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A B S T R A C T

Background: Gene set analysis is a popular approach to examine the association between a predefined gene set
and a phenotype. Few methods have been developed for a continuous phenotype. However, often not all the
genes within a significant gene set contribute to its significance. There is no gene set reduction method devel-
oped for continuous phenotype. We developed a computationally efficient analytical tool, called linear combi-
nation test for gene set reduction (LCT-GSR) to identify core subsets of gene sets associated with a continuous
phenotype. Identifying the core subset enhances our understanding of the biological mechanism and reduces
costs of disease risk assessment, diagnosis and treatment.
Results: We evaluated the performance of our analytical tool by applying it to two real microarray studies. In the
first application, we analyzed pathway expression measurements in newborns’ blood to discover core genes
contributing to the variation in birth weight. On average, we were able to reduce the number of genes in the 33
significant gene sets of embryonic stem cell signatures by 84.3% resulting in 229 unique genes. Using im-
munologic signatures, on average we reduced the number of genes in the 210 significant gene sets by 89%
leading to 1603 unique genes. There were 180 unique core genes overlapping across the two databases. In the
second application, we analyzed pathway expression measurements in a cohort of lethal prostate cancer patients
from Swedish Watchful Waiting cohort to identify main genes associated with tumor volume. On average, we
were able to reduce the number of genes in the 17 gene sets by 90% resulting in 47 unique genes.
Conclusions: We conclude that LCT-GSR is a statistically sound analytical tool that can be used to extract core
genes associated with a continuous phenotype. It can be applied to a wide range of studies in which dichot-
omizing the continuous phenotype is neither easy nor meaningful. Reduction to the most predictive genes is
crucial in advancing our understanding of issues such as disease prevention, faster and more efficient diagnosis,
intervention strategies and personalized medicine.

1. Background

With the advent of DNA microarray technology, scientists are able
to study and analyze thousand of genes at the same time leading to
early and more accurate disease diagnosis as well as personalized
treatment. There are two general approaches to study associations of
gene expression measurements with phenotypes in microarray data
analysis: Individual Gene Analysis (IGA) and Gene Set Analysis (GSA).
A comprehensive review of these methods is given by Goeman and
Buhlmann [1]. IGA examines each gene individually to find differen-
tially expressed genes associated with phenotypes or characteristics.

Once a list of significant genes is assembled, there is a need to identify
biological functions or pathways that are over-represented in a given
list. An alternative approach is to identify sets of functionally related
genes in advance and to assess whether these gene sets show differential
expression. The interest in expression data analysis has changed from
single gene to gene set level in recent years because many phenotypes
are believed to be associated with modest regulation in a set of related
genes rather than a strong increase in a single gene [2]. However, both
approaches can be effective and sometimes their combination is more
powerful.

Molecular biologists have compiled lists of genes grouped by their
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common biological functions, i.e. biological pathways. There are var-
ious pathway databases that are freely available for microarray data
analysis, such as Kyoto Encyclopedia of Genes and Genomes (KEGG)
[3], Gene Expression Omnibus [4], Biocarta [5], and Molecular Sig-
nature Data Base [6]. A variety of Gene Set Analysis (GSA) methods
have been developed with the aim to identify a-priori defined gene sets
associated with phenotypes, in DNA microarray studies. These methods
incorporate previous biological knowledge of presumably related genes
within a gene set, and hence are more powerful in finding associations
with phenotypes.

GSA methods are different in terms of the methodological assump-
tions related to definition of a sample and formulation of the null hy-
pothesis. Extensive methodological discussions and reviews are given
by Goeman and Buhlmann [1], Nam and Kim [7], and Maciejewski [8].
We briefly summarize important aspects of GSA methods. The GSA
methods are broadly classified as ‘self-contained’ or ‘competitive’.
Competitive methods compare the associations for genes within the
gene set with associations for genes in the gene set complement, to
determine whether genes in a particular gene set are associated more
with a phenotype, as compared to genes outside the gene set. Examples
of competitive gene set methods for analysis of gene expression studies
are SAFE [9], Random set methods [10], and GSA [11]. In contrast, self-
contained methods assess the association between the phenotype and
expression of the gene set of interest, ignoring other genes that are not
in the gene set. Examples include Global test [12], ANCOVA [13], SAM-
GS [14], and LCT [15]. A hybrid between competitive and self-con-
tained methods is Gene Set Enrichment Analysis (GSEA) [2].

The key methodological distinction between the two approaches is
inherent to gene-sampling versus subject-sampling concept. The term
‘sampling’ refers to the permutation test used in GSA methods to esti-
mate the null distribution. Competitive methods use genes as the
sampling units, whereas self-contained methods use subjects as sam-
pling units. Under the self-contained null hypothesis of no association
between the gene sets and the phenotype, labels are interchangeable
and the null distribution is estimated based on permuting the labels of
subjects. Under the competitive null hypothesis of no differential ex-
pression of genes in the gene set of interest, compared with expression
of genes not in the set, we assume that genes are independent and the
null distribution is estimated based on permuting the genes [1].

