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Abstract

Methods involving summary statistics in genetics can be quite powerful but can be limited in utility. For
instance, many post-hoc analyses of disease studies require case and control allele frequencies (AFs),
which are not always published. We present two frameworks to derive case and control AFs from GWAS
summary statistics using the odds ratio, case and control sample sizes, and either the total (case and
control aggregated) AF or standard error (SE). In simulations and real data, derivations of case and
controls AFs using total AF is highly accurate across all settings (e.g., minor AF, condition prevalence).
Conversely, derivations using SE underestimate common variant AFs (e.g. minor allele frequency >0.3) in
the presence of covariates. We develop an adjustment using gnomAD AFs as a proxy for true AFs, which
reduces the bias when using SE. While estimating case and control AFs using the total AF is preferred
due to its high accuracy, estimating from the SE can be used more broadly since SE can be derived from
p-values and beta estimates, which are commonly provided. The methods provided here expand the
utility of publicly available genetic summary statistics and promote the reusability of genomic data. The
R package CCAFE, with implementations of both methods, is freely available on Bioconductor and
GitHub.

1. Introduction

Growth in the field of genetic and genomic research has rapidly increased the quantity of genome-wide
association studies (GWAS) as well as the availability of datasets from these studies. These data are
often made publicly available through summary statistics to ease storage and privacy concerns. This
increase in summary-level data has catalyzed the development of new analyses and methods such as
GWAS meta-analysis (Tam et al., 2019), polygenic risk scores (PRS) (Kullo et al., 2022; van Rheenen et al.,
2019), Mendelian Randomization (MR) (Sanderson et al., 2022), and external common controls
(Hendricks et al., 2018; Lee et al., 2017; Wojcik et al., 2022). GWAS summary statistics often include a
subset of odds ratio (OR) or effect size (beta), standard error (SE), p-value, allele frequency (AF), and
sample size. However, there is a lack of consistency and standardization for reporting summary
statistics, in both content and format, presenting challenges in data reuse (Lyon et al., 2021; Matushyn
et al., 2022; Thelwall et al., 2020). A recent study of 327 summary statistics files found over 100 unique
formats (Murphy et al., 2021) resulting from different types of traits studied (i.e. binary or quantitative),
the software used for analysis, or simply author choice. While movements have been made to
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standardize summary statistics reporting (Buniello et al., 2019; Lyon et al., 2021), inconsistency in the
reporting can limit, and sometimes fully hinder, the use of these data for further studies. In an
assessment of the 2021 requirements for submission to the GWAS catalog, a recent study found that
over 50% of studies submitted between January 2020 and July 2022 were missing at least one
mandatory field (Hayhurst et al., 2023). Notably, the most commonly missing fields were effect AF
(>40% missing) and SE (>25% missing)- although SE can be recapitulated from the effect estimate and p-
value. Inclusion of case and control AFs was even more rare. Implementation and enforcement of these
standards has the potential to double the number of usable datasets for downstream analyses.

Further, clear standards for reporting the effect AF do not exist, with researchers frequently
summarizing across all individuals to report the whole sample AF from GWAS, resulting in the
aggregation of case and control samples. Without access to case and control specific AFs, secondary
uses for summary data like group PRS (Yang et al., 2022) and as external controls may not be possible. In
2022, Yang et al. presented a framework to reconstruct GWAS case and control AFs using the GWAS
case and control sample sizes, OR, and SE as part of a GWAS meta-analysis software called ReACt. While
Yang et al. evaluated the use of their derived case and control AF in secondary analyses such as case-
case GWAS and meta-analysis, there was no direct evaluation of the derived case-control AFs.

Here, we develop a method to estimate case and control AF using OR, case and control sample size, and
total AF. In real data and simulations, we evaluate this method as well as Yang et al.’s case and control
AF derivation that uses SE with and without a bias adjustment. The original framework using SE was
published by Yang et al. as part of the ReACt software. However, ReACt does not have an independent
function to calculate the case and control AFs. Therefore, we provide methods in the CCAFE R software
package (R Core Team, 2024), available on GitHub and Bioconductor (Huber et al., 2015). CCAFE enables
derivation of unbiased GWAS case and control AFs using the GWAS total sample AF or SE, number of
cases and controls, and effect estimate, supporting broader use of GWAS summary statistics. These
well-documented and user-friendly functions will help to expand the use of summary statistics.

2. Methods

2.1 Implementation

2.1.1 CaseControl_AF mathematical framework

We derive case and control AFs for a given variant i using the case and control sample sizes (N, 4. and

Ncontrot), OR;, and total AF (AF;otq1:)- AFiotqr; and OR; can be represented as shown in equations (1)
and (2).

_ (NcaseAFcase,i + NcontrolAFcontrol,i) (1)
AFtatal,i - N
total
a;d;
OR; = — (2)
bic;

Note: Niorar = Nease + Neontrot


https://doi.org/10.1101/2024.10.24.619530
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.10.24.619530; this version posted October 29, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Here g, b, ¢, and d are the cells of a two-by-two contingency table representing the allele counts of the
effect and non-effect, or alternate and reference, alleles for cases and controls. These quantities can be
calculated as shown in equations (3) — (6).

a; = 2Ncgse * AFcgse,i (3)

b; = 2N¢gse (1 — AF;qse,i) (4)

¢i = 2Ncontror * AFcontroti (5)
d; = 2Ncontro1(1 — AFcontrou,i) (6)

Substituting equations (3) through (6) into the OR equation in (2), we arrive at equation (7).

