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1  |  INTRODUC TION

Pathogens are one of the most powerful selection pressures in 
human evolutionary history.1 It is hypothesized that the geo-
graphic distribution of pathogens varied significantly between 
human populations as modern humans migrated out of Africa.2 
In turn, this variation in the magnitude and diversity of pathogen 
exposure across populations likely drove allele frequencies to 
diverge at loci influencing the host immune response via natural 
selection. Such past human evolution is expected to be reflected 

among individuals living today, and the study of modern human 
genomes coupled with functional immunological assays has the 
potential to reveal natural selection's contribution to phenotypic 
variation in immune responses within and between human popu-
lations. Insights from these studies can also inform the biological 
basis of varying susceptibility to infectious and autoimmune dis-
eases across populations.3–5

It is well- documented that the incidence and prevalence of 
many infectious and chronic complex diseases are unequally dis-
tributed between populations, particularly considering common 
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Summary
Humans exhibit considerable variability in their immune responses to the same im-
mune challenges. Such variation is widespread and affects individual and population- 
level susceptibility to infectious diseases and immune disorders. Although the factors 
influencing immune response diversity are partially understood, what mechanisms 
lead to the wide range of immune traits in healthy individuals remain largely unex-
plained. Here, we discuss the role that natural selection has played in driving phe-
notypic differences in immune responses across populations and present- day 
susceptibility to immune- related disorders. Further, we touch on future directions 
in the field of immunogenomics, highlighting the value of expanding this work to 
human populations globally, the utility of modeling the immune response as a dynamic 
process, and the importance of considering the potential polygenic nature of natu-
ral selection. Identifying loci acted upon by evolution may further pinpoint variants 
critically involved in disease etiology, and designing studies to capture these effects 
will enrich our understanding of the genetic contributions to immunity and immune 
dysregulation.
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2  |    RANDOLPH et al.

autoimmune disorders, including Crohn's disease (CD), type 1 di-
abetes, and psoriasis, among others.4,6–8 For example, the prev-
alence of inflammatory bowel disease is considerably higher in 
non- Hispanic White Americans compared to non- Hispanic Black 
Americans, Hispanic Americans, and Asian Americans.6,9 On the 
other hand, the prevalence of systemic lupus erythematosus is 
substantially higher in these three populations compared to non- 
Hispanic White Americans.10,11

In line with this, risk alleles associated with complex diseases 
are found at relatively high frequencies in certain populations com-
pared to others,12 raising the possibility that these now- deleterious 
loci may have been advantageous targets of local adaptation in the 
past. For example, nine putatively causal risk loci for CD located in 
NOD2, the first reported CD risk gene, display a combined allele fre-
quency of 13% in individuals of European descent.13 In contrast, the 
combined allele frequency across these same variants is only 0.06% 
among individuals of East Asian descent, suggesting that these risk 
alleles contribute little CD risk in East Asian individuals yet consider-
able CD risk in European individuals.14,15

In this Review, we discuss current knowledge concerning phe-
notypic variation in immune responses within and across human 
populations, the mechanisms driving such variation, and the impact 
of such diversity on present- day susceptibility to immune- related 
disorders. Finally, we explore future directions in this field, empha-
sizing the importance of extending the study of immune response 
variation to a broader array of human populations, contending that 
immune responses should be evaluated dynamically across time, and 
calling attention to the often- disregarded mechanism of polygenic 
selection on immune responses.

2  |  POPUL ATION VARIATION IN IMMUNE 
RESPONSES

In vitro challenge studies of primary immune cells or cell lines ob-
tained from individuals with varying genetic ancestry backgrounds 
represent a powerful approach to measure population differences in 
the immune response to infection (Figure 1). Indeed, multiple stud-
ies have successfully leveraged in vitro infection models to identify 
transcriptional variation in the immune responses to pathogens 
across individuals of different genetic ancestries.16–20 Two flagship 
studies focusing on the transcriptional profiles of monocytes and 
macrophages uncovered thousands of genes displaying a signifi-
cant divergence in the intensity of the response to various patho-
gens, including Listeria monocytogenes, Salmonella typhimurium, and 
influenza A virus (IAV), between African and European ancestry 
individuals in independent cohorts.16,17,21 Of note, a greater propor-
tion of global African ancestry was associated with a stronger pro- 
inflammatory response to bacterial challenge, and individuals with 
increased African ancestry were also better able to control intracel-
lular bacterial growth in macrophages compared to individuals with 
increased European ancestry, highlighting the potential functional 
consequences of the observed response variation.16

More recently, there has been a push to include samples ob-
tained from a broader set of populations as well as immune cell 
types. In particular, various studies have turned to single- cell RNA- 
sequencing of peripheral blood mononuclear cells (PBMCs) to mea-
sure genetic ancestry effects in the context of viral infections.18–20,22 
Because PBMCs are comprised of multiple, distinct immune cell 
types, single- cell methods can dissect independent signals from 
each cell population within the same experiment. Across cell types, 
genetic ancestry effects on gene expression were found to be highly 
cell type- specific, with the majority of effects only detected in one 
or two cell types.18 The interferon response provided one notable 
exception: following IAV infection, it was one of the most diverged 
pathways between European Americans and African Americans, a 
finding conserved across all cell types tested.18 Notably, increased 
European ancestry was associated with higher levels of intracellular 
IAV transcripts early upon infection and a stronger interferon re-
sponse, implicating potential population- associated variation in viral 
control mechanisms.18,20

