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GWAS
• Genome-wide association studies	


• Scans for SNPs (or other structural variants) 	


• that show association with some phenotype	


• categorical phenotypes: e.g., age-related 
macular degeneration	


• continuous phenotypes (QTL): blood 
pressure	


• Commonly: 10^3 samples, 10^6 SNPs



logistic regression

• Estimate log odds ratio	


!

!

!

• f is linear

�(x) = Pr{y = 1|x}

f(x) = log
�(x)

1� �(x)

Predictors 
(genotypes)

Binary 
outcome, 
disease/no 

disease



logistic regression
f(x) = log

✓(x)

1� ✓(x)

= �0 + �1x

Encoding genotype data 	

• We usually think of major/minor alleles, where minor allele 
occurs at a less frequency in the population (e.g., 5%)	

• haplotype:	


minor allele: AA, Aa -> x=0; aa -> x=1	

major allele: AA,Aa -> x=1; aa -> x=0	

both:AA->x1=1,x2=1;Aa->x1=1,x2=0,etc...	

!

• genotype (dosage):	

AA -> x=0; Aa -> x=1; aa-> x=2



Interpretation

P (Y = 1|X = 0)
P (Y = 0|X = 0)

= e�0

P (Y = 1|X = 1)
P (Y = 0|X = 1)

= e�0+�1

Odds of outcome for, e.g, 
genotype AA

Odds of outcome for, e.g, 
genotype Aa



Odds-ratio

P (Y = 1|X = 1)/P (Y = 0|X = 1)
P (Y = 1|X = 0)/P (Y = 0|X = 0)

= e�1



GWAS

Discovering association: how unexpected is this 
odds ratio?



gwas

• Expensive and pervasive...



NHGRI GWA Catalog
www.genome.gov/GWAStudies

Published Genome-Wide Associations through 12/2010, 
1212 published GWA at p<5x10-8 for 210 traits
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GWAS

• Testing for marginal effects is limited	


• Epistasis, interactions	


• Environment/risk factors, unaccounted 
dependencies	


• Not all SNPs are created equal (annotation)



Epistasis

• Testing marginal effects is limited	


• We want to test interactions (epistasis)	


• Modeling is straightforward:	


• add non-linear interaction terms to 
logistic regression model	


• Computationally, it’s a problem	


• we started with 10^6 SNPs....
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ABSTRACT
Motivation: In complex disorders, independently evolving locus
pairs might interact to confer disease susceptibility, with only a
modest effect at each locus. With genome-wide association studies
on large cohorts, testing all pairs for interaction confers a heavy
computational burden, and a loss of power due to large Bonferroni-
like corrections. Correspondingly, limiting the tests to pairs that show
marginal effect at either locus, also has reduced power. Here, we
describe an algorithm that discovers interacting locus pairs without
explicitly testing all pairs, or requiring a marginal effect at each
locus. The central idea is a mathematical transformation that maps
‘statistical correlation between locus pairs’ to ‘distance between two
points in a Euclidean space’. This enables the use of geometric
properties to identify proximal points (correlated locus pairs), without
testing each pair explicitly. For large datasets (∼106 SNPs), this
reduces the number of tests from 1012 to 106, significantly reducing
the computational burden, without loss of power. The speed of
the test allows for correction using permutation-based tests. The
algorithm is encoded in a tool called RAPID (RApid Pair IDentification)
for identifying paired interactions in case–control GWAS.
Results: We validated RAPID with extensive tests on simulated
and real datasets. On simulated models of interaction, RAPID

easily identified pairs with small marginal effects. On the
benchmark disease, datasets from The Wellcome Trust Case
Control Consortium, RAPID ran in about 1 CPU-hour per dataset,
and identified many significant interactions. In many cases, the
interacting loci were known to be important for the disease, but were
not individually associated in the genome-wide scan.
Availability: http://bix.ucsd.edu/projects/rapid
Contact: vbafna@cs.ucsd.edu
Supplementary information: Supplementary data are available at
Bioinformatics online.

Received on July 12, 2010; revised on September 3, 2010; accepted
on September 12, 2010

1 INTRODUCTION
Recent technological developments in sequencing and genotyping
have made it feasible to conduct genome-wide scans of large
population cohorts to find genetic markers for common diseases (The
Wellcome Trust Case Control Consortium, 2007). Nevertheless,
significant challenges remain. Many genome-wide association

∗To whom correspondence should be addressed.

studies (GWASs) seek to associate each marker with the disease
phenotype. As multiple hypotheses are generated, individual
associations must have large effect to show up as significant.
In complex disorders, many independently evolving loci might
interact to confer disease susceptibility, with only a modest effect at
each locus. Here, we focus on detecting such interactions.

