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Abstract
Autism spectrum disorder (ASD) is a serious disorder that begins early in life and continues throughout
life. Children diagnosed early with ASD are more responsive to therapeutic interventions and have less
impairment of social and language functions whereas current diagnostic measures are mostly applied to
children older than one year and lack the appropriate biological markers for early diagnosis of ASD. In
this study, we used datasets GSE6575 from GEO to comprehensively analyze the mRNA expression
pro�le of ASD, including 35 ASD samples and 12 normal control samples. Firstly, we looked for 50
different genes, and then we did a enrichment analysis of those genes. The results of enrichment
analysis showed that these differential genes were mainly concentrated in the response to viruses,
immune regulation of in�ammation and energy metabolism Secondly, String database was used to
construct Protein–protein interaction (PPI) network of differential genes. Finally, cytoscape plug-ins
Cytohubba was further used to search for Hub genes and the diagnostic value of these Hub genes was
veri�ed by subject operating characteristic curves. among which two genes IL2RB and PRF1 had good
sensitivity and speci�city for the early diagnosis of autism. the areas under ROC curve were 0.855,0.830
for IL2RB, PRF1.Data analysis using GEO database can provide some new insights into the etiology of
ASD and provide some possible biomarkers and therapeutic targets for early diagnosis and treatment of
ASD.

1. Introduction
Autism is a complex neurodevelopmental condition and an extremely heritable disorder, whose different
forms are described in DSM-V as autism spectrum disorder (ASD) (Madore et al. 2016).The diagnosed
incidence of ASD is estimated to be 1 in 68 individuals in the United States(Kosmicki et al. 2017). ASD is
characterized by de�cits in social communication alongside unusually narrow interests and repetitive
behaviors(Tilot et al. 2016) and a heterogeneous disease with many factors leading to its occurrence.
Genetic studies have demonstrated that hundreds of ASD-risk genes (Mercati et al. 2017) and copy
number variations, polymorphisms and de novo mutations might be also involved in the ASD
pathogenesis(Balestrieri et al. 2019). Changes in the number of microglia, dysregulated mTOR signalling
and autophagy pathways(Kim et al. 2017; Huang et al. 2016) are involved in the pathogenesis of ASD.
Maternal in�ammation during prenatal development, environmental, immune and infectious factors are
also hypothesized to be associated with the pathogenesis and severity of ASD(Theoharides et al. 2016;
Irwin et al. 2019). The hypothesis for ASD pathogenesis mainly focuses on genetics and environment.
However, to date, the precise pathogenesis of ASD remains unde�ned.(Wang et al. 2020; Chang et al.
2018)

Diagnostic assessment for ASD has evolved dramatically over the last two decades, particularly due to
the creation of standardized diagnostic instruments such as the autism diagnostic observation schedule
(ADOS) and the autism diagnostic interview-revised (ADI-R) (Cirnigliaro et al. 2017). ADOS is a diagnostic
and assessment tool for ASD, the protocol consists of a series of structured and semi-structured tasks
involving social interactions between the examiner and the person being evaluated. The examiner
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observes and identi�es various parts of the subject's behavior, assigns these parts to predetermined
observation categories and classi�ed observations were then combined to produce quantitative scores
for analysis(Lord et al. 1989). ADI-R is a standardized test rather than an Autism scale, which was
Revised by Lord C and M. Rutter et al in 1994 on the basis of ADI. The ADI-R consists of 93 items
belonging to three major autism symptom categories: language blindness and communication, social
interaction, and stereotyped behavior(Lord et al. 1994). However, these scales should only be used in
infants and toddlers older than 30 months, none of these tests can be used to diagnose autism early. It
should be noted that the �rst three years of life are critical for autism recovery, children diagnosed early
with ASD have less impairment of social and language functions. when behavioral interventions can be
more bene�cial.(Smith et al. 2019) Although studies have shown that early diagnosis leads to early
intervention and better outcomes, there is a signi�cant time lag between the onset and diagnosis of
autism symptoms(Roberts et al. 2012). A biomarker is a measurable indicator of some biological
condition or state. Identi�cation of biomarkers would be a key step for ASD. However, there is a lack of
effective biological indicators to diagnose ASD, especially lack of effective early diagnostic biomarker.

Hence, the aim of this study was to identify biological functions and potential diagnostic biomarkers and
related to ASD from the Gene Expression Omnibus (GEO)(Edgar et al. 2002). Further, the biological
processes involved were analyzed using gene ontology (GO) enrichment, Kyoto Encyclopedia of Genes
and Genomes (KEGG) enrichment(Huang et al. 2009) and gene set enrichment analysis (GSEA)
(Subramanian et al. 2005)pathways for the differential genes. In addition, the hub genes screened via
protein–protein interaction (PPI) network were selected for their functional similarity and their diagnostic
value was assessed. Our study may provide some insights into the molecular mechanisms underlying
ASD based on its pathophysiology.

