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1 Introduction

What happens to adult children when a parent develops Alzheimer’s Disease and Re-

lated Dementias (ADRD)? An estimated 7.4 million Americans live with clinical

Alzheimer’s dementia today, a figure projected to nearly double to 13.8million by 2060.

Unpaid caregiving for these patients was valued at $446 billion in 2025, supplied al-

most entirely by family members, most often adult children (Alzheimer’s Association,

2026). Unlike most acute conditions, ADRD follows a slow, progressive, and absorb-

ing trajectory: the disease unfolds gradually over years, rendering patients increasingly

unable to perform basic activities of daily living, while offering no prospect of recovery.

The resulting care demand is both intensive and prolonged. Yet despite this epidemi-

ological scale, very little causal evidence exists about the consequences for the adult

children who provide that care. This paper fills that gap by providing the first com-

prehensive, causally identified analysis of the impact of a parental ADRD diagnosis on

adult children’s caregiving behavior, mental health, labor supply, finances, and living

arrangements.

Understanding how families respond to a parental ADRD diagnosis presents acute

empirical challenges. Selection into treatment is non-random—individualswithADRD

parents may differ systematically from those without—while the diagnosis itself is

endogenous to the family’s prior behavior and the parent’s pre-existing health trajec-

tory. Standard regression estimates are therefore confounded by selection, and cross-

sectional comparisons between caregivers and non-caregivers capture the joint equilib-

rium of care supply and demand rather than a causal effect. I address these challenges

by exploiting the staggered timing of parental diagnoses across the sixteen biennial

waves of the Health and Retirement Study (HRS), a nationally representative panel

of Americans aged 50 and older covering 1992 to 2022. My identification strategy is a

stacked difference-in-differences (DiD) design (Wing et al., 2024a): each HRS wave of

first diagnosis defines an independent sub-experiment in which newly treated adult

children are compared to not-yet-treated adults in the same wave. Stacking these sub-

experiments and applying corrective weights avoids the well-documented biases of
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two-way fixed effects estimators under treatment effect heterogeneity

(Goodman-Bacon, 2021; De Chaisemartin and d’Haultfoeuille, 2020; Sun and Abra-

ham, 2021; Borusyak et al., 2024). The resulting event-study coefficients document the

full dynamic path of adjustment before and after diagnosis, allowingme to test for pre-

existing trends and to trace the evolution of effects over time. Crucially, the treatment

corresponds to an information shock to the adult child—the wave in which the diag-

nosis is first reported—rather than to the underlying neurological onset, which may

precede formal detection by several years. Before that information reaches them, adult

children have no basis on which to anticipate and adjust, which is why no anticipation

effects are expected or observed.

I find that a parental ADRD diagnosis generates substantial and broad-based dis-

ruptions across all outcome domains. On the caregiving margin, the probability of

providing personal care—helping a parent with dressing or eating—increases by 10.4

percentage points, a 204 percent rise relative to the pre-diagnosis mean of 5.1 percent

(p < 0.01). Total hours of informal care provided to the parent rise by 159 hours per

surveywave, equivalent to approximately 1.5 additional hours perweek. Strikingly, the

respondent’s spouse also increases care provision by 48.6 hours per wave (p < 0.01),

documenting a within-household externality that propagates the caregiving burden

to the next layer of the nuclear family. Parental ADRD takes a toll on mental health

as well: the respondent’s CES-D depression score increases by 0.082 standard devia-

tions (p < 0.05), and the probability of meeting the threshold for clinically significant

depression (CES-D ≥ 4) rises by 3.1 percentage points. On the labor supply margin,

the probability of employment falls by 7.0 percentage points while the probability of

full retirement increases by 8.6 percentage points, both statistically significant at the 1

percent level, consistent with permanent workforce withdrawal rather than a tempo-

rary interruption. Consistent with this, full-time employment falls by 4.0 percentage

points, while I detect no statistically significant effect on the spouse’s labor supply.

With regard to living arrangements, parental ADRD increases the probability that the

affected parent resides in a nursing home by 18.1 percentage points—a more than 30-
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fold increase relative to a pre-diagnosis rate of 0.6 percent—while the probability of

the parent moving in with an adult child rises by only 3.0 percentage points, a sta-

tistically insignificant effect. Finally, I find no statistically significant short-run effects

on household income or wealth, consistent with financial consequences materializing

over a horizon that extends beyond the current event window. The results are robust

to two alternative specifications: an age-based event-time design and the Callaway and

Sant’Anna (2021) group-time estimator.

This paper makes three contributions. First, I provide the first comprehensive,

causally identified analysis of how a parental ADRD diagnosis affects adult children

across the full range of outcome domains—caregiving, mental health, labor supply,

finances, and living arrangements. Most prior work focuses on a single domain or

relies on observational designs without clean control groups. Second, I document a

within-household externality in the intergenerational direction: the caregiving bur-

den propagates beyond the adult child caregiver to that caregiver’s own spouse, ex-

tending a shock originating in the parental generation into a measurable burden on

two individuals within the adult child’s household simultaneously. Third, I show that

the dominant labor market response is permanent workforce withdrawal rather than a

temporary interruption, with retirement rising by 8.6 percentage points at event time

zero—a pattern with distinct implications for pension systems and lifetime earnings

inequality.

This paper contributes to three strands of the literature. The first is the large body of

research on the economic consequences of health shocks, both for the affected individ-

ual and for their household. Severe health events generate large and persistent losses

in earnings, labor force participation, and wealth for the patient (Dobkin et al., 2018;

García-Gómez et al., 2013; Jones et al., 2020; Trevisan and Zantomio, 2016). Within the

household, health shocks propagate to co-residing partners. Using Danish administra-

tive data, Fadlon andNielsen (2021) show that a severe health shock to one spouse im-

mediately and substantially reduces the partner’s labor supply, with the effect concen-

trated amongwomenwho shift into informal caregiving. Analogouswithin-household
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spillovers have been documented following partner cancer diagnoses (Angelini and

Costa-Font, 2023), acute illness in European couples (Riekhoff and Vaalavuo, 2021;

Arteaga et al., 2024), and a range of other conditions (Coile, 2004; Du and Zaremba,

2024). A parallel literature documents that health shocks also affect health behaviors

of household members, through “family health behaviors” and shared lifestyle (Fad-

lon and Nielsen, 2019). My paper extends this within-household spillover framework

to the intergenerational dimension: the shock occurs to the parent’s generation, but its

effects propagate downward to adult children and—as I show—to their spouses.

The second strand is the growing literature on the effects of parental health shocks

on adult children’s outcomes. Wen and Huang (2024) show that a parental health

shock reduces adult children’s employment probability, with effects larger and more

persistent for daughters than sons. Using Norwegian administrative data,

Ramirez Lizardi et al. (2025) document that parental health deterioration reduces chil-

dren’s earnings, increases caregiving provision, and worsens well-being. Analyzing

Danish registers, Aaskoven et al. (2022) find that severe parental health shocks reduce

children’s school attainment and secondary completion rates. In France, Blasco et al.

(2025) document adverse effects of parental hospitalization on children’s health be-

haviors. For younger children, parental illness has been shown to increase the prob-

ability of seeking mental health care (Glaser and Pruckner, 2023), worsen behavioral

outcomes in early childhood (Mühlenweg et al., 2016), generate negative effects on ed-

ucational attainment and labor market attachment in early adulthood (Ferrara et al.,

2026), and raise child labor while reducing school attendance in developing-country

contexts (Beegle et al., 2006). The intergenerational income mobility consequences of

parental illness have also been studied in China, where parental health shocks reduce

children’s upward incomemobility (Li et al., 2025). My paper contributes to this strand

in two ways. First, I focus on adult children—a population whose labor supply deci-

sions, mental health, and financial circumstances are fully formed—rather than chil-

dren’s human capital accumulation. Second, I exploit a qualitatively different shock:

ADRD is gradual and absorbing, generates uniquely intensive care demands, and cre-
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ates a distinctive combination of time-use and emotional burdens that differs sharply

from acute illness episodes.

