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A book review of “The genetic lottery: why DNA matters for social equality.” (Princeton University Press, 2021) by Kathryn Paige

Harden.

The Genetic Lottery: Why DNA Matters for Social Equality

aims to convince the reader that recent methodological devel-

opments in human genetics should change the broader societal

conversation about redistributive justice. The author, Dr. Kathryn

Paige Harden, is a Professor of Psychology at the University

of Texas, Austin, who specializes in behavioral genetics. Her

book starts from the premise that human behaviors, and in par-

ticular educational attainment, are “heritable,” i.e., that within a

study sample, some fraction of the phenotypic variance is ex-

plained by differences in genotypes. As is described, we can

now identify some of the genetic loci associated with trait vari-

ation through genome-wide association studies (GWAS) and

make predictions—currently, quite noisy predictions—of indi-

vidual outcomes from genotypes. In the author’s view, GWAS

findings underscore that people differ not only in the social cir-

cumstances into which they are born but also in the genetics that

they happen to inherit. Since neither social circumstances nor ge-

netics are earned or chosen, both result from “luck.” The book

argues that both sources of luck contribute commensurately to

social inequalities in educational attainment and ultimately in in-

come, and therefore that genetics is needed in order to better un-

derstand and redress social inequalities. In particular, in Harden’s

view, recent GWAS findings should lead us to be mindful of prin-

ciples of equity and not just equality.

The author is an extremely talented communicator, and

The Genetic Lottery includes discussion of many engaging and

thought-provoking examples. But in our view, its central argu-

ment mischaracterizes where the field of human genetics stands

and what it promises. Although some of the controversy over the

book has centered on its premise, the fact that educational at-

tainment is heritable was documented before GWAS and is in

some sense trivial. In humans as in any other species, almost all

traits that vary within a group are heritable (Barton & Keightley,

2002; Turkheimer, 2000). We thus fully grant the book’s starting

point. We also happen to support redistributive policies outlined

in her conclusions. However, we believe that many of the argu-

ments made to connect the premise to these conclusions are un-

warranted, notably concerning the pertinence of GWAS findings.

Given its broad scope, The Genetic Lottery presents many

angles from which to comment. As others have pointed out, it

focuses attention on “genetic luck,” when people face social and

historical inequities that are anything but random (Martschenko,

2021), and considers the impacts of relatively small social in-

terventions rather than the larger structural inequities in which

they are embedded (Panofsky, 2021; Parens, 2021). As popula-

tion geneticists, and given the importance placed on GWAS and

trait prediction in the book, we concentrate on points at which

the scientific results are distorted or exaggerated. Cumulatively,

these mischaracterizations foster a view of genetic causes of ed-

ucational attainment as identifiable, intrinsic properties of indi-

viduals. As we discuss, this view is not justified by current

understanding.
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THE BACKDROP

The Genetic Lottery relies on findings from a number of dif-

ferent approaches, such as twin studies, the meanings of which

have been discussed for decades (Downes & Turkheimer, 2021;

Feldman & Lewontin, 1975; Lewontin, 1974; Tabery, 2008). No-

tably, it contends that heritability estimates of educational attain-

ment are reflective of the extent to which variation in the trait

is caused by genetic differences in a given setting, despite long-

standing arguments to the contrary (Lewontin, 1974; Morrissey

et al., 2010; Visscher et al., 2008). What is scientifically novel

about the book’s argument, and the author argues, disruptive, is

the evidence from GWAS.

Over the past two decades, GWAS have been performed for

thousands of traits, almost always in individuals of European an-

cestry living in the United States or Europe, and with a bias in

enrollment toward relatively wealthier people. Recorded infor-

mation about participants often includes their educational attain-

ment, usually as a categorical variable that describes the stage

of schooling completed by the individual. Like almost any trait,

educational attainment is heritable: the proportion of the trait

variance attributed to the (additive) genetic variance varies from

17% to over 40%, depending on the assumptions of the heritabil-

ity estimator and the study sample (Branigan et al., 2013; Kem-

per et al., 2021; Young et al., 2018). Collating information from

individual GWAS has therefore permitted massive meta-GWAS

of educational attainment, most recently in 1.1 million people

(Lee et al., 2018).

