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Genome-wide association studies (GWAS) are an important tool for the study of complex disease
genetics. Decisions regarding the quality control (QC) procedures employed as part of a GWAS can
have important implications on the results and their biological interpretation. Many GWAS have
been conducted predominantly in cohorts of European ancestry, but many initiatives aim to increase
the representation of diverse ancestries in genetic studies. The question of how these data should be
combined and the consequences that genetic variation across ancestry groups might have on GWAS
results warrants further investigation. In this study, we focus on several commonly used methods for
combining genetic data across diverse ancestry groups and the impact these decisions have on the
outcome of GWAS summary statistics. We ran GWAS on two binary phenotypes using ancestry-
specific, multi-ancestry mega-analysis, and meta-analysis approaches. We found that while multi-
ancestry mega-analysis and meta-analysis approaches can aid in identifying signals shared across
ancestries, they can diminish the signal of ancestry-specific associations and modify their effect sizes.
These results demonstrate the potential impact on downstream post-GWAS analyses and follow-up
studies. Decisions regarding how the genetic data are combined has the potential to mask important
findings that might serve individuals of ancestries that have been historically underrepresented in
genetic studies. New methods that consider ancestry-specific variants in conjunction with the shared
variants need to be developed.
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1. Introduction

1.1. Population Structure in Genome-Wide Association Studies

Genome-wide association studies (GWAS) are a powerful tool for discovering genetic associations
with traits of interest'. Since its introduction in 2005, the use of GWAS has become a standard
method in the field of statistical genetics, offering insight into the contribution of alleles with small
effect sizes for complex traits®. As DNA sequencing becomes more affordable, and large healthcare
systems, biobanks, and consortia continue to link electronic health record (EHR) information
containing disease phenotypes to patients’ genetic information, larger sample sizes for complex
disease show continued promise for the application of GWAS. At the time of writing this
manuscript, the GWAS catalog contained summary statistics for over 5,000 phenotypes?.
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Beyond the wide application of GWAS in the field of genetics, considerable work has been
done to identify the impact of quality control (QC) procedures and best practices for GWAS*>,
Technical decisions such as allele frequency threshold, variant quality thresholds, data missingness,
and population structure are all known to impact GWAS outcomes>. Despite the considerable work
that has been done to offer guidance on GWAS QC and study design, many decisions are made on
a case-by-case basis and the approach taken can vary based on the lab and the guidance
referenced!*°. We aim to focus specifically on the impact that different strategies for combining
genetic data from two genetically inferred ancestry groups have on GWAS summary statistics.

An individual’s genetic ancestry can be inferred from their DNA, which contains
information about the genetic signatures resulting from ancestral migrations, mutations,
recombination, genetic drift, and natural selection*®’. Ancestry-specific evolutionary and
demographic histories can lead to linkage disequilibrium (LD) and allele frequencies that differ
across populations and result in spurious associations due to the confounding effects of ancestry in
GWAS?®®. Some standard methods to control for population structure within a GWAS study cohort
are the use of a mixed model combined with a genetic relationship matrix (GRM), principal
component analysis (PCA), and the subsequent inclusion of a small number of principal components
(PCs) as covariates in the GWAS model'*!'!. However, even with the inclusion of PCs, population
structure may not be entirely accounted for, leading to persistent spurious associations'?. Additional
methods of inferring genetic ancestry such as K-means clustering and quadratic discriminant
analysis (QDA) of PCA data or the application of tools such as ADMIXTURE can provide greater
resolution for decisions regarding the inference of genetic ancestry of individuals and prove useful
for QC decisions for GWAS in admixed and multi-ancestry cohorts!3:!4,

