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Abstract

Background: Autism spectrum disorder (ASD) is characterized as a neurodevelopmental disorder, and one of the
main hypotheses regarding its cause is genetic factors. A previous meta-analysis of seven microarray studies and
one RNA sequencing (RNA-seq) study using the blood of children with ASD identified dysregulation of gene
expressions relevant to the immune system. In this study, we explored changes in global gene expression as the
phenotype of ASD in the blood of adults with ASD.

Methods: We recruited an RNA-seq cohort (ASD vs. control; n = 6 each) and a replication cohort (ASD vs.
control; n = 19 each) and conducted RNA-seq to explore changes in global gene expression. We then
subjected the significantly up- and downregulated genes to gene ontology (GO) and core analyses. Weighted
gene correlation network analysis (WGCNA) was performed with all 11,617 genes detected in RNA-seq to
identify the ASD-specific gene network.

Results: In total, 117 significantly up- and 83 significantly downregulated genes were detected in the ASD
compared with the control group, respectively (p < 0.05 and q < 0.05). GO analysis revealed that the aberrant
innate and adaptive immunity were more obvious in the 117 upregulated than in the 83 downregulated
genes. WGCNA with core analysis revealed that one module including many immune-related genes was
associated with the natural killer cell signaling pathway. In the results for the replication cohort, significant
changes with same trend found in RNA-seq data were confirmed for MAFB (p = 0.046), RPSAP58 (p = 0.030),
and G2MK (p = 0.004).

Limitations: The sample size was relatively small in both the RNA-seq and replication cohorts. This study
examined the mRNA expression level, so the interaction between mRNA and protein remains unclear. The
expression changes between children and adults with ASD were not compared because only adults with ASD
were targeted.
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Conclusions: The dysregulated gene expressions confirmed in the blood of adults with ASD were relevant to
the dysfunction of innate and adaptive immunity. These findings may aid in understanding the pathogenesis
of ASD.

Keywords: Gene expression, RNA-sequencing, Autism spectrum disorder, WGCNA, Gene ontology, Innate
immunity, Adaptive immunity

Background
Autism spectrum disorder (ASD) is characterized as a
neurodevelopmental disorder that has three main traits:
stereotyped behaviors, deficits in communication, and
diminished social skills. As of 2012, the median preva-
lence of ASD was reported to be 0.62% [1], and a diag-
nosis of ASD is more frequent in males than in females
[2]. However, the current prevalence has risen for several
reasons, including increased recognition, awareness, and
changes in clinical practice or service availability [1]. Al-
though multiple factors, environmental toxins and
stressors, mitochondrial dysfunction, and impaired im-
mune responses are involved in the pathogenesis of ASD
[3], the mainstream hypothesis regarding its cause is the
individual’s genetic background, such as single-
nucleotide polymorphisms [4], rare genetic variants [5–
7], and copy number variation [8–10]. As a nongenetic
risk factor (in some cases, that interact with genetic fac-
tors), the most reliable and replicable association for
ASD is advanced paternal age [11, 12]. The de novo mu-
tations in sperm increase with paternal age [13–16], and
most of the de novo mutations found in individuals with
ASD come from the paternal origin [17, 18]. A growing
body of evidence using postmortem brain studies has
suggested the excessive production and increased density
of microglia cells, especially in the dorsolateral pre-
frontal cortex [19], fronto-insular and visual cortex [20],
cerebellum, midfrontal, and cingulate gyrus [21]. These
findings are concordant with those from positron emis-
sion tomography studies [22]. At the morphology level,
increased short-distance microglia–neuron interaction
has been reported [23]. A transcriptome study revealed
that these microglial changes were also found in gene
expression levels, possibly induced by inflammatory cy-
tokines [24]. Changes in inflammatory cytokines have
also been found in the blood, including elevated pro-
inflammatory cytokines such as TNF-α, interleukin (IL)-
6, and IL-8, along with a decrease in anti-inflammatory
cytokines such as TGF-β and IL-10 [25–27]. A meta-
analysis of seven microarray studies using blood samples
of children with ASD concluded that transcriptional cas-
cades are typically elicited within circulating immune
cells, contrary to the activated immune response in pro-
tein levels [28]. Recently, RNA sequencing (RNA-seq)
has become a powerful method for investigating global

