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Abstract

Does illness break marriages? We analyze how unexpected health shocks—
sudden diagnoses of cancer, stroke, or heart attack—affect couple dissolution among
older adults (50+). Using longitudinal data from the Health and Retirement Study
and a quasi-experimental design comparing affected households to those experi-
encing similar shocks later, we find that health crises increase divorce probability
by 19% relative to the baseline rate. This effect builds gradually rather than emerg-
ing immediately. We examine three explanatory channels: mental health deterio-
ration, cognitive decline, and financial strain. The evidence indicates these factors
play important roles in understanding how health shocks destabilize marriages in
later life.
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1 Introduction

Marital stability is a cornerstone of well-being, especially in later life, yet it may be
vulnerable to disruptions caused by unexpected health shocks. With longer life ex-
pectancies, the overall duration of exposure to the risk of union dissolution among
individuals increases, while also raising the prospect of health complications. Health
crises, such as the sudden diagnosis of cancer, stroke, or heart attack, can impose sig-
nificant emotional, cognitive, and financial stress, which in turn may destabilize long-
standing partnerships. This phenomenon underscores the need to understand how
adverse health events affect marital dynamics.

This paper examines the following question: How do older couples respond to
health crises within their households? Do such crises strengthen their bonds, or do
they increase the likelihood of couple dissolution? We provide an empirical analysis
of these questions, focusing on unexpected health shocks and their impact on marital
stability among individuals aged 50 and older. Using longitudinal, representative data
from the Health and Retirement Study (HRS), we offer causal evidence that health
shocks significantly increase the probability of couple dissolution.

While the literature extensively documents the effects of health shocks on socioeco-
nomic outcomes such as income (Dobkin et al., 2018), wealth (Bonekamp and Wouterse,
2023), consumption (Blundell et al., 2024), out-of-pocket medical expenses (Dobkin
et al., 2018; Blundell et al., 2024), residential downsizing (Costa-Font and Vilaplana-
Prieto, 2022), and labor supply (Fadlon and Nielsen, 2021), much less is known about
their causal effects on marital dynamics at older ages.

Building on this motivation, we focus on the phenomenon commonly referred to
as “gray divorce” or “silver splitters,” describing the rising divorce rates among adults
aged 65 and older (Brown and Lin, 2012, 2022). At the same time, population aging
is progressing rapidly across developed countries. In the United States, for example,
the number of individuals aged 65 and over is projected to increase from 58 million in
2022 to 82 million by 2050, with their share of the total population rising from 17% to

23% (U.S. Census Bureau, 2023). Against this backdrop, our analysis sheds light on



how unexpected health shocks shape marital dissolution at older ages, an aspect that
has received comparatively little attention in the literature.

One key challenge in our study is empirically disentangling the effect of health on
marital dissolution from the influence of confounding factors and potential reverse
causality. To establish a causal link between household health and marital dissolu-
tion, we focus on substantial and unanticipated health shocks. In addition, we lever-
age the longitudinal nature of the HRS and adopt a quasi-experimental design that
constructs counterfactual scenarios for affected households by comparing them with
households that experience the same event in subsequent years. Because households
encounter health shocks —defined as the sudden diagnosis of cancer, stroke, or heart
attack— at different points in time, our research design aligns with a staggered adop-
tion differences-in-differences (DID) framework. Traditionally, two-way fixed effects
(TWEFE) have been the standard method for estimating causal effects in such designs.
However, recent studies (Goodman-Bacon, 2021; De Chaisemartin and d’"Haultfoeuille,
2020) have highlighted validity concerns with this approach, particularly due to the
inclusion of “forbidden comparisons,” that is, the use of already-treated units as the
control group for units that are just being treated or will be treated later. Since then,
new methods have been proposed and applied to enable causal inference in staggered
adoption designs (Cengiz et al., 2019; Goodman-Bacon, 2021; De Chaisemartin and
d’Haultfoeuille, 2020; Butters et al., 2022; Borusyak et al., 2024; Callaway and Sant’Anna,
2021). The stacked DID is one such approach and involves the following steps: i) cre-
ating a separate dataset for each valid sub-experiment that avoids "forbidden compar-
isons," ii) combining these datasets into a single stacked file, and iii) estimating the av-
erage causal effect by applying DID or event study regressions to the stacked dataset.
We utilize the stacked DID estimator recently introduced by Wing et al. (2024a) be-
cause it offers several advantages beyond avoiding forbidden comparisons: i) they
propose a trimming rule to ensure balance in the number of pre- and post- periods
for each sub experiment; this rule can be applied to staggered adoption designs to en-

sure that the average aggregate treatment effect on the treated (ATT) does not suf-



fer from compositional bias; ii) they derive sample weights to correct for differential
weighting bias (treatment and control trends are implicitly weighted differently across
sub-experiments) and show that a simple weighted least squares estimator identifies a
well defined causal effect that they call "the trimmed ATT".

Our analysis reveals several key findings. First, we find that experiencing a health
shock significantly increases the probability of couple dissolution by approximately
19% of the mean divorce prevalence. This effect builds gradually over time rather
than manifesting immediately after the adverse health event. Additionally, we exam-
ine several mechanisms through which health shocks may influence divorce, focus-
ing on three potential channels: mental health deterioration (measured by the CES-
Depression scale), cognitive decline (measured by symptoms of cognitive impairment),
and financial strain (measured by out-of-pocket medical expenses). Our findings are
consistent with these channels playing an important role in explaining why divorce risk
rises following a health shock. Our results remain robust across multiple robustness
checks, including extending the event window length and employing an alternative
health shock definition.

Our paper contributes to a broad literature examining the consequences of health
shocks within families (Fadlon and Nielsen, 2019; Blundell et al., 2024). For instance,
some studies analyze the effects of children’s health shocks on their parents’ labor mar-
ket outcomes (Breivik and Costa-Ramoén, 2024) and vice versa (Brito and Contreras,
2023), while others explore the spillover effects of health shocks between spouses (Fad-
lon and Nielsen, 2021; Riekhoff and Vaalavuo, 2021; Angelini and Costa-Font, 2023; Du
and Zaremba, 2024; Arteaga et al., 2024). In particular, this paper contributes directly
to the literature that analyzes the effect of poor health or negative health shocks on
partner stability. Previous evidence has documented associations between poor men-
tal health and marital instability (Merikangas, 1984; Pevalin and Ermisch, 2004), nega-
tive links between self-reported health and marital quality (Booth and Johnson, 1994;
Joung et al., 1998), a connection between mental disorders and divorce (Kessler et al.,

1998), between post-traumatic stress and marital stability (Negrusa and Negrusa, 2014;



Tauchmann et al., 2023), and between perceived poor self-rated health or activity lim-
itations and marital dissolution (Vignoli et al., 2025). However, most of these studies
tend to be descriptive in nature, are unable to offer a causal interpretation of the effect,
and/or refer to very specific groups of the population.

Moreover, our paper delves deeper into the potential mechanisms that may drive
the impact of health shocks on marital stability. Carr and Springer (2010) highlight that
chronic illness can lead to both emotional strain and increased dependency, creating
potential tensions within long-term partnerships. Umberson et al. (2011) explore how
mental health declines can negatively impact spousal interactions, leading to emotional
withdrawal and reduced relationship satisfaction. By examining mental health dete-
rioration, cognitive decline, and financial strain as potential channels linking health
shocks to divorce, our study offers a more comprehensive perspective on how adverse
health events shape marital outcomes.

