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GxE Definition

The effect of a risk allele depends on the level of 
an environmental variable. 

Equivalently, the effect of the environment 
depends on the number of risk alleles

In either case, there is gene-by-environment 
interaction (GxE)



Motivation
• Genes do not affect traits in a vacuum; their effects almost 

certainly, at some level, depend on the environment.

• Understanding how environmental factors modify genetic effects 
is the study of GxE

• GxE effects are probably ubiquitous
• For a given outcome, if one defines its “reactions to 

environmental factors” as a trait itself, it would be astonishing if 
this trait were not heritable

• The study of GxE is appealing because it counters 
misinterpretations of BG as being about genetic determinism, and 
because it suggests actionable ways to modify genetic risk

• However, the detection of GxE is not straight forward; there are 
many statistical pitfalls. And there is concern existing GxE studies 
have high false positive rates. 
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Basic Types of GxE
• Quantitative GxE: Genetic effects at all k loci are multiplied by the same 

effect (β’) across levels of E: 

Changes the additive genetic variance (VA) across E. Examples:
• (Twin study) - In the U.S., it appears that the VA for IQ is lower at low SES 

(Turkheimer et al., 2003)
• (PGS study) – R2 (i.e., h2

PRS) from a depression-based PGS increased as 
a function of childhood trauma (Peyrot et al., 2014)



Basic Types of GxE
• Quantitative GxE: Genetic effects at all k loci are multiplied by the same 

effect (β’) across levels of E: 

Changes the additive genetic variance (VA) across E. Examples:
• (Twin study) - In the U.S., it appears that the VA for IQ is lower at low SES 

(Turkheimer et al., 2003)
• (PGS study) – R2 (i.e., h2

PRS) from a depression-based PGS increased as 
a function of childhood trauma (Peyrot et al., 2014)

• Qualitative GxE: Genetic effects are multiplied by different effects (β’k) at 
each locus across levels of E:

Reduces rg between individuals at different levels of E. Examples:
• (Candidate Gene Study) – Effect of stressful life events on depression 

depends on the 5HTTLPR polymorphism (Caspi et al., 2003)
• (GREML) – SNP-correlation for BMI between ages 18-40 vs. >66 is ~.60 

and significantly < 1 (Robinson et al., 2017).



Study Designs for 
Quantitative vs. Qualitative GxE

Study Type Quantitative Qualitative

Twin Studies YES YES

Single Polymorphism NOa YES

GWIS NOa YES

Polygenic Score YES YESb

LDSC NOc YES

GREML NOc YES

a – Note that a GxE test on a single polymorphism cannot distinguish between qualitative and 
quantitative interactions. A qualitative interaction at a single locus implies a quantitative 
interaction at that locus, but the change in variance is generally not the focus.

b – Usually, PGS-by-E interaction studies focus on quantitative interactions. However, 
distinguishing qualitative vs quantitative interactions with PGS’s is not straight forward

c - Both GREML & LDSC can look at quantitative interactions by stratifying the sample, but there is 
no way to test quantitative interactions in a single model that leads to a single test. In GREML, it 
would require non-linear constraints. Current software (GCTA, BOLT) cannot do this



Study Designs for 
Quantitative vs. Qualitative GxE

Study Type Quantitative Qualitative

Twin Studies YES YES

Single Polymorphism NOa YES

GWIS NOa YES

Polygenic Score YES YESb

LDSC NOc YES

GREML NOc YES

a – Note that a GxE test on a single polymorphism cannot distinguish between qualitative and 
quantitative interactions. A qualitative interaction at a single locus implies a quantitative 
interaction at that locus, but the change in variance is generally not the focus.

b – Usually, PGS-by-E interaction studies focus on quantitative interactions. However, 
distinguishing qualitative vs quantitative interactions with PGS’s is not straight forward

c - Both GREML & LDSC can look at quantitative interactions by stratifying the sample, but there is 
no way to test quantitative interactions in a single model that leads to a single test. In GREML, it 
would require non-linear constraints. Current software (GCTA, BOLT) cannot do this

Regression tests of the mean 
will be the focus here 
because they are the most 
common and most lessons 
from this apply to polygenic 
methods
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Example: Caspi et al. (2003)
In most cited GxE paper published, Caspi et al. (2003) studied effects of childhood 
maltreatment/stressful life events and 5HTTLPR repeat polymorphism on depression.

