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Research agenda on the effects of Education 
on Health and SES

• Joint work with Patrick Turley (MGH) and Leandro Carvalho (USC)
• “Distributional Effects of Education on Health” (NBER WP # 25898)
• “Education Can Reduce Health Differences Related to Genetic Risk of 

Obesity” (PNAS, 2018)
• Current work on SES 

• UK Biobank data
• Natural Experiment: 1972 UK Raising of School-Leaving Age



Education and Health
• Education and genetic makeup are associated with later life health 
(e.g., Cutler & Lleras-Muney 2008; Bulik-Sullivan et al. 2015)

• Health may also depend on the interaction education x genetics 
(Galama et al. 2017; Almond et al., forthcoming)

• Lacking empirical evidence, most of the existing work plagued by low 
power and endogeneity



Research Question
Does genetic makeup moderate the effect of education on health?

OR

Does education affect the association btw genetic makeup & health?

• Specifically
• How does an additional year of school at age 15 brought by an educational 

reform in the UK affect obesity, lung function, and blood pressure in middle 
age? 

• Does this effect vary with polygenic scores for BMI and educational 
attainment?



Obstacles to GxE Research in Social Sciences
• Low Power/Replicability

• Most genetic effects are very small (Chabris et al. 2015)
• GxE interaction effects smaller than direct effects (Duncan et al. 2011)
• Most previous studies focused on candidate genes
• As a result, many published GxE results haven’t replicated (Hewitt 2012)

• Endogenous measures of environment
• Omitted variable bias and reverse causality
• In our context, health in childhood may affect educational attainment, or 

self-control may drive both schooling decisions and health behaviors. 
• If environment proxies for genetics, interaction may pick up G x G



What we do

• Combine natural experiment with polygenic scores (PGSs)

• Natural Experiment: 1972 UK Raising of School-Leaving Age

• Statistical power: PGSs (vs. candidate gene) for 0.25 million 
people

• Pre-registered analysis plan



Importance of pre-registering analysis plan

• Many “degrees of freedom” on specification choices
• Power calculations guide choices

• E.g. on our previous work we found effects were concentrated at particular 
points in the distribution 

• Focusing on those points allowed us to maximize power when investigating 
GxE

• Pre-registration increases the credibility of results and helps during 
the publication process



Data: UK Biobank

• Half a million individuals ages 40-69

• Data collected 34-38 years after introduction of 1972 ROSLA 

• Objective health measures + Genotypic data

• Not nationally representative

• Restrict sample to participants of European ancestry born in England, 
Scotland, or Wales between Sep 1, 1947 and Aug 31, 1967 (±10 years)

• Those who self-identify as “white British” and PC1<=0



1972 Raising of School-Leaving Age (ROSLA)

• In 1972, England, Scotland, and Wales raised their minimum school-
leaving age from 15 to 16 

• New policy affected students born on Sep 1, 1957 or after 
• students born on Aug 31, 1957 or before could drop out at age 15

• As a result, students born within days of each other, who would 
otherwise have had similar education and health, ended up with a 
one year difference in schooling



Effect of the 1972 ROSLA on Education



Effect of the 1972 ROSLA on Education



Effect of the 1972 ROSLA on Education

14 percentage points



Regression Discontinuity Design (RDD)
• The policy generated variation in education that is independent of 

individual choice (“exogenous”)
• Use regression discontinuity to study causal effect of education
• Did the discontinuity in education generate discontinuities in health 

at the policy threshold? Are these discontinuities different by genetic 
makeup?

• Identifying assumption: people on either side of the threshold are on 
average similar, except for the extra education

• Assumption cannot be fully tested, but genetic data are useful to 
offer supporting evidence, since they are objective, determined at 
conception and immutable.   