Finally, our paper contributes to the literature on the aging population and fam-
ily demographics (Fuster, 2017; Roberto and Blieszner, 2015). Existing research has
primarily focused on relatively young populations, but the impact of poor health on
the risk of divorce may become more pronounced as individuals age (Uhlenberg and
Myers, 1981). During late middle age and early older adulthood, people often begin
to experience the onset of serious health problems. As divorce has become more so-
cially acceptable and divorce rates among older adults continue to rise, understanding
the role of health crises in contributing to this trend becomes increasingly important
for policymakers and social scientists alike. By shedding light on the interplay be-
tween health crises and marital stability, this study contributes to a better understand-
ing of the broader challenges associated with population aging (Cherlin, 2010; Lin et al.,
2022). It highlights the need for policymakers to consider the multifaceted impacts of
health shocks — not only on individual well-being but also on household dynamics —

when designing interventions to support aging populations.



2 Data and Descriptive Evidence

2.1 Database and Sample Selection

This study uses the RAND Health and Retirement Study (HRS) longitudinal file, a
harmonized version of the HRS developed by the RAND corporation based on the
HRS core interviews.! The HRS is an ongoing, nationally-representative, panel study
of Americans aged 50 and above, collecting detailed information biennially from 1992
to 2020. It provides information on various domains including demographics, income,
health status, insurance coverage, social security benefits, pension plans, and family
structure, for both respondents and their spouses, regardless of the spouse’s age.

The dataset incorporates 7 distinct entry cohorts, each entering the survey at differ-
ent waves. The original HRS cohort, comprising individuals born between 1931 and
1941, was first interviewed in 1992 and potentially observed for 15 waves. Subsequent
cohorts joined the study as follows: the AHEAD (Assets and Health Dynamics) co-
hort, born before 1924, the Children of Depression (CODA) cohort, born 1924-1930,
and the War Baby (WB) cohort, born 1942-1947, entered in 1998 in wave 4. The Early
Baby Boomer (EBB) cohort, born 1948-1953, joined in wave 7 in 2004. The Middle
Baby Boomer (MBB) cohort, born 1954-1959, entered in 2010 in wave 10. The Late
Baby Boomer (LBB) cohort, born 1960-1965, began participation in 2016 in wave 13.
Details on the different cohorts and their entry waves are provided in Table 1.

For analytical purposes, we transform the RAND longitudinal file into a panel dataset,
with each observation representing a household at a specific wave. To maintain household-
level analysis while avoiding duplicate entries, we retain single observations per house-
hold per wave.

Our sample is restricted to individuals who were married or partnered at the time

they were first observed in the study. To examine the impact of the onset of unexpected

'The HRS is sponsored by the National Institute on Aging (grant number NIA U01AG009740) and is conducted
by the University of Michigan. The RAND HRS Longitudinal File is an easy-to-use dataset based on the HRS core
data. This file was developed at RAND with funding from the National Institute on Aging and the Social Security
Administration.


https://hrsdata.isr.umich.edu/data-products/rand
https://hrsdata.isr.umich.edu/

Table 1: Cohort distribution

Wave/Cohorts HRS AHEAD CODA WB EBB MBB LBB
Birth Years 1931-1941 Before 1924 1924-1930 1942-1947 1948-1953 1954-1959 1960-1965
1 1992
2 1994
3 1996
4 1998 1998 1998 1998
5 2000 2000 2000 2000
6 2002 2002 2002 2002
7 2004 2004 2004 2004 2004
8 2006 2006 2006 2006 2006
9 2008 2008 2008 2008 2008
10 2010 2010 2010 2010 2010 2010
11 2012 2012 2012 2012 2012 2012
12 2014 2014 2014 2014 2014 2014
13 2016 2016 2016 2016 2016 2016 2016
14 2018 2018 2018 2018 2018 2018 2018
15 2020 2020 2020 2020 2020 2020 2020

Notes: Distribution of waves and cohorts in the Health and Retirement Study (HRS). The birth years and waves for
each cohort are listed, indicating when each cohort entered the study.

and serious physical illness on marital dissolution, we exclude couples in which either
spouse reported having been diagnosed with cancer, stroke, or a heart attack at base-
line, as further discussed in Section 2.2. Additionally, we exclude couples with missing
information prior to marital dissolution, as these gaps prevent accurate identification
of the timing of potential health shocks. Given the limited occurrence of divorce among
elderly participants, households where both partners are 75 or older at first observa-
tion are omitted from the analysis, as well as same-sex marriages due to small sample

size.

2.2 Treatment and Outcome Definitions

We use two different measures of health shocks. The first measure, used in our main
specification, refers to the onset of three major life-threatening illnesses: cancer, stroke,
or heart attack to any member of the couple, provided these conditions are diagnosed
by a medical professional since the last interview wave. These three conditions are of-
ten used in the health shocks literature due to their unpredictable nature (Smith, 1999,
2005; Trevisan and Zantomio, 2016; Thompson and Conley, 2016), making their onset

difficult to anticipate. Moreover, due to their severity as significant health conditions,



they are less likely to be subject to misreporting or justification bias compared to milder
ailments (Jones et al., 2020).

The second measure, used as a robustness check, relies on hospitalization data from
the HRS. This measure aggregates the total nights of hospitalization for both spouses
within each household. A health shock is defined as occurring when a household’s
total hospital nights exceed four (the median value among hospitalized households)
in a given wave, conditional on the household reporting no hospitalizations in the pre-
ceding wave.

When a household experiences a health shock, the treatment variable is set to 1
from that wave onward. The variable remains 0 if the household stays healthy, as the
treatment represents an absorbing state.’

The main dependent variable in our analysis captures the transition from couple
to non-couple status between successive waves for each household. For simplicity,
throughout the paper, we use “marriages” to refer to individuals who are married or
declare themselves to be in a couple, and “divorces” to refer to individuals who are
separated or divorced. A couple is defined as dissolving in separation/divorce if ei-
ther spouse reports being divorced or separated since the prior wave.> The dependent
variable is coded as 0 if the original marriage or partnership remains intact across con-
secutive waves, and as 1 upon couple dissolution. The divorce prevalence we observe
in our analytic sample (6.3%) is consistent with findings from other studies utilizing

HRS data (Karraker and Latham, 2015b).

2.3 Summary Statistics

In columns (1) and (2) of Table 2, we present the summary statistics of the main

analytic sample that serves as the basis for implementing the Stacked Difference-in-

2Our analysis focuses on the impact of the first health shock experienced by a household. If a household expe-
riences multiple health shocks over time (e.g., one spouse experiences a major health crisis followed by the other
spouse experiencing a different health shock), we code the treatment based on the timing of the initial shock.

*A couple is also considered dissolved due to separation or divorce in the rare case where either partner di-
vorced and remarried between consecutive waves without reporting the divorce—indicated by an increase in either

partner’s total number of marriages.



