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With this caveat in mind, let’s talk about a little biology.
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sequence

● Millions of SNPs in human DNA
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GWAS (genome-wide association study)

● Brute force means of analyzing 
associations between SNPs and 
phenotypes. 

● Basic idea: regress phenotype on each 
SNP

● Can identify APOE like genetic predictors



GWAS has been a huge success

● GWAS have been performed 
for many biomedical outcomes. 

● Those findings are having 
impact in a variety of 
disciplines.

● But, why stop at biomedical 
outcomes?
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GWAS of educational 
attainment

“A typical human behavioral trait is 
associated with very many genetic variants, 
each of which accounts for a very small 
percentage of the behavioral variability.” 

● No APOE-like predictor here. Very diffuse 
signal. 

● How are we going to incorporate all of this 
into our models? 
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Polygenic scores
A genetic predictor

Think credit score

But, derived from saliva

Based on person’s 
genotype

Based on specific 
GWAS for a trait
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Predictive Power

Predictive power of polygenic score 
for educational attainment predicts 
out-of-sample as well as:

• Parental education
• Individual verbal ability
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Crucially, also predict sibling 
differences

• The reasons that two siblings 
have different levels of 
education tend to be quite 
different as compared to two 
unrelated individuals. 

• Rules out confounding forces 
that don’t vary within-family.

• Light blue bars show 
within-family models. 
– Significant prediction but clear 

attenuation. 
– Related to “genetic nurture” issue 

that we will discuss.



Now what?

• Given this new 
predictor, what shall 
we do with it?

• An important question 
given that lots of 
studies are adding such 
genetic predictors.
– Relatively cheap to add
– Can be used to predict 

all kinds of traits.  

• Being incorporated into 
clinic
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At this point, I see:
● Opportunities for genetics to 

throw novel light on old 
problems. 

● Reasons for caution in 
application/interpretation of 
genetic findings.

Will talk about both 
[with overemphasis on work in which 
I was involved]
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Illumination: Genetic associations may 
help us to interpret social change given 

that genes are static
• Genetics that predict social status following fall 

of communism in Estonia are unpredictive in 
Soviet era. 

• As opportunity structures change across 20th 
century, we see shifting patterns of association 
between genetics and educational outcomes 
across gender.

• In 20th century, genetic predictor of education is 
weakly associated with smoking whereas, by 
end, it is highly predictive of smoking.

• Holding genotype constant, higher-status 
schools keep high school kids in math courses 
longer.

• Those at highest risk for depression see largest 
jump in depressive symptoms following spousal 
death.
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BUT, I’m going to now turn to caveats. 
I’ll focus on one big one (what if our 
predictor is confounded?) but I also 
want to acknowledge a second major 
issue (and implications):

1. Aren’t yet ready to be deployed 
across all people 

2. May exacerbate health 
disparities.



Caution: social genetic fx
In last few years, there has been a lot of 
attention paid to the problem of confounding in 
GWAS.

● GWAS estimates associations between 
black boxes. 

● But, connections between an individual’s 
genomes and their social peers could lead 
to indirect effects through red pathway.

This turns out to be an old problem in the animal 
literature (I learned about it when asked to 
review a paper about mice and how the 
genomes of their cagemates may matter).
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Caution: social genetic fx
As an analogue to the cagemate of a mouse, we 
aimed to study an adolescent’s friends and 
classmates in the Add Health study. 

● We showed connection between genomes of an 
individual and that of their social peers. 

● And some connection between genomes of social 
peers and an individual’s outcomes. 

Kong et al. asked same question with respect to 
parents (as social peers). 

● You don’t have to worry about whether there is 
genetic similarity between an individual and their 
parents. 

● They were able to show that the non-transmitted 
genetic information held by Icelandic parents 
predicted child outcomes. 

● ‘Genetic Nurture’
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Genetic nurture

● As a different lens for understanding the 
problem, we showed that the genomes of 
adopted parents predict outcomes for 
non-biological offspring.

● We showed that parental genetics are 
predictive of maternal environments when 
child is in utero and also predictive of early 
academic outcomes when child is 4-7y. 

Very challenging to disentangle!!

● But, we are able to specify a model that may 
be useful in helping us further understand 
how these associations come to be (by 
introducing novel parameters) that might 
further inform us about the reason for genetic 
nurture.
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scientists may be relevant
– Selection Bias
– Health disparities as a 

function of SES
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• These results suggest that 
GWAS findings may be 
confounded by non 
within-person fx.

• This is a problem, but also 
reminds us that estimates 
of environments need not 
be free of confounding 
either.

• Other problems 
well-known to social 
scientists may be relevant
– Selection Bias
– Health disparities as a 

function of SES

• We’ve talked a little 
about environments
– They may serve as 

confounders (i.e., 
genetic nurture, social 
genetic fx)

– Genetic fx may vary 
across them (classic 
GxE)

• We’re going to now 
discuss a specific 
source of confusion 
that might arise when 
we think about GxE
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GxE research is hard. 

