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Abstract

Background Schizophrenia is characterized by complex psychiatric symptoms and unclear pathological mecha-
nisms. Most previous studies have focused on the morphological changes that occur over the development of the
disease; however, the corresponding functional trajectories remain unclear. In the present study, we aimed to explore
the progressive trajectories of patterns of dysfunction after diagnosis.

Methods Eighty-six patients with schizophrenia and 120 healthy controls were recruited as the discovery dataset.
Based on multiple functional indicators of resting-state brain functional magnetic resonance imaging, we conducted
a duration-sliding dynamic analysis framework to investigate trajectories in association with disease progression. Neu-
roimaging findings were associated with clinical symptoms and gene expression data from the Allen Human Brain
Atlas database. A replication cohort of patients with schizophrenia from the University of California, Los Angeles, was
used as the replication dataset for the validation analysis.

Results Five stage-specific phenotypes were identified. A symptom trajectory was characterized by positive-dom-
inated, negative ascendant, negative-dominated, positive ascendant, and negative surpassed stages. Dysfunctional
trajectories from primary and subcortical regions to higher-order cortices were recognized; these are associated with
abnormal external sensory gating and a disrupted internal excitation-inhibition equilibrium. From stage 1 to stage 5,
the importance of neuroimaging features associated with behaviors gradually shifted from primary to higher-order
cortices and subcortical regions. Genetic enrichment analysis identified that neurodevelopmental and neurodegen-
erative factors may be relevant as schizophrenia progresses and highlighted multiple synaptic systems.

Conclusions Our convergent results indicate that progressive symptoms and functional neuroimaging phenotypes
are associated with genetic factors in schizophrenia. Furthermore, the identification of functional trajectories comple-
ments previous findings of structural abnormalities and provides potential targets for drug and non-drug interven-
tions in different stages of schizophrenia.
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Background
Schizophrenia is a severe psychiatric disorder that is
characterized by positive, negative, and cognitive symp-
toms, which involve distributed regions in the brain [1].
A long-standing neurodevelopmental hypothesis has
greatly contributed to our understanding of the devel-
opment of schizophrenia [2]. The dopamine hypothesis
suggests that a hyper-response occurs in schizophrenia;
this is consistent with the mechanism of current antipsy-
chotic drugs, which block dopamine D2 receptors [3, 4].
Furthermore, although no histopathological evidence has
yet met the definition of neurodegeneration in schizo-
phrenia, a neurodegenerative hypothesis has been pro-
posed to interpret the progressive course that is observed
in this disease [5]. To date, many genes have been rec-
ognized as important in different periods of the clinical
course of schizophrenia [6]. People tend to seek clini-
cal help when their symptoms meet the clinical diagno-
sis threshold; they usually show predominantly positive
symptoms at this stage and respond well to antipsychotic
drugs. Unfortunately, however, antipsychotic drugs can-
not effectively control negative and cognitive symptoms,
which are the main symptom types as the disease pro-
gresses [7]. Heterogeneous symptoms exist in differ-
ent stages of schizophrenia, and the disease progression
involves different structural and functional abnormalities.
Magnetic resonance imaging (MRI) studies have pro-
vided multimodal evidence to indicate abnormalities in
distributed brain regions in schizophrenia and have high-
lighted the network properties of the disease [8, 9]. Many
studies have investigated the detailed anatomical features
of schizophrenia and provide compelling evidence of
striatum-dominated atrophy and associated morphologi-
cal abnormalities [10]. Furthermore, longitudinal stud-
ies of individuals with first-episode schizophrenia have
demonstrated progressive gray matter loss in this dis-
ease [11]. Similarly, one of our previous studies demon-
strated a progressive reduction in gray matter in patients
with schizophrenia [12]. The duration of the disease
and antipsychotic treatments are also associated with
progressive morphological changes in the brain [13]. In
resting-state functional MRI, multiple functional indica-
tors (FIs) have been proposed to illustrate multiple-view
abnormalities of brain functional activity in schizophre-
nia [14—16], thus providing evidence of the underlying
pathology of this disease. Although abnormalities are not
completely consistent across indicators, these different
functional features can be referred to as representations
of complex pathological mechanisms in different func-
tional dimensions. In contrast, progressive functional
changes are relatively less studied in schizophrenia. There
are several possible reasons for this discrepancy: (1) the
difficulties obtaining long-term longitudinal functional
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data from large samples, (2) the existence of large func-
tional heterogeneity in patients with schizophrenia, and
(3) the relatively poor stability of functional signals rela-
tive to structural data.

It would be interesting to explore the intrinsic charac-
teristics of the disease itself through multiple Fls. A prior
meta-analysis of multiple FIs integrated findings across
publications in an attempt to identify duration-associated
functional features [17]. However, correlation analyses
in a cross-sectional analysis are unable to reveal specific
patterns of dysfunction over different disease courses.
Additionally, although a longitudinal analysis is the best
way to reveal the progression of a disease, decades of
longitudinal data are extremely difficult to obtain. There
is thus a need to develop an alternative research frame-
work to address this issue. Moreover, to establish macro-
and micro-scale understanding of diseases, studies have
linked neuroimaging profiles with gene transcriptomic
data across psychiatric disorders [18, 19]. Gray and white
matter microstructures are associated with polygenic
risk for schizophrenia and have been further suggested
to affect the psychiatric symptoms of patients [20, 21].
Moreover, associations between genotypes and clinical
phenotypes are complex over different periods of schizo-
phrenia [2, 22]. Therefore, integrating neuroimaging and
gene transcriptomic data may provide further insights
into the pathological mechanisms of the disease.

