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testing procedures with controlled type I error rates. Strong 
association signals surrounding the known  APOE  locus dem-
onstrate statistical power. In addition, we highlight several 
suggestive rare variant association findings for follow-up 
studies, including genomic regions overlapping  MCPH1 , 
 MED18  and  NOTCH3 . In summary, we describe and support 
a straightforward and cost-efficient rare variant analysis 
pipeline for imputed data and demonstrate its feasibility and 
validity. The strategy can complement rare variant studies 
with next generation sequencing data. 

 © 2014 S. Karger AG, Basel 

 Introduction 

 A large portion of heritability of human diseases re-
mains unexplained by the ‘common disease, common 
variant’ hypothesis  [1] . Rare variants continue to gener-
ate attention as candidates responsible for a fraction of 
the so-called ‘missing heritability’  [2] . Theoretical con-
siderations, large reference data sets generated by the 
1,000 Genomes Project  [3] , for instance, and databases of 
genome-wide association study (GWAS) findings as well 
as computational simulations  [4, 5]  support the hypoth-
esis that rare variants are numerous and potentially more 
deleterious than common variation.
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 Abstract 

 Important methodological advancements in rare variant as-
sociation testing have been made recently, among them col-
lapsing tests, kernel methods and the variable threshold (VT) 
technique. Typically, rare variants from a region of interest 
are tested for association as a group (‘bin’). Rare variant stud-
ies are already routinely performed as whole-exome se-
quencing studies. As an alternative approach, we propose a 
pipeline for rare variant analysis of imputed data and devel-
op respective quality control criteria. We provide sugges-
tions for the choice and construction of analysis bins in 
whole-genome application and support the analysis with 
implementations of standard burden tests (COLL, CMAT) in 
our INTERSNP-RARE software. In addition, three rare variant 
regression tests (REG, FRACREG and COLLREG) are imple-
mented. All tests are accompanied with the VT approach 
which optimizes the definition of ‘rareness’. We integrate 
kernel tests as implemented in SKAT/SKAT-O into the sug-
gested strategies. Then, we apply our analysis scheme to a 
genome-wide association study of Alzheimer’s disease. Fur-
ther, we show that our pipeline leads to valid significance 
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  The study of methods for detecting association of rare 
variants with complex diseases has made substantial 
progress over the last few years  [6–12] . This development 
was accompanied by rapid improvements in technology 
and reference data availability, which allow to increase 
genotyping density either directly or by imputation  [13–
15] . Rare variant association tests have been implemented 
in various software packages  [11, 16–18] . Some methods 
have explicitly been optimized for data generated from 
next generation sequencing (NGS). Current NGS studies 
are typically of moderate sample size and often focus on 
the exomes rather than the whole genome. Exome se-
quencing is undoubtedly a cost-efficient strategy, but the 
motivation for considering non-exomic regions is, never-
theless, manifold. While protein-coding sequences cover 
only approximately 1.5% of the human genome, compar-
ative studies show that a large portion of genomic regions 
in the human genome has undergone purifying selection, 
with a recent estimate of at least 5.5%  [19] . Recent data 
from the ENCODE project suggests that elements inter-
acting with biochemical processes cover at least about 
80% of the human genome, with different RNA types cov-
ering 62% of the genome  [20] . Results from GWAS show 
that a large proportion of discovered associations lie out-
side of exomes (88% according to Hindorff et al.  [21] ), 
which supports the hypothesis that similar portions might 
be expected for rare variant associations.

  Given the fact that genome-wide coverage in NGS is not 
yet affordable for all research groups, we introduce an 
analysis pipeline for rare SNP variants obtained by geno-
type imputation. Imputation of rare variants from GWAS 
panels is a viable strategy for moderately rare variants al-
ready, although increasingly large reference panels are re-
quired for accurate imputation of very rare alleles  [22, 23] . 
Therefore, our analysis will be limited to those SNPs which 
are imputed at high quality. As a consequence, our ap-
proach will focus on rare variants, but will not cover very 
rare variants which are disease specific and often not con-
tained in public databases. In this sense, our strategy has to 
be viewed as an intermediate improvement until large-
scale NGS studies have become a standard. In the follow-
ing, we refer to variants with a MAF <0.05 as ‘rare variants’ 
and those with a MAF <0.001 as ‘very rare variants’.

  In contrast to the development of association testing 
methods, the discussion of two essential aspects of analy-
sis is often neglected. First, there is no consensus on how 
to define ‘rareness’ in rare variant analysis, or even how 
to estimate a suitable frequency threshold given a data set 
to be analyzed. Often, a MAF threshold (MAF T ) defining 
‘rare’ and ‘common’ variants is conveniently, but some-

what arbitrarily, chosen to be 0.05 or 0.01, for instance, 
while other researchers will consider singletons to be the 
typical rare variant. Differential weighting of individual 
variants according to their MAF has been proposed to al-
leviate this problem  [9] . The variable threshold (VT) ap-
proach  [24]  is an important methodological improve-
ment that reduces the choice of MAF T  to a choice of the 
largest MAF T  that shall be considered. All possible thresh-
old frequencies are subsequently tested to determine the 
optimal MAF. Permutation of affection status is used for 
multiple testing correction.

  The second problem is the proper assignment of sets 
of SNPs that shall be analyzed together (‘binning’). Given 
NGS exome data, genes as units of analysis are a most 
evident choice in rare variant testing. However, the pow-
er is limited if the chosen bins do not exactly correspond 
to associated regions. In one scenario, the tested gene 
could contain a truly associated region, but a bin that ex-
tends beyond the limits of the region inevitably captures 
noise that reduces the power up to the point where no 
evidence for association can be detected. In another sce-
nario, the selected bin only partially covers the associated 
region.

  Until now, most of the available software relies on the 
user to provide both the definitions of analysis bin as well 
as that of MAF T . In order to address the requirements of 
rare variant testing and to support genome-wide applica-
tion, we have developed the analysis software INTER-
SNP-RARE. It implements various binning strategies and 
combines existing rare variant methods with the VT ap-
proach  [24] , among them the collapsing test (COLL)  [6]  
and the cumulative minor allele test (CMAT)  [7] . Fur-
thermore, we implemented regression tests as well as the 
fractional and collapsing regression methods (COLLREG 
and FRACREG)  [8] , which also can be combined with the 
VT technique. INTERSNP-RARE is specifically designed 
to handle large data sets and is able to perform genome-
wide rare variant analysis within manageable time frames.

