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ABSTRACT Ankylosing spondylitis (AS), characterized by inflammation in dorsal and intervertebral joints, is a
rheumatic disease that leading to varying degrees of structural and functional impairment. Current therapeutic
methods have some disadvantages, so clarifying the underlying mechanism and developing new treatment for AS are
urgent. The aim of this article is to identify the key transcription factors (TFs) of AS and find new ways for AS
treatment. First, the researchers used transcription factor prognosis system, which included enrichment analysis,
directly impact value and indirect impact value to find the key TFs targeted different expressed genes. Then the
patient and public involvements network was used to integrate the results of the above three methods for analysis.
Finally, the researchers obtained the optimal TFs. In summary, this study’s analysis based on bioinformatics methods
discovered optimal 30 key TFs related to AS. This study may provide important potential therapeutic targets for AS.

INTRODUCTION

Ankylosing spondylitis (AS), characterized
by inflammation in dorsal, thoracic and interver-
tebral joints, is a chronic, systemic, theumatic
disease that affects the axial bones and sacroil-
iac joints, leading to varying degrees of struc-
tural and functional impairment (Borse et al.
2017). Recent studies have shown that AS pa-
tients have an increased risk of heart disease,
including coronary artery disease. The prevalence
of AS was 0.15 percent ~ 0.86 percent (Deminger
etal. 2017). The main concern in patients with AS
is progression to ankylosis and abnormal fixation
state (such as thoracic kyphosis) (Qu et al. 2017).
The treatment for AS is usually used with repair
antirheumatic drugs (DMARDs), nonsteroidal
antiinflammatory drugs (NSAIDs), and nonphar-
macological interventions such as physiothera-
py (Wang et al. 2017). Studies have suggested
that it should use anti-tumor necrosis factor
(anti-TNF) drugs to treat highly disease activity
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AS patients (de Machado et al. 2016). Although
these drugs can relieve clinical symptoms, they
may still cause many adverse reactions such as
relapse, disability and poor response etc. So
clarifying the underlying mechanism and devel-
oping new treatment for AS are very urgent.

In recent years, some researchers begin to
explore the therapeutic method of AS from the
direction of gene regulation (Chen et al. 2017).
And studies have reported that regulation of
gene expression through transcription factors
(TFs) is a basic mechanism (Joseph et al. 2017).
TFs are DNA-binding proteins that regulate
gene expression by binding to the promoter re-
gions near gene transcription initiation sites
(Fangetal. 2017). Studies of TF will be conduct-
ed to reveal the complex regulation mechanism
of organisms (Rudnik et al. 2017). Up to now,
hundreds of domains that exhibit TF activity have
been identified (Sikdar et al. 2017). One of the
most important reasons for phenotypic differ-
ences in organisms is regulation of gene expres-
sion achieved through transcription factor net-
works and their target genes (Zhang et al. 2017).
TF include activators, coactivators, basic fac-
tors and some regulators (Fishwick et al. 2017).
Studies have reported that putative TF-gene reg-



PREDICTION OF KEY TRANSCRIPTION FACTORS-GENES OF ANKYLOSING SPONDYLITIS 117

ulatory network of AS and sarcoidosis have been
identified by using biostatistics and bioinfor-
matics tools (Xu et al. 2018). Based on different
approaches or models, performance evaluation
in revealing common TFs is not straightforward.
In addition, TFs are an active research topic and
the corresponding databases are also growing.
With the development of human knowledge
grows and models evolve, the available algo-
rithms will need to be periodically re-evaluated.

In this study, the researchers presented a
predictive system (transcription factor progno-
sis system, TFpro) to determine the AS-related
TFs and discovered optimal 30 key TFs related
to AS. This study may provide important poten-
tial therapeutic targets for AS.