To address these issues, we used a longitudinal-substi-
tuted approach to investigate the progressive dysfunction
that occurs in schizophrenia using cross-sectional data-
sets. This approach was conducted using a duration-slid-
ing dynamic analysis framework, in which multiple Fls
were integrated to characterize whole-brain voxel-wise
dysfunction. Affinity propagation clustering and Liptak—
Stouffer approaches were then used to acquire duration-
labeled specific stages of dysfunction in the disease. We
hypothesized that gene expression levels would be related
to the patterns of dysfunction as well as disease progres-
sion. We therefore used a regression model to identify
dysfunction-associated genetic factors in distinct stages
using the Allen Human Brain Atlas (AHBA) database
[23]. Moreover, enriched networks were identified based
on merged genes across stages to uncover schizophre-
nia-related pathways using Metascape [24]. The overall
aim of the present study was to identify disease-related
multi-trajectories, from symptoms to neuroimaging to
genes. The study flow chart is illustrated in Additional
file 1: Fig. S1.

Methods

Participants

For this study, 86 patients with schizophrenia were
recruited from the Clinical Hospital of Chengdu Brain
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Science Institute. Each patient was diagnosed based on
the Diagnostic and Statistical Manual of Mental Disor-
ders, fourth edition. Subjects with a history of brain inju-
ries, substance-related disorders, or major medical or
neurological disorders were excluded. Symptoms were
evaluated using the Positive And Negative Syndrome
Scale (PANSS). A standardized quantitative formula was
used to evaluate the chlorpromazine equivalents for each
antipsychotic medication [25]. As controls, 120 healthy
individuals without neurological or psychiatric disorders
were recruited. This study was approved by the research
ethics committee of Chengdu Mental Health Center with
the approval number CDMHLL-2017008, and written
informed consent was obtained from participants (or
their legal guardians if they were under 18 years old) in
accordance with the Declaration of Helsinki. Detailed
demographic and clinical information is shown in
Table 1.

Data acquisition

MRI images were acquired on a 3-T scanner equipped
with an eight-channel phased-array head coil (EXCITE,
GE Healthcare, Milwaukee, WI, USA). An echo-
planar imaging sequence was used for resting-state
functional data (echo time [TE]=30 ms, repetition
time [TR]=2000 ms, data matrix=64x64, field of
view=24 cmXx24 cm, flip angle [FA]=90°, slice thick-
ness=4 ms [no gap], and 32 axial slices in each vol-
ume). All subjects were asked to close their eyes without
falling asleep during the scan. Each scan lasted 400 s
and generated 200 volumes. A three-dimensional fast
spoiled gradient-echo sequence was used to acquire
axial anatomical T1-weighted images, with the fol-
lowing parameters: TE=3.2 ms, TR=8.2 ms, field of

Table 1 Study cohort demographics of the schizophrenia and
control participants

Characteristic Schizophrenia (n=86) HC(n=120) P-value

Age (years) 40.66+11.17 37.73+£1469 012
Gender (M:F) 61:25 80:40 0.52
Education 11454259 11.07+3.08 0.36
Duration (years) 1522+10.20 - -
Chlorpromazine 33796+ 144.41 - -
equivalents (mg/
day)
PANSS score
Total 62.21+£13.16 - -
Positive 1332+584 - -
Negative 20.70+6.01 - -
General 28.19+581 - -

F female, HC healthy control, M male, PANSS Positive And Negative Syndrome
Scale
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view=25.6 cmX25.6 cm, data matrix=256x256, flip
angle=12°, and thickness=1 mm (no gap).

Dysfunction in association with disease progression

The preprocessing of functional MRI and structural data
followed the procedures detailed in our previously pub-
lished articles (Additional file 1: Method S1 [26]). Five
FIs were used to describe the overall characteristics of
brain function: the fractional amplitude of low-frequency
fluctuation, regional homogeneity, and functional con-
nectivity density at global, local, and long-range levels.
Progressive dysfunction was assessed using the follow-
ing analysis. Patients with schizophrenia were grouped
according to disease duration. Next, an approach similar
to an overlapping sliding window in the dynamic analysis
was used to divide subgroups [27, 28].

Specifically, we divided patients into different groups
with overlap according to their duration of disease. Tak-
ing 5 years as the window length, patients with a course
of 1 to 5 years were classified into group 1, patients
with a course of 2 to 6 years were classified into group
2, patients with a course of 3 to 7 years were classified
into group 3, and so on. In each subgroup, whole-brain
voxel-wise FIs were calculated and compared with those
of healthy controls using a two-sample ¢-test, with age,
sex, total intracranial volume, and head motion included
as nuisance covariates (Additional file 1: Method S2). To
capture duration-specific case—control differences, an
affinity propagation clustering approach was applied to
create case—control t-maps of all subgroups for each FI
[29] (Additional file 1: Method S3 [30, 31]). Each FI then
uncovered a set of duration-related functional states,
which characterized schizophrenia-related disturbances
from a specific perspective. To identify progressive stages
using multifunctional characteristics, states from distinct
FIs were aligned according to maximum spatial similar-
ity and maximum temporal overlap (Additional file 1:
Method S4 and Fig. S2). After clustering and alignment
across states, patterns of dysfunction in the progressive
stages were identified using the Liptak—Stouffer method
[32—-34] (Additional file 1: Method S5 [32—34]). Moreo-
ver, to quantify the progressive patterns of dysfunction,
we used cerebral functional gradient maps [35] and cal-
culated the spatial correlations between schizophrenia
stage-related cortical dysfunction and cortical hierarchy.