AFcase,i(l - AFcontrol,i)
(1 - AFcase,i)AFcontrol,i

OR; = (7)

We can then use equation (1) to solve for AF,,¢. ; (shown in equation (8)) and substitute it into equation
(7), which results in a quadratic as shown in equation (9).

case

Ntotal Ncontrol (8)
AFcase,i = N AFtotal,i - N AFcontrol,i
case case
Neontrot Niotal 1 Niotar 9
AFczontroL,i [ 16\;77! = (ORL - 1)] + AFcontrol,i [ORL <1 - (NO = AFtotal,i) + N— (Ncontrot + NtatalAFpop,i) - No = AFtotal,i =0 ( )
case case case

We solve for the quadratic roots and choose AF_ 01 t0 be the root between 0 and 1. The full
derivation is shown in the supplement. Additionally, we show there is only one solution for AF oy ¢ro1i
that falls between the bounds of 0 and 1 (Figure S1, Table S1). AF,, ; is then estimated using equation

(8).

2.1.2 CaseControl_SE mathematical framework

The full derivation for the case and control AFs using SE can be found in the supplemental information of
the original publication by Yang et al. Briefly, the method relies on allele counts g, b, ¢, and d as shown
in equations (3) — (6). As this results in four unknown quantities, four equations are used to solve the
system. These four unknown quantities are related to SE, the sample size of cases and controls, and OR.
Ultimately, Yang et al. solve for d and use the resulting quadratic to solve for the allele counts (a, b, ¢, d)
and then the AFs. To fulfill the assumption that the solution is between [0, 1], Yang et al. use the minor
allele frequency (MAF) resulting in a loss of connection with an allele. While the minor and major alleles
can likely be accurately inferred when the MAF is very different from 0.5, as the MAF approaches 0.5
accurate inference of the minor allele becomes difficult. Notably, the resulting quadratic solved in this
framework utilizes the total allele number (i.e. 2*N for autosomes) in cases and controls, rather than the
allele frequency. This results in the need for sex chromosome-specific implementations, and thus
requires information regarding the number of X and Y chromosomes in the case and control samples.

2.1.3 CaseControl_SE bias correction
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To enable unbiased estimation of case and control AFs using SE, we present a method to estimate and
adjust for the bias. We use gnomAD v3.1.2 MAFs as proxies for the true total sample MAFs and fit a
second order polynomial regression for five MAF bins ([0.0, 0.1) [0.1, 0.2) [0.2, 0.3) [0.3, 0.4) [0.4, 0.5]).
The estimated MAF is the outcome, and the proxy MAFs from gnomAD are the predictors. Comparing
this predicted MAF estimate value to the proxy MAF, we estimate the bias across the MAF spectrum.
The fitted model is used to remove bias from all GWAS variant case and control AF estimates, even
those not represented in gnomAD (Figure S2). Full details of the bias correction framework are available
in the supplement.

2.1.4 ImplementationinR

We include the method from Yang et al. as a function, named CaseControl_SE, in our R package. We also
include our framework proposed here as the function CaseControl_AF. Both methods (using either total
AF or SE) rely on solving the roots of a quadratic. As we know that these quantities (AFs) exist and are
real numbers, this can be done easily in R using the quadratic formula and is scalable for large datasets.
Both methods use the number of cases and controls, ORs, and either total AF or SE as input. Note, the
OR can be derived from the beta estimate and the SE can be derived from the effect estimate and either
the p-value or the test statistic. To use the SE to derive the MAF for sex chromosomes, the user must
also include the number of X and Y chromosomes per case and control sample.

Additionally, the user may obtain corrected MAF estimates from CaseControl_SE by including a data
frame containing variants that have been harmonized between the observed data and a proxy dataset
such as gnomAD. This data frame must contain variant information (chromosome and position) as well
as the proxy MAF. This data frame does not need to contain all variants in the observed dataset. The
adjusted MAFs are appended as three additional columns to the original data input.

2.2 Simulation study

We used the R package PhenotypeSimulator (Meyer & Birney, 2018) to simulate models with genotypes
for 10,000 variants (of which 100 were causal), one binary phenotype, and zero, one, or three covariates
(Figure S3). PhenotypeSimulator generates phenotypes as the sum of genetic variant effects, covariate
effects, and observational noise. We simulated multiple sample sizes (n=1000, 6000, 10000, 50000,
100000) with equal cases and controls as well as imbalanced sample sizes (600 cases and 5400 controls
to emulate the Pan-UK Biobank African Diabetes sample, and 1200 cases and 48800 controls). When
including one covariate, the covariate was simulated to be similar to biological sex as a binary variable
with probability of 0.5. For three covariates, two additional variables were simulated, one categorical
variable with five categories and one normally distributed with mean of 30 and standard deviation of 20.
The binary phenotype was simulated given genotypes, covariates, and random noise. Then the binary
phenotype was used to define cases, where the phenotype was coded as ‘1’, and controls, where the
phenotype was coded as ‘0’. The definition of case and control status by binary phenotype was used to
split the simulated genotypes into cases and controls, from which case and control AFs were calculated.
The genotype, phenotype, and covariate data were used to fit a logistic regression model from which
the OR and SE for each simulated genetic variant were obtained for further use in estimating case and
control AF (additional details in data availability).
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The summary statistics from logistic regressions (e.g., OR and SE) of the simulated data were used in
CCAFE to estimate the case and control AF. The estimated AFs were compared to the simulated AFs and
accuracy and variability were assessed using Lin’s Concordance Correlation Coefficient (Lin, 1989).

