
Nishino et al. BMC Genomics          (2025) 26:124  
https://doi.org/10.1186/s12864-025-11321-6

RESEARCH Open Access

© The Author(s) 2025. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if 
you modified the licensed material. You do not have permission under this licence to share adapted material derived from this article or 
parts of it. The images or other third party material in this article are included in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To 
view a copy of this licence, visit http://creativecommons.org/licenses/by-nc-nd/4.0/.

BMC Genomics

Gene-based Hardy–Weinberg equilibrium 
test using genotype count data: application 
to six types of cancers
Jo Nishino1*, Fuyuki Miya2 and Mamoru Kato1 

Abstract 

Background An alternative approach to investigate associations between genetic variants and disease is to examine 
deviations from the Hardy–Weinberg equilibrium (HWE) in genotype frequencies within a case population, instead 
of case–control association analysis. The HWE analysis requires disease cases and demonstrates a notable ability 
in mapping recessive variants. Allelic heterogeneity is a common phenomenon in diseases. While gene-based case–
control association analysis successfully incorporates this heterogeneity, there are no such approaches for HWE analy-
sis. Therefore, we proposed a gene-based HWE test (gene-HWT) by aggregating single-nucleotide polymorphism 
(SNP)-level HWE test statistics in a gene to address allelic heterogeneity.

Results This method used only genotype count data and publicly available linkage disequilibrium information 
and has a very low computational cost. Extensive simulations demonstrated that gene-HWT effectively controls 
the type I error at a low significance level and outperforms SNP-level HWE test in power when there are multiple 
causal variants within a gene. Using gene-HWT, we analyzed genotype count data from a genome-wide association 
study of six cancer types in Japanese individuals and suggest DGKE and ANO3 as potential germline factors in colo-
rectal cancer. Furthermore, FSTL4 was suggested through a combined analysis across the six cancer types, with par-
ticularly notable associations observed in colorectal and prostate cancers.

Conclusions These findings indicate the potential of gene-HWT to elucidate the genetic basis of complex diseases, 
including cancer.

Keywords Hardy–Weinberg equilibrium test, Gene-based analysis, Cancer-related genes, Allelic heterogeneity, 
Recessive variants, Genome-wide association study

Background
Case–control association analyses for individual single-
nucleotide polymorphisms (SNPs; i.e., single-SNP case–
control analysis), such as the chi-squared or Fisher’s exact 

test on a 2 × 2 contingency table or logistic regression 
analysis, have been used to assess the genetic association 
between SNPs and disease states, leading to the detection 
of numerous disease-related SNPs [1]. This approach has 
been successfully extended to “gene-based” analysis [2–
8]. Gene-based analysis has several advantages over sin-
gle-SNP analysis. First, collectively considering multiple 
variants within a gene may increase the statistical power 
of the analysis if allelic heterogeneity is present (i.e., dif-
ferent variants at the same gene lead to the same or simi-
lar phenotypes). Second, focusing on genes instead of 
millions of SNPs reduces the burden of multiple tests, 
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which may also increase the power. Third, gene-based 
analysis addresses the allelic heterogeneity and allows for 
more consistent findings across different studies on simi-
lar diseases. Furthermore, studying genes, the functional 
units of the genome, can provide valuable insights into 
the underlying biology of a disease.

Instead of using a case–control analysis, using devia-
tions in genotype frequencies from the Hardy–Wein-
berg equilibrium (HWE) within a case population, i.e., 
HWE analysis, is an alternative approach to investigate 
the association between SNPs and disease [9–12]. For a 
particular locus with two alleles A and a with frequencies 
(1− p) and p , respectively, the HWE states that the gen-
otype frequencies of AA, Aa, aa are (1− p)2 , 2p(1− p) , 
and p2 , respectively, under conditions such as random 
mating, a large population, and no migration, mutation, 
or selection [13]. Because different genotypes in a dis-
ease-causing variant have different levels of susceptibil-
ity to the disease, the genotype frequencies within a case 
population may deviate from the expectations under the 
HWE, i.e., in Hardy–Weinberg disequilibrium (HWD). 
This method has been used for fine mapping of recessive 
variants and for providing additional evidence for case–
control analysis of recessive variants [9, 12, 14–17].

