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analysis program for example [6], all genes are first ranked
according to the value of the highest scoring SNP within
500kb. Pathway significance is then assessed by determining
the degree to which high-ranking genes are over-represented
in a given pathway. As a final step, where more than one
pathway is considered a correction for multiple testing is
made.
In addition to methods based on univariate and multilocus test statistics, a number of multivariate penalized
regression techniques have recently been proposed for the
analysis of GWAS data. In contrast to other methods which
focus on hypothesis testing, penalized regression attempts to
identify subsets of SNPs that best describe the variation in
response by enforcing sparse solutions to the regression
equation. Penalized regression methods offer a number of
potential advantages over conventional, univariate tests of
association. These include the ability to jointly consider all
predictors in the model at the same time, as opposed to
working only with marginal associations; the ability to deal
with correlations between predictors in a principled way; and
to incorporate model covariates. Recently, penalized logistic
regression has been used to select SNPs and analyze twoway and higher-order SNP-SNP interactions [7], and to
identify both common and rare variants by grouping SNPs
into genes [8]. Another recent study also groups SNPs into
genes within a pathway [9], but uses a lasso penalty at the
SNP level, together with group ridge regression at the gene
level, to obtain a statistic for pathway association. A pathway
p-value is then obtained through permutation.
Our focus here is on the identification of biological
pathways that are associated with a quantitative trait,
although our method can be extended to case-control studies
with minimal effort. The method we propose includes a
number of distinguishing features not present in previous
sparse regression-based PGWAS methods. These include the
use of group lasso penalized regression, with SNPs
aggregated into pathways, enabling us to consider the joint
effects of multiple pathways at the same time. We find that
the group lasso allows us to deal with correlations between
SNPs within genes in an elegant way, with the proviso that
suitable pathway weighting schemes are used. An important
feature of our proposed strategy is its ability to account for
overlaps between groups, arising from the large number of
genes that belong to multiple pathways. We find that
overlaps between pathways can significantly bias pathway
rankings by inflating false positive rates. Group lasso was
originally proposed for disjoint groups, and does not handle
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with other widely- used pathway selection strategies.
Keywords-GWAS, pathways, penalized regression, group
lasso∗

I.

INTRODUCTION

The mixed success of attempts to identify genetic
variants that account for a large part of the heritability of
common disease has focused attention on the need to
develop new methodological approaches for the analysis of
GWAS data [1]. One promising approach, first developed for
the analysis of gene expression data, uses prior information
on gene function to group genes and associated SNPs into
gene sets or pathways [2]. The motivation here is that by
jointly considering the effects of multiple SNPs or genes
within a biological pathway, significant associations might
be identified that would otherwise be missed when
considering markers individually. As well as offering the
potential for increased statistical power, pathways-based
GWAS (PGWAS) can ease the biological interpretation of
results, and may also facilitate the comparison of results
between different datasets [3, 4, 5]. A typical PGWAS
begins with a univariate test of association in which
individual SNPs are scored according to their degree of
association with disease status or a quantitative trait. Various
techniques are then used to combine these univariate
statistics into pathway scores. In the GenGen pathways
*
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Collaboration/ADNI Manuscript Citations.pdf.
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model selection with overlapping groups well. We overcome
this problem by utilizing an extension of the group lasso that
was first proposed in the context of pathway selection in
gene expression analysis [10]. To our knowledge this is the
first application of this method to GWAS. Finally, we use a
resampling approach called stability selection [11] to rank
pathways. Stability selection was originally proposed as an
alternative to methods such as cross validation and AIC for
the selection of the optimal number of variables to include in
the model. We instead use stability selection to rank
pathways by selection frequency, and find it offers
considerable benefits in terms of computational efficiency.
The paper is structured as follows. We describe our
method and the data sets used in this study in the next section.
The performance of the proposed penalized regression model
is assessed by means of Monte Carlo simulations and
compared to the GenGen method [6] in the following section.
We end with a brief discussion and some remarks on future
extensions.
II.