Differences estimator described in Section 3.1. As expected, the mean age of wives is
lower than that of husbands, reflecting the historical practice of older men marrying
younger women (Berardo et al., 1993). Wives are also less likely to have completed col-
lege and more likely to have completed only high school. We observe little difference
in the rest of the covariates (religion, ethnicity and residence), which is expected due
to assortative mating.

As explained in Section 2.2, we begin with a sample of 9,947 married or partnered
couples observed at the time of their initial inclusion in the study. We exclude same-
sex couples, couples with missing data on relevant variables, couples in which either
spouse reported a diagnosis of cancer, stroke, or heart attack at baseline, and couples in
which both partners were aged 75 or older at first observation. After these exclusions,
our final analytical sample consists of 5,054 couples.

While these selection criteria strengthen our ability to identify the causal relation-
ship between illness onset and marital dissolution, we acknowledge that they may af-
fect the generalizability of our results. To assess the extent of this potential issue, Ta-
ble 2 compares the background characteristics of the initial sample (columns 3 and 4)
with those of the final analytical sample (columns 1 and 2). Reassuringly, the reported

statistics indicate that the two samples are largely comparable.

3 Identification Strategy

3.1 Methodology

To examine the causal effect of an unexpected health shock experienced by either spouse
in a household on the subsequent likelihood of divorce, we employ a Stacked Difference-
in-Differences (Stacked Diff-in-Diff) estimator (Wing et al., 2024a,b). Indeed, as shown
by Goodman-Bacon (2021) and De Chaisemartin and d’Haultfoeuille (2020), results
from two-way fixed effects difference-in-differences (TWFE) estimators do not have
a meaningful causal interpretation when there is staggered treatment adoption (i.e.

treatment timing varies across units) and the treatment effect is not constant over time.



Table 2: Summary Statistics

After Sample Selection | Before Sample Selection
Mean SD Mean SD
(1) (2) (3) (4)
Panel A: Household
Household region: Midwest 0.25 0.43 0.25 0.43
Household region: Northeast 0.14 0.35 0.14 0.35
Household region: West 0.20 0.40 0.19 0.39
Household region: South 0.41 0.49 0.42 0.49
Household urban area 0.48 0.50 0.47 0.50
Household suburban area 0.22 0.41 0.23 0.42
Household exurban area 0.30 0.46 0.31 0.46
Household number of children 3.25 1.91 3.32 1.99
Panel B: Husband
Husband Age 64.81 9.34 66.59 10.39
Husband non white race 0.18 0.39 0.18 0.38
Husband born before 1931 0.15 0.36 0.27 0.45
Husband born 1931-1942 0.46 0.50 0.41 0.49
Husband born 1942-1953 0.24 0.43 0.19 0.40
Husband born 1954-1965 0.14 0.34 0.11 0.31
Husband born after 1965 0.01 0.09 0.01 0.08
Husband years of education 12.68 3.47 12.39 3.51
Husband working ft/pt/unemployed 0.45 0.50 0.39 0.49
Husband Protestant 0.60 0.49 0.61 0.49
Husband Catholic 0.28 0.45 0.27 0.44
Husband Jewish 0.02 0.12 0.02 0.13
Husband No religion 0.09 0.28 0.09 0.28
Husband Non-US 0.13 0.33 0.11 0.31
Husband Less than High school completed  0.25 0.43 0.29 0.45
Husband High school completed 0.47 0.50 0.47 0.50
Husband College completed 0.27 0.45 0.24 0.42
Panel C: Wife
Wife Age 62.49 10.04 64.83 11.38
Wife non white race 0.18 0.38 0.17 0.38
Wife born before 1931 0.06 0.23 0.17 0.38
Wife born 1931-1942 0.40 0.49 0.38 0.49
Wife born 1942-1953 0.34 0.47 0.29 0.45
Wife born 1954-1965 0.17 0.38 0.14 0.35
Wife born after 1965 0.03 0.17 0.02 0.14
Wife years of education 12.67 3.08 12.45 3.00
Wife working ft/pt/unemployed 0.39 0.49 0.33 0.47
Wife Protestant 0.62 0.49 0.63 0.48
Wife Catholic 0.29 0.46 0.28 0.45
Wife Jewish 0.02 0.12 0.02 0.14
Wife No religion 0.06 0.23 0.05 0.22
Wife Non-US 0.14 0.34 0.12 0.32
Wife Less than High school completed 0.21 0.41 0.24 0.43
Wife High school completed 0.58 0.49 0.58 0.49
Wife College completed 0.22 0.41 0.18 0.39
N 5054 | 9947

Notes: Summary statistics are presented for two samples: couples observed at baseline (columns 3—4) and the
analytical sample (columns 1-2). The analytical sample further excludes same-sex couples, couples with missing
information on relevant variables, couples in which either spouse reported a diagnosis of cancer, stroke, or heart
attack at baseline, and couples in which both partners were 75 or older at the time of first observation.



In this scenario, bias may arise from using "already treated" units as controls,* a practice
referred to in the recent literature as "forbidden comparisons". Of course, this would
no longer be a concern if the treatment date were the same for all units (as there would
be no "forbidden comparisons") or if the treatment impact were constant over time.
In our case, treatment adoption is staggered, as households may experience a health
shock (treatment) in different waves. Similarly, the assumption that the treatment ef-
fect is instantaneous is unrealistic, as households’ potential responses to a health shock
may take time to manifest.

To address this issue, we use a Stacked Diff-in-Diff estimator that eliminates "forbid-
den comparisons" by creating distinct "sub-experiments". Each sub-experiment repre-
sents a Diff-in-Diff comparison where all treated units (households) receive the treat-
ment in the same wave. After determining the length of the event window, creating
each sub-experiment involves selecting appropriate control units (e.g., only units that
never received the treatment, or only units that received the treatment but outside the
event window of the sub-experiment, or a combination of both types of units), en-
suring that "forbidden comparisons" are avoided by construction. Lastly, all the sub-
experiments are combined into a "stacked" dataset, which is then used to compare
treated households with those that will undergo the treatment in the future ("not yet
treated" households). Wing et al. (2024a) point out that the Stacked Diff-in-Diff esti-
mator only recovers the target parameter (the ATT) when the sample is balanced in
each sub-experiment and corrective sample weights are used.” Hence, we conduct our
benchmark analysis both with and without corrective weights, with the former being

our preferred specification.

“This refers to comparing units treated at different times, where the earlier-treated group serves as a control
after its treatment starts.

>Corrective sample weights for the trimmed aggregate ATT are equal to 1 for the treated group and for the
control group they are constructed as follows: % where N2 is the number of groups that first adopt treatment
in period of time a, N D is the total number of groups that adopt treatment at any of the times included in the trimmed

set, N& and N¢ give the analogous counts for the control groups.
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3.2 Balancing Tests

To construct the stacked dataset, it is crucial to identify the appropriate control units,
wherein control units include all individuals who experience the treatment outside
the event window of a sub-experiment, as well as those who never experience a health
shock (Miller, 2023). Alternatively, the sample can be restricted to households that
experience a health shock at some point (Costa-Font and Vilaplana-Prieto, 2022; Fadlon
and Nielsen, 2021).

