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Abstract

Incidence of schizophrenia (SZ) has two predominant peaks, in adolescent and young

adult. Early-onset schizophrenia provides an opportunity to explore the neuropathol-

ogy of SZ early in the disorder and without the confound of antipsychotic mediation.

However, it remains unexplored what deficits are shared or differ between adoles-

cent early-onset (EOS) and adult-onset schizophrenia (AOS) patients. Here, based on

529 participants recruited from three independent cohorts, we explored AOS and

EOS common and unique co-varying patterns by jointly analyzing three MRI features:

fractional amplitude of low-frequency fluctuations (fALFF), gray matter (GM), and

functional network connectivity (FNC). Furthermore, a prediction model was built to

evaluate whether the common deficits in drug-naive SZ could be replicated in chronic

patients. Results demonstrated that (1) both EOS and AOS patients showed

decreased fALFF and GM in default mode network, increased fALFF and GM in the

sub-cortical network, and aberrant FNC primarily related to middle temporal gyrus;

(2) the commonly identified regions in drug-naive SZ correlate with PANSS positive

significantly, which can also predict PANSS positive in chronic SZ with longer dura-

tion of illness. Collectively, results suggest that multimodal imaging signatures shared

by two types of drug-naive SZ are also associated with positive symptom severity in
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National Science Foundation, Grant/Award

Numbers: 1539067, 2112455 chronic SZ and may be vital for understanding the progressive schizophrenic brain

structural and functional deficits.
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1 | INTRODUCTION

Schizophrenia (SZ) is a severe psychiatric disorder demonstrating

structural and functional brain abnormalities (Van Erp et al., 2018).

Numerous studies have studied the psychopathology and symptom of

SZ, including brain region alterations, network disconnection, genetic

association and treatment outcome (Kong et al., 2021; Liu

et al., 2019; Pan et al., 2021; Yang et al., 2020), in which age at onset

was defined as the age when individuals first clearly manifested

schizophrenic symptoms such as frank delusions or hallucinations

(Clemmensen et al., 2012). Longitudinal studies have revealed that the

onset of SZ has two predominant peaks, that is, prior to the age of

18 or 19 years, which is commonly known as early-onset schizophre-

nia (EOS) and after the age of 19 years, which is commonly under-

stood as adult-onset schizophrenia (AOS) (Clemmensen et al., 2012).

In contrast, schizophrenia patients with chronic duration of illness and

treated with antipsychotics are regarded as chronic SZ (Goldsmith

et al., 2018).

Multiple studies have reported diverse brain deficits in EOS, AOS

and chronic SZ separately. Because of eliminating the influences of

antipsychotic mediation exposure and illness duration, EOS and AOS

currently gain substantial interest compared to chronic patients. Spe-

cifically, reduced gray and white matters were found in EOS in the

Heschl's gyrus, parietal operculum, left Broca's area, and the left arcu-

ate fasciculus (Douaud et al., 2007). The EOS group also showed

increased sensorimotor�thalamic connectivity and decreased

prefrontal-cerebello�thalamic connectivity as reported in (Chung

et al., 2021; Zhang et al., 2021; Zhou et al., 2021). Besides, a left-

lateralized hub distribution observed in typically developing adoles-

cents was also absent in EOS patients (Zhou et al., 2021). For AOS,

decreased amplitude of low-frequency fluctuations (ALFF) in the bilat-

eral inferior parietal gyri, right precuneus, left medial prefrontal cortex

and increased ALFF in the bilateral putamen and occipital gyrus were

found in a large meta-learning study(1249 SZ patients and 1179

healthy controls, [HC]) (Gong et al., 2020). Particularly, when compar-

ing the cognitive ablilities, EOS patients show worse performance on

working memory, language, and motor function than AOS adult

patients (White et al., 2006).

As we know, brain dysfunction and cognitive impairment in SZ

fluctuate from childhood-to-old age (Parikshak et al., 2015). For

chronic SZ, much more widespread impairments were identified. For

example, gray matter reduction in the salience network, white matter

integrity decrease in corpus callosum, and altered fALFF in the execu-

tive and default-mode networks were highlighted to be associated

with generalized cognitive impairment in chronic SZ (Kim et al., 2010;

Liu et al., 2019; Qi et al., 2017). Moreover, lower functional connectiv-

ity network efficiency and impaired anatomical connectivity were

widely reported in SZ as well(Caprihan et al., 2011; Cheng

et al., 2015; Du et al., 2018; Fu et al., 2021; Li et al., 2017; Sui

et al., 2011). However, these studies often focused on a single type of

SZ, lacking direct comparison of EOS and AOS, especially on the

aspect of multimodal brain imaging covariation.