The third and most closely related strand is the growing literature on the family

consequences of dementia. The caregiving stress literature has long documented that

informal carers of individuals with ADRD experience elevated rates of depression,

anxiety, and burnout relative to caregivers of patients with other conditions (Pinquart

and Sörensen, 2003), consistent with the distinctive psychological toll of “care without

end.” On the economic side, Burgdorf and Amjad (2023) document that a formal de-

mentia diagnosis—relative to undiagnosed cognitive decline—is associated with sub-

stantially higher caregiving intensity, as family members update their beliefs about the

need for structured support. Amano et al. (2021) show that an ADRD diagnosis re-

shapes the patient’s social relationships, including ties to family members. The direct

economic costs of disease progression from mild cognitive impairment to Alzheimer’s

disease in the United States are documented by Frech et al. (2024). On the causal iden-

tification frontier, Altındağ et al. (2026) estimate family spillovers of dementia using

Danish administrative data, finding (in preliminary working-paper results) large re-

ductions in children’s labor supply and increases in their psychological distress. Stokes

et al. (2024) study employment dynamics among adult children at the onset of parental

dementia in the United States, documenting variation by gender, race, and education.

Arora (2016) provides evidence that parental dementia onset reduces the wealth of

unmarried adult children, with effects concentrated among daughters. The informal

care response itself has been studied through the caregiving penalty for labor market

outcomes: Crespo andMira (2014) show that caregiving to elderly parents reduces em-

ployment among European mature women, Skira (2015) document the dynamic wage

and employment costs of elder parent care in HRS, and Brito and Contreras (2024)

document a caregiving-induced gender wage gap. Despite these contributions, no ex-

isting study provides a comprehensive, causally identified analysis of the simultaneous

effects of parental ADRD on the full range of caregiving, mental health, labor supply,

and financial outcomes. Most prior work focuses on a single outcome domain, relies
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on pre-post comparisons or observational designs without clean control groups, and

uses data that do not allow precise identification of the wave of first diagnosis. My

paper addresses all three limitations.

The remainder of the paper is organized as follows. Section 2 describes the HRS

data and sample construction. Section 3 presents the stacked DiD design, identifying

assumptions, and balancing tests validating the control group choice. Section 4 reports

event-study estimates andATTs across all outcome domains. Section 5 presents robust-

ness checks, including the Callaway and Sant’Anna (2021) group-time estimator and

an age-based event-time specification. Section 6 concludes.

2 Data

The primary data source is the RAND Health and Retirement Study (HRS) longitu-

dinal file, a harmonized and cleaned version of the HRS core interviews produced by

the RAND Corporation.1 The HRS is a nationally representative longitudinal survey

of the American population aged 50 and older, fielded biennially since 1992 through

2022. Each wave collects rich information on health, cognition, labor force participa-

tion, income, wealth, pension coverage, insurance, and family structure for both the

respondent and their spouse, irrespective of the spouse’s age.

To maintain representativeness as the original cohort ages, the HRS incorporates

a refreshment sample: approximately every six years (every three biennial waves), a

new birth cohort of individuals aged 51–56 enters the survey. This design ensures that

the panel continuously tracks Americans approaching and traversing the retirement

transition, replacing cohorts that age out of the target population. The analysis exploits

all available cohorts and waves, spanning 1992 to 2022.

A necessary condition for identifying the causal effect of parental ADRD is that the

diagnosis occurs as an unexpected event within the observation window, so that I can
1TheHRS is sponsored by theNational Institute onAging (grant numberNIAU01AG009740) 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.
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observe the adult child’s behavior both before and after the information shock. This

requires two sample restrictions. First, I drop individuals who have at least one parent

already diagnosed with ADRD in the first wave they enter the dataset: for these in-

dividuals, the treatment predates the sample entry, making it impossible to construct

a valid pre-treatment baseline. Second, I drop individuals both of whose parents had

died before their entry wave, as they are by construction never at risk of a parental

ADRD diagnosis and therefore do not contribute to identification. Together, these re-

strictions ensure that the treated group consists exclusively of individuals who expe-

rience a first parental diagnosis during the observation period, which is the relevant

information shock I aim to study. I also exclude individuals who are not present dur-

ing all consecutive waves—that is, those who suffer attrition in a given wave but return

later—as these gaps prevent accurate identification of the dynamic treatment effects.

2.1 Treatment Definition

To define the treatment, I rely on self-reported indicators of parental cognitive health.

For waves 4 through 9, the main specification uses the onset of a memory-related indi-

cator. From wave 10 onward, the HRS includes two separate questions capturing the

onset of Alzheimer’s disease and the onset of dementia; the treatment variable equals

one if either question equals one. Because I restrict the sample to individuals whose

parents had never experienced a memory-related condition at baseline, this definition

captures the first diagnosis event in each family. The same treatment definition is used

by Jeong et al. (2025).

Once an individual reports a parental ADRD diagnosis— the wave in which the in-

formation shock reaches the adult child — the treatment indicator switches to one and

remains so for all subsequent waves. Individuals whose parents are never diagnosed

retain a treatment value of zero throughout the panel.
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2.2 Outcome Variables

The analysis spans five outcome domains: respondent labor supply, mental health, in-

formal caregiving to the affected parent, household finances, and living arrangements

of the parent. I also examine spillover effects on the spouse’s labor supply. All labor

force and mental health variables are drawn from the RAND HRS longitudinal file;

caregiving and living arrangement variables come from the RANDHRS Family Struc-

ture and Transfers module.

Labor Supply

I measure respondent labor supply through four variables. Any work is a binary indica-

tor equal to one if the respondent reports any employment for pay in the current wave.

Full retirement requires two conditions to hold simultaneously: the respondent reports

notworking for pay and explicitly self-identifies as completely retiredwhen asked. This

dual criterion distinguishes individuals who have permanently exited the labor force

from those who are temporarily out of work or who have reduced their hours with-

out retiring. Full-time and part-time employment are binary indicators derived from the

RAND labor force status variable, which classifies respondents into mutually exclu-

sive employment categories; full-time corresponds to working more than 35 hours per

week and part-time to any employment below that threshold.

Mental Health

The primarymental health outcome is the CES-D score, an 8-item version of the Center

for Epidemiologic Studies Depression scale ranging from 0 to 8, where higher scores

indicate greater depressive symptomatology. The scale is administered every wave

to all respondents and their spouses. Each item asks whether the respondent experi-

enced a specific depressive symptom most or all of the time during the week before

the interview, and each affirmative response contributes one point to the total score. I

also construct a binary depression indicator equal to one if the CES-D score reaches four

or above, the standard threshold for clinically significant depressive symptoms in the
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HRS literature. Both the continuous score and the binary indicator are measured for

the respondent and, separately, for the respondent’s spouse, allowing me to capture

potential mental health spillovers within the household.

Informal Caregiving to the Affected Parent

I measure caregiving provision through three variables drawn from the Family Struc-

ture and Transfers module of the HRS, which collects information on help provided by

respondents to their parents. Any hands-on care is a binary indicator equal to one if the

respondent reports providing personal care to a parent, defined as assistance with ac-

tivities of daily living such as bathing, dressing, eating, or moving around. Respondent

caregiving hours captures the total number of hours of personal care the respondent has

provided to their parents during the two years preceding the interview. Spouse care-

giving hours is the analogous measure for the respondent’s spouse, and is included to

capture the full household caregiving response.