3  |  THE ROLE OF ENVIRONMENT IN 
HUMAN IMMUNE RESPONSE VARIATION

Both genetic and nongenetic factors23,24 shape immune response 
heterogeneity and defining the relative contribution of these com-
ponents to immune response diversity is a principal goal of human 
immunogenomics research. Many studies define genes differentially 
expressed between populations as those with expression levels sig-
nificantly correlated with global genetic ancestry. Because of this, it 
stands to reason that a significant fraction of the signal identified is 
driven by environmental confounders that are correlated with quan-
titative genetic ancestry estimates, not genetic associations them-
selves. Indeed, environmental factors, such as age, sex, microbiome, 
previous exposure to pathogens, etc., are responsible for immune 
response variation across individuals to a large extent. Age- related 
effects on the immune system have been well characterized, and 
it is known that immune function declines as a consequence of 
aging. Specifically, elderly individuals produce fewer B and T cells 
in primary lymphoid organs and harbor immune cells with reduced 
functional capacity, leading to overall weaker immune responses 
compared to younger individuals.25 Likewise, immunological differ-
ences associated with sex have been widely described. In general, 
adult females mount stronger immune responses compared to adult 
males, resulting in more rapid pathogen clearance, greater vaccine 
effectiveness, and increased susceptibility to autoimmune and in-
flammatory diseases in females.26 Age and sex have also been shown 
to directly impact the transcriptional response of immune genes in 
a wide- ranging but cell type- specific manner, with CD8+ T cells me-
diating age effects and CD4+ T cells and monocytes mediating sex 
effects on expression.23

In addition, an individual's prior infection history partly deter-
mines their subsequent immune responses to previously encoun-
tered and novel pathogens owing to adaptive immune memory, 
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    |  3RANDOLPH et al.

F I G U R E  1  Overview of the workflow 
to identify signatures of selection at 
cis- regulatory regions of the genome 
linked with phenotypic immune response 
differences. (A) Samples (i.e., whole blood 
or PBMCs) from individuals with diverse 
genetic backgrounds are collected and 
challenged in vitro with pathogens or 
immune stimuli. (B) Various molecular 
traits, including gene expression levels 
and epigenetic marks (e.g., chromatin 
accessibility, histone tail modifications, 
DNA methylation levels) are measured in 
both non- infected and infected immune 
cells. (C) Gene expression and epigenetic 
quantitative trait loci (QTL) are mapped 
separately for each infection condition. 
At a QTL (e.g., expression QTL in the 
infected condition, dark green), individuals 
display variation in some quantitative 
trait, with each copy of an allele additively 
increasing the quantitative trait (here, the 
G allele increasing expression). Therefore, 
AA individuals display the lowest levels 
of the quantitative trait, while GG 
individuals display the highest. Response 
QTL occur when a QTL is exclusive to 
the infection condition and does not 
appear in the baseline, non- infected 
state. (D) Colocalization is performed 
between summary statistics derived 
from genome- wide association studies 
(GWAS) of immune- related diseases and 
results from QTL analyses to determine 
whether significant GWAS hits and QTL 
loci share genetic signals. Signatures of 
recent positive selection (FST and iHS) are 
then evaluated among loci that exhibit a 
genetic colocalization signal, revealing loci 
that likely were acted upon by evolution 
and that may contribute to mechanisms of 
disease.
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4  |    RANDOLPH et al.

heterologous immunity, and trained immunity.27–29 While these 
mechanisms of immune memory directly influence the immune 
response itself, pathogens may also exert effects that impact re-
sponses indirectly through other means, such as altering cell type 
composition. For example, latent cytomegalovirus (CMV) infection 
has been shown to remodel the lymphoid compartment, account-
ing for up to 73% of population differences in lymphocyte cell type 
proportions between healthy donors originating from Central Africa 
and Western Europe.22 In Europeans, positive CMV serostatus is 
associated with higher proportions of memory- like NK cells, which 
are characterized by an exhaustion phenotype, and CD8+ effector 
memory T cells that re- express CD45RA, which harbor a cytotoxic 
and pro- inflammatory phenotype.22 This suggests that differences 
in cell type composition due to CMV infection partially govern the 
response to infection.

Other environmental factors closely linked with societal inequal-
ities rather than biological traits, such as socioeconomic status and 
differences in access to healthcare, also contribute to immune re-
sponse heterogeneity across individuals and populations. For exam-
ple, in the United States, racial and ethnic minorities are at much 
higher risk of significant morbidity and mortality due to IAV infec-
tion and COVID- 19 compared to non- Hispanic white Americans.30,31 
Given the disproportionate access to healthcare and other health 
disparities in the United States, much of this imbalance can be at-
tributed to health inequities caused by structural and social deter-
minants. Although these biases likely lead to measurable differences 
between individuals that are not genetically controlled, it is difficult 
to tease apart their relative contributions to variation in immune re-
sponse phenotypes because other nongenetic and genetic factors 
are often confounded.

