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1. In 1969, both the Journal of Biosocial Science and Social Biology began publishing. In 2008, Social Biology 
was renamed to Biodemography and Social Biology, the journal of the Society for Biodemography and Social 
Biology.

Bringing Together the  
Biological and the Social
The term biosocial is widely used in the social 
sciences, but rarely defined. Perhaps its mean-
ing is self-evident. And though the term has 
appeared in the scientific literature for more 
than fifty years, approaches and applications 
in biosocial research have shifted qualitatively 
over the past fifteen years.1 In this section, we 
discuss these developments and the synergies 
afforded by integrating perspectives from the 
social and biological sciences.

We define biosocial as a broad concept refer-
encing the dynamic, bidirectional interactions 
between biological phenomena and social rela-
tionships and contexts, which constitute pro-
cesses of human development over the life 
course. It is difficult, if not impossible, to rep-
resent the complexities of these biosocial dy-
namics in two dimensions, but we attempt to 

The Biosocial Approach to 
Human Development,  
Behavior, and Health  
Across the Life Course
K athleen Mull a n H arris a nd Thom as W. McDade

Social, cultural, economic, and biological fac-
tors are widely recognized as critical determi-
nants of well-being across the life course. Yet 
an integrative understanding of the multilevel 
biosocial pathways linking society, biology, 
health, and socioeconomic attainment remains 
elusive. The objective of this issue is to show-
case research that integrates theory, data, and 
methods from the social and biological sci-
ences to advance our understanding of social 
and biological processes that contribute to, or 
derive from, social stratification across the life 
course. In this introduction, we describe the 
state of current research and discuss both the 
motivation for and relevant concepts underly-
ing a biosocial perspective. We review the 
themes and research contributions in this is-
sue, and chart a course forward for understand-
ing biosocial pathways of well-being across the 
life course.

mailto:kathie_harris%40unc.edu?subject=
mailto:t-mcdade%40northwestern.edu?subject=
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do so in figure 1, which builds on prior efforts 
to highlight the multilevel domains and path-
ways of particular importance in biosocial ap-
proaches to health and social inequality (Kuh 
and Ben-Shlomo 2004; Glass and McAtee 2006). 
The top boxes represent the set of nested and 
interacting social contexts “outside” the body 
that affect the developing brain and body of an 
individual throughout all stages of the life 
course. Similarly, the bottom boxes represent 
the nested and interacting levels of biological 
organization “inside” the brain and body that 
respond to, and shape, social worlds. What con-
stitutes biological can be characterized as pro-
cesses and structures within an individual that 
contribute to the growth, reproduction, and 
maintenance of the soma from conception to 
death. Biology is typically organized across mul-
tiple levels, including the genome, molecular 
interactions (such as gene expression, hormone 
production); integrated physiological and neu-
rological systems (such as the cardiovascular 
system; the sympathetic adrenal medullary 
axis); organs and other tissues; and cells and 
cellular processes.

Social phenomena are similarly complex 

and multidimensional, and are illustrated by 
the relationships and interactions among indi-
viduals living in groups and within social con-
texts (families, neighborhoods, schools) who 
share the norms, institutions, and hierarchies 
that structure them. The social realm can also 
include aspects of the physical environment of 
relevance to biology (such as exposure to envi-
ronmental contaminants, public space for rec-
reation) that are structured by social relations 
and hierarchies.

A biosocial perspective, therefore, draws on 
models and methods from the biological, med-
ical, behavioral, and social sciences. It concep-
tualizes the biological and the social as mutu-
ally constituting forces, and blurs boundaries 
between phenomena inside the body and out-
side of the body. It implies that attempts to un-
derstand one without the other are incomplete. 
It is a transdisciplinary approach to under-
standing human development, behavior, and 
health, developed and applied by scholars that 
often have disciplinary backgrounds in anthro-
pology, psychology, epidemiology, sociology, 
economics, public health, genomics, medicine, 
and demography.

Figure 1. Conceptual Model of Biosocial Dynamics Across the Life Course

Source: Authors’ compilation.
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Ongoing calls for a more integrative, multi-
method, multilevel interdisciplinary approach 
to research on human development, health, 
and social inequality underscore the impor-
tance and potential contribution of a biosocial 
perspective (Halfon and Hochstein 2002; Harris 
2010; Weinstein, Vaupel, and Wachter 2007). 
The recent expansion of methodological op-
tions for collecting biological samples in non-
clinical settings has facilitated this effort, and 
innovative biological measures are increasingly 
being incorporated into social science research 
designs and data collection efforts. A new gen-
eration of biosocial research is poised to bridge 
the gap between community- and clinic-based 
approaches to understanding the dynamic in-
terplay of biology and social context across the 
life course.

Integrating Biology into the Social  
and Behavioral Sciences
Why should social and behavioral scientists 
care about biology? Although we recognize that 
most, if not all, social and economic outcomes 
have some biological component, social scien-
tists—with a few notable exceptions—have gen-
erally not considered biological processes with 
specificity or depth. This position does not al-
ways derive from theoretical or epistemological 
stances, and is often due to gaps in data, con-
straints of training and motivational structures 
that are set within disciplinary frameworks, 
and logistical challenges associated with col-
lecting biological measures in nonclinical set-
tings. Many of these gaps are narrowing.

Putting the bio in biosocial has the potential 
to make important contributions to the social 
and behavioral sciences for several reasons. 
First, humans are biological creatures, embed-
ded in families, social networks, communities, 
and cultures. Context matters to human biol-
ogy, and engagement with biological concepts 
and measures reflects this reality. This is espe-
cially clear in the case of human health, where 
the importance of social determinants is well 
established and widely known (Adler et al. 1994; 
Glass and McAtee 2006; Link and Phelan 1995), 
and where social impacts on underlying phys-
iological processes are apparent and increas-
ingly elaborated (Uchino, Cacioppo, and 
Kiecolt-Glaser 1996; Yang et al. 2016). Attention 

to biology has the potential to illuminate mech-
anisms through which socioeconomic, demo-
graphic, and psychosocial factors shape human 
development and health within the context of 
everyday life.

The importance of context to human biol-
ogy is evident across multiple time dimensions 
(Lasker 1969). In the short term, homeostasis 
and allostasis—processes of adaptation to 
changes in current or anticipated environ-
ments (McEwen 1998; Sterling and Ayer 1988)—
facilitate physiological or behavioral responses 
to the shifting demands and opportunities of 
local environments. For example, a perceived 
danger or social threat increases the produc-
tion of cortisol, a hormone that plays a central 
role in mobilizing the body’s response to stress. 
When the threat is removed, cortisol produc-
tion returns to baseline (Gruenewald et al. 
2004). But repeat, or chronic, exposure to ad-
verse environmental conditions can reset regu-
latory set points, resulting in “wear and tear” 
on key physiological systems (Seeman et al. 
2001). Lower socioeconomic status—a source 
of chronic stress—is associated with high cor-
tisol in the evening and with a flatter rhythm 
of production across the day relative to the nor-
mative pattern of declining cortisol production 
over the day to low levels in the evening (Cohen, 
Schwartz, et al. 2006; DeSantis et al. 2007). Lon-
ger term effects of environments on biological 
systems emerge from critical or sensitive peri-
ods of development, when exposures can have 
disproportionate, enduring effects on biologi-
cal structure and function. Continuing with the 
example of cortisol, individuals born with a 
lower birth weight have elevated cortisol in 
adulthood (Phillips et al. 2000), pointing to-
ward a biological mechanism through which 
lower socioeconomic status (a strong predictor 
of lower birth weight) may affect health within 
and across generations.

By getting “under the skin,” biological mea-
sures provide direct, objective information on 
pathophysiological processes that contribute 
to the emergence of disease, before clinically 
diagnosable disease is evident. For example, 
relative levels of blood pressure—a robust in-
dicator of future risk of cardiovascular dis-
ease—tend to track from childhood into adult-
hood (Berenson et al. 1995; Li et al. 2004). 
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Although measuring blood pressure in child-
hood or young adulthood will reveal few clini-
cal cases of hypertension, it will identify indi-
viduals most at risk for the future development 
of cardiovascular disease and early death 
(Nguyen et al. 2011). Biological measures there-
fore enhance our understanding of how social 
environments influence pre-disease pathways 
and provide opportunities for intervention 
prior to the emergence of clinical disease.

Attention to biology can also identify which 
aspects of social and physical environments are 
most detrimental to health and socioeconomic 
well-being, as well as point toward resiliency 
and protective factors that buffer groups of in-
dividuals from the effects of adverse environ-
ments. The concept of embodiment has been 
invoked repeatedly in the social sciences to un-
derscore the social and political nature of the 
human body and its responsiveness to social 
and cultural context (Gravlee 2009; Krieger 
2005; Scheper-Hughes and Lock 1987; Seligman 
2014). The body tells stories—literally and figu-
ratively—and biological measures offer oppor-
tunities to access information that reflects the 
quality of social environments. Recent work on 
“skin deep resilience” provides a case in point: 
among African Americans from low socioeco-
nomic status (SES) backgrounds, measures of 
self-control predict better psychosocial out-
comes, such as lower depression or lower like-
lihood of substance use, but worse physical 
health outcomes, as revealed by several biolog-
ical measures (Brody et al. 2013; Miller et al. 
2015). Biological measurement may therefore 
add an important dimension to our under-
standing of health; that is, self-report, psycho-
social, and biological measures may tell differ-
ent stories. They may be particularly useful in 
settings where accurate self-reports are espe-
cially difficult to obtain, such as in research 
with children, or across international settings 
where linguistic or cultural factors may con-
tribute to variation in perception, experience, 
or reporting (Hahn 1995; Kleinman 1986).

Social factors affect biological process and 
health outcomes, but the reverse is also true. 
For example, lower birth weight—a biological 
variable reflecting the quality of the prenatal 
environment, which is in turn shaped by ge-
netic, developmental, and social factors—has 

adverse effects on cognitive development and 
adult educational attainment (Conley and Ben-
nett 2000; Figlio et al. 2014). Education level is 
also a partial function of inherited genotype, 
and common genetic factors can account for 
some of the well-established association be-
tween education and health (Boardman, 
Domingue, and Daw 2015; Okbay et al. 2016). 
Biological processes, therefore, influence indi-
vidual life course trajectories, shape social and 
educational attainments, and inform selection 
into social and physical environments that can 
feed back onto biological processes. When 
scholars do not consider how biological mech-
anisms shape developmental outcomes, or in-
teract with social environments to influence 
social stratification across the life course, mod-
els may be incomplete or misspecified, param-
eter estimates of environmental effects over-
stated, and results biased.

A biosocial perspective is also important for 
translating social science research into policy. 
As noted, biological measures can reveal the 
quality of social conditions, and in some cases 
may motivate action to improve conditions to 
prevent disease rather than treat individuals 
already on the path toward disease. For exam-
ple, lead screening in children can be used to 
inform housing policy, where initiatives aimed 
at reducing lead exposure can prevent the de-
velopment of costly cognitive and behavioral 
disorders. Consistent evidence on the impor-
tance of social relationships for biological pro-
cesses affecting health suggests that routine 
health screenings should include questions 
about the quantity and quality of individuals’ 
social connections, and physicians should be 
encouraged to ask their patients about their 
relationships as part of their annual wellness 
check-ups (Yang et al. 2016).

Biological measures can also add important 
dimensions to the evaluation of social policies. 
For example, the Moving to Opportunity dem-
onstration project was initiated in 1994 to in-
vestigate the impact of residential contexts on 
educational attainments, income, and overall 
well-being. Families in public housing were 
randomized into an experimental condition 
that subsidized their move into a low-poverty 
neighborhood; controls were not offered new 
assistance. The intervention had limited effects 
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on education and income—the outcomes of 
primary interest when the study was de-
signed—but large impacts on health: assign-
ment to the low-poverty group resulted in a 13 
percent to 19 percent reduction in obesity and 
22 percent reduction in diabetes relative to the 
control group (Ludwig et al. 2011). A biosocial 
approach to policy evaluation can identify the 
biological processes and pre-disease pathways 
that are affected by contextual factors like 
neighborhood poverty, and point toward social 
programs that improve health. Given the high 
costs of health care, this kind of information 
may add an important, but often overlooked, 
component to cost-benefit analyses of social 
policies.

The Importance of “Socializing” Biology
The biosocial approach occupies an important 
and expanding space in the social and behav-
ioral sciences, where the emphasis has been 
on integrating biological concepts and meth-
ods into research designed to address ques-
tions of interest to social and behavioral sci-
entists (Harris 2010; Weinstein et al. 2007). Less 
appreciated is the opportunity we have to col-
onize the biological sciences—as well as pub-
lic discourse regarding the determinants of 
health—to have an impact on how we concep-
tualize and study human biology.

For the most part, research in the biological 
sciences privileges explanations “inside the 
body,” and is speeding down a reductionist 
road that elaborates cellular and molecular pro-
cesses while ignoring contextual influences 
outside the body (Lewontin and Levins 2007). 
As just one example, the sequencing of the hu-
man genome, accomplished in 2003, was cel-
ebrated as providing “the first glimpse at our 
own instruction book,” and “the possibility of 
achieving all we ever hoped for in medicine.”2 
Clinical medicine also privileges reduction, 
seeking to isolate single, proximate factors as 
causes of disease and as targets for treatment. 
Pathogens cause infection. Tumors cause can-
cer (Ahn et al. 2006).

In contrast, for more than a hundred years, 
social scientists have documented the impact 

of contextual factors on human development, 
physiology, and health. For example, in the 
early 1900s, the anthropologist Franz Boas 
showed that cranial form—at the time inter-
preted as a fixed, inherited marker of racial 
identity—was in fact malleable, and that it 
changed within a single generation of immi-
grants to the United States in response to en-
vironmental influences (Boas 1912). For more 
than forty years, social scientists and social 
epidemiologists have reported that interper-
sonal relationships affect health, and that so-
cial isolation is a risk factor for early death 
that is comparable in magnitude to estab-
lished risk factors such as smoking, obesity, 
and lack of physical activity (House, Landis, 
and Umberson 1988). More recently, social iso-
lation has been associated with physiological 
dysregulation in all stages of human develop-
ment, pointing toward biological mechanisms 
through which social relationships affect 
health (Yang et al. 2016). Socioeconomic sta-
tus—of keen interest to many social scien-
tists—is consistently associated with multiple 
measures of physiological function, morbidity, 
and mortality (Adler et al. 1994; Yang et al. 2017; 
Wolfe, Evans and Seeman 2012).

Human biology is a social biology and it is 
probably up to social scientists to make this 
point. Biosocial research, conducted in diverse, 
community-based settings, encourages an epis-
temological shift that reframes human biology, 
development, and health as complexly deter-
mined by multiple forces inside and outside the 
body. It engages issues and processes of interest 
to biological scientists, but foregrounds social 
and contextual factors as potentially important 
contributors to variation in human physiologi-
cal function and health (Stinson, Bogin, and 
O’Rourke 2012). This should be familiar ground 
for developmental and social-behavioral scien-
tists who have long emphasized the complex 
interplay of genes, biology, and society across 
the life course (Engel 1978; Glass and McAtee 
2006; Gottleib 1991; Shanahan and Boardman 
2009). With an increasingly sophisticated tool-
kit for integrating biological measures into 
community-based, social science research, the 

2. “What They Said: Genome in Quotes,” BBC News Science/Nature, June 26, 2000, http://news.bbc.co.uk/2 
/hi/science/nature/807126.stm (accessed October 4, 2017).

http://news.bbc.co.uk/2/hi/science/nature/807126.stm
http://news.bbc.co.uk/2/hi/science/nature/807126.stm
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time is right for a new generation of biosocial 
scholarship that enriches both the biological 
and the social sciences and helps build stronger 
links between them.

Methodological Developments
Historically, community- and population-based 
research in the social sciences has relied on 
vital records or self-reported, survey-based 
measures of health and disease. Information 
can be readily collected from large representa-
tive samples across a wide range of settings, 
but insight into biological processes is limited. 
In contrast, biomedical research employs in-
depth biological measures collected in con-
trolled clinical or laboratory settings, but typi-
cally relies on smaller, select groups of 
participants who are invited to participate 
based on preexisting criteria. Generalizability 
and external validity are limited, and social fac-
tors are generally not considered, beyond stan-
dard measures of socioeconomic status or self-
reported health behaviors.

Methodological options for collecting and 
generating biological data have expanded 
greatly over the past fifteen years, allowing us 
to bridge this gap (Weinstein et al. 2007). Low-
cost, field-friendly options for collecting blood, 
saliva, or urine in the home or local community 
allow investigators to gain access to physiolog-
ical information from large numbers of par-
ticipants in naturalistic settings (Adam and Ku-
mari 2009; McDade, Williams, and Snodgrass 
2007). Developments in assay technology have 
facilitated the measurement of proteins, gene 
transcripts, epigenetic marks, and DNA se-
quences with higher resolution in smaller 
quantities of sample, at lower costs (Dedeur-
waerder et al. 2011; McDade et al. 2016). Por-
table devices and low-cost monitors facilitate 
assessment of sleep, physical function and ac-
tivity, blood pressure, and body size and com-
position (Lindau and McDade 2007; Marino et 
al. 2013).

These methodological innovations have en-
couraged wide-scale integration of objective 
biological measures into social science surveys. 
For example, dried blood spots—drops of whole 
blood collected from a simple finger stick—
have been collected from more than thirty-five 
thousand participants in the United States in 

studies such as the National Longitudinal Study 
of Adolescent to Adult Health (Add Health), the 
Health and Retirement Study, the National So-
cial Life, Health, and Aging Project, and Moving 
to Opportunity. International studies, including 
the Cebu Longitudinal Health and Nutrition 
Survey, the Mexican Family Life Survey, and the 
Study on Global AGEing and Adult Health are 
collecting tens of thousands more. In another 
example, Add Health developed its own kit for 
the collection of buccal cell DNA in 1996 to test 
for the zygosity of sampled twin pairs. Ten years 
later, commercial kits for saliva DNA collection 
(such as Oragene) are routinely used by multi-
ple studies to collect thousands of DNA samples 
both in the home setting and through the mail 
via self-collection.

The integration of objective measures of bi-
ological function and health has advanced the 
biosocial perspective by directly contributing 
to our understanding of how social, economic, 
and community factors shape human biology 
and health, and vice versa. These methods also 
address the goal of socializing biology. By tak-
ing our methods into the community, where 
participants are living their daily lives, we 
greatly expand the range of environmental vari-
ation that can be evaluated in relation to bio-
logical phenomena. Contextual factors are 
therefore brought into relief as potentially 
important determinants of human physiologi-
cal function and health in ways not possible 
with lab- or clinic-based research designs. Last, 
these methods serve as a catalyst for productive 
collaboration among social, life, and biomedi-
cal scientists. The growing availability of social 
and biological data in large, representative 
samples, and the emphasis on interdisciplin-
ary scholarship, has laid fertile ground for the 
integration of complementary expertise to gen-
erate novel insights into the ways in which so-
cial and biological processes interact in path-
ways of human development.

The Importance of the  
Life Course
Human development has social and biological 
determinants and intergenerational linkages 
beginning in utero and continuing throughout 
all stages of the human life span (Hertzman 
and Boyce 2010). Despite a consensus that early 
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life conditions and childhood experiences mat-
ter for subsequent social and biological de
velopment in adolescence, early adulthood, 
mid-adulthood and old age, most social and 
biomedical research does not capture the ways 
in which developmental processes are linked 
and interrelated across phases of human life, 
nor does it capture the dynamic interactions 
of social and biological forces that underlie de-
velopment across time and space. Part of this 
research gap is due to a lack of longitudinal, 
multilevel life course data and intergenera-
tional study designs, and part to disciplinary 
approaches designed to identify disciplinary-
specific determinants of social, behavioral, or 
health outcomes at a point in time.

A life course perspective is essential in bio-
social research because outcomes at any point 
reflect the product of prior interactions be-
tween social and biological forces that occur 
across human development (Shanahan, Hofer, 
and Shanahan 2003). Life phases and social 
roles are often intimately tied to biological 
events or trajectories (George 2009). For exam-
ple, a woman’s first birth marks her transition 
into parenthood just as menopause defines the 
end of the reproductive phase of her life. Al-
though a woman can biologically become a 
mother when she reaches puberty in adoles-
cence, most young people in the United States 
delay parenthood until well after puberty to 
continue social and emotional maturation and 
invest in human capital and career develop-
ment before becoming a parent. Thus, social 
and biological forces jointly shape transitions 
between roles and patterns of continuity and 
discontinuity that extend across the phases of 
life. Biosocial approaches, therefore, require 
the researcher to dynamically assess both bio-
logical and social features of the developing 
person and their changing social context 
through time and across generations to achieve 
a full understanding of the determinants of so-
cial and physical well-being.

Biosocial Processes Across the Life Course
Within social and behavioral sciences, research 
on aging has been at the forefront of biosocial 
approaches. Because aging integrates forces in-
side the body and outside the body to shape 
function and health in older adulthood (figure 

1), aging research has led the field in study de-
signs incorporating inputs across social and 
biological levels of analysis. Understandably, 
this line of research focuses on phenomena 
such as disability, illness and disease, and lon-
gevity and mortality. The biosocial approach 
in aging research, however, has not been well-
informed by a life course perspective.

For a long time, aging research used self-
reported health and behavioral information 
and cross-sectional designs to study, for exam-
ple, the age distribution of the prevalence of 
illness and chronic disease (see, for example, 
National Center for Health Statistics 2016; 
Ward, Schiller and Goodman 2014), activities 
of daily living and instrumental activities of 
daily living designed to assess whether older 
adults can independently care for themselves 
(Freedman and Spillman 2014), and family and 
social relationships among the elderly (Waite 
and Das 2010). Demographic studies also use 
cross-sectional data but dynamic life table 
methodology to document onset and years of 
disability and chronic illness and to estimate 
mortality risks and life expectancy based on 
point-in-time rates of these respective events 
(Crimmins, Zhang, and Saito 2016). Perhaps the 
most influential contribution of aging research 
with implications for the biosocial paradigm is 
long-standing evidence of large and persistent 
social gradients in health and mortality (Adler 
et al. 1994; Wolfe, Evans, and Seeman 2012; Mar-
mot and Wilkinson 2005). Still, this research 
remains primarily cross-sectional, document-
ing how SES is associated with aging-related 
outcomes at a given point.

With the advent of nationally representative 
longitudinal aging studies in the 1990s, such 
as the Health and Retirement Study (HRS) and 
the National Social Life, Health and Aging Proj-
ect (NSHAP), and longitudinal community-
based aging studies, such as Framingham, Ath-
erosclerosis Risk in Communities Study (ARIC) 
and Reasons for Geographic and Racial Differ-
ences in Stroke (REGARDS), a life course design 
could now be applied to understand how previ-
ous social, behavioral, and environmental con-
ditions were related to health and disease out-
comes among older adults. In addition, as new 
survey field methods for measuring objective 
health outcomes were incorporated into many 
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of these ongoing longitudinal aging studies, 
the ability to understand biological mecha-
nisms and markers of health and disease fur-
ther enhanced longitudinal life course data for 
biosocial research. However, the life phase ex-
amined in these studies is still limited to older 
adults because observations begin when indi-
viduals are forty-five (ARIC) or fifty (HRS) or 
fifty-five (NSHAP), thus missing earlier life 
stages that certainly bear on aging processes 
that arguably begin at birth. The social gradi-
ent in health and mortality, for example, can 
now be studied by examining how SES trajec-
tories beginning at age fifty influence the onset 
of disease or death.

From a life course perspective, this research 
design has four major limitations. First, SES 
does not change much beyond age fifty because 
the components of socioeconomic status—ed-
ucation, occupation, income and wealth—are 
typically developed earlier in the life course 
during adolescence, early, and mid-adulthood 
and vary little in old age. Second, the early and 
midlife biological precursors to disease onset 
and death are not observed in these studies. 
Relatedly, the lack of biological data from ear-
lier ages precludes opportunities to consider 
how early life course health and biological pro-
cesses shape SES attainments in adulthood. 
Fourth, studies that begin observation at older 
ages miss those who have died, typically the 
more disadvantaged individuals who have been 
more exposed to earlier life trauma and ill-
nesses and have fewer resources for health 
care, thus biasing the SES-health relationship. 
One solution to this lack of prior life course 
information that bears directly on older age so-
cial and physical well-being is to collect retro-
spective information about status earlier in life, 
enabling a modified life course perspective for 
biosocial research. Here aging studies have fo-
cused on retrospective reports of SES and 
health conditions at birth and during early 
childhood.

Along these lines, research on the develop-
mental origins of health and disease (DOHaD) 
has exploded, following early biomedical re-
search by Barker documenting significant links 
between birth weight and later cardiovascular 
disease risk within cohorts (Barker 1997, 1998, 
2006). The life course approach has had a ma-

jor impact on epidemiologic research on the 
determinants of adult disease risk, with a par-
ticular emphasis on cardiovascular diseases 
and the physiological processes through which 
they are influenced by early life nutritional en-
vironments (Gluckman et al. 2008; Wadhwa et 
al. 2009, Smith and Ryckman 2015; Kuh and 
Ben-Shlomo 2004). Numerous studies have 
linked uterine, birth, and childhood exposures 
to adult physical health and disease (Bengtsson 
and Broström 2009; Cameron and Demerath 
2002; Crimmins and Finch 2006; Smith and 
Ryckman 2015). Demographic and social re-
search on the “long arm of childhood” has also 
demonstrated the value of a life course perspec-
tive when early life circumstances are both di-
rectly and indirectly associated with health out-
comes that emerge decades later in adulthood 
(Blackwell, Hayward, and Crimmins 2001; Case 
and Paxson 2010; Elo and Preston 1992; Hay-
ward and Gorman 2004; Preston, Hill, and 
Drevenstedt 1998).

Most of this research, however, links early 
life conditions with physiological processes or 
chronic disease outcomes in later adulthood 
with cross-sectional research designs, paying 
limited attention to what happens in between—
during the majority of the early life course from 
later childhood to adulthood. From a biosocial 
perspective, this means we are missing a lot, 
especially the social processes and contexts 
that structure, mediate, and moderate biology 
over the life course.

Adolescence and the transition to adult-
hood, for example, are life stages when young 
people first begin to choose their environ-
ments, health behaviors, habits, and future life-
styles (Harris 2010). These life course choices 
shape or alter social and biological pathways 
originating in childhood and moving into 
adulthood. Investments in human capital be-
gin in early childhood, but intensify and be-
come more self-directed during adolescence 
and the transition to adulthood. Profound and 
protracted physical, biological, and neurologi-
cal changes linked to puberty occur throughout 
adolescence and early adulthood. Hormonal 
changes prompt a literal remodeling of cortical 
and limbic circuits in the brain that were previ-
ously organized in the perinatal period and 
that, in combination with adolescent social ex-
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periences and contexts, affect general cogni-
tion, decision making, and behavior into adult-
hood (Sisk and Zehr 2005). Behavioral changes 
and exploration in diet, exercise, sleep pat-
terns, substance use, sexual activity, and 
aggression during adolescence and young 
adulthood further shape social and biological 
pathways into adulthood (Hubert et al. 1987). 
DOHaD research, and other life course perspec-
tives, ideally should include the contributions 
of these critical developmental stages to illu-
minate health and well-being pathways into 
adulthood.

Although neurological development and 
change slows down as young people settle into 
adulthood, these demographically dense years 
bring new stresses to daily life as young adults 
juggle the multiple interrelated life domains 
of relationships, schooling, work, and family. 
Stress processes are perhaps the most com-
monly considered biological mechanisms 
through which the social environment gets un-
der the skin to affect health and development 
in biosocial models, as described earlier in the 
case of the stress hormone cortisol (Gruene
wald et al. 2004; McEwen and Lasley 2002). Mid-
dle adulthood may usher in greater life course 
stability and security in socioeconomic status, 
work, and family, but only for certain sub-
groups of the population. Middle adulthood 
has become more dynamic and demanding in 
contemporary U.S. society—high divorce and 
repartnering rates, greater dependency from 
both the child and parent generations, and un-
certain work schedules, low wages, and a lack 
of employment benefits for those with low ed-
ucation or few job skills. Relative to other life 
stages, middle-aged adults are highly embed-
ded in social relationships with aging parents, 
children, the parents of children’s friends, 
neighbors, work colleagues and within com-
munity institutions. These relationships are 
important social mechanisms that can buffer 
(through social support) or exacerbate (through 
strain and conflict) the daily stresses of middle 
adulthood (Yang, Schorpp, and Harris 2014; 
Yang et al. 2016).

All life course stages have unique social and 
biological forces that determine life-long hu-
man development and that operate indepen-
dently and jointly to influence physical and so-

cial well-being in that life stage and beyond. 
Biosocial research cannot examine social and 
biological forces in all life stages in one project 
or with one dataset, but should contribute 
knowledge about how social and biological 
phenomena operate in distinct life stages and 
are linked to health and social inequities in 
subsequent stages across the life course. Al-
though we have made some progress docu-
menting the association between early life 
conditions and late life health and disease out-
comes (such as lower birth weight and in-
creased cardiovascular disease risk), we need 
to move beyond cross-sectional designs to un-
cover the underlying life course processes that 
explain these associations. Both the intergen-
erational precursors that lead to these condi-
tions and the subsequent intragenerational life 
course pathways such conditions initiate are 
yet to be explored. However, a small but grow-
ing literature links these kinds of early life 
health factors to later social attainments, but 
more research on health and biology as under-
lying factors in social stratification processes 
is needed.

Biosocial Study Designs of Health and Social 
Inequality Across the Life Course
Here we describe two general life course orien-
tations for understanding how biological phe-
nomena are related to social and economic sta-
tus and opportunities in direct, indirect, and 
reciprocal ways. One orientation examines how 
social stratification processes across the life 
course are related to subsequent health out-
comes in different life stages. This orientation 
stems primarily from the large literature on the 
social gradients of health discussed (or more 
commonly, the social determinants of health), 
but with a life course perspective. Social strat-
ification is both an inter- and intragenerational 
process. At birth, we enter a social hierarchy 
tied to parental SES that determines access to 
material and social resources for both physical 
and social development. The developing indi-
vidual then faces constraints and opportunities 
in each life stage that determine social and eco-
nomic status across time. Inter- and intragen-
erational social stratification processes have 
both direct and indirect effects on health across 
the life course. Understanding the social and 
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biological mechanisms for how social stratifi-
cation processes get under the skin to influence 
health is at the heart of this conceptual orien-
tation of biosocial research.

Ideally, social stratification is measured lon-
gitudinally, as a life course process, conceived 
as social exposures that can be positive (sup-
portive parenting behaviors, college education) 
or negative (childhood poverty, neighborhood 
disadvantage). Exposure to both beneficial and 
adverse experiences over the life course will 
vary for each individual and constitute a unique 
social stratification trajectory. Biological out-
comes are conceived of as the consequence of 
exposure in social stratification trajectories and 
can be measured at a point in time in a par-
ticular life stage or over time as biological and 
developmental change. Importantly, social 
stratification trajectories represent social pro-
cesses that enable the biosocial researcher to 
explore fundamental life course mechanisms 
involving the timing, duration, and intensity of 
beneficial or adverse social exposures that oc-
cur in different and across phases of life and 
that affect health and development in subse-
quent life stages. The ability to measure the 
timing, duration, and intensity of social expo-
sures across the life course allows for testing 
life course models for how social experiences 
that occur outside the body are linked to bio-
logical mechanisms inside the body that affect 
health and well-being.

The stress response framework is the most 
prominent biosocial paradigm to explicate how 
trajectories of social structural inequalities are 
associated with greater exposure to stress and 
its biological and health-related manifestations 
(Pearlin 1989; Aneshensel 1992; McEwen 1998; 
McEwen and Lasley 2002). When social expo-
sures are intense, or the magnitude of struc-
tural disadvantage is high (depth of poverty, 
multiple disadvantages of poor neighbor-
hoods), stress response is chronic and biologi-
cal dysregulation is greater, resulting in poor 
health and developmental outcomes. The life 
stage timing of social exposures, however, may 
differ for both the biological mechanisms and 
subsequent health outcomes associated with 
stress exposure. Figure 2 provides an illustra-
tion of various life course models that describe 
how exposure to social disadvantage in partic-

ular developmental periods may operate to in-
crease health risk in subsequent life stages.

The top model illustrates sensitive period 
timing effects in which exposures during sensi-
tive periods of development have stronger ef-
fects on health outcomes than they would at 
other life stages (Hayward and Gorman 2004; 
Gluckman et al. 2008; Cohen, Janicki-Deverts 
et al. 2010). Sensitive period effects operate 
through a biological embedding mechanism 
whereby social exposures during sensitive win-
dows of development have the potential to in-
duce structural and functional changes to the 
developing individual through biological pro-
gramming that cannot be reversed regardless 
of intervening experience. Thus, the dark shad-
owed line represents a direct effect of exposure 
in the earlier stage of development with no in-
direct effects and no direct effects of subse-
quent social disadvantage on later life health. 
This life course model posits that the effect of 
the sensitive period exposure is typically latent 
in that its impact on health outcomes may  
not appear until later life stages, often decades 
later.

Duration effects of social stratification pro-
cesses can be explored through the accumula-
tion life course model (middle model of figure 
2), which emphasizes the role of persistent 
advantage or disadvantage over time—both  
in specific life stages and over life stages—on 
health and development. The effects of multi-
ple exposures over the life course are both ad-
ditive and interactive and combine in synergis-
tic ways to influence biological mechanisms 
and, in turn, health and development out-
comes. Cumulative effects can either be mul-
tiple exposures to a recurrent stressor (such as 
chronic poverty) or a series of exposures to dif-
ferent social environments or life experiences. 
For example, poverty experienced only during 
childhood is not as detrimental as poverty dur-
ing childhood, adolescence, and the transition 
to adulthood on subsequent adult health.

A third life course model that might explain 
how social stratification processes are related 
to health outcomes is the pathway model, 
which tracks how social exposures in one life 
stage influence the probability of related social 
exposures in subsequent stages. Also known as 
the chains of risk model, it emphasizes pathway 
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effects whereby early experiences set in motion 
a chain of events that put individuals on paths 
differentiated by types and levels of stress ex-
posures to social and biological factors (Mar-
mot et al. 2001; Pudrovska and Anikputa 2014). 
This model elaborates on the ways in which 
inter- and intragenerational social stratification 
pathways are linked across the life course. For 
example, the connection between early life con-
ditions and adult health and disease may be 

explained by the SES pathway where early life 
SES determines adult SES, which in turn, is a 
more proximate and important predictor of 
adult health and disease (Yang et al. 2017).

A second orientation for understanding bio-
social pathways in well-being across the life 
course is consideration of the role of biology 
or health in social stratification processes (Pal-
loni 2006). In this orientation, biological mech-
anisms and health trajectories are important 

Figure 2. Life Course Models of Social Disadvantage Trajectories and Health

Source: Authors’ compilation.
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contributors to subsequent socioeconomic out-
comes and attainment. For example, economic 
research has focused on how childhood health 
influences human capital and labor force out-
comes in adulthood, including educational at-
tainment, labor force participation, income, 
and occupation (Case, Lubotsky, and Paxson 
2002; Currie and Stabile 2003; Currie and 
Moretti 2007; Case, Fertig, and Paxson 2005; 
Almond and Currie 2011). Figure 3 illustrates 
the case of how early life course health can in-
fluence later socioeconomic status. In particu-
lar, life course trajectories of obesity during 
adolescence and into young adulthood contrib-
ute to social stratification outcomes in adult-
hood. Research findings indicate that those 
who become obese in early adolescence and 
remain obese for a longer period of time have 
lower levels of education, marriage, wages, 
household income, employment, assets, and 
subjective social status (Cawley 2004; Han, Nor-
ton, and Stearns 2009; Harris and Lee 2011; 
Glass, Haas, and Reither 2010). These life 
course effects of obesity operate through such 
mechanisms as low self-esteem, social isola-
tion, societal views of attractiveness and lost 
work days, illustrating the biosocial connec-
tions. Similar effects are found for chronic 
health conditions and diabetes during adoles-
cence and young adulthood, which truncate 
educational trajectories and reduce the stabil-
ity of work (Fletcher and Richards 2012).

In this orientation, life course models will 

illuminate the often missing, underlying role 
of biology in social stratification processes. Un-
derstanding whether, when, and how biological 
processes matter for social and economic out-
comes across the life course will help identify 
when biomedical interventions might be most 
effective for reducing social inequality. These 
models are not mutually exclusive and in real-
ity coexist (see Hallqvist et al. 2004). Most im-
portant, they provide a framework for biosocial 
research made possible by longitudinal data 
and study designs that enable researchers to 
identify the social and biological processes that 
operate in pathways of well-being across the 
life span. The life course perspective articulates 
the longitudinal and multidimensional of so-
cial and biological forces that operate in all life 
stages and underlie human development 
across time, emphasizing the need to concep-
tualize social conditions and biological mech-
anisms as dynamic constructs that unfold 
across time, beginning in early life and continu-
ing into young adulthood, midlife, and old age.

Social Genomics
Consensus is now widespread that social, be-
havioral, and health outcomes are a function 
of both nature and nurture, and are best un-
derstood in a life course context. Even in the 
age of genome mapping, research on the im-
pact of genetic variance alone has limited ex-
planatory power, and is often of less interest to 
social and behavioral scientists given that in-

Figure 3. Role of Health in Social Stratification Processes

Source: Authors’ compilation.
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dividual DNA sequence is fixed and not subject 
to intervention. Instead, social and behavioral 
scientists have been drawn to understanding 
gene-environment interplay, or how environ-
mental and genetic factors interact over time 
to affect social, behavioral, and health out-
comes, along the lines of figure 1. Because such 
outcomes represent the cumulative history of 
a person’s social experiences as they combine 
with genetic makeup, gene-environment inter-
play reflects life course processes. Although ap-
preciation is widespread that the links between 
genes and behavioral outcomes, for example, 
are conditioned by the social environment, 
consideration of the dynamic features, of social 
environments and life experiences as processes 
occurring across the life course is not. To date, 
most studies of gene-environment interplay are 
cross-sectional or use longitudinal data with-
out explicit modeling of life course features, 
including pathways, transitions, trajectories, 
durations, or timing (Conley 2016; Shanahan 
and Boardman 2009).

Nevertheless, substantial social science re-
search examines gene-environment interplay 
focusing on two general approaches: gene-
environment interactions (GxE) and gene-
environment correlations (rGE). GxE research 
has captured social science attention by elabo-
rating on processes by which the effect of ge-
netic factors on a social or biological outcome 
is conditioned by environmental factors and 
vice versa (Boardman, Daw, and Freese 2013; 
Hutter et al. 2013). Provocative findings have 
been published, for example, showing that ge-
netic effects on children’s cognition are damp-
ened in low SES environments, genetic propen-
sities for adolescent substance use are 
enhanced or suppressed according to the prev-
alence of substance use in the adolescents’ 
schools, stressful life events increase the risk 
of depression depending on one’s genetic pro-
file for processing neurotransmitters, and ado-
lescents are more genetically similar to their 
friends in more highly structured and segre-
gated environments (Boardman, Domingue, 
and Fletcher 2012; Caspi et al. 2003; Rowe, Ja-
cobson, and Van den Oord 1999; Daw et al. 
2013). Although such findings highlight the im-
portant role of the social environment in 
genetic processes, especially from a policy per-

spective, GxE research has come under signifi-
cant criticism for a poor record of replication, 
lack of statistical power for GxE associations, 
and the endogenous nature of most measures 
of E (Boardman, Daw, and Freese 2013; Conley 
2016; Freese and Shostak 2009; Charney and 
English 2012; North and Martin 2008). Still, 
promising GxE research is on the horizon us-
ing natural or quasi-experimental designs and 
larger samples afforded through genetic con-
sortia (see, for example, Boardman et al. 2012; 
Okbay et al. 2016; Schmitz and Conley 2016, 
2017; Rietveld et al. 2013).

Research exploring gene-environment cor-
relations is especially valuable to social and be-
havioral sciences because it confronts the wor-
risome endogeneity problem of estimated 
environmental effects being due to unobserved 
heterogeneity (genetic factors) associated with 
the selection of one’s environment. Gene-
environment correlation (rGE) refers to pro-
cesses by which genetic factors are associated 
with features of the environments in which in-
dividuals live their lives (friendships, peer 
groups, romantic relationships, schools, neigh-
borhoods, work environments, and so on). 
Sorting out and controlling for genetic variance 
in selection of these environments enables so-
cial and behavioral scientists to isolate the 
causal impacts of social environments on so-
cial, behavioral, and health outcomes. In sum, 
perhaps the main impact of the evidence on 
gene-environment interplay has been to dispel 
notions of the nature-nurture dichotomy and 
build consensus on the need for integrative 
models of genetic and social factors to better 
understand human development and health. 
But two general weaknesses remain: the G (gen-
otype) is still fixed and therefore unresponsive 
to social change; and the dynamics of life 
course changes and their biological interac-
tions with changing social environments and 
experiences over time have not been exploited 
in either GxE or rGE research.

Human social genomics, on the other hand, 
is an emerging field of research that examines 
why and how external social conditions affect 
the activity of the genome (Slavich and Cole 
2013; Boyce and Kobor 2015). Social genomics 
includes the study of gene expression (tran-
scriptome) and epigenetics (epigenome). It 
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emerges from the scientific understanding that 
while the gene sequences we inherit from our 
parents are fixed, the expression of these genes 
is shaped by forces “outside” the body. The 
focus of social genomics is inherently bioso-
cial as it seeks to uncover how social experi-
ences can alter gene expression and thereby 
affect physiological function and social and 
behavioral outcomes (Cole 2014; Hertzman 
2012). Indeed, human social genomics re-
search is demonstrating that certain genes  
can be “turned on” or “turned off” by different 
social-environmental conditions, and in some 
cases these social exposures can affect the ac-
tivity of hundreds of genes in a coordinated 
manner.

This line of research provides new opportu-
nities for understanding how social and genetic 
factors interact to shape complex biological 
and social pathways of well-being. Indeed, it 
has the potential to reframe our understanding 
of the genome as a dynamic substrate that in-
corporates information from the environment 
over developmental time, rather than the pre-
vailing view of the genome as static sequences 
of DNA that are fixed at conception. Current 
social genomics research has examined, for ex-
ample, how social processes, such as social sta-
tus, social supports or isolation, social capital, 
early life adversity, exposure to toxicants and 
microbes, and health behaviors, alter the ex-
pression of hundreds of human genes (such as 
suppression of antiviral and antibody-related 
genes and stimulation of pro-inflammatory 
genes) to affect human development and health 
over many years (see, for example, Cole 2013, 
2014; Murphy et al. 2012; Miller et al. 2009; Fry 
et al. 2012; McDade et al. 2017).

The term epigenetics—first used by Wadding-
ton in the 1940s (Jablonka and Lamb 2002)—
literally means above or on top of genetics, and 
refers to chemical modifications to DNA and 
its packaging that change the accessibility of 
gene regions to transcription factors, and 
thereby affect the level of transcription. These 
modifications alter the physical structure of 
DNA in ways that are relatively stable and con-
served with cell replication. Therefore, epi-
genetics represents a biological mechanism 
through which the body “remembers” prior en-
vironmental exposures to shape gene expres-

sion—a key reason why epigenetics has cap-
tured the attention of many social scientists. 
Methylation of DNA has been the major focus 
of human research, and involves the binding 
of methyl groups to cytosine residues in CpG 
dinucleotides (Bird 2002). At a point in an in-
dividual’s life course, analysis of DNA methyla-
tion may reveal how and which genes have been 
modified in response to the cumulative life 
course environmental, behavioral, and biolog-
ical trajectories of that individual. Thus, epi-
genetics specifies a life course biosocial process 
that entails the dynamic interactions and feed-
back loops of social and genetic phenomena 
both inter- and intragenerationally over the life 
course (Boyce and Kobor 2015). For example, 
epigenetic patterns have been shown to be al-
tered by a range of environmental conditions 
such as diet, tobacco smoking, exercise, and 
exposure to chemicals (Christensen et al. 2009; 
Grönniger et al. 2010; Langevin et al. 2011). 
More broadly, measures of socioeconomic and 
psychosocial adversity in childhood have been 
linked to patterns of DNA methylation later in 
life (Essex et al. 2013; Needham et al. 2015). Epi-
genetic patterns have also been shown to affect 
physical traits and appearance, behavior, and 
health outcomes (IHEC 2013). Thus, environ-
mental variation may routinely change epigen-
etic patterns, and those epigenetic patterns 
may in turn influence developmental outcomes 
over time.