Analogous to the gene-based case–control analysis, 
gene-based HWE analysis should be considered owing 
to its many advantages, including increased statistical 
power and improved interpretability of results. Multi-
ple recessive mutations commonly exist within the same 
disease-causing gene [18], and gene-based HWE analysis 
is well-suited for such scenarios. However, until now, no 
such method has been proposed.

Therefore, we proposed a gene-based HWE test (gene-
HWT), which advantageously uses genotype count data 
and publicly available linkage disequilibrium (LD) infor-
mation, without requiring individual genotypes, from 
genome-wide association studies (GWAS) with increas-
ingly large sample sizes [19]. Note that this proposed use 
of HWD is not intended to identify genotype errors as 
is commonly done [20]. Rather, data in which mutations 
with a high probability of error have been removed prior 
to analysis is used. The results showed no features attrib-
utable to errors.

Results
gene‑HWT
We started with the statistic for the single-SNP Hardy–
Weinberg equilibrium test (single-SNP HWT) and then 
introduced the proposed method, gene-HWT (an over-
view is illustrated in Fig.  1). For a particular locus with 
two alleles A and a with frequencies q = 1− p and p , 
respectively, the statistic for single-SNP HWT, z , in n dip-
loid samples is calculated as follows:

where xh is observed number of heterozygosity in the 
sample, and p and q̂ represent the sample frequency of 
a and A, respectively [11]. Under HWE, z is expected to 
be 0 since the genotype frequency of Aa is expected to be 
2npq . HWT is performed based on the fact that z asymp-
totically follows a standard normal distribution under 
HWE. Note that the commonly used statistics for single-
SNP HWT is the square of z,z2 [11].

The test using z employs continuous approxima-
tion, which does not yield appropriate results when the 
number of minor alleles in the sample is low. There-
fore, in this study, we focused on loci with a minor 
allele frequency (MAF) ≥ 5% in the sample. In addi-
tion, Yates’ continuity correction was applied to z when 
the expected number of homozygotes for minor allele 
was ≤ 5. The correction was performed by subtracting 

(1)z =
xh − 2np̂q̂

2p̂q̂
√
n

,

Fig. 1 Overview of the gene-HWT. The input is genotype count data 
of SNPs located on a specific gene. Within this gene, SNP-level HWT 
statistics ,  zi are computed. To consider the correlations among zi , 
linkage disequilibrium (LD) coefficients,r2

i,j , are derived from a public 
database. The gene-HWT statistic, zgene  , and corresponding p-value 
are calculated
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0.5× sign(xh − 2np̂q̂) from the numerator of z , where 
sign() returns the sign of a real value.

For a gene with m loci, we proposed the statistic for 
gene-HWT, zgene , as

where zi is the HWT statistic for i-th variant in the gene. 
zgene is the sum of zi divided by its standard deviation 
(Fig. 1), enhancing the detection of cumulative accumu-
lation of homozygote or heterozygote excesses within a 
gene. This statistic includes the covariance between zi 
and zj , Cov(zi, zj) , due to LD, making the direct compu-
tation of zgene challenging. Considering the representa-
tion of Cov(zi, zj) in terms of LD coefficients, ri,j , between 
the i-th and j-th variants, we successfully proved 
Cov(zi, zj) = r2i,j as n is large in a Supplementary Note. 
Therefore, zgene is as follows:

The r2i,j values were retrieved from a public database. 
Therefore, to calculate zgene , only the genotype counts 
were required. The gene-HWT was performed using the 
standard normal distribution: since zgene is the stand-
ardized sum of normal variables,zi , zgene asymptotically 
follows a standard normal distribution under the null 
hypothesis that all m variants in the gene are under HWE.

p‑values under the null model and type I error rates
Under the null hypothesis (HWE), the behavior of the 
p-value and the type I error rates of gene-HWT were 
investigated by simulation. In each simulation, one gene 
was randomly selected, with replacement, from 388 
genes that meet certain criteria on chromosome 20 from 
the 1000 Genomes Phase 3 [21] dataset (see Methods for 
details). Using Hapsim [22], n diplotypes are generated 
while preserving the real LD structure. The QQ-plots 
displayed p-values obtained from 20,000 simulations for 
each setting, representing approximately the total num-
ber of genes in the human genome (Fig. 2). The observed 
–  log10(P) values obtained from gene-HWT (Fig.  2, cir-
cles) exhibited a good fit to the theoretical straight line 
under HWE for all sample sizes, n = 200, 1000, and 
3000. In contrast, when LD was not corrected, i.e., when 
using the statistic with LD set to 0 in [2], the observed – 
log10(P) values (Fig. 2, cross) were substantially inflated 
from the expected theoretical curve, leading to the infla-
tion of type I error rates.