2.2 Real data application

2.2.1 Publicly available datasets

We tested the ability of the methods to reconstruct case and control AFs from real datasets for which
case and control AFs were made publicly available (Table 1). These datasets had a range of case and
control sample sizes, number of genetic variants, and covariates included in the original GWAS. We used
148 variants from a 2018 prostate cancer PGS, which was generated from the data collected for a GWAS
of 79,148 cases and 61,106 controls (Schumacher et al., 2018). This GWAS published control AFs, which
were used with the OR to derive the case AFs (details in the supplement). Additionally, we use the Pan-
UK Biobank (Pan-UKB) GWAS summary statistics for diabetes in European (EUR) and African (AFR)
samples (Pan-UKB team, 2020). Here 9,178,564 genome-wide variants were available. The Pan-UKB EUR
GWAS contained 16,550 cases and 403,923 controls, while Pan-UKB AFR GWAS contained 668 cases and
5956 controls.

2.2.2 Correction using gnomAD as proxies

We applied our bias correction to the genome-wide Pan-UKBB diabetes GWAS data (>9 million variants),
using chromosome one variants from gnomAD as proxies. We lifted over Pan-UKBB chromosome one
positions from GRCh37 to GRCh38 using LiftOver (Hinrichs et al., 2006) and merged the lifted over Pan-
UKBB data with gnomAD v3.1.2 (Karczewski et al., 2020) retaining the intersection of variants contained
in both datasets. We removed variants where the gnomAD variant alleles did not match either allele in
Pan-UKBB and flipped the alleles of variants for which allele frequency was calculated on opposing
alleles. The final dataset contained 1,212,618 variants on chromosome one. We used the gnomAD non-
Finnish European (NFE) as the proxy total MAFs for the Pan-UKBB EUR sample, and the gnomAD
African/African American (AFR/AFRAM) as the proxy MAFs for the Pan-UKBB AFR sample. We then
adjusted the estimated MAFs for all >9 million genome-wide variants in each sample.

3 Results

3.1 Simulation Results

For both methods (i.e., using total AF or SE) we found that the variability of the estimates compared to
the true MAF increases with MAF and decreases as sample size increases (Figure 1, Figure S4-S7). When
covariates are included in the regression, CaseControl_SE has increasing bias (average difference
between the estimated and true MAF) as the MAF increases with MAF being systematically
underestimated. Conversely, CaseControl_AF provides accurate estimates across the MAF spectrum in
all tested scenarios even with the presence of covariates. This is further shown by the Lin’s CCC between
the true MAF and estimated MAF, which decreases as the number of covariates increases for
CaseControl_SE but remains near 1 for CaseControl_AF (Table 1). Notably, for both methods, the causal
variant case and control AF estimates are more variable compared to the estimates for the non-causal
variants (Figure 1, Figure S4-S7). We also found that using total MAF rather than total AF added
additional variability in the estimates from CaseControl_AF (Figure S8).
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3.2 Real data analysis

CaseControl_SE underestimated the true case and control AFs in all datasets, especially for variants with
a higher MAF (Figure 2A). We identified the highest bias for variants with small SE, in both absolute and
relative terms (Figure $9-S10). Variants with smaller SE had higher bias, which were often those with a
large MAF (e.g., MAF > 0.3). Additionally, across studies, the minimum SE was smaller when case sample
sizes were larger, resulting in higher bias for CaseControl_SE in case and control AFs estimated in
datasets with larger case sample sizes (Figure $9-S10). When using SE to reconstruct the case and
control AF, the CCC between the true MAF and estimated MAF decreased as MAF increased in all
datasets and was compounded for datasets with larger numbers of cases (Table 2-3). Conversely,
CaseControl_AF accurately reconstructed the case and control AFs in all datasets (Figure 2B) and the
CCC of the estimated case and control AF with the true AFs was at or near 1 (Table 2-3).

A 10,000 individuals | 0 covariate | 10.000 SNPs (100 causal) B 10,000 individuals | 3 covariates | 10,000 SNPs (100 causal)
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Figure 1. Estimated case and control AFs from summary statistics. Simulated genotypes and phenotypes were
generated using the PhenotypeSimulator R package. Genotypes for 10,000 variants, of which 100 were causal
(shown in blue), were generated for 5,000 cases and 5,000 controls. Logistic regression was used along with 0 (A)
or 3 (B) covariates to generate per variant summary statistics. CaseControl_AF and CaseControl_SE methods were
used to estimate the case and control AFs. Using CaseControl_SE, bias was observed at higher MAFs when
covariates were included with a systematic underestimation of MAFs (B). CaseControl_AF was accurate across the
MAF spectrum, regardless of whether covariates were included. Lin’s CCC is shown between the true simulated
MAF and the estimated MAF.
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Table 1. Lin’s Concordance Correlation Coefficient for the two methods included in CCAFE
(CaseControl_AF and CaseControl_SE) in simulations