One of the more provocative—but also con-
troversial—findings for social scientists is that 
environmentally triggered behavior or biologi-
cal change might be transmitted across gen-
erations through epigenetic mechanisms and 
without the involvement of DNA sequence 
(Jablonka and Lamb 2015; Thayer and Kuzawa 
2011). Fascinating early evidence on the inher-
itance of epigenetic marks comes from re-
search done on mice. Human evidence is much 
more difficult to establish. Studies of humans 
whose ancestors survived through periods of 
starvation in Sweden and the Netherlands sug-
gest that the effects of famine on epigenetics 
and development can pass through at least 
three generations (Heijmans et al. 2008; Tobi 
et al. 2009). Nutrient deprivation in a recent 
ancestor seems to prime the body for diabetes 
and cardiovascular problems, a biological re-
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sponse that may have evolved to mitigate the 
effects of future famines. The findings on in-
tergenerational epigenetic inheritance could 
have far-reaching significance. Much social sci-
ence research documents how parental char-
acteristics, such as lifestyle, behaviors, and liv-
ing habits, influence children’s well-being. 
Epigenetic processes may provide biological 
mechanisms through which lifestyles and be-
haviors are stored and transmitted to children 
and their children’s children, who do not have 
any direct environmental exposure to these life-
styles or behaviors.

Social genomics is an exciting area for future 
biosocial research that emphasizes the instru-
mental role of the social environment in alter-
ing how genes are expressed to affect behavior, 
biology, and social and health outcomes. The 
more we understand how the social environ-
ment regulates genes that affect health and so-
cial stratification processes, the more potential 
we have for intervening on those environmen-
tal exposures to reduce health and social in-
equalities. The molecular models of social ge-
nomics do require new methodological skills 
and technical capacities for working with these 
data, over and above the application of stan-
dard social science methods used in GxE and 
rGE analysis. Interdisciplinary training, how-
ever, is already coming online to equip social 
scientists with these skills through summer 
boot camps and graduate training programs 
around the country. The potential for under-
standing these social and biological phenom-
ena has captured the attention of the scholarly 
and public worlds alike. The ability of social 
genomics to fill diverse gaps in our understand-
ing of human development and health and to 
provide scientific explanations of the mecha-
nisms underlying our lived experiences makes 
it a compelling avenue for future biosocial re-
search.

Issue Themes and Chap ters
Contributors to the volume represent a wide 
range of disciplines, and their work advances 
the biosocial perspective on human develop-
ment, behavior, and health across the life 
course. The issue is loosely organized around 
three themes.

Disadvantage, Discrimination, and Health
The impact of social adversity on human wel-
fare is of long-standing concern to social sci-
entists. A biosocial perspective addresses ques-
tions regarding the health impacts of adversity, 
and the biological mechanisms through which 
social environments “get under the skin” to 
impact human development and health. This 
aspect of biosocial research has been greatly 
advanced by recent methodological develop-
ments that have facilitated the collection of 
objective biological data in nonclinical, com-
munity- and population-based settings. All 
three articles in this section showcase the value 
of these kinds of measures for advancing our 
understanding of how social adversity affects 
health.

Douglas Massey and his colleagues build on 
a long tradition of scholarship on neighbor-
hood effects, with a particular emphasis on 
residential segregation and concentrated pov-
erty. The majority of this work has been socio-
logical, including some links to health but pay-
ing little attention to biology. Massey and his 
colleagues introduce a biosocial framework for 
linking spatially concentrated disadvantage at 
the geographic level with an individual-level 
biological measure of cellular aging (telomere 
length) to reveal mechanisms through which 
social structure contributes to race-based dif-
ferences in morbidity and mortality in the 
United States. Aside from contributing to the 
literature on neighborhood effects, the article 
demonstrates how collaborative, interdisciplin-
ary teams can leverage novel insights from 
molecular biology to cast new light on long-
standing social science questions.

The article by Bridget Goosby and her col-
leagues also investigates the health impact of 
social disadvantage, but at the individual, 
micro-social level of analysis. Their focus on 
perceived discrimination draws on a well-
established line of biosocial research that at-
tends to the appraisal of stress as a key part of 
the causal pathway linking social adversity with 
physical health. Sleep quality and quantity are 
the key outcomes in their study, based on re-
cent clinical and epidemiological research 
demonstrating the importance of sleep for a 
wide range of physical and mental health out-
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comes. Like Massey and colleagues, the article 
showcases the value of borrowing from biolog-
ical and health sciences to illuminate issues of 
interest to social scientists. This point is un-
derscored by the counterintuitive nature of 
their results. Global ratings of discrimination 
are negatively associated with sleep quantity 
and quality, as one might expect, but partici-
pants slept better the night following a day 
when they reported a discriminatory encoun-
ter. This finding reveals the potential of bio-
logical or health-related measures to provide 
novel insights into psychosocial dynamics that 
might otherwise be obscured. It also highlights 
the value of measuring these dynamics at mul-
tiple levels of analysis.

The article by Elizabeth McClure and her 
colleagues provides an excellent example of 
how a biosocial approach can be used to “so-
cialize” biology. The ratio of signal-joint to beta 
T-cell receptor excision circles (sj/beta-TREC 
ratio) is used by immunologists to measure the 
function of the thymus, an organ that produces 
cells (T lymphocytes) that are essential for im-
munity. In their study in Detroit following the 
Great Recession, they show that neighborhood-
level measures of home foreclosure and aban-
donment predict lower levels of thymic func-
tion among residents. Furthermore, reduced 
social cohesion—a product of home foreclo-
sure and abandonment—predicts lower thymic 
function. With a clearly articulated conceptual 
model that informs their study design and an-
alytic strategy, McClure and her colleagues 
move from the macro- (Great Recession) to the 
mezzo- (neighborhood characteristics) to the 
micro- (thymic function) levels of analysis to 
demonstrate how human biology is a social bi-
ology.

Developmental and Intergenerational 
Processes
The two articles in this section use a biosocial 
approach to assess the biological and social fea-
tures of the developing person and their chang-
ing social contexts through time and space to 
provide new insights into the determinants of 
social and physical well-being. The articles ex-
amine outcomes in specific life stages as a func-
tion of earlier life course exposures and inter-

actions between social and biological forces 
that occur across human development.

Yang Qu and his colleagues use a biopsycho-
social approach to understand adolescent de-
velopment among a growing U.S. ethnic minor-
ity group—Mexican American youth. They 
identify adolescence as a dynamic life stage in 
which neural changes in both brain function 
and brain structure are likely associated with 
individual differences in academic and psycho-
logical adjustment. They also argue that the 
environment becomes especially salient during 
adolescence for Mexican American youth when 
ethnic parents attempt to socialize children 
about their cultural values and heritage, and  
at the same time, adolescents yearn to spend 
more time with peers and fit into adolescent 
social life and activities. The longitudinal re-
search in this article examines the independent 
and interactive effects of adolescents’ brain de-
velopment and their family and peer environ-
ment in determining educational achievement 
and substance use. By integrating imaging data 
with rich social variables on cultural socializa-
tion and peer deviance, Qu and his colleagues 
find important independent contributions of 
biological and psychosocial factors in youth’s 
achievement and adjustment.

The Margot Jackson and Susan Short article 
uses a life course intragenerational design to 
examine both gender differences in physical 
health in young adulthood and the ways in 
which adolescent development and social en-
vironments might explain those differences. 
Documenting gender differences in objective 
biological markers of health (inflammation and 
immunosuppression) during young adulthood 
is a contribution to the health disparities lit-
erature given most research on sex differences 
focuses on older aged populations. Jackson and 
Short report strong differentials in inflamma-
tion and immune function that disadvantage 
women in these biological systems. They ex-
plore a wealth of childhood, adolescent, and 
early adulthood circumstances—including de-
mographic, family socioeconomic, health be-
havior, and young adult family formation and 
socioeconomic attainment—as potential ex-
planatory factors underlying the sex differ-
ences. Identifying gender disparities early in 
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the adult life course is critical to curbing their 
growth throughout adulthood by designing in-
terventions to improve female health and re-
duce the disparities before chronic disease and 
long-term physical damage occurs.

Genes and Environments over the  
Life Course
Interest in gene-environment interplay has cap-
tured the imagination of biosocial researchers, 
who isolate the role of genes in relation to en-
vironmental influence and focus on the ways 
in which genes and environments operate to-
gether in social stratification processes across 
the life course. The advent of new sources of 
molecular genetic data, especially genome-
wide data, and statistical tools for analyzing 
massive amounts of individual-level genome-
wide data linked to survey and biomarker in-
formation in large studies has opened exciting 
new research opportunities for understanding 
gene-environment interplay in biosocial mod-
els of attainment and behavior. Two articles in 
this issue take advantage of an analytic ap-
proach that combines the genetic associations 
with specific phenotypes (that is, behavioral, 
attainment, and health outcomes) across the 
entire genome using polygenic scores (PGS) 
based on genome-wide association studies 
(GWAS). A PGS is a linear combination of the 
effects of genetic variants present in the entire 
genome specific to a phenotype that can be in-
terpreted as a single quantitative measure of 
genetic predisposition for that phenotype.

The article by Melinda Mills and her col-
leagues builds on their recently published 
meta-GWAS study on human reproductive be-
havior (Barban et al. 2016) by examining the 
predictive power of two PGS discovered in that 
study for age at first birth and number of chil-
dren ever born in four independent extant data 
sources. Despite extensive research on the role 
of genetics in such outcomes as obesity, sub-
stance use, and education, little attention has 
been directed to fertility behavior, perhaps be-
cause age at first birth and number of children 
ever born are complex outcomes related to bi-
ological fecundity, behavioral choice, and 
socio-environmental factors. Consistent with 
most of the research on genetic influence using 

molecular data, Mills and her colleagues find 
relatively low levels of predictive power for the 
PGSs based on the entire genome, revealing 
the more predominant role of social-
environmental and behavioral factors in deter-
mining age at first birth and number of chil-
dren ever born. Rather than speculating on how 
much environmental and behavioral estimates 
are overstated by their confounding with ge-
netic effects, social scientists use these models 
to control for this genetic confounding while 
estimating the importance of social and behav-
ioral factors of fertility behavior. Moreover, age 
at first birth and number of children ever born 
are well-established markers of social stratifi-
cation, illustrated by the voluminous literature 
on teenage childbearing and family size (re-
views in Furstenberg 2003; Powell et al. 2016; 
Sweeney and Raley 2014; Wilcox and Lerman 
2014). Indeed, Mills and her coauthors show 
that the PGSs are also correlated with other fer-
tility traits, such as childlessness, and are in-
dependent of the effects of education.

Benjamin Domingue and his colleagues fo-
cus on the role of genes in environmental se-
lection processes, or gene-environment corre-
lation. They examine geographic clustering of 
PGSs for multiple phenotypes related to an-
thropometry, education, and physical and men-
tal health by state of residence at different 
points in the life course to explore the extent 
to which state-level genetic composition ex-
plains state-level clustering of various pheno-
types and how these relationships change over 
age. Domingue and his coauthors expertly dis-
cuss the important motivation behind examin-
ing gene-environment correlations, the mech-
anisms through which gene-environment 
correlations may operate, and test for the pen-
etrance of PGSs (association of genotype and 
phenotype) at both the individual and ecolog-
ical (that is, state) levels. For most of the phe-
notypes they examine, the authors find that the 
ecological correlations are much larger than 
the individual correlations, suggesting the en-
vironmental context of the state may moderate 
the genotype-phenotype associations. In par-
ticular, they identify two phenotypes, depres-
sion and educational attainment, for which the 
genetic context of a state is especially salient.
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Conclusions
The articles in this issue advance our under-
standing of the biosocial pathways of well-
being across the life course, and their complex 
associations with social stratification. They 
build on a solid foundation of biosocial re-
search in the social sciences, and they show-
case the value of blurring the boundaries be-
tween phenomena outside the body and inside 
the body. In some cases, they use novel meth-
ods to cast new light on old questions. In oth-
ers, novel methods reframe the questions and 
open new lines of inquiry. In all cases, the in-
tegration of biological information with mea-
sures of social environments and behavior 
across the life course is generating unique in-
sights and unprecedented opportunities for 
discovery. In many ways, this issue can be seen 
as marking the “coming of age” of a new gen-
eration of biosocial scholarship, and the future 
looks bright for those of us who are invested 
in illuminating the complex pathways linking 
society, biology, and health across the life 
course.
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Neighborhood Disadvantage 
and Telomere Length: Results 
from the Fragile Families Study
Dougl as S.  M assey,  Br a ndon Wagner, Louis Donnelly, 
Sar a McL a nah a n, Jea nne Brooks- Gunn, Irw in Garfinkel, 
Colter Mitchell,  a nd Da niel A.  Not term a n

Telomeres are repetitive nucleotide sequences located at the ends of chromosomes that protect genetic mate-
rial. We use data from the Fragile Families and Child Wellbeing Study to analyze the relationship between 
exposure to spatially concentrated disadvantage and telomere length for white and black mothers. We find 
that neighborhood disadvantage is associated with shorter telomere length for mothers of both races. This 
finding highlights a potential mechanism through which the unique spatially concentrated disadvantage 
faced by African Americans contributes to racial health disparities. We conclude that equalizing the health 
and socioeconomic status of black and white Americans will be very difficult without reducing levels of resi-
dential segregation in the United States.

Keywords: telomere, segregation, neighborhood disadvantage, concentrated poverty

In his seminal book, The Truly Disadvantaged, 
William Julius Wilson (1987) notes the growing 
concentration of poverty within black inner city 
neighborhoods and hypothesized that long-
term exposure to spatially concentrated disad-
vantage was central to the perpetuation of pov-
erty among African Americans. Since that time, 
a large body of research has sought to establish 
the existence of “neighborhood effects” on in-
dividual social, economic, and health out-
comes. Although analyses of multilevel survey 
data and nonexperimental results derived from 

static group comparisons generally produced 
results consistent with Wilson’s hypothesis (see 
Rubinowitz and Rosenbaum 2000; Sampson, 
Morenoff, and Gannon-Rowley 2002; Massey 
and Clampet-Lundquist 2008), experimental 
findings from the Moving to Opportunity 
(MTO) Study were initially less supportive 
(Kling, Lieberman, and Katz 2007). 

The MTO study randomly assigned poor res-
idents of public housing projects in five met-
ropolitan areas to experimental and control 
groups. Members of the former group were of-
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fered housing vouchers that required subjects 
to move into a low-poverty neighborhood and 
the latter received no offer of vouchers but con-
tinued to receive project-based assistance. Sta-
tistical comparisons of the two groups five to 
seven years after random assignment revealed 
that members of the experimental group did 
experience lower levels of neighborhood pov-
erty and improved mental and physical health 
(Ludwig et al. 2011) but that the intervention 
offered “no convincing evidence of effects on 
educational performance; employment and 
earnings; or household income, food security, 
and self-sufficiency” (Orr et al. 2003, xv). These 
disappointing conclusions were generally sus-
tained when the evaluation was repeated ten 
to fifteen years after random assignment (San-
bonmatsu et al. 2011).

More recently, however, the tide of evi-
dence has begun to turn in favor of Wilson’s 
“neighborhood effects” hypothesis. A quasi-
experimental evaluation of a housing mobility 
project in New Jersey recently demonstrated 
that, when compared to members of a matched 
control group, adults who moved from a high-  
to low-poverty residential environment experi-
enced significantly lower exposure to disorder 
and violence, a lower frequency of negative life 
events, better mental health, higher employment 
rates, more earned income, and lower rates of 
welfare receipt (Massey et al. 2013). At the same 
time, adults who moved also became more in-
volved in their children’s academic development, 
and the children themselves evinced a dramatic 
increase in hours spent studying while gaining 
greater access to a quiet study space, higher qual-
ity schools, and lower levels of disorder and vio-
lence within schools, all of which allowed them 
to maintain strong grades despite attending 
more demanding schools (and hence receiving 
a much better education). 

Using data from the Panel Study of Income 
Dynamics, Jeffrey Wodtke, David Harding, and 
Felix Elwert followed children from age one to 
seventeen and find that long-term exposure to 
concentrated neighborhood disadvantage 
sharply reduced the likelihood of high school 
graduation (2011), especially for children from 
low-income families (2016). Drawing on the same 
data source, Jonathan Rothwell and Douglas 
Massey show that, after adjusting for regional 

differences in purchasing power, lifetime house-
hold income would have been $910,000 greater 
if people born into bottom-quartile of neighbor-
hoods had instead been raised within a top-
quartile neighborhood, indicating a powerful 
neighborhood income effect that was two-thirds 
of the parental income effect (2014). 

Finally, a recent reanalysis of the MTO sub-
jects drawing on tax and census data from 2012 
finds that children whose families moved into 
a low-poverty neighborhood before the age of 
thirteen by their mid-twenties earned annual 
incomes that were nearly $3,500 greater than 
their counterparts in the control group (Chetty, 
Hendren, and Katz 2016). In addition, they dis-
played marriage rates that were two percentage 
points higher and attended college at rates that 
were 2.5 points greater. Children in the experi-
mental group also attended higher quality col-
leges and universities. 

At this point, a consensus seems to be 
emerging that neighborhoods do indeed mat-
ter across a variety of dimensions of human 
well-being (Massey 2013). Social scientists are 
consequently moving away from simple dem-
onstrations of the existence of neighborhood 
effects and attempting to identify and model 
the specific mechanisms by which exposure to 
spatially concentrated disadvantage affects crit-
ical human outcomes (compare Sampson 2012; 
Sharkey 2013). In the current analysis, we focus 
on the relationship between neighborhood dis-
advantage and health, one of the earliest asso-
ciations to emerge experimentally from the 
MTO study (Ludwig 2012). Rather than offering 
additional evidence simply to confirm the ex-
istence of such a relationship, however, we ex-
plore a potentially important pathway by which 
concentrated neighborhood disadvantage may 
get “under the skin” of people growing up and 
living in poor neighborhoods to create a poten-
tial biological precursor of elevated morbidity 
and mortality in later life. 

Social Structure,  
Stress, and He alth
We argue that one position within the social 
structure of society produces a high degree of 
exposure to spatially concentrated disadvan-
tage. The social-structural position in question 
is defined by the intersection of high poverty 
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and high residential segregation. The system-
atic residential segregation of any high-poverty 
group inevitably concentrates poverty spatially 
within neighborhoods inhabited by members 
of that group. Massey first identified this inter-
action using a simulation to show how rising 
rates of black poverty mechanically produced 
higher concentrations of black poverty as racial 
segregation increased, a relationship estab-
lished empirically in subsequent research 
(Massey 1990; Massey and Eggers 1992; Massey 
and Fischer 2000). Although Massey’s empiri-
cal confirmation of the segregation-poverty in-
teraction was questioned on statistical grounds 
(Jargowsky 1997), the underlying mathematics 
of the interaction were later worked out and 
confirmed: “racial segregation and income seg-
regation within race contribute importantly to 
poverty concentration, as Massey argued” 
(Quillian 2012, 354).

The group most subject to this interaction 
is African Americans, who in many metropoli-
tan areas are simultaneously the poorest and 
most segregated minority group. These circum-
stances expose them to uniquely high concen-
trations of neighborhood disadvantage com-
pared with other racial-ethnic groups (Massey 
and Rugh forthcoming). This fact is important 
because, as Robert Sampson points out, when 
it comes to urban ecology “things go together” 
(2012). Areas of spatially concentrated disadvan-
tage also tend to be areas of high crime, ele-
vated violence, excessive mortality, low collec-
tive efficacy, fragmented social ties, and limited 
capacity for collective action. It is hardly sur-
prising, therefore, that neighborhood disadvan-
tage has been identified as the critical nexus 
for the intergenerational transmission of pov-
erty among African Americans (Sharkey 2013).

Previous work has found that neighborhood 
disadvantage is associated with biological 
markers linked to stress or health, including 
cortisol levels and C-protein reactivity (Ru-
dolph et al. 2014; Hackman et al. 2012; Karb et 
al. 2012), blood pressure (Cathorall et al. 2015), 
DNA methylation (King et al. 2016), and sum-
mative measures such as allostatic load (Gus-
tafsson et al. 2014; Finch et al. 2010). In this 
article, we conceptualize the attenuation of 
telomere length as a potential mechanism by 
which exposure to neighborhood disadvantage 

undermines health in later life. Telomeres are 
repetitive nucleotide sequences located at the 
ends of human chromosomes, which act as buf-
fers to protect genetic material from deteriora-
tion and errant recombination during cell divi-
sion (Blackburn 2006; Kipling 1995).

Telomeres naturally shorten in the course 
of human aging (Wilhide 2014). The normal 
process of shortening over time can be acceler-
ated by exposure to environmental stressors, 
however (Sapolsky 2004). Despite some evi-
dence of positive publication bias, meta-
analyses provide support for the association 
between perceived stress and telomere length 
(Schutte and Malouf 2014; Mathur et al. 2016). 
These results support the conclusion of Elissa 
Epel and her colleagues that “stress . . . is sig-
nificantly associated with higher oxidative 
stress, lower telomerase activity, and shorter 
telomere length” (2004, 17312).

We hypothesize that one critical source of 
environmental stress for African Americans is 
their elevated exposure to spatially concen-
trated disadvantage, thus yielding a potential 
biosocial pathway connecting their position in 
the U.S. social structure to health. Specifically, 
the combination of high poverty and high seg-
regation uniquely expose African Americans to 
spatially concentrated disadvantage, yielding a 
prolonged exposure to stress, which functions 
over time to shorten telomeres of African Amer-
icans prematurely, with potential adverse 
health consequences later in life.

Admittedly, the nature of the relationship 
between shortened telomeres and poor health 
is not settled. Some scholars have argued that 
the poor prediction of mortality risk (Glei et al. 
2016) and physical decline (Harris et al. 2016) 
by telomere length, particularly in the oldest-
old (Yu et al. 2015; Martin-Ruiz et al. 2005), im-
plies that telomere length is a “weak biomarker 
[of human aging] with poor predictive accuracy 
compared with many traditional covariates” 
(Sanders and Newman 2013). However, numer-
ous other studies document associations be-
tween telomere length and a variety of subse-
quent health outcomes, including all-cause 
mortality risk, infectious disease mortality, 
coronary heart disease, stroke, myocardial in-
farction, diabetes, cancer incidence, and cancer 
mortality (Glei et al. 2016; see also Marioni et 
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al. 2016; Fitzpatrick et al. 2011; Haycock et al. 
2014; Goglin et al. 2016; D’Mello et al. 2014; Wil-
leit, Willeit, and Mayr 2010).

Though the exact mechanisms that link telo-
mere length to subsequent health is unclear, a 
recent review highlights a variety of potential 
mechanisms by which telomere length might 
influence health, concluding that “telomere at-
trition can lead to potentially maladaptive cel-
lular changes, block cell division, and interfere 
with tissue replacement,” and that “greater 
overall telomere attrition predicts mortality 
and age-related diseases” (Blackburn, Epel, and 
Lin 2015, 1193). Such a link between stressful 
social environments and compromised health 
has long been hypothesized, that persistent ex-
posure to disadvantaged circumstances con-
tributes to a process of human “weathering” 
in which disadvantaged populations age pre-
maturely from high levels of stress and conse-
quently experience poorer health as the life 
course proceeds (Geronimus 1992; see also Di-
Prete and Eirich 2006; Geronimus et al. 2006; 
Walsemann, Gee, and Geronimus 2009).

We argue here that a key source of stress for 
African Americans, beyond whatever instances 
of exclusion and discrimination they may ex-
perience while navigating U.S. society, is their 
long-term exposure to high spatial concentra-
tions of disadvantage, which potentially con-
tribute to weathering at the cellular level in the 
form of shortened telomeres (Epel et al. 2004; 
Sapolsky 2004). Because racial gaps in health 
and mortality typically are not eliminated by 
controlling for socioeconomic status and de-
mographic factors, we argue that racial differ-
ences in exposure to concentrated disadvan-
tage carry considerable potential to account 
more fully for black shortfalls in health (see 
Kitagawa and Hauser 1973; Geruso 2012).

One potential mechanism is the pathway 
hypothesized here, in which high levels of seg-
regation and poverty interact to concentrate 
poverty within black neighborhoods, which in 
turn exposes African Americans to high con-
centrations of neighborhood disadvantage, 
which ultimately shortens black telomere 
lengths to foretell an elevated risk of health 
problems over the life course. The connection 
between segregation, poverty, and neighbor-
hood disadvantage is well established (Quil-

lian 2012) and evidence of a link between telo-
mere length and poor health is rapidly 
accumulating (see Blackburn, Epel, and Lin 
2015). Here we seek to demonstrate an asso-
ciation between concentrated neighborhood 
disadvantage and telomere length in a large 
nationally representative sample.

Prior work offers suggestive evidence of such 
a link. Katherine Theall and her colleagues, for 
example, gathered data from children in New 
Orleans and show that exposure to neighbor-
hood disorder and poverty was associated with 
shorter telomeres (2013). Using a sample of 
adults from locations around the United States, 
Belinda Needham and her colleagues also find 
a strong negative relationship between telomere 
length and the quality of the neighborhood en-
vironment, as measured by aesthetics, safety, 
and social cohesion (2015). Likewise, Minjung 
Park and her colleagues used data from a lon-
gitudinal survey of Dutch adults to demonstrate 
that telomere length varied inversely with 
neighborhood quality, as measured by self-
reported disorder, crime, and noise (2015).

Recently Arline Geronimus and her col-
leagues compiled a sample of respondents 
from three Detroit neighborhoods and find that 
respondents who were most satisfied with their 
neighborhood circumstances displayed signifi-
cantly longer telomeres than others. Using data 
from the Fragile Families and Child Wellbeing 
Study, Colter Mitchell and his colleagues dem-
onstrate that black boys who experienced dis-
advantaged home environments displayed sig-
nificantly shorter telomeres by age nine than 
statistically similar boys who grew up in advan-
taged environments (2014). Likewise, Stacy 
Drury and her colleagues find that telomeres 
were significantly shorter among children who 
reported greater exposure to family violence 
and disruption (2014). Irdan Shalev and his col-
leagues discovered that children exposed to 
multiple sources of violence and mistreatment 
while growing up displayed significantly more 
telomere shrinkage between ages five and ten 
than other children (2013).

Data and Methods
Our data come from the Fragile Families and 
Child Wellbeing Study, which is based on a strat-
ified, multistage, probability sample of children 
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born in large U.S. cities between 1998 and 2000. 
Around three-quarters of the births were to un-
married mothers (hence yielding “fragile” fam-
ilies). Baseline interviews were conducted with 
mothers in the hospital soon after the child’s 
birth, and fathers were interviewed in the hos-
pital or by phone. Follow-up interviews were 
conducted with both parents when the child 
was one, three, five, and nine years old. About 
nine years after the birth of their child, 2,667 
mothers provided saliva samples to enable bio-
logical assays of telomere length.

Telomere length was assessed using a quan-
titative real-time polymerase chain reaction 
(PCR) assay that yielded absolute measurements 
in numbers of kilobases. To guard against overly 
influential outlier cases, we eliminated respon-
dents with telomere lengths below the 1st per-
centile or above the 99th percentile of the dis-
tribution and to facilitate analysis and we took 
the natural log of telomere length as our depen-
dent variable in a simple linear model (see 
Mitchell et al. 2014). Most research on telomeres 
to date has relied on peripheral blood mono-
nuclear cells from whole blood as a source of 
DNA. To consider the relationship between DNA 
from blood and that derived from saliva, Mitch-
ell and colleagues asked sixteen healthy adult 
volunteers (ten females and six males) to con-
tribute both blood and saliva samples (2014).

After discarding a single outlier (by four 
standard deviations) from one of the blood 
samples, they find that telomere length was 
greater in the saliva samples but nonetheless 
highly correlated with telomere length in the 
blood samples. This difference is not surpris-
ing since different cell types have different rates 
of division and thus different rates of telomere 
attrition. Because the saliva- and blood-based 
telomere lengths were highly correlated with 
one another, Mitchell and colleagues conclude 
there was no a priori reason to prefer one 
source over the other and proceeded with their 
analysis of telomere lengths derived from the 
Fragile Families data. 

Our principal independent variable is an in-
dex of neighborhood disadvantage developed 
by Wodtke, Harding, and Elwert (2011). This 
measure is created from a principal component 
analysis of tract-level items that included rates 
of poverty, unemployment, female headedness, 

and welfare receipt, along with the percentages 
of persons age twenty-five and older who lacked 
a high school diploma, held a college degree, 
and occupied a managerial or professional oc-
cupation. We measured neighborhood disad-
vantage cumulatively from the first to the fifth 
wave of the survey using census tract records 
from the 2000 Census and the 2005–2009 Amer-
ican Community Survey (ACS), linking them to 
geocoded individual records for mothers and 
children. For the 2000 values and the few cases 
dating to 1998 or 1999, we used 2000 census es-
timates; for the 2007 and 2008 values, we used 
the ACS 2005–2009 estimates; and for years be-
tween, we interpolated.

To make sure that we were not capturing 
overall changes in tract values (stemming from 
nationwide events such as the Great Recession), 
we standardized all values within years across 
the national sample of census tracts. To incor-
porate the effects of moves between neighbor-
hoods during the period of observation, we 
merged tract data from the census and the ACS; 
for individuals who changed tracts between 
waves, we set the midpoint between the two data 
collection dates as the year in which they moved. 
All models were estimated in Stata 14 and con-
trolled as appropriate for indicators of demo-
graphic characteristics, educational attainment, 
living arrangements, and socioeconomic status. 

Table 1 presents means for each independent 
variable by race-ethnicity for mothers at the time 
of the age-nine survey. The huge differential in 
exposure to cumulative neighborhood disadvan-
tage between whites and blacks is immediately 
apparent in the first line of the table. Whereas 
the Wodtke index of neighborhood disadvantage 
stood at –0.252 for white mothers, the factor 
score for black mothers was 1.198. The mean age 
of mothers at the time of telomere collection 
was 33.4 years for blacks, and 36.4 years for 
whites, and the percentage foreign born was 
around 3 percent for whites and blacks. Black 
mothers displayed higher body mass indices (ra-
tio of weight to height squared) than their white 
counterparts, with BMI Z-scores of 0.161 and 
–0.261 respectively. The average number of 
moves made before the child reached age nine 
differed slightly by race, with the number being 
3.1 for blacks and 2.7 for whites.

As one might expect, education levels dif-
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fered by race. Whereas 33 percent of black re-
spondents had less than a high school educa-
tion, only 17 percent of white respondents did. 
Likewise, 30 percent of whites but only 4 per-
cent of blacks were college graduates. A simi-
lar contrast was observed for the mothers’ 
family situation at the time of the birth. Just 
12 percent of black mothers were married and 
35 percent were cohabiting, versus 50 percent 
and 31 percent of whites. In other words, 
nearly 80 percent of white mothers but only 
47 percent of black mothers were married or 
cohabiting at the time of birth. As with moth-
er’s education, household income was greater 
for whites than for blacks. The income-to-
poverty ratio was 4.1 for white and 1.7 for 
blacks. As one would expect given these in-
come figures, the percentage on welfare for 
black mothers was double that of white moth-

ers, with figures of 45 percent and 21 percent 
respectively.

Telomeres, Socioeconomic Status, 
and Neighborhood Disadvantage
To set the stage for our multivariate analysis, 
we offer a simple description of intergroup dif-
ferences in telomere length (TL), socioeco-
nomic status, and neighborhood disadvantage. 
As table 1 shows, we observe clear differences 
in TL between whites and blacks. White moth-
ers clearly stand out for their low values, aver-
aging 1.801 kilobases to 1.855 for blacks, a sta-
tistically significant difference. To understand 
the distribution of telomere length, figure 1 
plots mothers’ telomere length (in logged ki-
lobases) by race. Though they have a similar 
range of values, it is clear from this histogram 
that the distribution of telomere length is dis-

Table 1. Means of Variables in Analysis of Neighborhood Disadvantage and  
Telomere Length

Variable Total Whites Blacks

Neighborhood disadvantage
Wodtke index 0.760 –0.252 1.198

Telomere length
Logged kilobases 1.839 1.801 1.855

Mother’s characteristics
Age at TL collection 34.326 36.407 33.424
Foreign born 0.030 0.028 0.031
Body mass (Z-score) 0.034 –0.261 0.161
Moves during study 2.997 2.679 3.136

Education at birth of child
Less than high school 0.279 0.168 0.328
High school 0.329 0.249 0.363
Some college 0.271 0.281 0.266
College or more 0.121 0.302 0.043

Mother-father relationship  
at birth

Married 0.238 0.509 0.120
Cohabiting 0.335 0.301 0.349
Other 0.427 0.189 0.531

Household SES at birth
Household poverty ratio 2.431 4.060 1.726
Household welfare 0.379 0.213 0.450

Number of cases 1,661 502 1,159

Source: Authors’ compilation of data from the Fragile Families and Child Wellbeing 
Survey.
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tributed more to the right for blacks relative to 
whites. It may seem surprising that black moth-
ers have longer telomeres than white mothers 
given their greater exposure to disadvantage, 
but other researchers have noted similar black-
white differentials over the life course (Need-
ham et al. 2015; Brown et al. 2016; Hansen et al. 
2016; Lynch et al. 2016; Drury et al. 2014; Hunt 
et al. 2008). Understanding the reasons for this 
racial differential in telomere length remains 
an important task for future research.

Whatever the baseline telomere length, 
what we are trying to test here is whether ex-
posure to a stressor “speeds up” the rate at 
which telomeres attrite—that is, whether it af-
fects the net difference between rates of telo-
mere loss and synthesis. Thus we set aside any 
investigation of racial differences in baseline 
TL and focus simply on whether exposure to 
neighborhood disadvantage is indeed associ-
ated with shorter telomeres and whether the 
strength of this association differs between 
blacks and whites. Though the Fragile Families 
data limit us to a single measurement of telo-
mere length and cannot sustain attributions of 
causality, observed point-in-time differences by 

neighborhood disadvantage nonetheless pro-
vide suggestive evidence of telomere attrition.

Besides neighborhood disadvantage, family 
deprivation might also influence telomere 
length and thus is important also to consider. 
Figure 2 calibrates the potential for intergroup 
differences in household income to shorten 
telomeres by showing the distribution of 
income-to-poverty ratios for respondents by 
race. In both cases, these ratios concentrate at 
values below 5.0; and as one might expect, val-
ues for blacks are skewed much more toward 
the low end of the scale and whites more to-
ward the upper end. In addition, whereas black 
mothers display virtually no income-to-poverty 
ratios above 5.0, such values are frequent 
among white mothers. Thus, income differ-
ences are also likely to be associated with 
shorter TL and need to be controlled in statis-
tical models.

However, the black-white differential in 
household income is not nearly as extreme as 
the racial differential in neighborhood income, 
as shown in figure 3, which presents distri
butions of the Wodtke neighborhood disad
vantage index for white and black mothers. 

Figure 1. Density Distribution, Telomere Length

Source: Authors’ compilation of data from the Fragile Families and Child Wellbeing Survey.
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Figure 2. Density Distribution, Income to Poverty Ratio

Source: Authors’ compilation of data from the Fragile Families and Child Wellbeing Survey.

Figure 3. Density Distribution, Wodtke Index

Source: Authors’ compilation of data from the Fragile Families and Child Wellbeing Survey.
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Whereas neighborhood disadvantage indices 
for the vast majority of white mothers lie be-
tween –1.0 and +1.0, indicating low to moderate 
levels of neighborhood disadvantage, the vast 
majority of black mothers display indices that 
are above 1.0, most falling in the range from 
1.0 to 4.0 but with some values of 5.0 or greater, 
index values that are almost never observed for 
whites. Thus the racial contrast is much greater 
with respect to neighborhood socioeconomic 
status than household socioeconomic status.

Effects of Neighborhood 
Disadvantage on Telomere Length
Table 2 presents two ordinary least squares 
(OLS) regression models estimated to predict 
the natural log of telomere length for black and 
white mothers in the Fragile Families dataset. 
The left-hand model includes dummy variables 
for group membership and indicators of the 
mother’s demographics, education, relation-
ship with the father, and socioeconomic status 
at the time of the child’s birth. The right-hand 

Table 2. OLS Regression, Effect of Neighborhood Disadvantage

Controlling for  
Social Background

Controlling for  
Social Background and 

Neighborhood Disadvantage

Independent Variables B SE B SE

Mother’s race-ethnicity
White — — — —
Black 0.052** 0.018 0.074*** 0.020

Neighborhood disadvantage
Wodtke index — — –0.023* 0.009

Mother’s characteristics
Age at telomere collection –0.003+  0.001 –0.003+ 0.001
Foreign born 0.041 0.043 0.032 0.043
Body mass index –0.001 0.008 0.004 0.008
Moves during study 0.000 0.003 –0.001 0.003

Mother’s education at birth
Less than high school — — — —
High school 0.015 0.019 0.009 0.019
Some college 0.043*   0.021 0.032 0.021
College or more 0.024 0.034 0.006 0.035

Mother-father relationship  
at birth

Married — — — —
Cohabiting 0.028   0.024 0.031 0.024
Other 0.025 0.025 0.028 0.025

Mother’s SES at birth
Household poverty ratio 0.003 0.004 0.001 0.004
Household welfare use –0.008 0.017 –0.005 0.017

Constant 1.847*** 0.061 1.859*** 0.061

R2 0.008 0.010
Number of cases 1,661 1,661

Source: Authors’ compilation of data from the Fragile Families and Child Wellbeing Survey.
+p < .1; *p < .05; **p < .01; ***p < .001
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equation contains the same independent vari-
ables with the addition of the Wodtke Index of 
neighborhood disadvantage. Looking at the 
left-hand columns we see that in the absence 
of a control for neighborhood disadvantage the 
average TL for black mothers remains signifi-
cantly greater than that of white mothers (p < 
.01), consistent with the data shown in figure 
1. In addition, with the notable exception of 
having some college education, socioeconomic 
status does not seem to play a significant role 
in determining TL among respondents, a find-
ing that was robust across different model spec-
ifications we considered.

The right-hand equation adds in neighbor-
hood disadvantage, which is significantly as-
sociated with shorter TL (p < .05). According to 
the estimated model, each point increase in the 
index of neighborhood disadvantage is associ-
ated with a decline of 0.023 logarithmic points 
of TL. Including neighborhood disadvantage 
in the model slightly increases the black-white 
gap in TL, though the shift is not significant. 
Although this model estimates a single coeffi-
cient for neighborhood disadvantage, we might 
anticipate that whites and blacks experience 
neighborhood disadvantage differently. To test 
this possibility, we estimated an additional 
model with an interaction term that allowed 
the effect of neighborhood disadvantage to vary 
between races but we did not find a significant 
interaction. We came to the same conclusion 
when we estimated the entire model separately 
for black and white mothers and found the co-
efficients for neighborhood disadvantage not 
to be statistically different in the black and 
white models.

Thus neighborhood disadvantage appears 
to operate similarly with regard to telomere 
length across the races. The Fragile Families 
data, however, only contain information on 
neighborhood disadvantage for the nine years 
of women’s lives subsequent to the baseline in-
terview. Our analysis thus ignores whatever 
neighborhood circumstances women experi-
enced before the survey date, around two-
thirds of their lifetimes. Although we do not 
have information on the specific tract of resi-
dence for this period, in additional models not 
shown we use fixed effects to account for the 
city of residence at the time of the baseline sur-

vey and found that findings were robust to the 
inclusion of these city-level controls.

Conclusion and Implications
Research clearly establishes that segregation 
and poverty interact to concentrate poverty spa-
tially. The residential segregation of any group 
with a high rate of poverty inevitably concen-
trates poverty at high levels within neighbor-
hoods inhabited by that group. Studies also 
identify telomeres (nucleotide sequences lo-
cated at the ends of chromosomes) as critical 
buffers that protect genetic material from de-
terioration during cell division and that telo-
meres naturally shorten with age to foretell se-
nescence. However, research also reveals that 
long-term exposure to high levels of stress can 
shorten human telomeres prematurely, poten-
tially increasing later risks of morbidity and 
mortality.

In the current analysis, we hypothesized that 
prolonged exposure to spatially concentrated 
disadvantage constitutes a key source of stress 
for African Americans and thus may help to 
explain persistent racial differentials in health 
and life expectancy that do not disappear when 
socioeconomic status is controlled. To support 
this hypothesis we used multilevel data from 
the Fragile Families and Child Wellbeing Study 
and, using an index developed by Wodtke and 
colleagues (2011), we documented the distinc-
tively high concentrations of neighborhood dis-
advantage experienced by African Americans 
relative to whites and confirmed that black in-
equality with respect to neighborhood disad-
vantage far exceeds that with respect to house-
hold income.

We went on to estimate regression models 
that predicted telomere length while control-
ling for other socioeconomic and demographic 
characteristics. We find the Wodtke index to 
be a significant predictor of telomere length 
among both blacks and whites. Subsequent in-
vestigations reveal no significant difference 
between blacks and whites in the extent to 
which exposure to neighborhood disadvantage 
was associated with shorter TL. Blacks are sim-
ply exposed to far more neighborhood disad-
vantage than whites, thus predicting greater 
shortening from their baseline TL. The differ-
ence in average neighborhood disadvantage 
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among white and black respondents (Wodtke 
index = –0.252 and 1.198, respectively) implies 
a predicted difference in telomere length of 
0.04 logarithmic points. Thus an African Amer-
ican respondent living in an average black 
neighborhood would be expected to have telo-
meres 0.04 logarithmic points shorter than 
those of an identical respondent living in an 
average white neighborhood. Conversely, an 
average white respondent living in an average 
white neighborhood would be expected to have 
telomeres 0.04 logarithmic points longer than 
those of an identical respondent living in an 
average black neighborhood. Though our re-
sults rely on cross-sectional comparisons of 
telomere length and cannot be taken as causal, 
they do provide suggestive evidence that the 
prolonged exposure to spatially concentrated 
disadvantaged experienced by African Ameri-
cans is associated with greater telomere attri-
tion.

In relying on between-person comparisons 
of telomere length, this study faces two major 
challenges future work should seek to address. 
First, as with all cross-sectional data analyses, 
correlations with omitted variables threaten 
between-person comparisons of telomere 
length. Though we included a variety of poten-
tially relevant controls, the use of cross-
sectional comparisons precludes us from as-
serting a causal relationship between 
neighborhood disadvantage and telomere 
length. Second, the proposed theoretical model 
with telomeres as a mechanism linking neigh-
borhood disadvantage to later-life health out-
comes is primarily motivated by work on the 
health consequences of telomere attrition (that 
is, change in telomere length over time). How-
ever, we are unable to measure the actual pro-
cess of telomere attrition with a single time 
point of data available. Though differences in 
length could imply differences in telomere at-
trition, they also capture mean differences be-
tween groups. The measurement of telomeres 
at multiple time points is becoming more com-
mon in datasets, including future waves of the 
Fragile Families Study itself. As these data be-
come available, researchers should seek to de-
termine whether differences in exposure to 
neighborhood disadvantage are diachronically 
associated with actual telomere attrition and 

not just associated with cross-sectional TL dis-
parities at a point in time.

