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Abstract
Aim: Deficit schizophrenia (DS), defined by primary and enduring negative symptoms, 
has been proposed as a promising homogeneous subtype of schizophrenia. It has been 
demonstrated that unimodal neuroimaging characteristics of DS were different from 
non-deficit schizophrenia (NDS), however, whether multimodal-based neuroimaging 
features could identify deficit syndrome remains to be determined.
Methods: Functional and structural multimodal magnetic resonance imaging of DS, 
NDS and healthy controls were scanned. Voxel-based features of gray matter volume, 
fractional amplitude of low-frequency fluctuations, and regional homogeneity were 
extracted. The support vector machine classification models were constructed using 
these features separately and jointly. The most discriminative features were defined 
as the first 10% of features with the greatest weights. Moreover, relevance vector re-
gression was applied to explore the predictive values of these top-weighted features 
in predicting negative symptoms.
Results: The multimodal classifier achieved a higher accuracy (75.48%) compared with 
the single modal model in distinguishing DS from NDS. The most predictive brain 
regions were mainly located in the default mode and visual networks, exhibiting 
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1  |  INTRODUC TION

Schizophrenia is a severe neuropsychiatric disorder with a lifetime 
prevalence of ~1%1 and constitutes a heavy global disease bur-
den. Patients with schizophrenia experience various psychiatric 
symptoms causing substantial functional impairment and marked 
disability. A significant challenge to understanding the underlying 
neuropathological mechanisms of schizophrenia is the great hetero-
geneity in risk factors, course of illness, clinical symptoms, and treat-
ment response.2,3 The classification for clinical or neurobiological 
subtypes may be an appropriate approach to elucidating individual 
variabilities.

The deficit syndrome was introduced by Carpenter in 19884 
for distinguishing primary, enduring negative symptom, which is 
thought to be an integral part of schizophrenia. Increasing evidence 
demonstrated that deficit schizophrenia (DS) differs from non-deficit 
schizophrenia (NDS) in etiopathophysiology, prevalence, biological 
correlations, antipsychotic treatment, and clinical outcomes.5–7 The 
Schedule for the Deficit Syndrome (SDS)8 is frequently used to clas-
sify patients into those with and without deficit syndrome. However, 
a significant limitation of the SDS for evaluating deficit syndrome 
is that clinicians need the information based on a cross-sectional 
and longitudinal assessment of negative symptoms and should be 
familiar with the course of illness in 12 months, which is a significant 
barrier to identifying deficit syndrome in early stages of the disease.

Structural and functional magnetic resonance imaging (sMRI 
and fMRI) have been widely used to study schizophrenia. Evidence 
from previous studies showed that compared to NDS, DS exhibited 
a more widespread cortical thinning pattern in the left temporo-
parietal junction9,10 and distinct degrees of cortical gyrification in 
the left inferior parietal lobule.11 Based on graph theory network 
analysis, higher nodal connectivity in the right inferior temporal 
gyrus in DS was also reported.12 These evidences provide insights 
into the heterogeneity of schizophrenia subtypes, suggesting that 
the deficit syndrome is inherent in unique neural mechanisms more 
than phenomenological characteristics. Despite increased attention, 

current MRI investigations of DS have often focused on a single neu-
roimaging modality and the results remained largely inconsistent. 
Leveraging the cross-information encoded in multimodal MRI data 
to investigate the deficit subtypes would improve the identification 
of potential neuroimaging signatures and compensate for the limita-
tions of clinical assessments.

Recently, neuroimaging measurements coupled with machine 
learning techniques have been successfully used to identify pa-
tients and predict continuous clinical traits of schizophrenia.13–15 
Using multivariate analysis based on the gray matter volume, the 
patients of schizophrenia reported a discriminative accuracy of 76%, 
and multiple disease-related neuroimaging signatures including the 
medial prefrontal, temporal lobe, and lateral cortex were revealed.13 
Moreover, recent studies furtherly identified biologically plausible 
biotypes within schizophrenia.16 For instance, Chen and colleagues 
built a multivariate classification model and achieved an out-of-
sample classification accuracy of 70% for two core psychopathologi-
cal subtypes of schizophrenia.17 These literature provided important 
insight for classifying the deficit subtype of schizophrenia and fur-
ther identifying brain-based neuroimaging biomarkers.

