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SUMMARY
Human genetics has emerged as one of the most dynamic areas of biology, with a broadening societal
impact. In this review, we discuss recent achievements, ongoing efforts, and future challenges in the field.
Advances in technology, statistical methods, and the growing scale of research efforts have all provided
many insights into the processes that have given rise to the current patterns of genetic variation. Vast
maps of genetic associations with human traits and diseases have allowed characterization of their genetic
architecture. Finally, studies of molecular and cellular effects of genetic variants have provided insights into
biological processes underlying disease. Many outstanding questions remain, but the field is well poised for
groundbreaking discoveries as it increases the use of genetic data to understand both the history of our spe-
cies and its applications to improve human health.
INTRODUCTION

In the publication describing the initial draft of the human

genome,1,2 the progress during the 20th century in understand-

ing the structure and content of genetic information was divided

into four phases. Each of them spanned about a quarter of the

century: the discovery of chromosomes; defining the molecular

structure of DNA; the discovery of the molecular machinery of

gene function; and finally determining the sequence of entire

genes, scaffolds, and genomes. These achievements propelled

the entire field of genetics into the genomic era in the early

21st century.

As the first quarter of this century soon draws to a close, we

can reflect on the crowning achievements of genomics during

this period: the characterization of genetic variation in human

populations and the discovery of its contribution to phenotypic

variation. Since the publication of the draft sequence of the hu-

man genome, human genetics has experienced dramatic growth

in both the diversity and quality of genetic data, alongside an un-

derstanding of how genetic variation is linked to a wide variety of

phenotypes (Figure 1A). These developments have demon-

strated the fundamental role that genetics has in characterizing

human biology, ranging from molecular to physiological levels,

as well as the evolutionary history of our species and the evolu-

tion of complex traits, as we discuss in this review.

These investments have been also motivated by the potential

of human genetic research to enhance human health. This can
unfold through two synergistic routes. Accurate prediction of ge-

netic effects on disease risk can improve diagnosis, prognosis,

and treatment selection. Although genomic medicine has

already had a transformative clinical impact in rare disease,3,4

analogous applications in complex diseases are only now

emerging from polygenic risk scores, as discussed further

below5 (Figure 1B). Beyond prediction, human genetics also em-

powers the development of new drugs and interventions via

identification of causal genes and molecular mechanisms

involved in disease6 (Figure 1C). This paradigm is well supported

by the higher success rates for drug targets backed by genetic

evidence.7,8 This requires characterization of functional mecha-

nisms of genetic disease associations, which remains a consid-

erable challenge, with current insights and ways forward dis-

cussed further below. A foundation of these goals of genetic

prediction and mechanistic understanding is population ge-

netics, which describes the processes that have given rise to

and maintain human genetic variation.

ORIGINS AND CONTEMPORARY PATTERNS OF
GENETIC VARIATION IN HUMAN POPULATIONS

Population genetics, which originated just over a century ago

alongside modern statistics, is the study of the origin and evolu-

tion of genetic variation within groups of individuals. Classically,

‘‘population’’ is used in the biological sense of groups of

randomly mating individuals. When applied to our own species,
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Figure 1. Datasets and motivation for human genetics research
(A) Growth in human genetics dataset as exemplified by properties of selected
landmark studies, plotted by the comprehensiveness of the genome analysis
(x axis) with the technologies indicated on the top, and the number of donors
(y axis). The type and quantity of phenotype data available are indicated by the
dots. Underlined project names include a relatively balanced representation of
individuals from diverse ancestries. The projects shown are Human Genome
Project (HGP), HapMap, Wellcome Trust Case Control Consortium (WTCCC),
1000 Genomes (1KG), UK Biobank (UKBB), Pangenome project, Genotype
Tissue Expression (GTEx), and Trans-Omics for PrecisionMedicine (TOPMed).
WGS, whole-genome sequencing.
(B and C) Illustration of the two complementary approaches how human ge-
netics contributes to human health. (B) illustrates how well-powered GWAS
can allow building polygenic risk scores that can be used for personalized
disease risk prediction. (C) illustrates how understanding the functional
mechanisms of GWAS loci can allow targeting these mechanisms with drugs
and other interventions to prevent or treat disease.
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however, the term is often used to demarcate groups of humans

and thereby implies discrete units of human genetic variation

that is in stark contrast with the incredible amount of shared vari-

ation among all humans.9,10 Although we will use population

throughout this review in the technical biological sense, there

is an increasing disciplinary call to shift from labeling human

groups as discrete separate units, particularly when social sys-

tems have influenced those unit labels.11,12 In fact, one of the

ten ‘‘bold predictions for human genomics by 2030’’ from the

US National Human Genome Research Institute’s strategic

plan is that ‘‘Research in human genomics will have moved

beyond population descriptors based on historic social con-

structs such as race.’’13

Quoting Hubby and Lewontin,14 who were the first to use gel

electrophoresis to demonstrate variation at the genetic level in

natural populations, ‘‘a description of the genetic variation in a

population is the fundamental datum of evolutionary studies.’’

Thus, population genetic studies that focus on the genetic varia-

tion in a population are crucial to understanding the genetic basis

of complex traits, and many future opportunities for research lie

at the intersection of human population genetics and statistical

genetics, as we discuss later.
Genomic-era datasets for population genetics
Many insights into recent human population histories have been

enabled by early projects pursued in tandem with the Human

Genome Project (HGP), in particular the Human Genome Diver-

sity Panel (HGDP)15; and the International HapMap Project (here-

after ‘‘HapMap’’).16 The HGDP consisted of lymphoblastoid cell

lines from 1,064 individuals from globally distributed popula-

tions, collected for characterization of human population genetic

variation.17 The HapMap was an international collaboration that

began in 2002 and focused on the development of a haplotype

map of the human genome, with a specificmotivation to advance

genetic association studies. The HapMap ultimately led to the

2009 release of over 1.6 million single-nucleotide variants

(SNVs) from 1,301 samples from 11 populations.16 The 1000 Ge-

nomes Project was initiated in 2008 as a continuation of the

HapMap project to catalog the variants in the human genome

that have a frequency of at least 1% in the populations studied.

This was done by expanding focus from only SNVs to include

other types of genetic variants and using both low- and high-

coverage whole genome and exome sequencing, ushering in a
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new phase of population genetics focusing on analyzing

whole-genome sequences.18,19 The 1000 Genomes Project’s

data include sequences from over 2,500 individuals from 26

populations.

