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Introduction

Genomic instability is one of the major driving forces 
of the accumulation of mutations during tumorigenesis. 
It leads to the complex mutational landscapes of cancer 

genomes, which include subtle sequence changes, large-

scale chromosome translocations, gene amplifications, and 

alterations in chromosome number (1). These chromosomal 

aberrations may result in dysregulation of oncogenes and 
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tumor suppressor genes and affect essential cellular functions, 
such as proliferation, apoptosis, and cell cycle regulation, 
leading to the transformation of normal cells into tumor  
cells (2). Distinct copy number alteration (CNA) patterns 
were reported to affect cancer-related genes in various types of 
cancers, suggesting the significance of CNAs in the diversified 
oncogenic mechanisms underlying cancers (3-6). Moreover, 
recent studies also showed the association between CNAs and 
patient survival (7-9). These findings have illuminated the 
potential role of CNAs as prognostic biomarkers in cancers.

Breast cancer is one of the most common malignancies and 
ranks as the second cause of cancer death in women (10). It is 
a heterogeneous disease and can be classified into different 
subtypes based on the proteomic presence of estrogen 
receptor (ER), progesterone receptor (PR), and erb-b2 
receptor tyrosine kinase 2 (Her2/neu) (11). CNA profiles 
in breast cancer have been investigated through genome-
wide array comparative genomic hybridization (aCGH) 
and single-nucleotide polymorphism (SNP) microarrays 
in previous studies (3,12,13), revealing hot spots of CNAs 
in cancer genomes. For example, chromosomes 1q, 6p, 8q, 
11q, 16p, 17q, 19, and 20q were reported to have highly 
frequent copy number gains, while chromosomes 6q, 16q, 
17p, and 22q had copy number losses in breast cancer (14). 
Some CNAs are associated with specific cancer subtypes. For 
instance, copy number gains in chromosomes 8q and 12p and 
losses in 5q and 9p are often detected in basal-like tumors, 
while gains in 1q and 19q and losses in 10q are frequently 
present in luminal tumors (15). In addition, a handful of 
oncogenes and tumor suppressor genes such as Her2, c-Myc, 
CCND1, and TP53 have been reported to be altered by 
CNA and proved to be associated with both progression and 
prognosis of breast cancer (14). These reports strongly suggest 
the significant involvement of CNAs in breast cancer.

In addition to short DNA mutations in chromosomes 
(typically affecting single genes), complex alteration events 
including multiple focal and long-length copy number changes 
were found in cancer genomes (16-18). These combinations of 
alteration events can disturb the expression patterns of a large 
number of genes simultaneously. Although single genes with 
disturbed copy numbers have been proven to affect cancer 
progression, inter-gene CNA interaction and the functional 
landscape of CNAs in breast cancer remain to be explored. 
Therefore, a systematic analysis to comprehensively investigate 
the functional effects of CNAs is highly needed.

Several bioinformatics methods (19-21) have been 
developed to explore the molecular pathways and biological 
functions underlying different diseases from a gene-set point 

of view, based on the concept of “Gene Set Enrichment 
Analysis” (22). These methods typically test the significance 
of overlap between a set of dysregulated (i.e., differentially 
expressed) genes and the set of genes sharing a common 
biological function. The gene-set level methods are a 
systematic way of identifying the activated functions among 
groups of samples. Based on gene-set level analysis, here we 
describe the Gene Set analysis for Copy number Alteration 
(GSCA) algorithm, which utilizes the gene-set approach 
to explore the biological functions affected by CNAs and 
investigate their prognostic effects in breast cancer. By 
applying GSCA to the breast cancer datasets of The Cancer 
Genome Atlas (TCGA) (23), we identified functional gene 
sets that were significantly disturbed by CNAs. The sample-
matched gene expression profiles were incorporated to 
evaluate the influence of CNAs on gene expression. We 
also performed survival analysis to pinpoint the prognostic 
CNA-enriched gene sets. The results have demonstrated the 
potency of our novel method for delineating the complexity 
of CNA-affected functions in cancers.

