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A.3. Construction of the polygenic score for birth weight

ALSPAC: We created polygenic scores (PGSs) for birth weight using GWAS summary statistics of Warring-
ton et al. (2019). The GWAS was depleted of the ALSPAC sample, and therefore the discovery sample con-
tained N = 304,057 individuals. We excluded 743 SNPs in linkage disequilibrium (LD) with SNP rs1051730
from the polygenic score construction using an LD-window of 1000 kilobases and a correlation threshold of
0.015. The PGS was then constructed as the sum across all remaining SNPs of the number of reference alleles
for each SNP multiplied by the effect size that was corrected for linkage disequilibrium using the software
package LDPred (Vilhjalmsson et al., 2015). In LDPred, a 348-kb window and a prior of 0.3 was used. In
the children sample, 1,043,087 HapMap3 SNPs were used to construct the polygenic score. In the mother’s

sample, 1,179,706 HapMap3 SNPs were used.

UK Biobank: We created PGSs for birth weight using GWAS summary statistics of Warrington et al. (2019).
The GWAS was depleted of the UK Biobank, and therefore the discovery sample contained N = 80,745 indi-
viduals. We excluded 144 SNPs in linkage disequilibrium (LD) with SNP rs1051730 from the polygenic score
construction using an LD-window of 1000 kilobases and a correlation threshold of 0.015. The PGS was con-
structed as the sum across SNPs of the number of reference alleles for each SNP multiplied by the effect size
that was corrected for linkage disequilibrium using the software package LDPred (Vilhjalmsson et al., 2015).

In LDPred, a 355-kb window and a prior of 0.3 was used. In total, 1,064,728 HapMap3 SNPs were used.
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A.4. Association between the polygenic score for birth weight and later-life outcomes

This section shows how birth weight and the polygenic score for birth weight are associated with later-life
outcomes. In ALSPAC we have information on height at age 17, IQ (test scores) at ages 4, 8 and 15, and Key
stage grades 1, 2 and 3. Table A2 shows that birth weight is associated with height, IQ and performance on
the Key stages tests, while Table A3 confirms that the polygenic score for birth weight is capturing relevant
information in birth weight since having a higher value for the polygenic score for birth weight is associated

with being taller, having a higher IQ at 8 years old and better grades at key stage 1, 2 and 3.

Table A2 Results of OLS regressions explaining the birth weight of the child in ALSPAC.

ey @ 3 “ ) 6) @)

Height at 17 years old (cm)  12.7%%*

(1.1)
IQ at 4 years old 2.6+
(1.5)
IQ at 8 years old 3.2%%
0.5)
IQ at 15 years old 2.1%*
(0.8)
Key stage 1 13.0%*
(2.0)
Key stage 2 4.0%*
1.2)
Key stage 3 1.2%*
(0.3)
R-squared 0.056  0.005 0.009 0.003 0.007 0.010 0.003
N 2,518 684 4,693 3417 6,067 1,087 5414

Notes: Coefficients are displayed with robust standard errors in parentheses; + p < 0.1, * p < 0.05, ** p < 0.01.



Downloaded from by guest on June 7, 2026. Copyright 2022

Table A3 Results of OLS regressions explaining the polygenic score for birth weight of the child in ALSPAC.

M (@) 3) “ 5 (6) @)
Height at 17 years old (cm)  0.011%%*
(0.002)
1Q at 4 years old 0.004
(0.003)
1Q at 8 years old 0.002%*
(0.001)
1Q at 15 years old 0.003+
(0.001)
Key stage 1 0.018%*
(0.004)
Key stage 2 0.008%*%*
(0.003)
Key stage 3 0.001*
(0.001)
R-squared 0.012 0.003 0.001 0.001 0.004 0.011 0.001
N 2,001 543 3,713 2,788 4,034 770 3,694

Notes: Coefficients are displayed with robust standard errors in parentheses; + p < 0.1, * p < 0.05, ** p < 0.01.
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A.5. Association between the polygenic score for birth weight and prenatal care

