 2 subtypes with the regional TBM features extracted
using the 273-ROI version of the Brainnetome Atlas and
regressing out the age, gender, and site covariates. And
then partial least-squares regression (PLSR) was applied
to evaluate the relationship between the regional TBM
discrepant pattern and the regional gene expression
pattern (Whitaker et al. 2016; Morgan et al. 2019). Only
the 257 ROIs that had transcriptional level values were
retained to enter the association analysis in which the
regional gene expression values served as the predictor
variables and the t statistics from the 2-sample t-test of
the regional TBM features of the 2 subtypes served as
the response variables. Similar to PLSC, PLSR extracted
multiple LCs with different linear combination patterns
of the gene expression values. A permutation test was
performed 1,000 times to test the statistical significance
of the LCs, and bootstrap resampling (1,000 times) was
adopted to calculate the Z scores, which were used to
estimate the confidence interval for the correlations
between each gene and the corresponding LC from the
neuroimaging–transcription association analysis. The
genes with Z > 3 or Z <−3 for a statistically significant
LC, which explained the greatest percentage of variance
in the response variables, were retained for further Gene
Ontology (GO) biological process and Kyoto Encyclopedia
of Genes and Genomes (KEEG) pathway enrichment
analysis with the efficient tool, Metascape (https://
metascape.org/) (Zhou et al. 2019).

Results
Subtype discovery and validation
Using the SCZ-Siemens-Dataset as the discovery set, we
first estimated normative models with 318 HC taking

the attributions of age, gender, and site factors into con-
sideration, and then calculated the voxel-wise atypical
patterns of TBM based on the normative models, also
termed as the W-score maps (La Joie et al. 2012; Tetreault
et al. 2020; Tremblay et al. 2020), to describe the disease-
related local deformation and volume changes for each
of the 355 patients (see Methods for details). To obtain
more robust features and improve the efficiency of the
subsequent clustering algorithm, an atlas-based feature
dimensionality reduction was performed based on the
Brainnetome Atlas to obtain the regional abnormal pat-
terns for each individual (Fig. 2A). The Pearson’s correla-
tion coefficients of the regional W-score profiles between
pairwise subjects of patients (each row in Fig. 2A repre-
sents a regional W-score profile for a specific subject)
ranged from −0.58 to 0.97, with a mean value of 0.02
± 0.14, which implied that there is strong heterogeneity
in the neuroanatomical abnormal patterns of patients
with SCZ.

Based on the hypothesis that anatomical heterogene-
ity may only exist in a subset of regions across the whole
brain, we used the sparse k-means clustering algorithm
(Witten and Tibshirani 2010) with the regional W-score
map as input to stratify the patients. More generally,
different features were given different weights in the
clustering process, so that the identified subtypes had
the greatest distance between classes in weighted feature
space (see Methods for details). The number of clusters
was searched from 2 to 10 with a step size of 1. Both the
Calinski-Harabasz index and the silhouette coefficient
pointed to 2 as the optimal number of clusters (Fig. 2B).
The weight vector provided by the sparse k-means clus-
tering under this option is shown as Fig. 2C and indicated
that the abnormal patterns of the cerebellum, subcor-
tical nuclei, prefrontal lobe, and temporal lobe differed
between the identified 2 subtypes. The reordered regional
W-score profiles also verified these different patterns to
a certain extent (Fig. 2D).

To test the replicability of the above results, we
repeated the above subtype mining process on an
independent validation dataset, the SCZ-GE-Dataset,
for which the T1w images were scanned with GE
scanners instead of Siemens scanners. All steps, from
the normative model establishment to clustering, were
performed independently in this validation dataset. As
expected, the results were similar to that of the discovery
dataset (Supplementary Fig. S2).