Methods

Microarray datasets

A total of 1,045 aCGH data sets of breast tumors were 
downloaded from TCGA (23), of which 975 were available 
with clinical information, including the status of ER, PR, and 
Her2 and survival data. We also collected 529 sample-matched 
gene expression profiles from TCGA. TCGA pre-normalized 
(level 3) data was used in this study. The array platforms for 
copy number and gene expression were Affymetrix Genome-
Wide Human SNP Array 6.0 and Agilent 244K Custom Gene 
Expression G4502A-07, respectively.

Gene sets

We downloaded gene sets from the Molecular Signatures 
Database (MSigDB v4.0) (22). A total of 7,570 gene sets 
were used in the analysis, including chemical and genetic 
perturbations, transcription factor targets, gene ontology 
terms, oncogenic signatures, and immunologic signatures.

The GSCA algorithm

Model overview
The GSCA algorithm was developed to analyze biological 
functions affected by CNAs through a gene-set approach. 
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Conceptually, GSCA analyzes the overlap between genes 
affected by CNAs and genes sharing a common biological 
function (i.e., a gene set from MSigDB). If there is a significant 
overlap between the two sets of genes, we define the gene set (or 
function) as a CNA-affected gene set (or function).

Definition of matrices
To identify the set of genes affected by CNA, we first 
mapped the CNA to chromosomal regions based on 
genome coordinates and calculated an estimated copy 
number (ECN) for each gene. For the i-th sample that 
harbors the k-th CNA, the estimated copy number (ECNij) 
of the j-th gene was computed as

ijk
ij ik

j

D
ECN S

T
= × [1]

where Sik is the measured copy number of the k-th CNA 
in the i-th sample on a log2 scale, Dijk is the length of the 
overlapped region between the j-th gene and the k-th CNA 
of the i-th sample, and Tj is the total length of the j-th gene. 
Conceptually, ECN measures the average copy number 
for each gene. Assuming there are in total J genes and P 
samples in the dataset and Q gene sets, we constructed two 
index matrices, G = (gj,i)J×P and L = (lj,i)J×P, based on the ECN 
values to present the gene-level status of copy number gains 
and losses. The parameter gj,i is set at 1 if ECNij > log2(1.2) 
(i.e., the gene has more than 2.4 copies), and otherwise set 
at 0. Similarly, lj,i is set at 1 if ECNij < log2(0.8) (i.e., the gene 
has less than 1.6 copies), and otherwise at 0. Another index 
matrix M was constructed to represent the genetic contents 
of gene sets, defined as M = (mq,j)Q×J, where mq,j is set at 1 if 
the j-th gene is included in the q-th gene set, otherwise 0.

Gene-set enrichment analysis of CNAs
Based on the three index matrices, G, L, and M, we 
performed Fisher’s exact test to evaluate the enrichment 
of genes with copy number gains/losses in each gene set. 
Let Ki denote the number of genes affected by a gain or 
decrease in copy number in the i-th sample, Nq be the 
total number of genes in the q-th gene set, and a be the 
overlapped genes between the two sets of genes. The 
significance of overrepresented overlap was assessed by 
Fisher’s exact test using Eq. [2]:
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Benjamini-Hochberg adjustment was performed on the 
P values to address the issue of multiple comparisons.

Concurrent gene expression analysis

We compared the changes in gene expression with CNA levels 
to test whether functional (or expressional) changes can be 
attributed to the enrichment of CNAs in gene sets. For each 
gene set, samples were divided into three groups (no change 
in copy number, gain, and loss) based on the significance 
from Eq. [2]. A P value <0.05 from the Fisher’s exact test was 
used as the cutoff for significance. Samples with significant 
overlap between gene expression and genes with positive or 
negative ECN values were assigned to the gain or loss groups, 
respectively, and the others were categorized as normal. A 
Kolmogorov-Smirnov (K-S) test was then performed to 
compare the cumulative distributions of gene expression 
profiles between normal and gain/loss samples.

Survival analysis

To explore the prognostic effects of gene sets in terms of 
their enrichment of CNA, we conducted survival analysis 
to analyze the association between groups of samples 
(normal, gain, and loss) and patient survival. Each gene set 
was independently tested in each of the subtypes of breast 
cancer, i.e., ER+, Her2+, and triple negative (ER−, PR−, and 
Her2−). We employed a log-rank test to compare survival 
curves between groups of samples. Kaplan-Meier curves 
were used for visualization of survival data.