In this section we explore the relationship between the child’s polygenic score for birth weight and various
forms of prenatal care. Earlier research has identified several risk factors for low birth weight, most importantly
a prior history of prematurity, prior spontaneous abortions, pre-pregnancy weight and the age of the mother
(Kramer, 1987b). Table A4 regresses these known risk factors for low birth weight on the polygenic score
for birth weight and shows that the child’s polygenic score for birth weight is associated with and a lower
likelihood of having an older sibling with a relatively low birth weight (<2,495 grams) and with the mother’s
pre-pregnancy weight. These associations suggest that mothers might have some awareness of the genetic risks
of their child when it is still in utero, particularly if they had a previous child with low birth weight or if they
had a relatively high weight pre-pregnancy. Despite this possible awareness, we do not find a relationship
between the child’s polygenic score for birth weight and measures for the type of planned prenatal care and
the number of antenatal measurements. While differences in actual prenatal care may reflect pregnancy related
complications, Table A5 shows that there is no evidence that mothers prefer shared care or undertake more

antenatal measurements depending on the child’s polygenic score for birth weight.



Downloaded from by guest on June 7, 2026. Copyright 2022

Table A4 Results of OLS regressions explaining the child’s polygenic score for birth weight in ALSPAC.

ey @3 3 “ (&) (6 @)

Number of previous miscarriages 0.0
0.0

Number of previous stillbirths -0.2

Number of children born alive that died later -0.0

Last child born with less than 2495g -0.2%
0.1)
Previous baby born more than 3 weeks earlier 0.1
0.1)
Pre-pregnancy weight (Kg) 0.0%*
0.0
Mother’s age (years) 0.0

(0.0)

R-squared 0.001 0.001 0.001 0.002 0.001 0.004 0.001

N 4,884 4873 4872 2,698 2,694 4,577 5,006

Notes: Coefficients are displayed with robust standard errors in parentheses; All regressions correct for genetic relatedness among the

mothers using the first four principal components of the genetic relationship matrix; + p < 0.1, * p < 0.05, ** p < 0.01.
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Table AS Results of OLS regressions explaining the child’s polygenic score for birth weight in ALSPAC.

M @)
Planned care (Reference: Shared care)
Other care -0.0
0.1)
Number of antenatal measurements 0.0
0.0
R-squared 0.002  0.001
N 3,076 4,976

Notes: Coefficients are displayed with robust standard errors in parentheses; All regressions correct for genetic relatedness among the

mothers using the first four principal components of the genetic relationship matrix; + p < 0.1, * p < 0.05, ** p < 0.01.

Nonetheless, the notion that mothers might be aware of genetic risks does not imply that they act upon
that knowledge. There are several ways for mothers to try and prevent their children to be born with low
birth weight. For example, by attempting to have children earlier, by increasing their calorie uptake (weight
gain during pregnancy), through reducing substance intake (smoking, alcohol, or drugs) or toxic substance
exposure (Stanford, 2019; Alexander and Korenbrot, 1995). Table A6 regresses the child’s polygenic score
for birth weight on behavioral choices that the mothers could make in response to suspecting a higher risk for
low birth weight. Importantly, there is no evidence for differential smoking habits> or drug abuse depending
on the polygenic score of the child. There is however some evidence that mothers whose children had higher
polygenic score values drank a little more alcohol during pregnancy and gained more weight. Upon further

inspection, the results for drinking do not survive a Bonferroni correction, and are driven by some outliers in

5We also tested whether the child’s polygenic score for birth weight correlates with maternal smoking during pregnancy using the binary
measure of smoking regularly and the continuous measure reflecting the number of cigarettes smoked per day (both the self-reported and
adjusted measures). The associations were all close to zero and statistically insignificant. These results are available upon request from the

authors.
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the data. In fact, only one woman has reported to “had more” when asked about alcohol consumption change
during pregnancy. In sum, there is no systematic robust evidence for a relationship between the polygenic
score for birth weight and maternal alcohol consumption during pregnancy. The results for gaining weight
are however more robust and may be related to the genes of the mother, which are mechanically related to
the genes of the child. In line with this interpretation, this relationship disappears when controlling for the

polygenic score for birth weight of the mother as an additional control variable.

