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ABSTRACT

Major depression is common, deleterious, and persistent across generations, thus making

depression a crucial link between the economic fortunes of parents and children – albeit one

that economists have largely neglected. A biological literature indicates that stressors caus-

ing depression in parents also cause depression in offspring through two mechanisms: par-

enting behaviors caused by parental depression and, potentially, epigenetic endowments.

In this thesis, I explore these mechanisms and their relevance for the young adult outcomes

of offspring. I utilize the Avon Longitudinal Study of Adults and Children (ALSPAC),

which uniquely contains epigenetic data at birth of currently adult children. Furthermore,

I develop an economic model of intergenerational mobility featuring depression as a facet

of human capital, which aids interpretation of my findings and clarifies potential impli-

cations. My empirical findings indicate that parental depression, depression-associated

parenting behaviors, and biological endowments play a key role in determining the young-

adult outcomes of children. The child’s adolescent depression mediates this relationship.

Conditional on depression and other covariates, parental household income plays either

a more modest role or no role, depending on the outcome variable considered. Mean-

while, child epigenetic data at birth explains twice the variance in the child’s adolescent

depression as does maternal depression in the subsample for which I have epigenetic data,

providing suggestive evidence that biological endowments very early in life may establish

a component of depression risk.

To interpret my findings, I crystalize ideas from the biological literature in a simple

economic framework. I treat the mechanisms generating depression as a technology of

preference formation. Stress, parenting behaviors, and direct biological endowments form

affective capital, where low affective capital manifests as depression. Affective capital

enters directly into the utility function to reduce disutility of effortful actions, including

x



labor market effort and parenting effort. Thus, high affective capital both increases earnings

and increases parental investment in the affective capital of children. In this way, my model

resembles a Becker-Tomes/habit formation hybrid. This model highlights how investments

in the child’s human capital may be income inelastic. I discuss additional implications of

this model.

xi



CHAPTER 1

INTRODUCTION

Major depression is common, deleterious, and persistent across generations, thus making

depression a crucial link between the economic fortunes of parents and children – albeit one

that economists have largely neglected. A biological literature implicates several mecha-

nisms behind this persistence: genetic endowments, (potentially) epigenetic endowments1,

and – crucially – parenting behaviors caused by parental depression. These parenting be-

haviors might be inelastic to household income, providing one mechanism through which

parents matter – even when parental income does not. In turn, depression entails a re-

duced willingness to exert effort for rewards, which can help to explain both why and how

depression is relevant for labor market outcomes.

I explore these mechanisms in the Avon Longitudinal Study of Adults and Children

(ALSPAC) data, which provide rich longitudinal measures of parenting behaviors, depres-

sion inventories of parents and children, socioeconomic variables, and – uniquely – epi-

genetic data at birth of currently adult children. Furthermore, I crystalize ideas from the

biology of depression into a simple intergenerational model of human capital formation,

which helps to interpret my findings.

My empirical findings permit a sizeable role for parental depression in child young-

adult outcomes but a more limited role for parental income conditional on depression.

I focus on two young-adult outcomes: (1) being employed or in school at age 20; and

(2) having attained an A-levels certification. Parental depression predicts both, and the

child’s adolescent depression mediates this relationship. In contrast, after conditioning on

either parental or childd depression, parental income does not significantly predict being

1. “Epigenetics” refer to mechanisms generating persistent patterns of genetic expression. I provide a
more thorough description in the subsequent section.
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employed or in school at age 20. Similarly, parental income explains substantially less of

educational attainment after conditioning on parental depression.

Parenting behaviors peculiar to parental depression play a key role. Parental depression

predicts a suite of affectively-laden parenting behaviors (cuddling with the child, physi-

cally playing with the child, etc...). Neither parental income nor parental education signif-

icantly associate with these parenting behaviors after conditioning on parental depression.

In turn, these depression-specific parenting behaviors predict child depression – to some

extent even after conditioning on parental depression – and also predict child young-adult

outcomes. Income-specific parenting behaviors do not.

I find evidence that parental stress predicts adverse child outcomes and that this is

largely mediated through parental depression. Several indices measuring parental neigh-

borhood stressors, social support, and relationship stress strongly predict parental depres-

sion, explaining about a third of the variance for both mothers and fathers. These stressors

predict depression-associated parenting behaviors. And these parental stressors also pre-

dict the child’s young adult outcomes – but to a lesser extent after conditioning on parental

depression or the child’s adolescent depression.

These adverse young-adult outcomes may anticipate adverse middle-aged outcomes.

For parents, depression explains a large portion of parental household income – about one

third as much as parental education – and predicts parental unemployment. Depression in

years past predicts current unemployment about as well as current depression does, so this

relationship is unlikely to be driven by unemployment causing depression.

Altogether, these results are consistent with depression playing a key role in intergen-

erational mobility: the intergenerational transmission of depression generates intergenera-

tional associations in income – not so much the reverse.

I also exploit epigenetic data to better understand the intergenerational transmission of

depression. Two questions motivate the use of epigenetic data. What role do epigenetic
2



endowments play in the intergenerational propagation of depression? Can epigenetic data

be utilized to measure depression-relevant biological stocks when depression inventories

are either too noisy or non-existent – in particular for younger children? Due to thorny

identification problems I describe, neither question can be directly attacked in the ALSPAC

without better motivated epigenetic markers. Instead, I attack a more modest question – to

what extent can epigenetic data at birth forecast the child’s adolescent depression?

I find that a leave-one-out forecast of the child’s adolescent depression using epigenetic

data at birth explains twice as much variance in the child’s depression as does his mother’s

depression. This provides suggestive evidence that biological endowments may establish a

component of depression risk very early in life.

I capture the above findings in an intergenerational model of human capital formation.

This model crystalizes ideas from the biology literature on depression, yielding powerful

theoretical implications.

To an economist, the biology underlying depression can only be described as a technol-

ogy of preference formation. Social stressors, biological endowments, and certain parent-

ing behaviors form biological stock. This stock modifies brain activity to reduce sensitivity

to rewards and increase sensitivity to costs. Thus, rodents exhibiting depression-like behav-

ior socialize less, lose interest in sex, are less willing to contest desirable locations in cages,

spend less time exploring novel environments, groom (nurture) offspring less, and are less

willing to expend effort for a variety of rewards. These behaviors reflect core symptoms

of depression in humans – reduced interest in ordinarily rewarding activities and increased

fatigue. These symptoms explain why humans with depression are less willing to expend

effort to obtain things that they would otherwise want.

Naturally, this technology operates within the family. Parents provide parenting, and

parents provide biological endowments. Through these mechanisms, stressors can propa-

gate adverse outcomes across generations.
3



Crystalizing these ideas within an economic framework yields what looks like a Becker-

Tomes/habit formation hybrid. Stressors, biological endowments, and parenting inputs

combine to form a type of human capital I term affective capital. Affective capital enters

exclusively into the utility function, reducing the marginal disutility of effortful actions

(or, equivalently, increasing the marginal utility of things attained through effortful action).

Low levels of affective capital correspond with depression. In principal, affective capital

alters the marginal utility of many potential arguments, but two are relevant – parenting

effort and labor market effort. Because affective capital reduces the marginal disutility of

parenting effort, the parent’s affective capital increases parental investments in the child’s

affective capital. And, because affective capital reduces the marginal disutility of labor

market effort, affective capital increases income. Thus, affective capital generates inter-

generational associations in income.

In contrast to Becker-Tomes, parents in my model can never abstract away from their

utility functions when choosing investments in the child’s human capital. In Becker-Tomes,

credit constraints determine the materiality of parental utility. With binding credit con-

straints, parents must sacrifice consumption to make investments, so these investments

come with a utility cost. But with relaxed credit constraints, parents first act like a firm,

choosing the profit-maximizing investments. Only afterwards do they allocate income

across generations in accordance with the utility function. In this case, optimal invest-

ments depend upon the child’s ability but do not depend upon the parent. Fundamentally,

parents do not matter. This central result is difficult to reconcile with both a limited causal

role of income and also a behavioral genetics literature indicating that parents do matter.

My model implies that parental affective capital drives parenting inputs into the child’s

affective capital but parental income does not. Parents can never abstract away from their

utility function. In this way my model explains my empirical findings.

4



My model offers additional predictions that merit investigation. Foremost among these,

affective capital determines labor market outcomes through the utility function. Thus, de-

pression should predict occupational choice and migratory decisions where the relevant

margin is psychic, linking the theory of affective capital to compensating differentials. My

model also highlights a worrisome possibility: to the extent that epigenetic endowments

propogate depression across generations, equalizing household environment may not be

sufficient to fully mitigate the intergenerational consequences of parental depression in one

generation.

1.1 Thesis outline

The thesis contents are as follows. First, I motivate my research with an overeview of the

biology of depression – how it affects behavior and how it transmits across generations.

Second, I explore the intergenerational transmission of depression and its relevance for

young adult outcomes in the ALSPAC data. Third, I explore the predictive content of

epigenetic data at birth for the child’s young adult outcomes. Fourth, I develop the model

of affective capital to interpret results. Fifth, I conclude. I include a glossary of terminology

in the appendix.

1.2 Biological Motivation

1.2.1 A Very Brief Epigenetics Primer

Broadly, “epigenetics” refers to mechanisms generating highly persistent patterns of ge-

netic expression (see Berger et al., 2009, for a discussion of terminology).2 These mech-

2. Biologists disagree about how “epigenetics” should be defined. Waddington (1942) coined the term
to explain tissue differentiation. How is it that skin cells are so different from liver cells when both contain
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anisms underlie tissue differentiation, cellular memory of past environmental exposures,

and potentially the transmission of certain phenotypes across generations. Epigenetics may

be of interest to economists for two broad reasons. First, the intergenerational transmis-

sion of phenotypes may represent a channel through which certain dimensions of parental

human capital directly seed the child’s human capital at conception. Interventions prior to

conception might impact these epigenetic endowments, but interventions after conception

would not. Second, epigenetic markers may proxy for corresponding dimensions of human

capital.

As a concrete example of an epigenetic mechanism, DNA methylation adds a chemical

group to DNA, which changes how that region of DNA is read. In some circumstances,

addition of this chemical group can prevent cellular machinery from binding to the DNA,

ultimately reducing the quantity of the specific protein produced from this region of DNA.

Because methylation can be highly persistent, methylation can cause long-lasting changes

in the patterns of gene expression. To the extent certain changes in protein expression also

change behavior, past experiences that alter methylation can cause persistent changes in

behavior.

I provide a discussion of epigenetic data in the section preceding analysis of epigenetic

data. I review terminology in Appendix A and further describe some epigenetic mecha-

nisms in Appendix B.

identical genetics? How do the descendents of skin cells “remember” to be skin cells? Epigenetic mechanisms
underly this cellular memory. Subsequent research into these mechanisms indicated that they serve two
additional roles. First, epigenetic mechanisms can mediate long lasting changes to gene expression following
transient environmental exposures. For example, epigenetic mechanisms appear to underlying immune cell
tolerance to antigens. Second, epigenetic mechanisms can transmit information from parents to children
through the germ line to govern expression of the child’s genes. Imprinting is the most well-established
example of this – certain genes will be expressed differently depending on whether these genes are inherited
from the mother or from the father.
See Holliday (1994) and Felsenfeld (2014) for discussion of how terminology has evolved.
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A Formation of biological stock mediating depression
B Transmission of depression: genetic and (potentially) epigenetic endowments
C Transmission of depression: depression-specific parenting behaviors
D Reduced sensitivity to rewards/increased sensitivity to costs

Figure 1.1. Representation of channels through which depression links economic out-
comes of parents and children

1.2.2 Biological insights: stressors cause depression in descendants;

depression impedes economically relevant behavior

Biological research provides compelling evidence that stressors in one generation increase

depression in the next. The literature implicates both parenting behaviors caused by parental

depression as well as epigenetic endowments. The biological mechanisms underlying de-

pression involve alterations to the brain’s reward pathway, which reduce anticipation of

reward and increase perception of costs. These mechanisms explain why and how depres-

sion is relevant for economic outcomes. In this biological primer, I highlight key papers

describing the formation, intergenerational transmission, and behavioral ramifications of

depression (see Figure 1.1).

Biological research on depression involves both rodent experiments and human studies.

Rodent experiments identify causal parameters but may lack external validity. In contrast,

the human studies rarely identify causal parameters but do help to shore up the external

validity of rodent experiments when human associations mirror effects seen in rodents.

7



Taken together, rodent experiments and human associations elucidate mechanisms relevant

for intergenerational mobility.

Certain stressors cause biological modifications that mediate mediate changes in eco-

nomically relevant behavior – both in the generation exposed to these stressors and in de-

scendants. In rodent experiments used to simulated depression, both “chronic intermitent

stress” (random cage reassigment, random changes in cage lighting or temperature, etc.)

and “social defeat stress” (loss of social status simulated by forcing a small rodent to

contest the territory of a large rodent) cause these biological modification, but stressors

simulating loss of social status cause the most profound and durable modifications. Key

modifications inclue alterations to the brain’s reward pathway (e.g. blunted dopamine sig-

naling in the shell of the nucleus accumbens (Lemos et al., 2012; Reed et al., 2012)). These

and other modifications reduce the willingness to exert effort for rewards (Salamone et al.,

2006), underlying the depression symptom of “anticipatory anhedonia”: a reduced ability

to anticipate reward from ordinarily rewarding activities.

Apropos, severe stressors in humans can cause depression, generating symptoms like

anhedonia, fatigue, and social withdrawal. From an economic perspective, these changes

indicate a greater psychic cost of effortful actions (or, equivalently, a decrease in the utility

of things attained through effortful action), thereby resulting in reduced effort. Concor-

dantly, those with depression are considerably more likely to become unemployed (Lerner

et al., 2004), attain less education (Peyrot et al., 2015), and earn less income (Zimmerman

and Katon, 2005). Likewise, single mothers and impoverished mothers are more likely to

experience depression (Brown and Moran, 1997). And consonant with the experimental ev-

idence on reward pathways in mice, children of depressed mothers demonstrate a blunted

reward sensitivity and an increased loss sensitivity in corresponding regions of the brain
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(Luking et al., 2016), and depressed patients are less willing to exert effort for things they

enjoy (Sherdell et al., 2012)3

Both epigenetic endowments and parenting behaviors caused by parental depression

may transmit the effects of parental stress to subsequent generations. For example, male

mice subject to social defeat stress and subsequently bred with normal female mice sired

pups exhibiting higher stress hormone levels and more depression-like behaviors – even

when the female mice were impregnated via in vitro fertilization and had no contact with

the male mice (Dietz et al., 2011). Subsequent research implicates epigenetic mechanisms

present at conception (Rodgers et al., 2015, 2013), although this research requires further

replication.

Alternatively, stressing maternal rats induces parenting behaviors that ultimately cause

depression in offspring. For example, chronic intermittent stress in lactating maternal ro-

dents disrupts grooming behavior – a behavior that relieves stress in pups. In adulthood, the

offspring demonstrate elevetated depression. Furthermore, the offspring exhibit disrupted

3. It merits speculating why natural selection might preserve mechanisms that convert a parent’s stres-
sors into both parental depression and the child’s predisposition towards depression. Indeed, loss-of-function
mutations could prevent many of the behavioral effects of chronic stress. As one example, murine models
indicate the migration of peripheral monocytes into the brain mediates the development of anxiety-like behav-
ior following social-defeat stress. Loss-of-function mutations in monocyte chemokine receptors prevent such
migration and so prevent social stressors from causing anxiety-like behavior (Wohleb et al., 2013). The ap-
parent fragility of this pathway would be difficult to reconcile with the existence of depression-like behavior
in a wide variety of species unless depression-like behavior serves some adaptive purpose in certain envi-
ronments. Biologists offer several explanations why depression-like behavior might be an adaptive response
to psychosocial stress (for a review see Gilbert, 2005) and why parents might endow offspring with a pre-
disposition towards depression-like behavior. For instance, Sheriff et al. (2010) find evidence that snowshoe
hares impregnated during the peak of a predator cycle endow their offspring with a more sensitive HPA-axis.
Although the offspring eat less and reproduce less, such offspring also suffer less predation, thus netting a
reproductive advantage. Similarly, in social animals prone to conspecific violence, depression-like behavior
might increase reproductive fitness by reducing the willingness to contest resources if contesting these re-
sources risks a violent altercation (Gilbert, 2005). Given the possibly high rates of conspecific violence in the
human evolutionary past (Gómez et al., 2016; McCall and Shields, 2008), depression-like behaviors may have
prevented humans from contesting food, territory, or mates when doing so carried too great a risk of death
or injury . As a caveat, an evolutionary explanation for depression-like behavior in no way implies that such
behavior would improve income, education, welfare, or even reproductive fitness for humans in the modern
environment. Rather, such an explanation lends credibility to, and aids interpretation of, the aforementioned
biological evidence.
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grooming behavior towards their own pups, thus transmitting depression to the third gen-

eration (Champagne and Meaney, 2006). The long-run effects of disrupted grooming may

be transmitted in part through epigenetic modifications of a glucocorticoid receptor gene

in the HPA-axis (that is the feedback circuit regulating the response to stressors) (Weaver

et al. 2004; see also Roth and Sweatt 2011), although epigenetic changes throughout the

genome may be relevant. See Maccari et al. (2014) for a review.

Associations in humans mirror the experimental results in rodents. Depression in moth-

ers corresponds with reduced physical affection towards children (Lovejoy et al., 2000), and

physical affection towards children reduces stress hormones in children (Feldman et al.,

2010; Haley and Stansbury, 2003). In addition, children of mothers scoring high in depres-

sion in the third trimester show increased methylation of a glucocorticoid receptor gene,

paralleling changes seen in rodents (Oberlander et al., 2008). Furthermore, those who re-

port experiencing less parental warmth in childhood show increased depression risk as well

as signs of a dysregulated HPA-axis in adulthood (Hanson and Chen, 2010).

Altogether, the experimental murine models and human associations support the propo-

sition that stressors in one generation change behavior in the next through both epigenetic

endowments and epigenetic alterations mediated through parenting; among other things,

these epigenetic modifications reduce willingness to exert effort for reward, which natu-

rally translates into worse socio-economic outcomes. Thus, the intergenerational transfer

of the biological residue of stressors may play a substantial role impeding intergenerational

mobility. This proposition motivates my research.

1.3 Related Research

1.3.1 Economic research related to depression

Economists have given relatively little attention to depression.
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Some economists have considered the effects of various exogenous stressors on child

outcomes; some of these stressors resemble those that may cause depression. This litera-

ture generally fits within the prenatal origins literature. For example, Black et al. (2016)

consider whether the bereavement of a pregnant woman causes lasting harm to the woman’s

child. They find short-term harm to certain health parameters, mirroring other studies find-

ing negative effects of parental stress on neonates. But they find no adverse effects persist-

ing into adulthood.

The theoretical literature is as sparse as the empirical literature. To my knowledge,

the only economic model of depression is that of de Quidt et al. (2016). In this model,

individuals play what amounts to a one-armed bandit game to learn about the returns to ef-

fort; depression is the pattern of behavior that follows from learning, perhaps erroneously,

that effort is not well-rewarded. Because those with depression exert less effort, they en-

joy fewer opportunities to update their beliefs, thus generating persistence in depression.

While this model can capture some of the features of depression, the model implies four

untenable counterfactuals. First the model implies that information and information alone

can cause or remediate depression. It is not possible for a person to both be depressed

and believe, as a matter of fact, that effort is well-rewarded. Furthermore, stressors that do

not indicate the returns to effort cannot cause depression. Second, because the model is

one of Bayesian updating and yields efficient decisions, the model implies that remedying

depression would benefit only those who received erroneously low signals of the return to

effort. Conversely, causing depression would benefit those who received erroneously high

signals of the return to effort. Third, the model omits stressors as a cause of depression

unless these stressors signal the return to effort. Consequently, their model has nothing to

say about abuse, privation, and other social stressors causing depression. Fourth, the model

predicts that depression would decrease dramatically with higher wages. While within-

country variation of depression supports this prediction, cross-country variation does not –
11



an unskilled laborer in a developed country earns more than an order of magnitude higher

wage rate than a skilled worker in an impoverished country. Thus, by implication of the

Quidt and Haushofer model, most workers in poor countries should be depressed in com-

parison to even the poorest workers in developed countries. International comparisons in

rates of depression rates do not support such a proposition.

In contrast, the human capital model of depression I present sidesteps all four problem-

atic predictions. In my model, depression manifests with low levels of the affective capital

stock; an individual might cognitively recognize high returns to effort but recognition of

this fact does not remediate low affective capital. Likewise, my model permits interpreta-

tion of low affective capital as an unambiguous bad, which cannot be said of the optimal

depression-posterior from the one-armed bandit model. Furthermore, my model permits

social stressors and parenting inputs to cause depression even when these stressors do not

provide information about the returns to effort. Finally, my model explains reduced willing-

ness to exert effort among the depressed without real incomes determining the willingness

to exert effort, thus sidestepping the problematic cross-country comparisons.

1.3.2 Skill formation literature

The skill formation literature explores the evolution of various forms of human capital over

the life cycle with a focus on the early years. While in some ways this literature finds its

roots in Becker-Tomes, the skill formation literature considers more dimensions of human

capital (see Borghans et al. 2008, Cunha and Heckman 2008, Biroli 2014, and Attana-

sio et al. 2016, for example) and emphasizes the technology of human capital formation.

Heckman defines skills to include all personal characteristics that provide the capacity to

act (Heckman and Mosso, 2014), and so can be thought of as incorporating a broad in-
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terpretation of human capital. The emphasized skills include non-cognitive skills (such as

conscientiousness) in addition to more conventional skills, such as cognitive ability.

The possibility of dynamic complementarity motivates much of this research. Dynamic

complementarity refers to when the production of a stock Ht+1 = ft (Ht , It) features a pos-

itive cross-partial between current investment and previous investment via current levels of

the stock (see Cunha and Heckman, 2007). If there were only one period of investment,

then this positive cross-partial would imply that investments in those initially more able

H0 would produce more human capital H1, suggesting that efficient investments increase

inequality. However, this intuition does not necessarily apply when investments accrue

over multiple periods; if the production function in later periods is sufficiently concave in

human capital, then early investments in the least able may in fact be more productive than

early investments in the most able. Intuitively, the declining marginal yproduct of investing

in human capital in later periods offsets the lower marginal product of investment in less

able students in earlier periods. This possibility motivates research on early-childhood ed-

ucation as well as skill formation within the household. Such early-childhood investments

promise to both improve efficiency and reduce inequality. In this vein, researchers often

estimate CES production functions or nested CES production functions (exe. Heckman

and Mosso (2014)) to assess the complementarity between stocks and investments. Many

papers explicitly or implicitly allow for sensitive periods, so that investments in children

may be more productive than investments in adults.

My paper fits squarely within the skill-formation literature. My paper explores an un-

conventional form of human capital, directs attention to the technology of its formation,

particularly in the early years, and extends the concept of dynamic complementarity to

an intergenerational setting. Although the epigenetic data and the specific type of human

capital considered are non-standard, this paper is thematically conventional.
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CHAPTER 2

LINKAGES BETWEEN PARENTAL DEPRESSION AND CHILD

OUTCOMES IN THE ALSPAC

2.1 Introduction

My empirical findings permit a sizeable role for parental depression in child young-adult

outcomes but a more limited role for parental income. Child depression mediates the pre-

dictive content of parental depression. Meanwhile, parenting behaviors peculiar to parental

depression predict child outcomes and, again, child depression mediates the predictive con-

tent of parenting behaviors peculiar to parental depression. Furthermore, parental stressors

strongly predict both parental depression and adverse child outcomes. But, conditioning

on parental depression or child adolescent depression obliterates the predictive content of

parental stressors for child depression, thus indicating that depression represents a key

channel through which parental stress adversely effects child outcomes. In turn, associa-

tions between the child’s adolescent depression and young-adult outcomes anticipate ad-

verse middle-aged outcomes. Parental depression strongly predicts worse socioeconomic

outcomes on several dimensions, and some evidence suggests that causality does not flow

from parental economic outcomes to parental depression.

In Appendix C, I provide a description of the ALSPAC survey variables utilized in this

section (Boyd et al., 2013; Fraser et al., 2013) as well as a discussion of measurement error

and selective non-response. Of note, this appendix section describes depression inventories

and their potentially severe measurement error, especially when applied to men or children.

This appendix also describes the intra- and inter-generational correlation structure of de-

pression, interpreting this structure to draw inferences about the persistence of depression

and about measurement error in these inventories.
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2.2 Estimation of affective inputs using observed parenting behaviors

and depression factors

2.2.1 Parenting behaviors peculiar to parental depression

A psychology literature suggests that relatively subtle interactions parents have with chil-

dren – and not time spent with children per se – predispose or protect children from depres-

sion. For example, in the still-face paradigm (an experimental procedure that originated to

simulate observed behavior of depressed mothers), researchers instruct a mother to stare

impassively at her infant (see Haley and Stansbury, 2003, for example). The procedure

robustly increases stress hormone levels in infants, which mirrors the depressogenic effects

of maternal depression on rodent offspring. From this perspective, I investigate which of

the parenting behaviors measured in the ALSPAC are peculiar to parental depression and

the extent to which these behaviors predict depression in offspring.

I treat a vector of observed parenting behavior variables Pi as noisy measurements of

depression-associated latent parenting behaviors θdep,i as well as income-associated θinc,i

and education- associated θeduc,i parenting behaviors:

Pi = Γdepθdep,i +Γincθinc,i +Γeducθeduc,i + εi

Parental depression can serve as a proxy for latent depression-associated pareneting be-

haviors1. Specifically, if parental depression di as well as unobserved variabls εi cause these

latent pareneting behaviors, then Γdepdi can be substituted into the measurement sytem and

1. The destinction between depression-associated parenting behaviors and depression will be fleshed out
in the chapter on the theory of affective capital. In short, depression reduces the extent to which parents
are willing to invest in the mental health of the child. However, variation in other parental attributes – like
altruism – can either offset or compound the effects of depression on these parental investments. In this sense,
depression-associated parenting behaviors and depression are distinct – they imperfectly covary.
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Each set of three columns comes from a multivarate regression of the corresponding parenting
behavior on parental household income at timepoint nineteen, parental educational certification,
and the paternal depression inventory factors averaged over all periods in which the father
completed the depression inventory. The height of the bars indicates partial explaine variance for
ease of comparison. Asterisks denote that the associated regression coefficients are significant at
the 99% significance level for a two-tailed t-test.

Figure 2.1. Affectively laden parenting behaviors (father) associate with depression and
not income

Γdepεi absorbed into the residual. Regressing each parenting behavior on parental depres-

sion, income, and education will identify the coefficient vectors
(

Γdep Γinc Γeduc

)
for

the associated latent parenting behaviors (I view the income- and education-associated par-

enting behaviors as nuissance variables, but do investigate whether these variables predict

child outcomes).

With this framework in mind, I regress each of the father’s observed parenting behaviors

from timepoint 1.5 on the father’s average depression scores and two controls: household

income and the father’s education. I repeat these regressions for the mother using her

respective variables. Tables 2.1 and 2.2 show results. Figure 2.1 visualizes results for the

father by comparing the partial explained variance of each covariate for each parenting

behavior.
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LHS var (father), t=1.5
Parenting behavior HH income

mean in 10k lbs. attained
depression t=19 A-levels obs R2

Baths child 0.109 -0.085 -0.307 2917 0.044
0.007 0.013 0.015

(0.025) (0.014) (0.046)
{0.000} {0.000} {0.000}

Feeds child 0.078 -0.037 -0.211 2891 0.018
0.004 0.003 0.008

(0.024) (0.013) (0.044)
{0.001} {0.006} {0.000}

Sings to child 0.029 -0.054 -0.126 2910 0.008
0.000 0.004 0.002

(0.030) (0.017) (0.056)
{0.333} {0.001} {0.025}

Reads to child 0.126 -0.050 -0.277 2915 0.033
0.009 0.005 0.014

(0.024) (0.014) (0.045)
{0.000} {0.000} {0.000}

Plays w/ toys 0.103 -0.027 -0.017 2917 0.014
with child 0.010 0.002 0.000

(0.019) (0.011) (0.035)
{0.000} {0.010} {0.638}

Cuddles child 0.031 -0.008 -0.024 2918 0.007
0.004 0.001 0.001

(0.009) (0.005) (0.016)
{0.001} {0.101} {0.142}

Plays pat-a-cake etc. 0.121 -0.010 -0.075 2913 0.009
with child 0.008 0.000 0.001

(0.025) (0.014) (0.047)
{0.000} {0.500} {0.113}

Physically plays 0.051 -0.015 0.013 2918 0.004
with child 0.003 0.001 0.000

(0.018) (0.010) (0.033)
{0.004} {0.126} {0.686}

Takes child on walks 0.031 -0.011 -0.099 2914 0.004
0.001 0.000 0.002

(0.020) (0.012) (0.038)
{0.122} {0.323} {0.009}

Other activity 0.179 0.014 -0.377 571 0.020
with child 0.009 0.000 0.011

(0.078) (0.047) (0.157)
{0.022} {0.762} {0.016}

RHS vars (father)

*Variable on left is regressed on three variables on right.  First line gives the regression coefficients.  Bolded estimates are significant at the 99% 
significance level.   Second line (in italix) gives the partial explained sum of squares for this variables --  the coefficient squared times the 
variance of that RHS variable (mean depression scores, household income, father attaining A-levels credentials) divided by the variance of the 
LHS variabls (parenting behavior frequency).  Standard errors in parenthesis.  p-values in braces.  
*Parenting behaviors are scored by frequency: 1 = "daily" ; 2= "3-5 times per week";  3 = "1-2 times per week" ; 4 = "less than once a week" ; 5= 
"never".  Father's depression is the standardized average of depression inventory factors for all periods in which he took the depression 
inventory.  A-levels attined is a dummy indicating that the father has at least an A-levels certification. 