Financial Outcomes

I examine two financial outcomes. Household income is the total income of the house-

hold, including all earned income, pension and Social Security income, capital income,

and government transfers for both the respondent and the spouse, using RAND im-

puted values; I then take the natural log (ln(income+1)) to obtain the outcomevariable.

Household wealth is total net household wealth, computed as the sum of real estate, fi-

nancial assets, business equity, and pensionwealthminus total outstanding debt, again

using RAND imputations; I apply the same log transformation (ln(wealth + 1)). The

+1 adjustment accommodates households reporting zero values.

Living Arrangements of the Affected Parent

I track two binary outcomes capturing the residential response to parental ADRD on-

set. Parent moves in equals one if the diagnosed parent co-resides with the respondent’s

household at the time of the interview. Parent in care center equals one if the parent
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resides in a nursing home, assisted living facility, or other institutional care setting.

Together these two variables capture the margin between informal co-residence and

formal institutionalization as the dominant residential responses to severe parental ill-

ness.

Spouse Labor Supply

To examine within-household labor market spillovers, I also analyze four outcomes for

the respondent’s spouse: any work, full-time work, part-time work, and full retirement.

Each variable is constructed symmetrically to its respondent counterpart using the

spouse labor force status variable and the spouse self-reported retirement question.

The spouse outcomes allowme to test whether the respondent’s caregiving burden in-

duces compensatory labor supply adjustments by the partner or, alternatively, whether

the psychological and logistical demands of parental ADRD reduce the spouse’s own

labor force participation.

3 Identification Strategy

3.1 Methodology

I employ a Stacked Difference-in-Differences (Stacked DiD) estimator (Wing et al.,

2024a,b). As shown by Goodman-Bacon (2021), conventional two-way fixed effects

(TWFE) estimators may yield biased estimates when treatment adoption is staggered

and treatment effects are heterogeneous across cohorts and over time. In such settings,

already-treated units may serve as controls for later-treated units—so-called “forbid-

den comparisons”—which can lead to estimates without a clear causal interpretation.

The Stacked DiD estimator addresses this problem by restricting each treated unit to be

compared only against valid control units within awell-defined event window, thereby

ensuring that all comparisons are clean comparisons.

In my setting, treatment is defined at the individual level and corresponds to the

onset of dementia or another memory-related disease in one of the respondent’s par-
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ents. An individual i is considered treated in wave t if a parent is first reported to have

developed dementia or amemory-related disease in thatwave. The treatment indicator

follows an absorbing structure: once the parental condition is observed, the individual

remains treated in all subsequent waves (“once treated, always treated”).

Because the onset of dementia ormemory-related diseases occurs at different points

in time across individuals, treatment adoption is staggered by construction. I define the

treatment timing as the first wave in which the parental condition is reported.

To address the issue of forbidden comparisons in staggered adoption settings, I fol-

low the Stacked DiD approach and construct a set of distinct sub-experiments. Each

sub-experiment d groups all individuals whose parent experiences the onset of demen-

tia or a memory-related disease in the same wave. The control group consists of not-

yet-treated individuals: respondents whose parents develop dementia or a memory-

related disease outside the event window of the sub-experiment. This ensures that

already-treated individuals are never used as controls within a given sub-experiment,

avoiding the forbidden comparisons that bias TWFE estimators.

Each sub-experiment is defined over an event window that includes three waves

before and two waves after the treatment wave, resulting in six periods in total (k ∈

{−3,−2,−1, 0, 1, 2}, with k = −1 as the reference period). The event window length

is kept constant across sub-experiments to ensure comparability across cohorts (Wing

et al., 2024a). All sub-experiments are then stacked into a single dataset that forms the

basis for estimation. Within each sub-experiment, observations are reweighted using

corrective weights (Wing et al., 2024a) that ensure treated and control units receive

equal aggregate weight, preventing larger sub-experiments from mechanically domi-

nating the pooled estimates.

Identifying assumptions. The stacked DiD design rests on two assumptions. The

first is parallel trends: absent parental diagnosis, treated and not-yet-treated adult chil-

dren would have followed parallel outcome trajectories. The second is no anticipation:

adult children do not adjust their behavior before the treatment wave. An analogous

no-anticipation condition is required for the control group: not-yet-treated individu-
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als must not adjust behavior in anticipation of their own future diagnosis. Because

controls have also not yet received the diagnosis information at the time they serve as

controls, the information-shock argument applies symmetrically to both groups. Both

assumptions are grounded in the nature of the treatment. Although ADRD is bio-

logically progressive and may begin years before formal detection, what matters for

adult children’s behavior is not the neurological onset but the moment they receive

the information. The treatment variable captures the wave in which the diagnosis is

first reported in the HRS — the information shock to the children, not the underlying

disease trajectory. Before that wave, adult children have no reason to alter their labor

supply, caregiving, or financial arrangements in response to a condition they do not yet

know about. Anticipatory adjustment is therefore not expected, and the pre-treatment

event-study coefficients identify precisely the period during which the parent may al-

ready be declining but the adult child remains uninformed. Flat pre-period estimates

are consistent with this interpretation and are presented for each outcome domain in

Section 4.

Table 1 shows the structure of the sub-experiments.

Table 1: Structure of Stacked Sub-Experiments

Sub-experiment First Wave Treatment Wave Last Wave Treatment Wave for Control Units
(1) (2) (3) (4) (5)
1 2 5 7 8–16
2 3 6 8 9–16
3 4 7 9 10–16
4 5 8 10 11–16
5 6 9 11 12–16
6 7 10 12 13–16
7 8 11 13 14–16
8 9 12 14 15–16
9 10 13 15 16
Notes: Each row reports a sub-experiment used in the stacked difference-in-differences design. Columns (2) and
(4) indicate the first and last waves included in the event window. Column (3) identifies the treatment wave for
the treated individuals. Column (5) indicates the waves in which not-yet-treated individuals experience treatment
outside the event window of the corresponding sub-experiment and therefore serve as controls.

3.2 Balancing Tests

The choice of control group rests on an empirical question: are individuals who will

eventually experience a parental ADRDdiagnosis observationally similar to thosewho
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will not? And, within the group of eventually-treated individuals, are early-diagnosed

and late-diagnosed adult children comparable prior to treatment? I answer both ques-

tions using coefficient plots fromOLS regressions of 18 pre-treatment characteristics on

treatment indicators, controlling for birth year and baseline age with standard errors

clustered at the individual level.

Figure 1 addresses the first question. The treatment indicator here equals one for

any individual whose parent ever receives an ADRD diagnosis. Three characteristics

stand out: ever-treated individuals aremore likely to have college education, less likely

to lack a high school diploma, and less likely to be male. These imbalances arise from

the epidemiology of ADRD itself—parental survival to diagnosis age ismore common

in higher-educated families, and daughters shoulder a disproportionate share of care-

giving— and theywould severely confound any comparison between ever-treated and

never-treated individuals. This rules out never-treated units as a valid control group.