Alongside the projects focused on characterizing genetic vari-

ation of the general population, with accessible data resources

but no link to donor phenotypes, large case-control datasets

created for genetic mapping of complex traits (see below) were

also used for population genetic inference. Today, this trend

continues with an increasing emphasis on biobank datasets

that combine genetic datasets to comprehensive phenotyping

from up to hundreds of thousands of individuals, often leveraging

healthcare systems and registries. A major benefit of biobanks

for population genetic research is that they offer high-resolution

insight into gene flow, assortative mating, and population struc-

ture over the last few 100 years, enabled due to their scale and

the presence of distant and close genetic relatives. For example,

the UK Biobank (UKBB) contains over 40,000 first- and second-

degree relative pairs,20 and FinnGen contains over 30,000 first-

and second-degree relative pairs.21

Although the early disease-focused case-control datasets had

sparse data from non-European ancestries,22 during the biobank

era some progress has been made—at least in absolute

numbers of non-European donors, such as in BioBank Japan

and All of Us. However, European ancestries still dominate

most biobanks, such asUKBB, FinnGen, deCODE, and the Esto-

nian Biobank. Unfortunately, African populations remain under-

studied and underrepresented in genetic datasets, even though

they hold particular value in understanding the origins of human

genetic variation.23–26 Furthermore, research on large-scale and

biobank datasets often still ignores data from minoritized

groups,27,28 underscoring the importance not just of diverse

data for analyses but of methods for handling imbalanced data-

sets and varying levels of linkage disequilibrium (LD, the correla-

tion of alleles at different genetic variants) in human genetic

studies. The need for data and methods is coupled with ethical,

legal, and social issues in diversifying genetic research. Many

population genetic studies, beginning with the HGDP, have

grappled with and continue to grapple with ethical consider-

ations regarding the collection and use of genetic data from

participating individuals and their communities. For biobank pro-

jects and other genetic studies, informed consent practices are

paramount, together with the need for community engagement

and release of results to stakeholders.

Insights into human population history from genetic
studies
Population genetics methods applied to data of genetic variation

in natural populations enable inferences about the past based

on four fundamental processes: mutation, recombination, drift

(caused by finite population size), and selection. A fifth process

of migration (gene flow) is increasingly appreciated as a force

shaping human genetic variation at multiple timescales. Alto-

gether, analysis of these processes has provided valuable in-

sights into human population history and its contribution to the

contemporary patterns of genetic variation in humans.

One of the major focus areas of population genetic research

has been characterization of humanmigrations across vast time-
scales. New models for human origins have recently highlighted

the complexity of deep population structure in Africa, which in

turn offers paths to expand the focus of studies of archaic intro-

gression into modern humans beyond patterns out of Africa.29 In

many geographic regions, local migrations over millennia have

produced a high correlation between genetic distance and

geographic distance.30,31 However, historical events such as

colonization and chattel slavery further led to the founding and

persistence of admixed populations—populations descended

from gene flow between two or more previously separated

source populations, whose descendant individuals derive

ancestry in differing proportions over time from the source pop-

ulations.32,33 The advances in sequencing technologies in the

genomic era and introduction of large-scale datasets for medical

studies have enabled insight into very recent and much more

localized gene flow, for example during The Great Migration

(1910–1970) of African Americans out of the US South.34

Although some migration events are relatively well known from

archeological and historical records, genetic data that captures

biological ancestry has provided unique insights to population

movements during human history.

Population founding events that have characterized much of

human history lead to dramatic reductions in genetic variation.

This, together with the relatively recent origin of our species in Af-

rica, has resulted in a pattern where genetic differences among

human individuals’ genomes are very small and less than for

many other species; common variants are often shared across

populations; and most human genetic variation is quite rare

and confined to single continental ancestries. Although SNVs

occur in 3.1% of sites in the genome,35 the vast majority of all

the cataloged variants are vanishingly rare, and thus any two in-

dividuals differ by an average of a fewmillion SNVs, representing

less than 0.1% of the genome. Due to serial founder effects, the

amount of genetic variation decreases with population distance

from Africa: recent efforts to harmonize the HGDP and 1000 Ge-

nomes (1KG) high-quality whole-genome sequence data15,19

counted an average of 6.1 M SNVs per African individual and

5.3 M SNVs in others,36 with similar patterns for structural vari-

ants. In pairwise comparisons, two Yoruba individuals had

4,897,091 pairwise differences at sequenced SNVs, over 38%

more than two French individuals or two East Asian individuals.35

LD is also lowest in African ancestries, followed by European,

Asian, and the American ancestries.

GENETIC ARCHITECTURE OF HUMAN DISEASES AND
TRAITS

Connecting genetic variation to phenotypes and understanding

the underlying biological mechanisms has been a fundamental

goal of human genetics, but the means to achieving this goal

have changed dramatically over the past decades. Initial efforts

focused on genotyping individuals with severe or highly familial

conditions to identify the causal pathogenic mutations they

shared, under the assumption that these mutations would be

highly penetrant and few in number. In parallel, linkage studies

collected families with affected and unaffected individuals and

traced the genetic segments that were overrepresented

in cases, sometimes implicating large haplotypes with many
Cell 187, February 29, 2024 1061
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genes. As the cost of genotyping decreased, the study of com-

mon traits shifted toward association studies, wherein large co-

horts of unrelated cases and controls were genotyped and indi-

vidual variants tested for correlation with the trait of interest. An

initial period of candidate gene association studies, where only

predefined regions were genotyped and tested, led to contradic-

tory findings,37 with many questioning the contribution of com-

mon variants to common disease.38 However, both theory and

practical application of genome-wide association studies

(GWASs), together with rigorous multiple test correction, began

to yield robust associations that replicated across independent

studies.39 Even these early associations were often surprisingly

weak, indicative of either a small contribution of common genetic

variation to phenotype or a highly polygenic contribution

involving many variants.40 As GWAS sample sizes grew, evi-

dence for the polygenicity of common traits accumulated,41

implying that very large studies are necessary to identify the

full spectrum of causal genetic variants. This has motivated

the rise of large-scale biobanks and propelled the number of

genome-wide significant associations into the hundreds of thou-

sands, enabling highly precise estimates of ‘‘disease architec-

ture’’: the number, frequencies, genomic distribution, and dis-

ease contributions of causal variants across the genome,

discussed in detail below.

Recently, disease genetics has come full circle with large-

scale sibling and family-based GWAS, which mirror the early

linkage studies but at massive scale.42 Family-based studies

enable the partitioning of disease architecture into so-called

direct and indirect effects; the former associated with variants

within an individual and the latter associated with variants shared

by their relatives (presumably acting through shared environ-

ments). Although still relatively small, these studies have demon-

strated that many apparent genetic associations are, in fact,

correlated with rather than causal for environmental influences

on traits, potentially spanning generations and communities.43

Although the study of common traits has primarily been driven

by GWAS of common variants, enabled by inexpensive genotyp-

ing arrays, the contribution of rare variants is now being quanti-

fied through large-scale exome- and genome-sequencing

studies that can capture the full spectrum of genetic varia-

tion.44,45 Direct genetic association studies are often underpow-

ered for rare variants, leading to the use of burden tests that

‘‘collapse’’ all variation in a tested gene. Analogous approaches,

albeit with different implementations and standards that often

include features of linkage analysis, are applied inMendelian dis-

ease genetics.

Ubiquitous common-variant heritability
Decades before genotyping, the total contribution of genetics to

a trait, i.e., the trait heritability, could be estimated through the

use of twin and family-based studies. Under certain strict as-

sumptions,46 the increased correlation in phenotype between

monozygotic and dizygotic twins or across family relationships

can be decomposed into genetic and environmental compo-

nents. Large-scale genotyping enabled the application of similar

principles to putatively unrelated individuals by contrasting sub-

tle patterns of genetic similarity with phenotypic similarity to es-

timate the so-called genotype-, SNP-, or chip-heritability. The
1062 Cell 187, February 29, 2024
resulting parameter quantifies the variance in phenotype ex-

plained by all genotyped variants and any untyped variation

they are correlated with.47 Multiple methodologies have been

devised for estimating SNP heritability, either using individual-

level data,41 polygenic scores,48 or only summary-level data,49

but all of these approaches have converged on the general

finding that most common traits have a significant SNP heritabil-

ity. For example, in the UKBB, 551 common phenotypes had a

mean SNP heritability of 10.9% and 15.6% across all illness

and non-illness traits, respectively50; in the Biobank Japan, a

mean SNP heritability was estimated to be 8.6% across 58

continuous traits.51 Indeed, nearly every common biobank

phenotype has some correlation with genetics, with 91%of traits

in the FinnGen biobank21 exhibiting at least one genome-wide

significant association (for traits with >10,000 cases). The identi-

fication of some genetic variants influencing any common trait

should thus be the expectation rather than the exception.

