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Abstract

Gene-set analysis (GSA) methods have been widely used in microarray data analysis. Owing to the unusual
characteristics of microarray data, such as multi-dimension, small sample size and complicated relationship between
genes, no generally accepted methods have been used to detect differentially expressed gene sets (DEGs) up to now.
Our group assessed the statistical performance of some commonly used methods through Monte Carlo simulation
combined with the analysis of real-world microarray data sets. Not only did we discover a few novel features of GSA
methods during experiences, but also we find that some GSA methods are effective only if genes were assumed to
be independent. And we also detected that model-based methods (GlobalTest and PCOT2) performed well when
analyzing our simulated data sets in which the inter-gene correlation structure was incorporated into each gene set
separately for more reasonable. Through analysis of real-world microarray data, we found GlobalTest is more
effective. Then we concluded that GlobalTest is a more effective gene set analysis method, and recommended using it
with microarray data analysis.
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Microarrays are at the center of a revolution in biotechnology, allowing researchers to monitor
simultaneously the expression of tens of thousands of genes. Extracting useful information from such
gene expression profiles and then implementation of biological interpretation are the main challenges
faced by researchers.

In recent years, GSA methods, which are based on pre-defined gene set [1], have been proposed for
testing the coordinated association of gene sets with a phenotype of interest. Such an analysis allows
researchers to make full use of previously biological knowledge and make the results more interpretable.
Gene annotations have been used to define the gene sets, such as Gene Ontology [2] or KEGG [3]. Many
authors have reviewed and compared the test power of some of proposed GSA methods from different
perspective. For example, Dinu et al. [4] compared the biological performance of six GSA methods, and
pointed out the advantages of SAM-GS, GlobalTest and ANCOVA [5] methods. Various GSA methods
were reviewed insightfully and a practical guideline was given to researchers by Nam and Kim [6]. The
study by Liu et al. [7] compared the performance of three methods (GlobalTest, ANCOVA GlobalTest
and SAM-GS) and concluded that the results achieved by the three approaches investigated were broadly
similar. A review paper by Song and Black [8] studied the performance of a subset of commonly used
approaches through the analysis of both simulated and real microarray data. We confirmed that those
GSA methods, which incorporate correlation structures, were promising in detecting DEGs.

In this paper, we mainly explore and compare the performance of some usually used GSA methods
from the point of statistical view. Our aim is to find those more effective approaches. We study the
sensitivity and specificity of those GSA methods, and then compare their performances through the
simulated data in which we incorporate the correlation structure between genes within each gene set,
respectively.

2. The statistical performance of GSA methods
2.1. Sensitivity of the methods

Under the assumption that genes are independent, we examined the sensitivity of different DEGs
detection methods on simulated data sets. Here, we simulated 1000 genes, and 50 samples in each of two
groups (A, B), control and treatment. The genes were assigned to 50 gene-sets, each with 20 genes. All
measurements were generated as N (0, 1) before the treatment effect was added. There were five different
scenarios:

e All 20 genes of gene-set 1 are 0.20 units higher in group B. u, — ¢ ,,=0.20
e All 20 genes of gene-set 1 are 0.25 units higher in group B. #,, — 1 ,,=0.25
e All 20 genes of gene-set 1 are 0.30 units higher in group B. u, —u,,=0.30
e All 20 genes of gene-set 1 are 0.35 units higher in group B. u,, —u,,=0.35
e All 20 genes of gene-set 1 are 0.40 units higher in group B. u,, — 1 ,,=0.40

To avoid the bias in results, we replicated 20 times in each case. The seeds of the normal distribution
were taken from 1 to 20. In every one of these scenarios, 50 gene sets was analyzed simultaneously, and
the statistical significance for each gene set was adjusted for multiple testing of many hypotheses. In the
simulated data sets, only the first gene-set was of interest. We compared five different GSA methods:
GlobalTest-per [9], PCOT2 [10], Efron's GSA [11], SAFE-boot, and SAFE-per [12].

Our study reveals that Efron's GSA has the highest power (Tablel, 2), but the test statistic used in this
method is re-standardized by gene resample. By doing so, the correlation between genes is
entirely ignored in the analysis. The results also show that SAFE-per has a similar performance compared
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to GlobalTest-Asy, and the two methos have slightly higher power than SAFE-boot. In addition, the
PCOT2 method is not easy to get a smaller P-value. Its effectiveness will be tested in later research, in
which the members of a gene set exhibiting strong cross-correlation.

