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Abstract: The etiology of Parkinson disease (PD) is not well established. In order to identify dysregulated pathways 
in the pathogenesis of PD, gene expression profiling of 38 Parkinson’s disease patients and 23 healthy controls 
were collected. The pathway crosstalk networks were constructed to assess interactions inter-pathways. A total of 
18 differentially expressed genes were identified in Parkinson’s disease. There were 39 attractors with P<0.01 and 
27 pathways with RP<0.01. Finally, 19 significantly dysfunctional pathways with strong interactions directly related 
to Parkinson disease progression were found. Among them, Epstein-Barr virus infection was the most significantly 
different pathway. In conclusion, a novel pipeline that identified the dysregulated pathways in Parkinson’s disease 
was constructed based on attractor of within-pathway effects and crosstalk inter-pathways. 
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Introduction

Parkinson disease (PD) is a degenerative disor-
der of the central nervous system mainly affect-
ing the motor system [1-3]. Early in the course 
of the disease, the most obvious symptoms are 
movement-related. Later, thinking and behav-
ioral problems may arise, with dementia com-
monly occurring in the advanced stages of the 
disease, and depression being the most com-
mon psychiatric symptom [4]. The disease can 
be either primary or secondary. Primary Parkin- 
son’s disease has no known cause, although 
some atypical cases have a genetic origin. 
Secondary parkinsonism is due to known 
causes like toxins. Many risks and protective 
factors have been investigated: the clearest 
evidence is for an increased risk in people 
exposed to certain pesticides and a reduced 
risk in tobacco smokers. The motor symptoms 
of the disease result from the death of cells in 
the substantia nigra, a region of the midbrain. 
Parkinson’s disease in most people is idiopath-
ic (having no specific known cause). However, a 
small proportion of cases can be attributed to 
known genetic factors. Other factors have been 

associated with the risk of developing PD, but 
no causal relationships have been proven [5].

It is a significant task that identifying dysregu-
lated pathways from high-throughput experi-
mental data in order to infer potential molecu-
lar and functional insights [6]. The differentially 
expressed genes (DEG) and pathways can help 
to understand high-level functions between 
normal and disease groups. Recently, canoni-
cal reports claimed that gene expression pat-
terns could identify biomarkers of Parkinson’s 
disease, which highlighted the relevance of the 
innate immune system through signaling path-
ways [3, 7-17]. 

There are abundant pathways related to 
Parkinson’s disease in Kyoto Encyclopedia of 
Genes and Genomes (KEGG) pathway data-
base, which provides useful pathway topology 
information. Kauffman’ attractor theory was 
famous for finding one or more well-defined 
ensembles of model networks whose statistical 
features matched those of real cells and organ-
isms [4, 16, 18-22]. Mar et al. [23] reported 
that attract was a new approach that could 
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leverage both existing pathway databases and 
the DEG between cell phenotypes. We employed 
it to screen attractors within pathways from 
vast data of KEGG pathway database, in order 
to narrow down the number of correlated dys-
regulated pathways. 

Screened differentially expressed pathways are 
efficient to identify target functions. However, 
they invariably focus on internal effects of sin-
gle pathway and are fail to consider the inher-
ent interdependency inter-pathways. Pathway 
crosstalk refers to the phenomenon of interac-
tion or cooperation between pathways. The 
construction of a pathway crosstalk network 
(PCN) inter-pathways is conductive to under-
stand the comprehensive interactions in Par- 
kinson’s disease [24-28]. Then a scoring sche- 
me was utilized to comprehensively identify 
these pathways, taking into account both attr- 
actors of internal pathway effects and cross-
talk inter-pathways.

In this study, we introduced a novel pipeline to 
identify dysregulated pathways associated with 
Parkinson’s disease. Ultimately several signifi-
cantly dysfunctional pathways with strong inter-
actions which directly related to Parkinson’s 
disease progression were found. Attractor and 
crosstalk were designed to complement each 
other in order to increase the integrity of path-
ways assessment. The new method was hoped 
to be meaningful in seeking influential path-
ways by reinforce of attractor and crosstalk, 
which served as therapy targeting markers.

