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Abstract

Background: Ankylosing spondylitis (AS) is a chronic inflammatory autoimmune disease that affects axial joints such as the spine.
Early diagnosis is essential to improve treatment outcomes. The purpose of this study is to uncover underlying genetic diagnostic fea-
tures of AS. Methods: We downloaded gene expression data from the Gene Expression Omnibus (GEO) database for three studies of
groups of healthy and AS samples. After preprocessing and normalizing the data, we employed linear models to identify significant
differentially expressed genes (DEGs) and further integrated the differential genes to acquire reliable differential transcriptional markers.
Gene functional enrichment analysis was conducted to obtain enriched pathways and regulatory gene interactions were extracted from
pathways to further elucidate pathway networks. Seventy-three reliably differentially expressed genes (DEGs) were integrated by differ-
ential analysis. Utilizing the regulatory relationships of the 21 Kyoto Encyclopedia of Genes and Genomes (KEGG) Pathway genes that
were enriched in the analysis, a regulatory network of 622 genes was constructed and its topological properties were further analyzed.
Results: Functional enrichment analysis found 73 DEGs that were strongly associated with immune pathways like Th17, Th1 and Th2
cell differentiation. Using KEGG combined with DEGs, six hub genes (KLRD1, HLA-DRB3, HLA-DRBS5, IL2R3, CD247, and CXCL10)
were suggested from the network. Of these, the IL2R3 gene was significantly differentially expressed compared with the normal control.
Conclusion: /L2Rp (Interleukin-2 receptor beta) is strongly associated with the onset and progression of autoimmune joint diseases,
and may be used as a potential biomarker of AS. This study offers new characteristics that can help in the diagnosis and individualized
therapy of AS.
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1. Introduction 7] focusing on a single data set of samples. Specifically,
Pimentel-Santo ef al. [4] reported a group of differentially
expressed genes (DEGs) highly correlated with AS that also
modulate the joint destruction and inflammatory process.
Similarly, Zhao et al. [7] utilized a bioinformatics approach
to predict genes related to AS, including MRPL22, RPL17,
PSMA4 and PSMAG6. However, to date, most studies eval-
uating AS genetics have been concerned with individual
genes or individual pathways, and multi-dataset integra-
tion analysis and multi-gene joint diagnosis are often over-
looked.

A pathway contains a large amount of information

Ankylosing spondylitis (AS) is a chronic inflamma-
tory disease mediated by immunity that primarily impacts
the axial joints like the spine [1]. AS can lead to severe stiff-
ness, back pain and the formation of new bone, often result-
ing in progressive joint stiffness that decreases the quality
of life [2]. Although the current evaluation of the disease
state of AS measures disease activity, its progression and
prognosis remain difficult to predict [3]. Furthermore, the
potential molecular processes that promote AS progression
remain largely unclear. Consequently, it is urgent to inves-

tigate the AS pathogenesis.

The rapid development of high-throughput transcrip-
tomic profiling has made available massive repositories of
data, enhancing efforts to improve the diagnosis of target
diseases. In the past decade, several studies have used gene
chips to determine candidate genes associated with AS [4—

about the interaction between genes and the synergy among
them. Abnormality in some genes may lead to changes in
other genes in the same pathway. As a result, establishing a
pathway network and mining for disease markers has been
an effective method in disease research.
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Fig. 1. Workflow chart. GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; SVM, Support Vector Machine;

GEO, Gene Expression Omnibus; AS, Ankylosing spondylitis.

This study integrates multi-platform high-throughput
expression profiling data to (1) study altered gene expres-
sion patterns between AS and healthy women, (2) pre-
screen diagnostic markers for AS, and (3) analyze these
genes for their functions. These AS candidate biomarkers
were further investigated by building Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway networks and an
AS diagnostic classifier was established to assist clinical di-
agnosis.

2. Materials and Methods

Our method consisted of the following steps: collec-
tion of data, standardization, differential gene integration
analysis, enrichment analysis, pathway integration analy-
sis, pathway network construction, feature selection, and
the construction and verification of the classifier. Fig. 1
summarizes the workflow.

