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Abstract

To maximize the potential of genome-wide association studies, many researchers are performing
secondary analyses to identify sets of genes jointly associated with the trait of interest. Although
methods for gene-set analyses (GSA), also called pathway analyses, have been around for more
than a decade, the field is still evolving. There are numerous algorithms available for testing the
cumulative effect of multiple SNPs, yet no real consensus in the field about the best way to
perform a GSA. This paper provides an overview of the factors that can affect the results of a
GSA, the lessons learned from past studies, and suggestions for how to make analysis choices that
are most appropriate for different types of data.
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INTRODUCTION

With the success of genome-wide association studies (GWAS), a gap has emerged between
researchers’ ability to identify genetic variants associated with complex traits and the ability
to interpret the biological significance of those variants. GWAS have provided two
important pieces of the puzzle of complex disease genetics. First, these studies have
identified a large number of genetic variants significantly associated with human disease.
These disease-associated variants have provided candidate genes for further study and
hypotheses about disease mechanisms. Second, GWAS have been able to confirm the
polygenic nature of complex diseases, particularly for psychiatric disorders. For instance,
studies have found that the cumulative effect of a large number of weakly associated SNPs,
most of which are not statistically significant on their own, can predict disease status or
symptoms [Wray et al., 2014]. This cumulative effect, referred to as a polygenic risk score,
indicates that even very small genetic effects can contribute to disease risk when taken
together.
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Despite these successes, insights about specific biological mechanisms responsible for
disease risk have been elusive. Individual genetic associations explain only a very small
fraction of disease risk. And while polygenic risk scores may explain a greater portion of
disease risk, they are not easily interpreted in terms of biological mechanisms. The need for
methods that can provide biological context for genetic associations has led to a surge of
interest in gene set analyses, which test for association between biologically meaningful sets
of genes and a phenotype.

A wide variety of methods are available for testing gene set associations. As a result, a
number of important decisions must be made when planning a gene set analysis (Fig. 1).

WHY GENE SET ANALYSIS?

Gene set analyses have the potential to provide a number of benefits when used as a tool for
secondary analysis of a GWAS data set. First, because of the polygenic nature of complex
diseases, testing for association with sets of functionally related variants can provide
biological context for multiple genetic risk factors and can provide insights into disease
mechanisms and possible treatment targets. Second, given the small effect sizes of most
reported associations with common variants, examining the cumulative effect of multiple
variants can improve the power to detect genetic risk factors for complex diseases. And
third, testing for associations at the pathway level may also account for the genetic
heterogeneity within affected populations. Since genetic heterogeneity within a study
population will lead to a mixture of small genetic effects, detecting their cumulative effect
may be possible with GSA methods if enough small effects are present within the same gene
set.

Despite these potential benefits, considerable care is critical when interpreting the results of
a gene set analysis. Because results can be highly dependent on the definitions of the gene
sets and statistical methods used, GSAs should generally be viewed as exploratory analyses.
Significantly associated gene sets can provide functional context for individual SNP or gene
associations. However, care should be taken not to assign undue meaning to individual
genes within a statistically identified gene set if those genes do not show at least weak
association on their own. Following this sentiment, it has been suggested that it is not
appropriate to apply gene set analyses to a dataset with no indication of any SNP effects
(e.g., no deviation from diagonal on a Q-Q plot) [Sedefio- Cortés and Pavlidis, 2014].

Step 1: Primary GWAS Analysis and Data Cleaning

Gene set analyses are typically performed as a secondary analysis of GWAS data, and
therefore can make use of either genotype data or summary statistics (e.g., SNP P-values).
To avoid false positive associations at the gene set level, before conducting a GSA all
standard quality control and data cleaning procedures should be applied to the GWAS data,
including correcting summary statistics for population stratification.

Recommendations:

»  Always follow best practices for GWAS QA/QC and data cleaning prior to
downstream analyses like GSA.
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Step 2: Select Gene Set Definitions

One of the first questions to ask when planning a gene set analysis is: What gene sets will be
tested? The investigator has a number of options regarding the source of gene set
annotations, and the appropriate selection depends on multiple factors.

Decisions to make at this step:
« What is the biological hypothesis you want to investigate?
»  What data source for gene set annotations should you use?
e How many gene sets do you want to test?