Lin’s CCC
Cases Controls
Cases Controls Total Covariates AF SE AF SE
500 500 1000 0 0.9916 0.9811 0.9917 0.9811
1 0.9905 0.7430 0.9914 0.7420
3 0.9916 0.6913 0.9905 0.6899
3000 3000 6000 0 0.9982 0.9952 0.9983 0.9951
1 0.9981 0.8457 0.9980 0.8442
3 0.9981 0.6690 0.9982 0.6690
5000 5000 10000 0 0.9988 0.9967 0.9988 0.9966
1 0.9987 0.8607 0.9988 0.8599
3 0.9986 0.6747 0.9986 0.6747
25000 25000 50000 0 0.9995 0.9989 0.9995 0.9989
1 0.9993 0.8641 0.9993 0.8643
3 0.9994 0.6806 0.9993 0.6808
50000 50000 100000 0 0.9995 0.9993 0.9995 0.9993
1 0.9995 0.7589 0.9994 0.7593
3 0.9995 0.6761 0.9995 0.6754
600 5400 6000 0 0.9921 0.9941 0.9980 0.9882
1 0.9916 0.8410 0.9980 0.8369
3 0.9918 0.8234 0.9980 0.8189
1200 48800 50000 0 0.9956 0.9992 0.9994 0.9955
1 0.9954 0.9903 0.9994 0.9868
3 0.9954 0.9773 0.9994 0.9731

All simulations contained 10,000 variants (100 causal). AF and SE columns contain Lin’s CCC between estimated
and true case and control AF for CaseControl_AF and CaseControl_SE, respectively

Table 2. Lin’s Concordance Correlation Coefficient for CaseControl_AF, CaseControl_SE, and bias
corrected CaseControl_SE between true and estimated case MAF

Lin’s CCC
Trait Cases Controls Bin N Variants AF SE SE Corrected
79148 61106 [0.0,0.1] 18 1 0.9643 NA*
£5 (0.1,0.2] 27 1 0.8560 NA
7 § (0.2,0.3] 35 1 0.6592 NA
S0 (0.3,0.4] 32 1 0.2401 NA
(0.4, 0.5] 36 1 0.0596 NA
0o w 16550 403923 [0.0,0.1] 3721679 0.99998 0.9701 0.9651
@ % (0.1,0.2] 1766962 0.99993 0.7346 0.9805
2 'r% (0.2,0.3] 1355742 0.99989 0.3977 0.9404
S a (0.3,0.4] 1203911 0.99986 0.1425 0.8244
(0.4,0.5] 1130270 0.99985 0.0213 0.2022
. 668 5956 [0.0,0.1] 3453818 0.99871 0.9624 0.9774
§ 9 (0.1,0.2] 1871888 0.99640 0.7179 0.8891
2 _;85 (0.2,0.3] 1487374 0.99500 0.4168 0.7523
S A (0.3,0.4] 1242683 0.99409 0.1666 0.4580
(0.4, 0.5] 1126168 0.99358 0.0278 0.2146

* Prostate cancer MAFs were not corrected using gnomAD as proxies due to small number of overlapping
variants with gnomAD
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Table 3. Lin’s Concordance Correlation Coefficient for CaseControl_AF, CaseControl_SE, and bias
corrected CaseControl_SE between true and estimated control MAF

Lin’s CCC
Trait Cases Controls Bin N Variants AF SE SE Corrected
79148 61106 [0.0,0.1] 18 1 0.90315 NA*
% o (0.1,0.2] 27 1 0.73818 NA
‘g § (0.2,0.3] 35 1 0.50244 NA
& Y (0.3,0.4] 32 1 0.24222 NA
(0.4,05] 36 1 0.03586 NA
I 16550 403923 [0.0,0.1] 3721679 1 0.9700 0.9651
E 9 (0.1,0.2] 1766962 1 0.7338 0.9802
=) _§ (0.2,0.3] 1355742 1 0.3972 0.9389
S A (0.3,0.4] 1203911 1 0.1428 0.8214
(0.4, 0.5] 1130270 1 0.0213 0.2060
. 668 5956 [0.0,0.1] 3453818 0.99998 0.9567 0.9760
@ 9 (0.1,0.2] 1871888 0.99995 0.7097 0.8850
2 _;B; (0.2,0.3] 1487374 0.99994 0.4129 0.7449
S a (0.3,0.4] 1242683 0.99993 0.1651 0.4508
(0.4,0.5] 1126168 0.99992 0.0281 0.2175

* Prostate cancer MAFs were not corrected using gnomAD as proxies due to small number of overlapping

variants with gnomAD
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Figure 2. Comparison of case and control AF estimation in multiple real datasets. Results of estimating the case
MAFs for six datasets with various sample sizes using (A) CaseControl_SE, the method proposed in the ReACt
software using SE, and (B) CaseControl_AF, the framework developed here using total AF. The Prostate Cancer
dataset (Ncase=79148; Ncontrol=61106) has 148 variants from a 2018 PRS, and the true case and control AFs
were published as part of the discovery GWAS. Diabetes EUR (Ncase=16550; Ncontrol=403923) and Diabetes AFR
(Ncase=668; Ncontrol=5956) contain >9 million variants from the PanUKBB GWAS. CaseControl_SE
underestimates the true MAF, with bias increasing and precision (width of the boxplot) decreasing as the true
MAF increases. Conversely, we see highly accurate estimation of known AFs using CaseControl_AF, with some
variability in datasets with small sample sizes.
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3.3 CaseControl_SE bias correction