2. Material And Methods

2.1Acquisition of RNA information and data process
The GEO database includes high-throughput gene expression data submitted by research institutions
around the world. It was founded in 2000 primarily to express chip data but has since expanded to
include many other high-throughput data with the popularity of databases, such as: Chromatin structure,
genome-protein interaction(Edgar et al. 2002). The gene expression dataset (GSE6575) (Gregg et al.
2008)was downloaded from the GEO database. (GPL570[HG-U133_Plus_2]) Affymetrix Human Genome
U133 Plus 2.0 Array), by use GEO query package(Davis and Meltzer 2007), then we used limma package
for difference analysis(Wettenhall and Smyth 2004), the P-value of genes was calculated using t test
method, and Benjamini and Hochberg's method was used to calculate the adjusted P-value. The
differentially expressed genes were screened out by the following selection criteria: |logFC| (an absolute
log2 value in the fold change of the expression of the genes) >0.6 and P-value < 0.05(Wang et al. 2019;
Dalman et al. 2012). GGploT2 package(Walter et al. 2015) for visualization analysis, and Complex
Heatmap package for thermal map visualization analysis(Gu et al. 2016). The species selected was
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Homo sapiens, and the data type was microarray expression pro�les. The whole blood samples included
35 ASD samples and 12 control healthy samples (CON).

2.2Enrichment analysis
GSEA is based on the idea of using a prede�ned Set of genes, often derived from functional annotations
or the results of previous experiments, to sequence genes according to the degree of differential
expression in two types of samples. Then check to see if the set of genes is enriched at the top or bottom
of the sequencing list. Gene collection enrichment analysis detects changes in expression of collections
of genes rather than individual genes, and therefore can include these subtle changes in expression and
expect better results(Subramanian et al. 2005). All genetic information of ASD and CON samples were
uploaded to GSEA for further analysis. We also used R package Cluster pro�ler for enrichment analysis of
GO and KEGG combined logFC R package GOplot and ggplot2 for visual analysis, meanwhile used
cytoscape plus-in cluego and metascape for further validation and visualization(Yu et al. 2012; Walter et
al. 2015).

2.3Gene cluster identi�cation and protein-protein
interaction (PPI) network analysis
The differential genes in ASD samples were uploaded to STRING database(Szklarczyk et al. 2017) to
obtain the protein network interaction diagram. The result of STRING database analysis was imported
into Cytoscape v.3.9.0, CytoHubba, a Cytoscape plugin(Chin et al. 2014), was used to identify the 10 top
hub genes of the merged network.

2.4Setting the cut-off score based on receiver operating
characteristic curve analysis
Receiver operating characteristic (ROC curve) re�ects the sensitivity and speci�city of comprehensive
index by composition method is to reveal the relationship between sensitivity and speci�city of it by using
a continuous variable set out a number of different threshold calculated a series of sensitivity and
speci�city and sensitivity as the ordinate 1 - speci�city of abscissa are drawn .The larger the area under
the curve, the higher the diagnostic accuracy (Akobeng 2007).The maximum value of the sum of
speci�city and sensitivity was used as the cut-off score for each hub gene. The “pROC” and “ggplot2”
packages of the R software were applied for ROC curve analysis and visualization(Robin et al. 2011).

3. Results
3.1 Gene expression levels of samples were processed and differential genes were screened

According to the sample information and data matrix, 50 differential genes were screened from the ASD
samples, including 38 up-regulated genes and 12 down-regulated genes. The screening criteria for
differentially expressed genes were as follows: P-value < 0.05 and |logFC|  > 0.6. Based on the analysis of
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gene expression of the samples, the volcano plot was made as shown in Figure1. the expression of genes
with high and low expression of 20 top genes respectively was made used heatmap as shown in Figure 2.

3.2The differentially expressed genes in the ASD samples were mainly enriched in immune response and
energy metabolism.

GSEA, cytoscape and metascape software were used for enrichment analysis of the samples’ genes.
Firstly, all gene expression information in ASD and CON samples was uploaded to GSEA software, and
the hallmark gene set database was used to analyze genes at the overall level of expression pro�le. The
signi�cantly enriched gene sets were set at a default cut-off as P-value < 0.05 and FDR < 0.25. The
enrichment analysis of gene sets revealed that the gene sets were signi�cantly enriched in immune-
related functions and energy metabolism were signi�cantly enriched in ASD samples as shown in Figure
3.