Finally, studies of gene–environment interactions, which aim 
to define how genetic and environmental factors jointly affect re-
sponse outcome or disease risk, are becoming more common as 
cohort sample sizes rise.32 The importance of these non- additive 
effects in modifying the immune response cannot be discounted, 
although they are generally less well- characterized in the context 
of human health at present due to the difficulty of identifying such 
loci. Combining genomic data with self- reported ancestry labels and 
electronic health records is a valuable way to measure fine- scale 
population structure that, in some cases, is linked to shared culture 
and environment.33 Using this approach, the prediction of complex 
disease risk can be improved within fine- scale groups.33 Therefore, 
a better understanding of both genetics and environment is needed 
to push the field of genomic medicine forward, and defining the 
relative contribution of genetics versus environment to immune re-
sponse variation is of great interest.

4  |  MAPPING THE GENETIC BA SIS OF 
IMMUNE RESPONSE VARIATION

Although a considerable amount of heterogeneity in the response to 
infection can be ascribed to environmental factors, genetic variation 

at loci throughout the genome also plays a substantial role in ex-
plaining population variation in immune responses.16,17,23,34 Through 
the study of human genomes, the genetic underpinnings of complex 
immune- related diseases can be linked with molecular traits and 
clinically relevant variables to better define the genetic architecture 
of these phenotypes. Genome- wide association studies (GWAS) 
represent one approach to carry out trait mapping, with the prin-
cipal goal of GWAS being to pinpoint regions of the genome that 
are associated with complex diseases and traits. These studies rely 
on sampling many (~thousands to millions) unrelated individuals to 
assess whether any shared common genetic variants are overrepre-
sented among individuals with a particular disease or trait compared 
to healthy control individuals.

While GWAS have proven successful in identifying risk alleles 
for many complex diseases, including autoimmune, cardiovascular, 
metabolic, and neurodegenerative disorders, relatively few infec-
tious disease GWAS have been performed in comparison.35 GWAS 
for various viral (human immunodeficiency virus, IAV, hepatitis B/C 
virus, etc.) and bacterial (Staphylococcus aureus, Mycobacterium tu-
berculosis, etc.) infections exist, although these have attained only 
modest success, with few variants reaching genome- wide signif-
icance and minimal shared signals across studies considering the 
same pathogen.35 More recently, the role of host genetics in SARS- 
CoV- 2 infection and COVID- 19 severity was investigated in a set of 
three of the largest infectious disease GWAS meta- analyses con-
ducted to date, consisting of up to ~50,000 patients with COVID- 19 
across 46 studies globally.36 Of greater success than previous in-
fectious disease GWAS, these meta- analyses revealed 13 indepen-
dent variants reaching genome- wide significance, most of which 
displayed relatively small effect sizes but were shared between two 
or more COVID- 19 phenotypes.36 These findings indicate that very 
large sample sizes are needed to reach adequate power to detect in-
fectious disease trait associations genome- wide, which are difficult 
to obtain except in extraordinary circumstances. Of note, among the 
significant trait- associated loci identified by complex disease GWAS 
more generally, the vast majority are located in non- protein coding 
regions of the genome,37 pointing towards gene regulatory variation 
as a crucial factor in modulating disease risk.

In parallel with association studies, quantitative trait loci (QTL) 
mapping studies have been used to map quantitative traits of in-
terest (e.g., gene expression, protein expression, chromatin acces-
sibility, etc.) to genomic regions. Expression QTL, or eQTL, studies 
map gene expression phenotypes to particular genomic loci by com-
bining measures of gene expression with genome- wide genotyping 
data.38–40 eQTL have been identified in an extensive variety of cell 
types and environmental contexts, and their study has significantly 
shaped our understanding of gene regulation and the genetic archi-
tecture of gene expression.41–43 More specifically, eQTL mapping 
has proven to be uniquely powered to identify genetic factors that 
explain between- individual and between- population variation in 
the immune response to pathogens,16,44–47 identifying thousands of 
variants associated with the expression levels of infected immune 
cells or the response to immune challenge.
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    |  5RANDOLPH et al.

Prior studies have demonstrated empirically that popula-
tion differences in the gene expression response to infection 
are partially under genetic control.16,17 Both cis-  and trans- acting 
regulatory variants have been shown to markedly influence 
population- associated immune response variation. Considering 
genome- wide patterns, changes in allele frequencies of cis- eQTL 
across populations explain, on average, 30%–50% of ancestry- 
associated differences in immune responses to bacterial and viral 
infections in monocytes, macrophages, and other cell types in 
PBMCs.16–18 In an in vitro infection model of PBMCs challenged 
with SARS- CoV- 2, response eQTL (i.e., genetic variants affecting 
the magnitude of the gene expression response to infection) ex-
hibited increased population differentiation specifically in individ-
uals of East Asian descent, with ~5% of these variants displaying 
signals of local adaptation in East Asians.22 Altogether, these data 
point to a considerable genetic component driving variation in im-
mune responses among populations today.

