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Integrated analysis of endoplasmic
reticulum stress regulators’
expression identifies distinct
subtypes of autism spectrum
disorder

Yanjun Li, Songyin Gao and Yuelan Meng*

Department of Psychiatry, Zhumadian Second People's Hospital, Zhumadian, China

Endoplasmic reticulum (ER) stress has been demonstrated to play important roles
in a variety of human diseases. However, their relevance to autism spectrum
disorder (ASD) remains largely unknown. Herein, we aimed to investigate the
expression patterns and potential roles of the ER stress regulators in ASD. The
ASD expression profiles GSE111176 and GSE77103 were compiled from the
Gene Expression Omnibus (GEO) database. ER stress score determined by the
single sample gene set enrichment analysis (ssGSEA) was significantly higher
in ASD patients. Differential analysis revealed that there were 37 ER stress
regulators dysregulated in ASD. Based on their expression profile, the random
forest and artificial neuron network techniques were applied to build a classifier
that can effectively distinguish ASD from control samples among independent
datasets. Weighted gene co-expression network analysis (WGCNA) screened
out the turquoise module with 774 genes was closely related to the ER stress
score. Through the overlapping results of the turquoise module and differential
expression ER stress genes, hub regulators were gathered. The TF/miRNA-hub
gene interaction networks were created. Furthermore, the consensus clustering
algorithm was performed to cluster the ASD patients, and there were two ASD
subclusters. Each subcluster has unique expression profiles, biological functions,
and immunological characteristics. In ASD subcluster 1, the FAS pathway was
more enriched, while subcluster 2 had a higher level of plasma cell infiltration
as well as the BCR signaling pathway and interleukin receptor reaction reactivity.
Finally, the Connectivity map (CMap) database was used to find prospective
compounds that target various ASD subclusters. A total of 136 compounds were
significantly enriched. In addition to some specific drugs which can effectively
reverse the differential gene expression of each subcluster, we found that the PKC
inhibitor BRD-K09991945 that targets Glycogen synthase kinase 3p (GSK3B) might
have a therapeutic effect on both ASD subtypes that worth of the experimental
validation. Our finding proved that ER stress plays a crucial role in the diversity
and complexity of ASD, which may inform both mechanistic and therapeutic
assessments of the disorder.

autism spectrum disorder, endoplasmic reticulum stress, weighted gene co-expression
network analysis, machine learning, consensus clustering analysis, immune
microenvironment
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1. Introduction

Autism spectrum disorder (ASD) is a complex, early-onset
neurodevelopmental disorder. Its core symptoms are social
interaction deficits, communication impairments, and repetitive
stereotyped behaviors (1). According to the Centers for Disease
Control and Prevention, ASD affects roughly 1 in every 54 children
(2), and the prevalence is rising over time. Patients with ASD
sometimes have co-morbid conditions like intellectual disabilities,
sleep disorders, and schizophrenia (3-5), which places a significant
cost on families and society. Although the etiology and
pathogenesis of autism are currently unknown, it is generally
believed that risk factors for ASD
neurodevelopment (6, 7), neuroinflammation (8), oxidative stress

include anomalies in

(9), viral infections in the mother (10), and alterations in gut
microbes (4). Until now, the diagnosis of ASD still mainly relied on
subjective methods such as parental interviews and symptom
scales. However, early ASD diagnosis and treatment have a direct
impact on the recovery and development of ASD-affected
youngsters (11), therefore, a deeper understanding of the
mechanism underlying ASD is critical to the development of more
accurate diagnoses and effective treatments.

In eukaryotic cells, the endoplasmic reticulum is a reticular
organelle made up of many tubular structures and flattened vesicles.
It is primarily in charge of protein synthesis, processing, and transport,
as well as lipid and sterol biosynthesis. When cells are driven by a
variety of physicochemical variables (such as hypoxia, aberrant Ca2+
concentration, hunger, viral infection, etc.), the normal folding and
modification of proteins are hampered, and the unfolded protein
response (UPR) is activated, leading to the accumulation of misfolded
proteins in the ER (12). In this case, IRE1 (inositol-requiring protein
1), PERK (PKR [double-stranded-RNA-dependent protein kinase]-
like ER kinase), and ATF6 (activating transcription factor 6), regarded
as sensors of ER stress, initiate the intracellular signaling pathways to
promote the in-folding or degradation of a protein, thus maintaining
cellular homeostasis (13-15). However, apoptosis is produced when
cells are subjected to high amounts of ER stress for an extended
period (16).

Recent research has revealed that endoplasmic reticulum (ER)
stress, a protective stress response, has emerged to play a significant
role in many diseases and may present new prospects for
ASD. Amanda Crider and his colleague found significant increases in
the mRNA levels of ATF4, ATF6, PERK, XBP1, CHOP, and IRFE1 in
the middle frontal gyrus of ASD subjects, and this change was
positively connected with the diagnostic score of ASD stereotypic
behavior (17). Further, Daoyin Dong and his team compared the
activation of ER stress signals in different brain regions and they found
that IREla was activated in the cerebellum and prefrontal cortex but
ATF6 was activated in the hippocampus (18). In particular, genetic
variations in several synaptic genes (such as GPR85 (19), NLGN3 (20),
and CADM1 (21)) implicated in ASD have been shown to induce ER
stress genes. These findings are intriguing, but they only focus on the
expression of a small fraction of ER stress molecules in ASD, without
exploring the possible mechanisms involved and the heterogeneity of
ASD. Therefore, a thorough analysis of the various ER stress regulators
expression profiles between normal tissues and ASD, the distinct
subtypes, as well as the immunological features of ASD would help
supply new ideas for clinical prevention and precision treatment.
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In the present study, we systematically evaluate the expression
pattern of the ER stress regulators in ASD. We found that ER stress
regulators can well distinguish between control and ASD patients.
WGCNA analysis revealed that the turquoise module was closely
linked to the elevated ER stress scores in ASD. Furthermore,
we clustered ASD samples based on the core ER stress regulators. Each
subtype has distinct expression profiles, biological functions and
immunological characteristics. Besides, we anticipated compounds for
different subclusters to achieve accurate treatment, and the PKC
inhibitor BRD-K09991945, which targets GSK3B, may have a positive
therapeutic impact on both subclusters and is therefore worth
further investigation.

2. Methods
2.1. Data collecting and pre-processing

We collected the expression profile datasets GSE111176 (22, 23),
GSE77103 (24) and GSE38322 (25) of ASD from the GEO database
by R package “GEOquery” (26). The dataset GSE111176 was
contributed by Vahid H Gazestani et al., which contains information
on the expression profiles of leukocytes derived from 119 ASD
patients and 126 controls. One validation set GSE77103, which
includes the expression patterns of peripheral blood mononuclear
cells obtained from 4 healthy controls and 4 ASD patients, was
submitted by Inoue R et al. Another validation set GSE38322, contains
the expression patterns of brain tissues sourced from 18 controls and
18 ASD patients, was contributed by the Matthew Ginsberg et al. All
samples were included in this analysis. The GPL10558 (Illumina
HumanHT-12 V4.0 expression bead chip) was used for the GSE11176
dataset and the GSE38322 and the GPL17077 (Agilent-039494
SurePrint G3 Human GE v2 8x60K Microarray 039381 (Probe Name
version)) was used for the GSE77103 dataset. During data processing,
the “removeBatchEffect” function of the “limma” (27) package was
used to remove the batch effect of the sub-datasets of the GSE111176.
And the expression profiles of three datasets were normalized by the
“normalizeBetweenArrays” function of the “limma” package. Finally,
Gene probes were annotated with official gene symbol, and mean
values were taken if multiple gene probes matched to the same gene.