Type I error rates by one million simulations for each 
setting are presented in Table  1. When LD was not 

(2)zgene =

∑m
i=1zi√

V (
∑m

i=1zi
) =

∑m
i=1zi√

m+ 2
∑m

i=1

∑m
j=i+1Cov(zi , zj)

,

(3)zgene =
∑m

i=1zi√
m+ 2

∑m
i=1

∑m
j=i+1r

2
i,j

corrected, the type I error rate was much larger than 
the nominal significance level. Type I error for gene-
HWT tended to be conservative when the sample size 
was small, especially when the nominal significance 
level was large. For example, the type I error rate was 
3.0% under n = 200 and α = 5%. When the sample size 
was large, n = 1000 or 3000, especially with a small 
nominal significance level, the type I error rates of 
gene-HWT were very close to the nominal significance 
level. At the nominal significance level of 0.025%, corre-
sponding to Bonferroni-corrected 5% significance level 
for 20,000 genes in the human genome, the type I error 
rates were 0.022% and 0.026% under n = 1000 and n = 
3000, respectively. Therefore, even at small significance 
levels, such as those used in the genome scan, the gene-
HWT type I error rate can be effectively controlled by 
appropriately adjusting the LD.

Power
A power analysis was conducted for gene-HWT under 
a multiplicative relative risk model, with 1–12 causative 
SNPs randomly assigned within a single gene. Diplo-
types for genes on chromosome 20 were simulated in 
the same way as examining type I error rates. The gen-
otype risk ratios for a causal SNP was defined as AA: 
Aa: aa = 1: (1 + β1 ): (1 + β2 ). The individual’s relative 
risk was obtained by multiplying the risk ratios of each 
variant. The absolute risk was proportional to the rela-
tive risks, under the constraint of a prevalence (average 
risk) of 0.1 (see Methods for details).

The powers for gene-HWT are shown in Fig.  3. The 
recessive ( 2β1 = 0,β2 > 0 ) and dominant ( 2β1 = β2 > 0 ) 
models were as follows. A larger sample size increased 
the power. More causal SNPs led to greater detection 
of power. Even a small increase from 1 to 3 causal SNPs 
significantly increased the power of detection. For exam-
ple, when β2 = 0.2 in a recessive case, with n = 200, 1000, 
and 3000, the detection rates increased from 2.8% to 13% 
(4.64-fold), 8.7% to 36.9% (4.24-fold), and 18.5% to 69.4% 
(3.75-fold), respectively. In both recessive and domi-
nant models with sufficient sample size ( n = 3000 ), even 
for relatively weak effects with β2 = 0.05, 0.1 and 0.2, a 
power of 70% was achieved with 12, 6, and 3 causal SNPs, 
respectively. Under the same value of β2 , the power for 
the recessive and dominant models were equivalent but 
deviated in opposite directions from HWE, with the 
recessive model showing “Homozygote excess” (z < 0) 
and the dominant model showing “Heterozygote excess” 
(z > 0) (Fig. 4). The semidominant model ( 2β1 = β2 > 0 ) 
had very low power.
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Power comparison: gene‑HWT versus single‑SNP HWT
A comparison of the power of gene-HWT and single-
SNP HWT, at  the  overall significant  level of 0.05 both 
with multiple testing corrections, is shown in Supple-
mentary Fig. 1. Specifically, for each parameter set, 1000 
genes (= 1000 simulations) were set and in gene-HWT 
Bonferroni correction was applied for the testing of 1000 

genes. In single-SNP test, Bonferroni correction was 
applied for the number of SNPs (on average, 78,537 SNPs 
across parameter sets) within each of the 1000 genes.