In our study, we included individual structural and functional 
measures including GMV, fALFF, and REHO as features for machine 
learning classification, due to their well-established relevance to the 
research question and their capability to capture different aspects 
of brain morphological and functional activity characteristics. The 
fALFF reflects the amplitude of low-frequency fluctuations in the 
resting-state fMRI signal and has been extensively utilized in investi-
gating functional abnormalities in various psychiatric disorders.18–20 
It provides valuable insights into spontaneous brain activity, indicat-
ing potential alterations in neural synchronization and connectivity. 
On the contrary, REHO measures the regional similarity or homo-
geneity of the fMRI time series within specific brain regions. It is 
sensitive to local temporal coherence and can identify areas with 
abnormal neural synchronization patterns, making it particularly 
useful in capturing local functional abnormalities in different brain 
disorders.18,21,22 By incorporating these features, along with brain 
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differences between functional and structural features. Further, the identified dis-
criminative features significantly predicted scores of diminished expressivity factor 
in DS but not NDS.
Conclusions: The present study demonstrated that local properties of brain regions 
extracted from multimodal imaging data could distinguish DS from NDS with a ma-
chine learning-based approach and confirmed the relationship between distinctive 
features and the negative symptoms subdomain. These findings may improve the 
identification of potential neuroimaging signatures and improve the clinical assess-
ment of the deficit syndrome.
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structural information, into machine learning classification model, 
a more comprehensive characterization of the underlying neural 
mechanisms associated with the deficit schizophrenia population 
can be achieved.

A schematic overview of the study design and analysis pipeline 
is shown in Figure 1. Considering the possible influence of gender 
differences and hormone levels,23 the present study only recruited 
male patients with schizophrenia.

2  |  MATERIAL S AND METHODS

2.1  |  Participant information

A total of 183 patients with schizophrenia were recruited from the 
Psychiatric Rehabilitation Unit of Yangzhou Wutaishan Hospital, 
Jiangsu Province, China. All subjects were male, right-handed Han 
Chinese. The patients were diagnosed with schizophrenia according 

F I G U R E  1  Schematic overview of the data analysis pipeline. (A) Imaging data preprocessing and feature extraction with each voxel 
based on GMV, zfALFF, and zREHO maps. (B) Overview of the classification framework in DS, NDS, and HC groups. (C) Establishment of the 
prediction model using the distinctive feature of the classification model of DS and NDS groups.
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to the Diagnostic and Statistical Manual of Mental Disorders, Fourth 
Edition (DSM-IV). The Chinese version of the Schedule for the Deficit 
Syndrome (SDS)24 was used to diagnose DS. The patients with NDS 
were regarded as those not conforming to SDS criteria. Healthy con-
trols (HC) were recruited from the community and matched for age, 
gender, and educational level. The researcher explained the purpose 
and significance of this study to all subjects and their legal guard-
ians, and after obtaining consent, the subjects themselves or their 
legal guardians signed an informed consent form. This study was ap-
proved by the Ethics Committee of Nanjing Brain Hospital and the 
Ethics Committee of Yangzhou Wutaishan Hospital.

2.2  |  Clinical measurements

The Brief Psychiatric Rating Scale (BPRS), organized into posi-
tive, negative, disorganized, and affect syndromes based on the 
findings of the factor analysis of 18-item,25 was used to evaluate 
the whole spectrum of symptoms in schizophrenic patients. For a 
comprehensive reflection of the negative symptoms, the Scale for 
the Assessment of Negative Symptoms (SANS) was used to as-
sess the negative symptoms.26,27 The SANS consists of 19 items, 
representing five rationally derived domains: Affective Flattening 
or Blunting, Alogia, Avolition-Apathy, Anhedonia-Asociality, and 
Inattention. Negative symptoms of SANS are divided into motiva-
tion and pleasure (MAP) and diminished expressivity (EXP) subdo-
mains (Appendix  S1). Inattentiveness items (Work inattentiveness 
and Inattentiveness during mental status testing) were the least 
correlated with other items in SANS-19 (Figure S1), so in the data 
analysis of the scale, we mainly studied the two subdomains of MAP 
and EXP. The positive symptoms were evaluated using the Scale for 
the Assessment of Positive Symptoms (SAPS).