On the other hand, data-driven multimodal fusion has been reg-

arded as a promising tool to discover the co-varying patterns of multi-

ple imaging modalities impaired in brain diseases, such as

schizophrenia (Luo et al., 2018), depressive disorders(Qi et al., 2018),

and Autism(Qi et al., 2020). For instance, by using multi-set canonical

correlation analysis (Whitfield-Gabrieli et al., 2009), functional and

structural deficits in cortico–striatum–thalamic circuit were found

closely related to cognitive impairments in SZ (Sui et al., 2015).

Another study evaluated the links among SNP, FC, and GM patterns

and their sensitivity to the duration of illness and disease stages in

individuals, including controls, drug-naïve first-episode schizophrenia,

and chronic SZ patients (Luo et al., 2019). Further, by supervised

learning, four magnetic resonance imaging (MRI) features lying in the

salience network, corpus callosum, central executive, and default-

mode networks were suggested as modality-specific biomarkers of

generalized cognition in SZ (Sui et al., 2018), which can predict cogni-

tive scores for individuals in new cohorts. By a group sparse canonical

correlation analysis method (group sparse CCA), genes mostly from

5 SZ-related signaling pathways and abnormal brain regions suscepti-

ble to SZ were identified to understand how genetic variation influ-

ences brain activity (Lin et al., 2014).

In parallel, adopting machine learning-based models to predict

human cognitive and behavior scores with the identified multimodal

neuroimaging features also showed much promise and gained atten-

tion in translational medicine (Dubois et al., 2018; Sui et al., 2020;

Yamashita et al., 2018). Particularly, a prediction study revealed a

robust association between intrinsic functional connectivity within

networks for socio-affective processes and the cognitive dimension of

psychopathology in SZ by using a relevance vector machine based on

functional connectivity (Chen et al., 2021). Furthermore, connectome-

based predictive modeling (CPM) combines feature selection and lin-

ear regression to predict individual differences, which has been used

to successfully predict cognitive domain scores, symptom severity,

personality traits, emotional feeling, and motor performance (Beaty

et al., 2018; Jiang, Calhoun, et al., 2020; Jiang, Calhoun, Zuo, Lin, &

Sui, 2018; Rosenberg et al., 2016). Besides, (Meng et al., 2016) used a

set of identified multimodal MRI brain regions as seeds to build a

regression model, achieving high prediction for both cognitive and
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symptomatic scores for chronic SZ. Such methodological advance-

ment facilitates the search for objective imaging biomarkers to under-

stand mental disorders better and even help for individualized

treatment.

Motivated by the above issues, we directly compared the drug-

naïve EOS and AOS in this study in a multimodal view, aiming to

unveil the common and distinct brain impairments in EOS and AOS by

running a three-way MRI fusion of fALFF, GM, and functional net-

work connectivity (FNC). Furthermore, we attempted to examine

whether these commonly impaired brain regions at early onset in SZ

may play a role in symptom severity prediction in chronic SZ. We

hypothesized that (1) both shared and distinct abnormalities would be

revealed between AOS and EOS patients; (2) the shared multimodal

brain abnormalities in drug-naïve SZ may persist in chronic SZ with

longer illness duration and associate with disease severity measured

by Positive And Negative Syndrome Scale (PANSS).

2 | MATERIALS AND METHODS

2.1 | Participants

Three independent cohorts were included in this study. Their demo-

graphic and symptomatic information was listed in Table 1. Please see

more details on data collection in supplementary. Patients before

18 years old were identified as EOS (n = 89); patients after 19 years

old were identified as AOS (n = 34). All the EOS and AOS patients

were in their first episode, drug-naïve prior to scanning and having a

duration of illness less than 2 years. Adult patients who have a dura-

tion of illness more than 3 years were defined as chronic patients

(n = 126). At the time of scanning, psychopathology was assessed

with the PANSS by two experienced psychiatrists. We used a two-

sample t-test to measure the group difference of age and a chi-square

test for gender between HC and SZ for all cohorts. Structural MRI and

resting-state functional MRI scanned all subjects. The scanning param-

eters for each site are listed in Table S1.