Subtype identification benefits from using a large-
scale dataset (Woo et al. 2017). Therefore, we merged
the discovery dataset and the validation dataset to form
a relatively larger merged dataset, termed the SCZ-
Dataset, and explored whether the subtyping results
were stable under multiple data partitioning strategies:
1) We directly used the merged SCZ-Dataset, which
contained 7 sites. 2) We used the leave-one-site-out
strategy from the SCZ-Dataset, that is, we only used
the data from 6 out of 7 sites in each round. After
modifying the number of categories in the categorical

D
ow

nloaded from
 https://academ

ic.oup.com
/cercor/advance-article/doi/10.1093/cercor/bhac301/6675350 by N

STL N
on-Subscriber M

em
ber Adm

in C
enter user on 26 August 2022

https://metascape.org/
https://metascape.org/
https://academic.oup.com/cercor/article-lookup/doi/10.1093/cercor/bhac301#supplementary-data


8 | Cerebral Cortex, 2022

Fig. 2. Discovery of the subtypes using the discovery dataset. (A) Individual-level regional W-score maps. The vertical axis represents patients with SCZ
(n = 355, in the SCZ-Siemens-dataset), and the horizontal axis represents brain regions (n = 273, in the Brainnetome atlas). (B) Line graph of the Calinski-
Harabasz index and the silhouette coefficient with the number of clusters set from 2 to 10. The blue line represents the Calinski-Harabasz index, and
the magenta line represents the silhouette coefficient. (C) Using sparse k-means clustering (k = 2), the weight vector used in the clustering was obtained
(see Methods for details). It indicates the salience of the input features for the clustering process. (D) Based on the labels obtained from clustering, we
rearranged the individual-level regional W-score map according to their subtype categories. SFG, superior frontal gyrus; MFG, middle frontal gyrus; IFG,
inferior frontal gyrus; OrG, orbital gyrus; PrG, precentral gyrus; PCL, paracentral lobule; STG, superior temporal gyrus; MTG, middle temporal gyrus; ITG,
inferior temporal gyrus; FuG, fusiform gyrus; PhG, parahippocampal gyrus; pSTS, posterior superior temporal sulcus; SPL, superior parietal lobule; IPL,
inferior parietal lobule; PCun, precuneus; PoG, postcentral gyrus; INS, insular gyrus; CG, cingulate gyrus; MVOcC, medioventral occipital cortex; LOcC,
lateral occipital cortex; Amyg, amygdala; Hipp, hippocampus; BG, basal ganglia; Tha, thalamus; CB, cerebellum.

variable “sites” used in the normative model estimation,
in each round we repeated the above subtyping process
for the corresponding dataset. The Pearson’s correlations

between the weight vectors obtained from each round
were all over 0.94 (Fig. 3A), representing the high stability
of the subtyping result. Additionally, the overlap between
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the cluster labels obtained by the merged clustering
(using the merged SCZ-Dataset) and the labels obtained
by the independent clustering (using SCZ-Siemens-
Dataset and SCZ-GE-Dataset independently) was 94.6%,
of which 240 subjects were consistently identified as sub-
type 1 with the 2 clustering processes, and 265 subjects
were consistently identified as subtypes 2 (Fig. 3B). These
results further showed that the cluster label for each
individual is quite consistent under different dataset
division strategies. Also, experiments with different
methods to control the site effects (Pomponio et al. 2020;
Chen et al. 2022) and to estimate normative models
(Wolfers et al. 2018) had been conducted to further verify
the results of stratification (Supplementary Table S1-S2).

We further explored whether the subtypes could be
generalized across the individual-level regional W-score
maps, which were extracted from the normative models
estimated using different healthy cohorts, a process
which is essential for clinical practice (Fig. 3C). We first
used the patients in the discovery dataset to form the
training set and took the patients in the validation
dataset as the testing set. The individual features were
extracted from the normative models estimated for each
set independently. The classification accuracy of the
testing set was 84.92% with permutation P < 0.001. Then,
the training set and testing set were reversed and the
above process was repeated. The classification accuracy
was 83.66% with permutation P < 0.001.

Overall, the 2 subtypes identified in the discovery
dataset were not only replicable in the validation
dataset but also stably identifiable in larger datasets
formed using multiple types of dataset divisions. The
distributions of the subtypes in each site under the
representative data partitioning strategies (independent
clustering and the merged clustering) were shown in
Fig. 3D–F. Further, the high generalization of the subtyp-
ing model offered possibilities for its clinical application.
After verifying the stability and the generalization of the
identified subtypes, the subsequent analyses reported in
these main text mainly focused on the results obtained
from the merged dataset (SCZ-Dataset) unless otherwise
specified; this helped to provide the W-score maps for
each patient using the same normative model as well as
to avoid confusion about the used subtype label and to
enhance the statistical power in subsequent analyses.