Figure 2 addresses the second question using the stacked estimation sample, where

the treatment indicator equals one for individuals treated in their assigned sub-experiment

and zero for not-yet-treated controls. The picture changes substantially: the educa-

tion and gender imbalances that dominate Figure 1 are absent, and 17 of the 18 confi-

dence intervals include zero. The sole exception — labor force participation — reflects

a life-cycle pattern rather than selection: early-diagnosed individuals are on average

observed at a slightly older age, when labor force exit is more common regardless of

parental health. Taken together, the two figures establish that the staggered timing

of parental ADRD diagnoses, conditional on eventual diagnosis, is largely orthogonal

to the adult child’s pre-existing characteristics — the key requirement for the not-yet-

treated control group to be valid.
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Figure 1: Differences in Characteristics across Individuals with and without Parental
ADRD Diagnosis

White
West

Midwest
Northeast

South
In labor force

Immigrant
Less than high school
High school graduate

College and above
Urban

Suburban
Ex-urban

male
Protestant

Catholic
Jewish

No religion
-.1 -.05 0 .05 .1

Notes: Each row reports the OLS coefficient from a separate regression of each background characteristic on a
dummy equal to 1 if the respondent’s parent ever receives an ADRD diagnosis and 0 otherwise, controlling for
birth year and baseline age. Standard errors are clustered at the individual level. Shaded bands report 90%, 95%,
and 99% confidence intervals.
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Figure 2: Differences in Characteristics within Individuals that Experience a Parental
ADRD Diagnosis

White
West

Midwest
Northeast

South
In labor force

Immigrant
Less than high school
High school graduate

College and above
Urban

Suburban
Ex-urban

male
Protestant

Catholic
Jewish

No religion
-.15 -.1 -.05 0 .05 .1

Notes: Each row reports the OLS coefficient from a separate regression of each background characteristic on a
dummy equal to 1 if the respondent is treated in the relevant sub-experiment and 0 if they serve as a not-yet-treated
control. Sample is the stacked DiD estimation dataset. Standard errors are clustered at the individual level. Shaded
bands report 90%, 95%, and 99% confidence intervals.
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3.3 Estimating Equation

After constructing the stacked dataset and removing forbidden comparisons, I estimate

the following event-study specification:

Yidt =
∑

k=−3,...,2
k ̸=−1

βk (Tid × 1[t− bd = k]) +
∑

k=−3,...,2
k ̸=−1

λk1[t− bd = k] + θid + γd,t + εid,t (1)

where Yidt is the outcome for individual i in year t within sub-experiment d. The

variable Tid equals one if individual i is treated in sub-experiment d, and 1[t− bd = k]

denotes event-time indicators relative to the treatment wave bd.

The specification includes individual fixed effects within each sub-experiment (θid)

andwave fixed effects within each sub-experiment (γd,t). Standard errors are clustered

at the unit level to account for the fact that some individual unitsmay appear as controls

in multiple sub-experiments (Wing et al., 2024a).

4 Results

This section presents the main empirical results, organized around five outcome do-

mains: caregiving, mental health, labor supply, wealth and income, and living ar-

rangements. For each domain, I report event-study estimates from Equation (1) and

the average treatment effect on the treated (ATT). Across all outcome domains, the

pre-treatment event-study coefficients are generally small and close to zero, consis-

tent with the parallel trends assumption and with the information-shock nature of the

treatment: before the diagnosis is reported, adult children have no basis on which to

anticipate and adjust. A small number of isolated statistically significant pre-period

coefficients appear in the figures; given the large number of pre-treatment estimates

computed jointly across all outcomes and event times, a handful of rejections at con-

ventional significance levels is consistent with the expected false discovery rate under

the global null of no pre-existing trends, and none of them is positive in sign, which
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would be required to indicate anticipatory behavioral adjustment.

4.1 Caregiving Results

The onset of a parental ADRD diagnosis generates a sharp and significant increase in

caregiving responsibilities for adult children. Figure 3 shows the impact on the proba-

bility of providing personal care—defined as helping a parent with dressing or eating.

The average treatment effect is ÂTT = 0.104 (significant at the 1% level), implying

that a parental ADRD diagnosis raises the probability of providing personal care by

approximately 10.4 percentage points.

Figure 3: Impact of Parental ADRD Diagnosis on the Probability of Providing
Personal Care

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability that
the respondent provides help with personal care activities (dressing or eating). Estimates are obtained from Equa-
tion (1) using corrective weights. Error bars denote 95 percent confidence intervals. Event time −1 is normalized
to zero.

The intensivemargin of caregiving also responds strongly. Figure 4 shows the effect

on the total number of hours of informal care provided to parents. The ATT is ÂTT =

159.3 hours (significant at the 1% level), reflecting a substantial reallocation of time

toward parental care following the diagnosis.

The caregiving burden extends beyond the respondent. Figure 5 shows that the

respondent’s spouse also significantly increases care provision following the diagnosis
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Figure 4: Impact of Parental ADRD Diagnosis on the Total Hours of Informal Care
Provided

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the total number
of hours the respondent provides informal care to their parents. Estimates are obtained from Equation (1) using
corrective weights. Error bars denote 95 percent confidence intervals. Event time −1 is normalized to zero.

(ÂTT = 48.6 hours, significant at the 1% level), indicatingmeaningful spilloverswithin

the nuclear family.
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Figure 5: Impact of Parental ADRD Diagnosis on the Hours of Care Provided by the
Respondent’s Spouse

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the number of
hours the respondent’s spouse provides care to the respondent’s parents. Estimates are obtained from Equation (1)
using corrective weights. Error bars denote 95 percent confidence intervals. Event time −1 is normalized to zero.
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4.2 Mental Health

Parental ADRD onset also takes a toll on the mental health of adult children. Figure 6

presents the effect on the standardized CES-D depression score (normalized to mean

zero and unit standard deviation). The estimated ATT is ÂTT = 0.082 standard devia-

tions (significant at the 5% level), indicating a meaningful deterioration in psycholog-

ical well-being following the diagnosis.

Figure 6: Impact of Parental ADRD Diagnosis on the Standardized CES-D Depression
Scale Score

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the respondent’s
standardized CES-D depression scale score (normalized to mean zero and unit standard deviation). Estimates are
obtained from Equation (1) using corrective weights. Error bars denote 95 percent confidence intervals. Event time
−1 is normalized to zero.

The effects on the extensive margin of depression are consistent with this finding.

Figure 7 shows the impact on the probability of meeting the threshold for clinically

significant depression (CES-D score ≥ 4). The ATT is ÂTT = 0.031 (significant at the

5% level), implying that a parental ADRD diagnosis raises the probability of clinically

significant depression by approximately 3.1 percentage points. Together, these results

indicate that the onset of parental cognitive decline has a robust and statistically sig-

nificant adverse effect on the mental health of adult children.

In contrast to the respondent’s own mental health deterioration, the spouse’s psy-

chological well-being is unaffected. Figures 8 and 9 show the effects on the spouse’s
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Figure 7: Impact of Parental ADRD Diagnosis on the Probability of Clinically
Significant Depression

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability that
the respondent meets the threshold for clinically significant depression (CES-D score ≥ 4). Estimates are obtained
from Equation (1) using corrective weights. Error bars denote 95 percent confidence intervals. Event time −1 is
normalized to zero.

CES-D score and depression threshold, respectively. Both ATTs are small and statis-

tically indistinguishable from zero (ÂTTCES-D = −0.035; ÂTTdepression = −0.002). This

null result is economically interpretable: the respondent is emotionally attached to

their own parent, while the spouse’s relationship to the affected parent-in-law is more

distant. The spouse bears a real caregiving burden—rising 48.6 hours per wave—but is

insulated from the direct emotional loss experienced by the adult child. This asymme-

try separates the time-cost channel of caregiving from the grief and attachment chan-

nel, suggesting that the respondent’s mental health deterioration reflects the emotional

toll of losing a parent to dementia rather than the physical burden of care provision

alone.
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Figure 8: Impact of Parental ADRD Diagnosis on the Spouse CES-D Score

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the respondent’s
spouse CES-D depression score (standardized). Estimates are obtained from Equation (1) using corrective weights.
Error bars denote 95 percent confidence intervals. Event time −1 is normalized to zero.