Results

Identification of CNA-affected biological functions

We devised the GSCA algorithm to identify gene sets with 
enrichment of CNAs in breast tumors. Briefly, GSCA 
started by calculating the ECN values, which is simply 
the length-weighted average of copy number levels, for 
each gene in a sample; positive and negative ECN values 
indicate copy number gains and losses, respectively. CNA 
was determined based on the selection criteria of ECN 
values. GSCA then tested the gene-set level enrichment of 
CNAs for each sample by Fisher’s exact test. Figure 1 shows 
the flowchart of activities during GSCA. The mathematical 
details are described in the Methods section.

We applied GSCA to the 1,045-sample copy number 
dataset of breast cancer from TCGA. We found that CNAs 
occurred in a wide range of genes. The average numbers of 



294 Hsu et al. Gene set analysis of CNA

© Translational Cancer Research. All rights reserved. Transl Cancer Res 2015;4(3):291-302www.thetcr.org

genes with copy number gains and losses in a sample were 
4,086 and 3,814, respectively (Figure 2A,B). About 32% of 
human genes exhibited copy number changes in an average 
of one sample. For gene-set analysis, a gene set was defined 
as a CNA-affected gene set if the P value of Fisher’s exact test 
after Benjamini-Hochberg adjustment was less than 0.05. On 
average, each sample carried ~57 CNA-affected gene sets, 
of which ~39 and ~18 gene sets were associated with copy 
number gains and losses, respectively (Figure 2C,D).

The gene sets affected by CNAs in more than 30% of 
samples are shown in Table 1. Thirty-five and ten gene sets 
showed significant associations with copy number gains and 
losses, respectively. Among the 35 gene sets with a gain in 
copy number, seven were transcription factor target genes. 
These results implied that CNAs could affect the ability 
of a handful of transcriptional factors to regulate gene 
expression. The gene sets “PATIL_LIVER_CANCER,” 
originally derived from the up-regulated genes in liver 
cancer (24), and “RUNNE_GENDER_EFFECT_UP” 

were found enriched in the largest numbers of samples [760 
(72.7%) and 1,037 (99.2%) of all samples, respectively] 
among gene sets enriched in copy number gain and 
loss respectively. Interestingly, a large proportion of the 
identified gene sets was derived from previous studies of 
CNAs in various types of cancers (Table 1). This suggested 
the existence of CNA-sensitive regions in cancer genomes.

Realizing that genomic regions with high-level CNAs, 
including high-level amplification and homozygous deletion, 
generally indicate novel oncogenes or tumor suppressors, we 
further explored the functional changes caused by high-level 
amplification and homozygous deletion. We set the filtering 
criterion of genes as ECN > log2(2) (i.e., genes with more 
than four copies) and ECN < log2(0.5) (i.e., genes with less 
than one copy) to represent the two copy number statuses, 
respectively. Notably, none of the high-level amplified genes 
showed frequent enrichment (with a percentage of affected 
samples >30%) while the homozygously deleted genes were 
frequently enriched in “RUNNE_GENDER_EFFECT_

TCGA
Breast cancer
Clinical data

(n=975)

Survival-
associated gene 

sets

CNA-
altered gene 
sets >30% of 

patients

Gene 
sets with 

expression 
changes
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GSEA 
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number status
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in each gene set

Concurrent gene
expression analysis
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Survival analysis (log-
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Figure 1 Overview of the GSCA algorithm. Profiles of CNA and gene expression, and clinical datasets of breast cancer were downloaded 
from TCGA. Fisher’s exact test was used to assess the overall influences of CNAs on one gene set in each patient. The expression data of 
the patients were analyzed to evaluate the effects of CNA in expression changes using the K-S test, and cumulative distribution curves were 
generated for visualization. Survival analysis was performed in subgroups of breast cancer defined by the molecular presence of ER, PR, 
and Her2. We used the log-rank test to assess the difference in survival between patients with different status of CNA (i.e., normal, gain, 
and loss) of a gene set. Kaplan-Meier curves were generated for visualization. Mathematical details are provided in the Methods. GSCA, 
gene set analysis for copy number alteration; CNA, copy number alterations; TCGA, the cancer genome atlas; ER, estrogen receptor; PR, 
progesterone receptor; ECN, estimated copy number.
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Figure 2 Summary of the CNA-affected genes and gene sets. Histograms of the number of genes involved in profiles of (A) copy number 
gains; and (B) copy number losses among 1,045 patients; (C) and (D), histograms of the number of gene sets enriched in profiles of CNA 
gains and losses, respectively. CNA, copy number alterations.
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Table 1 CNA-affected gene sets