As the volume of genetic data combined with rich EHR phenotype data from diverse
populations continues to increase, GWAS will continue to be an important tool. Subsequently, the
choice between a study focused on ancestry-specific and/or multi-ancestry GWAS approaches will
have important implications on the results and their interpretations, especially when GWAS
summary statistics are used for downstream analyses such as transcriptome-wide association studies
(TWAS), proteome-wide association studies (PWAS), or polygenic scores (PGS)*!>!1®, Ancestry-
specific GWAS may provide insight into genetic associations within specific ancestral
groups, allowing for the detection of associations that may be unique or have varying effect sizes
across different populations. However, these approaches can be limited due to smaller sample sizes
in underrepresented global populations. Multi-ancestry mega-analysis GWAS or meta-analysis
approaches can leverage larger sample sizes and provide insight into genetic associations shared
across ancestrally diverse populations*!'>!7. However, both approaches present unique challenges
and opportunities that must be carefully considered in the experimental design and interpretation of
results.

1.2. Inclusion of Diverse Ancestries in Genetic Studies

Genetic studies are predominantly focused on European ancestry, with most GWAS conducted in
these populations, leading to insights that are not always generalizable to non-European groups and
exacerbate health disparities®'722. The lack of diversity in genetic research limits our understanding

252



of genetic variation in underrepresented ancestries and its relationship with complex traits'®?!.

Initiatives like the All of Us Research Program, the Human Heredity and Health in Africa
(H3Africa) Initiative, the Million Veteran Program (MVP), and the NHLBI Trans-Omics for
Precision Medicine program (TOPMed) aim to address this by recruiting diverse populations and
creating more representative datasets for genetic research?>2°, However, integrating these diverse
datasets into GWAS is complicated by unequal sample sizes and differences in allele frequency and
LD patterns between populations, which highlight the need for robust and specialized
methodologies to ensure accurate and equitable interpretation of genetic associations.

Incorporating diverse ancestries in GWAS offers opportunities to discover associations
absent in European-focused studies, providing valuable insight for underrepresented
populations'®?6. It can also enhance fine mapping by leveraging genomic diversity across
ancestries'”. Multi-ancestry mega-analysis and ancestry-specific GWAS with meta-analysis offer
solutions but are limited by differences in study design, sample sizes, and the model specified for
the meta-analysis. Decisions between fixed effect or random effect meta-analysis will have an
impact on the combined results and require assumptions regarding the heterogeneity of associations
between populations*?7-28,

1.3. Shared and Ancestry-Specific Associations

Most human genetic variation can be observed within all ancestry groups and many genetic
associations with disease are shared across human populations®’. However, for a small portion of
the genome, associations can vary across different ancestral populations, with distinct loci
contributing to the same trait in populations with distinct genetic ancestry. This is evident in
Solomon Islanders, where a mutation in the TYRPI gene is associated with blond hair®®. This
mutation is absent outside of Oceania, and thus cannot explain blond hair in individuals of European
ancestry>?. Similarly, variants such as the G1 and G2 variants in APOL[ have been shown to account
for a substantial degree of risk for chronic kidney disease (CKD) in individuals of African ancestry
while being very rare or absent in other ancestry groups®'—3?. These examples underscore the
importance of conducting ancestry-specific GWAS to uncover genetic associations that may be
masked, diluted, or even missing in multi-ancestry analyses.

Many GWAS of complex traits have identified associations that are shared across ancestries
in which a shared variant demonstrates a similar effect size for a trait across multiple
populations?®. For example, variants in the F7O gene have been consistently associated with
increased body mass index across diverse populations®*. Similarly, variants in the TCF7L2 gene are
strongly associated with increased risk of type 2 diabetes (T2D) across multiple populations®>—#,

The basis of phenotypic variation and the influence of genetic ancestry is complex. Some
diseases exhibit ancestry-specific genetic associations, while others share common genetic
associations across populations. This complexity is further compounded by the continuous nature
of admixture in natural populations. Understanding the genetic factors that influence complex traits
across different populations is crucial for developing personalized medicine approaches tailored to
the unique genetic makeup of diverse individuals. The present study aims to contribute to this
understanding by investigating the genetic associations with chronic kidney disease (CKD) and type
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2 diabetes mellitus (T2D) across European (EUR) and African (AFR) ancestries, utilizing both
ancestry-specific and multi-ancestry GWAS approaches to comprehensively assess the impact of
genetic variation on these traits (Figure 1).

