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	 Background:	 Juvenile idiopathic arthritis (JIA) is one of the most common inflammatory disorders of unknown etiology. We 
introduced a novel method to identify dysregulated pathways associated with polyarticular JIA (pJIA).

	 Material/Methods:	 Gene expression profiling of 61 children with pJIA and 59 healthy controls were collected from E-GEOD-13849; 
300 pathways were obtained from Kyoto Encyclopedia of Genes and Genomes (KEGG) database and 787,896 
protein-protein interaction sets were gathered from the Retrieval of Interacting Genes. Attractor and crosstalk 
were designed to complement each other to increase the integrity of pathways assessment. Then, impact fac-
tor was used to assess the interactions inter-pathways, and RP-value was used to evaluate the comprehensive 
influential ability of attractors.

	 Results:	 There were seven attractors with p<0.01 and 14 pathways with RP<0.01. Finally, two significantly dysfunction-
al pathways were found, which were related to pJIA progression: p53 signaling pathway (KEGG ID: 04115) and 
non-alcoholic fatty liver disease (NAFLD) (KEGG ID: 04932).

	 Conclusions:	 A novel approach that identified the dysregulated pathways in pJIA was constructed based on attractor and 
crosstalk. The new process is expected to be efficient in the upcoming era of medicine.
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Background

Juvenile idiopathic arthritis (JIA) is one of the most common 
inflammatory disorder with unknown etiology, presenting in 
children younger than 16 years of age [1]. Polyarticular JIA 
(pJIA) is defined as disease involving more than five joints [2]. 
The incidence and prevalence is 0.07 to 4.01 per 1,000 chil-
dren varying by geography and ethnicity [3,4]. The treatment 
of JIA is time-consuming and frequently causes complications 
after managed with drugs [5,6]. Previous studies reported the 
composition of phospholipid fatty acids [7], and immunologi-
cal investigations [8] in children with juvenile chronic arthritis.

The current discrepancy in the prevalence of JIA may be af-
fected by genetic factors.

Identifying differentially expressed genes (DEG) and dysregu-
lated pathways using high-throughput experimental data be-
tween normal and JIA disease groups can provide insights [9].

The DEG and pathways are easy to understand high-level func-
tions that can be used to infer potential molecular and func-
tional insights. Recent reports claimed that gene expression 
patterns could identify biomarkers of arthritis, and highlighted 
the relevance of pJIA through dysregulated pathways [10–13].

Pathway databases, such as Kyoto Encyclopedia of Genes and 
Genomes (KEGG), can exploit useful pathway topology informa-
tion. It is well known that Kauffman’ attractor can find many 
well-defined ensembles of model networks whose statisti-
cal features matched those of real cells and organisms [14]. 
Mar et al. [15] reported that attract could be a new approach 
that leverages both existing DEG and pathways among three 
different cell phenotypes. We employed attract to screen dif-
ferentially expressed pathways for the purpose of narrowing 
the number of correlated dysregulated pathways.

Screened attractors are an efficient means to identify target 
functions. However, they invariably focus on internal effects 
of a single pathway in isolation and fail to consider the inher-
ent dependency inter-pathways. Pathway crosstalk refers to 
the interaction or cooperation between pathways. The con-
struction of a pathway crosstalk network (PCN) inter-path-
ways is convenient to master the comprehensive interactions 
in pJIA [16]. In our study we used a scoring scheme to identi-
fy these pathways, taking into account both attractors of in-
ternal pathway effects and crosstalk inter-pathways.

In our study, we introduced a novel approach to identify dys-
regulated pathways associated with pJIA. What we want is 
significantly dysfunctional pathways with strong interactions 
which are related to pJIA progression. The new method may be 
meaningful in seeking influential pathways by reinforcement 

of attractor and crosstalk, which served as therapy target-
ing markers.

