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Social 
factors

Social and environmental 
contexts influence 
genetic associations, 
including what gets 
studied, how, in which 
population, and how 
those results are 
interpreted.

How do you define your population?
Where are they geographically? 

Are their identities self-reported, statistically assigned, etc.?

What do your population’s lives look like?
Where do they live? What environments are they exposed to? 

What do they do in their daily lives?

Population Descriptors

Environmental Context
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What are population descriptors?

examples include race, 
ethnicity, nationality, and 
geographic location, although 
this is a non-exhaustive list

Source: NHGRI and “Using Population Descriptors in Genetics and Genomics Research: A New Framework for an Evolving Field.” 2023

ways of describing or 
distinguishing people from 
each other based on 
perceived or actual differences

à



Definitions

Ancestry a person’s origin or descent, lineage, “roots,” or 
heritage, including kinship

Genetic 
ancestry

the paths through an individual’s family tree by which 
they have inherited DNA from specific ancestors

Genetic 
similarity

quantitative measure of the genetic resemblance 
between individuals that reflects the extent of shared 
genetic ancestry

Source: NASEM “Using Population Descriptors in Genetics and Genomics Research: A New Framework for an Evolving Field.” 2023



Genetic ancestry
• “stretches of the 

genome we 
inherit from our 
ancestors”

• (Mathieson “What is ancestry?” PLOS 
Genet. 2020)

Image from Arslan Zaidi

etc. …

https://www.arslanzaidi.com/post/what-your-genetic-ancestry-test-can-and-cannot-tell-you-about-your-genealogical-ancestors/


How is genetic ancestry operationalized?

Assigned through 
reference panels that 
tell us about the 
genetic background of 
people who are 
“representative” of an 
“ancestry group,” 
which have been 
arbitrarily designed

The 1000 Genomes Project Consortium (2015) Nature



Genetic ancestry is continuous

Lewis et al. 2022 Science



Genetic ancestry is continuous

Modern approaches include calculating
“genetic distance” from a training 
population

Lewis et al. 2022 Science; Ding et al. 2023 Nature

Impossible to define perfect boundaries



POP QUIZ

Which of the following do you believe to be true? 
A. Race is a proxy for genetic variation between populations.
B. The term “Caucasian” is synonymous with European ancestry.
C. Researchers should explain why they use population 

descriptors.
D. The use of broad racial categories, e.g. “Asian,” is sufficient 

for human genetics research.
E. None of the above are true.

Sharma et al. 2026 bioRxiv (Under review)
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How are population descriptors used in 
human genomics?
• Genetic ancestry
• Race
• Ethnicity
• Population group
• Genetic similarity



How are population descriptors used?
How do you currently assign population descriptors in your 
research? 

• Existing literature search
• Labels defined by the dataset/cohort/consortium
• Labels based on participants’ self-reported info
• Labels based on genetic similarity to a reference population
• Based on my own experience/judgment
• My PI decides this
• Using published guidelines 
• I don’t think about this.
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Existing and recommended practice
Commonly used in 
genetic research

Issue NASEM-recommended

“African American” or 
“Black”

Conflates self-identified race and 
social identity with genetic 
ancestry

Keep race and ethnicity only as self-
reported identity. Don’t use it to infer 
genetic ancestry

“African ancestry” or 
“European ancestry”

Implies discrete, bounded 
continental categories. But, 
genetic variation is continuous.

Genetic similarity to a specified 
reference panel (e.g. “1KG-AFR-like”)

“Caucasian” Imprecise, outdated, and 
conflates geography and race

Avoid entirely. Use genetic similarity or 
specific geographic or ethnic self-
identified labels

“Hispanic/Latino” (used 
to infer admixture)

Implies a discrete category but 
actually this label has little to do 
with genetics. 

Self-identified ethnicity should be 
preserved separately. If inferring 
ancestry, use reference panel similarity.

Adapted from Khan et al. 2025 AJHG and 2023 NASEM report
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Conflates self-identified race and 
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“Caucasian” Imprecise, outdated, and 
conflates geography and race

Avoid entirely. Use genetic similarity or 
specific geographic or ethnic self-
identified labels

“Hispanic/Latino” (used 
to infer admixture)

Implies a discrete category but 
actually this label has little to do 
with genetics. 

Self-identified ethnicity should be 
preserved separately. If inferring 
ancestry, use reference panel similarity.

