
POLYGENIC SCORES

It is time to get real when
trying to predict educational
performance
A study of 3,500 children in the UK shows that data on socioeconomic

background and previous educational achievements can better predict

how students will perform at school than genetic data.

CECILE JANSSENS

I
nterest in using polygenic scores to make

predictions is skyrocketing in many areas

of life. For example, researchers are

exploring the use of these scores to predict

the onset of complex diseases, such as cardio-

vascular disease, diabetes and cancer. It has

also been proposed that polygenic scores

could be used to predict educational attain-

ment (Lee et al., 2018), and social behaviors

such as loneliness (Abdellaoui et al., 2018)

and same-sex sexual behavior (Ganna et al.,

2019). However, even when the association

between a polygenic score and a certain phe-

notype is statistically significant, this does not

always guarantee the polygenic score will have

a strong predictive power.

Most phenotypes are the result of multiple

genetic variations, which are found by screen-

ing the genome of populations and identifying

which variants appear more frequently in indi-

viduals with a specific trait. Polygenic scores

are then calculated for each person based on

how many of these genetic variations are pres-

ent in their genome. This score indicates how

likely a person is to develop the phenotype of

interest.

Studies using data gathered by the Avon

Longitudinal Study of Parents and Children

(ALSPAC) in the UK have identified various fac-

tors that can predict the educational perfor-

mance of individual students, including

cannabis and tobacco use, and month of birth

(Wright et al., 2018; Odd et al., 2016;

Stiby et al., 2015). However, it is unclear

whether polygenic scores can predict student

performance better than other information that

is easier to obtain.

Now, in eLife, Tim Morris, Neil Davies and

George Davey Smith from the University of Bris-

tol report the results of a study in which they

explored if polygenic scores could be used to

predict the educational performance of 3,500

children from the ALSPAC cohort who were

born in the early 1990s (Morris et al., 2020).

The educational achievement of each student

was determined by averaging test scores from

national exams taken at 7 and 16 years of age.

The team then compared these exam scores

against both polygenic scores and other charac-

teristics available to the school (such as age, sex,

and Free School Meal status), and the education

and socioeconomic position of the children’s

parents.
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Morris et al. found that although polygenic

scores display some degree of predictive power,

socioeconomic factors, such as parent educa-

tion, are a better predictor for how well a child

will perform in school. Moreover, earlier educa-

tional achievements were found to be the best

indicator for educational performance: for exam-

ple, the results of tests sat at age 14 can predict

how well students will perform in tests at age

16. Therefore, polygenic scores are better at

predicting earlier performances in school than

later academic successes. However, the power

of this prediction is still weaker than other, more

easily measurable factors.

These differences in predictive performance

are similar to what is seen in complex diseases:

polygenic scores on their own are poor predic-

tors and only minimally improve predictions

made on the basis of other (readily available)

data. Furthermore, just as early school grades

predict later grades, early symptoms of a dis-

ease are an excellent indicator for how severe

the condition may become (Meigs et al., 2008).

This suggests that if major risk factors develop

and influence the phenotype over time, predic-

tions made before the emergence of these risk

factors will be less informative.

Polygenic scores are always created using

variables that we know are associated with the

phenotype of interest, so they will always have

some predictive power. Therefore, what we

really want to know is whether this predictive

power is high enough to be useful for practical

applications. And to answer this question we

need to know more about how the polygenic

scores are intended to be used (Martens and

Janssens, 2019).

Other studies on factors that influence the

educational performance of the ALSPAC

cohort did not use averaged test scores as a

read-out of academic success. Instead they

focused on how different factors predict the

likelihood that a student would drop out of

school, or finish secondary school with fewer

than five C+ grades – the minimum require-

ment for most education and training courses

after age 16.

If the aim of education policies is to get stu-

dents to finish school with five or more C+

grades, then it is important to identify which stu-

dents are most likely not to achieve this goal.

These children can then be offered more teach-

ing and a greater level of support. Knowing

when these interventions should be introduced

will inform at what age the education perfor-

mance of a student needs to be predicted, and

which predictors are already available. There-

fore, if polygenic scores are going to inform

education policy, it is important that future pre-

diction studies are designed with the intended

use in mind.