Written informed consents were obtained from all participants

and included permission to share de-identified data between the cen-

ters. The EOS cohort was approved by the Ethics Committee of First

Hospital of Shanxi Medical University. The AOS cohort was approved

by the Ethics Committee of Peking University Sixth Hospital/Institute

of Mental Health, Huilongguan Hospital, Henan Mental Hospital, and

Xijing Hospital. The chronic SZ cohort was approved by the Ethics

Committee of Peking University Sixth Hospital/Institute of Mental

Health.

2.2 | Data preprocessing

2.2.1 | Grey matter

The T1-weighted sMRI data were preprocessed by Statistical Para-

metric Mapping 12 (https://www.fil.ion.ucl.ac.uk/spm/software/

spm12/) using Computational Anatomy Toolbox 12 (http://www.

neuro.uni-jena.de/cat/), with a unified model of image registration,

bias correction, tissue classification, and spatial normalization to the

standard Montreal Neurological Institute (MNI) space. Modulated nor-

malized parameters were used to segment the brain into white matter

(WM), gray matter (GM), and cerebral spinal fluid probabilistic maps.

The resulting GM images consisted of voxel-wise gray matter volumes

that were resliced to 3 � 3 � 3 mm3, resulting in 53 � 63 � 46

voxels and smoothed with a 6 mm Gaussian model (White

et al., 2001). We generated a mask to include only voxels inside the

brain across all the subjects for each modality. We applied the same

preprocessing steps to cohort 2 and cohort 3 as cohort 1. To make

the spatial maps comparable between two cohorts, we applied a com-

mon mask to all the three cohorts to generate feature matrices with

the same length.

TABLE 1 Demographic and clinical information

Cohorts Group No. Age Gender PANSS positive PANSS negative PANSS general PANSSTotal

EOS HC 122 13.0 ± 2.8 85F/37M

SZa 89 14.7 ± 1.8 52F/37M 19.6 ± 3.1 15.3 ± 6.5 36.5 ± 8.0 76.8 ± 16.7

Group diff p 0.1 0.1

AOS HC 34 28.3 ± 6.2 13F/21M

SZb 34 31.0 ± 7.1 16F/18M 23.5 ± 3.9 19.9 ± 4.6 42.3 ± 7.7 85.7 ± 10.2

Group diff p 0.1 0.5

Chronic SZ HC 124 28.8 ± 5.8 65F/59M

SZc 126 29.8 ± 6.0 51F/75M 23.7 ± 3.9 18.3 ± 5.9 35.7 ± 5.4 77.8 ± 9.4

Group diff p 0.1 0.2

Note: The p-value represents the result of the chi-square test for gender and a two-sample t-test for age.

Abbreviation: F: female; M: male.
aPANSS score was only collected from 28 out of 89 patients in cohort 1.
bPANSS score was collected for all 34 patients in cohort 2.
cPANSS score was only collected from 89 out of 126 patients in cohort 3.
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2.2.2 | fALFF

For fMRI, we employed the Brant software package (http://brant.

brainnetome.org/en/latest/) to preprocess the collected fMRI data

(Xu et al., 2018). We discarded the first 10 volumes of each func-

tional time series for the magnetization equilibrium. Slice timing was

performed with the middle slice as the reference frame. Then images

were realigned using INRIalign, a motion correction algorithm unbi-

ased by local signal changes, resulting in head motion parameters

computed by estimating translational and rotational parameters.

Each subject had a maximum displacement in a dataset that did not

exceed ±1.5 mm or ±1.5�. Then data were spatially normalized into

MNI space, resliced to 3 � 3 � 3 mm3. Further, we performed den-

oising to regress motion parameters, white matter, and cerebrospinal

fluid. We extracted the voxel-wise fractional amplitude of low-

frequency fluctuations (fALFF) to generate a map for each subject

and spatially smoothed with a 6-mm isotropic Gaussian kernel. A

mask was generated to include only voxels inside the brain across all

subjects. We applied the same preprocessing steps to cohort 2 and

cohort 3. A common mask was also generated for further

comparison.