Geoman and Buhlmann [1] strongly discourage using competitive
methods because of the untenable statistical independence assumption
across genes. Delongchamp et al. [16] commented on how ignoring the
correlations within the gene sets can overstate significance and pro-
posed meta-analysis methods for combining p-values with a modifica-
tion to adjust for correlation. Chen et al. [17] argue their preference for
self-contained hypothesis over competitive one, because the p-values
computed under former are consistent with the principle of statistical
significance testing, while the p-values computed under latter do not
take into account correlations among genes. Our focus here is on self-
contained methods, which preserve correlations within gene sets.

Most of GSA methods have been developed for binary or categorical
phenotypes. The urge of improving methods for continuous phenotype
is increasing, on the ground that, quite often, the outcome of interest is
measured as a continuous variable, for example, tumor volume, birth
weight, metabolites or proteins. In such cases, it is neither easy nor
meaningful to dichotomize or categorize continuous phenotypes. Some
specific ranges may fail to express the underlying biological function for
each subject. Moreover, these ranges are arbitrarily defined by specia-
lists, and different specialists might use different ranges according to
the patient's health condition. It would be beneficial to directly analyze
continuous phenotypes in DNA microarray studies. Few methods have
been proposed for continuous phenotypes such as SAM-GS [14], Global
test [18] and Linear Combination Test (LCT) [15].

SAM-GS is an extension of Significance Analysis of Microarrays
(SAM) [19], a moderated t-statistic, calculated based on permutations
of the group labels. The Global test is based on the generalized linear

regression framework, in which the distribution of the phenotype is
modelled as a function of the covariates. LCT considers the linear
combination with the maximum correlation with the phenotype among
all possible linear combinations. Among these methods, LCT efficiently
incorporates the gene expression covariance matrix into the test sta-
tistic, considering the correlation among gene expressions. This char-
acteristic is desired in GSA methods because it leads to a powerful and
computationally efficient approach for evaluating the association of a
gene set with a continuous phenotype.

A gene set can be significant only because a subset of genes within
the set is actually differentially expressed, and the rest of the genes may
not be contributing to its significance. In fact, a large set may be easily
identified as significant, only because one gene is associated with the
phenotype. It is very important to investigate significant gene sets to
identify only those core members that are associated with the pheno-
type, as a core subset. Dinu et al. [20] developed a gene set reduction
method, referred to as SAM-GS reduction (SAM-GSR), for extracting
core subset for a binary phenotype. To the best of our knowledge, there
are no methods addressing gene set reduction for a continuous phe-
notype yet. Our proposed algorithm was designed to fill this gap.

2. Methods

We propose here an extension of the LCT method for gene set re-
duction, called LCT-GSR. Genes within gene sets are expected to be
correlated because they share similar biological functions, and same
chromosomal locations. Among GSA methods for continuous pheno-
types, the LCT method [15] efficiently incorporates the gene expression
covariance matrix into the test statistic, resulting in improved perfor-
mance over other existing GSA methods. It is a powerful and efficient
microarray data analysis, for determining significant associations be-
tween gene sets and a continuous phenotype. Since the number of genes
in the gene sets is much larger than the number of subjects, the cov-
ariance matrix is singular. To overcome this problem, a shrinkage
covariance matrix estimator is used. Then, eigenvalue decomposition of
the shrinkage covariance matrix is performed for the original data,
reducing the high computational cost of integrating this estimator. Let

= …X (X , ,X )1 p denote the gene expression matrix corresponding to p
genes in a set, where each vector …X , ,X1 p is measured on each of the n
subjects, Y denote the phenotype or outcome measured on each of the n
subjects, and the covariance matrix decomposition be represented as
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where =γ D U β1/2 T and β is the vector of regression coefficients. A
permutation test is used to assess the statistical significance against the
null hypothesis.

For each significant gene set, we repeat the following steps to ex-
tract the core genes. We apply Significance Analysis of Microarrays
(SAM) to measure the strength of association between a single gene
expression and a phenotype. SAM is a popular analytical tool for DNA
microarray data analysis at individual gene level. It assigns a score to
each gene, based on the change in gene expression, relative to the
standard deviation of repeated measurements. SAM avoids parametric
assumptions about the distribution of individual genes, by using a non-
parametric statistic di:
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where ri is the linear regression coefficient of expression measurements
for gene i on the phenotype, si is the pooled standard error of ri, and s0is
the exchangeability factor, or a small positive constant, adjusting for
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the variability in the microarray measurements.
Given the significant gene set S with s genes, we use the following

steps sequentially. These steps are motivated by the fact that di is the
contribution of the gene i, to the association of the gene set S with the
phenotype, in the LCT test statistic.

1. Compute SAM statistic di for each gene in the gene set S.
2. For = … −k s1,2, , 1, select the first k genes with largest statistic d| |i

to form a reduced set Rk. Let R‾k be the complement gene set of Rk in
S, and ck be the corresponding LCT p-value of the complement gene
set.

