
 

 

Introduction 
 
The recent advances in genome-wide technol-
ogy and the patterns of genome-wide variation 
and linkage disequilibrium provided by the Inter-
national HapMap project [1-3] have facilitated 
that a large number of genome-wide association 
studies are now being performed. 
 
Genome-wide studies [4-7] test thousands of 
features against some null hypothesis, for ex-
ample, the null hypothesis of no association 
between a SNP and a phenotype. In such ge-

nome-wide studies, only a small number of fea-
tures are expected to be truly associated with 
the phenotype. If one considers the usual 0.01 
significance threshold at each test, the number 
of expected false positive will be 0.01m, where 
m is the number of tests. In the context of the 
now popular 1000K/500K genotype data [8-
11], this number will give approximately 
10000/5000 false positives which could be too 
large or too expensive if one wants to validate 
the significant results in an independent data-
set. One popular way to control for the type I 
error is to apply a Bonferroni correction to the 
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Abstract: An increasing number of genome-wide association studies are being performed in hundreds of thousands of 
single nucleotide polymorphisms (SNPs). Many of such studies carry on a second stage in which a selected number 
of SNPs are genotyped in new individuals in order to validate genome-wide findings. Unfortunately, a large proportion 
of such studies have been unable to validate the genome-wide findings. In this study we aim to better understand 
how to distinguish the truly associated features from the false positives in genome-wide scans. In order to achieve 
this goal we use empirical data to look at three aspects that may play a key role in determining which features are 
called to be associated with the phenotype. First, we examine the usual assumption of a uniform distribution on null 
p-values and assess whether or not it affects which features are called significant and the number of significant fea-
tures. Second, we compare the global behavior of the p-value distribution genome-wide with the local behavior at 
regions such as chromosomes. Third, we look at the effect of minor allele frequency in the p-value distribution. We 
show empirically that the uniform distribution is not a generally valid assumption and we find that as a consequence 
strikingly different conclusions can be drawn regarding what we call significant associations and the number of sig-
nificant findings. We propose that in order to better assign significance to potential associations one needs to esti-
mate the true distribution of null and non-null p-values. 
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significance level. The Bonferroni correction 
assumes that the m tests performed are inde-
pendent. Therefore, to get a false positive rate 
not larger than 0.01, one needs to apply the 
genome-wide threshold of 0.01/m. Much corre-
lation between features in genome-wide studies 
is expected, which results in the problem that 
the threshold is usually too conservative, lead-
ing sometimes to no significant features found 
or many features not being considered signifi-
cant even though they might be. 
 
In the context of current association studies, 
finding p-values smaller than 10-7 has become 
the landmark for considering the association 
study successful. Underlying the claim for find-
ing such small p-values is the assumption that 
the p-values, under the null hypothesis of no 
association between the phenotype and the 
SNP, should distribute uniformly. Therefore, the 
p-value has to be small enough for the re-
searcher to conclude that it is extremely unlikely 
that that particular p-value was drawn from the 
uniform distribution of null cases, which would 
then lead him/her either to the conclusion that 
the corresponding SNP truly associate with the 
phenotype or to consider the SNP in a follow-up 
study. Unfortunately, a large proportion of such 
follow-up studies have been unable to validate 
genome-wide findings [12-16].  
 
Theoretically, we expect that null p-values (i.e. p-
values obtained from test of association be-
tween a phenotype and a SNP that is not associ-
ated with the phenotype) distribute uniformly, 
but in many situations this could not be the 
case. Deviations from the uniform distribution 
can occur for many reasons [17]: (1) correlation 
among the SNPs; (2) correlation among indi-
viduals; (3) unaccountable covariates, for in-
stance in a linear model fitting a continuous 
phenotype as the response and the SNP as one 
of the covariates; (4) failure to comply with sta-
tistical assumptions of the model, e.g. the nor-
mally distributed assumption in linear regres-
sion models. In the context of genome-wide as-
sociation studies other sources of deviation 
from the uniform distribution of null p-values 
can be stratification [18,19] and the possibility 
of many true disease loci of small effects [20]. 
All of these points can occur in genome-wide 
association data. Hence, it might be more rea-
sonable to estimate the distribution of the p-
values before deciding whether a SNP is associ-
ated with the phenotype or not. An advantage 

offered by looking at the distribution of null and 
non-null p-values is that we can estimate di-
rectly the expected proportion of significant fea-
tures regardless of the value of the p-values.  
 
