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Family-based genome-wide association studies (GWASs) are often claimed to provide
an unbiased estimate of the average causal effects (or average treatment effects; ATEs)
of alleles, on the basis of an analogy between the random transmission of alleles from
parents to children and a randomized controlled trial. We show that this claim does
not hold in general. Because Mendelian segregation only randomizes alleles among
children of heterozygotes, the effects of alleles in the children of homozygotes are
not observable. This feature will matter if an allele has different average effects
in the children of homozygotes and heterozygotes, as can arise in the presence of
gene-by-environment interactions, gene-by-gene interactions, or differences in linkage
disequilibrium patterns. At a single locus, family-based GWAS can be thought of as
providing an unbiased estimate of the average effect in the children of heterozygotes
(i.e., a local average treatment effect; LATE). This interpretation does not extend to
polygenic scores (PGSs), however, because different sets of SNPs are heterozygous
in each family. Therefore, other than under specific conditions, the within-family
regression slope of a PGS cannot be assumed to provide an unbiased estimate of the
LATE for any subset or weighted average of families. In practice, the potential biases of
a family-based GWAS are likely smaller than those that can arise from confounding in
a standard, population-based GWAS, and so family studies remain important for the
dissection of genetic contributions to phenotypic variation. Nonetheless, their causal
interpretation is less straightforward than has been widely appreciated.

GWAS | GxE | epistasis | family GWAS | polygenic score

The standard genome-wide association study (GWAS) relies on a population sample to
estimate the strength of associations between trait variation and loci across the genome.
The approach does not only infer the direct genetic effects that are often of primary
interest, however (i.e., the effects of alleles carried by a person on that person’s trait
value). Instead, estimates from population-based GWASs may also include indirect
genetic effects of parents and other relatives, as well as absorb genetic and environmental
confounding (1, 2). In the presence of these additional effects, population-based GWASs
provide biased estimates of the direct genetic effects. The extent to which this bias is a
concern depends on the particular application, but confounding is a clear impediment
for studies aimed at identifying causal genetic mechanisms.

Because for many traits, there are a large number of GWAS associations or loci, each
of which explains only a tiny proportion of variance, researchers often focus on aggregate
properties of the GWAS loci, such as genetic correlations, or predict individual trait
values by combining estimated effect sizes across loci into a “polygenic score” (PGS).
The issues of confounding can be more pronounced for these aggregate measures, as
systematic biases are compounded (3-7).

The possible contribution of factors other than direct genetic effects—in particular
of environmental confounding—has motivated a turn toward family-based GWASs,
which overcome the limitations of population-based GWASs by taking advantage of the
randomness of Mendelian segregation from parent to child (2). By holding constant
the differences in environments among families and randomizing alleles across the
genetic backgrounds on other chromosomes, family-based GWASs provide estimates
that are largely robust to the contribution of nondirect genetic effects (8—13). Given this
property, many studies simply treat family GWASs as a tool to sidestep confounding
in the estimation of genetic effects, with the implicit assumption that the estimand of a
family GWAS is the same as that of an unconfounded population-based GWAS. Family
studies present another nice feature, however: In their reliance on randomization, they
resemble natural experiments or randomized controlled trials (RCTs) (14, 15), gold
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standards of causal inference in the medical and social sciences.
When viewed through that lens, family studies are instead seen
as a way to estimate causal genetic effects.

In causal inference, the effect of interest is often that of a
treatment, which can be defined in terms of a hypothetical
manipulation, in which each person is moved from untreated
to treated (16-19). In reality, it is not possible to observe
both the treated and untreated outcomes for the same person.
Instead, what an RCT provides is a comparison of treated
and untreated individuals who, because of the randomization
procedure, are assumed to be similar in all other regards
(in expectation, or asymptotically). The mean difference in
outcome between treated and untreated individuals provides
an estimate of the causal effect, which has an interpretation
in terms of the counterfactual thought experiment in which,
other than the change in the treatment status, all else is held
equal.

In many contexts, it cannot be assumed that the treatment
effect is identical across individuals. In the presence of het-
erogeneous treatment effects, the question becomes whether
the estimated effect has internal validity, i.e., whether it is an
unbiased estimate of the mean effect for the entire sample—
what in social sciences is known as an average treatment effect or
average treatment effect (ATE)—or an unbiased estimate for a
well-defined subsample; that is, a “local” ATE or LATE (20, 21).
For instance, in an RCT, there may be “compliers” with the
treatment and “noncompliers,” and the estimate of the treatment
effect is then a LATE for the compliers. A related question is the
extent to which the estimate obtained from one sample generalizes
to other samples from the population or to other populations,
i.e., whether the estimate has external validity (22). Borrowing
from this language, family-based GWASs are often presented as
providing an ATE for causal (direct) genetic effects, either by
envisaging the hypothetical swap of one or many causal alleles
in the child or by invoking an analogy to RCTs, in which the
treatment is the allele (or PGS value) inherited by the child and
the outcome is the child’s trait value (14, 15, 23-26).