These GWAS are conducted in “unrelated” individuals, i.e.,

sets of individuals that are not close relatives. The trait value

(educational attainment) is regressed on each genetic variant,

with a statistical control for effects of population stratification

(Price et al., 2010). Although these controls are imperfect, they

suffice for the top associations to be highly reproducible across

GWAS samples of similar ancestry (Lee et al., 2018). These

GWAS reveal that, like most human traits studied to date, edu-

cational attainment is massively polygenic: None of the associ-

ations explains much of the variance of educational attainment,

and most explain a tiny proportion. Moreover, because of corre-

lations among alleles at nearby sites (linkage disequilibrium), the

precise identity of the causal loci is often unclear. Nonetheless,

given adequate control for population structure, the study design

indicates that one or more variants in that general genomic loca-

tion influence the trait value. How they exert that influence is al-

most always unknown. What is understood, however, and Harden

repeatedly clarifies, is that whatever the underlying mechanism

may be, behaviors such as educational attainment are the out-

come of individual tendencies as they are manifested in specific

social environments.

Despite the GWAS findings lacking a mechanistic interpre-

tation, they can still be used for trait prediction in similar set-

tings. Following the approach taken by quantitative geneticists

for decades (Wray et al., 2019), a “polygenic score” (PGS) can

be calculated for an individual by summing all or a subset of vari-

ants in their genome, weighted by the effect sizes on the trait es-

timated in the GWAS. These polygenic scores provide prediction

of individual deviations from the mean trait value in individuals

similar to the GWAS set. As Harden is careful to point out, they

are statistically significant but noisy predictors of an inherently

probabilistic outcome. Currently, they account for 11–13% of the

variance in educational attainment in people of European genetic

ancestry, depending on the cohort (Lee et al., 2018).

Polygenic scores are of interest for a number of distinct pur-

poses, many of which figure prominently in the book. The first

is as an instrument or control variable in the social sciences: for

instance, using PGS (e.g., for Body Mass Index, BMI) as a covari-

ate allows one to study the impact of an environmental interven-

tion (e.g., an extra year of schooling) on an outcome (e.g., BMI),

while statistically controlling for heterogeneity in genetic effects

on the outcome (e.g., Barcellos et al., 2018). Uses of PGS as

statistical tools are in their infancy and, although not without as-

sumptions, seem promising. Where the book touches a nerve, we

suspect, is the other applications: where it claims that PGS for ed-

ucational attainment are useful predictors of scholastic achieve-

ment, and GWAS an important tool for understanding the causes

of social inequalities. Here, we highlight three central issues that

we believe call into question these proposed applications, and

thus much of the argument of the book: (i) the elision of different

types of GWAS; (ii) the interpretation of GWAS hits for educa-

tional attainment as “built in” differences among individuals; and

(iii) the reliance on typological notions of populations.

THE ELISION OF DIFFERENT TYPES OF GWAS

Rawls famously posited that a fair society is one that people

would choose if they did not know the circumstances of their

birth–what tickets they had drawn from social and natural lot-

teries (Rawls, 1971). Harden invokes the image of lottery in ref-

erence to Rawls, but also to mean something distinct and much

more specific. In claiming that “a lottery is a perfect metaphor

for describing genetic inheritance” [p. 17], she writes “The fact

that you have your specific DNA sequence out of all the possi-

ble DNA sequences that could have resulted from the union of

your mother and your father, is pure luck. That is what I mean

when I say your genotype […] is an outcome of a genetic lottery”

[p. 31]. This use of a genetic lottery as a form of randomization is

central to the book and critical to its argument that genetics helps

to identify causes of inequality.