Gene set MSigDB category
Percentage of affected 

samples

Copy number gain

PATIL_LIVER_CANCER Chemical and genetic perturbations 72.7

CHEN_LIVER_METABOLISM_QTL_CIS Chemical and genetic perturbations 64.1

NIKOLSKY_BREAST_CANCER_1Q32_AMPLICON Chemical and genetic perturbations 60.6

ACEVEDO_LIVER_CANCER_UP Chemical and genetic perturbations 60.5

ACEVEDO_LIVER_TUMOR_VS_NORMAL_ADJACENT_TISSUE_UP Chemical and genetic perturbations 56.7

MYLLYKANGAS_AMPLIFICATION_HOT_SPOT_17 Chemical and genetic perturbations 55.6

MYLLYKANGAS_AMPLIFICATION_HOT_SPOT_24 Chemical and genetic perturbations 54.4

NIKOLSKY_BREAST_CANCER_8Q23_Q24_AMPLICON Chemical and genetic perturbations 53.4

NIKOLSKY_BREAST_CANCER_8Q12_Q22_AMPLICON Chemical and genetic perturbations 51.2

KOYAMA_SEMA3B_TARGETS_DN Chemical and genetic perturbations 50.8

RICKMAN_TUMOR_DIFFERENTIATED_WELL_VS_POORLY_UP Chemical and genetic perturbations 49.9

ONKEN_UVEAL_MELANOMA_UP Chemical and genetic perturbations 47.2

Table 1 (continued)



296 Hsu et al. Gene set analysis of CNA

© Translational Cancer Research. All rights reserved. Transl Cancer Res 2015;4(3):291-302www.thetcr.org

Table 1 (continued)

Gene set MSigDB category
Percentage of affected 

samples

NIKOLSKY_MUTATED_AND_AMPLIFIED_IN_BREAST_CANCER Chemical and genetic perturbations 45.1

BOYAULT_LIVER_CANCER_SUBCLASS_G12_UP Chemical and genetic perturbations 44.1

V$LEF1_Q2 Transcription factor targets 43.5

V$TEF1_Q6 Transcription factor targets 42.8

CLIMENT_BREAST_CANCER_COPY_NUMBER_UP Chemical and genetic perturbations 42.2

AGUIRRE_PANCREATIC_CANCER_COPY_NUMBER_UP Chemical and genetic perturbations 40.5

V$ETF_Q6 Transcription factor targets 39.3

LIN_MELANOMA_COPY_NUMBER_UP Chemical and genetic perturbations 38.8

LOCKWOOD_AMPLIFIED_IN_LUNG_CANCER Chemical and genetic perturbations 38.6

NIKOLSKY_BREAST_CANCER_1Q21_AMPLICON Chemical and genetic perturbations 38.6

DODD_NASOPHARYNGEAL_CARCINOMA_DN Chemical and genetic perturbations 37.8

TCGA_GLIOBLASTOMA_COPY_NUMBER_UP Chemical and genetic perturbations 37.5

NIKOLSKY_BREAST_CANCER_16P13_AMPLICON Chemical and genetic perturbations 36.5

MYLLYKANGAS_AMPLIFICATION_HOT_SPOT_16 Chemical and genetic perturbations 36.1

V$MAZ_Q6 Transcription factor targets 35.6

BOYAULT_LIVER_CANCER_SUBCLASS_G1_UP Chemical and genetic perturbations 34.9

V$E2F_Q2 Transcription factor targets 34.4

NIKOLSKY_BREAST_CANCER_20Q12_Q13_AMPLICON Chemical and genetic perturbations 34.1

BALLIF_DEVELOPMENTAL_DISABILITY_P16_P12_DELETION Chemical and genetic perturbations 32.4

V$PEA3_Q6 Transcription factor targets 32.3

NIKOLSKY_BREAST_CANCER_17Q21_Q25_AMPLICON Chemical and genetic perturbations 32.2

