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Abstract

Three Studies of U.S. Mortality

by

Casey F. Breen

Doctor of Philosophy in Demography

University of California, Berkeley

Professor Joshua R. Goldstein, Chair

We are far from a complete understanding of the social determinants of mortality in the
United States. Despite the longstanding interest in racial and class-based inequalities in
health and mortality in the United States, research is often hampered by data limitations.
However, new advances in data linkage have allowed mortality researchers to construct ad-
ministrative datasets with millions of mortality records and demographic covariates. The
unprecedented scale and richness of these administrative datasets allow social scientists to
make new discoveries into the contours of mortality disparities in the United States.

This dissertation is comprised of three studies of mortality using large-scale, linked U.S.
Census and administrative death records. In my second chapter, I investigate the relationship
between owning a home in early adulthood and life expectancy, demonstrating that owning
a home in early adulthood has a causal effect on life expectancy. My second study assesses
the predictability of individual-level longevity, demonstrating the challenges of predicting
individual-level mortality. The final study of the dissertation examines the Black-White
crossover, finding evidence that the crossover is not a data artifact and cannot be uncrossed
using sociodemographic variables alone.
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Chapter 1

Introduction

Life expectancy in the United States increased by a remarkable 30 years over the course of
the 20th century. This impressive progress was driven primarily by advances in the treatment
of infectious diseases and delayed mortality for those living with chronic illness (Crimmins
and Zhang, 2019), but the benefits accrued unevenly. Inequality in mortality between the
most advantaged and the least advantaged actually increased over time (Preston and Elo,
1995), and by the beginning of the 21st century, the gap in life expectancy between the top
and bottom 1% of income earners was over 14.6 years (Chetty et al., 2016).

Despite the longstanding interest in racial and class-based inequalities in health and
mortality in the United States (Schwandt et al., 2021; Elo, 2009), research is often hampered
by data limitations (Card et al., 2010; Song and Coleman, 2020). Most research into the
general dimensions of mortality disparities using microdata has relied on survey data, with
small sample sizes making the analysis of smaller population subgroups such as the oldest-
old infeasible. In the absence of comprehensive population-level registry data such as those
found in the Scandinavian countries, researchers are increasingly turning to administrative
datasets from agencies such as the Social Security Administration to answer some of the
most pressing questions in social science research (Chetty et al., 2016; Card, Dobkin and
Maestas, 2008; Card et al., 2010; Meyer and Mittag, 2019; Ruggles, 2014).

My dissertation uses large-scale, linked administrative data to study mortality in the
United States. Specifically, I use newly-available CenSoc datasets, so termed because they
link the full-count 1940 Census (“Cen”) with Social Security Administration mortality
records (“Soc”). The CenSoc datasets represent the first nationally-representative, large-
scale, publicly available data resource for researchers studying mortality (Goldstein et al.,
2021; Breen and Goldstein, 2022). The unprecedented scale and detail of CenSoc data allow
researchers to make new discoveries into early-life conditions and later-life mortality and
racial disparities.

This dissertation is primarily devoted to presenting new empirical investigations using
CenSoc data rather than providing an in-depth technical overview of how we constructed
these datasets. Such details are available elsewhere. For readers interested in understanding
the full technical details of how these datasets were constructed, I co-authored a technical re-
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port on technical aspects of the CenSoc dataset, such as match quality (Breen and Osborne,
2022). For more detail about the original mortality records, I suggest referring to Breen
and Goldstein (2022), Alexander (2018), Finlay and Genadek (2021), or Hill (2001). Fi-
nally, one shared limitation of these datasets is that they only include mortality within a
limited left and right (“doubly”) truncated observation window. While this limitation is
discussed throughout my dissertation, I encourage researchers to consult the formative work
of (Alexander, 2018) and my co-authored publication (Goldstein et al., 2021) for a more
comprehensive overview.

In my second chapter, “The Longevity Benefits of Homeownership,” I use linked complete-
count census and Social Security mortality records to produce the first U.S.-based estimates
of the association between homeownership in early adulthood and longevity. I use a sibling-
based identification strategy to estimate the causal effect of homeownership on longevity for
cohorts born in the first two decades of the 20th century. My results indicate homeowner-
ship has a significant positive impact on longevity, which I estimate at approximately 0.4
years. The findings of this study highlight the need for greater equity in the opportunities,
incentives, and costs of homeownership in the United States.

My third chapter (joint with Nathan Seltzer), “The Unpredictability of Mortality,” in-
vestigates the predictability of later-life, individual-level longevity using sociodemographic
characteristics. We test this question using a large-scale administrative dataset combining
the complete count 1940 Census with Social Security death records. We fit eight machine
learning algorithms using 35 sociodemographic predictors to generate individual-level pre-
dictions of age of death for birth cohorts born at the beginning of the 20th century. We find
that none of these algorithms are able to explain more than 1.5% of the variation in age
of death. Our results point towards the challenges of predicting mortality using sociodemo-
graphic characteristics and suggest that the fundamental uncertainty around individual-level
mortality needs to be better acknowledged and incorporated into demographic theory.

In my fourth chapter, “Black-White Mortality Crossover: New Evidence from Linked
Administrative Data,” I investigate a longstanding demographic paradox: the Black-White
Mortality crossover. Black Americans experience higher age-specific mortality rates than
White Americans throughout most of the life course, but this puzzlingly reverses at advanced
ages. The leading explanation for the Black-White mortality crossover centers around se-
lective mortality over the life course. Black Americans who survived higher age-specific
mortality risk throughout their life course are highly selected on robustness and have lower
mortality than White Americans in late life. However, skeptics argue the Black-White mor-
tality crossover is simply a data artifact from age misreporting or related data quality issues.
We use large-scale linked administrative data (N = 2.3 million) to document the Black-White
mortality crossover for cohorts born in the early 20th century. We find evidence the crossover
is not a data artifact and cannot be uncrossed using sociodemographic characteristics alone.

These studies highlight the importance of applying insights from different methodological
traditions to study mortality. My first chapter advances a causal argument about the rela-
tionships between early life exposure and later life longevity, using methods from the causal
inference literature. My second chapter borrows from the computer science and biostatis-
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tics literature, applying ensembling machine-learning methods to make predictions about
longevity. My third chapter tests insights from formal demography’s theoretical models of
mortality selection.

To summarize, my dissertation uses the newly-available CenSoc datasets to make new
discoveries about population-level mortality. These data allow me to study cohort mortal-
ity rather than the artificially constructed period mortality experiences common in much
of the literature. This dissertation describes striking racial and class-based differences in
life expectancy in the United States but also makes a broader point: studying group-level
differences in life expectancy cannot fully explain differential mortality experiences in the
United States. Group-level averages in life expectancy can obscure substantial heterogeneity
within groups and age-specific trends in mortality disparities, such as mortality crossovers.
Studying both individual-level and population-level differences in mortality is critical for a
complete understanding of mortality in the United States.
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Chapter 2

Longevity Benefits of Homeownership

Owning a home has long been touted as a key component of the idealized “American Dream.”
Homeownership is associated with greater wealth and better health, but the causal impact
of homeownership on health remains unclear. Using linked complete-count census and Social
Security mortality records, we document Black-White disparities in homeownership rates and
produce the first U.S.-based estimates of the association between homeownership in early
adulthood and longevity. We then use a sibling-based identification strategy to estimate
the causal effect of homeownership on longevity for cohorts born in the first two decades of
the 20th century. Our results indicate homeownership has a significant positive impact on
longevity, which we estimate at approximately 0.3 years.

2.1 Introduction

Owning a home is considered a key component of the idealized “American Dream” (Samuel,
2012), and the home is the single largest asset class for personal wealth in the United
States (Apgar and Di, 2006). Despite the large cultural and economic significance of home-
ownership in the U.S., evidence on the health and mortality benefits of homeownership is
relatively thin. Homeownership is associated with positive health outcomes (Rolfe et al.,
2020; Finnigan, 2014; Laaksonen, Tarkiainen and Martikainen, 2009); however, less is known
about whether this relationship is causal: does owning a home cause people to live longer
lives? Or is the observed association driven entirely by unmeasured shared confounders be-
tween homeownership and longevity, such as individual or familial income and wealth or
social capital?

Understanding the relationship between homeownership and longevity has both scien-
tific and policy implications. There are striking historical and contemporary disparities in
Black-White homeownership in the U.S., with White Americans owning homes at nearly
twice the rate of Black Americans for much of the 20th century (Collins and Margo, 2011). If
homeownership has a causal effect on longevity, social policies that equitably expand home-
ownership opportunities for racial minorities in the U.S. may help mitigate the profound



CHAPTER 2. LONGEVITY BENEFITS OF HOMEOWNERSHIP 5

racial disparities in mortality. On the other hand, if the association between homeownership
and mortality is driven entirely by shared confounders such as family wealth, such policies
would have little or no effect on narrowing Black-White mortality gaps.

In this study, we use complete-count 1920 and 1940 Census records linked to Social
Security mortality records to investigate the relationship between owning a home in early
adulthood and later-life longevity for the birth cohorts of 1905-1915. We first quantify the
unadjusted difference in life expectancy between homeowners and renters. In separate anal-
yses by race, we find a positive relationship between homeownership in early adulthood and
later-life longevity for both Black and White men (N = 1.4 million). We then use a sibling-
based identification strategy to ascertain whether this relationship is causal, finding that
homeownership has a causal effect of 4 months on longevity. Further, we find homeowner-
ship has similar longevity benefits for both Black and White men, suggesting that differential
rates of homeownership—rather than differential benefits of homeownership—is the larger
contributor to racial inequality in mortality.

2.2 Background

Past Studies on Homeownership and Health and Mortality

Studies of the benefits of homeownership have centered on overall household wealth (Kille-
wald and Bryan, 2016; Turner and Luea, 2009), wealth accumulation among low- and middle-
income groups (Boehm and Schlottmann, 2008), savings in retirement (Apgar and Di, 2006),
cognitive benefits for children (Haurin, Parcel and Haurin, 2002), and social capital and civic
engagement (Rohe and Stewart, 1996; Manturuk, Lindblad and Quercia, 2010). Recently,
there has been increasing interest in the health benefits of homeownership. There are theo-
retical reasons to expect that owning a home should be associated with better health out-
comes, and some empirical evidence indicates that this is the case. Homeownership—in line
with expectations from Fundamental Cause Theory (Link and Phelan, 1995)—is associated
with higher self-rated health in England (Munford, Fichera and Sutton, 2020) and the U.S.,
with White Americans having stronger associations than non-White Americans (Finnigan,
2014). Other research links homeownership to improved mental health (Manturuk, 2012;
Elsinga, 2007; Rossi and Weber, 1996; Kearns et al., 2000). Few studies have investigated
the relation between homeownership and mortality, and none in the U.S. In Finland, the
magnitude of the association between homeownership and longevity is substantial: a study
of Finnish homeowners found that owning a home—as opposed to renting—is associated
with a 29% lower all-cause mortality hazard rate after adjusting for socioeconomic factors,
level of urbanization, and household composition (Laaksonen, Tarkiainen and Martikainen,
2009).

Due to the large positive selection into homeownership, identifying any causal effect of
homeownership on health is challenging. Munford, Fichera and Sutton (2020) used an inno-
vative strategy, exploiting exogenous variation in the “Right to Buy” policy implemented in
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England. The “Right to Buy” policy allows long-term renters of publicly-owned properties
the right to buy their homes at a large discount. Using geographic heterogeneity in maxi-
mum discount caps as an instrument, the study found homeownership increases self-assessed
health by 0.19 points on a 5-point scale. However, it is unclear whether this causal relation-
ship between homeownership and self-rated health would also extend to the U.S. context
or whether a similar causal relationship would also be found between homeownership and
longevity. As summarized by Dietz and Haurin (2003): “Drawing conclusions about the
causal relationship between housing tenure status and health requires additional empirical
investigation using rigorous methods.” To date, there is no evidence on whether or not
homeownership in the U.S. has a causal effect on longevity. This study addresses that gap.

Historical Context

Homeownership in the United States has a long, fraught history and is shaped by generational
wealth, class privilege, and racism. This has resulted in striking Black-White disparities in
homeownership rates stemming from racist, exclusionary policies, as well as disparities in
overall home quality and lending terms driven by predatory marketing and loan practices
targeting Black Americans (Taylor, 2019). In order to contextualize the findings of this study
within the broader literature on homeownership, it is essential to consider this historical
legacy.

In the aftermath of the Civil War, Black Americans stood to inherit little land or prop-
erty, as their parents were predominantly enslaved. During the Reconstruction Era of 1863–
1877, land seized by the federal government during the Civil War was not set aside for the
exclusive settlement of Black families as many advocated but rather was returned to its for-
mer Confederate owners by presidential decree, dispossessing thousands of temporary Black
landowners (Davis, 1992). Most Black Americans had little choice but to resume working
on White plantations as wage laborers or sharecroppers and had limited hope of upward
economic mobility. In 1870, only 7.7% of Black male household heads owned homes, while
57% of White male household heads owned homes (Collins and Margo, 2011).1 During this
period, the modern mortgage markets were practically non-existent, and purchasing a home
often required down payments of 50% or more, effectively barring most Black Americans
from owning homes.

Black homeownership rates did increase modestly between 1870 to 1910 (Figure 2.1),
likely driven by modest increases in educational and occupational attainment among Black
Americans (Collins and Margo, 2011). Yet, beginning in 1910, homeownership among Black
Americans stagnated. The first wave of the Great Migration saw a dramatic rise in the
Black population in the North, with most Black Americans settling in urban areas proximal

1In this study, we focus on household heads, the primary renter or owner of a dwelling. This allows
us to better isolate the relation between homeownership and longevity by excluding adults living in units
owned or rented by someone else (e.g., parents). Our analysis is also limited to men due to the difficulties
linking women in the 1940 Census to mortality records due to surname changes at marriage. Exploring the
relationship between homeownership and longevity for women is an important avenue for future research.
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to business districts with employment opportunities (Boustan, 2017). While these urban
jobs paid better than agricultural employment in the South, this often did not translate
into higher rates of homeownership. The nature of urban jobs being situated in densely
populated areas led to significant commuting costs, prompting most workers to seek housing
in urban regions with primarily rental units available. Additionally, Black Americans faced
racial discrimination and bias when attempting to purchase homes or relocate, as White
Americans opposed the influx of new Black residents.