Although it is common to present family-based GWASs as
providing estimates of ATEs, there has been little or no discussion
of the impact of heterogeneity in effect sizes on family-based
GWAS estimates. Yet in genetics and quantitative genetics,
the importance of heterogeneous genetic effects has long been
recognized and, in contrast to many other contexts in which ATEs
may be obtained, its possible sources are understood—notably, as
arising from gene-by-environment interactions and epistasis. In
plants and animals in which environments and/or genotypes can
be controlled, such gene-by-environment (GXE) and gene-by-
gene (GX Q) effects are ubiquitous. Similarly, studies in a wide
range of species have established norms of reaction, in which the
phenotypic effect of a genotype depends on the context [Ch. 22
in ref. 27]. In human genetics, where similar manipulations are
obviously infeasible, the tools to study these phenomena are much
more indirect, relying entirely on statistical models. Using these
approaches, the evidence for GXE and GXG is limited, but
there are well-known examples for specific loci, and a number of
lines of evidence for varying genetic effects across environmental
settings (e.g., refs. 28-32). Even in the absence of GXE or
G X G, apparent heterogeneous genetic effects at noncausal “tag”
loci can arise from varying patterns of linkage disequilibrium
(LD) across families. These observations suggest that genetic
effects plausibly vary with the familial environment, raising the
question of whether family-based GWAS estimates have internal
and external validity when they do.
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This question is all the more relevant because of the ways
in which family data have been used to date. For most traits,
sample sizes remain too small for family-based GWASs to be
feasible. Instead, a PGS is built using effect-size estimates from a
population-based GWAS. Then, in a second step, researchers use
the data from families to test whether, and to what extent, the
population-based PGS reflects direct genetic effects. Specifically,
they test a null model that direct genetic effects do not contribute
at all to the population PGS, by asking whether the PGS is
predictive of trait differences within families—that is, whether a
regression of the trait value on the PGS has a nonzero slope when
controlling for parental PGSs. In addition, they often quantify
the extent to which the direct genetic effects captured by the PGS
contribute to variation in the trait by assuming that the slope of
this regression provides an unbiased estimate of the direct causal
effect of the PGS. The validity of these procedures relies on both
internal validity of the estimates produced by the family-based
analyses as well as their external validity for the sample in which
the standard population-based GWAS was conducted.

Here, we interrogate these assumptions. To that end, we first
define the causal effect on a trait of an allele at a single locus,
in terms of counterfactual manipulations at the locus. Next, we
examine under what conditions a family-based association study
at a locus provides an unbiased estimate of the causal effect thus
defined, either in the whole sample or a well-defined subset of
the sample—i.e., we delimit when the estimates obtained can be
considered ATEs or LATEs. We then consider aggregate effects of
many loci, as combined in a PGS. Throughout, for comparison,
we also calculate the analogous quantities for unconfounded
population-based GWASs and PGS-trait associations.

Results

We assume that, for each individual in a population, the genetic
contribution to some trait of interest is additive across causal
loci, but that there is heterogeneity in the effects of alleles
across individuals. An investigator is interested in the average
causal effect of an allele or a PGS on the trait, in a sample of
individuals taken from the population. They have the genotypes
of the individuals in the sample as well as the genotypes of their
parents. (Alternatively, for family-based studies, they might have
the genotypes of full siblings.)

We consider two common uses of family-based GWAS: i)
relying on the randomness of Mendelian segregation from parents
to offspring in order to more cleanly estimate the average causal
effect of an allele or PGS on the trait in the offspring, and ii)
using the causal effect estimated in the sample to learn about the
population from which the sample is drawn. The investigator
may also wish to use the estimated effect to construct a genetic
instrument, with the goal of identifying other causal relationships
with the trait, as in Mendelian Randomization approaches (33).

To make things comparable, in discussing family GWASs,
standard GWASs, or hypothetical manipulations, we assume that
phenotypic outcomes are measured in the offspring generation.

The Effects of Alleles at a Single Locus. To generate intuition for
the influence of GXE (and GXG) interactions on population
and family-based GWAS estimates, we initially focus on a single
biallelic locus, at which the two alleles have a direct causal effect
on the trait of interest. We later consider the case where the
alleles at the genotyped locus do not causally affect the trait, but
instead tag alleles at a nearby causal locus. The two alleles are
labeled Ay and A, where A; is the “focal” allele. We assume
that there is no genetic or environmental confounding, and no
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indirect genetic effect via relatives or peers, making possible what
we henceforth call an “unconfounded GWAS.” To incorporate
GXxE interactions, we allow the effect sizes of the alleles at the
locus to depend on the family environment. The phenotype of
individual 7 in family f is

Vi=Y*+ (a+ar+a;)g+e+ 6 (1]

where g; is the number of copies of the focal allele A, carried by
individual 7 at the locus (0, 1, or 2), and €7 and ¢; are family-
and individual-specific environmental deviations in the trait’s
value, with mean zero. Y™ is an intercept value of the trait. a
is the mean genetic effect of the focal allele. The family- and
individual-specific deviations of the genetic effect due to GXE
are @y and a;; we define their population means to be zero:
Efor] = E [a] = o.

Given this phenotypic model, we consider two questions. First,

what is a sensible definition of the causal effect of allele A, on
the phenotype? Second, how do the estimates obtained by a
population-based or family-based association study compare to
this definition of a causal effect?
Causal effects via manipulation. It is common to define causal
effects in terms of counterfactual manipulations (17). To this
end, we consider two thought experiments, one a randomization
and one a more precise genetic manipulation.

We begin with a simple thought experiment in which we
randomly reassign genotypes at the locus to individuals in
the sample, independent of their environments or genetic
backgrounds. This thought experiment resembles an RCT. Since,
in expectation, there is zero covariance between g; and a or a;,
the expected effect of A, is simply @. We note that some existing
definitions of the causal effect of an allele in the presence of GXE
in fact amount to this thought experiment (equation 15 in ref.
34; see SI Appendix, section 1.3).