2.2.3 | Functional network connectivity (FNC)

We also decomposed preprocessed functional MRI data by group

information guided ICA (GIGICA) based on the Neuromark template

used in (Du et al., 2020) for each dataset, which captures

corresponding functional network features while retaining more single-

subject variability. Fifty-three independent component networks

(ICNs) were set as network templates. Here, we used only 49 ICNs to

ignore the last 4 ICNs in the cerebellar because they were partially

missing in the scanned data. These 49 ICNs were arranged into six

functional domains, including the subcortical (SC: 5 ICNs), auditory

F IGURE 1 Flowchart of the analysis pipeline. (a) a 3-way multimodal fusion method was implemented for two SZ cohorts separately to
identify the FALFF-GM-FNC co-varying abnormalities. (b) the identified drug-naïve SZ-shared components were used via CPM to test their
predictability on PANSS scores of the chronic SZ patients
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(AU: 2 ICNs), sensorimotor (SM: 9 ICNs), visual (VI: 9 ICNs), cognitive

control (CC: 17 ICNs), and default mode (DM: 7 ICNs). Static functional

network connectivity (sFNC) is calculated using Pearson correlation,

resulting in a 49 � 49 matrix for each subject. We extracted the upper

triangle elements of the matrix as FNC features, namely, each subject

has an FNC vector in the dimension of (49 � 48)/2 = 1176.

2.3 | Analysis design

The analysis flowchart is demonstrated in Figure 1. Firstly, a three-

way multimodal fusion combining fALFF, GM, and FNC was revealed

in EOS and AOS cohorts via the multimodal fusion method separately.

Then, we compared and overlapped the spatial maps of the identified

group-discriminative components from two drug-naïve SZ cohorts,

determining the adolescent vs. adult shared and unique components.

Furthermore, we trained a CPM prediction model in search of the cor-

relations between the EOS-shared components and PANSS scores.

And we tested it in an independent, chronic SZ cohort to explore

whether this correlation is still retained under the influence of anti-

psychotic mediation and disease progression.

2.4 | Three-way multimodal fusion

After obtaining three types of extracted MRI features, three-dimensional

features for each subject were reshaped into a one-dimensional vector,

forming three matrices (subjects by voxels) for each feature, respectively.

Then three feature matrices were organized subjects by voxels and were

applied in MCCA + jICA model (multisite canonical correlation analysis +

joint independent component analysis, https://trendscenter.org/

software/fit/) (Sui et al., 2011). Site label and scanner label were used as a

covariate to be regressed out to minimize the effect of site and different

scanning conditions for each feature in cohort 2, for it contains multiple

scanner sites. Then, we regressed the site out for each feature in three

cohorts to minimize the effect of the site. Age, gender, and mean FDs

were all regressed out for fALFF, GM, and FNC, respectively, to reduce

their potential impact on the neuroimaging data. The three feature

F IGURE 2 The joint components showed significant group differences in the three modalities for EOS. (a) the spatial maps of fALFF and
group differences in loading parameters. (b) the spatial maps of GM and group differences in loading parameters. The spatial maps of fALFF and
GM were visualized at jZj > 2, with the positive Z scores shown in red. Each component's violin plot and loadings are shown below with SZ in red
and HC in blue. (c) the FNC matrix displayed positive and negative links and group differences in loading parameters. The FNC matrix (below) was
transformed into Z scores and thresholding at jZj > 2.5, displayed through the BrainNet viewer toolbox

FENG ET AL. 5

https://trendscenter.org/software/fit/
https://trendscenter.org/software/fit/


matrices were then normalized to have the same average sum of squares

(computed across all subjects and all voxels/locus for each feature) to

ensure all features have the same ranges and contributed equally in

fusion. Details of MCCA+jICA analysis procedure can be found in the

supplementary file. Post hoc correlations were further evaluated between

loadings of the joint components and PANSS scores.