What you should do depends on 
your research question. 

Self-identified labels are still scientifically useful 
(e.g. for questions of health disparities and gene-

environment interactions)!



Scenarios and recommendations



Scenarios and recommendations



Not
great

“Genomic data in the All of Us Research Program” Nature 2024 

https://www.nature.com/articles/s41586-023-06957-x


Much 
better!

“Genetic ancestry and population structure in the All of Us Research Program cohort” Nature Commun. 2025

https://pubmed.ncbi.nlm.nih.gov/40319026/


Labels are messy!

Johnson et al. 2022 36085083 

https://pubmed.ncbi.nlm.nih.gov/36085083/


Gene-environment 
interactions
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What is GxE?



Why study 
genes and 

environment 
together?

Leverage assumed effect 
modifiers to increase power

Better characterize 
biological mechanisms

Improve risk prediction and 
prognostic models 



Gene-environment interaction (GxE)

• “a different effect of an environmental exposure on disease risk 
in persons with different genotypes,” 

or, equivalently, 
• “a different effect of a genotype on disease risk in persons with 

different environmental exposures.”

Ottman 1996 8936580 

https://pubmed.ncbi.nlm.nih.gov/8936580/


Three kinds of interaction

Biologic 
interactions

Public health 
interactions

Statistical 
interactions



Biologic 
interactions

• “necessity of a causal partner for disease occurrence”
• “occurs when one risk factor allows the other to be expressed in 

a disease outcome.”

• hard to define…

Schwartz (2006) Modern Epidemiologic Approaches to Interaction: Applications to the Study of Genetic Interactions



Scriver CR (2007) Hum Mutat

TERATOGENIC!

The GxE Poster Child: PKU
PKU occurs due to 
defects in the PAH gene 
that creates an enzyme 
to break down 
phenylalanine, which 
leads to buildup of 
toxic phenylalanine.

Autosomal recessive 
mode of inheritance



• Neither genotype nor exposure cause disease alone.
• Only variant genotype and normal dietary phenylalanine 

exposure together produce harmful outcomes.
• Penetrance is biologically/mechanistically consistent. 
• Preventive intervention exists and is relevant specifically to 

carriers!

The GxE Poster Child: PKU



“[W]e may be interested whether, for some 
individuals, an outcome occurs if both of two 
exposures are present but not if only one or the 
other is present.”

Under strong assumptions, a specific form of 
statistical interaction—departure from additivity on the 
absolute risk scale—implies interaction in this sense.

Sufficient Component Cause/
Counterfactual Interaction

Vanderweele and Robins (2007) Epidemiology; Lawlor (2011) Epidemiology; Vanderweele (2011) Epidemiology
Slide courtesy of Pete Kraft
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Public health 
interactions

• “situation in which the public health costs or benefits from 
altering one factor must take into account the prevalence of 
other factors”

• e.g. carriers of some allele A may benefit disproportionately 
from some intervention

• Assuming the public health benefit has to do with reducing 
disease incidence, this corresponds to departures from 
additivity on the absolute risk scale.

Greenland and Rothman (1998) Modern Epidemiology; Clayton (2012) Int J Epidemiol



• Motivation: Aspirin/NSAID use is associated with lower risk of 
colorectal cancer

• Methods: Case-control study with (1) logistic regression 
including interaction and (2) case-only interaction analysis

• Aspirin/NSAID use was protective for individuals with TT 
genotype at rs2965667, but led to higher risk among those with 
rarer TA or AA genotypes. 

• Public health benefit is applicable in specific subsets of the 
population.

Nan et al. JAMA (2015)



Three kinds of interaction

Biologic 
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interactions

Statistical 
interactions



Statistical 
interactions

• “variation in some measure of the effect of an exposure on 
disease risks across the levels of … a modifier. … The definition 
of interaction depends on the measure of association used. 

• Departure from an additive effects model on a particular scale

Thomas (2004) Statistical Methods for Genetic Epidemiology



Example of statistical interaction

G
1 if carrier

0 if non-carrier
E

1 if exposed

0 if unexposed

pGE = b0 + bg G + be E + bge GE 
Risk of disease

= b0 + bg G + be E + bge GE 

Log odds of disease
pGE

1-pGE
log

Test for “additive interaction:” H0 is bge=0 

Test for “(multiplicative) interaction:” H0 is bge=0
Slide courtesy of Pete Kraft
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Kraft and Hunter (2010)

interaction is 
not scale 
dependent

risk genotype 
has no 

impact in 
unexposed

changing outcome 
scale results in an 

additive G & E 
model

“Types” of GxE
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Y=𝛽!G + 𝛽" 	E + error 
fits well

Y=𝛽!G + 𝛽" 	E + error 
doesn’t fit well

Gene-environment interactions can be easily created or eliminated 
by changing the scale of Y. There is no universally appropriate scale.