Although our results are necessarily prelim-
inary and await replication by other researchers 
using other datasets, they nonetheless add to 
a growing body of work demonstrating how in-
equality can be perpetuated through the nexus 
of neighborhood disadvantage, and potentially 
through biological as well as social mecha-
nisms. Given the salient role of neighborhoods 
in perpetuating poverty over the life course and 
across generations, the research presented here 
suggests that improvements in black education 
and income alone may not be enough to elim-
inate racial differentials in health and socio-
economic status as long as residential segrega-
tion remains a characteristic structural feature 
of American society. Moving toward a more just 
and equal society requires not simply reducing 
discrimination in the social and economic 
spheres, but equalizing opportunities in the 
residential sphere as well. As of 2010, more than 
half of blacks inhabiting U.S. metropolitan ar-
eas remained highly segregated and one-third 
were hypersegregated (Massey and Tannen 
2015). As long as such conditions continue to 
prevail, segregation will continue to serve as 
the linchpin of racial stratification in the 
United States (Pettigrew 1979).
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ease, and major depression (Irwin 2015). Be-
cause adolescents are a population vulnerable 
to poor sleep during a key developmental pe-
riod of significant physiological and environ-
mental change, they are an important group to 
systematically assess with regard to sleep pat-
terns and social conditions linked to chronic 
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Bak,  Taylor C.  Roth, a nd Timothy D.  Nelson

Sleep is a key restorative process, and poor sleep is linked to disease and mortality risk. The adolescent 
population requires more sleep on average than adults but are most likely to be sleep deprived. Adolescence 
is a time of rapid social upheaval and sensitivity to social stressors including discrimination. This study uses 
two weeks of daily e-diary measures documenting discrimination exposure and concurrent objective sleep 
indicators measured using actigraphy. We assess associations between daily discrimination and contempo-
raneous sleep with a diverse sample of adolescents. This novel study shows youth with higher average dis-
crimination reports have worse average sleep relative to their counterparts. Interestingly, youth reporting 
daily discrimination have better sleep the day of the report than youth who do not. 

Keywords: sleep, adolescence, discrimination, actigraphy

Sleep is an important restorative process in-
strumental in regulating physiologic systems, 
cognition, and behavioral outcomes (Balbo, 
Leproult, and Van Cauter 2010; Kliewer and 
Lepore 2014). Sleep quality and duration are 
associated with an array of morbidities includ-
ing metabolic conditions, cardiovascular dis-
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disease risk (Becker, Langberg, and Byars 2015; 
Park et al. 2016). A growing literature indicates 
that sleep may function as a key mechanistic 
pathway through which exposure to social 
stressors such as discrimination or other social 
exclusionary experiences decrease health 
(Lewis et al. 2013; Hicken et al. 2013). This re-
search, however, primarily focuses on adult 
populations with inferences based mostly on 
self-reported rather than objective sleep mea-
sures. This study fills the gap in existing sleep 
research by examining adolescents, a key at-
risk group for poor sleep and stressful social 
dynamics, using a lengthy window of objective 
actigraphy-based sleep measures.

Adolescence is a critical time to study the 
impact of social stressors on sleep because they 
are more likely, on average, to report difficulty 
falling asleep, staying asleep, and to be chron-
ically sleep deprived (Yip 2014; Carskadon 
1990). For adolescents, sleep is instrumental in 
the ability to regulate negative emotions and 
coping with stressful conditions (Dahl 1999; El-
Sheikh et al. 2010). Although frequency of day-
to-day discrimination exposure as well as ac-
cumulated discrimination has been linked to 
poorer mental and physical health outcomes, 
less is known about the role of discrimination 
for sleep patterns among adolescents (Schmitt 
et al. 2014; Goosby et al. 2015; Torres and Ong 
2010). To address these gaps, this study uses 
novel pilot data from a diverse sample of ado-
lescents combining survey data, daily 
electronic-diaries (e-diaries), and actigraphy-
based sleep measures to address the following 
questions (Eufemia et al. 2012): In early to mid-
adolescence, do experiences of discrimination 
or unfair treatment affect sleep (both quantity 
and quality) consistently over time? Do daily 
fluctuations in such experiences influence 
nightly sleep variability?

Liter ature Review
Public health concern is growing over sleep 
quality and duration, also known as sleep 
health, in the United States. Nearly 25 percent 
of the U.S. population report insomnia com-
plaints and 10 percent meet clinical criteria for 
insomnia (see Irwin 2015). Due to the impor-
tance of sleep for numerous health and behav-
ioral outcomes, interest in studying sleep qual-

ity and duration is considerable (Kingsbury, 
Buxton, and Emmons 2013; Gregory and Sadeh 
2012; Irwin 2015). Moreover, increasing evi-
dence suggests that sleep characteristics differ 
across populations and are linked to social and 
environmental conditions.

Sleep patterns appear to vary by sociodemo-
graphic factors that include age, socioeco-
nomic conditions, race and ethnicity, and edu-
cation (Hale, Emanuele, and James 2015). 
Adolescents, for example, as a group require 
more sleep on average (approximately nine 
hours) but are less likely to actually get ade-
quate sleep than adults (Becker, Langberg, and 
Byars 2015). People living in economically dis-
advantaged and segregated neighborhoods also 
have poorer sleep quality, in part due to the 
excess noise and crowding found frequently in 
such environments (Hale, Emanuele, and 
James 2015; Massey 2004). Race differences are 
also documented, particularly among African 
Americans relative to whites; African Ameri-
cans are a population at higher risk for living 
in or near economically disadvantaged neigh-
borhoods and at higher risk for disruptive 
chronic stressors (Williams 2012). Conse-
quently, this population commonly shows 
signs of harmful sleep patterns by sleeping 
both shorter and longer durations than the rec-
ommended average and accompanied by 
poorer sleep quality that is less restorative 
(Kingsbury, Buxton, and Emmons 2013; Mezick 
et al. 2008; Profant, Ancoli-Israel, and Dimsdale 
2002). 

Yet much of the literature has used subjec-
tive sleep reports rather than objective mea-
sures of sleep, and that subjective reports have 
relatively low reliability relative to more objec-
tive measures is well documented (Short et al. 
2012, 2013). Respondents asked retrospectively 
about their sleep duration, for example, are 
more likely to overestimate duration and un-
derestimate number of awakenings during the 
night; adolescents in particular may tend to 
only report more salient, recent information 
(Wolfson et al. 2003). Daily diaries are another 
self-report approach to measuring sleep that 
has the advantage of capturing day-to-day vari-
ation usually over an extended period to char-
acterize sleep. Use of temporally proximal data 
on sleep habits across a range of days is more 
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strongly correlated with laboratory-based gold 
standard measures of sleep quality than one-
shot, long-term subjective self-reports (Wolfson 
et al. 2003). Among self-report measures, sleep 
diaries appear to provide the most reliable 
sleep measures, particularly among adoles-
cents (Short et al. 2013). Sleep diaries, however, 
tend to overestimate total objective sleep time 
and underestimate awakening frequency dur-
ing the night because individuals may not al-
ways be aware of waking during the night or 
other factors that may make sleep more or less 
restful (Short et al. 2012; Wolfson et al. 2003). 

Although self-reported measures of sleep 
can provide meaningful information and in 
some cases be correlated with objective sleep 
measures, they are not as reliable in accurately 
measuring total sleep duration, waking after 
sleep onset, or activity during sleep. In nonlab-
oratory settings, the current state-of-the-art 
method for objectively measuring sleep dimen-
sions is actigraphy (Short et al. 2012). Actigraphy 
uses accelerometers placed on the wrist to doc-
ument sleeping and waking states (Marino et 
al. 2013). Though actigraphy cannot measure 
specific sleep architecture or sleep staging, it 
has been validated to accurately measure dis-
tinctions between sleeping and waking along 
with total sleep time (TST) in both sleep disor-
dered and general populations (Ancoli-Israel et 
al. 2003). Actigraphs are particularly useful for 
nonlaboratory studies because they can be worn 
for extended periods for tracking sleep patterns, 
which cannot be feasibly measured in sleep 
labs. Despite the convenience of actigraphy for 
measuring sleep in the field, use of it is not yet 
as common in studies of adolescence. We 
broadly characterize adolescents’ sleep using a 
rich set of actigraphy measures taken nightly 
over a two-week period, emphasizing a key ex-
clusionary social experience, discrimination, 
and relationships to different features of sleep.

Discrimination and Sleep
The need for social bonding and connection is 
among the most basic of all human needs (Bau-
meister and Leary 1995), and our health suffers 
when our needs for social connection are not 
satisfied (Cacioppo and Patrick 2009). Social 
exclusion has widespread implications for 
health, health behaviors generally, and sleep 

specifically (Hawkley et al. 2003; Duclos, Wan, 
and Jiang 2014; on sleep, Pereira, Meier, and 
Elfering 2013; Sladek and Doane 2014). A key 
dimension of social exclusion is the perception 
of discrimination or unfair, prejudicial, and ex-
clusionary treatment based on certain charac-
teristics or stigmatized identities such as race, 
obesity, gender, and sexuality (among others). 
Specifically, discrimination has been linked to 
a variety of health outcomes including poorer 
self-rated health (Krieger et al. 2011), high blood 
pressure (Lewis et al. 2009), vascular resistance 
(Guyll, Matthews, and Bromberger 2001), adi-
posity (Lewis et al. 2011), increased inflamma-
tion (Lewis et al. 2010), and higher allostatic 
load (Brody et al. 2014). As early as adolescence, 
discrimination is linked to worse self-rated 
health (Priest et al. 2013), depressive symptoms 
(Hope, Hoggard, and Thomas 2015), anger 
(Wong, Eccles, and Sameroff 2003), as well as 
elevated systolic and diastolic blood pressure, 
and higher C-reactive protein (CRP) (Goosby et 
al. 2015). Although less is known about the 
links between discrimination and sleep quality 
than some other stressors, research suggests 
that even the anticipation and rumination on 
social exclusion can decrease sleep quality 
(Hicken et al. 2013; Åkerstedt 2006; Åkerstedt, 
Kecklund, and Axelsson 2007).

In findings from sleep lab clinical studies, 
discrimination exposure predicts less time in 
restorative sleep stages and greater daytime fa-
tigue in adults (Thomas et al. 2006). In non-
clinical, larger scale surveys, differences in sub-
jective sleep quality and wakefulness after 
falling asleep among African Americans relative 
to whites are attenuated (though not elimi-
nated) by reports of chronic discrimination 
(Lewis et al. 2013) and racism-related vigilance 
(Hicken et al. 2013). Although the evidence 
from adults points to a key role for perceived 
discrimination in reducing sleep quality, less 
is known about links between discrimination 
and adolescent sleep. Limited available evi-
dence suggests that the same pattern for adults 
may also hold for youth; adolescents who ret-
rospectively report experiencing higher levels 
of discrimination over the past year reported 
lower sleep quality and quantity in their daily 
sleep diary reports (Yip 2014).

Discrimination exposure and sleep are dy-
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namic processes, but most studies in this area 
have so far relied heavily on retrospective mea-
sures of both discrimination and self-reported 
sleep quality. Despite the cross-sectional nature 
of these studies, the links between discrimina-
tion and sleep, as well as for other health out-
comes, are robust. In a study of Latino youth, 
researchers Lucas Torres and Anthony Ong use 
daily diary information documenting both dis-
crimination events and depressive symptoms 
found a day lag among youth who reported dis-
crimination for subsequent elevated depressive 
symptoms (2010). Both this study and Tiffany 
Yip’s of 2014 suggest that the accumulation of 
chronic discrimination may have long-term im-
plications for subsequent sleep; however, nei-
ther study examined daily discrimination ex-
periences and sleep contemporaneously, thus 
leaving an open question regarding whether 
discrimination can have more immediate con-
sequences for youth sleep patterns.

Our study aims to address these gaps in the 
literature by first assessing the temporal rela-
tionship between daily experiences of discrim-
ination and subsequent objective dimensions 
of sleep among a sample of adolescents. We 
explore sleep both as average sleep trends over 
a two-week period and as day-to-day fluctua-
tions in sleep. Our first hypothesis (H1) posits 
that the accumulation of discriminatory expe-
riences is related to poorer average sleep. Our 
second hypothesis (H2) states that adolescent 
sleep will be poorer on days that adolescents 
perceive they have been discriminated against.

Data and Methods
Data in this study come from the Community 
Connections and Family Wellness Study, which 

was designed to assess the intergenerational 
health and well-being of parent-child dyads and 
was originally conceived of as a two-part pilot 
study comprising a mail survey screening for 
an in-lab component to develop and assess re-
cruitment protocols for a larger social neuro-
science project (Falk et al. 2013). Sampling and 
data collection methods included three stages 
ranging over two years. Figure 1 outlines the 
stages (S1–S3) of data collection for this multi-
stage sample. In stage 1, in collaboration with 
a local school system in a mid-sized Midwest-
ern city, we contacted a subset of 2,181 (1,000 
white, 1,181 African American or biracial) mid-
dle- and high school students ages eleven 
through fourteen in the school district during 
the fall of 2014. Two survey packets, one for the 
parent or guardian and another for the student, 
were mailed to each family in summer 2014 
with a $2 incentive for each. A total of 817 
parent-guardian and child dyads completed the 
mail surveys in stage 1. 

The stage 2 data collection took place from 
December 2014 to June 2015 with a subset of 
141 parent-child pairs from stage 1 who ex-
pressed interest in participating in future stud-
ies. These participants were invited to visit a 
laboratory space on a local college campus 
where anthropometrics, biospecimans, experi-
mental, and additional survey data were col-
lected. Participants in this phase of the study 
were restricted to families of white, African 
American, and biracial youth with one African 
American parent. A $20 incentive was given to 
each participant along with meal vouchers for 
participants who were interested in visiting 
campus (based on responses to an incentive 
question during stage 1). The overall response 

Figure 1. CCFW Study Design and Discrimination Measures

Source: Authors’ compilation.
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rate for participation in the stage 2 portion of 
the study was 32.4 percent.

Approximately a year later, a subset of forty 
parent-youth dyads from the in-lab participant 
pool were recruited for a third stage (stage 3) 
in-home data collection between February and 
May 2016. At the initial home visit, after paren-
tal consent and child assent, the parent and 
child independently completed baseline survey 
measures of health, daily experiences, diet, 
sleep behavior, and anthropometric measure-
ments. Participants were then trained to use 
ActiGraph Black/wActiSleep BT and Red/wGTX-
BT wristbands and the daily online e-diary pro-
cedure (Eufemia et al. 2012). Both the parent 
and youth were sent an email nightly with a 
link to their e-diary, which was formatted for 
use on either a computer or smart device. Both 
the parent and youth were asked to wear the 
actigraph wristband all day and night for four-
teen consecutive days to measure sleep activity. 
At the end of the period, parents and youth re-
turned the actigraph wristbands and, to facili-
tate recruitment and retention of participants, 
were compensated with cash (up to $200 for 
the family based on adherence to the study pro-
tocol). High rates of protocol adherence (ap-
proximately 90 percent) were obtained with 
both e-diary and actigraph protocols. 

Of the 113 families contacted for participa-
tion, fifty-eight could not be reached or did not 
return messages, and thirteen refused, had 
moved, or were otherwise ineligible. Based on 
the race of the child, twenty-one of the families 
were white, four were African American, and 
fifteen were biracial (one biological African 
American parent). However, because of missing 
sleep and biological data, only thirty-five fam-
ilies were used in these analyses. The distribu-
tion across race groups in the current analytic 
sample was twenty-one white, four African 
American, and ten biracial adolescents. Of 
these, sixteen were male and nineteen were fe-
male. For this study, African American and bi-
racial youth were combined into one category 
because of the small sample sizes.

Me asures
Sleep measures are derived from the mathe-
matical decomposition of accelerometer data 
recorded continuously on the actigraph wrist-

bands. The devices were configured to collect 
data at 60hz with the idle sleep mode enabled. 
The actigraphy measures were calculated using 
the ActiLife 6 software package (ActiGraph 
2012). The actigraph data were segmented into 
sixty-second epochs and wear time validation 
was assessed using Troiano’s algorithm 
(Troiano et al. 2008). Sleep analyses then uti-
lized Sadeh’s algorithms and were manually 
adjusted using bed and wake time information 
collected in the nightly e-diary (Sadeh 2011; Sa-
deh, Sharkey, and Carskadon 1994).

We present a diverse number of sleep mea-
sures, including multiple measures of both 
sleep duration and quality, in this study. De-
scriptions are presented in table 1 for reference. 
Example data are presented in figure 2 for il-
lustrative purposes. The lightly shaded sleep 
period denotes the time in bed and the darker 
shaded period denotes the time asleep. The top 
chart in figure 2 shows a highly efficient night 
of sleep with only short interruptions as indi-
cated by physical movement. The second chart 
shows much less efficient and poorer sleep with 
longer periods of disrupted wakefulness and 
delayed sleep onset. In addition to the actigra-
phy data, the bottom row of table 1 describes 
a sleep factor score that was constructed after 
conducting exploratory factor analysis of the 
following sleep quality items: sleep efficiency, 
waking after sleep onset (WASO), average awak-
ening length, movement index, and sleep frag-
mentation. The scale was then validated using 
a confirmatory factor analysis to provide an 
overall sleep quality measure. All sleep mea-
sures in the statistical analysis were standard-
ized over the entire sleep distribution to facili-
tate effect size comparisons.

Discrimination
The key predictor of sleep in this study, mea-
sures of discrimination, are operationalized 
three ways. First, the Williams Everyday Dis-
crimination Scale (EDiS) adapted for adoles-
cents was collected during the initial stage 3 
home visit before the actigraphy sleep data was 
collected (Williams et al. 1997). The EDiS com-
prised eleven ordinal items categorized from 
never (0) to almost every day (5). Items were 
prefaced with the question “In your day-to-day 
life, how often do you experience the follow-
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ing?” The scale covered a range of social exclu-
sionary and unfair treatment situations that 
included being treated with less courtesy and 
less respect, receiving poorer service at restau-
rants and stores than other people, being in-
sulted or treated poorly by teachers, and being 
threatened and harassed. Factor loadings were 
all greater than 0.6 and Cronbach’s = 0.9. The 
mean was calculated across items and scores 
were standardized across participants. Impor-
tantly, the EDiS is one of the most widely used 
scales in the area of health disparities research 
(Paradies 2006). It is also shown to have good 
reliability, validity, and measurement invari-
ance across African American and white popu-
lations (on validity, Benjamins 2012; on mea-

surement, Shariff-Marco et al. 2011; Kim, 
Sellbom, and Ford 2014). In short, a key advan-
tage of EDiS to measures of, for example, 
racism-related discrimination is that the EDiS 
captures discrimination-based social exclusion 
for a variety of groups, including white respon-
dents.

Next, a series of binary items based on the 
EDiS were included in the daily e-diaries to in-
dicate whether specific types of mistreatment 
had occurred over the course of the day. These 
items captured unfair or poor treatment at 
school, store, restaurant, or other public space. 
Five questions measured specific types of mis-
treatment drawn directly from EDiS, such as 
“Over the course of the day, did you feel like 

Table 1.  Description of Sleep Measures

Measure Description

Latency Sleep latency is the time it takes to fall asleep, as measured by the 
difference between bedtime and the onset of sleep (measured in 
minutes).

Efficiency Sleep efficiency is the number of minutes scored as being asleep 
divided by the total number of minutes in bed. 85% sleep efficiency is 
typically considered normal sleep efficiency, so higher values 
indicated better sleep for the amount of time spent in bed. 

Total minutes Total minutes spent in bed. 
Total sleep time Total sleep time is the number of minutes scored as being asleep. 
WASO Wake after sleep onset (WASO) is the total number of minutes awake 

after the initial onset of sleep. Larger values indicate poorer sleep. 
Awakening frequency The number of different awakening episodes after the initial onset of 

sleep. Higher values indicate more awakenings and poorer sleep. 
Average awakening length The average length, in minutes, of all awakening episodes. Higher 

values indicate greater time spent awake for each awakening episode, 
which reflects poorer sleep. 

Movement index The movement index is the percentage of epochs with y-axis counts 
greater than zero in the sleep period. Thus higher values indicate 
more movement and suggest less restful sleep. 

Fragmentation index The fragmentation index is a measure of restlessness and interruption 
of sleep. It is calculated by the percentage of one minute sleep 
periods versus all sleep periods. Higher values indicate more frequent 
interruption of sleep (and, therefore, poorer sleep).

Sleep fragmentation index The sum of the movement and fragmentation indices. Higher values 
suggest greater microarousals and poorer sleep quality. 

Poor sleep factor CFA-derived factor score summarizing poor sleep quality using the 
total actigraphy counts summed together over the sleep period, 
efficiency, WASO, average awakening length, movement index, and 
sleep fragmentation. 

Source: Authors’ compilation.



r s f :  t h e  r u s s e l l  s a g e  f o u n d a t i o n  j o u r n a l  o f  t h e  s o c i a l  s c i e n c e s

	 p e r c e i v e d  d i s c r i m i n a t i o n  a n d  a d o l e s c e n t  s l e e p 	 4 9

you were called names or were insulted?” Four 
additional EDiS items asked whether partici-
pants felt that others thought they were not 
smart, were afraid of them, thought that they 
were dishonest, and better than them over the 
course of the day. These items are operational-
ized as a sum score at the daily level. The third 
measure is based on the average daily number 
of experiences, standardized across partici-
pants to facilitate comparison with the tradi-
tional EDiS instrument.

Controls
Biomarkers from dried blood spots from capil-
lary whole blood were collected during the 
stage 2 in-lab data collection and were included 
in the current analyses as controls for potential 
markers of prior chronic disease risk. Blood 
spots were assayed for hemoglobin a1c (HbA1c), 
high sensitivity CRP, and Epstein-Barr virus 
(EBV) titers. Samples were stored at –20 degree 
freezer at the University of Nebraska and 
shipped overnight to the University of Wash-
ington Department of Laboratory Medicine for 
assays (Mark H. Wener, MD, director, Seattle, 
Washington). Hemoglobin Hba1c, a marker of 
the percentage average blood glucose over two 
to three months, is an indicator of diabetes risk, 
a condition correlated with poor sleep. The raw 
percentage Hba1c levels of respondents were 
derived from dried blood from 3.2mm punch 
disc eluted in a buffer. The raw percentages 
were converted to the blood equivalent (B-E) 

value, which is the equivalent of conventional 
venous liquid blood samples. These values were 
used in this study and are used to determine 
cutoffs for normal (< 5.7 percent), prediabetic 
(5.7–6.4 percent), and diabetic (> = 6.5 percent) 
range (Potter, UW lab personal correspon-
dence). CRP is a cell-mediated inflammatory 
marker that is strongly correlated with cardio-
vascular disease risk. CRP concentrations were 
also assayed from a 3.2mm punch disc and 
eluted in a buffer. CRP values converted to se-
rum equivalents using established clinical met-
rics (for example, NHANES) range from low  
(< 3 mg/L), elevated (3 < 10 mg/L) to high (10 <) 
values likely due to acute infection (Pearson et 
al. 2003). Epstein-Barr antibodies (anti-EBV 
VCA IgG Ab), whose elevated presence is an in-
dicator stress induced immunosuppression 
(McClure et al. 2010), were assayed and con-
verted to plasma equivalent values as well. Lit-
tle is known about its link to sleep. Both CRP 
and EBV were transformed using a hyperbolic 
sine transformation that is very similar to a log 
transformation (Burbidge, Magee, and Robb 
1988). All scores were then standardized for use 
in statistical analyses.

Additional measures include waist-hip ratio 
from stage 2, standardized across participants 
to adjust for body size when the biological data 
were collected (Dalton et al. 2003). From the 
stage 3 e-diaries, daily somatic complaints as 
well as the two-week somatic complaint aver-
age was calculated from four ordinal items—

Figure 2. Actigraph Sleep Data, Good (Top) and Poor (Bottom) Nights of Sleep

Source: Authors’ calculations.
Note: Movement activity where lightly shaded area denotes period in bed and darker shaded area de-
notes time asleep.

Efficiency = 93.4%, Awakenings = 22, Avg. Length = 1.7 min

Efficiency = 63.6%, Awakenings = 25, Avg. Length = 7.6 min

12:00 PM 6:00 PM 12:00 AM 6:00 AM

12:00 PM 6:00 PM 12:00 AM 6:00 AM
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none (1) to a lot (4)—capturing poor appetite, 
aches or pains or muscle-joint soreness, being 
tired for no reason, stomach ache or upset, and 
headaches. At the daily level, poor self-rated 
health (five categories, very good to very poor) 
is included as a standardized measure, along 
with a standardized person-average over the 
two-week study period. Finally, all models in-
clude an indicator for whether the child was 
biracial or African American, female, whether 
the focal parent is married, and whether the 
family income was greater than $45,000, ap-
proximately 250 percent of the state poverty 
level collected at stage 1 (CFIN 2012). The num-
ber and age of children in the household were 
also included.

Analytic Strategy
The sleep measures comprise the key depen-
dent variables of the analysis and have two key 
forms of dependency. First, the data are nested 
within individual participants. For this reason, 
the basic model is a two-level random-intercept 
model with each day’s sleep nested within each 
participant (Raudenbush and Bryk 2002). The 
daily e-diary measures (discrimination, so-
matic complaints, SRH) are used to predict 
sleep that night; the remaining parameters re-
flect associations with average sleep over the 
study period. Because the child-means are con-
trolled at the between participant level of the 
model, the daily measures are orthogonal to 
the between-subject random intercept and can 
be interpreted as within-person estimates (Al-
lison 2005). Second, the within-subjects data 
are neither independent nor exchangeable after 
accounting for the nesting structure. Rather, 
an ordered dependency is captured using an 
autoregressive AR(1) residual structure (Chi 
and Reinsel 1989).

The models are presented in two ways. First, 
a between-subjects model including EDiS but 
not the daily e-diary measures is presented. 
This model captures the association between 
sleep and retrospective reports of perceived dis-
crimination in day-to-day life collected during 
the in-home visit. Second, EDiS is removed 
from the equation and the daily e-diary dis-

crimination measures and their over-time aver-
age are included. The control and biological 
measures are included in all models reported.1 

Results
Descriptive statistics for the sleep variables 
are presented in table 2 for the total sample, 
by race and by gender. In general, participants 
fell asleep within two minutes and with a 
sleep efficiency rating of approximately 80 per-
cent, which is less than normal healthy sleep 
efficiency (85 percent). The youth in this sam-
ple spent considerable time in bed, nearly 
(521/60 = ) 8.7 hrs and had a TST of nearly seven 
hours (413/60), well below the recommended 
sleep time for this age range of approximately 
nine hours. The wake after sleep onset averaged 
around ninety minutes and awakenings per 
night, of approximately two minutes each, to-
taled about twenty-three. Differences between 
groups were minimal other than an indication 
that biracial and African American youth had 
more fragmented or restless sleep than white 
youth, which falls in line with prior literature 
that finds African Americans have lower aver-
age sleep time and more disrupted sleep qual-
ity (Hale and Do 2007; Krueger and Friedman 
2009).

Table 3 presents the descriptive demo-
graphic and health characteristics along with 
averages of both daily and retrospective dis-
crimination levels reported in the sample. The 
youth in this sample were relatively disadvan-
taged, about half coming from homes making 
less than $45,000 per year. Overall, retrospective 
EDiS average across items was low with the 
1-value category reflecting “less than once a 
year” and the two-value category reflecting “a 
few times a year.” However, youth reported 0.6 
events per day, on average, suggesting that the 
retrospective EDiS may underreport the 
amount of discriminatory experiences that 
young people perceive when the questions are 
posed more closely in time to those experi-
ences. It is also important that youths’ average 
retrospective reports of discrimination using 
the EDiS showed similar average trends to our 
initial stage 1 sample of youth from which this 

1. We have omitted day of the week from these analyses because inclusion of weekday indicators did meaning-
fully affect the reported results or inferences. These results are available on request. 
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Table 2. Descriptive Statistics of Sleep Measures

Full Analytic Sample Race Gender

Mean SD Min Max White Biracial Male Female

Latency 2.04 1.87 0 6 2.14 1.89 2.21 1.91
Efficiency 79.87 11.06 45 100 79.57 80.33 79.23 80.40
Total minutes 520.91 101.40 120 800 524.57 515.37 525.85 516.82
TST 413.57 87.28 75 650 414.75 411.78 415.00 412.38
WASO 90.44 55.33 0 250 92.92 86.69 92.26 88.94
Awakening frequency 22.72 9.33 0 51 22.70 22.76 23.27 22.27
Average awakening length 1.95 0.60 0 4 1.98 1.90 1.95 1.95
Movement index 17.82 8.74 0 45 17.99 17.56 18.51 17.25
Fragmentation index 11.65 7.95 0 38 10.84 12.89 11.39 11.87
Sleep frag. index 29.47 13.82 0 70 28.79 30.50 30.02 29.02
Poor sleep factor score 0.01 0.88 –2 3 0.04 –0.02 0.07 –0.03

Source: Community Connections and Family Wellness Study sleep data.

Table 3. Descriptive Statistics of Predictor Variables

Full Analytic Sample Race Gender

Mean SD Min Max White Biracial Male Female

Between youth measures
EDiS 1.22 1.08 0.00 3.91 1.20 1.24 1.15 1.27
African American or biracial 0.40 0.00 1.00 0.43 0.37
Female 0.55 0.00 1.00 0.57 0.51
Age 13.66 1.12 12.00 16.00 13.62 13.72 13.49 13.80*
Parent married 0.61 0.00 1.00 0.63 0.58 0.57 0.65+
Number of children 3.18 1.49 1.00 8.00 3.14 3.23 3.28 3.09
Income greater than $45,000 0.50 0.00 1.00 0.53 0.44* 0.57 0.43*

Biological between youth  
measures

CRP 0.83 0.75 0.05 2.41 0.89 0.75* 1.20 0.53*
Hba1c 5.36 0.47 4.60 7.30 5.22 5.56* 5.40 5.32+
EBV 3.25 1.24 0.88 5.26 3.05 3.57* 3.00 3.47*
Waist-hip ratio 0.84 0.10 0.67 1.02 0.85 0.84 0.90 0.79*

Daily diary questions
Discrimination (t, count) 0.57 1.26 0.00 7.00 0.51 0.68* 0.50 0.64
Discrimination (t, avg.) 0.55 0.76 0.00 3.64 0.49 0.65 0.48 0.61+
Somatic complaints (t) 1.37 0.47 1.00 4.00 1.45 1.26* 1.16 1.55*
Somatic complaints (t, avg.) 1.37 0.37 1.00 2.46 1.45 1.26* 1.16 1.55*
Poor SRH (t, z) 2.11 0.90 1.00 5.00 2.15 2.06 1.90 2.28*
Poor SRH (t, avg.) 2.11 0.67 1.00 3.31 2.15 2.06 1.90 2.28*

Source:  Community Connections and Family Wellness Study sleep data.
Note: Full analytic sample repeated observations =  475, white observations = 286, biracial observations = 189, 
male observations = 215, female observations = 260, across 35 participants. 
EDiS denotes Williams Everyday Discrimination scale taken during the in-home survey.
CRP (C-reactive Protein) units- mg/L; Hba1c (hemoglobin a1c) units- % glycosolated hemoglobin over 2–3 month 
period; EBV (Epstein Barr antibodies)—AU/mL.
t-test comparisons indicated at +p < .1, *p < .05
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sample was drawn upon, who reported discrim-
ination (see figure 3). Daily discrimination re-
port counts were higher for biracial or African 
American youth, but they had fewer somatic 
complaints. Females reported both more so-
matic complaints and poorer self-rated health. 
Both biracial and female youth were more likely 
to come from disadvantaged families. The bi-
racial youth had lower CRP values, as did fe-
males, but biracial and African American youth 
had higher average Hba1c and EBV antibody 
levels.

Sleep Analysis
A summary sleep analysis using the poor sleep 
factor score summary measure is presented in 
table 4. As indicated in table 1, this measure 
includes an array of highly intercorrelated sleep 
measures capturing many different features of 
actigraphy-based sleep assessment. Model A1 
includes the home assessment of EDiS (retro-
spective reports) and model A2 replaces this 
measure with the daily e-diary reports. Each 
standard deviation of EDiS (about one point on 
the ordinal average scale) is associated with a 
nearly 0.3 standard deviation (p < .01) increase 

in poor sleep quality. Notably, the EDiS assess-
ment is similar though smaller in magnitude 
than the two-week accumulation reported in 
model A2 (b = 0.352, p < .001). Together, these 
results suggest that the experience or percep-
tion of discrimination is positively associated 
with systematically poorer sleep. Surprisingly, 
however, the results also suggest that sleep may 
actually improve during the days when these 
negative experiences take place (b = –.126, p < 
.01), in contrast to expectations. Given the na-
ture of this effect, it indicates that youth who 
experience or perceive more discrimination 
have poorer average sleep. These youth, how-
ever, sleep slightly better on days when those 
events are reported, but not better overall rela-
tive to youth who do not experience such 
events. Thus, these global sleep findings are 
consistent with hypotheses 1 but contradict hy-
pothesis 2.

These models are reproduced in table 5 for 
sleep latency, overall sleep efficiency, total min-
utes in bed, and total sleep time. Indications 
are that, over time, discrimination is associated 
with increased sleep latency, lower efficiency, 
and more time in bed with lower TST. Effi-

Figure 3. Kernel Density Plot Everyday Discrimination Distribution

Source: Authors’ calculations.
Note: Wave 1, N = 688. Analysis Sample, N = 35.
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ciency, in particular is lower (b = 0.3) for those 
who experience more discrimination, but there 
are signs of greater sleep efficiency on specific 
days when discrimination events took place. 
As before, the daily discrimination measures 
contradict the hypothesis that negative experi-
ences during the day decrease sleep quality. In-
stead these results suggest that youth who ex-
perience more discrimination generally have 
poorer sleep, but that sleep recovers relative to 
personal baseline on days when those experi-
ences take place.

Results for waking from sleep over the night 
(WASO, awakening frequency, average awaken-
ing length) in table 6 and for the sleep indices 
(movement, fragmentation, sleep fragmenta-

tion) in table 7 are consistent with the trends 
reported in tables 4 and 5. Retrospective EDiS 
is associated with poorer sleep characteristics 
and is generally smaller but similar in magni-
tude to the standardized average of the daily 
reports. Moreover, on days when discrimina-
tion events are reported, youth tend to report 
better sleep quality as well. Overall, the sleep 
findings are consistent with hypotheses 1, that 
discrimination is associated with average sleep 
quality across a range of sleep measures cap-
turing time in bed. Contradictory to hypothesis 
2, however, sleep quality did not decrease on 
days when discrimination was reported. In fact, 
signs of a small recovery relative to individual 
baseline were again evident. Notably, retrospec-

Table 4. Random Intercept Models, Poor Sleep Factor Score (z)

A1 A2

B SE B SE

Between youth measures
EDiS (z) 0.289** [0.089]
African American or biracial –0.245 [0.190] –0.130 [0.182]
Female 0.002 [0.093] 0.048 [0.085]
Age (centered) –0.217 [0.221] –0.441+ [0.234]
Parent married 0.218 [0.194] 0.314+ [0.178]
Number of children 0.027 [0.060] 0.114+ [0.064]
Income greater than $45,000 –0.063 [0.193] –0.278 [0.180]

Biological between youth measures
CRP (z) –0.034 [0.111] 0.143 [0.107]
Hba1c (z) 0.195* [0.089] 0.184* [0.082]
EBV (z) 0.031 [0.094] –0.083 [0.086]
Waist-hip ratio (z) –0.003 [0.116] –0.102 [0.102]

Daily diary questions
Discrimination (t, count) –0.126** [0.042]
Discrimination (t, avg, z) 0.352*** [0.088]
Somatic complaints (t, z) 0.142* [0.069]
Somatic complaints (t, avg, z) 0.103 [0.129]
Poor SRH (t, z) 0.045 [0.062]
Poor SRH (t, avg, z) 0.064 [0.105]
Intercept –0.293 [0.322] –0.066 [0.288]

Variance components
Between subject (ln) –0.933*** [0.183] –1.053*** [0.188]
Residual (ln) –0.096** [0.036] –0.118*** [0.035]
AR1 (rho) 0.136* [0.057] 0.094+ [0.057]

Source: Community Connections and Family Wellness Study sleep data.
+p < .10; *p < .05; **p < .01; ***p < .001
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tive EDiS scores strongly predicts daily reports 
(b = 0.70, p < .001; full results not shown, and 
coefficient is partially standardized with re-
spect to EDiS), suggesting that despite signs of 
recovery, youth who report discrimination tend 
to on average have worse sleep. Moreover, the 
poor sleep factor score on the prior night  
does not predict daily reports of discrimination 
(b = –.08, p = .014; results not shown), suggest-
ing that reports of discrimination are not an 
outcome of poor sleep quality or poor mood 
(zCESD: b = –.13, p = .164).

Discussion
This study examines the links between every-
day discrimination, daily variations in discrim-
ination exposure, and objective daily measures 
of sleep using actigraphy among a diverse sam-
ple of adolescents. It contributes to the existing 
literature documenting the harmful conse-
quences of discrimination for health outcomes 
by demonstrating the associations between dis-
criminatory and exclusionary experiences for 
objective daily measures of sleep quality in ad-
olescence. To our knowledge, this is the first 

Table 5. Random Intercept Models, Sleep Latency, Efficiency, Minutes in Bed, and Total Sleep Time

Latency (z) Efficiency (z) Total Minutes (z) TST (z)

B1 B2 C1 C2 D1 D2 E1 E2

Between youth measures
EDiS (z) 0.130+ –0.302** 0.022 –0.172*
African American or 

biracial
–0.184 –0.069 0.253 0.145 –0.149 –0.134 0.023 –0.030

Female –0.043 0.007 0.026 –0.003 –0.062 –0.013 –0.051 –0.028
Age (centered) –0.312+ –0.394* 0.252 0.552* –0.024 0.151 0.114 0.439*
Parent married 0.078 0.147 –0.260 –0.345+ –0.133 –0.109 –0.312+ –0.345*
Number of children –0.004 0.074 –0.018 –0.093 –0.059 –0.035 –0.070 –0.096+

Income less than  
$45,000

0.006 –0.117 0.021 0.215 0.099 0.030 0.143 0.211

Biological between youth 
measures

CRP (z) –0.163+ –0.012 0.119 –0.018 0.037 0.149+ 0.096 0.103
Hba1c (z) 0.014 0.004 –0.178* –0.175* 0.093 0.071 –0.022 –0.038
EBV (z) –0.022 –0.093 –0.044 0.059 0.033 –0.002 0.018 0.053
Waist-hip ratio (z) 0.016 –0.017 –0.016 0.100 0.009 0.029 0.002 0.090

Daily diary questions
Discrimination (t, count) –0.034 0.114** –0.082+ 0.001
Discrimination (t, avg, z) 0.158* –0.307*** 0.162* –0.063
Somatic complaints (t, z) 0.131+ –0.121+ –0.138+ –0.198**
Somatic complaints  

(t, avg, z)
0.111 –0.111 0.119 0.046

Poor SRH (t, z) –0.001 –0.047 0.060 0.003
Poor SRH (t, avg, z) –0.064 –0.134 –0.196* –0.237**
Intercept 0.056 –0.016 0.314 0.001 0.294 0.216 0.490+ 0.225

Variance components
Between subject (ln) –1.524*** –1.953** –0.934*** –1.034*** –1.373*** –1.568*** –1.103*** –1.284***
Residual (ln) –0.035 –0.039 –0.126*** –0.148*** –0.050 –0.061+ –0.108** –0.119***
AR1 (rho) 0.108* 0.109* 0.148** 0.097+ 0.041 0.029 0.001 –0.024

Source: Community Connections and Family Wellness Study sleep data.
+p < .10; *p < .05; **p < .01; ***p < .001
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study to concurrently measure both retrospec-
tive reports of Everyday Discrimination (EDiS) 
and daily diary reports of discrimination with 
concurrent objective sleep measures. 

The findings support our first hypothesis 
that average sleep would be linked to discrimi-
nation. In fact, average discrimination, opera-
tionalized using the retrospective EDiS scale 
was associated with poorer sleep outcomes 
across all but two included measures. In gen-
eral, youth who report more discrimination had 
shorter sleep duration and poorer sleep quality. 
Specifically, on indicators of sleep duration, 
youth who reported discrimination took longer 
to fall asleep (latency), had less efficient sleep, 

and spent more time in bed but less time 
asleep. In terms of sleep quality, youth who re-
ported discrimination had more awakenings 
after sleep onset, longer duration awake during 
a sleep disruption, moved more while asleep 
and had more fragmented sleep. This study 
falls in line with research using gold standard 
laboratory techniques finding evidence among 
adults that discrimination exposure is linked 
to less time in restorative slow wave sleep (stage 
4) (Thomas et al. 2006). 

Hypothesis 2 posited that day-to-day varia-
tion in perceived discrimination would be ad-
versely associated with sleep variability around 
the person-average. Thus hypothesis 2 is a 

Table 6. Random Intercept Models, Waking, Frequency, Awake Time

WASO (z)
Awakening  

Frequency (z)
Average Awake  

Time (z)

F1 F2 G1 G2 H1 H2

Between youth measures
EDiS (z) 0.218* 0.217** 0.161*
African American or biracial –0.295 –0.204 –0.392** –0.312* –0.142 –0.073
Female –0.041 –0.024 0.001 0.028 –0.096 –0.091
Age (centered) –0.100 –0.358 –0.292+ –0.494** 0.070 –0.144
Parent married 0.187 0.256 0.146 0.182 0.069 0.131
Number of children 0.016 0.079 0.024 0.060 0.021 0.077
Income less than $45,000 –0.019 –0.164 –0.128 –0.229 0.109 –0.013

Biological between youth measures
CRP (z) –0.009 0.089 –0.008 0.080 –0.014 0.056
Hba1c (z) 0.201* 0.202* 0.364*** 0.365*** 0.036 0.038
EBV (z) 0.052 –0.023 0.162* 0.104 0.042 –0.018
Waist-hip ratio (z) –0.003 –0.090 –0.099 –0.185* 0.064 0.001

Daily diary questions
Discrimination (t, count) –0.116** –0.026 –0.053
Discrimination (t, avg, z) 0.251** 0.110 0.184*
Somatic complaints (t, z) 0.023 –0.143* 0.098
Somatic complaints (t, avg, z) 0.158 0.246* 0.064
Poor SRH (t, z) 0.045 0.094 –0.061
Poor SRH (t, avg, z) 0.101 0.039 0.164+

Intercept –0.224 0.004 –0.041 0.208 –0.329 –0.200

Variance components
Between subject (ln) –1.011*** –1.106*** –1.498*** –1.460*** –1.452*** –1.742***
Residual (ln) –0.082* –0.097** –0.104** –0.113** –0.050 –0.057
AR1 (rho) 0.127* 0.096+ 0.129* 0.120* 0.210*** 0.199***

Source: Community Connections and Family Wellness Study sleep data.
+p < .10; *p < .05; **p < .01; ***p < .001
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within-person hypothesis, suggesting discrim-
ination as a potential source of individual vari-
ability in sleep quality. This hypothesis was 
consistently contradicted by our results, which 
suggest that contemporaneous exposure is 
linked to improved sleep efficiency, longer total 
sleep time, less time awake after sleep onset, 
and decreased movement and sleep fragmen-
tation. Given that youth more likely to report 
discrimination having happened over the 
course of the day are generally more likely to 
report accumulated everyday discrimination, 
these results suggest a partial recovery in sleep 
quality following the negative experience. It is 

important, however, that despite daily indica-
tions of improved sleep on the day of the event, 
the average sleep duration and quality remain 
lower in youth who report discriminatory 
events. In general, around three discriminatory 
experiences in one day would be required to 
make up for the average decrease in sleep qual-
ity over days across those sleep features given 
the effect sizes estimated. 