Material and Methods

Gene expression datasets

The transcription profile was obtained from EMBI-EBI 
ArrayExpress [17]. Gene expression profiling of 61 chil-
dren with pJIA and 59 healthy controls were collected from 
E-GEOD-13849 [18]. The platform was A-AFFY-44 - Affymetrix 
GeneChip Human Genome U133 Plus 2.0 (HG-U133_Plus_2).

The gene chip data were read using the affy package [19]. 
The Linear Models for Microarray Data (LIMMA) [20] was then 
used to preprocess data. Background adjustment and quantile 
data normalization were performed by robust multi-array av-
erage [21]. To protect against outlier probes we used a robust 
procedure, median polish, to estimate model parameters. The 
average value of a gene symbol with multiple probes was cal-
culated. To screen DEG, p£0.01 and |log fold change (FC) | ³2 
were set as the threshold levels.

Pathway data

Information from gene sets representing biological human 
pathways was obtained from KEGG database [22], which 
provides copious pathway information [23,24]. A set of path-
ways with gene set size >100 or <5 were filtered. After size 
cutoffs were set, 300 pathways were obtained for down-
stream analysis.

Protein interaction data

The human protein-protein interaction (PPI) sets representing 
biological genes were obtained from the Retrieval of Interacting 
Genes (STRING; v. 9.0) [25]. After removing self-interactions, 
we had 787,896 PPI sets.

Attractor analysis within pathways

Based on attractor theory [14], attract was used to screen 
differentially expressed pathways related to pJIA from 300 
KEGG pathways.

To test data of 300 KEGG pathways, GSEA-ANOVA was em-
ployed as a gene set enrichment algorithm; which was differ-
ent from other methods in multiple classes [15]. The obtained 
differences among the expression profile of samples were iden-
tified as attractors. From the ANOVA model, we compute the 
F-statistic for gene i:
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pathways were obtained for downstream analysis. 

3. Protein interaction data 

The human protein-protein interaction (PPI) sets representing biological genes were obtained 

from the Retrieval of Interacting Genes (STRING; v. 9.0) [25]. After removing 

self-interactions, we had 787,896 PPI sets.

4. Attractor analysis within pathways  

Based on attractor theory [14], attract was used to screen differentially expressed pathways 

related to pJIA from 300 KEGG pathways.  

To test data of 300 KEGG pathways, GSEA-ANOVA was employed as a gene set enrichment 

algorithm; which was different from other methods in multiple classes [15]. The obtained 

differences among the expression profile of samples were identified as attractors. From the 

ANOVA model, we compute the F-statistic for gene i:
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The F-statistic captures the strength of different expression observed in genes of pJIA. Large 

values of the F-statistic mean a strong association with JIA-specific expression changes.  

For pathway P consisting of gp genes, the T-statistic takes the following form: 
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where G represents the total number of genes with a pathway annotation and the sample 

variances 2s p  and 2sG  are defined as: 
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and the degrees of freedom are specified by the Welch-Satterwhaite equation: 
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Attractors were ranked according to the significance of difference.  

5. Crosstalk analysis of inter-pathways 

Background analysis 

The pathway crosstalk network (PCN) of the control group was constructed using the Li et al 

[16] method. The value of weight of the background PCN was defined as the number of PPI 

sets.

(1) Fish Exact test was performed to evaluate gene overlap between any pair of 300 pathways 

[26]. Raw p-values were adjusted by false discovery rate (FDR) [27]. Pathway pairs with 

adjusted p < 0.05 were removed. 

(2) The number of PPI sets was counted between any pair of pathways. For each pathway pair, 
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pathways were randomized, Step 2 was performed to count 
the number of interactions between them.

4)	�The one-sided Fisher Exact test on all pathway pairs was per-
formed using the 2×2 contingency table. P-values of Fisher 
Exact test were adjusted using FDR BH procedure and empir-
ical p-value was calculated by counting the number of per-
mutations in which the count of random interactions was 
higher than or equal to that of true interactions.