(larger numbers indicate lower 
frequency)

Father's parenting behaviors regressed on father and household attributes

Table 2.1: Regressions of father’s parenting behaviors on father’s depression, household
income, and educational attainment
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LHS var (mother), t=1.5
Parenting behavior HH income

mean in 10k lbs. attained
depression t=19 A-levels obs R2

Baths child 0.022 0.002 -0.023 3375 0.001
0.000 0.000 0.000

(0.019) (0.010) (0.033)
{0.246} {0.812} {0.498}

Feeds child -0.001 -0.004 -0.120 3344 0.007
0.000 0.000 0.007

(0.015) (0.008) (0.026)
{0.926} {0.659} {0.000}

Sings to child 0.021 -0.008 -0.118 3373 0.006
0.000 0.000 0.004

(0.019) (0.010) (0.033)
{0.271} {0.462} {0.000}

Reads to child 0.061 -0.021 -0.166 3376 0.031
0.006 0.003 0.015

(0.014) (0.007) (0.024)
{0.000} {0.005} {0.000}

Plays w/ toys 0.031 0.002 -0.058 3377 0.008
with child 0.003 0.000 0.004

(0.009) (0.005) (0.016)
{0.001} {0.671} {0.000}

Cuddles child -0.001 -0.001 0.004 3373 0.001
0.000 0.001 0.001

(0.001) (0.001) (0.002)
{0.515} {0.155} {0.065}

Plays pat-a-cake etc. 0.028 0.002 0.010 3369 0.001
with child 0.001 0.000 0.000

(0.014) (0.007) (0.024)
{0.039} {0.796} {0.682}

Physically plays 0.057 -0.001 -0.082 3368 0.006
with child 0.003 0.000 0.002

(0.018) (0.010) (0.031)
{0.001} {0.889} {0.008}

Takes child on walks 0.035 0.042 0.079 3368 0.012
0.001 0.007 0.002

(0.017) (0.009) (0.030)
{0.037} {0.000} {0.008}

Other activity -0.054 -0.032 -0.909 556 0.072
with child 0.001 0.001 0.066

(0.088) (0.049) (0.159)
{0.537} {0.511} {0.000}

Mother's parenting behaviors regressed on father and household attributes
RHS vars (mother)

(larger numbers indicate lower 
frequency)

*Variable on left is regressed on three variables on right.  First line gives the regression coefficients.  Bolded estimates are significant at the 99% 
significance level.   Second line (in italix) gives the partial explained sum of squares for this variables --  the coefficient squared times the 
variance of that RHS variable (mean depression scores, household income, father attaining A-levels credentials) divided by the variance of the 
LHS variabls (parenting behavior frequency).  Standard errors in parenthesis.  p-values in braces.  
*Parenting behaviors are scored by frequency: 1 = "daily" ; 2= "3-5 times per week";  3 = "1-2 times per week" ; 4 = "less than once a week" ; 5= 
"never".  Father's depression is the standardized average of depression inventory factors for all periods in which he took the depression 
inventory.  A-levels attined is a dummy indicating that the father has at least an A-levels certification. 

Table 2.2: Regressions of father’s parenting behaviors on father’s depression, household
income, and educational attainment
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Parenting behaviors related to affective engagement (such as physical play with the

child, playing games with the child, and playing with toys with the child) all significantly

associate with lower paternal depression and with lower maternal depression but do not

associate with household income or paternal education when conditioned on depression. In

contrast, less affectively-laden parenting behaviors, such as bathing the child and feeding

the child, significantly associate with all three right-hand-side variables. These results are

consistent with the existence of a suite of parenting behaviors that are peculiar to parents

with depression.

2.2.2 Parenting behaviors and the intergenerational transmission of

depression

The measurement system of parenting behaviors can be inverted to estimate the latent par-

enting behaviors. Define the matrices Γ≡
(

Γdep Γinc Γeduc

)
and

θi ≡
(

θdep θinc θeduc

)′
. Then an estimate of the vector of latent parenting behaviors

θi is given by x

θ̂i =
(
Γ
′
Γ
)−1

Γ
′Pi

Accordingly, I estimate these latent parenting behaviors by utilizing the regression esti-

mates of Γ provided in the previous section.

Using these estimates of latent parenting behaviors, Table 2.3 explores the role of

depression-associated parenting behaviors in the intergenerational transmission of depres-

sion. Broadly: depression is intergenerationally persistent; depression-associated parent-

ing behaviors help to explain this persistence; neither income, education, income- nor

education-associated parenting behaviors help to explain this persistence.
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Table 5.C.v.a

(1) (2) (3) (4) (5)

0.304 0.305 0.320
0.077 0.077 0.100
(0.014) (0.015) (0.024)

{0.000} {0.000} {0.000}

0.066 0.059 0.039
0.004 0.003 0.002
(0.013) (0.014) (0.018)

{0.000} {0.000} {0.032}

0.016 ‐0.012 ‐0.013
0.000 0.000 0.000
(0.012) (0.012) (0.018)

{0.184} {0.322} {0.467}

0.045 0.029 0.020
0.002 0.001 0.000
(0.015) (0.015) (0.021)

{0.002} {0.062} {0.339}

‐0.050 ‐0.021
0.010 0.002
(0.010) (0.010)

{0.000} {0.042}

‐0.023 ‐0.031
0.000 0.000
(0.038) (0.038)

{0.557} {0.419}

0.027 0.033
0.000 0.000
(0.037) (0.037)

{0.473} {0.366}

Parental occupational 

dummies
X X

R2 0.092 0.003 0.092 0.014 0.123

obs 7966 8213 7322 2840 2580

hh income, t=19, 10k pounds

mother A‐levels

father A‐levels

First line gives the regression coefficients.  Bolded estimates are significant at the 95% significance level.   Second line (in 

italix) gives the partial explained variance for this variables ‐‐  the coefficient squared times the variance of that RHS 

variabledivided by the variance of the LHS variabls .  Standard errors in parenthesis.  p‐values in braces.  

Multivariate Regression for Mean Child Depression Factor

mother mean depression

father mean depression

mother ‐ dep. associated 

parenting behaviors

father ‐ dep. associated 

parenting behaviors

Table 2.3: Regressions of child depression on parental parenting behaviors and covariates
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Column one indicates that parental depression strongly predicts child depression, which

should be unsurprising. Despite severe measurement error in depression inventories for

adults and children, maternal depression explains about 10 percent of the variation in child

depression, indicating strong intergenerational persistence

Column two indicates that depression-associated parenting behaviors may play a role

in the child’s depression. The explained variance is substantially smaller, which can partly

be accounted for by noise in the estimation of the latent depression-associated parenting

behaviors. In seperate regressions not included in this table, neither income nor educa-

tional associated latent parenting behaviors significantly associated with the child’s de-

pression after conditioning on depression associated parenting behaviors. Column three

indicates that the father’s depression-associated parenting behaviors significantly asso-

ciate with child’s depression even after controlling for parental depression, suggesting that

depression-associated parenting behaviors play a causal role in the intergenerational trans-

mission of depression.

Columns four and five indicate that parental household income and education explain

little of the child’s depression after controlling for parental depression and depression-

associated parenting behaviors. Column four illustrates that parental houshold income sig-

nificantly predicts the child’s depression in a trivariate regression. This result is necessary

for the intergenerational transmission of depression to play a role in intergenerational im-

mobility. In contrast, parental education does not significantly associate with the child’s de-

pression. This result is consistent with depression capturing form of human capital distinct

from educational human capital. Column five demonstrates that the association between

parental household income and child depression largely evaporates after conditioning on

parental depression and depression-associated parenting behaviors.
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Altogether, these results indicate that neither parental education nor parental income

play much role in the intergenerational transmission of depression – except to the extent

that parenetal income and education affect depression in the parents.

2.3 The intergenerational transmission of depression and child young

adult outcomes

In this section, I explore the role of the intergenerational transmission of depression in

explaining child young-adult outcomes. I focus on two young-adult outcomes: (1) be-

ing employed or in school at age 20; and (2) having attained an A-levels certification.

Failure to be enrolled or employed at timepoint 20 represents one of the worst potential

outcomes for children. About 92 percent of children are enrolled or employed at timepoint

20. Meanwhile, the A-levels certification is the single most predictive educational outcome

for a variety of SES outcomes among parents. Because A-levels certifcation occur prior to

timepoint 20, these certifications adequately summarize the child’s educational attainment.

Table 2.4 and display regressions of being employed or in school at timepoint 20 on

various combinations of parental depression, child depression, depression-associated par-

enting behaviors, parental income, parental education, and controls. As a whole, these

regressions indicate that depression – of the parents or the child – better explain young

adult employment/enrollment status than any single other variable; moreover, parental in-

come explains little to nothing after conditioning on depression – of either the parent or

the child. In turn, parental depression explains child young-adult outcomes but not after

conditioning on the child’s depression, indicating that parental depression proxies for the

transmission of depression to offspring.

The effect size of adolescent depression on young adudlt employment/enrollment sta-

tus is both substantial and robust to which covariates are included in the model. Indeed,
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(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Child mean -0.037 -0.032 -0.033
depression 0.015 0.010 0.013

(0.006) (0.007) (0.009)
{0.000} {0.000} {0.000}

mother mean -0.022 -0.005 -0.019 -0.014
depression 0.005 0.000 0.004 0.002

(0.007) (0.006) (0.007) (0.010)
{0.001} {0.464} {0.005} {0.143}

father mean -0.003 0.000 0.000 0.000
depression 0.000 0.000 0.000 0.000

(0.005) (0.006) (0.006) (0.007)
{0.595} {0.988} {0.996} {0.967}

mother - dep. -0.008 -0.016 -0.012 -0.001
assoc. par. 0.001 0.003 0.002 0.000
Behaviors (0.006) (0.006) (0.006) (0.008)

{0.172} {0.008} {0.070} {0.916}

father - dep. -0.010 -0.018 -0.013 -0.003
assoc. par. 0.001 0.004 0.002 0.000
behaviors (0.011) (0.011) (0.011) (0.015)

{0.367} {0.087} {0.265} {0.821}

mother - educ -0.005 -0.012 -0.008 -0.002
assoc. par. 0.000 0.002 0.001 0.000
behaviors (0.006) (0.006) (0.006) (0.009)

{0.400} {0.049} {0.230} {0.792}

father - educ. 0.018 0.027 0.022 -0.004
assoc. par. 0.004 0.009 0.005 0.000
behaviors (0.012) (0.011) (0.012) (0.017)

{0.129} {0.018} {0.070} {0.813}

hh income, 0.010 0.004 0.003 0.002
t=19, 10k 0.006 0.001 0.000 0.000
pounds (0.003) (0.004) (0.004) (0.004)

{0.000} {0.264} {0.470} {0.633}

mother 0.035 0.017 0.012 0.015
A-levels 0.003 0.001 0.001 0.001

(0.009) (0.014) (0.015) (0.014)
{0.000} {0.239} {0.414} {0.291}

father 0.014 -0.007 -0.004 -0.006
A-levels 0.001 0.000 0.000 0.000

(0.009) (0.013) (0.014) (0.013)
{0.138} {0.607} {0.748} {0.604}

Parental 
occupational 
dummies

X X X

R2 0.015 0.006 0.006 0.006 0.013 0.018 0.003 0.006 0.023 0.030
obs 4005 3613 2176 3571 3296 1739 3666 3375 1598 1734

First line gives the regression coefficients.  Bolded estimates are significant at the 95% significance level.   Second line (in italix) gives the 
partial explained variance for this variables --  the coefficient squared times the variance of that RHS variabledivided by the variance of 
the LHS variabls .  Standard errors in parenthesis.  p-values from two-tailed t-test in braces.  

Multivariate Regression for Child: Enrolled or Employed t=20

Table 2.4: Regressions of child being employed or in school at age 20 on depression of
child, depression of parents, parenting behaviors, and covariates
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a single standard deviation increase in the child’s adolescent depression predicts about a 4

percentage point increase in the probability of being neither enrolled nor employed at time-

point 20, indicating that children in highest fifth of the depression distribution in prior years

are three times as likely to be neither employed nor enrolled in education than children in

the bottom fifth of the depression distribution.

Parental depression also significantly associates with worse enrollment/employment for

the child, but not when conditioning on the child’s depression, indicating that the child’s de-

pression mediates this relationship. Likewise, depression and education-associated parent-

ing behaviors predict worse enrollment/employment of the child, but not when conditioning

on the child’s depression. Including a large set of parental variables, including parental ed-

ucation, income, and occupation, does little to attenuate the relationship between child’s

depression and the child’s employment/enrollment outcome.

Table 2.5 displays comparable regressions using A-levels certification as the dependent

variable. The patterns are broadly similar, with child depression predicting large changes

in certification depressions what other variables are included as controls. Two key dif-

ferences stand out. First, depression and education-associated parenting behaviors remain

significantly associated with the child’s A-levels certification after including the child’s de-

pression. Second, household income and parental education remain significantly associated

with the child’s A-levels certification after including the child’s depression. These results

indicate that educational attainment and labor market participation may depend upon dif-

ferent dimensions of human capital.

2.4 Parental stress and child outcomes

I find evidence that parental stress predicts adverse child outcomes and that this is mediated

through parental depression. Several indices measuring parental neighborhood stressors,
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(1) (2) (3) (4) (5) (6) (7) (8)

Child mean -0.051 -0.048 -0.038
depression 0.009 0.007 0.005

(0.009) (0.011) (0.014)
{0.000} {0.000} {0.006}

mother mean -0.044 -0.040 -0.024 -0.012
depression 0.007 0.005 0.002 0.000

(0.010) (0.010) (0.011) (0.014)
{0.000} {0.000} {0.028} {0.414}

father mean -0.004 0.001 0.006 -0.011
depression 0.000 0.000 0.000 0.000

(0.009) (0.010) (0.010) (0.013)
{0.638} {0.916} {0.545} {0.395}

mother - dep. -0.043 -0.043 -0.042 0.000
assoc. par. 0.007 0.007 0.007 0.000
Behaviors (0.010) (0.010) (0.010) (0.014)

{0.000} {0.000} {0.000} {0.994}

father - dep. -0.088 -0.082 -0.079 -0.019
assoc. par. 0.030 0.022 0.020 0.001
behaviors (0.017) (0.018) (0.019) (0.025)

{0.000} {0.000} {0.000} {0.458}

mother - educ -0.032 -0.032 -0.030 -0.004
assoc. par. 0.005 0.005 0.004 0.000
behaviors (0.010) (0.011) (0.011) (0.014)

{0.002} {0.003} {0.007} {0.774}

father - educ. 0.083 0.084 0.082 0.000
assoc. par. 0.028 0.025 0.023 0.000
behaviors (0.018) (0.019) (0.019) (0.026)

{0.000} {0.000} {0.000} {0.999}

hh income, 0.023 0.017 0.021
t=19, 10k 0.008 0.004 0.006
pounds (0.007) (0.007) (0.007)

{0.001} {0.017} {0.003}

mother 0.097 0.105 0.096
A-levels 0.012 0.014 0.012

(0.027) (0.028) (0.027)
{0.000} {0.000} {0.000}

father 0.080 0.078 0.082
A-levels 0.008 0.007 0.008

(0.025) (0.026) (0.025)
{0.001} {0.003} {0.001}

Parental 
occupational 
dummies

X X X

R2 0.009 0.007 0.013 0.018 0.023 0.097 0.094 0.101
obs 3879 3499 3557 3273 3196 1708 1568 1703

Multivariate Regression for Child: Attained A-levels Qualification

First line gives the regression coefficients.  Bolded estimates are significant at the 95% significance level.   
Second line (in italix) gives the partial explained variance for this variables --  the coefficient squared times the 
variance of that RHS variabledivided by the variance of the LHS variabls .  Standard errors in parenthesis.  p-
values in braces.  

Table 2.5: Regressions of child A-levels certification on depression of child, depression of
parents, parenting behaviors, and other covariates
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social support, and relationship stress strongly predict parental depression, explaining about

a third of the variance for both mothers and fathers. These stressors predict depression-

associated parenting behaviors. And these parental stressors also predict the child’s young

adult outcomes – but to a lesser extent after conditioning on parental depression or the

child’s adolescent depression

Measures of parental stress and stress buffers explain about a third of the variance in

parental depression. These stressors/buffers all contain a strong social dimension – and are

inherently endogenous. Plausibly exogenous stressors, such as bereavement shocks and

criminal victimization (conditional on expected risk of victimization), predict little or no

significant increase in parental depression. See Appendix D.

For each survey in which I have the relevant measures, I estimate a single latent factor

of social support for the mother and father, neighborhood quality, and partner relationship

quality. I then calculate the averages of each of these factors for surveys at all timepoints

in which respondents completed the surveys.

Together, these four variables explain 21 percent of the variation in mean depression

scores of women and 32 percent of the variation in mean depression scores of men. Given

the putatively high measurement error in depression factors and probably high measure-

ment error in observed endogenous stressors, this result indicates an extremely strong as-

sociation between these endogenous stressors and unobserved depression. One source of

endogeneity should be emphasized: depression causes social withdrawal as well as a more

pessimistic outlook. As a consequence, many of these measures of stressors can be thought

of as alternative measures of depression (rather than causes).

These parental stressors also predict child outcomes; parental depression partly medi-

ates this relationship. For readability, I construct an aggregate stress statistic as a weighted

average of the life-events index, social support factor, neighborhood quality factor, and

partner relationship quality factor, where the weights are determined by the coefficients
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from a regression of maternal depression on these stressors. Table 2.6 displays regressions

of child depression on parental depression and the aggregate stress statistics as well as re-

gressions of the child being employed or enrolled at age 20 on parental depreession, the

aggregate stress statistic, and covariates.

These results indicate that aggregate parental stress explains 4.4 percent of the variance

in child adolescent depression, but conditioning on parental depression drops the partial

explained variance to 1.1 percent. This result is consistent with parental stress impacting

the child primarily through parental depression. In turn, parental stressors predict adverse

young-adult outcomes for the child (“employed or in school at age 20”), but to a greatly

reduced extent after controlling for the child’s depression and not at all after controlling

for the child’s depression and other parental characteristics. In this regression with many

controls, only the child’s depression significantly associates with this young-adult outcome

and the coefficient on child’s depression is no smaller than in the univariate regression.

27



(1) (2) (3) (4) (5) (6) (7) (7)

0.223 0.113 -0.022 -0.017 0.000
(0.014) (0.015) (0.006) (0.006) (0.008)
{0.000} {0.000} {0.000} {0.009} {0.998}

0.054 0.019 -0.001 0.005 0.001
(0.013) (0.014) (0.005) (0.005) (0.007)
{0.000} {0.154} {0.800} {0.404} {0.929}

mother mean depression 0.279 0.242 -0.014 -0.002 -0.003
(0.014) (0.015) (0.006) (0.006) (0.007)
{0.000} {0.000} {0.023} {0.719} {0.662}

-0.033 -0.030 -0.042
(0.007) (0.007) (0.009)
{0.000} {0.000} {0.000}

hh income, t=19, 0.004
10k pounds (0.004)

{0.298}

mother A-levels 0.025
(0.013)
{0.049}

father A-levels 0.007
(0.012)
{0.553}

R2 0.044 0.078 0.086 0.005 0.002 0.006 0.012 0.029
obs 8,094 8,094 8,094 3,593 3,593 3,593 3,593 1,909

Regressions on Parental Social Stressors

First line gives the regression coefficients.  Bolded estimates are significant at the 95% 
significance level.   Huber-White Standard errors in parenthesis.  p-values in braces.  

summary stress index

  
depression

child mean depression

Child Mean Depression Child: Job or School t=20

Table 2.6: Parental stressors independently predict child depression but not after condition-
ing on parental depression
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CHAPTER 3

EPIGENETIC TRANSMISSION

3.1 Introduction

Two questions motivate the use of epigenetic data. What role do epigenetic endowments

play in the intergenerational transmission of depression? Can epigenetic data be utilized to

measure depression when depression inventories are either too noisy or non-existent – in

particular for young children? In this section, I provide suggestive evidence that biologi-

cal endowments predisposing depression may be present at birth. Specifically, a forecast

utilizing epigenetic data at birth explains twice as much variance in the child’s adolescent

depression in this sample as does maternal depression. However, this forecast should be

interpreted warily. I fail to robustly replicate associations between depression and epige-

netic variables highlighted in the biology literature, which limits interpretation. While this

epigenetic forecast may feature predictive content because it proxies epigenetic endow-

ments, it may also simply proxy for comorbid health behaviors of parents or for genetic

endowments.

In this section, I describe the epigenetic data available in ALSPAC, develop an inter-

pretive framework for this data, forecast child depression using the child’s epigenetic data

at birth, attempt replication of prior research using epigenetic data, and discuss findings.

3.2 Epigenetic Data

3.2.1 Overview of epigenetic data utilized in the ALSPAC

The ALSPAC study assayed methylation using the Infinium 450k array, which measures

methylation in about 480,000 probes (variables) broadly covering the genome. On aver-
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age, the nucleotide sequence covered by each probe includes 17 CpG sites, which are the

locations at which DNA is methylated. These probes measure the share of methylated CpG

sites. Reported as such, the datum is called a beta-value. Logistic transformation of the beta

value yields the M-value. Mechanical failure of the 450k array causes some measurement

error. Cross-hybridization – when a DNA sequence matches with the wrong probe – is one

potentially serious source of measurement error (Chen et al., 2013), and the full extent of

this problem is unknown. I drop from my analysis all probes known to cross-hybridize.

Auxiliary annotation data describe features of the DNA covered by probes. Such anno-

tation data includes gene names in or near the probe, proximity to different positions on or

near the gene (e.g., within 200 base pairs of the transcription start site), certain regulatory

features (promoter, enhancer), relative CpG density in the neighborhood of the probe (e.g.

CpG island, shore, shelf...), and some indicators of the variability of methylation within the

probe (e.g. differentially methylated regions).

The ALSPAC study applies the Infinium array to white blood cells in blood samples.

Methylation systematically varies across tissues types, so methylation patterns in white

blood cells do not necessarily reflect methylation patterns in other tissues. Experiments on

rodents often explore the epigenetic underpinnings of depression through analysis of brain

tissue; results from these studies may not replicate in blood tissue. However, methylation

patterns in human blood tissue may be predictive of depression for two reasons. First,

changes in hormones or immune regulation that parallel depression may be reflected in

altered white blood cell methylation, so that monocytes can serve as a barometer for broader

allostatic changes. In addition, some experimental evidence indicates that monocytes (a

type of white blood cell) play a central role mediating the effects of psychosocial stress

on anxiety and depression-like behavior (Wohleb et al., 2013), so monocytes may serve as

more than just barometers.
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Blood samples for newborn children were drawn from the umbilical cord (cord blood).

Some research indicates that cord blood samples can be contaminated with maternal blood,

but the severity of this problem is unknown.

Shares of different types of white blood cells may vary across samples, and the ALSPAC

methylation data includes estimates of these shares. In principal, methylation rates could

vary across samples due to variation in white blood cell shares rather than due to changes

in methylation rates within particular cell types1. In the ALSPAC data, estimated shares do

not vary substantially between samples and are not predictive of depression, so I make no

further mention of these shares.

3.2.2 Methylation data subsample

The ALSPAC methylation data is longitudinal, including methylation data from blood sam-

ples of mothers and their respective children. Samples from mothers were taken two

months prior to the due date and about 15 years after birth of the study child. Samples

from children were taken at birth (cord blood), at about seven years of age, and at about

fifteen years of age. The subjects included in the methylation data are a random subsample

of those ALSPAC participants who participated in all of five clinic studies. Problems with

the quality of blood samples or the methylation arrays caused some of these samples to be

dropped. Altogether, the methylation data includes 987 mothers prior to birth, 992 mothers

when the child is over the age of fifteen, 914 children at birth, 980 children at age seven,

and 981 children over the age of fifteen.

1. Variation in assay methylation rates caused by variation in shares of different cell types may be more of
a problem for biologists and medical researchers than for social scientists. Such contamination may impede
the ability of biologists to understand changes at the cellular level. However, variation in cell type may contain
useful information in itself. If a researcher uses methylation data to proxy for past exposures or biological
stocks, it may be immaterial whether in cell type shares or changes in methylation within cell types drives
the variation in methylation.
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Mother-child pairs participating in all five clinic studies are a selected subsample. Pre-

natal EPDS depression factor scores are about a tenth of a standard deviation lower in

this subsample than in the full sample. However, the share of mothers scoring above the

11-point EPDS threshold for depression is no lower in this subsample.

Lower depression scores in the clinic study should not be surprising in light of the

model of affective capital. Participating in the clinics required traveling to the clinic and

spending time under evaluation. ALSPAC compensated participants with about 40 british

pounds. Implicitly, those who participated felt that the monetary compensation (as well as

non-monetary compensation, such as satisfying feelings of responsibility) was worth the

effort and the opportunity cost of time. Those with less affective capital would overweight

the costs, biasing selection against them.

3.2.3 Preparation of methylation data

Prior to delivery of the data, ALSPAC regressed out 10 principal components from a set

of control probes and regressed out slide fixed effects. This ’functional normalization’

can be thought of as a way to calibrate the assays. The cleaned methylation data include

beta-values of 481,764 probes. 70,890 of these probes are known to cross-hybridize (that

is, match with the wrong DNA) and 29,234 contain polymorphic CpG’s (that is, will fail

to match with DNA of some test subjects), both of which cause measurement error (see

Chen et. al., 2013); I drop these probes from my analysis. I also drop probes on the Y-

chromosome. I converted the beta-values (rates of methylation within probes, bounded

between 0 and 1) to M-values (logistic transformation).
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3.3 Interpretive framework and forecasting methodology

I interpret the methylation data from the perspective of a linear measurement system. Latent

variables describe unobserved biological stocks; these biological stocks feature unique epi-

genetic patterns so that variation in these stocks generates variation in the epigenetic data.

Analysis of the epigenetic data aims to extract information about the biological stocks that

generate the data. This perspective yields insights for identification and forecasting. In this

section, I describe these insights as well as the forecasting approach I apply to my data.

Mi︸︷︷︸
m×1

= Γ︸︷︷︸
m×k

θi︸︷︷︸
k×1

+ εi︸︷︷︸
m×1

linear measurement system

Mi : column vector of epigenetic data for person i

θi : row vector of latent variables; 1st element θ1,i represents depression associated stock

Γ : parameter matrix; each column is an epigenetic pattern for corresponding stock

εi : idiosyncratic errors (e.g. measurement error)

3.3.1 Insights into identification

Identification of a depression-associated latent stock requires strong assumptions which

much be justified from the biology (I provide greater depth and formally discuss iden-

tification in appendix F). Although exogeneous variation in a variable causing only the

depression-associated stock θ1,i can identify the epigenetic pattern for this stock Γ1 if this

stock does not in turn cause other stocks, identification of this stock’s methylation pattern

Γ1 is not sufficient to identify the stock θ1,i. This is because another stock, say θ2,i, may
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feature a similar epigenetic pattern Γ′1Γ2 6= 0. In this case, variation in this other stock

would be confused for variation in θ1,i. Two approaches can circumvent this identification

problem. First, exogenous variation in a cause of θ1,i can be paired with proxies for stocks

that feature epigenetically similar patterns. My data lacks useful exogenous variation, so

I discuss this approach no further. Second, attention can be restricted to those epigenetic

variables that only θ1,i is purported to affect. Doing so requires a strong prior informed by

the biology of depression. Given current knowledge, such a strong prior is unwarranted.

Nevertheles, In section 3.4.2, I consider specific epigenetic variables emphasized by ex-

periments on rodents (e.g. methylation near the promoter of the NR3C1 gene). Because

I find no robustly significant associations between these epigenetic variables and maternal

or child depression after adjusting for multiple hypothesis testing, I cannot use these epi-

genetic variables to identify θ1,i even if it were reasonable to assume that only θ1,i affected

these epigenetic variables.

Given that identification of depression-associate stock is so fraught, I redirect attention

to simply forecasting depression with epigenetic data.

3.3.2 Forecasting

In this section I describe my forecasting approach and some intuition behind it. I motivate

this forecasting algorithm from a latent variable measurement system and provide more

rigorous justification of claims in the appendix.

I utilize epigenetic data to calculate a leave-one-out forecast of depression θ̂1,i for each

person i with the formula

θ̂1,i = θ̇1,−iM
′
−iMi
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θ̂1,i forecast of depression for person i

θ̇1,−i row vector of standardized depression inventory scores for individuals other than i

M−i row-demeaned matrix of methylation data for individuals other than i...

... each column is the vector of methylation data for a different individual.

Mi column vector of methylation data for person i

and rescale the forecasts to be mean zero and unit variance across the N observations,

where θ̇1,−i is the 1× (n−1) row vector of standardized depression inventory scores of

all persons other than person i, and M−i is the m× (n−1) matrix of methylation column

vectors for each person other than i.

This leave-one-out forecast is equivalent to a normalized ridge regression forecast with

arbitrarily large ridge penalty2. It is interesting that an estimate of depression derived from

performing regression algebra on a measurement system would a limiting case of yield

ridge regression – a canonical forecasting method. Moreover, if such a measurement sys-

tem generates the data, then ridge regression is preferable to other forecasting methods that

orient around model selection such as lasso or stepwise regression. In such a measure-

ment system, the predictive content of predictors for a latent variable increases with their

collinearity. It is impossible for two different predictors to be both predictive and orthogo-

nal in this data generating process. However, model selection methods like lasso and step-

2. A leave-one-out ridge regression forecast of yi for person i using covariates x is given by ŷi =
xi (X ′X−i +λ I)−1 X ′−iy−i where I is the identity matrix, λ is the ridge regression penalty parameter, and the
−i index indicates that person i has been removed from the variable matrix. Because I am forecasting depres-
sion inventory factors, which have no natural scale, the forecast can be multiplied by a constant without loss
of content. Multiply both sides of the equation by the ridge penalty. Then ŷiλ = xi

(
X ′X−iλ

−1 + I
)−1 X ′−iy−i.

In the limit as λ approaches infinity, we have ŷiλ = xiX ′−iy−i. Renormalizing this forecast to be unit variance
renders multiplication by λ irrelevant. This formula provides intuition about how ridge regression operates
with a large penalty, linking ridge regression forecasts to estimates of latent variables derived from the latent
variables simultaneous equations framework.
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wise regression tend to drop the less predictive of collinear variables even if these dropped

variables are highly predictive, instead retaining those predictors that are less collinear with

other predictors. For this reason, a prior that covariates predict an outcome only because

they load on that single outcome in a measurement system should lead a researcher to favor

ridge regression over model selection methods.

This forecasting equation provides additional intuition for ridge regression with a large

ridge penalty. That is, the term M′−iMi describes the epigenetic similarity of person i

with each other person, providing each epigenetic variable identical weight. Thus the

forecastθ̇−i
(
M′−iMi

)
predicts person i’s depression from the depression levels of epigeneti-

cally similar persons without giving consideration to how relevant any particular epigenetic

variable is to depression. Such uniform weighting is appropriate under a strong prior that

the effect size for each epigenetic variable is close to zero.

This forecast is computationally efficient when the number of predictors is large (after

appropriately grouping matrix multiplication, computation time is O
(

N2K
)

where N is

the number of observations and K is the number of predictors).

A forecast of depression using methylation data exploits the predictive content of epi-

genetic stocks correlated with depression. This is a double-edged sword, improving the

forecast but reducing interpretability. For example, smoking and depression are highly co-

morbid. Because smoking associates with epigenetic changes, researchers should strongly

anticipate that epigenetic data can predict depression if for no other reason than that that

epigenetic data can predict smoking and smoking predicts depression. On the other hand,

such confounds prevent interpreting the forecast of depression using epigenetic data as

indicative of any one epigenetic stock (this is true for forecasts of smoking as well).
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3.3.3 Forecasting procedure

My epigenetic data include about 1000 observations for mothers at two time points and

about 1000 observations of children at three time points. To increase power, I would prefer

to utilize all observations. However, methylation patterns predictive of depression in adults

might not be identical to those predictive of depression in children.

To construct forecasts for the child’s depression using child epigenetic data, I:

1. I estimate bivariate regressions of maternal timepoint 15 methylation data on mean

maternal depression.