Abnormal patterns of the 2 identified subtypes
Next, to depict the group-level abnormal patterns of the
2 subtypes, we performed a voxel-wise 2-sample t-test
comparing the TBM values of the 2 subtypes with HC.
As expected, the abnormal neuroanatomical patterns of
each subtype were highly consistent across the discov-
ery dataset (Supplementary Fig. S4A), validation dataset
(Supplementary Fig. S4B), and the merged SCZ dataset
(Fig. 4).

Compared with the healthy cohort, both subtypes
showed widely distributed significantly lower TBM
values in the ventral caudate and cortical areas, such as

the superior frontal gyrus, middle front gyrus, cingulate
gyrus, superior temporal gyrus, fusiform, and insular
gyrus (Fig. 4; P < 0.05, TFCE correction). However, the
degree of the anomaly was not exactly the same. For
example, patients with Subtype 1 had significantly
lower TBM values in parts of the superior and middle
frontal lobe compared with patients with Subtype 2,
and Subtype 2 had significantly lower TBM values in
parts of the middle temporal gyrus (Supplementary
Fig. S5). These lower TBM values indicated more severe
tissue loss in the corresponding area. Also, pronouncedly
different abnormal patterns existed in the subcortical
areas. Subtype 1 showed significantly higher TBM values
in the globus pallidus and putamen and lower TBM
values in a small number of subregions of the amygdala,
hippocampus, and thalamus. In contrast, the TBM values
for Subtype 2 were normal in the globus pallidus and
putamen, but the abnormal patterns in the amygdala,
hippocampus, and thalamus were more widespread and
serious compared with Subtype 1 (Supplementary Fig.
S5). What is more, compared with the normal cohort,
Subtype 1 exhibited broad and significantly increased
TBM values in the cerebellum, whereas Subtype 2
was just the opposite. This finding provides a direct
explanation for previous inconsistent results about
the abnormal patterns in the cerebellum of patients
with SCZ.

Statistical analyses of demographic and clinical
characteristics
As Table 2 showed, there was no significant difference
in age, gender, education level, illness duration, or the
dosage of antipsychotic medications between the 2 sub-
types. In terms of the PANSS scores, Subtype 2 had a
worse subscale score on the negative symptoms (P =
0.013) and the total PANSS scores (P = 0.038) compared
to Subtype 1 after controlling for the effects of age, gen-
der, and site. However, when controlling for the effects
of age and gender only or not at all, the difference in
total score between the 2 subtypes was not significant
(P = 0.101, 0.110, respectively), but the difference in the
subscale score of negative symptoms was stably sig-
nificant (P = 0.032, 0.029, respectively; for more details,
please see Supplementary Table S4).

Many studies have conducted factor analyses of
the PANSS scores, but the results of the negative
factors defined in these studies were not consistent.
Therefore, we selected 2 additional factor models, the
4-factor model defined by Chen, Patil, et al. (2020)
based on large international data and the 5-factor
model defined by Lindenmayer et al. (1994) (Sup-
plementary Table S3) and found that the subtypes
differed significantly in both subscale scores of these
different definitions of negative symptoms (P = 0.011,
0.010, respectively; refer to Supplementary Table S4 for
more details).
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Fig. 3. Stability analysis of the clustering results with different dataset splitting strategies. (A) Heatmap of the pairwise correction of weight vectors
obtained from each round of the experiment. Siemens, GE, and ALL refer to the dataset (discovery dataset, validation dataset, and the merged dataset,
respectively) used to perform the clustering. \SITE denotes which specific site was left out. For example, \PKU_6 indicates that the data collected from
PKU_6 was excluded from the merged SCZ dataset. (B) The confusion matrix was used to assess the consistency (overlap) of the individual subtype
labels under the 2 strategies, i.e. the merged clustering and independent clustering. (C) Generalization of the subtypes across the discovery dataset and
the validation dataset. (D) The distribution of the subtypes in each of the 4 sites using scanners of Siemens (label obtained using independent clustering
within the discovery dataset). (E) The distribution of the subtypes in each of the 3 sites using scanners of GE (label obtained using independent clustering
within the validation dataset). (F) The distribution of the subtypes in each of the 7 sites (label obtained using merged clustering within the merged SCZ
dataset).

