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Variants in the b-globin locus are associated
with pneumonia in African American children
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Summary
In African American adults, the strongest genetic predictor of pneumonia appears to be the A allele of rs334, a variant in the b-globin

gene, which in homozygous form causes sickle cell disease (SCD). No comparable studies have been done in African American children.

We performed genome-wide association analyses of 482 African American children with documented pneumonia and 2,048 African

American control individuals using genotypes imputed from two reference panels: 1000 Genomes (1KG) (which contains rs334) and

TOPMed (does not contain rs334). Using 1KG imputed genotypes, the most significant variant was rs334 (A allele; odds ratio [OR] ¼
2.76; 95% CI, 2.21–3.74; p ¼ 5.9 3 10�19); using TOPMed imputed genotypes the most significant variant was rs2226952, found in

the b-globin locus control region (G allele; OR ¼ 2.14; 95% CI, 1.78–2.57; p ¼ 5.1 3 10�16). After conditioning on rs334, the most

strongly associated variant in the b-globin locus, rs33930165 (T allele, 1KG: OR ¼ 4.09; 95% CI, 2.29–7.29; p ¼ 1.7 3 10�6; TOPMed:

OR ¼ 3.58; 95% CI, 2.18–5.90; p ¼ 4.7 3 10�7), which as a compound heterozygote with rs334 A allele, can cause SCD. To compare

the power of different sample sets we developed a way to estimate the power of sample sets with different sample sizes, genotype arrays,

and imputation platforms. Our results suggest that, in African American children, the strongest genetic determinants of pneumonia are

those that increase the risk of SCD.
Introduction

Globally, pneumonia is one of the leading causes of death

in children under 5.1,2 In the US, it is one of the most

frequent reasons for hospitalizations in children3 and

one of the most common causes of pediatric deaths.4 In

2015 a prospective, population-based study reported an

incidence of hospitalization for pneumonia in the US of

15.7 per 10,000 children overall and 62.2 per 10,000 in

children under 2.5 A recent NHLBI workshop report

highlighted the need to identify genetic variants that

influence individuals’ susceptibility to, and response to,

pneumonia.6

An individual’s genetic make-up influences their risk of

infection. In an early study of adoptees, individuals with

a biological parent who had died of infection were 5.8-

fold more likely to die of infection.7 More recently,

genome-wide association studies (GWASs) have identified

variants associated with infectious disease risk,8–15

including COVID-1910,11 and pneumonia.9,12–15 All exist-

ing GWASs of pneumonia have been performed in adults,

although one study analyzed self-reported childhood

pneumonia.14 European ancestry-based pneumonia

GWASs have identified a small number of loci associated

with self-reported or adult medical record-based pneu-

monia.9,12,13,15 A BioVu African ancestry-based pneu-

monia GWAS (n ¼ 1,710 affected individuals and 13,871
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control individuals) identified a coding variant (rs334 A

allele) in the b-globin gene (HBB) associated with pneu-

monia13; the rs334 association was not detected in the Eu-

ropean ancestry-based GWAS, however, the frequency is

much lower in those of European ancestry compared

with those of African ancestry (ALFA frequency ¼
0.00006 and 0.003, respectively). HBB is the causative

gene for sickle cell disease (SCD [MIM: 603903]) and ho-

mozygosity for the rs334 A allele is the most common

cause of SCD.16 Epidemiologic studies indicate that indi-

viduals with SCD17 have an increased risk of pneumonia.

In contrast, no genome-wide associated variants were iden-

tified in the COPDGene African ancestry-based GWAS (157

childhood pneumonia affected individuals and 3,124 con-

trol individuals; 882 lifetime pneumonia affected individ-

uals and 2,237 control individuals) in which all partici-

pants were smokers.14

No GWASs for pneumonia have been performed in chil-

dren, who might have different genetic risk factors than

adults. In addition, African American individuals are un-

der-represented in GWASs.18 Thus, we aimed to identify

genetic risk factors for pneumonia in 482 African American

children with documented pneumonia. Because we did

not collect control individuals with the affected individ-

uals, we used as control individuals, 2,048 ancestry-

matched adult African American individuals from the

Michigan Genomics Initiative (MGI) Biobank. Starting
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Figure 1. Pneumonia GWAS study flow-
chart
A total of 2,048 MGI control individuals
was genotyped using the CoreExome array.
Four hundred and eighty-two affected indi-
viduals (referred to as cases in the Figure)
and 518 of the MGI control individuals
were genotyped using the MEGA array;
these samples are referred to as genotype-
matched samples (red). The combination
of the genotype-matched samples and re-
maining 1,530 MGI CoreExome genotyped
samples (non-hash-marked samples) is
referred to as the total sample (blue). Start-
ing with 835K variants for genotype-
matched samples and 168K shared variants
for the total sample, the samples were
imputed using the 1KG (dashed line) and
TOPMed (solid line) reference panels.
GWASs were performed for the four combi-
nations of samples and imputation panels.
with the genotype data, we imputed variants using the

1000 Genomes (1KG) reference panel (which includes

rs334)19 (IGSR: 1000 Genomes phase 3 release) and the

TOPMed panel (which does not include rs334)20

(TOPMed: version TOPMed-r2) and tested for genetic

variant-pneumonia association. To aid in assessment of

our findings, we evaluated the quality of variants imputed

from the 1KG and TOPMed reference panels using African

American whole-genome sequence data from a non-pneu-

monia study and estimated the power to detect associa-

tions in sample sets of different sizes, genotype arrays,

and imputation panels.
Subjects and methods

Figure 1 provides a flowchart of the study including the study

design, samples, genotyping, imputation, and analysis.

Design and study participants
The report follows the guidelines for genetic association studies

outlined by the Strengthening the Reporting of Genetic Associa-

tion Studies reporting guidelines.21 The Institutional Review

Boards from each institution approved the study and the proced-

ures followed were in accordance with the ethical standards of the

responsible committee on human experimentation.