2.3  |  MRI data acquisition

The MRI scans were obtained using a 3.0 T MRI scanner (GE HDx) 
with an 8-channel phased-array head coil in the Subei Hospital of 
Jiangsu Province, Yangzhou, China. Both sMRI and sMRI data were 
collected. During MRI scanning, the subjects were asked to lie qui-
etly with eyes-closed wakefulness. The details of scanner param-
eters are described in Appendix S1.

2.4  |  Imaging processing pipeline

The resting-state fMRI data were preprocessed using the Statistical 
Parametric Mapping 12 package (http://www.fil.ion.ucl.ac.uk/spm/
spm12) and the toolkit of Data Processing and Analysis for Brain 
Imaging (DPABI).28 Considering the magnetization equilibrium, the 
first 10 volumes were excluded. Slice timing was performed to cor-
rect the acquisition time delay among the remaining 230 volumes, 
and then the volumes were realigned to the first volume for head 

motion correction. The criterion for the head motion was set as 
3 mm in translation and 3° in rotation. Native T1 images were seg-
mented and coregistered to the resting-state functional images and 
then spatially normalized to the standard space of the Montreal 
Neurological Institute (MNI) using an optimum 12-parameter affine 
transformation and nonlinear deformations. Subsequently, the func-
tional images were normalized to MNI space according to the trans-
formation parameters obtained from structural images and further 
resampled to an isolated resolution of 3 × 3 × 3-mm cubic voxel. A 
linear trend of the time courses was removed from each voxel, and 
several nuisance signals (involving Friston's 24-head motion param-
eters, cerebrospinal fluid signal, white matter signal, and global mean 
signal) were regressed out.

After data preprocessing, three local properties of brain regions 
extracted from sMRI and fMRI imaging were calculated as model 
features. (1) Gray matter volume (GMV). GMV provides the struc-
tural information of brain and was calculated through the CAT12 
toolbox (http://dbm.neuro.uni-jena.de/cat12) running within SPM12 
(http://www.fil.ion.ucl.ac.uk/spm). (2) Fractional amplitude of low-
frequency fluctuations (fALFF). Since the low-frequency fluctuations 
across 0.01–0.08 Hz are of particular relevance to the resting-state 
fMRI, the fALFF was calculated to examine regional spontaneous 
brain activity.29 (3) Regional homogeneity (REHO). Individual REHO 
maps were calculated by computing Kendall's concordance coeffi-
cient (KCC), which measures the BOLD time series for each voxel 
and the nearest 26 contiguous voxels, helping reveal the complexity 
of brain function.30 fALFF and REHO were calculated using DPABI.28 
The details of the calculation are shown in Appendix S1.

2.5  |  Classification models establish

We applied a multivariate pattern analysis to distinguish DS from 
NDS, as well as distinguish schizophrenia patients from HCs. To 
quantify the classification accuracy, a stratified 10-fold cross-
validations (10 F-CV) framework was used to evaluate the classifiers 
(https://github.com/Zaixu​Cui/Patte​rn_Class​ifica​tion/blob/maste​r/
SVC/SVM_2group_10Fol​der.m). In brief, the full data was divided 
into 10 folds, where 9 folds were used for training, and one was used 
for testing. To mitigate the influence of data divisions, we performed 
the 10 F-CV analysis 101 times for each model and reported the 
median as the final result. The performance of each classifier was as-
sessed in terms of accuracy, sensitivity, specificity, positive decision 
value and negative decision value. We carried out 1000-time permu-
tation tests to examine the significance of prediction performance. 
The most discriminative features were defined as the top 10% of 
features gaining the greatest weight.