MATERIALS AND METHODS

A. Genotypes, pathways and phenotypes
We use real genotype data from n = 500 individuals
obtained from the Alzheimer’s Disease Neuroimaging
Initiative1. We remove variants with a call rate < 95%, minor
allele frequency (MAF) < 0.1 and significant deviation from
Hardy-Weinberg equilibrium (p < 5.7 × 10−7). For the
purpose of this assessment study we utilize only the first
5000 SNPs on chromosome 1. In order to map genes to
pathways, we use the Molecular Signals Database2 which at
the time of our analysis contained 639 pathways mapped to
5390 genes. We map the 5000 SNPs to all genes within 10kb
of annotated genes (3006 SNPs mapped to 405 genes), and
additionally exclude pathways with less than 10 mapped
SNPs (143 pathways) and less than 3 mapped genes (41
pathways). Finally we exclude duplicate pathways
containing identical SNPs (24 pathways). After all preprocessing we are left with p = 632 SNPs mapped to 60
pathways, with a significant number of overlaps,
corresponding to SNPs belonging to multiple pathways. We
denote by xij SNP j observed on sample i, with i = 1, ... , n
and j = 1, ... , p. We also denote by pg the number of SNPs in
pathway g, with g = 1, ... ,60. Using these real genotypes, we
are then able to simulate a vector of quantitative phenotypes
yi with i = 1, ... , n. We evaluate the performance of the
methods over 400 Monte Carlo simulations, each with a
randomly selected pathway containing 5 randomly selected
‘causal’ SNPs under an additive model.
We consider SNP effect sizes of 0.01, 0.03 and 0.05, with
SNP effect size defined as the mean proportionate change in
phenotype. SNP effect size is held constant irrespective of
the SNP’s MAF. The effect of different sample sizes is
assessed by adding normally-distributed noise to the
phenotypes, and controlling signal to noise ratios (SNR).

1
2

www.loni.ucla.edu/ADNI
http://www.broadinstitute.org/gsea/msigdb/index.jsp
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B. Group lasso regression with overlaps
The p SNPs observed on the n subjects can be arranged
in a (n x p) design matrix X. We consider the usual linear
regression setting y = Xβ + ε where y ∈ ℜ is the
quantitative trait or phenotype treated as response, β ∈
ℜp is a vector of regression parameters to be estimated, and
ε ∈ ℜ is i.i.d. noise. In the group lasso, variables are
assumed to partition into G groups, each with group
parameter vector βg [12]. The optimal solution β? satisfies

(

arg min y − Xβ
β

2
2

G

)+ λ∑ w
g=1

g

βg

2

where the first term corresponds to the OLS solution,
2
with ⋅ 2 being the square of the l2 norm, and the second
term is the penalty function which enforces sparsity in the
model. The regularization constant λ controls the number of
groups that enter the model. A group weighting factor, wg =
√pg is usually applied to adjust group penalties according to
group size. The optimization equation is solved using
coordinate gradient descent [17]. The group lasso
encourages sparsity at the group level by applying an l1 or
lasso penalty, while shrinking parameters values within
selected groups with the application of an l2 ridge-type
penalty. For groups not retained in the model, all
coefficients are set to zero. A potential advantage of the
group lasso is in the situation where groups of variables are
correlated, as is the case for SNPs within genes. In this case
the within-group ridge penalty ensures that all correlated
variables are selected, whereas the lasso penalty selects only
one [8].
One potential limitation of the group lasso in the context
of PGWAS is in the situation where groups overlap, i.e.
where one or more predictors belong to multiple groups.
Where this is the case, the group lasso may be unable to
distinguish overlapping groups. For example, if a variable
has a non-zero parameter value in one selected group, all
other groups to which it belongs must also be selected.
Conversely, where a variable has a zero parameter value in
one (non-selected) group, all groups to which it belongs
cannot be selected either. We find with data constructed
using real biological pathways, that this means the standard
group lasso is often unable to converge. A solution to this
problem has been proposed by [10]. In this method, the
design matrix of predictors is transformed by duplicating
multiple columns to ensure that each group in the expanded
variable space is disjoint by construction. This technique is
illustrated in Fig. 1 with real data mapping SNPs to
pathways used in our analysis.
The choice of wg = √pg is motivated by the desire to
ensure that group l2 norms are unbiased by group size. In the
context of PGWAS, within group correlation between SNPs
due to LD (linkage disequilibrium) is also expected to