Permutation tests offer a solution to the prob-
lem of dealing with correlated tests, but in the 
context of genome-wide analysis, these tests 
are computationally too expensive. Recent stud-
ies [21,22] have proposed simulation-based 
approaches that can approximate the null distri-
bution of the ordered test statistics significantly 
faster than permutation tests. Also, a method 
was proposed that is based on numerical inte-
gration of the distribution function, which is also 
faster than permutation testing [23]. 
 
The purpose of our work is to better understand 
how to distinguish between truly associated and 
non-associated features from the p-values ob-
tained in a genome-wide scan. In order to 
achieve this goal, we apply alternative methods 
to the Bonferroni correction to control for Type I 
Error to several 500K association studies in the 
KORA500K S3/F3 sample. In particular, we 
apply the local false discovery rate and the 
qvalue methods to the p-values obtained from 
genome-wide association analysis. These meth-
ods depend on an estimator for the proportion 
of null cases and a distribution for the null 
cases. We assess the influence that common 
distributional assumptions have in calling fea-
tures significant or non-significant. In order to 
determine whether these methods are sensitive 
to local behavior, we compare the genome-wide 
behavior of these methods with the local behav-
ior at each chromosome. Lastly, we look at the 
minor allele frequency (MAF) of the SNPs to 
discern whether some SNPs based on MAF can 
be more likely to get to the set of minimal p-
values in a genome-wide scan, in which case, it 
might be reasonable to consider different 
thresholds for calling significance at the p-
values depending on the MAF of the SNPs.  
 
Materials and methods 
 
Methods 
 
To fix the notation, consider m hypotheses: 

 
and the corresponding test statistics X1, . . . , Xm 

for which we have obtained m p-values {p1, . . . , 
pm }. Let p(1), . . . , p(m) be the ordered p-values. 
Let Φ-1 be the inverse of the standard normal 

},...,{ 00
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cummulative distribution and  
 

. 
 
We now introduce two methods to select 
“significant” p-values: the local false discovery 
rate [17], and the qvalues [24]. These two 
methods were motivated by the seminal paper 
[31] that introduced the false discovery rate 
(FDR) method. The false discovery rate is the 
expected proportion of erroneous rejections 
among all rejections i.e. E(V/R | R > 0) Pr(R > 0) 
(see Table 1 for the definition of the variables). 
Specifically, define 

 
and reject 

. 
 
Benjamini and Hochberg [31] showed that when 
the test statistics are independent the above 
procedure controls the FDR at level ≤ q. Let F0 
(F1) be the cummulative density function of the 
null (non-null) cases. 
 
FDR(z) is estimated as w0F0(z)/F(z), where F0 is 
assumed standard normal, F(z) = w0F0(z)+w1F1

(z) is the mixture cumulative distribution of null 
and non-null cases estimated empirically and 
the proportion of null cases is estimated to be 
equal to one (w0 = 1). We now define the qvalue 
and the local false discovery rate. 
 
qvalue: The qvalue method was proposed in 
[24] as an extension to the FDR. Similarly to the 
p-values, the qvalues give each feature its own 
individual measure of significance, but the qval-
ues take into account the fact that thousands of 
features are being tested. The qvalue for a par-
ticular feature is the expected proportion of 
false positives incurred when calling that par-
ticular feature significant. For instance, if fea-
tures with qvalues ≤ 0.01 are called significant 
then among those significant, one should ex-

pect 1% of false positives. Mathematically, the 
qvalue for pi is defined as follows:

, 
 

where ), V denotes the 
number of significant features at level t that are 
truly null and R the number of significant fea-
tures at level t. 
 