Distinct abnormal patterns linked by latent
dimensions identified by clinical profile
As the organization of PANSS scores is varied in different
studies (Kay et al. 1987; Lindenmayer et al. 1994;
Marder and Galderisi 2017; Chen, Patil, et al. 2020),
we next considered whether we could establish the

mapping relationship directly between the detailed
assessed symptoms and the abnormal patterns, a
process which could provide a direct explanation about
how these heterogenous abnormal patterns between
the 2 subtypes could give rise to the heterogenous
clinical phenotypes on a detailed scale. To this end, we
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Fig. 4. Voxel-wise atypical TBM patterns (t value of 2-sample t-tests) in gray matter regions of the identified subtypes with pTFCE < 0.05 (also see
Supplementary Fig. S6 for the results with a more stringent pTFCE < 0.01). (A) Abnormal patterns of subtype 1. (B) Abnormal patterns of subtype 2.

Table 2. Statistical comparison of the demographic and clinical profiles of SCZ subtypes 1 and 2.

Subtype 1 (n = 259) Subtype 2 (n = 275) Subtype 1 vs. Subtype 2

Age, mean years (SD) 28.16 (7.27) 27.52 (7.24) t-stat = 1.028, df = 532, P = 0.305
Female, n (%) 130 (50.19) 138 (50.18) chi2stat = 0.007, df = 1, P = 0.933
Education, mean years (SD) 10.94 (3.93) 11.19 (3.85) t-stat = −0.744, df = 530, P = 0.457
Duration of illness, mean months (SD) 48.62 (54.80) 51.24 (54.97) t-stat = −0.546, df = 525, P = 0.585
Chlorpromazine-equivalent dose (mg) per day, mean (SD) 399.65 (206.07) 415.77 (209.83) t-stat = −0.658, df = 288, P = 0.511
PANSS total score, mean score (SD) 83.42 (11.05) 85.12 (13.18) t-stat = −2.083, df = 532, P = 0.038∗

Subscale score of positive symptoms 24.32 (3.84) 24.07 (4.45) t-stat = 0.342, df = 532, P = 0.732
Subscale score of negative symptoms 19.57 (5.94) 20.72 (6.15) t-stat = −2.494, df = 532, P = 0.013∗

Subscale score of general symptoms 39.54 (6.51) 40.33 (7.57) t-stat = −1.715, df = 532, P = 0.087

used PLSC to extract the shared information between
the neuroimaging features and clinical symptoms. For
the neuroanatomical features, we retained the W-
score of the voxels that were significantly different
between the 2 subtypes (2-sample t-test, P < 0.05, TFCE
correction; Supplementary Fig. S5C) and were correlated
with at least 1 of the 30 items of the PANSS scores
(Pearson correlation, P < 0.05) to form symptom-related
heterogenous W-score maps. For the PANSS score, we
regressed the effects of age, gender, and site. We have
mainly focused on the results derived from this analysis
in the main text. Similar results were also derived if we
only controlled for age and gender, or for nothing, please
refer to Supplementary Figs. S7 and S8.

Taking the symptom-related heterogenous W-score
maps and PANSS scores as the 2 input variables, the first
LC (LC-1), which accounted for 39.26% of the covariance,
was the only statistically significant component surviv-
ing after FDR correction (permuted P < 0.001). For LC-1,
the loadings of the PANSS scores and symptom-related
heterogenous W-score maps were calculated as their
correlation with LC-1. The significance (stability) of the
loading of each item was estimated by bootstrapping
1000 times. Setting the P value at 0.05 after FDR
correction, the statistically significant W-map loadings
are shown in Fig. 5A, with most of the heterogeneous
regions, including the cerebellum, thalamus, caudal
hippocampus, medial amygdala, ventromedial putamen,
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and middle temporal gyrus positively correlated with
LC-1 but some subregions of both the prefrontal lobe
and orbital gyrus negatively correlated with it. The
loadings for the 30 items in the PANSS are shown in
Fig. 5B. Consistently, the top 5 items with the highest
contribution to LC-1 were all negative symptoms and
their loadings (r values) were all less than −0.65. The
correlation between the compressed W-score maps and
the PANSS scores was 0.26 (Fig. 5C). In addition, the
median correlation generated by the 1,000 times 5-fold
cross-validation was 0.15, with a permuted P = 0.004.
Additional experiments have also been made to test the
generalization of PLSC by taking the discovery dataset
and validation dataset as training set and testing set,
respectively (Supplementary Figs. S9–S11).