2.5 | Extraction of adolescent and adult shared
drug-naive SZ deficit

After applying the mCCA+jICA framework to the MRI data, we got

each modality's independent components (IC) and corresponding

subject-wise loading parameters. Two-sample t-tests were performed

on loading parameters of each IC between HC and SZ, resulting in the

group-discriminative ICs (Figures 2, 3). Besides, we calculated the cor-

relation between joint components and patient symptom severity

(PANSS). The overlapped brain regions between the group-

discriminative ICs derived from EOS and AOS were identified by

thresholding at jZ-scorej >2 in spatial maps (Figure 4). Similarly, the

shared key nodes in two drug-naive SZ cohorts were identified by

thresholding FNC at jZj >2.5. We set the age-specific brain regions for

EOS and AOS as the remaining part after overlapping, respectively.

2.6 | Symptom prediction

To explore whether the shared multimodal brain abnormalities in drug-

naive SZ may persist in chronic SZ and associate with disease severity,

we employed a prediction framework integrating feature selection and

F IGURE 3 The joint components showed significant group differences in the three modalities for AOS. (a) the spatial maps of fALFF and
group differences in loading parameters. (b) the spatial maps of GM and group differences in loading parameters. The spatial maps of fALFF and
GM were visualized at jZj > 2, with the positive Z scores shown in red. Each component's violin plot and loadings are shown below with SZ in red
and HC in blue. (c) the FNC matrix displayed positive and negative links and group differences in loading parameters. The FNC matrix (below) was
transformed into Z scores and thresholding at jZj > 2.5, displayed through the BrainNet viewer toolbox
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linear regression (Jiang, Calhoun, Zuo, Lin, & Sui, 2018; Jiang et al., 2020)

on the identified ICs to predict the PANSS scores. Remarkably, the shared

spatial map of fALFF, GM, and FNC was reshaped into a one-dimensional

vector with a dimension of 3696 for each subject. We used four kinds of

PANSS scores containing positive, negative, general, and total scores as

symptom trait scores. In the feature selection step, we computed the

Pearson correlation between the 3696 features and the PANSS scores

across training individuals, obtaining an R-value with an associated P-

value for each feature. Next, features significantly correlated with PANSS

scores with a p-value< P-threshold were retained for further analysis. To

obtain the optimal value, we tested P-threshold ranging from 0.005 to

0.05 with a 0.005 interval (almost no features were retained when

selecting features with p< :005). Finally, an optimal threshold of 0.015

was determined for the prediction. We only trained the PANSS pre-

diction model using drug-naive SZ subjects (EOS and AOS) with the

selected features and simple linear regression but used chronic SZ in

an independent cohort for testing. The prediction performance was

measured by correlation with ground truth, and the normalized root

mean squared error (NRMSE) (Figure 4).

3 | RESULTS

3.1 | Multimodal patterns impaired in EOS

As shown in Figure 2, one joint IC was identified in the EOS that

showed significant group-different loadings, with p¼ :0050, :0007,

:0078 for FNC, fALFF, and GM, respectively. In addition, the signifi-

cant pairwise inter-modality correlations existed for FNC-fALFF:

r¼0:2607, p¼1:27�10�4; fALFF-GM: r¼0:2706, p¼6:85�10�5;

FNC-fALFF: r¼0:2726, p¼6:01�10�5. Moreover, the identified

fALFF IC was correlated with PANSS general score (r¼0:33, p¼ :07).

The loading parameters in Figure 2 are adjusted as HC > SZ for all

modalities on the mean of loading parameters so that the positive Z-

values (red regions) indicate higher contribution in HC than SZ and

the negative Z-values (blue regions) indicate higher contribution in SZ

than HC. The spatial maps of the fALFF and GM components

thresholding at jZ-scorej >2 are shown in Figures 2a, b. The FNC

matrix was transformed into Z-scores and visualized at jZj >2.5, which

displayed positive and negative links separately through the BrainNet

Viewer (https://www.nitrc.org/projects/bnv/).

