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Abstract

Background Early-onset schizophrenia (EOS) is a type of schizophrenia (SCZ) with an age of onset of < 18 years.

An abnormal inflammatory immune system may be involved in the occurrence and development of SCZ. We aimed
to identify the immune characteristic genes and cells involved in EOS and to further explore the pathogenesis of EOS
from the perspective of immunology.

Methods We obtained microarray data from a whole-genome mRNA expression in peripheral blood mononuclear
cells (PBMCs); 19 patients with EOS (age range: 14.79+1.90) and 18 healthy controls (HC) (age range: 15.67 +2.40)
were involved. We screened for differentially expressed genes (DEGs) using the Limma software package and modular
genes using weighted gene co-expression network analysis (WGCNA). In addition, to identify immune characteristic
genes and cells, we performed enrichment analysis, immune infiltration analysis, and receiver operating character-
istic (ROC) curve analysis; we also used a random forest (RF), a support vector machine (SVM), and the LASSO-Cox
algorithm.

Results We selected the following immune characteristic genes: CCL8, PSMD1, AVPR1B and SEMG1. We employed
a RF, a SVM, and the LASSO-Cox algorithm. We identified the following immune characteristic cells: activated mast
cells, CD4* memory resting T cells, resting mast cells, neutrophils and CD4" memory activated T cells. In addition,
the AUC values of the immune characteristic genes and cells were all>0.7.

Conclusion Our results indicate that immune system function is altered in SCZ. In addition, CCL8, PSMD1, AVPR1B
and SEMG1 may regulate peripheral immune cells in EOS. Further, immune characteristic genes and cells are
expected to be diagnostic markers and therapeutic targets of SCZ.
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Introduction

Schizophrenia (SCZ) is a devastating psychiatric disor-
der with an unclear etiology and a lifetime prevalence
of 1%. It is characterized by significant abnormalities in
cognitive function, thinking, emotion, behavior and other
aspects of mental activity, and leads to impairments in
occupational and social function [1]. The prevailing con-
sensus in the literature is that SCZ is influenced by the
confluence of genetic and environmental factors [2].
Early-onset schizophrenia (EOS) has an age of onset
of<18 years. Compared to adult SCZ patients, EOS
patients have a higher genetic load and are less affected
by environmental factors [3]. The study of EOS is helpful
in revealing the genetic factors and pathogenesis of SCZ.

The pathogenesis of SCZ has not been fully elucidated.
However, some studies have suggested that dysregulation
of the central nervous system’s (CNS) immune processes
may be a pathogenesis of SCZ [4, 5]. In 1973, Toney and
Peterson proposed that inflammation may be involved in
the development of SCZ. Maternal infection during preg-
nancy, chronic infection and autoimmune abnormalities
may cause abnormal immune system function in patients
with SCZ [6]. Studies have also shown changes in cellular
and humoral immunity in patients with SCZ [7-9].

In recent years, increasing evidence has supported the
immune-inflammatory hypothesis of SCZ. A large-scale
genetic study on SCZ reported 108 significantly associ-
ated gene loci, with many newly discovered loci focusing
on genes associated with the immune system [10]. Previ-
ous research suggests that there are disorders of immune
cells in the CNS and peripheral blood in SCZ [11-13].
In addition, prior studies by our research group indicate
that immune characteristic genes and cells are disrupted
in three brain regions: the hippocampus, the prefrontal
cortex and the striatum [14].

Although SCZ is considered to be a devastating neu-
ropsychiatric disorder that primarily occurs in the CNS,
postmortem brain biomarkers in SCZ are associated with
molecular changes in the circulatory system in the liv-
ing body [15, 16], this implies that the brain, CNS and
periphery are interconnected. Thus, peripheral blood
biomarkers are useful for identifying certain processes
in the brain. It has been suggested that SCZ may influ-
ence the regulation of gene expression and metabolism
in the peripheral blood via cytokines and neurotransmit-
ters. At the same time, some immune-related changes in
the peripheral blood may also be related to SCZ [16]. The
diagnosis of SCZ has traditionally relied on a diagnostic
system centered on clinical symptoms, which is easily
affected by clinician bias and subjectivity, and lacks sensi-
tive, specific neuropsychiatric biomarkers [17]. Although
SCZ is considered a neuropsychiatric disorder that
occurs predominantly in the brain, some studies have
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identified several biological markers in the peripheral
blood of patients with SCZ [18, 19]. In sum, we suggest
that the expression of immune-related genes and cells in
the peripheral blood of patients with SCZ may be used as
biomarkers to diagnose and predict the treatment effect
of EOS.