To guide the decision on which control group to select, we compare the background
characteristics of individuals in households that experience a health shock with those in
households that do not (Figure 1). Then, we evaluate the similarity among individuals
in households that experience a health shock at different times (Figure 2).

Figure 1 presents the coefficient estimates and confidence intervals from regres-
sions of several background characteristics on an "ever treated" dummy variable, which
equals 1 if any spouse reports having experienced a health shock and 0 otherwise. The
regressions include controls for age and cohort dummies, with standard errors clus-
tered at the household level. To facilitate the interpretation of the estimated coeffi-
cients’ magnitudes, continuous background characteristics are standardized to have a
mean of 0 and a standard deviation of 1.

Figure 2, based on our stacked dataset, is analogous to Figure 1, with one key dis-
tinction: it reports coefficient estimates for a dummy variable that equals 1 if the indi-
vidual belongs to a household treated in a particular sub-experiment and 0 otherwise.
A visual comparison of Figures 2 and 1 reveals that individuals from households expe-
riencing a health shock at different time points (Figure 2) share more similar charac-
teristics than those from households that never experience a health shock versus those
that do (Figure 1). For instance, individuals in households that never experience a
health shock are significantly more likely to participate in the labor force, to have at-
tended college, and are less likely to have at most a high school education compared to

their counterparts in households where a health shock occurs.
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Figure 1: Differences in Characteristics across Households with and without Health

Shocks.
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Note: The figure shows the coefficients and 95% CI from separate regressions of each variable on an indicator that
takes a value of 1 if the household ever suffered a health shock and 0 otherwise, controlling for age and cohort
dummies.

Figure 2: Differences in Characteristics within Households that Experience a Health
Shock
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Note: The figure shows the coefficients and 95% CI from separate regressions of each variable on an indicator
that takes the value 1 if the household is in the treatment group in a particular sub-experiment, and 0 otherwise,
controlling for age and cohort dummies.
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Conversely, Figure 2 shows no statistically significant differences across units that
experienced a health shock, using as controls households that received the treatment at
a later point. Based on this result, we exclude from our sample households that never

experienced a health shock and instead focus on leveraging its timing.

3.3 Stacked Diff-in-Diff Dataset Construction

To construct the stacked dataset, one must make several key decisions. The first in-
volves determining the length of the sub-experiment, that is, how many waves (ob-
servations) before and after the adoption of the treatment are included in each sub-
experiment. The length of the event window needs to be constant across the different
sub-experiments in order to ensure compositional balance (Wing et al., 2024a). We
choose to use three waves before and after the health shocks in our benchmark specifi-
cation and in our analyses of mechanisms. This event window allows us to assess the
plausibility of the parallel trends assumption and to observe the evolution of the im-
pact of health shocks over time, while maximizing the number of sub-experiments and
households in our sample. In Section 6 we show that our results are robust to increase
the event window to four waves before and after the treatment.

Table 3 illustrates how sub-experiments are defined, how many sub-experiments
are available in our sample, the treatment period for each sub-experiment (which is
the same for all households within a sub-experiment), the periods included in each

sub-experiment, and how control units are chosen.

Table 3: Sub-experiment structure

Sub-experiment | First Wave | Treated Wave | Last Wave | Waves in which Control HHs Suffer a Health Shock
(1) 2) (3) (4) (5)
1 1 4 7 8,9,10,11,12,13,14,15
2 2 5 8 9,10,11,12,13,14,15
3 3 6 9 10,11,12,13,14,15
4 4 7 10 11,12,13,14,15
5 5 8 11 12,13,14,15
6 6 9 12 13,14,15
7 7 10 13 14,15
8 8 11 14 15

Note: Column (1) reports the number of sub-experiments available. Columns (2) and (4) indicate the first and last
waves observed in each sub-experiment, respectively. Column (3) identifies the wave in which treated households
receive the treatment, while Column (5) specifies the wave in which control households undergo the treatment
within each sub-experiment.
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Specifically, Column 1 lists the number of each sub-experiment, aiming to show
how many sub-experiments comprise our final stacked dataset. Columns 2 and 4 indi-
cate the first and last waves included in each sub-experiment, respectively. Column 3
specifies the wave in which all treated households in each sub-experiment experience
a health shock, which is the same for all households within a sub-experiment. Lastly,
Column 5 identifies the waves in which control households experience a health shock
within each sub-experiment. Importantly, control households are those that experi-
ence a health shock outside the event window of each sub-experiment, ensuring that
only "clean comparison" households are used as controls and avoiding the inclusion of
previously treated households as controls. To illustrate this point with a specific exam-
ple, the first sub-experiment (first row) considers households that experienced a health
shock in wave 4 as the treated group, while using as controls those households that suf-
fered a health shock between waves 8 and 15. However, some treatment adoption dates
are excluded from the sample. For instance, households with a health shock in waves 2
or 3 are not included as treated or control, as they received the treatment too early and
there are insufficient pre-treatment observations. Similarly, those with a health shock
in waves 12 through 15 are only used as controls, as the treatment occurred too late,
and there are not enough post-treatment observations for these households. Impor-
tantly, each sub-experiment includes the same periods/waves for both treated and con-
trol households, while selecting control households that experienced the health shock
after the treatment window.

For a household to be included in a given sub-experiment, it must be present in all
waves of that sub-experiment®. This restriction is necessary in order to ensure that the
results are not driven by compositional change as shown by Wing et al. (2024a). This
restriction implies that those households experiencing widowhood during the sub-

experiment’s event window are excluded from that sub-experiment onward. Addi-

% Approximately 31.9% of households in the analytic sample experience the death of one spouse at some point
during the observation period. Married households are included in the sample until widowhood, at which point
they exit the sample. Consequently, mortality shortens the observation window for some households but does not
generate differential attrition within sub-experiments or mechanically drive the estimated effects of health shocks

on divorce.
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tionally, previous research by Wing et al. (2024a) has shown that the basic Stacked Diff-
in-Diff estimator fails to correctly identify the Average Treatment Effect on the Treated.
This issue comes from the different weights applied to trends in the treated and control
groups. To recover the ATT, corrective sample weights can be computed and applied.
Specifically, the weights are set to 1 for treated households in the stacked dataset, while
the control group weights are obtained by dividing the ratio of treated households (i.e.,
the number of households that adopt the treatment in a particular sub-experiment di-
vided by the total number of treated households) by the ratio of control households
(i.e., the number of households serving as controls in that sub-experiment divided by
the total number of control households). These corrective sample weights are used in

the regressions throughout the analysis.

3.4 Estimating Equation

After constructing our stacked dataset and removing the "forbidden comparisons,” we

estimate the following equation:

Yasr= Y B (Tax1ft=b=3D+ D N1t —b= il +0u+as+ews (1)
Jj==3,..,3 j=-3,...,3
Jj#-1 j#—1

where Y}, is the outcome variable in period ¢t+1 for household s in sub-experiment
d, which takes the value 1 from the moment that divorce happens, Ty, is a variable equal
to 1 if household s is treated in sub-experiment d, 1t — b = j] is a set of indicators for
the time difference between the observation wave ¢ and the reference wave b of the sub-
experiment (the wave in which treated units receive treatment in the sub-experiment),
04 are household s fixed effects in sub-experiment d, 74, are time (wave) fixed effects
in sub-experiment d, and ¢, are the residuals. Since some households may act as con-
trols in different sub-experiments, we cluster the standard errors at the household level
instead of clustering at the household x sub-experiment level. Clustering the standard

errors at the household x sub-experiment level would lead to over-rejecting the null
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hypothesis of no effects of health shocks (Wing et al., 2024a).