2.2. Collection of the reticulum
stress-related genes

From the Molecular Signatures Database V7.0 (MSigDB) (28),
we retrieved the endoplasmic reticulum stress-related gene sets
“GOBP NEGATIVE REGULATION OF RESPONSE TO
ENDOPLASMIC RETICULUM STRESS” and “GOBP POSITIVE
REGULATION OF RESPONSE TO ENDOPLASMIC RETICULUM
STRESS,” which includes a total of 256 genes.

2.3. Differential gene expression analysis
The “limma” package of the R software was applied for

differential gene analysis. The screening criteria for the DEGs of
normal and ASD patients were |logFC| >0 and an adjusted value of
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p<0.05. As for the ASD patterns, the threshold was set as
[logFC| >0.2 and pvalue<0.05. The R packages “ComplexHeatmap”
(29) and “ggplot2” (30) were used to plot the findings of the
differential analysis. The R package “RCircos” (31) is used to
chromosomal location of

display information on the

differential genes.

2.4. Machine learning methods

Two machine learning (random forest (RF) and artificial neural
network (ANN)) approaches were applied to construct the ASD
classifier. Random forest regression is a machine-learning algorithm
that takes an ensemble learning approach for prediction. It is made up
of various decision trees, each trained on random features. ANN
consists of the input layer, the hidden layer and the output layer. The
number of neurons in the input layer indicates the number of features
being evaluated; while the neurons in the output layer are the
dependent variables; Each neuron in the hidden and output layers is
linked to all neurons in the previous layer by the corresponding
numerical weights. To develop the predictive signature, the
differentially expressed endoplasmic reticulum stress genes were
subjected to random forest analysis using the R package
“randomForest” (32), and genes with gene importance scores greater
than 4 were selected for the further neural network created using the
“NeuralNetTools” (33) and “neuralnet” packages (34). Using the R
package pROC (35), the ROC curve was drawn and the area under the
curve was determined to assess the distinguishing performance of the
signature. Additionally, the external validation set GSE77103 confirms
the classifier’s diagnostic effectiveness.

2.5. WGCNA

Weighted Gene Correlation Network Analysis (WGCNA) (36) is
mainly used to identify co-expressed gene modules and examine the
connection between gene networks and phenotypes. For
computational efficiency, the top 25% of variant genes based on an
analysis of variance were selected for WGCNA analysis using the
“WGCNA” package (36). The soft threshold was calculated by the
“picksoftthreshold” function and scale-free networks were built.
Subsequently, the adjacency matrix was transformed into a topological
overlap matrix (TOM). The hierarchical clustering and dynamic
tree-cut method were used to identify gene modules. Co-expression
modules were defined using a minimum module size of 50 genes and
by merging modules with a module eigengene dissimilarity below 0.2.
Finally, the correlations between modules and clinical features were
determined by spearman correlation analysis.

2.6. Identification of the ER stress patterns

The varied ASD patterns
ConsensusClusterPlus (37) R package, and the clustering was carried

were identified using the
out using the pam method with a sampling proportion of 0.8, and it
was employed for 100 iterations to assure clustering stability. The
clustering score for the cumulative distribution function (CDF) curve
was calculated to estimate the ideal number of clustering. The
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consensus clustering’s reliability was confirmed by Principal
Component Analysis (PCA).

2.7. Biological enrichment analysis for the
different ER stress patterns

Based on the differentially expressed genes, Gene Ontology (GO)
(38) terms, which provide context for cellular component (CC),
molecular function (MF), and biological process (BP), as well as the
Kyoto Encylopaedia of Genes and Genomes (KEGG) analyses (39),
were employed to assess the biological changes of ASD patterns.
We used the R package “clusterprofiler” (40) for GO and KEGG
analysis and the R package “pathview” (41) to visualize the significantly
distinct KEGG pathways between ASD patterns. Terms with a false
discovery rate (FDR) <0.05 were considered statistically significant.
Gene Set Enrichment Analysis (GSEA) (42) is a method that
determines whether a priori-defined set of genes show statistically
significant expression variations between two biological states. From
the MSigDB database, we have gathered the gene set “c2 cp all v7.0
symbols.gmt” The GSEA analysis was performed using the R package
“clusterprofiler” and it was determined that the |normalized
enrichment score| (]NES|) > 1 and FDR <0.25 were significant results.

2.8. Master regulator analyses

Master regulator analysis (MRA) (43) is an algorithm used to infer
transcription factors (TFs) controlling the transition between the two
phenotypes and the maintenance of the latter phenotype. In this study,
we applied a recently developed coexpression-based gene network
inference and interrogation tool, corto (44), to determine the master
regulator genes of the transition from normal control to ASD subtypes.
The collection of human transcription factors was used as the potential
centroids for the model input, along with the gene expression matrix
of normal controls and two ASD subclusters. And then, a list of master
regulators sorted by normalized enrichment scores (NES) was
obtained through the “mra” function of “corto” package. The NES is
positive if the centroid network is higher in the sample vs. the mean
of the dataset, negative if lower.

2.9. Correlation analysis between ER stress
patterns and immune characteristics

The analytical tool CIBERSORTx (45), developed by Newman et al.,
uses gene expression data to perform cell-type deconvolution and offers
an estimate of the abundances of member cell types in a mixed cell
population. The online tool CIBERSORTX (https://cibersortx.stanford.
edu/) was applied to estimate immune cell infiltration in ASD patterns.
Single sample gene set enrichment analysis (ssGSEA) was performed
according to previous studies, which was used to determine enrichment
scores (ES) for each coupling of a sample and immune reaction gene sets
in the ImmPort database.! The R package “GSVA” (46)was used for the

1 http://www.immport.org/
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FIGURE 1
The expression pattern of the ER stress regulators in ASD. (A) Box plot for ER stress score between control ASD group. *p<0.05, **p<0.01. (B) The
volcano plot of the 256 ER stress regulators in control and ASD groups. (C) Chromosomal positions of the differential expressed ER stress regulators.

ssGSEA analysis and “ggplot2” for visualization. The Wilcox test was
used to assess the enrichment scores representing immunocyte
abundance and immune response activity between ASD patterns.

2.10. miRNA-gene and TF-gene interaction
network

NetworkAnalyst* (47) is an online visualization and analysis
platform which can perform differential gene expression analysis,
protein—protein interaction analysis and integrated analysis of
multiple datasets. With the use of this platform, we were able to obtain
chromatin immunoprecipitation data from the ENCODE database
(48) for the construction of TF-gene network and experimentally
verified data for the construction of miRNA-gene interaction network
from the miRTarBase database (49). Afterward, the Cytoscape
software (50) was utilized for visualization.

2.11. Identification of the candidate
compounds for the ER stress patterns

The Connectivity Map database (Cmap) (51) focuses on the
interaction between compounds, genes and disease states. It contains
induced gene expression profiles of more than 25,200 perturbagens of
which ~19,800 are small molecules, 314 biologics and ~ 5,075 genes
with altered function by shRNA, cDNA, and/or CRISPR. These
perturbagens were assayed in different cell lines to produce around 1.3
million individual gene expression profiles corresponding to ~473,000
gene expression signatures (52). Each ASD subcluster’s differentially
expressed genes were submitted to the Camp database, and the
connectivity score—which measures how closely compounds-induced
transcript modifications resemble user-input differential gene
alterations—was obtained. Additionally, the mechanism of action
(MoA) of the compounds was analyzed.