Extreme polygenicity of common traits
In addition to SNP heritability, another key parameter driving ge-

netic discoveries is the trait polygenicity: the total number of

causal variants influencing the trait and the distribution of their

effect sizes. Highly polygenic traits involve many weak causal

variants and require large sample sizes to characterize. Because

most causal variants are still unknown, various quantifications of

trait polygenicity have been proposed, such as the number of

non-null effects on a trait,52 the effective number of independent

variants,53 or the minimum number of causal variants explaining

a given fraction of heritability.54 Regardless of the statistical

model, polygenicity has been consistently estimated to be very

high, ranging from thousands of causal variants for some estima-

tors52,53 to millions of variants for others.54 These staggering es-

timates would imply that, for some traits, many causal variants

are acting through nearly every gene in the genome on average

and implicate more than half of all common polymorphisms.54

In general, cellular and pigmentation traits exhibit the lowest pol-

ygenicity (hundreds of causal variants52,54), whereas anthropo-

metric and cognitive/behavioral traits exhibit some of the highest

estimates (>10,000 effective variants53). Although traits with

similar heritabilities often exhibited different levels of polygenic-

ity,52 the variance in polygenicity across traits was generally

lower than expected, suggesting that selection, one of the fac-

tors driving polygenicity, may be acting pleiotropically across

traits rather than on any onemeasured phenotype.55,56 Recently,

a GWAS of height in 5.4 million participants demonstrated that

12,111 jointly significant variants explained 40% of the pheno-

typic variation (compared with total SNP heritability of 45%),

lending the first direct evidence for high trait polygenicity.57

The evolutionary causes of high polygenicity continue to be

actively investigated,55 but the implications are clear: under-

standing human traits will require distilling the function of tens

of thousands of variants.58,59

Functional partitioning of disease polygenicity
Similar to partitioned SNP heritability, polygenicity can also be

partitioned to quantify whether a given functional annotation

contains variants with strong or weak effects on disease. Strik-

ingly, estimates of partitioned polygenicity exhibit very high
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correlation with partitioned heritability (r2 = 0.88).53 SNPs in

conserved regions, for example, are enriched 133 for heritabil-

ity and likewise enriched 143 for polygenicity relative to other

SNPs, implying that their outsized contribution to heritability

may be due in part to an increase in the number of causal var-

iants rather than an increase in the absolute effect sizes. This

model, referred to as a ‘‘flattening’’ of heritability, posits that

natural selection has distributed (or ‘‘flattened’’) causal variation

in functionally important regions to be more polygenic.

Because higher polygenicity also leads to decreased GWAS

power, the most significant GWAS associations (and those

identified in smaller GWASs) may thus not reside in the most

functionally ‘‘important’’ regions. The flattening of genetic ef-

fects may also explain why many complex traits appear to be

‘‘omnigenic’’58: governed by a small number of ‘‘core’’ genes

with direct effects on the trait, which are in turn disproportion-

ately dampened by negative selection, thus increasing the rela-

tive contribution of ‘‘peripheral’’ genes with no direct connec-

tion to the trait.60 One interpretation of both the flattening and

omnigenic models is that mapping core genes from top

GWAS hits alone may be difficult, with large variant effect sizes

not implicating the most biologically relevant genes or drug tar-

gets. Intriguingly, recent analyses have shown that approved

drug target genes are enriched for GWAS association evidence,

regardless of the effect size, allele frequency, or year of

GWAS.7 Larger, better powered GWAS may thus continue to

yield important insights into disease mechanisms and thera-

peutics or even increase in relevance.

Rare-variant heritability
The emergence of large whole genome and whole exome

sequencing studies has started to enable the characterization

of rare- and low-frequency-variant disease architectures.

Initially, studies relied on genotype imputation from reference

data to explore the heritability of low-frequency variants

(0.5%–5%). For example, across 40UKBB traits, coding variants

explained a greater proportion of low-frequency SNP heritability

(17%, 383 enriched) than of common SNP heritability (2%, 7.73

enriched), consistent with the action of negative selection in

keeping large effect (typically coding) variants at lower fre-

quencies.61 Nevertheless, all variants in coding and untranslated

regions (i.e., those captured by exome-sequencing) still ex-

plained only 26.8% of low-frequency SNP heritability, indicating

that whole-genome sequencing would be necessary to identify

most low-frequency effects.

Recently, whole-genome sequencing data from 25,465 un-

related individuals was leveraged to estimate total SNP herita-

bility, including rare variants.62 These total heritability esti-

mates were 68% for heights and 30% for body mass index,

contrasted with a common SNP heritability of 48% and

24%, respectively. Rare variants may thus increase the ex-

plained trait variance by 1.25–1.43 relative to common vari-

ants alone. A major contribution to the heritability of height

came from very rare variants in low LD, which are particularly

difficult to impute from reference panels. Although a funda-

mental advance, the study had limitations: the use of

complex heritability partitioning to account for allele frequency

and LD biases, and the use of conventional common-variant
approaches to account for population structure (which can

fail for rare variation). More data, more traits, and novel meth-

odological approaches will continue to shed light on the ques-

tion of whole-genome heritability. Intriguingly, both estimates

were significantly lower than prior estimates from twin studies,

implying either the existence of additional untyped genetic

variation (for example, due to structural variants) or systematic

biases in the twin cohort analyses.

Emerging methods such as burden heritability regression63

have expanded the estimation of genome-wide partitioned heri-

tability to rare variation. Under the assumption that rare alleles

are likely to have consistent effects within a gene, this approach

quantifies the total variance in a trait that can be explained by

gene burdens across all genes. When applied to 6.9 million cod-

ing variants across 22 common traits in the UKBB, the average

burden heritability was estimated to be 1.3% (for loss-of-func-

tion and missense variants below 0.001 frequency) and signifi-

cantly non-zero for each trait. Notably, genes that were individu-

ally significant in an independent analysis of the same cohort

often explained a large fraction of the burden heritability: for

example, APOB alone explained 39% of the burden heritability

for LDL cholesterol, and 172 known tumor suppressor genes ex-

plained 48% of the burden heritability for a composite cancer

phenotype. If accurate, these estimates would imply that the

rare-variant trait architecture is much less polygenic than the

extreme polygenicity often observed for common variants. We

caution that the characterization of rare-variant disease architec-

ture is still in its infancy, larger cohorts and orthogonal methods

needed to understand these parameters and to move beyond

relatively simple burden models.