4 Results

4.1 Do Health Shocks Increase the Probability of Divorce?

Table 4 presents the OLS estimates of Equation (1), using the stacked dataset described
above. To improve readability, all estimated coefficients and standard errors are multi-
plied by 100. Panel A displays the average post-treatment effect, computed as a linear
combination of the post-treatment event coefficients, while Panel B reports the event
study coefficient estimates. Our preferred specification, shown in Column 2, applies
the corrective weights proposed by Wing et al. (2024a) to estimate the ATT. However,
we also report unweighted results in Column 1 to assess whether our main findings
hinge on the use of corrective weights.

The estimated post-treatment average effects (Table 4, Panel A) are not only statis-
tically significant but also substantial in magnitude. To assess their size, it is helpful to
express them relative to the share of divorced couples in our sample, which is approx-
imately 6.3%. Dividing the estimated effects by this share reveals that experiencing a
health shock increases the probability of divorce by 18.4% and 18.8% relative to the
mean divorce prevalence when we do not apply corrective weights (Column 1) and
when we do so (Column 2), respectively, indicating very similar percentage effects

across specifications.
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Table 4: The Impact of Health Shocks on the Probability of Divorce

Without Weights = With Weights

) (2)
Panel A: Post-Treatment Average Effect
Treated (=1) x Post (=1) 1.156** 1.178***
(0.465) (0.451)
Panel B: Event Study
Treated (=1) x Event-time, -3 (=1) -0.476 -0.506
(0.543) (0.535)
Treated (=1) x Event-time, -2 (=1) -0.449 -0.491
(0.357) (0.351)
Treated (=1) x Event-time, 0 (=1) 0.334 0.335
(0.315) (0.297)
Treated (=1) x Event-time, 1 (=1) 0.956* 0.919*
(0.498) (0.476)
Treated (=1) x Event-time, 2 (=1) 1.505** 1.549***
(0.585) (0.575)
Treated (=1) x Event-time, 3 (=1) 1.827*** 1.909***
(0.654) (0.663)
Household x Subexperiment FE Yes Yes
Wave x Subexperiment FE Yes Yes
Observations 22372 22372
Number of clusters (households) 1325 1325
Prevalence of divorce 0.063 0.063
Impact of health shock(percentage) 18.448 18.804

Notes: This table reports estimates of the effect of a health shock on the probability of divorce, defined as in Section
2.2. Column (2) applies the corrective weights proposed by Wing et al. (2024a), while Column (1) reports un-
weighted estimates. All coefficients and standard errors are multiplied by 100. Both specifications include house-
hold and wave fixed effects. Standard errors are clustered at the household level. Panel A reports the average
post-treatment effect, computed as a linear combination of post-treatment event-time coefficients. * p < 0.10, **
p < 0.05,*** p < 0.01

As shown in Panel B of Table 4, the pre-treatment coefficient estimates are not statis-
tically significant, suggesting that, consistent with the unexpected nature of the health
shocks, there are no anticipation effects. This finding also supports the plausibility
of the parallel trends assumption. In contrast, the post-treatment coefficient estimates
increase progressively and become significantly larger over time, indicating that the
impact of health shocks on divorce intensifies gradually rather than manifesting fully

immediately after the adverse health event.”

"We formally tested the null hypothesis that the difference in treatment effects between event times 3 and 0 is
zero, and clearly rejected it, as the two-sided p-value is 0.0066.
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This gradual pattern may reflect several factors, including the time required for
marital strain to accumulate, delays inherent in the divorce process itself (such as sep-
aration periods or financial arrangements), or decisions to postpone separation until
after acute caregiving phases.® To facilitate visual inspection, Figure 3 presents these
event study results.

Because the graphical representation provides an immediate summary of the un-
derlying dynamics and weighted and unweighted specifications consistently yield very
similar estimates across subsequent analyses, the remainder of the paper presents re-

sults graphically and focuses on the weighted specification.

Figure 3: The Impact of Health Shocks on the Probability of Divorce
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Note: This figure presents event-study estimates of the effect of a health shock on the probability of divorce, defined
as in Section 2.2. Estimates are obtained from equation Equation (1) using the corrective weights proposed by Wing
etal. (2024a). The plotted coefficients correspond to the interaction between event-time dummies and the treatment
indicator. Error bars denote 95 percent confidence intervals. The specification includes household and wave fixed
effects.

8Given the biennial structure of the HRS, event time 0 corresponds to 24 months after reference wave —1; event

time 1 corresponds to 48 months after reference wave —1, and so on.

18



4.2 Mechanisms

To investigate potential mechanisms by which the occurrence of a health shock may
influence the probability of divorce, we focus on three potential channels, namely those
related to mental health ( Section 4.2.1), cognitive decline (Section 4.2.2), and financial

strain (Section 4.2.3).

4.2.1 Mental Health as Measured by the CES-D Scale

To assess individuals” mental health, we utilize the Center for Epidemiologic Studies
Depression Scale (CES-D), a widely recognized and validated tool commonly used
in psychiatric epidemiology to screen for depression and related disorders (Radloff,
1977). The CES-D version administered in the HRS is a shorter, 8-item version of the
original CES-D scale (which originally consisted of 19 items). Each respondent is asked
whether they experienced any of the following feelings during the week prior to the
interview: depression, everything feels like an effort, restless sleep, loneliness, sadness,
inability to get going, happiness, and enjoyment of life. Responses are aggregated into a
final score ranging from 0 to 8. The responses to the last two items are reverse-coded (1
minus the variable value) so that higher values consistently indicate a greater propen-
sity for depressive symptoms.

Since each household includes a husband and a wife, mental health outcomes are
measured at the household level. The first mental health indicator we use is the average
CESD-8 score of the two partners, standardized to have mean zero and unit standard
deviation. The second indicator is a dummy variable equal to one if at least one mem-
ber of the couple reports an (unstandardized) CESD-8 score greater than or equal to
four, following Botoseneanu et al. (2023). If data are missing for one individual in the
couple, the dummy takes the value of the observed individual.

Figure 4 summarizes the impact of health shocks on these two mental health mea-
sures. Taken together, the estimates are consistent with health shocks having detri-
mental effects on mental health. The top panel shows that experiencing a health shock

leads to a statistically significant deterioration in mental health, with the average CESD-
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8 score increasing by approximately 0.14 standard deviations. The bottom panel shows
a corresponding increase of about 3.6 percentage points in the probability that at least
one member of the couple exhibits depressive symptoms, which represents roughly
27% of the mean prevalence of this indicator in the sample (13.1%). Both magnitudes
correspond to average effects over the post-treatment period and are statistically sig-
nificant at the 1% level.

Both panels indicate that the effects are persistent over time and particularly pro-

nounced in the two waves following the health shock.’