Health Outcomes

• Create indexes (Anderson 2008):
• Body size: BMI, waist-hip ratio, body-fat percentage
• Lung function: FEV1, FVC, PEF
• Blood pressure: multiple measure of diastolic and systolic
• Summary: index of the three measures above

• For each index, we study two types of outcomes:
1. The continuous index measure
2. Indicator for whether index is above a pre-specified threshold (value 

where we estimated largest distributional effect (Barcellos et al. 
2017))

• All outcomes are oriented so a higher value ⇔ worse health



Polygenic Scores

• Weighted average of a person’s genotypes:

𝑆𝑆𝑖𝑖 = �
𝑗𝑗

𝑥𝑥𝑖𝑖,𝑗𝑗 𝑤𝑤𝑗𝑗

𝑆𝑆𝑖𝑖: PGS for individual 𝑖𝑖
𝑥𝑥𝑖𝑖,𝑗𝑗: number of minor alleles in SNP 𝑗𝑗
𝑤𝑤𝑗𝑗: weight assigned to SNP 𝑗𝑗

• Weights come from genome-wide association studies (GWAS)



Polygenic Scores (Cont.)

• PGSs for BMI (Locke et al. 2015) and for educational attainment 
(Okbay et al. 2016), which explain about 7% of the variation

• No sufficiently predictive GWASs for lung function & blood pressure

• Association. Not capturing exclusively direct genetic effects 

• EA-related genes strongly active in the brain and involved in neural 
development (Okbay et al. 2016)

• BMI-related SNPs highly expressed in parts of the brain responsible 
for regulating appetite (Locke et al. 2015) et al. 2015)



PGS Construction

• UK Biobank sample is approximately 500K

• Our RDD strategy only use approximately half of the sample for 
analysis (those born within 10 years of Sept 1 1957)

• We use UKB data outside our analytic sample to augment the 
published GWASs in order to increase the scores’ predictability

• Approach included in  pre-analysis plan



Pre-reform differences in body size by PGS



Pre-reform differences in lung function by PGS



Pre-reform differences in blood pressure by PGS



Effect on Fraction Staying until Age 16 by BMI PGS



Effect on Fraction Staying until Age 16 by EA PGS



Empirical Strategy
𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻ℎ𝑖𝑖 = 𝛽𝛽1𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 × 𝑆𝑆𝑖𝑖 + 𝛽𝛽2 𝑆𝑆𝑖𝑖 + 𝛽𝛽3𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 +

+ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 × 𝑷𝑷𝑷𝑷𝑖𝑖𝜷𝜷4 + 𝑷𝑷𝑷𝑷𝑖𝑖𝜷𝜷5 + 𝑓𝑓 𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖 + 𝑿𝑿𝑖𝑖 𝜸𝜸 + 𝐸𝐸𝑖𝑖
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖: 1 if individual 𝑖𝑖 stayed in school until (at least) age 16
𝑷𝑷𝑷𝑷𝑖𝑖: first 15 principal components of genotypic data to control for 
ancestry/population stratification (Price et al. 2006)
𝑓𝑓 𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖 : quadratic polynomials in date of birth
𝑋𝑋𝑖𝑖: Controls include gender, age, age2, country of birth, and calendar month 
of birth
Indicator for whether born after Sept 1 1957 to instrument for 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖

• Plot �̂�𝛽1𝑆𝑆𝑖𝑖 + �̂�𝛽3 against 𝑆𝑆𝑖𝑖



Empirical Strategy (Cont.)

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻ℎ𝑖𝑖 = 𝛾𝛾1𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 × 𝑏𝑏𝐷𝐷𝐻𝐻𝐻𝐻𝐷𝐷𝑏𝑏𝑖𝑖 +𝛾𝛾2𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 × 𝑏𝑏𝑖𝑖𝐸𝐸𝐸𝐸𝐻𝐻𝐻𝐻𝑖𝑖+𝛾𝛾3𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 ×
𝐻𝐻𝐷𝐷𝑡𝑡𝑖𝑖

+𝛾𝛾4𝑏𝑏𝑖𝑖𝐸𝐸𝐸𝐸𝐻𝐻𝐻𝐻𝑖𝑖 + 𝛾𝛾5𝐻𝐻𝐷𝐷𝑡𝑡𝑖𝑖 + 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑖𝑖 × 𝑷𝑷𝑷𝑷𝑖𝑖𝜸𝜸6 + 𝑷𝑷𝑷𝑷𝑖𝑖𝜸𝜸7 + 𝑔𝑔 𝐷𝐷𝐷𝐷𝐷𝐷𝑖𝑖 + 𝑿𝑿𝒊𝒊 𝜻𝜻
+ 𝑣𝑣𝑖𝑖