3. Select the reduced set when ckis larger than a pre-specified threshold
c, chosen by the analyst.

We used the SAM-R package available in R to compute the SAM
statistic values. We can get both FDR values and p-values from the SAM
output. However, the FDR values and p-values can be similar for most
of the genes, and the ranking process of genes based on their sig-
nificance would be a problem. We prefer to use SAM statistic values d ,i
which are the scores assigned to each gene based on the changes in gene
expression, relative to the standard error.

We order the genes within the gene set, according to the absolute
value of their SAM values, ≤ ≤ …≤d d d ,(1) (2) (p) to gradually discover the
core genes with the largest |d |i , apply the LCT analysis to the comple-
ment gene set R‾k , and calculate its p-value ck. If < cck , we still have
significant members within the complement gene set, that are asso-
ciated with the phenotype, therefore making the whole set statistically
significant. If > cck , there are no significant genes remained con-
tributing to the significance of the complement gene set and we stop the
procedure. When we reach the threshold, the genes within Rkrepresent
the core subset.

Similarly to Dinu et al. [20], we used a cutoff =c 0.1. We used a
threshold slightly more conservative than 0.05, to ensure we included
genes that individually may not be strongly associated with the phe-
notype, but collectively have a biological impact on the phenotype of
interest.

An important issue in GSA is adjusting for multiple testing of
thousands of gene sets. Each statistical test reports the probability of
observing a test score by chance, assuming no association between gene
set expressions and the phenotype of interest. Among 10,000 in-
dependent tests, even if we set the threshold for p-values as low as 0.01,
we will identify 100 of those as “significant” genes, just by chance. A
popular approach is to control the false discovery rate (FDR) which
measures the proportions of false positives among all gene sets called
significant [21].

We applied our analytical tool LCT-GSR to two real microarray
studies; a) birth weight and b) lethal prostate cancer, to evaluate its
performance. Gene set p-values and multiple comparison adjustments
using FDR values were performed.

3. Results

3.1. Birth weight study

3.1.1. Background
Individuals born small for gestational age (SGA) are at greater risk

of multiple chronic illnesses, later in their life [22]. The link between
low birth weight and adult illness might be explained by uteroplacental
insufficiency that alters organ function and hormonal milieu to make
the individual more susceptible to disease [23]. In addition, genetic or
epigenetic factors may exist that both reduce fetal growth and increase
predisposition to disease later in life [24]. The change in DNA methy-
lation is known as the cause of some newborn illnesses and growth
disorders. While DNA methylation is important in developmental pro-
cesses, and its variation in blood lymphocytes has been associated with
adult body mass index (BMI) [25], analysis of DNA methylation

patterns with respect to birth weight have produced mixed results.
DNA Methylation ultimately affects mRNA production and resultant

protein production, both of which are complex processes. Therefore,
variation in gene expression levels is one step closer to a direct biolo-
gical effect than DNA methylation, and might exhibit a stronger asso-
ciation with birth weight variation [26]. Many more significant asso-
ciations between birth weight and gene expression have been published
over the last decade relative to DNA methylation, suggesting the need
for further investigation at gene expression level. In a recent study of
201 newborns, ranged in birth weight from 2.1 to 5 kg, Adkins et al.
[26] did not identify strong genome-wide association of birth weight
with gene expression measurements. The analysis in this study was
focused on identifying individual genes that are associated with birth
weight among a cohort of clinically normal newborns. We believe that
correlation among genes, especially those within biological pathways,
might impact the association with birth weight. An analysis at the in-
dividual gene level does not take into account correlations across sets.
We examined the associations in the same study using the LCT-GSR
analytical tool to identify biomarkers that may contribute to variation
in birth weight, and thereby predisposition to diseases.

3.1.1.1. Data description. The birth weight data set is part of a larger
longitudinal cohort study of human development from pregnancy to
age 3, the Conditions Affecting Neurocognitive Development and
Learning in Early Childhood (CANDLE) (http://candlestudy.org/).
CANDLE was performed in Shelby County, Tennessee. Written
informed consents were obtained from all mothers, and this study
was approved by the institutional review boards of all the participating
hospitals [26]. Data on maternal age, gestational age, race, and baby's
gender are also available. We obtained approval from the University of
Tennessee Health Science Center for accessing data on continuous
phenotype birth weight measured on newborn blood.

The selection criteria for the cohort were: maternal age 18–40 years,
singleton pregnancy, complete data on birth weight and maternal
prepregnancy weight, and absence of several complications, specifically
sexually transmitted diseases, diabetes, oligohydramnios, preeclampsia,
placental abruption, tocolytics, and cervical cerclage. We selected ge-
stational ages of 35–42 weeks and mothers whose self-declared race
was only Caucasian, or only African-American. After applying these
additional criteria, the final sample size was 114. This data set consists
of 24,924 gene expression measurements from blood sample for 114
newborns, 67 African-American and 47 Caucasion, with mean birth
weight of 3340 (SD: 490) grams. The mother's mean age is 27 years old
and the mean gestational age is 39 weeks.