The identified group-discriminative brain regions in joint IC were

impaired in SZ in precuneus in both functional and structural modali-

ties. SZ patients showed lower fALFF values in the precuneus, poste-

rior cingulate cortex, and prefrontal cortex but higher fALFF values in

the striatum. For GM, SZ had higher values in the precuneus, post-

central gyrus, middle occipital gyrus, and middle temporal gyrus. The

key nodes of FNC components were highly overlapped with abnormal

regions shown in fALFF and GM components, including the prefrontal

cortex, posterior cingulate cortex, and middle temporal gyrus. Besides,

the inferior parietal lobule also served as the key node. In Figures 2c

red edges indicate SZs have lower FNC strength than HCs, while blue

values indicate SZs have higher FNC strength. The connection between

the middle temporal gyrus and prefrontal regions such as the superior

F IGURE 4 (a) Commonly impaired regions in EOS and AOS (b) EOS-specific ROIs. (c) AOS-specific ROIs. Prediction of PANSS positive scores
based on the commonly identified ROIs in EOS and AOS (d) and its generalizability in chronic SZ patients with a longer duration of illness or
medication treatment (e)
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medial frontal gyrus and the superior frontal gyrus was higher in SZ, as

well as the connection between the inferior parietal lobule and middle

frontal gyrus, and inferior frontal gyrus in the prefrontal cortex. Nota-

bly, the connection between posterior cingulate cortex and inferior

parietal lobule, and middle temporal gyrus and fusiform gyrus showed

lower value in SZ patients. Anatomical information of the identified

imaging components in detail was shown in Tables S2 and S3.

3.2 | Multimodal patterns impaired in AOS

Figure 3 illustrates the fusion results of AOS, indicating impaired

regions in basal ganglia network (BGN), same as EOS. For fALFF, SZ

patients showed lower precuneus, cuneus, prefrontal, middle occipital

gyrus, and calcarine gyrus but higher striatum. For GM, SZ patients

had a higher value in the putamen and lower values in the precuneus,

postcentral gyrus, and middle cingulate cortex.

In addition, the key nodes in the FNC component showed a spa-

tial consistency with the identified region in fALFF, such as calcarine

gyrus and caudate. Other regions in BGN, such as the thalamus, also

acted as a key node in FNC connections. Significant group differences

were identified in loadings, with p¼ :0008, :0009, :015for FNC, fALFF

and GM, respectively. The anatomical information of the identified

imaging components is shown in Tables S4 and S5.

3.3 | Commonly impaired regions in EOS and AOS

The identified joint components exhibited substantial spatial overlap

between two drug-naive SZ cohorts. As shown in Figure 4, we identi-

fied the default mode network (DMN) in fALFF and GM, sub-cortical

clusters including putamen and right pallidum in fALFF, postcentral

gyrus in GM, and FNC node on middle temporal gyrus to be the com-

mon brain regions of interest (ROIs) impaired in drug-naïve first-

episode SZ in both adults and adolescents. Consequently, 1062 voxels

in fALFF, 1455 voxels in GM, and 1 key node in FNC were extracted

as the shared group-discriminative ROIs between drug-naive SZ and

HC, regardless of onset. They showed significant group differences

compared with HC in cohort 3 (p¼6:02�10�6 for fALFF and

p¼0:0440 for GM) and were further used in symptom prediction.

3.4 | Symptom prediction and validation in
chronic SZ

Based on the features masked by the ROIs shown in Figure 4a for

each drug-naive SZ patient, we trained the regression CPM model to

predict four kinds of PANSS scores, respectively. Interestingly, a sig-

nificant correlation between the predicted and true scores was only

achieved for PANSS positive with r¼0:52, p¼0:03, NRMSE¼0:13

(Figure 4d). In contrast, we found no significant correlations for

PANSS negative, general, and total scores. More importantly, such

PANSS positive prediction model can be generalized to chronic SZ in

an independent cohort with r¼0:35, p¼0:01, and NRMSE¼0:25

using the same prediction weights and ROI masks, as shown in

Figure 4e.

4 | DISCUSSION

Based on a data-driven fusion approach, this study attempted to char-

acterize the common and distinct impairments in drug-naïve EOS and

AOS from multimodal facets (fALFF, GM, and FNC). Results also rev-

ealed the predictability of the positive symptom severity based on the

above identified brain regions in SZ, regardless of their duration of ill-

ness. Specifically, we found (1) decreased fALFF and GM in DMN,

increased fALFF and GM in the striatum, and aberrant FNC primarily

related to middle temporal gyrus were shown to be aberrant in both

EOS and AOS patients; (2) these commonly identified ROIs can be

used to estimate PANSS positive scores in both drug-naive SZ and

chronic SZ (r¼0:25, p¼0:01), which may serve as potential bio-

markers for positive symptoms in disease progression.