In 847 26-year olds, they found a marginally significant effect of 5HTTLPR (p=.06). However 
the effect varied by stressful life events & childhood maltreatment. The probabilities of 
depression were as follows (ignoring s/l for simplicity):

No Maltreatment Maltreatment
l/l .30 .31
s/s .30 .64



Example: Caspi et al. (2003)
In most cited GxE paper published, Caspi et al. (2003) studied effects of childhood 
maltreatment/stressful life events and 5HTTLPR repeat polymorphism on depression.

In 847 26-year olds, they found a marginally significant effect of 5HTTLPR (p=.06). However 
the effect varied by stressful life events & childhood maltreatment. The probabilities of 
depression were as follows (ignoring s/l for simplicity):

No Maltreatment Maltreatment
l/l 1.00 1.03
s/s 1.00 2.1

It seems as though the effect of 5HTTLPR depends on maltreatment. (Equivalently, the 
effect of maltreatment depends on 5HTTLPR). When one has both maltreatment and s/s, 
the risk for depression ~doubles.

This is an example of a GxE interaction (whether it replicates is a separate issue we take up 
later)

No Maltreatment Maltreatment
l/l .30 .31
s/s .30 .64

Alternatively, we could use one (e.g., l/l, No Maltreatment) cell as the reference, and 
calculate the “relative risks” or “risk ratios” (RR) by dividing each probability by the 
reference probability:



Notation
G - genetic polymorphism 
E – environmental moderator 
Y - outcome

For simplicity, assume G , E, and Y are binary. E.g.:
E = 0 for low env. risk E = 1 for high env. risk
G = 0 for low genetic risk G = 1 for high genetic risk

Let pge be probability Y=1 (e.g., disease) given G & E:
pge = P(Y=1 | G=g, E=e).

E=0 E=1
G=0 p00 p01 

G=1 p10 p11 
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Additive vs. multiplicative interactions

Additive Null: Excess risk G & E         = Effect of G + Effect of E
p11-p00                                   = (p10-p00) + (p01-p00)

Multiplicative Null: Excess risk G & E         = Effect of G * Effect of E
p11/p00 (p10/p00) * (p01/p00)

E=0 E=1
G=0 p00 p01 

G=1 p10 p11 

There are two basic ways of thinking about interactions with binary 
outcomes, which depend on how we think about joint effects*:

*Much of this is covered in an excellent paper by VanderWeele & Knol, 
2014, which guide how I cover scaling issues. 



Interaction example – additive scale
Here are the pge from the Caspi et al (2003) GxE study:

E=0 E=1
G=0 p00 = 0.30 p01 = 0.31

G=1 p10 = 0.30 p11 = 0.64

Interactions measure extent to which effect of the two factors combined (p11 - p00)
exceeds the sum of the individual effects [(p10 - p00) + (p01 - p00)]

(p11 - p00) - [(p10 - p00) + (p01 - p00)] = p11 - p10 - p01 + p00

If p11 - p10 - p01 + p00 > 0, interaction is "positive” 

If p11 - p10 - p01 + p00 < 0, interaction is ”negative” 

Here, p11 - p10 - p01 + p00 = 0.64 - 0.30 - 0.31 + 0.3 = 0.33 > 0 or "positive": the two 
risk factors combined have a larger effect than expected based on the sum of the 
G & E effects



Interaction example – multiplicative scale

Alternatively, assess interactions on multiplicative scale:

RR11 = p11/p00 = 0.64/0.30 = 2.1
RR10 = p10/p00 = 0.30/0.30 = 1
RR01 = p01/p00 = 0.31/0.30 = 1.03

A measure of multiplicative interaction for risk ratios is:

RR11 / (RR10 x RR01) = (p11p00)/(p10p01) = (.64*.3)/(.3*.31) = 2.06

If the multiplicative interaction is > 1 it is positive, < 1 it is negative

E=0 E=1
G=0 p00 = 0.30 p01 = 0.31

G=1 p10 = 0.30 p11 = 0.64



Scale dependence of interactions
Researchers routinely state that presence of interactions can 
depend on the scale  of Y. Less appreciated is that the choice of 
model (e.g., multiplicative or additive) implicitly changes the scale of 
Y and can also change evidence for interactions. E.g.:

E=0 E=1
G=0 p00 = 0.02 p01 = 0.10

G=1 p10 = 0.15 p11 = 0.40

Additive: p11 - p10 - p01 + p00 = .40 - .15 - .10 + .02 = 0.17 > 0, “positive”

Multiplicative: (p11p00)/(p10p01) = (.40*.02)/(.15*.10) = .53 < 1, “negative”



Scale dependence of interactions
The reverse can also occur:

E=0 E=1
G=0 p00 = 0.20 p01 = 0.45

G=1 p10 = 0.02 p11 = 0.10

Additive: p11 - p10 - p01 + p00 = .10 - .02 - .45 + .20 = -0.17 < 0, “negative”

Multiplicative: (p11p00)/(p10p01) = (.10*.20)/(.02*.45) = 2.22 > 1, “positive”

These are extreme examples. Usually (but not always), the direction of 
the interaction is the same. However, it is quite easy for the significance 
of the GxE to differ.



There is debate on which scale should be used to assess interactions for 
categorical outcomes.

General conclusion: The additive scale is of greater public health relevance. 
Allows one to discern which subgroup would benefit most from adding or 
removing the moderator (Rothman et al., 1980; Kendler et al, 2010).

However, multiplicative scale corresponds most closely to modeling 
interactions on the liability, and most case-control studies use logistic 
regression (multiplicative scale) for binary outcomes.

Probably wise (though rarely done!) to report on both scales. Perform 
logistic regression and OLS on binary outcomes (see Hellevik, 2009). 
Perform OLS on log(Y) and Y for continuous outcomes.

Which scale is best?



Suppose E denotes a drug for SZ and the outcome is “no symptoms”.
Who should obtain the drug? We run a case-only interaction study:

E=0 E=1
G=0 0.02 0.10
G=1 0.15 0.40

Why additive scale more health relevant?

Additive: p11 - p10 - p01 + p00 = .40 - .10 - .15 + .02 = 0.17 > 0, “positive”: 
combination of G=1 & drug is better than expected; give drug to G=1.

Multiplicative: (p11p00)/(p10p01) = (.40*.02)/(.15*.10) = .53 < 1, “negative”: 
combination of G=1 & drug is worse than expected; give drug to G=0



Suppose E denotes a drug for SZ and the outcome is “no symptoms”.
Who should obtain the drug? We run a case-only interaction study:

E=0 E=1
G=0 0.02 0.10
G=1 0.15 0.40

Why additive scale more health relevant?

Additive: p11 - p10 - p01 + p00 = .40 - .10 - .15 + .02 = 0.17 > 0, “positive”: 
combination of G=1 & drug is better than expected; give drug to G=1.

Multiplicative: (p11p00)/(p10p01) = (.40*.02)/(.15*.10) = .53 < 1, “negative”: 
combination of G=1 & drug is worse than expected; give drug to G=0

We have 1k cases w/ G=0, 1k cases w/ G=1, but only 1k doses:
If give drug to G=0, 1000*.10 + 1000*.15 = 250 cures + remissions
If give drug to G=1, 1000*.40 + 1000*.02 = 420 cures + remissions

Obviously, we should give the drug to G=1. The additive model correctly 
identifies this but not the multiplicative model.