Figure 9: Impact of Parental ADRD Diagnosis on the Probability of Spouse Clinically
Significant Depression

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability that
the respondent’s spouse meets the threshold for clinically significant depression (CES-D score ≥ 4). Estimates are
obtained from Equation (1) using corrective weights. Error bars denote 95 percent confidence intervals. Event time
−1 is normalized to zero.
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4.3 Working Variables

A parental ADRD diagnosis significantly alters the labor supply of adult children. Fig-

ure 10 shows the impact on the probability of currently working. The estimated ATT is

ÂTT = −0.070 (significant at the 1% level), indicating that a parental cognitive health

shock reduces the probability of employment by approximately 7.0 percentage points.

Figures 11 and 12 decompose this effect: full-time employment falls by ÂTT = −0.040

(significant at the 5% level), while part-time employment shows a smaller and statisti-

cally insignificant decline (ÂTT = −0.015), suggesting the adjustment is concentrated

at the full-time margin. The event-study coefficients decline gradually after diagnosis,

consistent with a labor market response that accumulates over time.

Figure 10: Impact of Parental ADRD Diagnosis on the Probability of Currently
Working

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability
that the respondent is currently working for pay (full-time or part-time). Estimates are obtained from Equation (1)
using corrective weights. Error bars denote 95 percent confidence intervals. Event time −1 is normalized to zero.

The withdrawal from the labor force appears to reflect early retirement rather than

unemployment. Figure 13 shows that the probability of being retired increases by

ÂTT = 0.086 (significant at the 1% level) following a parental ADRD diagnosis — a 49

percent relative increase over the pre-diagnosis retirement rate of 17.5 percent, making

this the largest relative effect in the labor supply domain. Taken together, these results
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Figure 11: Impact of Parental ADRD Diagnosis on the Probability of Currently
Working Full Time

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability that
the respondent is currently working full-time. Estimates are obtained from Equation (1) using corrective weights.
Error bars denote 95 percent confidence intervals. Event time −1 is normalized to zero.

Figure 12: Impact of Parental ADRD Diagnosis on the Probability of Currently
Working Part Time

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability that
the respondent is currently working part-time. Estimates are obtained from Equation (1) using corrective weights.
Error bars denote 95 percent confidence intervals. Event time −1 is normalized to zero.
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suggest that the caregiving demands associated with parental cognitive decline lead

adult children to permanently reduce their labor force attachment.

Figure 13: Impact of Parental ADRD Diagnosis on the Probability of Being Retired

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability that
the respondent is retired. Estimates are obtained from Equation (1) using corrective weights. Error bars denote 95
percent confidence intervals. Event time −1 is normalized to zero.
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4.4 Spouse Working Variables

In contrast to the large and significant effects on the respondent’s own labor supply,

parental ADRD does not generate a symmetric adjustment in the spouse’s labor mar-

ket behavior. Table 5 reports the ATTs for four spouse labor supply outcomes. The

estimates for any work (ÂTT = 0.003), full-time employment (ÂTT = 0.024), and full

retirement (ÂTT = 0.006) are all statistically indistinguishable from zero. The one ex-

ception is part-time employment, where theATT is−0.021 (significant at the 10 percent

level), with the event-study coefficient at t = +2 growing to −0.036 (significant at 5

percent), suggesting a modest and gradually intensifying withdrawal from part-time

work. This pattern is consistent with a household in which the spouse increasingly

absorbs the non-market caregiving burden documented above—rising 48.6 hours per

survey wave—rather than adjusting on the labor supply margin. The overall picture

is one of role specialization within the household: the respondent exits paid employ-

ment while the spouse reduces part-time work and expands informal caregiving, both

responses reflecting the intensive supervision demands of parental ADRD.

Figure 14: Impact of Parental ADRD Diagnosis on the Probability of Spouse
Currently Working

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability that
the respondent’s spouse is currently working for pay (full-time or part-time). Estimates are obtained from Equation
(1) using correctiveweights. Error bars denote 95 percent confidence intervals. Event time−1 is normalized to zero.
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Figure 15: Impact of Parental ADRD Diagnosis on the Probability of Spouse
Currently Working Full Time

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability that
the respondent’s spouse is currently working full-time. Estimates are obtained from Equation (1) using corrective
weights. Error bars denote 95 percent confidence intervals. Event time −1 is normalized to zero.

Figure 16: Impact of Parental ADRD Diagnosis on the Probability of Spouse
Currently Working Part Time

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability that
the respondent’s spouse is currently working part-time. Estimates are obtained from Equation (1) using corrective
weights. Error bars denote 95 percent confidence intervals. Event time −1 is normalized to zero.
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Figure 17: Impact of Parental ADRD Diagnosis on the Probability of Spouse Retired

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability
that the respondent Spouse is currently Retired. Estimates are obtained from Equation (1) using corrective weights.
Error bars denote 95 percent confidence intervals. Event time −1 is normalized to zero.
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4.5 Wealth and Income

I next examine the financial consequences of parental ADRD onset. Figure 18 presents

the effect on log total household income. The point estimate is ÂTT = −0.144, though

the estimate is not statistically significant at conventional levels. Similarly, Figure 19

shows no significant impact on log total household wealth (ÂTT = 0.033). The two

point estimates have opposite signs—income falls while wealth is slightly positive—

a pattern that could reflect anticipatory saving, inheritance expectations, or asset re-

classification as the parent transitions to institutional care; however, given that nei-

ther estimate reaches statistical significance, these directional differences should not

be over-interpreted. The absence of significant effects may reflect the relatively short

post-treatment window of the design, or the offsetting role of transfers and other in-

come sources that buffer household finances in the short run.

Figure 18: Impact of Parental ADRD Diagnosis on Log Total Household Income

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on log total household
income. Estimates are obtained fromEquation (1) using correctiveweights. Error bars denote 95 percent confidence
intervals. Event time −1 is normalized to zero.
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Figure 19: Impact of Parental ADRD Diagnosis on Log Total Household Wealth

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on log total household
wealth. Estimates are obtained from Equation (1) using corrective weights. Error bars denote 95 percent confidence
intervals. Event time −1 is normalized to zero.
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4.6 Living Arrangements

Finally, I examine how parental ADRD onset reshapes living arrangements. Figure 20

shows the impact on the probability that the affected parent moves in with an adult

child. The estimated ATT is ÂTT = 0.030, with positive post-treatment coefficients,

though the estimate does not reach conventional significance levels. In contrast, Fig-

ure 21 reveals a large and highly significant effect on the probability that the sick parent

resides in a nursing home or other institutional care facility (ÂTT = 0.181, significant at

the 1% level). These results indicate that parental ADRD primarily triggers transitions

into formal institutional care, rather than co-residence with adult children.