Rates of low birth weight vary among women of different origins. It
has been long observed that the rate of low birth weight among African-
American mothers is twice that of Caucasian women [27]. On the other
hand, birth weight has consistently been shown to be higher in males
than in females [28]. Mean birth weight of 3190.1 g for African-
American mothers is lower than mean birth weight of 3553.7 for
Caucasian mothers and the difference is statistically significant
(t=−4.2, p-value=0.0001). There is no significant difference be-
tween birth weight of male and female newborns (t= 0.09, p-
value= 0.927). We examined whether the effect of race on birth
weight is modified by gender, and the interaction was not significant
(t= 1.01, p-value=0.314). Since gender and race are important
characteristics influencing the birth weight, we adjusted for both
variables in our analysis.

3.1.1.2. Pathway databases. Since low birth weight was previously
associated with the risk of developing immune diseases, we chose
immunologic signatures catalog, C7. We downloaded the most recent
list of gene sets in the Molecular Signature Database C7 catalog
(accessed on May 2015) from Broad Institute (http://www.
broadinstitute.org/gsea/msigdb). The C7 catalog represents
immunologic signatures collected from immunologic studies.
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We also used the list of stem cell signatures consisting of 457 gene
sets, collected from manuscripts (Leite & Pyne, manuscript in pre-
paration) and others from the Differentiation Map portal [29], In-
genuity Pathway Analysis tool (http://www.ingenuity.com/), and
ChIP-X database [30].

We restricted the size of gene sets in both lists to be between 15 and
500. Within this range, there are 1910 gene sets for the C7 catalog and
251 gene sets for the stem cell signatures.

3.1.1.3. Gene set reduction results. We applied LCT-GSR to the gene
expression data set from CANDLE Study, adjusting for race and gender.
We performed a logarithmic transformation on the gene expression
values to increase the normality of the distribution across individuals.
The LCT analysis revealed 33 gene sets in the stem cell signatures
(FDR<0.003) and 210 gene sets in the C7 catalog (FDR<0.004),
which are associated with birth weight at a cut-off p-value of 0.01,
presented in Table 1 and Supplementary Material Table S1,
respectively.

The next step is to use the list of significant gene sets and perform
gene set reduction. We demonstrate the gene set reduction method for
the significant gene sets StemCell_Kasper06_16880536 pathway, com-
posed of 30 genes, as defined in the stem cell signatures. We ranked the
absolute value of SAM statistic for these 30 genes in a decreasing order.
First, we selected the gene with the largest absolute value, ULK1
with =d 2.78(1) to form the core subset, and the rest of the genes
within the gene set to form the complement set. We applied the LCT
method to the complement set, and compared the LCT p-value with a
pre-specified cut-off value of 0.1. Since the p-value is smaller than 0.1,
we selected the gene with the second largest absolute value of SAM
statistic, i.e., EGR3 with =d 2.51(2) . We sequentially added the gene to
the core subset, and test the complement set until we reached the cut-

off threshold. The p-value of the complement set is greater than 0.1,
after taking out the third gene IDS with =d 2.44(3) . Genes within the
complement set, are collectively not associated with the phenotype, and
represent the redundant set. Therefore, the core subset contains three
genes ULK1, EGR3 and IDS. Fig. 1 shows each step of the linear com-
bination gene set reduction procedure.

Table 2 shows the summary of the LCT-GSR for stem cell signatures,
including the list of gene sets along with the gene set size, core set size,
percent reduction, and the core pathway members. Core set size in-
dicates the number of core genes obtained from each significant gene
set, according to LCT-GSR algorithm. Percent reduction is computed as
the number of genes eliminated (in the complement set) divided by the
total number of genes in a set, multiplied by 100. The core pathways
show the core genes collectively contributing to the association with
birth weight, excluding the redundant genes from the significant gene
sets.

There are 33 significant gene sets within stem cell signatures (p-
value< 0.01) associated with variation in birth weight, after adjusting
for race and gender. There are 228 genes identified to be significantly
associated with variation in birth weight from these gene sets, after
adjusting for the race and gender variables. On average, we were able to
reduce the number of genes in the 33 significant gene sets of stem cell
signatures by 84.3%, using the cut-off value of 0.1.

Supplementary Material Table S2 shows the summary of the LCT-
GSR for C7 catalog. There are 210 significant gene sets within C7 cat-
alog (p-value<0.01) associated with variation in birth weight, after
adjusting for race and gender. There are 1603 genes identified to be
significantly associated with variation in birth weight from these gene
sets, after adjusting for race and gender. On average, we were able to
reduce the number of genes in the 210 significant gene sets of C7 cat-
alog by 89%, using the cut-off value of 0.1.

There are a total of 229 unique genes identified in the reduced
subsets. In the stem cell signature, the most frequent core genes are
Kruppel-Like Factor 6 (KLF6), Diazepam Binding Inhibitor (DBI), Early
Growth Response 3 (EGR3), and Jun Proto-Oncogene (JUN). They show
up in the core subsets of four significant gene sets.

In the C7 catalog, there are a total of 1603 unique genes identified
in the reduced subsets. The core genes Lectin, Galactoside-Binding,
Soluble, 3 (LGALS3) and G0/G1 Switch 2 (G0S2) are the most frequent
genes extracted from 17 significant gene sets. The core gene Endothelial
PAS Domain Protein 1 (EPAS1) appeared in 16 significant gene sets,
Iduronate 2-Sulfatase (IDS) and Chemokine (C-X-C Motif) Ligand 8
(CXCL8) appeared in 15 significant gene sets.