  In addition to the VT methods, we are also going to 
investigate the analysis bins defined by our software with 
kernel methods. To this purpose, we will use the SKAT 
and SKAT-O methods and their implementation in the R 
package SKAT  [11] .

  As a supplementary approach to NGS rare variant 
studies, we propose a pipeline for rare variant analysis of 
imputed data. We describe respective quality control 
(QC) criteria and will provide suggestions for the choice 
and construction of analysis bins in whole-genome appli-
cation. We evaluated the practicability of our framework 
by applying it to a GWAS on Alzheimer’s disease (AD).
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  Methods 

 In the section Pipeline, we will propose a pipeline for the anal-
ysis of imputed rare variants. The approach uses binning strategies 
and statistical methods implemented in INTERSNP-RARE as well 
as statistical tests implemented in SKAT  [11] . Therefore, we first 
describe these implementations.

  INTERSNP-RARE is an extension of INTERSNP  [25] , a ge-
nome-wide association and interaction analysis software, writ-
ten in C++. Shared-memory parallelization is implemented us-
ing the OpenMP  [26]  framework for C++. INTERSNP-RARE is 
compatible with all features of INTERSNP and allows the com-
bination of methods. Oftentimes, it makes sense to define a pre-
selection of variants to be read from the input file, for instance 
to include only rare variants to improve computational speed. 
Using a preselection of SNPs also allows for even more advanced 
binning methods, for example to combine genes from the same 
pathway or to exclude introns in a gene-based analysis. INTER-
SNP-RARE is compatible with all PLINK  [27]  input data for-
mats.

  Binning with INTERSNP-RARE 

 Binning is the partition of available chromosomes into con-
tiguous sequences, each one containing  nRV  rare variants for sub-
sequent analysis. Given a chromosome with  n  rare variants, there 
are  n  ( n  – 1)/2 possible distinct bins. However, hypothetical truly 
associated regions are expected to be relatively limited in extent 
( nRV  <<  n ), so that very large bins can be safely excluded from the 
analysis. In the following, we assume  nRV   ≤  100. INTERSNP-
RARE provides various binning strategies. The software can han-
dle boundaries predefined by external resources, as, for instance, 
from the Ensembl release 70  [28]  which specifies gene boundaries. 
In the same way, haplotype block boundaries or bin boundaries 
defined in preceding studies can be used. Analysis bins can auto-
matically be concatenated, in order to analyze neighboring blocks 
as a unit, or split into bins with a number of rare variants below a 
predefined threshold. In addition, bins can be defined on a count 
basis, either by window size in base pairs or by the number of rare 
variants in a bin.

  In the following, we will explore gene binning and two bin-
ning strategies based on haplotype blocks in a genome-wide set-
ting.

  Association Testing with INTERSNP-RARE 

 We adapted multiple rare variant association tests from the lit-
erature. First, we describe the conventional case: analysis with a 
fixed MAF T . In this section, we describe association testing meth-
ods assuming a sample size of  N  individuals and a predefined bin 
containing  n  rare variants.

  Rare Variant Tests 
 COLL 
 COLL dichotomizes  N  individuals according to the presence of 

at least one rare variant. The corresponding 2 × 2 table contains 
the counts of affected ( A ) and unaffected ( U ) carriers ( C ) and non-

carriers ( NC ), respectively ( table 1 ). It can be evaluated by applying 
Pearson’s χ 2  test with 1 degree of freedom, resulting in the follow-
ing test statistic:

2

.   
C C

A U U A A U
COLL C C NC NC

A U A U A U

N N N N N N
T

N N N N N N

 
(1)

  CMAT 
 CMAT is conducted by pooling all variants, divided into rare 

and common across all cases and controls, and by taking the sum 
of the number of major ( M  A/U ) and minor ( m  A/U ) alleles of affected 
and unaffected individuals. The resulting contingency table ( ta-
ble 2 ) leads to the following test statistic:
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(2)

  Due to LD, the asymptotic p value is not applicable and the p 
value is obtained via permutation (see Significance Testing by Per-
mutation and Variable Threshold Analysis). CMAT can be ex-
tended to a Cochran-Mantel-Haenszel-like test, so that the inclu-
sion of a categorical variable is possible  [7] . 

 Regression Tests: REG, FRACREG, COLLREG 
 REG is a full regression test conducted on a set of rare variants. 

Logistic and linear regressions are used for quantitative and bi-
nary phenotypes, respectively. In the logistic regression, the prob-
ability to be a case is modeled as:

  logit( p ) =  β  0  +  β  T  b  +  γ  T  g , (3)

  for every individual, with logit(p) = log(p(1 – p) –1 ), and the vec-
tors of regression coefficients  β  and  γ  to be estimated. The co-
variate vector  b  = { b  1 , …,  b  k } encodes covariate quantities of the 
individual to be included in the model, while  g  is the vector of 
genotypes of the individual. In the log-additive model, the gen-
otypes are coded as 1, 0 and –1 for the three cases when the mi-
nor allele is homozygous, the genotype is heterozygous or when 
the major allele is homozygous. The vector of covariate coeffi-

 Table 1.  Contingency table for COLL

Number of individuals Carriers Noncarriers

Affected NC
A NN

A 
C

Unaffected NC
U NN

U 
C

 Table 2.  Contingency table for CMAT

Number of alleles Rare/Minor Common/Major

Affected mA MA
Unaffected mU MU
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cients  β  consists of  k  covariate coefficients { β  1 , …,  β  k }, while  γ  
estimates the risk contribution of each genotype. The null hy-
pothesis  H  0 :  γ  = 0 is investigated with a likelihood ratio test that 
compares the likelihood of the full model (equation 3) to the 
restricted model 

 logit( p ) =  β  0  +  β  T  b . (4)

  The likelihood ratio test statistic is χ 2  distributed with  m  degrees 
of freedom, where  m  is the number of variants contained in the 
bin. 

 The regression test is able to detect association when there are 
both causal and protective rare variants. This property sets them 
apart from the ‘burden’ tests COLL and CMAT described before, 
which test for an excess of rare variants in cases. Two further bur-
den regression tests have been described in Morris and Zeggini 
 [8] . The main idea is to combine rare genotypes from a bin into 
one variable and to fit a single regression coefficient in a regres-
sion model. In this sense, the approach transfers the main ideas 
of COLL and CMAT into a regression setting. Therefore, we re-
fer to the respective tests as COLLREG and FRACREG in the fol-
lowing.