Specific loci have also been implicated in the control of 
population- associated differences in the immune response. One 
common missense variant in ERAP1, rs27895, has been shown to 
increase IAV burden in lymphoblastoid cell lines in vitro, which was 
replicated in a human influenza challenge study in vivo, and is known 
to exhibit population differentiation globally.19 The ancestral C al-
lele of rs27895, which is associated with IAV resistance, is nearly 
fixed in East Asian populations, whereas the derived T allele is more 
common throughout the rest of the world (minor allele frequency, 
MAF = 6.4% in European populations and 23.8% in African popula-
tions in the 1000 Genomes Project48). Indeed, cell lines from popula-
tions with a higher frequency of the C allele are more protected from 
IAV in vitro, suggesting this variant has a functional consequence 
and may play a role in mediating population differences in suscepti-
bility to viral infection.19

5  |  POSITIVE SELEC TION ON 
E XPRESSION QUANTITATIVE TR AIT LOCI

Positive selection, a form of natural selection in which advantageous 
genetic variants sweep to high frequency in a population, has sub-
stantially influenced the evolution of the human genome.49,50 Genes 
that play a central role in innate immunity and immune defense 
pathways exhibit clear signatures of positive selection in present- 
day human populations.51,52 Several studies have shown that regions 
targeted by positive selection are enriched for genes known to be 
involved in susceptibility to infectious diseases,1,53 further indicating 
that genetic factors play a role in shaping the response to patho-
gens. RNA viruses, such as lentiviruses and orthomyxoviruses, have 
imposed some of the strongest evolutionary pressures on humans, 
with genomic footprints of these viruses present in modern genomes 
today.54,55 Specifically, introgressed segments of the human genome 
derived from ancient hominid populations, like Neanderthals, are 
enriched for proteins known to interact with viruses. These regions 
likely represent adaptively introgressed segments that conferred 

a selective advantage when first introduced into modern human 
populations.54,55

Past selection imposed by pathogen exposure has been specu-
lated to contribute to variation in the prevalence of infectious and 
autoimmune diseases across human populations5,21; however, it 
remains unclear the extent to which past positive selection on pu-
tatively causal cis- regulatory variants underlies variation in immune- 
related disease risk across populations. To address this question, we 
performed colocalization analysis using a publicly available single- 
cell RNA- sequencing dataset derived from healthy donor PBMCs 
challenged with IAV or a mock negative control.18 Colocalized eQTL 
are expected to be strongly enriched for causal drivers of variation 
in disease susceptibility across individuals. We considered the union 
set of significant eQTL detected across all cell types (CD4+ T cells, 
CD8+ T cells, B cells, monocytes, and NK cells) and conditions in 
the Randolph et al. dataset (local false sign rate <0.10, defining a 
gene with an eQTL as an “eGene”) and 14 publicly available GWAS 
summary statistics for 11 autoimmune and immune- related diseases 
(Table S1) as previously described.56 Across all diseases, we colocal-
ized eQTL in the Randolph et al. study18 with a total of 95 GWAS 
variants (Figure 2A, Table S1).

To analyze a broader array of immune- related colocalization sig-
nals, we combined the Randolph et al. data with colocalization re-
sults for bulk eQTL in 18 immune cell types from three large immune 
eQTL studies (DICE [n = 91],57 DGN [n = 922],58 and BLUEPRINT 
[n = 197]59) for the same 14 autoimmune and immune disease 
GWAS.56 Using this approach, we identified 1030 colocalized 
GWAS hits across the 11 traits (mapping to 536 eGenes, Table S1). 
We subsequently investigated whether these potential causal vari-
ants showed signs of natural selection among Northern Europeans 
from Utah (CEU) and the Yoruba in Ibadan, Nigeria (YRI) based on 
data from the 1000 Genomes Project.48 To do this, we utilized two 
methods: the integrated haplotype score (iHS60) and extreme values 
of population differentiation (FST). iHS represents a measure used 
within a population to identify recent positive selection, focusing 
on the length of haplotypes. On the other hand, FST is a between- 
population measure that assesses population differentiation through 
extreme value analysis. iHS scores were calculated using population- 
specific genetic maps with hapbin (v.1.3.0),61 and FST statistics were 
calculated using an approach analogous to Weir and Cockerham's 
method.62,63

Far more colocalized loci display high |iHS| scores (values >95th 
percentile of the genome- wide distribution) in the CEU population 
than expected by chance (p = 0.008, Figure 2B), while no significant 
enrichment was detected in the YRI population. In our analysis, we 
only considered unlinked single nucleotide polymorphisms (SNPs) 
in an eGene (r2 < 0.8 calculated with PLINK [v1.9]64); for each set 
of SNPs with an r2 > 0.8, we only kept the SNP with the highest 
|iHS| value. p- values were calculated using a permutation- based 
approach considering an empirically- derived null distribution that 
mimicked the MAF distribution and underlying linkage disequi-
librium structure of the true data. Our results suggest that nat-
ural selection has acted on these cis- regulatory autoimmune and 
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6  |    RANDOLPH et al.

immune disease- related risk variants, particularly in Europeans, 
with the caveat that the vast majority of GWAS studies to date 
have focused exclusively on individuals of European ancestry.65 

This bias prevents us from detecting signatures of selection among 
GWAS loci unique to African- ancestry individuals. Moreover, we 
observed that colocalized genes are more likely to be differentially 