NIKOLSKY_BREAST_CANCER_8P12_P11_AMPLICON Chemical and genetic perturbations 31.7

V$SRY_01 Transcription factor targets 30.4

Copy number loss

RUNNE_GENDER_EFFECT_UP Chemical and genetic perturbations 99.2

NIKOLSKY_BREAST_CANCER_16Q24_AMPLICON Chemical and genetic perturbations 45.2

GRATIAS_RETINOBLASTOMA_16Q24 Chemical and genetic perturbations 43.6

ROYLANCE_BREAST_CANCER_16Q_COPY_NUMBER_UP Chemical and genetic perturbations 42.4

LASTOWSKA_NEUROBLASTOMA_COPY_NUMBER_DN Chemical and genetic perturbations 35.6

PROVENZANI_METASTASIS_UP Chemical and genetic perturbations 34.5

PYEON_CANCER_HEAD_AND_NECK_VS_CERVICAL_DN Chemical and genetic perturbations 33.9

AGUIRRE_PANCREATIC_CANCER_COPY_NUMBER_DN Chemical and genetic perturbations 30.9

ROYLANCE_BREAST_CANCER_16Q_COPY_NUMBER_DN Chemical and genetic perturbations 30.2

MYLLYKANGAS_AMPLIFICATION_HOT_SPOT_23 Chemical and genetic perturbations 30.1

UP” and “PYEON_CANCER_HEAD_AND_NECK_
VS_CERVICAL_DN”. Our data imply that these high-
level CNAs are not frequent events in terms of the affected 
biological functions in breast cancer.

Concurrent gene expression analysis

The identified CNA-affected gene sets (as listed in Table 1) 

were further tested for concordant association with gene 
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expression changes using the K-S test (Figure 1, right branch). 
The analysis was conducted in sample-matched CNA and 
gene expression datasets of 529 breast cancer samples. Forty-
four (97.8%) out of the 45 CNA-enriched gene sets exhibited 
significant concordant changes in expression profiles (K-S 
test P value <0.05); i.e., genes of a gene set significantly 
associated with copy number gains (or losses) were generally 
highly (or lowly) expressed. The gene set “NIKOLSKY 
BREAST CANCER 8Q12 Q22 AMPLICON” showed the 
most significant increase in gene expression between samples 
with a copy number gain and those with normal status 
(K-S test P value <1×10−20). As depicted in Figure 3A, the 
cumulative distribution of gene expression was right-shifted 
in samples with copy number gains (red line) as compared 
with normal status (blue line). The gene set “NIKOLSKY 
BREAST CANCER 16Q24 AMPLICON” exhibited the 
most significantly down-regulated gene expression profiles 
in the samples with copy number losses (P value <1×10−20; 
Figure 3B). Overall, the data strongly indicated that CNAs 
can effectively lead to deregulation of gene expression levels, 
and in turn modulate the associated biological functions.

Survival analysis of CNA-affected gene sets

We conducted survival analysis to examine the influences 
of CNA-disturbed functions on patients’ clinical outcome 
(Figure 1, left branch). Due to the highly distinct clinical 
characteristics of breast cancer subtypes, we divided the 975 

breast cancer samples into three groups according to the 
presence of ER, PR, and Her2 (see Methods). In each group, 
we further analyzed the association between the CNAs and 
patient survival as described in the Methods section. Her2+ 
samples were eliminated from our analysis due to a small 
sample size. A log-rank test was used to evaluate the statistical 
significance of survival differences. We identified a total of 
31 prognostic gene sets (Table 2). In the ER+ cohort, 11 and 
nine gene sets were identified with survival association from 
copy number gain/normal and loss/normal comparisons, 
respectively. Four of the 11 gene sets identified from gain/
normal comparison were originally derived from CNA 
studies in breast cancer, and four of the nine loss/normal 
gene sets were transcription factor target gene sets (MYC, 
SF1, USF2, and SP1). The gene sets of “CAMPS COLON 
CANCER COPY NUMBER UP” (P=0.006, Figure 4A) 
and “V$SF1_Q6” (P=0.002, Figure 4B) achieved the most 
significant log-rank P values in gain/normal and loss/
normal comparisons, respectively. For the triple negative 
cohort, eight gene sets were identified with significant 
prognostic differences between samples with copy number 
gain versus normal status. Among them, the “ZHAN 
MULTIPLE MYELOMA HP DN” gene set carried 
the most significant P value (P=0.004, Figure 4C). Only 
one gene set, “NIKOLSKY BREAST CANCER 10Q22 
AMPLICON,” exhibited a survival difference between 
samples with copy number loss and normal status (P=0.006, 
Figure 4D). In addition, in both the ER+ and triple negative 
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Table 2 Prognostic CNA-affected gene sets*