2.1 Data Collection

We searched the Gene Expression Omnibus (GEO)
database for studies on patients with AS and expression pro-
files from human blood samples were obtained. Three stud-
ies were identified and from them a dataset created of 76
cases and 45 healthy controls. Details are in Table 1.

2.2 Data Processing

For the two sets of gene expression data from the
Ilumina platform (http://www.ncbi.nlm.nih.gov/geo/), we
downloaded the expression data after quantile normaliza-
tion. Since there is no quantile normalization available for
the GSE11886 dataset (http://www.ncbi.nlm.nih.gov/geo/),
we downloaded the raw data and processed the data using
the R package affy (version 4.2.0) [8] to acquire the probe
expression profiles, which were further normalized using
the RMA approach [9]. The result was an expression matrix
of 54,675 gene probes for the 17 samples. The probes were
annotated with R package hgul33plus2.db; probes match-
ing multiple genes were deleted, and where multiple probes
were matched to one gene, the median of the probes was
used as the gene expression value. Subsequently, 23,313
gene expression profiles were acquired.

2.3 Integrated Analysis of Microarray Datasets

The R software package limma [10] was used to logs-
transform and normalize the matrix data in each GEO
dataset. DEGs between normal and AS samples were
then detected using the limma package. The DEGs recog-
nized from the three datasets were genetically integrated
with the R package “RobustRankAggreg” [11], which is
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Table 1. Studies and data included in this analysis.

. Sample size
Study GEO accession Sample source

AS case Control

Platform

1 GSE2510 16 16 Blood
2 GSE73754 52 20 Blood
3 GSE11886 8 9 Blood

GPL6947 Illumina HumanHT-12 V3.0 expression BeadChip
GPL10558 Illumina HumanHT-12 V4.0 expression BeadChip
GPL570 Affymetrix Human Genome U133 Plus 2.0 Array

based on the Robust Rank Aggregation (RRA) approach.
Those genes that consistently ranked superior to expecta-
tions based on the null hypothesis of input irrelevance could
be screened with the RRA approach. Therefore, an inte-
gration of gene expression values for samples from various
datasets was not performed. In common with many who
have utilized the RobustRankAggreg package [12,13], we
did not correct for batch effects. p < 0.05 together with
1.2-fold change in DEGs were deemed to be statistically
significant.

2.4 Functional Enrichment Analyses

R package clusterProfiler [14] was exploited for an-
alyzing KEGG and Gene Ontology (GO) pathway enrich-
ment to determine GO terms that appeared disproportion-
ately in three categories (cellular component, molecular
function, and biological processes). KEGG pathways were
also analyzed by visualization with R package DOSE [15].
In both analyses, g-values (adjusted p-values for multiple
tests) less than 0.05 indicate statistical significance.

2.5 Development of KEGG Pathway Gene Interaction
Network

We downloaded the XML file of each KEGG path-
way that was enriched in the DEGs from the KEGG web-
site [16]. The R package XML was employed to extract
entries, relationships, and group relationships from these
XML files. The information on gene interactions was sub-
sequently extracted with a combination of scripts to build
the KEGG gene interaction network to visualize the net-
work on Cytoscape [17], and examine the topological char-
acteristics of the cytohubba network [18].

2.6 Network Topological Property Analysis to Screen AS
Key Diagnostic Genes

Visualization was performed using Cytoscape [17],
with the degree and closeness of the network computed
through the use of the Cytoscape [17] plug-in cytohubba
[18]. Genes of degree >20 and closeness >5 were selected
and intersected with the differential genes to identify the
final characteristic genes.

2.7 Development of Predictive Models for AS Diagnosis
and Assessment of Model Predictive Capability

A support vector machine (SVM) [19] was used to
build a diagnostic predictive model using genes to pre-
dict healthy versus AS individuals. As a supervised learn-
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Table 2. Characteristics of patients with ankylosing
spondylitis and healthy controls.

Characteristics AS patients Healthy controls p-value

Age (years) 35.73 +14.29 33.64 +12.23 0.6687
Male (%) 73% 64% 1.000
Weight (kg) 72.82 +£19.06 69.82 +15.73 0.7053
Height (cm) 167 £ 11.01 168.7 £ 7.254 0.5568
BMI (kg/m?) 28.09 + 7.354 24.45 £5.507 0.2315
Disease duration (years) 11.7 (1,20)
HLA-B27 (+) 55%
Values are presented as mean =+ standard deviation (SD), median
(IQR), or number (%). Abbreviations: BMI, body mass index;
HLA-B27, human leucocyte antigen-B27.