Figure 2.1: Black-White differences in homeownership among male household heads between
1870 and 1940. To estimate homeownership rates for 1900, 1910, 1920, 1930, and 1940, we
use Full-Count Census records (Ruggles et al., 2020). For earlier census decades, we use
estimates of the homeownership rates from Munford, Fichera and Sutton (2020).

Between 1870 and 1930, rates of homeownership for Whites declined modestly. This
decrease was primarily caused by increases in real income being offset by migration away
from rural areas and farms into dense urban areas that offered less opportunity for home-
ownership (Collins and Margo, 2011). The gap between homeownership rates for Black and
White Americans was nearly cut in half during this period. Yet the gap still remained stark,
with White male household heads owning homes at rates approximately 25 percentage points
higher than their Black counterparts from 1900 to 1940.
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Figure 2.2: Black-White differences in homeownership rates in the early 20th century. Esti-
mates are from the complete-count Decennial Census records (Ruggles et al., 2020)

This study focuses on homeownership measured in the 1940 Census. The major historical
event leading up to the 1940 Census was the Great Depression, which saw the greatest evap-
oration of wealth in U.S. history. During this period, many Americans lost their home: the
homeownership rates observed in the 1940 Census were lower than the homeownership rates
in any other 20th century decennial census (Collins and Margo, 2011). Mortgage foreclosure
rates were highest in “boom” cities that had experienced the highest rates of construction
in the mid-late 1920s.

In the 1930s, racism in mortgage markets was rampant. During this period, the federal
government first entered the residential mortgage market with two programs: the Home Own-
ers Loan Corporation (HOLC) and the Federal Housing Administration (FHA). The HOLC
produced a series of color-coded maps (redlining), which have been widely cited as increas-
ing racial segregation in housing and a source of contemporary wealth inequality (Rothstein,
2017). The long-term effects of redlining are now an ongoing area of debate (Fishback et al.,
2021; Aaronson et al., 2022), but there is conclusive evidence that Black Americans were
discriminated against in the mortgage markets (Taylor, 2019; Michney and Winling, 2020;
Chivers, 1949). Redlining did create disparately lower home values and drive economic iso-
lation in Black neighborhoods. However, the ultimate effect of redlining on Black-White
mortality disparities was modest, suggesting that redlining is only one feature of a larger
public-private effort conflating the racial composition of neighborhoods with risk that affects
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mortality (Graetz and Esposito, 2022).
Figure 2.2 shows the powerful age gradient in homeownership for both Black and White

Americans in 1940. While fewer than 10% of Black male household heads between the ages
of 18–25 were homeowners in 1940, over 40% of Black male household heads over the age
of 65 owned homes. In this study, we only observe homeownership status between the ages
of 24–35, and many people categorized as a renter in our study will become homeowners
later in their life course. However, homeownership exit, the transition from homeowner
to renter, is rare: only 6% of household-head homeowners became renters over a 40-year
observation period between 1968–2009 (Sharp and Hall, 2014). In this sense, our paper
builds an evidentiary base, demonstrating differences in life expectancy for those who own
homes and those who rent in early adulthood. The homeowners we observe generally will
continue to be homeowners throughout their life course, while renters may or may not become
homeowners later in life.

Theoretical Framework

There are several compelling theoretical reasons to expect the relationship between home-
ownership and longevity to be causal. Figure 2.3 shows several potential mechanisms linking
homeownership with increased life expectancy. Although this study advances a causal argu-
ment, due to the challenges of untangling various interconnected pathways using available
data, it is not possible to pinpoint the precise contribution of alternative mechanisms. In-
stead, it is useful to consider the primary theoretical pathways that might, individually or
in concert, account for the longevity benefits of homeownership. Given that we are observ-
ing homeownership early in the life course, we see the longevity benefits of homeownership
through a cumulative advantage perspective (DiPrete and Eirich, 2006). That is, many of
these potential mechanisms will compound and interact throughout the life course to create
mortality disparities between homeowners and renters.

Wealth Accumulation

One causal pathway through which homeownership can affect longevity is wealth accumu-
lation. The home is the single largest component of non-pension wealth in the United
States (Apgar and Di, 2006), and homeownership is a key vessel for wealth accumulation.
There are three primary reasons why homeownership is wealth-enhancing. First, homeown-
ership may reduce housing costs by allowing homeowners to save on high rental prices and
enjoy tax benefits in the form of tax deductions on mortgage interest and no capital gains
tax (Killewald and Bryan, 2016). Second, homes generally appreciate in value over time
slightly more rapidly than inflation, although this is location and period dependent and may
be offset by maintenance costs (Harding, Rosenthal and Sirmans, 2007). Finally, monthly
mortgage payments for homeowners encourage savings, which can buttress economic security
in retirement (Boehm and Schlottmann, 2008).
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Figure 2.3: Causal pathways between homeownership and mortality.

Estimating the causal effect of homeownership on wealth is challenging because wealth
prior to homeownership is a large confounder of the relationship between owning a home and
wealth. Further, it is impossible to observe an individual’s counterfactual use of financial
resources (e.g., spending and investment) if they did not purchase a home. However, the
empirical evidence to date confirms that homeownership does indeed have a causal effect on
wealth. Turner and Luea (2009) find an additional year of homeownership is associated with
a $15k annual increase in wealth holdings for high-income groups and a $6–10k increase for
low-income groups. However, this analysis does not control for wealth prior to owning a home
and likely overstates the relationship between wealth and homeownership. Di, Belsky and
Liu (2007) estimate the effect of homeownership on personal wealth over a 12-year period,
controlling for baseline wealth and pre-trends in wealth accumulation using data from the
Panel Survey of Income Dynamics. They find that each additional year of homeownership
causes a $3k–$14k increase in wealth annually. Herbert, McCue and Sanchez-Moyano (2013)
also control for baseline wealth, estimating an association of homeownership on wealth of
approximately $9,500, with some modest discrepancies for White Americans ($10,542) and
Black Americans ($8,474). Finally, Killewald and Bryan (2016) use marginal structure mod-
els and the National Longitudinal Survey of Youth 1979 (NLSY79) between 1985 and 2008
to investigate the effect of homeownership on wealth. They find homeownership is wealth-
enhancing, but to a smaller extent than other estimates: an additional year of homeownership
creates a $6,800 increase in wealth. In sum, across different data sources, time periods, and
estimation strategies, owning a home has repeatedly been found to be wealth-enhancing.
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Social Networks

A second pathway between homeownership and lower mortality is stronger community in-
tegration and social support networks. Homeowners stay in a unit longer than their renter
counterparts (Rohe and Stewart, 1996), fostering stronger feelings of community attach-
ment, integration, and commitment to their neighborhood. The empirical evidence to date
indicates that homeowners are more likely to be socially and politically involved, even af-
ter controlling for socioeconomic characteristics (Wandersman, 1981; Rohe and Stegman,
1994). Additionally, homeowners’ vested interest in the conditions of their neighborhood of-
ten leads to higher rates of participation in local neighborhood organizations and interactions
with other members of the neighborhood (Davis and Fine-Davis, 1981).

Such neighborhood interactions help homeowners build more social capital and become
more socially integrated than their renter counterparts (Manturuk, Lindblad and Quercia,
2010). Higher social integration and social capital have a clear positive impact on health
outcomes (Berkman, Leo-Summers and Horwitz, 1992; Berkman and Syme, 1979; Smith and
Christakis, 2008). Social support can serve as a moderator of life stress and lead to higher
compliance with medical regimes, faster recovery, and protective effects against depression
and other conditions (Cobb, 1976).

Housing Conditions

A more direct pathway between homeownership and longevity is through superior housing
conditions. Living in adequate housing is strongly linked to longevity. Renters are more likely
than homeowners to experience infectious diseases, injuries, and chronic conditions (Krieger
and Higgins, 2002). Rental units were often overcrowded, dirty, and improperly ventilated,
conditions that can facilitate the spread of tuberculosis, influenza, pneumonia, and other
infectious diseases. Racial differences in mortality at the beginning of the 20th century were
largely attributed to disparities in respiratory diseases (Feigenbaum et al., 2022), highlighting
the impact of racial segregation in housing on population health. Quotas that reduced
overcrowding in rental units had a considerable impact on infectious disease mortality (Ager
et al., 2021), demonstrating the connection between adequate housing and longevity.

Compared to renters, homeowners have more autonomy to make improvements and mod-
ifications to increase the living conditions of their homes. Homeowners also have more finan-
cial incentives to make these modifications, as such modifications can increase their home’s
value. Controlling for the characteristics of the occupant and unit, homeowners invest more
in home maintenance and repairs than renters (Galster, 1983). Owning a home is associated
with a 13–23% increase in the quality of the home environment, attributable to home invest-
ments lowering levels of lead-based paint, unhygienic living conditions, structural hazards,
and other factors (Haurin, Parcel and Haurin, 2002).
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Psychological Benefits

Finally, homeownership has the capacity to promote well-being through higher levels of
self-efficacy, self-control, and stability. Homeowners also report greater feelings of control
and self-determinism over their lives because their external environment is predictable and
dependable (Manturuk, 2012). Additionally, homeowners are at lower risk of the instability
caused by eviction; frequent relocations are associated with higher risks of anxiety and other
mental health issues (Acharya, Bhatta and Dhakal, 2022; Manturuk, 2012). Homeowners
also report higher levels of satisfaction in their living conditions than renters, which factors
into overall levels of life satisfaction.

Owning a home is also a key way of communicating social status. The higher social
status of homeowners may increase their self-esteem and overall life satisfaction (Tremblay
and Dillman, 1983; Rakoff, 1977). Additionally, being part of the dominant “successful”
group can avoid associated stressful downward comparisons with others (Elsinga, 2007).
Together, these psychological well-being benefits promote physical and mental health and,
ultimately, longevity.

2.3 Data

This study uses digitized complete-count census records, mortality records, and record link-
age techniques to construct a longitudinal panel of male siblings. Specifically, we use the
CenSoc-DMF file (Goldstein et al., 2021), which links the IPUMS complete-count 1940 Cen-
sus (Ruggles et al., 2020) with mortality records from the Social Security Death Master File
(DMF). The DMF is a collection of over 85 million death records reported to the Social
Security Administration, capturing 95%+ of deaths occurring after the age of 65 between
1975–2005 (Alexander, 2018; Hill, 2001). We limit our analysis to men born in 1905–1915
who were between the ages of 24–35 when they were enumerated in the 1940 Census. We
focus on these cohorts as we can both observe these cohorts as household heads in the 1940
Census and capture much of their mortality in our mortality observation window. We use
this sample to study the association between homeownership and longevity (N = 1,361,883).

To identify brothers, we link men in the 1940 Census—which contains no information
allowing for the systematic identification of adult brothers—back to the 1920 Census. In
the 1920 Census, we use information from household rosters to identify biological brothers
aged 4–15 living together in the same household in 1920. We use this sample to identify the
causal effect of homeownership on longevity (N = 84,945). This process is illustrated in the
Lexis diagram shown in Figure 2.5.

The 1940 Census

The 1940 Census was conducted in April 1940, at the tail end of one of the most eventful
decades in U.S. history. The 1930s began with the Great Depression, the longest and deepest
depression in the 20th century. Between 1929 and 1933, employment decreased 17.4% (Margo,
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Figure 2.4: The solid lines show the causal pathways between homeownership and mortality.
The dashed lines show the potential confounding pathways between homeownership and
longevity.

1993) and manufacturing contracted over 30% (Lee and Mezzanotti, 2017). To combat
the Great Depression, President Franklin Roosevelt introduced a series of unprecedented
expansions of government-allocated aid to provide immediate relief and promote economic
recovery in his First and Second New Deal. The questions asked in the 1940 Census reflected
this time of heightened social awareness: for the first time, a decennial census included
questions on wage and salary income, educational attainment, and employment as part of
an emergency relief program.

The 1940 Census also included several questions on homeownership. First, 1940 Census
enumerators asked whether the home or dwelling unit was owned or rented, regardless of
whether it was still being paid for by a mortgage (Ruggles et al., 2020).2 Second, enumerators
collected information on the value of the home for homeowners and the amount of monthly
rent paid for renters. Unless the home was recently purchased, enumerators were instructed
to estimate the current market value of the home. Specifically, enumerators were instructed
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Figure 2.5: A Lexis diagram illustrating our analytic sample. The focal birth cohorts of
this study (1905–1915) are highlighted in blue. We first observe these men in childhood
between the ages of 4–15 living together in the same household in the 1920 Census, where
we use information from the household roster to establish sets of brothers. Next, we observe
these individuals in the 1940 Census, where we observe homeownership status and other
characteristics such as educational attainment, wage and salary income, occupation, and
marital status. Finally, we observe these men dying after the age of 60 in the DMF mortality
coverage window of 1975–2005.

to “represent the amount for which the home, including (except on a farm) such land as
belongs to it, would sell under ordinary conditions not at forced sale” (Ruggles et al., 2020).
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Finally, the 1940 Census included a question about whether the household was on a farm.

Sibling Sample

The 1940 Census does not include information allowing for the systematic identification of
adult siblings living in different households. To overcome this, we identify brothers in the
1920 Census living in the same household using household rosters. We focus on the birth
cohorts of 1905–1915, who are between the ages of 4–15 in the 1920 Census. We link the
brothers identified in the 1920 Census to the 1940 Census using linkages provided by the
Census Linking Project (Abramitzky et al., 2020). The linkages were constructed using the
ABE algorithm (Abramitzky, Boustan and Eriksson, 2012, 2014; Abramitzky et al., 2021),
which links on first name, last name, place of birth, and year of birth. This algorithm first
standardizes first names to account for common misspellings or nicknames (e.g., Robbie →
Robert). It then establishes matches based on an exact match on first name, last name, and
place of birth while allowing for some flexibility (±2 years) on birth year. This choice to use
a relatively conservative “exact match” results in a smaller analytic sample but minimizes
the number of false matches, which pose the greatest threat to statistical inference (Ruggles,
Fitch and Roberts, 2018).3 For our study, false matches would mean that we are not doing
actual within-sibling comparisons, threatening our sibling-based identification strategy.