2.6  |  Prediction model construction

Multivariate relevance vector regression (RVR) with a linear ker-
nel was used to explore the neural mechanisms underlying the 
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characteristics of negative symptoms in DS and NDS. The top 10% 
discriminative features in the classification model were concat-
enated to yield a new input feature vector for the RVR model, and 
leave-one-out cross-validation (LOOCV) was employed to estimate 
the generalizability. N-1 subjects were used as the training set, and 
the left one was used as the testing set. Each feature was scaled 
to a range of zero to one across the training set, and the feature 
vector of the testing subject was scaled using the same scaling pa-
rameter31 (https://github.com/Zaixu​Cui/Patte​rn_Regre​ssion_Matla​
b/tree/maste​r/RVR). By applying the predictive model constructed 
in the training set to the testing subset, we obtained the predicted 
score for the testing subject. The training and testing procedures 
were repeated N times so that each subject was used once as the 
testing subject. Subsequently, 1000-times permutation tests that 
shuffle the correspondence between behavioral scores across the 
neuroimaging features were performed to confirm the final r and 
mean absolute error (MAE) was significant compared to by chance.

2.7  |  Statistical analysis

Statistical analysis was performed using SPSS version 19.0 (SPSS 
Inc., USA). We performed Kolmogorov–Smirnov test to assess 
whether data follows a normal distribution. The differences in con-
tinuous variables, such as demographic and clinical characteristics 
and neurocognitive assessment between DS, NDS, and HCs were 
determined through one-way analysis of variance (ANOVA) and post 

hoc pairwise comparisons. Psychiatric symptoms were compared 
between DS and NDS groups using two-sample t-tests.

A larger absolute value of the weight of the corresponding fea-
ture indicated a greater contribution to classification in the context 
of all other features. Therefore, the feature was selected if the ab-
solute value of its weight was in the top 10%. This threshold could 
eliminate noise components to some extent, enabling better identi-
fication of the most discriminative regions. Finally, we set a cluster 
size of 2400 mm3 to better visualize the most discriminative features 
for each metric.

3  |  RESULTS

3.1  |  Demographics and clinical data

Thirty subjects (including 16 DS, 12 NDS, and 2 HC) were excluded 
because translation and rotation exceeded ±3 mm or 3° or missing 
layers of image. There were no significant differences in age, gender, 
and head motion among the three groups (p > 0.05). The education 
level of DS was significantly lower than that in the controls, whereas 
no significant difference was found between the two schizophrenia 
subgroups. No statistically significant differences were observed in 
age, age at onset, and CPZ-equivalent dose between DS and NDS. 
DS showed more severe syndrome in negative symptoms relative 
to NDS, but not in positive, disorganization and affect syndrome 
in BPRS (Table 1). Significant differences in each item except work 

TA B L E  1  Demographics and clinical data for DS, NDS, and HC groups.

DS (n = 66) NDS (n = 89) HC (n = 118) F/t
ANOVA/t-tests 
p value

Post hoc p-value 
(DS vs. NDS)

Age 51.45 ± 8.16 49.18 ± 7.96 50.76 ± 7.60 1.794 0.168 0.227

Education years 8.45 ± 3.01△ 8.91 ± 2.47 9.76 ± 2.82 5.322 0.005 0.993

Age at onset 22.50 ± 3.51 23.08 ± 4.48 – −0.869 0.386

Duration 28.65 ± 7.74# 26.10 ± 8.01 – 1.988 0.049

CPZ-equivalent dose 
(mg/day)

501.21 ± 235.49 570.17 ± 208.48 – −1.926 0.056

BPRS total score 31.33 ± 3.22* 27.26 ± 3.13 – 7.908 <0.001

Positive syndrome 6.26 ± 1.13 6.33 ± 1.36 – −0.333 0.74

Negative syndrome 11.82 ± 2.42* 7.63 ± 1.35 – 12.684 <0.001

Disorganized 
syndrome

6.45 ± 1.18 6.30 ± 1.08 – 0.828 0.409

Affect 6.80 ± 1.15 7.00 ± 1.32 – −0.967 0.335

SAPS total score 8.91 ± 3.64 9.72 ± 4.54 – −1.193 0.235

SANS total score 55.64 ± 11.64* 33.89 ± 8.80 – 12.719 <0.001

Jenkinson head motion 0.12 ± 0.09 0.10 ± 0.07 0.09 ± 0.07 2.813 0.062 0.809

BMI 24.25 ± 3.53 24.78 ± 3.19 24.03 ± 2.24 1.716 0.182 0.794

Note: Values represented as mean ± SD.
Abbreviations: BMI, Body Mass Index; BPRS, Brief Psychiatric Rating Scale; CPZ, chlorpromazine; DS, deficit schizophrenia; HC, healthy controls; 
NDS, non-deficit schizophrenia; SANS, the Scale for the Assessment of Negative Symptoms; SAPS, the Scale for the Assessment of Positive 
Symptoms; SDS, the Schedule for the Deficit Syndrome.
*p < 0.001 DS vs. NDS; △p < 0.05 DS/NDS vs. HC; #p < 0.05 DS vs. NDS.

