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Abstract. The aim of the present study was to predict 
pathogenic genes for primary myelofibrosis (PMF) using a 
system‑network approach by combining protein‑protein inter-
action (PPI) network and gene expression data with known 
pathogenic genes. PMF gene expression profiles, known patho-
genic genes and protein‑protein interactions were obtained. 
Using these data, differentially expressed genes (DEGs) were 
identified between PMF and normal conditions using signifi-
cance analysis of microarrays, and seed genes were determined 
based on the intersection of known pathogenic genes and the 
PMF gene expression profile. A new network was constructed 
using the seed genes and their adjacent DEGs within the PPI 
network. Subsequently, a pathogenic network was extracted 
from the new network, and contained genes that interacted 
with at least two seed genes, and the candidate pathogenic 
genes were predicted based on the cohesion with seed genes. 
Cluster analysis was performed to mine the pathogenic 
modules from the pathogenic network, and functional analysis 
was performed to identify the putative biological processes of 
the candidate pathogenic genes. Results from the present study 
identified 845 DEGs between PMF and normal conditions, and 
45 seed genes in PMF were screened. Subsequently, a patho-
genic network comprising 103 nodes and 265 interactions 
was constructed, and 4 pathogenic modules (modules A‑D) 
were mined from the pathogenic network. There were nine 
candidate pathogenic genes contained within Module A 
and four potential pathogenic genes, including E1A‑binding 
protein p300, RAS‑like proto‑oncogene A, von Willebrand 
factor and RAF‑1 proto‑oncogene, serine/threonine kinase, 
were identified that may be involved in the same biological 
process with the seed genes. This study predicted 10 candidate 

pathogenic genes and several signaling pathways that may be 
related to the pathogenesis of PMF using a system‑network 
approach. These predictions may shed light on the PMF patho-
genesis and may provide guidelines for future experimental 
verification.

Introduction

Myeloproliferative neoplasms (MPNs) are a heterogeneous 
group of chronic disorders that are characterized by increased 
proliferation of one or more of the myeloid lineages, which are 
considered to arise from a mutated hematopoietic stem cell (1). 
Primary myelofibrosis (PMF) is one of the three classic types of 
MPN (2), and is characterized by megakaryocyte hyperplasia, 
bone marrow fibrosis and abnormal stem cell trafficking (3). 
The progression of PMF from a precancerous neoplasm to an 
aggressive malignant cancer, such as leukemia, is variable in 
speed and incidence rates, but has a poor prognosis (4).

The underlying molecular pathogenesis of PMF is partially 
understood by the identification of the relationships between 
the disease and the functional mutations of Janus kinase 2 (5) 
and MPL proto‑oncogene, thrombopoietin receptor (6). In addi-
tion, the mutational profiling of a number of genes, including 
additional sex combs‑like 1 transcriptional regulator, enhancer 
of zeste 2 polycomb repressive complex 2, serine and arginine 
rich splicing factor 2 and isocitrate dehydrogenase, was also 
identified in patients with PMF at risk of premature death or 
leukemic transformation (7). However, calreticulin mutations 
in patients with PMF demonstrated a favorable effect on overall 
survival (8). Although the mutational landscape of PMF has 
been previously investigated, a comprehensive framework of 
the molecular mechanisms of PMF pathogenesis has not been 
fully elucidated.

Gene expression is highly regulated so that their proper 
biological functions may be executed in a cell in response 
to internal and/or external perturbations (9). Therefore, 
variations in gene expression during disease deteriora-
tion processes may be causally associated with phenotypic 
changes. That is, differentially expressed genes (DEGs) may 
provide clues on the pathogenesis of destructive diseases (10). 
However, analysis of DEGs alone may lead to false‑positive 
results, as some genes may exhibit significant differences in 
expression from certain stimuli that may not be related to the 
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pathogenic process (11). Disease pathogenesis often involves 
a complex network of proteins and other molecules (12). 
Therefore, network‑based systems biology approaches, such 
as protein‑protein interaction (PPI) networks, may provide 
insights into the pathogenesis of a certain disease and may 
explain the underlying molecular processes involved during 
the development and progression of complex diseases (13). 
Previously reported network‑based methods have been widely 
used in the identification of pathogenic genes in a number of 
diseases (14‑17). In addition, specific gene expression data 
combined with gene networks and known pathogenic genes 
may be effective in predicting unknown underlying pathogenic 
genes for a certain disease (18).