gene expression as well as microarray data because it
quantifies a large and dynamic range of expression levels
with absolute rather than relative values. To our know-
ledge, only one transcriptome study has been conducted
using RNA-seq of blood; the results revealed that im-
mune dysregulation changes in gene expression levels
were found based on genome-wide gene expression data
using twin subjects with or without ASD [29]. Surpris-
ingly, the one RNA-seq study and all seven microarray
studies explored global gene expressions in the blood of
only children with ASD. Considering that adults with
ASD often experience more comorbidities as a result of
facing social problems [30], gene expression among
adults with ASD possibly differs from that among chil-
dren with ASD because gene expressions generally
change as a results of environmental factors such as
smoking [31], alcohol consumption [32], and disease
states. Given this background, the present study re-
cruited adults with ASD and age- and sex-matched con-
trols to investigate (1) global expression changes using
RNA-seq of the blood, (2) the type of biological process
to which differentially expressed genes (DEGs) belong
based on the bio-computational method of gene ontol-
ogy (GO) analysis, (3) ASD-specific gene networks using
weighted gene correlation network analysis (WGCNA)
with RNA-seq data, and (4) the expression profiles of se-
lected genes in replication set using RNA-seq.

Methods
Demographic and clinical data
We recruited an RNA-seq cohort (ASD vs. control; n =
6 each) and a replication cohort (ASD vs. control; n = 19
each) and conducted RNA-seq to explore changes in
global gene expression. The demographic and clinical
data of the RNA-seq and replication cohorts are shown
in Tables 1 and 2, respectively. A diagnosis of ASD was
made according to the Diagnostic and Statistical Manual
of Mental Disorders, Fifth Edition, by at least two expert
psychiatrists on the basis of extensive clinical interviews
and a review of medical records. The control subjects
without psychiatric signs or a past history of mental dis-
orders, and who were diagnosed as neurotypical normal
based on clinical interviews by at least two expert psy-
chiatrists, were recruited. The recruited individuals with
ASD and controls were of unrelated Japanese origin and
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provided written informed consent before the study
began in accordance with the ethics committee of Ehime
University Graduate School of Medicine (No. 31-K8).
The severity of ASD symptoms in the RNA-seq cohort
were assessed by using the Autism Diagnostic Observa-
tion Schedule, Second Edition [33] or Autism Diagnostic
Interview-Revised [34].

RNA isolation and synthesis of complementary DNA
Blood was collected into PaxGene Blood RNA Systems
tubes (BD, Tokyo, Japan), and RNA was isolated accord-
ing to the manufacturer’s protocol. RNA concentration
and quality were calculated by using the NanoDrop 1000
system (Thermo Fisher Scientific, Yokohama, Japan).
RNA samples indicating a 260/280 ratio between 1.8 and
2.0 were assumed to be pure, and 1.0 μg of RNA was
used to synthesize 40-μL reaction mixtures of comple-
mentary DNA (cDNA) using the High-Capacity cDNA
Reverse Transcription Kit (Applied Biosystems, Foster
City, CA, USA).

Quantitative PCR
Reverse transcription quantitative PCR (RT-qPCR) was
conducted to measure mRNA expression levels using the
StepOnePlus Real-Time PCR System (Applied Biosystems).

The Predesigned qPCR Assay used Hs.PT.58.15091972.g
for MAFB, Hs.PT.58.38545657 for MARCKS,
Hs.PT.56a.620140 for ALDH2, Hs.PT.58.39204572 for
ETV7, Hs.PT.58.40751942 for BATF2, Hs.PT.58.4129391
for GNLY, Hs.PT.58.27150028.g for SCARNA17,
Hs.PT.58.4951589 for CROCCP2, Hs.PT.58.915589 for
RPSAP58, Hs.PT.58.20366823 for GZMK, Hs.PT.
58.2433071 for TLR1, Hs.PT.58.1518186 for IL1B,
Hs.PT.58.3630286 for TNFAIP6, and Hs.PT.39a.22214836
for GAPDH. RT-qPCR was conducted by using the Prime-
Time Gene Expression Master Mix (Integrated DNA Tech-
nologies, Inc., Coralville, IA, USA) in a final volume of 10
μL. mRNA expression levels were measured in duplicate,
and the same sample was used in each plate to remove er-
rors between plates. The relative expression value was calcu-
lated by using Livak’s ΔΔCt method [35].