We aimed to identify the immune characteristic genes
and cells of EOS through a whole-genome mRNA expres-
sion array in the peripheral blood of EOS, and to deter-
mine the possible pathogenesis and biomarkers in the
peripheral blood that may be used to diagnose and pre-
dict the treatment effects for cases of EOS.

Methods

Participants

All participants were Chinese and ranged in age from 6
to 18 years old; they were recruited from the First Hos-
pital of Shanxi Medical University. In accordance with
the Diagnostic and Statistical Manual of Mental Disor-
ders, Fourth Edition (DSM-1V), at least two experienced
psychiatrists independently made a consensus diagnosis
of SCZ. All EOS patients should meet the criteria of the
Positive and Negative Syndrome Scale (PANSS), obtain-
ing a total score >60 and an IQ score >70. The exclusion
criteria included organic diseases of the heart, liver, and
kidneys; various immune diseases; brain damage; con-
genital brain malformations; brain tumors and epilepsy;
mental retardation, and a history of taking antipsychot-
ics, antimanic drugs, antidepressants, or mood stabiliz-
ers. We also excluded patients who were severely excited
or impulsive. Healthy controls (HC) were age- and sex-
matched and had never taken any medications within
the past month. The exclusion criteria for HC were
as follows: (1) met the criteria for patient inclusion or
exclusion; (2) had a family history of any psychiatric or
neurological disorder; (3) had a head injury or neonatal-
related disorder; (4) had hyperpyretic convulsion before;
and (5) was an adopted child or lived in a single-parent
home.

Blood samples were collected from each partici-
pant early in the morning, before breakfast. Total RNA
was isolated from peripheral blood mononuclear cells
(PBMCs) using TRIzol (Invitrogen; USA) with on-col-
umn DNase I treatment as described by the manufac-
turer. Total RNA from each sample was quantified using
a NanoDrop ND1000, and RNA integrity was assessed
by standard denaturing agarose gel electrophoresis. An
Agilent Array platform was used to perform microarray
analysis.

This study was approved by the Medical Research
Ethics Committee of Shanxi Medical University (Ethi-
cal code: 2019-Y01). All experiments were performed
according to approved guidelines. The adolescents and
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their parents or caregivers signed informed consent
forms. Figure 1 depicts a flowchart of the study.

Screening for immune characteristic genes

Data processing and screening for differentially expressed
genes (DEGs)

We normalized the microarray data of the whole-
genome mMRNA expression array in the peripheral
blood including 19 patients with EOS and 18 HC,
using Log2. When multiple probes of Affymetrix cor-
responded to one gene, the mean value represented the
horizontal expression of the gene.

We performed differential analysis of patients with
EOS versus HC using the R software package Limma
(version 3.40.6) to identify DEGs [20]. We set the
screening criteria as differential multiples |log2 fold
change (FC)|>0.5, p<0.05.

EOS dataset
(Tlmlin)
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Weighted gene co-expression network analysis (WGCNA)

and module gene selection

WGCNA is a systems biology method used to charac-
terize correlation patterns between genes in microarray
samples [21]. First, we determined the median absolute
deviation (MAD) of each gene and removed genes with
the smallest 50% MAD. Second, we filtered the DEG
expression matrix using the goodSamplesGenes func-
tion. We also omitted unqualified genes and samples and
constructed a scale-free co-expression network. Third,
we calculated the adjacency relationship using the “soft”
power threshold (B), derived from the co-expression
similarity. We converted the adjacency relationship into a
topological overlap matrix (TOM) to determine the gene
ratio and dissimilarity. The fourth step entailed detecting
the modules using hierarchical clustering and dynamic
tree-cleavage functions. We classified genes with the
same expression profiles into gene modules using
mean-linked hierarchical clustering with a TOM-based
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Fig. 1 Flow chart. EQOS, early-onset schizophrenia; HC, healthy controls; DEGs, differentially expressed genes; WGCNA, weighted gene co-expression
network analysis; Module-DEGs, the intersection of the DEGs and the module hub genes; ROC, receiver operating characteristic
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dissimilarity index and a minimum genome size (n=>50)
of the gene dendrogram, with a sensitivity of 3. Finally,
we calculated the dissimilarity of the module’s character-
istic genes and selected the cleavage line of the module’s
dendrogram. Finally, we calculated the expression corre-
lation of genes to obtain gene significance (GS). We com-
puted the expression correlation of module eigenvectors
and genes to obtain module membership (MM), and we
screened for module hub genes based on the criteria (|
MM |>0.8 and | GS |>0.1). The purpose of this analysis
was to search for co-expressed gene modules, to investi-
gate the relationship between EOS phenotype and mod-
ule genes, and to identify candidate genes.