In estimating the qvalues, two assumptions 
have been made. First, it is assumed that the 
expected value of the false discovery rate can 
be estimated as the ratio of the expectations i.e. 
E(V/R) ≈ E(V) / E(R). Second, it is assumed that 
the distribution of the p-values for the null cases 
is uniformly distributed. Efron [17] looked closer 
at the latter assumption and noted that the dis-
tribution of the null p-values could not necessar-
ily be uniform due to potential unaccounted 
factors (see Introduction above). We describe 
next the alternative approach described in [17] 
to address this issue. 
 
lfdr: If the pi are uniformly distributed, then the 

distribution of the  is a standard 
normal distribution [26]. Efron [17] estimates 
the distribution of the zi as a mixture distribu-
tion with weights given by the proportion of null 
and alternative features. Specifically, if f de-
notes the density of the zi, then f can be written 
as f = w0f0 + w1f1 where f0 (f1) represents the 
density of the null features (alternative fea-
tures). The mixture density is estimated non-
parametrically using for example splines or local 
polynomial and the null distribution is estimated 
as a normal distribution where the mean and 
standard deviation are estimated, for instance, 
from the central peak of the mixture density. 
The local false discovery rate of feature i is then 
defined as lfdr (zi) = w0f0 (zi) / f(zi), which has an 
appealing Bayesian interpretation of being the 
posterior  probability  of  a  null  case  given zi, 
Pr(null | zi). 

)(1
ii pz 

k  max{i : p( i) 
i

m
q}
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Table 1. Possible outcomes from m hypotheses tests 
  Called non-significant Called significant Total 

Null True U V mo 
Alternative T S m1 

Total W R m 

 



Effect of simultaneous hypothesis testing  

 
 
166                                                                                             Int J Mol Epidemiol Genet 2011:2(2):163-177 

Dataset and Phenotypes 
 
In order to empirically assess the robustness of 
the called-significant results we use data from 
the KORA500K population study which is de-
scribed below. In Results we make use of two 
sets of phenotypes: (1) we use data from the 
addiction to smoking study to assess the influ-
ence of the uniform distribution assumption of 
the null p-values on the called-significant re-
sults; (2) we use data from the blood pressure 
traits study to assess the influence of minor 
allele frequency (MAF) on the distribution of p-
values. These phenotypes are described in what 
follows. 
 
Dataset 
 
The KORA research platform (Cooperative 
health research in the Region of Augsburg) has 
evolved from the WHO MONICA study 
(Monitoring of Trends and Determinants of Car-
diovascular Disease). The KORA genome-wide 
association study was recruited from the KORA 
S3 survey, which is a population-based sample 
from the general population living in the region 
of Augsburg, Southern Germany. The study par-
ticipants were of European origin. The partici-
pants were examined in 1994/95 by applying 
standardized examinations that have been de-
scribed in detail elsewhere [25]. In the KORA S3 
study 4,856 subjects, aged 25 to 74 years, 
have been examined. 3,006 subjects partici-
pated in a follow-up examination of S3 in 
2004/05 (KORA F3). Informed consent has 
been given and the study has been approved by 
the local ethical committee. For the genome-
wide KORA S3/F3 500K study we selected 
1,644 subjects of KORA S3/F3 and genotyped 
them using the Affymetrix 500K Array Set. The 
phenotypes were taken both from KORA S3 and 
F3. 
 
The genotyping was performed using Affymetrix 
500K Array Set consisting of two chips (Sty I 
and Nsp I). Hybridisation of genomic DNA was 
done in accordance with the manufacturers 
standard recommendations. Genotypes were 
determined using BRLMM clustering algorithm. 
The overall genotyping efficiency was 98.26%. 
Before statistical analysis, we performed filter-
ing of conspicuous chips based on quality meas-
ures to ensure robustness of association analy-
sis. Only subjects with overall genotyping effi-
ciencies of at least 93% for both chips and at 
most one discordant call for 50 SNPs being on 

both chips were included. We performed analy-
sis on this data using the R statistical software 
(www.r-project.org) and the PLINK software [27]. 
We filtered SNPs based on minor allele fre-
quency (≥ 0.01) and call rate (≥ 0.1). A total of 
395, 912 SNPs were considered in the analysis. 
In this study we look at some statistical aspects 
of these association studies.  
 