2 https://www.networkanalyst.ca/
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2.12. Statistical analysis

R programming (version 4.0.2, available at https://www.rproject.
org) was used for all data calculations and statistical analysis. The
Spearman test was utilized for correlation analysis. p<0.05 was
considered statistically significant.

3. Results

3.1. The landscape of ERS regulators
between control and ASD samples

The ASD expression profiles were downloaded from the GEO
database, and the mean values of gene expression for each sample were
essentially the same after normalization (Supplementary Figure SI).
We have estimated the ER stress score for each sample in the dataset
using the ssGSEA method. The Wilcox test results highlighted the
significant upregulation in the ER stress score between the ASD and
normal samples (Figure 1A), which indicates that ER stress has an
important role in the development and progression of ASD. Further,
the expression of the ER stress genes was evaluated in the two groups,
and 37 genes with differential expression were found, including 30
up-regulated genes and 7 down-regulated genes (Figure 1B). Figure 1C
displays the chromosomal locations of the ER stress genes that are
differentially expressed.

3.2. Construction of the ASD classifier and
validation

To investigate differentially expressed ER stress regulators’
contribution to the diagnosis of ASD, a series of bioinformatic
algorithms were employed. We used a random forest to filter the
variables, which showed the lowest average error rate at 99 trees
(Figure 2A), and then we analyzed the importance of the variables by
calculating the Gini index of a mean decrease (Figure 2B). Seven
variables with the mean decrease Gini index greater than 4 were
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FIGURE 2
Construction of the ASD classifier. (A) The average error rate of random forest model. (B) Variable importance ordered by the gini index of a mean
decrease in random forest. (C) The schematic diagram of artificial neural network model. (D) ROC curves show the AUC values of the ASD classifier in
GSE111176. (E) ROC curves show the AUC values of the ASD classifier in GSE77103. (F) ROC curves show the AUC values of the ASD classifier in
GSE38322.

selected for subsequent analysis, and they were UBE4B, PIK3R1,
MAP3K5, DNAJB14, USP13, P4HB, TMEM117, respectively. The
above-mentioned seven genes were used as input variables into the
artificial neural network, a five-neuron layer that extracts and fuses
features from the input layer was used to determine the final binary
classification result using well-trained weight coefficients and bias
(Figure 2C). ROC analysis was implemented to determine the value
of the classifier in diagnosing ASD, the results revealed that this
classifier was effective at differentiating between healthy people and
ASD patients (Figure 2D). Additionally, we verified its effectiveness
and dependability in two independent validation set GSE77103 and
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05

GSE38322, both of which had AUC value of 0.75 (Figure 2E) and
0.759 (Figure 2F), respectively.

3.3. Identification of key modules
associated with the ERS score

Given the previous analysis suggested that ER stress may
be involved in the development of ASD. We further analyzed the
co-expression genes associated with ERS scores in patients with
ASD. A dendrogram of ASD patients in GSE11176 with ER stress
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score was clustered using the average linkage method and Pearson’s
correlation method (Figure 3A). To obtain a signed network fulfilling
the scale-free topology, the soft-thresholding power parameter was set
to 7 (at this point scale-free R2>0.85) (Figure 3B). A total of 12
modules that have sizes between 65 and 774 genes were identified in
the average hierarchical clustering and dynamic tree clipping
(Figure 3C). To find the most correlated modules with ERS scores in
ASD, we performed spearman correlation analysis (Figure 3D), and
the results showed that the turquoise module appeared to have the
highest association with ER stress scores (cor =—0.42, p=2e-06), while
magenta (cor=0.26, p=0.005), pink (cor=0.3, p=9e-04), brown
(cor=0.29, p=0.002) modules showed a significant positive
correlation with ERS scores (Figure 3E). We therefore selected the
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turquoise module for further analysis, which included 774 genes. A
significant correlation existed between the module membership (MM)
and gene significance (GS) of the turquoise modules (Figure 3F).

3.4. Construction of the miRNA-gene and
TF-gene interaction network

The overlapped results of the turquoise module and differentially
expressed ER stress gene was considered to be the hub ER stress genes
of ASD. As a result, five genes were obtained, namely SEC16A, EXTL3,
DNAJB14, SGTA and UFMI (Figure 4A). Further, they were subjected
to the NetworkAnalyst web to collect the miRNA-gene and TF-gene
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turquoise module ER stress genes

hsa-mir-519c-

FIGURE 4

hsa-mir-4691 -5p

hsadffir-221-3p

TF/miRNA-hub gene interaction network. (A) Hub ER stress regulators representation through a Venn diagram. (B) Network for miRNA interaction with
hub ER stress regulators. The purple nodes represent the hub ER stress regulators and the other nodes represent miRNAs. (C) Network for TF
interaction with hub ER stress regulators. The purple nodes represent the hub ER stress regulators and the other nodes represent TFs.

interactions. The miRNA-gene network consists of 12 nodes and 14
interaction pairs, and DNAJB14 was regulated by 4 miRNAs in this
network (Figure 4B). In addition, the TF-gene network includes 11
nodes and 17 interaction pairs (Figure 4C). The transcription factor
SP2 may be closely associated with ASD because it regulated four hub
ER stress regulators in this network. These 7 miRNAs and 6 TF
regulate more than one hub ER stress gene of the network, which
indicates high interaction of the miRNA/TF with hub ER stress genes.

3.5. ER stress regulators mediated ASD
patterns

To study the sub-clusters in ASD, the unsupervised consensus
cluster analysis was carried out on ASD patients based on the
expression of the hub ER stress regulators. There were found to be two
distinct ASD modification subclusters (Figures 5A-C), with 45
samples in cluster 2 and 74 samples in cluster 1. Tsne analysis also
verified that ASD patients can be categorized into two patterns
(Figure 5D). We also looked at the hub ER stress gene expression levels
across the different subtypes, and the results showed that UFM1 and
DNAJB14 were up-regulated in subcluster 1, while SEC16A and
EXTL3 were up-regulated in subcluster 2 (Figures 5E,F), indicating
that the various ASD subclusters may have various transcriptome or
other characteristics.

3.6. Biological properties and MRA of
different ER stress patterns

We performed differential analysis between ASD subclusters and
obtained a total of 167 DEGs, of which 127 genes in ASD cluster 2 and
40 genes in ASD cluster 1 were expressed at lower levels (Figures 6A,B).
Further enrichment analysis was carried out using these DEGs. GO
enrichment analysis showed that ATP synthesis coupled electron
transport, protein targeting to ER and phosphatidylinositol metabolic
process were involved in the biological process subsection; Cellular
component exhibits significant involvement of mitochondrial related
complex in DEGs; Molecular function subsection data indicate the
structural constituent of ribosome terms were most enriched (Figure 6C).
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Moreover, pathways of neurodegeneration-multiple diseases, oxidative
phosphorylation, primary immunodeficiency interacted with the most
number of genes according to the KEGG pathway database (Figure 6C).
We also conducted the GSEA analysis, the results showed that
REACTOME TRANSLATION  (Figure 7A), REACTOME
REGULATION OF EXPRESSION OF SLITS AND ROBOS (Figure 7B),
REACTOME SELENOAMINO ACID METABOLISM (Figure 7C) and
REACTOME RESPONSE OF EIF2AK4 GCN2 TO AMINO ACID
DEFICIENCY (Figure 7D) pathway were significantly enriched in ASD
cluster2, while KEGG LEISHMANIA INFECTION (Figure 7E),
(Figure 7F), WP EBOLA VIRUS PATHWAY ON HOST (Figure 7G),
KEGG SYSTEMIC LUPUS ERYTHEMATOSUS (Figure 7H) and PID
FAS PATHWAY (Figure 71) were significantly enriched in ASD clusterl.
Next, we focused on the master regulator genes significant enriched in
ASD clusters. The findings demonstrated that the transition from normal
control to ASD cluster 1 was supported by the repression of ATE3,
UHRF1, BATF2, and the activation of the BCL6 (Figure 8A). While
inhibition of AHR, BZLF1, and CREBI assisted the transition from
normal control to ASD cluster 2 (Figure 8B). Overall, based on DEGs,
functional enrichment and the master regulatory analysis, we highlighted
two distinct biological phenotypes of ASD, which validated the existence
of heterogeneity of ERS processes in ASD.