Yet this particular usage of the term does not apply to com-

parisons among unrelated people, only to the transmission of alle-

les from parent to child or the sharing of alleles among siblings.

And the effects of these alleles can only be isolated from other
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factors in one, relatively uncommon, type of GWAS, known as a

family design. Family GWAS come in various flavors, the most

common of which is a sib-study, in which differences in trait val-

ues between biological full siblings are regressed on the differ-

ences in their genotypes. Other family designs use related ap-

proaches, distinguishing between the effects of transmitted and

untransmitted parental alleles for instance (Kong et al., 2018).

Their design implicitly controls for the parental environment,

be it environmental or genetic, and (under some assumptions)

randomizes genotypes across the environment of the children.

Thus, any differences in outcomes between siblings reflect the

alleles that the parents happened to transmit to their offspring,

i.e., the lottery of Mendelian inheritance.

As Harden notes, this type of lottery is analogous to a

randomized controlled trial, in which siblings are randomly

assigned different treatments (i.e., PGS). By analogy, sib-GWAS

provides evidence for PGS as a cause of sibling differences in

outcomes: as she explains, “if X [the particular value of the PGS]

versus Not-X is randomly assigned, then observing differences

in outcomes that are probabilistically associated with X versus

Not-X is satisfactory evidence that X is a ‘thin’ cause of those

outcomes” [p. 109]. Under the assumptions of no interaction be-

tween a child’s PGS and parental behavior, these family studies

further allow for unbiased estimation of direct genetic effects,

that is, the effects of the alleles inherited by a child on their

own phenotype (Wolf et al., 1998; Young et al., 2018, 2019). In

practice, however, it is hard to enroll family members, so family

GWAS remain small and few in number compared to standard

GWAS.

Moreover, the book’s central focus is not on differences be-

tween family members but rather on unequal outcomes among

unrelated people in the population. This is where its analogy of

a genetic lottery breaks down (see also Fletcher, 2022). Biolog-

ical fathers and mothers do not pair at random: people choose

their partners based on geographical proximity and numerous

other criteria (including family background, income, or educa-

tion). Children are not raised in randomly assigned environments

but often by their parents in an environment and geographic

setting similar to that of their ancestors. Indeed, in many cul-

tures, people marry and have children with particular partners

precisely in the hope of avoiding the randomness of life out-

comes and of improving the social prospects of their families.

The fact that genetic differences play a role in generating inter-

individual differences in outcomes makes it a lottery in the Rawl-

sian sense of being unearned and unchosen, but not in the sense

of genotypes being randomly assigned across environments. Crit-

ically, then, most of our knowledge about differences among

individuals comes not from family GWAS but from standard

GWAS of “unrelated” individuals, i.e., from the study of individ-

uals from different nuclear families, whose genetic backgrounds

and environmental differences are only controlled statistically

(Vilhjálmsson & Nordborg, 2013).

Although Harden notes that only within-family differences

can truly be viewed as the result of a Mendelian lottery, the pre-

sentation often slips seamlessly between these two very different

contexts. This elision matters: first, because it undermines the va-

lidity of the genetic lottery of meiosis as a lens through which to

view genetic causes of interindividual differences; and second,

because it leaps across a gulf in our understanding of GWAS

findings. Genetic effects estimated in a standard GWAS include

not only direct genetic effects of an individual’s genotype on their

phenotype, but also indirect genetic effects of the parents (and

potentially siblings and peers), as well as effects of assortative

mating of the parents. That is not all: because no statistical con-

trol for population structure is perfect, or even all that well de-

fined, GWAS estimates may also include residual effects of the

genetic background, and, perhaps most difficult to disentangle in

humans, environmental effects that are correlated with the ge-

netic background. Thus, PGS for traits based on standard GWAS

are not estimates of direct genetic effects alone, and their pre-

dictive power derives from all these effects combined. For edu-

cational attainment, the distinction between standard GWAS and

family GWAS is particularly pronounced: direct genetic effects

for educational attainment are estimated to account for as little

as one fourth of the variance in the PGS of a standard GWAS

(Kong et al., 2020; Young et al., 2020). The remaining three-

fourths reflect a tangled mess—a braid, as Harden refers to it—of

genetic and environmental effects.