Biologically meaningful gene sets can be defined in a variety of ways, which can represent
different biological hypotheses [Mooney et al., 2014]. For instance, biological pathways,
protein-protein interaction (PPI) networks, and functionally related gene sets (e.g., gene
ontology categories) each suggest different types of relationships between the members of a
gene set.

Pathway models suggest a common function or end goal for the pathway’s members, and
also provide specific information about how the gene members interact to accomplish that
end goal (e.g., folate biosynthesis). PPI networks, on the other hand, provide information
about biological interactions (e.g., physical interactions) among genes or gene products, but
do not imply a common goal or directed action for a set of genes. This difference between
pathways and networks is due mainly to the fact that biological interaction data often come
from a heterogeneous mixture of sources (e.g., different experiments, different tissues,
different animal models). And finally, functionally-related gene sets, such as gene ontology
(GO) categories, suggest that member genes share a common function or are involved in a
common process, but they do not provide any information about how, or if, the members
biologically interact (e.g., different gene products may perform the same function, but in
different tissues).

Pathways and functionally-related gene sets are self-contained groups of genes and are
therefore ready to use in a GSA with minimal processing (see Step 3). However, because
PPI databases contain interactions on a genome-wide scale, the use of network data for GSA
requires an additional step. In order to use PPI data for a GSA, subsets of genes (sub-
networks) must first be extracted from the global network of all genes. These sub-networks
become the gene sets that are later tested for association using methods discussed in Step 4.
Sub-networks can be identified in a number of ways, including community detection
algorithms, which use topological measures to identify tightly clustered nodes [Xu et al.,
2010; Cowley et al., 2012], and heuristic search algorithms [Bakir-Gungor and Sezerman,
2011; Jia et al., 2011; Vandin et al., 2011].

Numerous databases contain gene set annotations or gene interaction data (Table I). The
membership of gene sets can vary significantly depending on the data source, even for
similar or related biological concepts [Mooney et al., 2014; Belinky et al., 2015]. For
example, Figure 2 shows multiple gene sets related to glucocorticoid receptor processes, and
illustrates the differences among data sources for this same conceptual domain.
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Gene sets from multiple databases can be combined to improve genome coverage and to
take advantage of knowledge from a variety of sources. Some databases, such as Pathway
Commons, ConsensusPathDB, and PathCards already integrate data from multiple sources
[Cerami et al., 2011; Kamburov et al., 2013; Belinky et al., 2015]. However, because gene
sets from publicly available databases do not represent all possible biological processes and
because they are constructed from heterogeneous data sources (i.e., a wide variety of
experiments conducted under a variety of conditions), manual curation of gene sets (via
systematic literature review for example) can be beneficial. Manual curation may be
particularly useful for defining gene sets that are relevant to a particular biological context,
such as a disease state or tissue type. An example of the result of this type of manual
curation is the neurodevelopmental network described in (Poelmans et al., 2011).

Gene set annotations are dynamic, not static and therefore change over time, as genes are
further characterized and new evidence about gene function is revealed. It is important that
the source of the gene sets chosen for an analysis is consistent with the study’s biological
hypothesis, and that any reported results include adequate information about the gene set
membership to ensure comparability with other studies.

Once the type and source of the gene sets has been selected, a decision must be made
regarding the scope of the analysis. The choice here is between an analysis which focuses on
a few candidate gene sets that are hypothesized to play an important role in the disease
under study, or a hypothesis-free global analysis, which tests a large number of gene sets,
usually from a repository such as those listed in Table I.

An analysis that tests an entire database of gene sets is more common, but this approach may
not always be appropriate, particularly for small data sets. Testing a large number of gene
sets can reduce statistical power, given the need to correct for testing multiple hypotheses.
Permutation methods for evaluating the statistical significance of a gene set association will
be discussed below. It should be noted that most of the proposed permutation methods do
not adjust for the number of gene sets tested, and therefore standard multiple hypothesis
testing corrections such as a False Discovery Rate (FDR) correction are necessary.

However, some GSA methods, such as ALIGATOR and INRICH [Holmans et al., 2009;

Lee et al., 2012], incorporate two stages of permutation, one to produce an empirical P-
value and another to correct for multiple testing.