https://github.com/ZaixuCui/Pattern_Regression_Matlab/tree/master/RVR
https://github.com/ZaixuCui/Pattern_Regression_Matlab/tree/master/RVR
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inattentiveness and inattentiveness were found between DS and 
NDS patients (Table S1).

3.2  |  Multivariate pattern support vector 
classification analyses

To determine which classifier better distinguishes DS from NDS, 
single-modal and multimodal features were evaluated by the 
SVM methods. The combined classifier achieved higher accuracy 
(75.48%) and AUC (0.81) compared with the single model (Table 2). 
The 101 times 10 F-CV results of the combined model exhibited sig-
nificantly higher accuracy and AUC than the single modality model 
(Figure 2A,B). The permutation tests revealed that the accuracy and 
AUC (paccurancy <0.001, pAUC <0.001) were significant compared to 
by chance (Figure 2C,D).

The same analyses were performed to distinguish schizophre-
nia subgroups from the HCs. The results showed that all the models 
achieved significant accuracies (ACC = 84.0–93.48%, AUC = 0.90–
0.99), and the multimodal models generally outperformed the 
single-modality models (Table 2, Figures S2 and S3).

3.3  |  Contributing features and 
corresponding weights

The brain regions that contributed most to the classification be-
tween DS and NDS were identified by extracting the top 10% 
weighted features in multimodal models. Totally, there were 36 dis-
criminative features identified, including 11 GMV, 8 zfALFF, and 17 
zREHO clusters (Figure 3 and Table S2). The GMV pattern primarily 

included the following region: bilateral inferior frontal gyrus orbital 
part, bilateral superior temporal gyrus, bilateral precentral gyrus, left 
fusiform gyrus, right parahippocampal gyrus, left inferior temporal 
gyrus, left superior frontal gyrus, left middle occipital gyrus, left 
middle temporal gyrus, right inferior frontal gyrus opercular part, 
left postcentral gyrus, and cerebellum lobule IV/V. The zfALFF pat-
tern included bilateral superior occipital gyrus, right inferior tempo-
ral gyrus, left superior frontal gyrus orbital part, right lingual gyrus, 
left middle occipital gyrus, right precuneus, left cingulate gyrus, left 
middle temporal gyrus, and left inferior parietal gyrus. The zREHO 
pattern included bilateral precuneus, bilateral middle temporal 
gyrus, bilateral caudate, bilateral middle occipital gyrus, bilateral 
postcentral gyrus, right fusiform gyrus, left inferior temporal gyrus, 
left inferior frontal gyrus, right middle frontal gyrus, left inferior 
frontal gyrus orbital part, left middle frontal gyrus orbital part, right 
superior temporal gyrus, left superior parietal gyrus, left precentral 
gyrus, right putamen, and right insula. The spatial correlation results 
across voxel confirmed a high spatial similarity of weights maps be-
tween zfALFF and zREHO, but not GMV (Figure S4).

Key features identified for GMV were more prominent within 
visual, default mode, somatomotor, and dorsal attention networks, 
while functional discriminative features were primarily located 
within the default mode and frontoparietal and visual networks 
(Figure S5).