11
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Table A6 Results of OLS regressions explaining the child’s polygenic score for birth weight in ALSPAC.

@ @ 3) “) (5) 6 (O] ®) ® a0

8 weeks: Self-reported change in smoking (Reference: Went off it)
Cut down -0.0

Craved more -0.0
Had more 0.4
No change -0.0
Not applicable -0.1

32 weeks: Passive smoking (Reference: None)
<1 hour per day -0.0
0.1)
>1 hour per day 0.1+
(0.0)
8 weeks: Pure alcohol per week (10ml units) 0.0
0.0)
8 weeks: Self-reported change alcohol use (Reference: Went off it)
Cut down -0.0
0.0)
Craved more 0.3+
0.2)
Had more 0.8%*
0.0)
No change -0.1*
0.1)
Not applicable -0.1
0.0)
Alcohol use in first trimester (Reference: Never)
<1 glass per week 0.0

1+ glasses per week 0.0
1-2 glasses per day 0.1
3-9 glasses per day 0.1
10+ glasses per day -1.3+

Cannabis use in first trimester (Reference: Everyday)
2-4 times per week -0.1

Once per week 0.2
<Once per week 0.0
Not at all -0.2

Cannabis use after first trimester (Reference: Everyday)
2-4 times per week -0.0

Once per week -0.1
<Once per week 0.0
Not at all -0.2

18 weeks: Hard drugs use during pregnancy -0.0
0.3)
Absolute weight gain during pregnancy (kg) 0.0%*
(0.0)
Average weight gain per week (kg/week) 0.3%*
(0.1)
R-squared 0.001  0.002 0.001 0.003 0.002 0.001 0.002 0.001 0.003 0.003
N 4918 4,154 4,789 4944 4,899 4,719 4,720 4877 4,629 4,629

Notes: Coefficients are displayed with robust standard errors in parentheses; All explanatory variables were self-reported by the mothers
during pregnancy, at 8 to 32 weeks of gestation; All regressions correct for genetic relatedness among the mothers using the first four
principal components of the genetic relationship matrix; + p < 0.1, * p < 0.05, ** p < 0.01.

12
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Overall, there is little evidence suggesting that women change their behavior in anticipation of a low poly-
genic score for birth weight value for their offspring. Prenatal care is not associated with the child’s polygenic
score for birth weight, and we find no evidence to suggest a systemic relationship between smoking, drinking
or drug habits during pregnancy and the child’s birth weight polygenic score. The only robust relationship we
found was an association between the child’s polygenic score and maternal weight gain during pregnancy. This
relationship is however driven by maternal genes. Reassuringly, all of our findings are robust against including
the maternal polygenic score for birth weight as a control variable in our analysis (see Table A7). Controlling
for the mother’s polygenic score for birth weight may however remove some of the direct genetic effect we at-
tempt to estimate, because of the mechanical correlation between the mother’s and child’s polygenic score for
birth weight and the fact that the same weights were used to construct the two polygenic scores. Therefore, we
abstain from including the mother’s polygenic score as a routine control variable in the main analyses reported

here.

13
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Table A7 Results of OLS regressions explaining the child’s birth weight in ALSPAC.

ey €5 (€)

rs1051730 14 0.9 32
(10.9)  (10.9)  (10.8)

(-1) Birth weight PGS (child) 113.5%%  93.0%% 04 0%*
(10.1)  (11.0)  (10.9)

rs1051730 x (-1) Birth weight PGS (child) ~ -3.3 3.9 6.0

(10.5) (105  (10.4)

Birth weight PGS (mother) 40.2%* 18.3*
(8.5) (8.6)
Control variables No No Yes
R-squared 0.048 0.053 0.090
N 5,006 5,006 5,006

Notes: Coefficients are displayed with robust standard errors in parentheses; PGS=Polygenic score; All regressions correct for genetic
relatedness among the mothers using the first four principal components of the genetic relationship matrix; + p < 0.1, * p < 0.05, **

p<0.0l.