3.7. Identification of the immune
microenvironment characteristics of
different ER stress patterns

To examine the variations in the immune microenvironment,
we compared the immune infiltrating cells, immune reaction gene sets
and HLA gene expression between distinct subtypes. Analysis of the
abundance of 22 immune microenvironment infiltrating cells revealed
that ASD subtype 2 had a higher amount of plasma cell infiltration
while the other 21 immune cells had a similar abundance (Figure 9A).
Regarding the immune reaction process, the activity of the synonyms
B cell receptor (BCR) signaling pathway and interleukin receptor
activity were both increased in ASD subcluster2, but interferon
receptor activity was decreased in subcluster2 (Figure 9B). Therefore,
we speculated that a more active immune system in ASD subcluster2.
In addition, the expression of different HLA was also different between

frontiersin.org



https://doi.org/10.3389/fpsyt.2023.1136154
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org

Lietal.

10.3389/fpsyt.2023.1136154

consensus CDF

0.8

0.6

CDF

0.2

0.0 1

00
4
6

1.0+

consensus index

C consensus matrix k=2 D

tracking plot

|

samples

cluster Cluster1 Cluster2

tSNE2

Type E3 Cluster1 E= Cluster2

*kk

Hkk ke ns

9$%$ = u

= =T .

. ]

E Cluster1 Cluster2 F
[ group
_| EXTL3
—~ =y
- ‘ SGTA .% .
4 L
| 0
SEC16A o) g 7
_4 o
— UFM1 6
|| ‘ DNAJB14

FIGURE 5

N
$

&
’\'723
S,

Identification of the ER stress patterns in ASD. (A) Consensus clustering cumulative distribution function (CDF) for k=2-7. (B) The tracking plot shows
the cluster assignment of items (columns) by color for each k (rows). (C) Heatmap describing co-occurrence proportions for ASD samples (k=2).

(D) Tsne analysis for the transcriptome profiles of the ER stress patterns revealed a difference between ASD subclusters. (E,F) Heatmap and box plot of
hub ER stress regulators’ expression in ASD subclusters. *p<0.05, **p<0.01. ***<0.001.

ER stress patterns, HLA-DRA and HLA-E were downregulated in
ASD subtype2 (Figure 9C). These results confirmed again that ER
stress modification plays a crucial regulatory role in forming different
immune microenvironments in ASD patients.

3.8. Identification of the potential
compounds that target different ER stress
patterns

The CMap database was employed to find prospective compounds
that can effectively reverse the differential gene expression of different
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ASD subclusters. Differences between Subcluster 1 and Subcluster 2
were also apparent in compound prediction (Figure 10A). We found
a total of 118 compounds that were significantly enriched in the ASD
subclusterl, and 18 compounds that were enriched in the ASD
cluster2. Among them, the PKC inhibitor BRD-K09991945 that
targets Glycogen synthase kinase 3 (GSK3B) might have a therapeutic
effect on both clusters, whereas the PI3K inhibitor BGT-226 and
Radical formation stimulant temoporfin might worsen the situation
of different ASD subclusters, respectively (Supplementary Table S1).
Furthermore, we conducted the MoA analysis of the potential
compounds. The result of four compounds (fexofenadine, VUF-5681,
JNJ-10191584 and amodiaquine) shared the MoA of histamine
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Identification of the differential expressed genes between different clusters in ASD. (A,B) Volcano plot and heatmap showed the differential expressed
genes in ASD cluster 2 compared with the ASD cluster 1. (C) GO and KEGG enrichment analysis based on the differential expressed genes between
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receptor antagonist, another three compounds (imperatorin,
CGP-60474 and BRD-K19136521) shared the MoA of the CDK
inhibitor in ASD subclusterl (Figure 10B). Compounds that target
ASD subcluster2 enriched the MoA of Adrenergic receptor
antagonists, Cytochrome P450 inhibitor and other substances
(Figure 10C).

4. Discussion

ASD are mental disabilities that have a serious impact on the
quality of life of children with these disorders. Previous studies have
shown that the activation of ER stress is associated with the occurrence
and development of ASD (19, 21). The disruption of neuronal protein
homeostasis (53-55), the dysregulation of calcium homeostasis (56,
57), the induction of inflammatory cytokines, such as TNF-« (58, 59),
IL-33 (60), and IL-1f (61), and other pathways have all been proposed
as contributing factors (59). Despite the previous role of ER stress in
the pathophysiology of ASD has been highlighted, research on ER
stress regulators in the ASD field remains in its infancy. To the best of
our knowledge, this was the first in-depth bioinformatics analysis of
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the landscape of ER stress regulators in ASD disease, which may
provide reliable directions for future experimental studies of ASD as
well as novel chances to develop effective therapies.

In the present study, we first calculated the ER stress scores for
each sample in GSE111176, and the results revealed that ER stress
score was significantly higher in the ASD group; Differential
expression analysis showed that there were 37 ER stress regulators
altered in the ASD patients, suggesting that ER stress might play a key
role in the ASD that deserves further investigation.

Parental interviews and the use of scales to score the specific
symptoms displayed by the affected kid are the current diagnostic
techniques for ASD, but they are both subjective. Recently, we are
starting to see the impact of machine learning methods on data
modeling and classification. Using random forest and artificial neuron
network methods, a classifier built on the seven ER stress regulators
could be effective at differentiating between healthy people and ASD
patients (AUC >0.7 among independent datasets), which may help a
clinician diagnose in the future.

Moreover, WGCNA is a powerful tool that provides module
construction and correlation analysis within the gene expression data
to determine the associations between modules and pathological
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Gene Set Enrichment Analysis between ASD clusters. (A-1) Enrichment plots of pathways in c2.cp.all.v7.2.symbols.gn in ASD subcluster 2 obtained after
GSEA analysis.

features of the disease. We investigated the co-expression modules
linked to elevated ER stress scores in ASD patients using the WGCNA,
and the turquoise module with 774 genes showed a significant
correlation with ER stress scores. To increase the reliability of the data,
we took the intersection of turquoise modules and differentially
expressed ER stress regulators, referring to them as hub ASD-related
ER stress genes, including SEC16A, EXTL3, DNAJB14, SGTA, and
UMF1. SECI6A gene encodes a protein that forms part of the Secl6
complex, which is involved in protein transport from the endoplasmic
reticulum (ER) to the Golgi and mediates COPII vesicle formation at
the transitional ER. Jing-Jing Sun and colleagues found that SEC16A
mRNA expression was higher in ASD serum samples, and it was able
to form a diagnostic model with four additional genes to aid in the
diagnosis of ASD (62). UFMI is a ubiquitin-like protein that is
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conjugated to target proteins by the El-like activating enzyme UBA5
and E2-like conjugating enzyme UFC1 in a manner analogous to
ubiquitylation. Individuals with UBA5 variants can develop severe
irritability, stagnation of development and epilepsy (63). However, the
association between the aforementioned genes and ASD is still
unknown, future studies can include functional studies to elucidate
such relationships.