The results from both gene set databases show 180 common core
genes extracted from the significant gene sets. There are genes among
core subsets that are not associated with the birth weight, at individual
gene level analysis; for example, N(Alpha)-Acetyltransferase 35 (NAA35)
and GABA(A) Receptor-Associated Protein-Like 2 (GABARAPL2) with the
SAM p-value 1.0 and FDR 59.6%, Heparan Sulfate (Glucosamine) 3-O-
Sulfotransferase 3A1 (HS3ST3A1) and Par-3 Family Cell Polarity
Regulator (PARD3) with the SAM p-value 1.0 and FDR 54.6%, POU2AF1
with the SAM p-value 0.07 and FDR 20.5% in the C7 catalog. However,
they contributed to the significant association with birth weight, jointly
with other genes within the core subset. For example, gene GABAR-
APL2 shows up in 4 different core subsets. This underlines the im-
portance of gene set analysis over individual gene analysis. Our results
show an advantage over analysis at the individual level, particularly for
a microarray dataset with subtle signal, where small but coordinated
differences cannot be captured at the individual level.

Leptin (LEP) is identified to be associated with birth weight in both
gene set databases (p-value=0.003, FDR=0.02). Leptin encodes a
protein, which acts through the leptin receptor that is secreted by white
adipocytes, and which plays a major role in the regulation of body
weight. This protein is involved in the regulation of immune and in-
flammatory responses, angiogenesis and wound healing. Mutations in
this gene and/or its regulatory regions cause severe obesity, and morbid

Table 1
Gene sets in stem cell signatures associated with birth weight phenotype based
on the LCT analysis at a p-value cutoff of 0.01 (FDR<0.003).

Gene set name Gene set
size

LCT p-
value

IPA_affects differentiation of embryonic stem cells 41 0
StemCell_Kasper06_30genes_16880536-Table 1 30 0.001
DMAP_MEGA_UP 46 0.001
DMAP_MONO1_DN 47 0.001
DMAP_PRE_BCELL2_UP 44 0.001
DMAP_PRE_BCELL3_DN 44 0.001
StemCell_Lim08_50genes_18510698-Table 1 47 0.002
Ben-Porath_MYC_TARGETS_WITH_EBOX 226 0.002
DB_ESR1-15608294 88 0.002
StemCell_Kocer08_87genes_18667080-Table S6 71 0.003
StemCell_Shim04_25genes_15246160-table6 22 0.003
StemCell_Fruehauf06_110genes_16863911-Table 1 97 0.003
DMAP_ERY_UP 45 0.003
DMAP_GM_EARLY_DN 42 0.003
DMAP_PRE_BCELL_UP 39 0.003
DMAP_BCELL_DN 44 0.003
DMAP_TCELLA6_DN 45 0.003
StemCell_Tondreau08_52genes_18405367-Table2b 41 0.004
DMAP_BCELLA2_UP 49 0.005
DMAP_TCELLA6_UP 44 0.005
IPA_affects differentiation of stem cells 72 0.006
DMAP_ERY4_DN 47 0.007
IPA_decreases differentiation of stem cells 18 0.007
StemCell_Colombo09_111genes_19123479-Table S1 92 0.008
StemCell_Lim08_25genes_18510698-Table 2 25 0.008
DMAP_ERY_DN 46 0.008
DMAP_GM_EARLY_UP 40 0.008
DMAP_HSC1_DN 48 0.008
DMAP_HSC3_UP 48 0.008
DB_PPARG-19300518 194 0.008
StemCell_Bhattacharya05_2843genes_16207381-Table1Sa 312 0.01
DMAP_MONO2_DN 40 0.01
DMAP_TCELLA2_DN 47 0.01
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obesity with hypogonadism. This gene has also been linked to type 2
diabetes mellitus development (Genecards). Early growth response 3
(EGR3) is another core gene (p-value= 0.001, FDR=0.01) that plays a
role in a wide variety of processes including muscle development,
lymphocyte development, endothelial cell growth and migration, and
neuronal development (Genecards).

3.2. Lethal prostate cancer

3.2.1. Background
Prostate cancer is the most common cancer in men. One in eight

men will be diagnosed with the disease in their lifetime. It is estimated
that in 2017, 21300 Canadian men will be diagnosed with prostate
cancer and 4100 will die from the disease according to Prostate Cancer
Canada. A major dilemma in prostate cancer management is how to
treat patients with clinically localized disease. The death rate can be
significantly reduced by improved testing and better treatment options.

3.2.2. Data description
The prostate cancer data set is part of the Swedish Watchful cohort

study, nested in a cohort of men with localized prostate cancer
(1977–1999) with up to 30 years of clinical follow up [31]. The study
design was approved by the Ethical Review Boards in Örebro and Lin-
köping. The cohort consists of 255 patients’ expression measurements
on 6014 genes and histopathologic features, such as Gleason score and
tumor volume. The patients were categorized into lethal and indolent
prostate cancer. We selected 145 patients with lethal cancer to create a
homogenous cohort, based on the phenotype. We downloaded the ex-
pression data file, as well as histopathologic features from Gene Ex-
pression Omnibus, with accession ID GSE16560 [32].