Because the author is attentive to this problem, the book

refers to validation studies in which the PGS from a standard

GWAS is shown to be a significant predictor of within-family dif-

ferences, usually between siblings. These validations are impor-

tant, because they demonstrate that the PGS’s predictive power

is not entirely due to indirect effects or population stratification,

establishing that there is some causal genetic contribution. But

given the presentation, the reader is often left to assume that the

sib-analysis fully replicates the population PGS results. For ex-

ample, when reporting that the PGS for educational attainment

and wealth are correlated in people of European ancestry, Harden

argues for there being a causal effect based on studies showing

the sibling who “won the genetic lottery” of a higher educational

attainment PGS to be on average wealthier at retirement. She con-

cludes that some people “won the jump ball of genetic luck–and

winning pays” [pp. 42–43]. In fact, all the validation establishes

is that when considering siblings, at least some of the correlation

between the educational attainment PGS and wealth is causal; to

what extent that is reflected in the differences in wealth across

people from different families is far from clear.

This example points to a key conceptual difficulty with the

reliance on family GWAS to explain interindividual differences:
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whether the reasons for sibling differences in educational attain-

ment are even the same as those that lead to observed differences

among individuals and families (Rose, 1985). As a hypothetical

example, imagine that in a sib-GWAS, variants that increase exer-

cise are protective against coronary artery disease (CAD). From

that finding, we learn that they are one cause of differences in

CAD across unrelated individuals. But it does not follow that ob-

served differences in CAD across unrelated individuals can be

explained by these variants. It may be, for instance, that families

who exercise more tend to consume more alcohol, or engage in

other activities that put them at greater risk for CAD, counter-

balancing the effects of exercise. Every phenotype results from

many causes, genetic and environmental, acting in similar or op-

posite directions. Consequently, differences in CAD risk in the

population may have distinct explanations than those seen among

siblings. This complication seems particularly salient for educa-

tional attainment, where siblings, for all their differences, are at

least playing by similar rules, in contrast to people growing up

in disparate educational contexts. Evidence that individual differ-

ences may have distinct sources to sibling differences comes from

consideration of family studies, in which the genetic correla-

tions between the PGS for educational attainment and other traits

(e.g., BMI) disappear or are greatly reduced (Brumpton et al.,

2020; Selzam et al., 2019).

That a phenotype is a convolution of many causes has impor-

tant practical consequences: it makes it difficult to interpret why

a PGS predicts interindividual outcomes. Indeed, even if a PGS

is estimated from a family-GWAS and built up entirely of direct

genetic effects, once it is used to predict differences among indi-

viduals in different families, its predictive power can be amplified

or diminished by indirect effects and population stratification, de-

pending on whether they are correlated or anti-correlated with the

direct genetic effects.

The distinctions between family-GWAS and standard

GWAS and predictions within versus between families are there-

fore critical. In moving back and forth between them, the book

leaves the reader confused as to the interpretation of various find-

ings. As an illustration, after a discussion of the potential impor-

tance of parental effects, Harden talks about her own work with

co-authors (Harden et al., 2020), in which they examined “the

flow of students through the high school math curriculum as a

function of their genes” [p. 147]. In the original paper, the au-

thors clarify that these effects need not reside in the children’s

“genes”: as an illustration, that parents who themselves have a

high PGS for educational attainment could have more knowledge

of how to navigate the school system. But neither parental effects

nor the possible confounding influences of wealth are mentioned

in the discussion of this example in the book. Instead, this sec-

tion concludes “Colleges and universities cannot see a student’s

DNA when he and she applies to college …[but] …[t]he ways in

which institutions assign students, promote students, and admit

students transmute invisible DNA into visible academic creden-

tials” [p. 148].