Compared with the single-SNP test, gene-HWT gen-
erally exhibits higher power (Supplementary Fig.  1). 
Particularly, in cases of intermediate detection power, 
gene-HWT exhibits a detection power approximately 

Fig. 2 QQ plot of p-values for gene-HWT and the test not corrected for LD under the null hypothesis. p-values for gene-HWT and the test 
not corrected for LD through simulations with sample size (n) = 200, 1000 and 3000 under the null hypothesis (HWE), utilizing real data 
from chromosome 20 of the EAS population in the 1000 Genomes Phase 3. The grey line represents the expected value under the null hypothesis

Table 1 Empirical type I error rates from 1,000,000 simulations

Numbers in parentheses are numbers of rejections

LD Linkage disequilibrium, HWT Hardy–Weinberg equilibrium test
a Corresponds to significance level of 0.05 corrected for Bonferroni correction with 20,000 genes (0.05/20,000 = 0.025%)

α = 5% α = 0.1% α = 0.025%a α = 0.01%

gene‑HWT Not corrected
for LD

gene‑HWT Not corrected 
for LD

gene‑HWT Not corrected 
for LD

gene‑HWT Not corrected 
for LD

n = 200 3.0% (29,736) 56.1% (560,857) 0.058% (585) 36.335% (363,350) 0.016% (161) 32.124% (321,242) 0.008% (75) 29.773% (297,725)

n = 1000 3.9% (38,794) 59.3% (593,201) 0.082% (824) 39.685% (396,849) 0.022% (224) 35.347% (353,471) 0.010% (104) 32.936% (329,357)

n = 3000 4.5% (44,992) 61.1% (610,684) 0.097% (972) 41.529% (415,289) 0.026% (257) 37.209% (372,086) 0.010% (103) 34.734% (347,343)
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1.2 to 1.8 times greater than that of the single-SNP test-
ing. For example, when n = 200, causal SNP = 12, and 
β2 = 0.2 in the dominant model, the power of single-
SNP test was 14.4%, while that of gene-HWT was 25.6% 
(1.78-fold increase). In the recessive model, the power 
of single-SNP test was 15.9%, whereas that of gene-
HWT was 22.8% (1.43-fold increase).

The power of detection was compared between 
single-SNP test and gene-HWT using the standard 
genome-wide significance levels as shown in Supple-
mentary Fig.  2. In gene-HWT, the number of genes 
was set to 20,000, corresponding to Bonferroni-cor-
rected  significance level of P < 2.5 ×  10–6. For single-
SNP test, we assumed 1 million SNPs, corresponding to 
Bonferroni-corrected  significance level of P < 5 ×  10–8. 

The results aligned with the previous comparison (Sup-
plementary Fig.  1), demonstrating that gene-HWT 
generally displays a higher power of detection than sin-
gle-SNP test.

Analysis of genome‑wide data in six cancer types
Genotype count data from GWASs for esophageal, 
lung, breast, gastric, colorectal, and prostate cancers 
in Japanese individuals were obtained from the website 
of the National Bioscience Database Center (NBDC) 
Human Database [23]. Each dataset had been quality-
controlled and consisted of data from approximately 
190 individuals. LD information was obtained from the 
1000 Genomes Phase 3 dataset [21]. SNPs overlapping 
with genes (within 2 kb upstream or downstream of the 

Fig. 3 Power of gene-HWT. The results shown are based on simulations with sample size (n) = 200, 1000 and 3000 using data from chromosome 
20 of EAS population in the 1000 Genomes Phase 3. The genotype risk ratios for a specific causal SNP are defined as AA: Aa: aa = 1: (1 + β1 ): (1 + β2 ). 
Simulations were performed for the recessive model ( β1 = 0, β2 > 0), dominant model ( β1 = β2 > 0), and semidominant model (2 β1 = β2 > 0)



Page 6 of 10Nishino et al. BMC Genomics          (2025) 26:124 

transcripts) and those with MAF ≥ 5% were selected. 
To ensure the robustness of the analysis and reduce the 
impact of potential genotyping errors, we applied a strin-
gent filter. Variants with single-SNP HWT p-value <  10−4 
were excluded based on datasets from NBDC used as 
controls, which included healthy individuals and patients 
with 11 non-cancerous diseases. Following the QC filters, 
gene-HWT was applied to analyze 11,780–13,455 genes 
and 92,195–173,753 SNPs across six types of cancers (see 
Methods for details).