Phenotype 
 
Addiction to smoking study. Information about 
smoking behavior was obtained by standardised 
interview. Current cigarette smokers are defined 
as those individuals who reported to smoke 
currently. This group was further divided into 
regular and irregular smokers. Regular smokers 
are individuals who smoke usually one or more 
cigarretes per day and irregular smokers those 
who smoke on average less than one cigarette 
per day. Former smokers are defined as indi-
viduals who used to smoke but do not smoke 
currently and never smokers are defined as 
individuals who have never smoked. 
 
Genome-wide association tests have been per-
formed on two phenotypes defined based on 
the classification described above, regular 
smoker and heavy smoker, and also to the 
Fagerström score. The definition of the three 
phenotypes that we analyzed are: 
 
• Fagerström: Standard score (that takes 

values from zero to ten) based on a ques-
tionaire to assess whether an individual 
smokes because of habit or addiction.  

•  Regular smoker: Is a 0/1 variable, where 
cases are defined as either regular or for-
mer smokers in F3 and control are defined 
as never smokers neither in S3 nor F3. 

•  Heavy smoker: Is a 0/1 variable, where 
cases are defined as regular smokers that 
smoke more than 20 cigarrets per day in S3 
or F3. Controls are defined as never smok-
ers neither in S3 nor in F3. 

 
Blood pressure traits study. In this study we 
consider three phenotypes, systolic blood pres-
sure, diastolic blood pressure and hypertension. 
These phenotypes are defined as follows: 
 
•  Systolic (SYS) and diastolic (DIA) blood pres-

sures: For each participant blood pressure 
measurements were recorded twice: in 
1994/1995 (KORA S3) and again ten years 
later 2003/2004 (KORA F3). Each time, 
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systolic and diastolic blood pressures were 
measured three times at intervals of 3 min-
utes and the mean of the second and third 
measurements were taken. 

• Hypertension: For the case-control analysis 
the patients group was formed on the basis 
of the following criteria: (i) individuals taking 
antihypertensive medication (during both 
S3 and F3 survey); (ii) among the patient 
out of antihypertensive therapy, subjects 
with SYS ≥ 160 mmHg and/or  

 DIA ≥100 mmHg (Grade 2 hypertension) in 
both S3 and F3 surveys; (iii) untreated indi-
viduals with SYS ≥140 mmHg (Grade 1 hy-
pertension) that developed Grade 2 or se-
vere hypertension (SYS ≥ 160 mmHg and/
or DIA ≥ 100 mmHg) 

 During the S3 survey, 10 years later. Con-
trol subjects were selected to have optimal 
(≤120/80 mmHg) or normal (120−129/ 
80−84 mmHg) blood pressure measured 
during both surveys, and had never been 
prescribed antihypertensive medication. 

 
Results 
 
Uniform versus Non-Uniform distribution for the 
null cases 
 
In this section we use the addiction to smoking 
data to show that the assumption of the null 

uniform distribution on the p-values (or equiva-
lently, the assumption of the standard normal 
distribution on the transformed zi values) af-
fects the number of SNPs called significant in a 
genome-wide association study. 
 
We fit to each SNP an additive generalized lin-
ear Poisson model to the Fagerström score ad-
justing for age and gender as covariates. The 
left panel of Figure 1 shows a histogram of the 
zi = Φ-1 (pi) values. An estimate of the mixture 
density of null and non-null zi values is depicted 
in green and the usually assumed standard nor-
mal distribution for the null zi is shown as the 
blue dashed curve. We assume a normal distri-
bution for the null cases zi with unknown mean 
μ and variance σ2, which we estimate using the 
zi lying in the central peak of the mixture distri-
bution. We obtain µ= −0.24 and σ= 1.19 using 
the locfdr R package, which considerably devi-
ates from the standard normal distribution. 
Therefore, we have shown that the null p-values 
do not necessarily distribute uniformly. 
 
If in this particular example we apply a Bon-
ferroni corrected threshold to the p-values, at 
0.01 and 0.05 significance level at each test, 
then we obtain 19 and 48 significantly associ-
ated SNPs respectively. On the other hand, if we 
estimate the null zi values as suggested by [17], 
using a normal distribution with mean and stan-

Figure 1. Left: Histogram of z-values for the additive model of the Fagerström phenotype. Blue dashed curve depicts 
the standard normal distribution and the green curve is the mixture density estimated empirically. The red bars esti-
mate the distribution of the alternative features. Right: Curves for the FDR in red, qvalues in blue and the lfdr with 
null distribution estimated empirically in black (lfdr cm) or assuming the standard normal in green (lfdr th). The black 
dashes over the 0.2 horizontal line correspond to the observed zi values. 