Outline
• GxE Definition & Motivation for studying
• Basic types of GxE interactions
• Example & Notation
• Issues of scale
• Statistical Models
• Proper interpretation of terms
• Proper control of covariates
• Issues with candidate GxE findings
• GWIS
• PRS-by-E



Statistical models to detect interactions
A statistical model on the linear/additive scale for an interaction takes form:

Y = β0 + βgG + βeE + βiGE

Where “GE” is the product of G and E. β3 tests the “bilinear” 
interaction. It is interpreted as the increase in the slope of E for every 
1 increase on G (or vice-versa). To see why:

Y = β0 + βgG+ βeE + βiGE
= β0 + βgG + (βe + βiG)E

β*e

β*e is the conditional slope of E. For every 1 increase on G, β*e
increases by βi. (And similarly for G: β*g increases by βi for every 1 
increase on E).



“Simple” effects in interaction models
= β0 + βgG + (βe + βiG)E

β*e

NOTE: when G=0, β*e = βe . Thus, the simple effect of E (i.e., βe) is 
the slope of E when G=0. Similarly, βg is the slope of G when E=0. 

When interpreting simple effects in a model containing the product 
term, you must be aware, and report the coding (and interpretation of 
“0”), of E & G. Frustratingly, this is often not done.



“Simple” effects in interaction models
= β0 + βgG + (βe + βiG)E

β*e

NOTE: when G=0, β*e = βe . Thus, the simple effect of E (i.e., βe) is 
the slope of E when G=0. Similarly, βg is the slope of G when E=0. 

When interpreting simple effects in a model containing the product 
term, you must be aware, and report the coding (and interpretation of 
“0”), of E & G. Frustratingly, this is often not done.

E.g.:
E is age. βg is the (extrapolated!) genetic effect at birth. 
E is mean-centered age. βg is the genetic effect at the average age.

Beware of interpreting simple effects in interaction models!  To 
interpret them, you should usually mean-center variables, or interpret 
them in a model not containing the product term. 



Regression model on additive scale:
P(Y=1|G=g,E=e) = β0 + βgG + βeE + βiGE
i.e., OLS on binary outcome; see Hellevik, 2009. 
If G & E are once again binary:

β0 = p00
βg = p10 - p00
βe = p01 - p00
βi = p11 - p10 - p01 + p00
i.e. the interaction effect on the additive scale

(derivation of βi):
p11 = β0 + βg + βe + βi
βi = p11 - β0 – (βg + βe)

= (p11 – p00) – (p10 - p00 + p01 - p00)

E=0 E=1
G=0 p00 p01 

G=1 p10 p11 



For Caspi results:
E=0 E=1

G=0 0.30 0.31
G=1 0.30 0.64

P(Y=1|G=g,E=e) = β0 + βgG + βeE + βiGE

We would have:
β0 = p00
βg = p10 - p00
βe = p01 - p00
βi = p11 - p10 - p01 + p00

= 0.30
= 0.00
= 0.01
= 0.33

βi tests the interaction on the additive scale. It arises from a model on 
untransformed probabilities (means of 0/1’s)

Regression model on additive scale



We can also use a “log-linear” regression model on risk ratios:  

log {P(Y=1|G=g,E=e)} = β0 + βgG + βeE + βiGE

P(Y=1|G=g,E=e) = exp(β0 + βgG + βeE + βiGE) 
= exp(β0)*exp(βgG)*exp( βeE)*exp(βiGE) 

exp(β0) = p00

exp(βg) = exp(β0+βg(1) - β0) = [exp(β0+βg)]/exp(β0) = p10/p00 = RR10

exp(βe) = [exp(β0+βe)]/exp(β0) = p01/p00 = RR01  

exp(βi)  = [exp(β0 + βg + βe + βi) exp(β0)] / [exp(β0 + βg) exp(β0 +βe)]