Several large-scale exome-wide association studies have now

been conducted and have yielded novel rare-variant associa-

tions. Exome sequencing data from �450,000 individuals in

the UKBB were tested for association with �4,000 traits, identi-

fying 8,865 significant associations across 564 genes.45 Multiple

insights into disease architecture were observed. First, rare cod-

ing associations were significantly enriched near common

GWAS loci, with an enrichment of 59.33 for the nearest gene

to a GWAS association, decreasing to 11.43 for genes within

one megabase of a GWAS association. These findings show a

striking convergence of rare- and common-variant effects on

common diseases. Second, target genes for approved drugs

were 3.63 more likely to exhibit an association, consistent with

prior findings that drug targets with human genetics evidence

are more likely to be approved. Third, 77% of associations could

only be identified using a burden analysis and not single-variant

associations, underscoring burden heritability as a major driver

of discoveries at this sample size. Fourth, although disease

lowering associations are potentially themost attractive drug tar-

gets, only five such associations were identified and all were pre-

viously known, indicative of low power to detect protective ef-

fects in unascertained cohorts. Although most rare-variant

associations have been deleterious, an exome study of smoking

behavior in n = 749,459 individuals, one of the largest to date,

identified rare variants in CHRNB2 associated with a 35%

decreased odds for smoking heavily.64 This finding highlights

the growing opportunities for discovering new levers into the

treatment of common phenotypes.
Cell 187, February 29, 2024 1063
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Trans-ancestry genetic architecture
Although most of the above analyses focused on genetic archi-

tecture within presumptively homogeneous populations, prog-

ress is being made toward understanding genetic architecture

across different populations. Theoretical and data-driven studies

demonstrated that individual variant associations and aggre-

gates of associations in polygenic scores are likely to translate

poorly to genetically distant populations even if the underlying

causal variants are shared.65,66 This lack of transferability can

be driven by a mixture of differences in causal variant allele

frequency, LD patterns to non-causal variants, and the true un-

derlying effects (modulated, for example, by gene-gene or

gene-environment interactions). A strikingly linear relationship

between genetic distance and polygenic risk score predictive

accuracy was recently demonstrated in a large, admixed bio-

bank across 84 traits (mean Pearson correlation of �0.95 be-

tween genetic distance and accuracy).67 Importantly, although

the mean risk score value also correlated significantly with ge-

netic distance, the strength and direction of the correlation var-

ied substantially across traits and populations, highlighting

the challenges of correcting trans-ancestry score estimates.

Beyond demonstrating lack of portability, the contributions of

frequency, LD, and effect size are also now being quantified. A

recent study of admixed individuals used local ancestry to quan-

tify the correlation in causal effect sizes between African and Eu-

ropean ancestry segments.68 The estimate was remarkably high,

with a mean causal effect-size correlation of 0.95 ± 0.02 across

38 traits and three very different biobanks. This high genetic cor-

relation was also consistent with prior work showing that poor

polygenic score portability may be largely explained by fre-

quency and LD differences between populations rather than

different causal variants.69 Intriguingly, the genetic correlation

was significantly lower (0.50 ± 0.07) when estimated across

non-admixed individuals from different populations in the same

study, with prior studies also showing trans-ancestry correla-

tions ranging from 0.46 to 0.85 and generally well below

1.070,71 Given the dearth of existing multi-ancestry cohorts,27

these findings and open questions further emphasize the impor-

tance of designing association studies to maximize population-

level and individual-level genetic diversity. Indeed, large multi-

ancestry biobanks have already demonstrated increased ability

to identify and refine causal variants.72,73

Multiple approaches are emerging for maximizing the utility

of genetic data across populations and ancestries. Many

studies have shown that both polygenic prediction and variant

fine-mapping can be improved by incorporating functional anno-

tations.74,75 Notably, the trans-ancestry gains in polygenic pre-

diction accuracy are often substantially larger than the within-

population gains, suggesting that better identification of causal

variants canmitigate some of the heterogeneity due to frequency

or LD differences across populations. Furthermore, power can

be increased by aggregating (potentially heterogeneous)

variant-level effects into sets such as genes and then combining

the effects of these sets across populations.28,76,77 Such variant

sets could in principle be aggregated at various biological

scales—genes, pathways—and their effects further propagated

through biological networks. These approaches highlight how

deeper understanding of the causal biological network across
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traits and populations can be incorporated back into multi-

ancestry analyses to further improve power.

Opportunities at the interface of human population
genetics and statistical genetics
As the HGP outlined from its inception, research in human geno-

mics is motivated by gaining understanding of the genetic basis

of human disease and complex traits. Moving forward, such

research must draw on population genetic models and data

from the full diversity of our species. Here we outline a series

of opportunities for research at the intersection of statistical

and population genetics.

As discussed above, trans-ancestry transferability of genetic

associations and polygenic scores remains a key challenge in

the field, exacerbated by the ongoing lack of well-powered data-

sets for many non-European ancestries. Although initial studies

in admixed populations suggest that causal effect sizes may

be largely shared across populations, the full extent of gene-

gene and gene-environment interactions, as well as their popu-

lation or trait specificity, remains to be quantified. Understanding

these parameters will further inform the optimal design of accu-

rate predictive scores across the full range of human diversity.

Population genetic summaries and models of ancestry are

needed to increase transferability of association results, espe-

cially for individuals of mixed ancestry for whom local

ancestry-aware score construction may improve predictive ac-

curacy.78,79 Multiple studies have shown that increased genetic

diversity improves the resolution of statistical fine-mapping,

which in turn increases the accuracy of polygenic scores.

Thus, greater diversity of data from underrepresented individuals

will yield immediate benefits for all individuals.

Additionally, environmental heterogeneity pervades human

genetic studies and confounds our understanding of the genetic

basis of human disease and complex traits,80 leading to poor

prediction of traits from genetic data alone. Models of assorta-

tive mating and consanguinity highlight how violations of stan-

dard population genetic assumptions of random mating and

equilibrium population dynamics can inflate observed correla-

tions between human traits.81 Recent clustering82 and contras-

tive learning approaches83 highlight confounding factors that

bias the downstream estimation of genetic effects. Although

family-based studies offer the ability to estimate direct and indi-

rect effects of genetic variation on a given trait,42,84 family-based

estimates of direct effects can be biased by genetic confound-

ing,85 in ways that are compounded when estimating suscepti-

bility using genome-wide association results. The scale of bio-

banks, increasing detail of metadata and environmental

covariates, and the development of longitudinal follow-up efforts

will enable more awareness and better controlling for environ-

mental confounders, as well as allow for leveraging distant ge-

netic relatives for estimating genetic effects and understanding

recent population genetic processes such as pedigree collapse.

Modeling the full complexity of human relationships, environ-

mental correlations, and interactions will increase the causal val-

idity and generalizability of genetic discoveries.

In order to prioritize traits for risk prediction and genetic

studies, evolutionary models for complex trait architecture are

key. Recent work on stabilizing selection suggests that trait



Figure 2. An illustration of genetic effects on functions at different

levels
There are large numbers of variants affecting molecular functions of the
genome and the cell, many of which have no or smaller effects downstream.
Variants affecting physiological, anatomical, and disease traits can be under
direct natural selection. The purple graph indicates the success in discovery of
genetic associations for molecular traits (captured by molQTL mapping) and
for physiological and disease traits (captured by classical GWAS), with a gap in
our knowledge of genetic associations for cellular and tissue-level traits.
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architectures for many well-studied complex quantitative traits

are similar in their polygenicity86 and that this mode of selection

may lead to less cross-population transferability of association

results.87 Additionally, traits with smaller effects on fitness pro-

duce less transferable associations, with weak negative selec-

tion producing more population-specific trait architectures.88

Quantifying the extent of polygenic selection and adaptation

on complex traits remains a great challenge, in part due to the

complexities of disentangling subtle population stratifica-

tion.89,90 Improved methods to detect fine-scale population

structure,91 larger within-family analyses,43 and comprehensive

models of selection will enable a more complete understanding

of genome-wide evolutionary processes. Beyond answering

fundamental questions in human evolution, these findings will

also have practical implications: how to mine the thousands of

trait-associated loci for the most disease relevant genes and

drug targets, and how to integrate the findings from rare and

common variation.