To link our set of siblings to their mortality records, we use the publicly-available CenSoc-
DMF (V2.1) dataset (Goldstein et al., 2021). This file links men in the 1940 Census to Social
Security mortality records in the Death Master File (DMF) again using the ABE record
linkage algorithm (Abramitzky et al., 2020). The DMF includes nearly complete death
coverage from 1975–2005 over the age of 65 (Alexander, 2018; Hill, 2001), and approximately
30% of these deaths are successfully matched back onto a 1940 Census record (Breen and
Osborne, 2022). For brothers to be included in our sibling sample, two or more brothers
living in the same household in 1920 must have been successfully linked to both the 1940
Census and the DMF mortality records.4

In Table 2.1, we compare the composition of our matched samples to the composition
of all men aged 24–35 in the 1940 Census. Overall, our matched samples are reasonably
representative of the general population, although men with higher socioeconomic status are
slightly overrepresented. Further, consistent with other linkage efforts, Black Americans are
underrepresented. This underrepresentation can be attributed to lower rates of linkage due

2A household was defined in the 1940 Census as “a family or any other group of persons living together,
with common housekeeping arrangements, in the same living quarters.” One member of each household—
almost exclusively a man—was designated as the “household head.” The household head reported on the
other members of the household to the enumerator. A home or dwelling unit was marked as “owned” if the
household head or another member of the family owned the home.

3As a robustness check, we use the more strict ABE-Conservative algorithm, which requires names to
be unique within a ±2 year window. Our results are robust across linkage algorithms (see Appendix A.1 for
details).
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to higher rates of age misreporting and levels of name homogeneity (Goeken et al., 2011).
To summarize, we create a longitudinal panel of brothers by first extracting all records

for children ages 4–15 in the 1920 Census (N = 16,321,702). We then link the 1920 Census
to the 1940 Census using ABE linkages (N = 4,446,863), corresponding to a linkage rate of
27% (Abramitzky et al., 2020). Next, we link these individuals to their death records in the
DMF (N = 1,443,728). Finally, we identify sets of brothers in these data (N = 84,945) and
restrict to household heads. Of these sibling pairs, 34.5% were discordant on homeownership
status.

4If we do not successfully link an individual from the 1940 Census onto the mortality records, this may
be due to (1) the individual died outside of our mortality observation window or (2) we were not able to
establish a link using our record linkage strategy. Therefore, conventional methods for working with censored
data are not appropriate in this setting, and our analysis is restricted to sibships where two or more siblings
were successfully linked to both the 1940 Census and the DMF mortality records.
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Educational Attainment
<High School 4,951,782 67.3 608,639 64.7 56,591 66.6
High School or some college 1,783,203 24.3 247,103 26.3 22,176 26.1
Bachelors Degree 339,072 4.6 48,024 5.1 3,504 4.1
Advanced Degree 162,122 2.2 24559 2.6 1,673 2.0
Not Available 117,086 1.6 12,091 1.3 1,001 1.2

Race
Black 656,027 8.9 34,159 3.6 1,020 1.2
Other 27,778 0.4 3,296 0.4 97 0.1
White 6,669,460 90.7 902,961 96.0 83,828 98.7

Marital Status
Married 7,013,184 95.4 905,924 96.3 82,444 97.1
Not married 340,081 4.6 34,492 3.7 2,501 2.9

Home Ownership
Homeowner in 1940 1,780,906 24.2 249,379 26.5 24,032 28.3
Not Homeowner in 1940 5,572,359 75.8 691,037 73.5 60,913 71.7

Socioeconomic Status
Sei 1-9 1,293,523 17.6 138,209 14.7 12,966 15.3
Sei 10-14 1,170,543 15.9 149,673 15.9 16,924 19.9
Sei 15-25 1,862,967 25.3 246,484 26.2 22,004 25.9
Sei 26+ 2,776,321 37.8 380,226 40.4 30,969 36.5
Not Available 249,911 3.4 25,824 2.7 2,082 2.5

Rural
Rural 3,183,160 43.3 397,739 42.3 43,320 51.0
Urban 4,170,105 56.7 542,677 57.7 41,625 49.0

Region String
East North Central Div. 1,485,519 20.2 235,080 25.0 24,224 28.5
East South Central Div. 629,263 8.6 51,407 5.5 3,670 4.3
Middle Atlantic Division 1,420,842 19.3 193,013 20.5 13,734 16.2
Mountain Division 257,901 3.5 33,581 3.6 3,773 4.4
New England Division 396,893 5.4 54,448 5.8 4,093 4.8
Pacific Division 618,800 8.4 88,569 9.4 7,871 9.3
South Atlantic Division 1,004,976 13.7 82,833 8.8 6,028 7.1
West North Central Div. 724,762 9.9 118,185 12.6 14,957 17.6
West South Central Div. 814,309 11.1 83,300 8.9 6,595 7.8

Total 7,353,265 100 940,416 100 84,945 100

Table 2.1: Representativeness of our analytic samples. The first two columns report the
sociodemographic composition of all men between the ages of 24-35 in the 1940 Census. The
third and fourth columns report the sociodemographic composition of men aged 24-35 in
the 1940 Census who were successfully matched to a mortality record in the Death Master
file. Finally, the fifth and sixth columns report the sociodemographic composition of our
subsample of brothers.
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2.4 Methods

Unadjusted Difference in Life Expectancy Between Homeowners
and Renters

We fit separate OLS regression models for Black and White men with our full linked sample
(N = 1.4 million) to estimate the unadjusted difference in life expectancy between home-
owners and renters. Because the CenSoc-DMF only contains deaths for the left and right
(“doubly”) truncated window of 1975–2005, the magnitude of the reported differences across
groups will be smaller than if we had the complete window of deaths (Goldstein et al., 2023).
For each birth cohort, we observe a different window of ages of death. To account for this, we
include birth-year fixed effects to control for the different distribution of birth years across
population subgroups. We fit models of the form:

Di = β0 + λbyear + δhomeown + ϵ (2.1)

Di = β0 + λbyear + δhomeown + βXcontrols + ϵ (2.2)

where Di is age of death, β0 is the general intercept, λbyear is a fixed effect for a given year
of birth, δhomeown is a dummy variable for whether an individual is a renter or a homeowner,
β is a set of regression coefficients, and Xcontrols is a vector of adjustment variables. The
model described by Equation (2.1) only includes fixed effects for year of birth. Our second
model described by Equation (2.2) additionally adjusts for educational attainment in years,
race, wage and salary income, occupation, urbanicity, state of residence in 1940, and marital
status. We fit these models separately for Black (N = 65,053) and White (N = 1,296,830)
Americans.

Identification Strategy

Theoretical Estimand

The primary inferential goal of this study is to estimate the causal effect of homeownership
on longevity. To estimate this quantity, we first define our theoretical estimand, which
is the precise quantity we are interested in estimating (Lundberg, Johnson and Stewart,
2020). Theoretical estimands are composed of two key building blocks: unit specific quantity
and target population. The unit specific quantity is a quantity defined for each unit of the
population. The target population is the set of units over which the unit specific quantity is
aggregated.

In our analysis, the unit specific quantity is the counterfactual difference in life expectancy
if a male household head owned a home in early adulthood versus if they rented a home in
early adulthood. The target population is all men born in the U.S. between 1905 and 1915.
Using the potential outcome framework (Imbens and Rubin, 2015), we can define our causal
estimand (Ψ) as an average treatment effect (ATE):
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ΨATE =
1

n

n∑
i=1︸ ︷︷ ︸

Mean over every i among
male household heads︸ ︷︷ ︸
Target Population

(
Di(homeowner)︸ ︷︷ ︸

Life expectancy if
homeowner in early adulthood

− Di(renter)︸ ︷︷ ︸
Life expectancy if

renter in early adulthood︸ ︷︷ ︸
Unit-Specific Quantity

)
(2.3)

Empirical Estimand

It is impossible to estimate our theoretical estimand Ψ using only our observational data,
as we can only observe one potential outcome. To convert the theoretical estimand into an
empirical estimand,5 we must define a quantity that can be estimated from our data alone.
This requires us to formulate an empirical estimand that can be measured with our available
data (Lundberg, Johnson and Stewart, 2020).

To estimate our empirical estimand from our observed sample of siblings, we fit an OLS
regression with sibling fixed effects:

Di = β0 + λbyear + δhomeown + βXcontrols + ΩSiblingFE + ϵ (2.4)

This class of models has been used to estimate the effect of education on longevity (Halpern-
Manners et al., 2020), neighborhood effects on social mobility (Chetty and Hendren, 2018),
and the effect of social programs on educational policies (Currie and Thomas, 1995). The
idea behind the sibling fixed-effect models is to control for unobserved heterogeneity within
families (Conley, Pfeiffer and Velez, 2007):

Dij −Dis = β (Xij −Xis) + (αi − αi) + (µij − µis) (2.5)

where Dij is the age of death of individual i in household j, Dis is the average age of death of
siblings in household j, Xij is a vector of control variables for individual i in household j and
Xis is a vector of control variables for siblings in household j. For both the individual and
sibling vectors of control variables, we include birth year fixed effects and birth order fixed
effects. In this equation, the error term is now broken down into two different components:
αi, the sibling fixed effect, and µij, the individual-level error term for individual j in family i.
By differencing across siblings in each family, we effectively eliminate the unobserved sibling
effects. In this setting, the inclusion of sibling fixed effects is critical because they partially
eliminate unobserved contextual factors such as family wealth and genetic factors from our
model (Halpern-Manners et al., 2020).

Like all attempts at establishing causality with observational data, there are several lim-
itations to this approach. The sibling fixed effect design does not capture variation between

5The key difference between the theoretical estimand and the empirical estimand is that the theoretical
estimand is the theoretical quantity we are interested in learning about. Stating the theoretical estimand
is helpful for precisely stating the research goal. The empirical estimand states the empirical quantity that
our data and statistical methods allow us to estimate.
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families, only variation within families. If there is unobserved individual-level heterogeneity
that is correlated with homeownership, our estimates of the causal effect of homeownership
on longevity may be biased. Moreover, although siblings provide a broader representation of
general environments and experiences compared to twins, they also share only half as many
genes, which introduces the potential for genetic confounding. In other words, there could
be genes associated with both homeownership and longevity that are not accounted for in
our analysis using sibling fixed effects. Simply put, if the reason that one sibling owns a
home and the other(s) does not is related to longevity, this presents a threat to our causal
interpretation.

2.5 Results

We first analyze the association between homeownership and longevity using our full pooled
sample (N = 1.4 million). We fit models described by Equation (2.1) and Equation (2.2)
on Black and White Americans separately. Figure 2.6 shows a clear mortality advantage for
both Black and White homeowners. The unadjusted difference in life expectancy for Black
Americans (0.50 years) and White Americans (0.53 years) is highly comparable. These
regression estimates correspond to conservative estimates of the difference in life expectancy
conditional on living to age 65 (e65).6 After controlling for educational attainment in years,
race, wage and salary income, occupation, state of residence in 1940, urbanicity, and marital
status, the difference in life expectancy is 0.36 years for Black Americans and 0.42 years for
White Americans.

Next, we turn to our subsample of siblings identified from our linkage to the 1920 Census.
Here, we fit a model described by Equation (2.4) on a pooled sample; we are unable to fit
separate models for Black and White Americans separately due to sample size limitations.
Figure 2.7 again shows a strong positive association between homeownership and longevity
for our baseline model without controls. Owning a home in 1940 is associated with a mor-
tality advantage of 0.64 years.7 After adjusting for covariates (educational attainment in
years, race, occupation, urbanicity, state of residence in 1940, and marital status), the asso-
ciation is slightly attenuated: the mortality advantage is 0.53 years. Our final model, which
includes sibling fixed effects to account for shared conditions in childhood such as family
wealth, genetic endowment, and other hard-to-measure confounders, still shows a statisti-
cally significant mortality advantage of 0.31 years. The full regression tables for Figure 2.6

6Throughout the paper, we report our estimates from regression models. However, our regression models
are fit on doubly truncated data, which downwardly biases our estimated regression coefficients (Goldstein
et al., 2023). For interpretability, we convert these regression estimates into difference in life expectancy
at age 65, e(65) using a conventional parametric Gompertz approach assuming proportional hazards. This
gives us an inflation factor of approximately 17% in converting our regression coefficients into estimates of
differences in e(65). For more technical details, see Appendix A.1.
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Figure 2.6: The unadjusted difference in life expectancy between homeowners and renters
for Black and White Americans in the CenSoc-DMF. Uncertainty bars show 95% confidence
intervals; for White Americans, the uncertainty bars are smaller than graph point size.

and Figure 2.7 are presented in Appendix A.1.

Sample Restriction

To address potential concerns of residual confounding within siblings, we refit our sibling
fixed effect model on a series of different subsamples. The goal of this sensitivity analysis
is to reduce potential residual confounding within siblings. For example, by restricting to
siblings who are still living in the same county or have comparable educational attainment,
we may account for unobserved heterogeneity, such as early life health, between siblings. For
this analysis, we create five different subsamples: (1) brothers who are both married; (2)

7The estimated unadjusted difference in life expectancy between homeowners and renters in our subsam-
ple of siblings (0.52, 95% CI = [0.48, 0.56]) is lower than in our full sample (0.64, 95% CI = [0.53, 0.75]),
but the difference in the associations is not statistically significant. This suggests our sibling subsample is
not specially selected in a way that would bias the relationship between homeownership and longevity.
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Figure 2.7: The relationship between owning a home and longevity from three regression
models for our sibling sample. The “no controls” model adjusts only for birth cohort (left).
The “controls” model adjusts for educational attainment, race, occupation, birth cohort,
marital status, state of residence in 1940, and urban-rural status (middle). The “controls +
Sibling FE” additionally includes sibling and birth order fixed effects (right). Uncertainty
bars show 95% confidence interval.

brothers with ±2 years of educational attainment; (3) brothers living in the same county
in 1940; (4) brothers born within five years of each other; and (5) a sample with all of the
aforementioned restrictions. Figure 2.8 shows our key result that owning a home has a causal
effect on longevity is robust across all subsamples. We interpret this as evidence that our
findings are unlikely to be driven by residual within–sibling confounding.

Does the Effect of Homeownership on Longevity Vary by Home
Price?