RNA-sequencing
The RNA integrity number was measured with an Agi-
lent 2100 Bioanalyzer (Agilent Technologies Inc., Santa
Clara, CA, USA) and an Agilent RNA 6000 Nano Kit
(Agilent Technologies Inc.), as shown in Table 1. Next,
200 ng total RNA from each sample was subjected to
RNA-seq library preparation. Initially, globin mRNA and
ribosomal RNA (rRNA) were removed using the NEB-
Next Globin & rRNA Depletion Kit (Human/Mouse/
Rat) (New England Biolabs, Ipswich, MA, USA) and
NEBNext Multiplex Oligos for Illumina (New England
Biolabs). An RNA-seq library of each sample was pre-
pared by using the Illumina TruSeq Stranded mRNA
Sample Prep Kit (Illumina, Indianapolis, IN, USA) ac-
cording to the manufacturer’s protocol. The quality of
the average size (340–380 bp) was validated by using an

Table 1 Demographic and clinical data in the RNA-seq cohort

Sample Age
(years)

Sex IQ ADOS-2 ADI-R RIN Comorbidities

Social
domain

Communication
domain

Repetitive
behavior
domain

Social
domain

Communication
domain

Repetitive, restricted
and stereotyped
interests and behaviors

ASD 1 39 M 86 8 5 1 7.4 MDD

ASD 2 24 M 95 9 8 1 9.0

ASD 3 22 M < 35 25 16 3 8.7 ID

ASD 4 40 M < 35 29 18 3 8.3 ID

ASD 5 39 F 37 28 14 6 8.5 ID

ASD 6 26 M < 37 28 12 10 7.5 ID

Ct 1 39 M 9.1

Ct 2 24 M 7.7

Ct 3 22 M 7.8

Ct 4 40 M 6.4

Ct 5 39 F 6.6

Ct 6 26 M 8.0

ADI-R Autism Diagnostic Interview Revised, ADOS-2 Autism Diagnostic Observation Schedule Second Edition, ASD autism spectrum disorder, Ct control, F female,
ID intellectual disability, IQ intelligence quotient, M male, MDD major depressive disorder, RIN RNA integrity number

Table 2 Demographic and clinical data in the replication cohort

ASD Ct p value

Number of samples 19 19

Age (average ± S.D.) 31.5 ± 8.1 30.5 ± 8.1 0.76

Male:Female 12:7 12:7 1.0

ASD Autism Spectrum Disorder, Ct control
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Agilent 2100 Bioanalyzer and the Agilent DNA1000 kit
(Agilent Technologies Inc.). The amount was deter-
mined using the qPCR method with the Kapa Library
Quantification Kit (Illumina). The sequencing was done
using the MiSeq Reagent kit V3 on a MiSeq system (Illu-
mina) based on pair-end reads (75 bp) according to the
manufacturer’s instructions. Sequencing was performed
by running 150 cycles.

Bioinformatic analysis of RNA sequencing data
Raw data files in FASTQ format were generated from
the MiSeq system (Illumina). The reads were aligned to
the reference genome (hg38) with TopHat software [36].
The expression levels (metric fragments per kilobase of
transcript per million mapped reads [FPKM value]) of
the known genes were estimated using Cufflinks [37].
The number of identified genes per group was calculated
based on the average FPKM values ≥ 1.0 in each group.
Genes including an FPKM value of 0 in either the ASD
or control group were excluded. A total of 11,617 genes
were analyzed according to the criteria. DEG analysis
was performed using the edgeR package [38]. Statistical
significance for the DEGs was set at p < 0.05 and q <
0.05. A volcano plot of DEGs was created using DEseq2
[39]. A heatmap based on significantly changed DEGs
was generated by using heatmap.2.