2. Methods

Meta-Analysis
of EUR & AFR
Only GWAS

~

vl E——— |
GWAS T

Figure 1: Study Overview: For each binary phenotype, four GWAS were run: EUR-specific, AFR-
specific, EUR and AFR combined (multi-ancestry mega-analysis), and meta-analysis of EUR- and AFR-
specific GWAS.

2.1. Data and Study Participants

The Penn Medicine BioBank (PMBB) is an electronic health record (EHR)-linked research program
at the University of Pennsylvania, Perelman School of Medicine*. PMBB participants provided
consent for research, including blood sample collection, generation of genetic data, and EHR
access®. Individuals with imputed genotype, demographic, and EHR data were included in this
study. PMBB v2.0 imputed data and v2.3 phenotype data were utilized*.

2.2. PMBB Centralized Genotyping, Imputation, & Quality Control

DNA was extracted from blood samples, which were genotyped by the Regeneron Genomics Center
with an Illumina Global Sequencing Array v2.0 (GSAV2) containing 654,027 fixed markers®.
Variant and sample-level quality control was conducted prior to genotype imputation using PLINK
v1.9%46 Variants with genotype call rates < 95%, individuals with discordance between reported
sex and genetic sex, and individuals with sample call rates < 90% were dropped®. Subsequently,
autosomes were imputed using TOPMed version R2 genome build 38 reference panel>>*47, After
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imputation, PLINK v2.0 was used for additional variant and sample-level quality control*>-46,
Variants with genotype call rates < 99%, minor allele frequency (MAF) < 1%, Hardy-Weinberg
Equilibrium (HWE) exact test p-value < le-8 or imputation R? scores < 0.3 were excluded®.
Palindromic SNPs, insertions and deletions, and multiallelic variants were also excluded. In
addition, individuals with sample call rates < 99% were dropped®.

2.3. Principal Component Analysis, Genetically Inferred Ancestry, and Ancestry-Specific
Quality Control

2.3.1 Quality Control Prior to Principal Components Analysis

Prior to PCA, quality control was conducted in all eligible samples using PLINK v1.9 and v2.0%.
Individuals with sample call rates < 95% were dropped*®. In addition, variants with genotype call
rates < 95%, imputation R? scores < 0.80, MAF < 5%, or HWE exact test p-value < le-10 were
excluded*. Subsequently, only variants in the intersection between the PMBB and 1,000 Genomes
genetic datasets were included®.

2.3.2 Principal Component Analysis and Genetically Inferred Ancestry

Principal component analysis (PCA) was conducted with eigensoft smartPCA on the LD pruned
autosomal data*®. PCs in PMBB were projected onto 1,000 Genomes®*®. Using the top two PCs,
genetically inferred ancestry was computed using QDA with 1,000 Genomes super-populations as
a reference®!*, Individuals that had >80% probability of similarity to clusters representing the
1,000 Genomes super-population of EUR of AFR were retained for inclusion in GWAS.

2.3.3 Analysis-Specific Quality Control and Principal Components Analysis

After computing genetically inferred ancestry, analysis-specific quality control was completed in
EUR, AFR and MEGA (union of EUR and AFR) cohorts with PLINK v1.9 and v2.0%. Individuals
with sample call rates < 95% and variants with genotype call rates < 95%, MAF < 95%, or
imputation R? score < 0.3 were excluded. Only biallelic and non-palindromic SNPs were retained.
PCA was conducted within each cohort independently following QC using eigensoft smartPCA*®,
Principal components from the cohort-specific PCA were used as covariates in the GWAS.