In her study measuring discrimination ex-
posure and minority youth psychological well-
being, Yip posits that for minority youth who 
experience discrimination, sleep may in fact be 
a health coping mechanism that lessens the 

Table 7. Random Intercept Models, Movement, Fragmentation Index, Sleep Fragmentation Index

Movement  
Index (z)

Fragmentation  
Index (z)

Sleep Fragmentation  
Index (z)

I1 I2 J1 J2 K1 K2

Between youth measures
EDiS (z) 0.283** 0.110 0.239**
African American or biracial –0.208 –0.092 0.140 0.192 –0.046 0.054
Female 0.021 0.077 –0.035 –0.051 –0.009 0.015
Age (centered) –0.227 –0.402+ 0.105 –0.141 –0.098 –0.350+

Parent married 0.201 0.300+ 0.113 0.157 0.183 0.268+

Number of children 0.033 0.123* –0.005 0.034 0.017 0.095
Income less than $45,000 –0.086 –0.308+ –0.010 –0.083 –0.048 –0.226

Biological between youth  
measures

CRP (z) –0.015 0.182+ –0.019 –0.006 –0.018 0.108
Hba1c (z) 0.171+ 0.155+ 0.153* 0.164** 0.196* 0.192**
EBV (z) 0.013 –0.106 0.023 –0.009 0.033 –0.060
Waist-hip ratio (z) –0.006 –0.095 0.038 –0.020 0.014 –0.075

Daily diary questions
Discrimination (t, count) –0.119** –0.108* –0.134**
Discrimination (t, avg, z) 0.362*** 0.160* 0.315***
Somatic complaints (t, z) 0.179** 0.016 0.120+

Somatic complaints (t, avg, z) 0.072 0.102 0.101
Poor SRH (t, z) 0.043 –0.090 –0.021
Poor SRH (t, avg, z) 0.027 0.216* 0.141
Intercept –0.299 –0.116 –0.325 –0.156 –0.369 –0.156

Variance components
Between subject (ln) –0.943*** –1.078*** –1.349*** –1.613*** –1.050*** –1.233***
Residual (ln) –0.109** –0.132*** –0.074* –0.081* –0.093** –0.111**
AR1 (rho) 0.107+ 0.068 0.078 0.093+ 0.121* 0.094+

Source: Community Connections and Family Wellness Study data.
+p < .10; *p < .05; **p < .01; ***p < .001
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deleterious impact of discrimination in the 
short term (2014). Her study finds that youth 
who experience discrimination and have better 
daily sleep quality experience higher self-
esteem and lower depressive symptoms. It does 
not, however, contemporaneously measure 
both daily sleep and discrimination exposure 
contemporaneously, pointing to the need for 
more research with larger and more diverse 
samples using designs similar to those in this 
study. 

An important unmeasured component in 
this study that may shed light on our surpris-
ing results and merits examination is the role 
of active coping style in the face of social stress-
ors. Sleep is an essential component for healthy 
adolescent development, yet variations in how 
coping styles impact sleep or how sleep can be 
used as a coping tool have yet to be systemati-
cally examined. Escape to sleep describes how 
individuals who have disengaged coping styles 
may use sleep to regulate exposure to adverse 
stressful emotions or social conditions. Con-
versely, individuals who engage in more emo-
tionally focused coping may interpret sleep as 
a loss of mastery and thus are more prone to 
heightened arousal and sleep disruption (Sa-
deh, Keinan, and Daon 2004). Although this 
study does not include specific measures of 
coping styles, integrating behavioral and emo-
tional coping among diverse populations is an 
important direction to take future research in 
this area.

Despite the novelty of these findings, this 
study is limited in several important ways. 
First, although actigraphy provides validated 
objective measures of sleep quality and dura-
tion, validation studies indicate that actigraphs 
can suffer from low specificity or accuracy 
when detecting wakefulness, which may affect 
a number of sleep indices (Sadeh 2011). How-
ever, it has been suggested that aggregate data 
over at least four to five nights can compensate 
for this issue. This study includes fourteen days 
of data. Second, the sample size is both small 
and is based on convenience sample in a single 
community. Obviously, more powerful sam-
ples, and samples constructed using state-of-
the-art sampling methodologies are important 
for better characterizing sleep variability and 
enhancing generalizability to broader popula-

tions. Finally, though racial and ethnic hetero-
geneity was also low, the racial diversity in this 
sample is mostly biracial youth with an African 
American parent, which is novel. More diver-
sity, however, is needed for understanding how 
the experience of discrimination shapes sleep 
and health over the early life course.

Overall, discrimination is consistently re-
lated to poorer sleep and poor sleep appears to 
be related to an important long-term health 
marker already by adolescence. Moreover, sup-
plementary analyses indicated that sleep did 
not predict discrimination reports the follow-
ing day, and measures of depressive symptoms 
did not predict sleep or mediate the discrimi-
nation parameters. Taken together, these re-
sults support the small but growing literature 
demonstrating the harmful consequences of 
discrimination for sleep health and the exten-
sive literature demonstrating the association 
between discrimination and health risk (Slo-
pen, Lewis, and Williams 2016; Williams 2012).
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conditions during the Great Recession, it is not 
surprising that emerging evidence has linked 
economic stressors over this period to a range 
of negative health outcomes, including de-
creases in self-rated health, poor mental health, 
and substance abuse (Burgard, Seefeldt, and 
Zelner 2012; Riumallo-Herl et al. 2014; Mulia et 
al. 2014; Bacigalupe and Escolar-Pujolar 2014; 
McLaughlin et al. 2012; Tsai 2015; Cagney et al. 
2014; Pollack et al. 2011). Other sources of stress 

The Great Recession and 
Immune Function
Eliz abeth McClure,  Lydi a Feinstein,  Sar a Ferr a ndo-
M artínez,  M a nuel Leal,  Sa ndro Galea,  a nd  
Allison E.  Aiello

The Great Recession precipitated unprecedented home foreclosures increases, but documentation of related 
neighborhood changes and population health is scant. Using the Detroit Neighborhood Health Study (N = 
277), we examined associations between neighborhood-level recession indicators and thymic function, a life 
course immunological health indicator. In covariate-adjusted multilevel models, each 10 percentage point 
increase in abandoned home prevalence and 1 percentage point increase in 2009 home foreclosures was as-
sociated with 1.7-year and 3.3-year increases in thymic aging, respectively. Associations attenuated after 
adjustment for neighborhood-level social cohesion, suggesting community ties may buffer recession-related 
immune aging. Effects of neighborhood stressors were strongest in middle-income households, supporting 
theory of excess vulnerability in this group. Future research should assess whether ongoing foreclosure and 
blight reduction efforts improve health for residents of recession impacted neighborhoods.

Keywords: neighborhood, social determinants of health, Detroit, immunity, immunosenescence, 
thymic function

In December 2007, the United States began to 
experience one of the most stressful economic 
downturns in its history. This period—now re-
ferred to as the Great Recession—resulted in a 
disconcerting combination of job losses, fewer 
new jobs, and massive declines in housing and 
equity values that had not been seen for almost 
a century (Mishel et al. 2012; Gould Ellen and 
Dastrup 2012; Flanagan and Wilson 2013). 
Given the enormity of the changes in economic 
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were likely experienced at the community level. 
One of the most profound impacts was a steep 
rise in home foreclosures that fueled a prolif-
eration of abandoned homes across the coun-
try. Despite the magnitude of home vacancies 
that followed the economic downturn, little is 
known about how this fundamental change in 
the neighborhood physical environment has 
impacted the health of residents in highly af-
fected communities.

The economic impact of the Great Recession 
was especially profound in the state of Michi-
gan: in the wake of the crisis, the unemploy-
ment rate doubled from an average of 6 percent 
before the crisis (2000–2007) to approximately 
14 percent by 2009 (Bureau of Labor Statistics 
2015). Even among residents fortunate enough 
to retain their jobs, many faced steep declines 
in asset values, including homes and equities. 
Indeed, median home values fell nearly 30 per-
cent from their pre-crisis peak, and between 
2005 and 2010 more than four hundred thou-
sand residential units in both urban and rural 
areas faced a foreclosure auction filing (Michi-
gan Foreclosure Task Force 2016). Although 
economic conditions worsened across the 
state, Detroit’s economy was suffering before 
the Great Recession. Relative to its population 
peak in 1950, Detroit lost half of its residents 
by the beginning of the recession (Sugrue 2014). 
Detroit’s history of racial segregation and in-
dustrial losses before the Great Recession 
uniquely left many neighborhoods in the city 
of Detroit particularly vulnerable to home fore-
closures and other economic stressors (Lichter, 
Parisi, and Taquino 2015).

The quality of the neighborhood physical 
environment is increasingly being implicated 
as a key determinant of population health 
(Kawachi and Berkman 2003). Indeed, poor 
neighborhood physical environments contrib-
ute to the degradation of communities in the 
form of increased exposure to violence and re-
ductions in social cohesion, both of which have 
been linked to negative health outcomes (Smith 
et al. 1998; Diez Roux et al. 2001; Giurgescu et 
al. 2015; Drukker and van Os 2003; Kruger, Reis-
chl, and Gee 2007; Curry, Latkin, and Davey-
Rothwell 2008; Tonorezos et al. 2008; Wilson-
Genderson and Pruchno 2013; Blair et al. 2014).

To date, the biological mechanisms through 

which the neighborhood environment influ-
ences health are poorly understood (Steptoe 
and Marmot 2002). Prior studies linking 
individual-level socioeconomic stressors to de-
creased immune response (Dhabhar 2014; 
Dowd and Aiello 2009) suggest that the im-
mune system may be an important biological 
pathway for understanding how neighborhood-
level economic stressors may affect health 
(Steptoe 2012). Nonetheless, few studies have 
incorporated salient immunological biomark-
ers into population-based research on the so-
cial determinants of health. This dearth of re-
search has made it difficult to examine the role 
of the immune systems as a central biological 
barometer of exposure to stressors. Studies ex-
amining neighborhood-level social determi-
nants and immune function are currently lim-
ited to downstream immune biomarkers, such 
as indicators of elevated levels of inflammation 
and antibodies to cytomegalovirus infection 
(Keita et al. 2014; Lantos et al. 2015; Ford and 
Browning 2015).

Evidence is accumulating that the process 
of thymic involution, or the shrinking of the 
thymus over the life course and the associated 
reduction in naïve T-cells, may be an important 
indicator of immunological health at the pop-
ulation level (Ferrando-Martínez et al. 2009; 
Feinstein et al. 2016). As the main organ for de 
novo naïve T-cell production, the thymus plays 
an essential and global role in the quality of 
immune response (Steptoe 2012), and animal 
studies have shown that exposure to stressors 
reduces thymic output of naïve T-cells (Gruver 
and Sempowski 2008). Although the thymus is 
thought to recover following exposure to stress-
ful events, the immune system is left vulnera-
ble during these periods of reduced thymic 
function, increasing susceptibility to foreign 
pathogens (Gruver and Sempowski 2008). 
Whether recurring or prolonged periods of 
stress-induced atrophy over the life course re-
sult in a cumulative health impact in the long 
term remains unknown. Thymic function has 
only recently been characterized in a 
community-based cohort (Feinstein et al. 2016), 
and no study we are aware of has examined the 
relation between neighborhood characteristics 
and the population distribution of thymic func-
tion. Further, the literature has yet to identify 
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particular community-level characteristics 
through which the neighborhood physical en-
vironment may influence stress-related immu-
nological alterations, or whether individual 
characteristics may buffer these area-level in-
fluences with regard to immune function.

The need and the opportunity to under-
stand the mechanisms through which area-
level economic stressors affect population 
health are pressing. We conducted the first 
analysis of this type using data from the Detroit 
Neighborhood Health Study (DNHS), a 
population-based cohort study of primarily Af-
rican American adults that began data collec-
tion in 2008, near the very beginning of the eco-
nomic downturn. The purpose of this study was 
to begin to develop hypotheses for the mecha-
nisms through which the social environment 
affects health through the immune system. Fig-
ure 1 presents a conceptual model informed by 
the population health evidence and theory de-
scribed, which suggests that immune function 
may be sensitive to acute and chronic 
neighborhood-level economic stress. Further, 
it shows two pathways through which these 
area-level stressors are embodied in dimin-
ished immune function—increased exposure 
to crime and decreased social cohesion. Finally, 
the literature indicates that individual socio-
economic status may buffer the negative im-
pacts of area-level stressors on immune func-
tion, but none of the pathways shown has been 
assessed analytically. We hypothesized that liv-

ing in a neighborhood with a higher prevalence 
of abandoned homes and home foreclosures 
would be associated with lower thymic func-
tion, in part due to increased exposure to neigh-
borhood crime and loss of neighborhood social 
cohesion. Further, because evidence suggests 
that the Great Recession was particularly harm-
ful to those with middle-class incomes (Acker-
man, Fries, and Windle 2012), we additionally 
hypothesized that low- and high-income indi-
viduals would be less susceptible to effects of 
increases in foreclosures or abandoned homes, 
resulting in smaller decreases in thymic func-
tion, whereas middle-income individuals 
would experience the largest decrease in thy-
mic function.

Motivated by our conceptual model, we first 
assessed the association between neighborhood-
level environmental stressors associated with 
the Great Recession—including the prevalence 
of abandoned homes and home foreclosures—
and thymic function; second, we characterized 
the roles of neighborhood crime and social co-
hesion as potential mediators of these associa-
tions; and third, we determined whether the 
effects of increases in foreclosures and aban-
doned homes on thymic function were modi-
fied by individual-level socioeconomic status.

Methods
The DNHS was conducted in five waves from 
2008 to 2013. In the first study wave (2008–2009), 
1,547 participants were recruited using a two-

Figure 1. Conceptual Model, Neighborhood Economic Stressors on Immune Function

Source: Authors’ calculations.
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stage area probability sample of households in 
the city limits (Goldmann et al. 2011). A tele-
phone survey captured participants’ demo-
graphic and socioeconomic information, 
health characteristics, social support, and ex-
posure to trauma. In addition to the telephone 
survey, participants also had the option to pro-
vide a venous blood sample at their homes. Par-
ticipants for whom thymic function was as-
sessed and for whom complete residential 
location and covariate information was avail-
able were eligible for inclusion in the present 
analysis, resulting in a final sample size of 277. 
Figure 2 summarizes the DNHS study design 
and timing of each measurement described.

Measures
Of Detroit’s fifty-four historically defined neigh-
borhoods, fifty-two included DNHS study par-
ticipants with available data for analysis (Hill 
and Gallagher 2002). We used these historically 
defined neighborhoods as the boundaries for 
neighborhood analyses. To capture character-
istics of the neighborhood physical and social 
environment, a baseline neighborhood assess-
ment was conducted by trained observers in 
2008, many of whom were Detroit residents 
(Momper et al. 2012). Observers were assigned 
road sections for direct observation and as-
sessed the presence of environmental factors, 
like abandoned homes (yes or no), on each 

street segment. Areas not directly assessed were 
assigned a value using spatial kriging of the di-
rectly assessed areas, as previously done in spa-
tial analyses of urban environment (Auchin-
closs et al. 2007). The scores for each indicator 
were aggregated to the neighborhood level, with 
the prevalence measure representing the pro-
portion of block segments in the neighborhood 
for which the answer to the abandoned homes 
question was yes (Momper et al. 2012). Other 
indicators of physical environmental quality—
prevalence of damaged properties, vacant lots, 
and community gardens—were also measured 
as part of the neighborhood assessment. The 
score for each indicator was assessed indepen-
dently and as a combined physical environmen-
tal quality score, all measured continuously at 
the neighborhood level for the present analysis. 
Community garden prevalence was reverse 
coded for the composite score.

The number of foreclosed properties in 2009 
and 2011 by census tract were obtained from 
RealtyTrac, an authoritative source for historic 
United States real estate statistics and foreclo-
sure trends (RealtyTrac 2011). Proportions were 
constructed as number of foreclosed properties 
divided by the number of total mortgages in 
each year within neighborhoods. The propor-
tion for each year and the change in propor-
tions between 2009 and 2011 was assessed in 
relation to thymic function. 

Figure 2. Timeline for Relevant Measurements, Detroit Neighborhood Health Study

Source: Authors’ calculations from the Detroit Neighborhood Health Study, 2008–2013.
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Outcome: Thymic Function
Participant DNA was extracted from venous 
whole blood samples, frozen and stored at 
−70°C, and shipped on dry ice to the Labora-
tory of Immunovirology at the University of Se-
ville for thymic function quantification. T-cell 
receptor (TCR) excision circles (TRECs) are 
nonreplicated extrachromosomal DNA by-
products of alpha (signal joint) and beta chain 
TCR rearrangements that occur during the pro-
duction of new T-cells (Lynch and Sempowski 
2013). In this analysis, thymic function was 
measured by the ratio of signal joint to beta 
TRECs (sj/beta-TREC ratio). The sj/beta-TREC 
ratio was assessed in genomic DNA and analy-
ses included a two-round quantitative PCR 
(qPCR) protocol, which is described in various 
studies (Ferrando-Martínez et al. 2010, 2013; 
Feinstein et al. 2016). The thymus is located 
near the heart, so direct measurement of its 
function is clinically contraindicated. The 
quantification of sjTREC is a more widely used 
indirect measurement of thymic function than 
the sj/beta-TREC ratio (Douek et al. 1998; Dion 
et al. 2007). However, sjTREC may be diluted 
by proliferation of naïve T-cells in peripheral 
blood, which can result in a reduction in num-
ber of sjTREC without a reduction in thymic 
function (Dion et al. 2004). The sj/beta-TREC 
ratio measure, used in this analysis, was devel-
oped to address the issue because it enables 
more direct estimation of intrathymic prolif-
eration of T-cells, with regard to peripheral ac-
tivity (Dion et al. 2004; Ferrando-Martínez et al. 
2010). Thymic function was assessed in blood 
collected during the fourth study wave (2011) 
and is treated here as a continuous outcome, 
natural log-transformed to approximate a nor-
mal distribution.

Covariates
Neighborhood levels of social cohesion and 
crime were examined as potential mediators of 
the association between the prevalence of 
abandoned homes and thymic function. Social 
cohesion was assessed in the first study wave 
by asking respondents whether they agreed on 
a 5-point Likert scale (1 = strongly disagree, 5 = 
strongly agree) with a series of statements re-
lated to whether their neighborhood is unified, 

residents are willing to help each other, neigh-
bors get along, neighbors share common val-
ues, and neighbors can be trusted (McLaughlin 
et al. 2012). Responses were summed for each 
respondent, averaged at the neighborhood 
level, and treated as continuous scores out of 
100, such that lower scores represent a lower 
degree of social cohesion.

Neighborhood crime levels were assessed 
using geocoded crime incidents occurring from 
January 1, 2009, through December 31, 2009, 
extracted from the Detroit Police Department’s 
CrisNet/NetRMS records management system 
(Detroit Police Department 2009). Incidents 
with valid geocodes were summed at the neigh-
borhood level and modeled in the present anal-
ysis as number of incidents per square mile, 
weighted for neighborhood population density.

Age, gender (male or female), baseline im-
munological status, and socioeconomic status 
were identified a priori as potential confound-
ers via a directed acyclic graph (Greenland, 
Pearl, and Robins 1999) and included as covari-
ates in adjusted models. Because thymic func-
tion was available only in wave 4, we quantified 
and controlled for a proxy for immunological 
status which was measured at the time of the 
baseline survey, serum levels of Interleukin-6 
(IL-6), a marker of inflammation (DelaRosa et 
al. 2006; Hunter and Jones 2015) that has been 
shown to strongly predict thymic function in 
the DNHS population (Feinstein et al. 2016). 
Employment status at the time of the baseline 
survey was included as a marker of socioeco-
nomic status and categorized into three levels: 
employed, unemployed, and other (such as re-
tired, homemaker, student, on maternity or pa-
ternity leave, sick leave, and on disability). Ad-
ditional indicators of socioeconomic status 
collected at baseline included education, di-
chotomized as high school or less versus be-
yond high school, and an ordinal indicator of 
household income (less than $25,000, $25,000 
to less than $50,000, or $50,000 or more per 
year).

Statistical Analyses
Standard descriptive statistics were used to 
characterize the study population. Medians and 
interquartile ranges (IQRs) were calculated for 
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continuous variables. Counts and percentages 
were assessed for categorical variables. We used 
descriptive spatial analyses to generate maps 
displaying the unadjusted foreclosure preva-
lences, prevalence of abandoned homes, social 
cohesion scores, and population-density 
weighted crime incidents per square mile by 
neighborhood.

Two-level random intercept linear regres-
sion models, with participants nested within 
neighborhoods, were used to estimate the as-
sociation between neighborhood prevalence of 
abandoned homes and thymic function (Sub-
ramanian and O’Malley 2010). Next, analyses 
were conducted to assess whether changes in 
proportion of homes foreclosed during the 
Great Recession influence thymic function. 
Models were run to examine the association 
between thymic function and neighborhood 
foreclosure proportions in 2009, 2011, and the 
change in proportion between these two peri-
ods. To further untangle the specificity of the 
foreclosure effect, we examined three addi-
tional neighborhood physical quality measures 
in relation to thymic function—prevalence of 
damaged properties, vacant lots, and commu-
nity gardens—as well as a composite measure 
derived as a sum of all four exposures, with the 
community gardens prevalence reverse coded. 
Models were first adjusted only for participant 
age and then additionally sex, baseline immu-
nological status, and employment status. Age 
was modeled in all analyses using a four-node 
cubic spline to better fit any curvature in the 
age-thymic function relationship (Howe et al. 
2011).

To assess whether neighborhood levels of 
social cohesion and crime mediated the asso-
ciations of both 2009 prevalence of foreclosures 
and neighborhood prevalence of abandoned 
homes with thymic function, we first examined 
the extent to which these potentially mediating 
variables were independently associated with 
neighborhood foreclosures and abandoned 
homes, as well as with thymic function. We 
then examined whether the overall association 
of foreclosures and neighborhood prevalence 
of abandoned homes with thymic function was 
attenuated by additionally adjusting for social 
cohesion, then crime.

To assess effect modification by individual-
level socioeconomic status, we then examined 
the associations between neighborhood aban-
doned home prevalence as well as neighbor-
hood foreclosure measurement and participant 
thymic function in analyses stratified by annual 
household income level (less than $25,000, 
$25,000 to less than $50,000, or $50,000 or more 
per year). A separate model was run for each 
stratum, adjusting for age, sex, and baseline 
immunological status. Statistical significance 
of modification was tested with an interaction 
term in the full model between income and 
each exposure (abandoned home prevalence 
and neighborhood foreclosures).

Spatial analyses and aggregation were com-
pleted in ArcMaps 10.3.1 (Environmental Sys-
tems Research Institute, Redlands, CA). All 
other statistical analyses were conducted in SAS 
9.4 (SAS Institute, Inc.).

Sensitivity Analyses
We conducted a sensitivity analysis using the 
absolute number of sjTREC per million whole 
blood, rather than sj/beta-TREC ratio as the 
outcome. The sjTREC number remains the 
most commonly applied measure of thymic 
function in the literature (Douek et al. 1998; 
Dion et al. 2007). It may have logistical advan-
tages for application in large-scale population-
based studies compared to the sj/beta-TREC 
ratio, which requires a more extensive labora-
tory methodology for analysis (Lynch et al. 
2009). We also tested associations using base-
line IL-6 as the outcome.

To determine whether our overall models 
were sensitive to the marker of socioeconomic 
status included, we examined the association 
between neighborhood prevalence of aban-
doned homes and thymic function as mea-
sured by the sj/beta-TREC ratio adjusting for 
education and then household income instead 
of employment status.

Results
There were 277 participants included in the 
present analysis. Table 1 shows the distribu-
tions of sociodemographic characteristics of 
the study population, overall and stratified by 
neighborhood levels of abandoned homes. 
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Overall, participants were a median of fifty-six 
years old (IQR: forty-seven to sixty-seven 
years), had a median IL-6 measure of 3 pg/mL 
(IQR: 2–4 pg/mL), 61 percent were female, 35 
percent were currently employed, 14 percent 
were unemployed, and 51 percent were retired, 
students, homemakers, or other (employment 
status). The median neighborhood prevalence 
of abandoned homes was 34 percent (IQR: 23 
to 45 percent), that of damaged properties was 
33 percent (IQR: 25 to 42 percent), vacant lots 
was 30 percent (IQR: 13 to 52 percent), and 
community gardens was 0 percent (IQR: 0 to 
1 percent). Median neighborhood foreclosure 

proportion was 3 percent (IQR: 2 to 4 percent) 
in 2009 and 2 percent (IQR: 1 to 2 percent) in 
2011. The median change in foreclosure pro-
portion between 2011 and 2009 was –1 (IQR: 
–2 to 0) percentage points. Participants living 
in areas with a higher prevalence of aban-
doned homes (more than 15 percent) were 
more likely to be unemployed than those liv-
ing in a neighborhood with a lower prevalence 
of abandoned homes (16 percent versus 3 per-
cent unemployed, respectively). Those living 
in areas with a higher prevalence of aban-
doned homes were also slightly younger and 
more likely to be male. Respondents living in 

Table 1. Sample Characteristics by Prevalence of Abandoned Homes, Detroit Neighborhood  
Health Study

Measure
Full Sample

(N = 277)

Prevalence   
< 15%

(N = 125)

Prevalence  
> 15%  

(N = 152)

Age, median (IQR) 	 56	 (47–67) 	 59	 (53–71) 	 56	 (47–66)
Female, N (%) 	 167	 (61) 	 74	 (69) 	 93	 (61)
Employed, N (%) 	 96	 (35) 	 11	 (32) 	 85	 (35)
Unemployed, N (%) 	 39	 (14) 	 1	 (3) 	 38	 (16)
Other employment status, N (%)a 	 142	 (51) 	 22	 (65) 	 120	 (49)
Interleukin 6 (IL-6), median (IQR) 	 3	 (2–4) 	 4	 (2–5) 	 3	 (2–5)
Neighborhood prevalence of abandoned homes, 

median (IQR)
	 34	 (23–45) 	 14	 (9–14) 	 35	 (28–45)

Neighborhood prevalence of damaged 
properties, median (IQR)

	 33	 (25–42) 	 14	 (5–16) 	 38	 (29–43)

Neighborhood prevalence of vacant lots, 
median (IQR)

	 30	 (13–52) 	 6	 (2–13) 	 33	 (15–53)

Neighborhood prevalence of community 
gardens, median (IQR)

	 0	 (0–1) 	 0	 (0–0) 	 0	 (0–1)

Neighborhood foreclosure prevalence 2009, 
median (IQR)

	 3	 (2–4) 	 2	 (1–3) 	 3	 (2–5)

Neighborhood foreclosure prevalence 2011, 
median (IQR)

	 2	 (1–2) 	 2	 (1–2) 	 2	 (1–2)

Neighborhood foreclosure rate change 2009–
2011, median (IQR)

	 –1	 (–2–0) 	 –2	 (–3–1) 	 1	 (–1–2)

Neighborhood social cohesion score, median 
(IQR)

	 52	 (40–60) 	 60	 (48–72) 	 48	 (36–60)

Crimes per square mile, median (IQR) 	 436	 (374–516) 	 436	 (369–492) 	 587	 (410–593)
sj/beta-TREC ratio, median (IQR) 	 5	 (1–19) 	 5	 (1–19) 	 5	 (1–18)

Source: Authors’ calculations from the Detroit Neighborhood Health Study, 2008, and Detroit Police 
Department 2009.
aOther includes retired, homemaker, student, maternity-paternity leave, illness = sick leave, and 
disability. 
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neighborhoods with a lower prevalence of 
abandoned homes were more likely to live in 
areas with greater social cohesion (60 percent 
versus 48 percent) and less crime (436 versus 
587 crimes per square mile), damaged proper-
ties (14 percent versus 38 percent), vacant lots 
(6 percent versus 33 percent), and foreclosures 
in 2009 (2 versus 3 percent) than respondents 
living in neighborhoods with more abandoned 
homes. Measured characteristics in our sam-
ple differed slightly from those in the entire 
study population at wave 1. Our study sample 
had an older median age and a larger propor-
tion female, unemployed, and of low income 
(table 2).

Main Findings
Thymic function, as measured by the sj/beta-
TREC ratio, was at a statistically significant 
lower level among participants living in neigh-
borhoods with more abandoned homes. A 10 
percentage point increase in the prevalence of 
abandoned homes was associated with a –0.03 
(95% CI: –0.05, –0.01) log-unit decrease in sj/
beta-TREC ratio, after controlling for age, sex, 
baseline IL-6, and employment status. Similar 
to the association with abandoned homes, 
neighborhood foreclosure proportions in 2009 
and 2011 were associated with thymic function 
such that a one-unit increase in foreclosure pro-
portion was associated with a –0.06 (95% CI: 
–0.11, –0.01) log-unit decline in sj/beta-TREC 

ratio in 2009 and a –0.04 (95% CI: –0.09, 0.00), 
log-unit decline in 2011. The association by 
change in foreclosure proportion over this pe-
riod was not significant, β = –0.19 (95% CI: 
–0.62, 0.24). 

None of the three other neighborhood char-
acteristics assessed were statistically signifi-
cantly associated with thymic function: preva-
lence of damaged property, β = –0.04 (95% CI: 
–0.10, 0.09); prevalence of vacant lots, β = –0.02 
(95% CI: –0.12, 0.08); and prevalence of com-
munity gardens, β = 0.00 (95% CI: –0.10, 0.10). 
In addition, we combined all of these measures 
into an aggregate neighborhood disorder score 
by summing them with community garden 
prevalence reverse coded. The aggregate score 
was associated with reduced thymic function, 
but was not statistically significant, β = –0.02 
(95% CI: –0.11, 0.08) (table 3, table A1).

Mediation Analyses
The median neighborhood social cohesion 
score was 52 (IQR: 40 to 60). A 10 percent higher 
neighborhood prevalence of abandoned homes 
was significantly associated with lower social 
cohesion scores, β = –0.27 (95% CI: –0.43, –0.11) 
as was 2009 foreclosure proportion β = –0.09 
(95% CI: –0.14, –0.04). The neighborhood social 
cohesion score was positively associated with 
thymic output. A one-unit increase in the social 
cohesion variable was associated with a 0.05 
(95% CI: 0.02, 0.07) log-unit increase in sj/beta-

Table 2. Sample Characteristics Versus Wave 1 Population, Detroit Neighborhood 
Health Study

Measure
Sample

(N = 277)

DNHS Wave 1 
Population
(N = 1,547)

Age, median (IQR) 	 56	 (47–67) 	 48	 (35–56)
Female, N (%) 	 167	 (61) 	 833	 (54)
Employed, N (%) 	 97	 (35) 	 738	 (52)

Income, N (%)
Less than $25,000 	 141	 (51) 	 738	 (48)
$25,000–$49,999 	 89	 (32) 	 452	 (29)
$50,000 or more 	 47	 (17) 	 357	 (23)

Source: Authors’ calculations from the Detroit Neighborhood Health Study, 2008, and 
Detroit Police Department 2009.
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TREC ratio. Abandoned homes and foreclosure 
proportions were similarly distributed spatially, 
and some spatial consistency in distributions 
of neighborhood social cohesion was evident 
(figure 3). Inclusion of social cohesion in the 
main models estimating the association of 
neighborhood prevalence of abandoned homes 
and 2009 foreclosure proportions with thymic 
function resulted in attenuation of the effect 
estimates, β = 0.00 (95% CI: –0.36, 0.18) (figure 
4) and β = –0.03 (–0.06, 0.00) (figure 5), respec-
tively.

The median number of population-size ad-
justed violent crimes per square mile was 436 
(IQR: 374 to 516). A 10 percentage point increase 
in neighborhood prevalence of abandoned 
homes was associated with a 0.06 (95% CI: 0.02, 
0.10) unit increase in violent crimes per square 
mile, and a 1 percentage point increase in 2009 
foreclosures was associated with a 0.08 (95% 
CI: 0.00, 0.14) unit increase. Our model findings 
did not support the theory that crime was as-
sociated with a decline in thymic function,  

β = 0.00 (95% CI: –0.03, 0.01) and therefore did 
not meet justification for exploring mediation 
by crime in further analyses.

Stratified Analyses
In analyses stratified by household income 
level, associations between abandoned home 
prevalence and foreclosure proportions in 2009 
and 2011 were strongest in the middle-income 
group, β = –0.10 (95% CI: –0.26, 0.06); = β = –0.11 
(95% CI: –0.29, 0.07); and β = –0.08 (95% CI: 
–0.18, 0.02), respectively. Among the lowest in-
come group, associations were weak but the 
association between change in foreclosure pro-
portions and thymic function was strongest, β 
β = –0.21 (95% CI: –0.50, 0.08). Associations 
were weakest among the highest income group 
and no estimates were statistically significant 
at the α = 0.05 level (table 4). In the full model, 
including an interaction term did not improve 
fit, nor was the term (testing heterogeneity of 
effect across levels of individual-level income) 
statistically significant. 

Table 3. Regression Coefficient Estimates and 95 Percent Confidence Intervals, for the Associations of  
Neighborhood Prevalences

Neighborhood Characteristic β (95% CI) Adjusted for Age Only β (95% CI) Fully Adjusteda

For each 10 percentage point increase in 
abandoned home prevalence

–0.02	 (95% CI: –0.05, 0.00) –0.03	 (95% CI: –0.05, –0.01)*

For each 10 percentage point increase in 
damaged property prevalence

–0.03	 (95% CI: –0.08, 0.06) –0.04	 (95% CI: –0.10, 0.09)

For each 10 percentage point increase in 
vacant lot prevalence

–0.02	 (95% CI: –0.09, 0.07) –0.02	 (95% CI: –0.12, 0.08)

For each 1 percentage point increase in 
community garden prevalence

  0.01	 (95% CI: –0.11, 0.07)   0.00	 (95% CI: –0.10, 0.10)

For each 10 percentage point increase in 
composite environment score

–0.02	 (95% CI: –0.11, 0.08) –0.02	 (95% CI: –0.11, 0.08)

For each 1 percentage point increase in 2009 
foreclosures

–0.07	 (95% CI: –0.11, –0.02)* –0.06	 (95% CI: –0.11, –0.01)*

For each 1 percentage point increase in 2011 
foreclosures

–0.03	 (95% CI: –0.07, 0.01) –0.04	 (95% CI: –0.09, 0.00)

For each 1 percentage point increase in 
foreclosure change (2009–2011)

–0.11	 (95% CI: –0.54, 0.17) –0.19	 (95% CI: –0.62, 0.24)

Source: Authors’ calculations from the Detroit Neighborhood Health Study, 2008, and Detroit Police Department 
2009.
a Adjusted for age, sex, baseline IL-6, and employment status. Coefficient estimates represent the change in log 
sj/beta-TREC ratio associated with a 10 percentage point increase in prevalence of environmental characteristics 
and a one per 100 mortgage increase in foreclosure rates.
*significant at the α = .05 level.
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Figure 4. Regression Coefficients and 95 Percent Confidence Intervals, Mediation Analysis, Abandoned 
Homes

Source: Authors’ calculations from the Detroit Neighborhood Health Study, 2008, and Detroit Police 
Department 2009.
aModel adjusted for age, sex, baseline IL-6, and employment status.
bModel adjusted for age, sex, baseline IL-6, employment status, abandoned home prevalence, and 
2009 foreclosure prevalence.
cModel adjusted for social cohesion, age, sex, and employment status.
*significant at the α = .05 level.

Social cohesion score 

–0.27 (–0.43, –0.11)a*

       
0.05 (0.02, 0.07)b*

0.00 (–0.36, 0.18)c

Abandoned home prevalence            sj/beta-TREC ratio 

Figure 3. Spatial Distributions by Neighborhood (N = 52)

Source: Authors’ calculations from the Detroit Neighborhood Health Study, 2008, and Detroit Police 
Department 2009.
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21–40
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Figure 5. Regression Coefficients and 95 Percent Confidence Intervals, Mediation Analysis, 
Foreclosure Rate 

Source: Authors’ calculations from the Detroit Neighborhood Health Study, 2008, and Detroit Police 
Department 2009.
aModel adjusted for age, sex, baseline IL-6, and employment status.
bModel adjusted for age, sex, baseline IL-6, employment status, abandoned home prevalence, and 
2009 foreclosure prevalence.
cModel adjusted for social cohesion, age, sex, and employment status.
*significant at the α = .05 level.

Social cohesion score 

2009 foreclosure rate sj/beta-TREC ratio 

–0.09 (–0.14, –0.04)a* 0.05 (0.02, 0.07)b*

–0.03 (–0.06, 0.00)c

Table 4. Regression Coefficient Estimates and 95 Percent Confidence Intervals, Associations of 
Neighborhood Prevalence, by Income Group

Neighborhood Characteristic β (95% CI) Fully Adjusteda

High income (≥$50,000 per year)
For each 10 percentage point increase in abandoned home 

prevalence
  0.01	 (95% CI: –0.05, 0.07)

For each 1 percentage point increase in 2009 foreclosures   0.00	 (95% CI: –0.10, 0.10)
For each 1 percentage point increase in 2011 foreclosures –0.02	 (95% CI: –0.10, 0.06)
For each 1 percentage point increase in foreclosure change 

(2009–2011)
–0.07	 (95% CI: –0.15, 0.01)

Middle income ($25,000 to <$50,000 per year)
For each 10 percentage point increase in abandoned home 

prevalence
–0.10	 (95% CI: –0.26, 0.06)

For each 1 percentage point increase in 2009 foreclosures –0.11	 (95% CI: –0.29, 0.07)
For each 1 percentage point increase in 2011 foreclosures –0.08	 (95% CI: –0.18, 0.02)
For each 1 percentage point increase in foreclosure change 

(2009–2011)
–0.13	 (95% CI: –0.29, 0.03)

Low income (≤$25,000 per year)
For each 10 percentage point increase in abandoned home 

prevalence
–0.02	 (95% CI: –0.08, 0.04)

For each 1 percentage point increase in 2009 foreclosures –0.01	 (95% CI: –0.03, 0.01)
For each 1 percentage point increase in 2011 foreclosures   0.00	 (95% CI: –0.12, 0.12)
For each 1 percentage point increase in foreclosure change 

(2009–2011)
–0.21	 (95% CI: –0.50, 0.08)

Source: Authors’ calculations from the Detroit Neighborhood Health Study, 2008, and Detroit Police 
Department 2009.
aAdjusted for age, sex, baseline IL-6, and employment status. Coefficient estimates represent the 
change in log sj/beta-TREC ratio associated with a 10 percentage point increase in prevalence of 
environmental characteristics and a 1 percentage point increase in foreclosure prevalence.
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Sensitivity Analyses
We examined whether differing individual-level 
socioeconomic variables affected the associa-
tion between abandoned homes and thymic 
function. The estimated association between 
abandoned homes and sj/beta-TREC ratio dif-
fered little when controlling for income instead 
of employment status in fully adjusted models 
for log sj/beta-TREC ratio, β = –0.05 (95% CI: 
–0.15, 0.05). We had similar findings when con-
trolling for education rather than employment 
status, β = –0.03 (95% CI: –0.13, 0.07), suggest-
ing that the influence of individual measures 
of socioeconomic status are similar and do not 
fully account for the influence of abandoned 
homes at the neighborhood level.

When assessing sensitivity to the thymic 
function measurement approach, neighbor-
hood prevalence of abandoned homes was also 
associated with decline in thymic function as 
measured by the number of sjTREC per million 
whole blood cells, β = –0.02 (95% CI: –0.12, 
0.08), but this estimate was not statistically sig-
nificant at the α = 0.05 level. Similarly, aban-
doned home prevalence was associated with 
higher baseline inflammation (as measured by 
IL-6 level), β =  0.12 (95% CI: –0.02, 0.17), as were 
neighborhood foreclosures β = 0.08 (95% CI: 
–0.05, 0.21).

Discussion
In this community-based study of adults living 
in Detroit in 2009, the height of the Great Re-
cession impact on home prices and household 
wealth (U.S. Census Bureau 2013), we assessed 
the association between area-level indicators 
of the economic crisis—including neighbor-
hood prevalence of abandoned homes, home 
foreclosure, and other measures of neighbor-
hood disorder—and thymic function, a key 
measure of immunological well-being. We 
found that increased neighborhood prevalence 
of abandoned homes and home foreclosure 
during the recession were associated with de-
creased thymic function, particularly among 
middle-income individuals. Indeed, even after 
adjusting for covariates, a 10 percentage point 
increase in neighborhood prevalence of aban-
doned homes was roughly associated with the 
same decrease in thymic function as we ob-
served for a 1.7-year increase in chronological 

age, and a 1 percentage point increase in 2009 
home foreclosures was associated with the 
same decrease in thymic function as we ob-
served for a 3.3-year increase in chronological 
age. Additionally, our findings support the hy-
pothesis that social cohesion mediates the as-
sociation between neighborhood environment 
and immune function. These findings 
strengthen the body of evidence supporting the 
significance of social context in influencing key 
biological health indicators over the life course, 
and, more specifically, stress-sensitive markers 
of immunity.

Given the economic climate and high home 
foreclosure rate in Detroit during the Great Re-
cession, neighborhood prevalence of aban-
doned and foreclosed homes is an important 
source of chronic stress in the study population 
(Rooney 2008). We observed associations with 
reduced thymic function when assessing both 
prevalence of abandoned homes and foreclo-
sure proportions. We also examined other mea-
sures of the physical environment (such as 
damaged property, gardens, and vacant lots) 
and found associations that, though not statis-
tically significant, were consistent with our 
main findings that neighborhood quality af-
fects health through immunological pathways. 
The robust and specific influence of abandoned 
homes and home foreclosures on our immune 
function measure underscore the importance 
of addressing structural factors influencing 
poor health outcomes and contributing to so-
cial health disparities in this population.

We are not aware of any other studies as-
sessing the relationship between measures re-
lated to the Great Recession or neighborhood 
environment and thymic function. However, 
our findings complement the scant literature 
examining the association between neighbor-
hood characteristics and general biological 
markers of health. Specifically, neighborhood 
affluence was found to be protective with re-
spect to a measure of cumulative biological 
health (King, Morenoff, and House 2011) and 
type 2 diabetes (Piccolo et al. 2015). Several 
studies have also shown associations between 
foreclosure rates, mental health, and cardio-
vascular disease risk, suggesting that foreclo-
sure stressors may ultimately influence health 
(Burgard, Ailshire, and Kalousova 2013; Cata-



74 	 b i o s o c i a l  pa t h wa y s  a c r o s s  t h e  l i f e  c o u r s e

r s f :  t h e  r u s s e l l  s a g e  f o u n d a t i o n  j o u r n a l  o f  t h e  s o c i a l  s c i e n c e s

lano et al. 2011). Our work provides additional 
evidence in support for a potential biological 
mediator of these reported associations by ex-
amining a global measure of immune function, 
which is critical for fighting disease and pro-
moting health.

The potential influence of stressors related 
to the Great Recession on thymic function is 
significant because it supports existing evi-
dence that exposure to stressors negatively im-
pacts the immune system (Dhabhar 2014). It 
may also influence overall health in adulthood, 
because the role of the thymus is important for 
production of naïve T-cells throughout the life 
course (Poulin et al. 1999). For example, decline 
in thymic function has been found to be asso-
ciated with increased infection susceptibility 
as well as risk of autoimmune disease, cancer, 
and mortality (Ferrando-Martínez et al. 2013; 
Lynch et al. 2009). Further, our earlier research 
in the DNHS cohort suggests that reduced thy-
mic function is associated with increased levels 
of pro-inflammatory biomarkers and other neg-
ative health outcomes, highlighting this mea-
sure as an important potential mechanism by 
which stressors may influence health at the 
population level (Feinstein et al. 2016).

Although we observed a significant associa-
tion between foreclosures in 2009 and thymic 
function, our analyses did not identify a sig-
nificant impact of changes in foreclosure prev-
alence from 2009 to 2011. Foreclosures were de-
clining on average in that period. Indeed, 2009 
showed the largest dip in home sale prices and 
loss of household wealth; in 2011, these mea-
sures began to bounce back (U.S. Census Bu-
reau 2013). Therefore, 2011 represents a period 
of recovery, which may explain our findings. 
We also may not have captured the period of 
the most severe recession impacts for all neigh-
borhoods. Moreover, Detroit experienced a his-
tory of industrial collapse, discriminatory res-
idential lending, and racial segregation that 
had left many parts of the city vulnerable and 
under resourced decades before the Great Re-
cession, which may have augmented the reces-
sion impacts in 2009 (Sugrue 2014).

Results of stratified analyses supported the 
hypothesis that socioeconomic status modifies 
the effect of abandoned homes and foreclo-
sures on thymic function. Although the effects 

by income were not significantly different, the 
subgroup sample sizes did not provide ade-
quate statistical power to detect heterogeneity. 
However, the differences in estimated effects 
by income group are of substantive interest. 
Individuals in the middle-income group 
showed the strongest association between in-
creased abandoned home prevalence and prev-
alence of foreclosures and poorer immune 
function. This supports the theory that middle-
income individuals were most sensitive to the 
impacts of area-level foreclosures and home 
vacancies. We observed that, among those in 
the lowest income group, changes in home 
foreclosure proportions from 2009 to 2011 (as 
opposed to prevalence of foreclosures in 2009, 
as observed for higher income groups) had the 
strongest impact on thymic function, suggest-
ing that these individuals may have been par-
ticularly susceptible to ongoing changes in 
housing stability following the Great Reces-
sion. Previous work has found stronger impacts 
on physiological manifestations of major, 
recession-related financial stressors among 
low-income individuals (Boen and Yang 2016).