Recommendations:

»  Choose a source for gene set annotations that are consistent with your biological
hypothesis.

»  Combine annotations from multiple databases to take advantage of different
sources of knowledge about gene function.

»  Use up-to-date annotations and record information about the data sources (e.g.,
database versions) to allow replication by other researchers.

Step 3: Prepare Your Data

Decisions to make at this step:
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» How to filter, or clean, the list of gene sets?
e How to map SNPs to genes?
e Should imputed genotypes be used?

Several data preprocessing steps are necessary to integrate the genotype data and the gene
set annotations. First, it is often necessary to filter the gene sets to remove those with only a
few genes and those with a very large number of genes. This step is important because of
known biases related to the size (number of genes) of a gene set [Holmans, 2010; Wang et
al., 2010; Ramanan et al., 2012]. Although the limits are arbitrary, it is common to limit the
size of gene sets to between 10 and 200 genes. Removing very large gene sets, which may
encompass multiple cellular processes, also has the benefit of improving the specificity and
interpretability of results.

Because gene set analyses attempt to summarize the effects of multiple SNPs in order to
create a single gene set-level association measure, it is necessary to map SNPs to genes. The
most straightforward way to do this is based on SNP location. For example, a common
method is to assign a SNP to a gene if the SNP lies within the gene boundaries or within a
fixed window upstream or downstream of the gene, which is meant to cover regulatory
regions [Holmans et al., 2009; Chen LS et al., 2010a; Fridley and Biernacka, 2011).

Linkage disequilibrium (LD) can also be used to map SNPs to genes. In this case, SNPs are
mapped to a gene if they are correlated with other SNPs located within the gene boundaries.
Methods that use LD to map SNPs to genes have the advantage of not losing all the
information contained in intergenic SNPs. However, using LD to map SNPs to genes can
create problems when a SNP is correlated with, and therefore assigned to, multiple genes. If
those genes are in the same gene set, this situation can lead to “multiple-counting* of a
single SNP and can erroneously inflate a gene set’s association measure [Sedefio-Cortés and
Pavlidis, 2014].

The ProxyGeneLD and INRICH methods both account for LD during the process of
mapping SNPs. These methods also avoid the multiple-counting problem by merging or
removing genes that are highly correlated with other genes in the same gene set [Hong et al.,
2009; Lee et al. 2012].

Imputing SNPs that are not directly genotyped by a SNP array is now common practice in
GWAS because it can improve the power to detect significant associations. Imputation to a
common set of SNPs can clearly improve the comparability of studies and can facilitate
meta-analyses. However, GSA presents unique challenges compared to single-SNP
analyses, and the effects of using imputed genotypes for GSA are not clear. The use of
imputed genotypes increases the number of SNPs included in the analysis, and therefore
may increase the number of genes represented. For GSA methods that utilize genotypes,
rather than summary statistics, the increased number of SNPs can increase computational
burden. Furthermore, given that missing genotypes are imputed using the information from
multiple neighboring SNPs (haplotypes), methods that use the genotypes of multiple SNPs
to model gene-level or gene set-level effects will not benefit from the addition of imputed
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SNPs. It should also be noted that significantly increasing the number of SNPs in a gene set
might adversely affect model fit in studies with small sample size.

GSA methods that use a single SNP to summarize a gene (e.g., assigning the minimum P-
value of all SNPs assigned to the gene) may potentially benefit from genotype imputation,
since some gene-level p-values may become more significant. However, the increased
representation of genes may mean that the number of non-significant genes included in the
analysis is increased, potentially affecting enrichment results. For example, one study found
that the use of imputed genotypes increased the representation of smaller genes, and that
these smaller genes were less likely to contain significantly associated SNPs [Hong et al.,
2009].

Recommendations:
»  Filter out very small and very large gene sets.
e Take care in mapping SNPs to genes to avoid issues related to correlated genes.

« Do not impute genotypes, except to improve cross-study comparability.

5: Select a Gene Set Analysis Method/Evaluate Statistical Significance

Decisions to make at this step:
e What statistical hypothesis do you want to test?
«  Should genotypes or summary statistics be used?
»  How should statistical significance be determined?

