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The Biological Consequences 
of Social Disadvantage
• Last 15 years has a seen a 

massive increase in biosocial 
work

• Initially this work focused on 
large systems: blood pressure, 
cholesterol, glucose levels, etc.   

• Rapidly moving to the 
molecular level and brain(focus 
of this talk)

• Not all populations equally 
represented



Why would social scientists 
care about biology?
• Mechanisms-most social contextual effects 

have at least one biological mechanism to 
health/behavior 

• Indicators-can we see a biomarker before the 
outcome?

• Controls-better measurement of the social 
contextual effects

• Moderation- differential response to the 
environment

• Social Justice-not all populations have been 
examined equally



Whose biological data do we have

Falk et al 2013, Mitchell 2018, Martin et al 2019



Genetics Refresher



Single Nucleotide Polymorphisms (SNPs)

• Simplest form of genetic 
variation. 
– Others exist (e.g., CNVs)

• SNPs occur ~1/300 base pairs

• In >1% of the population.



GWAS generally identify common SNPs 
with modest effect sizes



Single Nucleotide Polymorphisms (SNPs)
• Two flavors of a SNP are 

“alleles”.
– Major and minor alleles. 
– Reference Allelle.

• We inherit two pieces of 
genetic information, one 
from each parent.

• Focus is on number (0,1,2) 
of reference alleles at a 
SNP.



Genotyping 
• Early work was very intensive (and still is 

for some genetic markers)
• Now more automated, but now data 

intensive
• Assay 100’sK to millions of SNPs



SNP data



How a Genome-wide Analysis 
Typically Works
• Discovery sample

• Simple OLS or Logistic Regression done 
millions of times

• Find Genome-wide (p-value < 5x10-8) 
significant hit

• Verify clustering or correlated markers
• Often done in meta-analysis of many studies

• Replication Sample
• Smaller n, but often still large
• Sometimes still a meta-analysis



Visualizing GWAS results: Manhattan plots

• Each dot is the p-value from a single SNP’s association

• X-axis = chromosomal location

• Y-axis = the observed p-values

• Height = strength of association

TRIM65/
TRIM45

NEURL/
PDCD11/
SH2PXD2A

1           2          3          4        5         6       7       8      9     10    11  12   13  14  15 16 17 18 19-21 X
Chromosome

HAAO

PMG1-
BGLAP

-lo
g 1

0(
p)

0 
   

   
  5

   
   

  1
0 

   
   

 1
5 

   
   

 2
0

Manhattan plot of White Matter Hyperintensity GWAS

Verhaaren, et al. (2015)  Circulation: Cardiovascular Genetics 8(2):398-409.



Meta-analysis: strengths and limitations
• Strengths

• Significantly boosts power and reduces false positives 

• All cohorts measure the same SNPs (due to imputation)

• Only summary statistics (beta, p) need to be shared with collaborators, 
not raw data

• Limitations

• Measurement of trait often varies across cohorts (need for 
harmonization)

• Assumes common genetic effect regardless of differences in non-
genetic factors across cohorts (ex. SES, age)

• Limits complexity of analysis

• Number of models

• Adjustment covariates



Race/Ethnicity/Caste and 
Ancestry
• Race, Ethnicity, and Caste-socially constructed and a 

key measure in examining social and health inequities 

• Ancestry—variation in genetic architecture between 
populations
• Used in genomic analyses
• Results from many generations of demographic processes: 

migration, fertility, and mortality (which have been/are under 
social control)

• Genetic variation ≠ causal effect on biology/health

• The number and homogeneity of ancestries is very 
different by race and ethnicity



Population Stratification

Novembre, 2008, Nature
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Population Stratification & Admixture of the Fragile Families and Child Wellbeing Study 

JPT-Japanese (Tokyo),CHD-Chinese(Denver),CHB-Han(Beijing),TSI-Tuscan(Italy),CEU-European(Utah),MKK-Maasai(Kenya),LWK-Luhya(Kenya),YRI-
Yoruba(Nigeria)



CVFS Genetic Data



Genetic Data from CIDI Data
Sept. 29, 2021



CVFS Genetic Data

• Saliva-easy to collect, 
room temperature storage 
for months

• 96% of CIDI participants

• Separate consents for DNA 
collection and sharing 
Genetic Data



CVFS CIDI Data

K. M. Scott et al. Psychological Medicine(2020)



CVFS Genetic Data
• DNA was extracted 

in Nepal
• Shipped to Broad 

Institute for 
Genotyping

• Jordan Smoller (and 
PGC) leading quality 
control and analyses

Jordan Smoller



Expected CVFS Genetic Data 
Family Relatedness

Family Relatedness Number of Individuals 

Trios (Mother, Father, Child) 5,398*

One parent, >1 sib-pair 1,435

Parent-child duo 618

No parents, >1 sib-pair 939

Unrelated 1,918

Total 10,308

*Families can have more than one set of trios if multiple children with both 
parents participated