Enrichment analysis of GO and KEGG combined logFC was conducted on 50 differentially expressed
genes in the ASD samples by using R package Clusterpro�ler. GO and KEGG combined logFC enrichment
analysis showed that the differentially expressed genes in ASD samples were mainly related to immune
response in the biological process as shown in Figure 4. Use Cytoscape ClueGo plug-in to visualize the
interaction network of biological process, as shown in Figure 5.

A total of 50 differentially expressed genes were then uploaded to metascape, further enrichment
analysis. Through metascape analysis of the pathway enrichment of differentially expressed genes in
ASD samples, it indicated that the differentially expressed genes are mainly enriched in the leukocyte
mediated immunity and response to virus shown in Figure 6a and Figure 6b.

3.3Construction of protein-protein interaction (PPI) network and further excavation of gene clusters
involved in immune system–related biological pathway

In order to screen out the core genes from the differentially expressed genes in the ASD samples, 50
differentially expressed genes were uploaded to the STRING for further analysis, and 48 nodes plus 85
edges were obtained. Local clustering coe�cient is 0.474 and PPI enrichment P-value < 1 × 10−16, and
shown in Figure 7. the data �le was then processed with Cytoscape as shown in Figure 8. Cytohubba was
used to process the network data to identify top ten hub genes KLRF1, TBX21, CST7, NKG7, GZMH,
IL2RB, RUNX3, PRF1, GZMB and GNLY show in Figure 9.

3.4Using hub genes for ASD diagnosis 

Top ten hub genes were obtained by using Cytoscape's Cytohubba plug-ins.The accuracy of diagnosis
was evaluated by ROC curve, and the areas under ROC curve were   0.745,0.767for KLRF1 , TBX21 as
shown in Fig. 10a. The areas under the ROC curves were 0.802,0.800 for RUNX3, GZMB as shown in
Fig.10b.The areas under the ROC curves were 0.736,0.769 for CST7, NKG7 as shown in Fig.10c.The areas
under the ROC curves were 0.855,0.733 for IL2RB, GZMH as shown in Fig.10d. The areas under the ROC
curves were 0.830,0.782 for PRF1, GNLY as shown in Fig.10e. 
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4. Discussion
Worldwide, ASD is a neurodevelopmental disease that appears early in life and lasts for a lifetime. In
recent decades, the incidence of ASD has gradually increased(Duffy and Als 2012). Most patients are
discovered and diagnosed with ASD when they are 2-3 years old(Chen et al. 2018). The current scale of
ASD is mainly used for children around 2 years old, which lacks the method of early diagnosis. More and
more researches are underway to develop a noninvasive and quantitative clinical trial, However, there are
no speci�c and sensitive biomarkers available for the diagnosis and treatment of ASD. Therefore, to
identify effective diagnostic biomarkers for ASD, we analyzed mRNA expression pro�le data from 35 ASD
patients and 12 healthy controls. A total of 50 differential genes were identi�ed in ASD. GSEA, GO, and
KEGG enrichment analyses revealed that these enriched modules and pathways were closely related to
the immune responses observed in ASD. In addition, several Hub genes found in PPI network have high
functional similarity and diagnostic value of ASD.

In the �rst part of this study, we used the GSE6575 dataset, which included 35 ASD patients and 12
healthy controls, to screen a total of 50 differential genes. In order to study the functional pathways
involved in these differential genes, we performed GSAE, GO and KEGG enrichment analyses. In the
enrichment analysis of GO and KEGG functions, it was found that these different genes were mainly
concentrated in the immunomodulatory response, mainly the defense response to the virus. Prenatal viral
infection is considered a possible cause of autism. Some studies have shown that viral infection during
the critical period of fetal neurodevelopment can lead to an increased risk of autism in
offspring(Theoharides et al. 2016). Valayi S. et al found that antibodies to EBV increased signi�cantly in
children with autism through serum samples from 45 children with autism and 45 healthy controls.
Possible mechanisms by which viral infections lead to autism include direct teratogenic effects and
indirect effects of in�ammation or maternal immune activation on the developing brain(Valayi et al.
2017). Xiaohong Li. et al found that proin�ammatory cytokines (TNFα, IL-6 and GM-CSF), Th1 cytokine
(IFN-γ) and chemokine (IL-8) were signi�cantly increased in the brains of ASD patients compared with the
controls(Li et al. 2009). Studying the role of viral infection in the development of ASD may be a way to
improve the prognosis of ASD in the future.

In the second part of this study, we conducted a GSEA study to investigate the biological functions of
differential genes associated with ASD. The results of GSEA enrichment analysis mainly focused on
leukocyte mediated immune regulation pathway, substance metabolism pathway and MTORC1 signaling
pathway. Translation is one of the most energy-intensive cellular processes, and the mTORC1 pathway
further regulates the rate of translation by continuously sensing and integrating various environmental
stressors such as uv exposure and hypoxia, which are implicated in the development of autism
(Hooshmandi et al. 2020; Sonenberg and Hinnebusch 2009; Roux and Topisirovic 2018). Therefore,
changes in energy metabolism may also play a key role in the etiology of ASD.      