Fig. 4 z-values of gene-HWT  (zgene). z-values of gene-HWT obtained from the same simulations as in Fig. 3

Table 2 Genes identified by gene-HWT in analyses for six cancer 
types at q-value < 0.2

Cancer Gene # of SNPs gene‑HWT

Z p‑value q‑value

esophageal BRAP 2 6.0 2.2E-9 3.0E-5

colorectal DGKE 2 -4.9 1.1E-6 1.3E-2

colorectal ANO3 31 -4.6 3.8E-6 2.2E-2
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By applying the gene-HWT with an FDR q-value < 0.05, 
three genes—BRAP, DGKE, and ANO3—were identified 
(Table  2). BRAP, with 2 SNPs, was detected in esopha-
geal cancer, while DGKE and ANO3, harboring 2 and 31 
SNPs respectively, were identified in colorectal cancer. 
Among these three genes, two showed negative z-values, 
suggesting the potential involvement of recessive muta-
tions. To identify common causal genes across cancers, 
results from six cancer studies were combined. In this 
analysis (see Methods for details), one gene, FSTL4, was 
identified with a q-value < 0.05 (Table 3), showing a nega-
tive z-value (-4.57), a p-value of 4.80 × 10⁻⁶, and a q-value 
of 0.0346. Among individual cancer types, notable nega-
tive z-values were observed in colorectal (-3.71) and 
prostate cancers (-3.28). To further ensure robustness, 
SNPs analyzed in genes identified in each cancer type 
and the combined analysis were checked for HWD in the 
same NBDC control datasets described above. The HWD 
z-values did not indicate any noticeable bias, suggesting 
that genotyping errors were unlikely to affect the results 
(Supplementary Fig. 3).

Discussion
The proposed method, gene-HWT, is the first method 
to detect HWD at the gene-level by aggregating HWD 
in genetic variants (SNPs) within or close to the gene, 
while adjusting the LD among variants. This test uses 
only genotype count data, without the individual geno-
type data, and publicly available LD information. The 
derived simple relationship between the covariance of 
the HWT statistic of a pair of variants and the LD coef-
ficient, i.e., Cov(zi, zj) = r2i,j , allows for the immediate cal-
culation of the gene-HWT statistic from the single-SNP 
HWT statistics in a gene of interest without computa-
tionally intensive permutation or simulation. gene-HWT 
effectively controls the type I error rate at a very low sig-
nificance level, enabling genome scanning, and exhibits 
significantly increased power compared to single-SNP 

tests as the number of causal variants within the gene 
increases. The method also enables results for each gene 
from different studies, i.e., studies for different cancer 
types as shown in this study, with allelic heterogeneity, 
which might lead to further increases in power.

We applied the gene-HWT to six cancer GWAS data 
sets, each with approximately 190 cases. In this study, 
BRAP was identified in esophageal cancer. BRAP has 
been reported to regulate the cell cycle and DNA repair 
[24]. GWAS studies have identified SNPs in BRAP asso-
ciated with an increased risk of esophageal squamous cell 
carcinoma through interactions with alcohol and smok-
ing [25]. Additionally, BRAP activates MAPK signaling 
in gastric cancer [26] and is linked to poor prognosis 
in liver cancer due to immune modulation [27]. DGKE 
and ANO3 were identified in colorectal cancer. DGKE 
has been reported to undergo promoter hypermethyla-
tion in colorectal cancer, suppressing its expression and 
potentially impairing its tumor suppressor function [28]. 
ANO3 is known to be involved in tumor progression and 
maintenance of the tumor microenvironment in breast 
cancers [29]. Notably, this study is the first to suggest a 
potential association between germline variants of DGKE 
and ANO3 and cancer. Through the combined analysis 
across six cancer types, FSTL4 was identified, with par-
ticularly strong associations observed in colorectal and 
prostate cancers. FSTL4 has been shown to regulate gene 
expression through interactions with DNA methylation 
and miRNAs, potentially contributing to the progression 
of cancers [30]. High expression of FSTL4 is associated 
with distant recurrence in breast cancer [31] and con-
tributes to tumor microenvironment modulation in lung 
cancers [32].