Beyond understanding the mechanisms of known associa-

tions, there are many opportunities to incorporate novel or diffi-

cult-to-collect variation. Large-scale biobanks have highlighted

the important role of structural variation, including copy-number
variants and tandem repeats with some of the largest effect sizes

on traits seen to date.92 Structural variants are typically not

directly genotyped and often not imputed, leaving a gap in our

knowledge of disease mechanisms beyond single variants.

Methods for identification of complex structural changes directly

from data,93 as well as improvements in genome assembly,94

may reveal entirely new classes of disease relevant variation.

Similarly, although the role of additive and dominance variation

has been well characterized through large-scale biobank and

heritability analyses,95 the influence of epistatic effects remains

largely a mystery. Although genetic interactions and hotspots

are widespread in model organisms96 they have been chal-

lenging to characterize in humans due to the breadth of the

search space and statistical limitations.97 This is especially true

for more complex relationships beyond simple pairwise interac-

tions, which may be impossible to even enumerate in human

populations. Integration of population genetic modeling98 and

functional studies99 may push through the statistical limitations

and expand our understanding of trait effects into higher orders.

Continued research at the nexus of population and statistical

genetics, as well as the increased ability to study traits in bio-

banks using family-based and genealogical approaches, will

helpmake gains toward improved variant discovery and risk pre-

dictionwhile identifying traits with large environmental influences

for which additional studies, data, and approaches will be

needed for risk assessment, treatment, and prevention.

MOLECULAR AND CELLULAR EFFECTS OF GENETIC
VARIATION

Genetic variants affecting complex physiological traits and dis-

eases must have proximal effects on molecular functions, which

then impact subsequent molecular processes at the cellular

level. Deciphering these molecular and cellular mediators of ge-

netic associations has emerged as a central focus of contempo-

rary human genetics, as it can offer insights into molecular un-

derstanding of causal processes of disease. The significance

of this extends beyond fundamental biology since these pro-

cesses serve as potential intervention targets7,8 (Figure 1C).

Furthermore, although many molecular effects of variants have

no impact on physiological phenotypes (Figure 2), they represent

a natural experiment of variations in the genome sequence,

which can contribute to understanding the biology of genome

function.

Methods for analyzing the functional effects of genetic
variants
Although the analysis of molecular effects of variants has been

part of molecular genetics from its inception, it was not until

the DNA hybridization array technology in the 2000s that

genome-wide analysis became feasible. This technological

advancement led to expression quantitative trait locus (eQTL)

mapping to identify variants associated with gene expression

levels, an approach first applied to humans about 15 years ago

(Figure 3A). Since then, this method has evolved to cover molec-

ular phenotypes from epigenomic measurements to splicing and

protein levels, collectively often referred to as molecular QTLs

(molQTLs). Large-scale projects have constructed molQTL
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Figure 3. Approaches for understanding molecular effects of ge-

netic variants at scale
(A) molQTL mapping.
(B) Engineered perturbations of the genome.
(C) Inference from multi-layered functional omics data.
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resources for various tissues and cells, including under in vitro

stimuli, with an increasing use of single-cell technologies.100

Most molQTLs robustly identified to date are in cis, i.e., affecting

a nearby target gene via cis-regulatory mechanisms, because

trans-QTLs between variants and genes across the genome

can be reliably identified only with large sample sizes and careful

control of confounders.101 molQTL methodology is reviewed in

detail elsewhere.102

Experimental genome perturbations in in vitro cellular systems

have rapidly become popular tools for scalable mapping of mo-
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lecular effects of genetic variants (Figure 3B). These approaches

include episomal assays such as massively parallel reporter

assay (MPRA) and perturbations of the genome using the

CRISPR toolkit, coupled with diverse readouts of molecular ef-

fects. Ongoing efforts such as Impact of Genomic Variation on

Function (IGVF) and Atlas of Variant Effects (AVE) pursue more

systematic application of these tools toward both noncoding

and coding variation. A key prerequisite for most of these ap-

proaches is high-quality fine-mapping to target the likely causal

variant(s) at associated loci, and the improving methods and re-

sources from the GWAS community will thus greatly enhance

these experimental efforts.

Furthermore, the vast functional genomics datasets from pro-

jects such as ENCODE provide a powerful foundation for predic-

tive inference of genetic variant effects even when genome vari-

ation is not directly assayed (Figure 3C). Development of these

methods is a highly active area of research, with progress partic-

ularly for predicting the effects of coding and splice-affecting

variation,103–105 while predicting the effects of transcriptional

regulatory variants106 has proven to be challenging.107

Molecular architecture of complex trait loci
There are likely dozens of different molecular mechanisms by

which genetic variation can impact organismal phenotypes.

Among these mechanisms, perhaps the most easily interpret-

able is that of coding variants, which directly impact protein cod-

ing sequence and function. However, unlike early mapping of

Mendelian disorder variants that found causal SNPs to nearly al-

ways affect coding sequences, GWASs have revealed very early

on already that genetic variants underlying complex trait associ-

ations are often noncoding and impact gene expression.108,109

These discoveries motivated an explosion of interest in under-

standing how genetic variants impact gene regulation, and

particularly how they impact gene expression levels.

Over the last decade, several statistical methods have been

developed and deployed on different datasets to identify func-

tional enrichments of GWAS loci. The most compelling GWAS

functional enrichments identified thus far have been in regions

with high chromatin accessibility or in regions marked by histone

modifications associated with enhancers and promoters.109–112

In fact, the majority of SNP heritability for a variety of common

traits can be localized to regulatory rather than coding regions,

with estimates of up to 79%of SNP heritability residing in DNAse

I hypersensitive sites (spanning 16% of variants, a 4.93 enrich-

ment) across 11 diseases,113 or 15% of SNP heritability residing

in enhancer elements (spanning 0.4% of variants, a 37.53

enrichment) across 17 common traits.111 Additionally, regions

conserved in mammals were estimated to harbor 35% of SNP

heritability (spanning 2.6% of variants, a 9.63 enrichment),111

consistent with the expected role of evolutionary constrained

elements in shaping disease architecture.

GWAS loci have also been reported to be enriched among var-

iants associated withmultiple types of regulatory variants. As ex-

pected, these include genetic variants that impact gene expres-

sion level regulation, e.g., by affecting DNA methylation,114

histone modification levels,115 and chromatin accessibility.116

The enrichment of trait heritability among eQTL fine-mapped

SNPs is similar to that in enhancer regions (about 53 for
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non-specific eQTLs/enhancers and 203 for eQTLs or enhancers

specifically identified in trait-relevant cell types).111,117 However,

the total trait heritability estimated to be explained by common

variants overlapping eQTL SNPs (averaging 11%118 or 14%117

across traits estimated by mediation or enrichment analysis,

respectively) tend to be much smaller than that overlapping

enhancer and promoter regions (23.9%–79.2%111). Although

the 11%–14% and 80% estimates likely represent conservative

and optimistic estimates for heritability explained by eQTLs and

variants in enhancers or promoters, respectively, these observa-

tions suggest that the quality of our maps of eQTLs lag far behind

that of enhancer and promoter regions and that more work is

needed to understand how regulatory variants impact gene

expression.