Moreover, where Harden notes differences between standard

GWAS and sib differences, she attributes them to effects of the

parents, when all we actually know is that they reflect differ-

ences among families, some of which may have accrued over

generations. Below the scale of a country, there is a fine-scale

population-genetic structure shaped by historical events played

out over many hundreds of years (Leslie et al., 2015; Han et al.,

2017). PGS for educational attainment reflect that structure more

than most traits (Haworth et al., 2019). In other words, people are

not randomized across geography; instead, there are long-running

intergenerational patterns to social mobility, with many families

effectively trapped in geographic areas of greater social depriva-

tion (Longley et al., 2021), and the ability to migrate in part influ-

enced by heritable phenotypes (e.g., health status, Brimblecombe

et al., 2000). These considerations highlight a central challenge to

identifying genetic causes of behavioral traits, the immense dif-

ficulty of disentangling population stratification from biological

and social effects.

THE INTERPRETATION OF GWAS HITS FOR

EDUCATIONAL ATTAINMENT AS “BUILT IN”

DIFFERENCES AMONG INDIVIDUALS

In an influential thought experiment in behavioral genetics,

described in The Genetic Lottery, Jencks imagined a society in

which red-haired children are discriminated against and not al-

lowed to attend school (Jenckset al., 1972). In such a world, red-

haired siblings would have low educational attainment, and the

loci that influence red hair would be genetic causes of low educa-

tional attainment. Yet in this example, we do not think of red hair

as a cause of educational attainment in the way, as say, curiosity

might be, in part because we can readily imagine a world in which

the causal chain is broken. So how do we know that the PGS for

educational attainment does not include manifestations of the red

hair effect, i.e., whether the causes of variation in educational at-

tainment identified in GWAS are in some sense “built in,” even

if they emerge in a specific social setting, rather than mostly con-

tingent on the society in which the individual finds themselves?

To address this question, Harden relies on the observation

that significantly more of the genes near loci identified in a

standard GWAS are expressed in the brain, and specifically in

neurons, than expected by chance (Lee et al., 2018). In other

words, there is an enrichment of associations near genes that

are expressed in the brain, among other tissues. While a useful

sanity check that GWAS results are not entirely spurious, this

observation alone clears a low bar for a behavioral trait. Yet the

book goes beyond the available evidence to conclude: “What-

ever genes are doing to make it more or less likely that some
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people succeed in education, they are doing it in people’s brains,

not their hair or livers or skin or bones” [p. 137]. In doing

so, it misrepresents the findings. There are presumably many

distinct processes that contribute to educational attainment; in

principle, these could include factors such as general health or

childhood nutrition, which involve not only the brain but also a

number of other tissues. The outcome of an enrichment analysis

of an educational attainment GWAS would be, as observed,

a highly statistically significant enrichment in the tissue that

sits in the middle of the Venn diagram of these many different

processes: the brain. Therefore, the observed enrichment cannot

be taken as evidence that all GWAS hits act via mechanisms in

the brain. Nor can the enrichment be attributed in its entirety to

the GWAS individual, given that it is based on a standard GWAS

and not a family one, and therefore absorbs a number of effects

beyond direct genetic effects.

Furthermore, because the GWAS for any complex behavior

is expected to show an enrichment in the brain, so will behavioral

analogs of the red-hair effects. Consider left handedness, for ex-

ample, a trait that was discriminated against in education for gen-

erations, and for which a tissue-enrichment analysis of GWAS

hits implicates many tissues in the brain (Cuellar-Partida et al.,

2021). Similarly, it seems quite plausible that sensitivity to en-

vironmental pollutants such as lead, to which individuals are ex-

posed very unequally, could be mediated by developmental pro-

cesses playing out in the brain.