The public data for the six cancer types used in this 
study had already undergone quality control by the data 
providers. For each dataset, the criteria included a sample 
call rate ≥ 0.98, SNP call rate ≥ 0.95, and SNP-level HWT 
p-value ≥ 1 × 10⁻⁶. Additionally, to address the potential 
impact of genotyping errors, we implemented our own 
stringent filtering process. The control datasets consisted 
of 3,071 individuals, including healthy individuals and 
patients with 11 non-cancerous diseases, and included 
data genotyped on platforms partially shared with those 
used for the six cancer datasets. SNPs that deviated from 
HWE (p <  10−4) in the control datasets were excluded 
from gene-HWT analysis. This very stringent threshold 
ensured the removal of platform-specific genotyping 
errors, further enhancing the reliability of the results. To 
further validate the findings, we examined the HWD of 
SNPs in the identified genes using the same NBDC con-
trol datasets. The HWD z-values showed no noticeable 
bias, suggesting that genotyping errors were unlikely to 
influence the results (Supplementary Fig. 3).

Table 3 FSTL4 gene identified in combined analysis at 
q-value < 0.05, with results for six cancer types

Cancer # of SNPs gene‑HWT
Z p‑value q‑value

esophageal 101 -0.72 4.72E-01 -

lung 41 -1.57 1.16E-01 -

breast 43 -0.7 4.84E-01 -

gastric 47 -1.23 2.19E-01 -

colorectal 48 -3.71 2.07E-04 -

prostate 49 -3.28 1.04E-03 -

combined ‑ ‑4.57 4.80E‑06 3.46E‑02
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This is not likely due to population structure or 
inbreeding [33, 34]. If the effect had been large, the 
z-value should be negative overall, but the median SNP-
level z-values for the six cancers were close to zero: 
–0.021, –0.026, –0.015, –0.056, and –0.029 for esopha-
geal, lung, breast, stomach, colon, and prostate cancers, 
respectively. Of course, in the case of non-negligible 
effects of population structure or inbreeding, gene-HWT 
may produce erroneous results. Thus, the development of 
a gene-based HWE test that considers population struc-
ture and inbreeding is a future challenge.

The proposed method has certain limitations. It targets 
common variants with MAF ≥ 5%. As a result, many vari-
ants would be excluded from consideration. BRCA1- and 
BRCA2-associated hereditary breast and ovarian cancer 
(HBOC) follow a dominant inheritance pattern. Such 
dominant variants exert their effects heterozygously, 
making it difficult for them to be highly maintained in 
the population through natural selection. The reason for 
excluding variants with MAF < 5% is that the single-SNP 
HWT may not work well with rare mutations owing to 
breakdown of continuous approximation, and naturally, 
gene-HWT would also fail for these cases. Moreover, 
because gene-HWT improves the detection of cumula-
tive accumulation of homozygous or heterozygous excess 
within a gene, it may be difficult to detect genes with both 
recessive and dominant mutations using gene-HWT.

Conclusions
In summary, we proposed a novel method for detec-
tion of gene-based HWD, which uses only the genotype 
counts and publicly available LD information. It is com-
mon for specific genes to have multiple disease-causing 
mutations, and our approach can aggregate their cumu-
lative effects to enhance the detection power. We suc-
cessfully demonstrated the application of this method on 
cancer genomic data, showing its effectiveness. Together, 
these findings highlight the potential utility of gene-
HWT in elucidating the genetic basis of cancers and 
other complex diseases. The R code implementing the 
gene-HWT is publicly available at https:// github. com/ 
jonis hino/ gene- HWT. git. The analysis can be performed 
with genotype count data for variants, and the script sup-
ports automatic retrieval of LD information if it is not 
already available. The repository includes sample data, 
detailed usage instructions, and is distributed under the 
GPL v2.0.

Methods
Simulation for type I error rates of gene‑HWT
Type I error rates for the proposed gene-HWT were 
investigated by simulations under the null hypoth-
esis (HWE) using real data for mimicking realistic LD 

structure. Specifically, phased genotype data from chro-
mosome 20 in the East Asian (EAS) population, compris-
ing 504 individuals from the 1000 Genomes Phase 3 [21], 
were utilized. Only SNPs with MAF ≥ 5% were selected. 
To reduce the computational burden and to specify a 
maximum of 12 causal SNPs for subsequent power analy-
sis, genes with 12 to 200 SNPs on chromosome 20 were 
selected, resulting in the use of 388 genes. In each simu-
lation, one gene was randomly selected from 388 genes 
obtained, and using Hapsim [22], 2n haplotypes were 
generated while preserving the LD structure obtained 
from real data within the gene. Then, 2n haplotypes were 
randomly combined to create n diplotype and finally, 
gene-HWT was applied.