Based on the definition of PANSS or by regrouping the
30 symptom items according to 2 other decomposition
models, i.e. the 4-factor model provided by Chen, Patil,
et al. (2020) and the 5-factor model provided by Linden-
mayer et al. (1994), the loading values of the negative
symptoms were significantly different from those of the
other categories to some extent (Fig. 5D–F). This finding
further explained the conclusion that there was a sig-
nificant difference in the subscale score of the negative
symptoms between the 2 subtypes according to the uni-
variate statistical analysis.

Potential biological heterogeneity factors
underlying the discrepant patterns between
subtypes
Since the heterogeneity of the neuroanatomical pattern
could partially reflect the heterogeneity in clinical
symptoms, we wondered whether it had the potential
to imply the heterogeneity in transcriptomes. To answer
this question, we used the AHBA transcriptomes dataset
(Hawrylycz et al. 2012) to obtain a regional expression
matrix (257 regions × 15,605 gene expression levels),
from which a PLSR was used to extract the compo-
nents that had predictive power for the heterogeneous
abnormal patterns (statistical t-value map between
subtypes) for corresponding regions. The genetic LC
(gLC) showing the highest correlation with the statistical
t-value map (r = 0.49; permuted P < 0.001) accounted
for 24% of the variance (permuted P < 0.001) of the
statistical neuroanatomical patterns (Fig. 6A). And the
verification of the generalization for PLSR could be found
in Supplementary Fig. S12.

To explore the potential heterogeneity of gene expres-
sion suggested by the anatomical heterogeneity, we first
identified the genes of the gLC whose expression val-
ues were associated with the neuroanatomical hetero-
geneous spatial patterns. By estimating the normalized
weights (Z score) for each gene by bootstrap resampling
1,000 times, we found that there were 1201 negatively
weighted genes with normalized weights Z < −3, termed
the n-gLC gene set, and 737 positively weighted genes
with normalized weights Z > 3, termed the p-gLC gene
set (Fig. 6B). Then the GO biological processes and KEEG

pathways enrichment analysis were applied to these 2
gene lists.

For the n-gLC gene set, the top 10 significant terms
of the GO biological process enrichment analysis
(all P < 0.01 after Banjamini-Hochberg correction) are
shown in Fig. 6C and involve a number of commonly
reported risk terms for SCZ, such as “chemical synaptic
transmission” and “head development” (Chang et al.
2017; Morgan et al. 2019; Tian et al. 2018). There were
7 significant KEEG pathways associated with the n-gLC
(Fig. 6D), some of which had also been regarded as risk
factors, such as “oxytocin signaling pathway” and “Rap1
signaling pathway” (Huang et al. 2019; Qin et al. 2020;
Zhu et al. 2021). Excitingly, we found that the n-gLC gene
list was also significantly enriched in “neurodevelop-
mental disorders” and “mental disorders” (all P < 0.01
after Banjamini-Hochberg correction) according to the
ontology enrichment of the DisGeNet category. For the
p-gLC gene set, after controlling the false discovery rate
with a Banjamini-Hochberg correction of 0.01, only 2
statistically significant GO biological process terms were
retained: “histone modification” (Girdhar et al. 2018)
and “DNA repair” (Markkanen et al. 2016). These results
prospectively suggest that these discovered terms may
also be heterogeneous in SCZ.