Associations between dysfunction and behavior

To identify the associations between stage-specific
dysfunction and PANSS scores, we conducted partial
linear squares regression (PLSR) for each stage. Specifi-
cally, we parcellated the whole brain into 246 regions
and extracted the FIs of each region by averaging all
voxels using a previously defined atlas [36]. In this way,
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a 246 x5 FI matrix was generated for each subject as
the neuroimaging variables, and positive, negative,
and general PANSS scores were taken as the behav-
ioral variables. We concatenated all subjects in each
stage and constructed a regression of the responses in
behavioral variables on the predictors in neuroimag-
ing variables. A non-parametric technique based on
randomly shuffling subjects (5000 times) was used for
the inferential analysis of PLSR results, which tests
whether the explained variance of PLS1 is significantly
more than that expected by chance (permutation test,
Pperm < 0.001). The current study focused on the combi-
nation (PLS1) mostly associated with behavioral vari-
ables. The behavioral variables were correlated with the
neuroimaging PLS1 scores to reveal the specific asso-
ciations between neuroimaging and behavioral charac-
teristics. We also compared the PANSS scores between
stages using a permutation test, which randomly
divides patients into two groups (5000 times) and cal-
culates the differences to generate the null model. The
significance of observed differences in PANSS scores
between the stages was determined using a comparison
with the permutated distribution.

We also detected the network- and region-level signif-
icance of neuroimaging PLS1 loadings. In this analysis,
eight previously defined brain networks were used to
illustrate network-level significance: the visual network,
sensorimotor network, salience network, dorsal atten-
tion network, limbic network, frontoparietal network,
default mode network, and subcortical network. We
averaged the loadings of all Fls of all regions belonging
to each network, thus generating eight network-level
neuroimaging loadings. Additionally, we investigated
the significance of the loadings (averaged across Fls) in
regions with abnormal FIs. We used regions in which
more than 30% of voxels had significantly abnormal FIs
in schizophrenia.

Genome expression data

The AHBA database (http://human.brain-map.org) pro-
vides gene expression data from the brains of six healthy
adult human donors, with 3702 spatially resolved sam-
ples. In this database, each donor’s brain has been nor-
malized and is divided into 246 smaller contiguous
regions (atlas) with approximately homogeneous sizes.
In the present study, we only analyzed the left hemi-
sphere data from the six donors (because data from the
right hemisphere are included for only two donors in the
AHBA database). We thus obtained the estimated expres-
sion values for each of the 10,027 genes in 123 regions of
the left hemisphere, as a 123x 10,027 regional transcrip-
tion matrix (Additional file 1: Method S6 [18, 19, 36, 37]).
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Dysfunction-associated genes

The patterns of dysfunction in the progressive and non-
progressive analyses were extracted to identify dys-
function-associated genes. The PLSR model was used
to explore dysfunction-associated genome expression
(transcriptional activity for all 10,027 genes). In the PLSR
analysis, which links neuroimaging data with transcrip-
tomic data, the inflation of false-positive findings may
be observed because of spatial auto-correlation [38]. To
account for spatial auto-correlation, a spin test based on
spherical rotations (5000 times) was used for the infer-
ential analysis of the PLSR results (permutation test,
Pspin <0.001) [39]. The spin test generates surrogate brain
maps that are matched to an empirical brain for spatial
autocorrelation, thus controlling for spatial contiguity
and hemispheric symmetry. We also applied a bootstrap-
ping approach, which resampled using the replacement
of the cortical regions to estimate the error on the PLS
weights for each gene. The weight of each gene was
then transformed to a z-score by its ratio to its boot-
strap standard error. Next, genomes with a significant
contribution to case—control dysfunction were selected
(p<0.05, false discovery rate [FDR] corrected).

The significant genes in PLS1 overlapped with 52
schizophrenia-related genes from “genes characterized
by in situ hybridization in 1000 gene survey in cortex” in
the AHBA database (help.brainmap.org/display/human-
brain/Documentation) (Additional file 1: Method S7
[36]). The expression of these overlapping genes was then
correlated to case—control statistical maps using Pear-
son’s correlation (p < 0.05, FDR corrected).

Enrichment analysis

The Metascape tool (http://metascape.org/) was used to
conduct the Kyoto Encyclopedia of Genes and Genomes
(KEGG) enrichment analysis for the PLS1 genes that
were selected from the PLSR components. For the sta-
tistical z-map of each stage, dysfunction-associated
genes were obtained according to significant PLS1+and
PLS1 —values (|Z]|>5, all FDR-corrected p<0.05). Each
stage produced one list of genes, thus generating multi-
ple lists of genes. To identify enriched networks related
to disease progression, these multiple lists of genes were
merged using Metascape. In the progressive analysis, the
PLS1—and PLS1+gene lists were generated separately
for the enrichment analyses.

Association between dopamine and dysfunction

Open positron emission tomography (PET) and single-
photon emission computerized tomography (SPECT)
data from unrelated healthy controls were used (avail-
able at the NITRC website: http://www.nitrc.org/proje
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cts/spmtemplates/), including [**F] FDOPA PET and
23] FP-CIT SPECT templates. Respective dopamine
synthesis capacity and dopamine transporter values
were then indexed from these templates. We also used
an [''C] raclopride PET template from a previous study
[40] to index striatal D2/D3 receptors. All templates were
yielded by averaging across subjects. In the present study,
spatial correlations between the case—control t-maps
and the three dopaminergic templates were calculated
(p<0.05). The case—control £-maps of FIs and progressive
stages were spatially correlated to the spatial patterns of
dopamine features, including dopamine synthesis, dopa-
mine transporters, and D2 receptors.