Affected individuals

We performed a affected individual-control individual GWAS us-

ing as affected individuals a subset of children who were prospec-

tively enrolled into a study of community-acquired pneumonia at

four tertiary care pediatric hospitals (LeBonheur Children’s Hospi-

tal, Memphis, TN; Children’s Memorial Hospital, Chicago, IL;

Children’s Hospital of Wisconsin, Milwaukee, WI; CS Mott Chil-
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dren’s Hospital, Ann Arbor, MI) between

2004 and 2017. Written informed consent

was obtained from parents or guardians of

those enrolled in 2008 or later. Samples be-

tween 2004 and 2007 were from discarded

blood and consent was either obtained in

person or over the phone. In this analysis,
we included as pneumonia affected individuals who: (1) self (or

parent)-identified as African American; (2) were aged 10 days to

18 years; (3) were seen in the emergency department, or admitted

to the general pediatric ward or intensive care unit; (4) were deter-

mined to have community-acquired pneumonia; and (5) had a

complete blood count and chest radiograph as part of their care.

Community-acquired pneumonia was defined as described previ-

ously22,23: onset of illness (symptoms < 14 days), presence of a

new infiltrate on chest radiograph (confirmed by a radiologist),

and clinical features suggestive of pneumonia. These clinical fea-

tures included presence of at least two of the following: tachypnea

(respiratory rate >2 SD from the mean for age), dyspnea, hypox-

emia (pulse oximetry <94% on room air on initial evaluation

and without known mixing heart lesion), cough, or abnormal

finding on auscultation of the lungs. In addition, patients were

required to have at least one of the following: (1) temperature %

36�C (individuals in shock) or R38.5�C, (2) peripheral white

blood cell count%4,500/mL orR10,000/mL, or (3)R15% imma-

ture neutrophils.

Control individuals

Control individuals were chosen from the MGI, a repository of

DNA data, biospecimens, and electronic health records from

patients R18 years of age undergoing elective surgery or a

diagnostic procedure at the University of Michigan Hospital

(Fritsche et al.24).Written informed consent was obtained from pa-

tients contributing to the MGI repository. The initial inclusion

criteria were: (1) self-identified as African American and (2) geno-

typed on a custom Illumina Infinium Core-Exome24 microarray,

‘‘UM_HUNT_Biobank_11788091_A1’’ (Illumina, San Diego, CA),

subsequently referred to as the CoreExome microarray. We had

no information on childhood pneumonia in control individuals.

SCD classification

For affected individuals, we defined them as having SCD if they

were identified as having SCD in the medical chart (n ¼ 59). For



control individuals, we used electronic health records to identify

those with SCD. If an individual had no codes for sickle cell trait

(being a carrier of an SCD variant, but not having SCD [coded as

282.5]), we defined SCD as having one or more SCD ICD-9-CM co-

des (282.41, 282.42, or 282.6x). If an individual had ICD-9 codes

for both SCD and sickle cell trait, we defined SCD as having a value

of >90% for (number of encounters with an SCD code)/(number

of encounters with SCD code þ number of additional encounters

with sickle cell trait code).

Comorbid conditions

Comorbid conditions in pneumonia affected individuals were

determined from review of the medical chart with neurological

disorders defined as those with seizures or developmental delay.

Comorbid conditions in control individuals were defined using

the following ICD-9 codes. For asthma, all subcategories under

493 were used. For neurological disorders, all subcategories under

330, 331, 332, 334, 335, 340, 341, 342, 343, 344, 345, and 347

were used together with the subcategories 333.4, 333.5, 333.92,

336.2, 348.1, 348.30, 348.31, 348.39, 438.2–438.5, 780.3, and

784.3. Chronic lung disease was defined by all subcategories under

490, 491, 492, 494, 495, 496, 500–505, and subcategories 506.4,

508.1, 518.83, and 748.61.
Array genotyping
All control individuals were genotyped previously on the Illumina

Infinium CoreExome-24 bead array as described.24 Pneumonia

affected individuals (n ¼ 531) and 549 of the control individuals

were concurrently genotyped at the University of Michigan

Biomedical Research Advanced Genomics Core on the Illumina

Multi-Ethnic Genotyping (MEGA)_Consortium_v2 BeadChip

Array (referred to as the MEGA array), which was an early version

of the current commercially available MEGA array. We chose the

MEGA array because it was specifically designed to capture geno-

type variability inmultiple ancestries.25We refer to the affected in-

dividuals and control individuals genotyped on theMEGA array as

the genotyping-matched sample. We refer to the sample contain-

ing the affected individuals, control individuals genotyped on the

MEGA array, and control individuals genotyped only on the

CoreExome array as the total sample.

For affected individuals, DNAwas extracted from blood samples

using the Wizard Genomic DNA Purification Kit (catalog no.

A1120, Promega,Madison,WI) and stored at�80�C. DNA concen-

tration was determined using the Qubit dsDNA BR Assay (catalog

no. Q32853) using the Qubit fluorometer (ThermoFisher Scienti-

fic, Waltham, MA). DNA samples for affected individuals and

594 control individuals were randomized and plated in alternate

wells in 96-well plates. Two HAPMAP DNA trios (NA12892,

NA12878, NA12891, NA19238, NA19240, and NA19239) (Coriell

Institute for Medical Research, Camden, NJ) were used to assess ge-

notype discrepancies and Mendelian inconsistency rates. A mini-

mum of one parent/child pair were randomly included in each

genotyping plate. The average error rate between duplicates was

0.00001284 and average error rate for the triads was 0.0001650.

Genotyping quality control

Quality control of CoreExome array-genotyped control individ-

uals was performed as reported previously.24 In brief, genotype

calling was performed with Illumina GenomeStudio (module

1.9.4, algorithm GenTrain 2.0). Samples with a call rate <98.5%

(in all MGI samples genotyped on the array), an inferred sex

that did not match reported gender, or with gonosomal constella-

tions other than XX and XY were excluded. Variants were
Huma
excluded if they had a call rate <99% or they showed deviation

from Hardy-Weinberg equilibrium (p < 0.0001) in European

ancestry samples which are present in the MGI repository but

not used in this analysis.