3.4  |  Multivariate RVR analysis in DS and 
NDS groups

The results showed a significant positive association (r = 0.4242, 
p < 0.001; MAE = 2.3757) between the predicted and actual EXP 

Accuracy 
(%)

Sensitivity 
(%)

Specificity 
(%)

PPV 
(%)

NPV 
(%) AUC

DS vs. NDS

Combined 75.48 60.61 86.52 76.92 74.76 0.81

GMV 69.68 59.09 77.53 66.10 71.88 0.73

zfALFF 66.45 54.55 75.28 62.07 69.07 0.70

zREHO 63.87 50.00 74.16 58.93 66.67 0.72

DS vs. HC

Combined 94.02 87.88 97.46 95.08 93.50 0.99

GMV 86.41 78.79 90.68 82.54 88.43 0.90

zfALFF 93.48 90.91 94.92 90.91 94.92 0.99

zREHO 92.93 89.39 94.92 90.77 94.12 0.99

NDS vs. HC

Combined 89.86 82.02 95.76 93.42 87.60 0.96

GMV 84.06 79.78 87.29 82.56 85.12 0.91

zfALFF 85.51 82.02 88.14 83.91 86.67 0.93

zREHO 88.41 83.15 92.37 89.16 87.90 0.94

Abbreviations: AUC, area under the curve; NPV, negative predictive value; PPV, positive predictive 
value.

TA B L E  2  Results of classification 
models using the combined feature and 
single feature.
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scores in the DS group, but not in NDS (Figure 4A,B). No significant 
association was found between predicted and actual MAP scores 
both in DS and NDS groups (Figure  4C,D). The permutation tests 
revealed that the r value and MAE (pr = 0.004, pMAE = 0.028) were 
statistically significant compared to by chance (Figure 5).

3.5  |  Validation analysis

We performed a sensitivity analysis to investigate the influence of 
disease duration of DS and NDS in our results by adding the vari-
able as a feature in the classification model and found the results 
remained consistent. The accuracy of subgroups reached 74.84% in 
the combined classifier (Figure S6).

4  |  DISCUSSION

To the best of our knowledge, the present study is the first, employ-
ing multimodal neuroimaging features, alongside machine learning 
techniques, to investigate the classification of DS and NDS. We dem-
onstrated that the local properties of brain regions extracted from 
multimodal imaging could distinguish DS from NDS. Our findings 
provided evidence that the classifier trained by multimodal features 

achieved a relatively high classification accuracy of 75.48%. Key 
features identified for GMV were more widespread within visual, 
default mode, somatomotor, and dorsal attention networks, while 
both functional features (fALFF and REHO) were identified from the 
default mode, frontoparietal and visual networks. Notably, based on 
the top 10% weight, a robust relationship could be predicted by the 
RVR model in EXP subdomains. These findings indicated that using a 
combination of multimodal MRI data could improve the neuromarker 
identification, improving the clinical assessment of deficit syndrome.

In the current study, multimodal classifiers exhibited higher 
accuracies than unimodal ones in discriminating schizophrenia 
subtypes or disease conditions, suggesting an advantage of the cross-
information provided by multiple imaging measurements for the dis-
tinct characterization of potential biomarkers for the deficit subtype 
of schizophrenia. Integration of multimodal brain data collected 
from the same individual could effectively increase the strength of 
each imaging modality and provide a comprehensive view into the 
brain for more precise categorical performance or prediction of sev-
eral important behavioral aspects (e.g., cognition or symptom sever-
ity).32 Here, the multimodal features included three measures that 
provide functional information ranging from focal activity (fALFF) to 
regional coordination (REHO) and structural information (GMV) of 
the brain, which would be beneficial for a more holistic understand-
ing of heterogeneity in the patients with schizophrenia. The finding 

F I G U R E  2  Linear SVM analysis results. (A) Comparison of the accuracy of SVM classification between DS and NDS groups (101 times 10-
fold cross-validation results). (B) Receiver operating characteristics curves for classification performance of classifiers trained on combined 
and single modality features. (C, D) Permutation test results showed the distribution of actual accuracy and AUC of the SVM combined 
classifier between DS and NDS groups.
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that multimodality models outperformed the unimodality models 
also confirmed our hypothesis that multimodality offers more com-
prehensive idiosyncrasies in the neural basis of accurate differenti-
ation for schizophrenia subtypes and improves the exploration of 
potential biomarkers. Moreover, the different contributions for the 
classification of brain structure and function might reveal a common 
phenomenon in psychotic disorders that the brain structural and 
functional abnormalities do not occur simultaneously.

