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Abstract. Coronary artery disease (CAD) is the most 
common type of cardiovascular disease and leading cause of 
mortality worldwide. Microarray technology for gene expres-
sion analysis has facilitated the identification of the molecular 
mechanism that underlies the pathogenesis of CAD. Previous 
studies have primarily used variance or regression analysis, 
without considering array specific factors. Thus, the aim of 
the present study was to investigate the mechanism of CAD 
using partial least squares (PLS)‑based analysis, which was 
integrated with the Monte Carlo technique. Microarray anal-
ysis was performed with a data set of 110 CAD patients and 
111 controls obtained from the Gene Expression Omnibus 
database. A total of 390 dysregulated genes were acquired. 
Significantly increased representations of dysregulated genes 
in Gene Ontology items, including transforming growth 
factor β‑activated receptor activity and acyl‑CoA oxidase 
activity, were identified. Network analysis revealed three 
hub genes with a degree of >10, including ESR1, ITGA4 and 
ARRB2. The results of the present study provide novel infor-
mation on the gene expression signatures of CAD patients 
and offer further theoretical support for future therapeutic 
study.

Introduction

Coronary artery disease (CAD) is the most common type 
of cardiovascular disease and leading cause of mortality 
worldwide (1). The disease is mainly caused by the build‑up 
of plaque along the inner walls of heart arteries, which 
narrows the arteries and restricts blood flow. Typically, the 
majority of patients do not exhibit symptoms for decades in 
the progression of CAD. For the majority of individuals, the 

first onset of symptoms is acute myocardial infarction (heart 
attack). Numerous studies have been conducted with the aim 
of proposing promising strategies for the prevention and treat-
ment of CAD. However, the morbidity and mortality rates 
of CAD remain high. Currently available high throughput 
experimental strategies aid the understanding of the patho-
genic mechanism of CAD, constituting a significant advance 
for the development or improvement of novel strategies for the 
noninvasive diagnosis and treatment of CAD.

Previous gene expression studies  (2‑5) have proposed 
distinct gene expression patterns in CAD. Dysregulation of 
various biological processes, including the inflammatory 
process and cell cycle control, have been consistently detected 
in CAD patients  (6,7). These studies used standard vari-
ance/regression analysis to identify differentially expressed 
genes. However, these analyses are unable to remove unac-
counted array specific factors. For example, it is possible that 
specific genes are identified to be overexpressed or down-
regulated due to specific demographic profiles. A previous 
study (8) hypothesized that partial least squares (PLS)‑based 
microarray analysis was robust in detecting disease specific 
genes. The PLS‑based analysis method uses variable selec-
tion according to the analysis of the regression coefficients 
of PLS  (9). Compared with variance/regression analysis, 
PLS‑based analysis has higher sensitivity, reasonably high 
specificity and markedly smaller false discovery (FDR) and 
false non‑discovery rates (8). In multiple regression analysis, 
the Monte Carlo cross‑validation method is a powerful and 
widely used technique which was first reported by Picard 
and Cook (10). The use of Monte Carlo cross‑validation in 
multiple regression analysis has been proposed in previous 
studies (11,12) and integration of the PLS and Monte Carlo 
technique is efficient in variable selection (13). Determining 
the gene expression signatures of CAD with the PLS‑based 
method may further improve the understanding of the 
molecular mechanism and advance preventative or therapeutic 
procedures.

In the present study, using a microarray data set down-
loaded from the Gene Expression Omnibus (GEO) database, 
the pathological mechanism of CAD was investigated using 
PLS‑based analysis. Gene Ontology (GO) items with signifi-
cantly over‑represented dysregulated genes were also acquired 
and protein‑protein interaction (PPI) network analysis was 
performed to identify crucial genes among the dysregulated 
genes.
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Materials and methods

Microarray data. The microarray data set, GSE12288, was 
downloaded from the GEO database (http://www.ncbi.nlm.
nih.gov/geo/). This gene expression profile included 110 CAD 
patients and 112  healthy controls. The Duke CAD index 
(CADi) (14,15) was measured for each subject. The data set 
was based on the GPL96 platform: [HG‑U133A] Affymetrix 
Human Genome U133A Array.