Figure 20: Impact of Parental ADRD Diagnosis on the Probability that the Affected
Parent Moves in with an Adult Child

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability
that the affected parent moves in with an adult child. Estimates are obtained from Equation (1) using corrective
weights. Error bars denote 95 percent confidence intervals. Event time −1 is normalized to zero.
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Figure 21: Impact of Parental ADRD Diagnosis on the Probability of Residing in a
Nursing Home

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability that
the affected parent resides in a nursing home or other institutional care facility. Estimates are obtained from Equa-
tion (1) using corrective weights. Error bars denote 95 percent confidence intervals. Event time −1 is normalized
to zero.
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4.7 Left Alone

A parental ADRD diagnosis dramatically reduces the affected parent’s ability to be left

unsupervised. Figure 22 shows the impact on the probability that the parent can be

safely left alone for an hour or more. The estimated ATT is ÂTT = −0.234 (signifi-

cant at the 1 percent level), indicating a 23.4 percentage-point reduction in the parent’s

capacity for unsupervised activity. The post-diagnosis trajectory declines sharply and

accelerates over time—reaching approximately −0.35 by event time +2. This progres-

sive deterioration reflects the nature of ADRD itself: as the disease advances, patients

lose the cognitive and functional capacity for safe independent activity, imposing an

escalating supervision burden on the adult child. The growing magnitude of the effect

over the post-diagnosis window is directly consistent with the caregiving hours results

and reinforces the interpretation that the treatment effect compounds as the parent’s

condition progresses.

Figure 22: Impact of Parental ADRD Diagnosis on the Probability that the Sick Parent
Can Be Left Alone

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability that
the affected parent can be left alone for an hour or more . Estimates are obtained from Equation (1) using corrective
weights. Error bars denote 95 percent confidence intervals. Event time −1 is normalized to zero.
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5 Robustness Checks

5.1 Age Approach

In this section, I assess the robustness of my main findings by adopting an alterna-

tive definition of event time based on the age of the adult child at the time of the parental

ADRDdiagnosis, rather than the surveywave. The baseline specification groups treated

and control individuals by the calendar wave in which the diagnosis occurs, which

means that individuals within the same sub-experiment may be at different stages of

the life cycle. The age-based approach addresses this concern by constructing sub-

experiments in which treated and control individuals are compared at the same age:

event time is defined as the difference between the adult child’s current age and their

age at the time of the parental diagnosis. This ensures that all comparisons within a

sub-experiment are made between individuals at the same point in their own life cycle,

removing any residual age-driven heterogeneity in outcomes.

As in the baseline specification, treatment is defined as an absorbing state and I fo-

cus on the first observed parental ADRDdiagnosis. I re-estimate all main specifications

following the same stacked difference-in-differences framework described in Section 3,

with the same outcome domains and event window structure. Using this approach, I

obtain qualitatively similar results to those from the wave-indexed baseline, confirm-

ing that the main findings are not driven by the calendar-time structure of the survey

design.

5.2 Care to Parents
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Figure 23: Impact of Parental ADRD Diagnosis on the Probability of Providing
Personal Care (Age-Based Event Time)

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis using an age-based
event-time approach. Event time is defined relative to the adult child’s age at the time of the parental diagnosis.
The outcome is the probability that the respondent provides help with personal care activities (dressing or eating).
Estimates are obtained from Equation (1) using corrective weights. Error bars denote 95 percent confidence inter-
vals. Event time −1 is normalized to zero.

Figure 24: Impact of Parental ADRD Diagnosis on the Total Hours of Informal Care
Provided (Age-Based Event Time)

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis using an age-based
event-time approach. The outcome is the total number of hours of informal care provided by the respondent. Esti-
mates are obtained from Equation (1) using corrective weights. Error bars denote 95 percent confidence intervals.
Event time −1 is normalized to zero.
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Figure 25: Impact of Parental ADRD Diagnosis on the Hours of Care Provided by the
Respondent’s Spouse (Age-Based Event Time)

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis using an age-based
event-time approach. The outcome is the number of hours of care provided by the respondent’s spouse. Estimates
are obtained from Equation (1) using corrective weights. Error bars denote 95 percent confidence intervals. Event
time −1 is normalized to zero.
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5.3 Mental Health

Figure 26: Impact of Parental ADRD Diagnosis on the Standardized CES-D
Depression Scale Score (Age-Based Event Time)

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis using an age-based
event-time approach. The outcome is the respondent’s standardized CES-D depression scale score. Estimates are
obtained from Equation (1) using corrective weights. Error bars denote 95 percent confidence intervals. Event time
−1 is normalized to zero.
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Figure 27: Impact of Parental ADRD Diagnosis on the Probability of Clinically
Significant Depression (Age-Based Event Time)

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis using an age-based
event-time approach. The outcome is the probability that the respondent meets the threshold for clinically signifi-
cant depression (CES-D≥ 4). Estimates are obtained from Equation (1) using corrective weights. Error bars denote
95 percent confidence intervals. Event time −1 is normalized to zero.
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5.4 Working Variables

Figure 28: Impact of Parental ADRD Diagnosis on the Probability of Currently
Working (Age-Based Event Time)

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis using an age-based
event-time approach. The outcome is the probability that the respondent is currently working. Estimates are ob-
tained from Equation (1) using corrective weights. Error bars denote 95 percent confidence intervals. Event time
−1 is normalized to zero.
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Figure 29: Impact of Parental ADRD Diagnosis on the Probability of Being Retired
(Age-Based Event Time)

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis using an age-based
event-time approach. The outcome is the probability that the respondent is retired. Estimates are obtained from
Equation (1) using corrective weights. Error bars denote 95 percent confidence intervals. Event time−1 is normal-
ized to zero.
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5.5 Wealth and Income

Figure 30: Impact of Parental ADRD Diagnosis on Log Total Household Income
(Age-Based Event Time)

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis using an age-based
event-time approach. The outcome is log total household income. Estimates are obtained from Equation (1) using
corrective weights. Error bars denote 95 percent confidence intervals. Event time −1 is normalized to zero.
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Figure 31: Impact of Parental ADRD Diagnosis on Log Total Household Wealth
(Age-Based Event Time)

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis using an age-based
event-time approach. The outcome is log total household wealth. Estimates are obtained from Equation (1) using
corrective weights. Error bars denote 95 percent confidence intervals. Event time −1 is normalized to zero.
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5.6 Living Arrangements

Figure 32: Impact of Parental ADRD Diagnosis on the Probability that the Affected
Parent Moves in with an Adult Child (Age-Based Event Time)

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis using an age-based
event-time approach. The outcome is the probability that the affected parentmoves inwith an adult child. Estimates
are obtained from Equation (1) using corrective weights. Error bars denote 95 percent confidence intervals. Event
time −1 is normalized to zero.
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Figure 33: Impact of Parental ADRD Diagnosis on the Probability of Residing in a
Nursing Home (Age-Based Event Time)

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis using an age-based
event-time approach. The outcome is the probability that the affected parent resides in a nursing home or other
institutional care facility. Estimates are obtained from Equation (1) using corrective weights. Error bars denote 95
percent confidence intervals. Event time −1 is normalized to zero.
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5.7 Left Alone

Figure 34: Impact of Parental ADRD Diagnosis on the Probability that the Sick Parent
Can Be Left Alone (Age-Based Event Time)

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis using an age-based
event-time approach. The outcome is the probability that the affected parent can be left alone for an hour or more.
Estimates are obtained from Equation (1) using corrective weights. Error bars denote 95 percent confidence inter-
vals. Event time −1 is normalized to zero.
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5.8 Alternative Estimator: Callaway and Sant’Anna (2021)

As an additional robustness check, I re-estimate my main results using the difference-

in-differences estimator proposed by Callaway and Sant’Anna (2021). This approach

is specifically designed for settings with staggered treatment adoption and hetero-

geneous treatment effects, and provides a complementary framework to my baseline

stacked difference-in-differences design.

The key idea of the Callaway and Sant’Anna estimator is to construct group-time

average treatment effects by comparing units that are first treated in a given period

(or cohort) to units that are not yet treated at that same point in time. In contrast to

traditional two-way fixed effects estimators, this approach avoids contamination from

already-treated units serving as controls, thereby eliminating the so-called “forbidden

comparisons” that can bias estimates when treatment effects are heterogeneous over

time.