Screening forimmune-related DEGs

We selected 168 module-DEGs considered to be cor-
related with EOS based on the intersection of the DEGs
and module hub genes. We used the Immunology Data-
base and Analysis Portal (ImmPort) (https://www.immpo
rt.org/) to download 1,793 immune-related genes [22].
Next, we selected 24 genes based on the intersection of
the 168 module-DEGs and immune-related genes.

Selecting immune characteristic genes based on machine
learning

To further screen for immune characteristic genes for
diagnosis, we employed machine learning tools such as
a support vector machine (SVM) and a random forest
(RF); we did so using Wekemo Bioincloud (https://www.
bioincloud.tech/) to screen for key genes. Furthermore,
we integrated the data of gene expression, survival time,
and survival with the “glmnet” R package, and we carried
out regression analysis using the LASSO-Cox algorithm.
Moreover, we optimized the model using threefold cross-
validation. We selected the top 10 genes with the best
classification effect using a SVM and RF, and we selected
the intersections of the genes based on the SVM, RF, and
LASSO-Cox algorithm.

A SVM is a classic supervised machine learning
method; it uses the best “hyperplane” in a multidimen-
sional space, which is created by multiple training fea-
tures to categorize different classes [23]. It is a type of
non-probability binary linear regression that is primar-
ily applied to the problem of data classification in pat-
tern recognition. Its basic model aims to find the best
separation hyperplane in the feature space, such that
the interval between the positive and negative samples
is maximized on the training dataset. RF is an efficient
decision tree algorithm that can be applied to sample
classification and regression analyses [24]. It is a non-
linear classifier that mines complex non-linear interde-
pendencies between variables. Using a RF, it was possible
to identify the key components that could distinguish
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between the two sets of samples. The LASSO-Cox algo-
rithm is a regression method that combines variable
selection and regularization, which can improve predic-
tion accuracy [25].

Functional enrichment analysis

The Kyoto Encyclopedia of Genes and Genomes (KEGG)
database is widely used for systematic studies of gene
function [26]. The Gene Ontology (GO) system provides
structured and computable information regarding the
functions of genes and gene products [27]. We performed
functional enrichment analysis using the R-packet cluster
analyzer and visualized the results using the Sangerbox
platform (http://vip.sangerbox.com/) [28]. (FDR<0.1 and
p-value<0.05).

Immune infiltration analysis

We used CIBERSORT (https://cibersortx.stanford.edu/)
to perform an immune infiltration analysis of the whole-
genome mRNA expression array to identify characteris-
tic immune cells. We employed Spearman’s correlation
analysis to investigate the relationship between immune
characteristic genes and cells.

CIBERSORT is a tool used to analyze the estimated
immune cell infiltration based on linear support vector
regression. It is employed to deconvolve the expression
matrix of human immune cell subtypes to determine the
types and functional states of different cells [29, 30].

Identifying immunodiagnostic markers

Identifying the diagnostic efficacy of inmune characteristic
genes and cells

We used receiver operating characteristic (ROC) curve
analysis to describe the discrimination accuracy of the
diagnostic test or prediction model [31]. We constructed
ROC curves to test the diagnostic efficacy of the immune
characteristic genes and cells. In addition, we built a box
map to visualize the expression of the immune character-
istic genes.

Verifying the diagnostic efficacy of immune characteristic
genes and cells

We employed GSE38484 as the test group and down-
loaded it from the Gene Expression Omnibus (GEO)
datasets (https://www.ncbi.nlm.nih.gov/geo/). GSE38484
contains information on whole blood samples, which we
collected from 106 patients with SCZ and 96 controls
whose age was equal to or greater than 18. Supplemen-
tary Table 1 shows demographic information. We visual-
ized the expression of immune characteristic genes and
the proportion of immune characteristic cells using a box
map. Subsequently, we built ROC curves to validate the
diagnostic efficacy of the immune characteristic genes.
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Results

Demographics and clinical characteristics of all
participants

This study involved 19 EOS patients and 18 HC. There
were no significant differences in sex or age between
the EOS and the HC groups (Table 1).

Screening for immune characteristic genes

Screening for DEGs

We identified 1,826 DEGs (in the EOS vs HC groups)
using Limma analysis, of which 1,266 were upregulated

Table 1 Demographics and clinical characteristics of all participants
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and 560 were downregulated. Figure 2A and B depict vol-
canic and heat maps.