Discussion
In this study, in order to alleviate the substantial het-
erogeneity problem of SCZ under the current nosology,
we tried to subtype patients with a diagnosis of SCZ into
more homogeneous neuroanatomical subgroups using
multisite large-scale neuroimaging datasets scanned
with 2 MRI scanner manufacturers using unified stan-
dards. Using this approach is conducive to reducing
confounding factors, such as scanning parameters,
that are unrelated to the disease and may confuse the
subtyping results. In the scheme that we employed, 2
clinically relevant subtypes with differences in negative
symptoms were identified purely on the basis of their
heterogenous neuroanatomically abnormal TBM pat-
terns, which were neglected in past stratification studies
of SCZ. The abnormal neuroanatomical patterns for the 2
subtypes were stable across the discovery and validation
datasets, as well as when using multiple different data
sampling strategies, i.e. merging the discovery and
validation dataset, and the leave-one-site-out approach.
Most notably, by using data-driven approaches, we
established a multivariate mapping relationship between
neuroanatomical heterogeneity and clinical heterogene-
ity, that accounted for the difference in the subscale
score of the negative symptoms between subtypes
found using univariate statistical approaches. Also,
the neuroimaging–transcription association analysis
provided clues about the potential heterogeneity risk
factors between the 2 subtypes at the gene expression
level, and the enrichment results supported their clinical
differences.
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Fig. 5. Mapping relationship between the discrepant pattern and the heterogenous clinical symptoms (PANSS) of the discovered subtypes. (A) The voxel-
wise loadings (r values) of the symptom-related heterogenous W-score maps, calculated as the correlation with the LC-1 compressed W-score. After
bootstrapping and FDR correction, only the statistically significant loads are shown. (B) The loadings (r value) of each item of the PANSS for LC-1. The
colored bars represent items with P values <0.05 after FDR correction. (C) Correlation between the LC-1 compressed W-score and the LC-1 compressed
PANSS score in patients with SCZ. (D-F) Wilcoxon rank sum test of the loading differences of different factors under 3 organizational models: (D) the
original 3-category organization of PANSS; (E) the 4-factor model proposed by Chen, Patil, et al. (2020); (F) the 5-factor model proposed by Lindenmayer
et al. (1994). ∗ represents a statistically significant difference with P < 0.05, ∗∗ represents P < 0.01, and ∗∗∗ represents P < 0.001.

Compared with the HC, distributed lower TBM values
across cortical regions were found in both subtype 1
and subtype 2 and were mainly concentrated in some
widely reported abnormal volume loss areas (Gupta et al.
2015), such as the superior frontal gyrus, middle frontal
gyrus, cingulate gyrus, superior temporal gyrus, fusiform,
and insular gyrus. However, our results revealed more
subtle differences between subtypes, which suggested
subtle heterogeneous patterns within these areas. In
addition, the 2 subtypes showed significantly different

abnormal patterns in the subcortical nuclei. For example,
significantly higher TBM values in the globus pallidus
and putamen were detected in Subtype 1, but not in
Subtype 2. Consistent with this, a previous study found
that enlargement of the basal ganglia only appeared
in a subgroup of patients (Chand et al. 2020), and
the heterogeneity of SCZ-related dysfunction of the
striatum was suggested to be predictive of antipsychotic
treatment response (Li, Zalesky, et al. 2020), implying the
potential value of the subtypes identified in this study
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Fig. 6. Neuroimaging–transcription association analysis for the identified SCZ subtypes. (A) Correlation map of the regional statistical difference values
(t value) and the gLC scores, which were formulated as the weighted sum of the regional gene expression values. (B) Distribution histogram of the
normalized weights Z for 15,605 genes. We integrated the genes with Z < −3 into the n-gLC gene set and the genes with Z > 3 into the p-gLC gene set.
(C) The top 10 potentially heterogeneous enrichment terms of the GO biological process for the n-gLC gene set. (D) The statistically significant terms of
the KEEG enrichment analysis for the n-gLC gene set.

for clinical antipsychotic treatment. More interestingly,
in the cerebellar region, the 2 subtypes showed opposite
abnormal patterns with tissue expansion in subtype
1 but tissue loss in subtype 2. The cerebellar tissue
loss of subtype 2 may be related to Purkinje cell loss
(Weinberger et al. 1980). Previous studies reported
inconsistent findings with respect to the pattern of
abnormalities in the cerebellum. Gupta et al. (2015)
performed an international mega-analysis and found
greater gray matter concentrations with source-based
morphometry analyses. Similar findings were also
found in first-episode SCZ (Sheng et al. 2013; Li, Liu,
et al. 2020). Conversely, some studies have reported a
reduction in gray matter volume in the cerebellar region
(Chua et al. 2007; Tanskanen et al. 2010; Wolfers et al.
2018). Our findings can explain these confusing and
inconsistent findings: some biomarkers may only be
found in a subset of individuals with SCZ.