Effect of simultaneous hypothesis testing  

 
 
168                                                                                             Int J Mol Epidemiol Genet 2011:2(2):163-177 

dard deviation estimated from the central peak 
of the mixture distribution, the local false dis-
covery rate at level 0.2 ([17] propose this 
threshold to be a sensible one) yields 7 signifi-
cant p-values. The right panel of Figure 1 shows 
the curve of local false discovery rate in black; 
the black dashes on the 0.2 horizontal line at 
the left of this curve correspond to significant 
results. We show in green the lfdr curve when 
the null zi are assumed to be distributed as 
standard normal, giving 8873 significant p-
values. Also shown in blue is the curve of the 
qvalues (giving 7570 qvalues smaller than 0.1). 
This example shows that the number of signifi-
cant SNPs can vary significantly if we change 
the usual assumption on the distribution of the 

p-values. In particular, note 
that methods that assume the 
null-distribution of p-values to 
be uniform give a much larger 
number of significant associa-
tions. 
 
Finally, logistic regressions 
were fitted to the regular and 
heavy smoker phenotypes, 
adjusting by age and gender 
as covariates to the additive 
effect model. As above, we 
estimate the distribution of 
null cases with a normal distri-
bution fitted to the central 
peak of the mixture distribu-
tion of null and non-null fea-
tures. We obtain

for the 
heavy smoker phenotype and 

 
for the regular smoker. Both 
null distributions do not devi-
ate considerable from the 
standard normal, and there-
fore the different methods 
yield somewhat similar num-
ber of significant results. The 
heavy smoker model yields 
five SNPs with local false dis-
covery rate below 0.2 when 
the standard normal is as-
sumed for the null cases and 
zero when the distribution is 
estimated by central matching. 
Four qvalues are below 0.2 

and no p-values are below 10-7 giving no signifi-
cant SNPs after Bonferroni correction. At the 
above mentioned threshold, the regular smoker 
phenotype gives no significant results using any 
method. 
 
Theoretical distribution 
 

Consider m hypotheses  and the 
corresponding test statistics X1, . . . ,Xm for which 
we have obtained m p-values {p1, . . . , pm}. Let 
Φ-1 be the inverse of the standard normal cumu-
lative distribution and zi = Φ-1 (pi). In theory, if 
the null p-values are independent, their distribu-
tion is uniform (i.e. U [0,1] ) which is mathemati-
cally equivalent to say that the distribution of 

{H1
0,...,Hm

0 }

Figure 2. Different shapes for the distribution of null p-values. 
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the zi = Φ-1 (pi) follows a standard normal (i.e. N
(0, 1) normal distribution with mean zero and 
variance one). 
 
In this section we revise the consequences that 
a non-uniform distribution, on the truly not asso-
ciated SNPs, has on the discovery rate. If we 
assume that the distribution of the zi is normal 
with mean μ and variance σ 2 then the cumula-
tive distribution of the corresponding p-values pi 
= Φ-1 (zi) is given by 

.  
This distribution is uniform only in the case that 
the mean is zero and the variance is one, μ = 0, 
σ2 = 1. Figure 2 shows different shapes that the 
distribution of p-values can take. We can see 
that values of σ above one lead to concave-
shape distributions while values of σ below one 
lead to convex shape distributions. Also, a posi-
tive mean leads to a higher concentration of 
values on the left-hand side of the distribution 
while a negative mean leads to a higher concen-
tration of values on the right-hand side of the 
distribution. 
 