In turn, to define a causal effect of A, via a counterfactual
genetic manipulation, we choose a gamete that carries the 4,
allele randomly among the gametes produced by the parental
generation, and we imagine flipping the allele in this gamete
to Ay (as if by CRISPR editing). If, among parents, p is the
frequency of the focal allele A and p11, p12, and p) are the three
genotype frequencies, then 1 —p = p11 + p12/2 is the frequency
of A1 among parents, and so with probability p11/(1 — p) the
chosen Aj-bearing gamete derives from an AjA; parent, while
with probability p12/2(1—p) it derives from an A1 A4 parent. The
expected difference between the resulting offspring’s phenotype
if we were to flip the allele versus if we do not is therefore

i
aA‘IP_)AZ =a+ %E [(xf | parent A1A1]
1
+ 3 lpisz [af | parent A1A2] . [2]

We can similarly define the causal effect of A1 as the expected
phenotypic difference caused by randomly selecting an Aj-
bearing gamete and flipping the allele to A;:

agizp_)Al = —q— %E [af | parent AzAz]
1
_ z‘% [af | parentAlAz] . [3]

In general, the definitions Eqgs. 2 and 3 need not be equal
in magnitude, nor need they equal @. The reason is that
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each hypothetical allele flip occurs in the original environment
of the genotype. For example, if we flip 4] — A in a gamete,
the resulting offspring gains an A, allele but still grows up in
the environment in which the A; allele was originally found.
If Ay and A; alleles have different distributions of interacting

environments, the two manipulations (atf‘llllP Ny and aglzp . A1) will
differ in their effects and differ from a.

We can define a counterfactual manipulation that effectively
randomizes alleles across environmental backgrounds and thus
reconciles the randomization and allele-flipping definitions of the
causal effect. To this end, we first note that the expected effect

of the A1— A, flip defined above, aihlp_) Ay is the same, though
opposite in sign, as that of flipping Ay — A in the environments
experienced by A; alleles. Therefore, if we calculate the expected
difference in an offspring’s phenotype caused by choosing a
gamete at random and flipping its allele, polarizing the difference
by the allele that we flip, we obtain
flip __ _ flip _flip _

= (1=play_ 4 +p(-ay,_4) = [4]
(81 Appendix, section 1.1). Thus, we can define a sensible
weighted average of the two allele-flip effects that returns a as
the average causal effect at the locus. Note that « is an average
effect for the population from which the sample is taken, and
so is a property of the specific environments experienced by the
population and their genetic backgrounds.
Effect-size estimates from association study designs. Next we
consider whether various GWAS designs provide an unbiased
estimate of the average causal effect. The genotype of each
offspring can be written as the average of the maternal and
paternal genotypes, (g + g)/2, plus a zero-mean term ¢ that
accounts for the randomness of segregation in transmissions from
the parents:

1
£=3 (gn+g) +¢ 5]

If we perform a family-based association study by regressing
the trait values of offspring on their genotypes at the locus, con-
trolling for their parental genotypes, we obtain, in expectation,
an effect-size estimate for allele A5 of

gfam — o +E [af | parent A1A2] , [6]

where the second term—the deviation of the family-based
estimate @™ from a—is the average family deviation conditional
on a parent being heterozygous at the focal locus (S Appendix,
section 1.2). This result is intuitive: Parent—offspring studies rely
on contrasting the associations of transmitted and untransmitted
alleles with the phenotype of the offspring (35). When parents
are homozygous, no such comparison can be made, since their
transmitted and untransmitted alleles are the same. The family-
based estimate therefore makes use only of heterozygous parents.
In other words, we can define the family-based estimate at a single
locus as a LATE in the subpopulation of children who are the
offspring of heterozygous parents; in the language of causal in-
ference theory, these are the “compliers.” If heterozygous parents
are nonrandomly distributed across environments, however, the
estimate obtained from a family-based GWAS may not be an
unbiased estimate for the whole sample, which includes children
of homozygous parents, and may not have external validity for
the sample used in the standard population-based GWAS.

We note that the estimate in Eq. 6 is the same, in expectation,
as would be obtained in a sibling study where the phenotypic
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differences between full siblings are regressed on their genotypic
differences at the locus, since both designs amount to regressing
offspring phenotypes on their segregation deviations ¢ (again,
assuming no indirect effects of siblings; ST Appendix, section 1.2;
also see refs. 36 and 37).

If we instead perform a population-based association study by
regressing the trait values of the offspring on their genotypes,
without controlling for the parental genotypes, then, in an
unconfounded GWAS, we obtain an expected effect-size estimate
that can be written in the form

GPoP — Cov(Yg) _ Cov(Y, %(gm +gp)) Cov(Y, ¢)
Var(g) Var(g) Var(g)
= COV(Y,%(gm—i—gP)) l . 1 _F&fam (7]
Var(g) 2 1+F

where F is the inbreeding coefficient at the locus, which, along
with the frequency p of Ay, we have assumed to be the same
among offspring and their parents (S Appendix, section 1.2).
The first term on the right-hand side of Eq. 7 is the contribution
of the genotypic variance between families to the population
slope, while the second term is the contribution from the
genotypic variance within families (due to random segregation).
The first term (and, more generally, Eq. 7 written out explicitly)
is a complicated weighted sum of the effects of A, in the
environments experienced by the offspring of the three possible
parental genotypes (SI Appendix, section 1.2). In general, aP°P
differs from the causal effect of the alleles at the locus, as defined
in our hypothetical manipulation above (Eq. 4), because the
association study examines the effects of the alleles at the locus in
the particular environments in which they are found. The degree
of the difference between @P°P and the causal effect will depend
on the strength of the correlation between the genotypes at the
locus and the environments that modify the effects of the alleles
at the locus—see SI Appendix, Eq. A.12.

Summary. In the presence of heterogeneous allelic effects at a
locus, the effect-size estimates produced by family- and (uncon-
founded) population-based association studies need not be the
same on average, nor will they equal in expectation the causal
effects of the alleles defined via our hypothetical experimental
manipulations. The reason is that the quantities obtained in
these different study designs and hypothetical manipulations
are averages of allelic effects over different distributions of
environments.