  COLLREG defines a regression model over collapsed variants. 
An individual is assumed to carry the full genetic burden when at 
least one rare allele is present. The indicator function  I ( g ) equals 1 
if an individual has at least one rare allele in the region of interest 
and 0 otherwise. One coefficient,  λ , is estimated:

  logit( p ) =  β  T  b  +  λI ( g ). (5)

  FRACREG also estimates a single parameter, coefficient λ with 
the trait modeled as:

logit .    T rp b
n

� �  (6)

  Here,  r  is the count of genotypes of an individual containing
at least one minor allele. The ratio  r / n  is the accumulated genetic 
burden with equal contribution from each genotype containing 
one or two minor alleles. 

 Both COLLREG and FRACREG test  H  0 :  λ  = 0. The corre-
sponding likelihood ratio test is χ 2  distributed with 1 degree of 
freedom.

  Significance Testing by Permutation and Variable Threshold 
Analysis 
 Permutation testing procedures assess the typically unknown 

distribution of a statistic under  H  0  by evaluating replicated data 
sets which are constructed by random assignment of affection sta-
tus or quantitative trait value. The statistic obtained for the ‘real’ 
(non-permuted) data is compared to the statistic obtained from 
permutation replicates, the p value is obtained by counting the 
number of permuted test statistics that are greater or equal to the 
test statistic of the real data:

0

1

1     
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j

jSIM

p I T T .
N

 (7)

  The indicator function  I () returns 1 if the condition is satisfied 
and 0 otherwise. 

 Confidence intervals for p values determined by permutation 
can be calculated using the Wilson score method  [29] :
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  where  z  α  /2  = 1.96 for the 95% confidence interval. The Wilson 
method performs well even for small values and is known to be 
more accurate for binomial proportions than the commonly used 
normal approximation interval (Wald interval)  [30] . 

 The extension of rare variant tests with the VT approach is mo-
tivated by the method described in Price et al.  [24] . Instead of using 
a fixed threshold, an optimal threshold that maximizes the test 
statistic is computed from all possible MAFs that are smaller or 
equal to MAF T .

    For COLL and CMAT, the VT method can be described as fol-
lows. The maximum test statistic  T   j  max  is determined across all 
MAF levels  MAF  i   ≤   MAF  T  for each of the  N  SIM  permutations
labeled by  j . The proportion of those  T   j  max  that are larger or equal 
to the test statistic    T  0  max  in real non-permuted data is the permuta-
tion-based p value (see equation 9).

0

1

1 .  
SIMN

j
max max

jSIM

p I T T
N

 (9)

  The MAF at which the test statistic has the maximal value    T  0  max  
is the ‘optimal’ threshold. The variable threshold method is com-
putationally more intense than fixed-threshold methods, since test 
statistics at all possible MAF T  have to be computed. 

 If the VT approach should be applied to regression tests REG, 
FRACREG and COLLREG, the  T  max  approach has to be replaced 
by a  p  min  approach. With varying MAF T , the number of SNPs to be 
included in the regression model changes and leads to test statistics 
with different degrees of freedom. The regression test statistic will 
be systematically higher for larger MAF T , since these lead to the 
inclusion of more model SNPs. To overcome this problem, the test 
statistics obtained for different MAF T  are replaced by their respec-
tive nominal p value, thereby transforming them to a comparable 
scale. Instead of using equation 9, the overall p value now can be 
computed according to 

0

1

1 .   
SIMN

j
min min

jSIM

p I p p
N

 (10)

  Since regression tests are computationally intense, their ge-
nome-wide application under the VT approach needs high com-
puting power, and it will not always be possible to include it in the 
standard analysis. 

 Association Testing with SKAT 

 The R package SKAT  [11]  implements two rare variant tests, 
SKAT and SKAT-O. SKAT, the sequence kernel association test, uses 
single SNP score test statistics. In more detail, let  m  be the number of 
rare SNPs from a bin. Then, the SKAT test statistic can be written as:

2 2

1
j j

j m
Q w S  
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  where  S  j  is the score statistic for testing the logistic single SNP 
model for SNP  j  (1  ≤   j   ≤   m ). SKAT allows for weighting of variants. 
The default weighting scheme is based on the family of Beta( x ,  α , 
 β )  ∝   x  α  –1 (1 –  x ) β  –1  distributions: 

  w  j  =  Beta ( MAF  j , 1, 25) = 25(1 –  MAF  j ) 24 .

  This weighting scheme assigns significantly higher weights to vari-
ants with low MAFs. 

 SKAT-O is an advanced method that uses a linear combination 
of a burden and a non-burden test statistic and it is a linear com-
bination of SKAT with a burden test. The p values are computed 
analytically. An adjustment using bootstrapping is necessary for 
samples with <2,000 individuals.

  Pipeline 

 We suggest the following analysis pipeline for ge-
nome-wide rare variant analysis of imputed data.

  (1) We start with a GWAS data set that went through 
a stringent standard QC protocol. For instance, in order 
to minimize differential errors caused by different impu-
tation qualities of cases and controls, we require a SNP 
call rate above 99%, both in cases and controls. Next, the 
data is imputed using standard imputation software pack-
ages  [13–15] . As reference panel, we recommend to use 
the latest release of the 1,000 Genomes Project  [3] . Ide-
ally, the complete reference sample should be used, rath-
er than ethnical subgroups fitting the data  [13] .

  (2) We apply postimputation QC and filter out SNPs 
with a low info score (e.g. below 0.8).

  (3) Next, we ‘call’ SNPs/individual genotypes by as-
signment of the genotype with the highest imputation 
probability. Note that there is a practical need for ‘calling’, 
since the COLL test, for instance, is not defined on dosage 
data. Depending on the quality metrics of the resulting 
data set, further QC procedures can be implemented.

  (4) In a genome-wide setting, the assignment of vari-
ants to bins is not self-evident. In the next section, we pres-
ent the analysis of empirical data (see AD Study). Here, we 
applied three example binning strategies: first, the conven-
tional approach is based on the locations of protein-coding 
genes (‘gene binning’). We used gene positions as defined 
in Ensembl release 70  [28] . For the second strategy (‘block 
binning’), LD blocks were determined using PLINK  [27] . 
We computed LD blocks from the genotype data set and 
used the default block size limit of 200 kb. The set of block 
intervals was not contiguous and covered only a fraction 
of rare variants in the imputed data set. To achieve full 
coverage, the intervals at each gap were extended by an 
equal number of base pair positions until the gap was 

closed. The resulting set of contiguous intervals was used. 
For the third strategy, three consecutive contiguous block 
intervals were concatenated into a single interval (‘3-block 
binning’ or ‘concatenated LD block binning’). We also ad-
dress computational problems caused by ‘overly’ small or 
large bins. Bins with >100 variants were split into multiple 
bins of equal size with  ≤ 100 rare variants. Small bins with 
<4 variants were excluded from the analysis.