For the MEGA array genotyped affected individuals and control

individuals (genotyping-matched subset), we performed quality

control using the same procedures and thresholds as for the

CoreExome array, with the exception that we used the Illumina

GenomeStudio Genotyping Module (v2.0.3, GenTrain 2.0) with

the Population Architecture using Genomics and Epidemiology

(PAGE) Consortium PAGE_CIDR_MEGA_cluster_definitions.egt

cluster files. Variants were excluded if they had a call rate <99%

or they showed deviation from Hardy-Weinberg equilibrium

(p < 10�6).26 There were five affected individuals and one control

individual who were excluded because they did meet the genotyp-

ing call rate criteria. There were three affected individuals removed

for miscoded sex. One affected individual was removed for being

XO. No variants had differentially missing genotypes between

affected individuals and control individuals (p < 10�5).
TOPMed and 1KG imputation
Genotype array data for total sample of affected individuals and con-

trol individuals genotyped on the CoreExome and the MEGA arrays

To jointly impute and analyze affected individuals (MEGA array)

and control individuals (MEGA or CoreExome arrays), we created

a list of variants present on both arrays as described by Johnson

et al.27 In brief, SNPs genotyped on the MEGA and CoreExome ar-

rays were adjusted for strand differences (https://www.chg.ox.ac.

uk/�wrayner/tools/). We then compared the genotype calls for

218,689 variants common to the 549 control individuals geno-

typed on both the MEGA and CoreExome arrays; we excluded

168 variants that differed by >1 genotype call. The concordance

rate for the remaining variants was 0.99994. We also excluded

variants with a <98% call rate or with a minor allele fre-

quency (MAF) < 0.01 determined separately in the MEGA and

CoreExome arrays; 168,220 SNPs remained (termed the 168K

array).

Imputation and Imputation Server

We performed TOPMed and 1KG reference panel-based imputa-

tion of the total sample using genotypes from the 168K array

(168,220 variants), and imputation of the genotyping-matched

subset using genotypes from the MEGA array (834,828 variants).

The TOPMed-r2 reference panel (n ¼ 97,256) was used because it

has higher average African American imputation quality than

the 1KG panel.20 However, the TOPMed-r2 reference panel does

not contain rs334 or variants in high LD with rs334 due to QC ex-

clusions. The 1KG reference panel (n ¼ 2504) was used because it

contains rs334,19 a causal variant for SCD, which has been previ-

ously reported to be associated with pneumonia.13 To impute us-

ing the TOPMed reference panel we used the TOPMed Imputation

Server (TOPMed Version r2 2020 Eagle2.4 phasing, GRCh38/

hg38)20,28–30; to impute using the 1KG reference panel, we used

the Michigan Imputation server (1KG phase 3, version 5 reference

panel, Eagle2.4 phasing, GRCh37/hg19).28 1KG build GRCh37

SNPs were lifted over to build GRCh38 for display purposes.

Following imputation, we retained bi-allelic SNPs with estimatedbr2 > 0.3 in the given imputed dataset (Table S1).

Evaluation of imputation quality using whole-genome sequencing

data

We independently evaluated the quality of variant imputation for

each of the genotype arrays and reference panel combinations
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used in this study in a separate set of 2,429 whole-genome

sequenced (WGS) African American individuals from the

InPSYght study as described in Hanks et al.31 In brief, we used

chromosome 11 WGS data as our gold standard genotype data.

We created subsets of the InPSYght WGS variants corresponding

to the chromosome 11 variants present in the 168K array, the

MEGA array, or the CoreExome array. We phased InPSYght indi-

viduals with variants from each array using Eagle2.4.1 and

imputed genotypes using Minimac4 on the Michigan Imputation

Server28 with (1) the 1KG Genomes Phase 3 (n ¼ 2,504) and (2) a

modified TOPMed version r2 (n ¼ 88,804)31 reference panels. We

calculated the observed imputation r2 for each variant as the

squared Pearson correlation coefficient between the imputed ge-

notype dosages and the sequence-based genotypes. We assigned

r2 ¼ 0 for any variant that was present in the sequenced individ-

uals but absent from the reference panels and thus was not

imputed. For each array and reference panel combination, we

calculated the average observed imputation r2 (mean r2) for all var-

iants with MAF > 0.01 in the InPSYght sample.

Calculation of effective sample size when using imputed

data
We calculated the effective affected individual-control indi-

vidual sample size for each sample set as Neffective ¼
4�

1

Naffected individuals
þ

1

Ncontrol individuals

�. We calculated the effective

sample size adjusted for imputation quality as

Neffective imputation ¼ Neffective 3 mean r2. We calculated the effec-

tive sample size adjusted for rs334 imputation quality as

Neffective imputation rs334 ¼ Neffective 3 r2rs334.

Genetic relatedness
We estimated pairwise individual relatedness in the total sample

using SNPs in common between theMEGA and CoreExome arrays

using KING.32 We removed individuals so that no pair of individ-

uals had a kinship coefficient >0.088; for related affected individ-

ual-control individual pairs we retained the affected individual,

otherwise we retained the individual with the higher call rate.

Principal-component-based sample exclusions
We performed principal-component analysis on the total genotype

dataset (PLINK v.1.926); we excluded SNPs in regions of high LD33

and pruned variants to r2 >0.05 (in PLINK v.1.9 –indep-pairwise

100 10 0.05). We first removed participants >4 standard deviations

from the mean for any of the first 10 principal components leaving

2,802 subjects (501 affected individuals and 2,301 control individ-

uals). We removed an additional 272 samples (19 affected individ-

uals, 253 control individuals) with PC1 < �0.025 based on

their clustering in a PC1 vs. PC2 plot (Figures S1A and S1B); these

were also outliers in a LASER/TRACE ancestry estimation plot

(Figures S1C, S1D, and S2A).34,35 The final dataset had 2,530 indi-

viduals (482 affected individuals and 2,048 control individuals)

(Figures S1E, S1F, and S2B).