In Fig. 1, we illustrate with a simple example how GxE

can lead population- and family-based association studies to
produce different estimates when the study sample is drawn
from two populations inhabiting different environments. The
differences are more pronounced for SNPs with larger allele-
frequency differences between the populations. Current family-
GWASs focus on samples from relatively genetically homogenous
sets of individuals, so the bias at a single locus will likely be
small. However, as family studies come to be used to mitigate
confounding in less genetically homogenous samples, greater
caution in the interpretation of effect sizes will be warranted.
LD differences. In practice, a locus with a signal of association
in a GWAS will often not affect the trait itself. Instead, it will
be in linkage disequilibrium with—and thus “tag”—one or more
nearby loci that causally affect the trait. If patterns of LD between
the marker and causal loci differ across individuals, then, even in
the absence of GXE at the causal loci, the effects estimated for
the marker locus can differ between study designs in ways that
resemble those of GXE at the marker locus.
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Consider a model with two loci, a genotyped marker locus that
does not causally affect the trait of interest and an ungenotyped
causal locus that does. The alleles at the marker locus are 7 and
M, and the alleles at the causal locus are 2 and A. Here, we assume
that there is no GXE at the causal locus: The effect of A4 is to
increase the trait’s value by a in expectation, independent of the
environmental setting.

First, we consider a definition of the counterfactual effect of
allele M at the marker locus analogous to the counterfactual
definition of the causal effect of the allele A at the causal locus,
laid out above. To this end, we imagine swapping haplotypes of a
given physical length around the genotyped marker: Specifically,
randomly choosing a gamete that carries the m allele and flipping
its haplotype to a random haplotype in the sample containing .

If the length of the flipped haplotype is too short to contain the

causal locus, the effect of this flip is simply aﬂ;i = 0, since the

alleles at the marker locus do not affect the trait. However, if the
flipped haplotype is long enough to include the causal locus, then
the swap might change the allele at that locus too—either 2—A4
or A— a—and therefore affect the phenotype. The manipulation
effect will then depend on the proportion of marker allele y-
containing haplotypes that also contain causal allele x, py|); the
average effect of the flip is

o = (paips — pam) @ (8]

as shown in SI Appendix, section 1.5. Since we are assuming
that there is no G xE at the causal locus, the average phenotypic
effect of the reverse M — m haplotype switch would be the same
(though opposite in sign) as Eq. 8, which is why we have omitted
the m— M subscript in Eq. 8. While Eq. 8 is defined in terms of
a single causal locus, it naturally generalizes to the case where the
marker locus tags multiple causal loci within the flipped region.

In the absence of confounding, a population-based association
study at the marker locus returns an effect-size estimate that is
equal to the allele-flipping effect in expectation:

&P = o = (p401 — pam) . [9]

(Note that the quantities in Eqgs. 8 and 9 can also be written in
terms of coefficients of linkage disequilibrium—see S7 Appendix,
section 1.5.)

In contrast, a family-based association study at the marker
locus returns an expected effect-size estimate of

Af:
a = (1 - 27) (p;ﬂMMm _p;llm,Mm) a
X (pAMMm — PAmMm) Q> [10]

where 7 is the recombination fraction between the marker and
causal loci, p;” MMm A0d paMmm are the proportions of M

containing haplotypes that also contain A in heterozygous Mm
parents and offspring, respectively, and pﬁ‘ll om0 PAmMm
are analogously defined for allele 7 (S/ Appendix, section 1.5).
The approximation in Eq. 10 holds under the assumptions that
the marker and causal loci are tightly linked (» ~ 0) and that
genotype frequencies are similar in the parental and offspring
generations.

In summary, when the marker and causal loci are tightly linked,
the family-based study returns an unbiased estimate of a causal
effect defined in an analogous way to Eq. 8, namely flipping
haplotypes only in gametes produced by parents heterozygous
at the marker locus. Thus, in this context too, the family-based
estimate can be interpreted as a LATE for these families.
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Fig. 1. Relationships between the effect-size estimates produced by population- and family-based association studies and Fsr in a simple model of population
structure. There are two populations, red and blue, each inhabiting a distinct environment. At a biallelic locus, the focal allele has effect 1.1 on a trait of interest
in the environment of the red population and effect 0.9 in the environment of the blue population. We simulated independent drift of allele frequencies at
the locus in the two populations, and then conducted population- and family-based association studies of the trait in a large sample drawing equally from the
two populations. (A) When drift results in some differentiation between the populations (Fsy > 0), the effect-size estimate from a population-based GWAS is
systematically biased away from the true population-average effect of 1, with the direction of the bias reflecting whether the focal allele ended up at higher
frequency in the red population (red points in A, B, and C) or the blue population (blue points in A, B, and C). (B) The estimate from a family-based GWAS depends
instead on whether heterozygosity ends up being higher in the red population or the blue population; that is, on the population in which the focal allele at the
locus moved closer to frequency 1/2. (C) Consequently, the family-based estimate differs from the population-based estimate in the presence of GxE. See S/
Appendix, section 1.4 for mathematical details.

We can rewrite the family-based estimate as PGS; = Z ﬁAlg,»/. [12]
leA
~fam .~ flip
a” a4 [(pAMMn — PAM) — (PAmMm — PA a.
[((avsrtm — pava) — (PAm s — pAIm)] [11] If individual 7 is in family £, their value for trait Y is given by
Therefore, the family-based estimate at the marker locus will Yi=Y*+ Z ((x s+ ag + al,[) g terte; [13]

differ from the causal effect defined by the allele flip (and from
the effect estimated in an unconfounded GWAS) if the A allele
tends to co-occur on the same haplotype as the M allele more ~ which is the multilocus version of Eq. 1, with the set of loci L
frequently in Mm heterozygotes than in the rest of the population.  causally underlying variation in trait Y. We note that, in laying
This phenomenon is mathematically analogous to the case of ~ out this model, we have specified the relationship between the
GxE considered above—compare Egs. 6 and 11—even though ~ trait-X-associated loci and trait Y, rather than between traits X and

leL

the sources of heterogeneity are distinct. Y directly. While the latter is usually the biological motivation for
As a simple illustration of how LD differences between PGS studies, in practice, the researcher does not know whether
heterozygous and homozygous parents can influence the various ~ the effects on trait Y of the loci in the traite-X GWAS are

association study designs, consider two populations that differ mediated through trait X itself (or due to horizontal pleiotropy
in both the degree of LD between, and the allele frequencies at, ~ or confounding; see, e.g., refs. 6, 13, and 38—41).