WGCNA and modular gene selection

We conducted WGCNA to identify the most relevant
modules of EOS. We chose f=18 (scale-free R*>=0.86)
as the clustering dendrogram according to scale inde-
pendence and average connectivity (Fig. 3A and B). Fig-
ure 3C shows clustering dendrograms of the EOS and
HC groups. We merged modules with distances of less
than 0.25 and obtained 13 gene co-expression mod-
ules. These modules are displayed in Fig. 3D in different
colors; the grey module is considered to a gene set that
cannot be assigned to any module. Figure 3E presents

EOS HC F/x* pvalue the correlation between the modules and EOS. We
selected modules with a correlation coefficient>0.5.
n 19 18 The royal blue (correlation coefficient=-0.54, p <0.05)
Age (years) 1479£190  1567+240 2012 0.145° and dark turquoise modules (correlation coeffi-
sex (M/F) 8/ 99 1598 0450°  (ient=0.59, p<0.05) are correlated with EOS (Fig. 3E).
PANSS total scores  62.17+13.32 The correlation scatterplots of GS and GM in the dark
EOS early-onset schizophrenia, HC healthy controls turquoise and royal blue modules (Fig. 3F and G)
? two-sample t-test denote that MM and GS are positively correlated in
® two-sample chi-square test the royal blue module (correlation coefficient=0.38,
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Fig. 2 Differentially expressed gene analysis. A A volcanic map of 1,826 DEGs. The X-axis represents logFC and the Y-axis indicates -log10 (p-value).
Red dots denote genes with logFC> 0.5 and p <0.05. Blue dots refer to genes with logFC < —0.5 and p <0.05. Black dots indicate genes with |
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and samples. The color in the heat map usually indicates the magnitude of the value, with red denoting a lower expression level and blue referring
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p<0.05); this suggests that the genes in the royal blue
module are correlated with EOS and that they are
important in this module.

We identified the royal blue and dark turquoise mod-
ules as key modules. According to the criteria (| MM
|>0.8 and | GS |>0.1), 222 genes with connectivity in the
key modules were clinically significant and we identified
them as module genes.

Screening forimmune-related DEGs

We selected 168 module-DEGs based on the intersec-
tion of the DEGs and module genes, which we considered
to have a correlation with EOS. We downloaded 1,793
immune-related genes from the ImmPort database. Next,
we selected 24 immune-related DEGs based on the inter-
section of the 168 module-DEGs and immune-related
genes (Fig. 4A).

Screening for immune characteristic genes using machine
learning

To further screen for immune-related characteristic
genes in terms of EOS, we selected the top 10 genes that

could best classify EOS and HC using SVM and RF in
machine learning (Fig. 4B, C). The LASSO-Cox regres-
sion outcomes revealed five key genes when we set the
lambda value at a minimum of 0.0356731109826916
(Fig. 4D and E). We identified CCL8, PSMD1, AVPR1B,
and SEMG1 as immune characteristic genes (Fig. 4F).
Supplementary Table 2 outlines the biological signifi-
cances among CCL8, PSMD1, AVPR1B and SEMGL.

Functional enrichment analysis

To explore the pathogenesis and biological processes
of EOS, we analyzed 168 module-DEGs for functional
enrichment. Figure 5A depicts the outcomes of the
KEGG enrichment analysis; they are mainly enriched
in the chemokine signaling pathway, the TNF signaling
pathway, the cytokine-cytokine receptor interaction, the
IL-17 signaling pathway, rheumatoid arthritis, Salmonella
infection and other pathways. We observed enrichment
of 168 module-DEGs in 156 pathways, accounting for
46.99% of all pathways of enrichment of the 1,826 DEGs.
Figure 5B displays the results of GO enrichment analy-
sis: In biological processes (BPs), the main enrichment
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includes regulation, migration, activation, and chemo-
taxis of leukocytes. In cellular components (CCs), the
chief enrichment occurs in secretory granules and vesi-
cles. In molecular function (MF), the primary enrichment
takes place in chemokine receptor binding, lipoprotein
particle binding, and protein-lipid complex binding.