Firth logistic regression
In the total and the genotyping-matched datasets, we tested

imputed variants with minor allele countR10. We tested for asso-

ciation of documented childhood pneumonia with imputed geno-

type dosage (TOPMed or 1KG imputation) using Firth logistic

regression36 (PLINK v.2.3a), adjusting for two genotype principal
4 Human Genetics and Genomics Advances 6, 100374, January 9, 20
components.37 To test for independence of association signals at

the b-globin gene locus, we performed conditional logistic regres-

sion, including one of the following variants as covariates in

the model: 1KG-based dosages for rs334 (lead signal in 1KG impu-

tation total sample), or 1KG- or TOPMed-based dosages for

rs2226952 (lead signal in the TOPMed imputation). To test for in-

dependence of the effects of rs344 and SCD on the risk of pneu-

monia we included SCD status as a covariate in the Firth logistic

regression. To further test for the effect of the heterozygous form

of the SCD A allele on pneumonia risk, we removed individuals

with SCD (removed individuals homozygous for the rs334 A allele

and compound heterozygotes) and performed the Firth logistic

regression.

Visualization
We visualized the pneumonia association results and the dataset-

specific LD between rs334 or rs2226952 and surrounding variants

in our datasets using LocusZoom.38 We calculated the LD (r2) be-

tween rs334 or rs2226952 and variants withinþ/� 1 Mb in the to-

tal imputed dataset and separately in affected individuals only

(PLINK 1.9). rs334 is only present in the 1KG data; thus, we used

the 1KG rs334 dosages to assess LD of rs334 with TOPMed

imputed variants.

Gene set analysis
We tested for gene set enrichment using MAGMA, using the Firth

logistic regression p values from the total sample TOPMed-imputed

dosages.39 We used the MAGMA default settings except that we

extended gene boundaries by þ/� 2 kb. We used imputation-based

hard-called genotypes to estimate SNP linkage disequilibrium

(PLINK v.1.9). We performed gene set analysis using the SNP-wise

model with two-sided p values using (1) the canonical pathways

gene sets (2,922 gene sets) and (2) Gene Ontology (GO) gene sets

(10,185 gene sets) from the v.7.4 MSigDB database.40–42 NCBI En-

trez gene identifiers were translated to gene symbols with the web

application SynGO.43 A false discovery rate (FDR) p < 0.05 (for all

gene set results) was considered significant.44
Results

Pneumonia affected individual and control individual

characteristics

To identify genetic variants associated with pneumonia

susceptibility in African American children, we performed

a GWAS of 482 pneumonia affected individuals and up to

2048 control individuals (2,530 total samples), using as

affected individuals African American children who were

prospectively enrolled in a study of community-acquired

pneumonia (Figure 1). Case individuals met the clinical

definition of pneumonia including the presence of new in-

filtrates on chest radiograph. We used as control individ-

uals African American adults enrolled in the University

of Michigan MGI biorepository, selecting control individ-

uals who had a similar distribution in the genotype

principal component space as the pneumonia affected in-

dividuals (Figures S1E, S1F, and S2B) (see subjects and

methods). The selected individuals were located between

European and African reference samples, indicating mini-

mal admixture from other ancestries (Figure S2B). Affected
25



Table 1. Characteristics of pneumonia affected individuals and control individuals in the total sample

Characteristics Affected individuals (n ¼ 482) Control individuals (n ¼ 2,048)

Female, n (%) 231 (47.9) 1,241 (60.6)

Age (years), median (IQR) 2.2 (1.1–5.4) 51 (39–62)

Comorbid conditions,a n (%)

Asthma 101 (21.0) 543 (26.5)

History of prematurity 55 (11.4) N/A

Neurological disorders 39 (8.1) 250 (12.2)

Sickle cell disease 59 (12.2) 13 (0.6)

Chronic lung disease N/A 310 (15.1)

Hospitalized, n (%) 308 (69.9) N/A

Mechanically ventilated, n (%) 53 (11.0) N/A

PARDS, n (%) 42 (8.7) N/A

Death, n (%) 4 (0.8) N/A

aComorbid conditions in pneumonia affected individuals were determined from the medical chart review with neurological disorders defined as those with sei-
zures or developmental delay. Comorbid conditions in control individuals were defined using ICD-9 codes (see subjects and methods). IQR, interquartile range;
N/A, not applicable; PARDS, pediatric acute respiratory distress syndrome.
individual/control individual characteristics are shown in

Table 1. The median ages of affected individuals and con-

trol individuals were 2.2 (interquartile range [IQR] ¼ 1.1–

5.4) and 51 (IQR ¼ 39–62) years of age, respectively.

Genotyping and imputation with TOPMed and 1KG

reference panels

All control individuals had been previously genotyped on

the CoreExome array, a relatively low coverage array. To

maximize the LD coverage for African Americans and to

be able to assess potential bias due to differential genotype

calling by genotype array, we genotyped all of the 482

pneumonia affected individuals and re-genotyped 518

of the 2,048 control individuals using the much higher

coverage MEGA array (genotyping-matched sample)

(Figure 1). Using variants present in the total sample

(168K array) or the genotyping-matched subset (MEGA

array, 835K variants), we imputed allelic dosages using

reference panels from either 1KG (2,504 individuals,

which contains rs334) or TOPMed (97,256 individuals)

(Figure 1), which has higher quality imputation than

1KG but does not have rs334 and other variants in the

HBB region that were excluded by TOPMed Hardy-

Weinberg equilibrium quality control metrics19,20 (see

Table S1). To aid in interpretation of our results, we next

sought to understand how the power to detect association

differed between the different samples and imputation

panels.

Assessment of effective sample size for detection of

association signals in the total and genotyping-matched

datasets

The power to detect association of a causal imputed variant

with pneumonia will be higher when the effective sample
Huma
size (defined as a sample with equal numbers of affected in-

dividuals and control individuals that has the same power

as the actual sample) is larger and/or the variant imputa-

tion quality is higher.20 The total sample is larger than

the genotyping-matched subset (2,530 vs. 1,000, respec-

tively), but each control beyond the number of affected in-

dividuals adds proportionally less information, resulting in

a total sample effective sample size of 1,562 and a geno-

type-matched effective sample size of 999.