4.1 | Consistent impaired brain regions in drug-
naive SZ

Our primary finding was that the medial prefrontal cortex, precuneus,

striatum, and postcentral gyrus were consistently identified as aber-

rant in drug-naive SZ no matter the age, indicating that regionally dis-

sociated functional and structural brain changes might are already

present at the onset of SZ. Notably, brain regions such as the striatum

and medial prefrontal cortex are within the dopamine pathway, which

is both a treatment target and a system implicated in the pathogenesis

of SZ (Gong et al., 2016). More importantly, these impairments were

not affected by illness duration or medication treatment, suggesting

that such brain deficits were independent of the disease stages (drug-

naïve vs. drug) thus might be used for disease progression evaluation.

Our finding of increased fALFF and GM in the striatum for drug-

naive SZ is consistent with previous studies (Koch et al., 2014; Levitt

et al., 2017; Li et al., 2020). Striatal dysfunction may contribute to SZ

symptoms (McCutcheon et al., 2019). A study revealed that decreased

ALFF in the left putamen was relatively specific to hallucinations (Cui

et al., 2016). Putamen volume loss may be a biological correlate of

delusions in SZ (Huang et al., 2017). Striatum plays an essential role in

information processing by regulating dopaminergic modulation, and

striatal dysfunction leads to SZ by affecting the dopamine

(DA) system (Howes & Kapur, 2009; McCutcheon et al., 2019;

Simpson et al., 2010). We speculate that striatal hyperactivity plays an

important compensatory mechanism for maintaining normal cognitive

performance in the SZ's early stages and represent a core illness path-

ophysiology in SZ.

DMN, including the precuneus, posterior cingulate cortex, inferior

parietal lobule, medial prefrontal cortex, and inferior/medial temporal

lobe, has been high-profile in SZ research since it was addressed in

2001 (Raichle et al., 2001). It participates in various brain functions

containing cognitive control and social evaluation (Broyd et al., 2009).

Abnormal activities of DMN have been found widely in several SZ
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studies (Garrity et al., 2007; Gur et al., 1998). For example, Garrity

et al. identified precuneus, medial prefrontal cortex, and left inferior

and middle temporal cortex in chronic SZ patients (Garrity

et al., 2007). Smaller volumes of frontal and temporal lobes were rev-

ealed in both first-episode (Luo et al., 2019) and previously treated SZ

patients (Gur et al., 1998). Notably, previous studies suggested DMN

has a potential relationship with the DA system (Minzenberg

et al., 2011; Nagano-Saito et al., 2009; Sambataro et al., 2010). All this

strong evidence suggests that DMN plays a key role in symptoms of

SZ. Our finding of DMN in drug-naive SZ further indicated it might

serve as a primary biomarker in first-episode disease and be relevant

to pathogenic mechanisms.

4.2 | Adult- and adolescent-specific brain
abnormalities in drug-naive SZ

Regarding the specific regions identified in the two cohorts, fewer

regions were identified in EOS than AOS. Only EOS exhibited higher

fALFF in the left pallidum and lower GM in the middle occipital gyrus.

In comparison, only AOS showed lower fALFF in the calcarine gyrus,

middle occipital gyrus, and cuneus and lower GM in the middle cingu-

late cortex compared with HCs. Spread regions in VI such as calcarine

gyrus, cuneus, and middle occipital gyrus were recognized in AOS.

Several studies have suggested that regions throughout VI be signifi-

cantly activated in SZ (Qiu et al., 2021), and VI is associated with

underlying SZ pathophysiology (Wang et al., 2018). As a leading

region of VI, the middle occipital gyrus contributes to visual

processing, and occipital cortical is correlated to hallucinations, color

blindness, and agraphia in SZ (Hassaan et al., 2015). A previous study

suggested VI might be necessary as DMN and salience network for SZ

neuropathology (Keedy et al., 2009). Our result affirmed this sugges-

tion and put forward a presumption that region impaired might be

correlated with onset age.