Compared with the previous DS studies, the relatively consis-
tent result is the abnormality in the temporal lobe, which contrib-
uted to functional and structural features. Previous researchers 
have reported a loss of gray matter volume in the right tempo-
ral lobe,33 reduced cortical thickness in the left temporopari-
etal junction area,9,10,34 and abnormal nodal connectivity in the 
right inferior temporal gyrus12 in the DS. We found that both the 
functional and structural metrics of the bilateral temporal lobe 
could provide valuable contribution for distinguish DS patients, 
suggesting that the temporal lobe is a critical region for deficit 
syndrome. Interestingly, the temporal poles, including bilateral 
temporoparietal junction and superior temporal sulcus, are the 

core components of the functional network mediating the general 
Theory of Mind (ToM) ability,35 which has also been demonstrated 
to be associated with the severity of negative symptoms in schizo-
phrenia.36–40 The structural abnormality in temporal lobes in DS 
might relate to the early-onset nonprogressive developmental 
process, interfering since childhood with the acquisition of basic 
cognitive and social skills, explaining the poor premorbid adjust-
ment and social cognition observed in this subgroup.33 Functional 
or structural abnormality in the temporal lobe might interfere with 
the social cognition, with a high impact on the capacity to interact 
in the social world,41 consistent with the core impairment of so-
cial functioning in deficit schizophrenia. Additionally, the inferior 
temporal gyrus region was reported necessary for language for-
mulation,42 which might be related to the similar phenomenon for 
the poverty of speech with negative symptoms. According to our 
findings, classification results confirmed that the temporal lobe 
might be impaired in DS both in the brain function and structure, 
indicating substantial differences between the two subgroups and 
a potential biomarker for distinguishing DS from NDS using the 
multimodal features.

F I G U R E  3  (A) Selection of the top 10% absolute value of its weight across all features. Discriminative weights of voxel-wise features 
in (B) gray matter volume (GMV), (C) z-normalized fractional amplitude of low-frequency fluctuations (zfALFF), (D) z-normalized regional 
homogeneity (zREHO).
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We also found the discriminative brain regions not previously 
reported in the literature, such as the inferior frontal gyrus (IFG), 
fusiform gyrus, cingulate gyrus, putamen, caudate, and insula. The 

abnormality of functional and structural metrics in IFG (including 
the orbital and opercular part) and visual regions contributes to 
majority of weight for distinguishing the two subtypes. Previous 

F I G U R E  4  RVR method analysis between the actual scores and predicted scores of negative symptom subdomains in DS and NDS 
groups, respectively. (A) EXP scores prediction in the DS group; (B) EXP scores prediction in the NDS group; (C) MAP scores prediction in the 
DS group; (B) MAP scores prediction in the NDS group.

F I G U R E  5  Distribution of permutation test (1000 times) of the prediction r (A) and mean absolute error (B), the dashed represented the 
actual r, and MAE observed in RVR performance predicting EXP scores in the DS group.
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studies have reported the functional disconnections43–46 or vol-
ume deficits47 of these regions in schizophrenia. Notably, it has 
been reported that significant deficits of gray matter volume in 
the anterior cingulated and medial frontal gyrus were found in 
schizophrenic patients with prominent negative symptoms48 or 
reduced anterior cingulate gray matter volume and thickness in 
the DS.49

The RVR model confirmed discriminative brain features could 
contribute to the predictions of EXP subdomains in DS. Prior stud-
ies have inferred latent structures using exploratory factor analy-
sis, leading to the conclusion that two dimensions reflect MAP and 
EXP factors.50 The EXP subdomain has been investigated less than 
MAP and has been hypothesized to be related to neurocognitive 
or social cognition deficits.51 Neuroimaging studies investigated 
the role of clinical measures in evaluating negative symptoms and 
the relationship between schizophrenia-related brain abnormali-
ties and clinical measures. Kirschner et al. reported that the MAP 
factor was negatively correlated with the putamen and nucleus ac-
cumbens volumes in patients with schizophrenia.52 Amodio et al. 
found that the MAP was related to the abnormal connection be-
tween the left amygdala and the ventral anterior insula, which was 
known as motivation-related circuits.53 Another research using 
fMRI to study a model of emotional processing deficits as the neu-
rofunctional basis of blunted affect in schizophrenia showed that 
patients with flat affect exhibited reduced activation of the par-
ahippocampal gyrus.54 Different from previous research, We first 
used the machine learning method to determine the relationship 
between brain MRI data and individual negative symptoms, which 
would provide further insight into the neurobiological mecha-
nisms underlying specific negative symptoms in schizophrenia.55 
The RVR model successfully predicted EXP factor scores in the 
DS group, possibly indicating the difference in pathophysiological 
mechanisms or treatment effects of these two subgroups. Our re-
sults are consistent with prior research indicating that the severity 
of affective flattening showed a significant negative correlation 
with signal activities in the mirror neuron system, including the 
premotor cortex, motor cortex, and inferior parietal lobule.56 This 
evidence indicates that the EXP subdomain might be the ‘core 
symptom’ of primary negative symptoms. Notably, we did not find 
a significant correlation between symptom scores and the classi-
fication model in the NDS group. A potential reason may be that 
negative symptom subdomain measures show small variations 
in the non-deficit schizophrenia individuals compared with DS, 
which may be too low for the algorithms to pick up on predictive 
features.