It is important to emphasize that compared with
Subtype 1, Subtype 2 exhibited more severe negative
symptoms. Negative symptoms associated with poor
real-life functioning have been conceptualized as core
characteristics of SCZ (Marder and Galderisi 2017) and
are always accompanied by poor clinical outcomes
(Marder and Galderisi 2017; Galderisi et al. 2018;

Strauss et al. 2018). Excitingly, Brady et al. (2019) reduced
the negative symptoms of some patients by using cere-
bellar rTMS, but some patients did not respond to this
treatment (Cao and Cannon 2019). Since the identified
subtypes showed different abnormal patterns in the
cerebellum, it is worth exploring whether this difference
in treatment response is associated with the subtypes.
Although statistical analyses of the subscale score of
negative symptoms have been widely used, this approach
may hinder us from revealing detailed information as
the definition of negative symptoms remains unclear
(Marder and Galderisi 2017). Therefore, we used a data-
driven approach to extract latent dimensions related to
the different abnormal patterns between the identified
subtypes from all the clinical symptoms (assessed with
PANSS). We also extracted a LC that can account for
39.26% of the covariance between the neuroanatomical
heterogeneity and the clinical heterogeneity, enabling
the establishment of a detailed mapping relationship.
More boldly, this LC may correspond to some neural
substrates that account for a portion of the clinical
heterogeneity. Additionally, the top 5 clinical symptoms
that made the highest contribution to the LC were
in line with the recent consensus of the 5 constructs
definition of negative symptoms, i.e. blunted affect (rated
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by “blunted affect” in PANSS), alogia (rated by “lack
of spontaneity and flow of conversation” in PANSS),
anhedonia (not included in PANSS), asociality (rated by
“poor rapport” and “passive/apathetic social withdrawal”
in PANSS), and avolition (rated by “emotional withdrawal”
in PANSS) (Kirkpatrick et al. 2006; Marder and Galderisi
2017). This result not only confirmed our findings but
also provided us with a new perspective for defining
negative symptoms using underlying neurobiological
information.

Using the AHBA microarray dataset (Hawrylycz et al.
2012), we extracted LC that correlated with the spa-
tial pattern of the differential TBM between the iden-
tified subtypes. Through enrichment analysis with the
identified genes, we found multiple terms pertaining to
the GO biological processes and KEEG pathways. In the
enrichment results, we identified some risk biological
processes of SCZ that had been reported in previous
studies, such as “chemical synaptic transmission” (Ji et al.
2021) and “DNA repair” (Topak et al. 2018; Collado-Torres
et al. 2019). This finding suggested that these factors may
also have different degrees of heterogeneity in SCZ. Of
note, in the enrichment analysis of the KEEG pathway,
the term “oxytocin signaling pathway” showed statisti-
cal significance. Oxytocin is considered to be related to
the central neuromodulation of social behavior, and a
relationship with negative symptoms has been reported
(Rubin et al. 2010; Strauss et al. 2015). In short, the 2
subtypes identified in our study had significant differ-
ences in the subscale of negative symptoms, supporting
that neuroimaging is a promising and effective tool for
bridging genes and clinical phenotypes. A recent study
suggested heterogeneity in the response of SCZ neg-
ative symptoms to intranasal oxytocin (Martins et al.
2021), so our finding may also have potential value for
finding corresponding therapeutic strategies. Also, the
“DNA repair” (GO biological process enrichment term
of p-gLC) and the “Pathway in cancer” (KEEG pathway
enrichment term of n-gLC) might explain the heteroge-
neous cancer comorbidity of SCZ as well as the incon-
sistent conclusions of previous studies on the relation-
ship between SCZ and cancer (Markkanen et al. 2016).
Thus, our results provide a potential clue that could
explain these inconsistent conclusions: These biological
processes or pathways may be heterogeneous in SCZ. In
fact, evidence for heterogeneity of gene expression has
been found in several postmortem studies (Chang et al.
2017; Lindholm Carlstrom et al. 2021). Of these, Chang
et al. (2017) even found that several genes previously
implicated in SCZ showed the opposite direction of regu-
larization. However, limited by the acquisition of large-
scale brain-wide gene expression data and less prior
knowledge, the progress in this field is still relatively lim-
ited. In this study, we identified several potential hetero-
geneous aspects of SCZ in a data-driven manner and sug-
gested the potential value of neuroimaging–transcription
association analysis in parsing the heterogeneity of SCZ.
We are optimistic that this data-driven approach will