Non-progressive analysis

A non-progressive analysis was conducted by comparing
the FIs of all patients with those of healthy controls. The
dysfunction-associated genes, enriched networks, and
associations between dopamine and dysfunction were all
investigated in this non-progressive analysis (Additional
file 1: Method S8).

Validation analysis

We performed three additional analyses to validate the
findings from the present study. First, we used a data-
set from a replication cohort of patients with schizo-
phrenia from the University of California, Los Angeles
(UCLA) (from OpenNeuro: http://openneuro.org) [41].
With this dataset, we calculated the case—control differ-
ences of FIs and identified the enriched networks associ-
ated with neuroimaging profiles. Second, the number of
clusters was validated using a conventional K-means
clustering approach. Third, different window lengths
were used in the affinity propagation clustering analysis
to validate the reliability of progressive dysfunction. For
the detailed processing methods, see Additional file 1:
Method S9 [42].

Control analysis

The main factors that affect Fls in the brain are the mor-
phological profiles of the brain and antipsychotics. We
therefore correlated disease duration with morpho-
logical features of the brain and conducted comparisons
between subgroups with short and long disease dura-
tions. The included morphological features were gray
matter volume, white matter volume, and cerebrospinal
fluid volume. Additionally, drug equivalents were com-
pared between stages using a permutation test. We also
evaluated the correlations between FIs and antipsychot-
ics, and compared the FIs between subgroups with high
and low drug equivalents (Additional file 1: Method S10).
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Results

Symptom trajectory across stages

The present study generated 26 progressive subgroups
based on disease duration (Additional file 2: Table S1).
PANSS scores (positive, negative, general, and total) in
each subgroup are shown in Additional file 2: Fig. S3.
Five stages were identified, with characteristic clinical
symptoms: the positive-dominated stage 1, the negative-
ascendant stage 2, the negative-dominated stage 3, the
positive-ascendant stage 4, and the negative-surpassed
stage 5 (Fig. 1A). Differences in PANSS between stages
were also observed (P, <0.001) (Fig. 1B). There were
significantly higher positive scores in stages 1, 3, and 4
than in stage 5. Furthermore, stage 3 had higher negative
scores than stages 1 and 2 and higher general scores than
stages 1 and 5.

Dysfunction trajectories across stages

The optimal number of clusters was selected using the
largest Calinski—Harabasz index score (Additional file 2:
Fig. S4). The case—control t-maps of fractional amplitude
of low-frequency fluctuation, regional homogeneity, and
global and local functional connectivity densities of each
subgroup were clustered into five representative disease
progression states, which resulted in 4x5 functional
states. The long-range functional connectivity density
subgroup case—control t-maps were clustered into six
representative states. Thus, we finally obtained 4x5 (4
features, 5 states) plus 1 X6 (1 feature, 6 states) represent-
ative case—control differences. The conventional k-means
clustering approach also suggested a consistent selection
of cluster number (Additional file 2: Fig. S5). Representa-
tive states from different Fls were aligned, resulting in
five disease progression stages. Each stage was duration-
labeled: stage 1—mean 3.66 (range: 0-8) years; stage
2—mean 8.38 (range: 3—14) years; stage 3—mean 14.17
(range: 10-18) years; stage 4—mean 18.18 (range: 13-23)
years; and stage 5—mean 23.32 (range: 17-30) years.

To recognize the specific pattern of dysfunction of
each stage, stage-specific case—control z-maps were cre-
ated using the Liptak—Stouffer method (p<0.05, FDR
corrected). Decreased FIs were persistently observed
in the sensorimotor and visual cortices from stages 1 to
5. Hypofunction of the insula was observed persistently
from stages 2 to 5. Notably, a cluster in the ventral medial
prefrontal cortices was observed in stages 1, 2, and 3; this
cluster gradually expanded in stages 4 and 5 (Fig. 1C).
Increased FlIs in the striatum, dorsal prefrontal corti-
ces, and cerebellum were observed across all stages and
had a gradually expanding spatial scope. Furthermore,
hyperfunction of both the thalamus and hippocampus
was observed at stage 2 and gradually expanded with
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Fig. 1 Symptoms and functional profiles in the progressive stages. A Using PANSS scores, we identified the positive-dominated stage 1, the
negative-ascendant stage 2, the negative-dominated stage 3, the positive-ascendant stage 4, and the negative-surpassed stage 5. The PANSS
general scores presented a slow uphill phase and a slow downhill phase. B Comparisons of PANSS scores between stages using permutation tests.
*p<0.05 (FDR corrected). C With disease progression, Fls progressively decreased from lower-order cortices to the insula and then to higher-order
cortices in the default mode network (top middle of the panel), and Fls progressively increased from the subcortical regions to the thalamus/
hippocampus and then to higher-order cortices in the frontoparietal network (bottom middle of the panel). D Summarized progressive dysfunction
trajectory in patients with schizophrenia after diagnosis. Asterisks denote regions involved at the beginning of the disease progress and circles
denote regions involved as the disease progresses. Warm colors indicate hyperfunction and cold colors indicate hypofunction

increasing stages. Two trajectories of dysfunction were
therefore summarized in schizophrenia (Fig. 1D). With
window widths of 6 and 7 years (Additional file 2: Method
Tables S2-S3), four stages were obtained. Although the
number of stages changed, we also clearly observed
a hyperfunction trajectory from subcortical areas to

higher-order cortices in the frontoparietal network and a
hypofunction trajectory from lower-order sensory regions
to higher-order cortices in the default mode network
(Additional file 2: Figs. S6-S7). Moreover, we found that
the progressive dysfunction did not linearly correlate with
cerebral functional gradients (Additional file 2: Fig. S8).
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Notably, the relative ratio of correlations with gradient 1
(demeaned) and gradient 2 (demeaned) showed the same
trend as that of PANSS positive scores across the stages.