Formally, let Gi denote the period in which individual i first becomes treated. The

estimator computes group-time average treatment effects ATT (g, t) for each cohort g

and time period t ≥ g, by comparing individuals first treated in period g to those who

have not yet been treated by period t. These group-time effects are then aggregated to

obtain overall dynamic treatment effects, which can be interpreted in an event-study

framework analogous to my baseline specification.

In my setting, treatment is defined as the first wave in which a parent is diagnosed

with ADRD, and remains an absorbing state thereafter. I follow the same outcome

definitions and sample restrictions as in the main analysis. The identifying variation

therefore comes from comparing individuals exposed to a parental ADRD diagnosis

at a given time to those whose parents will experience the diagnosis in the future, en-

suring that only not-yet-treated individuals are used as controls.

This alternative estimator provides a useful robustness check because it relies on

a different aggregation procedure and explicitly constructs valid comparison groups

at each point in time. Using this estimator, I obtain qualitatively similar dynamic pat-

terns to those from the baseline stacked DiD, confirming that the main findings are not
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sensitive to the choice of aggregation procedure.

5.9 Care to Parents: Callaway and Sant’Anna

Figure 35: Impact of Parental ADRD Diagnosis on the Probability of Providing
Personal Care

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability
that the respondent provides help with personal care activities (dressing or eating). Estimates are obtained from
the Callaway and Sant’Anna estimator using corrective weights. Error bars denote 95 percent confidence intervals.
Event time −1 is normalized to zero.
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Figure 36: Impact of Parental ADRD Diagnosis on the Total Hours of Informal Care
Provided

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the total number
of hours the respondent provides informal care to their parents. Estimates are obtained from the Callaway and
Sant’Anna estimator using corrective weights. Error bars denote 95 percent confidence intervals. Event time −1 is
normalized to zero.

49



5.10 Mental Health: Callaway and Sant’Anna

Figure 37: Impact of Parental ADRD Diagnosis on the Standardized CES-D
Depression Scale Score

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the respondent’s
standardized CES-D depression scale score (normalized to mean zero and unit standard deviation). Estimates
are obtained from the Callaway and Sant’Anna estimator using corrective weights. Error bars denote 95 percent
confidence intervals. Event time −1 is normalized to zero.
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Figure 38: Impact of Parental ADRD Diagnosis on the Probability of Clinically
Significant Depression

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability that
the respondent meets the threshold for clinically significant depression (CES-D score ≥ 4). Estimates are obtained
from the Callaway and Sant’Anna estimator using corrective weights. Error bars denote 95 percent confidence
intervals. Event time −1 is normalized to zero.
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5.11 Working Variables: Callaway and Sant’Anna

Figure 39: Impact of Parental ADRD Diagnosis on the Probability of Currently
Working

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability that
the respondent is currently working for pay (full-time or part-time). Estimates are obtained from the Callaway and
Sant’Anna estimator using corrective weights. Error bars denote 95 percent confidence intervals. Event time −1 is
normalized to zero.
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Figure 40: Impact of Parental ADRD Diagnosis on the Probability of Being Retired

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability
that the respondent is retired. Estimates are obtained from the Callaway and Sant’Anna estimator using corrective
weights. Error bars denote 95 percent confidence intervals. Event time −1 is normalized to zero.
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5.12 Living Arrangements: Callaway and Sant’Anna

Figure 41: Impact of Parental ADRD Diagnosis on the Probability of the Affected
Parent Residing in a Nursing Home

Note: This figure presents event-study estimates of the impact of a parental ADRD diagnosis on the probability
that the affected parent resides in a nursing home or other institutional care facility. Estimates are obtained from
the Callaway and Sant’Anna estimator using corrective weights. Error bars denote 95 percent confidence intervals.
Event time −1 is normalized to zero.

6 Conclusion

This paper studies the intergenerational consequences of parental cognitive health shocks,

focusing on how the onset of Alzheimer’s disease and related dementias (ADRD) af-

fects the economic andwell-being outcomes of adult children. Using longitudinal data

from the Health and Retirement Study and a stacked difference-in-differences design

that accounts for staggered treatment adoption, I document a set of robust and eco-

nomically meaningful effects across multiple domains.

My findings reveal that parental ADRD onset generates a substantial reallocation

of time within families. Adult children significantly increase the provision of infor-
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mal care, particularly in intensive tasks such as personal care, with effects exceeding

150 additional hours of care. This caregiving response is not limited to the individual

directly affected, but also extends to spouses, highlighting the presence of spillovers

within the household.

At the same time, these increased caregiving responsibilities come at a cost. I find a

significant deterioration in the mental health of adult children, with higher depression

scores and an increased likelihood of clinically significant depressive symptoms fol-

lowing the diagnosis. In parallel, labor supply responses are pronounced: individuals

reduce their probability of working and are more likely to transition into permanent

retirement. These results are consistent with caregiving demands driving a persistent

withdrawal from the labor market rather than a temporary adjustment.

In contrast, I find limited evidence of short-run effects on income andwealth. While

point estimates are generally negative, they are not statistically significant, consistent

with households smoothing consumption or relying on alternative income sources in

the short run.

Finally, I show that parental ADRD onset reshapes living arrangements primarily

through increased institutionalization rather than co-residence. The probability that

the affected parent enters a nursing home rises substantially, while there is little evi-

dence of increased cohabitation with adult children. This pattern underscores the im-

portance of formal care systems in absorbing part of the burden generated by cognitive

decline.

I complement my baseline analysis with a series of robustness checks, including

alternative definitions of event time based on parental age at diagnosis, sample restric-

tions to households with a single surviving parent, and the use of the Callaway and

Sant’Anna (2021) estimator. Across all specifications, the results remain qualitatively

unchanged, reinforcing the credibility of my findings.

Taken together, my results highlight that cognitive health shocks have far-reaching

consequences that extend beyond the individual directly affected, imposing substan-

tial burdens on family members. These findings have important policy implications.
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As populations age and the prevalence of dementia increases, informal caregiving de-

mands are likely to rise, with potential repercussions for labor markets and mental

health. Policies aimed at supporting caregivers—such as respite care, flexible work ar-

rangements, or financial assistance—may therefore play a key role in mitigating the

broader societal costs of cognitive decline.
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Table 2: Effect of Alzheimer’s Diagnosis on Care Provided to Parents

(1) (2) (3)
Help (Any) Resp. Care Hrs Spouse Care Hrs

Panel A: Average Treatment Effect on the Treated (ATT)
Treated (=1)× Post (=1) 0.104*** 159.307*** 48.579***

(0.017) (26.447) (13.425)
Panel B: Event-Study Coefficients

Treated (=1) × Event-time, -3 (=1) -0.011 -21.231 0.158
(0.015) (23.232) (4.436)

Treated (=1) × Event-time, -2 (=1) -0.024* -38.027** -1.353
(0.013) (18.308) (4.980)

Treated (=1) × Event-time, 0 (=1) 0.124*** 169.087*** 61.666***
(0.019) (31.644) (16.880)

Treated (=1) × Event-time, 1 (=1) 0.096*** 168.608*** 58.971***
(0.021) (35.844) (20.693)

Treated (=1) × Event-time, 2 (=1) 0.092*** 140.226*** 25.099
(0.023) (42.472) (15.578)