METHODOLOGY
Screening TFsfrom Different Genes

Expression Data Taken From the GEO or
Array Express Data Set

In the present study, the gene expression
profile dataset no. GSE11886 deposited in the
GEO database (http://www.ncbi.nlm.nih.gov/
geo/). First, the researchers combined multiple
probes which correspond to the same gene, and
the average value of the plurality of probes is
selected as the expression value of the gene.
Second, the annotation information was modi-
fied, the column name corresponding to the line,
renamed “groups”. The data has a total of 80
data (samples). The first group (9 samples, name
IFN-Control) and the second group (7 samples,
name [FN-Patient) were the first analysis. The
third group (9 samples, name None-Control) and
the fourth group (8 samples, name None-Patient)
were the second analysis. The expression pro-
files of 13715 genes (first analysis) and 13715
genes (second analysis) were obtained by map-
ping between probes and genes.

Identification of Differentially Expressed
Genes(DEGs) UsingLIMMA

Firstly, according to different samples of the
group (control group and experimental group),
the differential expression of genes were calcu-
lated by using LIMMA package. If the number
of DEGs is less than 300, the top 300 genes (big-
ger difference of expression value) were screened

as the differential genes. Then the DEGs of 300
(the first group) and 300 (the second group) were
screened out respectively. The t-test and F-test
of gene expression matrix were performed by
LIMMA. The ImFit function was used to linear-
ly fit the data, eBayes statistics and used false
discovery rate (FDR) to correct P values. The
linear model was extracted after testing and dif-
ferent genes were extracted on the basis of |log
fold change (FC)| >2 and FDR <0.05.

Enrichment Analysisof TF Genesby Fisher’s
Test

Before enrichment analysis, a list of genes
that affected by TF must be established firstly.
Then TF genes were analyzed by using this list
in conjunction with the classical Fisher’s test.
Here, Fisher’s exact test was used to determine
if the two overall ratios (the random ratio and
the experimental ratio) were equal. The null hy-
pothesis assumed that the two population ra-
tios were equal (HO: pl = p2). Alternative hy-
potheses might be the left tail (pl <p2), the right
tail (p1 > p2), or the two tail (p1 ‘d p2).

Directly Impact Valueof TF

TF with a high level impact can be identified
by converting the fold change in logarithmic
transformation expressed and FDR adjusting P
value into score of a single gene. The G value of
each gene in the samples in each group was
calculated by the following analytical formula.

G* = |L* | (-log1OP*)

L is the difference logFC value of the rele-
vant genes and P is the difference P value calcu-
lated by using limma.

This formula shows the changes of target
genes for each TF. If a TF regulates many genes,
and these genes changes are relatively large,
the gene’s G score will be higher. The more com-
mon TFs can be found by this method. At the
same time, if comparing G score, the average G
score and the number of genes three aspects are
taken into account, a rank score is gotten. The
lower the score, the greater is this gene influent
in comprehensive consideration process.

Indirect Impact Valueof TF

TF can not only affect the expression of
changes, but also compose co-expression rela-
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tionship with its target gene. To assess the im-
portance of each TF co-expression in the net-
work, two network sources of information
(STRING database (Szklarczyk et al., 2011)and
TF library) were used to calculate its effect on
the local neighborhood. The TF library comes
from three databases, ITFP, Marbach2016 and
TRRUST. These two databases contain differ-
ent types of interactions. TF library provides
protein-DNA interactions for TF with known
binding sites in the promoter region of the gene.
This represents a low-level, targeted regulatory
interaction network. STRING is an interactive
metadata library that contains various interac-
tions of protein-protein, protein-DNA and pro-
tein-RNA interactions and biological pathways.
This provides a view that directly and indirectly
affects the interaction of gene expression. The
final STRING correlation value is obtained by
multiplying the Pearson correlation coefficient
of the STRING database score and the actual
data.

To calculate the effect, the local network
neighbourhood of TFs were weighted by the
gene impact and different genes were identified
by the LIMMA method. Combining these two
parts, the correlation coefficient between TFs
and the target genes was obtained by the fol-
lowing formulas.

TFCors,r = StringDatabaseCor (s,r)

TFCors,r = TFDatabaseCor (s,r) = 0.7 + N*
0.1

Transcription factor correlation coefficients
were STRING database scores or TF database
scores. N is the number of records of the data-
base of s, r two genes with an interactive rela-
tionship, and the value is 0-1.