2.4. Genome Wide Association Study

GWAS were conducted using SAIGE!!. We conducted GWAS utilizing three stratification methods:
GWAS stratified to EUR individuals only (EUR-specific), GWAS stratified to AFR individuals only
(AFR-specific), and GWAS with both EUR and AFR individuals (MEGA). We tested associations
with two phenotypes: CKD and T2D. To phenotype individuals, ICD-9 and ICD-10 codes were
mapped to PhecodeX if they had at least two separate instances of an ICD code*. The Phecodes
used were as follows: CKD = GU_582.2, T2D = EM_202.2%. Eligible controls had zero instances
of an ICD code used in case definition. To mitigate the effects of sample size, we randomly down
sampled while matching case control ratio to ensure the same number of cases and controls across
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EUR and AFR individuals for each phenotype. The multi-ancestry mega-analysis GWAS contained
a balanced number of EUR and AFR individuals, and the same total sample size as ancestry-specific
GWAS. Age at data release, sex assigned at birth, and PC1-7 were used as covariates. We selected
the top seven PCs because this explained 79-98% of variance between individuals in the three
cohorts (Supplementary Figure 1, Supplementary Figure 2, Supplementary Figure 3).

2.5. Meta-Analysis

Summary statistics from the AFR and EUR ancestry-specific GWAS analyses were meta-analyzed
using METASOFT?"28, To compare the impact of model specification on the outcome, the meta-
analyses were conducted using a fixed-effect (FE), random-effect (RE), modified random-effect
(RE2_INITIAL), and modified random-effect with adjustment for mean effect and heterozygosity
(RE2_CORRECTED)?"?®, Meta-analyses were conducted on the intersection of variants included
in the AFR and EUR-specific GWAS. All summary statistics from independent GWAS were
adjusted using genomic control following the instructions in the METASOFT publication®”-?, To
ensure consistent sample sizes between analyses, the EUR and AFR groups were randomly down
sampled prior to GWAS while maintaining balanced case control ratio such that the meta-analyses
contained the same total sample size as the other GWAS. GWAS and meta-analysis results were
visualized using ggman and SynthesisView>*>!, Variants that had a p-value < 5¢-8 were considered
significant.

2.6. Analysis of Effect Size Variability

To assess changes in effect size for variants included in all analyses, we identified whether a
variant’s effect size changed direction in at least one analysis. We compared effect sizes in the
following analyses: all analyses, ancestry-specific compared to multi-ancestry approaches, MEGA
analysis compared to meta-analysis approaches, and fixed effect meta-analysis compared to random
effect meta-analysis. We identified the percentage of variants that changed direction of effect in
each comparison group, both genome-wide and among the variants with the most significant
associations, which were visualized in SynthesisView plots>'.

3. Results

The PMBB had 43,589 individuals with genetic data that passed initial QC and were analyzed using
QDA to infer genetic ancestry. Using our approach, we identified 10,631 individuals that clustered
with the AFR super population and 17,495 individuals that clustered with the EUR super population
from the 1,000 Genomes reference panel. Figure 2 shows the individuals from PMBB in the PCA
projection of the 1,000 Genomes. Following analysis-specific QC of these individuals, there were
10,631 individuals and 6,792,866 variants in the AFR analyses, 17,495 individuals and 4,910,840
variants in the EUR analyses, and 28,126 individuals and 5,652,287 variants in the MEGA analyses.
Of these variants, 4,184,455 were shared between AFR and EUR cohorts and could be included in
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meta-analyses and 3,334,796 1,000 Genomes Samples PMEB Samples
were only found in a single p y
ancestry after QC. Table 1
shows the final sample sizes.
The AFR-specific
GWAS of CKD replicated a 3
known signal in the APOLI % e . \
gene  (rs73885319) on ‘e
chromosome 22 (p-value =
7.92e-11) (Figure 3, Figure
4)3!. This signal was not
detected in the EUR-specific

Super Population

nt 2 (26.97%)
ent 2 (26.97%)

Other

Principal Compone:
ncipal Compon

Pril

Principal Component 1 (46.63%) Principal Component 1 (46.63%)

Figure 2: PCA of PMBB samples (right) projected onto the 1,000

. . Genomes reference panel (left). Colors indicate clustering with
ana.1y51s as the MAF of this 1,000 Genomes super-population (AFR, AMR, EAS, EUR, SAS).
variant was 0.00869% and

tl}erefore did not pass QC. This Phenotype Total Sample Size
signal was detected in the