4.2.2 Cognitive Impairment

Previous research indicates that severe health shocks can accelerate cognitive decline
in later life, often resulting in a substantial deterioration of mental functioning (Schiele
and Schmitz, 2023; Alfaro-Acha et al., 2006). This evidence suggests that cognitive
function may represent a relevant channel through which health shocks could affect
couple dynamics.

To measure cognitive function, we first leverage the availability of a summary index
in the HRS referred to as COG27. This index aggregates the following measures: i) im-
mediate word recall (range: 0-10), which asks the respondent to repeat ten words read
aloud by the interviewer; ii) delayed word recall (range: 0-10), which asks the respon-
dent to recall the same ten words approximately 10 minutes after they were announced;
iii) the serial 7’s test result (range: 0-5), which measures the number of correct sub-
tractions of seven starting from 100 over five trials;' and iv) backward counting from
20 for 10 continuous numbers (range: 0-2). Respondents receive two points if they are
successful on the first try, one point if they are successful on the second try, and zero
points if unsuccessful on both attempts. The COG27 index yields a total score ranging

from 0 to 27 for each respondent and has been demonstrated to be a reliable predictor

*While the treatment effect on the depression probability becomes less precise by event time 3, we cannot reject
the null hypothesis that the difference in treatment effects between event times 3 and 0 is zero, as the two-sided
p-value is 0.595.

Correct subtractions are based on the previously given number, so even if one subtraction is incorrect, subse-

quent answers are evaluated against the prior response.
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Figure 4: The Impact of Health Shocks on Mental Health
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Note: The figure shows the impact of a health shock on mental health at the household level, using the weights
proposed by Wing et al. (2024a). The top panel plots the effect on the standardized average CESD-8 score of the
couple, while the bottom panel plots the effect on a dummy variable equal to one if at least one member of the couple
reports a CESD-8 score associated with depression. The coefficients correspond to the interaction between event-
time dummies and the treatment indicator in Equation (1), with 95 percent confidence intervals. The specification
includes household and wave fixed effects.
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of overall levels of dementia and cognitive impairment in large public surveys (Crim-
mins et al., 2011). Scores between 0 and 6 on the COG27 index fall within the dementia
range, scores between 7 and 11 are associated with cognitive impairment, and scores
above 12 are considered within the normal range (Gianattasio et al., 2019). We create
a dummy variable equal to 1 if at least one member of the couple scores below 12 and
use this binary variable as our first indicator of cognitive function.

Additionally, the HRS provides information on diagnoses of memory-related con-
ditions, although the wording of these questions changes over time. From wave 4 on-
ward, respondents are asked whether a medical professional has ever told them that
they have a memory-related disease. Starting in wave 10, this question is refined, and
individuals are instead asked separately whether they have received a diagnosis of
Alzheimer’s disease or dementia. Following the approach in Jeong et al. (2024), we
harmonize these measures over time and construct an indicator for memory-related
disease diagnoses that spans waves 4 to 15 (the latest available wave). This dummy
variable equals one if an individual reports a diagnosis of a memory-related disease in
earlier waves or a diagnosis of Alzheimer’s disease or dementia in wave 10 and subse-
quent waves, and zero otherwise. At the household level, the indicator takes the value
one if at least one member of the couple reports such a diagnosis. This binary variable
is used as our second indicator of cognitive function.

Figure 5 summarizes the impact of health shocks on cognitive function at the house-
hold level. The results point to a clear pattern: health shocks significantly increase the
likelihood of cognitive deterioration within the couple. The top panel shows that ex-
periencing a health shock raises the probability that at least one member of the couple
exhibits cognitive impairment—defined as scoring below 12 on the COG27 index—by
approximately 4.2 percentage points on average over the post-treatment period, cor-
responding to roughly 24% of the sample mean for this indicator (17.4%). While the
estimated effect becomes less precise three waves after the health shock, we cannot

reject the null hypothesis that treatment effects immediately following the shock and
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Figure 5: The Impact of Health Shocks on Cognitive Function
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Note: The figure shows the impact of a health shock on cognitive function at the household level, using the weights
proposed by Wing et al. (2024a). The top panel plots the effect on a dummy variable equal to one if any member
of the couple scores below 12 on the COG27 index, while the bottom panel plots the effect on a dummy variable
equal to one if any member of the couple has been diagnosed by a medical professional with a memory-related
disease. The coefficients correspond to the interaction between event-time dummies and the treatment indicator in
Equation (1), with 95 percent confidence intervals. The specification includes household and wave fixed effects.
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three waves later are equal."

The bottom panel shows a similar pattern for clinically diagnosed memory-related
diseases. The probability that at least one member of the couple is diagnosed with a
memory-related disease increases by approximately 3.6 percentage points on average
following a health shock, corresponding to about 33% of the prevalence of this condi-
tion in the sample (10.9%). Moreover, unlike cognitive impairment measured through
the COG27 index, this effect not only persists but also increases steadily and signifi-

cantly in the years following the health shock.

4.2.3 Out-of-Pocket Medical Expenses

Finally, we examine whether health shocks induce financial strain by focusing on house-
holds” out-of-pocket medical expenditures, which we use as a proxy for financial bur-
den. The results indicate that health shocks lead to sizable increases in out-of-pocket
medical expenses.

Figure 6 summarizes the dynamic impact of health shocks on out-of-pocket medical
expenditures. The figure shows that experiencing a health shock is associated with
a large and statistically significant increase in medical expenses, with out-of-pocket
expenditures rising by approximately $1,050 on average over the post-treatment period.
This increase is particularly pronounced immediately following the shock and remains
elevated in subsequent waves.

Although not directly comparable, these findings are consistent with Dobkin et al.
(2018), who use an event-study approach and document increases in out-of-pocket ex-
penditures among non-elderly (ages 50-59) HRS individuals following non-pregnancy-
related hospital admissions, their empirical analogue of an adverse health shock. Over-
all, the dynamic patterns shown in Figure 6 suggest that health shocks generate sub-

stantial and persistent financial strain through higher medical spending.

"The two-sided p-value of the test is 0.397.
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Figure 6: The Impact of Health Shocks on Out-of-Pocket Medical Expenditures
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Note: The figure shows the impact of a health shock on households” out-of-pocket medical expenditures, using the
weights proposed by Wing et al. (2024a). The coefficients correspond to the interaction between event-time dum-
mies and the treatment indicator in Equation (1), with 95 percent confidence intervals. The specification includes
household and wave fixed effects.

5 Heterogeneity

We now explore whether our results are heterogeneous across several dimensions of
interest. To this end, we extend our benchmark model (Equation (1)) to include triple
interactions between the treatment indicator, event-time dummies, and an indicator for

the subgroup of interest.

5.1 Race

Gray divorces in the U.S. are markedly less frequent among White individuals, espe-
cially among those aged 65+ (Brown and Lin, 2022). This is also the case in our analytic
sample, with the prevalence of divorce being 5.75% and 9.28% among White and Non-
White couples, respectively. We define White couples as those where both members
are White. While this divorce gap does not necessarily mean that White couples are
more resilient to health shocks, it suggests that baseline relationship dynamics may

differ across groups.
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Figure 7: The Impact of Health Shocks on Divorce: Heterogeneity between White and

Non-White Couples
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Notes: This figure presents event-study estimates of the differential effect of a health shock on the probability of
divorce by race. Estimates are obtained from equation Equation (1) augmented with triple interactions between
event-time dummies, the treatment indicator, and an indicator for White couples (equal to one if both spouses are
White). The figure reports 95 percent confidence intervals. The specification includes household and wave fixed
effects and applies the corrective weights proposed by Wing et al. (2024a).