Using Patient and Public I nvolvement (PPI)
Networ k AnalyzeAll TF Results

Weight Sum

The use of distance weighting makes genes
far from direct regulation less susceptible to
scores. Edge-weighting compensates for highly
prevalent transcription factors and prevents
them from accepting artificial high scores by
adjusting a large number of genes that express
little difference. The researchers think that TF
regulates ten Gsx genes = 100 is more important
than that TF regulates 1,000 genes with Gxs = 1.
The formulas for performing this weighted sum
are as follows.

1 1
Lr,n Or,n

N_ .andN__ are the weight sum of TF. Ps, r
is the correlation coefficient between TF and
the affected genes. L is the distance between
the gene and the TF, which is the grade value.
Or, n is the connectivity of the parent node.

(2) Ps,=TFCor(s,r)* Pearson(s,r)

The correlation coefficient between TF and
the affected gene is equal to the co-expression
(Pearson) correlation coefficient between the
two genes multiply the correlation coefficient of
TF in the given background data.

(1) Ni.nzzfe\/z PS,r'G; °

PPI Network

PPI network construction generally was di-
vided into two parts, one part is the control
group and another part is the experimental group.
Changes of those genes in two groups’ co-ex-
pression are generally observed. The first step
calculates the co-expression of two genes in
control group. The second step calculates the
co-expression of two genes in experimental
group. The third step calculates the difference
between the two genes co-expression values
between the two groups and takes the differ-
ence as an absolute value. Finally, this value is
first divided by the maximum value, then cor-
rect, and then multipy by the background value
to correct. The background value is the relation-
ship between the two genes given in the data-
base. The closer the relationship, the greater the
value, and the value was between 0-1.

Analysisthe Coverage of TFs

TFs should be covered all different genes.
Based on TF genes obtained from all results, a
Venn diagram was finally obtained. The highest
coverage of TF combinations needed to be
found. The collection of the top 10 best genom-
ic combinations obtained for each of these ap-
proaches was the “TFall” group.

RESULTS
TheAcquisition of Differential Genes

The researchers extracted the genes that sat-
isfy the following conditions in the tested linear
model: | logFC | > 2 and p < 0.05, a total of 300
DEGs were identified. The top 10 DEGs and bar
charts for the difference genes were shown in



PREDICTION OF KEY TRANSCRIPTION FACTORS-GENES OF ANKYLOSING SPONDYLITIS 119

Figure 1A. The most significant DEGs were
CLECI10A,GCH1,ICOS, IFNG and CECR6. The
relative venn diagrams are shown in Figure 1 B.
There are 300 DEGs but 0 TF target gene. So the
researchers screened that no TFs were contained
in differential genes.

Enrichment Resultsof Gene Quantity
Distribution

In the quantitative profile, it can be seen that
a small number of TFs were enriched in the num-
ber of target genes, while most of the TFs were
not abundant in abundance (Fig. 2A). For the
first 10 genes in the data, in-depth analysis could
be carried out. The target genes for these genes
are abundant in differential genes. However, the
presence of a large number of target genes may
also be more commonly caused by genes regu-
lated by these TFs, such as TFs associated with
cell cycle regulation. Therefore, in-depth analy-
sis of these TFs to find out the more affecting
TF is more critical in disease state (Fig. 2B). At
the same time, if these top 10 TFs affect most of
the differential genes, it is likely that these TFs
are keys to regulation. The results of TF enrich-
ment analysis were shown in Table 1. The en-
riched set of transcription factors were RAD54B,
NASP, DTL, CENPA, SMARCCI1, NCAPD2,

DEPDCIB, EXO1,RBM12, FBXOS (the first time),
PARP9, TP53, STAT4, FOXO1,HOXC10,RREBI,
FOXO03, PRDMI, IFIT2, MYODI (the second
time). The relative venn diagram is shown in Fig-
ure 2C. There were 22 transcription factor genes
were obtained by enrichment analysis in 300
DEGs. This result suggests that those transcrip-
tion factors rich in genes may be the focus of
our attention.