Our mediation analyses support the hypoth-
esis that social cohesion may lie on the pathway 
between living in an adverse neighborhood en-
vironments and individual-level immune func-
tion. A higher prevalence of abandoned homes 
and foreclosure in the neighborhood were as-
sociated with lower social cohesion; higher so-
cial cohesion was associated with decreased 
thymic function. Further, adjustment for social 
cohesion attenuated the estimated effect of 
foreclosure and abandoned home prevalence 
on thymic function toward the null estimate. 
Our results support the growing literature sug-
gesting that the level of social cohesion within 
neighborhoods is an important protective, me-
diating factor for mental health outcomes 
among African American women (Giurgescu et 
al. 2015) and the general U.S. population (Druk-
ker and van Os 2003; Kruger, Reischl, and Gee 
2007) as well as cardiovascular health in the 
United States (Diez Roux et al. 2001).

The number of population-adjusted crimes 
per square mile was associated with the preva-
lence of abandoned homes and foreclosure pro-
portion, but was not associated with decreased 
thymic output. Given the administrative source 
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of the crime data, we are aware that error is 
likely to be present in this measure (Black 1970; 
Biderman and Lynch 2012). Further work using 
more extensive crime data, such as crowd-
sourced crime information, may help support 
a more robust analysis of this potential media-
tor (Shah et al. 2011). In addition to mechanis-
tic insights, the roles of crime and social cohe-
sion in the association between neighborhood 
environment and immune function also high-
light the potential for community-level inter-
vention opportunities for mitigating the delete-
rious effects of poor neighborhood physical 
environments.

Important strengths of this study include 
data from a predominantly African American, 
population-based sample and representation 
from neighborhoods with a wide variance in 
quality of the physical and social environ-
ments. The analyses were also strengthened by 
the use of a novel measure of immune health, 
which has been specifically characterized in the 
DNHS population (Feinstein et al. 2016). How-
ever, this study has some limitations. First, al-
though the sj/beta-TREC ratio measure ad-
dresses peripheral blood dilution of sjTRECs 
(Dion et al. 2004), not all beta excision circles 
are captured, complicating interpretations of 
low function values (Ferrando-Martínez et al. 
2010). Second, as in all nonexperimental stud-
ies of neighborhood characteristics and health, 
our study may suffer from issues related to se-
lection into neighborhoods that may be related 
to the outcome (Oakes 2004). Therefore, the 
estimated effects may be an artifact of unmea-
sured factors both enabling some Detroit resi-
dents to move to neighborhoods with less fore-
closure and causing them to have better 
immune function. However, the robustness of 
analyses to confounder adjustment, including 
a marker of immune health at baseline, provide 
enough confidence in the association to war-
rant further pursuit in a longitudinal or quasi-
experimental setting in which a causal effect 
may be estimated. Third, our measure of aban-
doned homes was derived in 2008, only about 
a year into the Great Recession. We do not have 
data on duration of abandonment, and there-
fore some of the abandoned homes that were 
quantified may have been abandoned before 
the recession. Fourth, police department data 

are vulnerable to misclassification (approxi-
mated to fit available codes). Crime incident 
data are also biased by the absence of crimes 
not reported by citizens to the police and by 
police decisions not to record all crimes re-
ported by citizens (Black 1970). Fifth, this anal-
ysis may be limited by the conceptualization of 
neighborhood. Historic administrative units 
defining neighborhoods in this study may not 
reflect the true function of the included area-
level variables. Regardless, neighborhood defi-
nitions based on historically defined boundar-
ies are likely a substantial improvement over 
measurements based on census tracts (Duncan 
et al. 2014). Sixth, the differences in the distri-
bution of some sociodemographic characteris-
tics of our study sample relative to the full 
DNHS study population may limit the general-
izability of our results to the entire city of De-
troit. We mitigated threats to internal validity 
by controlling for identified confounders dis-
tributed differently between the study sample 
and overall population. Finally, the analyses 
were limited by the small sample size of par-
ticipants with available thymic function data, 
which may have under powered analyses to de-
tect statistically significant effects in some in-
stances, particularly those assessing heteroge-
neity of effect by individual income. However, 
the robust and consistent associations we did 
observe over multiple measures and despite 
our relatively small sample size suggest impor-
tant immune health impacts of the Great Re-
cession in part due to the profound prolifera-
tion of home foreclosures and subsequent 
neighborhood vacancy, which warrant further 
investigation. 

This study, for the first time, suggests a 
population-level association between aban-
doned homes, home foreclosures, and a key 
global marker of immune function among De-
troit residents. Although immune function is 
an objective and upstream measure that di-
rectly influences many health outcomes, it has 
not previously been assessed in relation to mea-
sures of the neighborhood environment. If the 
association that we observed here is causal, it 
may have far-reaching implications for address-
ing the health and well-being of individuals liv-
ing in neighborhoods characterized by foreclo-
sures and abandoned homes. Moreover, our 



76 	 b i o s o c i a l  pa t h wa y s  a c r o s s  t h e  l i f e  c o u r s e

r s f :  t h e  r u s s e l l  s a g e  f o u n d a t i o n  j o u r n a l  o f  t h e  s o c i a l  s c i e n c e s

results suggest that social cohesion may be an 
important buffering community-level factor 
that could reduce the detrimental impacts of 
living in neighborhoods during economic de-
clines. The finding that social cohesion may 
mediate the association of abandoned homes 
and foreclosures with thymic function supports 
the hypothesis that neighborhoods may influ-

ence health through psychosocial mechanistic 
pathways. Future research is needed to identify 
the mechanisms through which neighborhood-
level economic stressors impact health, partic-
ularly the role of historically determined area-
level vulnerability in the context of a recession 
on biological pathways that influence health 
and well-being.
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Appendix

Table A1. Regression Coefficient Estimates and Confidence Intervals, Associations of Neighborhood 
Prevalence, by Age

Neighborhood Characteristic β (95% CI) Fully Adjusteda

For each 10 percentage point increase in abandoned home 
prevalence

–0.03	 (95% CI: –0.05, –0.01)b

Age node 1b –0.15	 (95% CI: –0.25, –0.07)b

Age node 2b –0.01	 (95% CI: –0.04, 0.00)
Age node 3b   0.04	 (95% CI: –0.05, 0.11)
Age node 4b   0.01	 (95% CI: –0.03, 0.04)
Female –0.33	 (95% CI: –0.68, 0.02)
Baseline IL-6   0.02	 (95% CI: –0.02, 0.05)
Unemployed –0.31	 (95% CI: –0.85, 0.23)
Other employment   0.21	 (95% CI: –0.20, 0.62)

For each 1 percentage point increase in 2009 foreclosures –0.06	 (95% CI: –0.11, –0.01)*
Age node 1b –0.12	 (95% CI: –0.22, –0.04)b

Age node 2b   0.00	 (95% CI: –0.04, 0.02)
Age node 3b   0.04	 (95% CI: –0.03, 0.12)
Age node 4b   0.02	 (95% CI: –0.01, 0.06)
Female –0.31	 (95% CI: –0.61, 0.00)
Baseline IL-6   0.03	 (95% CI: –0.02, 0.06)
Unemployed –0.28	 (95% CI: –0.81, 0.19)
Other employment   0.18	 (95% CI: –0.17, 0.53)

For each 1 percentage point increase in 2011 foreclosures –0.04	 (95% CI: –0.09, 0.00)
Age node 1b –0.14	 (95% CI: –0.27, –0.06)b

Age node 2b –0.03	 (95% CI: –0.08, 0.00)
Age node 3b   0.01	 (95% CI: –0.06, 0.04)
Age node 4b   0.04	 (95% CI: –0.03, 0.02)
Female –0.33	 (95% CI: –0.61, 0.07)
Baseline IL-6   0.05	 (95% CI: 0.00, 0.11)
Unemployed –0.30	 (95% CI: –0.83, 0.21)
Other employment   0.18	 (95% CI: –0.21, 0.45)

For each 1 percentage point increase in foreclosure  
change (2009–2011)

–0.19	 (95% CI: –0.62, 0.24)

Age node 1b –0.17	 (95% CI: –0.28, –0.07)b

Age node 2b –0.06	 (95% CI: –0.12, 0.01)
Age node 3b   0.01	 (95% CI: –0.07, 0.09)
Age node 4b   0.05	 (95% CI: 0.01, 0.17)b

Female –0.35	 (95% CI: –0.72, 0.18)
Baseline IL-6   0.05	 (95% CI: 0.00, 0.11)
Unemployed –0.30	 (95% CI: –0.83, 0.18)
Other employment   0.12	 (95% CI: –0.21, 0.43)

Source: Authors’ calculations from the Detroit Neighborhood Health Study, 2008, and Detroit Police 
Department 2009.
aAdjusted for age, sex, baseline IL-6, and employment status. Coefficient estimates represent the 
change in log sj/beta-TREC ratio associated with a 10 percentage point increase in prevalence of 
environmental characteristics and a 1 percentage point increase in foreclosure prevalence.
bAge was modeled as a 4-node cubic spline.
*Significant at the  = .05 level.
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group (U.S. Department of Commerce 2006). 
Such disadvantage in K–12 schools results in 
negative long-term problems in school trajec-
tories, such that Mexican American students 
have the lowest postsecondary enrollment rate 
(24 percent). In addition, relative to adoles-
cents in other ethnic groups, Mexican Ameri-
can adolescents have higher rates of substance 
use, begin using drugs at an earlier age, and 
show greater risk for developing drug use dis-
orders in adulthood due to early drug use on-

A Biopsychosocial Approach to 
Examine Mexican American 
Adolescents’ Academic 
Achievement and  
Substance Use
Ya ng Qu,  Adri a na Galvá n, A ndrew J.  Fuligni,  
a nd Eva H.  Telzer

Taking a comprehensive biopsychosocial approach and using a two-wave longitudinal design, this study 
examines the relation between brain development and the social environment in Mexican American youth’s 
(N = 41.56 percent female) academic achievement and substance use. We find that both Mexican American 
youth’s structural brain development and social environment uniquely contribute to their adjustment. Spe-
cially, smaller hippocampal volume and parental cultural socialization each uniquely predict better aca-
demic achievement. Moreover, smaller nucleus accumbens volume and less affiliation with deviant peers 
each uniquely predict less substance use. These findings underscore the independent contributions of bio-
logical and psychosocial factors in youth’s adjustment. The study provides a new biopsychosocial perspec-
tive on Mexican American youth’s well-being.

Keywords: academic achievement, cultural socialization, brain structure, substance use

Mexican Americans are the largest and fastest 
growing ethnic minority group in the United 
States, making up about 17 percent (fifty-six 
million people) of the U.S. population. Chal-
lenges associated with immigration, discrimi-
nation, and lower socioeconomic status place 
Mexican American youth at particularly high 
risk for poor adjustment, including school 
dropout and substance use. For example, Mex-
ican American youth’s school dropout rates are 
approximately double that of any other ethnic 
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set (Eaton et al. 2006; Johnston et al. 2009; Mar-
siglia et al. 2005). It is therefore important to 
identify protective factors that are associated 
with better academic achievement and less 
substance use.

A Biopsychosocial Approach to 
Study Me xican American 
Adolescents
To address ethnic disparities in academic 
achievement and substance use, it is critical to 
systematically examine biological and psycho-
social factors that influence Mexican American 
adolescents. Past research has taken either a 
biological or a psychosocial approach to under-
stand adolescents’ well-being, highlighting the 
importance of both biological (for example, 
brain structure) and psychosocial (for example, 
social environment) factors in adolescents’ ad-
justment. For example, advances in neuroim-
aging techniques allow researchers to examine 
how social relationships get “under the skin” 
(Fuligni and Telzer 2013). In this endeavor, 
countless exciting findings have revealed how 
neural structure and function are related to 
adolescent adjustment. However, it is also ac-
knowledged that examining brain structure 
and function alone cannot inform us how so-
cial environments are related to the neurobiol-
ogy of the developing child.

Although both biological and psychosocial 
approaches provide valuable insights to our un-
derstanding of minority adolescents’ well-
being, few studies to date combine these two 
approaches to provide a more comprehensive 
perspective on adolescent development. In the 
absence of systematic investigation, it remains 
unclear whether biological and psychosocial 
factors play a unique role in minority adoles-
cents’ adjustment. This study therefore took 
an integrative biopsychosocial approach to sys-
tematically examine how biological (youth’s 
brain development) and psychosocial (parents’ 
cultural socialization and deviant peer associa-
tion) factors are uniquely related to Mexican 
American youth’s academic achievement and 
substance use. Findings will provide valuable 
insights into promoting Mexican American 
children’s well-being during adolescence, an 
important period of brain development and so-
cialization.

Brain Structure and Adolescents’ Well-being
Neuroimaging research has demonstrated dra-
matic brain development during adolescence. 
Prior research has characterized functional 
brain development in Mexican American ado-
lescents, with attention to the role of family 
and peer contexts (Telzer et al. 2013a, 2013b; 
Telzer et al. 2015; Qu et al. 2015). However, no 
work to date has examined Mexican American 
adolescents’ structural brain development and 
the potential unique effects of structural 
changes and social environment on adoles-
cents’ adjustment. This is a limitation because 
neural changes during adolescence not only 
involve changes in brain function, but also 
changes in brain structure. Although func-
tional and structural changes often go hand in 
hand, they also uniquely predict adjustment 
outcomes. Thus, individual differences in brain 
structure may also predict individual differ-
ences in academic and psychological adjust-
ment.

An interesting phenomenon during adoles-
cence is the parallel between loss of cortical 
gray matter and improvement in cognitive abil-
ities. Although the whole brain may reach its 
maximum size around the age of five years, grey 
and white matter subcomponents continue to 
undergo significant changes throughout ado-
lescence (Giedd et al. 1999; Sowell et al. 2003; 
Gogtay et al. 2004). Specifically, cortical gray 
matter volume begins to decline in late child-
hood or early adolescence, and white matter 
shows a linear increase over the same period. 
For example, in a large-scale longitudinal neu-
roimaging study, a curvilinear change in grey 
matter was found, such that it increased from 
childhood to adolescence, and then decreased 
in adolescence and into adulthood (Giedd et 
al. 1999). The decline in gray matter is thought 
to be driven by synaptic pruning, a process 
through which unused synapses are eliminated 
to increase the efficiency of neuronal transmis-
sions (Huttenlocher 1990). Therefore, lower 
gray matter volume may indicate greater prun-
ing and more mature neural development.

A key neural region related to learning and 
memory is the hippocampus, a brain region in 
the medial temporal lobe (Cohen and Eichen-
baum 1993; Maguire, Frackowiak, and Frith 
1997; Maguire et al. 2000). Empirical studies 
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have examined the association between hippo-
campal volume and adolescents’ adjustment, 
which seem to yield inconsistent findings at first 
glance. Although some studies suggest that 
larger hippocampal volume is linked to better 
memory and learning (Erickson et al. 2011), oth-
ers find the opposite pattern (Foster et al. 1999). 
A key factor overlooked in previous studies is 
the developmental stage. Indeed, a meta-
analysis across development found age-related 
changes in such association (Van Petten 2004). 
Although hippocampal volume and memory 
have a weak positive relationship among adults 
(see Golomb et al. 1994; Raz et al. 1998), a nega-
tive relationship between hippocampal volume 
and memory was significant for studies with 
children and adolescents (see Riggins et al. 2012; 
Sowell et al. 2001). Similarly, this significant neg-
ative association between hippocampal volume 
and memory performance has been found in 
healthy young adults (Chantôme et al. 1999; Fos-
ter et al. 1999; Pruessner et al. 2007). Such asso-
ciation is thought to be explained by the degree 
of neural pruning that occurs during childhood 
and adolescence, with smaller gray matter vol-
ume indicating more pruning (that is, neural 
specialization). Thus, smaller hippocampus vol-
ume may indicate greater brain maturation and 
is related to educational advantages.

The nucleus accumbens plays a central role 
in reward seeking, risk taking, substance use, 
and addictive behaviors (Casey, Getz, and 
Galván 2008; Galván 2010; Knutson et al. 2001). 
Previous functional MRI studies have examined 
the association between nucleus accumbens 
activation and adolescents’ adjustment, sug-
gesting that greater activity in the nucleus ac-
cumbens is related to greater risk taking (for 
example, Galván et al. 2007; Qu et al. 2015). Only 
a few studies have used structural MRI to in-
vestigate the link between nucleus accumbens 
volume and risk taking. Accumulating evidence 
reveals a preliminary positive relationship be-
tween the two. For example, young adults who 
use cannabis showed larger nucleus accum-
bens volume than non–drug users (Gilman et 
al. 2014). Moreover, nucleus accumbens volume 
is positively associated with frequency of drink-
ing among adolescents (Thayer et al. 2012). In-
terestingly, the developmental decline in re-
ward sensitivity from late adolescence to young 

adulthood is accompanied by a decrease in nu-
cleus accumbens volumes (Urošević et al. 2012). 
Thus, smaller nucleus accumbens volume may 
be associated with less reward-seeking behav-
iors such as substance use. 

Social Environment and 
Adolescents’ Well- Being
In a separate body of work, researchers have 
taken a psychosocial approach to identify fac-
tors in social environment that play a role in 
Mexican American adolescents’ well-being. 
Based on findings from this line of research, 
parents and peers serve as two key socialization 
agents. Drawing on this literature, this study 
focuses on two important factors that may in-
fluence adolescents’ academic achievement and 
substance use—parents’ cultural socialization 
and adolescents’ association with deviant peers.

In ethnic minority families, one socialization 
goal for parents is to help their children develop 
a strong connection to their ethnic heritage and 
understanding of cultural values (Hughes et al. 
2006; Parke and Buriel 2006). Therefore, parents 
engage in related practices. Specifically, parents 
talk to their children about their country of or-
igin, celebrate cultural holidays and historical 
events, and expose children to culturally rele-
vant books, arts, and music (Hughes and Chen 
1997; Knight et al. 1993). Because these practices 
are embedded in daily parent-child interac-
tions, parents’ cultural socialization is also a 
protective factor for minority adolescent well-
being. Indeed, empirical studies suggest that 
parental cultural socialization practices are re-
lated to adolescents’ development of ethnic 
pride and identification (Rivas-Drake, Hughes, 
and Way 2009), and ultimately lead to better 
academic and behavioral outcomes, such as 
more school engagement and less antisocial be-
havior (Hughes et al. 2009).

In addition, as children enter adolescence, 
they spend more time with their peers (Larson 
and Verma 1999). Their academic and psycho-
logical adjustment is thus also influenced by 
their peer groups. For example, exposure to de-
linquent peers may lead to increased involve-
ment in substance abuse due to the processes 
of imitation, social learning, and peer pressure 
(Deater-Deckard 2001; Dishion, Patterson, and 
Griesler 1994; Moffitt 1993). Indeed, deviant 
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peer association is one of the strongest predic-
tors of substance use in adolescence (Barrera 
et al. 2002; Fergusson, Swain-Campbell, and 
Horwood 2002; Jenkins 1996). Importantly, 
among Mexican American adolescents, strong 
family values relate to less substance use be-
cause adolescents are less likely to associate 
with deviant peers (Telzer, Gonzales, and Fu-
ligni 2014). Avoidance of deviant peers is thus 
an important protective factor in adolescents’ 
substance use.

Current Study
Building on prior literature, the current re-
search took an integrative biopsychosocial ap-
proach to systematically examine the role of 
biological (youth’s brain development) and psy-
chosocial (parents’ cultural socialization and 
deviant peer association) factors on Mexican 
American youth’s adjustment, focusing on their 
academic achievement and substance use. 
Given substantial variation among Mexican 
American adolescents, this study investigated 
how individual differences in structural brain 
development and social environment were pre-
dictive of individual differences in academic 
and psychological adjustment, rather than 
comparing Mexican American adolescents with 
their counterparts in other ethnic groups. Find-
ings not only will provide insights into how 
biological and psychosocial factors are related 
to Mexican American youth’s adjustment, but 
also have the potential to be generalized to 
other minority groups.

Our first goal was to examine the role of 
brain structure and social environment in Mex-
ican American adolescents’ academic achieve-
ment. Given that effective pruning leads to 
greater reduction in gray matter volume, we 
hypothesized that smaller volume in the hip-
pocampus, a key region related to memory and 
learning, would predict better academic 
achievement. In addition, based on research 
on minority adolescents (Hughes et al. 2006), 
we hypothesized that parents’ cultural social-
ization would contribute to youth’s better aca-
demic achievement.

Our second goal was to investigate the me-
diating role through which brain structure and 
social environment play a role in Mexican 
American adolescents’ academic achievement. 

Specifically, we focused on the adolescents’ 
positive work habits. We hypothesized that 
smaller hippocampal volume and parents’ cul-
tural socialization would facilitate better work 
habits among adolescents, which ultimately 
promotes better academic achievement.

Our third goal was to examine the role of 
brain structure and social environment in Mex-
ican American adolescents’ substance use. We 
focused on the nucleus accumbens, a region 
consistently related to reward seeking and risk 
taking. Based on prior research, we predicted 
that smaller volume in the nucleus accumbens 
would be related to less substance use (Thayer 
et al. 2012). Given that deviant peer association 
consistently predicts adolescents’ substance 
use across different studies, we further hypoth-
esized that Mexican American adolescents’ as-
sociation with more deviant peers would be re-
lated to more severe substance use (Barrera et 
al. 2002; Telzer, Gonzales, and Fuligni 2014).

Methods
Forty-one Mexican American adolescents 
(mean age at T1 = 15.24 years, range = 14.02 to 
16.25 years, SD = 0.54, 56 percent girls) partici-
pated in a two-wave longitudinal study. Most 
participants were from low-SES families with 
the majority of fathers (87 percent) and moth-
ers (78 percent) receiving a high school diploma 
or less. At T1, adolescents reported on their par-
ents’ cultural socialization practices and their 
affiliation with deviant peers. To measure their 
brain structure, adolescents underwent a struc-
tural magnetic resonance imaging (sMRI) scan 
one year later (T2). Adolescents reported on 
their substance use at T2, and we obtained ad-
olescents’ grade point average (GPA) from 
school records and teachers report of adoles-
cents’ work habits. Participants completed 
written consent and assent in accordance with 
the Institutional Review Board.

Measures
Youth reported on their parents’ cultural so-
cialization practices using the ethnic-racial so-
cialization scale at T1 (Hughes and Chen 1997). 
This scale is a self-report scale designed to mea-
sure the amount of cultural socialization the 
adolescent has received from parents in the last 
year, and has been used in studies on Mexican 
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American parents’ cultural socialization (for 
example, Hughes 2003). Using four items, ado-
lescents reported how frequently (1 = never to 
5 = six or more times) their parents engaged in 
cultural socialization in the past year (for ex-
ample, “In the past year, how many times have 
your parents encouraged you to read books 
concerning the history or traditions of your eth-
nicity?”). Their responses were averaged, 
higher scores indicating greater cultural social-
ization (α = 0.74).

For deviant peer association, at T1, youth in-
dicated the number of their friends who engage 
in risky activities using a measure previously 
used among Mexican American youth (Barrera 
et al. 2002). This measure included fifteen devi-
ant behaviors, such as got drunk or high, 
cheated on school tests, started a fight with 
someone, and stole something. For each behav-
ior, adolescents reported on how many of their 
friends engaged in this risky activity in the last 
month on a five-point scale (1 = “none”, 5 = “al-
most all”). Their responses were averaged, with 
higher scores indicating more deviant peers  
(α = 0.91).

At the end of T2, teachers reported on ado-
lescents’ work habits based on criteria for 
marks for Los Angeles Unified School District. 
Work habits in four subjects, including math, 
English, science, and social science, were col-
lected. Work habits capture a wide range of 
adolescent school behavior, such as effort, re-
sponsibility, and attendance. For each subject, 
students received an E (excellent; for example, 
“Makes explicit effort to examine work using 
both teacher-generated and self-generated cri-
teria.”), S (satisfactory; for example, “Makes ef-
fort to examine work using teacher-generated 
criteria.”), or U (unsatisfactory; for example, 
“Makes use only of teacher-generated criteria 
to examine work on an inconsistent basis.”), 
which was then converted to numbers (E = 2, S 
= 1, and U = 0). For each participant, work hab-
its across four subjects were averaged, with 
higher scores indicating better work habits.

For adolescents’ academic achievement, at 
the end of T2, adolescents’ GPA was obtained 
from school records. Grades were originally in 
letters and converted to a four-point scale (0 = 
F to 4 = A).

At T2, adolescents reported on their use of 

substances on the Center for Disease Control 
and Prevention Youth Risk Behavior Survey 
Questionnaire, a common measure that has 
been shown to be valid and reliable for Mexican 
American youth (Kerr et al. 2003). This in-depth 
form asks about youth’s lifetime use (for ex-
ample, if you have ever tried marijuana, how 
old were you when you tried it for the first 
time?) for the following substances: cigarettes, 
alcohol (including beer, wine, wine coolers, 
and liquor that does not include sips of wine 
for religious purposes), marijuana (for exam-
ple, pot, weed, grass, hash), cocaine (for ex-
ample, powder, crack, or freebase), crystal 
meth (also called ice or glass), and other illegal 
drugs (for example, LSD, PCP, ecstasy, mush-
rooms, speed, or heroin). To examine sub-
stance use, an index was created that indicates 
the type of substance the adolescent had ever 
tried lifetime, where 0 = never tried any type 
of substance, 1 = tried legal substances (alcohol 
or cigarettes) at least once, 2 = tried marijuana 
at least once, and 3 = tried hard substances 
(cocaine, crystal meth, or other illegal drugs) 
at least once. Higher scores indicate more se-
vere substance use.

Demographic information on adolescents’ 
gender and parents’ educational attainment 
were collected at T1. The primary caregiver in-
dicated the highest educational attainment for 
each parent, which was assessed using a ten-
point scale (1 = “some elementary school”, 10 = 
“graduated from medical, law, or graduate 
school”). A composite score that averages fa-
ther’s and mother’s highest educational attain-
ment was calculated to represent parents’ aver-
age educational attainment, with higher scores 
indicating higher educational attainment. Both 
adolescents’ gender and parents’ educational at-
tainment were taken into account in all analyses.

Structural MRI Data Acquisition
Imaging data were collected using a 3.0 Tesla 
Siemens Trio MRI scanner. High resolution T1-
weighted brain images were acquired using a 
3D magnetization-prepared rapid-acquisition 
gradient echo (MPRAGE) scan with 160 contig-
uous axial slices, collected in ascending fash-
ion parallel to the anterior and posterior com-
missures, echo time (TE) = 2.1 ms, repetition 
time (TR) = 2300 ms, field of view (FOV) = 256 
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mm, acquisition matrix 192 mm x 192 mm, sag-
ittal plane, and slice thickness = 1 mm.

Segmentation and Volumetric Analysis
Segmentation and volumetric analysis of the 
hippocampus and nucleus accumbens were 
performed using FMRIB’s (Oxford Center for 
Functional MRI of the Brain) Integrated Reg-
istration and Segmentation Tool (FIRST) in 
FMRIB’s Software Library (FSL) version 4.1.9 
(Patenaude et al. 2007a, 2007b). FIRST is a semi-
automated, model-based subcortical tool using 
a Bayesian framework.

First, for each participant’s MPRAGE, this 
method ran a two-stage affine registration to a 
standard space template (Montreal Neurologi-
cal Institute space) with one millimeter resolu-
tion using twelve degrees of freedom and a sub-
cortical mask to exclude voxels outside the 
subcortical regions. Second, the left and right 
hippocampus and nucleus accumbens were seg-
mented with thirty, forty, and fifty modes of 
variation, respectively. To achieve accurate seg-
mentation, the FIRST methodology models 317 
manually segmented and labeled T1 brain im-
ages from normal children, adults, and patho-
logical populations as a point distribution 
model with the geometry and variation of the 
shape of each structure submitted as priors. 
Volumetric labels are parameterized by a 3D de-
formation of a surface model based on multi-
variate Gaussian assumptions. FIRST searches 
through linear combinations of shape modes 
of variation for the most probable shape (that 
is, brain structure) given the intensity distribu-
tion in the T1-weighted image, and specific 
brain regions are extracted (for further descrip-
tion of the method, see Patenaude et al. 2007a, 
2007b). Modes of variation are optimized based 
on leave-one-out cross-validation on the train-
ing set, and they increase the robustness and 
reliability of the results (Patenaude et al. 2007b). 
The segmentations were visually checked for er-
rors. Finally, boundary correction was run, a 
process that classifies boundary voxels as be-
longing to the structure or not based on a sta-
tistical probability (z-score > 3.00; p < .001).

The volume of each participant’s brain re-
gion was measured in millimeters cubed. Vol-
umes were estimated separately for the left and 
right hemispheres. The left and right volumes 

for the hippocampus and nucleus accumbens 
were examined in the current analyses.

Results
Our analyses examined how brain structure 
and social environment relate to adolescents’ 
academic achievement and substance use.

Descriptive Statistics of Academic 
Achievement and Substance Use
We first examined youth’s academic achieve-
ment. The average GPA was moderately low 
(M = 2.20; that is, C- average), with substantial 
variability within the group (SD = 1.03, range = 
.19 to 3.75). On average, girls tended to perform 
better in school (M = 2.45) compared with boys 
(M = 1.88), t(39) = 1.78, p = .08. Parents’ educa-
tional attainment was not related to youth’s 
academic achievement, r = .06, p =.72.

Next, we investigated youth’s substance use. 
The frequency for lifetime substance use is pre-
sented in table 1. Nearly two-thirds of the sam-
ple engaged in substance use in their lifetime, 
the majority in marijuana. Males and females 
did not differ in their substance use, t(39) = .50, 
p = .62. Moreover, substance use did not vary 
across parents’ educational attainment, r = –.22, 
p = .16.

Bivariate correlations between all study vari-
ables are presented in table 2. Hippocampal 
and nucleus accumbens volumes were not cor-
related to each other. Whereas hippocampal 
volume was correlated with work habits and 
GPA but not substance use, nucleus accumbens 
volume was associated with substance use but 
not GPA or work habits. Parents’ cultural so-

Table 1. Current Stage of Substance Use in 
Mexican American Youth

Stage Male Female Total (%)

0 9 6 15  (36.6)
1 1 6   7  (17.1)
2 4 8 12  (29.3)
3 4 3   7  (17.1)

Source: Authors’ calculations.
Note: 0 = no substance use, 1 = substances that 
are legal for adults (such as tobacco and alcohol), 
2 = marijuana, and 3 = other illicit substances 
(such as cocaine, crystal meth, heroin, and speed).
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cialization and adolescents’ deviant peer asso-
ciation were not related to hippocampal and 
nucleus accumbens volumes.

The Role of Brain Structure and Social 
Environment in Academic Achievement
Our first analysis examined the role of biologi-
cal and psychosocial factors in Mexican Amer-
ican youth’s academic achievement. To this 
end, we conducted regression analyses with 
youth’s brain structure, parents’ cultural social-
ization, and deviant peer association predicting 

youth’s GPA. Specifically, we focused on volume 
in the hippocampus, a region related to mem-
ory and learning. Consistent with previous re-
search, our results indicated that smaller vol-
ume in the left hippocampus was associated 
with better academic achievement (that is, 
higher GPA), p < .01 (figure 1).

When parents’ cultural socialization and 
adolescents’ association with deviant peers 
were included in the regression model, results 
indicated that parents’ cultural socialization 
was positively associated with youth’s academic 

Table 2. Bivariate Correlations 

1 2 3 4 5 6 7 8 9

1. �Left hippocampal volume —
2. � Right hippocampal 

volume
.51** —

3. � Left nucleus accumbens 
volume

.06 .24 —

4. � Right nucleus accumbens 
volume

.04 .19 .57*** —

5. � Cultural socialization –.24 .11 –.10 –.04 —
6. � Deviant peer association .02 .17 .16 .07 .37* —
7. � Work habits –.41** –.18 –.08 –.16 .33* .02 —
8. � Academic achievement –.44** –.10 –.09 –.11 .41** .07 .96*** —
9. � Substance use .01 .26 .31* .20 .22 .50** –.16 –.10 —

Source: Authors’ calculations.
***p < .001, **p < .01, *p < .05

Figure 1. Left Hippocampal Volume and Youth’s Academic Achievement

Source: Authors’ calculations.
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achievement (table 3). Importantly, both hip-
pocampal volume and parents’ cultural social-
ization had unique effects on youth’s academic 
achievement. Affiliation with deviant peers was 
not related to academic achievement.

To understand how hippocampal volume 
and parents’ cultural socialization are related 
to youth’s academic achievement, we examined 
positive work habits. To test whether work hab-
its mediate the link between hippocampal vol-
ume and academic achievement as well as that 
between parents’ cultural socialization and ac-
ademic achievement, we conducted two me-
diation analyses using bias-corrected boot-
strapping resampling techniques (Preacher and 
Hayes 2008).

In the first set of mediation analyses, the 
independent variable was hippocampal vol-
ume, the dependent variable was youth’s aca-
demic achievement, and the mediator was their 
work habits. Based on five thousand bootstrap 

resamples, the indirect path from hippocampal 
volume to academic achievement via work hab-
its was significant: indirect effect = –.40, 95 per-
cent CI: (–.74, –.11) (figure 2). The link between 
hippocampal volume and academic achieve-
ment was no longer significant after work hab-
its were taken into account, which showed a 97 
percent reduction in the total effect.

In the second set of analyses, the indepen-
dent variable was parents’ cultural socializa-
tion, the dependent variable was youth’s aca-
demic achievement, and the mediator was their 
work habits. Based on five thousand bootstrap 
resamples, the indirect path from parents’ cul-
tural socialization to work habits to academic 
achievement was significant: indirect effect = 
.28, 95 percent CI: (.04, .54) (figure 3). The re-
duction in the total effect between cultural so-
cialization and academic achievement was 72 
percent, which remained significant after tak-
ing into account work habits.

Table 3. Regression Analysis for Academic Achievement 

Predictor B SE (B ) β t

Gender .09 .16 .09 .55
Parents’ education –.03 .08 –.05 –.34
Left hippocampal volume –.001 .00 –.43 –2.83**
Parents’ cultural socialization .50 .17 .44 2.92**
Deviant peer association –.15 .22 –.10 –.67

Source: Authors’ calculations.
Note: For youth’s gender, –1 = male and 1 = female. 
**p < .01

Figure 2. Hippocampal Volume, Work Habits, and Academic Achievement

Source: Authors’ calculations.
**p < .01; ***p < .001; ns = not significant
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The Role of Brain Structure and Social 
Environment in Substance Use
Next, we examined the role of biological and 
psychosocial factors in Mexican American 
youth’s substance use. Given prior research, we 
focused on the nucleus accumbens, a region 
involved in reward seeking and risk taking. 
Similar to analyses on academic achievement, 
we conducted regression analyses with youth’s 
nucleus accumbens volume, parents’ cultural 
socialization, and deviant peer association pre-
dicting youth’s substance use. As shown in ta-
ble 4, consistent with our hypotheses, smaller 
volume in the nucleus accumbens was associ-
ated with less substance use among Mexican 
American youth.

When parents’ cultural socialization and de-
viant peer association were included in the re-
gression model, results indicated that more 
deviant peers was positively associated with 
youth’s substance use (table 4). Importantly, 
both nucleus accumbens volume and deviant 

peers had unique effects on Mexican American 
youth’s substance use. Parents’ cultural social-
ization was not related to substance use.

Discussion
With an increasing population, Mexican Amer-
ican adolescents’ disadvantage in school and 
heightened substance use have drawn atten-
tion from researchers, educators, and policy-
makers. In this study, focusing on variation 
within a Mexican American sample, we took a 
biopsychosocial approach to examine how 
brain development and social environment are 
uniquely associated with adolescents’ aca-
demic achievement and substance use. Adoles-
cents who showed smaller hippocampal vol-
ume and whose parents provided greater 
cultural socialization showed better academic 
achievement. Moreover, smaller nucleus ac-
cumbens volume and less affiliation with devi-
ant peers are related to less substance use. 
Taken together, our findings provide empirical 

Table 4. Regression Analysis for Substance Use 

Predictor B SE (B) β t

Gender .01 .16 .01 .03
Parents’ education –.09 .09 –.14 –.95
Left nucleus accumbens volume .003 .002 .33 2.23*
Parents’ cultural socialization –.02 .19 –.02 –.13
Deviant peer association .68 .25 .44 2.76**

Source: Authors’ calculations.
Note: For youth’s gender, –1 = male and 1 = female. 
*p <  .05; **p < .01

Figure 3. Parents’ Cultural Socialization, Work Habits, and Academic Achievement

Source: Authors’ calculations.
*p < .05; **p < .01; ***p < .001

Work habits
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evidence to demonstrate that both Mexican 
American youth’s brain development and their 
social environment are uniquely associated 
with their academic achievement and sub-
stance use.

The Role of Brain Structure and Social 
Environment in Academic Achievement
Smaller hippocampal volume was associated 
with better academic achievement. Despite ev-
idence suggesting a negative correlation be-
tween hippocampal volume and memory dur-
ing adolescence (Van Petten 2004), prior 
neuroimaging research has not examined the 
link between hippocampal volume and adoles-
cents’ actual performance in school, making it 
unclear whether hippocampal volume plays a 
role in academic achievement. We found a sig-
nificant negative association between hippo-
campal volume and adolescents’ GPA. Our find-
ings thus underscore the important role of the 
hippocampus in adolescents’ actual school per-
formance. Consistent with synaptic pruning 
during adolescence, smaller hippocampal vol-
ume may indicate more effective pruning and 
greater brain maturation, which is linked to 
adolescents’ better academic adjustment.

Previous studies have suggested the impor-
tant role of parents’ cultural socialization in 
promoting minority adolescents’ performance 
in school. For example, greater cultural social-
ization is related to greater school engagement 
among minority adolescents (for example, 
Hughes et al. 2009). In line with these studies, 
adolescents who reported their parents provid-
ing more cultural socialization at T1 showed 
higher GPA at T2. Although it is possible that 
these parents provide more general support 
and guidance to their adolescents, research 
suggests that parents’ cultural socialization, a 
unique parenting practice in ethnic minority 
families, may play a distinctive role in minority 
adolescents’ adjustment over and above other 
family factors (for example, parental warmth) 
(Hughes et al. 2006). Parents’ cultural socializa-
tion predicted adolescents’ academic achieve-
ment above and beyond the effect of hippocam-
pal volume. This finding contributes to the rich 
literature revealing that parents’ transmission 
of cultural values in daily life benefits adoles-
cents’ academic adjustment, highlighting the 

unique role of parents’ cultural socialization in 
shaping adolescents’ learning. Such cultural 
transmission may be particularly important 
during adolescence, a time when adolescents 
actively seek to pursue their ethnic identity (for 
example, French et al. 2006). Interventions de-
signed at promoting Mexican American ado-
lescents’ school performance can focus on en-
couraging parents to convey cultural values and 
heritages to their children. 

The link between hippocampal volume and 
academic achievement and the link between 
parents’ cultural socialization and academic 
achievement was mediated by adolescents’ 
work habits. Specifically, adolescents who 
showed smaller hippocampal volume and who 
reported greater cultural socialization exhibited 
better work habits, as reported by their teach-
ers. Moreover, better work habits were associ-
ated with higher GPA. In contrast, adolescents 
who showed larger hippocampal volume or who 
reported less cultural socialization exhibited 
worse work habits, which was associated with 
lower GPA. These findings suggest that smaller 
hippocampal volume and heightened parents’ 
cultural socialization may facilitate adoles-
cents’ self-regulation in school. It is also pos-
sible that adolescents’ self-regulation in school, 
such as their work habits, play a role in decreas-
ing hippocampal volume. Moreover, these find-
ings are in line with prior studies showing that 
greater self-regulation is related to better aca-
demic achievement (for a review, see Zimmer-
man 1990). In this study, adolescents’ academic 
achievement and teacher-report work habits 
were highly correlated, highlighting that teach-
ers largely incorporate judgments of work hab-
its when assigning grades. Although our me-
diation analyses suggest that the link between 
hippocampal volume and academic achieve-
ment and the link between parents’ cultural 
socialization and academic achievement might 
be due to better work habits, future studies also 
need more precise measurement of these hab-
its and examine other mechanisms underlying 
these associations.

The Role of Brain Structure and Social 
Environment in Substance Use
We also examined the role of brain develop-
ment and social environment in Mexican Amer-
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ican adolescents’ substance use. Neuroimaging 
studies have paid considerable attention to 
how nucleus accumbens activation is related 
to adolescents’ psychological adjustment. For 
example, previous fMRI research suggests that 
greater nucleus accumbens activation in the 
context of risk taking is related to adolescents’ 
greater risk taking and substance use in real 
life (Galván et al. 2007). Structural MRI research 
has found that smaller nucleus accumbens vol-
ume, which may indicate less reward sensitiv-
ity, is associated with less cannabis (Gilman et 
al. 2014) and alcohol use (Thayer et al. 2012). 
Moreover, longitudinal declines in nucleus ac-
cumbens volume are related to declines in self-
reported reward sensitivity from adolescence 
to young adulthood (Urošević et al. 2012). Con-
sistent with these studies, we find that smaller 
nucleus accumbens volume predicts less sub-
stance use. Our finding, together with those 
from prior studies, suggest that smaller nu-
cleus accumbens volume is related to adoles-
cents’ reward sensitivity and substance use. 

Adolescents’ social environment also played 
an important role in their substance use. Prior 
studies suggest that adolescents’ risk taking 
may be largely influenced by their peer groups 
(Barrera et al. 2002; Fergusson, Swain-Campbell, 
and Horwood. 2002; Jenkins 1996). For exam-
ple, minority adolescents whose peers use il-
legal drugs are more likely to do the same 
(Brook et al. 1998). Consistent with this line of 
research, we find that adolescents who have 
more deviant peers use more illicit drugs. This 
finding suggests that the characteristics of peer 
groups uniquely influence adolescents’ risk-
taking behavior and highlights the detrimental 
role of deviant peer association in adolescents’ 
adjustment. Given emerging evidence that 
peers modulate neural activation in the reward-
related regions (for example, Chein et al. 2011; 
Telzer et al. 2015), it is possible that adoles-
cents’ association with deviant peers may play 
a role in brain structure.

Limitations and Future Studies
This study has several limitations, pointing to 
directions for future studies. First, given the 
small sample size, future studies are needed to 
examine this neurodevelopmental process in a 
larger sample of adolescents. Although forty-

one participants is an acceptable sample size 
in neurobiological research, the number is con-
sidered relatively small in psychosocial re-
search, which needs larger sample sizes to de-
tect the association between psychosocial 
factors and adolescents’ outcomes. However, 
our findings on the role of psychosocial factors 
in adolescents’ adjustment are consistent with 
well-documented results based on survey stud-
ies with large samples (Barrera et al. 2002; Fer-
gusson, Swain-Campbell, and Horwood 2002; 
Hughes et al. 2009; Jenkins 1996). Second, this 
study focuses on within-group variations 
among Mexican American adolescents, not 
across ethnic groups. These findings, then, may 
not necessarily be generalized to other ethnic 
groups. Moreover, although we took a biopsy-
chosocial approach and examined adolescents’ 
brain structure, parents’ cultural socialization, 
and deviant peer association, we did not in-
clude other biological or psychosocial factors 
that may also influence Mexican American ad-
olescents’ academic achievement and sub-
stance use. For example, in earlier reports of 
the same sample, we examined the association 
between nucleus accumbens activation and 
adolescents’ risk taking both concurrently and 
longitudinally (Telzer et al. 2013a, 2013b; Qu et 
al. 2015). Together, this study and our prior 
work suggest that structural brain develop-
ment, functional brain development, and peer 
and family contexts play a key role in Mexican 
American adolescents’ adjustment. Other psy-
chosocial factors, such as parents’ academic 
expectation, parental substance use, and ado-
lescents’ ethnic identity, may also play a role 
in adolescents’ academic achievement and sub-
stance use. Therefore, future studies are 
needed to capture more aspects of psychosocial 
factors to better understand the causes of ado-
lescents’ problem behavior.