  (5) Since we wish to investigate the performance of the 
pipeline in general, we apply all statistical tests described 
before (COLL, CMAT, REG, FRACREG, COLLREG, 
SKAT and SKAT-O). For practical analysis, specific 
choices might be advisable. The test statistics of COLL 
and CMAT are analyzed with VT MAF optimization. We 
recommend to use 10,000 permutation replicates in an 
initial run, with one job per chromosome. Top results are 
followed up with an increasing number of permutations 
until two significant digits of the p value are obtained, up 
to 10 9 . For a large number of permutations, the parallel 
version of INTERSNP-RARE can be used to reduce com-
putational time. Regression tests are conducted without 
permutation testing using a fixed MAF of 0.05 and popu-
lation covariate parameters to adjust for potential strat-
ification. SKAT and SKAT-O  [11]  are analyzed with beta-
weighting and population covariates.

  (6) Candidate regions that provide evidence for pos-
sible association can be investigated in a refinement anal-
ysis, the extent of which is decided on a case-by-case basis. 
Functional characteristics, known association signals and 
additional available information on variants contained in 
promising regions can be used to decide if the candidate 
regions are worth following up in independent samples. 
It can be examined if the association is a result of LD with 
a common variant. For this purpose, the common variant 
can be used as a covariate parameter.

  AD Study 

 We analyzed a previously unpublished late-onset AD 
genome-wide case-control study, genotyped on the 
Illumina ® Omni1M microarray. AD patients were recruit-
ed within the German Dementia Competence Network, 
DCN (http://www.kompetenznetz-demenzen.de), and the
interdisciplinary memory clinic of the Department of
Psychiatry and the Department of Neurology at the Uni-
versity Hospital in Bonn, Germany. Diagnosis of AD de-
mentia was established according to the NINCDA-
ADRDA criteria  [31] . All patients gave written informed 
consent for participation in the entire study.
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  First, we applied standard GWAS QC procedures. We 
detected 7 pairs of individuals with evidence for related-
ness based on an elevated genome-wide genotype identi-
ty-by-state status and removed that individual from each 
of the pairs with the lower genotyping rate. SNPs and in-
dividuals were filtered for a genotyping rate of at least 
99%. In addition, SNPs with p values indicating a devia-
tion from the Hardy-Weinberg equilibrium at p = 5 × 
10 –4  were excluded. Finally, variants for which the test
for association between missingness and affection status 
(PLINK’s test missing) resulted in p values  ≤ 0.05 were 
removed from the analysis. After QC, 850,612 genotypes 
from 531 cases and 1,096 controls remained. We per-
formed multi-dimensional scaling implemented in 
PLINK  [27]  and retained the 6 leading dimensions as co-
variate parameters to adjust for population stratification.

  Next, we used the software IMPUTE2  [13]  to impute 
the data sets into the May 2012 release of the 1,000 Ge-
nomes Project  [3] . Following suggestions from the litera-
ture  [13] , we used the complete reference sample, i.e. in-
dividuals from all ethnical groups. After imputation, we 
removed SNPs with an info score (a quality metric pro-
vided by the imputation software) smaller than 0.8. Next, 
we ‘called’ individual genotypes by assigning that geno-
type to each SNP/individual with the highest imputation 
probability. In total, 7,664,433 variants remained for 
analysis, of which 2,234,422 were rare (MAF <0.05).

  Binning Strategies 
 The distributions of bin sizes for all three strategies 

described above are shown in  figure 1 . Although the strat-

egies resulted in distributions with different characteris-
tics ( table 3 ), all of them led to valid analysis results as will 
be shown below. Note that bins with <4 rare variants were 
excluded. The numbers of resulting bins for the gene, 
block and 3-block strategies were used to determine the 
Bonferroni-corrected ‘binning-wide’ significance levels 
by dividing the nominal significance threshold (0.05) by 
the number of bins, resulting in 2.44 × 10 –6 , 5.14 × 10 –7  
and 1.09 × 10 –6 , respectively. The ‘strategy-wide’ signifi-
cance levels were further adjusted for the number of con-
ducted tests, resulting in 3.49 × 10 –7 , 7.34 × 10 –8  and 1.55 
× 10 –7 , respectively. The additional correction for the 
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  Fig. 1.  Distribution of bin sizes for all three analysis-ready binning strategies, obtained from raw interval files by closing gaps (block and 
3-block), concatenating (3-block) and bin size control. The discontinuities at  nRV  = 50 result from splitting of bins with  nRV  >100. 

 Table 3.  Comparison of the three binning strategies

Gene Block 3-Block

Bins 20,475 97,283 46,002
Variants 968,326 2,196,256 2,233,593
Variants included 43.3% 98.3% 99.6%
Median variants/bin 51 14 49
Binning-wide α 2.44 × 10−6 5.14 × 10−7 1.09 × 10−6

Strategy-wide α 3.49 × 10−7 7.34 × 10−8 1.55 × 10−7

Experiment-wide α 1.16 × 10−7 2.45 × 10−8 5.18 × 10−8

 The two block-binning strategies include <100% of the rare va-
riants due to the filtering of small bins. The binning-wide signifi-
cance level α was Bonferroni-corrected and determined by divi-
ding 0.05 by the number of bins. The strategy-wide significance 
level α was additionally corrected for the 7 statistical tests. The 
experiment-wide significance level α was obtained from the strat-
egy-wide significance level α by Bonferroni correction for the three 
binning strategies.
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number of binning strategies determined the ‘experi-
ment-wide’ significance levels of 1.16 × 10 –7 , 2.45 × 10 –8  
and 5.18 × 10 –8 , respectively. Please note that the correc-
tion is somewhat conservative for several reasons. Vari-
ants from different bins are locally correlated due to LD. 
Apart from that, there is an overlap between bins defined 
by different binning strategies. Finally, there is correla-
tion between the results from different tests performed on 
the same bin.

  Running Time 
 VT analysis was conducted in two steps. First, a genome-

wide analysis was performed with 10 4  permutation repli-
cates. Next, bins with a p value  ≤ 10 –4  were re-evaluated 
with 10 7  permutation replicates. To obtain two significant 
digits of the p value, up to 10 9  permutation replicates were 
performed. The analysis was conducted on a high-perfor-
mance cluster of the University of Bonn, Bonn, Germany. 
It comprises 32 main nodes with 50 GB working memory 
and 24 processors with 3 GHz each. For the analysis pre-
sented here, we used one dedicated node (24 processors).