Our results, graphically summarized in Figure 7, suggest that White couples are in-
deed significantly less prone than their Non-White counterparts to divorce following
a health shock. The estimated effects are only significant at the 10% level in some peri-
ods, but the average effect throughout the post-treatment window is not only sizeable
but also statistically significant at the 5% level. In particular, in households affected
by a health shock, the probability of subsequent divorce rises, on average, by 3.7 per-
centage points more for Non-White than for White couples (roughly 60% of the sample

mean divorce prevalence).

5.2 Religion

Divorce is less frequent among Catholics in the U.S., especially compared to Protestants
and the religiously unaffiliated (Smith et al., 2025). In line with this pattern, in our an-
alytic sample, the prevalence of divorce is 3.34% when both partners are Catholic and

7% when at least one partner is not. A natural question is whether marital stability in
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Figure 8: The Impact of Health Shocks on Divorce: Heterogeneity between Catholic
and Non-Catholic Couples
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Note: This figure presents event-study estimates of the differential effect of a health shock on the probability of
divorce by religion. Estimates are obtained from Equation (1) augmented with triple interactions between event-
time dummies, the treatment indicator, and an indicator for Catholic couples (equal to one if both spouses are
Catholic). The figure reports 95 percent confidence intervals. The specification includes household and wave fixed
effects and applies the corrective weights proposed by Wing et al. (2024a).

the face of hardship, particularly health shocks, is stronger among Catholic couples.
Our results, displayed in Figure 8, suggest that it is. When households suffer a health
shock, the probability of divorce is 1.78 percentage points lower (statistically signifi-
cant) in couples where both partners are Catholic compared to couples where at least

one partner is not—a reduction of approximately 30% relative to the mean divorce rate.

5.3 Poverty

In the U.S., divorce is less common among wealthier couples than among poorer ones
(Eads and Tach, 2016; Killewald et al., 2023). Consistent with this pattern, divorce
prevalence is 17% among households below the poverty line, compared to almost 6%
among those above it.

We now investigate whether health shocks may further amplify this gap by having
a stronger impact on poor versus non-poor households, defining the former as those

whose income in the previous calendar year falls below the U.S. Census Bureau poverty
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Figure 9: The Impact of Health Shocks on Divorce: Heterogeneity by Poverty Status
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Notes: This figure presents event-study estimates of the differential effect of a health shock on the probability of
divorce by poverty status. Estimates are obtained from equation Equation (1) augmented with triple interactions
between event-time dummies, the treatment indicator, and an indicator for households below the poverty threshold
(based on the U.S. Census Bureau definition). The figure reports 95 percent confidence intervals. The specification
includes household and wave fixed effects and applies the corrective weights proposed by Wing et al. (2024a).

threshold. Our results, summarized in Figure 9, do not provide evidence that the im-
pact of health shocks on divorce differs across poverty status: we cannot reject the null
hypothesis that the effect is the same for poor and non-poor households at conventional

significance levels.

5.4 Gender

Household responses to health shocks may differ by gender, depending on whether
the husband or the wife is affected. In couples with more traditional or unequal gender
roles, wives are more likely to assume caregiving responsibilities, which may lead to
greater strain when they become ill compared to when husbands do. Such gender
norms may also reinforce women’s financial dependence and economic vulnerability,
thereby limiting their capacity to exit a marriage. In our analytic sample, the prevalence
of divorce is higher when wives experience a health shock compared to when husbands
do (6.9 percent versus 5.8 percent), which may point in this direction. However, in

the literature the evidence on whether health issues have a stronger association with
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divorce depending on who is affected is mixed. Glantz et al. (2009), using a sample
of 515 patients prospectively identified as having either a brain tumour or multiple
sclerosis and who were married at the time of diagnosis, find that female gender is the
strongest predictor of separation or divorce. Vignoli etal. (2025), drawing on European
survey data on adults aged 50 and above, find that divorce risk is higher when wives
report poor health or severe activity limitations while husbands remain healthy, but
not when husbands experience poor health; in the latter case, divorce risk does not
differ significantly from that of couples in good health. Karraker and Latham (2015a),
using US survey data for the 50+ population from the HRS, generally fail to reject the
null hypothesis that the effect of illness onset differs depending on who experiences it
in a statistically significant way.

Our own analysis, summarized in Figure 10, is consistent with this latter set of find-
ings: we cannot detect statistically significant differences in the effect of health shocks
on divorce depending on whether the wife or the husband is affected.

While this may contrast with some of the correlational evidence discussed above,
those studies rely on multivariate regression analysis and therefore implicitly assume
selection on observables. In contrast, in our quasi-experimental framework we do not
compare households that ever experience a health shock with those that never do, but
rather households that experience a health shock with others that are set to experience
one in subsequent years. This matters because households that eventually experience
a health shock differ from never-treated households in several relevant dimensions,
such as education and labor-force attachment, which are often discussed in relation to
gender roles. For instance, as shown in Section 3.2 (Figure 1), even after holding age
and cohort effects constant, individuals in households that never experience a health
shock are significantly more likely to participate in the labor force and to have attended
college compared to their counterparts in households where a health shock occurs.'? To

the extent that our design accounts for these differences, it is therefore not particularly

2Research on gender identity indicates that adherence to traditional gender norms is more common among
individuals with less education, while those with higher educational attainment are generally more likely to support
egalitarian perspectives on the roles of men and women in society. See Du et al. (2021) and Rivera-Garrido (2022),

among others.
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Figure 10: The Impact of Health Shocks on Divorce: Heterogeneity by Gender
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Notes: This figure presents event-study estimates of the differential effect of a health shock on the probability of
divorce by gender. Estimates are obtained from equation Equation (1) augmented with triple interactions between
event-time dummies, the treatment indicator, and an indicator for whether the wife experiences the health shock.
The figure reports 95 percent confidence intervals. The specification includes household and wave fixed effects and
applies the corrective weights proposed by Wing et al. (2024a).

surprising that we do not uncover statistically detectable heterogeneity by gender.

6 Robustness Checks

In this section, we test the robustness of our results to variations in the length of the
event window and in the definition of health shocks. We also assess whether our con-
clusions are sensitive to the use of an alternative difference-in-differences estimator.
First, we estimate Equation 1 using a different event window length. Specifically, we
employ four waves before and after the health shock, rather than the three waves used
in the benchmark specification. The use of a longer event window allows us to better
understand the evolution of the impact over time. However, this approach comes at
the cost of excluding certain treatment adoption dates from the stacked dataset, since
units treated very early or very late in the panel cannot be followed for the full window.
In particular, households treated in waves 4 and 11, which were included in the main

specification, are now dropped because the health shock occurs too early or too late in
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Figure 11: The Impact of Health Shocks on the Probability of Divorce - Longer Event
Window
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Notes: This figure presents event-study estimates of the effect of a health shock on the probability of divorce using
a longer event window (four waves before and after the shock). Estimates are obtained from Equation (1) using
the corrective weights proposed by Wing et al. (2024a). The figure reports 95 percent confidence intervals. The
specification includes household and wave fixed effects.

the observation period. In addition, the control group now consists of households that
experience the health shock more than four waves ahead, instead of three.