Falconer and McKay (1996); Lynch and Walsh (1998)

Outcome scale

Slide courtesy of Pete Kraft
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Two “reaction norms” (i.e. gene-environment interaction patterns) 
after Lewontin (1974) Am J Hum Genet

Genetic effect, environmental effect, and gene-environment interaction 
all depend on what part of the E distribution you’ve sampled: this 
has implications for discovery and replication

Range of E exposures

Kraft and Hunter (2010)

Slide courtesy of Pete Kraft
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Two “reaction norms” (i.e. gene-environment interaction patterns) 
after Lewontin (1974) Am J Hum Genet

Genetic effect, environmental effect, and gene-environment interaction 
all depend on what part of the E distribution you’ve sampled: this 
has implications for discovery and replication

Range of E exposures

low E exposure = 
potentially high G liability 
for trait/disease 
(heritability model)

high E exposure = 
potentially low G liability 
for trait/disease

Kraft and Hunter (2010)



India health study

Trivandrum

New Delhi

Slides courtesy of Nilanjan Chatterjee



Participant characteristics by region
Characteristic New Delhi Trivandrum
Total (n=1,313) n=619 n=694

Age, years (mean, SD) 47.4 ± 10.0 48.8 ± 9.2

Household monthly income, %
<5,000 rupees 7.1 71.9
>10,000 rupees 76.7 3.1

Household items, %
Car 25 7
Refrigerator 87 58
Washing machine 79 14

Total physical activity, MET-hr/wk 42.5 ± 43.8 147.3 ± 85.2
Vigorous physical activity, MET-hr/wk 0.6 ± 6.8 26.2 ± 51.4
Sitting, hr/day 10.4 ± 2.0 5.0 ± 2.3

Centrally obese, % 82.1 60.2
Moore et al (2011) Obesity
 

https://pmc.ncbi.nlm.nih.gov/articles/PMC3429696/


Association of FTO rs3751812 with waist circumference

Overall 1,209 +1.61 cm (0.67, 2.55) 0.0008 

New Delhi
Overall 578 +2.53 cm (1.08, 3.97) 0.0006 

Trivandrum
Overall 574 +0.87 cm (-0.35, 2.08) 0.16 

By PA
< 91 MET-hrs/wk 517 +2.36 cm (0.82, 3.89) 0.003 
92-151 MET-hrs/wk 32 +6.39 cm (1.94, 10.85) 0.005
152-217 MET-hrs/wk 24 -0.95 cm (-7.33, 5.42) 0.77
218+ MET-hrs/wk 5 N/A N/A

By PA
< 91 MET-hrs/wk 170 +3.50 cm (0.90, 6.10) 0.008 
92-151 MET-hrs/wk 132 +1.13 cm (-1.08, 3.33) 0.32 
152-217 MET-hrs/wk 141 +1.04 cm (-1.63, 3.70) 0.45 
218+ MET-hrs/wk 131 -2.32 cm (-4.82, 0.18) 0.07

Characteristic N
Effect size per T allele 
(95% CI) Ptrend 

0.009

0.59

0.004

Moore et al (2011) Obesity
 

https://pmc.ncbi.nlm.nih.gov/articles/PMC3429696/


Adapted from Kraft (2017) JCO

High risk threshold

75th %ile 99th %ile

Statistical interaction ≠ Public health interaction
Even though there’s technically no 
multiplicative interaction here, the 
absolute gap between the high and 
low risk curves is much wider at 
higher levels of genetic risk.

1. Individuals at the upper tail of 
genetic risk will 
disproportionately benefit from 
some intervention.

2. Those at the tail of unexposed 
individuals can avoid any risks 
from some intervention.



Absolute risk improvements greatest in 
highest risk women with breast cancer

Maas et al (2016) JAMA Oncology

SNPs, family history, 
reproductive history, height

Women in the highest 
decile of non-modifiable 
risk (mostly due to 
genetics) can reduce their 
absolute risk for breast 
cancer through healthy 
lifestyle choices much 
more than those already 
at low genetic risk.

https://jamanetwork.com/journals/jamaoncology/fullarticle/2524829


So, what do we mean when we say GxE?