MEGA analysis with a p-value 3,184 6,448 9,632
of 1.43e-7, which is below the

genome-wide significance CKD 2,659 7,543 10,202
threshold. = Due  to  the Table 1: Final Sample Sizes for both Ancestry groups.

monomorphic nature of this

allele in the EUR population, the variant was not included in any of the meta-analyses. The meta-
analyses identified additional associations in the ANXAS5 gene on chromosome 4 and downstream
of LOC124900539 on chromosome 2.

The T2D GWAS replicated four known signals in the 7CF7L2 gene on chromosome 10
(rs35011184, 157901695, 157903146, rs34872471), and one upstream of the CRYBA2
gene/downstream of the MIR375 gene on chromosome 2 (rs113414093) (Figure 3, Figure 5)°>363%-
444452 157903146 reached genome-wide significance in the AFR-specific GWAS (p-value = 6.59¢-

10) and the EUR-specific GWAS (p-value = 5.23e-9). This signal was detected in the MEGA and
meta-analyses but was below genome-wide significance. rs34872471 was genome-wide significant
in the EUR-specific GWAS (p-value = 5.00e-9) but not in the other analyses. rs35011184 and
157901695 were detected in all GWAS iterations but were not genome-wide significant, with the
EUR-specific GWAS having the lowest p-values (rs35011184 p-value = 4.05e-8, rs7901695 p-
value = 1.19e-6). rs113414093 was only detected in the EUR-specific GWAS and was not genome-
wide significant (p-value = 9.97e-7). This variant was not present in the other analyses as the MAF
was 0.909% in the AFR-specific cohort and 3.70% in the MEGA cohort. The meta-analysis
identified additional associations in the PTPRG gene on chromosome 3, and upstream of
LOC105374348/downstream of FAM53A4 on chromosome 4.

In the GWAS of CKD, majority of the variants with the most significant p-values changed
direction of effect in at least one analysis (Table 2). There was variability in the T2D analyses, but
the trend was not as extreme (Table 2).

257



222465593

222478553
222484430
222491448 |1

chr 1

57482625

N A7

121815738
9049023

51883594
72504534

SRGAPS.

5 129378566

PN

194345797
121682731

% o 121684958

& 121686862
121688153

26265289

chrs

HoNt

46000649

12083135

HIVEP!,

N

146820105
48847171

NV

HaABP2
ATRNLY

115518163 —
108731820
108733372

MYO16
chr 13

61758299

69628124 E

36111667 -

chr 18 chr 15

48556268

chr19

48557643
48558393

SULT2B1

11018106 -
36239921

chr20

APoL2
APOL,

36452940

chr22

37467421

CKD Synthesis View

1578663642«
1535843154«
1S77964932.4 »
15716427854 »
15739414314
1514012494 »
15739414344 »
15105188194 »
1621511484
1s562077114 »
1534549799
152089226 »
1598403368 =
167685068 =
159827034 »
1550014124 o
1578661950«
1541278083
1510518391
1572676891 »
1572676894 4 »
1510052385«
1510064771
157736548 »
1515343924
1s77187804
157720657«
154866973
1510066821 »
15121089614 »
1s680143454 »
1564518264
1510078485«
154376278
1562371969
15287498244 »
1510062641 «
1572750046«
15148698007«
15610127684
1S7448897 4 &
1572933104
1512664373
1593904294 »
1528516782
154732254
151904604 # »
15107452844 »
151343353
15111971204
1512780535
15111972584 »
1573246274 =
158000219
15172710954
1516953607 »
1621014544 »
1528626601 «
1513347093

—— rs133435924

rs56007466« »
rs913221 4
rs1361454
rs8136033
rs136153«
rs136156
s9622362 «
rs9622363 «
rs73885319«
rs60910145.
rs58384577 «
rs60295735«
rs139950 «
1739166« »