TABLE 1. p4 ¢ FOR THE FIRST GENE SET FOR THE FIVE Different APPROACHES
=P

Mg — My
Methods
0.20 0.25 0.30 0.35 0.40

Efron’s GSA 0.075+ 0.245 0.017+0.075 0.0000.000  0.000 % 0.000 0.000 & 0.000
SAFE-boot* 0.191  0.042 0077£ 0024  0.024F 0011 0.005E 0.003 0.000 £ 0.000
SAFE-per* 0.143 % 0.051 003910021 0002+ 0000  0.001 £ 0.000 0.001 £ 0.000
GlobalTest-Asy*  0.103 % 0.205 0.0341 0.101 0.006 = 0.022 0.000 & 0.002 0.000 & 0.000
PCOT2 0.253 1 0.269 03170733 0076t 0.170  0.037%0.139 0.023 % 0.103

* Globaltest-Asy: using the asymptotic distribution of the test statistic; SAFE-boot: bootstrap-based tests and SAFE-per:
permutation-based tests.

TABLE 2. DETECTION RATES FOR THE FIVE GENE SET ANALYSIS METHODS (CONCERNED ONLY THE FIRST GENE-SET)

Methods Fn~Ha

0.20 0.25 0.30 0.35 0.40
Efron’s GSA 95% 95% 100% 100% 100%
SAFE-boot 20% 60% 85% 95% 100%
SAFE-per 55% 80% 100% 100% 100%
GlobalTest-Asy 65% 85% 95% 100% 100%
PCOT2 45% 55% 80% 95% 95%

2.2. Specificity of the methods

According to Nam et al. [6], we also generated expression profiles of 2000 genes with two groups,
each owning 20 samples. The expression values were sampled from a standard normal distribution in both
groups. We selected randomly 600 genes and added a random value between 0.5 and 1 to the second
group to generate DEGs. The genes were divided into 100 gene sets orderly, each of which contained 20
genes. We compared the detection rates of five GSA approaches. Because the DEGs were chosen
uniformly at random, no gene sets were expected to be ‘enriched’. Indeed, Efron's GSA method
recognized no DEGs, while SAFE-boot detected one DEGs and SAFE-per found four. The false
discovery rates of these three methods were all smaller than 0.05. However, GlobalTest-Asy identified 38
DEGs, and the PCOT2 method detected a large part of the gene sets (57%) as differentially expressed
with a cutoff of 0.05 (Fig. 1).
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From this result, we find that Efron's GSA, SAFE-boot, and SAFE-per agree closely and show higher
specificity under the assumption that the genes are independent. However, GlobalTest and PCOT2, which
based on self-contained show lower specificity. This is the shortcoming of all self-contained methods
because in these methods only a single differential expressed gene can make the whole gene set
significant [6].

% —o— Efron’s GSA
g —=— SAFE-boot

= —o— SAFE-per

_%f —— Globaltest-Asy
% ~ESPEET

=

0 10 20 30 40 50 60 70 & 90 100

Gene set

Fig.1. The P-value of 100 no-enriched gene sets
2.3. Taking into account the correlation between genes in simulated experimental data

We usually define gene sets based on prior biological knowledge. Those genes with the same
functional or pathway are grouped as a gene set. So there is strongly correlation within a gene set. In the
following we will compare the test power of GSA methods through the simulated data which incorporate
a correlation structure within each gene set respectively. The simulated data set contained 2000 genes and
40 microarrays, each consisting of 20 control and 20 treated samples. We divided the simulated gene
expression profiles into 100 gene sets, each containing 20 genes. Each gene set were generated from
multivariate normal distribution with mean g and variance-covariance symmetric matrix X , based on the
following density function:

1 r . r
1 gl / =
Ty s ooz (L=l )
T
ror 1

In this formula, we set ¢ =1and r=trunc{[(n-1)/10]+1}/10 for the nth gene sets, and observed the
adjusted P-values of every gene set by simulating repeatedly 20 times in each case.

Our results showed that the model-based methods (GlobalTest and PCOT2) identified all 100 DEGs.
However, the Efron’s GSA didn’t identify any DEGs. To our surprise, the detection rate of SAFE was 0,
0.08 and 1, when the correlation coefficient between genes (r) was set lower than 0.6, equal to 0.6 and
bigger than 0.6, respectively. For further research, we decreased the mean difference between the two
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groups to 0.05, and we found the detection rate of SAFE became 0, 0.4 and 1, when the correlation
coefficient between genes () was set lower than 0.7, equal to 0.7 and bigger than 0.7, respectively. The
reason for this phenomenon is that SAFE interprets incorrectly the strong correlation among genes as the
differences between the groups.