Recently, based on the inter-individual deviation of functional
connectivity (IDFC), Xiaonan Guo and colleagues found two ASD
subtypes, each with a different level of social communication deficits
and confined and repetitive behaviors (64). Ada J S Chan and his
colleagues discovered that distinct genetic subtypes of ASD can enable
the prediction of developmental outcomes (65). Molecular subtyping
strategy is widely utilized in the biomedicine field, and the

10 frontiersin.org


https://doi.org/10.3389/fpsyt.2023.1136154
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org

Lietal. 10.3389/fpsyt.2023.1136154
A
Cluster1 — Master Regulator Analysis Top targets
GBP4

© ATF3 p=0_00392 STAT, y, PK2

S IFI GCH1

o SAMD TRIM22

o

© UHRF1 p=0.0102

S Il

o ]

o

o| Bcls || NES=252 || p=0.0119 smp STK4° Gs2

S DEL1

o4 || MBOA CHST15

© PP4R1

D1 TN3
p=0.0173

©

o A

=

o

B
Cluster2 - Master Regulator Analysis
p=0.000195

© 1

81

o

BLZF1 p=0.00431

©

8 |

o

p=0.0101

©

81

o
FIGURE 8
Top master regulators of ASD clusters. (A) Master regulatory analysis of ASD subcluster 1. (B) Master regulatory analysis of ASD subcluster 2. Each
network is indicated by its master regulators. A barcode-like diagram displaying all transcriptome genes, from most downregulated (left) to most
upregulated (right), is used to display the genes in each network (right). Targets with positive (red) and negative (blue) correlations are overlaid as bars
of different colors on the differential expression signature. p-values and normalized enrichment scores (NES) are also shown. The 12 most likely
network putative targets of each MR are shown to the right in red if they are upregulated or blue if they are downregulated, with a pointed arrow
indicating that they are predicted to be activated by the centroid protein and a blunt arrow indicating that they are predicted to be repressed.

identification of novel molecular subtypes may lead to a better
treatment plan. In this study, ER stress patterns in ASD were explored
using hub ER stress regulator expression profiles and unsupervised
clustering analysis, and two subclusters with distinct ER stress patterns
were discovered. Understanding the distinctions in their biological
roles may aid in understanding the involvement of ER stress in ASD
etiology. A meta-analysis revealed that genes in the FAS signaling were
upregulated in the ASD (66), however, we found that the FAS
pathway was more enriched in the subcluster1 than subcluster2. This
further demonstrates that molecular typing is more conducive to the
precise treatment of patients. Aside from transcript differences, each
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subcluster has particular immunological traits of its own. The ASD
subcluster2 has a higher infiltration level of plasma cells and higher
activity of the BCR signaling pathway and interleukin receptor
reaction. Previous research has shown the role of both adaptive and
innate immune cells in the etiology of ASD. It was reported that a
single injection of IL-6 into pregnant mice led to autism-relevant
behaviors in the offspring, while blockade of IL-6 trans-signaling in
the brain of mice could cause improved autism-like behavioral
symptoms (56, 57). Ahmed Nadeem and colleagues revealed that
dysregulation in IL-6 receptors is associated with upregulated IL-17A-
related signaling in children with autism, and the IL-6/IL-17A-related
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Different ER stress patterns are characterized by diversity in immune microenvironment features. (A) The variations of each immune microenvironment
infiltrating immunocytes between ASD clusters. (B) The activity differences of each immune reaction gene set between ASD clusters. (C) The
expression differences of each HLA gene between ASD clusters.

parameters are positively correlated with disease severity (58). The
immunological traits of each subcluster confirmed the accuracy of the

classification of various ER stress regulators

this investigation.
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At this time, anti-psychotic medicines like aripiprazole and
risperidone continue to be the mainstay of ASD pharmacological
treatment. However, due to its metabolic and neurological effects,

long-term efficacy and safety concerns continue to be debatable. More
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The potential compounds target different ER stress patterns. (A) Heatmap showing the scaled connectivity score of each compound for different ER
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studies are still required to develop more effective and targeted
interventional treatments. After clarifying that different ASD
subclusters have diverse expression patterns and immunological
features, we attempted to anticipate compounds for different
subclusters to achieve accurate treatment. The findings demonstrated
that the compound prediction outcomes for subtypes 1 and 2 were
highly different, with more compounds targeting subcluster 1 than
subcluster 2, suggesting a greater emphasis on a comprehensive
assessment of the patients. ASD subclusters could be studied further
at the molecular or immune level rather than the phenotypic level.
We found the PKC inhibitor BRD-K09991945 that targets GSK3B
might have a therapeutic effect on both clusters. In the previous study,
the p-GSK-3p (S9) was increased in the ASD mice model, and the
low-frequency rTMS (LF-rTMS) was able to lower the phosphorylation
level of the GSK-3p and so improve the social function of mice (67).
Therefore, the PKC inhibitor BRD-K09991945 can be considered for
further verification by animal experiments or clinical trials.

5. Conclusion

In conclusion, our study revealed that ER stress score was
significantly higher in ASD patients. The classifier consists of the
seven ER stress regulators that can accurately predict the prevalence
of ASD. Furthermore, we identified two ER stress patterns and found
that the diversity of ER stress patterns affects the heterogeneity and
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complexity of the immune microenvironment in ASD. The
comprehensive analysis of the ASD ER stress patterns will make a
great contribution to understanding the underlying pathophysiology
of ASD, inspiring more effective therapeutic approaches.

Data availability statement

Publicly available datasets were analyzed in this study. This data
can be found here: https://www.ncbi.nlm.nih.gov/geo/ with accession
numbers GSE111176, GSE77103 and GSE3832.

Author contributions

YM conceived and designed the study. YL developed the
methodology. SG analyzed and interpreted the data. YL, YM, and SG
wrote and revised the manuscript. All authors contributed to the
article and approved the submitted version.

Acknowledgments

Special thanks to Vahid H. Gazestani and Inoue R. et al. for
generously sharing the two GEO public datasets, and we would also
like to thank all the patients who contributed samples for this research.

frontiersin.org


https://doi.org/10.3389/fpsyt.2023.1136154
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org
https://www.ncbi.nlm.nih.gov/geo/

Lietal.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated

References

1. Edition FJAPA. Diagnostic and statistical manual of mental disorders (2013)
21:591-643.

2. Maenner MJ, Shaw KA, Baio J, Washington A, Patrick M, DiRienzo M, et al.
Prevalence of autism Spectrum disorder among children aged 8 years -autism and
developmental disabilities monitoring network, 11 sites, United States, 2016. MMWR
Surveill Summ. (2020) 69:1-12. doi: 10.15585/mmwr.ss6904al

3. Sato A, Kotajima-Murakami H, Tanaka M, Katoh Y, Ikeda K. Influence of prenatal
drug exposure, maternal inflammation, and parental aging on the development of
autism Spectrum disorder. Front Psych. (2022) 13:821455. doi: 10.3389/fpsyt.2022.821455

4. Leader G, Barrett A, Ferrari C, Casburn M, Maher L, Naughton K, et al. Quality of
life, gastrointestinal symptoms, sleep problems, social support, and social functioning
in adults with autism spectrum disorder. Res Dev Disabil. (2021) 112:103915. doi:
10.1016/j.ridd.2021.103915