F I G U R E  2  Recent positive selection has acted on cis- regulatory variants implicated in disease risk. (A) Number of shared and condition- 
specific colocalization hits identified across cell types (x- axis) in the 11 autoimmune traits tested (y- axis) in Randolph et al.18 (B) Proportion 
of independent, colocalized lead genome- wide association studies (GWAS) loci that have |standardized iHS| values >95th percentile of 
the genome- wide distribution among SNPs with >5% MAF (CEU: green triangle, p = 0.008, YRI: yellow triangle, p = 0.283) compared 
to random expectation when sampling the same number of SNPs 1000 times from all variants with a MAF >5% in an LD- matched and 
MAF- matched manner (density distributions) among all autoimmune traits. (C) Proportion of genes with a colocalization signal that are 
differentially expressed between populations (pink triangle, p = 0.007) compared to random expectation when sampling the same total 
number of genes 1000 times from all genes tested (density distribution) among all autoimmune traits. (D) FST and |standardized iHS| values 
among the colocalized hits shown in (A) as well as those identified in the harmonized bulk eQTL data. FST values are plotted on the x- axis, 
while |iHS| values are plotted on the y- axis (top: CEU, bottom: YRI). Dotted lines show the 95th percentile of the genome- wide distribution 
for the respective selection statistic (FST = 0.398, |iHS| CEU = 1.92, |iHS| YRI = 1.95). eGenes with a selection statistic >95th percentile are 
represented by a colored point, and colors represent the autoimmune or immune disease- related trait for which a colocalization signal is 
detected (here, the multiple inflammatory bowel disease, ulcerative colitis, and Crohn's disease GWAS have been collapsed into a single 
label).

(A)

(B)

(C)

(D)
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    |  7RANDOLPH et al.

expressed between populations than expected by chance (35.8% 
are classified as differentially expressed between populations; 
p = 0.007, p- value calculated using a permutation- based approach 
from an empirically- derived null distribution containing all genes 
tested in the eQTL analysis) (Figure 2C), pointing to a potential ge-
netic contribution for the differences in the incidence of autoim-
mune and inflammatory disorders reported between African and 
European- ancestry individuals.5

Within the set of 536 colocalized eGene- SNP pairs, 48 eGenes 
carried a signature of recent positive selection in either the CEU 
or YRI populations (|iHS| or FST >95th percentile of the genome- 
wide distribution) (Figure 2D). Many of these genes involve crucial 
immune- related functions. For example, the CD- susceptibility risk 
variant rs2284553 colocalizes with IFNGR2, the gene encoding the 
beta chain of the IFN- γ receptor, in naïve CD8+ T cells (Figure 3A). 
This variant is found at much higher frequency in the CEU pop-
ulation (MAF = 0.45) than the YRI population (MAF = 0.05) 
(Figure 3B) and shows a signature of recent positive selection in 
the CEU (iHS = 2.22). Another variant detected in the allergic dis-
ease GWAS, rs5743618, maps to a non- synonymous SNP located 
in TLR1 that is also an eQTL for the nearby gene TLR6 (Figure 3C). 
This variant compromises NF- κB signaling and activation to pro-
duce an attenuated inflammatory response66 and is a known trans- 
regulatory hotspot.17,23 Notably, it is found at low frequency in the 
YRI population (derived allele frequency [DAF] = 0.04) but at an el-
evated frequency in the CEU population (DAF = 0.67, Figure 3D).21 

This difference in allele frequency alone explains the positive cor-
relation between African genetic ancestry and the transcriptional 
response to immune stimulation with antigens that signal through 
TLR1.16,17,21

These results provide evidence that recent, local positive 
selection has acted on putatively causal regulatory risk variants 
associated with common immune- related diseases in GWAS, 
strengthening the link between pathogen- mediated selection and 
susceptibility to autoimmune disorders.5,67,68 The connection be-
tween infectious diseases and chronic inflammatory disorders is 
further supported by reports spanning the last two decades that 
some pathogens contribute to, and possibly cause, the develop-
ment of certain chronic inflammatory and autoimmune diseases 
(e.g., Epstein–Barr virus and systemic lupus erythematosus, rheu-
matoid arthritis, and multiple sclerosis; Mycobacterium avium and 
CD; Yersinia enterocolica and inflammatory bowel disease69–74). 
More recently, evidence has emerged suggesting that one variant 
in ERAP2 (rs2549794) is protective against infection with Yersinia 
pestis, as it leads to increased control of intracellular Y. pestis rep-
lication in macrophages ex vivo and shows a signature of recent 
positive selection.75 While seemingly protective against Y. pestis, 
this ERAP2 variant is also a known risk factor for CD and type I di-
abetes, suggesting that the selective advantage conferred by this 
allele is likely context- specific.75,76 In the presence of Y. pestis his-
torically, rs2549794 might have provided an evolutionary advan-
tage among human populations; however, this potentially came 

F I G U R E  3  Colocalization signals in relevant immune genes. (A) IFNGR2 colocalizes with rs2284553 in naïve CD8+ T cells in the Crohn's 
disease Genome- wide association studies (GWAS).113 (B) Global distribution of the alleles at rs2284553 (A: blue, G: yellow). (C) TLR6 
colocalizes with rs5743618 in classical CD14+ monocytes in the allergic disease GWAS. (D) Global distribution of the alleles at rs5743618 (C: 
blue, A: yellow). For both (A) and (C), the larger plot on the left shows the correlation between GWAS p- values (x- axis) and eQTL p- values (y- 
axis). Smaller plots on the right show the Manhattan plots for the GWAS signal (top) and the eQTL signal (bottom). Plots in (B) and (D) were 
generated with the Geography of Genetic Variants Browser.114

 1600065x, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/im

r.13329 by U
niversity O

f C
hicago L

ibrary, W
iley O

nline L
ibrary on [05/04/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



8  |    RANDOLPH et al.

at the cost of an overactive immune system in the absence of Y. 
pestis, contributing to disease risk in the modern day. More gener-
ally, the study of ancient DNA has revealed that the frequency of 
risk alleles for inflammatory disorders increased in post- Neolithic 
Europeans, possibly because of antagonistic pleiotropy following 
genetic adaptation to pathogens.77,78 Collectively, these findings 
shed light on human evolutionary history, suggesting that at least 
some present- day autoimmune risk loci may have been adaptive 
and conferred a functional benefit in the past.