Conclusions
Taken together, the current study builds on a 
significant body of literature highlighting the 
importance of biological and psychosocial fac-
tors in adolescents’ well-being. Our findings 
provide a new contribution to the growing lit-
erature and suggest that Mexican American 
youth’s brain development and their social en-
vironment are uniquely associated with their 
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academic achievement and substance use. It is 
important to highlight that our findings are 
based on a multi-informant, multimethod, and 
multidimensional design. We used adoles-
cents’ self-reports (that is, cultural socialization 
and deviant peer association), along with neu-
roimaging assessment of their brain structure, 
to predict teacher reports of work habits and 
actual performance in school. Multiple dimen-
sions of adolescents’ adjustment, including 
academic achievement and substance use, were 
also assessed. This comprehensive design pro-
vides a new biopsychosocial perspective on un-
derstanding Mexican American youth’s well-
being, with the potential to be generalized to 
and have implications for other minority 
groups.
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illness and death once gender-differentiated 
social and behavioral factors are taken into ac-
count (Case and Paxson 2005). Nonetheless, al-
though these patterns provide a logic, the un-
derlying mechanisms remain elusive.

Sex and gender differences in health and 
longevity are understood to be a function of 
social and biological factors, and their interplay 
over the life course (Bird and Rieker 2002; In-
stitute of Medicine 2001; Yang and Kozloski 
2011; Short, Yang, and Jenkins 2013). Notably, 
scholarship on sex and gender-differentiated 
aging tends to focus on middle and late adult-
hood, when ill health and death are more fre-

Gender Differences in 
Biological Function in  
Young Adulthood: An 
Intragenerational Perspective
M argot I.  Jackson a nd Susa n E.  Short

Sex-­gender differences in health are a function of social and biological factors and their interplay over the 
life course. A large body of research documents sex-­gender as a determinant of health behavior and out-
comes. Far less scholarship examines how these differences are reflected in physiologic function in young 
adulthood. Using nationally representative, longitudinal data from the National Longitudinal Study of Ado-
lescent to Adult Health, we examine the relationship between gender and biological function in young adult-
hood. We also examine the contribution of social and economic circumstances in childhood and early adult-
hood to gender differences in health. The findings reveal strong gender differences in inflammation and 
immune function, which are robust to the inclusion of many indicators of the social environment.

Keywords: gender, biomarkers, life course

Sex and gender differences in health and lon-
gevity are well established (Read and Gorman 
2010; Rieker, Bird, and Lang 2010). Female ad-
vantages in survival and life expectancy exist 
across time and place (Austad 2006). The fac-
tors that contribute to these patterns are mul-
tifaceted, but sex and gender differences in pat-
terns of acute and chronic illnesses are 
pervasive (Crimmins et al. 2010). In the United 
States, for example, women report higher rates 
of chronic illness, and men report higher rates 
of acute illness. Further, men are more likely 
to die from cardiovascular disease and cancer 
at younger ages and to be more vulnerable to 
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quent, rather than on the early adulthood pe-
riod, a time that is formative in shaping 
long-term health trajectories (Harris 2010). 
Moreover, although a large body of research 
documents the importance of sex and gender 
as a determinant of health behavior and health 
outcomes, far less scholarship examines how 
these differences are reflected in physiologic 
function, especially in young adulthood. Yet, 
physiologic function is an important mediator 
through which social experiences, such as 
health behaviors, may “get under the skin” with 
consequence for later life health.

A life course perspective leads us to expect 
that physiologic function in young adulthood 
is shaped by circumstances during childhood 
(Hayward and Gorman 2004; Heckman 2006; 
Jackson 2010; McDade et al. 2014). The adoption 
of behaviors begins early in life, when morbid-
ity risk is low but youth decide whether to ini-
tiate behaviors that “track” into adulthood, 
such as smoking, exercise, and health-seeking 
behavior (for example, Chen and Kandel 1995). 
Research on socioeconomic status and health 
has long adopted a life course perspective, but 
research on gender and health has less system-
atically incorporated early life experiences, 
even though many health behaviors and social 
circumstances are shaped by gender. One result 
is that we know little about whether we should 
attribute differences in health between men 
and women to experiences during adulthood, 
to the cumulative and persistent effect of ear-
lier behaviors and circumstances, or to other 
factors.

Using nationally representative, longitudi-
nal data from the National Longitudinal Study 
of Adolescent to Adult Health (Add Health), we 
have two goals. First, we examine the relation-
ship between gender and biological function 
in young adulthood, considering biomarkers 
of inflammation and immunosuppression, two 
markers associated with later life morbidities. 
Second, we examine the contribution of social 
and economic circumstances in childhood and 
early adulthood to the size of any gender differ-
ences in health, as indicated by levels of 
Epstein-Barr virus (EBV) and C-reactive protein 
(CRP). Examining health within a cohort of 
young men and women in early adulthood will 
reveal the emergence of gender differences in 

both biological and clinical markers of health, 
as well as differences both within and across 
women and men according to profiles of child-
hood and adulthood environments. Under-
standing the intragenerational process by 
which gender-specific variation in health is pro-
duced will inform our broader understanding 
of the emergence of gender differences in 
health over the life course. 

Background
Sex and gender differences in health vary across 
contexts and change over time. On average, for 
example, U.S. women live 4.8 years longer than 
men, down from a peak gap of 7.8 years in the 
late 1970s (Arias 2014). Explanations for the gen-
der gap as well as changes the gap over time 
have focused on health behaviors among 
adults, revealed variation in the size of gender 
differences across educational groups, and doc-
umented differences in the social and eco-
nomic pressures both men and women face, 
underscoring the role of social experiences in 
shaping sex and gender patterns of health 
(Arias 2014; Berkman 2012; Meara, Richards, 
and Cutler 2008; Montez and Zajacova 2013; 
Pampel 2001). 

At the same time, sex-specific variation in 
biology has promoted biologically anchored 
explanations for differences in health and sur-
vival (Bird and Rieker 2002; Short, Yang, and 
Jenkins 2013). These include differences tied to 
immune competence, which is related to repro-
ductive biology and possibly shaped by hor-
mones; differences in insulin-like growth factor 
1, signaling, and oxidative stress production; 
and differences in genomes that stem from the 
presence of X and Y chromosomes, and pro-
cesses such a cell mosaicism (Fish 2008). 

Previous research indicates that disease ex-
posure and susceptibility, immune response, 
and markers of inflammation vary with sex and 
gender (Lleo et al. 2008; Markle and Fish 2014; 
Ordaz and Luna 2012). The prevalence, onset, 
and severity of autoimmune diseases and al-
lergic diseases are one example. Generally, 
women are two to three times as likely to de-
velop an autoimmune disease as men, but dis-
ease severity can be worse in men (Shames 
2002). Research points to a role for “sex” ste-
roids and hypothalamic-pituitary hormones in 
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immune system development and immune re-
sponse, but the associated mechanisms and 
models are not well specified (Fish 2008; 
Shames 2002). Evidence that puberty, preg-
nancy, and hormonal contraceptive use are as-
sociated with variation in immune system re-
sponse is well documented (Shames 2002). For 
example, asthma severity is affected by men-
struation, pregnancy, and menopause (Shames 
2002). Likewise, inflammation varies by sex and 
gender, with patterns indicating differences  
in prevalence, severity, and onset that are  
not well understood (Fish 2008). Overall, data 
from the National Health and Nutrition Survey 
(NHANES) indicates that inflammation is 
higher among women than men, the difference 
diminishing with age, and especially so in late 
adulthood (Yang and Kozloski 2011). Notably, 
numerous exposures shape levels, and some-
times in gender-differentiated ways. Existing 
research, based on clinic and population sam-
ples, claims adiposity, smoking, and sleep is 
related to inflammation levels differently in 
women and men (Cartier et al. 2009; Le-Ha et 
al. 2014; Miller et al. 2009).

A Life Course Perspective
Despite a robust body of research documenting 
the association between gender and health 
among adults, limited scholarship to date ex-
amines gender differences in physiologic func-
tion at a relatively young age. Evidence is clear 
that young women are more likely than young 
men to demonstrate high levels of CRP (Ishii 
et al. 2012; Shanahan, Freeman, and Bauldry 
2014), and that gender-specific HPA-axis reac-
tivity is observed in adolescence (Oldehinkel 
and Bouma 2011). We know less, however, about 
the extent of gender differences in young 
adults’ biologic function across the full distri-
bution of risk, or about the intragenerational 
process by which these patterns are produced. 
The behaviors and health outcomes we observe 
among adult men and women are generated 
from behaviors and exposures occurring earlier 
in life, given ample evidence that health behav-
iors, as well as biomarkers of health, track from 
adolescence into adulthood (for example, Chen 
and Kandel 1995; McDade, Williams, and Snod-
grass 2007). 

Studying biomarkers of health is particu-

larly useful among young adults because these 
measures offer insight into future disease risk 
among a population in which clinically defined 
disease is low, but predictive power for future 
disease prevalence is high. Life course theory 
emphasizes the possibility that circumstances 
across ages may have differing and combined 
effects on childhood and adulthood outcomes, 
pointing to the importance of the timing, dura-
tion and stability of a circumstance (Ben-
Schlomo and Kuh 2002; Ferraro and Shippee 
2009; Schoon et al. 2002). This perspective en-
ables consideration of whether we should at-
tribute differences between men and women 
to experiences during adulthood, to the cumu-
lative and persistent effect of earlier behaviors 
and circumstances, or to something else. 

Circumstances During Adulthood
Ample evidence documents a strong relation-
ship between individuals’ social and economic 
environments and health, whether health is 
self-reported or defined by particular acute, 
chronic or disabling conditions. A growing lit-
erature also documents the ways in which 
health affects social and economic processes 
over the life course (Kitagawa and Hauser 1973; 
Jackson 2015; Lynch 2003; Marmot 2001; Moore 
and Hayward 1990; Morenoff 2003; Palloni 
2006). The gender gap in life expectancy is par-
ticularly pronounced among women with less 
education; relatedly, some dimensions of so-
cioeconomic status (SES), such as education 
and employment, are increasing across histor-
ical time in their predictive power for health, 
suggesting that circumstances during adult-
hood remain strongly linked to health (Kunst 
et al. 2005; Lynch 2003; Meara, Richards and 
Cutler 2008; Montez and Zajacova 2013; Smith 
et al. 2000). Studies that bridge two litera-
tures—those on the socioeconomic determi-
nants of health and on links among biological 
markers and morbidity-mortality—have also 
yielded important findings about the role of 
the social environment in predicting physio-
logic functioning among adults (see, for exam-
ple, McDade et al. 2014). Poverty is associated 
with elevated levels of C-reactive protein, an 
inflammatory marker related to cardiovascular 
disease (Alley et al. 2006; Kanjilal et al. 2006), 
as well as elevated blood pressure and choles-
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terol (Karlamangla et al. 2005). In addition, data 
from national health surveys, such as NHANES, 
or disease-specific surveys, such as CARDIA 
(Coronary Artery Risk Development in Young 
Adults), show how biological measures of 
health are unequally distributed by race-
ethnicity and socioeconomic indices. 

Circumstances During  
Childhood and Adolescence
Considering adulthood circumstances exclu-
sively, however, only partly accounts for the en-
vironments that may result in gender differ-
ences in health. Circumstances during 
childhood have far-reaching effects and are key 
to understanding outcomes during adulthood 
(Hayward and Gorman 2004; Heckman 2006; 
Jackson 2010). Evidence is compelling that the 
socioeconomic “gradient” in health has origins 
in childhood—education is strongly related to 
health even before birth, and that relationship 
grows with age (Case, Lubotsky, and Paxson 
2002; Finch 2003). Similarly, behavior and mor-
tality during adulthood are strongly predicted 
by childhood socioeconomic status (Duncan, 
Ziol-Guest, and Kalil 2010; Hayward and Gor-
man 2004). Evidence is accumulating that 
childhood socioeconomic status leads to differ-
ences in physiologic functioning, such as EBV 
and CRP, before adulthood (Dowd et al. 2014; 
McDade, Stallings, and Worthman 2000). 
Whether youth decide to adopt particular be-
haviors also depends in part on their family 
socioeconomic circumstances (Duncan, Ziol-
Guest, and Kalil 2010). Youth in low-resource 
families are more likely to be exposed to un-
healthy behaviors and living circumstances, 
less likely to pursue higher education, and 
more likely to experience financial instability 
and unemployment (Duncan, Ziol-Guest, and 
Kalil 2010; Wagmiller et al. 2006). 

Socioeconomic Pathways Linking  
Gender to Biological Function
Given evidence that socioeconomic circum-
stances during childhood, adolescence and 
adulthood are strongly related to health and 
biological function, biological risk should be 
greater among both men and women who ex-
perience low-resource environments during 
childhood and the transition to adulthood. To 

the extent that socioeconomic circumstances, 
or the meaning of such differences, at different 
points in the early life course are gender differ-
entiated, gender differences in biological func-
tion may be explained in part by differential 
exposures and experiences. If women are espe-
cially likely to experience persistently low or 
declining SES environments through early 
adulthood, greater or cumulative exposure to 
stressful and unhealthy circumstances might 
contribute to gender differences in biological 
function.

Evidence of gender differences in exposures 
and socioeconomic circumstances that are 
plausibly linked to health is stronger among 
adults than among children and adolescents. 
For example, in the United States, adult women 
on average earn lower wages than men and have 
lower incomes (Jacobson 2016). Occupational 
segregation leads women and men to experi-
ence different workplace environments (Read 
and Gorman 2010). Social integration and be-
haviors such as smoking and exercising vary by 
gender (Pampel 2001; Umberson, Crosnoe, and 
Reczek 2010; Yang et al. 2013). Men and women 
experience differences in family responsibili-
ties and different forms of gender-specific ha-
rassment, both of which also shape health (Bi-
anchi, Robinson, and Milke 2006; Rieker, Bird, 
and Lang 2010). Many of these patterns impli-
cate social structures that shape health through 
constraining choices in gender-differentiated 
ways (Rieker, Bird, and Lang 2010).

Although evidence to date is scant, youth 
circumstances can also differ by gender, and 
such differences may well vary with family re-
sources (Williams 2002). A growing literature, 
for example, demonstrates a more favorable 
environment for girls with respect to the devel-
opment and sanctioning of social and behav-
ioral skills. Girls are less likely than boys to 
exhibit aggressive behavior, as indicated by ex-
ternalizing behaviors, and some evidence sug-
gests that they are less likely than boys to be 
penalized in school for the same problematic 
behaviors (DiPrete and Jennings 2012; Entwisle 
et al. 2007; Farkas 1990). At the same time, in-
creasing social pressure to conform to gender 
expectations may reduce girls’ perceived or real 
opportunities as they enter adolescence, and 
may contribute to higher levels of depression 
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among girls (Nolen-Hoeksema 2001; Pomeranz 
et al. 2002). In sum, experiences vary in gen-
dered ways over the life course and may reason-
ably be related to health and aging (Short, Yang, 
and Jenkins 2013). Our goal in this article is to 
investigate whether gender differences in phys-
iological function are evident among young 
adults, and to describe the social and demo-
graphic correlates over the life course associ-
ated with these patterns.

Data
Our analyses are based on data from waves one 
through four of the National Longitudinal 
Study of Adolescent to Adult Health, a longi-
tudinal study of adolescents’ health and its de-
terminants. The first wave of this nationally 
representative, school-based sample of about 
twenty thousand adolescents was conducted 
in 1994 and 1995, when students were in grades 
seven through twelve, ranging in age from 
eleven to twenty-one; mean age at the first 
wave is sixteen. Information was gathered from 
schools, adolescents, and parents. Data collec-
tion has resulted in three subsequent waves to 
date: one to two years after baseline (1996), 
seven years after baseline (2001), and fourteen 
years after baseline (2008). In line with the sur-
vey’s goal of understanding the transition into 
adulthood, information is collected from re-
spondents about their health, relationships, 
educational experiences, and labor market par-
ticipation. At wave one, information about 
family background was also collected from par-
ents. Add Health data are useful for this re-
search in that they offer detailed information 
on socioeconomic background, behaviors, 
health, and social and economic transitions 
during the period of the life course when be-
haviors are initiated and key transitions are 
made. 

Me asures
Biomarkers are key to this analysis—measures 
of inflammatory and immune functioning, 
available at wave four. We examine high-
sensitivity C-reactive protein (hsCRP) and EBV 
antibodies. CRP is a commonly used indicator 
of inflammation that is highly correlated with 
cardiovascular disease, type 2 diabetes, and 
mortality (Fahdi et al. 2003; Ridker et al. 1998). 

EBV is a commonly used measure of immune 
function. Although EBV is extremely common, 
with approximately 90 percent of the human 
population estimated to be infected (Dowd, Pal-
ermo, Brite, et al. 2013), the virus is usually la-
tent unless reactivated. Higher levels of EBV 
antibodies indicate greater difficulty in the im-
mune system’s ability to regulate the virus, and 
have been linked to diseases such as cancer, 
lupus, and multiple sclerosis (Esen et al. 2012; 
Hsu and Glaser 2000; James and Robertson 
2012; Levin et al. 2010; Thompson and Kurzrock 
2004). EBV antibody levels indicate reduced 
cell-mediated immune function and are associ-
ated with social stressors (McDade, Stallings, 
and Worthman 2000).

In the Add Health, both CRP and EBV were 
measured via dried blood spot samples, and 
results are reported as milligrams per liter for 
CRP, and as arbitrary units per milliliter for 
EBV. Both measures have been used in previ-
ous research with Add Health data (for exam-
ple, Everett et al. 2014; McDade et al. 2014). We 
represent CRP and EBV using logged measures 
in final analyses. We considered representing 
CRP and EBV using sex-standardized mea-
sures, but did not find sufficient rationale in 
the existing literature for adopting this ap-
proach. In particular, CRP and EBV are not uni-
formly patterned by sex across populations. 
Further, a given level of CRP or EBV does not 
translate consistently into a clear level of risk 
across populations. Explanations for sex and 
gender differences in both patterns and risks 
note the complicated interaction of social, be-
havioral, and biological factors in producing 
patterns. Taken together, our overall approach 
is guided by a desire to impose as few assump-
tions as possible on the measurement of CRP 
and EBV. Thus, in our analyses, rather than 
computing risk thresholds that may impose 
arbitrary cutoffs between individuals, or con-
structing sex-specific measures, we examine 
variation across the full distribution of each 
measure, without sex-specific standardization, 
using quantile regression techniques. 

We measure several sociodemographic vari-
ables, some of which are of primary interest 
and all of which are potentially correlated with 
both gender and biologic function. Gender is a 
dichotomous variable based on respondents’ 
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identification as either male or female (refer-
ence category). Race-ethnicity distinguishes 
among those who identify as non-Hispanic and 
white (reference category), non-Hispanic and 
black, Hispanic, Asian, and other (including 
Native Americans). Respondents who identify 
within multiple racial-ethnic categories are rep-
resented by the one that they report to best re-
flect their identity. Nativity status distinguishes 
among first-generation (immigrant, reference), 
second-generation (one or both immigrant par-
ents), and third-generation (both parents U.S.-
born) youth. 

Parental education is measured categorically 
at wave 1 through responding parents’ reports: 
less than high school (reference), high school 
completion, some college, and college diploma 
or higher. In the vast majority of cases (94 per-
cent) the responding parent is the mother. We 
take the natural log of family income at wave 1; 
income coefficients can therefore be inter-
preted as a percentage change. Parental marital 
status is also measured at wave 1 and separates 
those whose parents are currently married 
from all other union statuses (reference). We 
use these three measures as our focal indica-
tors of socioeconomic circumstances in child-
hood and adolescence. 

We also control for measures of parental obe-
sity and respondent birthweight. Parental obe-
sity captures both genetic and environmental 
sources of weight and height. We combine 
mothers’ and fathers’ reports at wave one into 
a measure indicating whether either parent has 
ever been told by a doctor that he or she is 
obese. Birthweight is a continuous measure in-
dicating respondents’ weight (in pounds) at 
birth. Finally, we include a continuous measure 
of age. 

At waves three and four, we measure several 
important indicators of respondents’ social 
and economic environments. To capture socio-
economic status in early adulthood, we mea-
sure respondents’ educational attainment by 
wave four, differentiating some college and 
college-plus relative to those with a high school 
education or less. We measure household in-
come at wave four with a continuous measure 
that uses the midpoint of each income band. 
A binary measure indicates whether respon-
dents have ever been married at wave four. We 

measure current employment status, as well as 
a measure indicating how often respondents 
have had to reduce work hours in the past year 
because of family responsibilities. Finally, we 
measure the number of live births resulting from 
pregnancies up to and including wave four.

We also control for several health behaviors, 
including an indicator of daily smoking (yes-
no) and physical activity (yes-no) at wave four. 
We control for obesity (yes-no) at wave four—
results are not sensitive to using a three-
category measure of normal weight, overweight 
or obesity, or to measuring BMI-overweight at 
wave three. Finally, we control for pregnancy 
status at wave 4, and test the sensitivity of the 
results to excluding women who are currently 
pregnant; we include all women because the 
results do not change. 

In all analyses, we examine the sensitivity 
of our results to the inclusion of measures of 
morbidity to understand the extent to which 
our biomarkers are affected by preexisting and 
contemporaneous health. These include sev-
eral wave three and four measures of health: 
self-rated health (on a five-point scale ranging 
from excellent to poor) at wave three, and self-
reports of a physician diagnosis of high blood 
pressure (waves three and four), high choles-
terol (wave three), and asthma (wave three). 
We control for recent acute illness and infec-
tion, for whether respondents have an inflam-
matory disease, and for respondents’ anti-
inflammatory and immune-suppression 
medication use at wave four. Finally, we control 
for women’s use of hormonal contraception at 
wave four.

Analysis
We use quantile regression to consider varia-
tion in the effects of gender across the observed 
distributions of CRP/EBV. Typical regression 
approaches identify group differences in the 
mean of the dependent variable. Although this 
approach is often a sensible one, it assumes 
that the determinants of the center of a distri-
bution are the same as those at the extremes. 
This assumption may lead researchers to ob-
scure important variation among respondents, 
or to unnecessarily exclude cases in an effort 
to avoid undue influence from extreme obser-
vations. In the case of CRP levels, for example, 
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respondents with very high levels of CRP (typ-
ically considered to be above 10 mg/L) are often 
excluded from analyses because of the possibil-
ity that these levels reflect acute (rather than 
chronic or systemic) inflammation (O’Connor 
et al. 2009). At the same time, however, some 
evidence indicates both that high CRP levels 
not only are a proxy for recent illness, but also 
more strongly predict future cardiovascular 
and mortality risk than low levels, and that 
women are more likely to have very high CRP 
levels (for example, Shanahan, Freeman, and 
Bauldry 2014). These findings suggest that un-
derstanding variation in biological function 
across the distribution is equally important to 
understanding average variation. Quantile re-
gression estimates conditional differences in 
the median and other quantiles (10th, 25th, 
50th, 75th, and 90th percentile) using least-
absolute-value estimation. Differences between 
men and women are estimated at each percen-
tile, given their other characteristics. For mod-
els with covariates other than gender, the gen-
der coefficient can be interpreted as differences 
in CRP and EBV levels between men and 
women, for those with otherwise identical char-
acteristics on observed covariates. We consider 
differences among women across the distribu-
tion, and between men and women at and 
across percentiles. 

We begin with a baseline model that only 
includes gender, and successively incorporate 
childhood or adolescent and then early adult-
hood characteristics. In addition to identifying 
gender differences in inflammation and im-
mune function, this strategy allows us to ex-
amine the contribution of social and economic 
environments at different points of the early 
life course to gender differences observed in 
adulthood. We compare quantile regression es-
timates to those from ordinary least squares 
(OLS) regression models that incorporate the 
same childhood or adolescent and early adult-
hood factors. 

Results
We begin by describing gender differences in 
biological function in bivariate and multivari-
ate perspective. Next, we examine variation 
across the distribution and describe several 
sensitivity analyses.

Establishing Differences in  
Biological Function
Table 1 presents weighted characteristics of the 
analytic sample by gender. Male and female re-
spondents have highly equivalent sociodemo-
graphic characteristics during childhood or 
adolescence. About two-thirds of each group 
identify as non-Hispanic white, and about 15 
percent of respondents are from immigrant 
families, either immigrants themselves or the 
child of an immigrant parent (16 percent of 
men, 15 percent of women). Almost 25 percent 
of respondents lived in families with a college-
educated parent (23 percent of males, 22 per-
cent of females). By early adulthood, women 
are more likely to have received a college degree 
(34 percent of women versus 28 percent of 
men). Women are also more likely to have ever 
been married by wave 4 (55 percent of women 
versus 45 percent of men). 

Male and female respondents also have gen-
erally similar early health environments, with 
almost 25 percent of respondents having an 
obese parent at baseline, and with mean birth-
weight about 7.5 pounds (7.75 for men, 7.47 for 
women). By wave 3, young women are slightly 
more likely to have been diagnosed by a doctor 
with high blood pressure and asthma. By wave 
4, men and women are equally likely to be 
obese (37 percent and 36 percent), and women 
are slightly less likely to be regular smokers 
than men (22 percent versus 28 percent). De-
spite their shared environments with respect 
to parental circumstances and sociodemo-
graphic characteristics, women have higher 
measured CRP and EBV levels at wave 4. Mean 
CRP is 3.3 for men and 6.3 for women, and 
mean EBV is 138.4 for men and 164.2 for women. 
These descriptive patterns suggest that, by 
early adulthood (approximately age thirty), 
women in Add Health demonstrate more in-
flammation and lower immune function than 
their male peers.

Table 2 presents the results from an OLS re-
gression of logged CRP and EBV (respectively) 
on gender and the other covariates. Net of re-
spondents’ childhood or adolescent and early 
adulthood social, economic, and health envi-
ronments, men and women have significantly 
different levels of inflammation and immune 
function in young adulthood. Levels of CRP in 
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Table 1. Weighted Characteristics of Sample by Gender, Add Health

Male (49%) Female (51%)

Race-ethnicity
Non-Hispanic white (reference) 69 69
Hispanic 12 11
Black 14 16
Asian 4 3
Other 1 1

Nativity
First generation (reference) 6 5
Second generation 10 10
Third-plus generation 84 85

Parental education, wave 1
Less than high school (ref.) 16 17
High school 32 33
Some college 29 28
College or more 23 22
Logged family income, wave 1 3.16 3.12
Parents married, wave 1 73 73
Age (years) 30 29.8

Education, wave 4
High school or less 40 31
Some college 32 35
College or more 28 34
Ever married, wave 4 45 55
Employed part or full-time, wave 4 86 67

Work hours affected by family duties, wave 4
Frequently 3 9
Sometimes 15 20
Rarely 23 19
Never 60 52

Health 
CRP (mg/L) 3.3 6.2
EBV (AU/L) 138.4 164.2
Parent obese, wave 1 23 24
Birthweight 7.75 7.47
Smoke daily, wave 4 28 22
Exercise daily, wave 4 13 17
Obese, wave 4 37 36
Self-rated health, wave 3 1.9 2.1
Asthma, wave 3 15 18
High blood pressure, wave 3 5 7
High cholesterol, wave 3 4 4

N 6,451 6,715

Source: Authors’ compilation based on Add Health, Waves 1–4.
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Table 2.  OLS Regression of Logged CRP (mg/L) and EBV (AU/L), Add Health

  Log CRP Log EBV
Male –0.524*** –0.190***

(–21.58) (–14.52)

Race-ethnicity
Hispanic 0.131** 0.0786***

(3.25) (3.62)
Black –0.00982 0.200***

(–0.31) (11.61)
Asian –0.313*** 0.0448

(–5.69) (1.52)
Other race –0.129 0.133

(–1.01) (1.93)

Nativity
Second generation 0.00164 0.0504

(0.03) (1.74)
Third-plus generation 0.0520 0.0525

(0.96) (1.80)

Parental education
High school –0.0591 –0.0190

(–1.60) (–0.95)
Some college –0.115** –0.0266

(–3.03) (–1.30)
College or more –0.139*** –0.0718**

(–3.34) (–3.21)

Logged family income –0.00104 0.0109***
(–0.18) (3.48)

Parent obese 0.137*** 0.0228
(4.90) (1.51)

Birth weight –0.0328*** 0.00212
(–4.00) (0.48)

Parents married –0.0116 –0.0192
(–0.43) (–1.31)

Age (wave 1) –0.000455 0.0118**
(–0.07) (3.16)

Obese, wave 4 0.157*** 0
(21.63) (0.03)

Smoke daily, wave 4 –0.0325 0.0569***
(–1.10) (3.56)

Exercise daily, wave 4 0.182*** –0.0111
(5.66) (–0.64)

Ever married, wave 4 0.0772** 0.0450***
(3.15) (3.41)

Some college, wave 4 –0.0583* –0.0321*
(–2.03) (–2.07)

College or more, wave 4 –0.133*** –0.0159
(–4.38) (–0.98)

Household income, wave 4 8.81e-08 2.89e-08
(1.73) (1.05)

Employed part or full time –0.0828* –0.0204
(–2.09) (–0.98)

Work or family conflict –0.00185 –0.0045
(–0.11) (–0.49)

Constant 0.908*** 4.569***
(6.24) (58.38)

N 13,166 13,238

Source: Authors’ compilation based on Add Health, Waves 1–4.
Note: Models also control for pregnancy status at wave 4, and parity at wave 4.
*p < .05;  **p < .01;  ***p < .001
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men are more than 50 percent lower than 
among women, and levels of EBV 19 percent 
lower. Higher levels of CRP in women is con-
sistent with other examinations at of the Add 
Health, as well as Multiethnic Study of Athero-
sclerosis and NHANES (Lakoski et al. 2006; 
Yang and Kozloski 2011), but this pattern is not 
universal across populations (Oksuzyan et al. 
2015). Similarly, EBV is higher in women than 
men in analyses of the NHANES (ages six 
through nineteen), and a national population-
based sample in Taiwan (Chen et al. 2015; 
Dowd, Palermo, Chyu, et al. 2013), and in het-
erosexual respondents in the Add Health. How-
ever, analyses of gay and bisexual respondents 
in the Add Health find little evidence of differ-
ence between and men and women (Everett et 
al. 2014).

Consistent with previous research, the find-
ings also reveal higher CRP levels among His-
panic respondents. Compared with non-
Hispanic whites, CRP levels are 13 percent 
higher among Hispanics; EBV levels are 8 per-
cent higher among Hispanics and 20 percent 
higher among blacks. Asian respondents have 
CRP levels that are 31 percent lower than among 
non-Hispanic whites, on average, but no differ-
ence is observed for EBV levels. After control-
ling for socioeconomic factors, no nativity-
based differences in CRP and EBV are 
significant. Education shows an educational 
gradient in CRP and EBV, whereby respondents 
with college-educated parents have 13 percent 
lower CRP levels and 7 percent lower EBV lev-
els, on average, than their peers from the most 
poorly educated families. By early adulthood, 
respondents who attain a college education ex-
perience a similarly lower risk of inflammation, 
with a 13 percent difference between college-
educated respondents than their peers with a 
high school education or less. There is also a 
higher risk associated with marriage, on aver-
age, whereby respondents who have ever been 
married by wave four have 7 percent higher CRP 
levels and 5 percent higher EBV levels than 
their peers. 

Finally, respondents’ family health environ-
ments and early health characteristics are as-
sociated with inflammation—respondents with 
an obese parent have 13 percent higher CRP 
levels and 3 percent higher EBV levels, on aver-

age; each additional pound at birth is associ-
ated with a 3 percent decrease in CRP in adult-
hood. In general, the covariates are more 
consistently and strongly associated with in-
flammation than with immune function, 
though there is certainly evidence of meaning-
ful gender differences in immune function.

Gender Differences in Biological Function 
Across the Distribution
The results from OLS analyses establish gender 
differences in biological function at the center 
of the distribution. This approach establishes 
a useful benchmark against which to examine 
variation across the distribution of CRP and 
EBV. Given evidence that young adult women 
are more likely than men to have very high lev-
els of CRP, and that it is common to exclude 
such cases from analyses despite their strong 
relationship with future morbidity and mortal-
ity, it is important to understand the degree of 
risk at extreme values of the distribution. 

Table 3 presents the results from the quan-
tile regression of CRP on gender and the other 
covariates. The results show that, for those with 
identical observed characteristics, the size of 
gender differences in inflammation increases 
significantly across the distribution. Model 1, 
which shows the bivariate relationship between 
gender and CRP, shows that men at the 10th 
percentile have CRP levels that are approxi-
mately 17 percent lower than women, and that 
this difference rises to 36 percent at the 25th 
percentile, 60 percent at the median, 66 percent 
at the 75th percentile, and 69 percent at the 
90th percentile. Coefficient equality tests 
across percentiles show that these differences 
are significant at the 0.01 level. Results for EBV, 
presented in table 4, are somewhat different. 
There is no evidence of a monotonic gradient—
instead, gender differences are most pro-
nounced in the middle of the distribution, with 
women at the median having EBV levels about 
21 percent lower than their similar male peers. 
The size of the gender difference is 16 percent 
at the 10th percentile, and 16 percent at the 95th 
percentile. 

Exploring the contribution of childhood or 
adolescent and early adulthood factors in ex-
plaining gender differences in CRP and EBV 
reveals robust differences. After controlling for 



10 8 	 b i o s o c i a l  pa t h wa y s  a c r o s s  t h e  l i f e  c o u r s e

r s f :  t h e  r u s s e l l  s a g e  f o u n d a t i o n  j o u r n a l  o f  t h e  s o c i a l  s c i e n c e s

Table 3.  Quantile Regression of Logged CRP (mg/L) on Gender, Add Health

Percentile Percentile

0.1 0.25 0.5 0.75 0.9

(1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3)

Male –0.190*** –0.173*** –0.214*** –0.358*** –0.354*** –0.444*** –0.616*** –0.573*** –0.606*** –0.674*** –0.645*** –0.663*** –0.695*** –0.694*** –0.695***
(–6.95) (–4.14) (–4.27) (–16.39) (–11.25) (–11.28) (–27.20) (–20.27) (–17.44) (–21.08) (–21.10) (–19.12) (–24.94) (–21.75) (–12.49)

Race or ethnicity
Hispanic 0.201*** 0.133* 0.269*** 0.127* 0.247*** 0.131* 0.215*** 0.162*** 0.193*** 0.159*

(3.53) (1.99) (3.87) (2.31) (5.00) (2.17) (4.58) (3.52) (3.68) (2.07)
Black –0.0725 –0.137** 0.00530 –0.0627 0.110** 0.0177 0.154*** 0.0430 0.192*** 0.0865

(–1.74) (–2.68) (0.13) (–1.18) (2.60) (0.50) (3.75) (0.79) (6.26) (1.81)
Asian –0.329*** –0.303*** –0.319*** –0.338*** –0.272*** –0.304*** –0.182** –0.266** –0.204 –0.334***

(–3.71) (–4.72) (–4.44) (–3.94) (–4.95) (–3.86) (–2.76) (–3.02) (–1.82) (–4.63)
Other race 0.118 0.123 0.379* 0.0509 0.402* 0.268 0.505*** 0.532*** 0.605*** 0.369*

(0.94) (0.57) (2.03) (0.31) (2.40) (1.82) (5.81) (4.53) (4.71) (2.04)

Nativity
Second generation –0.0190 –0.0468 0.179** 0.0335 0.159* –0.0163 0.145** –0.0121 0.0648 –0.0670

(–0.31) (–0.60) (2.89) (0.40) (2.46) (–0.23) (2.65) (–0.17) (1.01) (–0.77)
Third-plus generation 0.0620 0.0199 0.223*** 0.0706 0.213*** –0.0289 0.244*** 0.101 0.184* 0.0166

(1.20) (0.26) (3.29) (0.93) (4.06) (–0.49) (5.99) (1.25) (2.02) (0.17)

Parental education
High school –0.104* –0.0800 –0.189*** –0.0904 –0.148*** –0.0573 –0.119** –0.0583 –0.0812 –0.0142

(–2.09) (–1.15) (–5.29) (–1.59) (–3.67) (–1.28) (–2.76) (–1.48) (–1.59) (–0.29)
Some college –0.148** –0.143* –0.284*** –0.152** –0.271*** –0.151** –0.240*** –0.128** –0.133 –0.0215

(–2.97) (–2.07) (–4.26) (–3.02) (–5.29) (–3.14) (–4.35) (–2.77) (–1.87) (–0.31)
College or more –0.263*** –0.147* –0.387*** –0.136 –0.403*** –0.149* –0.332*** –0.144*** –0.229*** –0.0558

(–4.98) (–1.99) (–7.94) (–1.84) (–11.04) (–2.56) (–6.40) (–3.60) (–3.44) (–0.75)

Logged family income –0.00207 –0.00780 0.000830 –0.00465 –0.000617 0.00101 –0.00670 –0.000577 0.00247 0.0112
(–0.34) (–0.96) (0.15) (–0.47) (–0.08) (0.13) (–0.93) (–0.06) (0.33) (1.24)

Parents married –0.0485 –0.0127 –0.0246 –0.0483 –0.0345 –0.0129 –0.00435 0.00748 –0.00452 0.0116
(–1.38) (–0.29) (–0.74) (–1.29) (–1.19) (–0.46) (–0.12) (0.31) (–0.13) (0.35)

Ever married, wave 4 0.0520 0.0658* 0.103** 0.0706* 0.0614*
(1.55) (2.02) (2.87) (2.12) (1.98)

Some college, wave 4 0.0478 –0.0243 –0.0583 –0.0819* –0.112
(0.98) (–0.54) (–1.83) (–2.36) (–1.86)

College or more, wave 4 –0.162** –0.204*** –0.157*** –0.0931** –0.0954
(–3.17) (–4.93) (–4.01) (–2.62) (–1.74)

Household income, wave 4 7.88e-08 6.70e-08 0.000000141* 0.000000172** 1.78e-08
(0.85) (0.67) (2.16) (2.89) (0.30)

Employed part or full time –0.0421 –0.172* –0.0859 –0.117 –0.0190
(–0.69) (–2.19) (–1.36) (–1.84) (–0.25)

Work or family conflict –0.0229 0.0212 0.00342 –0.017 –0.0198
(–0.60) –0.8 –0.12 (–0.64) (–0.62)

Constant –0.949*** 1.174*** –0.778*** –0.0471* –0.413 0.0558 1.066*** 0.762*** 0.903*** 2.003*** 1.650*** 2.051*** 2.729*** 2.428*** 2.615***
(–45.07) (–5.17) (–3.53) (–2.07) (–1.94) (0.25) (45.27) (5.32) (4.73) (105.83) (7.21) (10.17) (116.94) (8.47) (10.81)

N 13,600 13,600 11,359                        

Source: Authors’ compilation based on Add Health, Waves 1–4.
Note: Models also control for measures listed in table 1, pregnancy status at wave 4, and parity at wave 4. T statistics  
in parentheses.
*p < .05; **p < .01; ***p < .001
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Table 3.  Quantile Regression of Logged CRP (mg/L) on Gender, Add Health

Percentile Percentile

0.1 0.25 0.5 0.75 0.9

(1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3)

Male –0.190*** –0.173*** –0.214*** –0.358*** –0.354*** –0.444*** –0.616*** –0.573*** –0.606*** –0.674*** –0.645*** –0.663*** –0.695*** –0.694*** –0.695***
(–6.95) (–4.14) (–4.27) (–16.39) (–11.25) (–11.28) (–27.20) (–20.27) (–17.44) (–21.08) (–21.10) (–19.12) (–24.94) (–21.75) (–12.49)

Race or ethnicity
Hispanic 0.201*** 0.133* 0.269*** 0.127* 0.247*** 0.131* 0.215*** 0.162*** 0.193*** 0.159*

(3.53) (1.99) (3.87) (2.31) (5.00) (2.17) (4.58) (3.52) (3.68) (2.07)
Black –0.0725 –0.137** 0.00530 –0.0627 0.110** 0.0177 0.154*** 0.0430 0.192*** 0.0865

(–1.74) (–2.68) (0.13) (–1.18) (2.60) (0.50) (3.75) (0.79) (6.26) (1.81)
Asian –0.329*** –0.303*** –0.319*** –0.338*** –0.272*** –0.304*** –0.182** –0.266** –0.204 –0.334***

(–3.71) (–4.72) (–4.44) (–3.94) (–4.95) (–3.86) (–2.76) (–3.02) (–1.82) (–4.63)
Other race 0.118 0.123 0.379* 0.0509 0.402* 0.268 0.505*** 0.532*** 0.605*** 0.369*

(0.94) (0.57) (2.03) (0.31) (2.40) (1.82) (5.81) (4.53) (4.71) (2.04)

Nativity
Second generation –0.0190 –0.0468 0.179** 0.0335 0.159* –0.0163 0.145** –0.0121 0.0648 –0.0670

(–0.31) (–0.60) (2.89) (0.40) (2.46) (–0.23) (2.65) (–0.17) (1.01) (–0.77)
Third-plus generation 0.0620 0.0199 0.223*** 0.0706 0.213*** –0.0289 0.244*** 0.101 0.184* 0.0166

(1.20) (0.26) (3.29) (0.93) (4.06) (–0.49) (5.99) (1.25) (2.02) (0.17)

Parental education
High school –0.104* –0.0800 –0.189*** –0.0904 –0.148*** –0.0573 –0.119** –0.0583 –0.0812 –0.0142

(–2.09) (–1.15) (–5.29) (–1.59) (–3.67) (–1.28) (–2.76) (–1.48) (–1.59) (–0.29)
Some college –0.148** –0.143* –0.284*** –0.152** –0.271*** –0.151** –0.240*** –0.128** –0.133 –0.0215

(–2.97) (–2.07) (–4.26) (–3.02) (–5.29) (–3.14) (–4.35) (–2.77) (–1.87) (–0.31)
College or more –0.263*** –0.147* –0.387*** –0.136 –0.403*** –0.149* –0.332*** –0.144*** –0.229*** –0.0558

(–4.98) (–1.99) (–7.94) (–1.84) (–11.04) (–2.56) (–6.40) (–3.60) (–3.44) (–0.75)

Logged family income –0.00207 –0.00780 0.000830 –0.00465 –0.000617 0.00101 –0.00670 –0.000577 0.00247 0.0112
(–0.34) (–0.96) (0.15) (–0.47) (–0.08) (0.13) (–0.93) (–0.06) (0.33) (1.24)

Parents married –0.0485 –0.0127 –0.0246 –0.0483 –0.0345 –0.0129 –0.00435 0.00748 –0.00452 0.0116
(–1.38) (–0.29) (–0.74) (–1.29) (–1.19) (–0.46) (–0.12) (0.31) (–0.13) (0.35)

Ever married, wave 4 0.0520 0.0658* 0.103** 0.0706* 0.0614*
(1.55) (2.02) (2.87) (2.12) (1.98)

Some college, wave 4 0.0478 –0.0243 –0.0583 –0.0819* –0.112
(0.98) (–0.54) (–1.83) (–2.36) (–1.86)

College or more, wave 4 –0.162** –0.204*** –0.157*** –0.0931** –0.0954
(–3.17) (–4.93) (–4.01) (–2.62) (–1.74)

Household income, wave 4 7.88e-08 6.70e-08 0.000000141* 0.000000172** 1.78e-08
(0.85) (0.67) (2.16) (2.89) (0.30)

Employed part or full time –0.0421 –0.172* –0.0859 –0.117 –0.0190
(–0.69) (–2.19) (–1.36) (–1.84) (–0.25)

Work or family conflict –0.0229 0.0212 0.00342 –0.017 –0.0198
(–0.60) –0.8 –0.12 (–0.64) (–0.62)

Constant –0.949*** 1.174*** –0.778*** –0.0471* –0.413 0.0558 1.066*** 0.762*** 0.903*** 2.003*** 1.650*** 2.051*** 2.729*** 2.428*** 2.615***
(–45.07) (–5.17) (–3.53) (–2.07) (–1.94) (0.25) (45.27) (5.32) (4.73) (105.83) (7.21) (10.17) (116.94) (8.47) (10.81)

N 13,600 13,600 11,359                        

Source: Authors’ compilation based on Add Health, Waves 1–4.
Note: Models also control for measures listed in table 1, pregnancy status at wave 4, and parity at wave 4. T statistics  
in parentheses.
*p < .05; **p < .01; ***p < .001
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Table 4. Quantile Regression of Logged EBV (AU/L) on Gender, Add Health

Percentile Percentile

0.1 0.25 0.5 0.75 0.9

  (1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3)