After observing the bias between the true and estimated MAF for the CaseControl_SE method, we
developed a bias correction framework using gnomAD v3.1.2 AFs as proxies for the true AFs. We tested
our framework using the Pan-UKB Diabetes datasets. The adjusted MAFs using the bias correction had
less bias and a higher Lin’s CCC for both the AFR and EUR samples than the unadjusted method (Figure
3, Table 2-3). The average CCC across all variants improved from 0.9369 to 0.9877 for the PanUKBB AFR
diabetes GWAS and from 0.9382 to 0.9943 for the EUR sample. While the overall bias is much lower, we
do observe that the adjusted MAFs with the bias correction retain a similar trend to the original SE
method with an increase in bias and variability as MAF increases.
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Figure 3. Correction mitigates bias in CaseControl_SE MAF estimates. We use our bias correction to adjust the case
and control MAF estimates from CaseControl_SE for >9M genome-wide variants from the African and European
Pan-UKB Diabetes datasets. To estimate the bias correction, we used >1.2M variants on chromosome 1 that were
harmonized between Pan-UKBB and gnomAD v3.1.2. GhomAD non-Finnish European (NFE) were used as the proxy
for true MAFs for the EUR sample (Right), and gnomAD African/African American (AFR/AFRAM) were used as the
proxy for true MAFs for the AFR sample (Left). We see an improvement (i.e., less bias and greater Lin’s CCC) when
using the bias correction framework (gray; AFR CCC = 0.9877, EUR CCC = 0.9943), compared to the uncorrected
CaseControl_SE MAF estimates (black; AFR CCC = 0.9369, EUR CCC = 0.9382)

4 Discussion

Here, we present methods and an R package, CCAFE, to estimate case and control specific AFs from
GWAS summary statistics. While our method using total AF outperforms using SE with less bias and
variability in the estimates, the different methods allow flexibility based on what summary statistics are
available. This is especially important given inconsistency in the summary statistics released in
repositories such as the GWAS catalog (Buniello et al., 2019). Indeed, SE is often more available and
easily derivable (e.g. given the effect estimate and either a p-value or test statistic) than total AF. To
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increase robust use of the SE method, we developed and provide an adjustment within the R package
that greatly decreases the bias in the case and control AF estimates.

In both simulations and real data, we show that CaseControl_AF, provides highly accurate estimates of
case and control AFs across a variety of sample sizes and in the presence of covariates. Conversely, while
CaseControl_SE provides accurate AF estimates when no covariates are included in the original GWAS,
this method is biased when the original GWAS includes covariates. Since CaseControl_AF is much less
biased and more precise, we recommend using CaseControl_AF when total AFs are available. We
hypothesize that the bias may arise from using the SE, which can be underestimated when covariates
are included (Xing & Xing, 2010). Using the MAF results in more variability as well as results in a loss of
information regarding the MAF and allele pairing, which can result in errors when harmonizing datasets.
A key assumption of the method proposed by Yang et al. is that the allele being estimated is always the
minor allele. To ensure the solution is bounded between zero and one, the SE based method assumes
that the AF is being calculated on the minor allele. As such, only the MAF is output, and there is no
connection between the reported alleles in the summary statistics and the estimated MAF. This loss of
information regarding alleles can complicate secondary analyses, as inferring which allele is the minor or
major allele may not be possible, especially when the values are close to 0.5. Conversely, our method
using AF, CaseControl_AF, outputs the estimated case and control AF for which the total sample AF was
reported, therefore retaining alternate and reference allele information.

As SE is more commonly available in GWAS summary data compared tototal AF, we developed a bias
correction framework that provides more accurate case and control MAF estimates when the total
sample AF is not available. The correction framework requires harmonization of the observed data with
a publicly available data source such as gnomAD. However, we find that a subset of the data, such as
chromosome one as we use here, can be used to estimate the bias correction relieving some of the
additional computational and person-time burden and enabling bias correction for variants not in the
public data. Future studies of the minimum number of overlapping variants between the observed and
proxy data would be beneficial. While the bias correction improves the accuracy of the case and control
AF estimates, variability and bias in higher MAF bins remains and is especially prominent when the
sample size is small. Future development of a correction for this variability due to sample size would
further improve the bias correction. Furthermore, to perform the bias adjustment, a publicly available
database containing ancestrally matched proxy AFs is required, highlighting the need for large, public,
ancestrally diverse databases. While gnomAD is an expansive resource for genomics, studies of diverse,
specifically admixed, samples may not have an ancestrally matched gnomAD group to use as the proxy.
For bias correction of the Pan-UK Biobank Diabetes GWAS in AFR individuals, we used gnomAD MAFs
from the African/African American (AFR/AFRAM) group as proxies, and found that, while not a perfect
ancestral substructure match, bias of the estimates was still greatly reduced. Summary data
harmonization methods, such as Summix2 (Stoneman et al., 2024), can adjust AFs to match genetic
similarity between samples and could be used to harmonize the population structure between the proxy
and GWAS data here. The use of this bias correction framework for ancestrally diverse or admixed
samples requires additional investigation.