Progressive association between dysfunction

and symptoms

In all stages, the neuroimaging PLS1 scores were sig-
nificantly positively correlated with the behavioral PLS1
scores (p<0.0001) (Fig. 2A, B). In the first two stages,
both the PANSS positive and negative scores signifi-
cantly correlated with the neuroimaging PLS1 scores.
Furthermore, in stages 3 and 5, the PANSS negative and
general scores correlated with the neuroimaging PLS1
scores. The PANSS positive, negative, and general scores
all significantly correlated with the neuroimaging PLS1
scores. Moreover, the neuroimaging PLS1 loadings of
brain networks showed distinct association in distinct
stages (p<0.0001) (Fig. 2C). In the first stage, the visual
and sensorimotor networks were predominantly signifi-
cant, whereas the salience network had significant con-
tributions in stage 2. In the last stage, the frontoparietal,
default mode, and subcortical networks had significant
loadings in the association between neuroimaging Fls
and behavioral PANSS scores. The region-wise neuro-
imaging PLS1 loadings showed a similar trend of sig-
nificance, from primary to higher-order cortices and
subcortical regions, as the disease progressed (Additional
file 2: Fig. S9).

In the control analyses, there were no correlations
between disease duration and drug equivalent (Addi-
tional file 2: Fig. S10A). In addition, there were no dif-
ferences in drug equivalent among the stages (p>0.05)
(Additional file 2: Fig. S10B). However, patients with high
drug equivalents showed hyperfunction in the visual cor-
tices compared with patients with low drug equivalents
(Additional file 2: Figs. S11-S12). Furthermore, reduced
gray matter volume and increased cerebrospinal fluid
volume were observed with longer disease durations
(Additional file 2: Fig. S13). The case—control z-maps of
FIs and progressive stages were significantly positively
correlated with the spatial patterns of dopamine synthe-
sis, dopamine transporters, and D2 receptors (Additional
file 2: Figs. S14-S15).

Dysfunction-related genetic factors

The statistical z-maps of the progressive stages signifi-
cantly correlated with their PLS1 maps (Additional file 2:
Fig. S16). In stages 1, 2, 3, 4, and 5, the PLS1 contained
21, 24, 27, 37, and 30 of the 52 schizophrenia-related
genes from the AHBA in situ hybridization data, respec-
tively. These included 15, 16, 20, 28, and 24 genes that
negatively correlated with case—control z-maps and 6, 8,
7,9, and 6 genes that positively correlated with case—con-
trol z-maps, respectively. Notably, the expression levels
of KCNN3, HTR2C, and GRM3 were the most positively
correlated with the case—control z-maps. In contrast,
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the expression level of AHI was the most negatively cor-
related with the case—control z-maps in the five stages
(p<0.05) (Fig. 3).

Enrichment networks related to dysfunction

Using Metascape, stage-specific PLS1+, and
PLS1 —genes were selected to form multi-gene lists
for KEGG enrichment analyses. Enriched terms across
the enrichment results of PLS1 —genes are shown in
Fig. 4A. For the PLS1 — genes, the enrichment network
included “dopaminergic synapse,” “pathways of neu-
rodegeneration-multiple diseases,” “calcium signaling

pathway,” “cGMP-PKG signaling pathway,” and “AMPK
signaling pathway” According to the gene counts for
each enriched term (Fig. 4B and Additional file 2: Fig.
S17), stage 1 contributed to “dopaminergic synapse,’
and stages 2—4 contributed to “pathways of neurode-
generation-multiple diseases” In addition, neurode-
velopment-related terms were observed in all stages
of disease progression. A protein—protein interaction
network was enriched in stage 1 (Fig. 4C) with the sig-
nificant enrichment terms “dopaminergic synapse,
“morphine addiction,” and “glutamatergic synapse”
Moreover, a protein—protein interaction network was
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meanings’ from the network component, and the top three terms (with the smallest p-values) were retained: “dopaminergic synapse,”“morphine
addiction,"and “glutamatergic synapse.’ D Protein—protein interaction network enriched with the merged PLST — gene lists of all stages, including
nine MCODE networks. The terms “morphine addiction, “GABAerigic synapse,"and “thermogenesis” (the three terms with the smallest p-values) were
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enriched for multiple PLS1 — gene lists across all stages
(Fig. 4D), resulting in nine Molecular Complex Detec-
tion (MCODE) networks. The “GABAergic synapse,
“morphine addiction,” “MAPK signaling pathway,” and
“PI3K-Akt signaling pathway” terms were enriched
in this protein—protein interaction network. For the
enrichment results of PLS1+genes, see Additional
file 2: Fig. S18.