RE2_CORRECTED

2
E
Zz
h}
o«

-log10(p value)

-
-
-
-
-cle
e < < .':'
e < < -
e < < o e
< < -
L . . ee
o> > > oo ee
e we w
R ] .
P <« o
* < < oo
> > ol oo
qo « < .
> . > . .
L « e
e g o deoe
> e > o seoe
e > . e
dara < -
qer <« - e
qear < -
“- > < e o
e > D
R S 2 o o
> e > i
“« > < oo o
® > < - e
e oo
» > < - e
o > < .o o
w > < oo
R R R | - e
] ..
®» > < - e
@ > < - e
> > < - e
®» > < e
O < o e
-« » > .
4> aaqe o e o
> > oo o
> > ve o
»> > .
o p <
o«
< !
wr > > o e e
o > > oo e
R S S o .o
@<« .
e <« <«
“ra <
P > > .
| S s
S S S
e > > >
“» >
D R
o> > > e oo
> »> *
<« < @< oo
4« <@ - .
»- > -
> > -
> o
> | o
> -
> »> g
>e> > leme e

THADA,

%
H
g
g
&
3
% -
LR
$
il
<l
£
3
&
3
8
k]
3

T2D Synthesis View

43577794
1s74501107 4
1112283360 a
176765584 4
1s55855805 »
15170310924
\ rs739255524
\\' rs124635274
| 15170310954
I\ rs124693734
| rst24674204
1$170311164
1s60868396 «
157602701 4
|| 1575766434
Il rs10168889.
1$10205361 «
1$60735069 «
! rs67256884
——rs113414093
—— 1s622354544
154688661«
1538174514
15126301434
1513088443«
1$622587524
1513080791«
15126349634
15126368194
1513087676«
151868236«
15102122394
— rs358297264
15356219894
1512490186«
1598379174
\ 159838397«
1s67777144
1513077740
153472 1528530496«
1640188851 1568259594
1564201394
590800 - 15127200104
: 159719484 4

76863986 rs11977369 s
~rs1146976794
— 15350111844
1s618751184
1s618751194
172826075
15177473244
1618751204
I\ rs34872471.
|\ rs7901695.
|\ rsas198068.
|\ rs7903146.
\\\\' 1s55899248 »

218994449
6964397

61742789

82496839

127465926

193864773

154680276 -

=

i\
i\
\!

|| rs36090025.
I\ rs70744404
,/J‘\l\ 1s56299331 4
‘,:\:\‘ 15122433264

|l 112260037

|| rs56087297.
| rs618727864
! 1512255372,
152280450«
rs111752714
159552490«
—— 51597824
—— 151597864
15297684 «
15297686 »
156009614 «
156009615«
156009617

12474771011
64165384 .
21760175 -

4366700
4367793

4371092

48939481

48939560 I]

2
E
=
o
L
o

RE2_CORRECTED

A

A

A A A A A
VVVVVVV"V'

-log10(p value)

70
80
90

L 100

A A A L AALAAAAALALAALLAALA QAL

v
v Y
vy
04

Yoev
v

$se7
YyvyTvYy

¥

e

!
|

| i o
| i
| i g
| g
| e o
| o 2 >
L | <

YyYVYVYYVYY

> > >

@« > >
«*> P >

P qee 4«

- >> >

v
vYvy

L o

beta
{
99
boeee
,
.
.
3
boee e
Poeee
bowmeie
bowe e
o
boe
bwele
L
o e s
Pooes e
oo b
Poe oo
oo
- o
. eew
s ees
. e .
.« e e
D
R
o @ e
o o
o @e o
o e o
o e o
o e o
o e o
o e o
o oo
o ee o
. aep
o cene
oo
. @
’
. o
- o
ooeee
.o
e
e
o
.o
o
e
o
-
o

s

o >

Figure 3: Significance Levels and Effect Sizes for Chronic Kidney Disease (left) and Type 2
Diabetes (right). The most significant variants for each phenotype are displayed. Variants
highlighted in red are known signals. Variants are annotated with gene names (left axis).
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AFR vs. EUR vs. Fixed Effect
All Multi- Multi- BAIBESA vs. Random