the marker and causal loci. In a sample drawn from across these We are interested in the causal relationship between the PGS
two populations, the effect size estimated at the marker locus for trait X and the value of trait Y, both in terms of a hypothetical
by a family-based association study will more strongly reflect ~ manipulation and in terms of estimates produced by standard
the degree of LD in the population with greater heterozygosity =~ least-squares regression approaches. We consider population-
at the marker locus, whereas an unconfounded population-  based designs that regress ¥ on PGS and family-based designs
based association study will instead reflect differences in the  that regress ¥ on PGS controlling for the maternal and paternal
haplotype frequencies between the two populations (S/ Appendix, ~ PGSs.

section 1.6). Because a PGS is constructed using estimated rather than true

effect sizes, it reflects the signal of causal effects partially (and

PGSs. To study the influence of GXE in applications of PGSs, noisily) captured by the genotyped loci on which the PGS is
we focus on the general case of the relationship between a PGS~ based. Additionally, the effect-size estimates may be biased due
for trait X and the value of trait Y. As special cases, X and Y could ~ to confounding in the GWAS. The noise and bias in the or igingl
be the same trait or X and Y could be the same trait but in a GWAS used to construct the PGS weights are implicit in our fs
different set of environments. N (see ref. 13 for a fuller treatment). For simplicity, we assume that
An investigator has access to effect-size estimates f; ataset of  the loci included in the PGS are a subset of the loci that causally
genotyped loci / € A from a prior GWAS on trait X. The sample affect the trait of interest (A C L) and that the causal loci are in
in which this GWAS was carried out does not overlap with ~ Hardy—Weinberg and linkage equilibrium in the sample. As we

the sample used in the investigator’s subsequent analysis. Given  show, even under these simplifying assumptions, interpreting the
individual 7’s genotype g, [ € A, the investigator calculates a effects of PGSs in the presence of GXE is not straightforward.
trait-X PGS for the individual: Moreover, our results extend naturally to the case where the PGS

PNAS 2024 Vol. 121 No. 38 e2401379121 https://doi.org/10.1073/pnas.2401379121 5 of 10


https://www.pnas.org/lookup/doi/10.1073/pnas.2401379121#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2401379121#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2401379121#supplementary-materials
https://www.pnas.org/lookup/doi/10.1073/pnas.2401379121#supplementary-materials

Downloaded from https://www.pnas.org by "UNIVERSITY OF CHICAGO, THE JOHN CRERAR LIBRARY" on September 16, 2024 from | P address 128.135.53.23.

loci are not themselves causal but instead tag nearby causal loci
(a point that we return to below).

Interpreting PGSs in terms of hypothetical manipulations. As in
the single locus case, we can again consider two thought
experiments to understand causal effects in the PGS case, the first
involving randomization and the second a genetic manipulation.
First, we imagine randomly assigning genotypes at the loci in A
to our sampled individuals, independent of their environments
or genetic backgrounds. Under this randomization, least-squares
regression of trait Y on the trait-X PGS returns, in expectation, a
coefhicient

6rand _ ZZGA H/ﬁlal
ZleA h,/ﬁ/2

where H; = 2p;(1 — p;) is the heterozygosity at locus / under
the assumption of Hardy—Weinberg equilibrium. Under our
assumption that the loci in A are causal for trait X, the numerator
in Eq. 14 can be interpreted as the genic covariance between the
trait-X PGS and trait Y, while the denominator is the genic
variance of the trait-X PGS.

It is more complicated to define the causal effect of the PGS in
terms of hypothetical genetic manipulations, in which we imagine
experimentally flipping alleles at the PGS loci: With many loci
contributing to the PGS, a desired change in the value of the trait-
X PGS can be achieved via many different manipulations, and
these different manipulations will, in general, not have the same
average effect on trait Y. Nonetheless, in S/ Appendix, section 2,
we describe two manipulation strategies that respect the sample
variance structure of the PGS and return an effect of the PGS,
8%P that is the same as that given by the randomization thought

(14]

experiment described above, 674,

When the PGS alleles do not themselves causally affect the
trait, but instead tag ungenotyped causal alleles, as in the single
marker locus case above, we can imagine the investigator flipping
haplotypes of a given length around each PGS locus. Under
this definition, the a; terms in Eq. 14 would be replaced by
expressions for the average effects of the haplotype swaps (i.e.,
Eq. 8, assuming that the flipped haplotype is long enough at each
marker locus to include the causal locus).

Spelling out these manipulations makes it clear that the
estimand (Eq. 14) is in fact a complicated object. In so far as the
manipulations are ad hoc and may be a somewhat contrived basis
for a causal interpretation, a more straightforward perspective
may be to view the individual SNP effects as causal, and to think
of the slope of a PGS as a function of these causal effects. The
question then becomes whether it is possible to estimate this
function in an unbiased way.

Estimates of the effect of the PGS.Family-based designs for
estimating the effect of the PGS rely on the regression

Y = u+6PGS+ y(PGS,, + PGS)) + e, [15]

where PGS is the PGS of the offspring and PGS, and PGS,
are the maternal and paternal PGSs respectively. The estimate
5m produced by ordinary least squares (OLS) estimation of
this regression has been interpreted as an estimate of the direct
effect of the PGS on the phenotype, since the parental PGSs
effectively control for population structure and for indirect effects
of genotypes of relatives on the phenotype of the offspring.

Since we can write

PGS = (PGS, + PGS,) /2 + ¢, (16]
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with ¢ the segregation deviation of the offspring’s PGS from the

midparent value, the estimate 5™ produced by OLS estimation
of Eq. 15 is the same, in expectation, as that produced by OLS
estimation of the regression

Y=j+6béc+é [17]

by the Frisch—Waugh—Lovell theorem (pp. 35 and 36 in ref. 42;
SI Appendix, section 3.1).