In Figure 2.9, we examine whether more valuable homes have a stronger relationship with
longevity compared to less valuable homes. We assign each home a quartile score based
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Figure 2.8: Estimates of the effect of homeownership on longevity from refitting our sibling
fixed effect model on a subsample to account for potential within-sibling confounding. Our
estimates do not meaningfully change across subsamples. The vertical black dashed line
shows the estimate from the full sibling sample of 0.31 additional years of life.

on its value relative to other homes in the same state, as assessed in the 1940 Census.
We then incorporate these quartile scores as four dummy predictors in our models. In our
model without controls, we observe a linear increase in the unadjusted difference in life
expectancy between homeowners and renters as home value rises. This association becomes
less prominent in our model with controls and sibling fixed effects, indicating that higher-
valued homes yield only a modest increase in life expectancy compared to lower-valued
homes. However, the large uncertainty bands preclude us from making any definitive claims
about effect heterogeneity with respect to home value.
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Figure 2.9: The relationship between owning a home and longevity for different levels of
home value in the sibling sample. Each home was categorized according to its value relative
to other homes in the same state. Uncertainty bars show 95% confidence intervals.

2.6 Discussion

We find a meaningful, statistically significant difference in life expectancy between home-
owners and renters. Those who own a home in early adulthood live approximately six
months longer at age 65 than those who rent, and controlling for a large set of observable
demographic and socioeconomic characteristics only slightly attenuates this estimate. These
results align with our theoretical expectations from Fundamental Cause Theory: homeown-
ers are wealthier than renters, and wealth is almost universally associated with higher life
expectancy.

In our second analysis, we use a sibling-based identification strategy, which partially con-
trols for shared family environment and genetic endowment, to estimate the causal effect
of owning a home on longevity. We find that owning a home in early adulthood has an ef-
fect of 0.31 years on life expectancy, equivalent to approximately one-third the Black-White
mortality gap observed in our sample. We interpret this as evidence that homeownership
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causes people to, on average, live meaningfully longer lives. This aligns closely with our
theoretical framework that homeownership in early adulthood in the U.S. context will have
compounded financial, social, and psychological advantages across the life course, culminat-
ing in a longer life. To give this estimate a causal interpretation requires making several
assumptions, including that there is no residual confounding within sibling pairs (Boardman
and Fletcher, 2015). However, the robustness of our results and our theoretical framework
support our conclusion that homeownership has a causal effect on longevity.

Despite huge disparities in homeownership rates between Black and White Americans,
we find no significant Black-White differences in the relationship between homeownership
and longevity.8 This is a surprising finding, as the median value of homes in our sample for
White Americans ($2,000) is four times that of Black Americans ($500), and other studies
have found stratified racial and ethnic differences in both health (Finnigan, 2014) and wealth-
enhancing effects of homeownership (Killewald and Bryan, 2016). Further, many observable
social determinants of mortality, such as educational attainment (Card and Krueger, 1992),
have a weaker correlation with longevity for Black Americans than for White Americans.

The puzzlingly similar results for Black and White Americans may be explained by the
differential timing of homeownership. Black Americans who were able to purchase a home
before 1940 may have been spared some of the exploitative real estate practices that arose
in the following decades, such as racist exclusion from the housing market and predatory
inclusion characterized by overpriced, older housing in Black neighborhoods with unfavorable
or exploitative loan conditions (Taylor, 2019). These policies and practices meant that many
Black Americans did not benefit from homeownership to the same extent as White Americans
due to lack of investment in Black neighborhoods (Sugrue, 2014). However, those who were
able to purchase a home before 1940 may have been able to escape predatory inclusion
practices that became more widespread in the following decades (Taylor, 2019).

We observe a relatively weak, positive correlation between the value of a home and its
impact on longevity. Coupled with our analysis indicating similar mortality advantages
for both Black and White homeowners, despite White Americans having substantially more
valuable homes, this suggests that homeownership has an effect on longevity that goes beyond
wealth. In other words, being a homeowner is, on average, beneficial for longevity, regardless
of the value of the home.

There are several important limitations and caveats to this analysis that warrant dis-
cussion. Several methodological issues have been identified in the context of within-siblings
designs (McGue, Osler and Christensen, 2010). Most importantly, while the results of this
study suggest a causal effect of homeownership on longevity, residual confounding within
sibling pairs—unobserved differences between siblings not accounted for in our model—is
a valid concern. For instance, the sibling more interested in long-term financial security
might buy a home earlier in their life course, and interest in long-term financial security

8Our sibling sample is not large enough to estimate a causal effect separately for Black and White Amer-
icans. However, it is plausible that the causal effects for Black and White Americans would be comparable,
given the similar unadjusted differences in life expectancy between homeowners and renters.
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may also be a correlate of healthy lifestyle choices. While we cannot confirm that there is
no residual confounding within siblings, our robustness checks are reassuring. Specifically,
we re-estimated our sibling fixed effect models on different subsamples (e.g., a subsample
where both siblings lived in the same county in 1940) to account for potential unobserved
heterogeneity between siblings. We find no evidence our findings are driven by residual
within-sibling confounding.9

It is also important to note our study focuses only on male household heads, excluding
women, lodgers, and men living with their parents. In particular, investigating the impact
of homeownership on longevity for women is a crucial direction for future research. Our
linked samples also overrepresent White men with higher socioeconomic status and under-
represent Black men and men from the South. While our regression models can adjust for
socioeconomic status, the small resulting linked sample of Black American siblings makes
fitting race-stratified sibling fixed effects models infeasible.

In this study, we only consider the relationship between homeownership and longevity
in the U.S. context. This relationship may differ in other countries with different levels of
public housing, homeownership rates, and social conditions surrounding both homeownership
and health. For example, Vienna has a high level of public housing (Kadi, 2015), and
Singapore’s homeownership rates are over 90% due to heavily subsidized housing (Phang
and Helble, 2016). Given the significant differences in rates and societal norms surrounding
homeownership, our results can only tell us definitively about the U.S. context.

There are many promising avenues for future research. First, we are only able to observe
homeownership in early adulthood, and future work could consider longitudinally track-
ing entrance and exit from homeownership over the life course. Second, while our theo-
retical framework suggests various potential causal pathways between homeownership and
longevity, examining the contribution of each plausible causal mechanism is a promising
area of research. Finally, future work could consider studying different periods, cohorts, or
population subgroups to investigate the extent to which the results of our study generalize
to other contexts. These are important components of future research, which will deepen
our understanding of the relationship between homeownership and longevity.

Despite its limitations, this study offers compelling evidence that owning a home in early
adulthood has a causal effect on later-life longevity. This finding aligns with our theoretical
framework that owning a home promotes longevity and health more broadly through a
combination of stronger social networks, wealth accumulation, lower health risks due to
substandard housing, and improved psychological well-being. Our results speak to the need
for greater equity in the opportunities, incentives, and costs of homeownership. Policies

9Using a similar identification strategy and research design, Halpern-Manners et al. (2020) found evidence
of a causal effect of education on longevity. To bolster their causal claim, they used simulation methods
to demonstrate that the amount of residual confounding required to invalidate their causal effect would be
extreme and unlikely. Further, they found no statistically significant difference between parallel estimates
of the education-mortality relationship using fixed effects models on samples of twins and non-twin siblings.
This suggests that there is little remaining residual genetic confounding in siblings, at least in the case of
education and mortality.
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successful in responsibly and equitably expanding homeownership opportunities for Black
Americans could bring substantial longevity benefits.
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Chapter 3

The Unpredictability of
Individual-level Longevity

How accurately can age of death be predicted using basic sociodemographic characteristics?
We test this question using a large-scale administrative dataset combining the complete
count 1940 Census with Social Security death records. We fit eight machine learning algo-
rithms using 35 sociodemographic predictors to generate individual-level predictions of age
of death for birth cohorts born at the beginning of the 20th century. We find that none of
these algorithms are able to explain more than 1.5% of the variation in age of death. Our
results point towards the unpredictability of mortality and underscore the challenges of using
algorithms to predict major life outcomes.

3.1 Introduction

Social scientists studying mortality in the United States have made remarkable progress in de-
scribing racial and class-based inequalities mortality (Schwandt et al., 2021; Elo, 2009), devel-
oping theories about the social origins of mortality disparities (Link and Phelan, 1995; Dan-
nefer, 2003; van Raalte, 2021), and investigating the causal determinants of longevity (Chetty
et al., 2016; Chetty and Hendren, 2018). Yet a fundamental question remains unanswered:
how predictable is individual-level longevity? Characterizing the predictability of longevity is
crucial for understanding the extent to which mortality theories can tell us about individual-
level longevity. Further, understanding the predictability of major outcomes like longevity
can aid policymakers in making informed choices about using predictive algorithms for
decision-making (Salganik et al., 2020).

To assess the predictability of individual longevity using demographic characteristics
observed early in life, we use data from the CenSoc-DMF. The CenSoc-DMF is a large-scale,
nationally representative dataset that links the complete count U.S. 1940 Census with the
Social Security Death Master File (DMF) (Goldstein et al., 2021). Our study draws upon
a large sample of 130,000 individuals and employs eight statistical and machine learning
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algorithms incorporating 35 sociodemographic predictors to predict age of death.
We find that none of the algorithms we tested can make accurate predictions about age of

death, confirming the unpredictability of individual-level longevity. Our results highlight the
unpredictability of individual-level longevity, the limits of prediction, and the modest gains of
complex machine learning algorithms over simple linear models. Mortality researchers need
to reconcile the lack of predictability with existing mortality theories. Additionally, our
findings raise concerns about the appropriateness of individual-level prediction for policy
decision-making.

3.2 Background

Prediction in the Sciences

In the physical sciences, prediction is an indispensable tool for evaluating scientific evidence.
A theory can be evaluated based on its ability to make falsifiable predictions about future
observations (Breiman, 2001). The predictive accuracy of a theory can be used to benchmark
its explanatory power. Scientific theories contradicted by new evidence—from experimental
or observational studies—can be refined or replaced by new theories. Predictive modeling
has been applied extensively in the field of computer science, where standard processes and
straightforward metrics for success have allowed researchers to make major advances in areas
such as speech recognition, machine vision, and translation (Hofman, Sharma and Watts,
2017).

In contrast, social scientists have generally relied on interpreting coefficients in idealized
models (Molina and Garip, 2019). This approach – termed generative modeling1 – involves
assuming the observed data is generated from an underlying data-generating process de-
scribed by a parametric model. The researcher chooses a parametric model (e.g., linear
regression), fits this model to the observed data, and checks whether the model coefficients
are statistically significant and in the direction predicted by theory. The core assumption
behind generative modeling is that the researcher can accurately choose a parametric model
that describes the complex social process that generated the observed data. This practice
of “searching for significance” is beginning to draw criticism in light of the ongoing crisis of
replication (Breznau et al., 2022; Open Science Collaboration, 2015).

1The two mainstream cultures of statistical analysis have been described as “generative modeling” and
“predictive modeling” (Breiman, 2001; Donoho, 2017). In generative modeling, researchers assume a para-
metric model that could have generated the observed data and estimate the different parameters of the
model using their observed data. This leads to simple and interpretable models, but such models have not
had much out-of-sample explanatory power. Predictive modeling, on the other hand, prioritizes prediction.
The data-generating process is assumed to be an unknown “black box” and evaluates models based on their
predictive accuracy on new data. Predictive modeling favors complex machine learning models that perform
well when predicting on out of sample data. However, such models generally give little insight into the
mechanisms linking predictors with outcomes (Molina and Garip, 2019).
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Social scientists have historically avoided prediction exercises due to data and computa-
tional limitations. Data are often sparse, social systems are complex, and models attempting
to capture the complexity of the social world can be computationally intensive to train. More-
over, social scientists fear that complex “black box” models are challenging to interpret and
are not useful for studying the social world (Hofman, Sharma and Watts, 2017). However,
in recent years, researchers have increasingly acknowledged the complementary nature of
predictability and interpretation, and advances in computing, data collection, digitization,
and record linkage have ushered in a new data ecosystem for computational social scien-
tists (Kashyap, 2021). These new data allow social scientists to pursue prediction rather
than only interpreting whether a coefficient in a model is statistically significant and is in
the direction predicted by theory.2 Yet the extent to which major social science outcomes
are predictable is an open area of research.

Group vs. Individual Mortality Differences

When studying differences in mortality, researchers generally partition the population into G
mutually exclusive groups and estimate and compare group-level averages µ1, µ2, . . . µG. The
key advantage of investigating group differences in mortality is that it is straightforward to
make comparisons across groups. However, studying group differences often hides substantial
heterogeneity within groups. On the other hand, studying individual-level mortality provides
insight into individual-level heterogeneity but cannot provide insight into group differences
in mortality.

Predictability of life outcomes

Our results echo a growing body of research that uses predictive modeling to confirm the un-
predictability of life outcomes. Salganik et al. (2020) used a mass scientific collaboration to
assess the predictability of major life outcomes. Over 160 research teams used statistical and
machine learning algorithms to predict six outcomes: material hardship, GPA, grit, eviction,
job training, and layoff. Each research team used the same training and hold-out data from
the Fragile Families and Child Wellbeing study, which includes over 1,000 variables on early
life (Families, 2021). However, none of the research teams were able to produce accurate
predictions for any of the outcomes, suggesting that life outcomes are fundamentally unpre-
dictable. This unpredictability could not be attributed to specific methodological choices
by any one team, highlighting the complexity and unpredictability of life outcomes and the
limitations of relying solely on predictive models for decision-making in areas such as social
policy.

2Prediction in the social sciences is becoming increasingly common, but there are still several outstanding
methodological issues, such as standardized metrics for evaluating the performance of predictive algorithms
and characterizing the limits to prediction, that need to be addressed before prediction reaches its full
potential (Hofman, Sharma and Watts, 2017).
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Similarly, Arpino, Le Moglie and Mencarini (2022) used machine learning algorithms to
predict union dissolution in Germany. The study highlights the benefits of using machine
learning methods such as random survival forests for prediction and identifies key predictors
of union dissolution. Yet this study also ultimately finds union dissolution is highly random
and unpredictable.

Machine learning in public policy

The results of these studies are concerning as predictive algorithms are widely applied in
public policy. Decision-making in criminal justice, computer security, higher education, tar-
geted advertisement, and bank and mortgage qualification increasingly relies on algorithmic
predictions (Peet et al., 2022). Within the criminal justice system, predictive models are
widely applied to forecast potential offenders, victims of crime, offenders most likely to miss
a court date, and which criminals will be most likely to re-offend in the future. For instance,
over 1 million offenders in the U.S. have been assessed with the commercial risk software
COMPAS. One part of this assessment is a recidivism risk score, which reports a person’s
risk of committing another crime in the next two years (Dressel and Farid, 2018). In child
protective services, predictive risk models have been used to identify cases at higher risk
of adverse outcomes (Chouldechova et al., 2018). Further, the US Department of Veteran
Affairs is currently using a predictive model to identify veterans at higher risk of suicide to
better target care using electronic medical records (Kessler et al., 2017).