Figure 11 shows that our findings are very similar to those obtained using the bench-
mark three-wave window. The pre-treatment coefficients remain close to zero and sta-
tistically insignificant, which is consistent with both the no-anticipation and parallel-
trends assumptions. Post-treatment effects again rise gradually and reach values of
roughly 1.5-2.5 percentage points several waves after the shock. Taken together, these
results indicate that our conclusions are not sensitive to the choice of event window
length.

The next robustness check examines an alternative definition of a health shock. Fol-
lowing Dobkin et al. (2018), we define a health shock for a couple as a hospital stay
lasting more than four nights—the median value of the variable—calculated by sum-
ming the husband’s and wife’s hospital nights since the previous wave, provided that
neither reported an overnight hospital stay in the prior wave. This definition differs

from our benchmark measure, which is based on the diagnosis of a specific condition
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Figure 12: The Impact of Health Shocks on the Probability of Divorce - Hospital

Admissions
|
1 I
|
I
—_ |
) |
[oN
S |
> I
E | [ ]
Q |
@ : ®
[oN
Pl [ ¢
o |
o I
= |
© I
5 ® '
- O L
= |
w |
I
|
N |
[
|
T T T T T T T
3 2 4 0 1 2 3

Event time (waves)

Notes: This figure presents event-study estimates of the effect of a health shock on the probability of divorce when
health shocks are defined as hospital stays longer than four nights, summed across spouses since the previous wave.
Estimates are obtained from Equation (1) using the corrective weights proposed by Wing et al. (2024a). The figure
reports 95 percent confidence intervals. The specification includes household and wave fixed effects.

(cancer, stroke, or heart attack). Since, unfortunately, we lack data on the reasons for
each hospitalization, this alternative definition likely captures less severe health events,
and the resulting effects should therefore be smaller in magnitude than those obtained
with our benchmark measure.

Figure 12 shows that the results obtained with this alternative definition are quali-
tatively consistent with our main findings. The estimated coefficients point to a higher
probability of divorce following a hospitalization spell, and the effects become larger
over time after the shock. Although the magnitudes are somewhat smaller, as expected,
the overall pattern is remarkably similar to the baseline estimates. This reinforces the
conclusion that our results are not driven by the specific way in which health shocks
are defined, even though the hospitalization-based measure likely captures events that
are somewhat less unexpected or less severe than our benchmark definition.

To further assess the robustness of our findings, we estimate the average treatment
effect on the treated (ATT) using the methodology proposed by Borusyak et al. (2024),

developed for difference-in-differences designs with staggered treatment adoption and

32



heterogeneous causal effects. This approach relies on a transparent imputation proce-
dure. First, period and unit fixed effects are estimated via regression using only un-
treated observations. Second, these estimated fixed effects are used to impute the un-
treated potential outcomes and obtain an estimated treatment effect for each treated
observation. Finally, a weighted average of these treatment-effect estimates is taken,
with weights corresponding to the estimation target (the ATT in our case). The pro-
posed estimator ensures unbiasedness and exhibits favorable efficiency properties, as
Borusyak et al. (2024) show in simulations. An additional advantage is its computa-
tional simplicity, as it only requires the estimation of a standard two-way fixed-effects
model, while offering a clear and transparent link between the identifying assumptions
and the resulting estimator.

Table 5 shows that the estimated ATT is very similar to our benchmark estimate,
both in percentage-point terms and when expressed relative to the mean divorce rate.
The point estimate implies an increase in divorce of about 1.2 percentage points (around
19% of the baseline prevalence), closely matching the effect reported in our benchmark
specification.

Figure 13 displays the corresponding event-study coefficients. The dynamic pat-
tern is broadly similar to that obtained in our baseline analysis, with post-treatment ef-
fects increasing gradually over time and remaining consistently positive. Although one
pre-treatment coefficient appears marginally positive, it is statistically indistinguish-
able from zero and does not reveal any systematic pre-trend, which is consistent with
our identifying assumptions. Taken together, the ATT and the event-study coefficients
are highly consistent with our benchmark results, suggesting that our main finding

does not hinge on the particular estimator used.
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Table 5: The Impact of Health Shocks on the Probability of Divorce - Borusyak et al.
(2024) Estimator.

(1)
Average Treatment Effect on the Treated (ATT) 1.224**
(0.586)
Prevalence of divorce 0.065
Impact of Health Shock (percentage) 18.697

Notes: This table reports estimates of the effect of a health shock on the probability of divorce obtained using the
estimator proposed by Borusyak et al. (2024). * p < 0.10, ** p < 0.05, *** p < 0.01

Figure 13: The Impact of Health Shocks on the Probability of Divorce - Borusyak et al.
(2024) Estimator
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Notes: This figure presents event-study estimates of the effect of a health shock on the probability of divorce ob-
tained using the estimator proposed by Borusyak et al. (2024). 95 percent confidence intervals are shown.
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7 Conclusion

This paper examines how unexpected health shocks shape marital stability in later
life. Using longitudinal data from the Health and Retirement Study and a Stacked
Difference-in-Differences framework (Wing et al., 2024a), we provide causal evidence
that serious and unanticipated health events increase the probability of couple dissolu-
tion. The estimated effects do not fully materialize immediately after the health shock
but instead build gradually over subsequent waves, suggesting that the consequences
of health crises unfold along dynamic and cumulative pathways.

Our findings also shed light on the mechanisms underlying this relationship. Fol-
lowing a health shock, households experience persistent deterioration in mental health,
worsening cognitive functioning, and marked increases in out-of-pocket medical ex-
penditures. Taken together, these patterns are consistent with health shocks straining
emotional, cognitive, and financial resources within couples, increasing the likelihood
of relationship breakdown.

To assess the credibility of our findings, we conduct a series of robustness exer-
cises. Our main estimates remain stable when we extend the event window, when we
adopt an alternative definition of health shocks, and when we implement an alternative
difference-in-differences estimator.

In sum, the evidence reinforces the conclusion that the increase in divorce observed
after a health shock reflects a robust empirical pattern. Rather than being isolated
medical events, health shocks emerge as key turning points in household dynamics.
By highlighting the relationship between health shocks and divorce, this study con-
tributes to a broader understanding of the challenges associated with aging and the
rising trend of “silver splitters”, underscoring the need for multidimensional policy
responses to address these issues effectively. As populations age and health problems
become more common at older ages, health shocks will increasingly intersect with fam-
ily dynamics and marital stability. Policies that strengthen post-diagnosis support—
including better health insurance coverage to reduce out-of-pocket medical expenses,

mental-health services, caregiver assistance, and financial counseling —may help re-
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duce some of the pressures that ultimately contribute to marital dissolution. In this
sense, serious health shocks are not only medical events but also relational events, re-

shaping household structure and well-being in later life.
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