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Motivation

- Suppose we have a large genetic region, that is known to
influence risk to disease; hence high prior probability of disease
gene in the region

- For example, for psychiatric traits many rare and large
copy-number variant (CNV) regions are known to be strongly
associated with schizophrenia (SCZ) and/or autism (ASD)
risk.

- These are large CNVs, comprising many genes, and which
gene(s) contain causal variants is not known.

- Although these CNVs are rare (many are de novo), we expect
that whole-exome sequencing (WES) studies will identify
additional cases with risk variants (e.g. point mutations) in
these CNVs.

- So our goal is to use WES data to identify the underlying
disease gene(s) within these large CNVs
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22q11.2 microdeletions

22q11.2 micro-deletions are strongly associated with SCZ, but the
underlying disease gene is not known.
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Self-contained association test vs. Competitive test

- Self-contained association tests: test for disease association
with variants within a specific region. They do not consider
association signal outside the region.
H0: no variant in the region is associated with disease

- Competitive tests: compare association signal inside a specific
region with the outside of the region.
H0: no clustering of risk variants in the region.

- The null hypotheses are different for the two tests.

- No association with variants in the region (H0 for
self-contained test) ⇒ No clustering of risk variants (H0 for
clustering test)

- The converse is not true. No clustering 6⇒ no association.
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Group-wise association tests for sequencing data
(self-contained association tests)

- We assume n subjects have been sequenced in a region with
m variants

- Potentially many rare variants among the m variants

- We want to test the null hypothesis that none of the m
variants is associated with the disease

- Standard testing strategies (marginal, multi marker multi-df)
have low power

- Most methods proposed are based on a weighted-sum statistic:

Sw =
m∑
j=1

wjSj ,

where wj is a weight for variant j , Sj score statistic for variant
j , measuring the association information at variant j .

6 / 35



Several classes of tests

- Xi = (Xi1, . . . ,Xim)′ the vector of coded genotypes for
individual i

- Yi coded trait value for individual i

- Score Sj for variant j can be defined in various ways:

- Burden tests: Sj =
∑n

i=1(Yi − µ̂0,i )Xij

- Variance component tests (e.g., SKAT):
Sj = [

∑n
i=1(Yi − µ̂0,i )Xij ]

2

- Higher-order terms, Sum of exponential of scores.

- Burden tests more powerful when the percentage of disease
susceptibility variants is HIGH and in the SAME direction

- Variance component tests more powerful when the
percentage of disease susceptibility variants is SMALLER, and
there is a MIXTURE of risk and protective variants
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Competitive tests: Scan-Statistics to identify clusters of
rare disease variants

- Find the window where risk variants cluster in a significant
way compared with the rest of the region. E.g. in a large
CNV, test whether association signal clusters within a
particular small window, such as a gene.

- Scan statistics (Naus 1965).

- The underlying idea of scan-statistic methodology is to slide a
window of fixed size (w) along the length of the region and
compute an overall statistic for all windows of length w .
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Simple example: Scan-Statistics to identify clusters of
points on a line

- Example: points on a line

- Sw could be the maximum number of points in any window of
size w .

- Wallenstein and Neff (1987) derived the approximate
distribution for Sw under the simplified assumption that points
are independent and uniformly distributed across a region.

P(Sw ≥ k) ≈ (kw−1 − Nr − 1)b(k ;Nr ,w) + 2Gb(k;Nr ,w),

where b(k;Nr ,w) =
(Nr

k

)
wk(1− w)Nr−k and

Gb(k ;Nr ,w) =
∑Nr

l=k b(l ;Nr ,w);

- However, we are interested in clustering of risk variants;
moreover, genetic variants are not uniformly distributed in
general.
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A likelihood ratio statistic

- N unrelated individuals, both affected and unaffected, have
been sequenced in a region of interest G .

- m rare variants in the region of interest.

- At each position i with i ≤ m

ni = #individuals that carry a minor allele

yi = #carriers that are affected

- yi |ni , pi ∼ Binomial(ni , pi ), where pi is related to the relative
risk at position i . If no association, then pi is naff/N.

- Assumption: there is a window Wdis such that pi = pWdis
for

i ∈Wdis and pi = p0 for i /∈Wdis.

- Under

H0 : pWdis
= p0

HA : pWdis
> p0.
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Likelihood ratio statistic

- For a fixed window size we employ a sliding window approach
and calculate a likelihood ratio (LR) statistic.