  The regression tests REG, FRACREG and COLLREG 
were performed in joint runs, one for each chromosome. 
The running time of each job was <2 min for all chromo-
somes and binning strategies. The VT analysis of COLL 
and CMAT was also performed in joint runs, one per chro-
mosome. The running time of the step 1 analysis with 10 4  
permutation replicates varied from 33 min for chromo-
some 21 (gene-based strategy) to 509 min for chromosome 
2 (concatenated LD block strategy). The follow-up analysis 
of 183 top-ranking bins with 10 7  permutation replicates 
was conducted in single runs of the parallel version of
INTERSNP-RARE using 24 processors and took 18 h.

  Analyzing chromosome 2 under the concatenated LD 
block strategy took 115 min with SKAT and 253 min with 
SKAT-O. The running time was longer than with logistic 
regression, since the sample size is <2,000 and the boot-
strap feature of SKAT had to be used.

  QQ Plots 
 QQ plots for all 7 statistical tests under all binning 

strategies are presented in  figures 2–4 , together with the 
respective significance levels ( table 3 ) and inflation fac-
tors obtained by the software package GenABEL  [32] .

  Under the gene-based strategy, we did not observe sub-
stantial deviations of the p value distribution for any of the 
tests considered. Under the block-based strategy, COLL 
and CMAT showed some tendency of inflation. This has to 
some extent been expected, since these tests do not adjust 
for population stratification. The analogous regression tests 

COLLREG and FRACREG, which were conducted with 
population covariates, however, did not show strong signs 
of inflation. The QQ plot of the SKAT statistic appears to 
be slightly inflated for p values with –log(p) >3.5, while the 
regression test fits the expectation perfectly well for p values 
with –log(p) <4. Overdispersion in the lower p value range 
can be explained by multiple hits that reflect true associa-
tions with the  APOE  locus (see Analysis of the  APOE  LD 
Region). Under the 3-block strategy, we observe in general 
the same tendencies as before. COLL and CMAT, which do 
not account for population covariates, produced slightly 
worse results, while the other tests exhibited QQ plots that 
fitted the expectation almost as good as with the simple 
block strategy. Overall, we can state that the QQ plots of the 
p value distributions confirm the validity of the suggested 
approach. This conclusion is also supported by the report-
ed λ inflation. In general, most strategies showed inflation 
factors below or around 1.05. The already observed ten-
dency for inflation of COLL and CMAT is also reflected in 
their λ values. In particular under the three-block strategy, 
COLL (λ = 1.084) and CMAT (λ = 1.11) show substantial 
inflation. A validation of the results using covariates adjust-
ing for population stratification is, therefore, obligatory.

  Analysis of the APOE LD Region 
 Two common SNP polymorphisms, rs429358 and 

rs7412, define the well-known  APOE  ε2, ε3, ε4 polymor-
phism which is strongly associated with AD susceptibility 
 [33] . None of the rare SNPs available in our study is lo-
cated within the boundaries of  APOE  (chromosome 19, 
45409011–45412650 bp), which explains that there is no 
rare variant association signal for  APOE  itself ( table 4 ). 
However,  table 4  contains multiple significant bins in the 
LD region surrounding  APOE .

  With the gene-binning strategy, the bins correspond-
ing to the  TOMM40  and  PVRL2  genes achieved experi-
ment-wide significance ( table 4 ). SKAT (p = 2.4 × 10 –9 ) 
identified  TOMM40 , which contains 22 rare variants, at 
experiment-wide significance. In addition, the regression 
test REG (p = 4.0 × 10 –6 ) and CMAT showed suggestive 
evidence (p = 6.5 × 10 –7 ) for  TOMM40 . The  PVRL2  gene 
contains 37 rare variants and reached strongest evidence 
for association with the regression test REG (p = 3.6 × 
10 –9 ), while the p value reached with SKAT was much less 
impressive (p = 1.2 × 10 –3 ).

  With the block-binning strategy, two bins achieved 
strategy-wide significance ( table 4 ). These blocks are part 
of, or overlap with,  TOMM40  and  APOC1 , respectively. 
The strongest statistical evidence was achieved for  APOC1  
which contains 8 rare variants. SKAT (p = 2.7 × 10 –14 ) and 
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  Fig. 2.  QQ plots for the gene-binning strategy. Two  APOE -associ-
ated genes reach experiment-wide significance,  TOMM40  with 
SKAT and SKAT-O (p = 2.4 × 10 –9  and p = 4.0 × 10 –8 , respective-
ly) and  PVRL2  with REG (p = 3.6 × 10 –9 ).  TOMM40  also reaches 
binning-wide significance with CMAT (p = 6.5 × 10 –7 ) and is 
slightly above binning-wide significance with REG (p = 4.0 × 10 –6 ). 

 MED18  reaches binning-wide significance with COLLREG (p = 
1.3 × 10 –6 ).  MED18  is also the third-highest scoring result in REG 
(p = 1.0 × 10 –5 ), top-scoring result in FRACREG (p = 6.6 × 10 –6 ) 
and the second-highest scoring result in SKAT-O (p = 3.7 × 10 –6 ), 
although none of these cases achieves binning-wide significance. 
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  Fig. 3.  QQ plots for the block-binning strategy. A bin overlapping 
with the  APOC1  gene has highly significant p values in three of the 
tests: REG (p = 3.2 × 10   –14 ), SKAT (p = 2.7 × 10 –14 ) and SKAT-O 
(p = 1.7 × 10 –12 ). Note that all three p values are beyond the plotted 
range and are symbolically shown at  ≈ 10   –10 .  APOC1  also achieves 
binning-wide significance with CMAT (p = 4.6 × 10 –8 ) and 
FRACREG (p = 2.0 × 10 –7 ). The second bin with experiment-wide 

significance overlaps with  TOMM40  (SKAT with p = 6.0 × 10 –10  
and SKAT-O with p = 1.9 × 10 –8 ). It is also the second-highest scor-
ing result with CMAT (p = 6.6 × 10 –7 ) and the third-highest scor-
ing result in REG (p = 2.0 × 10 –6 ). In both cases, the hit is below 
the binning significance threshold. The second-highest scoring bin 
in REG overlaps with  PVRL2  and achieves binning-wide signifi-
cance (p = 3.6 × 10 –7 ).     
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  Fig. 4.  QQ plots for the 3-block-binning strategy. Three  APOE -
associated bins achieve experiment-wide significance. The most 
significant result is a bin containing the genes  APOC1 ,  APOC2  and 
 APOC4  (SKAT with p = 7.6 × 10 –11 , REG with p = 9.7 × 10 –10  and 
SKAT-O with p = 6.7 × 10 –9 ). Note that the SKAT p value is shown 
symbolically at  ≈ 10   –10 , since the true value is beyond the plotted 
range. The second experiment-wide significant result is the 