5. Patel Y, Parker N, Shin J, Howard D, French L, Thomopoulos SI, et al. Virtual
histology of cortical thickness and shared neurobiology in 6 psychiatric disorders. JAMA
Psychiat. (2021) 78:47-63. doi: 10.1001/jamapsychiatry.2020.2694

6. Traetta ME, Codagnone MG, Uccelli NA, Ramos AJ, Zarate S, Reinés A.
Hippocampal neurons isolated from rats subjected to the valproic acid model
mimic in vivo synaptic pattern: evidence of neuronal priming during early
development in autism spectrum disorders. Mol Autism. (2021) 12:23. doi: 10.1186/
513229-021-00428-8

7. Vanderplow AM, Kermath BA, Bernhardt CR, Gums KT, Seablom EN, Radcliff AB,
et al. A feature of maternal sleep apnea during gestation causes autism-relevant neuronal
and behavioral phenotypes in offspring. PLoS Biol. (2022) 20:e3001502. doi: 10.1371/
journal.pbio.3001502

8. Theoharides TC. Ways to address perinatal mast cell activation and focal brain
inflammation, including response to SARS-CoV-2, in autism Spectrum disorder. ] Pers
Med. (2021) 11:860. doi: 10.3390/jpm 11090860

9. Abdel-Rahman EA, Zaky EA, Aboulsaoud M, Elhossiny RM, Youssef WY,
Mahmoud AM, et al. Autism spectrum disorder (ASD)-associated mitochondrial
deficits are revealed in children's platelets but unimproved by hyperbaric oxygen therapy.
Free Radic Res. (2021) 55:26-40. doi: 10.1080/10715762.2020.1856376

10. Shuid AN, Jayusman PA, Shuid N, Ismail ], Kamal Nor N, Mohamed IN.
Association between viral infections and risk of autistic disorder: an overview. Int J
Environ Res Public Health. (2021) 18:2817. doi: 10.3390/ijerph18062817

11. Blanc R, Latinus M, Guidotti M, Adrien JL, Roux S, Dansart P, et al. Early
intervention in severe autism: positive outcome using exchange and development
therapy. Front Pediatr. (2021) 9:785762. doi: 10.3389/fped.2021.785762

12. Lemberg MK, Strisovsky K. Maintenance of organellar protein homeostasis by
ER-associated degradation and related mechanisms. Mol Cell. (2021) 81:2507-19. doi:
10.1016/j.molcel.2021.05.004

13. Cao SS, Kaufman RJ. Endoplasmic reticulum stress and oxidative stress in cell fate
decision and human disease. Antioxid Redox Signal. (2014) 21:396-413. doi: 10.1089/
ars.2014.5851

14. Bettigole SE, Glimcher LH. Endoplasmic reticulum stress in immunity. Annu Rev
Immunol. (2015) 33:107-38. doi: 10.1146/annurev-immunol-032414-112116

15. Oakes SA, Papa FR. The role of endoplasmic reticulum stress in human pathology.
Annu Rev Pathol. (2015) 10:173-94. doi: 10.1146/annurev-pathol-012513-104649

16. Lindholm D, Wootz H, Korhonen L. ER stress and neurodegenerative diseases.
Cell Death Differ. (2006) 13:385-92. doi: 10.1038/sj.cdd.4401778

17. Crider A, Ahmed AO, Pillai A. Altered expression of endoplasmic reticulum
stress-related genes in the middle frontal cortex of subjects with autism Spectrum
disorder. Mol Neuropsychiatry. (2017) 3:85-91. doi: 10.1159/000477212

18. Dong D, Zielke HR, Yeh D, Yang P. Cellular stress and apoptosis contribute to the
pathogenesis of autism spectrum disorder. Autism Res. (2018) 11:1076-90. doi: 10.1002/
aur.1966

Frontiers in Psychiatry

14

10.3389/fpsyt.2023.1136154

organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary material for this article can be found online
at: https://www.frontiersin.org/articles/10.3389/fpsyt.2023.1136154/
full#supplementary-material

19. Fujita-Jimbo E, Tanabe Y, Yu Z, Kojima K, Mori M, Li H, et al. The association of
GPR85 with PSD-95-neuroligin complex and autism spectrum disorder: a molecular
analysis. Mol Autism. (2015) 6:17. doi: 10.1186/s13229-015-0012-5

20. Ulbrich L, Favaloro FL, Trobiani L, Marchetti V, Patel V, Pascucci T, et al. Autism-
associated R451C mutation in neuroligin3 leads to activation of the unfolded protein
response in a PC12 Tet-on inducible system. Biochem J. (2016) 473:423-34. doi: 10.1042/
BJ20150274

21. Fujita E, Dai H, Tanabe Y, Zhiling Y, Yamagata T, Miyakawa T, et al. Autism
spectrum disorder is related to endoplasmic reticulum stress induced by mutations in
the synaptic cell adhesion molecule, CADM1. Cell Death Dis. (2010) 1:e47. doi: 10.1038/
cddis.2010.23

22. Gazestani VH, Pramparo T, Nalabolu S, Kellman BP, Murray S, Lopez L, et al. A
perturbed gene network containing PI3K-AKT, RAS-ERK and WNT-B-catenin
pathways in leukocytes is linked to ASD genetics and symptom severity. Nat Neurosci.
(2019) 22:1624-34. doi: 10.1038/s41593-019-0489-x

23. Lombardo MV, Eyler L, Pramparo T, Gazestani VH, Hagler D] Jr, Chen CH, et al.
Atypical genomic cortical patterning in autism with poor early language outcome. Sci
Ady. (2021) 7:eabh1663. doi: 10.1126/sciadv.abh1663

24.Inoue R, Sakaue Y, Sawai C, Sawai T, Ozeki M, Romero-Pérez GA, et al. A
preliminary investigation on the relationship between gut microbiota and gene
expressions in peripheral mononuclear cells of infants with autism spectrum
disorders. Biosci Biotechnol Biochem. (2016) 80:2450-8. doi:
10.1080/09168451.2016.1222267

25. Ginsberg MR, Rubin RA, Natowicz MR. Patterning of regional gene expression in
autism: new complexity. Sci Rep. (2013) 3:1831. doi: 10.1038/srep01831

26. Davis S, Meltzer PS. GEOquery: a bridge between the gene expression omnibus
(GEO) and BioConductor. Bioinformatics. (2007) 23:1846-7. doi: 10.1093/
bioinformatics/btm254

27. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. Limma powers
differential expression analyses for RNA-sequencing and microarray studies. Nucleic
Acids Res. (2015) 43:e47. doi: 10.1093/nar/gkv007

28. Liberzon A, Birger C, Thorvaldsdéttir H, Ghandi M, Mesirov JP, Tamayo P. The
molecular signatures database (MSigDB) hallmark gene set collection. Cell Syst. (2015)
1:417-25. doi: 10.1016/j.cels.2015.12.004

29.Gu Z, Eils R, Schlesner M. Complex heatmaps reveal patterns and correlations in
multidimensional genomic data. Bioinformatics. (2016) 32:2847-9. doi: 10.1093/
bioinformatics/btw313

30. Ginestet C. ggplot2: elegant graphics for data. Analysis. (2011) 174:245-6. doi:
10.1111/j.1467-985X.2010.00676_9.x

31. Zhang H, Meltzer P, Davis S. RCircos: an R package for Circos 2D track plots. BMC
Bioinformatics. (2013) 14:244. doi: 10.1186/1471-2105-14-244

32. Liaw A, Wiener M. Classification and Regression by Randomforest. R News. (2022)
18-22. Available at: http://CRAN.R-project.org/doc/Rnews/