For different values of σ є {0.8, 0.85, 0.9, 0.95, 
1, 1.02, 1.05, 1.1, 1.2} and different values of 
the mean μ є {−1,−0.5,−0.2,−0.1,−0.05,−0.02, 
0, 0.02, 0.05, 0.1, 0.2, 0.5, 1}, we calculate the 
probability of obtaining a p-value smaller than 
10-7 (Pr (p ≤ 10 -7)). Figure 3 shows a levelplot of 
the log of these probabilities. Lighter regions are 

regions in which the probability is smaller that 
10-7 and darker regions are regions for which 
the probability is higher than 10-7. Parameters 
leading to darker regions will generate a higher 
number of false positives than expected under 
the uniform null distribution while parameters 
leading to lighter regions will generate a lower 
number of false positives than expected. 
 
Chromosome-wide versus genome-wide analy-
sis 
 
We have seen in the previous sections that dif-
ferent phenotypes not always have the same 
distributional properties. If we assume that the 
LD structure of each chromosome is independ-
ent of other chromosome’s LD, then considering 
a single distribution over the whole genome 
could affect the discovery rate in some regions. 
In this section we want to assess whether the 
distribution assumed to hold genomewide is 
suitable for each chromosome or whether differ-
ences can be captured if we look and assess 
the significance of the associations at each 
chromosome separately. 
 
Figure 4 shows as black curves the general ge-
nome-wide local false discovery rate and qvalue 
curves for the 1000 best scores of the three 
smoking related phenotypes. The colored 
curves show the same quantity computed using 
selected chromosomes indicated in the leg-
ends. This Figure illustrates that the Genome-
wide behavior can be very different than the 

local behavior at each chromosome. 
 
For example, in the panel on the sec-
ond row and third column the minimum 
genome-wide value attained by the 
local false discovery rate (null distribu-
tion estimated using central matching) 
is 0.246 for the heavy smoker pheno-
type when estimated using z-values. At 
the threshold level of 0.2 no SNP will 
appear to significantly associate ge-
nome-wide with the heavy smoker phe-
notype based on the lfdr. Alternatively, 
if we estimate the lfdr using z-values 
from chromosome five, we obtained a 
minimum of 0.011 for the lfdr and 19 

F(p)  Pr(pi  p)  
1(
1(p) 


)

Figure 3. Level plot for the log-probability of obtain-
ing a p-value smaller that 10−7 for different values 
of μ and σ. 
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SNPs appear to be significant. In the same way, 
if we estimate the lfdr using z-values from chro-
mosome 18 we obtain a minimum of 0.048 and 
4 significant SNPs. Note that all p-values for the 
heavy smoker phenotype fitted with the additive 
model are larger than  10-7, thus genome-wide 
no p-value is smaller than the Bonferroni cor-
rected threshold.  

Examining now the behavior of the qvalues for 
the heavy and regular smoker phenotyopes, we 
can see that the relevant curves in Figure 4 
show similar behavior. For the regular smoker 
phenotype, the smallest qvalues genome-wide 
is 0.56, yielding no significant SNPs, while the 
smallest qvalue in chromosome 18 is 0.07, 
yielding three SNPs with qvalues smaller than 

Figure 4. (First row) In black is the curve of the best thousand qvalues genome-wide. In colors are the curves of the 
best thousand FDR measured chromosome-wide. (Second row). In black is the curve of the best thousand local false 
discovery rates (null distribution estimated using central matching) genome-wide. In colors are the curves of the best 
thousand local false discovery rates measured chromosome-wide. (Third row) In black is the curve of the best thou-
sand local false discovery rates (assuming a uniform null distribution) genome-wide. In colors are the curves of the 
best thousand local false discovery rates measured chromosome-wide. The first, second and third columns corre-
sponds to the Fagerström, regular smoker and heavy smoker phenotypes respectively. 
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0.1. For the heavy smoker phenotype, the small-
est qvalue genome-wide is 0.16, while the 
smallest qvalues for chromosomes 5, 14 and 
18 are 0.021, 0.069 and 0.015, giving 23, 9 
and 16 qvalues smaller than 0.1 respectively.  
 
As a last example, consider the lfdr with normal 
assumptions for the heavy and regular smoker 
phenotypes. For the regular smoker phenotype 
the lfdr with a standard normal distribution fit-
ted to the null cases gives a minimum value of 
0.51 and 0.11 genome-wide and at chromo-
some 18, yielding zero and three rates smaller 
than 0.2 respectively. Similarly, the heavy 
smoker phenotype yields 0.14, 0.01 and 0.02 
minimum values for the lfdr with 5, 20 and 13 
rates smaller than 0.2 genome-wide, at chromo-
some 5 and 18 respectively. 