When the true genotypes in a study are perfectly

imputed (i.e., the directly genotyped and imputed geno-

types match exactly), there is no difference in the power

to detect association between the imputed and directly

genotyped variants. Higher imputation quality is typically

observed with larger genotype arrays, larger reference

panels, and better reference panel representation of the

study samples ancestries.19,31,45–47 To assess the impact of

variant imputation quality on our effective samples size

we empirically assessed the imputation quality using

168K and MEGA array genotypes with the TOPMed and

1KG reference panels. We used as gold standard, whole-

genome sequenced African American data, and estimated

the correlation between the sequenced and the imputed

genotype (observed imputation r2).31 As reported previ-

ously, we found the observed imputation r2 was lower for

variants with lower minor allele frequencies31 (Figure S3).

For SNPs with MAF > 0.01, the average observed r2 was

highest (observed r2 ¼ 0.98) for the TOPMed imputation

from the MEGA array and lowest (observed r2 ¼ 0.62)

from the 1KG imputation from the 168K array (smaller

reference panel and genotyped SNPs) (Figure 2A). To

adjust our calculated effective samples sizes for the

different imputation qualities, we multiplied the effec-

tive sample size by the average imputation quality to
n Genetics and Genomics Advances 6, 100374, January 9, 2025 5



Figure 2. Imputation quality and effec-
tive imputation sample size for SNPs with
MAF > 0.01 and for rs334
Total and genotype-matched samples bar
plots of imputation quality for SNPs with
MAF> 0.01(1KG and TOPMed imputation)
(A) and rs334 (1KG imputation) (C) Total
and genotype-matched samples bar plots
of Effective imputation-based sample sizes
for SNPs with MAF > 0.01 (B) and rs334
(D). Lines in (B, D) indicate effective sample
size assuming perfect genotyping. TM,
TOPMed.
give an estimated imputation-based effective sample size

(Neffective_imputation). For both the 168K and MEGA array

data, the TOPMed imputation had a higher effective

sample size than the 1KG imputation. The total sample

TOPMed Neffective_imputation was 1406, which was sub-

stantially higher than the genotyping-matched subset

TOPMed Neffective_imputation of 979 (Figure 2B; Table S2).

For rs334, the imputation qualities were similar for

total and genotype-matched sample 1KG imputation

(observed r2, 0.72 vs 0.75, respectively) (Figure 2C; Table

S3); the total sample 1KG rs334 imputation-based effective

sample size (Neffective_imputation _rs334) was 1,125, which was

substantially higher than the genotyping-matched dataset

1KG Neffective_rs334 of 749 (Figure 2D; Table S2). Given the

higher estimated total sample imputation adjusted effec-

tive sample sizes for SNPs with MAF > 0.01 and rs334,

we present total sample based-results in the text, and gen-

otyping-matched subset plots in the supplemental

information.

Our decision to use the MEGA array rather than the

CoreExome array to genotype the genotyping-matched

subset decreased the number of variants available for

imputation in the total sample from the 188K in the

CoreExome array to 168K shared variants from the combi-

nation of the CoreExome and MEGA arrays (168K array).

The estimated imputation quality was less than 0.05 lower

for variants imputed using the 168K array when compared
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with the 188K CoreExome array for

TOPMed and for 1KG based imputa-

tion, and thus had minimal effect on

our power to detect associations

(Figures S3A and S3B).

Pneumonia GWAS

We performed a GWAS of pneu-

monia using the total sample 1KG

and TOPMed imputed dosages and

identified significantly associated

variants in the b-globin locus on

chromosome 11 (p < 5 3 10�8)

(Figures 3A, 3B, and S4). In the 1KG

imputation-based analysis, the most

significantly associated variant was

rs334, a nonsynonymous SNP in
the b-globin gene, for which the A allele in homozygous

or compound heterozygous form is the most common

cause of SCD (odds ratio [OR] ¼ 2.76 for allele A, p ¼
5.9 3 10�19, affected individual and control individual

frequencies of 15.7% and 6.2%, respectively) (Tables 2

and S4; Figure 4A). In the TOPMed imputation-based

analysis, the most significantly associated variant was

rs2226952, located in the b-globin locus control region

(OR ¼ 2.1 for G allele, p ¼ 5.1 3 10�16, affected individ-

ual and control individual allele frequencies of 24.0%

and 13.1%, respectively (Tables 2, 4B, and S4).

rs2226952 was also associated with pneumonia in the

1KG imputed data (OR ¼ 2.29, p ¼ 2.0 3 10�15) and

is in moderate LD with rs334 in the total sample

(Figure 4A; Table S5).

To confirm that the chromosome 11 results for the total

sample were not due to differences in affected individual

and control individual genotyping between the MEGA

(482 affected individuals and 518 control individuals)

and the CoreExome (1,530 control individuals) arrays,

we restricted our analysis to the genotyping-matched sam-

ples (MEGA array). Consistent with the total dataset re-

sults, we only observed genome-wide significant variants

in the b-globin locus on chromosome 11 in the 1KG and

TOPMed imputation-based analysis (Figure S5). In the

1KG imputation-based analysis, rs334 (p ¼ 7.1 3 10�10)

and rs2226952 (p ¼ 2.2 3 10�10) were among the variants



Figure 3. Total sample Manhattan plots of pneumonia GWAS with and without conditioning on rs334
Manhattan plots of total sample imputed with 1KG (A and C) and TOPMed (B and D) reference panels, analyzed using Firth logistic
regression for SNPs with MAC R 10. Firth logistic regressions not conditioned (A and B) and conditioned on rs334 (imputed with
1KG) (C and D) dosages. Dotted line, p ¼ 5 3 10�8.
that reached genome-wide significance (Figure S6A). In

the TOPMed imputation-based analysis, rs2226952 was

the most significant SNP (p ¼ 5.8 3 10�11) (Figure S6B).

Thus, the associations of b-globin locus SNPs with

pneumonia were detected within and across genotyping

arrays.