Detecting k-locus interactions in GWAS on large populations
is computationally and statistically challenging, even when k =2.
A test involving all pairs of m markers, with a case–control
population of n individuals, involves O(nm2) computations. For
GWAS, it is not atypical to have n∼103, m∼106 making
these computations, especially with permutation-based tests
of significance, intractable. A straightforward (Bonferroni-like)
correction for the multiple tests would result in significant loss of
sensitivity.

Therefore, many strategies for two-locus interaction testing are
based on a two-stage, filtering approach. In the first stage (the filter
stage), the objective is to discard the vast majority of locus pairs,
while retaining the truly interacting pairs. If the filtering stage is
fast and efficient (only a small fraction of all pairs are retained),
then computationally intensive tests of association can be performed
on the few remaining candidate pairs in a second, scoring, stage.
For a filtering algorithm to be effective, it must have (a) speed, in
that the number of computations scale linearly with the size of the
data; (b) sensitivity/power (truly interacting pairs are retained); and,
(c) efficiency (most pairs are discarded). Fast and efficient filters
allow non-parametric permutation tests to be employed to assess
significance. With the advent of deep sequencing, the number of
variants considered will grow far beyond 106 markers, and designs
of filters will be critical to GWAS analysis of interactions.

While many approaches to detecting interactions have been
proposed (see Cordell, 2009, for an excellent review), the design of
filters has not been investigated explicitly. A recent approach, both
pragmatic and effective for filtering, is based on the assumption
that interacting pairs of loci should also show a marginal effect at
each locus (Marchini et al., 2005). Here, the filtering stage consists
of single marker tests at each locus. The scoring stage is then
limited to pairs in which either one, or both loci, are individually
associated. In either strategy, the filter speed is high, as single-marker
analysis scales linearly with the number of loci and individuals.
Empirical results show that only a small fraction of the loci show
a marginal effect, leading to high efficiency. However, as Marchini
et al. point out, there is some loss of power in employing these
filters, particularly in interaction models where the marginal effects
of the individual loci are small. Figure 1a provides a cartoon
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A filtering approach:	


• Discover possible interactions 
quickly	


• Test good candidates 
completely



Sparsity again

f(x) = �0 +
pX

j=1

�jxj +
X

j<k

�jkxjxk

Estimate using penalized likelihood method	

using L1 penalty for sparsity	

!

[Shi, et al., Statistics and its Interface (SII) 2008]	

!
Has a soft rule interpretation: soft disjunction of 
conjunctions



Logic regression

f(x) = �0 +
tX

l=1

�lLl(x)

v

v

^

v

x1 x2

x3 x4 x5

[Ruczinski, et al., Journal of Computational and Graphical Statistics, 2003]



RAPID

• If two SNPs (x and y) associate with disease 
(d) then at least one of the following must 
hold:	


1.x associates with d	


2.y associates with d	


3.x associates with y in cases	


4.x associates with y in controls	


• RAPID finds SNPs where 3 holds



RAPID

• Look at cases only, and define vector for 
each SNP as:

v
x

(a) =
a� P

xp
n
p

P
x

(1� P
x

)

0,1
Proportion	


of 1s



RAPID



RAPID

dist(v
x

, v
y

) =
r

2� 2
q

�2
x,y

/n

Association	

between x and y

Statistical association is now a 
geometric problem



RAPID
• Use random projections to find possible 

interacting pairs

Hash(x, r,B) =
�

|v
x

· r|
B

⌫



RAPID
• Do this repeatedly, to avoid false positives



Performance
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in testing Rapid with parameter θ=0.1, and θ=0.4, respectively.
For different choices of ε, Rapid automatically computes parameters
L,K,B. Let TP (respectively, FN) denote the number of pairs from
the positive set that were filtered (respectively, discarded) by Rapid.
Sensitivity was empirically computed as TP/(TP+FN). Speed-up
was measured by the ratio of the number of steps in the naive
computation to the number of steps in Rapid

nm2

LKmn+
!m

2
"
Lf2K n

To test speed versus data-size, we duplicated the WTCCC SNPs and
appropriate number of times to create datasets of size up to 100M
SNPs. Both speed-up, and actual runtimes were plotted against the
threshold θ, after fixing ε=0.05.

To compare Rapid against other filtering approaches, we
simulated two datasets according to two general epistatic models
that have been proposed earlier (Marchini et al., 2005). See
Supplementary Section S4 for details. In Model 1, the odds of disease
increase multiplicatively with genotype both within and between
loci. Model 2 (corresponding to Model 3 from Marchini et al.),
has threshold effects so that the odds of disease increase only if
both loci have at least one disease-associated allele, but additional
minor alleles do not further increase the odds. Marginal effects for
each locus (independent of the other) should be present in Model 1,
but less so for Model 2. For each model, we simulated genotypes
at two interacting loci in n=2000 cases and n=2000 controls. The
distribution of genotypes was governed by the following parameters:
marginal odds for major alleles and minor allele-specific effects
described by parameter β. Empirical values of these parameters are
difficult to obtain. Instead, we followed the calculations of Marchini
et al. to derive them using λ, where 1+λ is the heterozygous odds
ratio at a single locus, disease prevalence PD =0.01, and minor allele
frequencies π=πA =πB.