Weighted correlation network analysis
Weighted gene correlation networks based on the RNA-
seq data were generated using the “WGCNA” R package
[40]. Weighted gene correlation network analysis
(WGCNA) was performed to identify gene modules and
summarize clusters by the module eigengene or an intra-
modular hub gene in consideration of external traits ac-
cording to the WGCNA tutorial (https://horvath.
genet ics .uc la .edu/html/Coexpress ionNetwork/
Rpackages/WGCNA/). A “signed network adjacency”
was applied to construct a network from the RNA-seq
data (12 subjects: n = 6 each in the ASD and control
groups) by setting a soft thresholding power of “6,”
which was determined according to the result of scale-
free topology and mean connectivity (Figure S1). The
adjacency matrix was converted into a “topological over-
lap matrix (TOM)” to minimize the effects of noise and
spurious associations. The “dynamicTreeCut” R package
was used to detect groups of highly correlated genes.
The corresponding dissimilarity was calculated as “1 –
TOM.” Then, the modules were merged by setting a cut
height value of 0.25′, a deep split of 2′, and a minimum
module size of 30′ (Figure S2). For the created modules,
the module eigengene was calculated by using the “Mod-
uleEigengenes” function. Correlation analysis between a
module and each parameter (trait [ASD or control sub-
jects], age, and sex) was performed using the

“corPvalueStudent” function, with statistical significance
set at p < 0.05. The genes of the interested module were
then subjected to functional annotation and core
analysis.

Functional annotation
The gene ontology (GO) of biological process (BP), mo-
lecular function (MF), and cellular component (CC) were
conducted by using the ClueGO plugin [41] in the Cytos-
cape program (ver. 3.8.0). Statistical significance was set at
p < 0.05 and corrected by suing the Benjamini–Hochberg
method. Graphical networks of significant GO terms were
created by using GO term fusion based on the following
criteria: visual style = Groups; GO Term/Pathway Net-
work Connectivity = Medium (kappa score = 0.50).

Core analysis (canonical pathway, diseases, and functions)
Ingenuity Pathway Analysis software (Qiagen, Valencia,
CA, USA) was used to consider a module for the func-
tional enrichment of target genes and decipher their role
in canonical and disease pathways by using Fisher’s exact
test, with the p value threshold set at < 0.05.

Statistical analysis
SPSS 22.0 software (IBM Japan, Tokyo, Japan) was used
for the statistical analysis. The assessment of a normal
distribution was considered by using the Shapiro–Wilk
test. Average differences in age and mRNA levels were
assessed by using Student’s t test or the Mann–Whitney
U test. Differences in sex were analyzed with Fisher’s
exact test. Correlations between gene expressions and
covariates were conducted by suing the Pearson correl-
ation coefficient or Spearman’s rank correlation coeffi-
cient. The average differences of mRNA expression in
qPCR by sex were tested by using Student’s t test or the
Mann–Whitney U test. Statistical significance was de-
fined at the 95% level (p = 0.05).

Results
Demographic data
No significant differences were found in the demo-
graphic data between the ASD and control subjects in
the RNA-seq cohort (age: p = 1.0, sex: p = 1.0) or the
replication cohort (age: p = 0.76, sex: p = 1.0).

RNA-seq
A total of 11,617 genes were used for subsequent ana-
lysis under stringent criteria, as mentioned in the
“Methods” section; these genes are depicted in the vol-
cano plot in Fig. 1a. Of these genes, 117 significantly up-
regulated and 83 significantly downregulated genes were
detected in the ASD compared with the control group
(p < 0.05 and q < 0.05). A heatmap of significantly chan-
ged DEGs is shown in Fig. 1b. The high fold-change

Horiuchi et al. Journal of Neuroinflammation          (2021) 18:102 Page 4 of 12

https://horvath.genetics.ucla.edu/html/CoexpressionNetwork/Rpackages/WGCNA/
https://horvath.genetics.ucla.edu/html/CoexpressionNetwork/Rpackages/WGCNA/
https://horvath.genetics.ucla.edu/html/CoexpressionNetwork/Rpackages/WGCNA/


genes are shown in Table 3, and all significantly changed
genes are shown in Table S1.