Non-progressive findings
Decreased FIs were identified in the sensorimotor and
visual cortices, whereas increased FIs existed in the

dorsolateral and medial prefrontal cortices (Additional
file 3: Fig. S19). Case—control differences in Fls also
revealed important associations with the expression of
AHI, KCNN3, HTR2C, SPTBN4, and PVALB (Additional
file 3: Fig. S20). “Dopaminergic synapse,” “Alzheimer’s dis-
ease,” and “pathways of neurodegeneration-multiple dis-
eases” terms were enriched using merged PLS1— genes,
and “pathways in cancer” and “cell adhesion metabolism”
terms were enriched with the highest significance using
merged PLS1 + genes (Additional file 3: Fig. S21).

Both the case-control differences in FIs and
enriched networks in the replication cohort were
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were “dopaminergic synapse” (—log;,(p) =13.1 and 10.9
(Additional file 3: Figs. S22-S23). The discovery and in the discovery and replication cohorts, respectively),
replication cohorts showed highly overlapping dys- “pathways of neurodegeneration-multiple diseases”
function-associated genes (Fig. 5A). Moreover, both  (—log;,(p) =12.6 and 11.9 in the discovery and replica-
the discovery and replication datasets were well clus-  tion cohorts, respectively), and “Alzheimer’s disease”

(—logyo(p) =12.6 and 12.1 in the discovery and replica-

tered and contributed to shared enriched networks.
Multi-gene lists from the discovery and replication tion cohorts, respectively) (Fig. 5C).

cohorts resulted in an enriched network with con-
sistent enrichment terms. The top three terms (with
the smallest p-values) were “dopaminergic synapse”
(—logyo(p)=12.39), “pathways of neurodegeneration-
multiple diseases” (—log;,(»)=11.40), and “pathways
in cancer” (—log;,(p)=10.85) (Fig. 5B). Moreover, a
protein—protein interaction network was enriched, in
which the top three terms (with the smallest p-values)

in line with the findings from the discovery cohort

Discussion
In schizophrenia, longitudinal studies of the prodro-

mal phase to the first episode are important for reveal-
ing the pathological mechanisms of the disease, as well
as a basis for its clinical treatment [43]. After being diag-
nosed, the vast majority of people with schizophrenia
experience a lifelong regimen of alternating positive and
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negative symptoms or negative-dominated symptoms
[1]. Subtypes of schizophrenia can be classified according
to the brain functional characteristics of patients, which
may lead to the application of appropriate neuromodula-
tion [44, 45]. Studying the progression of brain function
in patients receiving regular antipsychotics after clinical
diagnosis is therefore necessary to develop antipsychotics
and neuromodulation technologies.

Using an innovative dynamic analysis framework for
multiple Fls in the present study, we identified five pro-
gressive stages of schizophrenia in patients after diagno-
sis. Consistent with prior studies, a trajectory of clinical
symptoms was identified from predominantly positive
to predominantly negative symptoms, with five distinct
stages that were classified as positive-dominated, nega-
tive ascendant, negative-dominated, positive ascendant,
and negative surpassed. A hypofunction trajectory also
emerged from the primary sensorimotor and visual cor-
tices to the salience system and then to the default mode
network, which contributes to abnormal external sensory
gating in schizophrenia. Furthermore, a hyperfunction
trajectory was identified from subcortical regions to the
hippocampus and then to the dorsal frontoparietal net-
work, which is associated with a disrupted internal exci-
tation—inhibition equilibrium. We also identified that
the regions located in primary and salience systems were
strongly associated with behavior in patients at relatively
early stages, whereas regions located in higher-order
and subcortical systems were significantly associated
with behavior in the later stages of disease progression.
The trajectories of progressive dysfunction were non-
linearly associated with cerebral gradients, which were
specifically concordant with the trajectories of positive
symptoms. These findings further indicate that the dys-
function identified in the present study is essentially the
same as that of previously reported cerebral gradients,
and reflects integrated brain functional profiles. Further-
more, dysfunction-associated genetic analysis revealed
that neurodevelopmental and neurodegenerative factors
were associated with specific patterns of dysfunction over
the disease progression and specifically highlighted the
dopamine-centered synaptic system in the early disease
stages. Together, these findings indicate the existence of
progressive neuroimaging dysfunction with associated
genetic factors in schizophrenia and will be useful for
establishing an integrated framework to better under-
stand the pathomechanisms of this disease.