To better understand the molecular pathogenesis of PMF, 
the present study implemented a system-network approach 
to predict the underlying pathogenic genes for PMF by inte-
grating protein interaction maps and gene expression data. 
These results may aid in the identification of novel pathogenic 
genes and may contribute to the clinical guidance for the treat-
ment of PMF.

Materials and methods

System‑network approach. To identify potential pathogenic 
genes involved in PMF, we performed a systemic analysis, as 
outlined in Fig. 1 and detailed in the following sections.

Affymetrix microarray data recruitment. The gene expression 
profile of PMF (accession no. E‑GEOD‑53482) was obtained 
from the ArrayExpress database (www.ebi.ac.uk/arrayex-
press). This data set was from an A‑GEOD‑13667‑[HG‑U219] 
Affymetrix Human Genome U219 Array and the expression 
data were from mRNA expression profiling in CD34+ cells 
from 42 patients with PMF and 31 healthy donors (19). The 
microarray data and annotation files of PMF and healthy 
donors were downloaded; the probe level gene expression 
profile was converted into gene symbols and duplicated 
symbols were discarded. A total of 11,134 gene symbols were 
obtained for further analysis.

Identifying DEGs. The propensity of many diseases may be 
reflected in the difference in gene expressions in particular 
cell types (20). Therefore, differential gene expression 
analysis between patients with PMF and healthy controls was 
conducted on the gene expression profile. Significance analysis 
of microarrays (SAM) (21) was performed using the samr 
package (v2.0; cran.r‑project.org/web/packages/samr/index 
.html) in R, and was used to calculate gene expression values 
and identify DEGs in PMF. Briefly, SAM allotted a score value 
to each gene based on the change in expression relative to the 
standard deviation of repeated measurements. Given a gene (i), 
the differential expression level (Ci) was calculated as follows:

Where g(P, i) and g(H, i) represent the mean expression 
values of gene i in PMF (P) and healthy (H) conditions, 
respectively; sd(i) represents the standard deviation of repeated 
measurements and sd0 was chosen to minimize variable coef-
ficient. Each gene was given a score value based on the gene 

expression change compared with the standard deviation of 
repeated measurements. Genes with a score greater than the 
threshold value were considered to be potentially significant. 
The false discovery rate (FDR) was used to estimate the 
percentage of genes identified by chance (22). In the present 
study, the threshold value of FDR <0.05 and a delta cut‑off 
value of >3.278 were used.

Identifying pathogenic networks. The Online Mendelian 
Inheritance in Man (OMIM) database (www.omim.org) is 
a comprehensive compilation of human genes and genetic 
phenotypes, with a focus on the relationship between pheno-
type and genotype, and contains information on all known 
Mendelian disorders and over 15,000 genes. Prior to analysis, 
known pathogenic genes of PMF were retrieved from OMIM. 
A total of 85 pathogenic genes were identified to be associated 
with PMF in OMIM, of which 45 were in the E‑GEOD‑53482 
gene expression profile, and these 45 genes were treated as 
seed genes. In addition, a human PPI network was down-
loaded from the Search Tool for the Retrieval of Interacting 
Genes/Proteins (STRING) database (string‑db.org).

If the genes that interacted with the seed genes were 
potentially pathogenic, they may interact with the seed genes 
to maintain essential biological processes. Therefore, the 
seed genes and their adjacent DEGs within the PPI network 
were aligned to the human PPI network, and a new network 
was extracted from the PPI network. Subsequently, a smaller 
pathogenic gene network was extracted from the new network 
and contained DEGs that interacted with at least two seed 
genes. Genes in the pathogenic network were considered to 
be candidate pathogenic genes and may be related to PMF 
pathogenesis.