𝑏𝑏𝐷𝐷𝐻𝐻𝐻𝐻𝐷𝐷𝑏𝑏𝑖𝑖, 𝑏𝑏𝑖𝑖𝐸𝐸𝐸𝐸𝐻𝐻𝐻𝐻𝑖𝑖, 𝐻𝐻𝐷𝐷𝑡𝑡𝑖𝑖: indicators for terciles of PGS distribution

• Plot 𝛾𝛾1, 𝛾𝛾2, and 𝛾𝛾3 (against median PGS for tercile)



Effect on Body Size



Effect on Lung Function



Effect on Blood Pressure



Discussion

• The additional education reduced the gap in “unhealthy body size” 
between the top and the bottom PGS terciles from 20 to 6 p.p.

• We find no evidence of a similar interaction between education and 
the EA PGS

• Why are improvements larger for those with higher genetic 
predisposition to obesity?

• Do they make larger adjustments to health behaviors?
• Does a given adjustment translate into larger health improvements?



Mechanisms

• On average, ROSLA led to: 
higher qualifications
increases in income 
higher-SES occupations 
diets with less fat and less saturated fat

• These effects were NOT larger for those with higher BMI PGSs

• Limitations: Subset of sample, self-reported, single snapshot, etc. 



Conclusion
• Additional education reduced association between genetic risk of 

obesity and body size

• Results challenge notion of genetic determinism

• Social policy may mitigate health differences arising from genetic risk



Conclusion
• As data availability grows and other PGSs are developed, it will be 

important to investigate the generalizability of our results
• However, for GxE studies to be successful, large samples are needed
• For interactions of the magnitude observed in current research, 

effective samples of at least 10k or even 100k are needed for 
adequate power

• In anecdotal examples, well-identified GxE effects are an order of 
magnitude smaller (R2 = 0.1% vs 0.01%) than correlational GxE effects

• Power calculations should take this into account when deciding which 
problems to undertake and whether results are reliable

• In ongoing work using the same data and natural experiment, we find 
interactions between education and the EA PGS in SES outcomes. 



Education improves SES

Occupational Occupational Occupational
 SES  SES  SES

SLA 0.357 0.343 0.345
[0.116]*** [0.125]*** [1.138]

EA PGS * SLA 0.125 0.129
[0.037]*** [0.038]***

EA PGS 0.149 0.144
[0.022]*** [0.022]***

Local SES controls? No No Yes

Observations 90,916 90,916 89,838



Those with Large EA Score See Larger Gains
Occupational Occupational Occupational

 SES  SES  SES

SLA 0.357 0.343 0.345
[0.116]*** [0.125]*** [1.138]

EA PGS * SLA 0.125 0.129
[0.037]*** [0.038]***

EA PGS 0.149 0.144
[0.022]*** [0.022]***

Local SES controls? No No Yes

Observations 90,916 90,916 89,838



PGS may capture intergenerational effects

Kong et al. (2018)

Var. of BMI accounted by direct effect is 53% of var. accounted by direct 
effect + genetic nurturing effect (Kong et al. 2018); 49% for EA



Can these results be explained by differences 
by birth environment?
• Growing literature showing that where you are born/grow up matters 

for your later life SES (e.g. Chetty and Hendren 2018)
• UK Biobank has respondents’ geographical coordinates of birth
• We matched that to measures of local level SES at birth (fraction by 

occupational SES, educational level)
• Is the effect of the ROSLA on education larger or smaller for individuals 

from disadvantaged areas? 
• Larger

• Once we control for differences by local SES, is the interaction effect 
with genetics diminished? 

• Not much (for now)



The GxE estimate does not change much 
once control for local SES

Occupational Occupational Occupational
 SES  SES  SES

SLA 0.357 0.343 0.345
[0.116]*** [0.125]*** [1.138]

EA PGS * SLA 0.125 0.129
[0.037]*** [0.038]***

EA PGS 0.149 0.144
[0.022]*** [0.022]***

Local SES controls? No No Yes

Observations 90,916 90,916 89,838
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