Likely close to 2,000 trios (very large from this type of study)
Over 5,100 mother-child pairs
Over 4,500 father-child pairs
Over 2,000 sibling pairs



Application: PGS



Typical approach for score 
construction
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Score Construction

+



Polygenic Score Construction



PGS not portable by ancestry



Personalized/Precision 
Medicine

Typical trade off
more 
prediction=less 
biological insight



Selected Recent Reviews and 
Commentaries

• R. Roberts. Genetic Risk Stratification- Tipping Point for Global Primary 
Prevention of Coronary Artery Disease , Circulation. 2018;137:2554-2556.

• A. Torkamani, et al. The personal and clinical utility of polygenic risk 
scores. Nature Reviews Genetics May 2018

• L. Hercher. Genome Culture: A Personal Risk Score May Be the Next Big Thing in 
Genetic Medicine , Genome Magazine, April 2018

• J.W. Knowles, et al. Cardiovascular disease: The rise of the genetic risk 
score. PLoS Medicine 2018 Mar 15(3) e1002546

• K. Beaney, et al. How close are we to implementing a genetic risk score for 
coronary heart disease? Expert review of molecular diagnostics 2017 Oct 17(10) 
905-915

• S. Mistry, et al. The use of polygenic risk scores to identify phenotypes 
associated with genetic risk of bipolar disorder and depression: A systematic 
review. Journal of affective disorders. 2018 Jul;234:148-155.

• Martin, A.R., Kanai, M., Kamatani, Y. et al. Clinical use of current polygenic risk 
scores may exacerbate health disparities. Nat Genet 51, 584–591 (2019)

http://circ.ahajournals.org/content/137/24/2554.full?ijkey=bz7RQasgZLilIm8&keytype=ref
http://www.ncbi.nlm.nih.gov/pubmed/29789686?dopt=Abstract
http://genomemag.com/2018/04/genome-culture-a-personal-risk-score-may-be-the-next-big-thing-in-genetic-medicine/
http://www.ncbi.nlm.nih.gov/pubmed/29601582?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/28816567?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/29529547?dopt=Abstract
https://www.nature.com/articles/s41588-019-0379-x


Application: Gene by 
Environment Interaction (GxE) 
and Correlation (rGE)



Special Issue: Integration of 
Behavioral, Social Science and 
Genetics Research,
Vol. 103, S1 (October 2013)

GxE Reviews 

Annual Review of 
Psychology
2014. 65:41–70



Power and 
Interactions:

Intuitions from 
experiments 
do not carry to 
field studies

McClelland & Judd, 1993 Psych Bull.

4x the sample if interaction β= main effect β
16x the sample if interaction β= ½ main 
effect β



Gene-Environment Correlation

• Active-genes choose environment

• Evocative-environment responds to genes

• Passive-genes and environment are passed 
together

Mitchell, et al. 2013. AJPH



Education genetics 
shape 
environments

Slide courtesy of Daniel Belsky



The role of  macro environments



Application: Family Models



Family Models

• Trio (Mother-Father-Child) analyses-break the effect of 
population stratification

Family Relatedness Number of Individuals 

Trios (Mother, Father, Child) 5,398*

One parent, >1 sib-pair 1,435

Parent-child duo 618

No parents, >1 sib-pair 939

Unrelated 1,918

Total 10,308



Genetic Nurture
GWAS of socially 
influenced outcomes 
will pick up (a lot?) 
more than just 
biological influences.



Passive rGe and Genetic Nurture

Wertz et al 2019 Dev Psych



Sibling comparisons

• Controls for any 
influences  shared by 
siblings growing up in the 
same household

• Slight variations in 
genetic differences is 
random—more causal 
estimate

• Typically attenuates 
effects (see right)

Belsky et al, 2018 PNAS



Social Scientists and Genetics
• NIA Biomarker Network 

https://gero.usc.edu/cbph/network
• Social Science Genetic Association 

Consortium-
https://www.thessgac.org/

• Psychiatric Genomics Consortium-
https://www.med.unc.edu/pgc/

• Genomics for Social Scientists-
https://hrs.isr.umich.edu/genomics
-workshop

https://gero.usc.edu/cbph/network
https://www.thessgac.org/
https://www.med.unc.edu/pgc/
https://hrs.isr.umich.edu/genomics-workshop
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