5 Conclusion
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We have introduced methods and software to derive case and control AFs from GWAS summary data.
The functions available in the CCAFE package provide researchers with user-friendly and open-source
methods to enhance the re-use of publicly available genetic summary statistics.

Data Availability

The datasets used here are available through Pan-UK Biobank Per-phenotype files (https://pan-
dev.ukbb.broadinstitute.org/docs/per-phenotype-files/index.html) and the GWAS catalog for the
prostate cancer GWAS (https://www.ebi.ac.uk/gwas/studies/GCST006085). The data from gnomAD is
publicly available for download at (https://gnomad.broadinstitute.org/downloads). The package CCAFE
is available for download here on GitHub: https://github.com/wolffha/CCAFE/ and through
Bioconductor. Code used to generate simulated datasets and perform analyses is available here:
https://github.com/wolffha/CaseControlAF _manuscript.

Acknowledgements

This work was supported by the National Human Genome Research Institute [R35HG011293,
RO1HGO011345, U01HGO011715]. This work also used the computing resources at the Center for
Computational Mathematics, University of Colorado Denver, including the Alderaan cluster, supported
by the National Science Foundation award OAC-2019089.


https://doi.org/10.1101/2024.10.24.619530
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.10.24.619530; this version posted October 29, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

References

Buniello, A., MacArthur, J. A. L., Cerezo, M., Harris, L. W., Hayhurst, J., Malangone, C., McMahon, A.,
Morales, J., Mountjoy, E., Sollis, E., Suveges, D., Vrousgou, O., Whetzel, P. L., Amode, R., Guillen,
J. A, Riat, H. S., Trevanion, S. J., Hall, P., Junkins, H., Flicek, P., Burdett, T., Hindorff, L. A.,
Cunningham, F., & Parkinson, H. (2019). The NHGRI-EBI GWAS Catalog of published genome-
wide association studies, targeted arrays and summary statistics 2019. Nucleic Acids Res, 47(D1),
D1005-D1012. https://doi.org/10.1093/nar/gky1120

Hayhurst, J., Buniello, A., Harris, L., Mosaku, A., Chang, C., Gignoux, C. R., Hatzikotoulas, K., Karim, M. A,,
Lambert, S. A., Lyon, M., McMahon, A., Okada, Y., Pirastu, N., Rayner, N. W., Schwartzentruber,
J., Vaughan, R., Verma, S., Wilder, S. P., Cunningham, F., Hindorff, L., Wiley, K., Parkinson, H., &
Barroso, I. (2023). A community driven GWAS summary statistics standard. bioRxiv.

Hendricks, A. E., Billups, S. C., Pike, H. N. C., Faroodqi, |. S., Zeggini, E., Santorico, S. A., Barroso, |., &
Dupuis, J. (2018). ProxECAT: Proxy External Controls Association Test. A new case-control gene
region association test using allele frequencies from public controls. PLoS Genet, 14(10),
€1007591. https://doi.org/10.1371/journal.pgen.1007591

Hinrichs, A. S., Karolchik, D., Baertsch, R., Barber, G. P., Bejerano, G., Clawson, H., Diekhans, M., Furey, T.
S., Harte, R. A,, Hsu, F., Hillman-Jackson, J., Kuhn, R. M., Pedersen, J. S., Pohl, A., Raney, B. J.,
Rosenbloom, K. R., Siepel, A., Smith, K. E., Sugnet, C. W., Sultan-Qurraie, A., Thomas, D. J.,
Trumbower, H., Weber, R. J., Weirauch, M., Zweig, A. S., Haussler, D., & Kent, W. J. (2006). The
UCSC Genome Browser Database: update 2006. Nucleic Acids Res, 34(Database issue), D590-
598. https://doi.org/10.1093/nar/gkj144

Huber, W., Carey, V. )., Gentleman, R., Anders, S., Carlson, M., Carvalho, B. S., Bravo, H. C., Davis, S.,
Gatto, L., Girke, T., Gottardo, R., Hahne, F., Hansen, K. D., Irizarry, R. A., Lawrence, M., Love, M.
I., MacDonald, J., Obenchain, V., Oles, A. K., Pages, H., Reyes, A., Shannon, P., Smyth, G. K.,
Tenenbaum, D., Waldron, L., & Morgan, M. (2015). Orchestrating high-throughput genomic
analysis with Bioconductor. Nat Methods, 12(2), 115-121. https://doi.org/10.1038/nmeth.3252