Cecile Janssens is in the Rollins School of Public

Health, Emory University, Atlanta, United States

cecile.janssens@emory.edu

https://orcid.org/0000-0002-6153-4976

Competing interests: The author declares that no

competing interests exist.

Published 13 March 2020

References

Abdellaoui A, Nivard MG, Hottenga JJ, Fedko I,
Verweij KJH, Baselmans BML, Ehli EA, Davies GE,
Bartels M, Boomsma DI, Cacioppo JT. 2018.
Predicting loneliness with polygenic scores of social,
psychological and psychiatric traits. Genes, Brain and
Behavior 17:e12472. DOI: https://doi.org/10.1111/
gbb.12472, PMID: 29573219
Ganna A, Verweij KJH, Nivard MG, Maier R, Wedow
R, Busch AS, Abdellaoui A, Guo S, Sathirapongsasuti
JF, 23andMe Research Team, Lichtenstein P,
Lundström S, Långström N, Auton A, Harris KM,
Beecham GW, Martin ER, Sanders AR, Perry JRB,
Neale BM, Zietsch BP . 2019. Large-scale GWAS
reveals insights into the genetic architecture of same-
sex sexual behavior. Science 365:eaat7693.
DOI: https://doi.org/10.1126/science.aat7693,
PMID: 31467194
Lee JJ, Wedow R, Okbay A, Kong E, Maghzian O,
Zacher M, Nguyen-Viet TA, Bowers P, Sidorenko J,
Karlsson Linnér R, Fontana MA, Kundu T, Lee C, Li H,
Li R, Royer R, Timshel PN, Walters RK, Willoughby EA,
Yengo L, 23andMe Research Team, COGENT
(Cognitive Genomics Consortium), Social Science
Genetic Association Consortium, et al. 2018. Gene
discovery and polygenic prediction from a genome-
wide association study of educational attainment in 1.1
million individuals. Nature Genetics 50:1112–1121.
DOI: https://doi.org/10.1038/s41588-018-0147-3,
PMID: 30038396
Martens FK, Janssens ACJW. 2019. How the intended
use of polygenic risk scores guides the design and
evaluation of prediction studies. Current Epidemiology
Reports 6:184–190. DOI: https://doi.org/10.1007/
s40471-019-00203-7
Meigs JB, Shrader P, Sullivan LM, McAteer JB, Fox
CS, Dupuis J, Manning AK, Florez JC, Wilson PW,
D’Agostino RB, Cupples LA. 2008. Genotype score in
addition to common risk factors for prediction of type
2 diabetes. New England Journal of Medicine 359:
2208–2219. DOI: https://doi.org/10.1056/
NEJMoa0804742, PMID: 19020323
Morris TT, Davies NM, Davey Smith G. 2020. Can
education be personalised using pupils’ genetic data?
eLife 9:e49962. DOI: https://doi.org/10.7554/eLife.
49962
Odd D, Evans D, Emond A. 2016. Preterm birth, age
at school entry and long term educational
achievement. PLOS ONE 11:e0155157. DOI: https://

Janssens. eLife 2020;9:e55720. DOI: https://doi.org/10.7554/eLife.55720 2 of 3

Insight Polygenic Scores It is time to get real when trying to predict educational performance

https://orcid.org/0000-0002-6153-4976
https://doi.org/10.1111/gbb.12472
https://doi.org/10.1111/gbb.12472
http://www.ncbi.nlm.nih.gov/pubmed/29573219
https://doi.org/10.1126/science.aat7693
http://www.ncbi.nlm.nih.gov/pubmed/31467194
https://doi.org/10.1038/s41588-018-0147-3
http://www.ncbi.nlm.nih.gov/pubmed/30038396
https://doi.org/10.1007/s40471-019-00203-7
https://doi.org/10.1007/s40471-019-00203-7
https://doi.org/10.1056/NEJMoa0804742
https://doi.org/10.1056/NEJMoa0804742
http://www.ncbi.nlm.nih.gov/pubmed/19020323
https://doi.org/10.7554/eLife.49962
https://doi.org/10.7554/eLife.49962
https://doi.org/10.1371/journal.pone.0155157
https://doi.org/10.7554/eLife.55720


doi.org/10.1371/journal.pone.0155157, PMID: 271876
90
Stiby AI, Hickman M, Munafò MR, Heron J, Yip VL,
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