For each choice of parameters λ∈ {0.2,0.5,1.0} and π∈
{0.05,0.1,0.2,0.5}, and derived values of α and β, we simulated
1000 interacting pairs, by sampling genotypes values according
to probabilities induced by the model parameters. Significance of
search results was corrected using m=300000 SNPs.

3.3 WTCCC case–control dataset
We tested the performance of Rapid on a published dataset: the
WTCCC consortium dataset (∼2000 individuals in six diseases
[Hypertension (HT), Bipolar Disorder (BD), Crohn’s disease (CD),
Coronary Artery Disease (CAD) and Type 1 and 2 Diabetes (T1D,
T2D)], against ∼3000 shared controls, genotyped at ∼500000 loci.
A total of 469 557 SNPs and individuals that passed the WTCCC
quality controls were used.

4 RESULTS
Rapid has two key parameters, θ and ε. The user decides the
minimum strength of interactions (measured by the χ2 statistic),
and uses it to specify a bound on the Euclidean distance θ between
the transformed vectors [Equation (1)]. The parameter ε describes
the acceptable type II error rate among the pairs that satisfy the θ

threshold. The parameters L,K also influence speed and sensitivity,
but can be computed given n,m,θ,ε, as described in Equation (3).

Fig. 2. Speed Speed sensitivity trade-offs in RAPID. The trade-offs are
computed as a function of user-defined parameters θ,ε. (a) Speed-up versus
sensitivity trade-offs are measured on a dataset of 50000 WTCCC control
SNPs. Different thresholds θ are chosen to filter the top 1000 (θ≤0.1),
10000 (θ≤0.4) of SNP pairs, respectively. ε∈ {0.05,0.1,0.2,0.3,0.4,0.5}.
(b and c) Runtime versus θ. Strongly interacting pairs (θ≤0.5) can be
identified on large datasets (1M SNPs, 3000 genotypes) with 95% sensitivity
in a few hours on a commodity PC. All experiments were run on a 1.8 GHz,
16 GB RAM, Linux machine. Axes have logarithmic scale.

We tested the speed versus sensitivity of Rapid on the WTCCC
control dataset of 3000 individuals, using a different choice of θ,ε.
For each choice of θ, define the false negatives (FN) as the number
of pairs that exceed the threshold θ, but were rejected by Rapid.
True positives (TP) is the number of pairs exceeding the threshold
that were accepted. Likewise, for each choice of θ,ε, we define
speed up as the drop in number of computations, compared with
the naive approach (O(nm2) computations). Figure 2a describes the
speed versus sensitivity [TP/(TP + FN)] trade-off for θ=0.1 and 0.4.
For low values of θ, we can show 2–3 orders of magnitude speed
up without sacrificing sensitivity. We next explored the speed-up,
and actual runtimes for increasingly large datasets (Fig. 2b–c), and
different thresholds after fixing the ε=0.05 (or 5%). Even for large
datasets (1M SNPs and 3000 genotypes), strongly interacting pairs
can be identified with 95% sensitivity in a few hours on a commodity
PC. In practice, we work with low θ values for large datasets as only
the most significant interactions are required.

We compared Rapid against two strategies widely used to measure
interactions (Evans et al., 2006; Marchini et al., 2005). Strategy I can
be thought of as a filtering strategy. Only a subset of the possible
pairs are tested, those in which one of the SNPs (Strategy Ia), or
both (Strategy Ib) show a marginal effect. In Strategy II, all pairs of
SNPs are tested for interaction. On the face of it, Strategy II should
demonstrate the highest power. However, Evans et al. argue that as
the scoring stage is limited to the filtered pairs, the correction factor
is based on the number of pairs being considered at the scoring
stage. To ensure an overall type I error of at most α, the significance
level of the test for each pair is set to α/τ2 where τ2 is the number
of filtered pairs. For Strategy I, τ2 ≃m, but for the full interaction
model, τ2 =

!m
2
"
. Due to the larger number of tests in Strategy II,

Strategy I often outperforms Strategy II (Fig. 3).
As Rapid is only a filtering strategy, it cannot be directly

compared. Here, we took only the top τ2 =
!m

2
"
Lf2K pairs output by

Rapid, and used a second-stage χ2
9×2 P-value with df =8 (Section 3)

to compute Type I error α. We set the significance level for each test
to α/(

!m
2
"
Lf2K ). We note that with the speed-ups obtained, we can

also use non-parametric, permutation tests of significance.
We tested the approach on two different models of disease

interaction (Section 3). In Model 1, the odds of disease increase
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Interactions/Epistasis

• A MAJOR problem	


• Inherently computational and statistical	


• We are nowhere close	


• We will be inundated with data 
(sequencing)