3.2.3. Pathway databases
We downloaded the C2 catalog, an extensive collection of metabolic

and signaling pathways, and gene sets from the Molecular Signature
Database of Broad Institute of MIT and Harvard (http://www.
broadinstitute.org/gsea/msigdb). The C2 catalog consists of 1892
gene sets, collected from online pathway databases, including The
National Cancer Institute Pathway Interaction Database, Biocarta,
KEGG, biomedical literature, and contributions from domain experts
[5].

3.2.4. Gene set reduction results
We screened the C2 catalog for associations with tumor volume

which has been found to be associated with development of prostate
cancer. We restricted the size of the gene sets in the C2 catalog between
15 and 500, following Subramanian et al. [2]. There were 1263 gene
sets within this range. There were 145 patients with lethal prostate
cancer. LCT analysis revealed 15 gene sets among 1263 in the C2 cat-
alog that are significantly associated with tumor volume at a cut-off p-
value of 0.01 (FDR<0.35).

The next step is to use the list of significant gene sets and perform
gene set reduction. Given a significant gene set, we used the SAM sta-
tistic as a measure of association between each gene within the gene set
and the tumor size. For reducing the significant gene set, we ranked the
absolute values of the SAM statistic in a decreasing order for the genes
within the gene set to help us gradually discover the core genes asso-
ciated with the tumor size. We used the SAM-R package available in R
to compute the SAM statistic values. We can get both FDR values and p-
values from the SAM output. However, the FDR values and p-values can
be similar for most of the genes, and the ranking process of genes based
on their significance would be a problem. We prefer to use the SAM
statistic values d, which are the scores assigned to each gene, based on
the changes in gene expression relative to the standard error.

Fig. 1. An example of linear combination test gene set reduction (StemCell_Kasper06_16880536).
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We demonstrate the gene set reduction method for the significant
gene sets Carbon Fixation pathway, composed of 16 genes as defined in
the C2 catalog. We rank the absolute value of SAM statistic for these 16
genes. First, we select the gene with the largest absolute value, ME3
with =d 3.04(1) to form the core subset, and the rest of the genes
within the gene set to form the complement set. We apply the LCT
method to the complement set and compare the LCT p-value with a pre-
specified cut-off value of 0.1. Since the p-value is smaller than 0.1, we
select the gene with the second largest absolute value of SAM statistic,
i.e., TKT with =d 2.10(2) . We sequentially add the gene to the core
subset and test the complement set, until we reach the cut-off threshold.
The p-value of the complement set is greater than 0.1, after taking out
the third gene PKM2 with =d 1.69(3) . Genes within the complement
set, collectively are not associated with the phenotype and represent the
redundant set. Therefore, the core subset contains three genes ME3,
TKT and PKM2. Fig. 2 shows each step of the LCT-GSR algorithm.

Table 3 shows the summary of the LCT-GSR, including the list of
gene sets along with the gene set size, LCT p-value, core set size, percent
reduction, and the core pathway members. Core set size indicates the
number of core genes obtained from each significant gene set, after
applying the LCT-GSR algorithm. Percent reduction is computed by
number of genes eliminated (in the complement set) divided by the
total number of genes in a set, multiplied by 100. Core pathway shows
the core genes collectively contributing to the association with tumor
volume, excluding the redundant genes from the significant gene sets.

On average, we were able to reduce the number of genes in the 15
gene sets by 90%, using the threshold value of 0.1. We observed a si-
tuation where a whole gene set is reduced to a single gene. That sug-
gests the genes within the complement subset are not associated with

the phenotype. If the significance of a set is due to only one gene, the set
should be investigated with caution. Biological functional role of the
significant gene within the gene set should be considered.

There are 47 core genes obtained from the LCT-GSR method. The
core gene Malic Enzyme 3 (ME3) is the most frequent gene appearing in
the reduced subset of three significant gene sets. The genes Axis
Inhibition Protein (AXIN1), Insulin-Like Growth Factor Binding Protein 6
(IGFBP6), Arachidonate 15-Lipoxygenase, Type B (ALOX15B), Upstream
Binding Transcription Factor (UBTF), High Mobility Group Nucleosomal
Binding Domain 4 (HMGN4), Pyruvate Kinase Muscle (P KM2), Cell
Division Cycle 16 (CDC16), and Transketolase (TKT) appeared two times.
The rest of thirty eight core genes appeared once in the significant gene
set.

Our method identified pathways and genes that were previously
discovered to be associated with the tumor volume, as well as new
markers that need to be further validated. Malic Enzyme 3, a gene
known to have an important role in cancer cell proliferation [33], ap-
pears most frequently in the three core subsets. Some well-character-
ized regulators of tumor volume, showing up in the core subsets, in-
clude: Insulin-Like Growth Factor Binding Protein 6 [34], Cell Division
Cycle 16, Axis Inhibition Protein, Transketolase and Pyruvate Kinase
Muscle [35].