A very different behavior can be seen in the cor-
responding plots for the Fagerström score in 
Figure 4. The minimum qvalue and local false 
discovery rates attained genome-wide are sig-
nificantly smaller than the corresponding values 
chromosomewide possibly due to the considera-
bly larger proportion of Bonferroni genome-wide 
significant SNPs in this model. 
 
In the three smoking related phenotypes the 
particular chromosomes depicted in Figure 4 
were selected based on an estimator of the null 
cases. Chromosomes with the largest difference 
between the proportion of null cases genome-
wide and chromosomewide were selected. As 
an example, Figure 5 shows in the left panel a 
histogram of the p-values obtained from chro-
mosome eighteen for the additive model in the 

Table 2. Estimates of the proportion of null features using the method described by Storey and Tibshi-
rani24. The p-value correspond to the test that measure whether there are differences in the proportion 
of null cases computed using genome data or chromosome data. 

Fagerström Regular Smokers       Heavy Smokers 
Chr Null 

Prop 
P-value Chr Null Prop P-value Chr Null Prop P-value 

All 0.763   All 0.972   All 0.976   

9 0.724 3.799e - 41 5 0.926 0 4 0.938 0 

10 0.711 1.579e -87 14 0.929 0 17 0.910 0 

22 0.713 4.489e -20 21 0.915 0 18 0.936 0 

 

Figure 5. Left panel shows histogram of p-values from chromosome eighteen obtained from the regular smoker phe-
notype fitted to an additive effects logistic model. The right panel shows histogram of p-values obtained likewise over 
the whole genome. The light blue line in the graphs represents the uniform distribution that would be observed if all p
-values have been obtained from null cases. The green and red lines represent estimated proportions of null fea-
tures. 
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regular smoker phenotype, while the right panel 
shows the corresponding histogram with p-
values genome-wide. While the proportion of 
null cases is estimated as 0.976 genome-wide, 
at chromosome eighteen is estimated to be only 
0.936. Thus, we should expect to see propor-
tionally 4% more significant p-values in chromo-
some eighteen than genome-wide. As another 
example, the proportion of null p-values esti-
mated from the Fagerström phenotype model is 
0.763 genome-wide while at chromosome 22 
and 10 is slightly larger than 0.71. So again, 
proportionally about 5% more significant p-
values are expected in these chromosomes 
compared to genome-wide. 
 
The same behavior can be seen in the distribu-
tion of p-values of all the models that we tested. 
It is natural that the number of significant p-
values will depend on the size of the linkage 
disequilibrium (LD) region in which the causal 
SNP lies [28,29], but also on the number of 
truly associated features. It is important to dis-
tinguish between these two possible sources of 
significant p-values. Table 2 shows estimates of 
the proportion of null cases genome-wide and in 
three chromosomes for the smoking related 
phenotypes. The three chromosomes shown for 
each phenotype are those with the largest dif-
ference of null proportions compared with the 
corresponding proportion genome-wide. These 
proportion are estimated using the method de-
scribed in [24]. The proportions of null features 
estimated genome-wide and by chromosome 
are significantly different as shown in Table 2. 
 
p-values distribution in rare and common SNPs 
 
Another aspect that might be influencing the p-
value distribution obtained from an association 
test is the minor allele frequency (MAF) of the 
SNPs at which the test is performed. We used 
the blood pressure traits data in order to assess 
whether or not it is more likely for some SNPs to 
get into the top smaller p-values obtained from 
a genome-wide scan based on their MAF. In 
order to do this, logistic regressions with addi-
tive effect adjusted by age and gender were 
fitted to each SNP for the hypertension pheno-
type. For systolic and diastolic blood pressures, 
linear regressions with additive effect were fit-
ted adjusting for age and gender. 
 