Functional annotation and core analysis in the RNA-seq
data
All 117 upregulated genes were subjected to analysis be-
cause the fold change of 117 genes was more than 1.5.
As a result, 90 BP terms reached significant levels (Table
S2). Of those BP terms, immune-related BP terms were
abundant and had functionally interacted with each
other (Fig. 2a). In terms of CC and MF terms, 18 CC
and four MF terms reached statistical significance. The
terms of ficolin-1-rich granule lumen (p = 0.00045) and
ether hydrolase activity (p = 0.00012) were most signifi-
cant in CC and MF, respectively. For the same reason,
all 83 downregulated genes were used to conduct func-
tional annotation. Eight BP terms, including immune re-
sponse, and six CC terms were found to be significant
terms, but no significant result was found in MF (Table
S3). When considering canonical pathways, several in-
flammatory pathways and immune responses were rele-
vant to both up- and downregulated genes. Those
immune-related pathways and responses were more
abundant in upregulated than in downregulated genes
(Fig. 2b). This trend was similar to the results of diseases

and functions. In addition, neurological disease, nervous
system development and function, and development dis-
order overlapped between up- and downregulated genes,
but psychological disorders were found only in upregu-
lated genes (Fig. 2c).

WGCNA
WGCNA analysis identified 43 co-expression gene net-
work modules (Figure S3), among which, MEdarkgrey (r
= 0.69, p = 0.01, n = 740), MEthistle1 (r = − 0.62, p =
0.03, n = 75), MEbrown2 (r = − 0.62, p = 0.03, n = 44),
MElightpink4 (r = − 0.65, p = 0.02, n = 77), MElavender-
blush3 (r = − 0.66, p = 0.02, n = 74), MEbrown4 (r = −
0.78, p = 0.003, n = 479), and MEsalmon (r = 0.71, p =
0.01, n = 188) were associated with traits (ASD or con-
trol subjects), as shown in Fig. 3a. Subsequently, we fo-
cused on the MEbrown4 module, which was the most
significant (479 genes, as shown in Table S4).

Functional annotation and core analysis in the MEbrown4
module
All 479 genes were subjected to analysis. As a result, 78
BP terms reached significant levels (Table S5). Numer-
ous immune-related BP terms functionally interacted
with each other (Fig. 3b). Moreover, 11 MF terms

Fig. 1 RNA sequencing data in a volcano plot and heatmap. a FPKM values of 11,617 detected genes were plotted in a volcano plot. The y-axis
corresponds to the significance level represented with log10P value, and the x-axis displays the log2 (FC) value. The red dots represent the
significantly (p < 0.05 and q < 0.05) upregulated genes in the ASD group; the blue dots represent the significantly (p < 0.05 and q < 0.05)
downregulated genes in the ASD group. The dotted horizontal line means p = 0.05 [–log10 (1.30)]. b High expression genes are shown in red on
the map; low expression genes are shown in green. The 117 up- and 83 downregulated DEGs were used to create the heatmap. ASD autism
spectrum disorder, Ct control, DEGs differentially expressed genes, FC fold change
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reached significant levels, with core promoter sequence-
specific DNA binding being the most significant (p =
0.022). No significant CC terms were found. Core ana-
lysis (canonical pathways, diseases, and functions) also
revealed a relationship between the MEbrown4 module
and immune-related terms (Fig. 3c).