Fine mapping of the b-globin locus region

To determine if the association of rs334 with pneumonia

could account for the association of other variants in the

b-globin locus region, we performed conditional logistic

regression in the total dataset including rs334 (from 1KG

imputation) as a covariate in the analysis. No chromosome

11 variant remained significant after conditioning on

rs334 in the 1KG (Figures 3C and 4E; Table 2) or

TOPMed (Figures 3D and 4F; Table 2) analysis. The LD r2

values between rs334 and other pneumonia-associated

SNPs were relatively low in the total sample (Figures 4A

and 4B), but were somewhat higher in the pneumonia

affected individuals, which are enriched for individuals

with SCD (Figures 4C and 4D), consistent with positive se-
Table 2. b-Globin locus SNPs most significantly associated with pneu

SNP

Risk/
non-risk
alleles

1KG reference panel

Unconditioned Conditioned on rs334

OR (95% CI) p value OR (95% CI) p va

rs334 A/T 2.76 (2.21–3.46) 5.2 3 10�19 – –

rs33930165 T/C 4.44 (2.52–7.82) 2.2 3 10�7 4.09 (2.29–7.29) 1.6

rs2226952 G/T 2.29 (1.86–2.81) 2.0 3 10�15 1.61 (1.26–2.06) 1.2

Variants imputed using 1KG and TOPMed reference panels. Conditional analysis u
scribed from the reverse strand of the genome (alleles called on the forward strand
N/A, not applicable as rs334 is not imputed in TOPMed.

Huma
lection for haplotypes containing the rs334 A allele, which

in heterozygous form protects against malaria.48 Interest-

ingly, the most significant chromosome 11 SNP after con-

ditioning on rs334 (in both the TOPMed and 1KG imputa-

tion-based analysis) was rs33930165 (TOPMed OR ¼ 3.89

pre-conditioning and OR ¼ 3.58 post-conditioning with

p ¼ 4.7 3 10�8 and p ¼ 4.7 3 10�7, respectively, with risk

(T) allele frequencies of 3.5% in affected individuals and

1.0% in control individuals) (Figures 4E and 4F; Table 2).

rs33930165 is a nonsynonymous HBB SNP in the same

codon as rs334; the risk allele, T, changes the amino acid

to a lysine resulting in hemoglobin C. Compound hetero-

zygotes of the risk alleles of rs33930165 (T allele) and rs334

(A allele) can cause SCD16; rs33930165 TT homozygous in-

dividuals have mild anemia, but not SCD.49 We also condi-

tioned on rs2226952 (imputed with TOPMed or 1KG);

rs334 alone remained significant (Figure S7; Table S6).

When conditioning on either rs334 or rs2226952 in the

genotyping-matched subset, no other chromosome 11

variant remained genome-wide significant (Figures S6

and S8; Table S7). Thus, in the genotyping-matched subset
monia in the total sample without and with conditioning on rs334

TOPMed reference panel

Unconditioned Conditioned on rs334

lue OR (95% CI) p value OR (95% CI) p value

N/A N/A N/A N/A

3 10�6 3.89 (2.38–6.35) 4.7 3 10�8 3.58 (2.18–5.90) 4.7 3 10�7

3 10�4 2.14 (1.78–2.57) 5.1 3 10�16 1.61 (1.30–1.99) 1.3 3 10�5

sing rs334 (imputed with 1KG reference panel) dosages. The HBB gene is tran-
). SNP, single nucleotide polymorphism; OR, odds ratio; CI, confidence interval;
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Figure 4. Total sample b-globin locus plots of pneumonia GWAS with and without conditioning on rs334
Plots of b-globin locus for total dataset imputed with 1KG (left) and TOPMed (right). Linkage disequilibrium (LD) to rs334 (1KG impu-
tation) in total sample (A and B). LD to rs334 in affected individuals only (C–F). GWAS analysis conditioned on rs334 dosages (imputed
with 1KG) (E and F). All variant and gene positions shown in genome build hg38; 1KG imputed rs334 added to TOPMed plots for com-
parison purposes (red circle); dotted line, p ¼ 5 3 10�8.
there was no evidence that conditioning on rs334 was

more effective than rs2226952 in accounting for other

b-globin locus signals, potentially because of the less sig-

nificant associations signals for both variants in the geno-

typing-matched subset compared with the total sample or

because rs2226952 has a higher observed imputation r2

than rs334 (r2 ¼ 0.97 compared with 0.75, Table S3).

One chromosome 1 variant, rs12137603, was genome-

wide significant in the total sample TOPMed imputed

data after conditioning on rs334 (p values without and

with conditioning p ¼ 1.6 3 10�7 and 4.23 3 10�8), but

not in the 1KG imputed data (Table S8). This variant is in

an intergenic region between the genes for Formin 2

(FMN2) and Gremlin 2 (GREM2) (Figure S9). Interestingly,

Gremlin 2 has been reported to be elevated in lung tissue

and blood of individuals with idiopathic pulmonary

fibrosis and appears to be present in myofibroblasts in

fibrotic lung lesions.50

Impact of adjustment for SCD on pneumonia association

in the b-globin gene region

We next asked if the presence of individuals with SCD

could account for the association of pneumonia with

rs334 and other variants in the b-globin locus. When we

included SCD as a covariate in our logistic analysis, no

variant was genome-wide significant (Table 3), suggesting

that the association signal we observed in this region is,

at least in part, driven by SCD in pneumonia case individ-

uals (Table 3).We tested for the effect of being homozygous

for the rs334 risk allele compared with being homozygous
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for the non-risk allele and observed strong association

(OR ¼ 38.8; 95% CI, 14.5–103.8; p ¼ 2.4 3 10�13). In addi-

tion, we assessed the effect of being heterozygous for the

rs334 A allele by either adjusting for SCD (Table 3) (OR ¼
1.34; 95% CI, 0.97–1.84; p ¼ 0.078) or by removing all in-

dividuals with SCD (Table S9) (OR ¼ 1.24; 95% CI, 0.88–

1.76; p ¼ 0.22); while the ORs for the rs334 A allele were

greater than 1, we did not find significant evidence of an

increased risk of pneumonia in children who are heterozy-

gous for rs334 A allele, although we have limited power to

detect association.