Simulation for power analysis of gene‑HWT
A power analysis was conducted using simulations based 
on a disease causation model involving 1–12 causal SNPs 
in a single gene. The process of creating diplotypes was 
identical to that of simulation for type I error rates. The 
causal SNPs were randomly determined in SNPs within 
the genes. The genotype risk ratio for each causal muta-
tion is defined as AA: Aa: aa = 1: (1 + β1 ): (1 + β2 ). The 
individual’s risk ratio was determined by multiplying 
the risk ratios for each variant. The individual’s absolute 
risk was determined while considering the constraint of 
prevalence = 0.1. In one simulation, a sufficiently large 
population with ‘ n/prevalence’ diploids was created in 
advance, and then n individuals were selected based on 
each individual’s absolute risk. Finally, gene-HWT was 
applied to the diplotypes in the patient population.

Analysis of genotype count data in six cancers
The genome-wide genotype count data for the six can-
cer types were obtained from the website of the National 
Bioscience Database Center (NBDC) Human Database 
(http:// human dbs. biosc ience dbc. jp/). Each dataset had 
already undergone quality control by the data providers. 
For each dataset, the quality control criteria included 
a sample call rate of ≥ 0.98, an SNP call rate of ≥ 0.95, 
and an original SNP-level HWT p-value of ≥ 1 × 10⁻⁶. 
Each dataset consisted of data from approximately 190 
individuals.

To further improve the reliability of the genetic associa-
tions and address potential genotyping errors, we applied 
our own additional stringent filtering criterion based 
on single-SNP HWT, using datasets obtained from the 
NBDC as controls.

1. Healthy individuals: 934 individuals genotyped using 
the Illumina HumanHap550v3 Genotyping Bead-
Chip platform, consistent with the platform used for 
esophageal cancer analysis.

https://github.com/jonishino/gene-HWT.git
https://github.com/jonishino/gene-HWT.git
http://humandbs.biosciencedbc.jp/
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2. Patients with 11 diseases (heart failure, myocardial 
infarction, unstable angina, stable angina, arrhyth-
mia, peripheral arterial disease, cerebral aneurysm, 
cerebral infarction, bronchial asthma, pulmonary 
emphysema, interstitial lung disease): 2,137 individu-
als in total genotyped using the Perlegen Sciences 
high-density oligonucleotide arrays platform, the 
same platform used for the analysis of cancers other 
than esophageal cancer.

Variants with HWT p-value < 1 ×  10–4, calculated by 
combining HWT z-scores across control diseases using 
Stouffer’s method (the approach described later for a dif-
ferent application), or not found in these datasets were 
excluded from the gene-HWT analysis.

LD information was obtained using LDmatrix function 
of R package LDlinkR [35] from the EAS population in 
the 1000 Genomes Phase 3 dataset [21]. Variants overlap-
ping with genes (within 2 kb upstream or downstream of 
the transcripts), which were identified using SNPnexus 
[36], and those with a MAF ≥ 5% were selected.

For esophageal, lung, breast, gastric, colorectal, and 
prostate cancers, we applied gene-HWT to 13,455 genes 
with 173,753 variants, 11,941 genes with 97,801 vari-
ants, 11,780 genes with 94,031 variants, 11,945 genes 
with 98,917 variants, 11,820 genes with 92,273 variants, 
and 11,815 genes with 92,195 variants, respectively. The 
q-value [37], an FDR-adjusted p-value, was calculated 
using q-value package in R.

We combined zgene values from the six cancers 
using Stouffer’s method. Specifically, the combined 
z-score,zgene(comb) , was computed by summing up the indi-
vidual z-scores,zgene(i) , and dividing by the square root of 
the total number of studies, k(= 6):

p-values (and subsequently q-values) were calcu-
lated based on the fact that, under the null hypothesis, 
zgene(comb) follows the standard normal distribution.

Statistics and bioinformatics tools
The following tools were used:

qvalue package in R: http:// www. bioco nduct or. org/ 
packa ges/ relea se/ bioc/ html/ qvalue. html

SNPnexus: https:// www. snp- nexus. org/ v4/
Hapsim package in R: https:// cran.r- proje ct. org/ web/ 

packa ges/ hapsim/ index. html
LDlinkR package in R: https:// cran.r- proje ct. org/ web/ 

packa ges/ LDlin kR/ index. html

zgene(comb) =

∑
zgene(i)√
k

.
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