Materials and methods

Gene expression datasets

The transcription profile was obtained from 
EMBIE-BI ArrayExpress [29]. Gene expression 
profiling of 38 Parkinson’s disease patients and 
23 healthy controls were collected from E-GEOD- 
16561 [30]. The platform was A-MEXP-1172-
Illumina HumanRef-8 v 3.0 Expression Bead 
Chip. Data of the gene chip was read in the affy 
[31]. The Linear Models for Microarray Data 
(LIMMA) was then used to preprocess data. 
Background adjustment and quantile data nor-
malization were performed by robust multi-
array average (RMA) [32]. To protect against 
outlier probes we used a robust procedure, 
median polish [33], to estimate model param-
eters. The average value of a gene symbol with 
multiple probes was calculated. To scree differ-
entially expressed genes (DEG), P≤0.01 and 

|log fold change (FC) I≥2 were set as the thresh-
old levels.

Pathway data

Information from gene sets representing bio-
logical pathways of human was obtained from 
Kyoto encyclopedia of Genes and Genomes 
(KEGG) database [34] which provides copious 
pathway information [35, 36]. A set of pathways 
of which gene set size is >100 or <5 were  
filtered. After these size cutoffs were set up, 
294 pathways were obtained for downstream 
analysis.

Protein interaction data  

The human protein-protein interaction (PPI) 
sets representing biological genes were ob- 
tained from the Retrieval of Interacting Genes 
(STRING; v 9.0) [37]. After removing self inter-
actions, we ended up with 787896 PPI sets.

Attractor analysis within pathways 

Based on attractor theory [38], attract was 
used to screen differentially expressed path-
ways related to Parkinson’s disease from 294 
KEGG pathways. To test data of 294 KEGG 
pathways, GSEA-ANOVA was employed as a 
gene set enrichment algorithm, which was dif-
ferent from other methods in multiple classes 
[23]. Obtained differences among the expres-
sion profile of samples were identified as attrac-
tors. From the ANOVA model, we compute the 
F-statistic for gene i: 
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The F-statistic captures the strength of differ-
ent expression observed in genes of Parkinson’s 
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disease. Large values of the F-statistic mean a 
strong association with Parkinson’s disease-
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 vari-
ances sp2  and sG2  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 signifi-
cance of difference. 

Crosstalk analysis of inter-pathways

The pathway crosstalk network (PCN) of control 
group was constructed in Li et al. [24] 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 294 path-
ways [39]. Raw P-values were adjusted by false 
discovery rate (FDR) [40]. Pathway pairs with 
adjusted P<0.05 were removed.

(2) The number of PPI sets was counted 
between any pair of pathways. For each path-
way pair, count all interactions after removing 
genes shared in both pathways.

(3) Background distribution of PPI sets counted 
in each pair of pathways was estimated. Every 
pathway was randomized repeating 1000 
times. When a gene in the pathway has interac-
tions, it is considered that there is crosstalk 
between pathways. First count the number of 
genes it interacts with, and randomly draw a 

gene from the PPI data base which interacts 
with similar number of genes. Then the original 
gene was replaced with this newly selected 
gene. Once both pathways were randomized, 
Step 2 was performed to count the number of 
interactions between them. 

(4) The one-sided Fisher Exact test on all path-
way pairs was performed using the 2 × 2 con-
tingency table. P-values of Fisher exact test 
were adjusted using FDR BH procedure [40] 
and empirical P-value was calculated by count-
ing the number of permutations in which the 
count of random interactions is 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 represents a pathway and an edge is 
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 re- 
dundant. 

Table 1. 18 DEG identified in the Parkinson’s 
disease
DEG Log FC P-value
Up-regulated
    RGS2 1.0107 3.24E-14
    PDK4 2.0079 7.54E-11
    ARG1 2.6940 1.70E-09
    IQGAP1 2.0330 9.65E-09
    CRISPLD2 2.0690 5.39E-08
    PADI4 2.0232 6.95E-08
    MMP9 2.4304 1.36E-07
    CSPG2 2.0757 4.93E-07
    CA4 2.0994 3.35E-06
    S100A12 2.2762 5.03E-06
    ACSL1 2.0946 8.29E-06
    FOLR3 2.0949 1.87E-05
    AKAP7 2.1421 2.27E-05
    LY96 2.1194 2.86E-05
    ORM1 1.1837 0.00014
    FCGR3B 1.1743 0.00066
    APOBEC3A 2.1644 0.00092
Down-regulated
    CCR7 -1.0838 5.70E-07
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Network of Parkinson’s disease 

Base on the original method of crosstalk [24], 
the network of Parkinson’s disease can be con-
structed. In Step 3, we modified it to narrow 
down the number of edges in the network.