5)	�All pathway pairs with adjusted Fisher p<0.05 were used to 
construct the PCN, where a node represented a pathway and 
an edge was crosstalk between two pathways. To clean up 
the network, two types of ‘redundant’ edges were removed: 
(a) edges with significant gene overlap identified in Step 1 
were removed from the network; (b) the two edges between 
two overlapping pathways were considered redundant.

Network of pJIA

Base on the original method of crosstalk [16], the network of 
pJIA could be constructed. In Step 3, we modified it to narrow 
the number of edges in the network.

A gene in the pathway had interactions when it met one of 
the two conditions: (1) Spearman correlation coefficients of 
every PPI set were calculated in the control and normal group. 
When the absolute value of the different value between them 
was >0.7, the edge remained. Geometric mean of the absolute 
value was defined as the value of the weight between the two 
pathways (2) The two genes in an interaction were DEGs. The 
p<0.01 and |log fold change (FC) | >1 were set as the thresh-
old levels for the identification of DEG.

4154
Indexed in:  [Current Contents/Clinical Medicine]  [SCI Expanded]  [ISI Alerting System]   
[ISI Journals Master List]  [Index Medicus/MEDLINE]  [EMBASE/Excerpta Medica]   
[Chemical Abstracts/CAS]  [Index Copernicus]

Wang Y. et al.: 
Pathway identification in polyarticular juvenile idiopathic arthritis

© Med Sci Monit, 2016; 22: 4152-4158
LAB/IN VITRO RESEARCH

This work is licensed under Creative Common Attribution-
NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0)



Important crosstalk pathways

The PCN was performed in topology analysis. Pathways were 
ordered by the degree of nodes. The scores of pathways were 
calculated.

Score = degree of pJIA/degree of background� (9)

Comprehensive analysis

Impact factor was used to assess the interactions between 
2 pathways.

Impact factor = outer × (1-p)� (10)

Outer means the degree of interactions from crosstalk analy-
sis and p represents the p-value of the attractor.

RP-value was used to evaluate the comprehensive identified 
ability within pathways and between pathways.

RP-value = (rank inter/total) × (rank outer/total)� (11)

Rank inter represents the ranking of attractor’s p-value and 
rank outer means the ranking of interactions. Total means the 
sum of within and outer.

Results

Crosstalk of pJIA related pathways

The PCNs of background and pJIA were generated with gene 
expression profiling of 61 pJIA patients and 59 controls, re-
spectively. The detail of PCNs was shown in the supplemen-
tal material. The crosstalk difference of background and pJIA 
are shown in Figure 1. In the control group, a majority of de-
grees in 300 pathways were between 255 and 300. The pJIA 
group was significantly different, with degrees lower than 180. 
This result gives evidence for the strong relationship between 
these pathways with pJIA.

Bigger value scores indicated more important crosstalk path-
ways. The top three important pathways were hepatitis B 
(KEGG ID: 05161), viral carcinogenesis (KEGG ID: 05203), and 

KEGG ID KEGG Pathway Attractor P-value Impact factor RP-value

03010 Ribosome 9.29E-15 29 0.001878

03050 Proteasome 0.00039 32.98714 0.003689

05016 Huntington’s disease 0.000548 68.96219 0.0044

04932 Non-alcoholic fatty liver disease (NAFLD) 0.000827 106.9115 0.004089

00190 Oxidative phosphorylation 0.00366 1.99268 0.011

03040 Spliceosome 0.005941 25.84552 0.011333

05012 Parkinson’s disease 0.005941 15.90494 0.014

Table 1. 7 significant pathways identified by Kauffman’ attractor (P<0.01).

Figure 1. �The crosstalk difference of background 
(control) and pJIA.
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pathways in cancer (KEGG ID: 05200). They provided valuable 
information for the mechanism of the pJIA.