Sample size plays a key role in machine learning. A larger 
sample would provide greater statistical power and enhance the 
reliability of findings. However, due to the resource constraints 
of schizophrenia patients with deficit syndrome and longitudinal 
assessments for primary negative symptoms,8 recruiting a larger 
sample was challenging. Lee et al.57 evaluated the performance 
of SVMs based on a large single-site schizophrenia dataset and 
investigated the effects of training sample size on classification 

accuracy. They found the classification accuracy of SVMs based 
on incremental training sample sizes improved consistently from 
72.61% to 83.32%, and >81% accuracy was achieved after train-
ing sample size >240. Compared with Lee's work, our overall 
training sample size was 273 (155 schizophrenic patients and 118 
healthy controls) and remained relatively moderate when divided 
into subgroups. From an alternative perspective, the relationship 
between classification performance and training sample sizes 
may depend on the features and complexities of algorithms. Prior 
studies have demonstrated that repeated random splits method 
should be preferred in a limited sample size.58 Accordingly, we 
performed 10-fold cross-validation to estimate the classification 
generalizability independently and chose the combined structural 
and functional fMRI features. Additionally, the present study 
has comparatively the largest sample size in the neuroimaging 
research of deficit schizophrenia currently, providing empirical 
insights for future investigations. Moreover, the present study 
only included male participants, because the existing literature 
reported a predominance of male patients with deficit schizo-
phrenia.59,60 Despite the potential limitations in generalizing to 
both genders, this deliberate inclusion of exclusively male partic-
ipants serves to accentuate the unique characteristics of deficit 
schizophrenia.

4.1  |  Limitations

The present study had several limitations. First, small sample size 
and single-center are potential factors that contributed to the in-
flated accuracies. Therefore, we used 10-fold cross-validation to 
estimate the generalization of the model, which was proved can 
be applied to small datasets. The current study is preliminary 
and future studies with large samples and multicenter are war-
ranted. Second, the present findings are based on cross-sectional 
data, precluding the extrapolation of longitudinal progression. 
Therefore, the RVR prediction model between negative symptoms 
and brain imaging features should be considered correlativity in-
stead of causality. Third, we only used the most common clinical 
assessments to evaluate symptoms. The two negative symptom 
domains came from SANS items. A scale that better reflects the 
latent structure of negative symptoms, such as the Brief Negative 
Symptoms Scale (BNSS) or Clinical Assessment Interview for 
Negative Symptoms (CAINS), should be considered in the future. 
Moreover, we will expand the sample size and use stratified analy-
ses (e.g., age variables) to reduce the effect of nuisance variables 
in further study.

5  |  CONCLUSIONS

In summary, our findings provided a stable model of combined neu-
roimaging features that achieved a relatively high classification ac-
curacy for discriminating deficit subgroups. Specifically, machine 

https://www.sciencedirect.com/topics/medicine-and-dentistry/premotor-cortex
https://www.sciencedirect.com/topics/medicine-and-dentistry/inferior-parietal-lobule
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learning-based predictive modeling was used to predict subdomains 
of negative symptom severity from the neuroimaging data. These 
models can establish the quantitative relationships between symp-
tom scores and brain changes, which can further assist in tracking 
the progress of neurological diseases and better understanding the 
pathophysiology of deficit syndrome.
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