Male –0.164*** –0.176*** –0.180*** –0.209*** –0.199*** –0.197*** –0.211*** –0.207*** –0.218*** –0.169*** –0.172*** –0.184*** –0.158*** –0.135*** –0.157***
(–5.26) (–7.54) (–6.17) (–7.58) (–12.01) (–11.45) (–9.06) (–11.80) (–11.45) (–8.36) (–12.30) (–15.31) (–9.32) (–7.65) (–12.13)

Race-ethnicity
Hispanic 0.161*** 0.197*** 0.0929*** 0.124*** 0.0361 0.0620 0.0736* 0.0576* 0.0220 0.00382

(4.22) (6.67) (4.73) (4.38) (1.25) (1.87) (2.17) (1.98) (0.68) (0.11)
Black 0.219*** 0.248*** 0.244*** 0.254*** 0.213*** 0.198*** 0.182*** 0.156*** 0.197*** 0.175***

(8.04) (7.38) (9.74) (10.93) (15.19) (9.77) (11.09) (6.92) (9.86) (5.09)
Asian 0.145* 0.203*** 0.0229 0.0688 –0.0264 0.00500 0.0205 0.0110 0.0536 0.0350

(2.51) (4.38) (0.79) (1.84) (–0.59) (0.09) (0.59) (0.24) (1.40) (1.27)
Other race 0.0994 0.0997 –0.000739 –0.0895 0.0798 0.0536 –0.0190 0.00478 –0.0655 –0.0160

(1.46) (1.64) (–0.01) (–1.01) (1.03) (0.73) (–0.48) (0.07) (–0.90) (–0.26)

Nativity
Second generation 0.0152 0.0563 0.0819 0.0792 0.0531 0.0792 0.0644 0.0607 0.0142 –0.0315

(0.26) (1.31) (1.89) (1.91) (1.31) (1.53) (1.80) (1.23) (0.48) (–0.65)
Third-plus generation 0.0534 0.105* 0.0879* 0.113* 0.0445 0.0922 0.0417 0.0306 –0.00744 –0.0520

(1.09) (2.34) (2.47) (2.50) (1.45) (1.71) (1.46) (0.75) (–0.25) (–1.03)

Parental education
High school 0.0127 –0.00129 –0.0333 –0.0156 –0.0370 –0.0287 0.0133 0.00392 –0.0263 –0.0255

(0.40) (–0.03) (–1.14) (–0.52) (–1.48) (–0.92) (0.66) (0.23) (–1.26) (–0.88)
Some college 0.0268 0.0269 –0.0351 –0.0153 –0.0379 –0.0367 –0.00181 –0.00905 –0.0567* –0.0499*

(0.86) (0.65) (–1.25) (–0.46) (–1.82) (–1.22) (–0.10) (–0.42) (–2.17) (–1.97)
College or more –0.0867** –0.0795 –0.104** –0.0832* –0.0978*** –0.0899** –0.0593* –0.0589* –0.102** –0.0869***

(–2.85) (–1.93) (–3.27) (–2.00) (–4.25) (–2.79) (–2.42) (–2.26) (–2.79) (–3.57)

Logged family income 0.0133* 0.0170 0.0148*** 0.0149** 0.00607 0.00755 0.00133 0.00530 0.00659* 0.00852
(2.00) (1.77) (4.44) (2.63) (1.46) (1.50) (0.26) (0.86) (2.55) (1.95)

Parents married –0.0134 0.00155 –0.0172 –0.0165 0.00113 –0.00721 –0.00540 –0.0361* –0.0266 –0.0433*
(–0.51) (0.05) (–0.75) (–0.69) (0.06) (–0.31) (–0.25) (–2.25) (–1.26) (–2.24)

Ever married, wave 4 0.127*** 0.0781*** 0.0317 0.0189 0.00252
(4.20) (3.31) (1.79) (0.95) (0.15)

Some college, wave 4 0.00445 –0.0113 –0.0437 –0.0492* –0.0388
(0.19) (–0.74) (–1.62) (–2.27) (–1.70)

College or more, wave 4 –0.0451* –0.00775 0.0123 –0.00428 –0.0151
(–1.96) (–0.33) (0.63) (–0.20) (–0.74)

Household income, wave 4 9.29e-08 8.82e-08* 2.73e-08 1.74e-08 1.96e-08
(1.83) (2.10) (0.98) (0.50) (–0.48)

Employed part or full time –0.0139 0.0185 0.0067 –0.052* –0.0486
(–0.33) (0.64) (0.34) (–2.27) (–1.40)

Work or family conflict –0.0128 0.0129 –0.0017 –0.0245* –0.0036
(–0.78) (0.60) (–.20) (–2.50) (–0.27)

Constant 3.970*** 3.302*** 3.217*** 4.443*** 3.916*** 3.935*** 4.956*** 4.593*** 4.526*** 5.389*** 5.080*** 5.167*** 5.753*** 5.615*** 5.736***
(169.27) (24.46) (24.21) (237.19) (34.20) (38.71) (520.53) (41.91) (37.75) (482.49) (49.22) (56.21) (443.19) (48.30) (49.86)

N 13,679 13,679 11,428                        

Source: Authors’ compilation based on Add Health, Waves 1–4.
Note: Models also control for measures listed in table 1, pregnancy status at wave 4, and parity at wave 4.  
T statistics in parentheses.
*p  <  .05; **p  <  .01; ***p  <  .001
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Table 4. Quantile Regression of Logged EBV (AU/L) on Gender, Add Health

Percentile Percentile

0.1 0.25 0.5 0.75 0.9

  (1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3) (1) (2) (3)

Male –0.164*** –0.176*** –0.180*** –0.209*** –0.199*** –0.197*** –0.211*** –0.207*** –0.218*** –0.169*** –0.172*** –0.184*** –0.158*** –0.135*** –0.157***
(–5.26) (–7.54) (–6.17) (–7.58) (–12.01) (–11.45) (–9.06) (–11.80) (–11.45) (–8.36) (–12.30) (–15.31) (–9.32) (–7.65) (–12.13)

Race-ethnicity
Hispanic 0.161*** 0.197*** 0.0929*** 0.124*** 0.0361 0.0620 0.0736* 0.0576* 0.0220 0.00382

(4.22) (6.67) (4.73) (4.38) (1.25) (1.87) (2.17) (1.98) (0.68) (0.11)
Black 0.219*** 0.248*** 0.244*** 0.254*** 0.213*** 0.198*** 0.182*** 0.156*** 0.197*** 0.175***

(8.04) (7.38) (9.74) (10.93) (15.19) (9.77) (11.09) (6.92) (9.86) (5.09)
Asian 0.145* 0.203*** 0.0229 0.0688 –0.0264 0.00500 0.0205 0.0110 0.0536 0.0350

(2.51) (4.38) (0.79) (1.84) (–0.59) (0.09) (0.59) (0.24) (1.40) (1.27)
Other race 0.0994 0.0997 –0.000739 –0.0895 0.0798 0.0536 –0.0190 0.00478 –0.0655 –0.0160

(1.46) (1.64) (–0.01) (–1.01) (1.03) (0.73) (–0.48) (0.07) (–0.90) (–0.26)

Nativity
Second generation 0.0152 0.0563 0.0819 0.0792 0.0531 0.0792 0.0644 0.0607 0.0142 –0.0315

(0.26) (1.31) (1.89) (1.91) (1.31) (1.53) (1.80) (1.23) (0.48) (–0.65)
Third-plus generation 0.0534 0.105* 0.0879* 0.113* 0.0445 0.0922 0.0417 0.0306 –0.00744 –0.0520

(1.09) (2.34) (2.47) (2.50) (1.45) (1.71) (1.46) (0.75) (–0.25) (–1.03)

Parental education
High school 0.0127 –0.00129 –0.0333 –0.0156 –0.0370 –0.0287 0.0133 0.00392 –0.0263 –0.0255

(0.40) (–0.03) (–1.14) (–0.52) (–1.48) (–0.92) (0.66) (0.23) (–1.26) (–0.88)
Some college 0.0268 0.0269 –0.0351 –0.0153 –0.0379 –0.0367 –0.00181 –0.00905 –0.0567* –0.0499*

(0.86) (0.65) (–1.25) (–0.46) (–1.82) (–1.22) (–0.10) (–0.42) (–2.17) (–1.97)
College or more –0.0867** –0.0795 –0.104** –0.0832* –0.0978*** –0.0899** –0.0593* –0.0589* –0.102** –0.0869***

(–2.85) (–1.93) (–3.27) (–2.00) (–4.25) (–2.79) (–2.42) (–2.26) (–2.79) (–3.57)

Logged family income 0.0133* 0.0170 0.0148*** 0.0149** 0.00607 0.00755 0.00133 0.00530 0.00659* 0.00852
(2.00) (1.77) (4.44) (2.63) (1.46) (1.50) (0.26) (0.86) (2.55) (1.95)

Parents married –0.0134 0.00155 –0.0172 –0.0165 0.00113 –0.00721 –0.00540 –0.0361* –0.0266 –0.0433*
(–0.51) (0.05) (–0.75) (–0.69) (0.06) (–0.31) (–0.25) (–2.25) (–1.26) (–2.24)

Ever married, wave 4 0.127*** 0.0781*** 0.0317 0.0189 0.00252
(4.20) (3.31) (1.79) (0.95) (0.15)

Some college, wave 4 0.00445 –0.0113 –0.0437 –0.0492* –0.0388
(0.19) (–0.74) (–1.62) (–2.27) (–1.70)

College or more, wave 4 –0.0451* –0.00775 0.0123 –0.00428 –0.0151
(–1.96) (–0.33) (0.63) (–0.20) (–0.74)

Household income, wave 4 9.29e-08 8.82e-08* 2.73e-08 1.74e-08 1.96e-08
(1.83) (2.10) (0.98) (0.50) (–0.48)

Employed part or full time –0.0139 0.0185 0.0067 –0.052* –0.0486
(–0.33) (0.64) (0.34) (–2.27) (–1.40)

Work or family conflict –0.0128 0.0129 –0.0017 –0.0245* –0.0036
(–0.78) (0.60) (–.20) (–2.50) (–0.27)

Constant 3.970*** 3.302*** 3.217*** 4.443*** 3.916*** 3.935*** 4.956*** 4.593*** 4.526*** 5.389*** 5.080*** 5.167*** 5.753*** 5.615*** 5.736***
(169.27) (24.46) (24.21) (237.19) (34.20) (38.71) (520.53) (41.91) (37.75) (482.49) (49.22) (56.21) (443.19) (48.30) (49.86)

N 13,679 13,679 11,428                        

Source: Authors’ compilation based on Add Health, Waves 1–4.
Note: Models also control for measures listed in table 1, pregnancy status at wave 4, and parity at wave 4.  
T statistics in parentheses.
*p  <  .05; **p  <  .01; ***p  <  .001
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demographic factors and for variation in 
earlier-life circumstances such as parental ed-
ucation, family income, and family structure, 
the magnitude and significance of gender dif-
ferences in both biomarkers are essentially 
identical. Similarly, controlling for variation in 
early adulthood characteristics—health behav-
iors, educational attainment, and family forma-
tion—does not reduce, and in some cases 
slightly increases, gender differences. This pat-
tern is similar across both outcomes and across 
the distribution, suggesting that variation in 
the socioeconomic environments of young 
adult men and women is not large enough—at 
least among the overall population—to contrib-
ute meaningfully to pronounced differences in 
biological function. 

Tables 3 and 4 also show the extent to which 
the relationship between other social catego-
ries and biomarkers is explained by different 
circumstances over the early life course, and 
whether patterns vary across the distribution. 
Although differences between Hispanic and 
non-Hispanic white respondents, and between 
Asians and non-Hispanic whites, are similarly 
robust to the inclusion of socioeconomic and 
health measures, black-white differences in 
CRP (but not EBV) are more substantially re-
duced by the inclusion of early adulthood cir-
cumstances, especially at higher points in the 
distribution. Early adulthood characteristics 
also go further in explaining the relationship 
between high parental education (college or 
more) and inflammation than for immune 
function. Finally, differences are pronounced 
in inflammation according to respondents’ ed-
ucation, college-educated respondents having 
lower levels of inflammation (but not immune 
function), especially at lower levels of the dis-
tribution. 

Figures 1 and 2 visualize gender differences 
in CRP and EBV, respectively. The x-axis on each 
graph is the percentile and the y-axis is the co-
efficient size. Each graph, therefore, shows the 
degree of gender differences in CRP or EBV at 
different percentiles. The line with shading 
around it is the gender coefficient from the 
quantile regression (from the full model, model 
3) at a particular percentile and the gray shad-
ing graphs the 90 percent confidence interval. 
The dark horizontal line shows the OLS regres-

sion coefficient from the CRP or EBV regres-
sion, respectively. The figures confirm the find-
ings displayed in tables 3 and 4, and show that 
gender differences at the extremes of the dis-
tribution vary from those at the mean. This 
variation is especially pronounced for the case 
of inflammation. That these differences are so 
large at a young age is striking, given evidence 
that those with high levels of CRP have signifi-
cantly higher risk for cardiovascular disease 
and premature mortality. 

Sensitivity Analyses
We conduct several additional analyses to test 
the sensitivity of our results to sample restric-
tions. First, we limit CRP analyses to those with 
levels at or below 10 mg/L. Because results are 
nearly identical, we retain these observations 
in final models. Second, we limit EBV analyses 
to those who are seropositive, in order to pre-
vent seronegative respondents from biasing co-
efficients, given evidence that seropositivity is 
predicted by sociodemographic factors. We use 
a method established by Jennifer Dowd, Tai Pal-
ermo, Laura Chyu, and their colleagues of es-
tablishing seronegativity as the bottom 10 per-
cent of continuous EBV antibody values (2013). 
Coefficients are nearly identical, so we retain 
seronegative respondents. Finally, we estimate 
sibling fixed effects models to better control 
for childhood family environments among sib-
lings. These models, which are identified from 
siblings who differ in gender, also show a sig-
nificant gender gap in inflammation and im-
mune function. These results suggest that re-
sults from quantile regression analyses are not 
unduly biased by unmeasured childhood cir-
cumstances that are shared by siblings. 

Discussion
We use nationally representative, longitudinal 
data from the National Longitudinal Study of 
Adolescent Health to better understand the re-
lationship between gender and biological 
function in young adulthood, and to begin to 
consider the extent to which social and eco-
nomic circumstances in childhood, adoles-
cence and young adulthood contribute to dif-
ferences between men and women. We focus 
on biologic function—specifically, inflamma-
tion and immune function—because their pre-
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Figure 1. Gender Coefficient for CRP Across Distribution

Source: Authors’ compilation based on Add Health, Waves 1–4.
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Figure 2. Gender Coefficient for EBV Across Distribution

Source: Authors’ compilation based on Add Health, Waves 1–4.
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dictive power for future disease risk is high, 
and because research on gender differences in 
physiologic risk at young ages is scant.

Results from OLS and quantile regression 
reveal strong gender differences in both inflam-
mation and immune function among this sam-
ple of young adults. Although OLS results offer 
a useful benchmark, examining variation 
across the distribution reveals that women 
have disproportionately higher inflammation 
and lower immune function relative to their 
male peers at the top of the distribution. In the 
case of immune function, gender differences 
are most pronounced in the middle of the dis-
tribution, though women have also lower im-
mune function than their male peers at both 
extremes. These results suggest that gender dif-
ferences in physiologic function appear rela-
tively early in the life course, and that substan-
tial differences exist in the early part of 
individuals’ adult trajectories. Considering the 
contribution of childhood or adolescent and 
early adulthood circumstances—including de-
mographic factors, family socioeconomic back-
ground, health behaviors, and respondents’ 
family formation and socioeconomic attain-
ment—to the magnitude and significance of 
gender differences yields little evidence of a 
strong explanatory role for these factors. 

Our findings, particularly for the robustness 
of gender differences in biological function to 
the inclusion of many indicators of the social 
environment in our model, inform the debate 
about how gender differences in health over 
the life course reflect biological and social vari-
ation. Biological explanations for gender differ-
ences in health and mortality are well estab-
lished, as is evidence for variation in the social 
and economic environments of young adult 
men and women. By measuring the individual 
and family-level circumstances and behaviors 
that may give rise to gender differences in 
health, our analysis provides a more compre-
hensive test of the importance of social and 
economic factors over the life course in explain-
ing gender differences observed in early adult-
hood. The stability of gender differences in the 
presence of these factors suggests, at mini-
mum, that variation in the social and economic 
environments of young men and women in the 
United States—at least among the overall pop-

ulation—is not large enough to produce the 
observed pronounced differences in biological 
function by early adulthood. 

Although we do not find evidence for a pri-
mary role of early life social environments in 
explaining gender differences in CRP and EBV 
in the overall population, we caution against 
concluding that observed gender differences 
in these biomarkers are only a function of biol-
ogy. First, such a conclusion would be incon-
sistent with evidence from other settings that 
indicates no mean difference CRP or EBV by 
sex or gender. Second, our measures of social 
and economic environments are limited. For 
example, we are not able to measure cumula-
tive environments as comprehensively as we 
would like, given that parent-reported data are 
only available during the first wave. Add Health 
data do permit us to test a more comprehensive 
life course model than has been the case in 
previous research, but it is possible that a more 
cumulative measure of socioeconomic status—
one that captures early-childhood SES in addi-
tion to adolescent and young adulthood SES, 
for example—would yield a larger contribution 
of the social environment to gender differences 
in young adulthood. For this to be the case, 
however, girls and boys would need to experi-
ence significantly different childhood environ-
ments, and we find little evidence of meaning-
ful variation with our available data (see table 
1). Moreover, the results are robust to the inclu-
sion of sibling fixed effects, which capture un-
observed, shared family circumstances of male 
and female respondents. The results are also 
insensitive to alternative coding and measure-
ment strategies for CRP and EBV, to the exclu-
sion of potential outlier respondents (for ex-
ample, pregnant women and recently ill 
respondents), and to controls for health condi-
tions and medication use. Third, this analysis 
focuses on additive effects and not interactions. 
While such an approach is a necessary first 
step, real-world complexity suggests that ef-
fects of social environments might be masked 
if biomarker levels are a function of interactive 
relationships.

Further, although higher levels of CRP and 
EBV are associated with risk of chronic disease, 
including cancer, cardiovascular and metabolic 
disease, whether a given level in these biomark-
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ers translates into similar risk for men and 
women is difficult to discern from current stud-
ies. Existing research is based on different sam-
ples and populations, investigates different 
health outcomes, and produces results that 
show both equivalent and different risks (Cush-
man et al. 2005; Han et al 2002; Pai et al. 2004; 
Yamada et al. 2001). Further, existing practice 
guidelines do not offer guidance. For example, 
in 2003, a statement from the Centers for Dis-
ease Control and Prevention and the American 
Heart Association identified over 3 mg/L of CRP 
as high risk for cardiovascular disease for both 
men and women, but also noted the need for 
additional high-quality evidence (Pearson et al. 
2003). In short, we emphasize that though we 
document difference in physiologic function 
by gender, and patterns and correlates of such 
difference, the implications for differences in 
risk are unclear. In future research it will be 
useful to examine a more comprehensive life 
course model that includes the critical and sen-
sitive early childhood years. In addition, it will 
be useful to consider gender variation in the 
effects of social and economic circumstances 
during adulthood on biological function. Vari-
ation in patterns of family formation between 
men and women, such as the high prevalence 
of single motherhood in the United States, 
mean that adult men and women experience 
different social stressors that may condition 
the influence of gender on biological function. 
Conversely, contemporary patterns of higher 
educational attainment among women may off-
set some of the physiologic and health disad-
vantages associated with low socioeconomic 
status. Further, additional work on the impli-
cations of differences in physiologic function 
for risk is needed. Examining health within a 
cohort of young men and women in early adult-
hood advances our understanding of the intra-
generational predictors of pronounced gender 
differences in biological function, highlights 
the robustness of those differences, and de-
scribes patterns that can be further explored.
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only related to biological fecundity, but also 
have a strong behavioral element in that they 
are driven by the reproductive choice of indi-
viduals and their partners. They are likewise 
influenced by the environment and social in-
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stitutions, including multiple factors such as 
contraceptive legislation and availability, edu-
cational expansion, and social norms (Balbo, 
Billari, and Mills 2013). The past four decades 
have brought a rapid postponement of AFB by 
around four to five years in many advanced so-
cieties and a growth in childlessness (Mills et 
al. 2011). The biological ability to conceive 
starts to steeply decline for some women as 
early as age twenty-five, and almost 50 percent 
of women are sterile by the age of forty (Leri-
don 2008). This delay has been linked to an 
unprecedented growth in infertility (involun-
tary childlessness), which now affects around 
10 to 15 percent of couples in Western societies, 
and forty-eight million couples worldwide are 
estimated as infertile (Boivin et al. 2007).

Relatively little is known about the specific 
genetic architecture of human reproductive be-
havior of AFB and NEB and the genetic relation-
ship to other fertility traits that mark the re-
productive window such as menarche and 
menopause or behaviorally relevant traits such 
as educational attainment (Okbay, Beauchamp, 
et al. 2016). The current study uses polygenic 
scores constructed from a recent large meta-
GWAS (Genome-Wide Association Study) of 
AFB and NEB, which used data from sixty-two 
sources to isolate twelve loci linked to these 
traits (Barban et al. 2016). Some of the results 
reported here are briefly reported in the supple-
mentary material of this study, but without de-
tailed discussion, clarification or reflection.

Centr al E xpl anations of 
Reproductive Behavior
Reproductive behavior has been largely ex-
plained by social scientists by focusing on in-
dividual and couple characteristics and social 
structural or institutional factors (Balbo, Bil-
lari, and Mills 2013). Core explanations, bol-
stered by a large body of empirical evidence, 
has related the timing and number of children 

to educational systems and the educational 
level of individuals (particularly women) (Bhrol-
cháin and Beaujouan 2012; Rindfuss, Morgan, 
and Offutt 1996; Tropf and Mandemakers 2017), 
gender equity (McDonald 2002; Mills et al. 
2011), normative changes in preferences for 
children (de Kaa 1987), effective contraception 
(Murphy 1993), availability of childcare (Brew-
ster and Rindfuss 2000), women’s employment 
and occupation (Begall and Mills 2013; Brewster 
and Rindfuss 2000), social interactions (Balbo 
and Barban 2014) and economic uncertainty 
(Mills, Blossfeld, and Klijzing 2005).

The genetic basis of human reproduction 
has often been ignored or even actively resisted 
by social scientists. As a recent review of the 
biodemographic approach to fertility high-
lighted, the avoidance is largely attributed to 
the dark history related to eugenic policies, lack 
of proper interdisciplinary training, and appro-
priate genetic data that also contains social sci-
ence behavioral measures (Mills and Tropf 
2016). As noted by pioneers in this field (Kohler, 
Rodgers, and Christensen 1999; Rodgers et al. 
2001), another reason this connection has been 
avoided is often attributed to an erroneously 
interpreted version of Ronald Fisher’s (1930) 
Fundamental Theorem of Natural Selection. 
Some interpreted Fisher’s theory to mean that 
since fertility is a fitness trait, this should the-
oretically entail that a genetic basis (referred 
to as heritability1), should be zero. Fisher actu-
ally argued that fitness is moderately heritable 
in human populations. A naïve interpretation 
has been that genes that reduce fitness should 
have been less frequently passed on, leading to 
the elimination of genetic variability in traits 
such as fertility (Courtiol, Tropf, and Mills 
2016). Nevertheless, we find that fitness traits 
such as NEB and AFB have what is known as 
significant narrow-sense heritabilities.2 It may 
be that new mutations restore any genetic vari-
ance lost to selection, that there are sexual an-

1. Heritability (H2) is a statistical term used to denote the proportion of phenotypic (trait) variance due to variance 
in genotypes. It is important to note that it is specific to the population and environment of analysis and that it 
is a population and not an individual estimate. It is not a simple measure of the degree to which a trait or phe-
notype is genetic but rather the proportion of phenotypic variance that is the result of genetic factors. 

2. Both broad- and narrow-sense heritability can be estimated. Broad-sense heritability is the ratio of the total 
genetic variance to total phenotypic (trait) variance or: H2 = VG/VP. Narrow-sense heritability refers to ratio of 
the additive genetic component in contrast to the total (nonadditive) phenotypic variance or: h2 = VA/VP.
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tagonistic genetic effects (genes have opposite 
effects for the fertility of men and women), 
nonadditive genetic effects, environment and 
gene-environment interaction (Tropf et al. 2017; 
Verweij et al. 2017).

At least some genetic underpinnings of 
fertility behavior are plausible. In fact, a grow-
ing number of twin and family studies have 
shown a genetic component underlying AFB 
and NEB (Briley, Tropf, and Mills 2017; Tropf, 
Barban, et al. 2015; Zietsch et al. 2014). A recent 
meta-analysis of all twin studies conducted un-
til 2012 shows average heritability of 0.45 (SE = 
0.027, N = 50,265) among sixty-four reproduc-
tive disease traits of women and of 0.36 (SE= 
0.054, N = 9,376) among twenty-five reproduc-
tive disease traits of men (Polderman et al. 
2015). The advent of molecular genetic data and 
complementary analytical tools means that we 
are now able to go beyond twin models to ex-
amine for the first time the genetic relatedness 
of unrelated individuals (Mills and Tropf 2016; 
Yang et al. 2010). A recent study using whole-
genome data of unrelated individuals shows 
that 10 percent of the variance in NEB and 15 
percent in AFB are associated with common 
additive genetic variance (Tropf, Stulp, et al. 
2015). These previous studies, however, were 
merely able to state that genetics contributed 
to fertility behavior only a certain proportion 
or amount. Until recently, we did not isolate 
any specific genes related to this behavior or 
whether they had a biological function. Our re-
cent study isolated twelve genetic loci associ-
ated with AFB and NEB (Barban et al. 2016), 
which allows us for the first time to include a 
genetic variable or predictor of this behavior in 
our social science research. Given that human 
reproduction is a complex behavioral outcome, 
it is not simply one candidate gene that can be 
used to predict outcomes. Rather, the myriad 
of genetic loci are compiled into a comprehen-
sive polygenic score (PGS). It is the relevance 
of these scores for AFB and NEB for research 
in the area of fertility and reproduction in the 
social sciences and beyond which that we ex-
plore in this article.

Data
To examine these questions and avoid false 
positives from examining the associations in 

one limited dataset, we test our results using 
four datasets: the Health and Retirement Study 
(HRS), LifeLines, TwinsUK, and Swedish Twin 
Registry (STR).

HRS
The Health and Retirement Study is an ongo-
ing cohort study of Americans, with interview 
data collected biennially on demographics, 
health behavior, health status, employment, 
income and wealth, and insurance status. The 
first cohort was interviewed in 1992 and subse-
quently every two years; five additional cohorts 
were added between 1994 and 2010. Between 
2006 and 2008, the HRS genotyped 12,507 re-
spondents who provided DNA samples and 
signed consent. DNA samples were genotyped 
using the Illumina Human Omni-2.5 Quad 
BeadChip, with coverage of approximately 2.5 
million single nucleotide polymorphisms 
(SNPs). The full details of the study are de-
scribed in (Juster and Suzman 1995).

LifeLines Cohort Study
The LifeLines Cohort Study is a multidisci-
plinary prospective population-based cohort 
study from the Netherlands, examining in a 
unique three-generation design the health and 
health-related behaviors of 167,729 persons liv-
ing in the north of the Netherlands, including 
genotype information from more than thirteen 
thousand unrelated individuals (Klijs, Schol-
tens, and Mandemakers 2015). It employs a 
broad range of investigative procedures in as-
sessing the biomedical, socio-demographic, 
behavioral, physical, and psychological factors 
that contribute to the health and disease of the 
general population; its special focus is on mul-
timorbidity and complex genetics.

TwinsUK
For the UK, we use data from TwinsUK, the larg-
est adult twin registry in the country with more 
than twelve thousand respondents (Moayyeri 
et al. 2013). The TwinsUK Study recruited white 
monozygotic (MZ) and dizygotic (DZ) twin pairs 
from the TwinsUK adult twin registry, a group 
designed to study the heritability and genetics 
of age-related diseases. These twins were re-
cruited from the general population through 
national media campaigns in the United King-
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dom and shown to be comparable to age-
matched population singletons in terms of clin-
ical phenotype and lifestyle characteristics.

STR
The Swedish Twin Registry was first established 
in the late 1950s to study the importance of 
smoking and alcohol consumption on cancer 
and cardiovascular diseases while controlling 
for genetic propensity to disease. Between 1998 
and 2002, the STR conducted telephone inter-
view screening of all twins born in 1958 or ear-
lier regardless of gender composition or vital 
status of the pair. This effort is known as 
Screening Across the Lifespan Twin study 
(SALT). A subsample of SALT (≈10,000) was gen-
otyped as part of the TwinGene project (Lich-
tenstein et al. 2006) and we use this informa-
tion in the current study.

Constructing Line ar Polygenic 
Scores of Reproduction
Because we have direct access to genotypic 
data, we first performed out-of-sample predic-
tion using cohorts for the four data sources. 
GWAS results are generally performed by a 
meta-analysis of the results from multiple da-
tasets, which in our case was the combined re-
sults from sixty-two sources. Out-of-sample 
prediction refers to the fact that when we con-
struct the PGS to use with a particular dataset, 
we first need to remove the contribution of the 
results from that dataset to avoid overfitting 
the model. In other words, the descriptive re-
sults from all of the four datasets were in the 
original meta-analysis that included sixty-two 
datasets, which we used to discover the genetic 
loci associated with AFB and NEB (Barban et 
al. 2016). To properly construct the PGS for use 
in the HRS, for example, we need to remove 
HRS from the results and re-run the meta-
analysis without the HRS results to produce a 
new bespoke or tailored PGS, which can used 
for that dataset. We therefore calculated poly-
genic scores for AFB and NEB, based on GWA 
meta-analysis results and used regression mod-
els to predict the same phenotypes in each in-
dependent data source.

A polygenic score is a linear combination of 
the effects of genetic variants present in the 
entire genome and can be interpreted as a sin-

gle quantitative measure of genetic predisposi-
tion. Just as a battery of multiple questions on 
personality types or attitudes toward immigra-
tion can make up a scale that is measured by 
one index, a PGS assumes that individuals fall 
somewhere on a continuum of genetic predis-
position resulting from small contributions 
from many genetic variants. This is particularly 
relevant when single genetic variants have too 
small of an effect in explaining complex phe-
notypes, a common case for complex behav-
ioral traits such as educational attainment (Ok-
bay, Beauchamp, et al. 2016), well-being, 
neuroticism, depression (Okbay, Baselmans, et 
al. 2016), or fertility. A PGS for individual i can 
be calculated as the sum of the allele counts  
aij (0,1 or 2) from each SNP j = 1,..M, multiplied 
by a weight wj:

PGSi = ∑m
j=1wjaij,

using as a choice of weights the association co-
efficients derived from our recent GWAS on fer-
tility traits. To be clear, it is not the summary 
of the top genetic loci that were previously iso-
lated, but a sum of the allele counts from all 
SNPs.

A pivotal question for social scientists is how 
relevant these PGSs are for applied research 
and for inclusion in our statistical models. In 
other words, do the genetic scores that we pro-
duce actually predict those observed out-
comes? If so, what percentage of the variance 
do they explain? To determine this, we ran or-
dinary least-squares (OLS) regression models 
and report the R-squared as a measure of 
goodness-of-fit of the model. In addition, we 
tested how well our polygenic scores for NEB 
could predict childlessness at the end of the 
reproductive period (using age forty-five for 
women and fifty-five for men) and estimated a 
Cox model examining the impact of the PGS of 
AFB on observed AFB.

We then reran meta-analyses of the pooled 
AFB and NEB phenotypes, excluding each of 
the four independent cohorts. Using these 
summary statistics, we constructed linear poly-
genic scores using the effect sizes from the orig-
inal meta-analysis. We constructed all scores 
using the software PLINK (Purcell et al. 2007) 
and PRSice (Euesden, Lewis, and O’Reilly 2014) 
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based on best call genotypes imputed to Hap
Map reference 3 panel. For each phenotype, we 
calculated nine scores using different p-value 
thresholds: 5e-08, 5e-07, 5e-06, 5e-05, 5e-04, 5e-
03, 0.05, 0.5 and 1. Results are clumped using 
the genotypic data as a reference panel for link-
age disequilibrium structure.

To control for cohort effects, we first re-
gressed each phenotype on birth year, its 
square and cubic to control for nonlinear 
trends in fertility, and the first ten principal 
components. If the cohort included both men 
and women, we included sex as a covariate in 
the regression models. Next, we regressed the 
residuals from the previous regression on the 
polygenic score. 

AFB and NEB
We now examine whether the polygenic scores 
predict AFB and NEB.

OLS and Goodness-of-Fit
To test the variance explained or statistical 
power of our PGS on predicting the actual ob-
served AFB and NEB, we adopt two models. 
First, we performed a set of OLS regressions 
where we calculated the R-squared as an indi-
cator of goodness-of-fit of the regression 
model. For the twin studies (STR and Twins- 
UK), we included only one MZ twin in the anal-
ysis and used clustered standard errors at the 
family level. Because MZ twins share the same 
genetics, their PGS is identical. At the same 
time, DZ twins share on average 50 percent of 
their genetic variants, leading to correlated 
PGSs in the sample. Removing a random MZ 
twin for each family from the sample and us-
ing robust clustered errors in the analysis allow 
us to control for correlated observations in the 
analysis. To obtain 95 percent confidence in-
tervals around the incremental R-squareds, 
bootstrapping was performed with one thou-
sand repetitions.

The results of the polygenic score analyses 
are depicted in figure 1. The sample-size-
weighted mean predictive power of the AFB 
score constructed with all SNPs is 0.9 percent, 
and the NEB is 0.2 percent. On average, one 
standard deviation (SD) variation on the poly-
genic score for AFB is associated with 0.48 years 
(175 days) AFB for women and 0.33 years (120 

days) for men. In other words, those who score 
higher on the genetic continuum are more 
prone to having their first child later and have 
an observed delay in first birth of almost six 
months for women and four months for men. 
The variation of one SD in the polygenic score 
for NEB is associated with an increase of 0.04 
children on average. Although it is hard to 
think in terms of a “fraction” of a child for in-
dividuals, our results do indicate that those ge-
netically prone to have more children indeed 
have more. 

Cox Model of Age at First Birth
The previous OLS regression results for AFB 
include only those in the analysis who have a 
reported AFB. Logically, AFB is assessed only 
for men and women who ever became parents 
and does not take into account that a propor-
tion of respondents are still at risk of having a 
child (that is, did not have a child yet by the 
date of the interview) or will remain childless. 
This problem is commonly referred to in the 
statistical literature as right censoring because 
the outcome is not observed for all respon-
dents, even though some respondents may still 
experience the birth of their first child (Mills 
2011).

As touched on previously, to model age at 
first birth more appropriately, it is important 
to account for right-censored data. The previ-
ous OLS models included information for only 
those who had actually experienced a first 
birth. Many individuals, however, either did not 
have a first child by the time of the interview 
due to their age or are childless. These are re-
ferred to as right-censored cases. In an event 
history framework such as a Cox model, it is 
possible to include these cases by including the 
information about these individuals up to the 
date of the last observation (Mills 2011). For this 
reason, we estimated a second model in the 
form of a semi-parametric Cox regression 
model (Cox 1972) for the effect of the polygenic 
score on increasing the hazard of having a child 
conditional on age. This class of models takes 
into account censoring and is widely used to 
study fertility timing. Our results show that the 
calculated PGS for AFB based on all SNPs is as-
sociated with an increased risk of childbearing 
at any age (see tables 1 and 2). The median AFB 
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Figure 1. Variance Explained by AFB and NEB Polygenic Scores

Source: Authors’ calculations from the Health and Retirement Survey, LifeLines Cohort Study, Twins- 
UK, and STR.
Note: Calculated with the inclusion of SNPs at different levels of significance. Polygenic scores were 
calculated from the meta-analysis results excluding the validation cohort. The y-axis is the variance ex-
plained (R-squared from OLS regression with polygenic score as sole predictor). The x-axis represents 
the p-value inclusion threshold used in the construction of the polygenic score. The black line is the 
sample-size-weighted mean R-squared. Cohort-specific estimates and 95 percent confidence intervals 
obtained with one thousand bootstrap samples. Results are adjusted for birth cohort, first ten principal 
components, and sex. Clustered standard errors have been used for family-based studies.
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for men in the pooled sample is twenty-eight 
and twenty-six for women. The hazard ratio of 
the PGS for AFB is 0.92 for women and 0.97 for 
men. This means that an increase of one stan-
dard deviation in the PGS is associated with a 
decrease of 8 percent in the probability of hav-
ing a child at any age for women and 3 percent 
for men. Results for different cohorts and sex 
are presented in table 1.

Childlessness
We used the score for NEB in an additional 
analysis to predict the probability of remain-
ing childless at the end of the reproductive pe-
riod. Despite its limited predictive power in 
the previous OLS model of NEB, our analysis 
shows that an increase of one SD of the poly-

genic score is associated with a decrease of 
around 9 percent in the probability to remain 
childless for women, and that no significant 
differences among men are discernable (see 
table 3). The results are consistent across co-
horts.

To illustrate differences in childlessness by 
genetic predisposition, we estimated the pro-
portion of individuals without children by 
polygenic score, comparing individuals with 
extreme polygenic scores. Figure 2 shows that 
men and women with a PGS lower than the 
5th percentile are more likely to ever have had 
a child at any age compared to individuals in 
the 95th percentile. This underscores the rel-
evance of our genetic measures for fertility re-
search.

Table 1. Logit Regression of Childlessness on NEB Polygenic Score

Pooled Sample LifeLines STR TwinsUK

Women Men Women Men Women Men Women

Childless
PGS NEB (all SNPs) 0.911*** 0.979 0.904* 0.988 0.913 0.945 0.909*
SE (0.022) (0.037) (0.038) (0.043) (0.043) (0.081) (0.037)

N 17,465 10,126 5,411 4,536 7,795 5,590 4,259

Source: Authors’ calculations from LifeLines Cohort Study, TwinsUK, and STR.
Note: Age forty-five for women, fifty-five for men, using all SNPs on score. PGS = polygenic score; NEB = 
number of children ever born, SNPs = single nucleotide polymorphisms, exponentiated coefficients. Standard 
errors in parentheses.
*p < .05; **p < .01; ***p < .001

Table 2. Within Families Regressions

Regression coefficients
AFB
OLS

AFB
WF

NEB
OLS

NEB
WF

Beta (all SNPs) 0.508*** 0.317** 0.0623*** 0.0601*
(0.0450) (0.115) (0.00989) (0.0256)

Constant –0.00202 –0.00367 –0.00402 –0.00401
(0.0455) (0.0371) (0.0104) (0.00907)

N 11,613 11,613 14,206 14,206
R2 0.0118 0.00207 0.00280 0.00108
R2 within 0.00207 0.00108
R2 between 0.0131 0.00347
N groups 7,944 9,090

Source: Authors’ calculations from TwinsUK and STR.
Note: AFB = Age at first birth; NEB = Number of children ever born, SNPs = single nucleotide polymor-
phisms; OLS = ordinary least-squares regression; WF= within-family.
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Other Fertilit y- Rel ated Tr aits
We also wanted to know to what extent the lin-
ear PGS for AFB and NEB can predict related 
fertility traits, namely age at menarche and 
completed by age at menopause.

We used TwinsUK to model age at menarche. 
Age at menarche (AAM) has been assessed for 
6,838 women using the following question: 
“How old were you when you had your first 
menstrual period?” The average age at AAM in 
the sample is thirteen (SD = 1.59 years). To ex-
amine menopause, we used the age at meno-
pause measurement included in the Dutch Life-
Lines cohort. Age at menopause is measured 
with the question: “At what age did you have 
your last menstrual period?” We excluded 

women from the sample who reported having 
had their last menstruation before age thirty or 
after age sixty. The median age at natural meno-
pause (ANM) in the sample is forty-five.

Our results in table 4 indicate that those 
with a genetic propensity to have a later AFB 
also show a shift of the entire reproductive win-
dow, to both later onset of menarche and 
menopause. Table 4 shows that an increase of 
one standard deviation on the PGS of AFB is 
associated with an increase of 0.06 years, or just 
under one month (twenty-two days), on age at 
menarche. The PGS for AFB is likewise associ-
ated with a later ANM. Because a substantive 
proportion of the sample of women in Life-
Lines is still in the pre-menopausal period, we 

Table 3. Cox Regression Model, Age at First Birth on AFB Polygenic Score (all SNPs)

Pooled Sample LifeLines STR TwinsUK

Women Men Women Men Women Men Women

PGS AFB (all SNPs) 0.917*** 0.968** 0.944*** 0.978 0.871*** 0.960* 0.938***
(0.008) (0.010) (0.011) (0.014) (0.013) (0.015) (0.018)

N 16,132 9,136 7,154 4,611 5,409 4,525 3,569

Source: Authors’ calculations from LifeLines Cohort Study, TwinsUK, and STR.
Note: PGS = Polygenic Score; AFB = age at first birth, SNPs = single nucleotide polymorphisms. 
Exponentiated coefficients. Standard errors in parentheses.
*p < .05, **p < .01, ***p < .001

Figure 2. Kaplan-Meier Estimation of Childlessness by Age and by Polygenic Score

Source: Authors’ calculations from LifeLines Cohort Study, TwinsUK, and STR.
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estimated a proportional hazard model (Cox 
regression) in which we estimate ANM as a 
function of PGS for AFB. Our estimates indicate 
that having higher predisposition for AFB is 
associated with a later ANM. The hazard ratio 
estimate 0.97 indicates that an increase of one 
standard deviation of the PGS for AFB is asso-
ciated with a decrease of the occurrence of 
menopause at any age of about 3 percent.