(a) I ascertain which methylation variables featured p-values below 0.001, yielding

around 500 methylation variables – about twice as many as would be expected

by chance under the null. Results using this procedure are robust to the thresh-

old I utilize.

2. I estimate the leave-one-out forecast of child mean depression in adolescence using

the formula described above:

θ̂1,i = θ̇1,−iM
′
−iMi

(a) I construct a different forecast for each of the child’s methylation samples: cord

blood, age 7 blood, and age 15 blood.

To forecast maternal depression, I swap the above steps. That is, I take the top hits from

bivariate regression of child depression on child methylation data and use these top hits in

the leave-one-out forecast of maternal depression using maternal methylation data.
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Table 

(1) (2) (3) (4) (6) (7) (8)

0.293 0.071 0.077
(0.010) (0.029) (0.029)
{0.000} {0.015} {0.009}

0.090 0.094 0.220
(0.028) (0.028) (0.168)
{0.000} {0.001} {0.190}

-0.285 0.999
(0.160) (0.007)

           {0.075} {0.000}

0.148 0.994
(0.179) (0.005)
{0.408} {0.000}

Restricted to Clinic 
subsample? 

no yes yes yes yes yes yes

R2 0.075 0.006 0.011 0.018 0.015 0.959 0.968
obs 9599 944 944 944 944 944 944
First line gives the regression coefficients.  Bolded estimates are significant at the 95% significance level.  Standard errors in parenthesis.  p-
values in braces.   P-values are derived from a two-tailed t-test. "Mother Mean Depression" refers to the average factor scores for those EPDS 
inventories that the mother completed over the course of the study.  "Child Mean Depression" refers to the average factor scores for completed 
inventories of child depression from age 10 to age 19.  The "cord blood" sample refers to epigenetic data extracted from the child's cord blood 
at partum.  The "F7 blood" sample refers to epigenetic data extracted from the child's blood at  age 7.  The "15up blood" sample refers to 
epigenetic data extracted from the child's blood at around age 15.  The epigenetic forecasts of child depressions were constructed a follows: (1) 
run bivariate regressions of maternal mean depression on maternal methylation probes; (2) extract the top hit probes (I used probes with p-
values below 0.0001, yielding around 600 probes.  Using the top 50 probes or the top 1000 probes yields similar results); (3) estimate the leave-
one-out forecast described in this paper, using child mean depression inventory data as the phonotype and child methylation data as the 
measurements -- but using only those probes that were among the top hits for mothers. 

Child Mean Depression
Regressions Utilizing Epigenetic Forecasts of Depression

Mother Mean Depression

Epi. Forecast of Child Mean 
Dep.    Sample : cord blood

Epi. Forecast of Child Mean 
Dep.    Sample : F7 blood

Epi. Forecast of Child Mean 
Dep.    Sample : 15up blood

Cord Blood Dep. 
Forecast.

Table 3.1: Forecast of Child Depression Using Epigenetic Data

3.4 Results of Epigenetic Analysis

3.4.1 Forecasting results

Leave-one-out forecasts of maternal depression using maternal methylation data and fore-

casts of child depression using child methylation data each explain a little over one percent

of the variation in depression. In all five cases, these forecasts are highly significant.

Table 3.1 illustrates performance of the leave-one-out forecast of the child’s adolescent

depression. Regression results in this table compare the predictive content of the epigenetic

forecast of child depression against maternal mean depression. Maternal depression is a key

predictor of child depression and so should serve as a benchmark for the predictive content
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of the epigenetic forecast. By this standard, the epigenetic forecast performs well. Four

features of this table deserve mention.

First, regressions one and two indicate that sample selection obliterates intergenera-

tional associations in depression. Regressions one and two both regress child mean de-

pression on maternal depression, but regression two restricts the sample to observations for

which I have methylation data. The methylation data were drawn from those mother-child

pairs who completed all five clinics; mothers in this sample scored lower on depression

inventory scores, indicating that those with depression were less likely to participate in the

clinics. While maternal depression is highly significant in both regressions, the explained

variance drops by more than an order of magnitude. In my interpretation, selection into the

methylation data reduces useful variation – membership in the epigenetic sample required

participation in all five clinic visits, which required that the participants transport them-

selves to the hospital to undergo examination. In return, participants were compensated

with around 40 pounds. Thus, participation in the clinic visit amounted to an effortful task

that those with depression would be less likely to complete.

Second, regression three indicates that the epigenetic data at birth contains substantial

predictive power. The leave-one-out forecast is quite significant and explains more than

twice the variance in child depression as maternal depression does in this subsample.

Third, regression four indicates that the performance of the forecast is not explained by

the child’s epigenetics proxying for maternal depression. That is, the fit of the forecast is

not a statistical artifact of the forecasting approach nor of contamination of child cord blood

by maternal blood. In addition, the coefficients in this multivariate regression are virtually

unchanged from those of the bivariate regressions. The results is consistent with large

amounts of measurement error in both the forecast and the maternal measure of depression.

Fourth, regressions five, six, and seven indicate that epigenetic forecasts of adolescent

depression are quite stable using different blood samples. These forecasts are extremely
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correlated. Including forecasts from multiple samples does little to improve the fit. This

suggests that the epigenetics predictive of adolescent depression change very little in the

years following birth.

3.4.2 Replication of prior research on methylation and depression

Experimental evidence indicates that epigenetic changes near particular genes may serve

as key markers for depression (e.g., methylation in the promoter to the NR3C1 gene).

Replicating such results in my sample and using these methylation variables in my forecast

would improve interpretability of the forecast. However, I do not find robustly significant

associations between these epigenetic variables and depression after multiple hypothesis

testing (see Appendix G and Appendix H).

I also attempt replication of results from methylome-wide association studies. Prior

research has associated depression and depression-related phenotypes with methylation

changes in human blood tissue. I test if these methylation variables are significantly as-

sociated with depression in the mothers or children of the ALSPAC sample. Rarely do I

find robustly significant associations after multiple hypothesis testing (see Appendix H).

3.4.3 Discussion of epigenetic results

It is puzzling that I do not robustly replicate prior results linking depression to epigenetic

modifications. Four possibilities may account for limited replication. First, the epigenetic

subsample is highly selected. The subsample features lower depression scores and oblit-

erates intergenerational associations in depression. Intuitively, participation in the clinics

selects against depression, amplifying measurement error in depression inventories in this

subsample. In turn, larger measurement error reduces power to replicate prior resutls. Sec-

ond, methylation data for white blood cells might not be the most useful epigenetic data.
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For example, rodent experiments often utilize brain tissue for epigenetic analysis; but epi-

genetic changes in brain tissue might not be indicative of epigenetic changes in blood tissue

(even if some human associations have explored these epigenetic changes in blood tissue).

Third, human studies associating methylation with depression often feature small sample

sizes and marginally significant results. In combination with the second reason, previously

researched associations may be false positivese driven by publication bias.

Several of these issues could be rectified in future expansions of the ALSPAC data set.

First, depression inventories of children in future waves of the ALSPAC – when children

are in their mid twenties and depression inventories are more reliable – might reduce mea-

surement error. Likewise, linkages with medical records concerning depression diagnoses

or antidepressant usage in adulthood might serve as more accurate proxies for the child’s

adult depression. Second, other epigenetic data, such as histone modification data, may be

more useful than methylation data. For instance, recent research indicates that, in mono-

cytes (a type of white blood cell), histone acetylation near the nuclear factor kappa beta

gene may play a key role in depression. Third, ALSPAC could mitigate sample selection

in the epigenetic data by drawing a random sample from only the first clinic visit. That is,

ALAPAC collected cord blood samples in hospitals where mothers gave birth. Presumably,

depression would not be as predictive of participating in this clinic.

Failure to replicate prior epigenetic associations with depression reduces interprettabil-

ity of my epigenetic forecast; nevertheless, compared to maternal depression in the epige-

netic sample, the epigenetic forecast explains a large share of child depression. This result

provides suggestive evidence that biological stocks predisposing depression are established

early in life. Future research needs to further explore this possibility.
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CHAPTER 4

A THEORY OF AFFECTIVE CAPITAL

4.1 Introduction

In my interpretation, chronic stress reduces a type of human capital I term affective cap-

ital. Low levels of affective capital increase the psychic cost of effort, thereby impairing

labor market outcomes as well as reducing parenting inputs. In turn, parents produce a

child’s affective capital partly through endowments at birth and partly through investments

over childhood, including goods investments and unpriced parenting inputs. Thus, affec-

tive capital transmits across generations and generates intergenerational associations in in-

come. In the spirit of Becker-Tomes (Becker and Tomes, 1979) and subsequent iterations

(e.g., Solon, 2014), I formalize these ideas and specialize the model so as to produce com-

parable log-linear intergenerational processes. The model highlights the economic nature

of affective capital—both the maximization decision governing its accrual and its role in

modulating the utility function—even though the biological nature of affective disorders

might make them appear to reside outside economics. In addition, this model illustrates

how investments that incur a direct psychic cost may be less sensitive to shocks to the

parental budget constraint, even in the case that credit constraints bind.

The neologism “affective capital” might seem redundant given how heavily my re-

search relies on both depression inventories and prior biological research into depression,

but it serves two purposes. First, “affective capital” imposes a human capital interpretation,

focusing on specific symptoms likely to be economically relevant (e.g. anticipatory anhe-

donia). The use of “affective capital” allows me to distinguish my economic interpretation

from psychological research as such. Second, in my interpretation, depression manifests

when affective capital drops below some threshold; however, variation in affective capital
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above this threshold may still be economically relevant. For example, just as social defeat

can cause depression-like behaviors in previously normal rodents, so too can social win-

ning cause behavioral changes opposite to those of depression-like behavior in previously

normal rodents (Zhou et al., 2017; Franklin et al., 2017).

4.2 Model

4.2.1 Utility Function

The parent gains utility from consumption ci and suffers disutility from labor effort Li and

from providing parenting inputs ιi, where i indexes the family dynasty. Affective capital

ei reduces both the level and marginal disutility of labor effort and parenting inputs. In

addition, the parent altruistically gains utility from some function of her child’s expected

utility αiE
[
Ṽ
(
H ′i ,e

′
i,ai
)]

, where αi represents the parent’s altruism, E is the expectation

operator, primes denote values for the offspring, Ṽ (�) represents the child’s indirect utility,

Hi is educative human capital, and ai are inherited assets. I thus specify the parent’s utility

according to the additively separable function

lnci−
ρ

ei
Li−

1
ei

ιi +αiE
[
Ṽ
(
H ′i ,e

′
i,a
′
i
)]

where the parameter ρ adjusts the relative disutility of labor effort and parenting inputs to

affective capital.

As written, affective capital reduces the disutility of labor effort Li and parenting inputs

ιi. However, multiplying the utility function by affective capital ei would rationalize iden-

tical choices. In this transformation of the model, affective capital increases the marginal

utility of consumption and the marginal utility from investments in the child through the

child’s indirect utility function. In this economic model, there is no substantive distinction
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between depressed individuals finding tasks more unpleasant and finding the compensation

for these tasks less rewarding. Fatigue is the mirror image of anhedonia.

Ṽ (Hi,ei,ai) represents the child’s indirect utility function under a simplifying assump-

tion – that the child bears no children of her own (or, alternatively, that the child’s altruism

parameter were set to 0). I eliminate consideration of grandchildren purely for convenience.

However, this assumption can be rationalized as multi-generational myopia – parents con-

sider the intergenerational effects of their investments but do not consider the multigenera-

tional effects. Alternatively, this assumption can be treated as a tractable approximation to

multigenerational altruism. Given both the qualitative similarities between ’myopic’ altru-

ism and true altruism as well as the difficulty of using data to distinguish between different

forms of altruism, I view this assumption as an innocuous one.

4.2.2 Budget Constraint

The parent spends from permanent income ξiHiL
φ

i + ai. The parent generates income

through a concave function of labor market effort Lφ

i (φ ∈ [0,1]), which is multiplied by

an exogenous shock ξi and educative human capital Hi. In addition, the parent may inherit

assets ai.

The parent spends permanent income on consumption ci, affective investments Ii, ed-

ucative inputs si (’schooling’), and bequests a′i (which are discounted by the interest rate

r). Altogether, the parent’s budget constraint is given by

ξiHiL
φ

i +ai = ci + Ii + si +a′i
1

1+ r
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Thus, the parent’s lagrangian is given by:

lnci−
ρ

ei
Li−

1
ei

ιi +αiE
[
Ṽ
(
H ′i ,e

′
i,a
′
i
)]

+λi

[
ξiHiL

φ

i +ai− ci− Ii− si−a′i
1

1+ r

]
+ηia

′
i,

where λi is the Lagrange multiplier on the budget constraint and ηi is the Lagrange multi-

plier preventing negative bequests.

To summarize: the parent’s choice variables are ci, Li, ιi, Ii,t , si,t , and a′i; the parent’s

stocks are Hi and ei; and the parent’s preference parameters are ρ and αi.

4.2.3 Human Capital Production

I assume that human capital production is Cobb-Douglas:

e′ = eβeeι
βeι IβeI g′eε

′
e

H ′ = HβHH e′βH,e,1sβH,I,1g′Hε
′
H

Parental choice variables determine two components of affective capital production: the

parenting input component ιβeι and the affective goods component IβeI . Three components

are not determined by parental choice variables: direct epigenetic bequests eβee , genetics

g′e, and shocks ε ′e. The parameter on direct epigenetic bequests βee can be thought of as the

biologically determined intergenerational depreciation of epigenetic stock.

Parents’ beliefs about the parameters in this production function may diverge from the

actual parameters in the production function. In particular, parent i believes parameter βk,k′
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takes on the value βk,k′,i. Thus, variation in parental beliefs about the production function

parameters can affect child outcomes by shifting what the parent believes to be optimal

investment.

These production functions impose several strong assumptions. These assumptions per-

mit a more tractable model, but the consequencefs of these assumptions should be kept in

mind. First, Cobb-Douglas production features a constant elasticity of substitution. Com-

bined with log utility in consumption, this production function implies that parents will not

alter investments either to exploit or mitigate shocks to the child’s human capital. Second,

parents make investments in a single period. With Cobb-Douglas production, additional

periods of investment do not add much content; parents would smooth goods investments

across periods, devoting more resources towards more productive periods and with the dis-

count rate biasing investments towards later periods. Thus, these first two assumptions

implicitly ignore dynamic complementarity. The focus of the model is on intergenerational

mobility rather than the timing of investments or the efficiency-equality tradeoffs of early-

childhood interventions, so I view this sacrifice as acceptable. Third, these production

functions do not permit self-investment. Children passively receive inputs, and the stocks

do not change in adulthood. Fourth and relatedly, the child’s educative human capital does

not enter into his production of affective capital. This is a natural specialization given that

individuals in the model do not self-invest, but it is unrealistic.

4.3 Equilibrium

4.3.1 Indirect utility function

I derive the indirect utility function Ṽ
(
e′,H ′,a′

)
for childless offspring by taking first-order

conditions after setting the altruism parameter to zero. I take approximations around no
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bequests a = 0 so as to admit closed form solutions. Derivations are provided in Appendix

I.

The solutions to the choice variables in terms of stocks and parameters are given by :

L∗ =
e
ρ

φ − 1
ξ H

L1−φ a

≈ e
ρ

φ

c∗ =
e
ρ

φξ H
(

e
ρ

φ − 1
ξ H

L1−φ a
)φ−1

≈ Hξ

(
e
ρ

φ

)φ−1

and the indirect utility function is given by

Ṽ
(
H ′i ,e

′
i,a
′
i
)
≈ κṼ +φ ln(e)+ lnH +

(
ρ

φ

)φ a
ξ Heφ

+ lnξ

where κṼ is some constant as a function of parameters.

Thus, when the parent’s credit constraints bind (so a = 0), the indirect utility function

for the child is given by ln
(

Heφ
)

plus a constant. The marginal utility of bequeathing

assets when credit constraints bind depends inversely on the child’s educative and affective

capital. Intuitively, an inheritance is more valuable to children who are less productive or

less willing to work.

4.3.2 Solutions to choice variables for the parent

Given the approximation to the child’s indirect utility function, I solve for the parent’s

choice variables in terms of stocks and parameters under the assumption that the credit

constraint binds (a = 0).
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L∗ = φ
e
ρ
(1+α [βeI (1+βHe)+βHs])−

a
Hξ

L1−φ

≈ φ
e
ρ
(1+α [βeI (1+βHe)+βHs])

c∗ = φ
e
ρ

Hξ

(
φ

e
ρ
(1+α [βeI (1+βHe)+βHs])−

a
Hξ

L1−φ

)φ−1

≈ Hξ

(
φ

e
ρ

)φ

(1+α [βeI (1+βHe)+βHs])
φ−1

I∗ = αβeI (1+βHe)c∗

s∗ = αβHsc∗

ι
∗
i = αiβeι ,i

(
1+φβHe,i

)
ei

4.3.3 Discussion of equilibrium choices

Parental affective inputs are of special interest

ι
∗
i = αiβeι ,i

(
1+φβHe,i

)
ei

Even though these solutions assume that the credit constraint binds, parental income

does not determine affective inputs. This follows because: parental affective inputs lack a

market price (in goods or the opportunity cost of time); and changes in other inputs to the

production function cause offsetting income and substitution effects.

Yet because the parent’s beliefs about the impact of affective inputs on the child’s out-

come may diverge from the actual impact, beliefs βeι ,i and βHe,i determine investment.

The role of beliefs emphasizes that parenting behaviors without a market price neverthe-

less result from an economic decision weighing costs against perceived benefits. Parental
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affective capital determines the (psychic) costs of these investments. However, these in-

vestments result from choices and are not mere behaviors.

With measures of these beliefs and altruism, one could run the regression

ln ι
∗
i = ln(αi)+ lnβeι

(
1+φβHe,i

)
+ lnei

Because measures of affective capital, altruism, and beliefs lack any natural scale, such

a regression would be useful only for indicating the relative explanatory power of these

determinants as well as the for serving as a first stage in an instrumental variables regres-

sion. Such a regression specification depends heavily upon functional form assumptions,

however – if the production function were not unit elasticity, then other omitted variables

would also be generating parental affective inputs.

4.4 Intergenerational processes

4.4.1 Log-linear vector autoregressions in human capital

These solutions imply that human capital follows an intergenerational vector AR-1:

lnH ′ = κH (αi)+(βHe +φβHs) lne′+(βHH +(1+φ)βHs) lnH + lng′H +βHs lnξ + lnε
′
H

= κH (αi)+bH1 lne′+bH2 lnH +bH3 lng′H +bH4 lnξ + lnε
′

lne′ = κe (αi,βeι ,i)+(βee +βeI (1+φ)+βeι) lne+βeI lnH + lng′e +βeI lnξ + lnεe′

= κe (αi,βeι ,i)+be1 lne+be2 lnH +be3 lng′e +be4 lnξ + lnεe′
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where κ’s are functions of parameters and the reduced form b coefficients are functions of

structural parameters. Note that parental altruism and parental beliefs about parameters in

the production function enter into the κ variables; to the extent that altruism and beliefs

vary across families and covary with parental human capital, parental human capital is

endogenous to parental altruism and parental beliefs.

A sufficient condition for this process to be mean-reverting is that the sum of all coef-

ficients across both processes is less than one:

βHe +βHH +(1+2φ)βHs +βee +βeI (1+φ)+βeι +βeI < 1

The reduced-form b coefficients describe the cumulative effect of changing parental

human capital prior to conception on the child’s adult human capital. For example, be1

captures the effect of parental affective capital on the child’s affective capital through direct

epigenetic bequests βee, through increased expenditures following greater parental labor

supply βeI (1+φ), and through parenting behaviors altered by parental affective capital

βeι . Increasing the parent’s affective capital by one unit prior to conception would increase

the child’s affective capital by be1. But increasing the parent’s affective capital by one unit

at birth would increase the child’s affective capital by be1−βee.

4.4.2 Discussion of intergenerational processes

Parameterizing this model appropriately allows it to be reconciled with results from several

literatures. By setting βeI and βHs close to zero, this model can be reconciled with studies

finding small effects of parental income shocks on child outcomes, even in the event that

credit constraints bind. Under such a restriction, parental educative human capital has no

effect on the child’s affective capital, and the effect of parental educative human capital

operates through βHH . By allowing βeι and βHe to be greater than zero, this model can
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be reconciled with adoption studies finding effects of adoptive parent characteristics on the

adoptive child’s depression and the adoptive child’s educational attainment. By allowing

for variance in gH and ge, this model can be reconciled with behavioral genetic studies

finding large effects of genes on education and depression; and by allowing βee to be greater

than zero, this model can be reconciled with the biological literature on epigenetic bequests.

Thus, this model is sufficiently flexible so as to apportion causality to several mechanisms

relevant to intergenerational mobility, allowing this model to be reconciled to the stylized

facts of intergenerational mobility.
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CONCLUSION

A biological literature indicates that stress-associated biological stocks both modify be-

havior in ways that may reduce income and propagate to subsequent generations – both

directly through biological endowments and indirectly through parenting behaviors. This

thesis synthesizes the biological literature and provides an economic theory of affective

capital that captures key implications for intergenerational mobility.

The essential insight of the theory is that affective capital operates through the utility

function, modifying the disutility of effortful actions. As a consequence, parental invest-

ment decisions may be inelastic to parental income, even when credit constraints bind. This

does not imply that parental investment is an irrational and reflexive behavior but rather that

parents consider psychic costs of investments when choosing to invest and that these psy-

chic costs may vary across the population. The income-inelastic nature of affective capital

renders it a prime candidate for understanding intergenerational mobility when credit con-

straints do not bind or are unimportant for parental investments. In addition, the model of

affective capital is sufficiently flexible to apportion causality to genetics, epigenetic endow-

ments, parenting behaviors, and stressors in the formation of affective capital. The relative

importance of these inputs is important for the timing and nature of interventions. The in-

elastic nature of many of these inputs suggests that many generations may be required for

low stocks to be remediated.

Descriptive statistics in the ALSPAC data are broadly consistent with the theory of

affective capital. Depression is highly persistent both within and between generations,

plays a large role in explaining young-adult child outcomes irrespective of controls and

despite being measured with error, and predicts affectively-laden parenting behaviors.

Methylation data in the ALSPAC only weakly predict depression. These weak results

can be interpreted in a few ways. A strong – and premature – interpretation would be
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that epigenetic data generally have little predictive content for depression (either epige-

netic data at partum or adult epigenetic samples). However, ALSPAC samples, as large

as they are, may be too small to extract a useful signal, especially when compounded by

selection issues, measurement error in both methylation data and phenotypes, and the high

dimensionality of methylation data. In addition, other epigenetic changes, like histone

modifications, and epigenetic modifications in tissues other than whole blood might hold

better predictive content.

Auxiliary data could improve the predictive content of the methylation data. For ex-

ample, expression data linked with methylation data could allow the researcher to restrict

attention to probes whose annotation is most predictive of DNA expression, thereby reduc-

ing the dimensionality of the methylation data. Likewise, expression data itself could be

exploited for predicting depression.

Given the accumulated evidence, it is incumbent upon economists to better understand

the role of depression in intergenerational mobility and labor markets more broadly.
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APPENDIX A

A - GLOSSARY

Affective Related to moods or feelings. For example, both major depressive disorder and

bipolar disorder are affective disorders.

Allostasis Long-lasting changes to an organism’s biology. That is, homeostasis refers to

how the body keeps certain biological variables, such as blood sugar or hormone levels, in

a particular range. Allostasis refers to how this particular range might shift. For example,

high body-fat composition may can cause type-II diabetes, in which blood sugar levels

remain persistently elevated above the normal range.

Anhedonia Reduced anticipation of reward (“anticipatory anhedonia”) or experience of

reward (“consumatory anhedonia”). Anticipatory anhedonia is a core symptom of depres-

sion; however, consumatory anhedonia is not (by contrast, consumatory anhedonia is com-

mon in schizophrenia). Thus, a person with depression struggles to imagine enjoyment

from ordinarily rewarding activity, but tends to experience as much enjoyment as a non-

depressed person from the same activities. In individuals with depression, variation in

anticipated enjoyment predicts effort on tasks to attain enjoyable things, but variation in

experienced enjoyment does not.

Annotation data Meta data for methylation data. Specifically, data from the Infinium

450k describes the extent of methylation on regions of DNA measured by each probe.

Annotation data describe the region of DNA measured by the probe.

Anticipatory Anhedonia Reduced ability to imagine future enjoyment from ordinarily

rewarding activities.
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CpG site A cytosine-guanine sequence of nucleotides in DNA. Typically, methylation of

cytosine can occur only when the cytosine is followed by a guanine. Hence, a CpG site is a

location on DNA that is amenable to methylation. It can be thought of as a switch that may

be toggled ’on’ or ’off’.

Daughter cell When a cell divides into two copies of the original, the copy cells are

called ’daughter cells’.

Depression-like behavior Murine models of depression function as analogies of human

depression. A good murine-model of depression generates generates symtoms in rodents

that resemble those in humans–that is, depression-like behavior. Subjective symptoms of

depression, such as guilt, sadness, and hopelessness cannot be measured in rodents. How-

ever, more objective symptoms can be measured. For example, depressed humans exhibit

anticipatory anhedona – an inability to intuit how one will enjoy ordinarily rewarding ac-

tivities. Humans exhibiting this symptom do not pursue to the same extent things that they

would ordinarily would enjoy. So, an analogous symptom in murine models would be the

“sucrose preference test”. Specifically, rodents ordinarily prefer water laced with sugar.

Rodents exhibiting depression-like behavior exhibit an attenuated preferenced for sugar-

water. Similarly, depressed humans give up on difficult tasks earlier than non-depressed

humans. So, an analogous symptom in murine models would be “learned helplessness”.

Specifically, rodents exhibiting depression-like behavior will more quickly give up trying

to escape from a pool of water or from being suspended upside-down by the tail.

Germline Cells that determine the genetics of the next generation. That is, genetic

changes to somatic cells cannot be inherity, but genetic changes to cells in the germline

can be inherited.
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Monocytes White blood cells. Three types of cells normally exist in blood: erythrocytes

(red blood cells), thrombocytes (platelets), and monocytes (white blood cells). Neither

erythrocytes nor thrombocytes contain nuclear DNA, but monocytes do; hence, DNA ex-

tracted from blood samples comes from monocytes. Many different types of monocytes

exist (including natural-killer cells, helper t-cells, and plasma b-cells), and their relative

frequencies may differ over time and across individuals. Because cellular differentiation

(changing of generalist cells into tissue-specific cells) entails epigenetic differentiation (dif-

ferent cell types express different genes, the same genes to different extents, and the same

genes in different ways, which epigenetic modifications help to accomplish), methylation

may vary across different types of monocytes. Consequently, in principle, methylation

may vary across samples due to differences in monocyte composition rather than due to

differences in methylation with identical cell types.

Methylation Any epigenetic modification of DNA. Methylation consists of the addition

of a methyl group (carbon and three hydrogens) to the back of a cytosine nucleotide, typ-

ically at a CpG site. DNA methylation may serve several distinct roles. Among these,

methylation at a CpG site in the promoter of a gene tends to prevent transcription machin-

ery from reading that gene. As a consequence, less of the gene encodes is made, which

shifts the metabolism of the cell.

Cystosine methylation is extremely chemically stable, so that cells remove methylation

not by removing the methylation group but by hydroxylating the methyl group (adding

another chemical group), which DNA repair machinery reads as DNA damage. The DNA

repair machinery excises the hydroxylated cytosine and replaces it with an unmethylated

cytosine. This extreme chemical stability is part of the reason why epigenetic modifications

may persist long after what causes them.
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When cells divide, a copy of DNA is made so that each cell has a copy of the DNA.

The cellular machinery that makes copies of the DNA reads both methylated cytosine and

regular cytosine as regular cytosine. Thus, for both daughter cell to have a methylated

cytosine, different cellular machinery must copy the methylation to the DNA copy. This

appears to occur in many cases, in which case the methylation is ’heritable’ to daughter

cells (in this context, ’heritability’ refers to epigenetic modifications being transferred to

daughter cells but not necessary to offspring).

Nucleotide DNA is sequence of nucleotides strung together. Only four nucleotides may

compose this DNA string: guanine, adenine, thiamine, and cytosine. These nucleotides

constitute the alphabet of the genome. For protein encoding regions of DNA, a three nu-

cleotide sequence composes a ’word’ specifying an amino acid. Thus, a protein encoding

gene can be thought of as a sentence describing how to construct a protein machine.

Psychosocial stress Stress related to social status and social relationships. For example,

conflict with others or defeat in such a conflict. Social-defeat stress is one experimental

method of apply psychosocial stress in murine models.

RNA RNA is analogous to DNA: both consist of sequences of four possible nucleotides.

DNA is copied from DNA and provides the blueprints for an organism; in contrast, RNA

is copied from DNA, functioning as intermediate instructions. RNA serves many specific

functions. Two derserve mention. Messenger-RNA (mRNA) is a copy of the protein-

encoding parts of a gene; cellular machinery reads the instructions provided by mRNA to

construct proteins. In contrast, microRNA do not code for protein but can interact with

mRNA to modify its translation.
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Social-defeat stress A type of psychosocial stress in which an animal is subordinated by

a conspecific. For example, one experimental model of social defeat stress in rats involves

introducing a smaller male rat into the cage of a larger, dominant rat. The larger rat defends

his territory by attacking the smaller rat; the smaller rat attempts to escape but cannot

because the exits to the cage are sealed off. The larger rat attacks the smaller rat and the

smaller rat attempts to ward off future attacks through submissive behaviors. This stressor

initially causes anxiety-like behavior in the smaller rat. Repeating this stressor several

times robustly causes depression-like behavior in the smaller rat.

Transcription Making an mRNA copy of a gene. The cell constructs proteins from these

mRNA copies. Epigenetic changes that reduce the rate of transcription reduce the avail-

ability of mRNA copies and so reduce the quantity of protein produced.
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APPENDIX B

B - AN EPIGENETICS PRIMER, CONTINUED

Although the terminology is evolving, “epigenetics” generally refers to alterations to the

DNA and associated structures that persistently change how the DNA is expressed without

altering the heritable DNA code itself (see Berger et al., 2009, for a discussion of termi-

nology). These alterations can persist within generations long after whatever caused them.

And some of these alterations may propagate across generations, possibly through both

direct and indirect mechanisms. Many of these alterations can be measured, which allows

the researcher to proxy for the biological changes caused by past environment.

Such a high-level description of epigenetics will leave some readers uncomfortable, so I

review terminology and describe some epigenetic mechanisms, beginning with an overview

of DNA transcription.