Candidate pathogenic genes. To improve confidence in the 
predicted pathogenic genes, co‑expression correlativity was 
analyzed between seed genes and candidate pathogenic genes 
in pathogenic network. Co‑expression status was evaluated 
by Pearson's correlation coefficient between the predicted 
pathogenic genes and seed genes, based on gene expression 
level. Each gene was assigned a weight according to the 
interactions and co‑expression level with seed genes. If a gene 
was co‑expressed and interacted with several seed genes, the 
confidence of it being a pathogenic gene increased. Based on 
Pearson correlation coefficients, the weight value (w) for a 
gene (a) was defined as follows:

Where D is the set of known pathogenic genes, PC(a,b) was 
Pearson's correlation coefficient between gene a and seed 
gene b and I(a,b) was an indication function, where I(a,b) = ~1 if 
gene a interacted with seed gene b and I(a,b) = ~0 if gene a did 
not interact with seed gene b. The weight values instructed 
the correlations between candidates and seed genes. Candidate 
pathogenic genes with higher weight values had higher confi-
dence as potentially involved in pathogenic processes.

Cluster analysis of the pathogenic network. Functionally 
related genes are often co‑expressed in many organisms, 
constituting conserved transcription modules (23), where 
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modules are groups of genes with expression profiles that are 
highly correlated across the samples (24). To further inves-
tigate how the potential pathogenic genes respond to stimuli 
in pathogenesis, cluster analysis was performed to mine the 
modules from the pathogenic network using the Cytoscape 
(v3.3.0; www.cytoscape.org/) plugin ClusterONE (v1.0; apps.
cytoscape.org/apps/clusterone). A significance score (SS) was 
utilized to measure the significance of the predicted modules, 
which was defined as the geometric mean of P‑values accom-
panying the nodes in the module. The P-value for each node 
was determined by the Mann‑Whitney‑Wilcoxon test based on 
gene expression data under two conditions.

To measure the statistical significance of the predicted 
modules, a P‑value was calculated by an empirical randomiza-
tion test procedure for each module. The P-values of the genes 
in a module were randomly shuffled, and each gene received a 
new P‑value. Subsequently, the SSs of the predicted modules 
were recalculated following the shuffling of P‑value labels and 
these were regarded as the null distribution of the SSs. The 
randomization was repeated 10,000 times. Finally, the P‑value 
for a module was defined as the probability that one module 
could be detected in a randomization procedure with a smaller 
SS than that of the predicted module.

Functional enrichment analysis of the potential pathogenic 
genes. The Kyoto Encyclopedia of Genes and Genomes 
(KEGG) pathway database is a comprehensive database that 
contains information on numerous biochemical pathways (25). 
The KEGG database was used to investigate pathway 
enrichment of the potential pathogenic genes in PMF with 
the Database for Annotation, Visualization and Integrated 
Discovery (DAVID) (26). Pathways with P<0.05 and gene 
number >5 were considered as significant pathways. If candi-
date pathogenic genes and seed genes were involved in the 
same biological process, these candidate pathogenic genes 
may be important for the pathogenesis of PMF.

Results

Identifying DEGs. Based on the obtained microarray data, 
SAM was used to calculate gene expression values and to 

identify DEGs between patients with PMF and healthy donors. 
With the threshold value of FDR <0.05 and a delta cut‑off 
value >3.278, a total of 845 DEGs were identified between 
PMF and healthy donors.

Identifying the pathogenic gene network. A total of 85 known 
pathogenic genes for PMF were downloaded from OMIM, 
and 45 of these pathogenic genes were in the gene expres-
sion profile and were considered as seed genes. Based on the 
PPI data, the seed genes from OMIM and the DEGs, a new 
network was constructed by aligning seed genes and DEGs to 
a human PPI network, which contained a total of 39 seed genes 
and 139 DEGs (Fig. 2). In addition, a pathogenic network was 
extracted from the new network, in which the genes inter-
acted with at least two seed genes. This pathogenic network 
comprised 103 nodes and 265 interactions (Fig. 3).