Karczewski, K. J., Francioli, L. C., Tiao, G., Cummings, B. B., Alfoldi, J., Wang, Q., Collins, R. L., Laricchia, K.
M., Ganna, A., Birnbaum, D. P., Gauthier, L. D., Brand, H., Solomonson, M., Watts, N. A., Rhodes,
D., Singer-Berk, M., England, E. M., Seaby, E. G., Kosmicki, J. A., Walters, R. K., Tashman, K.,
Farjoun, Y., Banks, E., Poterba, T., Wang, A., Seed, C., Whiffin, N., Chong, J. X., Samocha, K. E.,
Pierce-Hoffman, E., Zappala, Z., O'Donnell-Luria, A. H., Minikel, E. V., Weisburd, B., Lek, M.,
Ware, J. S., Vittal, C., Armean, |. M., Bergelson, L., Cibulskis, K., Connolly, K. M., Covarrubias, M.,
Donnelly, S., Ferriera, S., Gabriel, S., Gentry, J., Gupta, N., Jeandet, T., Kaplan, D., Llanwarne, C.,
Munshi, R., Novod, S., Petrillo, N., Roazen, D., Ruano-Rubio, V., Saltzman, A., Schleicher, M.,
Soto, J., Tibbetts, K., Tolonen, C., Wade, G., Talkowski, M. E., Genome Aggregation Database, C.,
Neale, B. M., Daly, M. J., & MacArthur, D. G. (2020). The mutational constraint spectrum
quantified from variation in 141,456 humans. Nature, 581(7809), 434-443.
https://doi.org/10.1038/s41586-020-2308-7

Kullo, I. J., Lewis, C. M., Inouye, M., Martin, A. R., Ripatti, S., & Chatterjee, N. (2022). Polygenic scores in
biomedical research. Nat Rev Genet, 23(9), 524-532. https://doi.org/10.1038/s41576-022-
00470-z

Lee, S., Kim, S., & Fuchsberger, C. (2017). Improving power for rare-variant tests by integrating external
controls. Genet Epidemiol, 41(7), 610-619. https://doi.org/10.1002/gepi.22057

Lin, L. 1. (1989). A concordance correlation coefficient to evaluate reproducibility. Biometrics, 45(1), 255-
268. https://www.ncbi.nlm.nih.gov/pubmed/2720055

Lyon, M. S., Andrews, S. J., Elsworth, B., Gaunt, T. R., Hemani, G., & Marcora, E. (2021). The variant call
format provides efficient and robust storage of GWAS summary statistics. Genome Biol, 22(1),
32. https://doi.org/10.1186/s13059-020-02248-0



https://doi.org/10.1101/2024.10.24.619530
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.10.24.619530; this version posted October 29, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

Matushyn, M., Bose, M., Mahmoud, A. A., Cuthbertson, L., Tello, C., Bircan, K. O., Terpolovsky, A.,
Bamunusinghe, V., Khan, U., Novkovic, B., Grabherr, M. G., & Yazdi, P. G. (2022).
SumStatsRehab: an efficient algorithm for GWAS summary statistics assessment and
restoration. BMC Bioinformatics, 23(1), 443. https://doi.org/10.1186/s12859-022-04920-7

Meyer, H. V., & Birney, E. (2018). PhenotypeSimulator: A comprehensive framework for simulating
multi-trait, multi-locus genotype to phenotype relationships. Bioinformatics, 34(17), 2951-2956.
https://doi.org/10.1093/bioinformatics/bty197

Murphy, A. E., Schilder, B. M., & Skene, N. G. (2021). MungeSumstats: a Bioconductor package for the
standardization and quality control of many GWAS summary statistics. Bioinformatics, 37(23),
4593-4596. https://doi.org/10.1093/bioinformatics/btab665

Sanderson, E., Glymour, M. M., Holmes, M. V., Kang, H., Morrison, J., Munafo, M. R., Palmer, T.,
Schooling, C. M., Wallace, C., Zhao, Q., & Smith, G. D. (2022). Mendelian randomization. Nat Rev
Methods Primers, 2. https://doi.org/10.1038/s43586-021-00092-5