qPCR validation for RNA-seq data and replication set
The same samples used in RNA-seq (ASD vs. control
subjects = 6 vs. 6) were tested in a validation qPCR ex-
periment. We picked up three most significant (p =
5.00E-05) and two highest fold change genes about up
and downregulated genes, respectively. Additionally,
three genes associated with the immune system
(TLR1, IL1B, and TNFAIP6) which were significantly
upregulated in RNA-seq result were measured. The
trends in expression and fold changes of the qPCR re-
sults were similar to the RNA-seq data for all 13 genes
(Fig. 4a). Significant changes were found for MAFB (p
= 0.002), MARCKS3 (p = 0.049), GNLY (p = 0.014),
SCARNA1 (p = 0.005), CROCCP2 (p < 0.001), G2MK
(p = 0.013), and TLR1 (p = 0.041). There were no sig-
nificant changes in ALDH2 (p = 0.065), ETV7 (p =
1.0), BATF2 (p = 0.59), RPSAP58 (p = 0.086), IL1B (p
= 0.13), or TNFAIP6 (p = 1.0).

In terms of the replication set, significant changes with
the same trends found in the RNA-seq data were con-
firmed for MAFB (p = 0.046), RPSAP58 (p = 0.030), and
G2MK (p = 0.004), as shown in Fig. 4b. Similar change
trends were found for SCARNA1 (p = 0.080), whereas
the opposite was found for IL1B (p = 0.066). No signifi-
cant changes were observed for MARCKS3 (p = 0.77),
ALDH2 (p = 0.20), ETV7 (p = 0.13), BATF2 (p = 0.73),
GNLY (p = 0.18), CROCCP2 (p = 0.75), TLR1 (p = 0.56),
or TNFAIP6 (p = 0.32).
Next, the mRNA expression levels measured by using

qPCR in the replication cohort were evaluated in terms
of their association with covariates such as age and sex.
No changes were associated with covariates except for
ALDH2 (age in ASD, p = 0.019, r = 0.534), RPSAP58
(sex in ASD, p = 0.031: male vs. female = 1.14 ± 0.44 vs.
1.63 ± 0.43), and TNFAIP6 (sex in ASD, p = 0.008: male
vs female = 1.14 ± 0.56 vs. 2.11 ± 0.0.55), as shown in
Table S6.

Discussion
To our knowledge, this is the first study to conduct
RNA-seq using the blood of adults with ASD and unre-
lated control subjects. Both up- and downregulated
DEGs were associated with the immune system based on

Table 3 High fold-change genes among the significantly up- and downregulated genes

Gene symbol Locus ASD FPKM average value Ct FPKM average value Fold change p value q value

Upregulated genes top 10-fold change

ETV7 chr6:36354220-36387800 12.8652 2.18622 5.884678 5.00E-05 0.004845

BATF2 chr11:64987944-64997045 13.3396 2.61341 5.104289 5.00E-05 0.004845

SERPING1 chr11:57597553-57614853 24.502 5.10407 4.800483 5.00E-05 0.004845

CD274 chr9:5450502-5470567 10.0294 2.53744 3.952566 5.00E-05 0.004845

FCGR1A chr1:149782688-149812373 16.4805 4.31197 3.822035 0.0005 0.024958

WARS chr14:100333787-100376343 125.775 38.7785 3.243421 5.00E-05 0.004845

CASP5 chr11:104994239-105023168 18.9458 6.30641 3.004213 5.00E-05 0.004845

PI3 chr20:45174898-45176544 189.799 64.3728 2.948435 5.00E-05 0.004845

FCGR1B chr1:121087344-121097161 29.3301 10.5953 2.768218 5.00E-05 0.004845

TMEM176B chr7:150791287-150805120 54.7088 20.312 2.693423 5.00E-05 0.004845

Downregulated genes top 10-fold change

RPSAP58 chr19:23763013-23828117 3.19528 10.7714 0.296645 0.00025 0.014708

GZMK chr5:55024278-55034132 6.6229 20.9275 0.316469 5.00E-05 0.004845

KLRB1 chr12:9595273-9607901 7.52223 22.75 0.330647 0.00025 0.014708

GZMA chr5:55102645-55110252 9.13986 23.5862 0.387509 0.00015 0.010189

DUSP2 chr2:96143168-96145440 6.79868 16.8911 0.402501 5.00E-05 0.004845

GNLY chr2:85694290-85698851 143.126 348.618 0.410553 5.00E-05 0.004845

A2M-AS1 chr12:9065176-9115962 7.10154 16.7187 0.424766 0.00015 0.010189

TOMM7 chr7:22812632-22822852 17.1637 39.7824 0.43144 5.00E-05 0.004845

LINC00612 chr12:9055588-9065070 5.26144 12.134 0.433611 5.00E-05 0.004845

SNORD3A chr17:19188015-19188232 261.405 592.336 0.441312 5.00E-05 0.004845
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the results of bio-computational analyses. Additionally,
WGCNA revealed that one module (gene network) was
significantly correlated with ASD pathogenesis through
numerous immune-related genes.
Most of the selected genes were successfully validated