Candidate pathogenic genes. To increase the confidence in 
the predicted pathogenic genes, each gene in the pathogenic 
network was assigned a weight according to the co‑expression 
level with seed genes. The genes were ranked in descending 
order according to their weight values. The top 10 candidate 
pathogenic genes (Table I) were more likely to be pathogenic 
genes, as they had more interactions and higher correlations 
with known pathogenic genes. These genes were considered as 
potential pathogenic genes.

Significance analysis of pathogenic modules. To investigate 
how the candidate pathogenic genes responded to stimuli 
in the pathogenetic process, cluster analysis was performed 
to mine the modules from the pathogenic network. Using 
ClusterONE, four modules (modules A‑D) were obtained 
from the pathogenic network (Fig. 4). The SS score was used 
to investigate whether a module could be detected by chance. 
The SS values of modules A‑D were 8.90x10-3, 8.20x10-3, 
1.07x10‑4 and 2.537x10‑4, respectively.

To determine the statistical significance of the four 
predicted modules, a P-value was determined for each 
using an empirical randomization test procedure. The 
P‑values of modules A‑D were 1.13x10 -2, 1.16x10 -2, 
1.00x10‑4 and 1.00x10‑4, respectively, which demonstrated 

Figure 1. Flowchart of the system‑network approach used to predict candidate pathogenic genes in primary myelofibrosis. OMIM, Online Mendelian 
Inheritance in Man; samr, significance analysis of microarrays package in R.
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Figure 3. Pathogenic gene network comprising seed genes and differentially expressed genes that interacted with at least two seed genes. Red vertices represent 
seed genes (that is, the known pathogenic genes); and green vertices represent predicted pathogenic genes that interacted with at least two seed genes. Each 
vertex was assigned a weight, with darker colors indicating larger weights.

Figure 2. Network constructed by seed genes and differentially expressed genes. Red vertices represent seed genes for primary myelofibrosis (that is, the known 
pathogenic genes); green vertices represent genes that interacted with at least two seed genes; and yellow vertices denoted genes that interact with only one 
seed gene.
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that these four modules were statistically significant. In 
module A, a total of 38 genes formed a tightly connected 
module with 19 seed genes. In modules B‑D, there were 34, 
14 and 19 genes, covering 7, 4 and 8 seed genes, respectively. 
In addition, there were nine potential pathogenic genes 
contained in module A [E1A‑binding protein p300 (EP300), 
neuropeptide Y (NPY ), von Willebrand factor (VWF), 
TIMP metallopeptidase inhibitor 2 (TIMP2), RAS‑like 
proto-oncogene A (RALA), lactotransferrin (LTF), hemo-
globin α2 (HBA2), RAF‑1 proto‑oncogene, serine/threonine 
kinase (RAF1) and paraoxonase 2 (PON2)], however, there 
was only one potential pathogenic gene in modules B 
(PON2) and D (EP300), and no potential pathogenic genes 
were identified in module C. Therefore, module A contained 
the greatest number of seed genes and potential pathogenic 
genes; thus, it was regarded as the most important module 
in PMF.

Functional enrichment analysis. Functional enrichment 
analysis demonstrated that the known and candidate patho-
genic genes in PMF participated in four pathways, including 
pathways in cancer, cytokine-cytokine receptor interaction, 
TGF‑β signaling pathway and focal adhesion (Table II). 
Candidate pathogenic genes EP300, RALA and RAF1 
were enriched in pathways in cancer, candidate pathogenic 
gene EP300 was enriched in TGF‑β signaling pathway and 

candidate pathogenic genes VWF and RAF1 were enriched in 
focal adhesion pathway.

Table I. Top 10 candidate pathogenic genes of primary 
myelofibrosis.

Genes Weight

EP300 6.84
NPY 6.61
VWF 6.49
TIMP2 5.45
RALA 4.81
UBR5 3.67
LTF 3.39
HBA2 3.10
RAF1 2.32
PON2 2.30

EP300, E1A‑binding protein p300; HBA2, hemoglobin α2; LTF, 
lactotransferrin; NPY, neuropeptide Y; PON2, paraoxonase 2; RAF1, 
RAF‑1 proto‑oncogene, serine/threonine kinase; RALA, RAS-like 
proto‑oncogene A; TIMP2, TIMP metallopeptidase inhibitor 2; 
UBR5, ubiquitin protein ligase E3 component n‑recognin 5; VWF, 
von Willebrand factor.