The explosion of machine learning in both academic and industry settings has been
accompanied by a growing skepticism (Narayanan, 2021). In theory, flexible machine learning
algorithms are appealing due to their ability to discover interactions and higher-level non-
linear effects (Rose, 2013). However, existing evidence suggests that more complex machine
learning models may not necessarily perform better than simpler models. For instance,
Dressel and Farid (2018) found that a simple linear model with only two predictors had
comparable performance to a complex AI model with over 137 predictors. Similarly, Salganik
et al. (2020) observed that their best-performing models only slightly outperformed their
simple benchmark model. These studies suggest that machine learning may only produce
modest gains over traditional parametric models for predicting social outcomes.

Moreover, despite the widespread application of predictive models in public policy for
decision-making, the predictive accuracy of these algorithms is unclear. Are these algorithms
making accurate predictions, and if not, what are the implications of inaccurate predictions
being used for decision-making? A stronger characterization of the individual-level social
outcomes that can and cannot be accurately predicted is essential for a complete scientific
understanding of the implications of using the predictions from such algorithms for decision-
making.
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Health and epidemiological studies of mortality risk

A handful of applied epidemiology studies have predicted individual-level mortality risk,
but the aim of such studies is very different from ours. In epidemiology and medicine,
generating accurate individual-level predictions of mortality risk is an important area of
research, because mortality risk scores are valuable for adjusting for risk between treatment
groups in both clinical and observational studies (Austin and van Walraven, 2011). To
maximize their predictive accuracy, these studies generally rely on health or behavioral
characteristics such as self-rated health. These direct health measures are generally more
predictive of mortality than the sociodemographic characteristics considered in this study.

Even with these behavioral and health-related predictors, past studies have had limited
success in predicting mortality. Rose (2013) used data from the Study of Physical Perfor-
mance and Age-Related Changes in Sonoma (SPPARCS) dataset and Superlearner machine
learning algorithms to predict 5-year mortality. The SPPARCS dataset includes 2,092 indi-
viduals aged 54 or older in Sonoma, California. The study collected information on gender,
age at baseline, self-rated health at baseline, smoking behavior, pre-existing health condi-
tions, self-rated health, and a leisure time physical activity score. The Superlearner algorithm
was employed to forecast death in a 5-year period from 1993-2005, and the study’s outcomes
revealed that the algorithm could explain 20.1% of the variation in 5-year mortality risk.

Puterman et al. (2020) used data from the nationally-representative Health and Retire-
ment Study (HRS) to predict mortality from 57 economic, health, behavioral, social, and
psychological factors. This study used both conventional methods (i.e., multivariate Cox
regressions) and machine learning (i.e., lasso, random forest analysis) to identify the lead-
ing predictors of mortality. Together these 57 predictors explained a total of 11.4% of the
variance in mortality; however, baseline demographic characteristics (gender, race/ethnicity,
and place of birth) only explained 1.9% of the variation in mortality.

Our research objectives diverge significantly from these prior studies. These investiga-
tions use health-related behavioral predictors, such as alcohol abuse, self-rated health, and
current smoker status, to predict mortality outcomes. In contrast, our study only uses basic
sociodemographic characteristics observed early in the life course to predict longevity later in
life. Our approach aims to outline the boundaries of prediction and to provide more realistic
expectations of what major life outcomes can and cannot be predicted.

Mortality theory

Social scientists studying mortality in the United States have a long-standing interest in
describing aggregate disparities in mortality. There are striking class-based (Elo, 2009;
Chetty et al., 2016) and racial (Feigenbaum, Muller and Wrigley-Field, 2019; Wrigley-Field,
2020b) disparities in mortality. While overall longevity has increased over the course of the
20th century, inequality in mortality has increased over time (Preston and Elo, 1995). Re-
searchers have also documented demographic paradoxes, such as the Black-White mortality
crossover (Wrigley-Field, 2020a) and the Hispanic mortality paradox (Elo et al., 2004).



CHAPTER 3. THE UNPREDICTABILITY OF INDIVIDUAL-LEVEL LONGEVITY 33

To explain these striking population-level disparities in mortality, social scientists have
developed mortality theories. Life-course theories investigate how later-life mortality is im-
pacted by events in early life or other critical periods through mechanisms such as scarring,
selection, and immunity (van Raalte, 2021). Theories on the influence of macroeconomic
conditions and social inequalities on mortality, such as fundamental cause theory, were in-
troduced to explain the social determinants of mortality disparities (Link and Phelan, 1995).
Further, theoretical mortality models have been introduced and tested to describe death rates
at the most advanced ages (Vaupel, Manton and Stallard, 1979; Feehan, 2018; Gompertz,
1825; Barbi et al., 2018). Yet it remains unclear to what extent mortality theories can help
us predict individual-level morality.

3.3 Data

We use the recently released CenSoc-DMF dataset (Goldstein et al., 2021), which links the
complete-count 1940 Census (Ruggles et al., 2020) with mortality records from the Social
Security Death Master File (DMF). The DMF captures nearly all deaths in the U.S. between
the years of 1975–2005 (Alexander, 2018). For each death record, the DMF contains full first
and last name, exact date of birth (d/m/y), and exact date of death (d/m/y) but contains
no information on gender, place of birth, or other sociodemographic characteristics. The
1940 Census includes 36 population questions and 31 household questions. Notably, the
1940 Census was the first decennial census to include questions on wage and salary income,
educational attainment, and employment status.

As there is no shared unique identifier in both the 1940 Census and DMF mortality
records (e.g., Social Security Number), we link on fields unlikely to change over the life
course. Specifically, we use the ABE exact match algorithm (Abramitzky, Boustan and
Eriksson, 2012, 2014, 2019), which links on first name, last name, and age of birth. This
algorithm first standardizes first names to account for common misspellings or nicknames
(e.g., Robbie → Robert). The algorithm then establishes matches based on an exact match
on first and last name while allowing for some flexibility (±2 years) on birth year. To reduce
the number of false matches, we further restrict to a set of “conservative” matches, which
requires first and last names to be unique within ±2 years around year of birth (a 5-year
band). We are able to match approximately 20% of records between the 1940 Census and
Death Master File, a match rate comparable to other historical linking efforts (Abramitzky
and Boustan, 2017).

The resulting CenSoc-DMF dataset is a large-scale, nationally representative dataset
with a range of covariates observed in 1940 and exact age of death. For parsimony, we focus
on the birth cohort of 1910 (N = 133,000),3 who were observed in the 1940 Census at age
29 or 30 and died between the ages of 64–95. The CenSoc-DMF file does not include women
due to challenges linking unmarried women whose surnames may have changed after the
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1940 Census.

Figure 3.1: Each facet shows the composition of the CenSoc-DMF (red) and the complete
count 1940 Census (black) for a given covariate. The Censoc-DMF is broadly representative
of the 1940 Census, except with slightly higher socioeconomic status and a slightly higher
proportion of whites.

To assess the representativeness of our matched CenSoc-DMF sample, Figure 3.1 com-
pares the composition of our matched CenSoc-DMF sample and the full population of men
in the 1940 Census age 29 or 30. Broadly, our CenSoc-DMF sample is representative of the
general population, albeit comprised of a higher proportion of white, higher socioeconomic
status individuals.

3For our main analysis, we only present results for the cohort of 1910. However, in supplementary
analyses, we find highly comparable results for both earlier and later birth cohorts.
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From the CenSoc-DMF, we select 36 key predictors from the 1940 Census and age of
death in years, our outcome of interest. We restrict our analysis to individuals with no
missing values for any predictors.4 For modeling purposes, we normalize all variables to
ensure they share a common scale without distorting relative differences between variables.
For dichotomous variables, we do not apply any normalization or standardization techniques.

Figure 3.2: Overview of our analytical sample. We focus on the birth cohort of 1910. We
observe their early life characteristics in the 1940 census at age 29/30, and we observe their
mortality between the ages of 64–95.

3.4 Methods

Predictive Modeling

We use both machine learning approaches and conventional linear regression to evaluate
how accurately we can predict longevity. Flexible machine learning algorithms are appealing
in this setting because of their ability to detect interactions and higher order effects and
better handle multiple, highly-correlated predictors (Rose, 2013; Puterman et al., 2020). We
test a variety of conventional and machine learning algorithms, including random forests,

4As a sensitivity analysis, we reran our full analysis imputing missing data instead of dropping missing
data. Our results were nearly identical.
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linear regression, gradient boosting machines, lasso regression, extreme gradient boosting
machines, and support vector machines.

For most prediction tasks, it is impossible to know in advance which algorithm will
have the best performance. To overcome this, we use Superlearning. Superlearning—also
known as weighted ensembling or stacking—is a statistical technique for prediction that
combines many machine learning algorithms into a single algorithm (Van der Laan, Polley
and Hubbard, 2007). This single algorithm is expected to perform at least as well as the
best of the individual algorithms. This avoids the issue of picking the “right” algorithm
by systematically picking the best algorithm using a pre-defined set of decision rules. The
motivation behind Superlearning is that a weighted combination of different algorithms may
outperform any single algorithm by smoothing out the limitations of any specific models.
The Superlearner algorithm finds the best weighted combination of algorithms using a k-
fold cross-validation procedure to minimize cross-validated risk (Van der Laan, Polley and
Hubbard, 2007).

We fit the Superlearner algorithm on our training data using the following implementa-
tion:

1. Split the data into k = 10 different folds (partitions) for k-fold cross-validation.

2. Using the first fold as the hold-out data, fit each algorithm on the 9 other folds. Make
predictions on the hold-out fold using each algorithm. Repeat this process for each
fold, using a different fold as the hold-out data.

3. Choose a loss function (e.g., mean squared error) and compute a metalearner. The met-
alearner is a principled approach to combining multiple machine learning algorithms
by fitting a regression of outcome variables on the predicted variables to minimize the
cross-validated risk of the set of potential weighted combinations.

4. Fit each of the algorithms on the full data.

In addition to producing a weighted algorithm that theoretically performs as well or better
than the top algorithm, the Superlearner has the added advantage of training many machine
learning algorithms at the same time. This allows researchers to assess the performance of
many different machine learning algorithms with an a priori specified evaluation criterion,
minimum cross-validated mean squared error.

Table 3.1 shows the full set of machine learning algorithms used in our Superlearner.
The cross-validated risk is lowest for the generalized boosted regression and highest for the
random forest and extreme gradient boosting. The Superlearner algorithm most heavily
weighted the GBM and XGBOOST models.

We randomly split our dataset into a training partition (75%) and a holdout partition
(25%). Our training dataset includes our 36 predictors and outcome of interest, age of death.
We use this training dataset to train our predictive models. To evaluate the performance of
our models, we use the models trained on our training dataset to predict longevity for each
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Algorithm Description Cross-validated Risk Coefficient

gbm Generalized boosted machines 63.61 0.80
lm Linear model 63.73 0.00
xgboost Extreme gradient boosting 63.81 0.12
ranger Random forest regression 64.98 0.02
svm Support vector machine 65.50 0.06
lasso Lasso regression 63.86 0.00
mars Multivariate adaptive regression splines 63.85 0.00
mean Arithmetic mean 64.49 0.00
Superlearner Ensemble Superlearner 63.59 —

Table 3.1: Full set of algorithms included in the Superlearner. The cross-validated risk refers
to the risk calculated by the Superlearner, the cross-validated mean squared error. The co-
efficient gives the total weight (contribution) of each algorithm towards the full Superlearner
ensemble model.

person in the holdout dataset, withholding information about the true age of death. We
then compare our predicted age of death with the true, withheld age of death.

Benchmarch OLS Regression Model

As a benchmark model, we also fit an OLS regression model using three predictors, educa-
tional attainment (in years), income, and race:

Death Agei = Educationi + Incomei + Racei + ϵi. (3.1)

We chose these predictors based on substantive knowledge about key social determi-
nants of mortality. This allows us to assess the performance of our model against a simple
benchmark model with only three predictors.

3.5 Results

To contextualize our findings, we first present results on aggregate mortality disparities
for our focal cohort of 1910 in the CenSoc-DMF. We observe substantial aggregate-level
disparities that align closely with our theoretical expectations. We then present our results
on the predictability of individual-level longevity using models trained on the exact same
data. Our major finding is that none of our statistical or machine learning algorithms were
able to accurately predict individual-level longevity.
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Aggregate Mortality Disparities

In Figure 3.3a, we see a clear educational gradient, with higher educational attainment
being associated with higher life expectancy. Further, we see the “education staircase” –
large jumps at years 12 and 16, which correspond to terminal years of education (Goldstein
and Edwards, 2020). In Figure 3.3b, we see a clear income gradient, with higher wage and
salary income being associated with a higher life expectancy. These clear and demographi-
cally meaningful aggregate disparities between socioeconomic groups align closely with our
theoretical expectations.

To illustrate variation in life expectancy within groups, Figure 3.3c shows the distri-
bution of age of death across three levels of educational attainment: “No High School,”
“High School,” and “College.” We focus here on educational attainment as it has a well-
established relationship with mortality (Halpern-Manners et al., 2020; Lleras-Muney, Price
and Yue, 2020) and is a common proxy for social class (Muller and Roehrkasse, 2022; Pet-
tit and Western, 2004). Three insights emerge from our education analysis. First, there are
substantial education-based disparities in mortality at the aggregate level (Figure 3.3a). Sec-
ond, within education categories, there is substantial heterogeneity in age of death. Finally,
for any given individual, knowing their level of educational attainment will be a weak pre-
dictor of their individual-level longevity. Aggregate mortality patterns hide the substantial
individual-level mortality within groups.

Individual-level predictions

We split our sample into a training dataset (75% of observations) and a holdout dataset
(25% of observations). We fit models predicting age of death on the training dataset and
use these models to generate predictions on the holdout dataset. We quantify each model’s
performance using the coefficient of determination (R2), the proportion of variation in the
outcome variable explained by the predictor variables in the holdout dataset (Chicco, War-
rens and Jurman, 2021). In other words, the R2 value describes the total variation in age of
death (in years) an algorithm was able to explain.

As shown in Figure 3.4a, none of the machine learning algorithms was able to explain
more than 1.5% of the total variation in age of death. The Superlearner algorithm and the
gradient boosted machines had the best out-of-sample performance, explaining 1.26% and
1.25% of the total variation in age of death. The worst-performing algorithm was random
forest, which only explains 0.4% of the total variation in age of death. Our linear model
explains 1.10% of the variation; our benchmark linear model described in Equation (3.1)
explains 1.02% of the variation.