In addition to variants that impact gene expression levels,

GWAS loci are also enriched in many other types of molQTLs

such as those with effects on mRNA splicing119,120 and other ef-

fects on transcript structure121 and posttranscriptional modifica-

tions.122 The estimated enrichment of GWAS signals in these

molQTLs is highly variable and may be trait-dependent. For

example, several studies have reported a higher enrichment of

neuropsychiatric GWAS loci among variants that impact RNA

splicing QTLs (sQTLs) than compared with that among

eQTLs123; and a recent study found higher enrichment of autoim-

mune GWAS signal in RNA editing QTLs than compared with

both eQTLs and sQTLs.122 To date, the total heritability ex-

plained by different posttranscriptional molQTLs pale in compar-

ison with that explained by eQTLs or variants in enhancer and

promoter regions. Though this may simply reflect the fact that

eQTLs and enhancers have been studied at much larger scales

and in a wider number of cell types compared with other regula-

tory mechanisms.

In addition to functional enrichments that indicate cis-regula-

tory mechanisms of immediate molecular drivers of GWAS loci,

GWAS offers a unique causality anchor to identify cell types

and cell states where the causal molecular processes contrib-

uting to traits are taking place. Understanding the cell type spec-

ificity of these can inform disease biology as well as potential tar-

gets of interventions that minimize off-target side effects. For

most complex traits, it is far from trivial to infer causal cell types

from clinical characteristics, as symptoms of a disease can

pinpoint different tissues, cell types, or developmental stages

than where processes that are causal to disease take place.

The most fruitful approach to addressing this challenge has

been to analyze GWAS heritability enrichment in genes and reg-

ulatory elements that are active in specific tissues and cell

types.112,124 Notably, a major finding has been that the enrich-

ment of GWAS loci in enhancer/promoter regions is highest in

cell types or tissue types that make intuitive sense. For example,

autoimmune disease loci are most enriched in enhancers active

in immune cell types (e.g., T cells andB cells), while neuropsychi-

atric disease loci are most enriched in neuronal cell types. Still,

these enrichments often only give us a coarse-grain idea of

which cell types contribute to a trait or disease, and more

research is needed to find out whether the genetic signal is

strong enough to identify more precise causal cell types. In

fact, previous work observed that although genes or enhancers

with cell-type-specific patterns of activity were highly enriched in
trait heritability, the bulk of the heritability was found in genes or

enhancers that were broadly active in many or most cell types.58

These observations suggest that most of the genetic signal will

be in enhancers with broad, rather than cell-type-specific activ-

ity. Thus, it is possible that the pleiotropic nature of functional en-

hancers limits our ability to use genetic signals to ‘‘fine-map’’

causal cell types.

Interpreting complex trait loci using molQTLs
molQTL mapping is fundamentally a genetic method, while the

other approaches showcased in Figure 3 are rooted in molecular

and computational biology. Thus, we will discuss molQTL map-

ping in more detail below, with further discussion of history and

methodology provided e.g., in Aguet et al.102 and Albert and

Kruglyak.125

In the early 2010s, straightforward analyses that overlap signif-

icant GWAS and eQTL SNPswere used to identify variants asso-

ciated with traits that also had a functional impact on gene

expression levels, helping to identify potential causal gene. How-

ever, with the increasing number of GWAS and eQTL signals, it

became evident that new statistical methods were needed, in

particular, to address the scenario where a large proportion of

variants are associated with some molecular phenotypes due

to LD.126 As a result, several advanced statistical methods

were developed to assess ‘‘colocalization’’: whether the same

variant(s) were likely causal drivers for both a GWAS signal and

a molQTL signal in a specific genetic locus.127,128 An alternative

approach is the estimation of ‘‘molecular association’’ such as in

transcriptome-wide association studies (TWASs), which test for

an association between a predicted molecular phenotype (e.g.,

expression) and the trait,129 and can similarly be applied to sum-

mary-level data.130,131 This approach relaxes the requirement of

colocalization that causal variants are shared between the mo-

lecular and disease traits—they merely need to be correlated—

while increasing sensitivity through the use of multivariable pre-

dictive models.132,133 Although neither approach can guarantee

that the particular gene’s expression is causally related to dis-

ease etiology, colocalization removes spurious overlaps due to

LD, and molecular association enables sensitive quantification

of the correlated effect and direction.

A notable observation from employing these methods is the

low fraction of GWAS loci that colocalize with eQTLs134 or can

be explained by molecular associations.135 This is evident even

for many immune or blood-related traits where the available

eQTL data from relevant cell types is assumed to be comprehen-

sive. For example, only about 25% of autoimmune trait GWAS

loci colocalize with an eQTL from different immune cell types.136

Adding other molQTLs such as sQTLs can increase the colocal-

ization rate, but still leaves the majority of autoimmune-associ-

ated loci without a colocalization.137 More generally across com-

plex traits, genetic effects mediated by cis-eQTLs account for an

average of just 11% of trait heritability.135 An additional compli-

cation is that regulatory elements and variants can regulate mul-

tiple genes, and the one picked up by a colocalizing eQTL is not

necessarily the truly causal disease gene in the locus.138

Several reasons may account for the relatively modest rate of

GWAS colocalization. First, genetic variants that affect gene

regulation independent of gene expression level may play a
Cell 187, February 29, 2024 1067
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larger role than we previously anticipated. Although most