DNA consists of sequences of four possible nucleotides (smallish molecules which

form the alphabet of the genome). A gene is a stretch of DNA preceded by a promoter and

start codon and followed by a stop codon. The promoter is a sort of volume-control knob

that facilitates the reading of DNA when appropriately bound by other cell machinery. A

codon is a sort of word composed of three nucleotides. Some of these words specify actions

(start and stop codons), other words specify ingredients in a protein. RNA polymerase

is a protein that attaches to the DNA near the promoter and makes RNA copies of the

gene. The cell edits the RNA, producing mRNA that codes for a particular protein. When

more mRNA is produced, more of the associated protein is produced, which can shift the

metabolic equilibrium within the cell and within the body generally. Methylation – perhaps

the most studied epigenetic mechanism – refers to the addition of a methyl group to the back

of a cytosine nucleotide at a CpG site, a two-nucleotide stretch of DNA which is amenable

to methylation. While technically this changes the nucleotide from cytosine to methyl-
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cytosine, the transcription machinery reads methyl-cytosine as cytosine – so the protein

encoding sequence remains intact. However, methylation in the promoter often impedes

transcription machinery from attaching to the promoter to start transcription. In turn, this

impeded transcription reduces mRNA concentrations, and ultimately reduces concentration

of the associated protein. Changes in the concentration of particular proteins can shift

homeostatic equilibria, causing far-reaching effects.

The effects of methylation on other stretches of DNA can cause other effects, but these

are less well understood. Even so, methylation is perhaps the best understood and most

easily measured epigenetic mechanism. Because my data includes methylation measures

but no other epigenetic measures, I do not discuss these other epigenetic mechanisms any

further. 1

Epigenetics serve three broad functions. First, epigenetic mechanisms contribute to

cellular differentiation. Skins cells differ from liver cells in large part because of which

genes are transcribed and which genes are not.

Second, epigenetics mediate many durable changes of an organism’s biology in re-

sponse to its environment. As a particularly relevant example, chronic and severe stres-

sors increase methylation of promoters to mineralocorticoid receptors in the hypothalamus

(among other things), which decreases the expression of minteralocorticoid receptors in the

1. By way of analogy, DNA is a book, genes are sentences, start and stop codons are punctuation marks
delimiting sentences, exons are clauses within a sentence, and introns are parentheticals. RNA polymerase is
a copy machine; it finds sentences by searching for promoters. Whenever it finds a sentence, it makes a copy.
Post-transcriptional editing removes parentheticals and pastes clauses together in different combinations.
When these edited copies drift towards a ribosome, the ribosome makes a protein in accordance with the
instructions in the sentence. Methylation of cytosines in the promoter makes it more difficult for the copier
to find the promoter. Consequently, methylation in the promoter reduces the number of copies that can float
to the ribosomes and so reduces the quantity of that protein created by the ribosome. Likewise, histone
acetylation opens the book at the associated page, allowing the copier to make copies of sentences on those
pages.

72



hypothalamus (Witzmann et al., 2012)2. Because these receptors mediate negative feed-

back on stress hormone levels, the increased methylation increases average stress hormone

levels, even long after the stressors have vanished. This long-run shift exemplifies allostasis

– essentially, long-lasting changes in homeostatic equilibria. And the allostatic load refers

to the cumulative burden of environmental shocks leading to allostasis. So epigenetics may

be thought of as one allostatic mechanism and psychosocial stress as one allostatic load.

This biological terminology resembles market dynamics with which economists are

familiar. By way of analogy, an upward shift in the oil supply curve would be akin to an

allostatic load, and the long-run downward shift in the demand curve following the adoption

of more fuel efficient technology would be akin to allostasis. So too, temporary variations

in the environment can yield persistent shifts in biological equilibria.

Third, epigenetics may transmit environmental adaptations or maladaptations across

generations. Evidence in animal models strongly supports the existence of such trans-

mission. Evidence also supports the phenotypic relevance of such transmission, but this

evidence is more limited. Transmission may be mediated through the gametes, through

epigenetic information in semen, through in-utero environment, or through postnatal envi-

ronment, but limited evidence indicates the relative importance of these transmission chan-

nels. As is generally true, animal models provide stronger causal evidence than human

studies.

This epigenetic transmission may be relevant for a wide variety of behaviors and health

outcomes in addition to those associated with psychosocial stress. For example, maternal

prenatal exposure to cocaine causes epigenetic changes which mediate cognitive deficits

in offspring; and maternal prenatal exposure to a high-fat diet causes epigenetic changes

2. As other examples, epigenetic alterations contribute to long-term memory formation (Miller and Sweatt
(2007)), and epigenetic alterations may mediate many of the effects of obesity on causing insulin resistance
(dos Santos et al., 2015). Broadly speaking, epigenetic changes within tissue types function as a sort of
metabolic memory.

73



which mediate increased obesity in offspring (Zhao et al., 2015; Marco et al., 2014)3.

Mounting evidence indicates that environmental shocks even prior to conception can deter-

mine epigenetic endowments. For example, Dias and Ressler (2014) exposed female mice

to odor fear conditioning prior to conception, pairing an electric foot shock to a specific

smell. The first and second-generation pups, even those raised apart, were averse to this

particular smell, and not others, as though they too had been exposed to the fear condi-

tioning. In offspring, the promoter to the associated smell receptor was hypomethylated,

implying increased expression of this receptor, and connectivity was enhanced between

neurons processing this smell and and the fear center of the brain (see Dias et al. (2015)

for evidence on underlying epigenetic mechanisms). This result provides insight into the

stunning specificity and durability of epigenetic endowments formed prior to conception.

Likewise, evidence supports the transfer epigenetic endowments through the male germline

or semen. For example, experimental variation in paternal mouse exercise prior to con-

ception affects the risk of obesity in offspring (Murashov et al., 2016); these changes in

offspring methylation may be mediated through changes in small RNA concentrations in

semen (Cropley et al., 2016). As a more relevant example, changes in stress hormones of

paternal mice change the small RNA profile in semen, which mediates changes in offspring

depression-like behavior (Short et al., 2016). Mechanisms similar to those found in mice

appear to exist in people as well. For example, human semen also contains a large variety

of small RNAs, including microRNA (Krawetz et al., 2011), and the profile of small RNAs

associate with facets of the father’s environment (e.g. Marczylo et al. (2012)). See Ly et al.

(2015) for a review.

3. Prenatal exposure of mice to cocaine causes methylation changes that mediate impaired cognition in
adult offspring (Zhao et al., 2015). Prenatal exposure of mice to a high fat diet changes methylation on a gene
in pups that regulates food intake, ultimately causing obesity in the pups (which a normal diet after weening
fails to reverse) (Marco et al., 2014).
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APPENDIX C

C - ALSPAC SURVEY DATA DESCRIPTION
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Table 5.0.b

DSM‐IV symptoms of Major Depression 

1.

2.

3. Changes in weight or appetite

4. Psychomotor retardation or agitation

5. Insomnia or hypersomnia

6. Fatigue or loss of energy

7. Excessive feelings of guilt or worthlessness

8. Difficulty concentrating

9.

Depressed or irritable mood

Anticipatory or consumatory anhedonia (decreased 

interest or pleasure from activities)

Suicidal ideation, suicidal attempts, and other self‐harm 

behavior

Table C.1: List of DSM-IV depression symptoms

A. Variable Description

i. Depression inventories I interpret depression as a manifestation of low affective cap-

ital, so measures of depression may be useful for tracing the intergenerational process of

affective capital.

Depression symptoms include fatigue, anhedonia (difficulty feeling or anticipating en-

joyment), difficulty concentrating, sad or irritable mood, psychomotor retardation (slowed

movement) or agitation, and others, which depression inventories assess (See Table C.1 for

the list DSM-IV depression symptoms). Inventories, either completed by the subject or

by an observer (such as a clinician or parent), score the subject based on the number and

severity of symptoms. Often, guidelines for scoring these inventories indicate that major

depression is likely when the score exceeds some threshold. While this threshold would

seem to indicate a discrete nature to major depressive episodes, prodromal and residual

symptoms surrounding depressive episodes are virtually identical but smaller in magnitude

to those in a depressive episode (Iacoviello et al., 2010). In my interpretation, depres-

sion inventories measure the left tail of a continuous trait; thresholds merely indicate when
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clinical treatment may be warranted. In this vein, I primarily use scores calculated from

the inventories rather than using indicators when inventory scores exceed the designated

threshold. I chiefly use factor scores from a single factor model, as the factor scores reduce

measurement error relative to a simple index 1.

Psychologists rigorously test the validity of depression inventories to ensure that these

inventories do indeed measure depression and do so with limited error; even so, consid-

erable measurement error may exist in these inventories. While some disagreement exists

on appropriate standards for validity, valid instruments must feature good psychometric

properties: individual items should strongly correlate with each other (sometimes assessed

with Cronbach’s alpha), the depression inventory scores from the same inventory admin-

istered twice in a short time interval should strongly correlate (test-retest validity), and

different depression inventories administered contemporaneously should strongly corre-

late. In practice, the test-retest correlations of most depression inventories range between

0.7 to 0.9. Correlations between different inventories typically run lower – sometimes as

low as 0.6 when administered to a non-clinical population (Beck et al., 1988). This latter

finding suggests that around half the variance in depression inventory scores administered

to a non-clinical population is measurement error2. Measurement error may be greater if

1. A single factor model more heavily weights those items that more strongly correlate with the other
items. Putatively, each item in the depression inventory is measuring the same latent trait – depression. Thus,
those items that more strongly correlate with each other must also more strongly correlate with the latent trait
being measured. Increasing the weight of these items increases the signal-to-noise ratio when compared with
the uniform weights of a simple index.

2. As an example, let θ be depression, θ̇1 be one depression inventory score, θ̇2 be another, ε1 be mea-
surment error for inventory 1 and ε2 be measurement error for inventory 2. Normalize the random variables
to be unit variance. Also assume that ε1 and ε2 are independent. Express the depression inventory in terms

of the data generating process θ̇ j = ρ jθ +
(

1−ρ2
j

)1/2
ε j, where ρ is the correlation between depression

inventory j θ̇ j and actual depression θ . Then the correlation between depression inventory 1 and 2 equals
ρ1ρ2. Supposing ρ1 = ρ2 = ρx, this implies that the variance in depression inventory 1 or 2 explained by
actual depression equals the correlation between depression inventories. Of course, measurement error may
be greater if ε1 is positively correlated with ε2.
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some variable other than depression systematically generates correlation between survey

items assessing depression generally. For example, alexithymia (difficulty describing or

identify emotions) is elevated in depression (see Conrad et al., 2009, for example). Thus,

alexithymia in depressed patients could bias scores downwards on items inquiring about

negative emotions. Similarly, machismo might lead a subject to systematically answer

questions as though the subject experiences no symptoms even when the subject does. This

sort of measurement error would be correlated across different inventories, so high corre-

lations between inventories cannot exclude the possibility of large measurement error. In

addition, these sources of measurement error may compromise the application of depres-

sion inventories on males in particular. For example, Martin et al. (2013) explore evidence

of sex-bias in depression inventories, comparing the estimated prevalence of depression

in males using traditional depression inventories and using depression inventories special-

ized to assess depression in males. Martin et. al. find that traditional inventories indicate

around 5 percent prevalence of depression in males, but the male-specialized depression

inventories indicate 26 percent prevalence of depression in males. These male-specialized

inventories are not available in the ALSPAC.

The ALSPAC data administers several different depression inventories to participant

mothers, fathers, and children at multiple timepoints. The ALSPAC administers the Edin-

burgh Post-Natal Depression Survey (EPDS) with greatest frequency, so I primarily rely on

this inventory for my analysis (see Table C.2 for a list of EPDS inventory questions). The

participant scores inventory items by the extent to which the subject feels he experiences

the listed symptoms. While the EPDS targets post-natal depression rather than depression

generally, the questions are substantively identical to those of other more general depres-

sion inventories, such as the Hamilton depression inventory (for comparison, see Table C.3

for a list of Hamilton inventory questions). For this reason, I treat the EPDS as a gen-

eral depression inventory. The ALSPAC also utilizes the Crown-Crisp experiential index
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Table 5.0.a

Edinburgh Postnatal Depression Inventory Questions:

1.   I have been able to laugh and see the funny side of things

2.   I have looked forward with enjoyment to things

3.   I have blamed myself unnecessarily when things went wrong

4.   I have been anxious or worried for no good reason

5.   I have felt scared or panicky for no very good reason

6.   Things have been getting on top of me

7.   I have been so unhappy that I have had difficulty sleeping

8.   I have felt sad or miserable

9.   I have been so unhappy that I have been crying

10. The thought of harming myself has occurred to me

The respondent scores each of these survey questions on a scale from zero to three describing the extent of each 

symptom (exe.: 0 ‐ "As much as I ever did"; 1 ‐ "Rather less than I used to"; 2 ‐ "Definitely less than I used to"; 3 ‐ 

"Hardly at all").   This scale has been validated for use on expectant mothers from 28‐32 weeks of pregnancy and in 

mothers 6‐8 weeks post‐partum.  However, the questions resemble those of depression inventories targetted for 

the general population.  As this is the depression inventory covering the most periods for mothers in the ALSPAC 

data, I use this inventory as a general depression inventory. 

The depression inventory items map onto DSM‐IV symptoms.  Questions 1 , 8 , and 9 relate to depressed mood and 

irritability; question 2 relates to anhedonia; question 3 relates to excessive feelings of guilt; question 7 relates to 

insomia; question 10 relates to suicidality and self‐harm behavior.  Questions 4 and 5 relate to anxiety, which is not 

a symptom of depression in the DSM‐IV, but often co‐occurs with depression.  

Table C.2: List of EPDS depression inventory items
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Table 5.0.c

Hamilton Rating Scale

1.

2.

3.

4.

5.

6.

7.

8.

9.

10.

11.

12. Insight

13.

14.
Feelings of unreality

15. Paranoia/delusions

16. 
The hamilton is not conducted by survey.  Rather, a trained profession assesses these symptoms from interactions with patients.  The 

hamilton is widely used in FDA trials for depression treatments.  Consequently, this instrument can be thought of as the practical 

counterpart to the DSM‐IV.  

Depressed mood (Sadness, hopelessness, helplessness, worthlessness)

Feelings of guilt

Sexual Symptoms

Suicidality

Insomnia

Impairment in Work and Activities

Psychomotor agitation, retardation

Anxiety

Obsessive/Compuslive symptoms

Lower scores when the above feelings are only described when elicited by the interviewer.  

Higher scores when the above feelings are non‐verbally communicated or when they dominate 

the conversation. 

The score increments with: mere self‐reproach; rumination over past errors/sinful deeds; 

delussional guilt or feelings that illness is a punishment; and accusatory hallucinations.  

The score increments with: life not worth living; wishing were dead; suicidal ideas or gestures; 

serious attempts at suicide. 

Includes difficulty falling asleep, waking in the middle of the night, and waking early with an 

inability to fall back asleep. 

The score increments with: feelings of incapacity or fatigue; loss of interest in hobbies or work; 

decreases in time on work or hobbies; unemployed due to these symptoms.  

This includes slowed speech or thought, with the highest scores for complete stupor.  This also 

includes fidgetting/inability to sit still with the highest scores for hand‐wringing, nail biting, hair 

pulling, etc. 

Depersonalization/Derealization

Higher scores for delusions of reference or persecution. 

Diurnal Variation
The score increments with: worse mood in the morning; worse mood in the evenning.  The score 

also increments with the severity of the diurnal variation. 

The score increments with: subjective tension; worrying about minor issues; visible 

apprehension; and fears expressed without questioning. 

These include: "butterflies in the stomach", digestion issues, sweating, tremor, loss of appetite, 

and feelings of heaviness. 

These include loss of libido and loss of sexual performance. 

Higher scores when the patient does not realize he is depressed. 

Somatic Symptoms

Hypochondriasis

Weight Loss

Table C.3: List of Hamilton depression inventory items
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Table 5.0.d

Short Mood and Feelings Questionaire items:

1.   I felt miserable or unhappy

2.   I didn't enjoy anything at all

3.   I felt so tired I just sat around and did nothing

4.   I was very restless

5.   I felt I was no good anymore

6.   I cried a lot

7.   I found it hard to think properly or concentrate

8.   I hated myself

9.   I was a bad person

10. I felt lonely

11. I thought nobody loved me

12. I thought I could never be as good as the other kids

13. I did everything wrong

The respondent scores each of these survey questions on a scale from zero to two describing the extent of 

each symptom: 0 ‐ "Not True"; 1 ‐ "Sometimes"; 2 ‐ "True". 

Table C.4: List of SMFQ inventory items

to measure maternal and paternal depression, but I rely less on this inventory because it is

applied less frequently.

ALSPAC assesses the child’s depression with the Moods and Feelings inventory (MF)

and the Short Mood and Feelings Questionnaire inventory (SMFQ). For earlier timepoints,

the mother assesses the child using these instruments, and for later timepoints the child

assesses himself using these instruments (see Table C.4 for a list of SMFQ inventory items).

ii. Educational variables While US data often codes educational attainment in years

of education, the ALSPAC codes educational attainment in terms of certifications, as is

typical of UK data. Parental education is indicated by one of five mutually exclusive cate-

gories (in order): certificate of secondary education, vocational degree, O-levels, A-levels,

and post-secondary degree. Parents with a certificate of secondary education, vocational

degree, or O-levels qualification all feature similar outcomes, whereas parents attaining

A-levels or a post-secondary degrees face better outcomes. For this reason, I often sum-
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marize educational attainment with a dummy variable indicating A-level qualifications or

a post-secondary degree.

For the children, the ALSPAC includes a greater variety of certifications. This partly

reflects changes in the educational options available to younger UK cohorts and partly re-

flects a more thorough assessment of child educational outcomes. Nevertheless, as with

older cohorts, A-levels certification is the single certification most predictive of better out-

comes.

Because children are about 20 years old in the latest available survey, few children who

will complete advanced degrees have done so. Pursuit of advanced degrees can be proxied

by educational enrollment of students at timepoint 20.

iii. Income, proxies for income, employment, occupation The ALSPAC includes coarse

measures of household income for the mother at timepoints 8 and 19 and personal income

for the child at timepoint 20. These variables lump income into buckets; twenty percent of

mothers report incomes in the highest bucket (greater than 48 thousand pounds per year).

In principle, consumption data in the ALSPAC could be used to infer permanent in-

come by assuming constant income expansion paths; however, poor data quality in the con-

sumption variables prevents this application. Consumption variables include rent/mortgage

payments at timepoints 4, 7, 8, 11 from surveys of the father as well as food and other

expenditures. These measures lump individuals into expenditure buckets. A large share

of respondents reported expenditures placing them in the highest bucket. For example,

about half of the participants fell into the highest consumption bucket for food expenditure.

Consequently, little variance in consumption variables can be used to predict household

income. Forecasts of household income using these consumption variables only weakly

correlate with observed household income.
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The ALSPAC includes measurements of maternal and paternal unemployment at time-

points -0.25, 0, 0.25, 0.75, 1.75, 9, 11, and 19. The measurements include questions about

recent job loss, e.g. “My partner lost his job since my child was 1 year old”, as well as

explicit questions about employment status and receipt of unemployment benefits.

The ALSPAC also includes a measure of “social class”, or broad occupational cate-

gories, for the parents, and this variable is assessed near the mother’s due date (time-point

0). Social class categories include “managers and senior officials”, “professional occu-

pations”, “administrative and secretarial occupations”, “associate professional and techni-

cal professions”, “skilled trade occupations”, “personal service occupations”, “sales and

customer service operations”, “process, plant, and machine operatives”, and “elementary

occupations.”

iv. Parenting behaviors The ALSPAC includes a rich set of instruments assessing par-

enting behaviors over multiple timepoints (see Table C.5 for examples of measured parent-

ing behaviors). Assessed behaviors include time spent in various activities with children,

such as physical play, cuddling, reading, and managing hygiene. These time-spent behav-

iors were measured at timepoints 0.5, 1.5, 3.2, 4.75, 5.5, 6.75, and 8.5.

Assessed parenting behaviors also include disciplinary methods, such as the use of

“time-outs” and corporal punishment as well as the manner in which the mother responds

to child tantrums. Different questions were administered in different periods, including

timepoints 2, 3.5, 6.5, and 16.5.

v. Parenting beliefs The ALSPAC also includes questions regarding how parents think

they ought to parent. These question include what parents believe to be appropriate punish-

ments (e.g. “Sometimes a good smack is the best way to discipline a child”), appropriate

nurturing interactions (e.g. “Cuddling a baby is very important”, “Talking to a baby is im-
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Table

Frequency with which…

Mother bathes child

Mother feeds child

Mother sings to child

Mother Reads to child

Mother plays with toys with child

Mother cuddles child

Mother plays pat‐a‐cake or similar games with child

Mother has physical play with child

Disciplinary methods: When child is naughty, mother…

Eventually gives in to child

Ignores child

Smacks child

Shouts at child

Sends child to room

Takes away treats

Tells child off

Bribes child

Normative parenting behavior

Eventually gives in to child

Ignores child

Smacks child

Shouts at child

Sends child to room

Takes away treats

Tells child off

Bribes child

 These questions administered at time points: 0.5, 1.5, 3.2, 4.75, 5.5, 6.75, and 8.5 

separately for both mother and father. 

Examples of Parenting Behavior and Parenting Belief Items

Values:  (1) Yes, usually.  (2)  Yes, sometimes. (3) Never.

Values:  (1) Almost daily. (2) 3‐5 times per week. (3) 1‐2 times per week. (4) Less than 

once per week. (5) Never. 

 These questions administered at time point: 3.5

Values:  (1) Yes, agree.  (2) Unsure, but agree. (3) Unsure, but disagree. (4) No, disagree.

 These questions administered at time point: 3.5

Table C.5: Subsample of parenting behaviors measured.
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portant”), and appropriate effort (e.g. “A baby should fit into parent’s routine”). Different

sets of questions are administered at timepoints 0, 1, 1.75, and 2.75.

vi. Stressors The ALSPAC includes a large set of variables measuring stressors – some

plausibly exogenous, others clearly endogenous.

Plausibly exogenous stressors include bereavement and muggings/burglaries (condi-

tional on expectations of muggings and burglaries). Bereavement variables include: loss of

a friend or relative, measured at timepoints -0.3, 0.6, 3, 9, and 19; loss of a child, measured

at timepoints -0.3, 0.6, 3, 9, and 19; and loss of partner, measured at timepoints -0.3, 0.6,

3, and 19.

Variables describing muggings and house/car burglary events are recorded at timepoints

-0.3, 0.2, 0.7, 1.75, 2.75, 9, and 11. Variables describing expectations of burglary and mug-

ging risk include the respondents assessment of the severity of muggings and burglaries in

the neighborhood, with scores ranging over: 1 - “A serious problem”; 2 - “A minor prob-

lem”; and 3 - “Not a problem”. These expectation variables were recorded at timepoints

-0.5, 5, 7, and 19.

Variables related to endogenous stressors include a social stress index, measures of

marital quality, measures of neighborhood characteristics, and measures of social support.

The social stress index (“weighted life events score”) includes items such as “convicted of

a crime since previous survey”, “became homeless since pervious survey”, “argued with

family or friends since previous survey”, “separated from partner since previous survey”,

and “had problems at work since previous survey.” The index gives greater weight to events

when the respondent reports that the event “affected me a great deal”. A full list of items

composing the index is available in Table C.6 . This social stress index was administered

at timepoints including -0.25, 0.25, 0.75, 1.75, 9, 11, and 19.
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Partner died 

One child died 

Friend or relative died 

One child ill 

Partner was ill 

Friend or relative ill 

Admitted to hospital 

In trouble with law 

Divorced 

Partner not wanted your child

Have been ill 

Partner lost job 

Partner had problems at work 

Partner had problems at work 

Lost job 

Partner went away

Partner in trouble with law 

You and partner separated 

Income reduced 

Argued with Partner 

Argued with family/friends 

Moved house 

Partner physically hurt you 

Became homeless 

Major financial problems

Have married 

Partner physical‐cruel to child 

Convicted 

Started a new job 

Partner emotionally cruel to you

Partner emotionally cruel to child

The weighted life‐events score calculates the sum of individual item scores, where events that 

did not occur receive a score of zero and events that did occur receive a score in proportion to 

how much the respondent claimed the event affected the respondent.  

ALSPAC administered this life‐events survey at multiple timepoints to both the mother and 

father, including timepoints ‐0.3, .0.3, 0.8, 1.8, 9, 11, and 19.  

Items Composing the Life Events Index

Table C.6: List of “life events” stressors
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Table 5.A.vi.b

1. Have no‐one to share feelings with

2. Partner provides emotional support needed

3. Share experiences with other dads/moms

4. Believe neighbours would help

5. Worry that partner might leave

6. Always someone to share joy of child rearing with

7. Partner will help if I am tired

8. Family would help with money problems

9. Friends would help with money problems

10. Believe state would help ultimately

Examples of Social Support Questions

Items are scored as: 1 ‐ "Felt exactly"; 2 ‐ "Often feel"; 3 ‐ "Sometimes feel"; 4 ‐ "Never feel".   

ALSPAC provides a summary index of these variables with items 1 and 5 reverse‐scored. 

These and simiarl questions are answered by both the mother or father at timepoints   

including ‐0.4, 0.2, and 5. 

Table C.7: List of “life events” stressors

Measures of social support assess the extent to which the respondent believes family,

friends, and neighbors would provide assistance when needed. Question prompts include “I

have no one to share my feelings with” and “friends would help if I had money problems”

(see Table C.7 ).

Measures of marital/partnership quality assess perceived affection, anger, and support

between partners. Examples include the frequency with which “my partner expresses affec-

tion to me”, “my partner discusses his feelings”, and “I express anger towards my partner”.

Such questions were assessed at timepoints -0.5, 0.75, 0.25, 0.75, 4, 8, 9, and 12 (see Table

C.8 ).
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Table 5.A.vi.c

Frequency with which:

Is your partner affectionate towards you?

Does your partner get angry with you? 

Does your partner listen to you when you want to talk about your feelings? 

Do you have arguments with your partner? 

Does your partner talk to you about your problems and feelings? 

Do you get angry with your partner? 

Do you enjoy the company of your partner? 

Does your partner show his approval of you? 

Do you behave affectionately towards your partner? 

My partner provides the emotional support I need. 

I'm worried that my partner might leave me. 

If I feel tired, I can rely on my partner to take over. 

Examples of Marital/Partnership Quality Questions

Items are scored as: 1 ‐ "Almost always"; 2 ‐ "Often"; 3 ‐ "Sometimes"; 4 ‐ "Barely"; 5 ‐ "Never".   ALSPAC also provides a summary index of 

these variables. 

These and similar questions are answered by both the mother or father at multiple timepoints, including timepoints ‐0.5, 0.75, 0.25, 0.75, 4, 8, 

9, and 12.  

Table C.8: List of marital quality questions
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B. Survey and item non-response

While the ALSPAC features minimal survey non-response rates, (see C.9 ), the ALSPAC

also features high item non-response rates; these non-responders compose a selected sub-

sample (see Tables C.10 and C.11 ).

Of particular note, depression is highly predictive of non-response. For example, moth-

ers who complete only one or two of eight EPDS depression inventories score about seven-

tenths of a standard deviation higher on their completed depression inventories than moth-

ers who complete all eight of the of the EPDS depression inventories. And 8.6 percent of

mothers did not complete any of the eight depression inventories. In general, non-response

corresponds with higher depression, worse educational attainment, and lower household

income.

This selected non-response presents three issues. First, those purported to be most

adversely affected by low affective capital are also those least measured. Thus, item non-

response eliminates much of the most useful variation, reducing power and potentially

introducing bias. These missing values can be imputed only by making strong ignorability

assumptions.

Second, depression inventory non-response will tend to introduce non-classical mea-

surement error into depression inventory scores. That is, suppose that depression inventory

scores in a non-selected sample yield classical measurement error about true depression

levels. And suppose the sample selects against those with high depression. Then those

scoring high in depression in the selected sample will tend to feature lower true depression

levels than their depression inventory scores indicate. This non-classical measurement er-

ror will tend to bias downwards any estimated associations between depression and worse

outcomes.
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Table 5.B.i.a

surv b surv a surv n

Ti
m
e Depres. 

Factor 

Educ >= 

A_Levels  HH Income 

a ‐0.010 0.358 20049
(0.0091) (0.0043) (83.63)

b 0.000 0.357 20028
(0.0091) (0.0043) (83.76)

c ‐0.023 0.353 20075
(0.0093) (0.0043) (83.78)

d ‐0.024 0.361 20071
(0.0093) (0.0044) (84.01)

e ‐0.040 0.369 20101
(0.0095) (0.0045) (84.26)

f ‐0.051 0.373 20117
(0.0096) (0.0046) (84.38)

g ‐0.063 0.385 20137
(0.0099) (0.0048) (85.21)

h ‐0.079 0.393 20132
(0.0102) (0.0050) (86.02)

j ‐0.075 0.391 20091
(0.0103) (0.0051) (85.93)

k 0.000 0.353 19997
(0.0091) (0.0043) (83.40)

l 0.000 0.353 19997
(0.0091) (0.0043) (83.40)

m 0.000 0.353 19997
(0.0091) (0.0043) (83.37)

n 0.000 0.353 19999
(0.0091) (0.0043) (82.06)

p 0.000 0.353 19998
(0.0091) (0.0043) (82.07)

q 0.000 0.353 19998
(0.0091) (0.0043) (82.07)

r 0.000 0.353 20000
(0.0091) (0.0043) (82.08)

s 0.000 0.353 19999
(0.0091) (0.0043) (82.10)

t 0.000 0.353 19997
(0.0091) (0.0043) (83.40)

Standard errors are in parenthesis.  The first two columns of data indicate the 

number of observations who (1) took the survey (2) repsonded to at least 50% of the

questions in the survey.  The third column of data indicates the average share of 

questions that study participants did not answer.  The final three column are means 

of variables among those who took the survey indicated by the row.  The final row in 

Su
rv
e
y

13719

13364

12578

12609

11848

11345

15202

15188

14732

10430

15099

15180

15208

14741

9754

9618

Took 

Survey

Limited survey non‐response

Means in subsamples

14736

14744

Table C.9: Survey non-response
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Table C.11: Selective non-response to depression inventories
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These first two issues may be especially problematic for uncovering associations be-

tween methylation and depression. Because ALSPAC analyzed methylation data from a

random sample only among those mother-child pairs who participated in all five clinic

visits, the methylation data is restricted to those with perfect clinic attendance rates. Un-

covering associations between depression and methylation in this subsample requires using

limited variation in biased depression inventory scores among those least depressed.

Third, the patterns of non-response are themselves consistent with the model of affec-

tive capital. The model of affective capital predicts that those with less affective capital

experience greater disutility from engaging in effortful tasks, such as survey completion.

Consequently, low affective capital itself causes item nonresponse. Consistent with this

hypothesis, parental depression inventory scores are significantly associated with item non-

response even when conditioning on parental education, but parental education is signifi-

cantly associated with item non-response only when not conditioning on parental depres-

sion inventory scores.
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Table 5.2

time survey b c e f g h r t

‐0.3 b 1.000
(0.000)

0 c 0.644 1.000
(0.007) (0.000)

0.2 e 0.510 0.560 1.000
(0.008) (0.008) (0.000)

0.7 f 0.502 0.545 0.597 1.000
(0.009) (0.008) (0.008) (0.000)

1.8 g 0.471 0.508 0.543 0.601 1.000
(0.009) (0.009) (0.008) (0.008) (0.000)

2.8 h 0.458 0.483 0.502 0.562 0.608 1.000
(0.009) (0.009) (0.009) (0.009) (0.008) (0.000)

11.2 r 0.376 0.383 0.394 0.407 0.457 0.474 1.000
(0.011) (0.011) (0.011) (0.011) (0.011) (0.011) (0.000)

19 t 0.356 0.379 0.386 0.393 0.430 0.426 0.475 1.000
(0.015) (0.015) (0.014) (0.014) (0.014) (0.014) (0.014) (0.000)

Autocorrelations in mother depression inventory factor scores

Auto‐correlations are in depression factors estimated from the Edinburgh Postnatal Depression Inventory.  Standard 

errors are in parenthesis.  "time" refers to the approximate number of years since the study child's birth.  Negative 

numbers indicate the approximate number of years before the study child's due date.   