In the presence of G X E interactions, and under the simplifying
assumptions laid out above concerning the sets of PGS and causal
loci A and L, the family-based estimate is, in expectation,

g fam __

Cov(Y¢) D len H/ﬁl (“l + E[a{ | hl])
)

= = , [18
Var(g Y sen HiB} el
where /; denotes that a parent is heterozygous at locus /
(81 Appendix, section 3.2).

As this expression makes clear, the estimate from a family-
based GWAS will differ systematically from the randomization
or allele-flipping effect of the PGS if parents heterozygous at any
loci in the PGS are nonrandomly distributed across environments
E[a] | h] #0).

Without information about parental genotypes, a population-
based study of the effect of the PGS effect is based on the
regression

Y = u+6PGS+e. (19]
In that setting, from Eq. 16, OLS estimation of this regression
produces
Cov(Y; (PGS,, 4 PGS,)/2 +¢)
Var(PGS)
Vpes — Ve o a Ve o .
— PGS (9 5berween—fam [ afam [21]

_l’_ -2
Vegs Vpgs

Spop —

(20]

in expectation, where Vpgs is the population variance of PGS
values, V; is the contribution of within-family segregation

to the PGS variance, and Petveenfam —  Covy(Y; (PGS, +
PGS,)/2)/(Vpgs — V¢ ) is the “between-family” slope one would
obtain by regressing offspring phenotypes on midparent PGSs.
The between-family slope absorbs direct genetic effects as well as
environmental and genetic confounding.

Even in the absence of genetic or environmental confounding,
the estimated effect of the PGS is a mixture of between- and
within-family effects. Thus, while the family-based estimate 67™
can be seen as a component of the population-level estimate

5PoP, 5Pop additionally reflects the GXE effect in the children of
parents homozygous at PGS loci.
Summary. In the presence of GXE, the family-based estimate of

the causal effect of the PGS, Sfam, can be biased away from the
causal effect defined by genotype—environment randomization
or by experimental manipulation of genotypes if, for any of the
loci in the PGS, heterozygotes and homozygotes are distributed
differently across environments.

At any given locus, there exists a set of individuals—the
offspring of heterozygotes—for whom a family-based GWAS
provides an unbiased estimate of an average causal effect, i.e.,

a LATE (cf. Eq. 6). However, this set of individuals will be

different for each SNP, and so, in general, ™ does not have
a causal interpretation either as an ATE or a LATE. Instead,
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the family-based estimate 6™ is a strangely weighted average
across loci and across families (Eq. 18), and the fact that it is a
weighted sum of per-SNP LATEs, each of which has a separate
causal interpretation, does not in itself endow 5fm with a causal
interpretation. In general, in the presence of an interaction be-
tween genetic effects and familial environments, and nonrandom
distribution of family genotypes across interacting environments,

family-based estimates 5®™ do not have internal validity.

These conclusions extend to the case where the PGS loci are not
causal themselves, but instead tag nearby causal loci. In this case,
the within-family estimate of the PGS effect will reflect the level of
LD in heterozygotes for each marker (Eq. 11, assuming no GXE
at causal loci). If the patterns of LD differ between heterozygous
and homozygous parents, the within-family estimate is not,
in general, an unbiased estimate of the average effect of the
PGS defined in terms of haplotype manipulation, nor can it
be interpreted as a LATE for any subsample.

We note further that, while the within-family PGS slope
(Eq. 18) provides an estimate of the slope in an unconfounded
population-based PGS analysis (Eq. 21), it does not in general
provide an unbiased estimate of this slope: in the presence of
interactions, the two are not in general equal in expectation.
Under what conditions is the family-based regression coefficient
on the PGS an internally valid estimate of an average causal
effect? In this section and the next, we address two more specific
questions about family-based PGS studies in the presence of
heterogeneous effects: 1) Does there exist a narrower set of
assumptions in which the estimates obtained from family-based
PGS studies are unbiased estimates of ATEs or LATEs? 2)
What proportion of the population variance in the trait can be
attributed to the slope of the PGS estimated from family-based
studies? .

The within-family regression slope of the PGS, 6™, has been
described as an estimate of the direct causal effect of the PGS. As
our results show, when genetic effects interact with the familial
environment or when LD patterns differ between parents that are
homozygous versus heterozygous for PGS loci, this claim does
not hold. The within-family regression slope of the PGS has also
been described more specifically as “a weighted average over the
direct effects of the [PGS] for the individuals in the population,”
with this average taken “over any heterogeneity of effects across
individuals that may exist” (SI Appendix, section 7.1 in ref. 43).
While, by the same token, this claim cannot be generally true,
here we consider under what restricted conditions it is valid.

There are two special conditions that jointly allow us to recover

an interpretation of the family-based regression coefficient 6™
as a weighted average of direct PGS causal effects. The first is

that the GXE effects 0/; are, for each family £, a fixed multiple
Cr of the population-average effect @; across all causal loci, such
thata family’s environment either amplifies (Cr > 0) or dampens
(Cr < 0) the genetic contribution to the trait by a constant factor

across loci. The second is that the effect-size estimates ﬁ/ used
to construct the PGS differ in expectation from the population-
average causal effects f; only by a multiplicative factor B that is
constant across loci (allowing also for uncorrelated noise).

If these two conditions both hold, each family is characterized
by a well-defined PGS slope 6 = (1 + Cr)/B, such that any
genetic manipulation that increases the PGS of an offspring in
family f/ by 1 unit—no matter which loci are flipped and in what
direction—increases the offspring’s trait value by 67 in expecta-

tion. The regression coefficient 5%m can then be interpreted as
an estimate of an average of these family-specific slopes dy.