Figure 6 shows the distribution of MAF of the 
SNPs from the KORA population study. In the 

upper left panel we show the distribution of MAF 
over the whole range of the p-values. In the 
other panels we show the MAF distribution for 
SNPs with p-values smaller than 10-4 for the 
three blood pressure trait phenotypes. While the 
behavior on the systolic and diastolic blood 
pressures shows a clear preference for rare 
SNPs to have smaller p-values, this behavior is 
not observed for the binary hypertension pheno-
type. 
 
Naively one might have expected that a rare 
SNP would have a higher chance of obtaining a 
smaller p-value. As the KORA blood pressure 
trait illustrates, this might not always be the 
case. It will be of interest to explore the level to 
which a potential association between rare 
SNPs and high significance using larger 
amounts of phenotypes and genotype datasets. 
While such study is beyond the scope of this 
work, we note that we can already conclude that 
such an association is not always present. 
 
Discussion 
 
In this study we have shown empirically that the 
uniform distribution assumption of the null p-
values can be an inaccurate estimate of the 
true distribution of null p-values. We show that 
as a consequence strikingly different results in 
the number of called-significant features can be 
obtained if the distribution is estimated directly 
from the data. 
 
We also show that the genome-wide behavior 
does not in general capture local behavior at 
each chromosome in terms of the proportion of 
null cases and the distribution of null cases. 
This is arguably due to differences in the LD 
structure in different regions [28,29], but could 
also be because of different proportions of 
unlinked SNPs associated with the phenotype. 
While p-values smaller than say 10−7 are 
unlikely to be drawn from the uniform distribu-
tion of null cases, an excess of p-values smaller 
than say 10−6 can also be equally unlikely. The 
large number of SNPs that are being tested si-
multaneously in genome-wide scans are making 
it difficult to find new associations due, in part, 
to the stringent thresholds that need to be ap-
plied in order to avoid the multiple testing prob-
lem. Therefore, selecting the top smallest p-
values from a genome-wide scan that are Bon-
ferroni-significant can leave out many possibly 
interesting SNPs. 
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Ideally one would know the true distribution of 
the p-values. Given that this is not generally the 
case, it is better to adopt an approach that esti-
mates this distribution from the data itself. This 
is particularly true given that the uniform distri-
bution assumption for the null-cases is not gen-
erally valid and is the basis of the most widely 
used thresholds in genome-wide association 
studies. We suggest that the failure of that as-
sumption can lead to a non-optimal selection of 
(associated) SNPs for follow-up studies, and 
might have played a role in the failure to date to 
validate significant results. 

In order to better assign significance to p-values 
in genome-wide association studies considering 
the points raised above, we propose the follow-
ing procedure. 
 
 Estimate distribution of null and non-null 

cases using, for instance, the central 
matching method [17]. This distribution can 
then be used to: (1) test whether or not the 
uniform distribution is appropriate as the 
null distribution, and (2) estimate the pro-
portion of null and non-null features based 
on the estimated null distribution.  

Figure 6. (First row) Histograms of the MAF of all SNPs (left panel). Histograms of MAF for all SNPs with p-values 
≤10−4 obtained from t-tests, additive effect in logistic regression analysis with HYPertension as phenotype (right 
panel). (Second row) Histograms of MAF for p-values ≤ 10−4 obtained from t-tests, additive effect linear models (for 
SYS and DIA blood pressures respectively). 
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 If the distribution of the null cases does not 
differ significantly from the uniform distribu-
tion (or equivalently, if it does not differ 
from the standard normal when trans-
formed p-values are used) then select the 
best features based on genome-wide analy-
sis in the proportion of the expected non-
null features as estimated previously (e.g.,
[24], [29]). Otherwise, if the distribution of 
the null cases does differ significantly from 
the uniform distribution then estimate the 
proportion of null cases using for example 
the method in [17] or [31]. 

 
If the researcher is inclined to select SNPs pro-
portionally by chromosome, then follow the pre-
vious steps at each chromosome. 
 
The role of MAF in determining the p-values is a 
largely unknown factor, but as shown here it is 
not possible to assume generically that rare 
SNPs will have smaller p-values. The procedure 
we suggest has less underlying assumptions. By 
adjusting better to the observed data it might 
lead to a higher rate of success in identifying 
associations in genome-wide studies. 
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