The statistical tests employed in pathway analyses can be categorized as either competitive
or self-contained, depending on the test’s null hypothesis [Goeman and Buhlmann, 2007]. A
competitive test compares the proportion of association signal within the target gene set to
the proportion of association signal outside of the target gene set. The null hypothesis for a
competitive test is that there is no difference between the target gene set and random gene
sets of the same size in terms of association to the trait of interest. However, this type of test
does not tell you how strongly the gene set itself is associated to the trait. Methods that use a
competitive test must have data (i.e., genotypes or P-values) for all genes, not only those
within the target gene set.

In contrast, a self-contained test does not require data for any genes outside of the target
gene set, since it is concerned only with the association signal within a single gene set. In
this case, the test tells you how strong the association is with the trait of interest, but not how
important the gene set is compared to other gene sets. The null hypothesis for a self-
contained test is simply that none of the genes in the gene set are associated with the trait of
interest [Wu et al., 2010].

Most GSA methods use a permutation test to evaluate the statistical significance of pathway-
level association measures. Permutation tests can also correct for known biases, such as gene
size. However, which permutation method is the most appropriate is still a matter of debate
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and numerous different approaches have been proposed [Efron and Tibshirani, 2007;
Holmans et al., 2009; Yaspan et al., 2011; Cabrera et al., 2012; Jia et al., 2012].

In general, there are two types of permutation tests used in gene set analyses, those that
permute samples (randomly assigning case/ control status) and those that permute genes
(creating random gene sets). In either case, the association measure for a target gene set is
calculated using one of a variety of methods (discussed below). This association measure is
then compared to a null distribution of association measures created through repeated
permutation of the data.

The null hypotheses of these two types of permutation procedures relate back to the null
hypotheses of competitive and self-contained tests. Permuting samples is consistent with the
self-contained null hypothesis, as no data on genes outside the target gene set is needed. And
permuting genes is consistent with the competitive null hypothesis, since the target gene set
is compared to a collection of random gene sets [Goeman and Buhlmann, 2007; Khatri et al.,
2012]. This is not to say that competitive methods cannot use sample-permutation
procedures, or self-contained methods cannot use gene-permutation procedures. However,
algorithms that take this approach become, in a sense, hybrids somewhere between
competitive and self-contained tests. For instance, it is important to realize that a self-
contained test statistic that is adjusted using a gene-permutation procedure is no longer
strictly “self-contained” since it has been adjusted relative to other gene sets. Similarly,
when a competitive test statistic is adjusted by sample permutation, it is the self-contained
null hypothesis that is ultimately being tested [Goeman and Buhlmann, 2007].

Much of the debate over the procedures used to evaluate statistical significance in GSA has
unfolded within the context of gene expression studies, but the issues are relevant to GWAS
data as well. Correlation between genes in expression studies is due to local co-regulation
and large differences between groups which results in many differentially expressed genes;
correlation among genes in GWAS is due to both linkage disequilibrium (LD) and the
polygenic nature of complex traits. Therefore, a competitive test can identify gene sets that
are enriched above the relatively high background due to a polygenic trait.

Because gene-set analyses originated in the context of gene-expression studies, a number of
GSA methods originally designed to analyze expression results have been adapted to GWAS
datasets (over-representation analyses and variations of the GSEA method listed in Table 11
are examples). It is crucial that researchers use such methods only after taking steps to
account for the unique challenges presented by GWAS data [Fridley and Biernacka, 2011;
Ramanan et al. 2012; Mooney et al., 2014]. For example, the choice of method for
aggregating or summarizing SNP-level association measures at the gene level is a critical
aspect of many GWAS-based GSA. The size of a gene (i.e., the number of SNPs it contains)
and the correlation between SNPs (LD structure) are two potential sources of bias that can
significantly influence gene-level statistics. Fortunately, a number of methods have been
developed to calculate unbiased gene-level p-values [Saccone et al., 2007; Hong et al., 2009;
Segreé et al., 2010; de Leeuw et al., 2015]. Permutation procedures, as stated above, can also
correct for gene size and LD structure.
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Several reviews of the statistical tests used in gene set analyses are available [Wang et al.,
2010; Fridley and Biernacka, 2011; Khatri et al., 2012; Ramanan et al., 2012; Mooney et al.,
2014]. Here we will give a brief summary of the various classes of statistical tests that have
been proposed for calculating pathway-level association measures. A selection of methods
from each class is listed in Table II.