Immune characteristic cells

We used the CIBERSORT algorithm to analyze immune
infiltration and calculated the abundance of immune
cells. Figure 5C portrays the ratio diagram of the 22
immune cell types in patients with EOS and in the HC.
Compared with the HC, the proportion of activated mast

cells and CD4" memory resting T cells in EOS patients
was significantly increased, and the proportion of resting
mast cells, neutrophils, and CD4" memory activated T
cells was significantly decreased. We identified activated
mast cells, CD4" memory resting T cells, resting mast
cells, neutrophils and CD4* memory activated T cells as
immune characteristic cells.

We used Spearman’s correlation analysis to explore
the association between immune characteristic genes
and cells. The results of correlation analysis indicated
that AVPR1B was significantly and negatively corre-
lated with CD4% memory resting T cells (correlation
coefficient=-0.61, p<0.01); CCL8 was significantly
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and positively correlated with CD4* memory activated
T cells (correlation coefficient=0.55, p <0.01); PSMD1
was significantly and positively correlated with acti-
vated mast cells (correlation coefficient=0.59,
p<0.01) and CD4" memory resting T cells (correlation
coefficient=0.53, p<0.01), and was significantly and
negatively correlated with resting mast cells (correla-
tion coefficient =-0.64, p <0.01) (Fig. 5D).

Immunodiagnostic markers

Identifying the diagnostic efficacy of inmune characteristic
genes and cells

We constructed a box-shaped diagram to visualize the
expression of CCL8, PSMD1, AVPR1B, and SEMGLI. The
expression levels of PSMD1 in the EOS group were sig-
nificantly higher than those in the HC group, whereas
the expression levels of CCL8, AVPR1B, and SEMG1
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in the EOS group were significantly lower than those in
the HC group (Fig. 6A). We established ROC curves to
evaluate the diagnostic efficacy of the immune character-
istic genes—CCL8: AUC=0.804, PSMD1: AUC=0.906,
AVPR1B: AUC=0.868, SEMG1: AUC=0.769, and the
combination of CCL8, PSMD1, AVPR1B and SEMGI:
AUC=0.9795 (Fig. 6B and C).

The stacked bar chart of immune characteristic cells
shows the proportions of neutrophils, activated mast

Immnue characteristic genes
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cells, resting mast cells, CD4" memory activated T cells
and CD4* memory resting T cells in patients with EOS
and the HC (Fig. 6D). ROC curve analysis showed the
diagnostic efficacy of immune characteristic cells, neu-
trophils: AUC=0.702, activated mast cells: AUC=0.744,
resting mast cells: AUC=0.801, CD4" memory activated
T cells: AUC=0.705, CD4* memory resting T cells:
AUC=0.829, and the combination of immune character-
istic cells: AUC=0.9649 (Fig. 6E and F).

ROC curve for Logistic Regression model
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Verifying the diagnostic efficacy ofimmune characteristic
genes

In GSE38484, the expression of CCL8 and PSMDI in
patients with SCZ was lower than that in the controls
(Fig. 6G). The proportion of CD4" memory resting T
cells was higher than that in the controls (Fig. 6H). How-
ever, there was no significant difference between patients
with SCZ and controls, not only in the expression of
AVPR1B and SEMG], but also in the proportion of neu-
trophils, activated mast cells, resting mast cells and CD4™*
memory activated T cells. ROC curve analysis revealed
that CCL8, PSMD1 and CD4" memory resting T cells
also had good diagnostic efficacy in GSE38484, CCLS:
AUC=0.657, PSMD1: AUC=0.639, CD4* memory rest-
ing T cells: AUC=0.680 (Fig. 6I).

Discussion

Our findings suggest that immunological dysfunction is
involved in SCZ progression. In addition, we identified
immune characteristic genes and cells. CCL8, PSMD1,
AVPR1B and SEMG1 may regulate EOS peripheral
immune cells in EOS. Moreover, immune characteristic
genes and cells have high diagnostic efficiency. Hence,
these miRNAs may serve as diagnostic markers and ther-
apeutic targets.

CCL8 (chemokine ligand 8) is a protein-coding gene,
which enrichment analysis revealed is involved in regu-
lating the chemokine signaling pathway, the cytokine-
cytokine receptor interaction, the regulation of
leukocytes, migration, chemotaxis and other BPs. CCL8
is involved in the immune regulation and inflamma-
tory processes. In our study, the expression of CCL8 in
the peripheral blood was lower than that in the controls
in both the EOS and SCZ groups. One study found that
the level of CCL8 in the cerebrospinal fluid of patients
was significantly higher than that in the controls, which
is contrary to our findings [32]. The heterogeneity of
the results may be related to inconsistencies in age,
race, detection method, small sample sizes, and differ-
ences in sample types. CCL8 promotes the chemotaxis
of pro-inflammatory cells in SCZ, which is closely asso-
ciated with the pathogenesis of psychiatric disorders
[33]. PSMD1 (proteasome 26S subunit, non-ATPase 1)
encodes the constituent components of the proteasome,
and is involved in cell proliferation, invasion, and migra-
tion [34]. AVPR1B (arginine vasopressin receptor 1B)
encodes the arginine vasopressin receptor; however, its
function is unknown. Genetic variants of AVPR1B are
linked to psychiatric disorders commonly diagnosed in
childhood, including autism, attention deficit hyperac-
tivity disorder (ADHD), and mood disorders [35-37].
SEMGI (semen coagulation protein), encodes the main
protein in semen and is related to male fertility [38].