In the third part of this study, a PPI network was constructed by using Cytoscape software's Cytohubba
plug-in. A total of top ten genes were found from the networks, and these genes had multiple interactions
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in the network. Further study of these genes may shed light on the pathophysiological mechanisms of
ASD. Among the ten differentially expressed genes, we selected six genes with the most signi�cant
expression differences, namely RSAD2, IFI27, IFIT2, KLRF1, GNLY and GZMB, among which the �rst three
genes were up-regulated and the last three genes were down-regulated. These six genes are all related to
immune regulation and in�ammatory response, which further indicates that there is an imbalance of
immune in�ammatory regulation network in children with autism. Immunomodulatory and in�ammatory
responses play key roles in the etiology and pathophysiology of ASD. In terms of diagnostic value, the
AUC of ten hub genes was analyzed. The AUC of two genes was greater than 0.83, namely IL2RB 0.855,
PRF1 0.830 indicating that these two genes had moderate accuracy as diagnostic markers. This may be
a promising target for the diagnosis of ASD(Akobeng 2007).

Finally, our study has some limitations. The �rst study used blood samples from 36 individuals with ASD
and 12 healthy controls. In order to determine the diagnostic accuracy of ASD-related pivotal genes, it is
necessary to further expand the sample size, as well as conduct external validation of the speci�city and
sensitivity of diagnostic indicators. Second, we only analyzed the changes in mRNA expression in the
blood of individuals with ASD and we don't know exactly what the changes in the brain. The third single
microarray analysis may lead to high false positive rate and unilateral results, so experimental studies
such as real-time PCR, western blot, immunohistochemistry assays analysis are required to verify, so as
to fully clarify the role of hub genes and the potential mechanism of ASD. Fourth, due to the high
heterogeneity of autism and the lack of clinical data, we were unable to assess the relationship between
severity and our predicted diagnostic indicators. Therefore, we need to include more clinical and
demographic characteristics of ASD patients in future studies for further subgroup analysis.

These data indicate multiple pathophysiological pathways and several biomarkers of ASD, which are
consistent with our current research and understanding of the disease. This hypothesis-generating
research could provide new insights into the etiology and pathophysiology of autism and improve some
possible biomarkers for its diagnosis and treatment.

5. Conclusion
In short, this study intends to comprehensively explore the molecular information mechanism of ASD
through bioinformatics analysis. To determine which molecules may be involved in the development of
the disease. In addition, three candidate genes were identi�ed as potential diagnostic biomarkers by
functional enrichment analysis and PPI network analysis. Further experiments are needed to verify the
validity of the study.
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Figures

Figure 1

Differentially expressed genes in ASD and CON samples were shown in the volcano plot, with blue dots
representing signi�cantly down-regulated genes in ASD samples and red dots representing signi�cantly
up-regulated genes. CON, healthy control; ASD, Autism spectrum disorder
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Figure 2

heatmap were used to display the expression of top 20 genes with high and low expression, blue
represents the CON and red represents the ASD
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Figure 3

h.all.v 6.2.symbols.gmt [Hallmarks] gene set database was used to analyze the whole gene expression
value of the ASD and CON samples. GSEA �rst �ltered the gene set according to the number of genes
contained in the gene set, with the minimum number of 15 genes and the maximum number of 500
genes by default. Signi�cant gene sets were cut-off by FDR < 0.25 and P-value < .05
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Figure 4

Bubble diagram analysis by GO and KEGG combined logFC, Blue dots represent pathways enriched in BP,
pink dots represent pathways enriched in CC and purple dots represent pathways enriched in KEGG.The
size of the dot represents the number of genes enriched in the pathway. Gene enrichment pathway map
obtained using the plug-in cluego
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Figure 5

Gene enrichment pathway map obtained using the plug-in cluego
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Figure 6

a Results of pathway enrichment analysis obtained using Metascape with different pathways indicated
in different colors. b P value of pathway enrichment analysis results
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Figure 7

The PPI network analysis using STRING shows the interaction between 50 differential genes



Page 18/20

Figure 8

The PPI network analysis using STRING then processed with Cytoscape shows the interaction between
50 differential genes, the red dots represent up-regulated genes and the green dots represent down-
regulated genes



Page 19/20

Figure 9

Top ten hub genes were identi�ed by processing the PPI network data using Cytohubba.
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Figure 10

Validation of diagnostic value of the hub genes for ASD. (a-e) Receiver operating characteristic curve of
the hub genes for diagnosis of ASD.