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

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 Parkinson’s disease/degree 
of background                                                 (9)

Comprehensive analysis

Impact factor was used to assess the interac-
tions between a pathway with other pathways. 

Impact factor = outer × (1-p)                                      (10)

Outer means the degree of interactions from 
crosstalk analysis and p represents the P-value 
of the attractor.

RP-value was used to evaluate the comprehen-
sive identified ability within pathways and bet- 
ween pathways [41]. 

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 inter and 
outer.

Results

DEG in the Parkinson’s disease

According to the criteria outlined (|log FC|≥2; 
P≤0.01), a total of 18 DEG were identified in 
Parkinson’s disease, of which 17 were up-regu-
lated and 1 was down-regulated (Table 1). 
These DEG might identify molecular alterations 
and provided diagnostic biomarkers to the 
Parkinson’s disease. 

Crosstalk of the Parkinson’s disease related 
pathways

The PCNs of background and Parkinson’s dis-
ease were generated with gene expression pro-
filing of 39 Parkinson’s disease patients and 24 
controls, respectively. The detail of PCNs was 
showed in the supplement material. The cross-
talk difference of background and Parkinson’s 
disease was shown in Figure 1. In control 
group, a majority of degrees in 294 pathways 
were between 255 and 300. The Parkinson’s 
disease group was significantly different with 

Figure 1. The crosstalk difference of background and Parkinson’s disease.
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(Figure 2), which indicated these 68 attractors 
were significantly different in the Parkinson’s 
disease. There were some molecular altera-
tions existed in pathways themselves related to 
the Parkinson’s disease, which sh-owed they 
were differentially expressed pathways. 

In terms of interactions inter-pathways, impact 
factor was used to assess their contact. There 
were different values varied 0 to 272 showed in 
Figure 3, which indicated that there were differ-
ent degree of interactions inter-pathways. 

RP-value was used to comprehensively assess 
294 pathways, including within pathways and 
inter-pathways. There were 64 pathways with 
RP<0.05 and 27 pathways with RP<0.01 (Fi- 
gure 2). Finally screened from 39 attractors, 19 

the background. This result gives evidence for 
the strong relationship between these path-
ways with the Parkinson’s disease. 

Bigger value of scores indicated more impor-
tant crosstalk pathways. The top 3 important 
pathways were Pyrimidine metabolism (KEGG 
ID: 00240), HTLV-I infection (KEGG ID: 05166) 
and Epstein-Barr virus infection (KEGG ID: 
05169). They provided valuable information for 
the mechanism of the Parkinson’s disease.

Identification of KEGG pathways

A total of 294 KEGG pathways were evaluated 
comprehensively by Kauffman’ attractor, im- 
pact factor and RP-value. There were 68 attrac-
tors with P<0.05 and 39 attractors with P<0.01 

Figure 2. Differentially expressed pathways in Parkinson’s disease patients.

Figure 3. Interactions inter-pathways were assessed by Impact factor.
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Table 2. Top 9 of significant pathways identified by Kauffman’ attractor, Impact factor and RP-value
KEGG ID KEGG Pathway Attractor P-value Impact factor RP-value
05169 Epstein-Barr virus infection 1.12E-11 272 2.31E-05
05152 Tuberculosis 2.83E-06 257.9992701 0.000659447
05203 Viral carcinogenesis 5.18E-05 262.9863678 0.001353603
00230 Purine metabolism 0.004527077 267.7822164 0.00138831
05164 Influenza A 0.000100413 258.9739931 0.002221297
05016 Huntington’s disease 0.000282903 263.9253137 0.002290712
05168 Herpes simplex infection 0.000412243 260.8924045 0.003077421
04380 Osteoclast differentiation 0.000282903 253.9281427 0.004720255
04932 Non-alcoholic fatty liver disease (NAFLD) 0.003514779 254.1037314 0.006363089

pathways matched with attractor P<0.01, big 
value of impact factor and RP-value <0.01. 
They were considered to be significantly dys-
functional pathways with strong interactions 
which directly related to Parkinson’s disease 
progression. Top 9 of significant pathways were 
shown in Table 2. These pathways might play 
more important roles in the development of 
Parkinson’s disease due to their dysfunctional 
expression and strong interactions. Among 
them, Epstein-Barr virus infection (KEGG ID: 
05169) was the most significantly different 
pathway.