help accelerate the progress of relevant research and
play an important role in the development of precision
psychiatry.

By methodically taking several important factors into
consideration, we integrated normative modeling and
sparse k-means clustering, formulating an effective
framework for the stratification task. As an emerging
statistical tool, normative modeling has been widely
used to study the heterogeneity of mental disorders
(Wolfers et al. 2018; Marquand et al. 2019; Tetreault et
al. 2020). Taking HC as the reference cohort, a normative
model can be established for neuroanatomical features,
such as the TBM patterns revealed in this study, as a
function of covariates, such as age, gender, and site.
The deviations extracted from the estimated normative
model for the patients were regarded as disorder-
related abnormal patterns. Utilizing these types of
individual-level disorder-related patterns in patients
without reference to clinical symptoms has huge
advantages for neurobiological subtype identification:
1) It can effectively avoid some confounding variables
unrelated to the disease that may drive the identified
subtypes. 2) It can avoid the introduction of bias in
the analysis of the clinical characteristics of identified
neurobiological subtypes (Zhang et al. 2020). According
to previous studies, although heterogeneity does exist
in the abnormal patterns of SCZ, this heterogeneity
is located only in certain regions, not throughout the
brain (Brugger and Howes 2017; Wolfers et al. 2018;
Alnaes et al. 2019). Thus, we applied sparse k-means
clustering to simultaneously perform feature selection
and clustering (Witten and Tibshirani 2010) to divide
subjects with a diagnosis of SCZ into subgroups with
greater homogeneity.

Notably, the proposed framework is flexible and
generalizable for uncovering subtypes using other neu-
roanatomical measurements. For example, we replicated
our proposed pipeline by replacing the TMB measure
with VBM. When we did this, the abnormal patterns
of the reidentified subtypes were similar to the results
reported by a previous study (Chand et al. 2020) in
that one subtype showed widespread cortical gray
matter volume reduction and the other one had normal
cortical volume (Supplementary Fig. S13). However, the
difference between our study and theirs was that in
our study both subtypes showed enlarged basal ganglia
rather than being restricted to the latter subtype. This
suggests that different measurements and different
neuroimaging modalities capture different aspects of
abnormalities and may only partially account for the
heterogeneity of SCZ. Therefore, a more comprehensive
characterization of SCZ using multiple aspects of neu-
roimaging information (cross-feature and cross-modality
fusion) has a good prospect for further integrating and
refining the existing subtype solutions.

In summary, to help to resolve the heterogene-
ity predicament of SCZ, we proposed an effective
scheme and identified 2 subtypes from the aspect of
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neuroanatomy using individual-level abnormal TBM
patterns. The 2 subtypes exhibited significant differences
in negative symptoms, which are an especially heavy
burden for people with SCZ. We also estimated the
mapping relationship between the neuroanatomical
differences and clinical symptoms to locate potential
sources of clinical heterogeneity and revealed a latent
dimension that bridged the 2 subtypes. Moreover,
our extended neuroimaging-transcription association
analysis not only partly supported the findings but also
highlighted several potential heterogeneous biological
processes and KEEG pathways that seem to underlie
the 2 subtypes, providing prospective clues for related
studies. Collectively, this research provided an attractive
solution for the heterogeneity of SCZ and can be expected
to contribute to the development of precision psychiatry
with respect to the diagnoses and treatment of SCZ with
further research.

Supplementary material
Supplementary material is available at Cerebral Cortex
online.
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