Table C.12: Maternal Depression Autocorrelations

C. Inter- and intra-generational correlation structure of depression invento-

ries.

i.a Intragenerational depression autocorrelation structure The biological literature

suggests that long-lived stocks predispose individuals to depression. Such long-lived stocks

are essential for affective capital to be playing a role in intergenerational mobility. To inves-

tigate the persistence of depression, I estimated the autocorrelations of maternal depression

inventory factors based on the Edinburgh Post-Natal Depression Inventory administered

across multiple surveys (see Table C.12 and Figure C.1 ). The reader should keep in mind

that the test-retest correlations for most depression inventories are in the range of 0.75 to

0.9; and correlations between different depression inventories in non-clinical settings can
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Figure C.1. Maternal Depression Autocorrelations plotted against time between measure-
ments.
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run as low as 0.6, indicating substantial measurement error in depression inventories (for

example, see Beck et al., 1988). This measurement error in the tests will drive down both

short-run and long-run autocorrelations.

The observed correlation structure is inconsistent with an AR-1 process. An homoge-

neous AR-1 process fit to the short-run autocorrelation structure would imply much smaller

correlations at the longest intervals than those we observe in the data. Specifically, the cor-

relation between the depression inventory factors over intervals less than one year range

from about 0.5 to about 0.64. These correlations drop only modestly to around 0.47 when

considering intervals of eight years and 0.42 when considering intervals of sixteen years. In

my interpretation, correlations substantially below one over the shortest time-intervals indi-

cate transient measurement error, while correlations asymptoting to a positive number over

the longer intervals indicates variation in depression caused by person-specific constants.

Consonantly, these autocorrelations are consistent with large, transient measurement

error and person-specific constants in an AR-1 process. Imposing this structure implies

that transient measurement error explains nearly half of the variance in the depression in-

ventory factors, while person-specific constants explain most of the remaining variance.

In particular, suppose depression inventories follow a mean-reverting AR-1 process with

person-specific constants and a period specific measurement error term. That is, depres-

sion di,t for mother i at timepoint t is given by

di,t+1 = d̄i +
(
di,t − d̄i

)
δ + εi,t+1

where δ is an auto-regressive parameter with δ ∈ [0,1) and εi,t are i.i.d. shocks, so di,t

reverts to d̄i. Depression inventory factor scores are given by

d̃i,t = di,t + ei,t
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where ei,t is i.i.d. measurement error.

These equations imply the moment conditions

σ
2
d̄i
= σ

2
ε /
(

1−δ
2
)

σ
2
d = σ

2
ε /
(

1−δ
2
)
+σ

2
d̄i

σ
2
d̃ = σ

2
d +σ

2
e

C
[
di,t ,di,t+τ

]
= δ

τ
σ

2
d +

(
1−δ

τ
)

σ
2
d̄i

lim
τ→∞

C
[
di,t ,di,t+τ

]
= σ

2
d̄i

which feature a natural graphical interpretation. In the scatterplot of autocorrelations against

elapsed time, the curve fitting the scatterplot will asymptote at σ2
d̄i

and will intersect the y-

axis at 1−σ2
e . Thus, the length between 1 and the y-intercept indicates the share of variance

due to measurement error, the height of the asymptote indicates the share of variance due to

the permanent component ȳi, and the region inbetween indicates the share of variance due

to the transitory component σ2
ε /
(

1−δ 2
)

. Graphical inspection indicates that around 35%

of the variation in depression inventories is measurement error while an additional 40%

of the variation is due the permanent component, which leavese the transitory component

explaining the smallest portion of the variance.

Altogether, these autocorrelations are consistent with a long-lived biological stock pre-

disposing individuals to depression as is necessary for affective capital to be playing a

meaningful role in intergenerational mobility.

i.b Intergenerational depression autocorrelation structure The intergenerational trans-

fer of stocks predisposing individuals to depression – whether the mechanism is through
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genetics, direct epigenetic endowments, or parenting behaviors – is essential for affective

capital to be playing a role in intergenerational mobility. To investigate the extent to which

depression persists across generations, I estimate correlations between mother and child

depression over the survey periods (See Figure C.2s ).

Most saliently, the child depression factors after age 9 are all fairly strongly correlated

with the maternal depression factors from all periods. The relative timing of the depression

factors for the mother and child does not appear to relate to the magnitude of the correla-

tion coefficients. This should not be surprising given the persistence of maternal depression

and the noise generating time-series variation. In addition, this result is consistent with de-

pression inventory scores in the child being generated by a highly persistent state variable

which remains stable after early childhood, such as one due to genetic endowments, epi-

genetic endowments, or early childhood parenting inputs. Altogether, after accounting for

measurement error, the intergenerational correlation in depression is probably around 0.5

or higher3.

Two other features of these correlations deserve mention. First, the child’s depression

factors at ages 10 and 12 are more strongly correlated with maternal depression inventories

than the child’s depression factors at ages 14 and 18. This may partly be due to the survey

instruments used -- the depression factors for children at ages 10 and 12 were constructed

from survey responses provided by the mother about the child, while the later depression

3. Suppose that materenal depression inventory scores are given by θ̇ = ρθ +
(
1−ρ2

)1/2
ε and child

depression inventory scores are given by θ̇ ′ = ρ ′θ ′+
(
1−ρ ′2

)1/2
ε ′, where random variables θ̇ , θ , and ε are

standardized, ρ is the correlation between the depression inventory scores θ and actual depression θ , and ε

is measurement error. Then the correlation between maternal and child depression is given by

Corr
(
θ ,θ ′

)
=Corr

(
θ̇ , θ̇ ′

)
/ρρ

′

Supposeρ = 0.6 as an upper bound as argued before, and suppose that ρ = ρ ′, which is also a reasonable
upper bound on the quality of depression measurements of children. Taking an observed intergenerational
correlation Corr

(
θ̇ , θ̇ ′

)
of 0.3, this implies that Corr (θ ,θ ′) = 0.5. This is a back-of-the-envelope lower

bound. The intergenerational correlation in depression is probabably higher.
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Figure C.2. Mother-child depression correlations over the survey duration
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factors were constructed from surveys conducted by the child. This difference in utilized

survey instruments might generate higher correlations in one of two ways. One, the mother

might project her own depression symptoms when assessing her child, which would bias

upwards the estimated correlation. However, this source of bias should be seen with the

timepoint 8 child depression inventories as well. So, the dearth of significantly positive cor-

relations between maternal depression and child timepoint 8 depression would seem to rule

out this source of bias. Two, the mother might do a better job assessing the child’s mood

than the child does at assessing his own, which would imply there is greater measurement

error in the depression factors constructed from the adolescents’ survey responses.

Second, the depression factor for the age 8 child is significantly associated with the

mother’s depression factor for only two of the eight periods in which the mother was as-

sessed, and all estimated correlations are small. This may be because the instrument used

to assess depression in this period lacks validity or it could be because children of this age

do not reliably manifest depressive symptoms at this age even if these children have already

accrued the relevant biological stock. Either way, the available depression inventories for

children under the age of 9 are not of much use.
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APPENDIX D

D - ANALYSIS OF SURVEY DATA, CONTINUED

Stressors and parental depression

a. Bereavement shocks : For bereavement shocks to be useful as instruments for iden-

tifying the effects of parental affective capital on child outcomes or for identifying the

methylation changes caused by stress and associated with depression, these bereavement

shocks need to predict large and persistent changes in parental depression. In addition,

bereavement shocks should not predict depression in years prior to bereavement.

In the ALSPAC sample, bereavement shocks associate with only small, transient, and

often insignificant increases in depression scores (see Tables D.1 , D.2 , and D.3 ). Loss

of a friend or relative reliably predicts increased depression scores in that period; how-

ever, the magnitudes are small, and only rarely does bereavement significantly associate

with increased depression in subsequent surveys. Likewise, only in a few surveys does the

mother’s loss of her partner significantly associate with her depression in that survey, and

mother’s loss of her partner often significantly associates with lower depression in subse-

quent periods, contrary to expectations. Loss of a child significantly associates with much

larger increases in depression scores for the period in which the mother lost her child, but

these coefficients are estimated with less precision due to infrequency with which children

die. Depression in later periods does not robustly associate with loss of a child in earlier

periods.

The small and transient effects of bereavement on depression can be interpreted in two

ways. First, these small effects may indicate that psychosocial stress in adults generally

does not cause lasting changes to affective capital. For example, genetics are fixed and the

epigenetic stock may be established early in life. Second – and my preferred interpretation

– these small effects may indicate that bereavement in particular does not belong to the class
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Table 5.3.a

Bereavement 

survey b f h r t
time ‐0.3 0.6 2.7 11.2 19.0

survey: time:

b ‐0.3 ‐0.155 ‐0.109 ‐0.072 ‐0.083 ‐0.068
(0.028) (0.031) (0.032) (0.038) (0.047)

f 0.6 ‐0.046 ‐0.072 ‐0.006 ‐0.087 ‐0.067
(0.026) (0.025) (0.028) (0.033) (0.044)

h 2.7 ‐0.019 ‐0.042 ‐0.054 ‐0.022 ‐0.056
(0.023) (0.023) (0.023) (0.027) (0.036)

p 9.2 ‐0.021 ‐0.046 ‐0.036 ‐0.091 ‐0.113
(0.023) (0.023) (0.024) (0.025) (0.033)

t 19.0 ‐0.043 ‐0.037 ‐0.055 ‐0.063 ‐0.093
(0.031) (0.032) (0.032) (0.034) (0.033)

Death of a friend or relative and mother's depression

Edinburgh Post‐Natal Depression Factor

The rows indicate the survey in which bereavement was assessed.  'Time' indicates the number of years before 

the mother's due date or years after the birth of the child.  The columns indicate the respondent's depression 

inventory factor, using the Edinburgh Post‐Natal Depression inventory.  Parameter esimates come from 

bivariate regressions of the depression inventory factor on a bereavement indicator.  Standard errors are in 

parenthesis beneath the estimates.  Bolded estimates are significant at the 95% confidence level using two‐

tailed t‐test (not corrected for multiple hypothesis testing).    

Table D.1: Maternal depression and death of a friend or relative
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Table 5.3.b

Bereavement 

survey b f h r t
time ‐0.3 0.6 2.7 11.2 19.0

survey time

b ‐0.3 ‐0.539 ‐0.038 ‐0.648 ‐0.119 ‐1.060
(0.358) (0.255) (0.373) (0.355) (0.472)

f 0.6 ‐0.655 ‐0.644 0.339 0.560 0.518
(0.404) (0.421) (0.365) (0.230) (0.016)

h 2.7 ‐0.062 0.239 ‐0.637 0.045 0.371
(0.172) (0.111) (0.227) (0.157) (0.131)

p 9.2 ‐0.697 ‐0.498 ‐0.103 ‐0.949 ‐0.040
(0.333) (0.397) (0.349) (0.396) (0.264)

t 19.0 0.149 ‐0.033 0.199 0.564 ‐1.369
(0.321) (0.335) (0.276) (0.211) (0.394)

Death of a child and mother's depression

Edinburgh Post‐Natal Depression Factor

The rows indicate the survey in which bereavement was assessed.  'Time' indicates the number of years 

before the mother's due date or years after the birth of the child.  The columns indicate the respondent's 

depression inventory factor, using the Edinburgh Post‐Natal Depression inventory.  Parameter esimates come 

from bivariate regressions of the depression inventory factor on a bereavement indicator.  Standard errors are 

in parenthesis beneath the estimates.  Bolded estimates are significant at the 95% confidence level using two‐

tailed t‐test (not corrected for multiple hypothesis testing).    

Table D.2: Maternal depression and death of a child
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Table 5.3.c

Bereavement 

survey b f h r t

time ‐0.3 0.6 2.7 11.2 19.0

survey time

b ‐0.3 ‐0.231 ‐0.313 0.034 ‐0.028 ‐0.168
(0.240) (0.264) (0.315) (0.336) (0.449)

f 0.6 0.518 ‐0.476 0.214 0.318 0.632
(0.272) (0.457) (0.274) (0.523) (0.224)

p 9.2 ‐0.450 0.039 ‐0.256 0.084 ‐0.453
(0.317) (0.216) (0.277) (0.197) (0.292)

t 19.0 ‐0.340 0.050 ‐0.019 ‐0.711 ‐1.316
(0.321) (0.231) (0.275) (0.331) (0.203)

Death of a partner and mother's depression

Edinburgh Post‐Natal Depression Factor

The rows indicate the survey in which bereavement was assessed.  'Time' indicates the number of years 

before the mother's due date or years after the birth of the child.  The columns indicate the respondent's 

depression inventory factor, using the Edinburgh Post‐Natal Depression inventory.  Parameter esimates come 

from bivariate regressions of the depression inventory factor on a bereavement indicator.  Standard errors are 

in parenthesis beneath the estimates.  Bolded estimates are significant at the 95% confidence level using two‐

tailed t‐test (not corrected for multiple hypothesis testing).    

Table D.3: Maternal depression and death of partner
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of stressors that cause large lasting changes to affective capital. Rather, social stressors that

indicate to an individual his position within a social hierarchy may be more relevant. The

biological literature on social defeat stress in animal models provides suggestive support

for such a proposition. In experiments utilizing social defeat, a male rat is forced into

the territory of a stronger, socially dominant male rat; the stronger rat attacks the weaker

rat, which reliably causes depression-like behaviors in the smaller rat. This social defeat

experiment resembles fights seen among rats in wild mischiefs, where rats establish their

position in a hierarchy through fighting. Essentially, those stressors that cause depression

are very often indicative of social status. Such a class of stressors is inherently endogenous.

b. Burglaries and Muggings: Neither burglaries nor mugging events robustly associate

with maternal or paternal depression. In contrast, concerns about the prevalence of bur-

glaries and muggings in the mother’s neighborhood do strongly and significantly associate

with maternal depression.

Parental depression and parental socioeconomic outcomes

In the ALSPAC data, adolescent depression predicts adverse young adult outcomes. To

what extent do these adverse young adult outcomes anticipate adverse middle-aged out-

comes?

Parental depression predicts a variety of worse socioeconomic outcomes for parents:

lower household income, lower SES occupation, lower educational attainment, and higher

unemployment (see Tables D.4 , D.5 , and D.6 ). For example, a one standard deviation

decrease in depression predicts about half the change in household income associated with

an A-levels qualification – despite potentially severe error in the measurement of paternal

depression. Conditioning on other covariates does little to reduce the predictive content of

parental depression. Parental depression factors also significantly associate with parental
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Table

RHS vars (1) (2) (3) (4) (5) (6) (7) (8)

Father Dep. Mean 0.076 0.080 0.047 0.042
0.012 0.011 0.012 0.009
(0.007) (0.009) (0.004) (0.005)

{2.3E‐26} {4.6E‐19} {8.1E‐28} {5.1E‐17}

Mother Dep. Mean 0.027 0.028 0.024 0.024
0.004 0.004 0.004 0.004
(0.004) (0.005) (0.003) (0.004)

{4.1E‐13} {3.1E‐09} {1.3E‐13} {2.4E‐09}

A_levels ‐ father ‐0.070 ‐0.052
0.002 0.004
(0.015) (0.009)

{3.7E‐06} {1.4E‐08}

A_levels ‐ mother ‐0.027 ‐0.026
0.001 0.001
(0.009) (0.007)

{2.0E‐03} {3.6E‐04}

Yes Yes Yes Yes

R2 0.012 0.015 0.004 0.005 0.012 0.013 0.004 0.006

Obs. 11,242 8,753 13,653 10,102 11,242 8,753 13,653 10,102
Coefficients from regression of unemployment outcome on depression and covariates.  Partial explained variance in italix (coefficient squared time variance of 

corresponding RHS variable divided by variance of LHS variable).  Heteroskedastic robust standard errors in parenthesis.  P‐values in curly braces from a two‐

sided t‐test.  

Depression variables are the average of available EPDS depression inventory factors for each respondent over all available periods. 

Regressions of unemployment variables on long‐run depression averages

Included occupational 

dummies? 

Father MotherFather Mother
No. of surveys with job loss of: Reported job loss in any survey of:

Table D.4: Job loss and depression
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RHS (1) (2) (3) (4)

Mother Depression -3,349*** -2,311***
(357) (354)

Father Depression -1,156*** -1,276***
(323) (331)

Mother A-levels 8,433*** 4,846*** 5,072***
(571) (689) (709)

Father A-levels 5,898*** 2,553*** 2,382***
(571) (622) (638)

Father: Occupational Category
Manager/Senior Official 8,340*** 35,003***

(1,131) (2,402)

Professional 2,847*** 29,969***
(621.6) (2,276)

Administrative and Secretarial 3,255*** 29,961***
(1,087) (2,392)

Skilled Trade Occupation -1,709** 25,264***
(868.7) (2,241)

Personal Service Occupation -2,329** 25,048***
(1,160) (2,379)

Process, Plant, and Machine Operatives -3,420 23,485***
(2,267) (2,947)

Process, Plant, and Machine Operatives -3,546 24,225***
(4,421) (4,327)

Mother: Occupational Category
Manager/Senior Official 35,999*** 8,429***

(1,195) (2,477)

Professional 30,451*** 2,869
(825.9) (2,305)

Administrative and Secretarial 28,143*** 1,136
(686.5) (2,251)

Skilled Trade Occupation 26,547*** -7.248
(1,384) (2,569)

Personal Service Occupation 25,050*** -2,676
(1,223) (2,442)

Process, Plant, and Machine Operatives 27,096***
(2,290)

Observations 3,186 3,243 2,870 2,681
R-squared 0.04 0.131 0.199 0.218
Robust standard errors in parentheses,  *** p<0.01, ** p<0.05, * p<0.1

LHS: Household income, period t=19
Regressions of Household income on parental depression, education, and occupation

Table D.5: Parental depression is predictive of parental household income
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Table

RHS: SES variable Mother Father

Means by Occupational Category

Manager/Senior Official ‐0.201*** ‐0.046
(0.027) (0.041)

Professional ‐0.0951*** ‐0.0638***
(0.015) (0.018)

Administrative and Secretarial ‐0.124*** ‐0.0558***
(0.027) (0.016)

Skilled Trade Occupation ‐0.0280* 0.053
(0.016) (0.037)

Personal Service Occupation 0.028 0.001
(0.028) (0.033)

Process, Plant, and Machine Operatives 0.045 ‐0.012
(0.052) (0.069)

Armed Forces 0.511*** 0.011
(0.174) (0.666)

Attained A‐levels ‐0.141*** ‐0.0334*
(0.018) (0.020)

Houshold income in 10k lbs. ‐0.101*** ‐0.0645***
t=19 (0.009) (0.010)

Standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

LHS: Depression factor mean

Bivariate regressions of depression on SES variables

Table D.6: Means of depression by parental occupation, educational attainment, and house-
hold income.
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unemployment, including after conditioning on parental occupation and parental educa-

tional attainment. This association does not appear to be driven by unemployment causing

depression, as depression scores prior to unemployment and current depression scores cor-

relate about equally strongly with unemployment (see Table D.7 ).
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Table 

timepoints ‐0.25 0.25 0.75 1.75 9 11 19

‐0.25 0.025 0.010 0.001 0.006 0.005 0.003 0.003
0.009 0.003 0.000 0.001 0.001 0.000 0.000
(0.003) (0.002) (0.002) (0.003) (0.004) (0.003) (0.003)

{0.000} {0.000} {0.605} {0.017} {0.191} {0.304} {0.325}

0 0.024 0.004 ‐0.001 0.004 0.006 0.001 0.004
0.009 0.000 0.000 0.001 0.001 0.000 0.000
(0.003) (0.002) (0.002) (0.002) (0.004) (0.004) (0.003)

{0.000} {0.066} {0.712} {0.090} {0.089} {0.716} {0.223}

0.25 0.023 0.005 0.000 0.006 0.004 0.003 0.004
0.008 0.001 0.000 0.001 0.000 0.000 0.000
(0.003) (0.002) (0.002) (0.002) (0.003) (0.003) (0.004)

{0.000} {0.049} {0.849} {0.014} {0.294} {0.319} {0.270}

0.75 0.011 0.002 0.000 0.008 0.006 0.004 0.003
0.002 0.000 0.000 0.003 0.001 0.000 0.000
(0.003) (0.002) (0.002) (0.003) (0.003) (0.004) (0.004)

{0.000} {0.357} {0.860} {0.001} {0.102} {0.314} {0.409}

1.75 0.017 0.005 0.002 0.004 0.004 0.000 0.008
0.005 0.001 0.000 0.001 0.001 0.000 0.002
(0.003) (0.003) (0.002) (0.002) (0.003) (0.003) (0.003)

{0.000} {0.056} {0.467} {0.052} {0.202} {0.883} {0.013}

2.75 0.018 0.003 0.003 0.004 0.001 0.002 0.006
0.005 0.000 0.000 0.001 0.000 0.000 0.001
(0.003) (0.003) (0.002) (0.002) (0.003) (0.003) (0.004)

{0.000} {0.181} {0.168} {0.093} {0.696} {0.604} {0.071}

11 0.013 0.000 0.000 0.004 0.010 0.002 0.004
0.004 0.000 0.000 0.001 0.003 0.000 0.000
(0.003) (0.003) (0.003) (0.002) (0.004) (0.003) (0.003)

{0.000} {0.948} {0.873} {0.078} {0.012} {0.433} {0.214}

19 0.010 0.001 0.002 0.001 0.007 0.005 0.007
0.003 0.000 0.000 0.000 0.001 0.001 0.002
(0.004) (0.003) (0.003) (0.003) (0.005) (0.004) (0.003)

{0.009} {0.777} {0.637} {0.636} {0.168} {0.279} {0.027}

Job Loss Just Prior to This Survey

Coefficents from bivariate regressions of job loss indicator on maternal depression inventory factor.  Underlined coefficients 

are from corresponding timepoints.  Explained variance under coefficient estimates.  Standard errors in parenthesis.  P‐values 

in curly braces.  Bold coefficient estimates are significant at the 90% confidence interval, two‐sided t‐test.  Heteroskedstic 

robust standard errors.  Depression inventory factors calculated using EPDS surveys from respective timepoints.

Mother Dep. 

Inv. Fac. Score

Bivariate Regressions of Mother Job Loss on Depression

Table D.7: Maternal depression and job loss
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APPENDIX E

E - EXTENDED REVIEW OF RELATED ECONOMIC RESEARCH

My research builds on the skill formation literature, which explores the multifaceted nature

of human capital, the determinants of its formation, and its ramifications for mobility and

inequality.

While seminal economic work on intergenerational mobility treated human capital as

univariate and, essentially, identical to IQ (e.g. Becker and Tomes (1979)), such a unidi-

mensional view of human capital fails to adequately explain many labor market outcomes

Heckman et al. (2006); thus, the skill formation literature has expanded human capital

to include personality traits, health, genetics and preferences. In their survey of the skill

formation literature, Heckman and Mosso Heckman and Mosso (2014) encapsulate this

expansive interpretation of human capital in the notion of “skills”, where skills include all

personal characteristics that provide the capacity to act. Much work has focused on person-

ality traits, like conscientiousness, openness, neuroticism, and grit Borghans et al. (2008),

sometimes termed “non-cognitive skills” Cunha and Heckman (2008). Non-cognitive skills

are manifold. In some papers, non-cognitive skills refer to conscientiousness, a personal-

ity trait describing organization and industriousness. In other papers, non-cognitive skills

(including socio-emotional skills) refer to mental health – e.g. in depression in mothers or

behavioral problems in children Attanasio et al. (2016). A variety of such non-cognitive

skills are found to be plastic yet durable. Their plasticity renders them susceptible to mod-

ification; their durability allows the modifications to endure.

Skills also include preferences, so preference formation can be viewed as part of the

skill formation literature. For example, Becker et. al. Becker et al. (2014) develop a model

in which parents nurture feelings of filial obligation and guilt in their children so as to in-

duce these children to support parents in old age. With preferences so altered, parents can
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rely on children to earn a return on the investments parents place in their children, thus

increasing parental investments. In the same vein, Doepke and Zilibotti (2014) consider

how parental preferences interact with the socioeconomic environment to dictate a choice

between parenting archetypes described in Baumrind Baumrind (1971). In this economic

framework, authoritative parents shape the choices of children by altering the preferences

of children while authoritarian parents shape the choices of children by imposing puni-

tive constraints. In both cases, the preferences of parents and children play a key role in

dictating economically important investments.

Likewise, skills include health, genetic, and epigenetic traits to the extent that health,

genetic, and epigenetic traits shape the capacity to act. In this vein, Biroli Biroli (2014)

considers a genetic variant that alters the preference for calories. Consequently, exoge-

nous variation in preferences drives variation health investment and ultimately inequality

in health outcomes. Also, Cole et. al. Cole et al. (2012) probe the effects of depriving

rhesus macaque of maternal rearing on the transcriptome (which is related to epigenetics).

The stark changes in transcription indicate that early how early-life privations may drive

later-life variation in health and behavioral outcomes.

This skill formation literature pays special attention to the production of these skills,

most directly by estimating technologies of skill formation. In what has become the stan-

dard dynamic model, the skills of parents, skills of children, and investments of parents

enter into a dynamically nested CES production function; the skills of one period feed into

the production of skills in subsequent periods Heckman and Mosso (2014). Discussion of

this technology develops two key ideas: sensitive periods and dynamic complementarity.

Sensitive periods refer to ages during which investments are most productive at produc-

ing skills . Considerable evidence indicates that investments are most productive in the

youngest children Knudsen et al. (2006); Thompson and Nelson (2001); interventions tar-

geting adolescents or adults tend to perform poorly, while interventions targeting children
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often yield substantial and durable effects Heckman and Mosso (2014). On the other hand,

dynamic complementarity refers to how early investments increase the productivity of later

investments. Generally, this literature finds that different skills tend to be more substitu-

tionary early in childhood, but highly complementary in later childhood and highly com-

plementary across time. Both ideas guide interpretation of the evidence as well as policy

recommendations.

The dynamics of skill formation shed insight into a parallel literature on credit con-

straints. Limited evidence supports the proposition that credit constraints impede invest-

ment in adolescents. For example Carneiro and Heckman (2002) finds low returns to col-

lege education for marginal students, Taber and Cameron (2004) finds that the mincer return

to college exceeds the instrumented return to college, and Keane and Wolpin (2001) esti-

mate a structural model in which borrowing constraints are tight yet do not much impact

educational choices, all of which are difficult to reconcile with credit constraints lower-

ing educational attainment. However, a dynamic framework permits parents to be credit

constrained when children are young but not when children are older. Indeed, even with

limited access to capital markets, younger parents may choose to build a stock of precau-

tionary savings, sacrificing investment in younger children . In this light, bequests do not

imply the absence of credit constraints. Rather, credit constraints may operate insidiously,

preventing efficient investment in children and thereby reducing optimal investment in ado-

lescents.

The dynamic technology of skill formation motivates considering a larger variety of

human capital inputs just as the literature has considered a larger variety of human capi-

tal. Indeed, because non-cognitive skills feedback into production of future non-cognitive

skills, the non-cognitive skills of children in one period must be inputs into the production

of non-cognitive skills in the subsequent period. However, the skill formation literature

considers a larger variety of inputs than those directly implied by a dynamic model, includ-
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ing: the vocabulary to which children are exposed (need to find other citation, Fernald et al.

(2013)); parental altruism and preference formation; parental time, nutrition Attanasio et al.

(2016), and others.

Explicitly or implicitly, the skill formation literature develops the implications of dy-

namic complementarity and sensitive periods for economic mobility and, ultimately, in-

equality. For example, both sensitive periods and dynamic complementarity in the tech-

nology of skill formation may indicate that investments promoting skill formation are

most productive when focused on the young, particularly when credit constraints bind for

younger parents. Likewise, sensitive periods and dynamic complementarity indicate that

investing relatively more in the least able children can reduce inequality and improve ef-

ficiency even if the child’s skills in any one period complement investments Cunha and

Heckman (2007). Furthermore, the early substitutability of cognitive and non-cognitive

skills combined with the relative malleability of non-cognitive skills indicates that inter-

ventions designed to reduced inequality in capacities ought to target non-cognitive skills

in the young. These ideas justify early intervention on grounds of both efficiency and fair-

ness. Indeed, this explains why the literature has given so much space to evaluating early

childhood interventions.

My project contributes to the skill formation literature by developing the scope of hu-

man capital and by probing the technology of its formation.

My project explores a neglected dimension of human capital, both by developing the

concept of affective capital as as form of habit capital within an intergenerational frame-

work as well as by utilizing novel measurements of this human capital. In a habit formation

model, engaging in the habit forming activity reduces utility levels today but increases the

habit stock tomorrow; this larger habit stock increases utility levels whiles reducing in

magnitude the marginal disutility of the habit forming activity. In my framework, affective

capital follows the same pattern but within an intergenerational context. That is, investing
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in affective capital reduces the utility of the current generation but increases the stock of

affective capital for the next generation; this larger affective capital stock increases utility

levels while reducing in magnitude the disutility of investing in the third generation1. This

perspective parallels the skill formation literature’s interest in preference formation. Affec-

tive capital also provides a theoretical justification for linking investments and outcomes

with certain non-cognitive skills. For example, Attanasio et al. (2016) utilize parental

depression inventory scores and child behavioral problems as measures of non-cognitive

skills, which is somewhat unusual given that non-cognitive skills more often to personality

traits like conscientiousness. My approach helps to make sense of such a choice.

I measure affective capital using epigenetic data. Epigenetics are well suited to proxy

for certain aspect of human capital because they are durable yet plastic. When epige-

netic changes do not alter behavior outright, they can serve as proxies for other biological

changes causing behavior. However, epigenetics have not been much utilized in economic

research, perhaps because data containing both epigenetics and rich measures of economic

outcomes have only recently become available. I develop methodology that allows such

newly available epigenetic data to proxy for aspects of human capital.