Comparison with previously published pneumonia

GWAS

Four published pneumonia GWAS in European or African

Ancestry adults have identified nine genome-wide-associ-

ated variants.9,12,13,15 Apart from rs334, in the total sam-

ple, we observed nominal evidence of association in the

same direction for one variant, rs3131623, located in the

HLA class 1 region9 (OR ¼ 1.49, p ¼ 0.017) (Table 4). We

did not observe an excess of variants with associations in

the same direction between our study and the published

studies (six of nine variants had consistent effect direc-

tions, p ¼ 0.17).

Gene set analysis

To identify biologically related sets of genes that are en-

riched for pneumonia-associated variants, we performed

gene-set analysis of our TOPMed-based total sample

association results as described in subjects and methods.
25



Table 3. Effect of conditioning on sickle cell disease on the association of select b-globin locus variants with pneumonia in the total
sample

SNP

Risk/
non-risk
alleles

1KG reference panel TOPMed reference panel

Unconditioned Conditioned on SCD Unconditioned Conditioned on SCD

OR (95% CI) p value OR (95% CI) p value OR (95% CI) p value OR (95% CI) p value

rs334 A/T 2.76 (2.21–3.46) 5.9 3 10�19 1.34 (0.97–1.84) 0.078 N/A N/A N/A N/A

rs33930165 T/C 4.44 (2.52–7.82) 2.2 3 10�7 2.99 (1.60–5.59) 5.5 3 10�4 3.89 (2.38–6.35) 4.7 3 10�8 2.82 (1.65–4.83) 1.5 3 10�4

rs2226952 G/T 2.29 (1.86–2.81) 2.0 3 10�15 1.61 (1.27–2.03) 5.6 3 10�5 2.14 (1.78–2.57) 5.1 3 10�16 1.61 (1.32–1.98) 3.8 3 10�6

Variants imputed using 1KG and TOPMed reference panels. The HBB gene is transcribed from the reverse strand of the genome (alleles called on the forward
strand). SNP, single nucleotide polymorphism; SCD, sickle cell disease; OR, odds ratio; CI, confidence interval; N/A, not applicable as rs334 is not imputed in
TOPMed.
The GOMF_HEMOGLOBIN_ALPHA_BINDING gene set

was significantly positively enriched (TOPMed imputa-

tion, beta (SD) ¼ 3.59 (0.70), p ¼ 3.47 3 10�7, FDR

p ¼ 0.0045); this signal was driven by the association sig-

nals in the b-globin locus.
Discussion

We find that variants in the b-globin locus are associated

with documented pneumonia in African American chil-

dren. The most strongly associated variant in the total

sample 1KG imputation analysis was rs334, which when

homozygous for the A allele, or as a compound heterozy-

gote, causes SCD. When we conditioned on SCD status,

all signals in the region (including rs334 and rs2226952),

were no longer significant. After conditioning on

rs334 in the TOPMed and 1KG imputed data, the most

significantly associated variant on chromosome 11 was

rs33930165. rs33930165 is in the same codon as rs334

(but not in LD with it) and the compound heterozygote

of the rs33930165 T allele and the rs334 A allele causes

SCD. Thus, it seems plausible that both rs334 and

rs33930165 contribute to the risk of pneumonia through

increased risk of SCD. We did not find evidence of an

increased risk of pneumonia in children who are heterozy-

gous for rs334 A allele but do not have SCD (children with

sickle cell trait) although we have limited power to detect

weaker associations.

Our findings are consistent with epidemiologic studies

showing an increased risk of pneumonia for children with

SCD.17 They are also consistent with the association of

rs334 with pneumonia defined by diagnosis code in adult

African American individuals in the BioVue cohort.13 Inter-

estingly rs334 was not associated with self-reported child-

hood or adult pneumonia in African American individuals

in the COPDgene study.14 This could be because of uncer-

tainties in self-reported pneumonia, or potential disenrich-

ment for individuals with SCD due to the requirement for

smoking>10 pack years andolder age of study participants.

Apart from rs344, we observed no significant increased risk

of pneumonia inAfricanAmerican childrenwith any of the

variants reported to be associatedwithpneumonia in adults
Huma
of European or African Ancestry,9,12,13,15 although we saw

nominal evidence of association in the same direction for

rs3131623, in the HLA class 1 region.9

The most strongly associated variant in the TOPMed

imputation analysis, rs2226952, resides within the

b-globin locus control region, an area involved in control-

ling expression of five developmentally regulated b-like

globin genes51–53 including the fetal hemoglobin genes,

whose levels of expression affect the severity of SCD.54,55

Individuals with lower levels of fetal hemoglobin have,

on average, more severe SCD54,55 and a higher risk of pneu-

monia55 and acute chest syndrome.56 However, in our

sample the previously reported hemoglobin F-associated

b-globin locus SNP, rs10128556,57 is in low LD (r2) with

rs2226952 (r2 ¼ 0.0258, Dʹ ¼ 0.931) and is not associated

with pneumonia at genome-wide levels (p ¼ 0.04). rs334

is not present in the TOPMed version r2 reference panel

because it was out of Hardy-Weinberg equilibrium likely

due to the shorter life expectancy in people with SCD

(individuals homozygous for the A allele) and/or due to

potential exclusion from the participating studies. rs344

is only moderately well imputed using the 1KG reference

panel. It is not clear if rs2226952 or another variant(s)

independently affects the risk of pneumonia. Overall, the

removal of reference panel variants out of Hardy-

Weinberg equilibrium because of poor genotyping quality

can increase the quality of the panel, but care has to be

taken to retain variants with strong effects on mortality

and those in LD with them. Imputation with future large

reference panels that include rs334 and substantial

numbers of African ancestry individuals will help clarify

this issue.

Because the pneumonia affected individuals were

collected without matching control individuals, we per-

formed our affected individual/control individual compar-

ison using existing MGI study control individuals which

had been previously genotyped using CoreExome array.