TheDirect Impact Valueof TFs

The specific influence of these TFs in the TF
set isshown in Table 2. There were 9 TF genes. G
score, Ave score, Num genes and rank p value
of every TF gene were shown in the table. The
highest G score was 30.43, which was SP1, and
the number genes of it is 8324. Firstly, the rela-
tionship between G value and the affected genes
was shown Figure 3A. The influence of TFs in-
creases with the number of genes that can be
regulated. However, if the influence deviates from
the trajectory and appears above the line, the
TF is more likely to be specifically regulated in
this study. Then, the relationship between influ-
ence and average is shown in Figure 3B. The
average G value was about 0.13. The middle arca
is the point that should be paid more attention.
The influential TFs generally did not have large

Table 1: Transcription Factors (TFs) enrichment analysis

TF name TF p value False discovery rate (FDR) Num genes
PARP9 4.37E-08 4.74E-05 6
TP53 1.13E-05 0.006130333 102
STAT4 4.17E-05 0.015092466 4
FOXOl1 6.20E-05 0.016858599 115
HOXC10 9.39E-05 0.018333167 70
RREBI 0.000110559 0.018333167 146
FOXO03 0.000118061 0.018333167 138
PRDM1 0.000144592 0.019646394 113
IFIT2 0.000179388 0.021666126 3
MYODI1 0.000267012 0.029024249 89
Table 2: The specific influence of Transcription Factors (TFs)

TF gene G score Ave score Num genes rank_p
SP1 30.42915848 0.003655593 8324 0
TCFL5 0.047013508 0.047013508 1 0

SLA2 0.038881172 0.038881172 1 0.02988
PPPIRI3L 0.038822993 0.038822993 1 0.03031
SUGP1 0.023919907 0.023919907 1 0.2411
FLI1 21.63437033 0.003710233 5831 0.24521
HF1H3B 21.6422333 0.003633076 5957 0.24586
EGR 21.63549025 0.003628898 5962 0.2461
TRIM31 0.022983612 0.022983612 1 0.26105
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average values, while the average large TFs gen-
erally gathered in the G value smaller area. At
the same time, according to the influence of TFs,
the top 10 TFs affected most of the difference
genes. If so, it was possible that these TFs might
be included in the regulatory genes. These
genes were SP1, TCFL5, SLA2, PPPIRI3L,
SUGP1, FLI1, HF1H3B, EGR, TRIM31, HR (the
firsttime) and SP1, SLA2, HF1H3B, TCFLS5, EGR,
FLI1, SP4,AP1, SP3, TFAP2 (the second time).
The relative venn diagram is shown in Figure
3C, there were 215 transcription factor genes in
300 DEGs were obtained by using indirect influ-
ence value method.

Thelndirect Impact Valueof TFs

This local network was limited to a maximum
of three edges. The effect node at each edge
was further reduced from the seed TFs, which
was located on and depends on the extent of its
parental prominence. The relative venn diagram
is shown in Figure 4, there were 162 transcrip-
tion factor genes in 300 DEGs were obtained
using the direct impact value method.

PPI Final Networ k EdgeValueDistribution

Information about the network edge distri-
bution was shown in PPI distribution (Fig. 5A).
In Figure 5B, the density of border values most-
ly converges in the middle. Those have a high
degree of co-expression, that the collection to
the right of the figure, need to be attention. From
Figure 5B (the distribution graph of G network
scores), it can be seen that the G value is not
evenly distributed, and most of the G network
score of TFs is not high. Therefore, those well-
performing TFs need to be screened. The net-
work diagram of the three TFs (TP53, NR3Cl1
and MAX) of the highest network access G val-
ue is shown in Figure 6. Finally, according to the
influence of TFs, the top 10 TFs affected most
of the difference genes. If so, it is possible that
these TFs have to be included in the regulatory
genes. These genes were TP53, NR3C1, MAX,
RELA, EP300, CREBBP, ELK1, SPI1, SRF,RREB1
(the first time) and SPI1, NR3C1, TP53, POU2F1,
RELA,RREBI, ELK1, EP300, TCF3, CREBBP (the
second time).