Phenot . Met
enotype Analyses Ancestry Ancestry V8. Heta Effect Meta

Analyses

Analyses Analyses Analyses

Percentage of

v 0 0 0 Q
CKD Variants 86.36% 80.30% 56.06% 50% 7.58%

Percentage of

o 0 0 0 @
T2D Variants 54.05% 47.30% 18.92% 12.16% 9.46%

Table 2: Proportion of Top Variants that Changed Direction of Effect. 75 variants were included in
the T2D comparison, and 66 variants were included in the CKD comparison.

CKD Manhattan Plot

downstream_LOC124900539 APOL2

downstream_LOC124900539 APOL1

-log10(P-value)

ABEL

ANXAS APOLL

viiw

Chromosome

Figure 4: Chronic Kidney Disease Stacked Manhattan Plot. Top plot is AFR-specific
GWAS, followed by MEGA GWAS, EUR-specific GWAS, and meta-analysis using modified
random effect framework (RE2 corrected).
Additionally, direction of effect flipped less when comparing multi-ancestry methods (Table 2).
When investigating variants genome-wide, there is a decrease in variability in CKD, but an increase
in variability in T2D (Supplementary Table 1). Additionally, 84-98% of the most significant
variants’ effect sizes in multi-ancestry analyses had a value within the range of ancestry-specific
effect sizes (Supplementary Table 2). This trend was less extreme in variants genome-wide, as
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nearly 50% of effect sizes in multi-ancestry analyses were within the range of ancestry-specific
effect sizes.

T2D Manhattan Plot

PTPRG upstream_LOC105374348_downstreal m_FAMS3A TCFIL2

T

TCF7L2

udv

________________________________________________________________________________________________________________

. i
L 3 .. HIN) Lot

TCFIL2

un3a

-log10(P-value)

VOInW

viiw

Chromosome

Figure 5: Type 2 Diabetes Stacked Manhattan Plot. Top plot is AFR-specific GWAS, followed by
MEGA GWAS, EUR-specific GWAS, and ancestry-balanced meta-analysis using modified random effect
framework (RE2 corrected).

4. Discussion

Our aim was to assess how different approaches of combining genetic data from individuals of
diverse ancestries change the outcome of a GWAS. To test this, we conducted GWAS of CKD and
T2D in individuals of African and European ancestry in the PMBB. We compared the differences
in GWAS results through changes to the p-value and effect sizes for ancestry-specific analyses (AFR
or EUR only), multi-ancestry mega-analysis (MEGA), and meta-analysis using fixed-effect (FE),
random-effect (RE), and modified random-effect (RE2_INITIAL and RE2 CORRECTED). We
hypothesized that while most genetic associations are shared across human populations, we would
observe specific genetic associations that were statistically significant in only one ancestry and that
the different multi-ancestry approaches would have inconsistent results for these variants. The
results support our hypothesis as shown in Figures 3-5 and Table 2.
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In the GWAS of CKD, variants within the APOLI gene were found to be significantly
associated with CKD in the AFR-specific GWAS?!. In the mega-analysis GWAS, these variants
dropped below genome-wide significance, providing evidence that multi-ancestry mega-analysis
can diminish ancestry-specific signals. We also note that the use of a meta-analysis tool such as
METASOFT will exclude the association observed in the AFR-specific GWAS due to this variant
not passing QC in the EUR cohort. Additional variants in the ANXA5 gene and downstream of
LOC124900539 were significantly associated in the meta-analysis (RE2_ CORRECTED) but may
be spurious due to genomic inflation in this approach (Supplementary Figure 4).