4. Discussion

We developed the LCT-GSR based on two computationally efficient
and powerful methods, SAM and LCT. By using self-contained methods,
we acknowledge that genes are not independent, and consider the co-
ordination and network among genes, especially those that share

Fig. 2. An example of linear combination test gene set reduction. We used CARBON FIXATION gene set, identified to be significant by LCT. Each plot shows the
absolute value of SAM statistic for genes within this gene set in a decreasing order. In this example we required three consecutive iterations of the gene set reduction
method.
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biological pathways. An important limitation of the self-contained ap-
proaches is that only a few genes, even one gene, can drive the asso-
ciation between the gene set and the phenotype. In such cases, post-hoc
analysis can be useful to extract significant subsets associated with the
phenotype. LCT-GSR is a simple analytical tool to reduce gene sets that
have been found associated with the phenotype to smaller core sets, by
gradually exploring the association of remaining genes, as a set, with
the phenotype. The analyst can choose multiple cut-offs as stopping
rule, moving from more conservative to more liberal values allowing for
a flexible reduction process. Scientists can focus on biological inter-
pretation of the reduced sets, instead of the whole sets.

We reason that traditional statistical methods cannot be applied
here, because the number of genes in the gene sets is much larger than
number of subjects, an issue also dubbed as the “high dimensionality
problem”. Traditional statistical methods fail to converge when the
number of features is larger than the number of subjects. As explained
in the methods section, LCT incorporates the gene expression covar-
iance matrix into the test statistic, and uses eigenvalue decomposition
and shrinkage to maximize the correlation between phenotype and
linear combinations of gene expressions. Permutation based approach is
used to calculate p-values and FDR values. Therefore, LCT is a GSA
method that incorporates the gene expressions correlations into the test
statistic. This usually comes with a high computational cost, especially
when permutation-based tests are used. However, we noticed the ei-
genvalue decomposition combined with an orthogonal transformation
of the gene expression matrix, give LCT an important computational
advantage: we do not have to decompose the covariance matrix for all
the permuted versions of the dataset, but only once, for the original
version of the dataset.

We selected the LCT approach among the other GSA methods to
identify significant gene sets, as it outperformed other existing self-
contained methods for a continuous phenotype in a simulation study
[15]. The LCT method efficiently incorporates correlations among the
genes in a set into the test statistic, while the other methods do not have
this feature. Incorporating the covariance matrix into the test statistic
and using permutation test results in better power [15]. The covariance
matrix is singular when genes in a set are larger than the sample size,
and this is a common situation in GSA. Shrinkage covariance matrix
estimator can deal with this problem, but the computational cost of this
approach is usually high. Orthogonal transformation of the gene ex-
pression is used to make this approach computationally efficient. As a
result, the eigenvalue decomposition of the shrinkage covariance ma-
trix is performed only once, for the real gene expression data, and there
is no need to estimate it for each permuted version of the data.

We identified many important genes from the significant gene sets.
Understanding biological function of these genes provides useful

information on the underlying mechanism of birth weight, and their
links to other diseases.

The main strength of our gene set reduction approach is integration
of the biological information in the construction of the pathways.
Identifying the core subsets of significant gene sets for a continuous
phenotype has an important advantage of extracting biological in-
formation efficiently from extremely noisy microarray data, by inter-
preting only differentially expressed core sets. Our application to
markers of variation in birth weight represents a situation in which
genes show no or weak signals at an individual gene analysis level, but
coordinating with other genes within a pathway, they show moderate
to strong signals. The method is powerful in detecting biomarkers of
complex diseases because it considers biological networks between
genes. However, for prostate cancer data, the signal at the individual
gene level seems to be strong, and in such situations, GSA will fail to
show a significant advantage over an individual gene analysis methods,
such as SAM. In such cases, the core sets will consist of only a few genes,
or even a single gene.

Reducing significant gene sets to smaller sets can reduce costs of
disease diagnosis and treatment, by focusing on smaller number of
genes in screening massive databases for association with a continuous
phenotype. Examination of redundant genes’ expression levels increases
unnecessary costs, without a significant improvement in clinical deci-
sions. Reduction to the most predictive genes is crucial in advancing our
understanding of issues such as disease prevention, faster and more
efficient diagnosis, intervention strategies and tailored treatment. It can
lead to a change of platform from high-dimensional microarray tech-
nology to alternative methods, such as real time polymerase chain re-
action (PCR) assays that are cheaper and faster. This alternative method
is easily applicable to routine clinical setting for diagnosis purposes
[36–38].

Please note LCT-GSR is a post-hoc analysis to LCT method. While
simulations were possible for LCT, this is not the case for LCT-GSR.
Similar to model selection where there is no unique solution for a “best”
model, there may be more than one core subset that can be extracted
from a significant set. This can be particularly challenging when the
phenotype – gene expression signal is subtle, and in the presence of
correlations across genes in a set, which are two fundamental reasons
motivating GSA methodology development.