Identification of KEGG pathways

300 KEGG pathways were evaluated comprehensively by 
Kauffman’ attractor, impact factor and RP-value. There were 
12 attractors with p<0.05 and 7 attractors with p<0.01 (Table 1, 
Figure 2); the 12 attractors were significantly different in the pe-
ripheral blood mononuclear cells (PBMC). There were some mo-
lecular alterations in the pathways themselves related to pJIA, 
which showed they were differentially expressed pathways.

In terms of interactions inter-pathways, impact factor was 
used to assess their contact. There were different values that 
varied from 0 to 150, shown in Figure 3, which indicated that 
there were different degrees of interactions inter-pathways.

RP-value was used to comprehensively assess 300 pathways, 
including within pathways and inter-pathways. There were 
60 pathways with RP <0.05 and 14 pathways with RP <0.01 

(Figure 2). Finally, screened from 12 attractors, two pathways 
matched with attractor p<0.05, big value of impact factor and 
RP-value <0.05. They were the p53 signaling pathway (KEGG 
ID: 04115) and the non-alcoholic fatty liver disease (NAFLD) 
(KEGG ID: 04932) pathway, which were considered to be sig-
nificantly dysfunctional pathways with strong interactions. 
These pathways might play more important roles in the de-
velopment of pJIA due to their dysfunctional expression and 
strong interactions.

Discussion

Attractor theory is well known as a knowledge-driven ana-
lytical way to distinguish and annotate gene-sets [14]. It was 
used to evaluate expression within pathways in embryon-
ic stem cells [15]. The results are more complete than tradi-
tional DEG analysis due to narrowing the number of correlat-
ed dysregulated pathways.

Figure 2. �300 KEGG pathways were evaluated 
by Kauffman’ attractor and RP-value.
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Figure 3. �Interactions inter-pathways were 
assessed by impact factor.150
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In our study, 12 attractors (p<0.05) with statistically signifi-
cant alterations were screened. While they were differentially 
expressed pathways in patients, the integral influence to the 
system was absent. From Figure 2, we can see that the varia-
tion trend of p-values of attractor were not absolutely consis-
tent with that of RP-value. Therefore, it was necessary to em-
ploy crosstalk to assess interactions across pathways. Pathways 
with big impact factor values were considered to have strong 
contact with other pathways. We found that three attractors 
showed big impact factor values, but nine attractors did not 
(impact factor <80). This suggests that pathways screened by 
attractors were not exactly dysregulated and influential ones. 
Those pathways with p<0.05 and small impact factor values 
were considered to have small effects, which should be filtered.

Our results suggested attractors might fail to identify pathways 
effectively because of incomplete information on inherent in-
terdependency inter-pathways. This is similar to the challenge 
faced by other pathway-identification methods that apply to-
pological pathway information [24]. After assessing the inter-
actions inter-pathways by crosstalk, our novel approach en-
hanced attractors to identify dysregulated pathways. Recently, 
methods to comprehensively identify dysregulated pathways 
have become a major focus of study [9]. This novel method 
that combined attractor and crosstalk is hoped to be further 
applied to other diseases.

We applied RP-values to evaluate the comprehensive identi-
fied ability both within pathways and inter-pathways. What we 
wanted was influential dysregulated pathways with attractor 
p<0.05, big impact factor value and RP-value <0.05. From the 
screening of 12 attractors, two pathways matched the condi-
tions: p53 and NAFLD pathways. The p53 signaling pathway 
(KEGG ID: 04115) is important in many diseases [28], in which 
p53 activation is induced by DNA damage, oxidative stress, 
and activated oncogenes [29]. The NAFLD (KEGG ID: 04932) 
has been identified as a significant pathway of pJIA. Previous 
studies have reported that JIA is related to hepatomegaly [30]. 
Therefore, these two pathways are likely to be important in 
the molecular mechanism of pJIA.

Conclusions

In our study, a novel approach that identified the dysregulat-
ed pathways of pJIA was constructed. It was based on attrac-
tor of within-pathway effects and crosstalk inter-pathways. 
This constructed process is expected to be efficient in the up-
coming era of medicine.
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