Sensitivit y Tests
To test the robustness of our all-SNP polygenic 
scores, we estimated within family (WF) regres-
sions of AFB and NEB on polygenic scores. 
These regressions control for possible bias due 
to population stratification. Population strati-
fication refers to a systematic relationship be-
tween the allele frequency and the outcome of 

Table 5. OLS Regressions and Heckman Two-Stage Regression Models of AFB on Polygenic Score (Using All SNPs)

Pooled Sample LifeLines STR TwinsUK

OLS
Women

Heckman
Women

OLS
Men

Heckman
Men

OLS
Women

Heckman
Women

OLS
Men

Heckman
Men

OLS
Women

Heckman
Women

OLS
Men

Heckman
Men

OLS
Women

Heckman
Women

Main
PGS AFB 0.483*** 0.450*** 0.331*** 0.321*** 0.392*** 0.388*** 0.267*** 0.273*** 0.632*** 0.458*** 0.404*** 0.342*** 0.456*** 0.467***

(0.037) (0.036) (0.050) (0.049) (0.050) (0.049) (0.065) (0.065) (0.069) (0.064) (0.077) (0.073) (0.091) (0.086)
_cons 0.0058 –1.056*** –0.00942 –0.767*** 0.00625 –0.506*** –0.00697 –0.268*** 0.0269 –1.179*** –0.0126 –1.359*** –0.0217 –2.100***

(0.037) (0.042) (0.050) (0.053) (0.048) (0.052) (0.064) (0.065) (0.070) (0.078) (0.079) (0.087) (0.090) (0.120)

Ever had children
PGS NEB 0.0368*** 0.0355* 0.0315 0.0627 0.0459** 0.0231 0.0293

(0.010) (0.016) (0.020) (0.033) (0.015) (0.018) (0.019)
_cons 1.126*** 1.323*** 1.454*** 1.833*** 1.111*** 1.027*** 0.733***

(0.013) (0.019) (0.022) (0.036) (0.021) (0.023) (0.025)

Athrho
_cons 1.481*** 1.412*** 1.163*** 1.211*** 1.941*** 1.617*** 1.519***

(0.039) (0.050) (0.059) (0.083) (0.110) (0.070) (0.072)

lnsigma
_cons 1.605*** 1.611*** 1.458*** 1.500*** 1.679*** 1.719*** 1.749***

–0.00839 –0.0113 (0.012) (0.014) (0.014) (0.017) (0.019)

N 14,389 16,405 8,341 9,136 6,646 4,471 4,611 4,726 5,409 3,870 4,525 3,017 3,842
r2 0.012 0.006 0.010 0.004 0.019 0.007 0.009
rho 0.902 0.888 0.822 0.837 0.96 0.924 0.909

Source: Authors’ calculations from LifeLines Cohort Study, TwinsUK, and STR.
Note:  First stage selection models based  on NEB polygenic scores (all SNPs). AFB = age at first birth; NEB = number of 
children ever born, SNPs = single nucleotide polymorphisms; OLS = ordinary least-squares regression; WF = within-fami-
ly. Standard errors in parentheses.
*p < .05; **p < .01; ***p < .001

Table 4. Linear Prediction of Age at Menarche 
and Menopause Using AFB PGS Linear Score

Age at Menarche 
OLSTwinsUK

Age at Menopause 
Cox Survival 

Model LifeLines

PGS AFB 0.0560* 0.971*
(0.028) (0.012)

_cons 13.00***
(0.029)

N 3,424 6,923
R2 0.00694

Source: Authors’ calculations from LifeLines 
Cohort Study and TwinsUK.
Note: PGS = polygenic score. Standard errors in 
parentheses.
*p < .05; **p < .01; ***p < .001
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interest in different subgroups of the popula-
tion. Genetic similarity is often correlated with 
geographical proximity because human genetic 
diversity is the result of the history of popula-
tion migration, ethnic admixture, and residen-
tial segregation. In such studies, it is essential 
to clarify whether results are a true signal of 
similarities or merely attributable to the pres-
ence of two or more population subgroups hav-
ing different genetic or allele frequencies that 
are a result of a coincidence of being correlated 
with different levels of a particular trait. A com-
mon example is the chopsticks gene finding. 
In this fictional scenario, a geneticist wanted 
to discover why some people eat with chop-
sticks and others do not and found a consider-
able correlation to account for about half of the 
variance. The finding, however, was attributed 

Table 5. OLS Regressions and Heckman Two-Stage Regression Models of AFB on Polygenic Score (Using All SNPs)

Pooled Sample LifeLines STR TwinsUK

OLS
Women

Heckman
Women

OLS
Men

Heckman
Men

OLS
Women

Heckman
Women

OLS
Men

Heckman
Men

OLS
Women

Heckman
Women

OLS
Men

Heckman
Men

OLS
Women

Heckman
Women

Main
PGS AFB 0.483*** 0.450*** 0.331*** 0.321*** 0.392*** 0.388*** 0.267*** 0.273*** 0.632*** 0.458*** 0.404*** 0.342*** 0.456*** 0.467***

(0.037) (0.036) (0.050) (0.049) (0.050) (0.049) (0.065) (0.065) (0.069) (0.064) (0.077) (0.073) (0.091) (0.086)
_cons 0.0058 –1.056*** –0.00942 –0.767*** 0.00625 –0.506*** –0.00697 –0.268*** 0.0269 –1.179*** –0.0126 –1.359*** –0.0217 –2.100***

(0.037) (0.042) (0.050) (0.053) (0.048) (0.052) (0.064) (0.065) (0.070) (0.078) (0.079) (0.087) (0.090) (0.120)

Ever had children
PGS NEB 0.0368*** 0.0355* 0.0315 0.0627 0.0459** 0.0231 0.0293

(0.010) (0.016) (0.020) (0.033) (0.015) (0.018) (0.019)
_cons 1.126*** 1.323*** 1.454*** 1.833*** 1.111*** 1.027*** 0.733***

(0.013) (0.019) (0.022) (0.036) (0.021) (0.023) (0.025)

Athrho
_cons 1.481*** 1.412*** 1.163*** 1.211*** 1.941*** 1.617*** 1.519***

(0.039) (0.050) (0.059) (0.083) (0.110) (0.070) (0.072)

lnsigma
_cons 1.605*** 1.611*** 1.458*** 1.500*** 1.679*** 1.719*** 1.749***

–0.00839 –0.0113 (0.012) (0.014) (0.014) (0.017) (0.019)

N 14,389 16,405 8,341 9,136 6,646 4,471 4,611 4,726 5,409 3,870 4,525 3,017 3,842
r2 0.012 0.006 0.010 0.004 0.019 0.007 0.009
rho 0.902 0.888 0.822 0.837 0.96 0.924 0.909

Source: Authors’ calculations from LifeLines Cohort Study, TwinsUK, and STR.
Note:  First stage selection models based  on NEB polygenic scores (all SNPs). AFB = age at first birth; NEB = number of 
children ever born, SNPs = single nucleotide polymorphisms; OLS = ordinary least-squares regression; WF = within-fami-
ly. Standard errors in parentheses.
*p < .05; **p < .01; ***p < .001

to the different genetic or allele frequencies in 
Asians and Caucasians, who use cutlery and 
chopsticks to different extents—that is, cultural 
rather than genetic reasons.

By examining differences in the polygenic 
scores between DZ twins, WF regressions can-
cel out possible confounders due to the popu-
lation structure of the sample. Because DZ 
twins have the same family environment, re-
sults from a family fixed-effect regression 
model are net of any family-specific con-
founder, including ancestry. As we did in the 
standard model, we standardized NEB and AFB 
on birth year, birth year squared, birth year cu-
bic and sex. Our regressions are based on 7,944 
twin couples for AFB and 9,220 twin couples 
for NEB. Table 5 reports the results of standard 
OLS and WF statistical models.
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The regression analyses show that within 
family regression coefficients for both AFB and 
NEB are statistically different from zero when 
PGS are based on all SNPs. Both coefficients 
for AFB and NEB are larger than zero in within 
family analyses, confirming that the PGS un-
cover true polygenic signals. Overall, these re-
sults indicate a limited effect of population 
stratification and the existence of true poly-
genic signals.

A second potential problem is statistical se-
lection; that is, individuals with a measurement 
of AFB may be genetically distinct from those 
who remain childless. If childless individuals 
are different from the general population, the 
association results on AFB may be biased by 
selection problems. To understand whether 
and how these issues would influence our re-
sults, we estimated bivariate Heckman selec-
tion models in which we estimate the probabil-
ity of eligibility for AFB in a two-step procedure 
(Heckman 1974). Because we are interested in 
possible genetic differences among men and 
women who have had children rather than 
childless individuals, we used the PGS for NEB 
to model the probability of being at risk or eli-
gible for AFB. The results from the Heckman 
selection models indicate slightly lower coeffi-
cients than OLS regression models but no sub-
stantial differences (for details, see table 5). We 
can therefore conclude that statistical selection 
due to genetic distinctiveness between those 
who have had a child (for which we have a mea-
sure for AFB) and those who have not does not 
influence our results.

Discussion and Conclusion
The aim of this article is to demonstrate the 
power of polygenic scores of age at first birth 
and number of children in predicting the actual 
observed outcomes and related fertility traits 
and to ensure that these results were robust. 
Using an OLS regression model to estimate the 
overall variance explained or R-squared 
goodness-of-fit, we show that the predictive 
power of the AFB PGS was around 1 percent 
and of the NEB PGS was 0.2 percent. We also 
see that one SD increase in the AFB PGS is as-
sociated with an 8 percent reduction of the haz-
ard ratio of having the first child for women 
and with a 3 percent reduction for men. The 

NEB PGS can also be used to study childless-
ness, a one SD increase in the PGS decreasing 
the probability of remaining childless by 9 per-
cent in women. It is essential to distinguish 
clearly between, on the one hand, the predictive 
power or R-squared that looks at the proportion 
of variance explained with the OLS models and, 
on the other, our coefficients from the Cox re-
gression models. We need to think of the inter-
pretation of PGS as changes in one standard 
deviation of the PGS and how they are related 
to an increase or reduction in the hazard ratio 
of reproduction. It is likewise incorrect to state 
that a one SD of the PGS for AFB is associated 
with an 8 percent increase of AFB. Rather, our 
results are presented as relative risk ratios. One 
SD of the PGS for AFB is associated with an in-
crease of 0.5 years in AFB (and 0.3 years with a 
fixed-effect model, table 2). We acknowledge 
that it remains awkward and not immediately 
intuitive to interpret PGS in terms of SD 
changes and survival models in terms of hazard 
and relative risk ratios. For the time being this 
remains the prominent manner to interpret 
these findings.

Our results also demonstrate a fascinating 
underlying genetic link with the shifting of the 
entire reproductive window for certain individ-
uals. The AFB PGS is clearly linked to develop-
ment and the reproductive window, those hav-
ing a genetic propensity to later AFB also 
having a later genetic propensity for the onset 
of menarche and ANM. Detailed LD-Score re-
gression analyses have indeed shown a strong 
genetic association between human develop-
ment and AFB, including age at voice-breaking 
for boys and age at first sex (Bulik-Sullivan et 
al. 2015; Barban et al. 2016). A recent study also 
found that our AFB PGS is linked to longevity 
(Mostafavi et al. 2017).

Several conclusions are indicated. First, the 
predictive power of our polygenic scores when 
entered alone in the model remains consider-
ably lower than previous research would indi-
cate. Recall that the R-squared goodness-of-fit 
tests show a predictive power of the linear AFB 
PGS of around 1 percent and 0.2 percent for 
NEB. This is a fraction of what previous twin 
and family studies have found, which pre-
dicted these outcomes to be between 25 per-
cent and 45 percent heritable (Mills and Tropf 
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2016). It is also much lower than recent SNP-
based GREML whole-genome methods that 
predicted that 15 percent for AFB and 10 per-
cent for NEB of the variance was attributed to 
genetic factors (Tropf, Stulp, et al. 2015). In 
other words, the ceiling of SNP heritability 
should likely be more in the range of 10 to 15 
percent than 1 percent. Missing heritability 
can be explained several ways, including non-
additive genetic effects, epistatic effects, and 
inflated estimates from twin studies due to 
shared environmental factors (missing herita-
bility, Manolio et al. 2009; nonadditive effects, 
Zhu et al. 2015; epistatic effects, Zuk et al. 2012; 
inflated estimates, Felson 2014). Empirical 
studies, however, find no evidence for any of 
these reasons.

Jian Yang and his colleagues argue that most 
genetic effects are too small to be reliably de-
tected in GWAS of current sample sizes, which 
is why they propose the whole-genome re-
stricted maximum likelihood estimation per-
formed by GCTA software (Yang et al. 2010, 
2011). Studies applying these whole-genome 
methods typically yield estimates with predic-
tive power between twin studies and polygenic 
scores. A recent investigation also demon-
strates that including rare genetic variants can 
strongly increase the predictive power of genes 
for body mass index (BMI) and height (Yang, 
Bakshi, Zhu, Hemani, Vinkhuyzen, Lee, et al. 
2015). Similarly, the first meta-GWAS on educa-
tional attainment produced three significant 
hits with small effect size and a total predictive 
power based on all SNPs of 2 percent (Rietveld 
et al. 2013). Meanwhile, the most recent meta-
GWAS, which finds seventy-four significant 
hits, explains around 3.2 percent of the ob-
served variance (Okbay, Beauchamp, et al. 
2016). This refers to the predictive power of 
SNPs, though not all SNPs, which is the same 
approach used in our study. The main differ-
ences between the studies are the increased 
sample size in the latter study as well as the 
inclusion of more genetic variants. Current pre-
dictions are that these differences will only con-
tinue to increase with the release of larger da-
tasets such as the UKBiobank. We therefore 
anticipate that in future GWAS studies, as sam-
ple sizes grow and including more detailed ge-
netic information becomes possible, these 

traits will be more in the range of 10 to 15 per-
cent. Our PGS scores as they stand, however, 
still had a notable predictive power for the tim-
ing of first birth and childlessness.

Another explanation is possible. A recent 
study on fertility suggests that next to rare vari-
ants and insufficient sample size, GWAS dis-
coveries might be limited by heterogeneity 
across cohorts and birth cohorts under study 
(Tropf et al. 2017). Heterogeneity can arise on 
the phenotypic level if the phenotypic measure-
ment differs across cohorts and birth cohorts, 
on the genotypic level if linkage disequilibrium 
differs across populations under study, and by 
gene-environment interaction. They find that 
the predictive power of the whole-genome 
methods increases as much as fivefold when 
heterogeneity across cohorts and birth cohorts 
is taken into account. Investigations on height 
and BMI find barely evidence for genome-wide 
heterogeneity across countries and sexes (Yang, 
Bakshi, Zhu, Hemani, Vinkhuyzen, Nolte, et al. 
2015). Fertility is in large part environmentally 
determined and modified (Mills et al. 2011). It 
is therefore highly likely that gene-environment 
interaction across the more than sixty cohorts, 
as well as across birth cohorts within cohorts, 
limited genetic discovery in the most recent 
GWAS and leads to comparably small predic-
tive power of the polygenic scores.

It is also not surprising that genetic factors 
are not especially strong in predicting repro-
ductive behavior. A large body of social science 
research has consistently demonstrated that 
socio-environmental conditions are key factors 
shaping human reproduction. We know that 
women’s higher educational attainment and 
presence in the labor market has resulted in 
postponed entry into parenthood (Balbo, Bil-
lari, and Mills 2013). Another obvious point is 
that the models presented in this article are 
not multivariate models. When the gold stan-
dard social science variables that predict AFB 
and NEB such as age at entry into a union or 
marriage and educational attainment are en-
tered alone in a model, they also have low pre-
dictive power (from 6 to 15 percent). It is there-
fore artificial and unusual within the social 
sciences to enter only one predictor in a model 
and to not consider confounders or interac-
tions. The purpose of this article, however, is 
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to introduce and demonstrate the polygenic 
scores in the hope that others will include and 
interrogate these further in multivariate mod-
els.

Genetics is likewise only one piece of the 
puzzle and in this study, we examine only one 
type of genetic variants (SNPs) and consider 
only one of the many possible biological and 
genetic ways in which individuals may vary. 
Other sources of molecular genetic variation 
remain to be discovered. We plan to examine 
our work further with denser genotyping plat-
forms. Other GWAS studies for complex traits 
such as diseases have also consistently identi-
fied common variants with small effects, 
which explain only a small proportion of the 
trait of interest. This does not affect the bio-
logical importance of the findings, however, 
because many follow-up studies that have iso-
lated particular genetic loci have the potential 
to substantially improve our understanding 
of human biology. In the context of human 
disease, for example, variants identified by 
GWAS for diabetes and cardiovascular dis-
eases “tag” genes that encode well-known 
drug targets for the treatment of such dis-
eases. This implies that a further understand-
ing of the genes underlying the associations 
we identified for reproductive behavior may 
result in new reproductive strategies such as 
those for assisted reproductive technology 
treatment.

For social scientists who study reproductive 
behavior, we offer and provide an entirely new 
variable and way of theoretically thinking 
about and measuring human reproductive be-
havior. These polygenic scores for AFB and 
NEB will also be easily usable in publicly avail-
able datasets, which will allow researchers to 
include these predictors in their research. 
These PGS scores show that a genetic compo-
nent underlies AFB and NEB and is related to 
other fertility traits such as childlessness, 
menarche, and menopause. This may force us 
to rethink existing behavioral theories that 
rarely included biology and genetics in their 
largely choice and preference-based theoreti-
cal models, such as the Theory of Planned Be-
havior, often used in social science fertility re-
search (Ajzen 1991).
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which they might covary. Early investigations 
into this issue did not find evidence for geo-
graphic clustering of genetic risk at the state 
level (Rehkopf, Domingue, and Cullen 2016). 
However, such studies focused only on genetic 
risks for physical health outcomes (coronary 
artery disease, diabetes, and ischemic stroke), 
quantified these genetic risks in a limited man-

Geographic Clustering of 
Polygenic Scores at Different 
Stages of the Life Course 
Benja min W. Domingue,  David H.  Rehkopf,  
Dalton Conley,  a nd Jason D.  Boardm a n

We interrogate state-level clustering of polygenic scores at different points in the life course and variation in 
the association of mean polygenic scores in a respondent’s state of birth with corresponding phenotypes. The 
polygenic scores for height and smoking show the most state-level clustering (2 to 4 percent) with relatively 
little clustering observed for the other scores. However, even the small amounts of observed clustering are 
potentially meaningful. The state-mean polygenic score for educational attainment is strongly associated 
with an individual’s educational attainment net of that person’s polygenic score. The ecological clustering of 
polygenic scores may denote a new environmental factor in gene-environment research. We conclude by dis-
cussing possible mechanisms that underlie this association and the implications of our findings for social 
and genetic research.

Keywords: polygenic scores, genetics, geography

The geographic clustering of specific genotypes 
could be an important biosocial pathway 
through which observed spatial correlations of 
morbidities and related health and social char-
acteristics materialize (Kindig and Cheng 2013; 
Murray et al. 2006). Likewise, such potential 
clustering may complicate efforts to disentan-
gle genetic from environmental influences with 
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ner (using only genome-wide significant vari-
ants), and focused on the geographic concen-
tration of genetic risk at birth. They thus did 
not allow for the potential dynamic of geo-
graphic mobility within a single generation, 
which may lead to an increase in the spatial 
patterning of genetic risk later in life. The test 
for such clustering at different stages of the life 
course adds an important new dimension to 
the health and aging literatures.

It has long been known that genotypes are 
not distributed randomly across environments 
(Plomin, DeFries, and Loehlin 1977). Within 
this literature, some models of gene-
environment interplay have incorporated a life 
course perspective, but there is as of yet little 
empirical evidence about specific traits and pe-
riods of the life course in which genotypes will 
become increasingly or decreasingly clustered 
in particular environments (Shanahan and 
Boardman 2009). The active gene-environment 
correlation (rGE) hypothesis is especially sa-
lient here as it suggests that people actively se-
lect into environments as a function of their 
genotype. We can evaluate the salience of this 
active rGE hypothesis by examining genetic 
clustering at the state level at different points 
of the life course—that is, when individuals 
have low degrees of autonomy to sort them-
selves genetically (childhood) and when they 
do have the agency and freedom to change en-
vironments (adulthood). Thus, evaluating 
whether life course-related, inter-state mobility 
is associated with changes in geographic con-
centration in genetics would provide critical 
information about migration in the gene-
environment interplay paradigm.

This observation motivates the first ques-
tion in this study: is there any evidence for the 
geographic clustering of genotypes, as opera-
tionalized by polygenic scores, at different 
points in the life course (Belsky and Israel 2014; 
Dudbridge 2016)? 

Genetics and the Life Course
Life course research begins with the observa-
tion that individual development is a constant 
exchange between the specific characteristics 
of individuals and their social, physical, and 
cultural environments (Elder 1998). A large 
body of work has examined the concordance 

and discordance of behavioral and personality 
traits among very young twin pairs to estimate 
the extent to which genes contribute to specific 
traits. Two main observations emerge from this 
work. First, nearly all traits of interest to behav-
ioral and social scientists—such as health, 
physical size, communication skills, cognitive 
ability, and behavioral disinhibition—are mod-
erately influenced by genetics in which genes 
account for roughly one-third to one-half of 
their overall variation (Turkheimer 2000; Pol-
derman et al. 2015). Second, the relative con-
tribution of genes to many behavioral traits  
can change considerably over the life course. 
A particularly striking example of the latter is 
known as the Wilson effect (Bouchard 2013), 
which suggests that the heritability of cognitive 
ability increases as individuals age. The gene-
environment typology anticipates such varia-
tion as a consequence of shifting environmen-
tal exposures. However, shifting environmental 
exposures may themselves be related to geno-
type and such a possibility has important im-
plications (Jaffee and Price 2007).

In the endeavor to understand the role of 
genetics in human behavior and well-being, a 
question of fundamental import is whether or 
not specific genetic polymorphisms affect com-
plex traits similarly across different environ-
ments. Straightforward identification of gene-
environment interactions (GxE) rests on the 
assumption that genes and environments are 
independent. Others have made clear that our 
ability to detect and understand GxE associa-
tions are seriously compromised in the face of 
rGE (Jaffee and Price 2007; Fletcher and Conley 
2013). For example, early evidence suggested 
that sensitivity to stressful life events is condi-
tioned by genotype. Individuals who have ex-
perienced the same stressful life event may 
have different mental health responses. Avsha-
lom Caspi and colleagues suggest that some of 
this difference is due to the presence of the S’ 
allele in the 5HTTLPR locus, which is linked to 
serotonergic production and maintenance 
(2003). However, evidence indicates that carri-
ers of this short allele may be more likely than 
others to be exposed to increased levels of 
stress or different types of stress (Risch et al. 
2009). In that event, the proposed GxE inter
action may be better characterized as an rGE 
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association (Culverhouse et al. 2017). Such com-
plications may help explain the mixed replica-
tion history for this finding and for GxE find-
ings in the candidate gene literature more 
generally (Duncan and Keller 2011). To avoid 
this concern, researchers have made efforts to 
use environmental exposures that are most 
likely to be independent of genotype (Schmitz 
and Conley 2016; Domingue, Liu, Okbay, and 
Belsky 2017).

Others have used state of residence for these 
purposes arguing that selection of state of res-
idence is unlikely to be driven by genetic fac-
tors—for example, smokers choosing a state of 
residence based on its pro-smoking features 
(Boardman 2009). With longitudinal data, we 
have some capacity for evaluating this claim. 
Specifically, we present statistical estimates 
that characterize the extent to which specific 
genetic polymorphisms linked to important 
outcomes are clustered across U.S. states. We 
pay particular attention to differences in these 
estimates at different stages of the life course.

Mechanisms Rel ated to Gene-
Environment Correl ation
We consider several potential mechanisms (ac-
tive, passive, evocative, and mortality selection) 
through which gene-environment correlations 
come to be and how they may be related to the 
specific phenotypes we investigate as well as 
different periods in the life course. Active gene-
environment correlations exist when individu-
als select into specific environments because of 
genetic polymorphisms that are linked to par-
ticular phenotypes and endophenotypes. Con-
sider, for example, individuals for whom a 
healthy lifestyle—including the avoidance of 
tobacco products—is, in part, genetically influ-
enced. Over time, it is possible that such indi-
viduals may select to live in states that provide 
a greater access to outdoor activities and other 
cardiovascular health-enhancing behaviors.

In contrast to active rGE, passive rGE is a 
situation in which children inherit their genes 
and their environments from their parents. 
This may simply reflect a form of population 
stratification, along the lines of what has been 
shown on a comparable geographic scale (No-
vembre et al. 2008; Nelis et al. 2009; Han et al. 
2017). We hypothesize that the effect of passive 

rGE will be most pronounced when state of 
residence is measured at birth. Relatedly, the 
evocative rGE mechanism occurs when specific 
genotypes evoke specific environments. The 
most common example is that genetically ori-
ented behaviors in childhood such as hostility 
or irritability may evoke more harsh parenting 
and educational environments for certain chil-
dren (Jaffee and Price 2007). This model gener-
ally focuses on younger children who have lim-
ited capacity to select into environments but 
who may evoke certain environmental re-
sponses, such as from parents or teachers. As 
in regard to active and passive rGE, we again 
suspect that the effect will be most pronounced 
when measured at state of birth (though the 
role of evocative rGE may be limited in this 
study given the nature of phenotypes we con-
sider). Although the evocative rGE model may 
be relevant to elderly populations when con-
sidering housing selection toward the end of 
life, the likelihood that one’s genetic charac-
teristics would evoke selection into a specific 
state of residence seems implausible. We there-
fore focus on active and passive forms of rGE 
in our interpretation.

Finally, we consider a form of observed rGE 
that is rarely discussed in the rGE literature but 
that has special import given the nature of our 
sample of surviving older respondents (Zaja-
cova and Burgard 2013). Our state-level esti-
mates of average polygenic score (PGS) levels 
(and by extension, rGE and social genetic ef-
fects) are confounded by mortality selection in 
which the composition of those in the sample 
is increasingly the most healthy. Because the 
social and environmental characteristics of 
state or smaller places of residence may affect 
mortality, we could see greater state-level intra-
class correlations (ICCs) later in the life course 
due to differential mortality associated with 
genotype (see Deaton and Lubotsky 2003).

Mechanisms Rel ated to 
Ecological Penetr ance
We consider the penetrance (association of 
genotype and phenotype) of the polygenic 
scores at both the individual and ecological 
(that is, state mean) level. Differences in pen-
etrance between these two levels must be in-
terpreted with care. We do not have the neces-
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sary data to make fine-grained distinctions 
about the mechanisms driving increased eco-
logical penetrance and thus focus on asking 
about the operation of a single mechanism. 
Specifically, we ask whether penetrance has in-
creased at the ecological level net of an indi-
vidual’s genetic endowment. This could sug-
gest that the genetic load of an individual’s 
within-state neighbors are predictive of an in-
dividual’s response, that is, social genetic ef-
fects, thus leading to a larger ecological than 
individual-level penetrance (Domingue and 
Belsky 2017). This mechanism would be poten-
tially observable via the predictive power of the 
mean level of a polygenic score in the state net 
of an individual’s own polygenic score. How-
ever, a number of alternative mechanisms are 
also explanations for such a finding. The pres-
ence of direct environmental or GxE effects 
where the environmental influence is orthogo-
nal to the effect of the mean polygenic score, 
attenuation due to measurement error, aggre-
gation bias, and other nonlinearities could also 
drive increased ecological correlations. Uncer-
tainty about the meaning of aggregate relation-
ships would not be unique to this type of soci-
ogenomic inquiry but may still provide insight 
into areas of GxE research that need proceed 
with caution (Mellor and Milyo 2001; Wilkinson 
1996).

Data
We use data from the Health and Retirement 
Study (HRS). The HRS is a biennial survey of 
older Americans (age fifty and older), focusing 
on their health, family structure, and socioeco-
nomic status. Due to the lack of comparability 
of genetic association results using the poly-
genic score approach across racial groups (Carl-
son et al. 2013; Martin et al. 2017), we focus on 
8,629 respondents of European ancestry, as 
identified by their genetic data, born between 
1905 and 1974 (mean = 1938, IQR = 1938–1946). 
We use behavioral, medical, and anthropomet-
ric measures.

Measures
We describe the individual-level variables 
used in this study and provide their mean and 
standard deviation (SD) as operationalized 
here.

Alzheimer’s disease (M = 0.06, SD = 0.23): 
whether a respondent reported ever having 
memory-problems (waves 1–9) or Alzheim-
er’s (waves 10–11).

Body mass index (M = 29.7, SD = 6.0): maxi-
mum (Stokes and Preston 2016) over avail-
able waves.

Heart disease (M = 0.39, SD = 0.49): a binary 
indicator of whether a respondent ever re-
ported heart disease.

Education (M = 13.2, SD = 2.5): total years of 
educational attainment.

Smoking (M = 0.57, SD = 0.50): an indicator 
of whether a respondent ever reported 
smoking.

Height (M = 1.7, SD = 0.1): maximum re-
ported height.

Depression (M = 3.0, SD = 2.3): maximum 
number of Center for Epidemiological 
Studies-Depression (CESD) symptoms over 
all waves.

Arthritis (M = 0.75, SD = 0.43): an indicator 
of whether a respondent ever reports arthri-
tis.

States of Residence
Respondents’ state of residence at each wave 
of data collection is recorded as well as the state 
of birth and schooling for the respondent. Use 
of these geographic measures is complicated 
by the sampling scheme of the HRS. HRS em-
ploys a multistage sampling design. The first 
stage of sampling is metropolitan statistical 
areas (MSAs) or non-MSA U.S. counties. Current 
residents of states that contain MSAs or coun-
ties sampled by HRS may be represented in the 
HRS sample independently of where they were 
born. At the first wave of HRS data collection 
in 1992, respondents were in thirty-seven states 
plus the District of Columbia. We have a mini-
mum of two respondents in a state and a max-
imum of 377 (mean = 105, SD = 76, IQR = 59–
135). HRS respondents had to live in one of the 
MSAs at the time of data collection to be eli-
gible for HRS, but many residents of these 
MSAs would have come from elsewhere in the 
country. As a consequence, the HRS sample was 
born across all fifty states and the District of 
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Columbia. States have as few as one birth and 
as many as 646 (mean = 163, SD = 151, IQR = 
40–240).

The sampling frame of U.S. MSAs and coun-
ties has two implications. First, people are sam-
pled in a narrow geographic region in later life 
relative to where they were born. Thus, we an-
ticipate more clustering later in life because of 
the geographic clustering induced by the sam-
ple design relative to at birth purely as a func-
tion of sample design. Furthermore, this re-
stricts the generalizability of our findings in 
some respects since the HRS is not meant to 
be a representative sample at the state level. 
Second, not all states are represented in the 
baseline HRS survey, although HRS did sample 
from the most populous states, minimizing the 
negative implications for generalizability. To 
examine the degree to which our findings may 
fail to generalize due to the sampling scheme, 
we compared those who left their birth state at 
some point in the HRS to those who did not. 
The movers were heavier, had less education, 
and were more likely to have smoked. Thus, 
findings may be somewhat specific to the sam-
ple analyzed here.

Genetic Data
Genetic data for the HRS is based on single 
nucleotide polymorphisms (SNPs) collected via 
two methods. The first phase was collected via 
buccal swabs in 2006 using the Quiagen Auto-
pure method. The second phase used saliva 
samples collected in 2008 and extracted with 
Oragene. Genotype calls were then made based 
on a clustering of both data sets using the Il-
lumina HumanOmni2.5–4v1 array (for a de-
tailed report on the HRS genetic data, see Weir 
2012). SNPs are removed if they are missing in 
more than 5 percent of cases, have low minor 
allele frequency (0.01), and are not in Hardy-
Weinberg equilibrium (p < .001). We retain ap-
proximately 1.7 million SNPs after removing 
those that did not pass the quality control fil-
ters. We focus on non-Hispanic whites for sev-
eral reasons. First, allele frequency differences 
make direct comparisons of the distributions 
of polygenic scores across populations impos-
sible. Second, due to differences in patterns of 
linkage, Genome-Wide Association Study 
(GWAS) results discovered in European sam-

ples may not replicate in non-European sam-
ples (Carlson et al. 2013) and scores constructed 
from such results will perform differently out 
of sample (Martin et al. 2017). Third, the non-
white sample of genotyped HRS respondents 
shows substantial selection relative to the non-
Hispanic white sample (Domingue, Belsky, 
Harrati, Conley, Weir, and Boardman 2017).

Polygenic Score Construction
We constructed polygenic scores (PGS) using 
published GWAS results. We computed scores 
for Alzheimer’s (Lambert et al. 2013), BMI 
(Locke et al. 2015), educational attainment (Ok-
bay et al. 2016), cardiovascular disease (Schun-
kert et al. 2011), smoking (Tobacco and Genet-
ics Consortium 2010), height (Wood et al. 2014), 
major depressive disorder (Ripke et al. 2013), 
and rheumatoid arthritis (Okada et al. 2014). 
These were selected to cover a range of health, 
anthropometric, and behavioral outcomes. 
Briefly, polygenic scoring was done with the 
PLINK software (Chang et al. 2015) using a pre-
viously discussed pipeline (Conley et al. 2016). 
SNPs in the HRS genetic database were matched 
to SNPs with reported results in a GWAS. For 
each SNP, a loading was calculated as the num-
ber of phenotype-associated alleles multiplied 
by the effect-size estimated in the original 
GWAS. Loadings were summed across SNPs to 
calculate the polygenic score. Scores were first 
residualized on the top ten PCs computed only 
among the non-Hispanic white respondents of 
HRS and then standardized to have a mean of 
zero and standard deviation of one for analysis 
for ease of interpretation.

Modeling of Genot ype and 
Phenot ype Clustering
Our analytic strategy for the detection of ge-
netic clustering involves models of the form

	 Gis = α + us + eis,	 (1)

where Gis is the polygenic score for individual 
in the s-th state. Most importantly, eis captures 
the individual-level error term and us is a state-
specific random intercept (capturing either 
state of birth or state of current residence). We 
assume that us~Normal(0, σ2

u) and then con-
sider
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	 ICC =     
σ2

u	 .	 (2)

This quantity, the state-level ICC coefficient, 
is our key index of genetic concentration. That 
is, the contribution of σ2

u  to overall variation in 
polygenic risk (σ2

u + σ2
e) is summarized as a ratio 

that simply describes the proportion of genetic 
variance nested within states.

Models for Penetr ance
To further evaluate the extent to which states 
matter for the clustering of specific phenotypes 
and their corresponding PGS values, we first 
compare individual-level correlations between 
each trait and the PGS for that trait with eco-
logical correlations (for example, average state-
level education with average state-level PGS) 
focusing on state at birth. Instances in which 
the ecological correlation exceeds what we 
would expect based on the individual-level cor-
relation provide further support for importance 
of gene-environment interplay. We then pres-
ent results in which we model the individual 
and ecological contributions of PGS to individ-
ual phenotype. For outcome yis (where individ-
ual i is born in state s), we consider

	 yis = α + b1 gis + b2 gs + us + controls + εis.	  (3)

We consider both individual-level PGS (gis) 
and state-average PGS value (gs) to evaluate con-
tributions of average genotype to state-level 
variation in each phenotype net of individual 
genetic endowments. Standard errors are cor-
rected for state-level clustering (Zeileis 2004). 
We include demographic covariates (sex and 
birth year) as controls.

We also consider two sensitivity analyses re-
lated to equation (3). First, we estimate equa-
tion (3) in decennial birth cohorts to ensure 
that mortality selection and the changing sa-
lience of educational attainment are not driv-
ing our findings. Second, we further explore 
mortality selection via the use of weights previ-
ously discussed (Domingue, Belsky, Harrati, 
Conley, Weir, and Boardman 2017). These 
weights predict mortality prior to the genotyp-
ing window in HRS based on year of birth and 
a number of health conditions as well as edu-
cational attainment. We then use them as in-
verse probability weights to consider the sen-

σ2
u + σ2

e
sitivity of key findings to the fact that the HRS 
genetic data does not contain information on 
respondents who died prior to 2006 (Cole and 
Hernán 2008).

State- Level Clustering of 
Phenot ypes
We first consider the state-level clustering of 
the phenotypes to establish benchmarks for 
interpreting the state-level genetic concentra-
tions. The left panel of figure 1 summarizes 
state-level clustering for each trait at birth and 
then in later life. As described, these estimates 
characterize the proportion of variation for 
each trait that is due to clustering at the state 
level. An ICC of zero would indicate identical 
average education scores across all states (that 
is, all the variation occurs within states) and an 
ICC of one would indicate that there was no 
individual variation within states. In our anal-
ysis, the overall contribution of state of resi-
dence and state of birth are relatively small for 
all of the traits that we examine (for example, 
ICCs < 5 percent) but the magnitude of these 
ICCs are in line with other work in this area 
(Mehta and Chang 2009).

Education is a clear outlier in having state-
level ICC values that are considerably higher 
than the other traits at all points of the life 
course. Differences are clear in resources (such 
as tax levels to support education), structures 
(such as city, county, and state differences in 
the governance and support of districts), and 
opportunities (such as labor demands for dif-
ferent levels of skills) that would translate to 
observable differences across states. Education 
is also the only trait that shows a substantial 
increase in state clustering across the latter 
part of the life course. We note two potential 
explanations. First, it may indicate that states 
with higher average levels of education also 
have lower mortality rates, and the composi-
tion of those with more education becomes 
more pronounced in certain states as a result. 
This is particularly important given the increas-
ing levels of morbidity and mortality among 
middle-aged white adults in the United States 
(Case and Deaton 2015). Second, it could be due 
to migration associated with retirement. Both 
of these processes could in fact be acting in 
tandem to drive this increase.
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State- Level Clustering of 
Polygenic Scores (rGE)
We now consider one of the primary goals of 
this paper: to evaluate the degree of PGS clus-
tering at the state level. The right side of figure 
1 characterizes these magnitudes and how they 
change as a function of when in the life course 
state of residence is measured. We observe the 
largest clustering for the height and smoking 
polygenic scores. For these scores, observed 
clustering is higher than for any phenotype 
other than education. For education, we ob-
serve between 1 and 2 percent of the overall 
variation in the score to be clustered within 
state at any point in the life course. Next we 
explore the potential relevance of this cluster-
ing.

Ecological Versus  
Individual Penetr ance
We now turn to considerations of penetrance 
at the individual and ecological level based on 
state of birth. By comparing the individual and 

ecological correlations, we can provide indi-
rect evidence for potential environmental en-
hancement of rGE through mechanisms that 
are generally, and perhaps incorrectly, charac-
terized as GxE associations. In figure 2, the 
light gray bars focus on the correlation of in-
dividual phenotypes and PGSs. At the individ-
ual level, the largest observed association is (r 
= .26) is for BMI followed by education (r = .23) 
and height (r = .22). The darker bars in this 
figure depict state-level ecological correla-
tions. Consider first height. The individual and 
ecological correlations are roughly compara-
ble, suggesting a situation in which the trans-
lation of height-related genetics to physical 
stature is an individual-level phenomenon. 
This is perhaps intuitive given our understand-
ing of physical growth as a largely within-
person phenomenon.

But the story is quite different for depres-
sion, smoking, and education. In these cases, 
ecological correlations are larger than the in-
dividual correlations. This suggests the possi-

Figure 1. State-Level Clustering and Their Corresponding Polygenic Scores Across the Life Course

Source: Author’s calculations based on HRS Rand files and genetic data (Weir 2012).
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ble existence of higher-order process through 
which environmental differences (such as the 
mean genetic endowment within a state) are 
moderating the genotype-phenotype associa-
tion when considered at higher levels (other 
explanations are also possible, we return to 
these in discussion). Consider the ecological 
correlation between the state mean education 
and the associated PGS (r = 0.61). This is 2.7 
times the individual-level correlation and pro-
vides clear evidence that there is something ad-
ditional of interest occurring in the context of 
states. To further interrogate this possibility, 
we examine analyses in which we predict indi-
vidual phenotype using both individual and 
state-level genotype.

In figure 3, we consider estimates from equa-
tion (3). Returning to height, as expected, the 
state-level PGS did not offer any predictive 
power net of individual PGS. We observe similar 
results for smoking, heart disease and BMI, sug-
gesting that, for these phenotypes, little residual 
information is left in the state-mean polygenic 
score. However, we observe markedly different 

findings for depression and educational attain-
ment. For these phenotypes, the state-mean 
PGS predicts net of one’s polygenic score. We 
conducted two additional sensitivity analyses. 
First, we adjusted results for mortality selection 
prior to genotyping. Results were comparable; 
after weighting, the coefficient for state-level 
PGS mean was 0.08 (se = 0.012) for educational 
attainment and 0.08 (se = 0.012) for depression 
in their respective analyses. Second, we consid-
ered analyses for education restricted to the 
birth cohorts of the 1930s and 1940s to deter-
mine how sensitive results were to the changing 
salience of education over the years represented 
in the HRS birth cohorts. Again, findings were 
largely consistent. For 1930–1939 births, we es-
timated a coefficient of 0.06 (se = 0.020) for the 
mean educational attainment PGS. For 1940 to 
1949 births, the respective estimate was 0.10 (se 
= 0.021). This allows for the possibility of a cru-
cial role being played by the environment in de-
termining how quantities of human capital de-
velop; that is, these phenomena may have 
important between-person mechanisms.

Figure 2. Correlations Between Polygenic Risk Scores and Their Corresponding Traits at Individual  
and Ecological Levels

Source: Author’s calculations based on HRS Rand files and genetic data (Weir 2012).
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Discussion
This study focuses on the potential for geo-
graphic clustering and moderation of genetic 
effects across a number of outcomes important 
for both mental and physical health. Polygenic 
scores demonstrate different magnitudes of 
clustering with most scores showing relatively 
little clustering. These results are important for 
research in gene-environment interaction re-
search because the environment is often be-
lieved to be independent of genotype. Earlier 
work relied on the assumption that the state of 
residence was unlikely to be associated with 
specific genetic polymorphisms associated 
with specific genetic polymorphism. Thus, 
states were ideal candidates for the study of 
GxE given their relative exogeneity (Boardman 
2009). This work noted the potential implica-
tions of rGE between specific polymorphisms 
and state of residence, but was unable to test 
this assumption given the lack of appropriate 
molecular data at that time.

Here, we are able to provide estimates about 
the likelihood of this type of selection bias. 

This clustering is indeed small, but also similar 
to the observed phenotypic clustering in many 
cases. Genes related to smoking were among 
the most concentrated. It is unclear whether 
this selection affects the previously reported 
GxE results at the state level (Boardman 2009). 
Even the small amounts of genetic clustering 
observed in figure 1 may be substantively im-
portant depending on the genetic penetrance 
for that phenotype (for example, weak genetic 
concentration for a highly penetrant phenotype 
might be of interest).

Indeed, there do seem to be occasions in our 
data in which relatively weak geographic PGS 
concentrations lead to provocative associa-
tions. In particular, we observe cases where eco-
logical correlations are substantially larger 
than individual correlations. Moreover, for de-
pression and education, we have evidence to 
suggest that the state-level mean polygenic 
score for these traits is predictive of the trait 
net of an individual’s own genetic endowment. 
This might be so for a number of reasons. One 
set of explanations is mechanical. For example, 
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Source: Author’s calculations based on HRS Rand files and genetic data (Weir 2012).
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misspecification at the individual level (such 
as nonlinearity in the penetrance of the PGS or 
measurement error) or even the nonrepresen-
tative geographic sampling scheme of the HRS 
may lead to the inflated ecological correlations

An alternative explanation has to do with 
the nature of the phenotype. Although we can-
not rule out mechanical reasons for our obser-
vations in figure 3, one key distinction merits 
attention. Educational attainment is a social 
phenotype. The very act of accruing years of 
education is a process that is typically pro-
vided by society and co-occurs with one’s age 
peers. These facts may help explain our find-
ings in a number of ways. Having neighbors 
more inclined themselves toward education 
may bolster the effects of existing public edu-
cation infrastructure because of greater sup-
port, via increased funding, for example, of 
educational programs. Such a mechanism is 
potentially related to the dual inheritance of 
genes and culture (Cavalli-Sforza and Feldman 
1981). To the extent that the educational PGS 
merely reflects subtle genetic stratification 
that itself is correlated with cultural (or other 
environmental) conditions associated with ed-
ucational attainment, what we report here 
could be confounded. Previous work uses sib-
ling models to show the robustness of the PGS 
within families (after breaking any ancestry-
PGS confounding) so at least some evidence 
suggests that the influence of confounding 
should be relatively limited (Domingue et al. 
2015; Conley et al. 2015; Rietveld et al. 2014). 
That said, confidence in a lack of confounding 
at the individual level may not easily translate 
to the aggregate level. Social mechanisms also 
have a role in the etiology of depression, but 
research on the extent to which the results 
from that GWAS are susceptible to confound-
ing is scant (Thoits 1995).

Findings related to the educational attain-
ment polygenic score are consistent with the 
existence of “social genetic effects” but not dis-
positive (Domingue and Belsky 2017; Baud et 
al. 2017; Rauscher, Conley, and Siegal 2015). 
Identification of compositional effects is chal-
lenging (Angrist 2014). As in earlier work, we 
rely on cross-phenotype comparisons to guide 
interpretation (Cohen-Cole and Fletcher 2008). 
In particular, we note a clear distinction be-

tween educational attainment and height-BMI. 
Findings observed here are similar to those ob-
served in another context in which the educa-
tional attainment PGS of schoolmates is asso-
ciated with educational attainment (Domingue, 
Belsky, Fletcher, Conley, Boardman, and Mul-
lan Harris 2017). In contrast, the genetics of 
school peers related to BMI and height were 
not predictive of phenotype. More research is 
needed to isolate the specific mechanism driv-
ing these findings and to tease out implications 
for spatial differences in education. This said, 
our findings raise questions about the extent 
to which educational attainment and BMI or 
height are phenotypes that are exchangeable 
in biologically informed analyses, such as a 
GWAS.

Our analysis has limitations. The primary 
limitation has to do with the nature of data 
available in the HRS. Given the nature of the 
HRS sampling, the geographic data is not fully 
representative. Specifically, because the HRS 
samples counties, it may be that all the respon-
dents from a state are drawn from a relatively 
urban county that does not reflect the diversity 
of residential experiences within the state. This 
limits our ability to understand anything about 
levels for a particular state, and whether differ-
ential migration or other mechanisms of selec-
tion occur more strongly at finer levels of ge-
ography. U.S. metropolitan areas are a natural 
candidate for examination given the recent in-
terest in smaller area mortality rates (Chetty et 
al. 2016). Finally, the phenotypes considered 
here are not clinical phenotypes and presum-
ably contain measurement error.
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