A previously proposed clinical course of schizophrenia
defined three representative phases (treatment, relapse,
and chronic phases) after first-episode psychosis [7]. In
the treatment phase, positive symptoms are well-con-
trolled, with a sharp slope, and negative symptoms pre-
sent a gradual slope. Next, both the positive and negative
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symptoms ascend as the disease progresses (with a greater
slope observed in positive symptoms). This is followed
by a descent into the chronic phase, characterized by
predominantly negative symptoms. Similarly, our work
identified five stages—from predominantly positive to
predominantly negative symptoms—after first-episode
psychosis; this is largely consistent with the recognized
clinical course of schizophrenia and supports the rational-
ity of our analysis framework. Furthermore, in line with
the conventionally defined stages of relapse, we character-
ized dynamic changes in the dominance of positive and
negative symptoms. Symptoms from the positive-domi-
nated, negative-ascendant, and negative-dominated stages
correspond to the phase that is well-controlled with antip-
sychotics [46]. The positive-ascendant stage corresponds
to the relapse phase, and the negative-surpassed stage
indicates the beginning of the chronic phase [47, 48].
Consistent with previous meta-analyses of FIs [49], the
results of the current study suggest that hypofunction
occurs in the primary sensorimotor and visual cortices
in the early stage of schizophrenia. Previous studies have
documented sensory and perceptual deficits in early-
stage processing and cognitive behavior [50] that are
associated with specific clinical symptoms, such as delu-
sions, hallucinations, and decreased voluntary motion.
In the present study, decreased FIs were observed in
lower-order regions (involving the primary sensorimo-
tor and visual cortices) in this positive-dominated stage,
which are associated with a potential mechanism for
self-disorder in schizophrenia [51] and suggest a discon-
nect with real external stimuli in the world [52]. Signifi-
cant associations between drug equivalents and FIs were
also observed in visual cortices in the present study; this
finding may be related to the response of positive symp-
toms to antipsychotics. There is substantial evidence of a
hyperresponsive dopamine system in schizophrenia, and
striatal dopamine pathways are strongly involved in dis-
ease progression [7]. It is therefore unsurprising that we
identified striatal hyperfunction in all disease stages in
the present study; this finding is in line with the recog-
nized hyperresponsive dopamine system in schizophre-
nia. Furthermore, abnormal striatal dopamine synthesis
is a specific feature of the prodromal stage and worsens
as the disease progresses [53, 54]. The patterns of dys-
function were significantly spatially correlated with
the distribution of striatal dopamine synthesis, release
capacity, and transporters in the current study; these
results further support the fundamental role of striatal
dopamine pathways in the progression of schizophrenia.
Striatal hyperfunction and hypofunction in lower-order
regions might therefore be representative phenotypes of
functional disturbance in the early positive-dominated
phase of disease progression after clinical diagnosis.
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The blockade of dopamine receptors can improve clini-
cal symptoms in patients with schizophrenia, suggesting
a common disruption of dopaminergic pathways [55]. A
hyperresponsive dopamine system in schizophrenia has
been suggested to result from a tendency of the brain
to overrespond to external salient stimuli, independent
of their importance, thus allocating disturbance salience
when processing signals [56]. Similarly, the sensory gat-
ing hypothesis suggests that the pathological basis of
schizophrenia is the absence of sensory gating, which
leads to a large amount of irrelevant information enter-
ing the brain and disrupting its function [57]. The sali-
ence network is involved in the process of differentiating
relevant from irrelevant stimuli and assigning salience to
stimuli-focused information [58]. In schizophrenia, how-
ever, the salience process is disrupted by aberrant dopa-
mine signaling related to irrelevant stimuli [59].

In the present study, as the disease progressed, we
identified hypofunction in the insula. This finding sup-
ports the theory of a disrupted salience-monitoring sys-
tem in schizophrenia. Furthermore, insular hypofunction
was accompanied by hypofunction of the default mode
network, which is associated with abnormalities of ongo-
ing information processing (including of inner reference,
memory, and emotions) in schizophrenia [60]. An abnor-
mal functional interaction among the so-called triple net-
work (the salience, default mode, and central executive
networks) has been proposed to explain the pathophysio-
logical dysfunction underlying psychiatric disorders [61],
and as a marker to understand the vulnerability of exter-
nal and internal perceptions in patients with schizophre-
nia [62]. The interaction between the salience and default
mode networks has been suggested to be strongly linked
to positive symptoms, but accumulating evidence also
indicates that a complex association exists between tri-
ple network profiles and positive, negative, and cognitive
symptoms in schizophrenia [63]. Consistent with those of
sensory gating, these findings might partially explain the
cascade of impairments from lower- to higher-level func-
tions in patients with schizophrenia.

In the present study, the orbitofrontal cortices wors-
ened as the disease progressed. The orbitofrontal corti-
ces play important roles in value processing and positive
affect; their abnormal function might therefore induce
apathy and lack of effect, which are typical clinical symp-
toms of schizophrenia. Thus, our findings are in line with
the recognized aberrant motivation and reward-based
learning that occur in schizophrenia [64].

As the disease progresses, negative symptoms ascend to
be dominant after a phase of well-controlled symptoms.
In the current study, marked hyperfunction was observed
in the thalamus, cerebellum, and hippocampus as the dis-
ease progressed. The striatal-thalamocortical network is
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important for integrating complex information and has
been associated with cognitive and emotional deficits in
patients with schizophrenia [65]. Notably, the dopamin-
ergic system is not the only aberrant system in schizo-
phrenia; its modulatory y-aminobutyric acid (GABA)
ergic and glutamatergic synaptic systems also contribute
to the disease. The hippocampus plays a crucial role in
driving the dopaminergic system and contributes to the
underlying pathophysiology of schizophrenia [2, 66, 67].
Increased hippocampal glutamate function is associated
with increased striatal dopamine function in schizo-
phrenia, as well as with dysfunction across symptom
domains [67]. Hippocampal hyperfunction might there-
fore be a neuroimaging phenotype that implies long-
term memory impairment in schizophrenia [66]. From
a molecular perspective, a magnetic resonance spectros-
copy study reported that higher GABA concentrations
in the cerebellum are associated with greater behavioral
impairments in patients with schizophrenia. Increased
cerebellar function gradually emerges as the disease pro-
gresses, implying that cerebellar GABAergic modulation
plays a role in schizophrenia. An excitatory—inhibitory
imbalance in the cerebello-thalamo-cortical and striato-
thalamo-cortical loops has been proposed to explain the
pathology and development of schizophrenia, in which
the dopamine and GABA systems make predominant
contributions [7, 68, 69]. The findings of the present
study also suggest that the striatum and cerebellum may
predominantly contribute to the progressive excitatory—
inhibitory disruption, which is in line with the “cognitive
dysmetria” theory of schizophrenia [70]. In general, the
trajectory of hyperfunction might reflect the progressive
dysfunction of the dopaminergic system and its upstream
GABA and glutamate modulator systems in patients with
schizophrenia, which may correspond to their complex
clinical symptoms.