Table 3. Primer sequences utilized in quantitative Real-Time
PCR (qRT-PCR).

Genes F/R Sequences (5'-3")
KLRDI Forward CAGGACCCAACATAGAACTCCA
Reverse GGAAATGAAGTAACAGTTGCACC
Forward CGGGGTTGGTGAGAGCTTC
HLA-DRB3
Reverse AACCACCTGACTTCAATGCTG
Forward CGGGGTTGGTGAGAGCTTC
HLA-DRB5
Reverse AACCACCTGACTTCAATGCTG
ILIRB Forward ~ CTGCTTCACCAACCAGGGTTA
Reverse GGGGTCGTAAGTAAAGTACACCT
CD247 Forward ~ GCCAGAACCAGCTCTATAACG
Reverse GGCCACGTCTCTTGTCCAA
CXCLIO Forward ~ GTGGCATTCAAGGAGTACCTC
Reverse = TGATGGCCTTCGATTCTGGATT

ing model, SVM uses machine learning algorithms for
data analysis and pattern recognition. SVM builds a hy-
perplane that can be applied to categorization and regres-
sion in infinite-dimensional or high-dimensional spaces. A
group of training samples, each labeled as belonging to
one of two classes is used by the SVM training algorithm
to create a model, and new instances are then assigned to
a category according to the model, thereby making it a
non-probabilistic binary linear categorization. The three
datasets were categorized into two validation datasets and
one training dataset. The model was built with the training
dataset, and its classification capability was confirmed us-
ing the 10-fold cross-validation approach. The constructed
model was, in turn, used to predict the category of samples
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Fig. 2. Determination of differentially expressed genes (DEGs) between Healthy Control
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and AS Samples. (A) Box plot of the

overall expression level of the normalized samples (green bars: normal samples, red bars: AS samples). (B) Heatmap of the down-

and up-regulated DEGs from the integrated microarray analysis. Each column and row denote a dataset and a gene, separately. In each

rectangle, the color denotes the logz-FC value. The gradient from green to red goes from descending to ascending expression. (C) The
enrichment results of log>-FC in each dataset of differentially expressed genes. FC, fold change.

in the validation dataset. The model’s predictive power was
evaluated using the area under the receiver operating char-
acteristic curve (ROC) curve (AUC), and the model was
analyzed for its specificity and sensitivity in predicting AS.

2.8 Sample Preparation

Subjects were AS patients aged between 16 and 61
who were hospitalized in Jishuitan Hospital for the first
time. The inclusion criteria were: (1) the diagnosis was
in accordance with the New York classification revised in
1984; and (2) patients had not yet received medical treat-
ment, including non-steroidal anti-inflammatory drugs or
disease-modifying anti-rheumatic drugs. The exclusion cri-

teria were: (1) individuals with a history of severe infection,
surgery, or tumor; (2) Individuals with severe heart, lung,
liver, and kidney dysfunction; and (3) individuals with a
history of autoimmune diseases such as rheumatoid arthri-
tis. Included in the study was a control group consisting
of healthy volunteers between 24 and 60 without acute or
chronic diseases, such as rheumatoid arthritis, and no long-
term use of any drugs. Table 2 shows the characteristics of
the AS patients and healthy control subjects.

Our experiments were in line with the principles of
the Declaration of Helsinki and were approved by the
ethics committee of Beijing Jishuitan Hospital (ethics code:
201611-03). From all participants, fasting whole blood was
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Fig. 3. Functional enrichment analysis of 31 downregulated DEGs. (A) Enriched GO terms in the “biological process” category. (B)

Enriched GO terms in the “cellular component” category. (C) Enriched GO terms in the “molecular function” category. (D) Enriched

KEGG biological pathways. The x-axis indicates the ratio of DEGs, the y-axis shows the various categories, the different colors denote

levels of significance, and the size represents the number of differentially expressed genes. All enrichment results are provided in the

Supplementary Table 2.

collected in sodium heparin-coated tubes (Greiner Bio-one,
Chonburi, Thailand) and stored at —80 °C until further anal-
ysis. All RNA samples had an A260/A280 ratio between
1.66 and 2.58 and concentrations ranging from 10.9—143
ng/mL and thus met the criteria for gene expression analy-
sis.