The simplest form of competitive test for GSA is the test for over-representation. In over-
representation analyses (also called 2 x 2 table methods), an association measure is
calculated for each gene in the dataset and a threshold is used to determine which genes are
significantly associated. The proportion of significantly associated genes within a target
pathway is compared to the proportion of significantly associated genes among all genes
outside of the target pathway. The chi-square or hypergeometric tests are commonly used
for tests of over-representation.

A major disadvantage of over-representation analyses is that they require a strict threshold
for determining statistical significance [Goeman and Buhlmann, 2007]. This threshold is
arbitrary and can influence the results of an analysis. Furthermore, when pathway
association measures are based solely on a count of significantly associated genes,
information about the strength of association is lost [Khatri et al., 2012]. To overcome these
issues, enrichment methods that use all gene-level P-values have been devised. An example
of this type of method is the popular gene set enrichment analysis (GSEA) [Subramanian et
al., 2005; Subramanian et al., 2007; Wang et al., 2007]. The GSEA algorithm calculates a
gene-level P-value for all genes, then ranks the genes based on P-value. The next step is to
calculate a running-sum statistic that represents the extent to which the genes in the target
set are concentrated at the top of the ranked list. The significance of this statistic is evaluated
by comparing it to a null distribution of statistics created by repeatedly permuting the data.
A number of modifications of this algorithm have been developed (Table I1).

For a self-contained test, the simplest approach is to combine the P-values of all members of
a gene set. It is most common to first calculate gene-level P-values, but it is also possible to
combine SNP-level P-values. A variety of methods for combining multiple p-values are
available, such as Fisher’s method [De la Cruz et al., 2010; Luo et al., 2010], the gamma
method [Biernacka et al., 2012], and the adaptive rank truncated product method [Yu et al.,
2009].

Regression-based methods, which use genotypes to model the effects of multiple SNPs have
also been proposed. Often these methods are combined with some form of feature selection,
such as principle component analysis, to select those SNPs that are most informative [Chen
LS etal., 2010; Chen X et al., 2010; Biernacka et al., 2012]. Regression-based methods that
use multiple SNPs to model gene-level effects have been found to be more powerful than
simply selecting the minimum SNP P-value to represent a gene-level statistic [Ballard et al.,
2010].

In addition to regression-based methods, classification-type methods, which utilize genotype
data to identify gene sets that distinguish cases and controls, have also been proposed.
Examples are the Pathways of Distinction Analysis (Po0DA) method [Braun and Buetow,
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2011], and a random-forest based method that creates synthetic features to represent all
SNPs within a particular gene set [Pan et al., 2014].

All the GSA algorithms discussed above treat all genes in a gene set independently and do
not account for the relationships between genes. Topology-based GSA methods are
fundamentally different because the relationships between genes are used to assign different
levels of “importance” to genes in the set. For example, a gene that interacts with only one
other member of the gene set will be weighted less than a gene that interacts with most other
members. Because topology-based methods require information about interactions between
gene set members, it may be necessary to integrate gene set membership information with
interaction data from a separate source. For example, since GO categories do not define
interactions between genes, it would be necessary to gather interactions information from
another sources, such as a PPI database.

Although most topology-based methods were developed for gene expression data sets, some
require only gene-level P-values and therefore can be applied to GWAS data sets as well
[Bakir-Gungor and Sezerman, 2011; Jia et al., 2011; Vandin et al., 2011]. For a review of
topology-based GSA methods see [Mitrea et al., 2013].

The computational burden of a statistical algorithm can be an important factor in a GSA
analysis and depends on the data used as input (e.g., genotypes vs. summary statistics), the
complexity of the algorithm, and the permutation procedure used to evaluate statistical
significance. The most computationally efficient methods are those that use summary
statistics and a permutation procedure that randomizes genes. Permuting samples requires
the re-calculation of SNP-level P-values for each permutation, and therefore requires access
to the genotype data (or a reference set of genotype data [Evangelou et al., 2014]) as well as
greater computational resources.