• Statistical or public health interactions

• Most often, statistical interaction



State of the science



GxE literature has grown over time

• Originally, 
interactions of 
singular 
exposures with 
candidate genes

 
• Now, large-scale 

population GxE 
is more common

Sharma and Kraft (2026) In prep



A majority of these studies report a 
significant gene-environment interaction.

Are these all credible?

Perhaps not.
1. Small sample sizes.
2. Limited correction for multiple testing/low priors.
3. Limited replication.



NAT2, smoking, and bladder cancer

2005 2007 2010

NAT2 “slow 
acetylator” carriers 
had a higher risk of 
bladder cancer. 
Risk is higher in 
smokers.

Smoking effect got 
stronger with more 
cigarettes smoked per 
day. Among smokers, 
NAT2 doubled bladder 
cancer risk.

NAT2 appears in 
genome-wide 
significant scan 
for bladder cancer 
and replicates 
interactions.

Garcia-Closas et al. (2005) Lancet; Lubin et al. (2007) Int J Epidemiol; Rothman et al. (2010) Nat Genet; Koutros et al. (2023) Eur Urol 



NAT2, smoking, and bladder cancer

2005 2007 2010

NAT2 “slow 
acetylator” 
carriers had 
a higher 
risk of 
bladder 
cancer. 
Risk is 
higher in 
smokers.

Smoking 
effect got 
stronger with 
more 
cigarettes 
smoked per 
day. Among 
smokers, 
NAT2 doubled 
bladder 
cancer risk.

NAT2 appears 
in genome-
wide 
significant 
scan for 
bladder 
cancer and 
replicates 
interactions.

Garcia-Closas et al. (2005) Lancet; Lubin et al. (2007) Int J Epidemiol; Rothman et al. (2010) Nat Genet; Koutros et al. (2023) Eur Urol 

2023

Large pooled GWAS 
(~14k cases) 
replicates the NAT2-
smoking interaction, 
including using a 24-
SNP bladder cancer 
polygenic risk score.



ALDH2, alcohol, and esophageal cancer

2001 2010 2011

Inactive ALDH2 
variant carriers clear 
acetaldehyde much 
slower. Identifies 
higher multiplicative 
risk of esophageal 
cancer (EC) for 
drinking.

Carrying risk alleles at 
ALDH2 and ADH1B 
compounds EC risk 
further. Also identifies 
strong interaction with 
smoking behavior.

ALDH2 variants 
appear in genome-
wide significant 
scan for EC and 
replicates 
interactions with 
drinking & 
smoking.

Matsuo et al. (2001) Carcinogenesis; Tanaka et al. (2010 Gut); Wu et al. (2011) Nat Genet 



CHRNA3/4/5, smoking, and lung cancer

2008 2011 2016

Multiple studies 
identify that 
CHRNA/B genes 
encode parts of the 
nicotine receptor and 
shapes smoking 
behavior. 

CHRNA3-5 
show no 
association 
with LC among 
never 
smokers. 
Indirect effect?

Meta-analysis identifies 
CHRNA5 as risk-
increasing for early LC 
diagnosis. Cessation 
benefits regardless of 
CHRNA5 genotype.

Amos et al (2008) Nat Genet; Hung et al (2008) Nature; Thorgeirsson et al (2008) Nature; Wang et al. (2011) PLOS ONE; Chen et al (2016) eBioMedicine

Is a genetic association 
actually a GxE interaction?



Mbemi et al (2020) Int J Environ Res Public Health



Mbemi et al (2020) Int J Environ Res Public Health



Polygenic score-environment interactions
Genome-wide composite measures can potentially capture 
more variance than single genes (in some cases).

Using a PGS instead of a candidate gene may present new 
findings/public health potential
• e.g. interactions between a 77-SNP breast cancer PGS and various 

environmental factors (BMI, alcohol use, etc.) 