Genome-wide association studies have identified more
than 50 genes associated with the pathology of schizo-
phrenia, which are mainly implicated in neurodevelop-
ment and the dopamine-centered synaptic system [71].
In the current study, specific genetic features were iden-
tified in duration-labeled progressive stages. Multiple
factors relating to neurodevelopment were revealed as
the disease progressed, including AHI and the phospho-
inositide 3-kinase—protein kinase B signaling pathways.
Dopaminergic, glutamatergic, and GABAergic synapses
were markedly enriched as early risk factors in the pos-
itive-dominated stage, thus supporting a substrate role
of the dopaminergic synapse, which has been widely rec-
ognized as a cause of schizophrenia [72]. Our work thus
provides explicit evidence to support the early involve-
ment of dopaminergic synapses and highlights the role
of the excito-inhibitory synaptic system as the disease
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progresses. The glutamatergic and GABA pathways are
crucial in the upstream regulation of dopaminergic func-
tion [73], and their interaction contributes to the over-
all dysfunction that occurs in schizophrenia [74]. It has
been proposed that imbalanced inhibitory and excitatory
signaling complexes are a pathomechanism of schizo-
phrenia [75]. These interconnected synaptic systems reg-
ulate brain plasticity and are a potential intrinsic cause of
schizophrenia, as well as being associated with the com-
plex symptoms of patients [76, 77].

Another notable finding of the present study was the
emergence of neurodegenerative factors in relatively late
stages of disease progression. A neurodegenerative model
has been proposed to understand the mental decline that
occurs in schizophrenia, along with its progressive clini-
cal course [78]. Although postmortem examinations have
not found neurodegenerative pathological features (such
as gliosis) in schizophrenia [79], the neurodegenerative
model suggests that pathological neuronal apoptosis
(which does not cause gliosis) occurs in schizophrenia,
whereas necrosis does not. In support of this model,
apoptosis-related genetic factors were identified in the
present study. Furthermore, a progressive neurodevelop-
mental hypothesis has redefined the boundaries of neu-
rodevelopment and neurodegeneration in schizophrenia,
and views schizophrenia as having components of both
development and degeneration [5, 80]. Although the pre-
sent findings do not directly indicate that schizophre-
nia is a neurodegenerative disease, they do suggest that
neurodegeneration-related genes might be involved later
in the disease. Thus, the neurodegenerative hypothesis of
schizophrenia requires further investigation.

Limitations

There are several limitations of the present study. First,
our approach has high requirements for data. The sam-
ple size needs to be relatively large and the disease
course distribution of patients needs to be relatively
uniform, which may limit its application. Although we
validated the associated genes in the non-progressive
analysis using a replication cohort from the UCLA, we
were unable to identify a suitable dataset to validate
the progressive analysis. Moreover, although the drug
equivalent represents the stable drug intake of patients
within the last year of data collection, it only provides
a partial possible drug effect. The drug effects in this
study should therefore be analyzed using more powerful
models. We sought to explore the association between
neuroimaging and the transcriptome in patients with
schizophrenia in the present study. The best way to do
this would be to directly link each patient’s neuroim-
aging data to their transcriptome data. Unfortunately,
however, transcriptome data were not available from the
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patients with neuroimaging data. A compromise was
therefore made; the case—control differences in neuro-
imaging were linked to healthy transcriptome data from
the AHBA database, to indirectly identify genes that are
associated with the disease. This association analysis of
the brain imaging data of disease samples and the gene
expression levels of healthy samples was likely affected
by sample heterogeneity, which should be improved in
future studies (e.g., by using genetic data from disease
samples). Moreover, the association among neuroimag-
ing, genetic features, and behavior was characterized
by the PLSR model. This model can be overfitted and is
not stable across datasets, especially when the number
of samples is small; these limitations severely hinder the
interpretability and generalizability of the results [81].
Therefore, a further validation analysis with larger data
samples is needed.

Conclusions

To investigate the stage-specific patterns of dysfunction
after diagnosis of schizophrenia, we built a novel ana-
lytical framework to explore duration-labeled progres-
sive stages using cross-sectional data. A refined symptom
trajectory with five stages was recognized. Furthermore,
we identified a progressive hypofunction trajectory from
primary lower- to higher-level cortices and a progressive
hyperfunction trajectory from subcortical to higher-level
cortices, which are associated with abnormal external
sensory gating and disrupted internal excitation—inhi-
bition equilibrium in schizophrenia. Progressive dys-
function correlated with specific symptoms across the
different stages. By combining our data with genetic data
from independent healthy controls, we further identified
a dopaminergic-centered synaptic system in the early
stages of schizophrenia, and neurodegenerative factors
in the later stages. Additionally, substrates of neurodevel-
opment carried risks for disease progression. Together,
these findings suggest that our proposed innovative
analytical framework has the potential to reveal the
genetic factors associated with progressive functionali-
ties in schizophrenia, thus inferring the dynamic involve-
ment of gene endophenotypes associated with clinical
phenotypes.
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