- For each window W of fixed size w we calculate:

LRW =

{ (
p̂W
r̂G

)yW (1−p̂W
1−r̂G

)nW−yW ( q̂W
r̂G

)yG−yW (1−q̂W
1−r̂G

)nG−nW−(yG−yW )
if p̂W > q̂W

1 otherwise

where

yW =
∑
i∈W

yi and yG =
∑
i∈G

yi ,

nW =
∑
i∈W

ni and nG =
∑
i∈G

ni ,

p̂W =
yW
nW

and q̂W =
yG − yW
nG − nW

,

r̂G =
yG
nG
.
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Statistical significance

- For the purposes of inference we compute the above LRW

statistics for all windows W we choose to consider. Let

Λ = max
W

LRW .

- Standard asymptotic theory results do not apply (e.g. since
the parameter Wd disappears under the null hypothesis and is
only present under the alternative, see Davies 1977).

- We use Monte Carlo simulations to compute the p-value for
Λ. We permute the affection status labels, and then
recalculate the maximum LR statistic across all windows as
done for the original study. A similar permutation procedure is
performed for the variable window (VW) approach that
maximizes over multiple window sizes.
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Extensions to trio design
- Trio design: one offspring and the two biological parents per

family. For a dichotomous trait, normally only affected
children are considered.

- Test for association with trio design: under the null
hypothesis, a heterozygous parent is equally likely to transmit
either allele.

- Suppose we have sequencing data for n trios, and m is the
number of variants identified in the region being sequenced.

- At each position i with i ≤ M

ni = #heterozygous parents

yi = #transmitted alleles to affected child

- yi |ni , pi ∼ Binomial(ni , pi ). If no association, pi is expected to
be 0.5.

- The other difference is when assessing the statistical
significance: permute the transmitted haplotypes, rather than
the affection status
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Power considerations

- We considered large regions with multiple genes

- When risk variants cluster strongly together, a cluster
detection test can be more powerful than conventional
gene-based tests for each gene in the region.

- Cluster-detection methods lose power as the cluster effect
becomes weaker.
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Figure: Strong Cluster. Power cluster tests vs. conventional gene-based
tests, i.e. Burden and SKAT tests.
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Figure: Weaker Cluster. Power cluster tests vs. conventional gene-based
tests, i.e. Burden and SKAT tests.
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Applications

- CNVs in SCZ and ASD

- LRP2 gene in ASD
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Finding genes in CNVs associated with SCZ

- We used the scan statistic approach to systematically search
for schizophrenia susceptibility genes within 49 genomic loci
previously implicated by de novo copy number variants

- 231 SCZ trios:

* 146 SA from a founder population of dutch origin
* 85 US

- Replication dataset: WES case-control ASD dataset: 860
individuals
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15q13.3

- Only one CNV on chr 15q13.3 remained significant after
multiple testing correction. 15q13.3 is strongly associated
with both SCZ and ASD.

Table: Chromosome 15q13.3 scan statistic results for the SA+US
datasets in SCZ study.

Dataset n Variants P Window (hg19)

SA+US 231 All 7.3E-04 31.197.564-31.217.564
non-syn 1.2E-03 31.197.976-31.217.976

- The 20 kb window with maximum score is contained within
one gene: FAN1
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Scan statistic application results for 15q13.3 CNV in SCZ
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Scan statistic application results for 15q13.3 CNV in ASD
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Table: Conventional gene based tests (Burden for family designs) results
for FAN1 in SCZ study. Parent-of-origin effect.

Mo+Fa Mo Fa

Dataset n Variants Burden Burden Burden

SA+US 231 All 0.17 0.87 0.09
(SCZ) All-w 0.06 0.67 0.066

NS 0.025 0.00049 0.46
NS-w 0.001 0.003 0.13
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Potential problem with transmission disequilibrium tests

- Transmission probability of rare non-synonymous variants
from heterozygous parents to SCZ cases is less than 0.5

- For more damaging variants, e.g. private LoF variants, this
probability is ≈ 0.38 in our dataset.

- Hence Burden and SKAT tests will be conservative as they
assume prob. transmission 0.5.
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Network Analysis
We constructed a protein interaction network, with FAN1 as the
seed gene, and only kept the high-confidence connections. FAN1
network is significantly enriched in rare LoFs transmitted to SCZ
(10 rare LoF transmitted to SCZ cases, across 27 genes in the
network).
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Clustering at the gene level: application to LRP2 in ASD

- LRP2 is a gene located in a region linked to ASD and
contains rare non-synonymous variants associated with ASD

- It is a long gene (over 200 kb) and we show associated
variants cluster within small region of this gene

- Discovery dataset: sequencing data on ∼ 397 cases and
∼ 450 controls

- Two Replication Datasets:

1. Broad: 430 cases and 379 controls.
2. Baylor: 502 cases and 489 controls.
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Clustering Analysis in Discovery Dataset
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Figure: Clustering of rare variants in LRP2; scanning window length is
w = 25 kb.
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Clustering Analysis in Discovery and Replication Dataset 1
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Figure: Clustering of rare variants in LRP2; scanning window length is
w = 25 kb.
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Clustering Analysis in All Three Datasets
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Figure: Clustering of rare variants in LRP2; scanning window length is
w = 25 kb.