As mentioned in the introduction, there is no other GSA method
available for gene set reduction, when the outcome is continuous. Our
choice of LCT among GSA methods, as a basis for the core selection
approach is motivated from previous simulation studies showing su-
perior performance of LCT compared to other GSA self-contained
methods. Published comparisons across GSA methods focus on either
self-contained or competitive approaches. The literature on machine

Table 3
Extracting core subsets for tumor volume for gene sets significant at a cut-off p-value of 0.01 (FDR<0.35).

Gene set name Gene set
size

LCT p-
value

Core pathway
size

Percent
reduction

Core pathway member

ELECTRON_TRANSPORTER_ACTIVITY 89 0.008 3 96.6 TSTA3, ME3, ALOX15B
CASPASEPATHWAY 19 0.005 1 94.7 BIRC2
GNATENKO_PLATELET 30 0.002 2 93.3 RGS10, SPARC
CARBON_FIXATION 16 0.001 3 81.3 ME3, TKT, PKM2
ZHAN_MMPC_EARLYVS 45 0.008 3 93.3 SPIB, SNRPC, SLC7A6
FALT_BCLL_DN 36 0.007 6 83.3 HEBP2,IFI6,HMGN4,SERP1,NPC2, PUM1
TPA_RESIST_EARLY_DN 65 0.003 3 95.4 ME3,POMZP3, DPP6
METASTASIS_ADENOCARC_DN 32 0.005 2 93.8 DLG3, RNASE1
AGED_RHESUS_DN 101 0.007 8 92.1 AXIN1, UBE2D2, DPP4, HMGN4, CDC16, RARRES2, JARID1C,

SPARC
UVC_HIGH_D5_DN 23 0.006 3 87.0 SFRS3, DYRK1A, UBTF
XPB_TTD-CS_UP 19 0.003 2 89.5 PRKCZ, PTN
INNEREAR_UP 19 0.002 3 84.2 IGFBP6,RPS5, VAMP5
BCNU_GLIOMA_MGMT_48HRS_DN 123 0.005 5 95.9 ALOX15B,CRABP1,EPHX1,KIF5A, GP1BB
GH_EXOGENOUS_ALL_UP 22 0.007 2 90.9 NOS1, POU2F2
HSA00710_CARBON_FIXATION 16 0.001 3 81.3 ME3,TKT, PKM2
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learning techniques for high dimensional data abounds, however, the
main goal of such methods is different than the main goal of GSA.
Existing machine learning techniques, such as support vector regres-
sion, principal component analysis, Lasso, Elastic net [39], and several
modifications of mixed effects models to accommodate clustered high
dimensional data [40–43], do not assess significance of a pre-defined
set of genes, but rather focus on extracting a set of features out of a list.
In addition, many of these methods do not model correlations across a
set of genes, but rather select only one out of a group of strongly cor-
related genes. Some of the methods can only select a number of genes
smaller than the sample size. A recent article [44] that appeared in the
preprint server for biology, BioRvix, not yet peer-reviewed, focuses on
using regularized regression methods, such as Elastic net, to extract a
minimum number of non-overlapping sets of genes from a catalog. It is
beyond the scope of our paper to extend such methods to assess gene-set
significance and/or extract core subsets and compare them with our
proposed approach.

The methodological approach to gene set reduction for continuous
phenotypes can be applied to a wide range of common situations in
which dichotomizing the continuous phenotype is neither easy nor
meaningful. The variable may not be informative about the disease
mechanism after categorization based on arbitrary or less meaningful
cut-off values. We hypothesized roles of gene expression variability and
gene expression correlations with each other in the development of
outcomes or diseases.

Significant gene sets and core subsets may have potential roles in
occurrence and development of diseases, and further function enrich-
ment analysis based on KEGG and GO, such as David platform, are
necessary. However, the goal of our paper was to propose an analytical
tool for post-hoc GSA to extract core subsets; comprehensive biological
interpretations of significant gene sets for our applications on birth
weight and prostate cancer are beyond the scope of our paper.

We were able to reduce the significant gene sets by 80%–90% in the
CANDLE study. These genes need to be further investigated by experts
to understand biomarkers contributing to low birth weight. Our method
is based on a linear model, LCT, which is powerful but has its limita-
tions. The LCT tests only linear associations between sets and a con-
tinuous phenotype. To check the linearity assumption, exploratory data
analysis needs to be done. On the other hand, a small number of sam-
ples can be a limitation to check for non-linearity. LCT method can be
extended to non-linear model if we can collect a large number of
samples, however, this is not practical in real situations. We used the
logarithmic transformation of the gene expression data and phenotypes
to provide more support to the linearity assumption.

5. Conclusions

In conclusion, LCT-GSR is a powerful analytical tool based on a
computationally efficient LCT method that can be used to extract core
genes associated with a continuous phenotype. It can be applied to a
wide range of studies in which dichotomizing the continuous phenotype
is neither easy nor meaningful. Reduction to the most predictive genes
is crucial in advancing our understanding of issues such as disease
prevention, faster and more efficient diagnosis, intervention strategies
and personalized medicine.
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