33.Beck MWTJJoss. NeuralNetTools: visualization and analysis tools for Neural
Network. J Stat Softw. (2018) 85:1-20. doi: 10.18637/jss.v085.i11

34. Giinther E Fritsch S. Neuralnet: Training of Neural Networks R Journal. (2010).
doi: 10.32614/R]-2010-006

35. Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez JC, et al. pPROC: an
open-source package for R and S+ to analyze and compare ROC curves. BMC
Bioinformatics. (2011) 12:77. doi: 10.1186/1471-2105-12-77

36. Langfelder P, Horvath S. WGCNA: an R package for weighted correlation network
analysis. BMC Bioinformatics. (2008) 9:559. doi: 10.1186/1471-2105-9-559

37. Wilkerson MD, Hayes DN. ConsensusClusterPlus: a class discovery tool with
confidence assessments and item tracking. Bioinformatics. (2010) 26:1572-3. doi:
10.1093/bioinformatics/btq170

frontiersin.org


https://doi.org/10.3389/fpsyt.2023.1136154
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org
https://www.frontiersin.org/articles/10.3389/fpsyt.2023.1136154/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fpsyt.2023.1136154/full#supplementary-material
https://doi.org/10.15585/mmwr.ss6904a1
https://doi.org/10.3389/fpsyt.2022.821455
https://doi.org/10.1016/j.ridd.2021.103915
https://doi.org/10.1001/jamapsychiatry.2020.2694
https://doi.org/10.1186/s13229-021-00428-8
https://doi.org/10.1186/s13229-021-00428-8
https://doi.org/10.1371/journal.pbio.3001502
https://doi.org/10.1371/journal.pbio.3001502
https://doi.org/10.3390/jpm11090860
https://doi.org/10.1080/10715762.2020.1856376
https://doi.org/10.3390/ijerph18062817
https://doi.org/10.3389/fped.2021.785762
https://doi.org/10.1016/j.molcel.2021.05.004
https://doi.org/10.1089/ars.2014.5851
https://doi.org/10.1089/ars.2014.5851
https://doi.org/10.1146/annurev-immunol-032414-112116
https://doi.org/10.1146/annurev-pathol-012513-104649
https://doi.org/10.1038/sj.cdd.4401778
https://doi.org/10.1159/000477212
https://doi.org/10.1002/aur.1966
https://doi.org/10.1002/aur.1966
https://doi.org/10.1186/s13229-015-0012-5
https://doi.org/10.1042/BJ20150274
https://doi.org/10.1042/BJ20150274
https://doi.org/10.1038/cddis.2010.23
https://doi.org/10.1038/cddis.2010.23
https://doi.org/10.1038/s41593-019-0489-x
https://doi.org/10.1126/sciadv.abh1663
https://doi.org/10.1080/09168451.2016.1222267
https://doi.org/10.1038/srep01831
https://doi.org/10.1093/bioinformatics/btm254
https://doi.org/10.1093/bioinformatics/btm254
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1016/j.cels.2015.12.004
https://doi.org/10.1093/bioinformatics/btw313
https://doi.org/10.1093/bioinformatics/btw313
https://doi.org/10.1111/j.1467-985X.2010.00676_9.x
https://doi.org/10.1186/1471-2105-14-244
http://CRAN.R-project.org/doc/Rnews/
https://doi.org/10.18637/jss.v085.i11
https://doi.org/10.32614/RJ-2010-006
https://doi.org/10.1186/1471-2105-12-77
https://doi.org/10.1186/1471-2105-9-559
https://doi.org/10.1093/bioinformatics/btq170

Lietal.

38. Gene Ontology Consortium. Gene ontology consortium: going forward. Nucleic
Acids Res. (2015) 43:D1049-56. doi: 10.1093/nar/gkul179

39. Kanehisa M, Goto S. KEGG: Kyoto encyclopedia of genes and genomes. Nucleic
Acids Res. (2000) 28:27-30. doi: 10.1093/nar/28.1.27

40.Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R package for comparing
biological themes among gene clusters. OMICS. (2012) 16:284-7. doi: 10.1089/
omi.2011.0118

41. Luo W, Brouwer C. Pathview: an R/Bioconductor package for pathway-based data
integration and visualization. Bioinformatics. (2013) 29:1830-1. doi: 10.1093/
bioinformatics/btt285

42. Subramanian A, Tamayo P, Mootha VK, Mukherjee S, Ebert BL, Gillette MA, et al.
Gene set enrichment analysis: a knowledge-based approach for interpreting genome-
wide expression profiles. Proc Natl Acad Sci U S A. (2005) 102:15545-50. doi: 10.1073/
pnas.0506580102

43. Lefebvre C, Rajbhandari P, Alvarez MJ, Bandaru P, Lim WK, Sato M, et al. A human
B-cell interactome identifies MYB and FOXM1 as master regulators of proliferation in
germinal centers. Mol Syst Biol. (2010) 6:377. doi: 10.1038/msb.2010.31

44. Mercatelli D, Lopez-Garcia G, Giorgi FM. Corto: a lightweight R package for gene
network inference and master regulator analysis. Bioinformatics (Oxford, England).
(2020) 36:3916-7. doi: 10.1093/bioinformatics/btaa223

45. Newman AM, Steen CB, Liu CL, Gentles AJ, Chaudhuri AA, Scherer F, et al.
Determining cell type abundance and expression from bulk tissues with digital
cytometry. Nat Biotechnol. (2019) 37:773-82. doi: 10.1038/s41587-019-0114-2

46. Hinzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for microarray
and RNA-seq data. BMC Bioinformatics. (2013) 14:7. doi: 10.1186/1471-2105-14-7

47.Xia J, Gill EE, Hancock RE. NetworkAnalyst for statistical, visual and network-
based meta-analysis of gene expression data. Nat Protoc. (2015) 10:823-44. doi: 10.1038/
nprot.2015.052

48. Davis CA, Hitz BC, Sloan CA, Chan ET, Davidson JM, Gabdank I, et al. The
encyclopedia of DNA elements (ENCODE): data portal update. Nucleic Acids Res. (2018)
46:D794-d801. doi: 10.1093/nar/gkx1081

49. Huang HY, Lin YC, Cui S, Huang Y, Tang Y, Xu J, et al. miRTarBase update 2022:
an informative resource for experimentally validated miRNA-target interactions. Nucleic
Acids Res. (2022) 50:D222-30. doi: 10.1093/nar/gkab1079

50. Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, et al. Cytoscape:
a software environment for integrated models of biomolecular interaction networks.
Genome Res. (2003) 13:2498-504. doi: 10.1101/gr.1239303

51. Subramanian A, Narayan R, Corsello SM, Peck DD, Natoli TE, Lu X, et al. A next
generation connectivity map: L1000 platform and the first 1,000,000 profiles. Cells.
(2017) 171:1437-52.e17. doi: 10.1016/j.cell.2017.10.049

52. Méndez-Lucio O, Baillif B, Clevert DA, Rouquié D, Wichard J. De novo generation
of hit-like molecules from gene expression signatures using artificial intelligence. Nat
Commun. (2020) 11:10. doi: 10.1038/s41467-019-13807-w

53. Trobiani L, Meringolo M, Diamanti T, Bourne Y, Marchot P, Martella G, et al. The
neuroligins and the synaptic pathway in autism Spectrum disorder. Neurosci Biobehav
Rev. (2020) 119:37-51. doi: 10.1016/j.neubiorev.2020.09.017