Gene selection. Entire data sets for all the samples were down-
loaded. Robust multiarray analysis (16) was used to normalize 
the raw intensity values. Firstly, the effects of background 
noise and the processing artifacts were neutralized using 
model‑based background correction. Secondly, expression 
values of all the probes were aligned to a common scale using 
quantile normalization. Finally, an expression value for each 
probe was generated via an iterative median polishing proce-
dure. The resulting log2‑transformed expression values were 
then used for subsequent analysis. 

A multivariate linear model was used to analyze the asso-
ciation between gene expression levels and CADi. In the data 
set, the number of probes (n=22,283) was much greater than 
the sample number (n=221; one sample was deleted due to poor 
data quality). PLS, a dimension reduction procedure (17,18), 
was then used to estimate the effects for each gene. PLS latent 
variables derived from the expression profiles on CADi were 
calculated using the non‑linear iterative PLS algorithm (19). 
Next, the variable importance on the projection (VIP) (20) 
was calculated to evaluate the importance of the genes on 
CADi. In addition, permutation tests were used to control the 
FDR. A permutation procedure (performed 1,000 times) was 
performed to obtain the empirical distribution of PLS‑based 
VIP in each replicate. The FDR for each gene was evaluated 
based on the empirical distribution. Candidate genes were 
selected with a cut‑off FDR value of <0.05. 

The best number of latent variables was then determined 
using 4‑fold cross‑validation with root mean square error 
of cross‑validation (RMSECV). Next, regression coefficient 
reliability was introduced using the Monte Carlo method (13). 
Firstly, 100 Monte Carlo sampling subsets, each of which 
included half of the total samples, were used to calculate the 
regression coefficient vector for each sub PLS model. Secondly, 
the regression coefficient reliability was calculated for each 
candidate gene. Regression coefficient reliability revealed 
not only a large coefficient, but also the stability of the genes 
for the disease. This was useful to alleviate deviation of the 
sampling and develop a robust disease prediction model with 
the most reliable target tag genes. An absolute value of regres-
sion coefficient reliability cut‑off was selected according to the 
lowest RMSECV. Finally, genes that had absolute reliability 
values larger than the cut‑off and FDR of VIP values <0.05 
were selected as the target tag gene set.

Enrichment analysis. Probes on the array were annotated 
according to the simple omnibus format in text files. To 
determine the biologically relevant signatures of the selected 
genes, enrichment analysis was performed. All the genes 
were annotated based on the GO database (21). The hyper-
geometric distribution test was then implemented to identify 

pathways that were significantly enriched with the selected 
genes.

Network analysis. PPI is crucial for all biological 
processes  (22). Selected genes that had a large number 
of interactions with other genes were considered to have 
more important roles in the pathogenesis. To visualize the 
interactions among the selected genes and identify the key 
molecules, a network was constructed using Cytoscape 
(V 2.8.3; http://www.cytoscape.org/) (23) and the National 
Center for Biotechnology Information database (http://ftp.
ncbi.nlm.nih.gov/gene/GeneRIF/; accessed on the 25‑2‑2013). 
The degree of a gene was equal to the number of interactions 
the gene exhibited. Genes with a degree of >10 were consid-
ered as critical hub molecules. 

Results

Gene selection. Gene expression profiles of 110 CAD patients 
and 111 healthy controls (one sample was deleted due to low 
quality) were used for subsequent analysis. PLS analysis 
revealed that 1,246 genes were considered as candidate genes 
with FDR of VIP values of <0.05. To avoid model over‑fitting, 
the best number of latent variables was then determined by 
4‑fold cross‑validation with RMSECV. The results indicated 
that RMSECV values exhibited a descending trend with an 
increase in latent variable number, however, the trend decreased 
in strength with latent variable numbers of >8. Therefore, the 
top eight latent variables were selected for further analysis. 
Regression coefficient reliability of each candidate gene 
was calculated and the cut‑off value (1.434) was determined 
according to the lowest RMSECV value. In total, 390 genes 
were selected.

Enrichment analysis. Table I represents the top five GO items 
enriched with the selected genes. Of all the genes in the 
array, 12,291 genes were annotated based on the GO data-
base, including 358 selected genes. Items with significantly 
increased representations of the selected genes included trans-
forming growth factor β‑activated receptor (TGFBR) activity, 
acyl‑CoA oxidase activity, transcription regulatory region 
sequence‑specific DNA binding, erythrocyte differentiation 
and negative regulation of the mitogen‑activated protein 
kinase cascade. 