My project also probes the technology of skill formation. For example, using epige-

netics allows me to directly measure human capital endowments at partum – an otherwise

challenging feat – and distinguishing these human capital endowment from early life in-

vestments may play a key role in understanding the technology of skill formation. As

developed in Cunha and Heckman (2007), the complementarity between skills intra- and

inter-temporally informs optimal timing of interventions. Interventions targeting a skill in

adults will fail to achieve a good return if production of that skill becomes inelastic in adult-

hood, suggesting that interventions should instead target children, where increments in skill

1. Surprisingly, this similarity is more than superficial. Chronic stress, especially in childhood, cause
changes to the brain and to behavior that strongly resemble the effects of drug abuse [FIND CITATIONS].
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can compound while the technology is most productive. However, other skills may remain

elastic in adulthood. If these other skills can be endowed to children or if these other skills

enhance parental investment in children, then interventions targeting adults may indeed

earn a good return for the subsequent generation – even if remediating such skills does not

much improve the labor market outcomes of the current generation. Affective capital may

be such a skill. Indeed, an incipient early-childhood intervention based in Charlottesville,

Virginia, treats the depressive symptoms of parents via cognitive-behavioral therapy in a

bid to improve parental inputs directed at children.

My project also provides insight into the appropriate measures of investment. Of note,

a rich psychology literature has probed the importance of maternal attachment to the child

Narita et al. (2000); Parker (1989); Roth and Sweatt (2011). Maternal attachment does not

requires goods. It does require time. But more importantly, it requires that the mother uses

the available time to interact with the child in particular ways. A specification of the tech-

nology of skill formation might neglect the manner of these interactions, instead estimating

reduced-form parameters on parental skills. For example, maternal depression associates

with less maternal attachment, so maternal affective capital could be treated as though it

were itself an investment in the child’s affective capital. However, doing so ignores that

depressed mothers can choose to express affective engagement through additional effort

Lovejoy et al. (2000). Ignoring this choice would introduce potentially non-classical mea-

surement error into a crucial variable. Some particular goods may also be important for

forming affective capital. For example, pet ownership may protect children from stressors

by blunting the hormonal stress response Polheber and Matchock (2014). Other goods may

be less efficacious. More generally, time and goods as broad categories may be too course

to measure the inputs most important for skill formation. Finer measures require theoretical

justification, and affective capital builds on such justifications.
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APPENDIX F

F - IDENTIFICATION OF LATENT VARIABLES USING

EPIGENETIC DATA

The Latent Variables Simultaneous Equations Model

The LVSEM treats (demeaned) methylation data as a linear function of unobserved mean-

zero latent variables

Mi︸︷︷︸
m×1

= Γ︸︷︷︸
m×k

θi︸︷︷︸
k×1

+ εi︸︷︷︸
m×1

LVSEM eqn. 1 (measurement system)

where Mi is the column vector of methylation beta values for person i, θi is a column vec-

tor of latent k variables for person i, Γ is a parameter matrix mapping latent variables onto

methylation data, and εi is a vector of residuals orthogonal to the latent variables. The co-

efficient matrix can be partitioned into column vector corresponding to each latent variable

Γ =

(
Γ1 Γ2 . . . ΓK

)
. I often refer to Γ j as the “methylation pattern” associated with

latent variable j. Without loss of generality, elements in the residual vector are orthogonal

to each other (correlated residuals can be decomposed into an uncorrelated component and

another latent variable). LVSEM eqn. 1 is equivalent to a measurement system in a linear

factor model, so I refer to this system as the measurement system.

In turn, the latent variables may be functions of latent variables and observed variables,

θi = ψθi +bxi +φi LVSEM eqn. 2 (latent variable DGP)

and other observed variables may be functions of these latent variables (and observed vari-

ables)

Y = αθi +βwi + εi LVSEM eqn. 3 (outcome equation)
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where α and β are coefficients, Yi is an outcome variable, wi is a vector of observed co-

variates, and εi is the residual.

One latent variable, θ1,i, caused in part by psychosocial stress and causing depression,

is of particular interest. While in principal, different stressors may alter different epigenetic

stocks, and different epigenetic (and non-epigenetic) stocks may cause different depression

symptoms, I abstract away from these, reifying affective capital as a single latent variable

θ1,i.

This perspective sheds light on several questions: how might depression-associated

biological stock θ1,i be forecasted using methylation data and a noisy estimate of θ1,i;

how might θ1,i be disentangled from correlated latent variables θ−1,i so as to admit a

causal model; and how might methylation data be used to refine interpretation of depression

inventory scores?

Forecasting from the perspective of the LVSEM

Calculate a leave-one-out forecast of depression-related epigenetic stock θ̂1,i for each per-

son i with the formula

θ̂1,i = θ̇1,−iM
′
−iMi

and rescale the forecasts to be mean zero and unit variance across the N observations,

where θ̇1,−i is the 1× (n−1) row vector of standardized depression inventory scores of

all persons other than person i and M−i is the m× (n−1) matrix of methylation column

vectors for each person other than i.

This formula is equivalent to running m bivariate regressions of depression invento-

ries on each methylation probe, forecasting depression for each regression, constructing a

weighted average of these forecasts where the weights are proportional to the variance of

the associated methylation probe, and standardizing the weighted average. These weights
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can be rationalized as those that would arise if the bivariate regressions were estimated with

ridge regression and the ridge regression penalty were arbitrarily large.

The LVSEM motivates this forecasting method. Forecasting depression-related epige-

netic stock using methylation data does not require disentangling the depression-related

stock from other latent variables in the measurement system. Define Γ
f
1 as the parameter

vector mapping θ1,i onto Mi when θ1,iis observed and the other confounding latent vari-

ables are not observed. That is, decompose θ−1,i into a component correlated with θ1,i and

a residual:

θ−1,i = ρθ1,i +θ
r
−1,i

then the measurement system can be rewritten as

Mi = (Γ1 +Γ−1ρ)θ1,i +
(

Γ−1θ
r
−1,i + εi

)
= Γ

f
1θ1,i + ε

f

where (Γ1 +Γ−1ρ)≡ Γ
f
1 and

(
Γ−1θ r

−1,i + εi

)
≡ ε

f
i . By construction,ε f

i is orthogonal to

θ1,i.

Preforming regression algebra on this equation yields the forecast estimator. Construct

the row vector θ1 =

(
θ1,1 θ1,2 . . . θ1,N

)
. Define

Γ̂
f
1 ≡Mθ

′
1
(
θ1θ
′
1
)−1

=Γ
f
1 + ε

f
θ
′
1
(
θ1θ
′
1
)−1

note that θ1θ ′1 is a scalar, so Γ̂
f
1 = κ1Mθ ′1 for some scalar κ1.
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Define

θ̂i ≡
(

Γ̂
f ′
1 Γ̂

f
1

)−1
Γ̂

f ′
1 Mi

=
(

Γ̂
f ′
1 Γ̂

f
1

)−1
Γ̂

f ′
1 Γ

f
1θi +

(
Γ̂

f ′
1 Γ̂

f
1

)−1
Γ̂

f ′
1 ε

f
i

Note that
(

Γ̂
f ′
1 Γ̂

f
1

)−1
is a scalar. So θ̂i = κ2Γ̂

f ′
1 Mi for some scalar κ2. Combining these

equations yields θ̂i = κ1κ2θ1M′Mi. Because θ̂i is renormed to be mean zero and unit

variance, the scalars can be omitted from the equation, thus yielding the forecast equation.

A noisy measure of θ1,i is sufficient to identify Γ
f
1 with attenuation bias. Consequently,

noise in the proxy biases forecasts towards zero. Such bias is irrelevant because the fore-

casts are standardized; asymptotically, noise in the proxy will not affect the rank ordering

of forecasts and will not affect correlations between the forecast and the thing forecasted.

The leave-one-out forecast for person i omits person i from the estimation of κ1Γ̂
f
1 , so

κ1Γ̂
f
1,−i = M−i,θ1,−i. Consequently, any correlation between the forecast θ̂i and observed

depression inventory scores should not be due to overfitting.

The forecast can be interpreted in three ways. First, it can be directly interpreted in

terms of the mapping implied by the LVSEM. Second, it can be interpreted as a ridge-

regression forecast using a large number of bivariate regressions and arbitrarily large ridge

penalty. Third, the forecast can be interpreted in terms of weighting depression similarity

of i and others in terms of epigenetic similarity. That is, the term M′−iMi describes the

epigenetic similarity of person i with each other person. Thus the forecastθ̇−i
(
M′−iMi

)
predicts person i’s depression from the depression levels of epigenetically similar persons.

One practical feature of this forecast is its computation time. For each person i, compu-

tation time when grouping matrix multiplication appropriately is O
(

N2K
)

where N is the

number of observations and K is the number of measurements. Because N is small and K is

large in my sample, a computation time linear in the number of measurements is desirable.
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The forecast must be interpreted warily. Any correlation between depression inven-

tory scores and the leave-one-out forecast of depression indicates that methylation data in

monocytes have predictive content. It is tempting to interpret such a forecast as a forecast

of the epigenetic stock caused by stressors and causing depression. Such an interpretation

is not warranted.
ˆ

Γ
f
1 confounds Γ1 with ρΓ−1. So, for example, smoking and obesity both

correlate with depression and both involve changes in methylation patterns. Consequently,

Γ1 could be a zero vector while ρΓ−1 is not. In this case, a forecast of depression using

methylation data exploits the predictive content of these correlated epigenetic stocks. It is

especially tempting to overinterpret the forecast of maternal depression using the child’s

cord blood. A high correlation indicates substantial information in the cordblood but does

not necessarily imply epigenetic endowments of affective capital.

Identifying affective capital requires disentangling θ1 from the other latent variables

θ−1,i.

Identifying θ1 in the LVSEM

In general, identifying θ1 with methylation data requires identifying the full coefficient

matrix Γ mapping all latent variables onto methylation data. This is a serious threat to

identification as the number of latent variables generating methylation data is potentially

quite large, and identifying the methylation patterns associated with all latent variables

may be unrealistic. Under what assumptions can one identify θ1,i without identifying the

methylation patterns Γ−1 associated with all other latent variables θ−1?

In the special case thatΓ′−1Γ1 = 0 (either in the full methylation data or in a subsam-

ple of methylation data), then identifying Γ1 is sufficient to identify θ1 (plus independent

forecast error, which approaches zero under some mild assumptions as the number of mea-

surements grows). Essentially, if and only if the methylation patterns corresponding with
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other epigenetic stocks are sufficiently dissimilar to the methylation pattern for θ1 can one

ignore these other stocks when estimating θ1; if other stocks feature similar methylation

patterns to θ1, then a change in one of these other stocks would be mistaken for a change

in θ1. Failure to identify the methylation patterns associated with these other stocks pre-

vents disentangling changes in these other stocks from changes in θ1. More precisely, an

estimate of θ1 using only Γ1 yields

θ̂1,i =
(
Γ
′
1Γ1
)−1

Γ1Mi

=θ1,i +
(
Γ
′
1Γ1
)−1

Γ
′
1Γ−1θ−1,i +

(
Γ
′
1Γ1
)−1

Γ
′
1εi

In expectation,
(
Γ′1Γ1

)−1
Γ′1εi = 0. However,

(
Γ′1Γ1

)−1
Γ′1Γ−1θ−1,i introduces correla-

tion between θ̂1,i and θ−1,i except in the event that Γ1 and Γ−1 are orthogonal. This is

a different problem than that of the latent variables being correlated; the latent variables

could all be orthogonal and the identification problem would remain.

This problem of identification threatens the use of estimated epigenetic stocks in other

analyses. In particular, suppose some outcome Yi (e.g. income) in LVSEM eqn. 3 is a

linear function of epigenetic stocks

Yi = θ1,iβ1 +θ−1,iβ−1 + εi

Furthermore, as a ’best case’ scenario, suppose that the latent variables are all mutually

orthogonal, so that θ−1,i can be omitted from a regression of Yi on θ1,i without biasing

the estimate of θ1,i. Because estimates of θ1,i are confounded with
(
Γ′1Γ1

)−1
Γ′1Γ−1θ−1,i,

the estimate of θ1,i will be correlated with θ−1,i even though θ1,i is not, causing omitted

variable bias.
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Utilizing exclusion restrictions

Exclusion restrictions on observed variables xi that generate the latent variables can be used

to identify a subset of vectors in the coefficient matrix Γ without requiring identification

of all parameters in the coefficient matrix. A sufficient assumption to identify Γ1 is that at

least one observed variable x1,i, conditional on other observed variables x2,i, affects only

θ1,i without affecting other latent variables itself. Formally, partition xi from LVSEM eqn.

2 into xi =

(
x1,i x2,i

)
where x1,i is a scalar and x2,i is a scalar or row vector and partition

b into b =

(
b1 b2

)
where b1 is a column vector and b2 is a column vector or a matrix;

likewise, partition ψ into column vectors ψ =

(
ψ1 ψ2 . . . ψk

)
which map each latent

variable onto the others. x1,i plays a role similar to that of an instrument in instrumental

variables regression.

In principle, θ1,i may affect other latent variables, so that multiple entries in ψ1 may be

non-zero. This could be through direct biological mechanisms or through behavioral mech-

anisms. For example, chronic changes in stress hormone levels in tandem with depression

can increase cardiovascular disease risk and cardiovascular disease may involve its own set

of associated methylation patterns. In this case, the entry in ψ1 mapping θ1 onto the epige-

netic latent variable(s) associated with heart disease would be non-zero. Likewise, changes

in diet or substance use caused by depression may in turn alter the methylation patterns

associated with diet or substance-use. Depending on the application, these channels can be

ignored. Assuming ψ1 =~0′ implicitly includes epigenetic stocks downstream of θ1 as part

of θ1. Under this interpretation, Γ1 would represent the cumulative changes in methylation

through immediate and downstream mechanisms (both directly biological and behavioral

mechanisms). Imposing ψ1 =~0′ represents a strong structural assumption, which may limit

external validity of any findings. For example, if depression increases smoking behavior,

then assuminxg ψ1 =~0′ includes in Γ1 those methylation changes caused by smoking in
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proportion to the amount that depression causes smoking. In a different population where

smoking is quite rare even among the depressed, assuming ψ1 =~0′ would identify a dif-

ferent parameter vector for Γ1. Forecasts trained in one population would be less accurate

when applied to another.

When x1,i is excluded from the equations generating other latent variables θ−1,i ⊥ x1,i |

x2,i and x2,i is not, regressing methylation data on x1,i and x2,i identifies Γ1, but does

not identify the methylation patterns for other stocks associated with x2,i unless additional

exclusion restrictions for these stocks are utilized. For expository purposes, suppose that

x1,i and x2,i both cause θ1,i, only x2,i causes θ2,i, and no observed variables cause only

θ2,i. Then one cannot identify Γ2 using these observed variables, but one can identify the

component of Γ2 residual to Γ1. That is, the methylation pattern Γ2 can be decomposed

into a linear combination of Γ1 and a residual vector Γ̇2: Γ2 = δΓ1 + Γ̇2. This residual

vector Γ̇2 can be identified.

In the event that Γ1 is identified but only the residual vector of Γ2 is identified, one

can nevertheless use epigenetic stocks estimated using Γ1 and the residual vector to Γ2 to

identify parameters on θ1 and θ2 in the outcome equation (LVSEM eqn. 3). Although the

estimate of θ1 is confounded with variation in θ2 because Γ2 is not identified and Γ′1Γ2 may

be non-zero, regressing an outcome variable on these estimates of θ1 and θ2 nevertheless

recovers the same coefficients that would be recovered if estimates of θ1 and θ2 were not

confounded. The intuition follows from residual regression.

Estimating θ1 with observed variables satisfying such an exclusion restriction places

heavy demands on the data. Because any variable that could plausibly satisfy the exclu-

sion restriction (e.g. bereavement) is unlikely to explain much of the variation of θ1 in

observational data, sampling variation in Γ1 will tend to be larger than if a proxy for θ1

which explains much of the variation in θ1 (e.g. depression inventory scores) were used to

estimate Γ1 +ρΓ−1.
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I consider using bereavement shocks as x1 variables satisfying the aforementioned ex-

clusion restriction; controlling for age and other covariates, bereavement is assumed to alter

the epigenetic stocks that psychosocial stress generally alters without altering other epige-

netic stocks. Unfortunately, more plausibly exogenous categories of bereavement (loss of

a pre-adolescent child) feature too little variance to be of use. Less plausibly exogenous

categories of bereavement (death of a friend or relative) are highly significant predictors of

increased depression in the contemporaneous survey, but do not predict long-run changes

in depression rates and do not explain much of the variation in depression rates, indicating

that these shocks are either underpowered for my sample or are not in the set of shocks that

cause lasting epigenetic changes. Stressors that explain a large share of variance in depres-

sion (relationship quality, social support, neighborhood quality) do not plausibly satisfy the

exclusion restriction.

Affective Capital

In this section I develop a latent variable model for reifying affective capital as an epigenetic

stock. This latent variable model identifies affective capital by utilizing observed variables

that are assumed to cause affective capital.

Utilizing the methylation data requires some form of data reduction. For each of the

roughly six-thousand observations in the ALSPAC with methylation data, the methylation

data contains hundreds of thousands of continuous variables1 each representing the extent

of methylation at a site on monocyte DNA. Using this data requires either preselecting

1. The beta-value at a methylation site describes the ratio of methylation signal intensity to total signal
intensity from the methylation probe; thus, the beta-value lies between zero and one. Logit transformation of
the beta-value yields the M-value; thus, the M-value lies between negative infinity and positive infinity, with
positive values indicating that more CpG islands are methylated than not.
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a small subset of theoretically relevant methylation sites or extracting summary variables

reflecting patterns variation within the methylation data as a whole. My approach assumes

that a linear function of small set of latent variables generates the methylation data, and one

of these latent variables is affective capital. Thus, my approach resembles a linear factor

model, at least superficially.

For this reason, description of my approach would first benefit from an overview of lin-

ear factor models and an explanation why these linear factor models may not be well-suited

to the task at hand. In a linear factor model, latent variables (’factors’, ’latent factors’, or

’common factors’) co-occurring in linear equations that determine the observed methy-

lation variables (’measurements’) generate the covariance between methylation variables

(’measurements’). Factor analysis recovers the coefficients on these latent variables (’load-

ings’) by interpreting the covariance of the methylation variables (’measurements’), and in

this sense resembles principal components analysis (indeed, sometimes exploratory factor

analysis begins with principal components analysis; other times exploratory factor analysis

utilizes maximum likelihood estimation or a method of moments). However, the measure-

ment covariance matrix can be decomposed in many ways, so identification of the loadings

and the factors requires additional assumptions. Some methods of factor analysis assume

that the factors are uncorrelated, which implies that factors occurring in mutually exclusive

sets of measurements do not contribute to the covariance between those measurements.

However, even with this assumption, the ’rotation’ of the factors is unidentified. That is,

the factors can be thought of as dimensions of the data, and a change of basis (rotating the

axes) will not alter the explanatory power of the factors; since parameters cannot be iden-

tified if changes in the parameters do not change the distribution of the data, the rotation

is not identified. A variety of rules of thumb suggest how to rotate the data for different

purposes (for a review of factor analysis, see Gorsuch, 1983).
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Factor analysis effectively serves two purposes: data reduction for data description

and the construction of reliable indices. While the seemingly arbitrary assumptions on

orthogonality of the factors and factor rotation would seem to preclude use of estimated

factors for recovering structural parameters on these factors, the factors can nevertheless

be used for data description. For example, survey responses may covary when the sur-

vey questions pertain to similar subject matter; factor analysis (or alternatively principal

components analysis) can summarize these responses as though all the questions were as-

sessing some smaller dimension of characteristics. Personality psychology makes use of

this approach when constructing the ’big five’ personality factors (John and Srivastava,

1999). Researchers rotate the factors so as to facilitate interpretation of the personality fac-

tors. Under the preferred rotation, questions pertaining to organization and industriousness

strongly ’load’ (to load on a factor is to have non-zero coefficients on that factor) have on

one factor (termed ’conscientiousness’) but not on other factors, questions pertaining to the

tendency to experience negative emotions load on a different factor (termed ’neuroticism’)

but not other factors, and so on. Because the factors load on subsets of questions that can

be easily interpreted, the factors themselves may be easily interpreted. These factors may

then be used in other empirical work, tracing the relationships between personality char-

acteristics and life outcomes. For instance, Cuijpers et al. (2010) find that the neuroticism

factor predicts higher healthcare expenditures and worse employment outcomes. Examples

of other descriptive applications of factor analysis include principal components analysis

of the yield curve (exe. Diebold et al., 2006) and factor analysis of electrical load curve

(Manera and Marzullo, 2005).

Factor analysis can also recover reliable indices. When researchers design a set of sur-

vey questions to assess precisely one trait but do not expect that responses to any single

question will strongly predict the trait, the researchers may assume that the survey re-

sponses load on a single factor and extract this factor using factor analysis (or sometimes
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just a simple index). For instance, IQ tests can extract the ’g’ factor (Kamphaus et al.,

1997), and depression inventories can extract a depression factor. In this context, the fac-

tors may be used in causal structural models because questions were designed to assess a

theoretically motivated factor.

Even when questions load on multiple factors, theory can allow the factors to be uti-

lized in structural work. A theoretically motivated dedicated measure exemplifies such an

approach. Specifically, theory may justify that a set of questions loads on two independent

factors, but a subset of questions (the ’dedicated measures’) loads on only one of these fac-

tors. This dedicated measure assumption pins down the rotation of the matrix because this

subset of questions may covary with other questions only through the factor upon which this

subset loads. Covariance between questions outside of this subset determines the loadings

on the other factor. Some economists have made use of this approach. For example, Kautz

and Zanoni (2014) assumes that high school test scores load on only the cognitive ability

factor but high school GPA and other academic outcomes load on both cognitive ability and

conscientiousness. Other theoretically motivated interpretation of factors includes the use

of principal components as controls in genome-wide association studies (Beauchamp et al.,

2011). That is, the law of independent assortment combined with non-assortative mating

implies that alleles on different genetic loci should be uncorrelated within a given ethnic

or geographic population. However, genetic drift can cause shifts in allelic frequencies be-

tween populations in what is called ’genetic stratification’. Thus, correlation in alleles can

be interpreted as arising from ethnic or geographic background. Then the principal com-

ponents capture this ethnic background and may be used to control for ethnic background

when regressing outcomes on alleles (thus precluding so-called ’chopstick effects’ from

the estimated effects of the allele).

While factor analysis might appear useful for recovering an affective capital latent vari-

able, several problems riddle this approach. These problem stem from a currently limited
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understanding of the epigenome and how the epigenome affects phenotype. Although a

rich biology literature indicates that stressors affect methylation broadly, and that stressors

often alter methylation at specific sites, the current research does not preclude that other en-

vironmental features do not also alter methylation at these sites. Consequently, one cannot

justify treating methylation at such sites as dedicated measures of affective capital. As an

alternative, one might be tempted use non-methylation measures as dedicated measures of

affective capital, and use the covariance between these non-methylation measures (such as

depression inventories) and methylation to identify the loadings on affective capital in the

methylation data. Unfortunately, such an approach would require that the affective capital

factor does not covary with other epigenetic factors. If, for example, those with low affec-

tive capital also exercise less or smoke more, and exercise and smoking affect methylation,

then such a factor analytic approach will attribute the changes in methylation due to exer-

cise and smoking to the affective capital factor. While this confoundedness might not be

too problematic for more descriptive work, this confoundedness will prevent using affective

capital in a structural model, where, for example, the econometrican may want to utilize

an exogenous stressor that shifts affective capital without changing smoking behavior or

exercise.

My latent variable approach does not place assumptions on the covariance structure of

the factors, does not require assumption on the rotation of loadings, and does not require

dedicated measures; instead, my approach utilizes exclusion restrictions on some observed

variables purported to cause the latent factors (in combination with some weak assumptions

regarding the coefficients on the latent variables, to be formally elucidated). These exclu-

sion restrictions allow identification of factor loadings from a regression of measurements

on the causal variables. Thus, my approach offers a useful alternative to more standard fac-

tor analytic approaches when: theory indicates that certain observed variables exogenously

cause a latent variable after conditioning on covariates; theory cannot justify excluding all
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but one factor from some measurements; subsequent analysis requires requires distinguish-

ing a factor of interest from other factors that correlate with it.

Concretely, the ALSPAC data includes variables describing whether individuals have

been mugged and whether their homes have been burglarized (as well as other quasi-

exogenous stressors, such as bereavement). Muggings and burglaries cause substantial

stress, so that rates of depression spike after falling victim to either (Phillips et al., 2015;

Browning et al., 2012). Thus, it is reasonable to assume that these events cause changes

in methylation typically caused by stressors. However, the risk of being mugged or bur-

glarized will be be a function of location of residence, which may be correlated with

other things that cause changes in methylation (for example, obesity may cause changes in

methylation patterns; obesity is correlated with socioeconomic status; and socioeconomic

status may correlate with living in high crime areas). Consequently, changes in methylation

associated with adverse life events cannot be interpreted as the effects of those adverse life

events. But the ALSPAC data affords controls for confounding variables. Specifically, the

ALSPAC data includes variables describing individual’s expectations about the likelihood

of being mugged or having their homes burglarized. Under a rational expectations assump-

tion, being mugged or having one’s house burglarized is independent of other things that

affect methylation after conditioning on the expectation of these events occurring.

It bears emphasizing that my empirical strategy makes use of burglary and other condi-

tionally exogenous stressors not because these stressors are a primary, or even secondary,

mechanism retarding intergenerational mobility, but rather because burglary victimization,

conditional on individual’s rational expectations over burglary victimization, allows iden-

tification of a latent variable whose transmission may in fact substantially retard intergen-

erational mobility. With the latent variable’s methylation coefficients identified, the extent

of the factor’s intergenerational transmission can be measured as well as the mechanisms

governing its transmission.
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To preview my formal discussion: first, I set up a linear measurement system of la-

tent latent variables and two linear processes where observed variables generate the latent

variables; second, I describe the conditions under which one can identify the latent vari-

able coefficients from the measurement system and observed variables; third, I show how

violation of a central assumption prevents unbiased estimates of the latent variable but,

nevertheless, may not imperil subsequent structural analysis using the misidentified latent

variable. Fourth, I discuss how the number of measures and observations affect error on

latent variable estimates. Fifth, I discuss conditions under which one can account for mea-

surement error in latent variable estimates in finite samples.

Formally, I treat methylation levels at K different sites Mi ≡
(

M1,i M2,i . . . MK,i

)′
as measures of latent variables θi ≡

(
θAK,i θ2,i θ3,i . . . θJ,i

)′
in a linear latent vari-

able model with coefficients Γ
K×J
≡
(

Γ1 Γ2 Γ3 . . . ΓJ

)

Mi = Γθi + εi

where εi =

(
ε1

i ε2
i . . . εK

i

)′
are the uniquenesses (that is, εk ⊥ εk′ if k 6= k′). The

observed univariate variables xi and wi generate two of the latent variables θAK,i and θ2,

where xi would be stressful life events such as burglaries and wi would be expectations of

those burglaries occurring (my approach does not require that xi and wi be univariate, but

this assumption speeds exposition):

θAK,i = xiβAK,x +wiβAK,w + εAK,i

θ2,i = wiβ2,w + ε2,i

I normalize the coefficients βAK,x = 1 and β2,w = 1, which defines the units of θAK,i and

θ2,i and is permissible under the assumption that βAK,x 6= 0, β2,w 6= 0. I also assume Γ1 6= 0
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and Γ2 6= 0. Crucially, I assume that the equations generating all latent variables other than

θ AK exclude xi: E
[
ε2,i | xi

]
= 0, C

(
θ j,i,xi

)
= 0 ∀ j 6= AK,2. However, identification of

the latent variable coefficients does not require that E
[
εAK,i | xi

]
= 0 as I can simply treat

the component of εAK,i correlated with xi as part of xi, which simply affects interpretation

of the units of θAK,i. I also assume that C
(
θ j,i,wi

)
= 0 ∀ j 6= AK,2, which is to say that

conditioning variables wi are uncorrelated with the “residual latent variables”, although

I suspect that this assumption can be relaxed (or reinterpreted) under certain conditions

without harming identification of structural parameters on Γ1 or θAK,i.

Substituting the equations generating the latent variables into the measurement system

yields the reduced form equation

Mi = Γ1xi +
(
Γ2 +Γ1βAK,w

)
wi +

(
Γ3 Γ4 . . . ΓJ

)(
θ3,i θ4,i . . . θJ,i

)′
+εi + εAK,iΓ1 + ε2,iΓ2

= Γ1xi + Γ̃2wi + ε̃i

Note that the residual from the reduced form regression ε̃i contains the latent variables

θ3,i through θJ,i (which I term the “residual latent variables”), uniquenesses εi, and the

residuals from the equations generating θAK,i and θ2,i . Together, I term the sum of the

residual latent variables and the uniquenesses εi the “measurement residual”. I include the

residual latent variables in this model to aid discussion of measurement error in forecasts

of the θAK and θ2 latent variables.

Claim 0: The structural parameter vector Γ1 and the reduced form parameter vector Γ̃2

are identified.

Proof: Under the above assumptions, E [ε̃i | xi,wi] = 0 (with methylation levels de-

meaned), thus OLS assumptions are satisfied (as the sample size grows large; the number

of measurements do not affect identification of the coefficients for any given measurement).

132



Claim 1: The structural latent variable coefficient vector Γ2 can be recovered if Γ1 is

orthogonal to Γ2 in the sense that Γ′1Γ2 = 0; the structural latent variable coefficient vector

Γ2 cannot be identified without restrictions on the parameter space.

Proof: To prove the first half of the claim, note that

(
Γ
′
1Γ1
)−1

Γ
′
1Mi

= xi +βAK,wwi +
(
Γ
′
1Γ1
)−1

Γ
′
1Γ2wi +

(
Γ
′
1Γ1
)−1

Γ
′
1ε̃i [eqn. 1]

and
(
Γ′1Γ1

)−1
Γ
′
1Γ2wi = 0 if Γ′1Γ2 = 0. Thus, βAK is identified. With βAK identified,

Γ2 is identified from the equation Γ̃2−Γ1βAK,w = Γ2. It is trivial to prove the second

half of this claim when there is only one w variable: the first measurement contains three

parameters and two independent variables, and each subsequent measurement adds two

additional parameters and two additional moment restrictions. Thus, identifying all of the

parameters requires some restriction on the parameter space. It can be shown that when

there are multiple w variables, Γ2 still cannot be identified if Γ1 6⊥ Γ2, but instead Γ2− sΓ1

is identified for some scalar s. Note that
(
Γ′1Γ1

)−1
Γ
′
1Γ2 is a scalar, so that the regression

estimate of βAK,w converges to
◦
β AK,w ≡ βAK,w +

(
Γ′1Γ1

)−1
Γ
′
1Γ2, and the estimate of the

coefficient vector Γ2 converges to
◦

Γ2 ≡ Γ2−Γ1
(
Γ′1Γ1

)−1
Γ
′
1Γ2.

Intuitively, any resemblance between Γ1 and Γ̃2 could be caused by either a resem-

blance between the coefficient vectors Γ1 and Γ2, wi having an effect on θAK,i, or any

combination of the two. Assuming that Γ1 ⊥ Γ2 essentially imposes that Γ2 does not re-

semble Γ1. When this assumption is false, the above estimation residualizes the weights of

Γ2.

For future reference, recall the definition

◦
Γ2 ≡ Γ2−Γ1

(
Γ
′
1Γ1
)−1

Γ
′
1Γ2
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Claim 2: If Γ2 is estimated under the assumption that Γ1 ⊥ Γ2, and this assumption is

false, then forecasts of both θAK,i and θ2,i will be inconsistent.