Gene set MSigDB category Log-rank P

ER+ subtype (gain vs. normal)

CAMPS_COLON_CANCER_COPY_NUMBER_UP Chemical and genetic perturbations 0.006

BYSTRYKH_HEMATOPOIESIS_STEM_CELL_QTL_CIS Chemical and genetic perturbations 0.007

KORKOLA_EMBRYONAL_CARCINOMA_UP Chemical and genetic perturbations 0.0136

KORKOLA_SEMINOMA_UP Chemical and genetic perturbations 0.0136

ECTODERM_DEVELOPMENT Gene ontology terms 0.021

NIKOLSKY_BREAST_CANCER_12Q13_Q21_AMPLICON Chemical and genetic perturbations 0.0235

KORKOLA_YOLK_SAC_TUMOR_UP Chemical and genetic perturbations 0.0302

AGUIRRE_PANCREATIC_CANCER_COPY_NUMBER_UP Chemical and genetic perturbations 0.0343

KORKOLA_TERATOMA_UP Chemical and genetic perturbations 0.0349

NIKOLSKY_MUTATED_AND_AMPLIFIED_IN_BREAST_
CANCER

Chemical and genetic perturbations 0.0467

V$MYC_Q2 Transcription factor targets 0.0472

ER+ subtype (loss vs. normal)

V$SF1_Q6 Transcription factor targets 0.0018

V$USF2_Q6 Transcription factor targets 0.0027

ROYLANCE_BREAST_CANCER_16Q_COPY_NUMBER_DN Chemical and genetic perturbations 0.0057

V$SP1_Q6_01 Transcription factor targets 0.0112

CHEMOKINE_ACTIVITY Gene ontology terms 0.0181

CHEMOKINE_RECEPTOR_BINDING Gene ontology terms 0.0197

MYLLYKANGAS_AMPLIFICATION_HOT_SPOT_6 Chemical and genetic perturbations 0.0239

CHIN_BREAST_CANCER_COPY_NUMBER_DN Chemical and genetic perturbations 0.0255

V$MYC_Q2 Transcription factor targets 0.047

Triple negative subtype (gain vs. normal)

ZHAN_MULTIPLE_MYELOMA_HP_DN Chemical and genetic perturbations 0.0041

V$TEF1_Q6 Transcription factor targets 0.0044

DING_LUNG_CANCER_EXPRESSION_BY_COPY_
NUMBER

Chemical and genetic perturbations 0.0097

BOYAULT_LIVER_CANCER_SUBCLASS_G123_UP Chemical and genetic perturbations 0.0116

CERIBELLI_PROMOTERS_INACTIVE_AND_BOUND_BY_NFY Chemical and genetic perturbations 0.0149

ZHENG_BOUND_BY_FOXP3 Chemical and genetic perturbations 0.0155

RUTELLA_RESPONSE_TO_CSF2RB_AND_IL4_UP Chemical and genetic perturbations 0.0213

GRASEMANN_RETINOBLASTOMA_WITH_6P_
AMPLIFICATION

Chemical and genetic perturbations 0.0221

EMBRYO_IMPLANTATION Gene ontology terms 0.0325

V$ETF_Q6 Transcription factor targets 0.0432

Triple negative subtype (loss vs. normal)

NIKOLSKY_BREAST_CANCER_10Q22_AMPLICON Chemical and genetic perturbations 0.0064

*, Gene sets with concordant changes in expression levels are labeled in bold. CNA, copy number alterations; ER, 
estrogen receptor.
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groups, several survival associated gene sets were previously 
reported as associated with copy number or gene expression 
changes in other cancers such as colon cancer, seminoma, 
pancreatic cancer, lung cancer, and retinoblastoma (25-29).