Figure 3.4b plots the correlation between the predicted age of death of our best-performing
Superlearner algorithm and the actual values of age of death. There is no discernible rela-
tionship between our predicted age of death and the true observed age of death. Further,
most of the predictions are narrowly concentrated between the ages of 76–82, suggesting that
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Figure 3.3: Panel A shows the educational gradient of longevity. Panel B shows the ed-
ucational pattern of income. Panel C shows the distribution of death age by educational
attainment. Error bars show 95% uncertainty intervals.

our best model was not able to accurately predict whether someone would die at a relatively
earlier or later age.

There is a marginal improvement in predictive accuracy for Superlearner over the other
algorithms. Compared to our top-performing individual algorithm, gradient boosted ma-
chines, Superlearner only increased predictive accuracy by 0.8%. Compared to our simple
benchmark with three predictors, the Superlearner increased predictive accuracy by 22%.

Figure 3.4c plots variable importance for the Superlearner algorithm. Variable impor-
tance is a measure of how much an algorithm relies on a given variable for making its
predictions. Here, variable importance is calculated as the reduction in predictive accuracy
(as measured by mean squared error) attributable to each variable if that variable was re-
moved from our model (Friedman, 2001). Education in years and occupational prestige5 were
the two most important predictors in the Superlearner model, likely reflecting class-based
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Figure 3.4: Panel A shows the R2 performance of each machine learning algorithm. Panel
B shows the predicted vs. observed predictions for Superlearner, our best-performing al-
gorithm. Panel C shows the relative variable importance for the top 15 variables in our
Superlearner model.

differences in life expectancy (Elo, 2009; Ostan et al., 2016).

3.6 Discussion

Our findings add to a growing body of evidence that individual-level social outcomes are
challenging to predict (Salganik et al., 2020; Arpino, Le Moglie and Mencarini, 2022; Dressel
and Farid, 2018). We use large-scale administrative data and a range of machine learning
algorithms to predict a single outcome: age of death. Our data allows us to study cohort
lifespans, rather than artificially constructed measures of period life expectancy much of the
literature is confined to. We find that all our algorithms performed poorly at predicting
individual-level age of death. Our best-performing algorithm only explained 1.26% of the
overall variation in age of death, despite being trained on a large dataset with 35 different
individual-level predictors.

The ensemble Superlearner algorithm outperforms any individual algorithm. While the
performance over other top-performing algorithms is marginal, the Superlearner far outper-

5This measure of occupational prestige is based on the Siegel occupational prestige score, which calculates
an occupational prestige score for each occupation based on their perceived status according to a survey of
the general population.
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formed our worst-performing algorithms, extreme gradient boosted machines, and random
forest. However, none of the machine learning algorithms greatly outperformed conventional
linear regression. The Superlearner only had a modest 22% overall increase in R2 over
our three-predictor benchmark model. The relatively modest increase between our three-
predictor benchmark model and our top-performing algorithm aligns closely with findings
from past studies (Dressel and Farid, 2018; Salganik et al., 2020). Additionally, fitting 8 of
the most popular and widely applied machine learning algorithms, and having none perform
well, gives reassurance that our low predictability is not simply driven by choice of algorithm.

The relatively modest increase of our complex, machine-learning algorithms over a three-
predictor linear model has several implications. First, complex machine learning algorithms
can give a modest boost in predictive accuracy. This boost in predictive accuracy helps
explain the widespread application of machine learning in fields such as quantitative finance
or social media feeds, where small increases in predictive power have large financial implica-
tions. Second, when an outcome is unpredictable using a simple linear model, it will also be
unpredictable with a more complex machine learning algorithm. Finally, both social scien-
tists and policymakers must weigh the relatively modest gains of complex machine learning
algorithms with the difficulty of training and interpreting such models.

For policymakers seeking to use predictive algorithms in policy decision-making, these
results suggest caution. The poor performance of predictive models for estimating a well-
studied outcome like mortality raises concerns about the accuracy of predicting other types
of social outcomes. Policymakers should require clear evidence of an algorithm’s accuracy
and effectiveness before using it to inform policy decisions and should carefully consider the
implications of inaccurate predictions in their specific policy setting.

These results also have implications for social scientists studying mortality. Why do we
puzzlingly observe such stark aggregate mortality disparities but cannot predict individual-
level longevity? Mortality theories about group differences in mortality have low explanatory
power for individual-level mortality, suggesting mortality researchers may need to develop
new theories that better explain why individual-level mortality is so hard to predict. The
fundamental uncertainty around individual-level mortality needs to be better acknowledged
and incorporated into demographic theory.

This study’s findings can provide practical guidance for individuals seeking to make
better decisions and plans for their future. The substantial variation in life expectancy
within sociodemographic groups and the randomness of individual-level longevity suggest
individuals should largely ignore their own life expectancy. For example, individuals in
groups with lower predicted average life expectancy should not plan on a shorter retirement:
individual-level longevity is highly random, and the likelihood that they far outlive their
expected life expectancy is high. On the other hand, life insurance companies should be less
concerned that individual-level prediction is so challenging. While individual-level prediction
may be highly random, the insurance companies’ primary goal is to accurately predict life
expectancy on average.

There are several limitations to this study that warrant discussion. Our sample is limited
to men born in 1910 and dying between 1975–2005. We only observe deaths between the
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ages of 64–95, and it is possible deaths earlier in the life course would be more predictive
than those observed in our sample. However, our sample captures approximately 65% of
the deaths occurring after age 30 (Breen and Osborne, 2022). The main prediction exercise
presented in this paper is restricted to men, as surname changes for some women during
marriage preclude accurate record linkage. In Appendix B.1, we replicate our analysis in the
CenSoc-Numident, which includes all genders but with a shorter observed window of deaths
(1988–2005). Qualitatively, our results are nearly identical, with our mortality predictions
being slightly less accurate in the CenSoc-Numident.

We tested a wide range of different statistical and machine learning algorithms, but
we cannot definitively rule out that a different algorithm would be more predictive than
those we tested. Yet given the modest gains of machine learning models over simple linear
models in other settings (Salganik et al., 2020), it is unlikely that any new algorithm would
meaningfully improve our ability to predict longevity. It is also possible that there are other
sociodemographic covariates that would help improve the predictive power of our model.
Further, it is possible that alternative feature engineering approaches may help improve
predictive accuracy. Finally, we note that predicting other measures of mortality—such as
whether an individual died within a 5-year window—would lead to higher predictive accuracy.
However, changing our outcome to make prediction easier does not change the fact that our
predictions of individual longevity are inaccurate.

Despite these limitations, our results speak to the unpredictability of one of life’s most
major life outcomes: age of death. While demographers have long observed striking mortality
disparities across population subgroups—ethnoracial disparities, place-based disparities, and
class-based disparities, individual-level longevity is stochastic and challenging to predict.
Sociodemographic characteristics alone cannot be used to predict individual-level longevity.
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Chapter 4

Black-White Mortality Crossover:
New Evidence from Administrative
Data

The Black-White mortality crossover is a well-studied demographic paradox. Black Ameri-
cans experience higher age-specific mortality rates than White Americans throughout most
of the life course, but this puzzlingly reverses at advanced ages. The leading explanation for
the Black-White mortality crossover centers around selective mortality over the life course.
Black Americans who survived higher age-specific mortality throughout their life course are
a select population composed of individuals who are exceptionally robust. However, skeptics
argue the Black-White mortality crossover is simply a data artifact from age misreporting
or related data quality issues. We use large-scale linked administrative data (N = 2.3 mil-
lion) to document the Black-White mortality crossover for cohorts born in the early 20th

century. We find evidence the crossover is not a data artifact and cannot be uncrossed using
sociodemographic characteristics alone.

4.1 Introduction

The Black-White mortality crossover is a long-standing demographic paradox. The crossover
occurs when non-Hispanic Black Americans experience higher age-specific mortality rates
than Non-Hispanic White Americans until very late in life. At advanced ages, the age-
specific mortality rates first converge and then cross over, with Black mortality being lower
than White mortality. The crossover has been repeatedly documented in the United States
(Sautter et al., 2012; Dupre, Franzese and Parrado, 2006; Masters, 2012; Lynch, Brown and
Harmsen, 2003; Hummer, 1996). However, there is little consensus on the explanation for
the Black-White mortality crossover: critics have questioned these findings, suggesting that
the apparent crossover is simply an artifact of sparse or poor-quality mortality data at the
most advanced ages (Preston and Elo, 2006; Lynch, Brown and Harmsen, 2003; Preston
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et al., 1996; Preston, Elo and Preston, 1999). Others have theorized that the crossover is
the product of selective mortality over the life course (Vaupel, Manton and Stallard, 1979;
Vaupel and Yashin, 1985; Wrigley-Field, 2014, 2020a).

Understanding the Black-White mortality crossover is important for several reasons.
First, the mortality crossover has implications for our understanding of inequality at the
most advanced ages. Is there really a narrowing of mortality conditions for Black and White
Americans among the oldest old? Or is the crossover just a data artifact or a ruse of het-
erogeneity in susceptibility to mortality? Second, the Black-White mortality crossover is a
useful empirical example for developing theoretical frameworks of mortality selection. Fi-
nally, insights gained from studying the Black-White mortality crossover can be applied to
related research areas, such as mortality compression and deceleration of mortality rates at
advanced ages (Lynch, Brown and Harmsen, 2003).

In this study, we use linked administrative mortality data from the CenSoc-DMF (N = 2.3
million) to investigate the Black-White mortality crossover. The unprecedented size of the
CenSoc-DMF dataset, along with its rich array of covariates, allows us to empirically assess
two of the main explanations for the Black-White crossover. We find a mortality crossover
for the male birth cohorts of 1890–1905 at age 85 and a crossover for the male birth cohorts of
1906–1915 at age 90. Our analysis is restricted to men, as surname changes for some women
during marriage make linking women between the 1940 Census and the DMF mortality
records infeasible. The quality of our mortality data, paired with a sensitivity analysis,
allows us to rule out that our observed crossovers are simply an artifact of age misreports
or exaggerations. We then stratify for observed heterogeneity to test whether the crossover
can be uncrossed using sociodemographic characteristics, finding that the crossover persists
across all subgroups. We conclude that unobserved heterogeneity may still be responsible, or
there are indeed as-yet unknown protective factors that influence race differentials at older
ages in ways that are different than at younger ages.

4.2 Background

Past Studies on the Black-White Mortality Crossover

Since its original discovery by Sibley (1930), the Black-White mortality crossover has been
repeatedly documented in the United States (Manton, Poss and Wing, 1979; Berkman,
Singer and Manton, 1989; Lynch, Brown and Harmsen, 2003; Dupre, Franzese and Parrado,
2006; Sautter et al., 2012; Kestenbaum, 1992; Masters, 2012). The Black-White mortality
crossover has also served as a motivating example for a growing body of methodological work
on theoretical models of mortality selection (Vaupel and Yashin, 1985; Vaupel, Manton and
Stallard, 1979; Wrigley-Field, 2014, 2020a). More recently, a handful of empirical studies
have investigated the contribution of covariates such as socioeconomic status or religious
attendance to the Black-White mortality crossover (Dupre, Franzese and Parrado, 2006;
Sautter et al., 2012; Yao and Robert, 2011; Berkman, Singer and Manton, 1989).
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Table 4.1 presents several of the major empirical studies documenting the Black-White
crossover. Across studies, the “age of crossover”—the age at which Black age-specific mor-
tality rates first become lower than White age-specific mortality rates—occurs between the
ages of 74 and 90, generally centered around 85. However, the age at crossover has been
trending upwards over the course of the 20th century (Masters, 2012). In the 1960s, the
crossover was observed at age 75 for men and age 77 for women (Kestenbaum, 1992). In the
1970s, the age at crossover was observed at ages of 78 for men and 80 for women (Masters,
2012). More recently, the crossover has been observed at ages 88 for men and 87 for women
in U.S. lifetables from 2003 (Arias, 2006). This upward trend in the timing of the age of
crossover suggests that differential cohort experiences are an important consideration for any
study of the Black-White crossover.
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Explanations for the Black-White Crossover

There are three prominent explanations for the Black-White mortality crossover. The evi-
dence to date is not yet seen as conclusive, and population scholars are increasingly seeking
explanations for the Black-White mortality crossover. These competing explanations are
outlined below.

Data Artifact

One explanation for the Black-White crossover is that there is no crossover at all. Rather,
differential age misreporting or exaggeration, uncounted or unmatched deaths, and other
inaccuracies can lead to a spurious crossover. According to this perspective, once these data
errors are accounted for, the crossover disappears or is delayed until even more advanced
ages (Preston and Elo, 2006; Lynch, Brown and Harmsen, 2003; Preston et al., 1996; Preston,
Elo and Preston, 1999).

This perspective was most clearly advanced by Preston et al. (1996), who linked death
certificates to both decennial census records (1900, 1910, and 1920) and the Social Security
Death Master File (DMF). This linkage exercise demonstrated that misreporting was com-
mon; over 50% of Black women decedents had disagreement between the ages of death on
their death certificate and their Social Security record. Upon correcting for misreporting in
these death rates for Black Americans, the crossover disappeared. As further evidence of age
misreporting,Preston and Elo (2006) in a follow-up study demonstrated that the age-specific
mortality rates for Black Americans above 85 were lower than the age-specific mortality rates
in the lowest-mortality countries.

Age-As-A-Leveler

The “naive” theoretical explanation for the Black-White mortality crossover is that for the
oldest-old, mortality conditions converge for Black and White Americans. According to this
age-as-a-leveler hypothesis, older adults are increasingly separated from the unequal social
institutions that contribute to racial health disparities, such as the education system, the
labor market, and the criminal justice system. The departure from these stressors of daily
living may cause mortality rates to converge in later life (Kim and Miech, 2009). Further,
increased availability of a social safety net in later life, including Medicare and Social Security,
and stronger kin and support networks, could cause age-specific mortality rates to converge
in the oldest ages.