Proof: The proof is in secion C.

Claim 3: Define θAK−2,i as the vector
(

θAK,i θ2,i

)′
; likewise, define

◦
θ AK−2,i as

the forecast of θAK−2,i by using Γ1 and
◦
Γ2. Furthermore, suppose that the forecast error

contributed by the residual latent variables θ3, . . . ,θJ and the uniquenesses εi is small. Then

regressing a variable on
◦
θ AK−2,i will identify the same coefficients as those from regressing

on θAK−2,i.

Proof: I have proven this by verifying that
(◦

θ

′
AK−2,i

◦
θ AK−2,i

)−1 ◦
θ

′
AK−2,iθAK−2,i

equals the identity matrix. The proof consists of long and tedious matrix algebra, which are

included in section C. Because
(◦

θ

′
AK−2,i

◦
θ AK−2,i

)−1 ◦
θ

′
AK−2,iθAK−2,i equals the identity

matrix, premultiplying a regression term θAK−2,iβ by the pseudo-inverse(◦
θ

′
AK−2,i

◦
θ AK−2,i

)−1 ◦
θ

′
AK−2,i will yield the regression coefficient β . Combined with the

fact that
◦
θ AK−2,i is orthogonal to the error term whenever θAK−2,i, this implies that regres-

sion of an outcome on
◦
θ AK−2,i will asymptotically yield the same result as the regression

of the outcome on θAK−2,i.

Intuitively, this result can be explained in light of residual regression. Specifically,

regressions on the inconsistent latent variable estimate nevertheless yields consistent re-

gression parameters because
◦
Γ2 is the component of Γ2 residual to Γ2; and regression on a

forecast calculated from ’regression’ using Γ1 and
◦
Γ2 residualizes the loading coefficients

anyway.

In light of claim 3, the somewhat strong assumption that Γ1 ⊥ Γ2 may not be too prob-

lematic for using the estimated factors in subsequent analysis.

Claim 4: Error in the latent variable estimates due to the uniqueness and residual latent

variables will grow arbitrarily small as the number of measures grows if (1) the variance of
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the latent variable coefficients for additional measurements does not approach zero or in-

finity, and the expected value of latent variable coefficients for additional measurements do

not approach infinity in absolute value, and (2) if either (A) the latent variable coefficients

for the residual latent variables are orthogonal to the latent variable coefficients Γ1 and Γ2

or (B) the contribution of the residual latent variables to the covariance between measures

grows arbitrarily small.

Condition [1] stipulates that the additional measures added remain relevant but not too

relevant, which allows a law of large numbers to be applied, averaging out the forecasts of

a factor from many different measurements. Condition [A] stipulates that changes in the

measures caused by changes in residual latent variables do not affect forecasts of θAK or

θ2. Condition [B] essentially stipulates that the residual factors account for a trivial portion

of the covariance of measures.

Proof sketch: Proof sketch is in section C.

Claim 5: The variance-covariance structure of the latent variables θAK and θ2 is identi-

fied if the latent variable coefficients Γ1 and Γ2 are known and are orthogonal to the latent

variable coefficients for the residual factors; if the variance-covariance structure of θAK and

θ2 is identified and the latent variable coefficients Γ1 and Γ2 are orthogonal to the latent

variable coefficients for the residual latent variables, then the variance of the measurement

error on θAK and θ2 can be estimated (such as when the number of measurements is small).

This claim allows the econometrician to adjust for measurement error on the latent

variables when using these latent variables in subsequent analysis.

Proof: Proof is in the appendix.

To summarize, my approach allows identification of a latent variable of interest (as

well as its coefficients) in a linear measurement system when the econometrician observes

variables purported to cause only the latent variable of interest after conditioning on control

variables. This approach requires: a linearity assumption (which can be somewhat relaxed),
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an exclusion restriction (on the variables purported to cause the latent variable of interest),

orthogonality of coefficients on latent variables (violations of which may not impede use

of the latent variable in subsequent structural work), and that the number of measures is

large (under some regularity conditions). The advantage of this latent variable approach

is that it allows researchers to extract meaningful latent variables from epigenetic data

for subsequent structural work without requiring the typical assumptions utilized in factor

analysis which are unlikely to apply with methylation data. The key assumption required

for this approach is that the econometrician observes variables that he can assume cause

only the latent variable of interest (after controlling for other observed variables).

C) Proofs and proof sketches for latent variable approach

Claim 2: If Γ2 is estimated under the assumption that Γ1 ⊥ Γ2, and this assumption is

false, then forecasts of both θAK,i and θ2,i will be inconsistent.

Proof: The proof is a tedious computation but it should be unsurprising.

Throughout the following derivations and proofs I make heavy use of the fact that Γ1

and Γ2 are column vectors, so Γ′iΓ j for i, j ∈ {1,2} is a scalar; thus transposing or com-

muting this scalar is a permissible manipulation. To save space, define Ω≡
(
Γ′1Γ1

)−1
Γ′1.

Call
◦
θ ′ ≡

(◦
Γ

′ ◦
Γ

)−1 ◦
Γ

′
M, the forecast of θ using Γ1 and

◦
Γ2 when Γ1 and Γ2 are not

orthogonal. This equals
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[1] :
◦
θ =

 Γ′1

Γ′2−ΩΓ2Γ′1

(Γ1 Γ2−Γ1Γ′2Ω′
)−1 Γ′1

Γ′2−ΩΓ2Γ′1

M

[2] : =

 Γ′1Γ1 Γ′2Γ1−ΩΓ2Γ′1Γ1

Γ′2Γ1−ΩΓ2Γ′1Γ1 Γ′2Γ2−2ΩΓ2Γ′1Γ2 +ΩΓ2Γ′1Γ1Γ′2Ω′

−1 Γ′1

Γ′2−ΩΓ2Γ′1

M

[3] : =

 Γ′1Γ1 Γ′2Γ1−
(
Γ′1Γ1

)−1
Γ′1Γ2Γ′1Γ1

Γ′2Γ1−Γ′1Γ2 Γ′2Γ2−2
(
Γ′1Γ1

)−1
Γ′1Γ2Γ′1Γ2 +

(
Γ′1Γ1

)−1
Γ′1Γ2Γ′1Γ1Γ′2Γ1

(
Γ′1Γ1

)−1

−1 Γ′1

Γ′2−
(
Γ′1Γ1

)−1
Γ′1Γ2Γ′1

M

[4] : =

 Γ′1Γ1 Γ′2Γ1−Γ′1Γ2

Γ′2Γ1−Γ′1Γ2 Γ′2Γ2−4
(
Γ′1Γ1

)−1
Γ′1Γ2 +Γ′1Γ2Γ′2Γ1

(
Γ′1Γ1

)−1

−1 Γ′1

Γ′2−
(
Γ′1Γ1

)−1
Γ′1Γ2Γ′1

M

[5] : =

Γ′1Γ1 0

0 Γ′2Γ2−4Γ′1Γ2
(
Γ′1Γ1

)−1
+2Γ′1Γ2

(
Γ′1Γ1

)−1

−1 Γ′1

Γ′2−
(
Γ′1Γ1

)−1
Γ′1Γ2Γ′1

M

[6] : =
1(

Γ′2Γ2Γ′1Γ1−2Γ′1Γ2
(
Γ′1Γ1

)−1
Γ′1Γ1

)
Γ′2Γ2−2

(
Γ′1Γ1

)−1
Γ′1Γ2 0

0 Γ′1Γ1

 Γ′1

Γ′2−
(
Γ′1Γ1

)−1
Γ′1Γ2Γ′1

M

[7] : =
1(

Γ′2Γ2Γ′1Γ1−2Γ′1Γ2
)
Γ′2Γ2−2Γ′1Γ2

(
Γ′1Γ1

)−1 0

0 Γ′1Γ1

 Γ′1

Γ′2−
(
Γ′1Γ1

)−1
Γ′1Γ2Γ′1

M

[8] : =
1(

Γ′2Γ2Γ′1Γ1−2Γ′1Γ2
)
Γ′2Γ2Γ′1−2Γ′1Γ2

(
Γ′1Γ1

)−1
Γ′1

Γ′1Γ1Γ′2−Γ′1Γ2Γ′1

M

where step 1 comes from the regression formula, step 2 multiplies vectors inside the in-

verse, step 3 substitute in Ω, step 4 simplifies by utilizing the fact that Γ′iΓ j is a scalar,

step 5 cancels more terms, step 6 computes the inverse of a 2x2 matrix, step 7 simplifies

further, and step 8 multiplies the inverse matrix times
◦
Γ′. This derivation shows that the

unbiasedness of the forecast of θ from
◦
Γ is ensured only when Γ1 and Γ2 are orthogonal

(in the statistical sense). When they are orthogonal, then the forecast is

(Γ′2Γ2Γ′1Γ1−2Γ′1Γ2
)−1

(
Γ′2Γ2Γ′1−2Γ′2Γ1

(
Γ′1Γ1

)−1
Γ′1

)
(
Γ′2Γ2Γ′1Γ1−2Γ′1Γ2

)−1 (
Γ′1Γ1Γ′2−Γ′1Γ2Γ′1

)
M

=

(Γ′1Γ1
)−1

Γ′1(
Γ′2Γ2

)−1
Γ′2

M

as one would expect.

137



Claim 3: Define θAK−2,i as the vector
(

θAK,i θ2,i

)′
; likewise, define

◦
θ AK−2,i as

the forecast of θAK−2,i by using Γ1 and
◦
Γ2. Furthermore, suppose that the forecast error

contributed by the residual factors θ3, . . . ,θJ and the uniquenesses εi is small. Then re-

gressing a variable on
◦
θ AK−2,i will identify the same coefficients as those from regressing

on θAK−2,i.

Proof: I have proven this by verifying that
(◦

θ

′
AK−2,i

◦
θ AK−2,i

)−1 ◦
θ

′
AK−2,iθAK−2,i

equals the identity matrix, but the proof consists of long and tedious matrix algebra. Intu-

itively, this result can be explained in light of residual regression (residual regression refers

to the fact that a regression on variables h and z will yield the same estimates as a regres-

sion on h and the residual to the regression of z on h; this is why regression captures the

ceteris paribus relationships between dependent and independent variables). Specifically,

regressions on the inconsistent factor estimates nevertheless yields consistent regression

parameters because
◦
Γ2 is the component of Γ2 residual to Γ1; and regression on a forecast

calculated from ’regression’ using Γ1 and
◦
Γ2 residualizes the loading coefficients anyway.

First, some auxilary computations demonstrate that
◦
Γ

( ◦
Γ′
◦
Γ

)−1 ◦
Γ′=Γ

(
Γ′Γ
)−1

Γ′. Com-

pute components of
◦
Γ

( ◦
Γ′
◦
Γ

)−1 ◦
Γ′:

( ◦
Γ
′ ◦
Γ

)

=

 Γ′1Γ1 Γ′1Γ2−Γ′1Γ1Γ′2Ω′

Γ′1Γ2−Γ′1Γ1Γ′2Ω′ Γ′2Γ2−2Γ′2Γ1Γ′2Ω′+ΩΓ2Γ′1Γ1Γ′2Ω′



=

 Γ′1Γ1 Γ′1Γ2−Γ′1Γ1Γ′2Γ1
(
Γ′1Γ1

)−1

Γ′1Γ2−Γ′1Γ1Γ′2Γ1
(
Γ′1Γ1

)−1
Γ′2Γ2−2Γ′2Γ1Γ′2Γ1

(
Γ′1Γ1

)−1
+
(
Γ′1Γ1

)−1
Γ′1Γ2Γ′1Γ1Γ′2Γ1

(
Γ′1Γ1

)−1



=

 Γ′1Γ1 Γ′1Γ2−Γ′2Γ1

Γ′1Γ2−Γ′2Γ1 Γ′2Γ2−4Γ′2Γ1
(
Γ′1Γ1

)−1
+2Γ′2Γ1

(
Γ′1Γ1

)−1



=

Γ′1Γ1 0

0 Γ′2Γ2−2Γ′2Γ1
(
Γ′1Γ1

)−1



138



( ◦
Γ
′ ◦
Γ

)−1

=
1

Γ′1Γ1

(
Γ′2Γ2−2Γ′2Γ1

(
Γ′1Γ1

)−1
)
Γ′2Γ2−2Γ′2Γ1

(
Γ′1Γ1

)−1 0

0 Γ′1Γ1



=
1

Γ′1Γ1Γ′2Γ2−2Γ′2Γ1

Γ′2Γ2−2Γ′2Γ1
(
Γ′1Γ1

)−1 0

0 Γ′1Γ1



◦
Γ

( ◦
Γ
′ ◦
Γ

)−1

=
1

Γ′1Γ1Γ′2Γ2−2Γ′2Γ1

(
Γ1 Γ2−Γ1Γ′2Ω′

)Γ′2Γ2−2Γ′2Γ1
(
Γ′1Γ1

)−1 0

0 Γ′1Γ1


=

1
Γ′1Γ1Γ′2Γ2−2Γ′2Γ1

(
Γ1Γ′2Γ2−2Γ1Γ′2Γ1

(
Γ′1Γ1

)−1
Γ2Γ′1Γ1−Γ1Γ′2Ω′Γ′1Γ1

)
=

1
Γ′1Γ1Γ′2Γ2−2Γ′2Γ1

(
Γ1Γ′2Γ2−2Γ1Γ′2Γ1

(
Γ′1Γ1

)−1
Γ2Γ′1Γ1−Γ1Γ′2Γ1

)

◦
Γ

( ◦
Γ
′ ◦
Γ

)−1 ◦
Γ
′

= κ

(
Γ1Γ′2Γ2−2Γ1Γ′2Γ1

(
Γ′1Γ1

)−1
Γ2Γ′1Γ1−Γ1Γ′2Γ1

) Γ′1

Γ′2−ΩΓ2Γ′1


= κ(

[
Γ1Γ

′
2Γ2−2Γ1Γ

′
2Γ1

(
Γ
′
1Γ1

)−1
]

Γ
′
1

+
[
Γ2Γ

′
1Γ1−Γ1Γ

′
2Γ1

][
Γ
′
2−ΩΓ2Γ

′
1
]
)

= κΓ1Γ
′
2Γ2Γ

′
1−2Γ1Γ

′
2Γ1

(
Γ
′
1Γ1

)−1
Γ
′
1 +
[
Γ2Γ

′
1Γ1Γ

′
2−Γ1Γ

′
2Γ1Γ

′
2
]

+
[
−Γ2Γ

′
1Γ1ΩΓ2Γ

′
1 +Γ1Γ

′
2Γ1ΩΓ2Γ

′
1
]

= κ(Γ1Γ
′
2Γ2Γ

′
1−2Γ1Γ

′
2Γ1

(
Γ
′
1Γ1

)−1
Γ
′
1 +
[
Γ2Γ

′
1Γ1Γ

′
2−Γ1Γ

′
2Γ1Γ

′
2
]

+
[
−Γ2Γ

′
1Γ1

(
Γ
′
1Γ1

)−1
Γ
′
1Γ2Γ

′
1 +Γ1Γ

′
2Γ1

(
Γ
′
1Γ1

)−1
Γ
′
1Γ2Γ

′
1

]
)

= κ(Γ1Γ
′
2Γ2Γ

′
1−2Γ1Γ

′
2Γ1

(
Γ
′
1Γ1

)−1
Γ
′
1 +Γ2Γ

′
1Γ1Γ

′
2−Γ1Γ

′
2Γ1Γ

′
2

+−Γ2Γ
′
1Γ2Γ

′
1 +Γ1Γ

′
1Γ2

(
Γ
′
1Γ1

)−1
Γ
′
1Γ2Γ

′
1)

= κ(Γ1Γ
′
2Γ2Γ

′
1−2Γ1Γ

′
1

[
Γ
′
1Γ2

(
Γ
′
1Γ1

)−1
]
+Γ2Γ

′
2
[
Γ
′
1Γ1

]
−Γ1Γ

′
2
[
Γ
′
2Γ1

]
+−Γ2Γ

′
1
[
Γ
′
1Γ2

]
+2Γ1Γ

′
1

[
Γ
′
1Γ2

(
Γ
′
1Γ1

)−1
]
)

= κ
(
Γ1Γ

′
1
[
Γ
′
2Γ2

]
+Γ2Γ

′
2
[
Γ
′
1Γ1

]
−Γ1Γ

′
2
[
Γ
′
2Γ1

]
+−Γ2Γ

′
1
[
Γ
′
2Γ1

])
= κ

(
Γ1Γ

′
2Γ2Γ

′
1 +Γ2Γ

′
1Γ1Γ

′
2−Γ1Γ

′
2Γ1Γ

′
2 +−Γ2Γ

′
2Γ1Γ

′
1
)

where κ = 1
Γ′1Γ1Γ′2Γ2−2Γ′2Γ1

. So ◦
Γ

( ◦
Γ′
◦
Γ

)−1 ◦
Γ′ = 1

Γ′1Γ1Γ′2Γ2−2Γ′2Γ1

(
Γ1Γ′2Γ2Γ′1 +Γ2Γ′1Γ1Γ′2−Γ1Γ′1Γ2Γ′2 +−Γ2Γ′1Γ2Γ′1

)
Now compute Γ

(
Γ′Γ
)−1

Γ′:
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Γ
(
Γ
′
Γ
)−1

Γ
′

= κ

(
Γ1 Γ2

) Γ′2Γ2 −Γ′1Γ2

−Γ′1Γ2 Γ′1Γ1

Γ′1

Γ′2


= κ

(
Γ1Γ′2Γ2−Γ2Γ′1Γ2 −Γ1Γ′1Γ2 +Γ2Γ′1Γ1

)Γ′1

Γ′2


= κ

([
Γ1Γ

′
2Γ2−Γ2Γ

′
1Γ2
]

Γ
′
1 +
[
−Γ1Γ

′
1Γ2 +Γ2Γ

′
1Γ1
]

Γ
′
2
)

= κ
(
Γ1Γ

′
2Γ2Γ

′
1−Γ2Γ

′
1Γ2Γ

′
1−Γ1Γ

′
1Γ2Γ

′
2 +Γ2Γ

′
1Γ1Γ

′
2
)

This shows that
◦
Γ

( ◦
Γ′
◦
Γ

)−1 ◦
Γ′ = Γ

(
Γ′Γ
)−1

Γ′.

This fact allows us to solve for
◦
B in terms of B:

plim
◦
B

[1] =

( ◦
θ
′ ◦
θ

)−1 ◦
θ
′
θB

[2] =

(( ◦
Γ
′ ◦
Γ

)−1 ◦
Γ
′MM′

◦
Γ

( ◦
Γ
′ ◦
Γ

)−1)−1( ◦
Γ
′ ◦
Γ

)−1 ◦
Γ
′MM′Γ

(
Γ
′
Γ
)−1 B

[3] =

(( ◦
Γ
′ ◦
Γ

)−1 ◦
Γ
′MM′

◦
Γ

( ◦
Γ
′ ◦
Γ

)−1)−1( ◦
Γ
′ ◦
Γ

)−1 ◦
Γ
′MM′

◦
Γ

( ◦
Γ
′ ◦
Γ

)−1 ◦
Γ
′
Γ
(
Γ
′
Γ
)−1 B

[4] =
◦
Γ
′
Γ
(
Γ
′
Γ
)−1 B

[5] =

 Γ′1

Γ′2−ΩΓ2Γ′1

(Γ1 Γ2

)Γ′1Γ1 Γ′1Γ2

Γ′1Γ2 Γ′2Γ2

−1

B

[6] =

 Γ′1Γ1 Γ′1Γ2

Γ′2Γ1−ΩΓ2Γ′1Γ1 Γ′2Γ2−ΩΓ2Γ′1Γ2

Γ′1Γ1 Γ′1Γ2

Γ′1Γ2 Γ′2Γ2

−1

B

[7] = κ

 Γ′1Γ1 Γ′1Γ2

Γ′2Γ1−ΩΓ2Γ′1Γ1 Γ′2Γ2−ΩΓ2Γ′1Γ2

 Γ′2Γ2 −Γ′1Γ2

−Γ′1Γ2 Γ′1Γ1

B

[8] = κ

 Γ′1Γ1Γ′2Γ2−Γ′1Γ2Γ′1Γ2 −Γ′1Γ1Γ′1Γ2 +Γ′1Γ2Γ′1Γ1

Γ′2Γ1Γ′2Γ2−ΩΓ2Γ′1Γ1Γ′2Γ2−Γ′2Γ1Γ′1Γ2 +ΩΓ2Γ′1Γ1Γ′1Γ2 −Γ′2Γ1Γ′1Γ2 +ΩΓ2Γ′1Γ1Γ′1Γ2 +Γ′2Γ2Γ′1Γ1−ΩΓ2Γ′1Γ2Γ′1Γ1

B

[9] = κ

 Γ′1Γ1Γ′2Γ2−2Γ′1Γ2 0

Γ′2Γ1Γ′2Γ2−
(
Γ′1Γ1

)−1
Γ′1Γ2Γ′1Γ1Γ′2Γ2−2Γ′2Γ1 +

(
Γ′1Γ1

)−1
Γ′1Γ2Γ′1Γ1Γ′1Γ2 χ

B

[10] = κ

Γ′1Γ1Γ′2Γ2−2Γ′1Γ2 0

0 Γ′2Γ2Γ′1Γ1−2Γ′2Γ1

B

[11] = B

where κ ≡ 1
Γ′1Γ1Γ′2Γ2−2Γ′1Γ2

and χ ≡−2Γ′2Γ1 +
(
Γ′1Γ1

)−1
Γ′1Γ2Γ′1Γ1Γ′1Γ2 +Γ′2Γ2Γ′1Γ1−

(
Γ′1Γ1

)−1
Γ′1Γ2Γ′1Γ2Γ′1Γ1

Step [1] uses OLS, where
◦
θ ⊥ ε . Step [2] substitutes in for

◦
θ . Step [3] uses the

fact that Γ
(
Γ′Γ
)−1

= Γ
(
Γ′Γ
)−1

Γ′Γ
(
Γ′Γ
)−1

=
◦
Γ

( ◦
Γ′
◦
Γ

)−1 ◦
Γ′Γ

(
Γ′Γ
)−1. Step [4] can-
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cels
( ◦

Γ′
◦
Γ

)−1 ◦
Γ′MM′

◦
Γ

( ◦
Γ′
◦
Γ

)−1
with its inverse. Step [5] substitutes in the definition of

◦
Γand Γ. Step [6] multiplies vectors. Step [7] calculates the inverse of a 2x2 matrix. Step

[8] multiplies the two matrices. Step [9] cancels terms and substitutes in for the definition

of Ω. Step [10] cancels terms. Step [11] divides the scalars inside the matrix by the scalar

multiplying the matrix, yielding the identity matri

Claim 4: Error in the factor estimates due to the uniqueness and residual factors will

grow arbitrarily small as the number of measures grows if (1) the variance of the loadings

for additional measurements does not approach zero or infinity, and the expected value of

loadings for additional measurements do not approach infinity or negative infinity, and (2)

if either (A) the loadings for the residual factors are orthogonal to the loadings Γ1 and Γ2

or (B) the contribution of the residual factors to the covariance between measures grows

arbitrarily small.

Condition [1] stipulates that the additional measures added remain relevant but not too

relevant, which allows a law of large numbers to be applied. Condition [A] stipulates that

changes in the measures caused by changes in residual factors do not affect forecasts of

θAK or θ2. Condition [B] essentially stipulates that the residual factors account for a trivial

portion of the covariance of measures.

Proof sketch: The measurement system residual causes error in forecasts of the factors

θAK and θ2. The mean of the uniquenesses across measurements will tend towards zero

as the number of measurements grows large by the law of large numbers. If the (absolute

value) of weights on these measurements do not shrink to zero or approach infinity in

expectation as the number of measurements grows arbitrarily large (e.g., all weights are

drawn from a normal distribution), then the measurement error on the factors caused by the

uniquenesses will shrink to zero. However, the mean of the residual factors is unaffected

by the number of measurements. If the weights for these residual factors are correlated
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with Γ1 and Γ2, then the residual factors generate a correlation in measurement error for

θAK and θ2 across measurements, and this does not vanish asymptotically. But if instead

the factor loadings for the residual factors are orthogonal to the factor loadings for θAK,i

and θ2,i, then this error correlated across measurements does not affect forecasts of θAK

and θ2.

Claim 5: The variance-covariance structure of the factors θAK and θ2 is identified if the

loadings Γ1 and Γ2 are known and are orthogonal to the loadings for the residual factors;

if the variance-covariance structure of θAK and θ2 is identified and the loadings Γ1 and Γ2

are orthogonal to the loadings for the residual factors, then the variance of the measurement

error on θAK and θ2 can be estimated (such as when the number of measurements is finite).

Proof: Define γ j,k as the factor loading for factor j of measurement k. That is, γ1,k

would be the row k parameter in Γ1.

The covariance between measures is a function of the factor loadings Γ1 and Γ2, the

variance and covariance terms of θAK and θ2, and the covariance of the measurement resid-

uals caused by residual factors:

C
[
Mi,k1 ,Mi,k2

]
= γ1,k1γ1,k2V [θAK ]+ γ2,k1γ2,k2V [θ2]

+
(
γ1,k1γ2,k2 + γ1,k2γ2,k1

)
C [θAK ,θ2]+ fk1,k2

with the γ’s already identified, a regression of the measure covariances on the above func-

tion of the γ’s will identify the variance and covariance terms of θAK and θ2 if the OLS

assumptions are satisfied – if fk1,k2 are orthogonal to the γ’s. Given the structure of the

problem, the residual factors generate the residual covariance terms fk1,k2 . If the factor

loadings for the residual factors are orthogonal to the factor loadings Γ1 and Γ2, then fk1,k2

is orthogonal to the γ’s.
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D) Alternative factor analytic methods for identifying affective capital with

epigenetic markers

I have considered two alternative methods for identifying the latent factor θAK . These

alternative methods are more standard but depend upon implausible assumptions. The

first alternative method uses dedicated measures while the second alternative method uses

the covariance between methylation measures and depression inventory scores, which are

affected by the same chronic stressors that affect the methylation levels.

1) Dedicated Measures

Experimental murine evidence finds that chronic stress changes methylation levels at par-

ticular sites. In humans, methylation levels at analogous sites associate with a past expe-

rience of severe stressors. Let Ω be the set of sites at which stressors are known to alter

methylation. Let Mk
i be the level of methylation at site k for person i.

Assume that methylation at sites in Ωload on only affective capital (that is, the Ω sites

are dedicated measures).

Mk
i = θ

AK
i γ

AK
k + ek

i ∀k ∈Ω

where γAK
k is the loading on affective capital for measure k. This assumption implies that

the error terms ek
i are uniquenesses ek

i ⊥ ek′
i , k 6= k′. Assuming θ k

i has unit variance, three

measures are sufficient to identify γk up to sign and to identify the variance of the unique-

nesses.

While this approach identifies the loadings for affective capital under assumption the

dedicated measures assumption, the assumption is implausible. The sites in Ω are asso-

ciated with genes involved in many pathways, and the methylation at these sites may be
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affected by aspects of the environment unrelated to chronic stress and unimportant for the

effects of chronic stsress, generating correlation in the uniquenesses and thus error in the

factor forecasts (and potentially non-classical error).

One might be tempted to include another factor θ¬AK
i allowing for measures in Ω to be

correlated with measures not in Ω:

Mk
i =


θ AK

i γAK
k +θ¬AK

i γ¬AK
k + ek

i ∀k ∈Ω

θ¬AK
i γ¬AK

k + ek
i ∀k 6∈Ω

This approach relaxes the assumption that sites in Ωare dedicated measures of θ AK , but

does so at the expense of making the stronger and less plausible assumption that the other

measures are dedicated measures of the alternative factor θ¬AK . That is, the set of sites

Ωmust include all sites whose methylation is affected by stressors, and only one other

factor generates correlation in methylation between sites in Ω and sites outside of Ω.

2) Covariance between measures of affect and epigenetics

Because the stressors affecting epigenetics also cause depression, it is reasonable to assume

that depression inventory items correlate with the methylation changes caused by stressors.

Assume a linear factor model where only the affective capital latent variable θ AK has

non-zero loadings in both the methylation measures and depression inventory scores. One

additional factor may generate correlation within depression inventory items and several

different factors may generate correlation within methylation measures without impairing

identification. Factors are orthogonal to each other and of unit variance.
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Formally, the measurement system can be expressed as

Mk
i = γ

AK
k θ

AK +θ
RC

Γ
RC
k + ε

M

Dl
i = γ

D
l θ

AK + γ
CE
l θ

CE + ε
D

where γAK
k is the scalar loading for affective capital on methylation measure k, θ AK is

the affective capital latent variable, θ RC
k is a ’residual correlation’ vector of factors, ΓRC

k

is a vector of loadings, εM and εD are uniquenesses, Mk
i is methylation measure k, Dl

i is

depression inventory item l, and θCE is a ’correlated error’ factor. While θCE may be

literally interpreted as a measurement error that is correlated across depression inventory

items, it captures any component of depression inventory scores unrelated to epigenetics.

Because θ RC
k is uncorrelated with θ AK and θCE , the factor structure is similar to a tri-

angular loading pattern, which is identified up to sign if there are enough measures with

different loadings. Allowing additional factors to generate correlations among the methyla-

tion measures does not thwart identification. To prove this, note that factor loadings for the

depression inventory items are identified up to a rotation matrix without using the methy-

lation measures. Thus, the factor estimates will be a rotation of the true factors plus some

measurement error. In turn, the estimated coefficients from a regression of methylation

measures on these factor estimates (with the correction for measurement error) will be a

rotation of the coefficients from a regression of methylation measures on the true factors.

Because the methylation measures are assumed to load on only one of the depression in-

ventory factors, the correct rotation matrix will yield regression coefficients of zero for one

of the factors. This rotation matrix comes from the set non-trivial of 2x2 rotation matrices

and is characterized by one parameter; a unique value of this rotation parameter will yield

regression coefficients of zero for one of the factors. Thus, the rotation is identified.
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Although this model is identified, it depends on the assumption that θ RC ⊥ θ AK , which

is not likely to be true. Specifically, depression correlates with socioeconomic status, diet,

exercise, and other things that may directly or indirectly affect epigenetics. As a conse-

quence of this assumption being violated, the correct loadings for the methylation measures

will not be identified. This becomes problematic when θ AK is used as an outcome in sub-

sequent analysis. That is, an instrument may shift parental inputs into the child’s affective

capital. If these inputs do not also shift θ RC in proportion to the population covariance be-

tween θ RC and θ AK , the instrumental variable regression will yield incorrect estimates of

the effect of these parental inputs on the child’s affective capital, and the structural model

will understate the role of parenting inputs in the population distribution of affective capital.
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APPENDIX G

G - REVIEW OF HUMAN STUDIES ASSOCIATING

METHYLATION TO DEPRESSION AND RELATED

PHENOTYPES

Research exploring associations between human outcomes and methylation falls into two

broad camps: Methylome-Wide Association Studies (MWAS) and candidate methylation

studies. In an MWAS, researchers perform univariate regressions of some outcome or ex-

posure on a large number of methylation probes, reporting significant probes after control-

ling for the family-wise error rate (most often using the Benjamini-Hoxburg correction).