Page 10 of 12

The outcomes of the KEGG enrichment analysis dem-
onstrated that the 168 module-DEGs were primarily
enriched in the chemokine signaling pathway, the TNF
signaling pathway, the cytokine-cytokine receptor inter-
action, and the IL-17 signaling pathway. These may be the
regulatory pathways involved in the pathophysiological
mechanisms of SCZ. The chemokine signaling pathways
regulate cell migration, participate in mediating immune
cell homeostasis in healthy peripheral tissues, and main-
tain immune tolerance [39, 40]. The TNF signaling path-
way mediates hematopoiesis, immune surveillance,
tumor regression and infection prevention [41]. The
cytokine-cytokine receptor interaction pathway mediates
the development and differentiation, immune response
and regulation of immune cells. The IL-17 signaling path-
way mediates various processes such as host defense, tis-
sue repair, inflammatory disease pathogenesis and cancer
progression [42]. The GO enrichment analysis indicated
that the DEGs were mostly enriched via leukocyte regu-
lation, migration, activation, chemotaxis, and chemokine
receptor binding. These pathways are involved in regu-
lating the immune system and indirectly confirm the
immune-inflammatory hypothesis.

In this study, we observed functional activation of mast
cells and hypofunctionality of CD4+memory T cells and
neutrophils. CD4+memory T cells have memory func-
tions and can differentiate into T-helper 1 (Thl), Th2,
Th-17, and regulatory T cells (Tregs) for immunoregula-
tion during reinfection [43]. Tregs are key immunoregula-
tory cells involved in controlling inflammatory processes,
and their functions are directly linked to the human
leukocyte antigen (HLA) gene, which has been associ-
ated with genetic studies of SCZ [44, 45]. In our study,
we found that CCL8, PSMD1, AVPR1B and SEMGL sig-
nificantly correlated with mast cells and CD4+ memory
T cells. Moreover, 168 module-DEGs were enriched in
the chemokine and IL-17 signaling pathways. Therefore,
we speculated that CCL8, PSMD1, AVPR1B and SEMG1
may have potential regulatory effects on EOS periph-
eral immune cells via the chemokine and IL-17 signaling
pathways.

The AUC values of the immune characteristic genes
and c cells were greater than 0.7, indicating good diag-
nostic efficacy. We found that combining immune char-
acteristic genes or cells can further improve the accuracy
of diagnosis, and they are expected to become periph-
eral blood biomarkers for the early diagnosis of EOS. In
GSE38484, the expression of CCL8 in patients with SCZ
was lower than that in the controls. In addition, the pro-
portion of CD4" memory resting T cells was higher than
that in the controls, which is consistent with our results
in the training group. However, the expression of PSMD1
in patients with SCZ was lower than that in the controls,
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and the expressions of AVPR1B and SEMGI1 were not
significantly different between patients with SCZ and the
controls. These results are inconsistent with those of the
training group. However, this may be related to inconsist-
encies in patients’ ages, sex, a small sample size, and dif-
ferences in sample types.

Our study has several limitations. First, the number of
patients included in this study was small. A larger sample
size is required to verify the findings. Second, our study
was a cross-sectional study, therefore it is impossible to
infer the mechanism between immune characteristic
genes and cells. Finally, it remains to be seen whether the
expression of immune characteristic genes and cells can
be used as biomarkers for early diagnosis and the predic-
tion of therapeutic effects.

Conclusion

This study revealed immune characteristic genes and
cells of EOS, further verifying that immune system func-
tion is altered in SCZ, and that CCL8, PSMD1, AVPR1B,
SEMG], activated mast cells, resting mast cells, neutro-
phils, CD4* memory resting T cells and CD4" memory
activated T cells may be EOS biomarkers for the diagno-
sis and prediction of therapeutic efficacy.
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