6  |  POPUL ATION VARIATION IN THE 
EPIGENOME

Epigenetic mechanisms have been shown to play a central role in the 
regulation of immune responses to bacterial and viral pathogens.79–89 
Thus, it is likely that variation in epigenetic profiles across individu-
als and populations considerably contributes to population varia-
tion in innate immune responses and susceptibility to disease. The 
field of population epigenomics has primarily concentrated on the 
differences in DNA methylation levels among individuals. Recently, 
however, the scope has expanded to include a wider range of epige-
netic modifications and their complex interactions with gene regula-
tion.89–92 For example, Aracena et al. performed an in- depth genetic, 
epigenetic, and transcriptional profiling of primary macrophages de-
rived from European-  and African- ancestry individuals before and 
after IAV infection.89 These data revealed that baseline epigenetic 
profiles are strongly predictive of the transcriptional response to IAV 
across individuals, supporting the concept that changes in gene ex-
pression in response to IAV infection are, in part, influenced by the 
pre- existing epigenetic states of an individual's cells.

In addition, Aracena et al. have shown that ancestry- associated 
differences in the immune response to IAV infection are tightly linked 
to changes in enhancer activity, as measured by the level of H3K4 
monomethylation (H3K4me1) on histones (Figure 4A).89 In contrast, 
genetic ancestry has a limited contribution to population variation in 
promoter- associated H3K4me3 histone methylation (explaining only 
2% of the total variance) and CpG methylation levels (explaining less 
than 1% of the total variance) (Figure 4A).89 These data suggest that 
variation in enhancer activity is the primary epigenetic mechanism 
underlying differences in immune regulation among populations.

Despite meaning “above the genes”, epigenetic variation across 
individuals is influenced by genetic variation.59,89–95 In macrophages, 
for example, ~52% of population variation in chromatin accessibility 
is explained by differences in allele frequencies of genetic variants 
associated with chromatin accessibility levels.89 This fraction rises 
to up to 65% for DNA methylation differences,89,92 revealing that 
genetic ancestry- associated diversity in the epigenetic landscape is 
strongly genetically controlled. Comparatively, 13%–54% of popu-
lation variation in gene expression has been explained by genetic 
factors,16–18,89 underscoring the fact that, for some cell types, epi-
genetic variation is even more dependent on underlying genetics 
than gene expression variation.

7  |  EPIGENETIC QTL AND 
SUSCEPTIBILIT Y TO IMMUNE DISORDERS

Genetic variants that impact the epigenome of immune cells may 
provide additional insight into the biological relevance of GWAS 
variants associated with immune disorders. Supporting this view, 
Aracena et al. report that epigenetic QTL greatly increase—by ap-
proximately 10- fold—the number of variants that colocalize be-
tween GWAS variants and regulatory variants using the same 14 
autoimmune and immune disease- related GWAS considered above 
(Table S1).89 Of all colocalized variants, 93% were captured only 
when considering epigenetic QTL, revealing that the interplay be-
tween genetic and epigenetic variation can provide valuable insight 
into how GWAS loci act within gene regulatory networks. Evidence 
of selection on epigenetic variants may further prioritize candidates 
for disease treatment and therapeutic development. Interestingly, 
using the data first presented in Aracena et al., we found that signifi-
cantly more colocalized SNPs showed a signature of natural selec-
tion (17%, p < 2.2e- 16) than expected by chance, considering either 
high FST values between the CEU and the YRI populations or high 
|iHS| scores in the CEU population (values >95th percentile of the 
genome- wide distribution) (Figure 4B). Of these, all are epigenetic 
QTL, suggesting that genetic variants controlling epigenetic modi-
fications have an impact on organismal fitness and can capture evi-
dence of selection on gene regulation.

8  |  DISCUSSION

Here, we argue that natural selection has acted on disease- relevant 
variants and that differences in the frequencies of these variants 
between populations likely contribute in part to the observed popu-
lation differences in immune- related phenotypes seen among in-
dividuals today. Interrogating positive selection signatures among 
loci that colocalize between GWAS variants and variants associated 
with a quantitative trait, whether that trait be gene expression or 
an epigenetic modification, can point to variants that likely play a 
functional role in disease. However, our understanding of popula-
tion variation in immune responses and natural selection's role in 
shaping this variation is still in its infancy. Most studies assessing 
population- level immune response heterogeneity have ignored the 
dynamic nature of the immune response, only sampling quantita-
tive traits at a single time point post- infection, and have greatly re-
stricted the genetic diversity that is surveyed, only considering two 
or three populations at most. Further, almost all studies have failed 
to consider natural selection in a polygenic context, instead choos-
ing to focus on the detection of single outlier loci when conduct-
ing genomic scans for selection. Going forward, it will be crucial to 
prioritize immunogenomics studies that (1) cover a greater range of 
populations globally, considering both genetic and environmental di-
versity, (2) evaluate population variation in the response to immune 
challenges in a dynamic manner, and (3) develop tools that allow 
testing for polygenic selection.
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8.1  |  Expanding the global diversity of 
immunogenomics studies