Figure 4. Four pathogenic modules from the pathogenic network. Red vertices represent seed genes (that is, the known pathogenic genes); and green vertices 
represent genes that interacted with at least two seed genes. Each vertex was assigned a weight, and the darker colors indicate larger weights.
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Discussion

In the present study, a system-network approach was performed 
to predict candidate pathogenic genes for PMF by integrating 
protein interaction map and gene expression data. A total of 
10 potential pathogenic genes were identified for PMF, all of 
which were involved in pathogenic module A, except for ubiq-
uitin protein ligase E3 component n‑recognin 5 (UBR5). In 
addition, the candidate pathogenic genes mainly participated 
in pathways in cancer, TGF‑β signaling pathway and focal 
adhesion pathway.

Among the 10 candidate pathogenic genes, EP300 exhibited 
the highest weight value in the pathogenic network and partici-
pated in two signaling pathways, which indicated an important 
role for this gene in the development of PMF. EP300 is a 
histone acetyltransferase that regulates transcription through 
chromatin remodeling and is an important factor in cell prolif-
eration and differentiation (27). It was previously reported that 
EP300 may be a target for adenoviral E1A oncoprotein, and the 
binding of these proteins has been associated with malignant 
transformations, which suggested that EP300 may function as 
a tumor suppressor gene (28). Additional evidence for a role of 
EP300 in tumorigenesis was provided by another study that 
demonstrated that EP300 was fused with the mixed‑lineage 
leukemia gene in leukemia (29). Mutations in EP300 were 
detected in >5% of patients with PMF (30). Results from a 
previous study indicated that EP300 was an attractive candi-
date gene for human myeloproliferative disorders, and point 
mutations in the coding region of EP300 may be the cause 
of myeloproliferation (31). The present results indicated that 
EP300 had the most interactions and the highest correlations 
with known pathogenic genes; further analysis may be able to 
determine the specific role of EP300 in the pathogenesis of 
PMF.

Three other candidate pathogenic genes, RALA, RAF1 and 
VWF, were selected by functional analysis. RALA is one of 
two proteins in the Ral protein family, a subfamily in the RAS 
super‑family of small GTPases, and acts as a downstream effector 
of RAS (32). It has been reported that RALA was involved in a 
number of complex diseases, such as lung cancer (33), bladder 
cancer (34), pancreatic cancer (35), colorectal cancer (36) 
and ovarian cancer. RAF1 is a proto-oncogene that functions 
downstream of the RAS sub‑family of membrane associated 
GTPases (37). RAF1 oncogenic signaling was linked to activa-
tion of the mesenchymal-to-epithelial transition pathway in 
metastatic breast cancer cells (38). In addition, RAF1 has been 

considered as a therapeutic target in disease treatment (39). 
VWF encodes a multimeric glycoprotein that mediates the adhe-
sion of platelets to the subendothelial matrix and to endothelial 
surfaces, and is a carrier for coagulation factor VIII in the circu-
lation (40). Colon cancer cell adherence to human umbilical vein 
endothelial cells was demonstrate to be enhanced by the addi-
tion of VWF to the media in a co‑culture system and adherence 
was blocked by the addition of VWF antibodies and the platelet 
inhibitor ticlopidne (41). VWF deficiency may lead to bleeding 
diathesis of the skin and mucous membrane. In the present study, 
these three candidate pathogenic genes were identified as being 
involved in the same biological process with the seed genes, and 
may exert influence in PMF development by interacting with 
known pathogenic genes.

In conclusion, by using a system‑network approach that 
combined protein interaction network and gene expres-
sion data with known pathogenic genes, the present study 
predicted 10 candidate pathogenic genes and several signaling 
pathways that may be related to the pathogenesis of PMF. 
These predictions may shed light on the pathogenesis of 
PMF and may provide guidelines for future experimental 
verification.
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