 TOMM40 ,  APOE  bin (SKAT with p = 1.9 × 10 –9  and SKAT-O with 
p = 1.6 × 10 –8 ). The bin achieves binning-wide significance with 
REG (p = 2.7 × 10 –7 ). Finally,  PVRL2  is experiment-wide signifi-
cant with REG (p = 2.7 × 10 –8 ). This bin does not come close to 
significance with any other test. In addition, a non-       APOE -associ-
ated bin containing  MCPH1  is detected with COLLREG below the 
binning-wide significance threshold (p = 6.5 × 10 –7 ).     
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 Table 4.  Bins achieving experiment-wide significance

Strategy Position 
(chromosome:bp)

Feature MAFT nRV Test p p (APOE
covariates)

Gene 19:45395193 – 45405499 TOMM40 0.0181 8 COLL 5.1e-02 [4.65e-02; 5.51e-02] –
0.0396 17 CMAT 6.5e-07 [5.10e-07; 8.28e-07] 0.24
0.0412 22 REG 4.0e-06 0.32
0.0412 22 FRACREG 1.6e-05 0.85
0.0412 22 COLLREG 9.3e-01 1.00
0.0412 22 SKAT 2.4e-09 0.83
0.0412 22 SKAT-O 4.0e-08 1.00

19:45351516 – 45391505 PVRL2 0.0495 37 COLL 7.0e-04 [3.39e-04; 1.44e-04] –
0.0080 9 CMAT 4.0e-01 [3.88e-01; 4.07e-01] 0.97
0.0495 37 REG 3.6e-09 0.12
0.0495 37 FRACREG 6.8e-01 0.70
0.0495 37 COLLREG 1.1e-04 0.30
0.0495 37 SKAT 1.2e-03 0.17
0.0495 37 SKAT-O 2.5e-03 0.25

Block 19:45417200 – 45427779 APOC1 0.0298 4 COLL 9.0e-06 [4.74e-06; 1.71e-05] –
0.0409 8 CMAT 4.6e-08 [3.67e-08; 5.92e-08] 0.06
0.0409 8 REG 3.2e-14 0.68
0.0409 8 FRACREG 2.0e-07 0.38
0.0409 8 COLLREG 2.1e-03 0.14
0.0409 8 SKAT 2.7e-14 0.67
0.0409 8 SKAT-O 1.7e-12 0.39

19:45396973 – 45407655 TOMM40 0.0181 7 COLL 2.5e-01 [4.56e-01; 6.99e-01] –
0.0396 16 CMAT 6.6e-07 [5.19e-07; 8.40e-07] 0.47
0.0412 21 REG 2.0e-06 0.30
0.0412 21 FRACREG 1.7e-05 0.91
0.0412 21 COLLREG 7.0e-01 0.98
0.0412 21 SKAT 6.0e-10 0.80
0.0412 21 SKAT-O 1.9e-08 0.39

3-Block 19:45417200 – 45458466 APOC1, 
APOC2, 
APOC4

0.0298
0.0041
0.0498
0.0498
0.0498
0.0498
0.0498

18
22
25
25
25
25
25

COLL
CMAT
REG
FRACREG
COLLREG
SKAT
SKAT-O

3.9e-02 [3.55e-02; 4.31e-02]
4.1e-03 [3.02e-03; 5.56e-03]
9.7e-10
8.2e-03
1.1e-01
7.6e-11
6.7e-09

–
0.73
0.92
0.74
0.47
0.99
0.81

19:45396973 – 45414392 TOMM40, 
APOE

0.0181 8 COLL 2.8e-02 [2.53e-02; 3.18e-02] –
0.0396 16 CMAT 9.5e-07 [8.92e-07; 1.02e-06] 0.25
0.0415 23 REG 2.7e-07 0.24
0.0415 23 FRACREG 1.3e-05 0.96
0.0415 23 COLLREG 5.3e-01 0.85
0.0415 23 SKAT 1.9e-09 0.80
0.0415 23 SKAT-O 1.6e-08 1.00

19:45337918 – 45374983 PVRL2 0.0492 30 COLL 1.2e-01 [1.15e-01; 1.28e-01] –
0.0092 10 CMAT 3.1e-02 [2.77e-02; 3.45e-02] 0.72
0.0492 30 REG 2.7e-08 0.04
0.0492 30 FRACREG 7.7e-02 0.50
0.0492 30 COLLREG 1.5e-02 0.57
0.0492 30 SKAT 5.3e-05 0.20
0.0492 30 SKAT-O 1.4e-04 0.31

 For each of the three strategies, the true association with the APOE locus 
was detected after the most stringent Bonferroni correction. The feature col-
umn contains protein-coding genes that overlap with the bin. The MAFT 
column contains either the largest MAF (≤0.05) for fixed threshold tests 
(REG, FRACREG, COLLREG, SKAT and SKAT-O) or the optimal threshold 
determined by the VT method for permutation tests (CMAT and COLL). 
The number of rare variants (nRV) is determined by the bin coordinates to-
gether with the bin inclusion criterion MAFi ≤MAFT. For p values obtained 
via permutation, the 95% Wilson confidence interval is given in brackets. 

The last column contains the p values under inclusion of the APOE haplotype 
status encoded in the covariates. For the CMAT test with covariates, the 
Cochran-Mantel-Haenszel-like version of CMAT was used, with a categori-
cal variable encoding the APOE haplotype. For the regression and kernel 
tests, the encoded alleles of rs429358 and rs7412 were used as covariates in 
addition to the six multi-dimensional scaling covariates. After correction for 
multiple testing, none of the APOE-adjusted p values remains significant, 
leading to the conclusion that rare tests can be sensitive to the well-known 
association tagged by two common variants.
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REG (p = 3.2 × 10 –14 ) performed equally well in detecting 
the  APOC1  block. CMAT showed suggestive evidence
(p = 4.6 × 10 –8 ) at a MAF T  of 0.041. The corresponding 
signal with FRACREG, which accounts for population 
covariates, was somewhat less significant (p = 2.0 × 10 –7 ), 
but still suggestive. The performance of the different tests 
with the  TOMM40  block was similar to that with the en-
tire gene and is therefore not discussed any further.