Further, decreased intrinsic activity in the middle cingulate cor-

tex may also serve as a differentiating feature of AOS. The middle

cingulate cortex is prone to be altered structurally, same as our

finding of reduced GM values in AOS (Ellison-Wright et al., 2008;

Voegler et al., 2016). It has shown dysfunction during conflict,

error, and novelty processing in SZ patients (Boksman et al., 2005;

Miltner et al., 2003). As shown in previous studies, the salience

network, including the middle cingulate cortex, plays a crucial role

in changing brain state between DMN and task-relevant states

(Clark et al., 2008; Menon & Uddin, 2010). Dysfunction of the mid-

dle cingulate cortex might result in severe difficulties in hallucina-

tions, passivity experiences, disorganization, and psychomotor

poverty in SZ (Palaniyappan & Liddle, 2012). Various sources of

evidence suggest that a dopaminergic abnormality is likely to be

associated with the salience network dysfunction in individuals

with SZ (Dolan et al., 1995; Takahashi et al., 2006). Moreover, it

modulates the middle cingulate cortex during executive tasks (Ji

et al., 2009). In conclusion, salience network dysfunction is consis-

tent with and builds on the existing hypothesis of SZ. Our result of

identifying the middle cingulate cortex in drug-naive SZ indicates

salience network impairment exists at the early stage of SZ in adult

patients.

4.3 | Prediction of symptom severity on chronic
patients

The replicated prediction of PANSS positive scores based on the iden-

tified shared multimodal features suggest that the deficits in SZ anat-

omy and function appear to remain relatively stable in drug-naive SZ

with different age of onset, paralleling the pattern of cognitive deficits

(hallucinations and delusions). Specifically, activity in DMN was found

to be correlated with the severity of positive symptoms (Garrity

et al., 2007), and striatum also plays a vital role in the development of

positive symptoms (McCutcheon et al., 2019). Moreover, the predic-

tion in the drug chronic SZ cohort showed the ROIs identified in drug-

naïve SZ might be consistent in chronic SZ, regardless of the reflection

by both cross-cohort effect and antipsychotic medication.

Most licensed pharmacological treatments of SZ affect the DA

system (McCutcheon et al., 2019). Previous studies have shown that

striatum and prefrontal might be the biomarker for antipsychotic

treatment (Sarpal et al., 2015). For example, olanzapine treatment

influences DMN via modulating the dopaminergic pathway (Garrity

et al., 2007). Therefore, for patients who have accepted antipsychotic

treatment, their impairment for DA modulation in DMN and striatum

may be regulated, leading to the correlation between identified bio-

markers and disease symptoms in drug-naïve SZ changed in drug

chronic SZ cohort. In conclusion, our finding demonstrated the signifi-

cance of DMN and striatum in SZ and the latent influence of antipsy-

chotic treatment regulating the dopaminergic pathway.

4.4 | Limitations and future directions

A possible limitation of this work is that our sample size, especially

AOS, is relatively small. And the sample size between AOS and EOS is

different. However, these findings still provide important clues for the

study of SZ progression. A second limitation is that our multimodal

fusion works on extracted features rather than the original imaging

data. Temporal information was lost though it tends to be more trac-

table to use small-dimensional data. We plan to incorporate features

such as dynamic states and structural morphometric measures as

fusion input to capture both temporal and spatial co-alterations in the

future work. Furthermore, the medication information for chronic SZ

and illness duration of EOS was not recorded completely. Therefore,

we could not analyze the influence of antipsychotic medication in

detail in our current study. Future work should concentrate on the

influence of medication usage on co-varying brain patterns.

5 | CONCLUSION

In this work, based on two drug-naïve SZ cohorts, we identified multi-

modal signatures impaired in EOS and AOS by MCCA+ jICA,

FENG ET AL. 9



respectively. We extracted the shared group-discriminative brain pat-

terns, which were accomplished to predict PANSS positive scores for

both drug-naïve and chronic SZ. Our results suggested that during the

initial stages of SZ, aberrant regional intrinsic brain activity predomi-

nantly involved the DMN and striatum, which are significantly linked

with positive symptoms in SZ, regardless of the illness stage. More-

over, regions in visual cortex and the salience network were identified

in AOS specifically, revealing differences in the magnitude of deficits

between AOS and EOS. Collectively, these results contribute to our

understanding of the progressive pathophysiology of SZ.
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