2.9 Quantitative Real-Time PCR (qRT-PCR)

Extraction of total RNA from blood samples was
implemented with Trizol reagent (Tiangen Biochemical,
Beijing, China) and later extracted RNA was reverse
transcribed to cDNA using FastQuant RT Kit containing
gDNase (Tiangen Biochemical). Amplification was per-
formed on an ABI7500 real-time fluorescence quantitative
PCR instrument utilizing the Power SYBR® Green PCR
Kit (Applied Biosystems, Foster City, CA, USA). Table 3
gives the primer sequences. The procedure followed was:
pre-denaturation 95 °C for 10 min; 95 °C for 15 s; and 60
°C for 60 s for 40 cycles. Three replicates were employed.
Relative expression levels were determined via the 2~ 24CT
method.

&% IMR Press

2.10 Statistical Analysis

All data are expressed as mean + standard deviation
(SD) calculated using the GraphPad Prism 9.0 software
(GraphPad Software Inc., San Diego, CA, USA). An un-
paired two-tailed Student’s #-test was performed to compare
the differences between healthy and AS groups. p < 0.05
was considered statistically significant.

3. Results

3.1 Determination of DEGs between Healthy Control and
AS Samples

Gene chip data from three datasets, GSE2510,
GSE73754, and GSE1188655, were acquired from the GEO
database. Following standardization, the gene expression
distribution of each sample appeared similar (Fig. 2A).
Genes with differential expression between AS and healthy
samples from all three data sets were then further integrated
and analyzed using limma. Altogether, 73 DEGs were iden-
tified (Supplementary Table 1), with 31 and 42 genes in-
creased in the healthy and AS group, respectively, as indi-
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cated by the differential multiple heatmaps in each dataset
(Fig. 2B). The enrichment results of the differential multi-
ple GSEA [20] in all data sets were analyzed (Fig. 2C). In
each data set, up- and downregulated genes were predom-
inantly enriched in groups with high and low differential

multiples, respectively. The only exception was observed
for the upregulated genes in data set GSE2510 where they
were enriched in the group with lower differential multi-
plicity, which may be caused by sampling error.
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Fig. 6. Establishment and Testing of the Diagnostic Model. (A) Categorization results of the diagnostic model for the GSE2510
training dataset. (B) Categorization results of the diagnostic model for the GSE73754 validation dataset. (C) Categorization results of
the diagnostic model for the GSE11886 validation dataset. (D) Receiver operating characteristic curve (ROC) curve of the diagnostic
model for the training dataset (area under the curve (AUC) =0.9375). (E) ROC curve of the diagnostic model for the GSE73754 validation
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3.2 Functional Enrichment Analysis of DEGs
To gain insight into the functional implications of
these 73 DEGs, GO and KEGG functional enrichment anal-
yses were implemented on the 31 upregulated and 42 down-
regulated DEGs. While 42 increased genes were not en-
riched in any KEGG pathways and GO terms, 31 decreased
genes were identified as enriched in multiple KEGG path-
ways and GO terms. In the bioprocess group, five en-

riched GO terms were noted, including “cellular defense re-
sponse”, “cytolysis”, and “T cell costimulation” (Fig. 3A),
suggesting that these genes are associated with the cellu-
lar defense response. Classification by cellular component
displayed seven enriched GO terms, for example, “lumen
side of endoplasmic reticulum membrane” and “MHC pro-
tein complex” (Fig. 3B). Seven molecular functions were
found to be mediated by these genes and were primarily re-
lated to “heparin-binding” and “antigen-binding” (Fig. 3C).
Furthermore, 21 KEGG pathways were identified includ-
ing “Type I diabetes mellitus”, “Th17 cell differentiation”,
and “Th1 and Th2 cell differentiation” (Fig. 3D). Previous
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studies have also found a close relationship between “Th17
cell differentiation” and AS [21-23]. Together these data
suggest that the downregulated DEGs are closely related to

immunity.