Rudolph et al. (2018) Int J Epidemiol; Domingue et al (2020) Sociological Science



Challenges of 
GxE studies



Common epi concerns

• Sampling 
biases

• Statistical and 
methodological 
artifacts

• Environmental 
measurements

G=1
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ue Frequency

Kraft and Hunter (2010)



Common epi concerns

• Sampling 
biases

• Statistical and 
methodological 
artifacts

• Environmental 
measurements



Common epi concerns

• Sampling 
biases

• Statistical and 
methodological 
artifacts

• Environmental 
measurements



“Environmental” measurements

Limited exposure 
range

• possible for 
some 
interactions to 
only exist at 
unsampled 
extremes

Area-level vs. 
individual-level 
measurement

• geospatial 
exposures are 
proxies

• introduces 
ecological 
fallacy risk

Temporality/single 
time-point 

measurement

• only using 
baseline 
exposure can 
lead to time-
varying 
misclassification

Data quality 
(EHR)

• coding 
heterogeneity

• missingness not 
at random, etc.



Difficulties for cancer GxE specifically

• Interaction effects require LARGE sample sizes

• Most cancers are rarer than traits like BMI, height, etc.

• Long latency between exposure and diagnosis leads to frequent 
limitations for single-timepoint exposure assessments



Replication (lessons 
from psychiatric epi)

• Claim: 5-HTTLPR short-allele carriers 
showed elevated risk of depression after 
stressful events, while long/long genotype 
was protective (total n=~800) (Caspi et al. 
2003 Science)

• highly cited, motivated many candidate GxE 
studies for other traits

• Test: Risch et al. did a meta-analysis of 14 
studies in 2009 (JAMA) and found no 
genotype main effect and no gene-by-stress 
interaction (total n=~14,000)

• Small, underpowered candidate GxE 
studies can generate compelling-looking 
interactions that may not replicate at scale.



Opportunities for progress

• Many flagship hits so far have been in lung function, 
cardiovascular disease, and metabolic traits

• New methods to identify candidate loci without specifying scale 
and to model environmental exposures as composite measures

• Better exposure measurement can refine results 



The future of GxE research

• Coordinated harmonization of environmental variables
• Pooling and consortia efforts to increase sample size and power 

for GxE detection 

These advances can enable us to ask new and refined questions 
that we can then answer with better data!



Analysis and
practicum



Common analytic approaches: 2x2x2 
table (standard)

E = 1 (smoker) E = 0 (non-smoker)
G = 1 G = 0 G = 1 G = 0

Case 60 100 40 200
Control 40 160 40 160

• What is the GxE OR?
• OR(G|E=1) = (60 × 160) / (100 × 40) = 9,600 / 4,000 = 2.4
• OR(G|E=0) = (40 × 160) / (200 × 40) = 6,400 / 8,000 = 0.8
• Interaction OR = 2.4 / 0.8 = 3.0

OR = ad/bc



Case-only designs

• 2 assumptions: disease is rare and G and E are independent
• the OR comparing individuals exposed to G and E to individuals 

exposed to neither G nor E = the product of the OR of 
individuals exposed to only one or the other G or E

• efficient if assumptions hold

• but, if G and E are not independent in non-cases (e.g. 
population stratification), the case-only estimate is biased



Common analytic approaches: 2x2x2 
table (case-only design)

E = 1 (smoker) E = 0 (non-smoker)
G = 1 G = 0 G = 1 G = 0

Case 60 100 40 200
Control 40 160 40 160

• What is the GxE OR?
• First, check independence in controls.
• OR(G–E | controls) = (40 × 160) / (160 × 40) = 1.0 (good)

OR = ad/bc



Common analytic approaches: 2x2x2 
table (case-only design)

E = 1 (smoker) E = 0 (non-smoker)
G = 1 G = 0 G = 1 G = 0

Case 60 100 40 200

• What is the GxE OR?
• Next, restrict to cases only.
• Case-only OR = (60 × 200) / (40 × 100) = 12,000 / 4,000 = 3.0 

same OR in this 
case, but tighter 
confidence interval!

OR = ad/bc



Sample size

• GxE studies require large sample sizes (~4x for main effects)
• interaction effect estimates have much larger variance

• Low power can limit replicability (Caspi et al. example)
• Broadening sampled exposure range or using aggregate 

genetic measure can help



Testing additive vs. multiplicative 
interactions
• Multiplicative scale: test H0: Beta GE = 0 in the log-odds model 
• Additive scale: test H0 on the risk-difference scale, and report 

RERI

• Always report which scale you tested!



Thank you!
Email: jayati.sharma@nih.gov