Schumacher, F. R., Al Olama, A. A., Berndt, S. I, Benlloch, S., Ahmed, M., Saunders, E. J., Dadaev, T,
Leongamornlert, D., Anokian, E., Cieza-Borrella, C., Goh, C., Brook, M. N., Sheng, X., Fachal, L.,
Dennis, J., Tyrer, J., Muir, K., Lophatananon, A., Stevens, V. L., Gapstur, S. M., Carter, B. D.,
Tangen, C. M., Goodman, P. J.,, Thompson, |I. M., Jr., Batra, J., Chambers, S., Moya, L., Clements,
J., Horvath, L., Tilley, W., Risbridger, G. P., Gronberg, H., Aly, M., Nordstrom, T., Pharoah, P.,
Pashayan, N., Schleutker, J.,, Tammela, T. L. J., Sipeky, C., Auvinen, A., Albanes, D., Weinstein, S.,
Wolk, A., Hakansson, N., West, C. M. L., Dunning, A. M., Burnet, N., Mucci, L. A., Giovannucci, E.,
Andriole, G. L., Cussenot, O., Cancel-Tassin, G., Koutros, S., Beane Freeman, L. E., Sorensen, K.
D., Orntoft, T. F., Borre, M., Maehle, L., Grindedal, E. M., Neal, D. E., Donovan, J. L., Hamdy, F. C,,
Martin, R. M., Travis, R. C., Key, T. J., Hamilton, R. J., Fleshner, N. E., Finelli, A., Ingles, S. A., Stern,
M. C., Rosenstein, B. S., Kerns, S. L., Ostrer, H., Lu, Y. )., Zhang, H. W., Feng, N., Mao, X., Guo, X.,
Wang, G., Sun, Z,, Giles, G. G., Southey, M. C., Maclnnis, R. J., FitzGerald, L. M., Kibel, A. S.,
Drake, B. F., Vega, A., Gomez-Caamano, A., Szulkin, R., Eklund, M., Kogevinas, M., Llorca, J.,
Castano-Vinyals, G., Penney, K. L., Stampfer, M., Park, J. Y., Sellers, T. A., Lin, H. Y., Stanford, J. L.,
Cybulski, C., Wokolorczyk, D., Lubinski, J., Ostrander, E. A., Geybels, M. S., Nordestgaard, B. G.,
Nielsen, S. F., Weischer, M., Bisbjerg, R., Roder, M. A., lversen, P., Brenner, H., Cuk, K., Holleczek,
B., Maier, C., Luedeke, M., Schnoeller, T., Kim, J., Logothetis, C. J., John, E. M., Teixeira, M. R.,
Paulo, P., Cardoso, M., Neuhausen, S. L., Steele, L., Ding, Y. C., De Ruyck, K., De Meerleer, G.,
Ost, P., Razack, A, Lim, J., Teo, S. H., Lin, D. W., Newcomb, L. F., Lessel, D., Gamulin, M., Kulis, T.,
Kaneva, R., Usmani, N., Singhal, S., Slavov, C., Mitev, V., Parliament, M., Claessens, F., Joniau, S.,
Van den Broeck, T., Larkin, S., Townsend, P. A., Aukim-Hastie, C., Gago-Dominguez, M., Castelao,
J. E., Martinez, M. E., Roobol, M. J., Jenster, G., van Schaik, R. H. N., Menegaux, F., Truong, T.,
Koudou, Y. A,, Xu, J., Khaw, K. T., Cannon-Albright, L., Pandha, H., Michael, A., Thibodeau, S. N.,
McDonnell, S. K., Schaid, D. J., Lindstrom, S., Turman, C., Ma, J., Hunter, D. J., Riboli, E., Siddiq,
A., Canzian, F., Kolonel, L. N., Le Marchand, L., Hoover, R. N., Machiela, M. J., Cui, Z., Kraft, P.,
Amos, C. |., Conti, D. V., Easton, D. F., Wiklund, F., Chanock, S. J., Henderson, B. E., Kote-Jarai, Z.,
Haiman, C. A,, Eeles, R. A., Profile, S., Australian Prostate Cancer, B., Study, I., Canary, P. 1.,
Breast, Prostate Cancer Cohort, C., Consortium, P., Cancer of the Prostate in, S., Prostate Cancer
Genome-wide Association Study of Uncommon Susceptibility, L., Genetic, A., & Mechanisms in
Oncology /Elucidating Loci Involved in Prostate Cancer Susceptibility, C. (2018). Association
analyses of more than 140,000 men identify 63 new prostate cancer susceptibility loci. Nat
Genet, 50(7), 928-936. https://doi.org/10.1038/s41588-018-0142-8

Stoneman, H. R., Price, A,, Trout, N. S., Lamont, R., Tifour, S., Pozdeyev, N., Colorado Center for
Personalized, M., Crooks, K., Lin, M., Rafaels, N., Gignoux, C. R., Marker, K. M., & Hendricks, A. E.



https://doi.org/10.1101/2024.10.24.619530
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.10.24.619530; this version posted October 29, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

(2024). Characterizing substructure via mixture modeling in large-scale genetic summary
statistics. bioRxiv. https://doi.org/10.1101/2024.01.29.577805

Tam, V., Patel, N., Turcotte, M., Bosse, Y., Pare, G., & Meyre, D. (2019). Benefits and limitations of
genome-wide association studies. Nat Rev Genet, 20(8), 467-484.
https://doi.org/10.1038/s41576-019-0127-1

Team, R. C. (2024). R: A language and environment for statistical computing. In: R Foundation for
Statistical Computing.

Thelwall, M., Munafo, M., Mas-Bleda, A., Stuart, E., Makita, M., Weigert, V., Keene, C., Khan, N., Drax, K.,
& Kousha, K. (2020). Is useful research data usually shared? An investigation of genome-wide
association study summary statistics. PLoS One, 15(2), e0229578.
https://doi.org/10.1371/journal.pone.0229578

van Rheenen, W., Peyrot, W. J., Schork, A. ], Lee, S. H., & Wray, N. R. (2019). Genetic correlations of
polygenic disease traits: from theory to practice. Nat Rev Genet, 20(10), 567-581.
https://doi.org/10.1038/s41576-019-0137-z

Wojcik, G. L., Murphy, J., Edelson, J. L., Gignoux, C. R., loannidis, A. G., Manning, A., Rivas, M. A., Buyske,
S., & Hendricks, A. E. (2022). Opportunities and challenges for the use of common controls in
sequencing studies. Nat Rev Genet, 23(11), 665-679. https://doi.org/10.1038/s41576-022-
00487-4

Xing, G., & Xing, C. (2010). Adjusting for covariates in logistic regression models. Genet Epidemiol, 34(7),
769-771; author reply 772. https://doi.org/10.1002/gepi.20526

Yang, Z., Paschou, P., & Drineas, P. (2022). Reconstructing SNP allele and genotype frequencies from
GWAS summary statistics. Sci Rep, 12(1), 8242. https://doi.org/10.1038/s41598-022-12185-6



https://doi.org/10.1101/2024.10.24.619530
http://creativecommons.org/licenses/by/4.0/