● Widespread polygenic scores →more 
GxE research.

● Great interest in documenting ways in 
which genetic effects may be 
contingent on social environment.

○ Or, alternatively, ways in which social 
effects may be contingent on genotype.

● Numerous challenges, paper at right 
began to explore some of them.

● A suggested typology:
○ Environment as LENS
○ Environment as DIMMER

● Now going to focus on one problem 
that results from studying a particular 
environmental dimmer.
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Heteroscedasticity

We’re going to focus on one particular 
challenge: heteroscedasticity of the 
error term.

The error term: ϵ

● Typically assumed to be independent of 
predictors.

● And to have a normal distribution.

But life may be messier. 

● Could be asymmetric.
● Could have shape that depends on the 

predictors.

Such heteroscedasticity can lead to confusion in 
GxE modeling.

We’re interested in a particular scenario:

● A genetic predictor that predicts a constant 
proportion of the outcome variance.

● But we have an outcome whose variance shifts 
as a function of E (heteroscedasticity!)

● This heteroscedasticity can lead to GxE 
findings.

We will investigate this phenomenon and 
contrast it with traditional approaches via a 
comparison of 3 models.
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2. Scaling model (scale of the outcome changes but genetics explain constant 
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directly.



Method overview

We contrast three models:

1. Classic Interaction model
2. Scaling model (scale of the outcome changes but genetics explain constant 

proportion of variance)
3. Heteroscedasticity model (flexible model of which 1 & 2 are reduced forms)

a. Note: not merely adjusting standard errors to account for heteroscedasticity, we model it 
directly.

We devise approaches to:

● Test whether data is consistent with #2 given estimates from #3.
● If not, ask about the role of scaling in the observed interaction. 

I’m obviously talking about a specific kind of interaction, but this idea could be 
applied in other settings where heteroscedasticity is a concern (i.e., nothing here 
specific to study of genotypes). 
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An empirical example: Birth year and BMI

● But there is one very important fact about 
BMI: we’ve observed large shifts in the 
distribution over the last 50ish years.

○ For 50+ respondents, somewhere 
between 30-60% increase in class I 
obesity (BMI between 30 and 35) 
between 1960-1994.

● A similar shift is readily observed in HRS 
as well.

○ Note that BMI quantiles for ~64y 
respondents are higher at Wave 12 
as compared to Wave 2.

● This shift in distribution as a function of 
birth year leads to a concern: might 
heteroscedasticity result? 
○ If so, could this drive the previous 

GxE findings? 



HRS Results
Let’s focus on the males. 



What does this imply for our understanding of the 
polygenic scores’ behavior as a function of birth 
year?
● Posterior Predictive Check

○ We’ll compare empirical results to data simulated under the vanilla/scaling GxE models

● We first estimates vanilla and scaling models in HRS.
○ We take estimates and simulate 100 new datasets. 

● We’ll then estimate the full model (#3) and see how it comports with simulated 
data.
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Comparing empirical data to simulated data

For males:

● Data are too ‘flat’ for vanilla 
GxE model.

● Scaling GxE produces data 
of ‘flatness’ comparable to 
that of our empirical data.

For males: PGS explains 
relatively constant amount of 
phenotypic variance (but 
phenotypic variance is 
changing).



For females: Not all scaling

For females: Messier Story. 
Data are not consistent with 
either reduced form model.



All respondents

If we analyze all respondents, 

● We can decompose pi_1 into 
○ 63% [CI: 50-96%] scaling  
○ 37% non-scaling. 

● My best guess: This finding in 
HRS has a lot to do with 
changing variation in BMI across 
birth year.  
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● We have described this kind of 
GxE as a ‘dimmer’ (E controls 
variation in outcome which 
induces GxE). 

○ For conceptual reasons, we argue 
that this phenomenon may be 
relatively common.

○ In population-scale data, we have 
environments with big main effects.

● Code is available to conduct 
these analyses:
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● GxE research could be 
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In closing

● Genetic data is increasingly available 
and likely to play a role in study of 
human behavior.
○ Ancillary information from the genome 

(e.g., methylation data)
● Care & caution are warranted
● Complex issues I haven’t discussed

○ Lots of thorny ethical problems in terms of 
their application

○ How the public deals with these scientific 
insights is also something we need to 
think more about.

● We have described this kind of 
GxE as a ‘dimmer’ (E controls 
variation in outcome which 
induces GxE). 

○ For conceptual reasons, we argue 
that this phenomenon may be 
relatively common.

○ In population-scale data, we have 
environments with big main effects.

● Code is available to conduct 
these analyses:

○ https://github.com/ben-domingue/scalingGxE

● GxE research could be 
illuminating but could also lead to 
needlessly complex mental 
models. Care is needed.
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