research has concentrated on how genetic variants regulate

gene expression levels, genetic variants can influence cellular

biology through various other regulatory mechanisms, as previ-

ously discussed. Nevertheless, because the rate of colocaliza-

tion between GWAS and expression QTLs is the highest across

nearly all complex traits and among all molQTLs, the prevailing

opinion is that the majority of trait variants operate by affecting

protein expression levels. Supporting this, several recent studies

found that genetic variants that impact chromatin activity (his-

tone mark QTLs, or hQTLs) or accessibility (chromatin accessi-

bility QTLs, or caQTLs) colocalize at much higher rates (some-

times �50% more) than eQTLs from the same cell- or tissue

types.139,140 These observations imply that trait-associated var-

iants often regulate gene expression levels by modulating

enhancer or promoter activity. Yet, the ability to statistically

detect their impact on gene expression might be weaker than

on chromatin-level phenotypes.141 This aligns with the idea

that enhancer activity has a simpler genetic architecture than

gene expression level, as steady-state mRNA expression levels

are affected by co- and post-transcriptional mRNA processing

mechanisms in addition tomechanisms that impact transcription

initiation. Another explanation for the higher chromatin QTL co-

localizations compared with eQTLs is a difference in the discov-

ery thresholds: for chromatin QTLs to be detected, the enhancer

must be active in a given cell- or tissue type,142 whereas for the

same variant to be an eQTL, the enhancer must both be active

and also drive gene transcription. For example, ‘‘primed’’ en-

hancers have been found to harbor caQTLs in multiple types of

naive immune cells, but they appear to be eQTLs only in cells

that were stimulated by cytokines or pathogens.143

Several theories have been proposed to explain the limited

overlap between molQTLs and GWAS hits. Genes involved in

complex traits may have redundant enhancers that buffer the

impact of genetic variants on gene expression levels, making

those eQTLs that are relevant to complex traits more difficult

to identify.144 Along similar lines, features of eQTL mapping

may favor discovery of loci and genes with lower selective

constraint, regulatory complexity, and functional importance,

thus biasing the results away from identification of genes that un-

derlie trait variation.145 Another possible explanation is that for

most traits, we have not studied gene expression in the cell types

or cell states that are most relevant for disease.134 Indeed,

despite substantial sharing of molQTLs across tissues, it is

possible that many dynamic QTLs dependent on temporal

context of cellular state can only be identified in some as yet un-

examined rare cell type or developmental trajectory.146

A pessimistic interpretation may be that the value of eQTL

studies in interpreting complex trait-associated variants is and

will continue to be modest in the future. However, it may be

wise to recall that early discoveries from GWASs with limited

sample sizes were also very modest.38 As the sample size of

GWAS grew in the tens and hundreds of thousands, transforma-

tional insights emerged, many of which now shape our under-

standing of human traits and biology. Analogous scaling up of

sample sizes on molQTL studies to the hundreds of thousands

has not been done, and the largest studies101 come frombulk tis-

sue samples, which limits the power, resolution, and interpret-
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ability of detecting regulatory effects that may operate and drive

disease in specific cell types and cell states. Although even

larger and context-specific molQTL maps covering all relevant

cell types are unlikely to provide a singular complete solution

to molecular interpretation of GWAS loci, it remains as the only

approach that allows interrogation of genetic variant effects in

diverse primary cell types. Thus, we foresee that expanding

molQTL studies will continue to have value in the future, along-

side other approaches that use in vitro perturbations and

computational inference from epigenomic data (Figure 3).

Cellular programs and physiological effects of disease-
associated loci
During the past 10 years, the main focus in functional interpreta-

tion of GWAS has been on identifying the causal driver genes in

the locus. Although the toolkit for this inference is still incom-

plete, in hundreds if not thousands of GWAS loci, the causal

gene in cis has been identified with a reasonable confidence.147

However, these studies have so far provided limited information

about the cellular programs and downstream physiological

mechanisms that underlie a disease (Figure 2). This is due to

two major gaps in our knowledge: functional annotation of hu-

man genes is very incomplete, and understanding of cellular pro-

grams and regulatory networks that tie individual genes into

broader cellular behaviors is even more incomplete. Further-

more, genes and variants can have pleiotropic effects across

cells and tissues, making it difficult to distinguish disease-

causing effects.

Thus, our advancing interpretation of cis-regulatory mecha-

nisms must be coupled with vigorous efforts to link variants

and genes to cellular programs and further to physiological

mechanisms that underlie traits and diseases. There are

numerous approaches to pursue this goal, typically extending

the concepts outlined in Figure 3 to cellular phenotyping that is

informative of functional effects beyond the cis-regulatory

space. Well-powered GWAS with a large number of loci has al-

lowed enrichment analyses of the implicated genes in annota-

tions of cellular networks and pathways, pinpointing likely trait-

relevant functions (e.g., Hsu et al.148 and Morris et al.149).

Furthermore, GWAS variants can be directly associated to mo-

lecular traits across the genome, in particular via trans-eQTL

mapping. This requires very large sample sizes of thousands of

individuals and careful analysis to avoid confounding factors.101

Future single-cell analyses have the potential to further increase

the informativeness of this approach. GWAS for measured or in-

ferred cellular traits such as transcription factor activity or cell

morphology can further link molecular changes to cellular pro-

grams, but phenotyping in adequately large sample sizes has

been a challenge (Figure 2). GWAS for large-scale measure-

ments of tissue-level phenotypes provide interesting examples

of mechanistically more interpretable traits that lie between mo-

lecular traits measured directly from cells and highly complex

physiological phenotypes captured by classical GWAS. An

emerging approach for characterization of genetic effects for

cellular traits is ‘‘cell villages’’ where cells from multiple donors

are grown together and phenotyped by, e.g., cell sorting, and

enrichment of genetic variants in cellular phenotype groups indi-

cates an association to that trait.



Table 1. Outstanding challenges for human genetics research to tackle within the next 5–10 years, with a focus on population

genetics, common complex traits, and basic research

Challenge Goal Ways forward

Completing genetic variation maps comprehensive characterization of all types

of genomic variation across the

global population

long-read sequencing of tens of

thousands of individuals across

the global population

Mechanisms of human adaptation identification of genetic variants and genes

underlying human adaptation

data from diverse populations;

statistical models;

functional follow-up

Map of selective constraint annotation of genomic elements and molecular

processes under selective constraint,

a key metric of functional relevance

massive genetic datasets

Gene-environment interactions

and correlations

quantifying and controlling for environmental

heterogeneity in biobank datasets, identifying

important environmental confounders

harmonized metadata across biobanks

with longitudinal follow-up and

geographic mapping; diverse

family-based study designs

Causal GWAS genes in cis a robust and reasonably accurate toolkit for

in silico annotation of likely causal driver

genes for any GWAS locus

integration of different tools (molQTL

also from single cells, enhancer maps,

CRISPR) with gold-standard annotations

Regulatory code of the genome prediction of context-specific cis-regulatory

effects of genetic variants

functional genomics data and validation

datasets combined with deep

learning and artificial intelligence methods

Cellular programs underlying

complex disease

identifying cellular processes that mediate

GWAS associations and the cell states

where they take place

integration of human genetics with

large-scale in vitro experiments and

molecular cell biology

Organ and physiological processes

underlying complex disease

identifying changes in tissue and organ

functions and other physiological

phenotypes that mediate GWAS associations

measurement or inference of these

lower-level traits for GWAS; organoids

and model organism research

pheWAS (phenotype-wide association

study) interpretation

inference of interpretable, causal relationships

between traits from pheWAS data

advanced statistical models; comprehensive

and interpretable phenotypes and metadata

Translatable and interpretable

polygenic scores

genetic predictors that incorporate common

and rare variants and environmental risk factors

and are translatable between different groups

advanced statistical models; more diverse

GWAS datasets; better fine-mapping
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CONCLUSIONS AND FUTURE PROSPECTS

Human genetics continues to thrive as a very dynamic field. As

discussed above, the expanding and diversifying datasets that

include not only genetic variation but also phenotype data, envi-

ronmental factors, and family relationships provide ample op-

portunity for understanding the population genetic processes

that have given rise to the current spectrum of genetic variation

in humans. Genetic association studies are finally starting to

cover the full spectrum of different types of variants across the

frequency spectrum. The integration of population genetics

and statistical genetics provides a rich opportunity for improved

mapping of genetic architecture of complex traits. As the number

of robustly identified genetic associations has exploded, the

challenge of their functional interpretation has become a central

question in the field, now tackled with a combination of tools ex-

panding beyond genetics to molecular computational biology.