= (p11p00)/(p10p01) = RR11 / (RR10 x RR01) 

βi tests the interaction on the risk ratio multiplicative scale discussed above. It 
arises from a model on transformed probabilities (risk ratios)

Regression model on multiplicative scale



Or a “logistic” model of odds ratios:  

logit {P(Y=1|G=g,E=e)} = β0 + βgG + βeE + βiGE

exp(β0) = p00/(1-p00) 

exp(βg) = [p10/(1-p10)]/[p00/(1-p00)] = OR10  

exp(βe) = [p01/(1-p01)]/[p00/(1-p00)] = OR01

exp(βi) = OR11 / (OR10 x OR01)

βi still tests the “statistical interaction” but  now on another multiplicative 
(odds ratio) scale

An alternative regression model on 
multiplicative scale
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Covariates in interaction models
In genetic epidemiology, we are often concerned about potential 
confounders (e.g., ethnicity) on a genetic association. The same thing 
is of concern in GxE research. 

An observed GxE effect may be due to an unmeasured confounder. 
However, covariates are almost always modeled incorrectly in GxE
research, and this can lead to incorrect inference (Keller, 2013).

Let C be the variable we wish to control for.
The INCORRECT (but usual) way to control for C: 
Y = β0 + βgG + βeE + βiGE + βcC

The CORRECT way:
Y = β0 + βgG + βeE + βiGE + βcC + βcgCG + βceCE



Example: Say that C dummy codes African vs. European ancestry. We 
are interested in whether Alzheimer’s Disease (AD) is affected by 
APOE4 variant (G), carbohydrate intake (E), and their interaction (GE).

E4 is more frequent in people of African descent. If the effect of carb 
intake on AD is different for Africans vs. Europeans, the apparent GxE
may actually just be an Ancestry x E effect. 

Covariates in interaction models



Example: Say that C dummy codes African vs. European ancestry. We 
are interested in whether Alzheimer’s Disease (AD) is affected by 
APOE4 variant (G), carbohydrate intake (E), and their interaction (GE).

E4 is more frequent in people of African descent. If the effect of carb 
intake on AD is different for Africans vs. Europeans, the apparent GxE
may actually just be an Ancestry x E effect. 

Similarly, if people of African descent eat (e.g.) more carbs and the 
effect of E4 on AD risk is different between Africans vs. Europeans, then 
the apparent GxE may actually just be a G x Ancestry effect. 

Both scenarios are appropriately controlled for here:
AD = β0 + βgG + βeE + βgeGE + βcC + βcgCG + βceCE

Covariates in interaction models



Confounding example in interaction
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E4 is a weak proxy for AA, E3 for EA. Thus, the true 
Ancestry x E effect can masquerade as an apparent GxE
effect. Controlled for by including Ancestry x E.
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Confounding example in interaction

E3                                      E4 
APOE 

A
D

 R
is

k
Lo

   
   

   
   

   
   

   
   

   
   

  H
i 

More carbs
Fewer carbs

E3                                      E4 
APOE

A
D

 R
is

k
Lo

   
   

   
   

   
   

   
   

   
   

  H
i 



AA
EA

More carbs
Fewer carbs

Confounding example in interaction
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More carbs is a weak proxy for AA, fewer carbs for EA. 
Thus, the true Ancestry x G effect can masquerade as a 
GxE effect. Controlled for by including Ancestry x G.
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Candidate (CG) Studies
• CG studies relate trait to one or a small set of genetic polymorphisms

• Candidate ‘gene’ is misnomer. ‘Candidate polymorphism’ better.
• Historically, chosen based on theory about what ‘should’, biologically, 

affect trait X. 
• This since took a life of its own – now, most studies choose 

polymorphisms (5HTTLPR, COMT val/met, etc.) because other 
researchers studied them, the many positive results in the literature, 
the careful animal work on them, etc.