One of the most critical gaps in biomedical research today is the 
lack of non- European ancestry individuals in genomics studies, spe-
cifically among cohorts designed to characterize immune variation 
among healthy individuals in the general population. Most genomics 
studies to date—approximately 86%—have been conducted solely 
in individuals of European descent.96 Increasing representation of 
global populations in genomics studies that address immune re-
sponse variation will bolster our awareness of the functional hetero-
geneity that exists today. Specifically, extending population studies 
of immune responses to a larger array of genetic backgrounds may 
reveal differences in the frequencies of disease- relevant alleles and 
unique population- associated variation in immune gene regulation. 
Investing in the sampling of diverse cohorts will also likely advance 
our understanding of disease etiology, with the ultimate goal of mak-
ing genomics research more broadly applicable to ensure an equita-
ble distribution of the benefits promised by personalized medicine. 
Of note, precautions must be taken to safeguard individuals within 
historically underrepresented populations in scientific research from 
exploitation. Research projects that: (1) clearly define how donor 
samples will be collected, used, and/or banked through proper in-
formed consent, (2) engage with communities through the sharing 
of research results and data, and (3) involve local scientists and insti-
tutes in the research efforts must be the standard to increase inclu-
sivity and protect against the misuse of data and samples.

8.2  |  Mapping dynamic immune response variation

Much of the immune response QTL literature focuses on the early 
response of innate immune cells (~hours) to experimental challenges. 
These studies are limited in their conclusions considering variation 
in the adaptive immune response. Experiments tailored to measure 
population- associated variation in T and B cell responses are needed 
to supplement these findings. Specifically, studies that seek to char-
acterize transcriptional variation as well as T- cell and B- cell receptor 
repertoire diversity across individuals and populations will allow us 
to discern the extent of adaptive response heterogeneity. Further, 
studies that exploit the interconnected nature of the immune system 
will allow us to more comprehensively assess how variation in innate 
immunity impacts adaptive immunity, how variation in cell–cell in-
teractions and paracrine signaling dictate response differences, and 
how both arms of the immune system work together to give rise to 
an overall phenotype.

A natural extension of surveying variation in the immune re-
sponse at longer time scales involves investigating the dynamics 
of gene regulation throughout an immune response, or measuring 
how gene regulatory effects change over time following infection. 
Most immune response QTL studies to date have failed to account 
for the dynamic nature of the immune response, as they have only 
probed gene regulatory patterns at a single time point. To study 
the dynamics of gene regulation, experiments in which time series 
gene expression data are generated at detailed temporal resolu-
tion are needed. The objective of these studies would be to map 

F I G U R E  4  Population variation in epigenetic mechanisms. (A) Proportion of variance associated with genetic ancestry across molecular 
traits (ATAC: assay for transposase- accessible chromatin; H3K27: histone 3 lysine 27; H3K4: histone 3 lysine 4; ac: acetylation; me1: 
monomethylation; me3: trimethylation; WGBS: whole genome bisulfite sequencing [DNA/CpG methylation]). The mean across the non- 
infected and IAV- infected conditions is plotted.89 (B) FST and |standardized iHS| values among the hits that colocalize between various 
molecular traits (epigenetic and/or gene expression, designated by the point shape). FST values are plotted on the x- axis, while |iHS| values 
(CEU) are plotted on the y- axis. Dotted lines show the 95th percentile of the genome- wide distribution for the respective selection statistic 
(FST = 0.398, |iHS| CEU = 1.92). eGenes with a selection statistic >95th percentile are represented by a colored point, and colors represent 
the autoimmune and immune disease- related trait for which a colocalization signal is detected (here, the multiple inflammatory bowel 
disease, ulcerative colitis, and Crohn's disease genome- wide association studies have been collapsed into a single label).
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QTL that show an interaction with time (e.g., genetic effects that 
only appear early or late in the response) or identify QTL asso-
ciated with some component of the immune response trajectory 
(e.g., overall magnitude of the response or the global maximum 
immune response).

Dense time course experiments are difficult to perform with 
primary human cells and tissues due to irregularities in patient sam-
pling and availability, potentially leading to the introduction of major 
batch effects. Historically, cell lines have been used to mitigate 
these issues; however, cell lines do not always faithfully recapitulate 
features of their primary cell counterparts, especially considering 
karyotype and cell marker expression,97 and they cannot match the 
genetic diversity represented across individuals because they often 
stem from a single donor. More recently, researchers have turned to 
induced pluripotent stem cells, or iPSCs, as they represent an alter-
native source of biological material that overcomes these problems. 
iPSCs are cells that have been reprogrammed from adult somatic 
cells (e.g., fibroblasts) into an induced state of pluripotency and self- 
renewal.98,99 These cells are advantageous because they can self- 
renew indefinitely, can feasibly be generated from any individual, 
and, theoretically, have the capacity to undergo directed differen-
tiation into any cell type present in the three primary germ layers of 
the human body.