As Harden writes elsewhere, it is all too “easy to jump to

the conclusion that genetic causes must have entirely biological

mechanisms, happening inside the skin” [p. 131]. Yet reading the

discussion of how genetic effects unfurl [pp. 136–137], it is hard

not to interpret the book as saying that most of these GWAS ef-

fects stem from natural causes residing inside the brain, thereby

nudging the reader toward genetic determinism. In the end, all we

actually have, at present at least, is a large number of genetic as-

sociations, individually of tiny effect, and a statistical enrichment

for a tissue that makes sense for a behavior, which is not surpris-

ing. As Harden notes, it is a very long causal chain from genetic

variation to variation in educational attainment. But here, as in

the elision of family and standard GWAS, we should not pretend

that there are shortcuts.

THE RELIANCE ON TYPOLOGICAL NOTIONS OF

POPULATIONS

Throughout the book, Harden argues that existing PGS are a crit-

ical tool in understanding the causes of life outcome differences

across individuals of European ancestry. But she is also keenly

aware of the long history of racist hereditarians relying on ge-

netic determinism to make comparisons across groups and anx-

ious to defuse fears about how PGS may be misused in similar

ways. Therefore, the book repeatedly seeks to reassure the reader

that PGS do not permit group comparisons, stating “from a statis-

tical perspective, assuming that correlations within a group tell

you something about the causes of between-group differences is

a leap that only fools would make. It is an ecological fallacy.”

[p. 86].

To date, much of the discussion in human genetics about

using PGS across ancestry groups has focused on the method-

ological limitations of existing PGS, which are based predom-

inantly on studies of individuals of recent European ancestry

(Martin et al., 2019; Mills & Rahal, 2020). Since ancestry groups

differ in linkage disequilibrium patterns and allele frequencies,

these factors alone lead PGS to be increasingly poor predictors

of phenotypic differences in more distantly related ancestries, and

they are compounded by differences in environmental effects and

gene-by-environment interactions (Harpak & Przeworski, 2021;

Martin et al., 2019; Mostafavi et al., 2020; Privé et al., 2022;

Wang et al., 2020; Yair & Coop, 2021). As Harden points out,

however, these are, at least in principle, surmountable difficul-

ties, such that she “anticipate[s] a future in which scientists will

have developed a polygenic score that is as strongly related, sta-

tistically, to academic achievement in Black students as it is in

White Students” [p. 191].

The core of her argument against group comparisons is not

about the limitations of existing PGS, but about their use to study

causes of phenotypic differences. There, she argues, is where the

“ecological fallacy” applies: because group differences need not,

and often do not, have the same causes as individual differences,

“[w]e can’t “compare” the genetics of different ancestry groups

using their polygenic indices” [p. 86]. According to the argument

of the book, then, GWAS is informative about causes, but only

within ancestry groups.

This typological view of ancestry groups is deceiving, how-

ever. In reality, there is no bright line demarcating comparisons

“within” versus “between” ancestries: there is a giant family

tree of humanity, and people who share more ancestral paths

through it than others, and more similar environments than

others (Coop, 2017). As Barton et al. (2019) write: “Natural

populations are never homogeneous, and it is therefore mislead-

ing to imply there is a qualitative difference between ‘within-

population’ and ‘between-population’ comparisons … With re-

spect to confounding by population structure, the key qualitative

difference is between controlling the environment experimentally,

and not doing so.” Since human groups are never compared in

an experimental setting or in randomized environments, nothing

ensures that environmental effects are the same across groups;

for environmental factors plausibly relevant to educational attain-

ment, they clearly are not.