Analysisof TF Coverage

As shown in Figure 7, we can find the opti-
mal coverage of differential genes associated

with AS, then find the optimal combination. The
enriched-TFt represents TFs-related differential
genes that are screened by enrichment. The
Gnet-TFt represents TFs-related differential
genes that are screened by indirect impact val-
ue. The G-TFt represents TFs-related differen-
tial genes that are screened by direct impact val-
ue. The TFt-DEG represents TFs-related differ-
ential genes that are screened by the above three
methods. The first 10 combinations of the best
genotypes obtained for each method were the
“TFall” group. There were three useful meth-
ods, enrichment analysis, direct and indirect im-
pact value. So, There were 30 genes, which are
shown in Table 3 for details.

Table 3: The best genotypes “TFall” group

Gene Gene Gene
1 RADS54B 11 SP1 21  TP53
2 NASP 12 TCFL5 22 NR3Cl
3 DTL 13 SLA2 23 MAX
4 CENPA 14 PPPIRI3L 24 RELA
5 SMARCCI 15 SUGP1 25 EP300
6 NCAPD2 16 FLI1 26  CREBBP
7 DEPDCIB 17 HFIH3B 27 ELK1
8 EXOIl 18 EGR 28 SPI
9 RBMI2 19 TRIM31 29 SRF
10 FBXO5 20 HR 30 RREBI1

DISCUSSION

In this study’s report, potential TFs target
genes related to AS were screened by enrich-
ment, direct and indirect impact value. At last,
the optimal 30 TFs, including FLI1, EP300 and
so on, were predicted.

Regulation of eukaryotic gene expression is
one of the most advanced fields in molecular
biology. And regulation of transcription level is
the most important in gene expression (Du et al.
2017). Due to the interaction between protein
and protein, protein and DNA, and the forma-
tion of complex macromolecular complexes, the
regulation of eukaryotic transcription level is a
multi-level complex process (Majewska et al.
2017). TFs, trans-acting factors, can directly or
indirectly recognize or bind to the 8 bp to 112 bp
core sequence of cis-acting elements in tran-
scriptional regulation. Besides, TFs are involved
in regulating the transcriptional efficiency of tar-
get genes (Carrillo etal. 2017). Thus, the interac-
tion between TFs and regulatory sequences is
central to determine a gene expressed or not (Lo-
zano et al. 2017). With the in-depth study of TFs
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tarpet genis of the TF with top 3 in the axpression profile in DEG

133

Fig. 4 target genes of the TF with top G in the network in DEG.

A B

nin 0% as0 aTE

Fig. 5. Distribution of PPI final network edge value. (A) G values are not evenly distributed, and most
of the transcription factors have a low G-score. (B) As can be seen from the figure, the density of edge
values mostly converges in the middle. Therefore, we should pay attention to those who have a higher
value, that is, the figure on the right side of the collection.

Source:Author



125

PREDICTION OF KEY TRANSCRIPTION FACTORS-GENES OF ANKYLOSING SPONDYLITIS

‘TOEYN ‘esdL

Ioyny :92unos
'sauab Ai1o1e|nha 1 8yl ate sjop J0jod desp ayl pue sioloe) uondiiosuell ayl areaipul (XVIN
) s10p J0j02 1ybBI| 8yl Banjea © Aemyred ylomisu 1saybiy ayl 10} sloioe} uondiiosuell 891yl ayl jo ydelub ylomwu ay]l ‘9 Hi4

XV FJEHN £5dl



126 HAI-FENG SONG, JUN-WEI GAO, SHU-GANG LI ET AL.

DEG

enriched:TFt GnetﬁTi?t

3007
200 -
100"