PNAS 2024 Vol. 121 No. 38 e2401379121

Even under these strict conditions, however, this average does
not weight each family equally, and therefore does not return the
average PGS slope in the sample. Instead, each family is weighted
proportional to its segregation variance for the PGS, with families
in which parents are heterozygous at more of the PGS loci

upweighted in the calculation of fam (81 Appendix, section 3.3).
The reason is that these families contribute more within-family
variation in the PGS, and it is within-family PGS variation upon
which family-based estimation of 6 depends. Thus, while the
estimate of 6 produced by the within-family PGS regression is
not an ATE across the sample of genotyped families, it is, under
the specific conditions laid out above, a LATE in an “effective
sample” (44) of families weighted according to the parents’ PGS
segregation variance. This is a specific example of a more general
phenomenon, known in statistics and econometrics, where, in
estimation of a coefficient of interest, controlling for additional
covariates (in our case, the parental PGSs) causes OLS to
upweight some observations and downweight others (e.g., refs.
44, 45, and pp. 76 and 79 in ref. 42; see S/ Appendix, section 3.3).
While these parallels to regression results from other fields are
enlightening, in practice, the assumptions of a fixed multiplicative
G XE effect across loci and a fixed multiplicative bias in the effect-
size estimates used to construct the PGS are unlikely to be met.
When considering the PGS as a “treatment,” we rely on a sum
of small estimated effects. Because the causal loci tagged by the
PGS loci will often be pleiotropic in their effects, the property
of a single GxE multiplier Cy—although a useful heuristic—is
unlikely to hold for the trait of interest in the family-based study.
Moreover, it is worth noting that the estimated weights used to
build the PGS are not just noisy; for some traits at least, they are
biased to varying degrees across loci because of confounding.
What is the contribution of within-family PGS variation to pheno-
typic variation? The coefficient estimated in a population-based
GWAS for the effect of a PGS on a trait can often reflect
substantial environmental and genetic confounding, whereas
the coefficient estimated in a family-based GWAS removes all
environmental and most genetic confounding (2, 13). Motivated
by these considerations, studies often compare the within-family

and population-based PGS slopes, treating their ratio, Sfam/ Spop,

or its square, (‘%m/égop, as an estimate of the proportion of PGS
association or variance that is due to direct causal effects of (or
tagged by) the PGS loci (26, 35, 43).

As can be seen in Eq. 21, the population-based estimate
of the PGS slope is composed of the within-family slope
Sfams weighted by the proportion of PGS variance that comes
from within families (V/Vpgs), and a between-family slope
gbetween_fam, weighted by the proportion of PGS variance that
comes from between families ([Vpgs — V¢]/ Vpgs). The between-
family slope can be thought of as a combination of the true
direct effects between families, Specween-fam> and an extra term
due to confounding. Treating the fraction Ofm/dpop as the
fraction of the population-level association that is due to direct

effects implicitly assumes that Speeween-fam = S in expectation.
As we have shown, this interpretation is not valid in general.
Therefore, taking ratios of slopes obtained in family-based versus
standard GWASs may yield biased estimates of the proportional
contribution of direct genetic effects.

The estimate Sfam is estimated from—and therefore only
strictly applies to—the within-family PGS variance V. At-
tributing the explanatory value of 5gm to the PGS variance
among individuals Vpgs requires an extrapolation from within
to between families. As we have shown, the within-family slope
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generally lacks internal validity, and so, in the presence of
heterogeneity, this extrapolation can lead to a biased estimate
of the variance explained by direct effects. Similar biases may also
affect other methods that use genetic segregation from parents
in order to partition the population phenotypic variation into
genetic and nongenetic components (46, 47).

The population variance of the PGS can be decomposed into
contributions from within and between families:

PGS,y + PGS, )

VpGs = Var(PGS) = Var ( 5

(PGSm + PGSP>

= Var + Ve [22]

noting that the segregation deviation ¢ is uncorrelated with
(PGS, PGS,) /2. If we focus on the within-family variance V7,

and consider the proportion of the overall phenotypic variance

explained by fitted values ¢Sgm based on it, we obtain
gfgam Vg

Vo (23]

This approach is coherent and the fraction is interpretable as
the contribution to phenotypic variance arising from Mendelian
segregation within families at the PGS loci. The interpretation is
valid because families are weighted the same in the calculation of

Seum as they are in V¢; the interpretation of Eq. 23 therefore does
not require an extrapolation from families with greater segrega-
tion variance (more heterozygous parents) to families with lower
segregation variance (less heterozygous parents). The quantity
in Eq. 23 can also be measured via a hypothetical experimental
manipulation, as laid out in S/ Appendix, section 3.4.

These results establish a solid basis for causal statements about
the proportion of phenotypic variance explained by within-family
PGS variance. In the absence of assortative mating or other
sources of long-range signed linkage disequilibrium, the within-
family variance of the PGS is expected to be half the sample-wide
variance (V; = Vpgs/2)—less if alleles with the same directional
effect on the trait are in positive LD, as is the case with assortative
mating, and more if they are in negative LD, as arises under
various kinds of selection. Therefore, our results indicate that only
half (and potentially less) of the phenotypic variance attributed
to the PGS based on within-family estimates of its effect can
potentially be estimated in an unbiased manner, whereas the
rest relies on an extrapolation based on the assumption of no
heterogeneity of genetic effects across families.

A caveat is that we have not considered the multiple covariates
often included in family studies beyond parental genotypes,
which will further complicate the interpretation of causal effects
(48). Clearly, further work is required to define precisely what is
being estimated in practice in family-based GWASs.