• Despite the large # positive reports, almost none supported by much 
larger GWAS studies.



Candidate (CG) Studies
• CG studies relate trait to one or a small set of genetic polymorphisms

• Candidate ‘gene’ is misnomer. ‘Candidate polymorphism’ better.
• Historically, based on theory about what ‘should’ affect trait X. 
• This since took a life of its own – now, most studies choose 

polymorphisms (5HTTLPR, COMT val/met, etc.) because other 
researchers studied them, the many positive results in the literature, 
the careful animal work on them, etc.

• Despite the large # positive reports, almost none supported by much 
larger GWAS studies.

• CG researchers counter the lack of GWAS replication by saying that 
GWAS studies cannot measure traits as well as small-n studies, or 
simple additive models do not capture the true biological complexity
• They’re still popular…



Cumulative sums of depression candidate gene studies

whole-genome era



Candidate GxE and false positive rate
• Hundreds of publications on cGxE’s from the same ~25 polymorphisms 

(5-HTTLPR, COMT, DRD4, etc.) initially chosen based on main effect 
reports, which have not replicated in GWAS.

• Nearly all (96%) novel findings are positive. Only 27% of direct 
replication attempts are (although this number is much higher for non-
direct replications; Karg et al, 2011). 

• The larger the replication attempt, the less likely it is to be significant.



Candidate GxE and false positive rate
• Hundreds of publications on cGxE’s from the same ~25 polymorphisms 

(5-HTTLPR, COMT, DRD4, etc.) initially chosen based on main effect 
reports, which have not replicated in GWAS.

• Nearly all (96%) novel findings are positive. Only 27% of direct 
replication attempts are (although this number is much higher for non-
direct replications; Karg et al, 2011). 

• The larger the replication attempt, the less likely it is to be significant.

• We (Duncan & Keller, 2011) argued these an other such observations 
suggest a high false positive rate in the cGxE literature due to:
• publication bias 
• improper multiple testing correction due to many unreported tests
• improper statistical modeling
• low prior probability that these CGs are relevant
• low power (n ~ 100-1k typically).



Border et al (2019) results: 
Lifetime MDD diagnosis ~ 16 CG polymorphisms & GxEs in UKB (n=115k)
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How to do single-variant  GxE analyses?

• Don’t choose historical candidates: Conduct a hypothesis-
free GWIS (using threshold 5e-8)

• Alternatively, do a hypothesis-free 2-stage analysis where 
all a-priori candidates (based on main effect or 
heterogeneity; Thomas, 2010) are tested with one threshold, 
and rest with 5e-8

• Preregister analyses and report all analyses done (e.g., in 
supplement)

• Report results from both additive and multiplicative (logistic) 
models

• Center G & E variables, or at least describe their 0 points
• Include all covariate-by-E and covariate-by-G interactions
• Power is lower for higher order tests; choose n accordingly
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PGS-by-E analyses

• Derive beta-weights in discovery sample
• Build PGS from these in independent target sample 
• Test full interaction using PGS:

• In principal, PGSxE tests a quantitative GxE - whether 
heritability differs across E. In practice, it cannot distinguish 
qualitative vs. quantitative:
• If qualitative interaction exists, any mean difference in E 

between discovery & target sample leads to apparent 
GxE (Peyrot et al., in prep)



PGS-by-E simulation

Peyrot, Keller, van Rheenan, Wray, Penninx, in prep



PGS-by-E simulation

Peyrot, Keller, van Rheenan, Wray, Penninx, in prep



PGS-by-E results: MDD



PGS-by-E results: MDD



Summary

• GxE results tend to be sensitive to multiple factors:
• scale
• model
• distribution of moderator (e.g., in discovery vs. target for 

PGS)
• covariate correction

• A large number of publications on GxE exist, but few robust
examples of it exist in measured genetic data.

• Remains an active area of methodological investigation



Questions?