Candidate studies focus research on sites that prior biological research indicates may be

important for the relevant outcome. Below I report relevant results from both strands of

literature.

Recent MWAS studies have recovered methylome-wide significant probes for a vari-

ety of stress and depression associated phenotypes. Several prominent examples, which I

revisit in the empirical section, include:

• Depression– Nemoda et al. (2015) predict history of maternal depression using the

infinium 450k on 44 neonatal cord blood samples, 62 post-mortem adult offspring

hippocampal slices, and 38 antenatal maternal blood samples (which are acutely

small sample sizes). They find 145 methylome-wide significant probes in the cord

blood, 2520 in the hippocampal slices, and none in the maternal blood.

• Cortisol abnormalities– Depression often features alterations in the diurnal varia-

tion of cortisol as well as increases in average cortisol levels, so methylation changes

that associate with cortisol abnormalities are also likely to associate with depression.
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Indeed, many mouse models find that psychosocial stress causes aberrant methyla-

tion near the NR3C1 mineralocorticoid (cortisol) receptor gene in a variety of tissues.

– Glad et al. (2017) predict free urinary cortisol and CRH stimulated cortisol

response in remitted Cushing’s disease patients (N=48 women) and controls

(N=16 women) using infinium 450k methylation data. Several of their epigenome-

wide significant probes are near or on the NR3C1 mineralocorticoid receptor

gene.

– Houtepen et al. (2016) perform a methylome-wide association study on stress

reactivity in sample of 85 adults. Several probes were methylome-wide signifi-

cant, including one for the KITLG gene, which had previously been implicated

in the stress response. Childhood trauma predicted stress reactivity and pre-

dicted methylation of the KITLG gene, but adult trauma did not.

• Inflammation – Depression associates with greater systemic inflammation. Bränn

et al. (2017) predict post-partum depression using a large set of inflammatory biomark-

ers in prepartum mothers. For genes corresponding to the Bonferroni significant in-

flammatory biomarkers, the authors investigate methylation on 29 associated probes.

Only two are significant at the 95 percent level, but none after a Bonferroni correc-

tion.

• Abuse – Cecil et al. (2016) perform a methylome-wide association study in a sample

of 124 high-risk inner-city youth on three dimensions of self-reported abuse: sexual

abuse, physical abuse, and physical neglect. They find a large set of methylome-wide

significant probes for each category of abuse. There is no overlap in methylome-wide

significant probes for each category of abuse.
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Several facets of these studies deserve mention. First, all of these studies suffer from small

sample sizes, and they are underpowered to reliably detect weaker associations. Second,

no single probe is methylome-wide significant in more than one of the above studies. This

might be surprising in light of the similar exposures/phenotypes considered. These first two

facets suggest that depression is likely to feature modest associations with a large number of

probes, but strong associations with no probes. Third, stronger relationships exist between

methylation and depression when brain tissue is sampled instead of blood. This suggests

that methylation data from whole blood performs worse at predicting depression-associated

biological stock than methylation data from other tissue samples.

Candidate probe studies focus attention on probes near genes that have been previously

implicated in the relevant phenotype: for stress and depression, probes near the NR3C1

mineralocorticoid receptor gene (which is involved in stress hormone signaling) have gar-

nered the most attention. For example, Oberlander et al. (2008) investigate the relationship

between maternal depression, infant methylation at a site near the NR3C1 gene in blood

samples, and infant stress reactivity, finding that increased methylation at the site associ-

ated with both higher maternal depression and increased infant stress reactivity. See also

Conradt et al. (2016).

I revisit these studies in my data analysis with two aims. First, I verify the extent

to which methylation for the above probes are indeed associated with depression. This

verification can be interpreted as testing the joint hypothesis that the above probes are not

associated with depression and that the ALSPAC sample is of sufficient quality to uncover

associations between depression and methylation data. Second, I seek to utilize results of

these studies as a prior, allowing me to restrict attention to probes that are putatively less

noisy. This can permit a more accurate forecast of depression using methylation data.
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APPENDIX H

H - EPIGENETIC ANALYSIS, CONTINUED

I compute bivariate regressions of all remaining methylation probes for different measures

of depression over different timepoints. For the mother, I utilized depression inventory

factors in close proximity to the period in which blood was drawn as well as an average of

non-missing depression inventories over all periods. The average of depression scores may

have two advantages over the time-point specific depression measure. First, the average

will better proxy for long-lived stocks than the one-time depression scores, and so may

do a better job predicting persistent epigenetic modifications. Second, such an average

imputes missing values, thus increasing power.

I apply a t-test for on the null hypothesis that the probe M-value is not associated with

the depression measure. For each sample and depression measure set, I store the p-values

for each test.

7.C.i Second-stage regression: annotation data are informative

For the p-values collected on bivariate regression of time-point 15 mother methylation on

the time-point 12 maternal depression factor, I regress the stored p-values on annotation

dummies (see Table H.1 ). Negative coefficients from this second-stage regression indicate

that methylation for correspondingly annotated probes are more likely to be significantly

associated with maternal depression (in sample) after conditioning on other annotation

dummies.

Annotation data fall into four categories: reference gene group, differentially methyla-

tion region (DMR), enhancer, and regulatory feature group. Within each category, dum-

mies are mutually exclusive. Within each category, dummies may sum to zero, indicating

that the probe has not been classified as belonging to any of the subcategories. Reference
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Category Annotation Dummy Est. Std. Err. t-stat p-value

(Intercept) 0.41 0.004 112.0 0.000

Refgene Group TSS200 -0.05 0.007 -7.2 0.000

Refgene Group TSS1500 0.03 0.008 3.3 0.001

Refgene Group `5'UTR` -0.03 0.012 -2.6 0.010

Refgene Group Body 0.01 0.006 2.2 0.026

Refgene Group `1stExon` -0.02 0.014 -1.7 0.098

Refgene Group `3'UTR` 0.06 0.020 3.1 0.002

DMR DMR -0.03 0.009 -3.2 0.002

DMR RDMR 0.06 0.016 3.4 0.001

DMR CDMR 0.03 0.021 1.5 0.126

Enhancer Enhancer 0.04 0.006 6.4 0.000

Regulatory Feature Group Promoter_Associated_Cell_type_specific -0.16 0.015 -10.6 0.000

Regulatory Feature Group Unclassified_Cell_type_specific -0.04 0.008 -5.4 0.000

Regulatory Feature Group Promoter_Associated -0.23 0.005 -45.8 0.000

Regulatory Feature Group NonGene_Associated -0.23 0.030 -7.8 0.000

Regulatory Feature Group Unclassified -0.13 0.008 -16.9 0.000

Regulatory Feature Group Gene_Associated 0.01 0.049 0.3 0.773

Regulatory Feature Group Gene_Associated_Cell_type_specific 0.06 0.038 1.6 0.109

Regulatory Feature Group NonGene_Associated_Cell_type_specific 0.09 0.146 0.6 0.545
These results are a second stage regression.  In the first stage, the maternal Edinburgh Post-Natal Depression Survey factor from survey r (time-
point 11) was separately regressed on the beta values  for each of the approximately 500,000 methylation probes assayed at time point 14.  The p-
values from these regressions were assembled into a table matched with probe indicators.  The p-values were not adjusted for multiple hypothesis 
testing. In the second stage, the p-values were regressed on a set of dummy variables indicating different functional categories of the DNA regions 
measured by each probe. 

Regression of P-values on Probe Annotation Dummies
p-values derived from bivariate regressions of methylation beta values on depression inventory scores

Data on functional categories came from an annotation table downloaded from the company which developed the methylation assay.  These 
dummies fall into several different categories and were determined with different methodolgies.  The Refgene Group category came from 
analyzing the DNA sequence, and determining if the region of DNA measured by the probe fell into certain standard sequences.  For example, the 
transcription start site is a particular sequence of DNA nucleotides that always indicate the begining of transcription of a gene.  "TSS200" indicats 
that the DNA measured by the methylation probe was within 200 base pairs (distance measured by nucleotide count) ahead of the transcription 
start site.  Similarly, the "3'UTR" is a segment at the beginning of a gene which is transcribed into mRNA but is not translated into protein.  The 
DMR category refers to probes at which DNA methylation has been experimentally determined to vary, usual when holding genetics constant by 
comparing twins.  For example, the CMR dummy indicates that this genes is differentially methylated when comparing individuals with or without 
certain cancers.  Unsurprisingly, this particular dummy is not significant.  The Enhancer dummy refers to a region of DNA that is known to increase 
expression of DNA when bound by certain factors.  [PROVIDE MORE DESCRIPTION]
In short, these regression results indicate that what epigenetically distinguishes depressed individuals from non-depressed individuals (for 
whatever reason -- sampling variation or some causal relationship) is more likely to manifest in some probe categories than others.    In this sense, 
these results indicate which probe categories are likely to contain more signal on underlying epigenetic stocks.  However, these results do not 
indicate that changes in methylation at particular probe categories are indicative of depression.  For example, suppose that methylation patterns 
across probes are generated by a smaller dimensional set of latent epigenetic factors.  Mean values of these factors may vary across depressed 
and non-depressed individuals due to: sampling variation, epigenetic stocks causing depression, epigenetic stocks caused by depression, or 
epigenetic stocks mutually caused by what causes depression.   The fact that some probe categories are more likely to have low p-values in the 
first stage regression indicates that these probe categories are more likely to load on various epigenetic stocks than other categories are.  In light 
of this interpretation, restricting subsequent analysis to the regulatory feature groups Promoter Associated Cell Type Specific, Promoter 
Associated, NonGene Associated, and Unclassified, and the RefGene group TSS200 probes should improve the signal-to-noise ratio.  

Table H.1: Classifying predictive content of methylation variables in terms of annotation
dummies 151



gene group dummies indicate the location of the DNA measured by the probe with respect

to a neighboring gene. So, for example, the measured DNA might include a region of DNA

that codes for protein (’Body’) or might be in a non-coding region immediately upstream of

the gene (’TSS200’). Differential methylation region dummies indicate that prior research

has found that methylation on this region of DNA varies across subpopulations. For exam-

ple, ’CDMR’ indicates that other researchers have found aberrant methylation at this probe

in those with cancer. Enhancer dummies indicate that the region covered by the probe in-

creases expression of a gene when bound by appropriate regulatory proteins. Regulatory

feature group dummies indicate roles in transcription for the associated DNA.

Of note, this second-stage regression indicates that probes annotated as ’promoter as-

sociated’ feature much lower p-values in the first-stage regression. This is unsurprising, as

much of the biological research on methylation has explored how changes in methylation

on promoters alters transcription of genes in response to environment. About 36,000 probes

are thus annotated (for comparison, there are about 20,000 genes in the human genome, so

about one and a half probes are indicated as ’promoter associated’ for each gene).

These results indicate which probes are more likely to contain information relevant for

distinguishing two subpopulations.

However, these results do not imply that altered methylation on these probes is asso-

ciated with depression. In particular, sampling variation can generate correlation between

depression and epigenetic stocks even if these epigenetic stocks are not correlated with de-

pression in the population. In turn, annotation data may strongly predict the magnitude of

coefficients for correlated stocks in the measurement system’s methylation pattern. Even if

the in-sample non-zero correlation between depression and these unobserved latent epige-

netic stocks were not significantly different from zero, these correlated stocks can generate

extremely significant coefficients on annotation dummies in the second-stage regression.

Thus, the second stage regression does not provide much information about the relation-
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ship between methylation data and depression per se. Rather, this second stage regression

indicates which probes are more likely to hold predictive content generally.

7.C.ii Evidence of depression-associated methylation in different probe sets

In this section, I search for methylome-wide significant probes from the first-stage regres-

sion. In addition, I restrict analysis to probe sets which prior research indicates may be of

particular importance. These include: “Nemoda” probes, which were found in children to

be methylome wide significant in predicting maternal depression; “Cecil” probes, which

were found in adults to be methylome-wide significant in predicting adult self-reports of

childhood abuse; “Glad” probes, which were found to be methylome-wide significant in

predicting aberrant cortisol levels or cortisol responses; “Houtepan” probes, which were

found to be associated with aberrant stress response; “Savitz” probes, which point to genes

that are aberrantly expressed in the monocytes of those with depression; and the collection

of all these probes together (note that, strictly speaking, the only replication I perform is for

Nemoda probes using cord-blood samples and maternal depression measures). In addition,

I include the set of probes near the NR3C1 gene, as prior biological research implicates

methylation near this gene in the etiology of depression-like behavior in mice.

Table 7.B.i in the supplementary appndix displays results (See QQ-plots in the supple-

mentary appendix for visualization of the distribution of p-values with respect to the null

of a uniform distribution). For each sample/depression measure pair, I report five statistics:

the number of Bonferroni significant probes at a false-discovery rate of 10%, the number of

Benjamini-Hoxburg significant probes at a false-discovery rate of 10%, the mean p-value

of probes, the p-value of the one-sided t-test of the null hypothesis that the mean first-stage

p-value is greater 0.5, and the p-value of the Kolgomorov-Smirnov test that the first-stage

p-values are distributed uniformly. Bonferroni multiple hypothesis testing is overly conser-
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vative. Benjamini-Hoxburg multiple-hypothesis testing is less conservative, but assumes

that the p-values across tests are uncorrelated, which is not likely to be a valid assumption.

The mean p-value from the first-stage regression gives some indication of the number of

and extent to which probes are predictive of the depression measure; if methylation at none

of the probes were associated with depression in population, then we would expect a mean

of first-stage p-values near 0.5.

For only a few of the sample/depression pairs are there any methylome-wide significant

probes. This is true for both Bonferroni multiple-hypothesis testing and the less conserva-

tive Benjamini-Hoxburg multiple hypothesis testing. And this is true whether considering

the full set of probes or considering a subset of probes that prior research indicates are

more likely to be relevant. There are some notable exceptions to this rule. First, mother’s

timepoint 15 sample using her timepoint 12 depression factor yields 3771 methylome-wide

significant probes when using the Benjamini-Hoxburg correction. Second, the child’s cord

blood sample using his timepoint 16 depression factor yields 4646 methylome-wide signif-

icant probes. And the child’s timepoint 15 sample using his timepoint 16 depression factor

yields 11035 methylome-wide significant probes. While it would be tempting to interpret

these results as indicative of a large depression-related epigenetic signal, it is important to

recognize that these results are not robust to how depression is measured.

The relative dearth of methylome-wide significant probes is puzzling when contrasted

with the often low mean of p-values estimated in the first-stage regression. For example,

using p-values from the first-stage regression of mother’s time-point 15 methylation data on

time-point 12 depression inventory, the average p-value is 0.14. About 40% of these probes

are significant under single-hypothesis testing at a 90% significance level. However, none

of these probes survive multiple-hypothesis testing at a 90% false-discovery rate.

It is also surprising that so few of the probe sets motivated by prior research yield sig-

nificant results after multiple hypothesis testing. Strictly speaking, only one of these probe
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sets for only one sample/depression measure pair can be strictly interpreted as a replica-

tion – the Nemoda probes using maternal depression scores and child cord blood (none of

the probes in this probe set are significant after multiple hypothesis testing). However, the

stressors and phenotypes assessed by Cecil (abuse), Glad (cortisol reactivity and levels),

and Houtepen (stress response) all relate to depression. Methylation associated with these

stressors and phenotypes should also be associated with depression. Similarly, in only

two of the sample/depression pairs are there any NR3C1 probes that are significant after

multiple hypothesis testing.
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APPENDIX I

I - DERIVATION OF THE ECONOMIC MODEL

Utility Function

The parent gains utility from consumption ci and suffers disutility from labor effort Li and

from providing parenting inputs ιi, where i indexes the family dynasty. Affective capital

ei reduces both the level and marginal disutility of labor effort and parenting inputs. In

addition, the parent altruistically gains utility from some function of her child’s expected

utility αiE
[
Ṽ
(
H ′i ,e

′
i,ai
)]

, where αi represents the parent’s altruism, E is the expectation

operator, primes denote values for the offspring, Ṽ (�) represents the child’s indirect utility,

Hi is educative human capital, and ai are inherited assets. I thus specify the parent’s utility

according to the additively separable function

lnci−
ρ

ei
Li−

1
ei

∑
t

ιi,t +αiE
[
Ṽ
(
H ′i ,e

′
i,a
′
i
)]

the parameter ρ adjusts the relative response of labor effort and parenting inputs to affective

capital.

Ṽ (Hi,ei,ai) represents the child’s indirect utility function under a simplifying assump-

tion – that the child bears no children of her own (or, alternatively, that the child’s altruism

parameter were set to 0). I eliminate consideration of grandchildren purely for convenience.

However, this assumption can be rationalized as multi-generational myopia – parents con-

sider the intergenerational effects of their investments but do not consider the multigenera-

tional effects. Alternatively, this assumption can be treated as a tractable approximation to

multigenerational altruism. Given both the qualitative similarities between ’myopic’ altru-

ism and true altruism as well as the difficulty of using data to distinguish between different

forms of altruism, I view this assumption as an innocuous one.
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Budget Constraint

The parent spends from permanent income ξiHiL
φ

i + ai. The parent generates income

through a concave function of labor market effort Lφ

i (φ ∈ [0,1]), which is multiplied by

an exogenous shock ξi and educative human capital Hi. In addition, the parent may inherit

assets ai.

The parent spends permanent income on consumption ci, affective investments Ii,t , ed-

ucative inputs si,t (’schooling’), and bequests a′i, which are discounted according to an

appropriate rate r. Altogether, the parent’s budget constraint is given by

ξiHiL
φ

i +ai = ci +∑
t

Ii,t +∑
t

si,t +a′i
1

1+ r

Thus, the parent’s lagrangian is given by:

lnci−
ρ

ei
Li−

1
ei

ιi +αiE
[
Ṽ
(
H ′i ,e

′
i,a
′
i
)]

+λi

[
ξiHiL

φ

i +ai− ci−∑
t

Ii,t −∑
t

si,t −a′i
1

1+ r

]

+ηia
′
i,

where λi is the Lagrange multiplier on the budget constraint and ηi is the Lagrange multi-

plier preventing non-negative bequests.

To summarize: the parent’s choice variables are ci, Li, ιi, Ii,t , si,t , and a′i; the parent’s

stocks are Hi and ei; and the parent’s preference parameters are ρ and αi.

Human Capital Production

Because the ALSPAC data includes methylation data for the parents and child when the

child is born, for the child when the child is age 7, and for the parents and child when
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the child is age 14, I estimate the production of the child’s affective capital with parental

investments occurring in two periods of childhood (for the theoretical section I consider

only one period of investment). Subscripts denote age t ∈ {0,1,2,3,5}, where 0 refers to

when the child was born, 1 refers to when the child was age 7, 2 refers to when the child is

age 14, and 3 refers to early adulthood (when parents have children), and 5 refers to later

adulthood (when adult’s the child is 14). I skip period 4 to reflect that the ALSPAC data

does not measure parental epigenetics when the child is age 7. Inputs are indexed to the

child’s age. Although I will consider

Parents endow children with affective capital epigenetics at birth according to a lin-

ear function of parental affective capital at partum e′0 = α0 +δe,e,0e3 + ε ′e. The parameter

δe,e,0 can be thought of as the biologically determined intergenerational depreciation of af-

fective capital mediated through unobserved prenatal envrionment and seminal small RNA

content. α0 is a constant and ε ′e is an exogenous shock.

A CES production function produces the child’s affective capital in periods 1 and 2 us-

ing the child’s prior affective capital e′t , parental affective inputs ιt (e.g., cuddling), parental

goods inputs It , a summary of the child’s genes relevant for producing affective capital ge,

and shocks εt+1.

e′t+1 =
(

βe,e,t+1e′σe
t +βe,ι ,t+1ι

σe
t + Iσe

t βe,I,t+1 +g′σe
e,t

) 1
σe

ε
′
e,t+1

ε
′
t+1 = νe,t+1φe,t+1

H ′t+1 =
(

βH,H,t+1H ′σH
t +βH,e,t+1e′σH

t + sσH
t βH,s,t+1 +g′σH

H,t

) 1
σH ε

′
H,t+1

ε
′
H,t+1 = νH,t+1ωH,t+1

ε
′
e,t+1 = νe,t+1ωe,t+1
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H ′0 = 1

The shocks ε can be decomposed into an exogenous component ν and an endogenous

component ξ , which will be useful for control function estimation.

Parents’ beliefs about the parameters in this production function may diverge from the

actual parameters in the production function. In particular, parent i believes parameter

βk,k,t takes on the value βk,k,t,i. Thus, variation in parental beliefs about the production

function parameters can affect child outcomes by shifting what the parent believes to be

optimal investment.

The child’s educative human capital is assumed not to enter into his production of affec-

tive capital prior to age 14. Indeed, prior to age 14, the child passively receives all inputs.

This assumption is partly due to limited measurements on child cognitive ability. I also

assume that parental education, parental cognitive ability, and parental affective capital do

not enter into the production function directly; rather, these affect the choice of inputs ιt

and It , and these also associate with the endowments e′0 and g′e. However, to the extent that

available measures do not account for their inputs, non-inputs like parental education and

cognitive ability may proxy for inputs.

Equilibrium

For this section, I specialize the model so as to admit closed-form solutions. Then I discuss

the equilibrium decisions of parents, focusing on the case where credit constraints bind.

I assume a unit elasticity of substitution (a.k.a Cobb-Douglas) for the production of

educative and affective human capital. I also assume a single period of investment (with

Cobb-Douglas production, allowing for multiple investment periods complicates the model

without providing additional insight); however, I include the child’s affective capital as an

input to his educative human capital. The specialized model is given by:
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lnci−
ρ

ei
Li−

1
ei

ιi +αiE
[
Ṽ
(
e′,H ′,a′

)]
+λ

[
ξitHiL

φ

i +ai− ci− Ii− si−a′i
1

1+ r

]
+ηa′i,

e′ = eβeeι
βeι IβeI g′e,ε

′
e,

H ′ = HβHH e′βH,e,1sβH,I,1g′Hε
′
H

For the remainder of this section I suppress the familial dynasty index i.

Indirect utility function

I derive the indirect utility function Ṽ
(
e′,H ′,a′

)
for childless offspring by taking first-order

conditions after setting the altruism parameter to zero. I take approximations around null

bequests a = 0 so as to admit closed form solutions. Then the first order conditions are

given by

[c] :
1
λ
= c

[L] :
ρ

e
= φλξ HLφ−1

[λ ] : ξitHiL
φ

i +ai = ci

Combine the first-order conditions for consumption and labor effort, yielding

c =
e
ρ

φξ HLφ−1
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Solve for labor effort by substituting into the budget constraint, yielding

ρ

e

(
ξ HLφ +a

)
= φξ HLφ−1

L∗ =
e
ρ

φ − 1
ξ H

L1−φ a

≈ e
ρ

φ

thus solving for labor effort (when a is close to zero). Note that labor effort is decreasing

in a (dL∗
da = −βL1−φ

1+(1−φ)L−φ a
) and for this reason consumption is also increasing in a.

Substitute into the prior equation, yielding

c∗ =
e
ρ

φξ H
(

e
ρ

φ − 1
ξ H

L1−φ a
)φ−1

≈ Hξ

(
e
ρ

φ

)φ

thus solving for consumption (when a is close to zero).

Derive the indirect utility function by substituting these solution into the utility function

and approximating around a = 0

ln
(

e
ρ

φξ H
(

e
ρ

φ− 1
ξ H L1−φ a

)φ−1
)
−ρ

e

(
e
ρ

φ− 1
ξ H L1−φ a

)
= ln φ

ρ
+lne+lnH+lnξ+(φ−1) ln

(
e
ρ

φ− 1
ξ H L1−φ a

)
+ρ

e
1

ξ H L1−φ a−φ

≈ ln φ

ρ
−φ+lne+lnH+(φ−1) ln

(
e
ρ

φ− 1
ξ H

(
e
ρ

φ

)1−φ

a
)
+ρ

e
1

ξ H

(
e
ρ

φ

)1−φ

a+lnξ

= ln φ

ρ
−φ+lne+lnH+(φ−1) ln

(
e
ρ

φ− 1
ξ H

e
ρ

φ

(
ρ

eφ

)φ

a
)
+ρ

e
e
ρ

φ
1

ξ H

(
ρ

eφ

)φ

a+lnξ

= ln φ

ρ
−φ+(φ−1) ln

(
φ

ρ

)
+(φ−1) ln(e)+lne+lnH+(φ−1) ln

(
1−
(

ρ

φ

)φ a
ξ Heφ

)
+φ

(
ρ

φ

)φ a
ξ Heφ

+lnξ

= φ

(
ln
(

φ

ρ

)
−1
)
+φ ln(e)+lnH+(φ−1) ln

(
1−
(

ρ

φ

)φ a
ξ Heφ

)
+φ

(
ρ

φ

)φ a
ξ Heφ

+lnξ

≈ φ

(
ln
(

φ

ρ

)
−1
)
+φ ln(e)+lnH+(1−φ)

(
ρ

φ

)φ a
ξ Heφ

+φ

(
ρ

φ

)φ a
ξ Heφ

+lnξ

= κṼ+φ ln(e)+lnH+
(

ρ

φ

)φ a
ξ Heφ

+lnξ
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where κṼ is a function of parameters. The first approximation ignores income effects on

labor effort caused by inherited assets, evaluating labor supply with no assets inherited.

The second approximation takes a first-order approximation around a = 0, which allows us

to evaluate the marginal utility of bequests at a = 0

Thus, when the parent’s credit constraints bind (so a = 0), the indirect utility function

for the child is given by ln
(

Heφ
)

. The marginal utility of bequeathing assets when credit

constraints bind depends inversely on the child’s educative and affective capital. Intuitively,

an inheritance is more valuable to children who are less productive or less willing to work.

First order conditions

Substitute the child’s indirect utility function into the parent’s utility function. Then the

first-order conditions are given by:

[c] : c∗ =
1
λ

[L] :
ρ

e
= λ

∗
ξ HLφ−1

[ι ] : ι
∗ = αβeι (1+φβHe)e

[I] : I∗ = αβeI
1
λ
= αβeI (1+βHe)c

[s] : s∗ = αβHs
1
λ
= αβHsc

[
a′
]

: λ
1

1+ r
+η =

(
ρ

φ

)φ

E
[

1
ξ ′H ′e′φ

]
[η ]: ηa′ = 0

[λ ] : ξitHiL
φ

i +ai− ci− Ii− si−a′i
1

1+ r
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Constraint on non-negativity of bequests binds (a′ = 0)

Assume that constraint on non-negative bequests binds. Then η > 0 and a′ = 0

Combine the first-order conditions for consumption and labor, yielding

c = ξ φ
e
ρ

HLφ−1

Substitute variables into the budget constraint, approximating with a = 0, yielding

ξ HLφ +a = ξ φ
e
ρ

HLφ−1 (1+α [βeI (1+βHe)+βHS])

L∗ = φ
e
ρ
(1+α [βeI (1+βHe)+βHs])−

a
Hξ

L1−φ

≈ φ
e
ρ
(1+α [βeI (1+βHe)+βHs])

Solve for the remaining choice variables approximating with a = 0, yielding

c∗ = φ
e
ρ

Hξ

(
φ

e
ρ
(1+α [βeI (1+βHe)+βHs])−

a
Hξ

L1−φ

)φ−1

≈ Hξ

(
φ

e
ρ

)φ

(1+α [βeI (1+βHe)+βHs])
φ−1

I∗ = αβeI (1+βHe)c∗

s∗ = αβHsc∗

Thus all choice variables are expressed in terms of parameters and stocks.
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Discussion of equilibrium choices

Of special interest, parental affective inputs ι is a linear function of parental affective capi-

tal:

ι
∗
i = αiβeι ,i

(
1+φβHe,i

)
ei

Parental income does not determine these inputs because they lack a market price (in goods

or time). Yet because the parent’s beliefs about the impact of affective inputs on the child’s

outcome may diverge from the actual impact, beliefs βeι ,i and βHe,i determine investment.

These determinants emphasizes that parenting behaviors without a market price neverthe-

less result from an economic decision weighing costs against perceived benefits.

With measures of these beliefs and altruism, one could run the regression

ln ι
∗
i = ln(αi)+ lnβeι

(
1+φβHe,i

)
+ lnei

Because measures of affective capital, altruism, and beliefs lack any natural scale, such a

regression would be useful only for indicating the relative explanatory power of these de-

terminants as well as the for serving as a first stage in an instrumental variables regression.

Intergenerational processes

These solutions imply that human capital follows an intergenerational vector AR-1:

lnH ′ = κH (αi)+(βHe +φβHs) lne′+(βHH +(1+φ)βHs) lnH + lng′H +βHs lnξ + lnε
′
H

= κH (αi)+bH1 lne′+bH2 lnH +bH3 lng′H +bH4 lnξ + lnε
′
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lne′ = κe
(
αi,βeι ,i

)
+(βee +βeI (1+φ)+βeι) lne+βeI lnH + lng′e +βeI lnξ + lnεe′

= κe
(
αi,βeι ,i

)
+be1 lne+be2 lnH +be3 lng′e +be4 lnξ + lnεe′

where κ’s are functions of parameters and the reduced form b coefficients are functions of

structural parameters. Note that parental altruism and parental beliefs about parameters in

the production function enter into the κ variables; to the extent that altruism and beliefs

vary across families and covary with parental human capital, parental human capital is

endogenous.

A sufficient condition for this process to be mean-reverting is that the sum of all coef-

ficients across both processes is less than one:

βHe +βHH +(1+2φ)βHs +βee +βeI (1+φ)+βeι +βeI < 1

The reduced-form b coefficients describe the cumulative effect of changing parental

human capital prior to conception on the child’s adult human capital. For example, be1

captures the effect of parental affective capital on the child’s affective capital through direct

epigenetic bequests βee, through increased expenditures allowed by greater parental labor

supply βeI (1+φ), and through parenting behaviors altered by parental affective capital

βeι . Increasing the parent’s affective capital by one unit prior to conception would increase

the child’s affective capital by be1. But increasing the parent’s affective capital by one unit

at birth would increase the child’s affective capital by be1−βee.

By setting βeI and βHs close to zero, this model can be reconciled with studies find-

ing small effects of parental income shocks on child outcomes. Under such a restriction,

parental educative human capital has no effect on the child’s affective capital, and the ef-

fect of parental educative human capital operates through βHH ; by allowing βeι and βHe to

be greater than zero, this model can be reconciled with adoption studies finding effects of
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adoptive parent characteristics on the adoptive child’s depression and the adoptive child’s

educational attainment; by allowing for variance in gH and ge, this model can be reconciled

with behavioral genetic studies finding large effects of genes on education and depression;

and by allowing βee to be greater than zero, this model can be reconciled with the bio-

logical literature on epigenetic bequests. Thus, this model can be made consistent with

the stylized factos of intergenerational mobility and provides a framework for apportioning

several different causes of intergenerational mobility.
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