We chose to regenotype a subset of the MGI control indi-

viduals along with the affected individuals in order to

identify and remove variants that differed by more than

one genotype in control individuals thereby reducing the

likelihood of artifactual findings due to the use of different

arrays for genotyping the affected individuals and control
n Genetics and Genomics Advances 6, 100374, January 9, 2025 9



Table 4. Total sample results for published pneumonia GWAS variants

Published pneumonia GWAS signals Current total sample GWASa

Study First author Anc

Affected individuals
N/control
individuals Nb Gene region SNP

Effect/
non-effect
alleles

Effect allele
freq

OR/effect
directionc p value

Effect
allele
freq

OR/effect
direction p value

Consistent
effect
directiond

23andMe Tian9 EA 41K/90K HLA class I region rs3131623 T/A 0.85 1.1 1.99 3 10�15 0.93 1.47 0.017 yes

BioVue Chen13 EA 9K/61K CFTR rs113827944 A/G 0.021 1.84 1.84 3 10�36 0.004 0.33 0.22 no

BioVue Chen13 AA 2K/14K HBB rs334 A/T 0.058 1.63 3.5 3 10�13 0.08 2.76 5.9 3 10�19 yes

UK Biobank & FinnGen Campos12 EA 25K/526K NR rs11708673 A/T NR neg effect 4.21 3 10�8 0.11 1.01 0.96 no

23andMe & FinnGen Reay15 EA 74K/317K MHC rs9275211 C/T 0.18e 0.16f 1.06 3.83 3 10�14 0.14 1.08 0.45 yes

23andMe & FinnGen Reay15 EA 74K/317K upstream of MUC5AC rs11245979 C/T 0.31e 0.38f 1.05 7.25 3 10�11 0.75 1.11 0.26 yes

23andMe & FinnGen Reay15 EA 74K/317K TNFRSF1A rs4149581 C/T 0.42e 0.42f 0.96 3.22 3 10�9 0.13 0.89 0.34 yes

23andMe & FinnGen Reay15 EA 74K/317K near PTGER4 rs9283753 T/C 0.57e 0.50f 1.04 3.39 3 10�9 0.58 1.07 0.34 yes

23andMe & FinnGen Reay15 EA 74K/317K IL6R rs6684439 T/C 0.37e

0.30f
1.04 3.05 3 10�8 0.36 0.94 0.42 no

Anc, ancestry; SNP, single nucleotide polymorphism; freq, frequency; OR, odds ratio; EA, European Ancestry; AA, African Ancestry; NR, not reported; neg, negative.
aTOPMed imputation for all variants except rs334; 1KG imputation for rs334.
bAffected individuals and control individuals N values rounded to 1,000s.
cUsing the published study effect allele.
dConsistency of effect directions between the published study and in our GWAS (yes, same effect direction; no, opposite effect direction).
eNon-Finnish European ancestry effect allele frequency.
fFinnish European ancestry effect allele frequency.
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individuals. We chose to genotype samples using the

MEGA array which has more variants than the

CoreExome array and was designed to improve imputation

in non-European samples.58 This strategy affected our

analysis in two main ways. First, for the total sample we

had a smaller set of variants in common between the two

arrays (168K) than we would have had if we had used the

CoreExome array (188K) to genotype the affected individ-

uals and matched control individuals. However, the impu-

tation quality was only slightly less than it would have

been if we had chosen to genotype the affected individuals

on the CoreExome array. Second, our strategy resulted in a

smaller genotype-matched sample (n ¼ 1,000) imputed

from 835K variants which had higher imputation quality

than the total sample. To assess the relative power of the

total and the genotype-matched samples, we estimated

the effective sample size scaled by the average observed

imputation quality r2. We also used this strategy to assess

the Neffective_imputation_SNP for the rs334 variant. The impu-

tation quality adjusted-effective samples sizes informed

our decision to present results from the total sample in

the main text and to use the genotype-matched sample

to confirm results.

This study has several potential limitations. First, our

affected individuals are children from four communities

and our control individuals are adults undergoing elective

surgery at the University of Michigan. However, we

selected the affected individuals and control individuals

to have similar genetic ancestry distributions, and we cor-

rected for genetic ancestry using genetic principal compo-

nents. Second, because of the difficulty in ascertaining

which adults had a previous diagnosis of pneumonia using

billing codes, we did not assess pneumonia in the control

individuals. This likely reduced the power to detect vari-

ants associated with pneumonia, especially variants with

a weaker association. The adult control individuals also

had a higher rate of asthma and chronic lung disease

than reported in the general population.59,60 This may be

because control individuals were recruited from adults un-

dergoing elective surgery or diagnostic procedures which

may have enriched for individuals with pre-existing condi-

tions. Third, the difference we see between childhood

affected individuals and adult control individuals could

arise from a higher mortality rate from SCD as individuals

age. In newborn African American children, the prevalence

of SCD trait (individuals with a single SCD risk allele), is

estimated at 1 in 13 (7.6%) and of SCD is estimated at 1

in 365 (0.27%) (https://www.cdc.gov/ncbddd/sicklecell/

data.html). Within the pneumonia affected individuals,

59 of 482 pneumonia affected individuals (12%) had

SCD, and among the adult control individuals 13 of

2,048 (0.6%) had SCD, thus pneumonia affected individ-

uals were greatly enriched in children with SCD compared

with the expected number in children. Fourth, our Emer-

gency Department and hospital-based case samples may

have been enriched for children with SCD, due to

concerns about serious illness in children with SCD and
Human
pneumonia. However, our results are consistent with

GWAS results seen for African American adults with elec-

tronic health record-identified pneumonia.13 Fifth,

approximately three-fourths of our control individuals

were genotyped on a different array than affected individ-

uals. To reduce bias, we imputed variants for the total sam-

ple set using a highly concordant set of SNPs present on

both the MEGA and CoreExome arrays. We observed the

same b-globin locus signal in the genotyping-matched sub-

set. Lastly, we have a relatively small number of affected in-

dividuals (n ¼ 482) and there are almost certainly other

smaller effect size SNPs associated with pneumonia.

In summary, homozygous or compound heterozygous

SCD risk alleles for rs334 and rs33930165 are associated

with increased risk of pneumonia, indicating that most,

if not all, of the risk from this locus is due to the increased

susceptibility to pneumonia caused by SCD. These find-

ings suggest that being homozygous for the SCD risk

variant rs334 is the largest single variant genetic contrib-

utor to pneumonia risk in African American children

and adults.
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