For the identified prognostic gene sets, we again used 
the K-S test to confirm that the CNAs can effectively lead 
to expression changes in genes belonging to these gene sets. 
Gene sets with concordant expression changes are labeled 
in bold in Table 2. Among the 31 prognostic gene sets, genes 
of 22 (71.0%) gene sets showed concordant expressional 
changes. Five and four gene sets of the chemical and genetic 
perturbations and gene ontology terms collections, respectively, 
did not show concordant changes in expression, which implies 
that the driving force of these biological functions, such as 
the development of the ectoderm, the activity of chemokines, 
transcriptional inactivation of genes with promoters bound by 
the NF-Y transcription factor, genes with promoters bound by 
FOXP3, and the implantation of the embryo, is less likely to 
be affected by CNAs.

Discussion

We have demonstrated the capability and robustness 
of GSCA in a large breast cancer dataset. For the gene 
sets affected by copy number gains, most of them were 
originally derived from studies of CNAs (30-32). Most of 
these genomic regions were previously reported in breast 
cancer (33-38). Notably, four of the gene sets enriched in 
copy number losses were located in chromosome 16q. Our 
findings are consistent with previous reports showing that 
gain in 1q and/or loss in 16q were observed in epithelial 
tumors such as hepatocellular, ovarian, nasopharyngeal, 
prostate, and breast cancers (39,40). Our results confirmed 
the conclusion of previous studies that cancer genomes 
share highly similar patterns of CNAs. Moreover, we 
identified seven target gene sets of transcription factors 
(LEF1, TEF1, ETF, MAZ, E2F, PEA3, and SRY), all of 
which are reported to be associated with breast cancer 
tumorigenesis (41-47). Our results indicate that the 
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expression of abundant genes is associated with both 
transcription factors and CNAs.

To explore the potentially prognostic roles of CNA-
affected gene sets for clinical applications, we conducted 
survival analysis on the copy number-enriched gene 
sets. The subtypes of breast cancer were taken into 
consideration. The gene set “CAMPS COLON CANCER 
COPY NUMBER UP,” which was derived from a colon 
cancer study (25), was the most statistically significant 
gene set in the gain/normal comparison in the ER+ group. 
The result indicated the CNAs in the genomic regions 
where genes in the gene sets located could affect tumor 
malignancy. Further exploration into the underlying 
mechanism is warranted. Target gene sets of several 
transcription factors were also identified with correlations 
to patient survival. All of the transcription factors have 
been reported to contribute to disease progression of 
breast cancer. It is noteworthy that the gene set “V$MYC_
Q2” was found to be significantly associated with patient 
survival in both gain/normal and loss/normal comparisons. 
MYC has been reported to be highly involved in cell 
growth, proliferation, transformation, angiogenesis, cell-
cycle control, and apoptosis, with dysregulation in various 
cancers, including breast cancer (48-51). Our results 
suggest that CNAs could dysregulate target genes of MYC 
and result in improved survival of patients. In summary, 
our findings shed light on the effects of these transcription 
factor-related gene sets from the prognosis point of view 
in breast cancer.

There are some limitations of our proposed method. 
First, we utilized the ECN to evaluate the copy number 
status of each gene. However, this scoring method may 
underestimate the potential effects of short CNAs and 
have limitations in analyzing subtle genomic changes. 
However, since our approach focuses on the overall 
effects of “copy number patterns” on “gene set functions”, 
missing information of a few genes from a gene set would 
be unlikely to bias the analysis. Second, our analysis is 
based on the pre-defined gene sets of MSigDB. Realizing 
that not all gene sets related to known biological functions 
have been discovered or defined, the resolution of our 
method may be limited due to insufficient gene set 
information. Therefore, future research that identifies 
gene sets with unified biological themes will be helpful to 
improve the efficacy of our method. Also, large datasets 
with sample-paired CNA and expression data are rare. 
Without another suitable dataset, we were not able to 
validate the findings in our study.

Conclusions

In this paper, we proposed a systematic method, GSCA, to 
analyze the involvement of CNAs in biological functions 
and tumor progression in breast cancer on the basis of gene 
set enrichment analysis. To evaluate the efficacy of our 
analysis, a dataset of breast cancer samples from TCGA was 
analyzed. The results showed that our analysis is capable 
of exploring the chromosomal distribution of genomic 
aberrations, as well as the potential mechanisms underlying 
the pathogenesis of breast cancer.
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