3.3 KEGG Pathway Gene Interaction Network
For the 21 KEGG pathways identified, the XML files
were downloaded from the KEGG website, and genetic in-
teraction information was extracted using the R package
XML. Specifically, gene ID was transformed into a gene
symbol, a KEGG pathway gene interaction network was
built and 622 genes were derived. Genetic analysis of the
crosstalk between these pathways indicates that a close rela-
tionship exists among most pathways, and some genes are
involved in multiple pathways (Fig. 4A). A total of 1663
genetic interactions were obtained based on the regulatory
information of genes in the KEGG pathway (Fig. 4B). In
addition, most of the genes involved in multiple pathways
are closely related to other genes in the network.
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3.4 Network Topological Property Analysis to Screen AS
Key Genes

We analyzed the pathways involved in the KEGG gene
interaction network and found that in total, 248 (39.8%)
genes were involved in only one pathway (Fig. 5A). A small
number of genes are involved in multiple pathways. We
also observed a power-law degree distribution in our net-
work (Fig. 5B), where the degree of most genes is less than
20. Additionally, closure of the network revealed that the
majority of the nodes have lower closeness and only a few
have high closeness (Fig. 5C). The network distribution of
betweenness was also computed and the majority of the
nodes exhibit a lower betweenness (Fig. 5D). Nodes with
high degree, high betweenness or high closeness are viewed
as significant in a network.

We considered a node to be the hub gene of the ac-
cess network when it met the criteria of degree >20, close-
ness >5, and betweenness >0. Six genes met this cri-
teria (KLRDI, HLA-DRB3, HLA-DRBS5, IL2R3, CD247,
CXCL10). Among these genes, HLA-DRB3 and HLA-
DRBS5 are HLA class II histocompatibility antigens. Ma-
jor histocompatibility complex (MHC) is an important risk
factor for AS; IL2RB is an important regulator of cytokine
signaling and RET signaling in the immune system and has
been reported as a potential transcriptional marker for AS
[24]; CXCL10is a discriminant marker of autoimmune joint
disease [25,26]. In sum, these six genes are strongly linked
to the development and progression of autoimmune joint
diseases, and can potentially be used as markers for AS.

3.5 Establishment and Testing of the Diagnostic Model

To construct a diagnostic model, GSE2510 was used
as the training dataset (n =32, AS = 16) while GSE73754 (n
=72, AS=52) and GSE11886 (n =17, AS = 8) were used
as validation datasets. Six previously chosen hub genes
were utilized as features in the training dataset to acquire
their corresponding expression profiles. After the z-score,
the support vector machine classification model was estab-
lished. A 10-fold cross-validation indicated the classifica-
tion accuracy was 93.8%, with 30 of the 32 samples cat-
egorized correctly (Fig. 6A). The model’s specificity and
sensitivity for AS were both 93.8%. The AUC was 0.94
(Fig. 6D). Validation of the model was then conducted with
the GSE73754 dataset; 62 out of 72 samples were catego-
rized correctly for an 86.1% classification accuracy. The
model’s specificity and sensitivity for AS in this dataset
were 60% and 96.2%, respectively (Fig. 6B) and the AUC
was 0.78 (Fig. 6E). Finally, for the GSE11886 dataset, 15
of 17 samples were correctly categorized with 88.2% clas-
sification accuracy. The model’s specificity and sensitivity
for AS were 88.9% and 87.5%, separately (Fig. 6C) and the
AUC was 0.88 (Fig. 6F).

We validated these gene expressions in clinical sam-
ples. The findings demonstrated a significant difference

in IL2R( expression versus normal controls, which agrees
with the findings of our bioinformatics analysis (Fig. 7).
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Fig. 7. Expressions of IL2R(3 in AS samples. The expression
of IL2RB was lower in AS samples relative to controls. ****p <
0.0001.

These findings suggest that the diagnostic prediction
model established in this research can differentiate effec-
tively between healthy individuals and those with AS and
that JL2R/3 can be used as a reliable biomarker for AS di-
agnosis.