However, the computational burden of an algorithm should not be the deciding factor when
planning a GSA, since it has been demonstrated that genotype-based method can have
greater power to detect pathway-level associations [Ballard et al., 2010; Gui et al., 2011].
Furthermore, it has also been suggested that applying multiple GSA methods to the same
dataset may be beneficial, given the expectation that different methods are sensitive to
different types of genetic effects [Gui et al., 2011; Varemo et al., 2013; Network and
Pathway Analysis Subgroup of Psychiatric Genomics Consortium, 2015].

Recommendations:
« If computational resources are available, select a method that utilizes genotypes.

« Use a permutation procedure that is consistent with your statistical hypothesis, and
corrects for the size of a gene set.

e Apply multiple GSA methods to capture different genetic effects and identify
robust gene set associations.
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Step 6: Reporting and Visualizing Results

Given that the results of GSA are highly dependent on the source of gene set annotations
and the statistical algorithm used, it is often difficult to compare results across studies.
However, when reporting results of a GSA, a number of steps can be taken to improve the
interpretability and comparability of findings.

Providing detailed information about the gene sets tested (e.g., database versions and dates
accessed) and the statistical algorithm used will allow other researchers to attempt to
replicate findings. This information will also provide important context for understanding
discordance among studies. For example, similar biological concepts may be represented by
very different gene sets depending on the database used (Fig. 2). It is also important to
address any potential sources of bias (such as gene set size, or correlation between genes)
when reporting results.

One of the goals of a GSA is to provide functional context for multiple genetic associations.
Therefore, claims of significant gene set associations should be accompanied by evidence
supporting a role for the gene set in the disease being studied. This disease-specific context
is important for the interpretation of results, given that gene set annotations are often
incomplete and are of varying quality.

Finally, visualizations, which show the relationships between genes in a gene set as well as
each gene’s contribution to the overall association (i.e., gene-level association effects), can
be an important part of reporting findings from a GSA (Fig. 3). Tools such as Dapple
[Rossin et al., 2011] can provide information about relationships among associated genes. It
should be noted that depending on the source of the gene set definitions, these types of
visualizations may require the integration of interaction data from a distinct data source
(e.g., a PPI database) separate from the source used to define the gene set.

Recommendations:

»  Provide details about the gene sets tested (e.g., database version), and the statistical
algorithm used, to ensure comparability of results.

» Address any possible sources of bias.

»  Provide disease-relevant biological context to aid the interpretation of significant
gene set associations.

»  Provide visualizations of associated gene sets.

DISCUSSION

Gene set analyses have become a popular approach for secondary analyses of GWAS data
sets, and have been used successfully to gain additional insights into disease mechanisms
and to provide functional context for individual SNP associations. A diverse set of methods
for performing GSA has been proposed, and the increased application of these methods has
exposed a number of factors that can have an important effect on GSA results. Researchers
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have also identified a variety of circumstances that can lead to faulty findings, and have
proposed ways to avoid misleading results.

In this tutorial we have given an overview of the steps taken during a GSA, including the
choices that must be made at each step. We have also attempted to summarize the lessons
learned from the numerous applications of GSA methods to GWAS datasets in recent years.
We believe the guide presented above will not only allow researchers to make decisions
appropriate for the available data and the biological hypotheses of interest when planning a
GSA, but will also improve the interpretability and comparability of GSA results.
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FIG. 1.
A gene set analysis workflow, including the possible choices that must be made at each step

of the analysis. The data type requirements for the various statistical methods are indicated
by color. For instance, regression-based methods and permutation procedures that
randomize samples require genotypes as inputs. On the other hand, over-representation
methods utilize summary statistics. Some methods (multicolored) are not restricted to one
type of input data.
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FIG. 2.
Gene sets related to glucocorticoid receptor processes. Gene sets from NCI’s Pathway