3. Analysis of real-world microarray data

In this section, we use two well-known gene expression datasets to evaluate the biological
performance of the three methods, namely GlobalTest, PCOT2 and SAFE. The first two tests incorporate
correlation structures into the analysis process, while the last test performs well in the above simulation
data sets relative to other tests.

3.1. Classification of acute leukemia

Golub (1999) [13] Initially, the experimental data contained 7129 genes. In the data pretreatment step
we excluded those genes that had very low expression levers. Thus, the data set turned into a matrix of
3051 x 38. Then we used cellular component (CC) branch from the collection of Gene Ontology (GO)
Consortium to define gene sets, and obtained 159 functional gene sets. We obtained P-values of these
gene set through 2000 permutations of the sample labels, and then adjusted them by BY (Benjamini &
Yekutieli) method (Benjamini & Yekutieli) method [14]. The results indicate that GlobalTest identify 151
DEGs, while PCOT2 observe 133 DEGs which are all detected by GlobalTest. And SAFE find only 23
DEGs which are all discovered by GlobalTest and PCOT2.

3.2. Molecular pathways of type Il diabetes mellitus

Another data set that we chose was the diabetes data published by Mootha et al [15]. These data
contain expression information on 22283 genes and consist of 34 samples: 17 with type II diabetes
mellitus (DM2) and 17 with normal glucose tolerance (NGT). The expression information on these genes
can available online at http://www.broad.mit.edu/gsea/datasets.jsp. The Bioconductor annotation package
hgul133aPATH is used to define 172 gene sets relation to KEGG pathways. Based on the adjusted P-
values of these gene sets, both the PCOT2 and GlobalTest methods do detect no DEGs in these data
information. However, SAFE detects 7 DEGs (Table 3). Combination of single-gene analysis results, we
conclude that PCOT2 and GlobalTest methods are more consistent.

TABLE 3. DETECTION RATES FOR THE FIVE GENE SET ANALYSIS METHODS (CONCERNED ONLY THE FIRST GENE-SET)

Set size KEGGID KEGG-Name SAFE P Cg?? P Globaltost

59 KEGG:03420 Nucleotide excision repair .0005 9173 1.0000

37 KEGG:03430 Mismatch repair .0105 9182 1.0000

155 KEGG:00190 Oxidative phosphorylation 0115 9173 1.0000

50 KEGG:00260 Glycine, serine and threonine .0190 9182 1.0000
metabolism

44 KEGG:03440 Homologous recombination .0360 9182 1.0000

697
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12 KEGG:00900 Terpenoid biosynthesis .0480 9173 1.0000

22 KEGG:04614 Renin-angiotensin system .0480 9173 1.0000

4. Discussion

In this paper, we have investigated the performance of commonly used gene set approaches through
the simulation study. In the absence of gold standards for diagnosis of these approaches, we resorted to
simulated data which can be set difference based on requirements. Although we have solved part of the
problems to some extent through simulated experiment, it was generally unable to meet the inherent
complexity of real microarray data. To reduce the impact of the gene set size in the simulation study, we
assumed that all he gene set are the same size in our simulation setting.

In microarray data studies, most researchers are keenly aware of the potentially biological correlation
between genes and the distributions of gene expressional levels which is always unknown. The special
inter-dependence relationship between information on gene expression and its influence factors is not
clear, which is usually complex linear relationship, rather than a simple linear relationship. In addition,
the high-dimensional and small sample sizes of microarray data make it have conservative bias for any
basic statistical model in data analysis. If we still use the general statistical model to make an inference,
then the two limitations may weaken the reliability of records, or even gain wrong conclusions.

Mixed effect model has been developed rapidly in recent years as a statistical analysis method, which
overcomes the limitations of traditional linear model. Not only can it handle the non-equilibrium data
with random missing, but also it is able to analyze various types of non-independent data, which has been
widely used in the analysis of hierarchical data, longitudinal observational data, repeated measurement
data and the growth curve data. It has become a hot topic in statistical theory model, called "21st century
model". At present, mixed-effects models have been used for single-gene analysis and it is also feasible
for gene set analysis. The improvement to microarray data analysis methods will be able to take full
advantage of the information contained in the data, and accelerate the development process of functional
genomics research.

This paper did not discuss the well-known gene set enrichment analysis (GSEA) method, because
doubts were raised in the literature [4, 8, 16]. Among our considered methods, SAFE and Efron's GSA
are the improvement of GSEA method, which have better statistical properties. However, GSEA is still a
user-friendly, independent software package that based on sample permutation. It is different from other
analytical tool through R programming language, which is why GSEA is more convenient to use for
majority of biologists.
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