  Under the 3-block strategy, we also obtained similar 
performance with  TOMM40  and  PVRL2  as before: 
 TOMM40  was implied by SKAT, while  PVRL2  was iden-
tified with the regression test REG. In contrast to the sin-
gle-block strategy, the signals for  APOC1  drop markedly. 
 APOC1  was now merged with blocks from  APOC2  and 
 APOC4  into a single analysis bin containing 25 variants, 
instead of 8. As a consequence, SKAT (p = 7.6 × 10 –11 ) 
and REG (p = 9.7 × 10 –10 ) performed worse than under 
the block strategy, although they still reached experi-
ment-wide significance.

  We presumed that the associations in the  APOE  region 
( table 4 ) are largely due to the LD with the common  APOE  
ε4/ε3/ε2 polymorphism. To investigate this assumption, 
the genotypes of rs429358 and rs7412 were included as 
further covariates in a follow-up analysis of the bins de-
scribed above. Only one nominally significant association 
result remained, under the 3-block strategy, REG suggest-
ed a bin overlapping with  PVRL2  at p = 0.04. In view of 
the multiple tests performed, however, we have to state 
that no compelling evidence for residual rare variant as-
sociation remains after  APOE  is included as covariate. In 
other words, it can be stated that the rare variant associa-
tion detected by us is entirely explained by the LD with 
common variants. Of course, we cannot rule out the pos-
sibility that a truly independent rare variant association 
close to  APOE  exists. Larger samples are needed to ulti-
mately clarify whether there is an independent rare vari-
ant association in the  APOE  region.

  While the rare variant association of the  APOE  region is 
entirely driven by the LD with common variation, virtually 
all methods produced strong signals in at least one analysis 
bin. In this sense, these primary results are a valuable dem-
onstration of the usefulness and power of the suggested 
methods in general. Moreover, the  APOE  example suggests 
that the choice of the analysis bin has a strong impact on 
the performance of the tests and that a block-based analysis 
strategy is a potentially powerful supplement to a gene-
based analysis. Concatenating of three blocks into a single 
analysis bin, however, seems to blur association signals by 
noise caused by the increased number of rare variants that 
contribute to the test statistic. In general, the non-burden  T
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tests REG and SKAT, without the extension to SKAT-O, 
strongly outperform burden tests in the  APOE  region. Any 
generalization concerning the comparison of burden and 
non-burden tests from the  APOE  example, however, has to 
be treated with caution, since different allelic architectures 
might drive associated regions with primary causal rare 
variants. Nevertheless, it is noteworthy that the classic re-
gression test REG performed equally well as the more so-
phisticated kernel method of SKAT in case of the  APOC1  
under the block strategy, which has a low number of rare 
variants ( nRV  = 8). For a higher number of rare variants, 
the relative performances of SKAT and REG varied. While 
only SKAT identified  TOMM40  ( nRV  = 22) at experiment-
wide significance,  PVRL2  ( nRV  = 37) was only detected 
with the regression test REG.

  Non-APOE Results 
 The top 3 non- APOE  results from each binning strat-

egy are presented in  table 5 . With the gene-binning strat-
egy,  MED18 ,  NOTCH3  and  YIPF7  showed the lowest p 
values apart from  APOE , but none of the genes reached 
experiment-wide significance. All three genes are detect-
ed by burden tests. Binning-wide significance is observed 
for  MED18  with COLLREG (p = 1.3 × 10 –6 , MAF T  = 

0.013). The signal is also supported by SKAT-O (p = 3.7 
× 10 –6 ).  YIPF7  is also highlighted by COLLREG, while 
 NOTCH3  is suggested by the FRACREG approach (p = 
2.0 × 10 –5 , MAF T  = 0.031).

  With the block strategy, COLL (p = 2.4 × 10 –6 , MAF T  = 
0.043) identifies an LD block in an intergenic region, about 
130 kb from  COLL11A1 . The association signal stayed sta-
ble when population covariates were included (p COLLREG  = 
3.3 × 10 –6 ). In contrast, two blocks from the MHC region, 
detected by COLL, mostly disappear when they were ana-
lyzed with population covariates (p COLLREG   ≥  0.01).

  With the 3-block-binning strategy, COLLREG identi-
fied an excess of rare variants (p = 6.5 × 10 –7 , MAF T  = 
0.048) in a bin overlapping  MCPH1 . In addition, the non-
burden regression test REG (p = 2.1 × 10 –6 ) suggested an 
intergenic region about 125 kb apart from  CXADR . The 
result was to some extent supported by SKAT (p = 1.4 × 
10 –4 ). Finally, COLL suggested a region within the MHC 
region overlapping with the region identified with the 
block strategy. However, the signal again disappeared 
when population covariates were included (p = 4.9 × 10 –1 ).

  We applied the regression tests with the VT analysis to 
the 9 non- APOE  candidates ( table 6 ). While the applica-
tion of the VT method on the genome-wide level is still 

 Table 6.  Regression tests with the VT method for the top 3 non-APOE results (see table 5)

Strategy Position
(chromosome:bp)

Feature REG FRACREG COLLREG

MAFT nRV p MAFT nRV p MAFT nRV p

Gene 1:28656262 – 28660052 MED18 0.0132 5 2.0e-05 0.0132 5 1.6e-05 0.0132 5 4.8e-06
4:44626103 – 44679950 YIPF7 0.0443 58 3.0e-02 0.0123 13 5.5e-01 0.0443 58 2.6e-04
19:15270636 – 15307070 NOTCH3 0.0280 28 1.3e-01 0.0310 31 1.6e-04 0.0310 31 6.7e-04

Block 3:103703359 – 103718867 129 kbp to COLL11A1 0.0427 5 2.0e-04 0.0427 5 2.4e-06 0.0427 5 1.4e-06
6:29800142 – 29810740 MHC region 0.0132 8 9.5e-04 0.0144 10 1.8e-04 0.0132 8 7.3e-05
6:29818165 – 29832926 MHC region 0.0083 25 1.0e-02 0.0083 25 1.3e-04 0.0083 25 4.0e-05

3-Block 8:6253932 – 6278000 MCPH1 0.0482 59 1.1e-02 0.0482 59 1.7e-02 0.0455 57 3.5e-06
21:18738520 – 18760122 124 kbp to CXADR 0.0452 38 1.4e-05 0.0086 3 2.4e-03 0.0086 3 3.1e-03
6:29817923 – 29828276 MHC region 0.0083 20 1.4e-02 0.0083 20 4.4e-04 0.0083 20 1.2e-04

 For the three candidate bins from the gene-binning strategy, the same 
tests returned the most significant p values as in the fixed threshold analysis 
(COLLREG for MED18 and YIPF7 with p = 4.8 × 10−6 and p = 2.9 × 10−4, 
respectively, and FRACREG for NOTCH3). In all three cases, the MAF
closest to 0.05 was identified as ‘optimal’, and the p values were larger in the 
VT analysis. This is not surprising, since in the VT analysis, the p value of 
the non-permuted data set at the ‘optimal’ MAFT is compared to the p values 
of the permuted data sets at all MAFT, instead of just one. 