25 / 35



Independent evidence for LRP2

- Before our study, LRP2 has not been directly implicated in
ASD.

- Independent studies have found two non-synonymous de novo
variants in LRP2 in ASD cases.

- LRP2 is part of the same network as CHD8, a highly
replicated ASD gene.

- One de novo variant and one rare inherited variant in a
patient with intellectual disability (ID and ASD share many
genetic loci).
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Empirical Bayes extensions

- The empirical Bayes framework allows the binomial success
parameters to vary within a window.

- As before, for variant i :

yi |ni , pi ∼ Binomial(ni , pi )

where pi is a measure of the association between variant i and
the phenotypic trait of interest.

- We model
pi ∼ Beta(α, β).

- Then, the distribution of yi can be written in terms of α and
β as

P(yi |ni , α, β) =

(
ni
yi

)
B(yi + α, ni − yi + β)

B(α, β)
,

the beta-binomial distribution, where B(·, ·) is the beta
function.
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Empirical Bayes Scan Statistics

- The model above implies that all of the variants are drawn
from a common population.

- We would like to model the scenario in which variants fall into
one of two distinct subpopulations: disease risk variants
(DRVs) which have a causal association with the phenotype,
and non-DRVs.

- We can use a mixture of beta distributions instead

pi ∼ πBeta(α1, β1) + (1− π)Beta(α2, β2),

The observations are then modeled as

P(yi |ni , θ) =π

(
ni
yi

)
B(yi + α1, ni − yi + β1)

B(α1, β1)

+ (1− π)

(
ni
yi

)
B(yi + α2, ni − yi + β2)

B(α2, β2)
,

where θ = (α1, β1, α2, β2, π).
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Null and alternative hypotheses
- The null hypothesis is that the data follows a single

distribution across the entire region.
- Under the alternative hypothesis that clustering occurs, the

region can be partitioned into two sets W and W c such that
variants are more likely to be DRVs inside W than in W c .

- This can be modeled by allowing π to have different values
between the two sets

P(y|n, θ,W ) =
∏
i∈W

[
π1

(
ni
yi

)
B(yi + α1, ni − yi + β1)

B(α1, β1)

+ (1− π1)

(
ni
yi

)
B(yi + α2, ni − yi + β2)

B(α2, β2)

]
×∏

i 6∈W

[
π2

(
ni
yi

)
B(yi + α1, ni − yi + β1)

B(α1, β1)

+ (1− π2)

(
ni
yi

)
B(yi + α2, ni − yi + β2)

B(α2, β2)

]
.
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Two models

- Model 1: the null hypothesis is: a single beta distribution
with parameters α and β

- The alternative distribution is: a single beta distribution, but
with different parameter values in and out of the cluster W .

- Model 2: This model assumes that a mixture of DRVs and
non-DRVs exists across the entire region and only the mixture
proportion varies between the cluster and non-cluster variants.

- The prior parameters for both the null and alternative
distributions are estimated from the data using the EM
algorithm.
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Hypothesis Testing

- For a given window W the empirical Bayes factor can be
calculated as

SW =
P(Y|N, θ̂1,W )

P(Y|N, θ̂0)
,

where θ̂0 and θ̂1 are the estimates of the parameters under the
null and alternative hypothesis respectively.

- The test statistic is then

Sw = max
W

SW .

The distribution of Sw will be approximated using
permutations.
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Simulation Studies

- Simulated data on n = 2000 individuals in a 50 kb region.

- DRVs cluster in 10 kb windows in these 50 kb regions.

- DRVs within cluster: 5%− 30% of the variants with
MAF≤ 0.01.

- Effect sizes are inversely proportional to MAF:

βj = 0.549 · | log10(MAF)|.

- Protective variants: 0%− 50%.
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Simulation Results

Power comparison for the LR and the two empirical Bayes models.
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Conclusions

- I discussed cluster detection tests in the context of identifying
windows enriched in associated variants within broad genetic
regions.

- They can be more powerful than conventional gene-based
tests when clustering is relatively strong.

- They have identified two novel genes in datasets of modest
sizes

- Taking into account functional annotations can help with the
identification of clusters of risk variants.
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