Because of these properties, iPSCs are an attractive model to 
study tissue types that are difficult to obtain as primary samples, 
such as tissue- derived immune cells. Further, they allow for the 
design of more complex studies (e.g., a multiple time point time 
course in which hundreds of thousands of cells would be needed 
for each time point) because cell cultures can be scaled up,100 
which is difficult or impossible to do with primary immune cells. 
They are also an excellent model to study the genetic basis of 
complex human traits as they preserve phenotypic differences 
between individuals. Indeed, 5%–46% of the variation in iPSC phe-
notypes arises from differences between individuals, and many of 
these phenotypes can be mapped to specific loci, which demon-
strates their utility as a powerful model for immune response 
eQTL studies.101,102 Notably, immune cells derived from iPSCs are 
a stable, renewable source. Because of this, large- scale iPSC banks 
could be established to study immune responses and their genetic 
determinants reliably and reproducibly. Therefore, studies that 
seek to examine immune response dynamics across individuals 
would benefit from relying on iPSCs as a resource.

8.3  |  Exploring polygenic selection

Traditional tests of positive selection, such as iHS and FST,60,103 rely 
on outlier approaches to pinpoint positively selected regions in the 
genome that recently swept to high frequency. GWAS performed 
in human populations have revealed that a large number of traits 
and common complex diseases are polygenic in nature, with many 
loci contributing to the overall trait or disease phenotype.104 It is 
therefore likely that standing genetic variation directly contributing 

to these polygenic phenotypes was selected upon as a unit, in turn 
driving subtle shifts in allele frequencies across many loci.105,106 
Positive selection scans based on detecting selective sweeps at 
individual loci fail to capture the small changes expected to occur 
at multiple loci characteristic of polygenic selection, so alternative 
approaches must be used. Current tests for polygenic selection are 
subject to confounding factors (e.g., population structure and/or en-
vironmental effects in GWAS summary statistics), suffer from effect 
size misestimation,106 or rely on a priori information about gene sets 
involved in particular biological processes.18,107 Due to these draw-
backs, examples of clear polygenic adaptation throughout human 
evolution are rare. Despite this, a handful of previous studies have 
described putative instances of polygenic selection using predeter-
mined gene ontology sets to jointly analyze loci in particular path-
ways,18,107 demonstrating the utility of tests that integrate empirical 
data in the search for polygenic adaptation signatures.

The advent of CRISPR/Cas9 as a genome editing tool, along with 
its many variants that enable the precise editing of regulatory and 
epigenomic landscapes in a high- throughput manner, has revolution-
ized the genomics field. CRISPR screens have been widely used to 
introduce genetically encoded perturbations in pools of target cells, 
which are then challenged with an experimental pressure (e.g., drug 
treatment), to reveal mutations that confer resistance or susceptibil-
ity to the challenge. In the traditional sense, pooled CRISPR screens 
in CRISPR- edited iPSC- derived immune cells followed by pathogen 
challenge unlocks the possibility of probing coding and regulatory 
elements in disease- relevant cell types to identify and causally test 
whether perturbation results in significant changes to expression 
pattens or relevant downstream phenotypes, such as sensitivity to 
infection.108,109

Pooled CRISPR screens can also be used to investigate and em-
pirically define trans- regulatory networks,108 which in turn makes it 
possible to explore and quantify signals of polygenic selection with-
out the need to rely on known gene sets or possibly confounded 
GWAS statistics. Historically, identifying trans- eQTL has proven to 
be difficult as very large sample sizes are required to map these loci 
using traditional methods, partly due to their much smaller effect 
sizes compared to cis- eQTL.110 Most QTL studies have largely dis-
regarded the existence of any trans effects; thus, these regulatory 
networks are poorly defined. Yet, it is well known that many human 
traits exhibit polygenic genetic architecture.111 More recently, an 
extension of this known polygenic framework was proposed in the 
“omnigenic model”, which posits that gene regulatory networks are 
highly interconnected and that most genes expressed in disease- 
relevant cells affect disease risk via network effects.112 Both poly-
genic and omnigenic genetic architectures support the idea that 
trans effects are pervasive and, although individually small, are cu-
mulatively relevant and necessary to wholly understand disease risk.

Considering polygenic and omnigenic traits, an alternative 
method to detect trans- regulated genes involves the use of CRISPR 
editing to experimentally edit genes of interest and subsequently 
measure changes in expression of other genes. Through genome- 
wide CRISPR perturbations, both upstream and downstream 

 1600065x, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/im

r.13329 by U
niversity O

f C
hicago L

ibrary, W
iley O

nline L
ibrary on [05/04/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



    |  11RANDOLPH et al.

regulators of disease genes can be defined in a network discovery 
step in which cis-  and trans- regulatory relationships are uncovered 
in a targeted way. Once a trans network is defined empirically, the 
overrepresentation of trait- increasing or trait- decreasing alleles 
can be tested among individuals with high or low trait values, re-
spectively, within genes in that network. Traits under polygenic 
selection are expected to show unidirectional allelic bias that is 
consistent with the trait of interest, e.g., if significantly more trait- 
increasing alleles are found in populations with high trait values 
than expected by chance, then that trait may exhibit a signature of 
polygenic adaptation. In theory, this approach provides a platform 
to test for polygenic selection among many different molecular 
quantitative traits using a less biased approach than traditional 
methods. These studies will extend our understanding of the 
mechanisms by which natural selection has played and continues 
to play a role in the diversification of immune responses among 
human populations.
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