In the AFR and EUR-specific GWAS of T2D, a well-known variant (rs7903146) within the
TCF7L2 gene was significantly associated with T2D3434452 while it dropped below genome-wide
significance in all multi-ancestry analyses. The GWAS of T2D illustrates how the composition of a
multi-ancestry approach can diminish the significance of ancestry-specific signals. However, we
acknowledge the limitation that smaller number of cases per ancestry might have had in the multi-
ancestry approaches. Additional variants in the PTPRG gene and upstream of LOCI105374348/
downstream of FAMS53A4 were significantly associated in the meta-analysis (RE2_ CORRECTED)
but may be spurious due to genomic inflation in this approach (Supplementary Figure 5).

Across both phenotypes, effect sizes flipped direction on many occasions, especially among
variants with the lowest p-values (Table 2, Supplementary Table 1). This occurred more often
when comparing ancestry-specific approaches to multi-ancestry approaches, rather than within
multi-ancestry approaches, suggesting that observed ancestry-specific effect sizes can be altered
when using multi-ancestry GWAS approaches. Additionally, effect size values in multi-ancestry
results were commonly within the range of ancestry-specific effect size value for variants with the
lowest p-values (Supplementary Table 2).

Meta-analyses can be performed using different approaches, with fixed-effect (FE) and
random-effect (RE) models being most common. Fixed-effect meta-analysis assumes a homogenous
effect size between studies, meaning any variation in the observed effects is attributed solely to
sampling error?’. In contrast, random-effect meta-analysis assumed that the effect size varies
between studies due to differences in population or study designs, allowing for more flexibility in
capturing heterogeneity across datasets’’. We employed the RE2 method developed by Han and
Eskin (2011) because it improves statistical power by relaxing the conservative assumptions of the
traditional random-effect model, enabling better detection of associations in the presence of
heterogeneity?’.

Our study had several limitations. Our sample sizes were limited due to down sampling to
match case and control numbers across ancestry groups, so many variants did not reach genome-
wide significance. This is of particular importance when considering changes to the signal in the
TCF7L2 gene in T2D between approaches. Although a higher sample size would be ideal, down
sampling was a crucial step to isolate the impact of ancestry on GWAS approaches rather than
sample size and statistical power. Additionally, down sampled groups were not matched by age, sex
or other clinical characteristics. In addition, the modified meta-analysis in the RE2 CORRECTED
analyses produced slightly inflated results which often had the most significant associations and
identified several signals for CKD and T2D that had not been reported in ClinVar or the GWAS
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catalog®>3. Due to the low sample sizes in our study compared to previously reported GWAS of
T2D and CKD that had not detected these associations, it is plausible these associations may be
spurious. Our meta-analyses also only included variants that intersected between the ancestry-
specific GWAS, which led to the exclusion of several important ancestry-specific signals in the
meta-analysis results. This can be overcome through the inclusion of more cohorts in a meta-analysis
but highlights an important limitation of the meta-analysis approach under our framework for
directly comparing two studies. Additionally, our method to assess variability in effect sizes was
unable to fully quantify observed variability. The pattern of sample overlap between the GWAS
approaches in our study violated assumptions of independence or matched dependence between
studies. Quantification of this variability using a well calibrated statistical methodology is a logical
next step to investigate the differences observed between approaches.

In a typical GWAS, multi-ancestry mega-analysis, or meta-analysis approaches benefit from
increased sample size. Our study, however, maintained consistent sample size across approaches to
isolate ancestry’s impact. We found that multi-ancestry methods can diminish ancestry-specific
signals, which can significantly impact downstream analyses like TWAS, PWAS, or PGS. This
raises questions about the optimal approach for generating summary statistics, as results differ in
meaningful ways based on initial GWAS method. Notably, many variants show striking changes in
effect direction, both among those with significant p-values and genome-wide. These effect size
flips are crucial, as they influence downstream analyses and biological/clinical interpretations.
While many variants show consistent results across approaches, a notable subset are impacted by
the choice of analysis method. As we see with variants in APOL1, some of these variants showing
variable results or which could not be fully assessed in all approaches are essential for understanding
differences in disease risk between populations. Thus, new methods that consider the ancestry-
specific variants in conjunction with the multi-ancestry shared variants need to be developed.
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