These advances have also shed light on persistent chal-

lenges and open questions in the field, some of which are

highlighted in Table 1. Beyond generating more data, ad-

vances are likely to come from the synthesis of insights across

the disciplines of quantitative, molecular, population, and

epidemiological genetics. Understanding the causes and con-
sequences of disease architecture (widespread polygenicity

and pleiotropy, in particular) will require advances in quantita-

tive genetics to incorporate parameters of natural selection

coupled with advances in genetic epidemiology to understand

the relevant environmental contexts and risk factors shared

across traits. The latter, in turn, will likely benefit from the par-

titioning of environmental and genetic variance enabled by

advances in family-based study designs, which are also

beginning to capitalize on fundamental theories from causal

inference and counterfactual reasoning to aid interpreta-

tion.150 Understanding the language and grammar of regulato-

ry variation will require integration of population-scale quanti-

tative genetics, which can quantify the effects of standing

variation in vivo and in a disease context, with experimental

molecular genetics, which can probe the effects of unob-

served perturbations and validate novel predictions in vitro

and in a non-disease or synthetic disease context. Both ap-

proaches can benefit from emerging tools in statistical ge-

netics and machine learning for prediction, prioritization, and

feature interpretation to more efficiently identify the most rele-

vant disease genes and their broader disease network

effects. Finally, all of these inquiries can benefit from diverse,

multi-ancestry cohorts and advances in population genetics to
Cell 187, February 29, 2024 1069



ll
Review
understand the complex genetic genealogy of contemporary

populations using modern day and ancient genomic data.

Given the rapid progress during this millennium, human ge-

netics is now well poised to provide a deeper understanding of

human biology—and improve human health. Successful

description of genetic variation, mapping of genetic associa-

tions, and identification of their functional effects provides

the foundation for mechanistic understanding of these pro-

cesses. This opens the door to successful prediction in diag-

nostic settings and identification of interventions to affect pro-

cesses that contribute to disease. The ultimate goal is the

integration of rare and common genetic risk factors with envi-

ronmental risks, as well as pharmacogenetic advancements in

tailoring treatment selection.5 Equally important is to map the

limits of genetics and understand how the broad patterns of

heritability rise via complex interrelated processes of genetics

and diverse environmental factors throughout an individual’s

life. Here, the interactions between human genetics and neigh-

boring fields, such as epidemiology and molecular biology, are

critical.

Beyond these challenges and ways forward, continued suc-

cess and global justification of human genetics necessitate

scrutiny of the field as a professional community, as well as

its relationship with the surrounding society. Like other scien-

tific domains, human genetics has a problematic history and

ongoing issues linked to exploitation and exclusion of Indige-

nous communities and minorities both within the professional

community and as research participants. Confronting and

addressing these issues is essential to pave the way for

a more inclusive and responsible future.151,152 Genetics

research is increasingly incorporated into the social sciences,

and effective communications across these disciplines is

needed to ensure the limits of genetic inference are fully un-

derstood.

Yet, human genetics provides some of the most compelling

empirical evidence of our collective origins and the intertwined

biological makeup of all humans, as well as the complexity and

nondeterministic nature of human traits and diseases. This

narrative could be disseminated more extensively. Genetics

already has a major role in public understanding of our personal

family history and ancestry, and it is assuming an increasingly

prominent role in healthcare. Thus, the imperative to foster a

society that is well-versed in the appropriate use and limitations

of genetic data. This requires moving away from the reductive

and deterministic language often employed in public communi-

cation of genetics. Embracing a more inclusive, transparent,

and ethically aware approach is not just a moral imperative

but also crucial for the sustained progress and credibility of

the field.
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Femerling, G., Nathan, V., Patel, J., and Gravel, S. (2023). Topological

http://refhub.elsevier.com/S0092-8674(24)00060-6/sref52
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref52
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref52
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref52
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref53
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref53
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref53
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref53
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref54
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref54
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref54
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref55
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref55
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref55
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref55
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref56
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref56
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref56
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref57
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref57
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref57
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref57
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref57
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref58
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref58
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref58
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref58
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref59
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref59
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref60
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref60
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref60
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref61
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref61
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref62
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref62
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref62
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref62
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref63
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref63
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref63
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref63
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref63
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref63
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref64
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref64
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref64
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref64
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref65
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref65
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref65
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref65
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref66
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref66
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref66
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref66
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref67
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref67
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref67
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref67
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref67
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref68
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref68
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref68
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref68
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref69
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref69
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref69
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref69
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref69
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref70
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref70
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref70
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref71
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref71
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref71
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref71
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref71
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref72
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref72
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref72
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref72
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref73
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref73
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref73
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref73
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref74
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref74
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref74
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref74
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref74
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref75
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref75
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref75
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref75
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref75
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref76
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref76
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref76
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref76
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref76
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref77
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref77
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref77
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref77
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref77
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref78
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref78
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref78
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref78
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref79
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref79
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref80
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref80
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref80
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref80
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref81
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref81
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref81
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref82
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref82
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref82
http://refhub.elsevier.com/S0092-8674(24)00060-6/sref82


ll
Review
stratification of continuous genetic variation in large biobanks (Geno-

mics) https://doi.org/10.1101/2023.07.06.548007.

83. Gorla, A., Sankararaman, S., Burchard, E., Flint, J., Zaitlen, N., and Rah-

mani, E. (2023). Phenotypic subtyping via contrastive learning https://doi.

org/10.1101/2023.01.05.522921.

84. Kong, A., Thorleifsson, G., Frigge, M.L., Vilhjalmsson, B.J., Young, A.I.,

Thorgeirsson, T.E., Benonisdottir, S., Oddsson, A., Halldorsson, B.V.,

Masson, G., et al. (2018). The nature of nurture: Effects of parental geno-

types. Science 359, 424–428.

85. Veller, C., and Coop, G. (2023). Interpreting population and family-based

genome-wide association studies in the presence of confounding https://

doi.org/10.1101/2023.02.26.530052.

86. Simons, Y.B., Mostafavi, H., Smith, C.J., Pritchard, J.K., and Sella, G.

(2022). Simple scaling laws control the genetic architectures of human

complex traits (Genetics) https://doi.org/10.1101/2022.10.04.509926.

87. Yair, S., and Coop, G. (2022). Population differentiation of polygenic

score predictions under stabilizing selection. Philos. Trans. R. Soc.

Lond. B Biol. Sci. 377, 20200416.

88. Durvasula, A., and Lohmueller, K.E. (2021). Negative selection on com-

plex traits limits phenotype prediction accuracy between populations.

Am. J. Hum. Genet. 108, 620–631.

89. Berg, J.J., Harpak, A., Sinnott-Armstrong, N., Joergensen, A.M., Mosta-

favi, H., Field, Y., Boyle, E.A., Zhang, X., Racimo, F., Pritchard, J.K., et al.

(2019). Reduced signal for polygenic adaptation of height in UK Biobank.

eLife 8, e39725.

90. Sohail, M., Maier, R.M., Ganna, A., Bloemendal, A., Martin, A.R., Turchin,

M.C., Chiang, C.W., Hirschhorn, J., Daly, M.J., Patterson, N., et al.

(2019). Polygenic adaptation on height is overestimated due to uncorrec-

ted stratification in genome-wide association studies. eLife 8, e39702.

91. Zhang, B.C., Biddanda, A., Gunnarsson, Á.F., Cooper, F., and Pala-
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