In this sense, old age acts as a “leveler” and causes a convergence in age-specific mortality
rates; real racial disadvantage attenuates at the most advanced age. However, it is unclear
why such attenuation of disadvantage at the most advanced ages would cause a crossover
rather than simply a convergence. Further, this hypothesis is at odds with a large body of
research documenting racial inequality in the U.S. (Bryan L. Sykes and Michelle Maroto,
2016; Alexander, 2010; Riddle and Sinclair, 2019; Perry and Morris, 2014).
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Heterogeneity in Frailty

The most famous explanation for the mortality crossover comes from theoretical models of
mortality selection. Mortality selection models begin with the premise that people vary sys-
tematically in mortality risk. In this frailty modeling tradition, as a cohort ages, it becomes
increasingly composed of robust individuals. This mortality selection can occur unequally
across population subgroups and has been hypothesized to explain mortality crossovers, mor-
tality deceleration, and mortality compression (Lynch, Brown and Harmsen, 2003; Wrigley-
Field, 2014).

In the case of the Black-White crossover, Black Americans who faced higher mortality
risks in early and midlife will be composed of a greater proportion of robust individuals
in later life, resulting in their age-specific mortality rates becoming lower than those of
White Americans, who faced lower mortality risks earlier in their life course. In other
words, the Black Americans who survive to the most advanced ages are more highly selected
for robustness than their White counterparts and will have lower mortality at advanced
ages (Wrigley-Field, 2020a; Vaupel and Yashin, 1985).

Skeptics of this heterogeneity-in-frailty explanation point out that poor health conditions
in early life can “scar” survivors, leading to higher mortality in later life (Preston and Elo,
2006). The limited number of empirical investigations have suggested that the dominant
direction of mortality conditions at different points in the life course is positive: higher
mortality risk in early life is associated with higher mortality later in the life course (Finch
and Crimmins, 2004; Janssen et al., 2004; Preston, 1970).

This study has two specific aims. First, we establish the mortality crossover as real,
not a data artifact. Second, we provide empirical evidence that the crossover cannot be
uncrossed using sociodemographic characteristics alone. The remainder of the paper proceeds
as follows. In the Section 4.3, we describe the complete count census data and mortality
records used in our analysis. We then describe our methods for mortality estimation in
the absence of denominators in Section 4.4. In Section 4.5 and Section 4.6, we present
and interpret our findings and discuss their implications for our understanding of mortality
selection.

4.3 Data

This study uses complete count 1940 Census data, mortality records from the Social Security
Death Master File (DMF), and record linkage techniques to construct a large-scale dataset
with rich covariates and mortality outcomes. This dataset, termed the CenSoc-DMF (Gold-
stein et al., 2021), links the complete count 1940 Census (Ruggles et al., 2020) to the DMF.
The DMF is a collection of over 83 million death records reported to the Social Security
Administration, with nearly complete mortality coverage between 1975–2005 (Alexander,
2018; Hill, 2001). However, the DMF does not contain any socioeconomic or demographic
variables. To obtain individual-level covariates, we link the DMF mortality records to 1940
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Census records. The resulting matched file includes only men, as surname changes due to
marriage for some women make the systematic linkage of women infeasible.

We link individual records in the complete count 1940 Census to the DMF using first
name, last name, and year of birth using the ABE exact match record linkage algorithm
(Abramitzky, Boustan and Eriksson, 2012, 2014; Abramitzky and Boustan, 2017; Abramitzky
et al., 2021). To reduce false matches, we restrict to matches where names are unique
within and across datasets for a ± 2-year window. This approach prioritizes minimizing the
number of false matches over maximizing the overall match rate; this minimizes the amount
of systematic bias introduced by false matches (Ruggles, Fitch and Roberts, 2018).

Representativeness of Matches

Our mortality-adjusted match rate is approximately 20% (Breen and Osborne, 2022). To
demonstrate that our matched sample is representative of the general population within
racial groups, we compare the composition of our matched sample to the general population
in the 1940 Census. Figure 4.1 shows our matched sample is broadly representative of the
general population within racial groups, except with slightly higher socioeconomic status.

Reliability of DMF

A key consideration for our study is the reliability of the DMF mortality records. The
DMF is extracted from the Social Security Numident and contains over 75 million death
records. The death coverage between 1975–2005 is nearly complete, containing approxi-
mately 95% coverage for deaths occurring after the age of 65 (Hill, 2001; Alexander, 2018).
Death coverage rates drop after 2005, and the DMF has substantial coverage gaps beginning
in 2011 (Maynard, 2019). Our analysis is restricted to deaths occurring in our mortality
observation window of 1975–2005.

The DMF does not explicitly include information on age of death. Rather, the DMF
contains information on date of birth and date of death from which age of death can be
imputed (Preston et al., 1996). Therefore, to assess the reliability of the imputed age of
death, we need to investigate the quality of the reported date of birth and date of death.

Dates of death are directly reported to the Social Security Administration from a funeral
director or a family member. These reports are generally made directly following a death,
minimizing the likelihood of misreporting. The date of death in the DMF almost always
exactly matches the date of death in the corresponding death certificates (Hill, Preston and
Rosenwaike, 2000).

Information on date of birth is submitted personally by the decedent in conjunction with
a benefit claim. The Social Security Administration closely tracks age to determine eligibility
for benefits. Age verification is a required condition for entitlement to benefits, and stringent
tests were put in place in 1965. The focal cohorts of this study would have become eligible
for Social Security benefits after these age verification procedures were put in place.
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Figure 4.1: Each facet shows the composition of the CenSoc-DMF (Red) and the complete
count 1940 Census (black) for a given covariate for Black and White matches. The matched
sample has slightly higher socioeconomic status than the general population.

To empirically assess the reliability of the date of birth information in the DMF, we look
at heaping on year of birth. Heaping, a common indicator of data quality, is the systematic
misstatement of ages or dates to round or terminal ages (e.g., end in “0” or “5.”) We find
minimal date heaping on year of birth, as shown in Figure 4.2. However, there is slightly
higher heaping for Black Americans than White Americans. To investigate whether this
age heaping has any effect on our observed crossover, we conduct a sensitivity analysis by
dropping years of birth that end in terminal ages and re-estimating the observed crossover.

The nature of our sample provides additional reassurance that the reported age of birth
is accurate. For an individual to be successfully matched and included in our sample, their
reported age in the 1940 Census must correspond to ±2 years of their year of birth reported
in the DMF. Therefore, mortality records where the year of birth is misreported by over two
years will be excluded from our sample. This is similar to the validation approach taken
by Hill, Preston and Rosenwaike (2000); Preston et al. (1996) and gives an additional level
of reassurance that the reported birth year is accurate.
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Figure 4.2: Highlighted years (dark grey) show very slight amounts of age-heaping on the
terminal digits “0” or “5,” suggesting the DMF has minimal misreporting of year of birth.

4.4 Methods

Estimating Mortality Rates

The CenSoc-DMF dataset only includes deaths for the left and right (“doubly”) truncated
window of 1975 to 2005. Further, the CenSoc-DMF does not include any measure of survivor-
ship, as we have no way of determining whether an individual observed in the 1940 Census
died outside our observation window or was not successfully matched to their death record.
The absence of any measure of a denominator precludes conventional occurrence-exposure
methods for estimating mortality rates (Alexander, 2018).

To overcome this, we use two different methods to estimate mortality rates in the absence
of denominators. First, for the earlier cohorts of 1890–1905, we use the reverse survival
method to estimate mortality rates. This approach assumes that all persons in the cohort
died by the end of our mortality observation window in 2005. Specifically, we estimate the
total number of survivors at a given age by summing up all the deaths occurring above
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that age and then estimating the age-specific mortality rates using the age-specific ratios of
deaths to survivors. This method is only appropriate for the cohorts born before 1905, for
which only a few survivors to age 100 will die after 2005.

Second, for the later-born cohorts of 1906-1915, those that we cannot assume are extinct
by 2005, we assume the distribution of deaths within a cohort follows a Gompertz distri-
bution and use maximum likelihood estimation methods to estimate the parameters of this
distribution (Goldstein et al., 2023; Gompertz, 1825). Specifically, the hazard of dying at
age x is:

h0(x) = aebx (4.1)

where a is a background level of mortality at age x, b is the rate of mortality increase with
age, and h(x) describes the hazard schedule. This approach allows us to estimate age-specific
mortality rates for both ages where we did and did not observe deaths.

Stratifying on Observed Dimensions of Heterogeneity

The classical mortality selection model used to explain the crossover is unidimensional. That
is, all heterogeneity in susceptibility to mortality is captured in a single parameter (“frailty”).
A growing body of empirical research on the Black-White mortality crossover has used
individual-level covariates to study the observed dimensions of heterogeneity that constitute
frailty. Borrowing logic from unidimensional mortality selection model, these studies inves-
tigated how controlling for some piece of frailty changes the age of crossover (Sautter et al.,
2012; Dupre, Franzese and Parrado, 2006). Yet theoretical advances have demonstrated
that the unidimensional mortality selection model is not an appropriate starting point for
empirical work. When there is both observed and unobserved heterogeneity, stratifying on
observed heterogeneity can cause the age at crossover to either move up or down (Wrigley-
Field, 2020a). In other words, the age at crossover will always change when some factor
related to both race and mortality is controlled for.

One important exception occurs when an observed dimension of heterogeneity constitutes
a large portion of the overall heterogeneity. In this setting, if the crossover is caused by
heterogeneity in frailty, stratifying on a covariate that represents over 50% of total frailty
will uncross the crossover (Wrigley-Field, 2020a). For empirical researchers, this implies that
combining many covariates into a single risk measure is a promising strategy for examining
the role of observed heterogeneity in explaining the crossover.

To investigate the role that observed heterogeneity plays on the mortality crossover,
we use socioeconomic covariates available in the 1940 Census. First, we investigate the
crossover in six distinct subgroups: individuals with high education (more than eight years),
individuals with low education (less than eight years), individuals with high income (above
the median income), individuals with low income (below the median income), homeowners,
and renters. On each subgroup, we estimate age-specific mortality rates using the reverse
survival method. We then combine these covariates into a single risk score and investigate
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the crossover in subgroups defined by risk. Together, these analyses allow us to investigate
whether the crossover still persists when we stratify on major pieces of frailty.

4.5 Results

We first analyze the Black-White mortality crossover using both the reverse survival method
and our parametric Gompertz approach. Next, we present results on observed mortality
selection. Finally, we examine whether our observed heterogeneity can help explain the
Black-White mortality crossover.

Black-White Mortality Crossover

We first examine the Black-White crossover for the pooled birth cohorts of 1890-1905. Fig-
ure 4.3a shows a clear mortality crossover at age 86, consistent with past findings. For
this analysis, we estimated age-specific mortality rates using the reverse survival method.
Because our mortality data showed very slight heaping on year of birth, as a sensitivity
analysis, we recalculated our age-specific mortality rates excluding birth years with poten-
tial age heaping: 1890, 1895, 1900, and 1905. Figure 4.3b shows that the crossover persists,
suggesting that low-quality mortality data is not responsible for the crossover.

For the cohorts of 1905-1915, which were not extinct by the end of our mortality observa-
tion window in 2005, we fit a parametric Gompertz model to calculate age-specific mortality
rates (Goldstein et al., 2023). We perform maximum likelihood estimation for the Black and
White groups separately. Figure 4.4 shows a mortality crossover at age 90, slightly higher
than our observed age at crossover for the cohorts of 1890–1905. A higher age at crossover
for later birth cohorts is consistent with past studies (Masters, 2012).
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Figure 4.3: Panel (a) shows the Black-White mortality crossover for the cohorts of 1890-1905.
Panel (b) shows the mortality crossover dropping the cohorts of 1890, 1895, 1900, and 1905,
where we observed slight but detectable age heaping. The mortality rates were estimated
using the reverse survival method.
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Figure 4.4: Black White mortality crossovers for cohorts of 1905-1915.

Observed Mortality Selection

To investigate mortality selection, we track how the characteristics of survivors change as a
cohort ages, and members of the cohort die off. We focus on how the composition of the
cohorts of 1909–1911 changes with respect to employment, educational attainment, socioe-
conomic status score, wage and salary income, homeownership status, and residing in the
South. We interpret an increase in a dimension of socioeconomic status as a cohort ages to
be evidence of selective mortality: more frail individuals are dying off at earlier ages.

As shown in Figure 4.5, we do observe selective mortality, which is more pronounced for
White Americans than Black Americans. For instance, members of the cohort of 1909–1911
who survived to age 65 have approximately 10 years of education, while members of the
cohort who survived to age 90 have approximately 10.6 years of education. The difference is
more slight for the cohort of Black Americans: survivors at age 65 had 6.6 years of education,
and survivors at age 90 had 6.7 years of education. Across all of the covariates tested, we
find that the surviving members of a cohort become increasingly advantaged as the cohort
ages.
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Figure 4.5: Changing composition of the survivors. We see only modest evidence of selection.
Error bands show 95% uncertainty intervals.
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Figure 4.6: Changing educational composition of the survivors.

The Surprising Non-Effect of Observed Heterogeneity on the
Mortality Crossover

Next, we investigate the effect of observed heterogeneity on the morality crossover. We split
our 1890-1905 birth cohort sample into different population subgroups defined by education,
homeownership, and wage and salary income. Figure 4.7 shows the result of this analysis:
the crossover persists across all subgroups.
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Figure 4.7: Black White mortality crossover for different subgroups defined by socioeconomic
status.

Next, we follow the advice outlined in Wrigley-Field (2020a) and investigate the mortality
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crossover stratified by risk scores. To construct the risk score, we aggregate together the
following covariates into a single score: education, wage and salary income, socioeconomic
index, marital status, employment, living in the South, and owning a home. The motivation
for constructing this risk score is to capture as much of the heterogeneity in frailty as possible
in one score. To estimate the risk score, we fit linear regressions of the form:

death agei = educi + incomei + homeowneri + marital statusi + southerni + ϵi. (4.2)

We fit these regression separately for Black and White subgroups.1 We fit separate models
for Black and White subgroups as the relationship between covariates such as education and
longevity vary across racial groups (Card and Krueger, 1992). We use these models to assign
each person in the cohorts of 1890-1905 a “low,” “medium,” or “high” risk group. On each
subgroup defined by aggregate risk score, we estimate age-specific mortality rates using the
reverse survival method and examine the crossover.

Figure 4.8a presents the age-specific mortality rates for Black and White men within
risk group. We see the crossover persists in all different risk groups. Figure 4.8b plots the
difference in log hazards, again finding a clear crossover for all three groups.

1We first fit this model on our analytic sample, those born between 1890-1905. To avoid potentially
over-fitting, we also fit the model on the out-of-sample cohort of 1906. Results from both models provided
highly comparable predictions of risk score.
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Figure 4.8: Black White mortality crossover by risk score.