in the qPCR experiment within the same samples used
in RNA-seq. However, only a few had significant and
identical direction changes in the replication set; the
other genes showed no significant changes, although the
directions were almost the same. In addition to ASD
pathogenesis, individual backgrounds (e.g., lifetime
event. parenting, comorbidities) could affect gene ex-
pression changes [42]. In this regard, many samples are
needed to verify this point.
In addition, a larger number of immune-related BP

terms was confirmed when subjecting the 117 upregu-
lated DEGs to GO analysis compared with the 83 down-
regulated DEGs, and these genes also showed higher

interaction with each other. Especially, many BP terms
were related to innate immunity (e.g., myeloid leukocyte
mediated immunity, neutrophil degranulation, mast cell
degranulation), which is one of the two main types of
immunity in vertebrates (the other is the adaptive im-
mune system). Children with ASD have specific reac-
tions toward benign factors such as common illnesses
and environmental challenges [43]. These children often
suffer from inflammation of the gastrointestinal mucosa
and nodular hyperplasia, and in turn, present with innate
immune abnormalities [14, 44]. Numerous studies have
reported immune dysregulation, which is reported as in-
creased levels of pro-inflammatory cytokines secreted by
peripheral blood mononuclear cells [25, 45, 46]. Indeed,
the dysregulation of cytokine production was revealed in
upregulated DEGs from both BP terms and the canon-
ical pathway. On the other hand, the canonical pathway
revealed that the upregulated DEGs were involved in the

Fig. 2 Immune-related BP results and core analysis based on RNA-sequencing data. a The network was constructed by immune-related BP terms
based on 117 upregulated genes (p < 0.05 and q < 0.05), which were revealed by using ClueGo in the Cytoscape program. Canonical pathways,
disease, and function were analyzed using 117 up- and 83 downregulated genes (p < 0.05 and q < 0.05). Significant results for the canonical
pathway (b) and disease and function (c) are shown in red (up) and blue (down) circles. Spot/circle size is the function of –log(base=10) of
Fisher’s exact test enrichment p value. BP biological process
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adaptive immune system (e.g., Th1 pathway, Th2 path-
way, Th1 and Th2 activation pathway), in addition to BP
terms such as CD4-positive, alpha-beta T cell activation,
positive regulation of T-helper 1 type immune response,
and T cell differentiation involved in the immune re-
sponse. Replicative findings have shown atypical adaptive
T cell responses in ASD subjects [47]. One possible rea-
son for this is that the dysregulation of Th1 and Th2 im-
mune responses induces the elevated pro-inflammatory
cytokine TNF-α in ASD subjects. Interestingly, Ashwood
et al. reported that increased TNF-α was associated with
stereotypical behaviors in ASD subjects [47]. In fact, the
gene expression changes found in the replication cohort
were affected by age and sex among ASD subjects. This
suggests that the expression change of immune-related
genes could be affected by ASD symptoms, age, and sex
as well as ASD pathogenesis. Compared with elevated
pro-inflammatory cytokines such as TNF-α (Th1), IL-6
(Th2), GMCSF, and IL-8 (multiple immune cells), anti-

inflammatory cytokines (e.g., TGF-β, IL-10) are com-
monly decreased in the blood [25–27, 48]. Collectively,
our results suggest that both innate and adaptive im-
munity are dysregulated in adults with ASD and possibly
induce increased pro-inflammatory and decreased anti-
inflammatory cytokines.
Moreover, WGCNA identified one module (MEb-

rown4, 479 genes) that is inversely correlated with ASD.
These genes are functionally highly interacted with each
other and relevant to the immune system, as verified by
BP terms and core analyses. This result suggests that
dysregulated immune-related genes are possibly affected
by ASD pathogenesis together, not individually, which is
revealed by WGCNA. Central nervous system (CNS) ac-
tivity may generally impact immunological functions via
neurotransmitters and glucocorticoids. Conversely, pro-
inflammatory cytokines, monocytes, macrophages, and T
or B lymphocytes from the peripheral immune system
act on the CNS through microglial cell activation [49,