Discussion

Attractor theory was famous as a knowledge-
driven analytical way to distinguish and anno-
tate the gene-sets [38]. It was used to elevate 
expression across pathways in embryonic stem 
cells [23]. The results with pathways will be 
more complete instead of traditional DEG anal-
ysis due to narrowing down the number of cor-
related dysregulated pathways. 

In this study, 68 attractors (P<0.05) with statis-
tically significant alteration were screened from 
294 KEGG pathways in response to molecular 
mechanism and pathology process of Parkin- 
son’s disease. We found that most of them 
were related to diseases, such as Tuberculosis 
(KEGG ID: 05152), Alzheimer’s disease (KEGG 
ID: 05010), Measles (KEGG ID: 05162) and 
Huntington’s disease (KEGG ID: 05016). They 
were differentially expressed pathways in 
Parkinson’s disease patients, however, the 
integral influence to the system was absent. 
From Figure 2, we can see that the variation 
trend of attractor were not absolutely consis-
tent with that of RP-value. Therefore, crosstalk 
was employed to assess the interactions inter-

pathways. Pathways with big value of impact 
factor were considered to have strong contact 
with other pathways. Interestingly, most of 68 
attractors were with big values of impact factor, 
but 13 pathways were not (impact factor <190). 
Meanwhile, the RP-values of most of the 14 
pathways were >0.05. It claimed that pathways 
screened by attractor were not exactly dysregu-
lated and influential ones. Those pathways with 
attractor P<0.05 and small values of impact 
factor were considered to have small effect and 
should be filtered. 

The results suggested attractor might fail to 
identify pathways effectively because of incom-
plete information on inherent interdependency 
inter-pathways pathway. This is similar to the 
challenge faced by other pathway-identification 
methods that apply topological pathway infor-
mation [36]. After assessing the interactions 
inter-pathways by crosstalk, the novel approach 
enhanced attractor to identify dysregulated 
pathways. Recently, ways to comprehensively 
identify dysregulated pathways have become a 
major focus [6]. The novel method combined 
attractor and crosstalk is hoped to be further 
applied to other diseases.

We applied RP-value to evaluate the compre-
hensive identified ability both within pathways 
and inter-pathways. What we want is influential 
dysregulated pathways which with attractor 
P<0.05, big value of impact factor and RP-value 
<0.05. Screened from 68 attractors, 46 path-
ways matched the condition. Screened from 39 
attractors, 19 pathways matched with attractor 
P<0.01 and RP-value <0.01. We found that 
most of them were pathways related to diseas-
es, such as Influenza A (KEGG ID: 05164), 
Huntington’s disease (KEGG ID: 05016), Hepa- 
titis B (KEGG ID: 05161) and Non-alcoholic 



Dysregulated pathways in PD

3085	 Int J Clin Exp Med 2017;10(2):3079-3087

fatty liver disease (NAFLD) (KEGG ID: 04932). 
The pathway Epstein-Barr virus infection (KEGG 
ID: 05169) owned minimum RP-value and maxi-
mal impact factor among them. Meanwhile it 
was one of the most important crosstalk path-
ways. It is well known that distinct forms of 
Epstein-Barr virus can cantribute to the differ-
ent infectious diseases and tumors [42]. There- 
fore, the pathway Epstein-Barr virus infection 
was considered to be important in the molecu-
lar mechanism of Parkinson’s disease.

Conclusion

Based on our results, we conclude that a novel 
pipeline that identified the dysregulated path-
ways in Parkinson’s disease. It is based on 
attractor of within-pathway effects and cross-
talk inter-pathways. We hope the constructed 
process can be efficient in the upcoming era of 
medicine.
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