14
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The IV estimates in Table A23 are obtained by dividing the reduced form by the first stage coefficient. The
main take-away is that even if we assume that all smoking mothers under-report their cigarette consumption by
10 cigarettes per day, the point estimate continues to be considerably larger than the one we obtain in the OLS
regression (Table 2). It seems therefore safe to conclude that our IV point estimates exceed the OLS estimates

under reasonable scenarios of measurement error in the self-reported smoking measures.

35
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A.14. Additional treatment effect heterogeneity analysis results
Table A24 presents the reduced form results for the ALSPAC sample that are visualized in Figure 2 in the main

text. In these regressions, the full set of control variables is included.

Table A24 Results of the OLS (reduced form) regressions explaining birth weight for subsamples based on quartiles

of the distribution of the children’s polygenic score (PGS) for birth weight in ALSPAC.

Quartile of the Birth weight PGS

ey @) 3) “

rs1051730 -9.5 2.5 -8.3 7.9

(20.6) (21.4) (24.7) (22.6)

Control variables Yes Yes Yes Yes
R-squared 0.090 0.089 0.060 0.085
N 1,252 1,251 1,252 1,251

Notes: Coefficients are displayed with robust standard errors in parentheses; All regressions correct for genetic relatedness among the

mothers using the first four principal components of the genetic relationship matrix; + p < 0.1, * p < 0.05, ** p < 0.01.

In Table A25, we test whether the first stage is significant for the two measures of smoking. The main take
away is that when we separate our analysis sample into quartiles based on the polygenic score for birth weight

we no longer have a strong first stage in each quartile.

36
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Table A25 Results of the OLS (first stage) regressions explaining the number of cigarettes smoked per day based on

quartiles of the distribution of the children’s polygenic score (PGS) for birth weight in ALSPAC.

#Cig. smoked per day #Cig. smoked per day (adj.)
Quartile of the Quartile of the
Birth weight PGS Birth weight PGS

ey 2) 3) “) (D @) 3) “)

rs1051730 0.7%% 0.2 0.2 0.3 0.8% 0.3 0.1 0.1
02) (©2 (©2 (@©2 @©4 (@©3 (@©4 (04

Control variables  Yes Yes Yes Yes Yes Yes Yes Yes

R-squared 0.174 0.165 0.139 0.197 0.268 0.265 0.226 0.320

N 1,252 1,251 1,252 1,251 577 609 610 612

Notes: Coefficients are displayed with robust standard errors in parentheses; Columns 1-4 show the results for the self reported number
of cigarettes and Columns 5-8 for the adjusted number of cigarettes using cotinine levels; All regressions correct for genetic relatedness

among the mothers using the first four principal components of the genetic relationship matrix; + p < 0.1, * p < 0.05, ** p < 0.01.

Table A26 presents the reduced form results for the UKB sample that are visualized in Figure 2 in the main

text.

37
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Table A26 Results of the OLS (reduced form) regressions explaining birth weight for subsamples based on quartiles

of the distribution of the children’s polygenic score (PGS) for birth weight in UK Biobank.

Quartile of the Birth weight PGS

ey @) 3 “

rs1051370 -0.7 -8.0%  -10.6%* -4.1

(3.9 (3.9) (3.9) (4.0)

R-squared  0.000  0.001 0.001 0.001

N 63,598 63,656 64,437 65,011

Notes: Coefficients are displayed with robust standard errors in parentheses; All regressions correct for genetic relatedness using the first

20 principal components of the genetic relationship matrix; + p < 0.1, * p < 0.05, ** p < 0.01.
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