Discussion

While the random inheritance of parental alleles by children
offers a natural experiment (49), the genetic variation that this
experiment generates—based on which one hopes to establish
“treatment” effects of alleles on phenotypes of interest—is
contributed only by heterozygous parents. In other words, we
do not observe alternative allelic treatments among the offspring
of homozygotes and therefore cannot learn about treatment
effects on their phenotypes. In contrast, the effect of an allele
across families in a population reflects inheritance from both
homozygous and heterozygous parents. The consequence is

8of 10 https://doi.org/10.1073/pnas.2401379121

that if there is heterogeneity in effects between the children
of homozygous and heterozygous parents, family studies will
generally result in a biased estimate of the average effect of an
allele in a population. In the case of the effect size estimated by
a family GWAS for a single locus, the estimate can nonetheless
be viewed as a LATE for the children of heterozygotes, and thus
has internal validity for a well-defined subset of families. The
same does not hold for a PGS, however, which has no general
interpretation as a LATE at the population level in the presence
of effect-size heterogeneity.

That so many fields of study focus on reliably estimating ATEs
reflects the fact that heterogeneity in causal effects is ubiquitous.
Genetics is no exception, with many well-studied sources of
heterogeneity, including GxG and GXE interactions, and for
marker loci, varying patterns of LD. For the specific issues with
family studies raised here to be a problem, however, requires two
conditions to be met: i) Genetic effects must be heterogeneous
across environments and ii) genotypes must be nonrandomly
distributed across the relevant environments. Given extensive
evidence for heterogeneity in the effects of alleles due to GXE
(and GxG) in settings where experimental manipulations are
possible, the first condition seems highly plausible. In turn, the
evidence of environmental and genetic confounding in human
GWASs for an increasing number of traits shows that SNP
genotypes are nonrandomly distributed across environmental and
genetic backgrounds. Thus, it seems important to consider what
happens to estimates produced by family-based GWASs in this
setting.

In doing so, we have focused primarily on GxE as the source
of heterogeneity in genetic effects. As noted above, however, the
effect of an allele could also systematically differ across families
(ar) because it is involved in epistatic interactions with alleles at
other loci in the genome (i.e., because of GXG). By analogy to
our G xE model above, epistatic interactions would lead to biases
in family-based GWASs if parents who are heterozygous at the
focal study locus tend to have systematically different genotypes
at loci that interact epistatically with the focal locus, relative to
the population distribution of such genetic backgrounds. We
have also ignored parent—offspring interactions in family-based
studies. Following the same logic, interactions between alleles of
parents and offspring will result in family GWAS estimates that
are the average effect of the focal allele in an offspring conditional
on the genetic background of a heterozygous parent. Thus, a
nonrandom distribution of genetic backgrounds in heterozygous
parents is also a potential source of bias.

In addition to interactions with the environment or other
loci, differences between homozygotes and heterozygotes in the
degree of LD between marker loci and the causal loci that
they tag can also give rise to variation in effect sizes at the
marker loci. As we have shown (Eq. 11), these differences can
also lead to biases in family-based estimates of average effect
sizes. One plausible way that such differences in LD can arise
is when GWASs draw samples from across ancestry gradients;
for example, from across the north—south gradient in haplotype
diversity within Europeans (50). Evidence that changes in LD
patterns contribute to differences in the prediction accuracy of
PGSs over even short genetic distances (51-53) supports the view
that sampling families from across ancestry gradients may be an
important source of heterogeneity.

To provide an interpretation of the effect size being estimated
at a tag—rather than causal—locus, we proposed a thought
experiment in which a haplotype of a given length is experimen-
tally swapped. Under the assumption of tight linkage between the
causal and marker locus and no LD between causal loci, the effect
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estimated in family studies corresponds to the average effect of
this manipulation in the offspring of heterozygotes at the marker
locus. In the presence of LD between causal loci, the family-based
effect-size estimate at the marker locus absorbs the effects of any
causal loci on its chromosome that are in LD with it, complicating
even the single-locus interpretation (13). More generally, we
have not considered how LD among causal loci will complicate
causal interpretation of PGSs. As our results show, even in the
simpler case of uncorrelated causal loci, articulating a causal
interpretation of family-based studies is not straightforward.

Further complications will arise if there is selection bias on
the participants in the population-based or family-based GWAS
(54), as the effects estimated may then be biased relative to those
of a representative sample. An additional issue specific to family
studies is that the key assumption of allele randomization by
Mendelian segregation will be violated when the selection of
families in the study occurs based on a heritable phenotype of
the offspring.

Ultimately, how large the biases that we have uncovered are
in practice is an empirical question. For single loci, effect-size
estimates obtained in family-GWASs carried out in relatively
homogenous populations may be largely unaffected. It is less
clear, however, how these biases compound in analyses of PGSs.
Moreover, the growing recognition of the utility of family studies
in removing confounding will make them ever more essential as
GWAS and PGS analyses are applied to samples drawn from
genetically and environmentally heterogeneous groups. Yet it
is precisely such samples in which the biases that we have
highlighted could become substantially more important.

Conclusion

To date, one use of family studies has been to provide rigorous
evidence that the PGS contains some signal of a genetic causal
effect. While this use is valid, one might argue that, given thatitis
well established that almost any trait is partially heritable and that
genetic correlations are widespread, it should not be surprising
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that there are nonzero genetic effects on a trait (55, 56). The
focus on family studies providing ATEs reflects the desire for
richer quantitative answers. Our results indicate tha, in a general
setting, a number of claims about what can be learned from
family-based GWASs need to be refined.

Our findings further establish that family studies can be
interpreted as providing an unbiased estimate of the contribution
that the segregation of PGS alleles within families makes to the
overall phenotypic variation (Eq. 23). Since, under standard
quantitative genetics models, the within-family variance is a
sizable contribution to the population variation, even this more
limited use of family-based GWASs may yield important insights.
Moreover, in practice, the biases that arise from family studies
due to various sources of heterogeneity are likely smaller than the
effects of confounding on population-based GWAS estimates. In
that sense, estimates from family studies are more interpretable
as causal effects than those from population-wide studies, and
discrepancies between family- and population-based GWASs
still offer a useful heuristic for identifying and dissecting how
confounding affects PGSs.
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