Interaction Database, the proprietary Metacore database, and the Gene Ontology database
were overlaid onto an interaction network from the STRING protein-protein interaction
database (only high confidence interactions are shown, STRING combined score =0.9).
Colored genes are unique to a particular database, while gray genes are shared between two
or more databases (only NR3C1 is common to all four databases). There are clear
differences in membership between gene sets from different data sources. These differences
may be due to an attempt to model distinct processes, but are also indicative of incomplete
annotation. For instance, some genes are unique to a single database even when there is
evidence of interaction with multiple genes from another database (e.g., ARID1A is not part
of the NCI-PID gene set, but is connected to four of its member genes).
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FIG. 3.
Visualizations of gene set analysis results. Depending on the source of the gene sets, gene

interaction information can be obtained from pathway maps or PPI databases. A: A
signaling pathway map with genes colored to show gene-level association measures. Dark
blue indicates a weak association and dark red indicates a strong association. B: A gene set
overlaid onto a PPI network to show known interactions between genes. Here the strength of
gene-level associations is indicated by node size.
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TABLE |
A Selection of Gene Set Databases

Database Canonical pathways  Functionally-related gene sets ~ Gene/protein interactions  Links/references

Pathway Commons X pathwaycommons.org,
[Cerami et al., 2011]

PathCards X pathcards.genecards.org,
[Belinky et al., 2015]

KEGG X genome.jp/kegg, [Kanehisa
and Goto, 2000; Kanehisa et
al., 2014]

Reactome X reactome.org, [Croft et al.,
2014]

Biocarta X biocarta.com

Panther X X pantherdb.org/data, [Mi et al.,

013]

NCI-PID X pid.nci.nih.gov, [Schaefer et
al., 2009]

MSigDB X X broadinstitute.org/gsea/
msigdb, [Subramanian et al.,
2005]

ConsensusPathDB X X consensuspathdb.org,
[Kamburov et al., 2013]

Gene Ontology X geneontology.org, [Ashburner
et al., 2000; Gene Ontology
Consortium, 2010]

STRING X string-db.org, [Franceschini et
al., 2013]

HPRD X hprd.org, [Prasad et al., 2009]

Metacore™ X X thomsonreuters.com/metacore

Ingenuity” X X X ingenuity.com/products/ipa

*
Proprietary database.
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TABLE Il

Gene Set Analysis Methods and Software Tools
Method Input References
Over-representation methods
WebGestalt Gene list Wang et al., [2013]
DAVID Gene list Huang et al. [2009]
Metacore Gene list thomsonreuters.com/metacore
GeneSetDB Gene list [Araki et al. [2012]
INRICH Genomic Regions Lee et al. [2012]
MAGENTA P-values Segre et al. [2010]
ALIGATOR P-values Holmans et al. [2009]
Enrichment methods
GSEA Genotypes Wang et al. [2007]
i-GSEAAGWAS P-values Zhang et al. [2010]
GSA-SNP P-values Nam et al. [2010]
GSEA-P Ranked gene list Subramanian et al. [2007]
GSEA-SNP P-values Holden et al. [2008]
Methods for combining P-values
Modified fisher’s method P-values De la Cruz et al. [2010]
Modified fisher’s method P-values Luo et al. [2010]

Adaptive rank truncated product method
FORGE

Plink set-based test
Regression-based methods
GRASS

MAGMA

PCgamma

PAGWAS

SGL-BCGD

Supervised PCA
Classification-type methods
Pathways of distinction analysis

Synthetic feature random forest

PANOGA
dmGWAS
HotNet2
EnrichNet
NetPEA
NEA
PANOGA
PINA
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Genotypes or P-values

P-values

Genotypes

Genotypes
Genotypes
Genotypes
Genotypes
Genotypes
Genotypes

Genotypes
Genotypes

Methods that incorporate interaction data (networks)

P-values
P-values
P-values
Gene list
Gene list
Gene list
P-values

Gene list

Yu et al. [2009]
Pedroso et al. [2012]
Purcell et al., [2007]

Chen LS et al. [2010]
de Leeuw et al. [2015]

Biernacka et al. [2012]
Evangelou et al. [2014]

Silver et al. [2013]
Chen X et al. [2010]

Bruan and Buetow, [2011]

Pan et al. [2014]

Bakir-Gungor and Sezerman, [2011]

Jiaetal. [2011]
Vandin et al. [2011]
Glaab et al. [2012]
Liu and Ruan, [2013]

Alexeyenko et al. [2012]
Bakir-Gungor et al. [2014]

Cowley et al. [2012]
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