0-

G _TFt
names

fill

B peG
. TF_target

TFL DEG

Fig. 7. Transcription factor coverage. The deep color represents DEG not regulated by TFs, and light

color represents DEG regulated by TFs.
Source: Author

and their research methods, especially the de-
velopment of bioinformatics in recent years, the
mechanism of transcriptional regulation and dis-
eases contain AS will be further study. TFs gen-
erally include three major functional domains,
DNA-specific sequence binding domains, tran-
scriptional activation domains, and regulatory
domains between proteins and proteins (van der
Does etal. 2016). Some small chemical molecules
can affect the binding of TFs to DNA molecules,
so they can regulate TFs-mediated regulation of
gene expression (Alizadeh et al. 2017). Studies
have found 14 DEGs in AS patients, among which
EP300 was identified as interesting candidate
genes that might be able to provide insight into
AS progression (Kim et al. 2015). Studies have
reported that selective endothelial-cell deletion
of FLII in mice led to down-regulation of classic

endothelial-cell markers, which was also known
as down-regulated in vasculature of patients with
systemic sclerosis, such as AS patients (van Bon
etal. 2014). This study was consistent with these
studies, showing that the researchers’ method
was effective and practical. Of course, those TFs
target genes, such as RAD54B, NASP, DTL and
so forth, have not been reported on AS, which
will be the focus of the future research, provid-
ing a theoretical basis for the treatment of AS.
Bioinformatics methods can analyze a large
number of DNA sequence data and gene expres-
sion products, more in-depth analysis of the func-
tional relationship between genes and proteins
(TFs are a type of DNA-binding proteins) (van
Bon etal. 2014). A long time ago, using bioinfor-
matics methods to analyze genomic DNA se-
quence information as a starting point, structur-
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al modeling and functional prediction of pro-
teins and RNAs, and consequent drug design,
were a common and sophisticated routine (Liu
et al. 2017). Studies constructed a database,
which allows the identification of target genes
for each transcription factor and serves as a
starting point for further studies on the regula-
tion of transcription factor combinations (Does
et al. 2016). The researchers’ approach used
TFpro to establish AS-specific transcription fac-
tor regulation models through expression profil-
ing and PPI networks. The results obtained by
these models are useful for clarifying the mecha-
nism of action of specific transcription factors
and ultimately for understanding which pathways
of these transcription factors play in the organ-
ism. Finally, three TFs (TP53, NR3C1, MAX) re-
lated with AS for the highest network pathway G
value were obtained. The tumor suppressor TP53
functions multiply affect in cells and regulate
growth negatively via many mechanisms, includ-
ing increased senescence (Z et al. 2017). Recent-
ly, it has been recognized that TP53 plays a vital
role in the differentiation and proliferation of pro-
genitor/stem cells (Gao et al. 2016). It has been
found that TP53 mutation is an independent pre-
dictor of tumor recurrence in lower and intermedi-
ate cancers (Fagerholm et al. 2017). NR3Cl isa
glucocorticoid receptor (GR) and ligand-activat-
ed TF (Wu et al. 2017). Specifically, the NR3C1
gene encodes a GR that is expressed in brain and
many peripheral tissues and is participated in bind-
ing cortisol and modulating cortisol response and
levels (Sheinkopfetal., 2016). Studies have shown
that epigenetic mechanism regulating the expres-
sion of NR3C1 promoter may affect the biological
and behavioral aspects of the human infant’s
stress response (Conradt et al. 2015). These find-
ings were also providing a theoretical basis for
the treatment of AS in the future.

CONCLUSON

In summary, based on bioinformatics meth-
ods, our analysis discovered optimal 30 key TFs
related to AS. This study may provide important
potential therapeutic targets for AS.

RECOMMENDATIONS

However, there were few limitations in this
paper. Firstly, the analysis results need to be con-
firmed by the clinical data of large samples. Sec-
ondly, the dataset used in this work were down-

loaded from the GEO database, not produced by
us. So, the database may have some limitations.
Additionally, the results based on bioinformatics
prediction were obtained from this work, but were
not confirmed relying on experiments. Therefore,
to reveal new insights into the role of TFs in AS,
further researches need to be study.
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