The limits imposed by not controlling environmental ef-

fects also apply to comparisons among individuals within the

study group, not just between groups—hence the methodolog-
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ical problem of population and environmental confounding in

GWAS (Lander & Schork, 1994). In the end, the key difficulty

is not whether comparisons are made within versus between

hypothetical populations; it is all the confounding factors that

exist in the absence of the ability to do experiments and how

well we can measure and control for them. That is the ulti-

mate point of Lewontin’s (1970) thought experiment about corn

growth mentioned in the book: not simply that “differences be-

tween groups (such as racial groups) might be entirely caused by

environmental factors, even when differences within groups are

caused by genetic differences” [p. 159], but rather that, un-

less the environment is carefully controlled, comparisons across

individuals—even within a group—do not allow genetic causes

of trait variation to be isolated (Lewontin, 1974). In that regard,

the big jump taken in a GWAS is from comparisons of close fam-

ily members, where the genotypes at a locus can be seen as ran-

domized across shared environments, to comparisons of individ-

uals from different families, where they cannot. Once that step

has been taken, the tangled mess of luck, lottery, and legacy is

introduced back into the study. As Harden herself notes about the

ecological fallacy, it is “a statistical point that applies anytime

we are trying to jump from one level of aggregation to another”

[p. 86].

This lack of controlled environment confounds compar-

isons between sets of individuals in distinct settings or of dif-

fering ancestries—acutely so for individuals from different racial

groups in the United States, who have been subjected to in-

equitable environments for generations. But it also poses a chal-

lenge within a racial or ethnic group. In particular, individuals

who identify as Black Americans vary greatly in their proportions

of recent African and European ancestries, as a consequence of

the historical legacy of slavery, including the one-drop rule and

Jim Crow laws. This African ancestry traces back to disparate ge-

ographical locations in Africa, shaped by the routes of the trans-

Atlantic slave trade and migration patterns since (Micheletti et al.,

2020). Within the United States, it is correlated with geography

and tied to socioeconomic outcomes; for example, people with

lighter skin pigmentation and lower proportion of African ances-

try were more likely to leave the South during the first wave of

the Great Migration (1910–1940) in search of better economic

and social opportunities (Baharian et al., 2016). A GWAS within

Black Americans of varying ancestry would aggregate these ge-

netic and nongenetic effects, with only statistical controls to try

to tease them apart. Since sections of the book narrate this history

and emphasize the distinction between race and genetic ancestry,

it is perplexing to see claims that appear to equate the two, as

when Harden writes that genomics must “become more global”

[p. 191] to develop a reliable PGS for educational attainment in

Black students in the United States, or that the development of

such a PGS will be an indispensable tool in distinguishing genetic

from “specific environmental causes of important developmental

outcomes” [p. 192].

In our view, these instances reflect a more general tension

in the book, which arises from trying to have it both ways: to

argue that PGS for educational attainment provide interpretable

and meaningful predictions of inter-individual differences that re-

flect underlying genetic causes, yet to claim that they have no

validity beyond hypothetical ancestry group boundaries. As we

have laid out, we believe instead that current PGS for educational

attainment are neither interpretable nor particularly meaningful.

GWAS undoubtedly captures some causal genetic effects, that

is, more than confounding alone, and there is interesting science

to learn from these initial findings. But we currently understand

next to nothing about the causal paths from GWAS findings to

educational attainment, notably the extent to which they include

analogs of Jencks-style “red hair effects” and the legacy of accu-

mulated indirect effects. That may not matter when PGS for EA

are to be employed as a statistical tool in the study of the impact

of local social interventions, but it matters greatly when they are

used to elucidate, let alone redress, social inequalities.

Given these limitations, we do not see what the field of ge-

netics has to add to the conversation about redistributive justice,

beyond confirming what has long been recognized—that life out-

comes differ for all kinds of reasons beyond people’s control—

and we very much doubt that overstating our understanding of the

genetics of behaviors is going to increase empathy. As the author

appreciates, there is a history of this kind of practice, invariably

with nefarious consequences, yet every generation seems to be-

lieve that their technological twist will help them to avoid the

same pitfalls. Despite its engaging narrative, The Genetic Lottery

therefore leaves us unconvinced, and with the impression of ge-

nomics serving as a distraction from much more exigent political

conversations (e.g., National Academies of Sciences, Engineer-

ing, and Medicine, 2019).
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