influence the size of group norms. A number of solutions
have been proposed to deal with the issue of correlation
between variables in ordinary lasso regression [14, 15].
Here we seek a means of accounting for correlation in the
context of group lasso, by adjusting the group weighting. An
obvious correlation measure is LD, but since this can only
measure pairwise correlations between SNPs, we consider
instead an adjustment to the standard group size weighting
based on pathway mutual information (MI). MI is an
entropy-based measure which captures the amount of
information present in a set of variables. In our analysis we
use the normalized mutual information [16] of a pathway,
nMIg to adjust the group penalty, such that
wg =

IV. DISCUSSION
We applied group lasso, with SNPs aggregated into
pathways, to the task of pathway selection. We found that
this method performs well in comparison with GenGen. By
jointly modelling effects of multiple SNPs within genes
across multiple pathways, the group lasso with overlaps is
able to rank pathways well, even where there is considerable
overlap between them. In contrast, methods such as GenGen
which combine scores from single-SNP association tests
may be prone to inflated false positive rates by giving undue
weight to individual SNP scores.
The method we present here has some attractive features
which point to a number of possible extensions. For
example, using stability selection it may be possibly to
simultaneously select SNPs within selected pathways,
including rare variants that are retained in the model due to
the within-pathway ridge penalty. In addition a theoretical
bound on the number of selected false positives under
stability selection has also been developed [11]. While this
rests on an assumption that might not strictly apply in the
context of pathway and SNP selection, it would be
interesting to explore this further.

pg
nMI g

C. Stability selection
A key challenge with penalized regression is the choice
of regularization constant, λ, which controls how many
variables (here pathways) are to be retained in the model.
Common methods for determining an optimal choice for λ
include cross validation and the Akaike Information
Criterion. We use an alternative method known as stability
selection [11]. In the context of model selection, this
emphasises model stability, over model size, by measuring
the frequency at which variables are selected across multiple
subsamples of the data. Provided that sufficient variables are
selected by the model, stability selection performs well
irrespective of the actual value of the regularisation constant
used [11]. Our algorithm proceeds by first tuning λ in an
initial learning phase, so that an average of 5 pathways are
selected across a small number of subsamples. This λ value
is then used in the full pathway selection phase, using
stability selection to rank pathways across 100 subsamples.
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Figure 1. Assignment of SNPs to pathways with a real dataset. (a) Standard group lasso. Adjacent SNPs cluster into genes within pathways (x-axis),
with many genes overlapping across multiple pathways (y-axis). (b) Group lasso with overlaps. The 632 SNPs represented along the x-axis in (a) are
expanded to 1877 SNPs each having a unique index, so that no overlaps occur.

TABLE I.

PATHWAY SELECTION SENSITIVITY FOR TWO SIGNAL TO NOISE RATIOS
SNR = 8

nfp1 (fpr2)
0 (0.000)
1 (0.017)
2 (0.033)
3 (0.050)
4 (0.067)
5 (0.083)
6 (0.100)

SNR = 2

Group lasso

GenGen3

Sensitivity ratio4

Group lasso

GenGen

Sensitivity ratio

0.51
0.79
0.86
0.91
0.94
0.95
0.96

0.23
0.37
0.56
0.68
0.75
0.80
0.87

2.20
2.12
1.55
1.33
1.25
1.19
1.11

0.52
0.66
0.72
0.79
0.82
0.84
0.86

0.22
0.39
0.53
0.63
0.70
0.77
0.81

2.35
1.69
1.37
1.24
1.17
1.09
1.07

1

Number of false positives 2False positive rate 3Ranked by normalized enrichment score 4Ratio of group lasso and GenGen sensitivities
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