4. Discussion

The comprehensive bioinformatics analysis focuses
on the molecular screening of differential gene expression,
and the network-based hub gene discovery has been exten-
sively applied to determine underlying biomarkers relevant
to the AS diagnosis and therapy. For example, Xu et al.
[27] screened for hub genes by combining DEG screening,
functional enrichment analysis, and PPI network construc-
tion, and further verified their outcomes by qRT-PCR. Ma
et al. [28] used a set of GEO datasets to identify AS-related
genes. Kanwal er al. [29] used protein interaction net-
work analysis to find a CD4-centered AS anomaly-related
regulatory network. Zhao et al. [7] used a set of GEO
datasets for DEG screening, miRNA target gene analysis,
and PPI network construction in efforts to screen for AS-
related genes. Compared with previous studies, the current
research not only integrates a relatively large sample size of
microarray data from multiple GEO datasets but also con-
structs a pathway-based gene regulatory network in addi-
tion to an AS diagnostic model to identify potential diag-
nostic biomarkers for AS.

In our study, 73 consistent DEGs were identified, of
which 42 were increased and 31 were decreased. The
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genes downregulated were enriched in multiple GO terms
and KEGG pathways. These pathways and GO terms
were primarily correlated with immunological functions
and the major histocompatibility complex (MHC), which
is in keeping with prior findings that the immune pathway
is affected in AS patients [6,30]. CD2 is the most upregu-
lated gene, a T-cell surface antigen that optimizes immune
recognition by interacting with LFA3 (CD58) on antigen-
presenting cells and is linked to the onset and progress of
various diseases [31-33]. The upregulated genes are not
enriched in any of the KEGG pathways and GO terms,
and thus their exact contribution to AS development is un-
known. Further investigation is essential to clarify the roles
of these genes as potential transcriptomic markers for AS.
We identified six key genes, KLRDI, HLA-DRB3, HLA-
DRBS5, IL2R(3, CD247, and CXCL10 in the downregulated
KEGG pathway gene regulatory network. Among these,
IL2RB has been previously reported as a potential transcrip-
tional marker for AS [24] and CXCL10 is a distinguishing
marker of autoimmune joint diseases [25,26]. All six genes
are strongly correlated with the onset of autoimmune joint
diseases.

In addition, as a common rheumatic disease, AS can
cause inflammatory back pain, which greatly reduces qual-
ity of life [34]. Therefore, early diagnosis together with
personalized medical interventions for AS are critical. In
the past several years, gene expression profiling has been
broadly applied to recognize biomarkers correlated with the
disease [35-37]. Some of these identified biomarkers are
functionally similar but have poor reproducibility, indicat-
ing they may not have accurate classification capabilities.
In the current study, SVMs were employed to build and
verify classifiers based on the expression profiles of six
genes related to AS. The AUC of the training set reached
0.94 with our model, showing that these genes classify AS
well. Additionally, in the verification datasets, we achieved
AUCs of 0.88 and 0.78, which suggests these six genes
could be applied as diagnostic markers for AS. Our results
in clinical samples show that IL2R/3 was significantly dif-
ferentially expressed in individuals with AS compared to
healthy, which is consistent with our bioinformatics anal-
ysis. There were no significant differences in other genes,
which may reflect the small sample size of the study. These
findings reveal that the diagnostic prediction model built
in this research can differentiate patients with AS from
healthy controls effectively and that /L2R/3 can be a reli-
able biomarker for the diagnosis of AS. Moreover, /ILR2(
may be a potential target for the treatment of AS and/or a
marker for monitoring disease activity and progression in
AS patients.

Our work employed bioinformatics tools to identify
underlying candidate genes involved in AS pathogenesis
with large samples. However, limitations remain. First, the
sample lacked other information about the clinic. Conse-
quently, we did not account for the factors like whether the
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patients had other diseases or health conditions. Second, the
clinical sample size was small in validation experiments.
Hence, further experimental and genetic studies with larger
sample sizes and preclinical validation are required.

5. Conclusion

IL2Rp is strongly associated with the onset and pro-
gression of autoimmune joint disease and may be a potential
biomarker of AS. This study offers new genetic character-
istics to help diagnosis and individualized therapy of AS.
Our findings further provide potential targets and biomark-
ers for clinicians and researchers.
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