Frontiers in Psychiatry

15

10.3389/fpsyt.2023.1136154

54. Taketomi T, Yasuda T, Morita R, Kim J, Shigeta Y, Eroglu C, et al. Autism-
associated mutation in Hevin/Sparcll induces endoplasmic reticulum stress through
structural instability. Sci Rep. (2022) 12:11891. doi: 10.1038/s41598-022-15784-5

55. Jiménez JA, Ptacek TS, Tuttle AH, Schmid RS, Moy SS, Simon JM, et al. Chd8
haploinsufficiency impairs early brain development and protein homeostasis later in life.
Mol Autism. (2020) 11:74. doi: 10.1186/s13229-020-00369-8

56. Klocke B, Krone K, Tornes J, Moore C, Ott H, Pitychoutis PM. Insights into the
role of intracellular calcium signaling in the neurobiology of neurodevelopmental
disorders. Front Neurosci. (2023) 17:1093099. doi: 10.3389/fnins.2023.1093099

57. Nguyen RL, Medvedeva YV, Ayyagari TE, Schmunk G, Gargus JJ. Intracellular
calcium dysregulation in autism spectrum disorder: an analysis of converging organelle
signaling pathways. Biochim Biophys Acta, Mol Cell Res. (2018) 1865:1718-32. doi:
10.1016/j.bbamcr.2018.08.003

58. Denis RG, Arruda AP, Romanatto T, Milanski M, Coope A, Solon C, et al. TNF-a
transiently induces endoplasmic reticulum stress and an incomplete unfolded protein
response in the hypothalamus. Neuroscience. (2010) 170:1035-44. doi: 10.1016/j.
neuroscience.2010.08.013

59. Xiao P, Hu Z, Lang J, Pan T, Mertens RT, Zhang H, et al. Mannose metabolism
normalizes gut homeostasis by blocking the TNF-a-mediated proinflammatory circuit.
Cell Mol Immunol. (2023) 20:119-30. doi: 10.1038/s41423-022-00955-1

60. Chen L, Song Z, Cao X, Fan M, Zhou Y, Zhang G. Interleukin-33 regulates the
endoplasmic reticulum stress of human myometrium via an influx of calcium during
initiation of labor. elife. (2022) 11:¢75072. doi: 10.7554/eLife.75072

61. Wang Q, Zhang H, Zhao B, Fei H. IL-1beta caused pancreatic beta-cells apoptosis
is mediated in part by endoplasmic reticulum stress via the induction of endoplasmic
reticulum Ca2+ release through the c-Jun N-terminal kinase pathway. Mol Cell Biochem.
(2009) 324:183-90. doi: 10.1007/s11010-008-9997-9

62.Sun JJ, Chen B, Yu T. Construction of an immune-related ceRNA network to
screen for potential diagnostic markers for autism spectrum disorder. Front Genet.
(2022) 13:1025813. doi: 10.3389/fgene.2022.1025813

63. Muona M, Ishimura R, Laari A, Ichimura Y, Linnankivi T, Keski-Filppula R, et al.
Biallelic variants in UBA5 link dysfunctional UFM1 ubiquitin-like modifier pathway to
severe infantile-onset encephalopathy. Am ] Hum Genet. (2016) 99:683-94. doi:
10.1016/j.2jhg.2016.06.020

64. Guo X, Zhai G, Liu ], Cao Y, Zhang X, Cui D, et al. Inter-individual heterogeneity
of functional brain networks in children with autism spectrum disorder. Mol Autism.
(2022) 13:52. doi: 10.1186/s13229-022-00535-0

65. Chan AJS, Engchuan W, Reuter MS, Wang Z, Thiruvahindrapuram B, Trost B, et al.
Genome-wide rare variant score associates with morphological subtypes of autism
spectrum disorder. Nat Commun. (2022) 13:6463. doi: 10.1038/s41467-022-34112-z

66. Trivedi P, Pandey M, Kumar Rai P, Singh P, Srivastava P. A meta-analysis of
differentially expressed and regulatory genes with their functional enrichment analysis
for brain transcriptome data in autism spectrum disorder. ] Biomol Struct Dyn. (2022)
14:1-7. doi: 10.1080/07391102.2022.2143900

67. Hou Y, Zhao ], Yang D, Xuan R, Xie R, Wang M, et al. LF-rTMS ameliorates social
dysfunction of FMR1(—/—) mice via modulating Akt/GSK-3p signaling. Biochem
Biophys Res Commun. (2021) 550:22-9. doi: 10.1016/j.bbrc.2021.02.086

frontiersin.org


https://doi.org/10.3389/fpsyt.2023.1136154
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org
https://doi.org/10.1093/nar/gku1179
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1093/bioinformatics/btt285
https://doi.org/10.1093/bioinformatics/btt285
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.1038/msb.2010.31
https://doi.org/10.1093/bioinformatics/btaa223
https://doi.org/10.1038/s41587-019-0114-2
https://doi.org/10.1186/1471-2105-14-7
https://doi.org/10.1038/nprot.2015.052
https://doi.org/10.1038/nprot.2015.052
https://doi.org/10.1093/nar/gkx1081
https://doi.org/10.1093/nar/gkab1079
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1016/j.cell.2017.10.049
https://doi.org/10.1038/s41467-019-13807-w
https://doi.org/10.1016/j.neubiorev.2020.09.017
https://doi.org/10.1038/s41598-022-15784-5
https://doi.org/10.1186/s13229-020-00369-8
https://doi.org/10.3389/fnins.2023.1093099
https://doi.org/10.1016/j.bbamcr.2018.08.003
https://doi.org/10.1016/j.neuroscience.2010.08.013
https://doi.org/10.1016/j.neuroscience.2010.08.013
https://doi.org/10.1038/s41423-022-00955-1
https://doi.org/10.7554/eLife.75072
https://doi.org/10.1007/s11010-008-9997-9
https://doi.org/10.3389/fgene.2022.1025813
https://doi.org/10.1016/j.ajhg.2016.06.020
https://doi.org/10.1186/s13229-022-00535-0
https://doi.org/10.1038/s41467-022-34112-z
https://doi.org/10.1080/07391102.2022.2143900
https://doi.org/10.1016/j.bbrc.2021.02.086

	Integrated analysis of endoplasmic reticulum stress regulators’ expression identifies distinct subtypes of autism spectrum disorder
	1. Introduction
	2. Methods
	2.1. Data collecting and pre-processing
	2.2. Collection of the reticulum stress-related genes
	2.3. Differential gene expression analysis
	2.4. Machine learning methods
	2.5. WGCNA
	2.6. Identification of the ER stress patterns
	2.7. Biological enrichment analysis for the different ER stress patterns
	2.8. Master regulator analyses
	2.9. Correlation analysis between ER stress patterns and immune characteristics
	2.10. miRNA-gene and TF-gene interaction network
	2.11. Identification of the candidate compounds for the ER stress patterns
	2.12. Statistical analysis

	3. Results
	3.1. The landscape of ERS regulators between control and ASD samples
	3.2. Construction of the ASD classifier and validation
	3.3. Identification of key modules associated with the ERS score
	3.4. Construction of the miRNA-gene and TF-gene interaction network
	3.5. ER stress regulators mediated ASD patterns
	3.6. Biological properties and MRA of different ER stress patterns
	3.7. Identification of the immune microenvironment characteristics of different ER stress patterns
	3.8. Identification of the potential compounds that target different ER stress patterns

	4. Discussion
	5. Conclusion
	Data availability statement
	Author contributions
	Conflict of interest
	Publisher’s note

	References