In the block-binning strategy, the COLLREG test returned the most sig-
nificant values out of the three VT regression tests for all three candidate bins 
(p = 1.4 × 10 

–
 
6, p = 7.3 × 10 

–
 
5 and p = 4.0 × 10 

–
 
5, respectively), with lower 

‘optimal’ MAFT than in the fixed threshold case. This is consistent with
the genome-wide VT permutation analysis, where COLL identified the most 

significant MAFT at values close to, and in case of the bin on chromosome
6, 29800142–29810740 bp identical to, the thresholds identified by the 
COLLREG VT analysis. 

In the 3-block-binning strategy, COLLREG was the most significant test 
(p = 3.5 × 10 

–
 
6) in case of MCPH1, although at a slightly lower MAF, with 

two SNPs being excluded compared to the fixed threshold analysis. The bin 
on chromosome 21, 18738520 – 18760122 bp was most significant with REG 
(p = 1.4 × 10 

–
 
5), at the same MAF as in the fixed threshold case. All three VT 

regression tests identified the optimal MAF for the bin on chromosome 6, 
29817923 – 29828276 bp at MAF = 0.0083, with COLLREG returning the 
most significant p value (p = 1.2 × 10 

–
 
4). Overall, while consistent with the 

results laid out in table 5, none of the regression tests with VT improved the 
p value enough to come close to experiment-wide significance.

http://dx.doi.org/10.1159%2F000368676


 Rare Variant Testing of Imputed Data: 
An Analysis Pipeline Typified 

Hum Hered 2014;78:164–178
DOI: 10.1159/000368676

177

barely practical due to long running times, the computa-
tion of select bins took only up to 27 h (for  MCPH1  with 
COLLREG and 10 7  permutations at 10-fold paralleliza-
tion.) Although the bin on chromosome 3, 103703359–
103718867 bp resulted in an improved p value across all 
tests (COLLREG, p = 1.4 × 10 –6 , MAF T  = 0.0427), no ad-
ditional evidence for a true association was obtained as no 
significance was achieved.

  Summing up, we can state that various strategies and 
tests suggest interesting regions for follow-up. Although 
none of the association signals outside the  APOE  region 
withstood multiple testing, some of the implicated re-
gions might trigger replication in independent studies 
due to their functional characteristics.  MCPH1 , for in-
stance, is associated with microcephaly and brain size 
 [34] . It was found to be highly polymorphic and contains 
variants under strong positive selection in humans  [35] . 
 NOTCH3  has been implicated in small vessel disease  [36] ; 
and a pathogenic variant (not present in our data) has re-
cently been found in a consanguineous family with a high 
prevalence of AD  [37] .  MED18  is a component of the Me-
diator complex, which is a co-activator for DNA-binding 
factors that activate transcription via RNA polymerase II 
 [38] . The gene has not been implied in AD or neurode-
generation previously.

  Discussion 

 We typified an analysis pipeline for rare variants ob-
tained from GWAS data via imputation. We demonstrated 
by application to a real data set that the suggested pipeline 
results in an overall valid strategy with controlled type I er-
ror rates. Computational feasibility is efficiently supported 
by the INTERSNP-RARE tool for parallelized permuta-
tion-based rare variant association testing. The integration 
of SKAT and SKAT-O into the pipeline is straightforward 
and also results in valid procedures. The outlined strategy 
is intended as a supplement to NGS studies. A disadvan-
tage of the suggested pipeline is that it is naturally restrict-
ed to variants contained in public databases. As a conse-
quence, very rare variants with high phenotype specificity 
will be, if at all, only partially captured variants in LD. Fur-
thermore, the quality of the imputed rare variants is still an 
issue, both concerning type I and type II error rates. Ap-
plying stringent QC criteria, we were able to control the 
type I error rate in the present study. Nevertheless, follow-
up of detected regions by direct genotyping or sequencing 
is generally recommended. The major advantage of the 
pipeline is that it can be applied to already existing GWAS 

data. This directly implies coverage of the whole genome 
and typically the availability of large samples. In view of 
these advantages, the analysis scheme presented here can 
be used to guide focused sequencing studies.

  We addressed the question of an appropriate partition 
of genome-wide data into units of analysis by devising 
three different binning strategies. Seven different rare vari-
ant tests were applied to each of the strategies, resulting in 
21 distinct genome-wide rare variant substudies. The type 
I error rate was well controlled under a variety of different 
settings, involving different binning strategies and statisti-
cal tests, which supports the validity of the approach in 
general. Indeed, we could demonstrate that the genome-
wide p value distribution was in concordance with the ex-
pectation under the  H  0  under all scenarios. Strong evi-
dence for an association with the  APOE  locus was con-
firmed by each binning strategy at experiment-wide 
significance, although no independent evidence for an as-
sociation remained after the two known AD susceptibility 
SNPs rs429358 and rs7412 were included as covariates. 
The primary significance of the rare variant tests, however, 
confirms that rare variant tests have power to capture com-
mon variant association via LD. We could show that block-
based testing allows a focused analysis and produces stron-
ger association signals than gene-based analysis in several 
examples. Block-based analysis is thus a valuable addition-
al analysis option. In the  APOE  example, SKAT and the 
standard logistic regression test REG performed best, while 
the relative performance of these two methods depended 
on the choice of the analysis bin. The example of  TOMM40 , 
detectable with SKAT, and  PVRL2 , detectable with REG, 
suggests that the application of multiple analysis schemes 
increases the chances of picking up association signals, 
even in view of the increased multiple testing burden.

  Summing up, we described a straightforward rare vari-
ant analysis pipeline for imputed data. The choice of anal-
ysis bin is supported and can be combined with tests im-
plemented in SKAT  [11] . In addition, various variable 
threshold tests are provided by our implementation in 
INTERSNP-RARE. We suggested an analysis procedure 
including QC criteria and demonstrated its validity in dif-
ferent settings via its application to a real data set. Due to 
its cost-efficiency, the pipeline constitutes an interesting 
supplement to NGS rare variant studies.
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