Fig. 3 The results of WGCNA, gene ontology, and core analysis based on the enriched immune-related genes (MEbrown4) module. a The figure
represents only the significant module eigengene correlated with phenotypic traits (ASD or control). Each row represents the module eigengene
or ME (the correlation matrix of the module and sample, labeled by color). b The network was constructed by immune-related BP terms based
on 479 genes involved in MEbrown4, which were revealed by using ClueGo in the Cytoscape program. c Significant results for the canonical
pathway and disease and function are based on 479 genes involved in MEbrown4. ASD autism spectrum disorder
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50]. Interestingly, the most significant canonical pathway
was the “natural killer (NK) cell signaling” pathway,
which is responsible for innate immunity. The associ-
ation between ASD and NK cells has been frequently
discussed [51]. A recent study suggested that immune
dysregulation was implicated in the higher expression of
NK cytotoxicity genes in the blood of children with ASD
[52]. Of the seven genes that were highly annotated for
NK activity, four (SPON2, IL2RB, PRF1, and CX3CR1)
were found in this module. The authors also investigated
CD56+ NK cells under both stimulated and unstimulated
situations and found higher resting but reduced cytolytic
activity compared with the control subjects. A more re-
cent study involving 104 children with ASD indicated
significantly lower levels of CD57+ NK cells in children
with ASD despite having a normal level of CD56+ NK
cells [53]. In essence, the specific gene network revealed

by WGCNA is implicated in the lower activity of NK
cells, even in adults with ASD.

Limitations
This study had several limitations. First, four of six ASD
subjects in the RNA-seq cohort have intellectual disabil-
ity, and could not take Autism Diagnostic Observation
Schedule. We did not investigate how the effect of ASD
severity impacts global gene expressions. Second, the
sample size was relatively small in both the RNA-seq co-
hort (ASD vs. control; n = 6 each) and the replication
cohort (ASD vs. control; n = 19 each). In this regard, a
type I error may be present; however, most of the signifi-
cant genes found in RNA-seq were successfully validated
in the qPCR experiment. Third, most preceding studies
have verified the dysregulation of the immune system
from the perspective of protein levels. The present study

Fig. 4 Validation qPCR in the RNA-seq and replication cohorts. a The y-axis represents the ratio of the relative expression value (ASD/Ct) in qPCR
and RNA-seq, and the x-axis represents the gene names selected by the results of RNA-seq. This experiment was done in the RNA-seq cohort. b
The y-axis represents the ratio of relative expression values of ASD and control subjects, and the x-axis represents the gene names selected by
the results of RNA-seq. This experiment was done in the replication cohort. *p < 0.05; †p < 0.01. ASD autism spectrum disorder, Ct control
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explored the mRNA expression level, so the interaction
between mRNA and protein remains unclear. Lastly, we
targeted only adults with ASD. Basically, the three main
traits of ASD are found at birth and last a lifetime [54].
From this viewpoint, the pathogenesis of ASD lasts from
birth to adulthood, but several factors, such as comor-
bidities, lifestyle, and drugs, could affect gene expression.
In the future, expression changes in both mRNA and
protein levels need to be investigated in larger cohorts of
children and adults with ASD.

Conclusion
The dysregulated gene expressions confirmed in the
blood of adults with ASD were relevant to the dysfunc-
tion of innate and adaptive immunity, and those possibly
induce the increased pro-inflammatory and decreased
anti-inflammatory cytokines. These findings may aid in
understanding the pathogenesis of ASD.
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