Network analysis. Fig. 1 illustrates the interaction network of 
the proteins encoded by the selected genes. Hub molecules that 
had a degree of >10 included ESR1, ITGA4 and ARRB2, with 
degrees of 33, 16 and 13, respectively. 

Discussion

CAD is a highly complex disease. Gene expression profiling 
is important for investigating the underlying pathophysi-
ological cascades in CAD. For data analysis, a suitable model 
is required to manage the large number of genes and the 
relatively small sample size. Previous gene expression studies 
on CAD primarily used variance/regression analysis, without 
considering the hidden biological effects. In the present study, 
an integration of the PLS and Monte Carlo technique (13) 
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was used to identify differentially expressed genes in CAD. 
Biological process and interaction network analysis were also 
used to explore the underlying mechanism.

GO item enrichment analysis revealed that TGFBR 
activity (GO:0005024) was the most significant GO item with 
over‑represented dysregulated genes (Table I). All the dysregu-
lated genes in this item were upregulated in CAD patients, 
including TGFBR1. A previous study revealed that the inhibi-
tion of TGFBR1 results in significant amelioration of deleterious 
cardiac remodeling following myocardial infarction (24). The 
results of the present study indicated that TGFBR1 and other 

TGFBRs may function as potential targets for further treat-
ment investigation studies. Significantly increased numbers of 
dysregulated genes were also identified in the acyl‑CoA oxidase 
activity item. A previous study (25) hypothesized that supple-
mentation with polyphenolic‑rich extract of Angelica acutiloba 
root for high‑fat diet‑induced obese rats significantly decreased 
the CAD risk index by enhancing the expression of acyl‑CoA 
oxidase. The results of the present study confirmed the involve-
ment of acyl‑CoA oxidase in the pathogenesis of CAD.

Interaction network analysis revealed that ESR1 was the 
hub gene with the highest degree (Fig. 1). The protein encoded 

Table I. Top five GO items enriched with the selected genes.

GO identification	 Description	 P‑value

0005024	 TGFBR activity	 8.08E‑06
0003997	 Acyl‑CoA oxidase activity	 1.01E‑05
0000976	 Transcription regulatory region sequence‑specific DNA binding	 1.63E‑05
0030218	 Erythrocyte differentiation	 3.01E‑05
0043409	 Negative regulation of the MAPK cascade	 4.11E‑04

GO, Gene Ontology; MAPK, mitogen‑activated protein kinase; TGFBR, transforming growth factor β‑activated receptor.

Figure 1. Interaction network constructed with the identified differentially expressed genes. Only genes with more than two direct or indirect associations are 
shown. Genes with a higher degree (more associations or interactions) are shown as a larger size. Genes shown in pink are overexpressed, while genes in blue 
are downregulated.
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by this gene is the estrogen receptor. Genetic polymorphisms 
of ESR1 have been shown to be associated with CAD in 
various populations (26‑28) and the results of the present study 
confirmed the involvement of ESR1 in CAD. ITGA4 was 
also identified as a hub gene with the second highest degree 
(Fig. 1). The protein encoded by this gene belongs to the 
integrin α chain family of proteins. No previous studies have 
proposed an association between CAD and ITGA4, however, 
gene targeting experiments in mice have demonstrated an 
essential role of ITGA4 in normal epicardial development (29). 
Therefore, the association between ITGA4 and CAD requires 
further investigation. ARRB2 was also identified as a hub 
gene with a degree of 13. The protein encoded by this gene 
belongs to the arrestin/β‑arrestin protein family. Similarly, no 
previous studies have proposed an association between CAD 
and ARRB2, thus, further study is required to investigate the 
involvement of this gene in the pathogenesis of CAD.

In conclusion, using a gene expression microarray data 
set downloaded from the GEO database, PLS‑based analysis 
integrated with the Monte Carlo technique was performed to 
identify genes which may contribute to the pathology of CAD. 
Further analysis was also conducted to identify biological 
processes and hub genes associated with the disease. Therefore, 
the results of the present study facilitate the disclosure of the 
molecular mechanism underlying CAD.
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