4.6 Discussion

This study uses mortality records from the Death Master File (DMF) linked to the 1940 Cen-
sus to investigate the Black-White mortality crossover. We find a clear mortality crossover at
age 85 for men in the birth cohorts of 1890–1905 using reverse survival methods to estimate
age-specific mortality rates. Using a Gompertz parametric maximum likelihood approach,
we find a mortality crossover at age 90 for the birth cohorts of 1906–1915. Given the reliabil-
ity of the DMF mortality data, we interpret this as evidence that the Black-White mortality
crossover is not simply an artifact of sparse data or age misreporting: the crossover persists
even when we restrict the sample to the highest-quality mortality data.

Using individual-level characteristics from the 1940 Census, we investigate observable
mortality selection. We find clear evidence of selective mortality: as a cohort ages, the
survivors have increasingly higher educational attainment, rates of homeownership, rates of
employment (in 1940), and wage and salary income. However, the observable selection is
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relatively modest and is more pronounced for White Americans than Black Americans. The
lack of observable mortality selection for Black Americans is perhaps attributable to the
weaker correlation between covariates, such as education or income, and mortality risk for
Black Americans (Card and Krueger, 1992).

Our investigation of the Black-White mortality crossover for subgroups defined by so-
cioeconomic characteristics indicated a clear crossover in every subgroup. Additionally, the
crossover persisted when we stratified on a risk score that aggregated many mortality covari-
ates. This suggests that stratifying on observed socioeconomic dimensions of heterogeneity
does not explain the crossover. There are two potential explanations for this finding. First,
it is possible that sociodemographic characteristics alone simply do not capture enough of
the heterogeneity in frailty to really uncross the crossover. Second, it is possible that the
crossover is not driven by heterogeneity in frailty at all; rather, there is actually some true
narrowing of inequality at the most advanced ages.

Taken together, our results suggest that the mortality crossover is real and not an artifact
of measurement or data errors. Our data allow us to study the mortality experience of real
cohorts, not the synthetic period measures commonly used to study the crossover. However,
our study cannot make definitive claims about the theoretical explanations for the crossover.
While our study found that stratifying on observed dimensions of frailty, such as educational
attainment or homeownership, does not explain the crossover, it is possible that we are
simply not capturing enough of the heterogeneity in frailty to uncross the crossover.

There are several limitations and avenues for future research. First, we only observe
mortality in the window of 1975–2005, so our analyses are restricted to birth cohorts that
would be experiencing a crossover in our mortality observation window. Second, it is possible
that the sociodemographic characteristics we observe only constitute a very small piece
of frailty and therefore have limited utility for explaining the crossover. Future research
could test whether covariates that capture more of the heterogeneity in frailty, such as
biomarkers, anthropometric measures (weight, height), and direct measurement of subjective
and objective health, have a greater impact on the crossover. However, the present study
benefits from an exceptionally large sample size, making it potentially challenging for other
studies to achieve comparable levels of precision. Third, while we find little evidence of age
misstatement or exaggeration, it is possible there remain undetected age misreports in the
DMF. Finally, this analysis is limited in scope to men. Broadening this study to include
women is necessary to make complete claims about health and longevity disparities in the
most advanced ages.



62

Chapter 5

Conclusion

In this dissertation, I draw on the newly-available CenSoc datasets to study mortality in
the United States. The unprecedented scale and size of these datasets allow me to study
the effect of homeownership on longevity, the Black-White mortality crossover, and the
predictability of individual-level longevity. All my studies investigate cohort lifespans rather
than artificially constructed period life expectancy common in the literature. Together, my
chapters highlight the importance of considering heterogeneity and age-specific trends in
studying mortality outcomes.

The second chapter of my dissertation investigates the relationship between homeown-
ership and life expectancy. We first investigate the unadjusted difference in life expectancy,
finding homeowners live approximately 0.6 years longer than renters. We then use a sibling-
based identification strategy to estimate the first U.S.-based estimates of the effect of home-
ownership on longevity, finding owning a home in early life has a positive effect of an ad-
ditional 0.38 years on life expectancy at age 65. Substantively, we provide a theoretical
framework outlining the causal pathways between homeownership and longevity and find
empirical evidence to indicate that owning a home does indeed have a causal effect on home-
ownership. Methodologically, this study is the first to use linked administrative data in the
United States to study homeownership and longevity. However, residual confounding within
sibling pairs may threaten the causal interpretation of our results. Future work could con-
sider using a different identification strategy, such as exploiting different state-level policies
as an instrument, to independently corroborate the causal estimates presented in this study.

The third chapter investigates the predictability of individual-level longevity using basic
sociodemographic characteristics. Substantively, this chapter demonstrates that sociodemo-
graphic characteristics measured in early adulthood cannot accurately predict individual-
level longevity. This highlights a tension between the striking group-level sociodemographic
disparities in mortality and the unpredictability of individual-level longevity. The results sug-
gest fundamental uncertainty around individual-level mortality needs to be better acknowl-
edged and incorporated into demographic theory. Methodologically, this study highlights
the limitations of using machine learning algorithms in Social Science: their performance
over benchmark linear regression models is modest. Developing a more formal framework
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for assessing the performance of machine learning methods is critical, particularly given the
increasing application of prediction for policy decision-making.

The fourth chapter revisits a perennial topic for mortality researchers: the Black-White
mortality crossover. While most investigations of the Black-White mortality crossover use
synthetic period data, our dataset allows us to track real cohorts. We find evidence of a
clear crossover at age 85 for the birth cohorts of 1890-1905 and rule out that the crossover
is the product of age misreporting or exaggeration. Using characteristics measured in the
1940 Census, I find a crossover for several different subgroups defined by different socioeco-
nomic characteristics. The major contribution of this study is that the crossover is a real
phenomenon, not simply a data artifact of age misreports. Further, this crossover cannot be
uncrossed by stratifying on sociodemographic covariates alone. However, I am not able to
definitively make a claim about what is driving the crossover.

There are several shared limitations across all three studies. My investigations are limited
in scope to the United States and cannot speak to important cross-national differences in
mortality. I only examine all-cause mortality and not other important measures of health,
such as morbidity. Further, I am not able to study specific causes of death. My analyses are
restricted primarily to male deaths occurring after the age of 65 between the periods of 1975
and 2005, and I am not able to study mortality in early or mid-life. This period restriction
prevents me from studying some of the most pressing topics in mortality today, such as the
deaths of despair.

There are several promising avenues for future research. Identifying a factor such as
homeownership that has a substantively meaningful effect on longevity is important for
furthering our understanding of the social determinants of longevity. Yet identifying such
causal factors is only partially satisfying. In the case of homeownership, being able to
identify the specific causal mechanisms through which something like homeownership affects
longevity is critical for a complete understanding of the relationships between homeownership
and longevity. Future studies quantifying the relative contribution of mechanisms such as
wealth accumulation to the crossover is an important direction for future research.

Social Scientists are increasingly recognizing the importance of characterizing the pre-
dictability of demographic outcomes. While my dissertation illustrates the challenges of
predicting mortality at the individual level using sociodemographic characteristics, the the-
oretical implications could be further developed. Specifically, the fundamental uncertainty
around individual-level mortality needs to be better acknowledged and incorporated into
demographic theory.

There is still more empirical work to be done investigating the Black-White mortality
crossover. While my study found a clear crossover in different sets of birth cohorts using a
reliable, large-scale dataset, the covariates available in the 1940 Census likely did not capture
the major pieces of heterogeneity that constitute frailty. Future work could investigate the
other larger dimensions of frailty, such as biomarkers, anthropometric measures (weight,
height), and direct measurements of subjective and objective health. Together, these are all
important components of future research, which will advance our understanding of mortality
in the United States.
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A.1 Supplemental Analyses

Record Linkage: ABE Conservative

Our main analysis is conducted using a dataset constructed by linking together Census
records with the conventional ABE record linkage algorithm. As a robustness check, we refit
our main models using the conservative variant of the ABE-exact record linkage algorithm,
which restricts to first and last names unique within a ±2 year window (Abramitzky et al.,
2020). Approximately 50% of our matches were deemed conservative for both the 1920–1940
linkage and the 1940 to DMF linkage (N = 39,629). Our results are qualitatively similar,
but the uncertainty errors are larger due to the smaller sample sizes.

Figure A.1: We refit our main models using a subsample of matches established with the
ABE-Exact conservative algorithm for both the linkage between censuses and between cen-
suses and mortality records.

Addressing Double-Truncation

In our main analysis, we do not explicitly account for the doubly-truncated nature of our
sample. Double truncation occurs because we only observe deaths between the ages of
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1975 and 2005, with no measure of survivorship. For example, for the birth cohort of
1910, we only see deaths between the ages of 65 and 95 but no deaths after age 95. To
address this, we refit our model using a Gompertz proportional hazard model and maximum
likelihood techniques (Goldstein et al., 2023). After fitting a model that explicitly accounts
for truncation to our sibling sample, we estimate an e(65) approximately 19% larger than
our reported regression coefficient. While we cannot re-fit our full model with sibling fixed
effects to due computational limitations (Goldstein et al., 2023), this suggests that we should
inflate our estimate of the effect of homeownership on longevity to 0.37.

Regression Tables

As a companion to the coefficient plots presented in the main body of the paper, in this
section, we present the full regression coefficient tables for Figure 2.6, Figure 2.7, and Fig-
ure 2.9.

Dependent Variable: Death Age
Model: White White (Controls) Black Black (Controls)

Homeowner 0.5255∗∗ 0.4228∗∗ 0.5033∗∗ 0.3580∗

(0.0204) (0.0220) (0.1127) (0.1213)
Education (Years) 0.1460∗∗ 0.0541∗∗

(0.0099) (0.0087)
Urban -0.2109∗∗ -0.1003

(0.0179) (0.0868)

Fixed-effects
Birth Year Yes Yes Yes Yes
Occupation Yes Yes
Marital Status Yes Yes
State (1940) Yes Yes

Observations 1,296,830 1,296,830 65,053 65,053
R2 0.03857 0.04780 0.04829 0.05542
Within R2 0.00083 0.00270 0.00043 0.00062

Clustered (byear) standard-errors in parentheses
Signif. Codes: **: 0.01, *: 0.05, †: 0.1

Table A.1: Full regression coefficients for models reported in Figure 2.6.
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Dependent Variable: Death Age
Model: No Controls Controls Family FE Family FE + Conrols

Homeowner 0.6366∗∗ 0.5328∗∗ 0.3132∗∗ 0.3135∗∗

(0.0561) (0.0605) (0.0734) (0.0738)
Education (years) 0.1699∗∗ 0.1389∗∗

(0.0134) (0.0187)
Race: Other -2.654∗∗ 0.7235

(0.9509) (1.364)
Race: White -0.3457 -1.580

(0.2813) (0.9868)
Urban -0.3713∗∗ -0.0964

(0.0715) (0.1080)

Fixed-effects
Birth Year Yes Yes Yes Yes
Occupation Yes Yes
Marital Status Yes Yes
State (1940) Yes Yes
Family Yes Yes
Birth Order Yes Yes

Observations 84,945 84,945 84,945 84,945
R2 0.03617 0.04956 0.54446 0.54876
Within R2 0.00129 0.00380 0.00028 0.00135

Clustered (byear) standard-errors in parentheses
Signif. Codes: **: 0.01, *: 0.05, †: 0.1

Table A.2: Full regression coefficients for models reported in Figure 2.7.



APPENDIX A. LONGEVITY BENEFITS OF HOMEOWNERSHIP 82

Dependent Variable: Death Age
Model: No Controls Controls Controls + Sibling FE

Home Value Quartile 1 0.3782∗∗ 0.4365∗∗ 0.2229
(0.0752) (0.0664) (0.1355)

Home Value Quartile 2 0.5284∗∗ 0.4544∗∗ 0.2245
(0.0666) (0.0767) (0.1510)

Home Value Quartile 3 0.8655∗∗ 0.7275∗∗ 0.5145∗∗

(0.0947) (0.1083) (0.1595)
Home Value Quartile 4 0.9880∗∗ 0.6105∗∗ 0.3617∗

(0.1333) (0.1240) (0.1818)
Education (Years) 0.1666∗∗ 0.1352∗∗

(0.0134) (0.0202)
Race: Other -2.463∗ 0.8707

(0.9610) (1.455)
Race: White -0.3728 -1.621

(0.2753) (0.9901)
Urban -0.3819∗∗ -0.0894

(0.0782) (0.1205)

Fixed-effects
Birth Year Yes Yes Yes
Occupation Yes Yes
Marital Status Yes Yes
State (1940) Yes Yes
Family Yes
Birth Order Yes

Observations 83,990 83,990 83,990
R2 0.03648 0.04978 0.54927
Within R2 0.00155 0.00382 0.00138

Clustered (byear) standard-errors in parentheses
Signif. Codes: **: 0.01, *: 0.05, †: 0.1

Table A.3: Full regression coefficients for models reported in Figure 2.9.
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Appendix B

Unpredictability of individual-level
longevity
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B.1 CenSoc Numident

For our main analysis, we use the CenSoc-DMF file, which includes deaths from the wider
window of 1975-2005. In this supplementary analysis, we use data from the Censoc-Numident,
which links the 1940 Census onto mortality records from the Social Security Numident (Gold-
stein et al., 2021). The CenSoc-Numident only includes deaths for a shorter window, between
1988–2005. However, the CenSoc-Numident file includes women, allowing us to replicate our
analysis on a sample more representative of the general population.

Figure B.1: Panel A shows the R2 performance of each machine learning algorithm. Panel
B shows the predicted vs. observed predictions for Superlearner, our best-performing al-
gorithm. Panel C shows the relative variable importance for the top 15 variables in our
Superlearner model.

To assess whether our results also extend to women, we replicate our prediction exercise
on the CenSoc-Numident. Figure B.1 shows that our results using the CenSoc-Numident
dataset are highly comparable to our CenSoc-DMF results: all models have very low predic-
tive accuracy. The best model is only able to explain less than 1% of the variation in age
of death. The Superlearner, again, is the top performing algorithm, but its performance is
only modestly better than a simple linear model.
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B.2 Prediction Results

Figure B.2 shows the full set of predictions (predicted vs. observed) for all 8 machine learning
algorithms used in our analysis.

Figure B.2: The predicted vs. observed age of death for each machine learning algorithm.
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