Individual × Subexperiment FE Yes Yes Yes
Wave × Subexperiment FE Yes Yes Yes
Mean Outcome 0.051 53.037 5.682
Observations 8832 10612 8331
Notes: This table reports Stacked DiD estimates of the effect of a parental ADRD diagnosis on caregiving outcomes.
Standard errors clustered at the individual level. * p < 0.10, ** p < 0.05, *** p < 0.01
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Table 3: Effect of Alzheimer’s Diagnosis on Mental Health

(1) (2) (3) (4)
Resp. CES-D Resp. Depression Spouse CES-D Spouse Depression

Panel A: Average Treatment Effect on the Treated (ATT)
Treated (=1)× Post (=1) 0.082** 0.031** -0.035 -0.002

(0.037) (0.015) (0.103) (0.021)
Panel B: Event-Study Coefficients
Treated (=1) × Event-time, -3 (=1) -0.062 -0.020 -0.145 -0.026

(0.044) (0.018) (0.118) (0.026)
Treated (=1) × Event-time, -2 (=1) 0.018 -0.010 -0.139 -0.015

(0.038) (0.015) (0.111) (0.022)
Treated (=1) × Event-time, 0 (=1) 0.083** 0.016 0.017 0.016

(0.038) (0.016) (0.111) (0.023)
Treated (=1) × Event-time, 1 (=1) 0.115*** 0.056*** -0.069 -0.009

(0.044) (0.018) (0.111) (0.022)
Treated (=1) × Event-time, 2 (=1) 0.048 0.019 -0.052 -0.014

(0.051) (0.020) (0.133) (0.027)
Individual × Subexperiment FE Yes Yes Yes Yes
Wave × Subexperiment FE Yes Yes Yes Yes
Mean Outcome 0.004 0.135 1.179 0.086
Observations 10582 10086 5489 4596

Notes: This table reports Stacked DiD estimates of the effect of a parental ADRD diagnosis on mental health out-
comes of the respondent (columns 1–2) and their spouse (columns 3–4). Standard errors clustered at the individual
level. * p < 0.10, ** p < 0.05, *** p < 0.01
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Table 4: Effect of Alzheimer’s Diagnosis on Work Outcomes

(1) (2) (3) (4)
Retired Any Work Full Time Part Time

Panel A: Average Treatment Effect on the Treated (ATT)
Treated (=1)× Post (=1) 0.086*** -0.070*** -0.040** -0.015

(0.018) (0.019) (0.019) (0.014)
Panel B: Event-Study Coefficients

Treated (=1) × Event-time, -3 (=1) -0.036** 0.011 0.016 0.004
(0.017) (0.022) (0.023) (0.017)

Treated (=1) × Event-time, -2 (=1) -0.023 0.025 0.008 0.017
(0.015) (0.017) (0.017) (0.014)

Treated (=1) × Event-time, 0 (=1) 0.053*** -0.052*** -0.034** -0.020
(0.016) (0.016) (0.017) (0.013)

Treated (=1) × Event-time, 1 (=1) 0.089*** -0.073*** -0.045** -0.020
(0.021) (0.022) (0.022) (0.016)

Treated (=1) × Event-time, 2 (=1) 0.115*** -0.085*** -0.041 -0.006
(0.026) (0.027) (0.026) (0.019)

Individual × Subexperiment FE Yes Yes Yes Yes
Wave × Subexperiment FE Yes Yes Yes Yes
Mean Outcome 0.175 0.648 0.456 0.118
Observations 10578 10985 10992 10992

Notes: This table reports Stacked DiD estimates of the effect of a parental ADRD diagnosis on respondent work
outcomes. Standard errors clustered at the individual level. * p < 0.10, ** p < 0.05, *** p < 0.01
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Table 5: Effect of Alzheimer’s Diagnosis on Spouse Work Outcomes

(1) (2) (3) (4)
Any Work Full Time Part Time Retired

Panel A: Average Treatment Effect on the Treated (ATT)
Treated (=1)× Post (=1) 0.003 0.024 -0.021* 0.006

(0.019) (0.019) (0.011) (0.022)
Panel B: Event-Study Coefficients

Treated (=1) × Event-time, -3 (=1) 0.020 0.015 0.005 -0.031
(0.021) (0.021) (0.013) (0.024)

Treated (=1) × Event-time, -2 (=1) -0.011 -0.004 -0.007 0.005
(0.015) (0.016) (0.010) (0.018)

Treated (=1) × Event-time, 0 (=1) 0.005 0.016 -0.011 0.012
(0.016) (0.016) (0.011) (0.019)

Treated (=1) × Event-time, 1 (=1) 0.013 0.029 -0.016 -0.002
(0.021) (0.021) (0.013) (0.026)

Treated (=1) × Event-time, 2 (=1) -0.011 0.026 -0.036** 0.006
(0.025) (0.025) (0.015) (0.032)

Individual × Subexperiment FE Yes Yes Yes Yes
Wave × Subexperiment FE Yes Yes Yes Yes
Mean Outcome 0.437 0.370 0.067 0.220
Observations 10992 10992 10992 7002

Notes: This table reports StackedDiD estimates of the effect of a parental ADRDdiagnosis on spousework outcomes.
Standard errors clustered at the individual level. * p < 0.10, ** p < 0.05, *** p < 0.01
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Table 6: Effect of Alzheimer’s Diagnosis on Household Finances

(1) (2)
Log Income Log HHWealth

Panel A: Average Treatment Effect on the Treated (ATT)
Treated (=1)× Post (=1) -0.144 0.033

(0.177) (0.062)
Panel B: Event-Study Coefficients
Treated (=1) × Event-time, -3 (=1) -0.179 0.099

(0.228) (0.097)
Treated (=1) × Event-time, -2 (=1) -0.232 0.070

(0.180) (0.072)
Treated (=1) × Event-time, 0 (=1) -0.139 0.045

(0.172) (0.063)
Treated (=1) × Event-time, 1 (=1) -0.049 -0.038

(0.204) (0.070)
Treated (=1) × Event-time, 2 (=1) -0.244 0.092

(0.231) (0.085)
Individual × Subexperiment FE Yes Yes
Wave × Subexperiment FE Yes Yes
Mean Outcome 8.486 12.190
Observations 7752 6606

Notes: This table reports Stacked DiD estimates of the effect of a parental ADRD diagnosis on household income
and wealth. Standard errors clustered at the individual level. * p < 0.10, ** p < 0.05, *** p < 0.01
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Table 7: Effect of Alzheimer’s Diagnosis on Living Arrangements

(1) (2)
Parent Moves In Parent in Care Center

Panel A: Average Treatment Effect on the Treated (ATT)
Treated (=1)× Post (=1) 0.030 0.181***

(0.021) (0.016)
Panel B: Event-Study Coefficients

Treated (=1) × Event-time, -3 (=1) 0.011 -0.014**
(0.023) (0.007)

Treated (=1) × Event-time, -2 (=1) -0.023 -0.014**
(0.019) (0.006)

Treated (=1) × Event-time, 0 (=1) 0.053** 0.057***
(0.022) (0.013)

Treated (=1) × Event-time, 1 (=1) 0.037 0.187***
(0.025) (0.021)

Treated (=1) × Event-time, 2 (=1) -0.000 0.300***
(0.029) (0.026)

Individual × Subexperiment FE Yes Yes
Wave × Subexperiment FE Yes Yes
Mean Outcome 0.185 0.006
Observations 7284 7284

Notes: This table reports StackedDiD estimates of the effect of a parentalADRDdiagnosis on the living arrangements
of the affected parent. Standard errors clustered at the individual level. * p < 0.10, ** p < 0.05, *** p < 0.01
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Table 8: Effect of Alzheimer’s Diagnosis on the Probability that the Affected Parent
Can Be Left Alone

(1)
Parent Left Alone

Panel A: Average Treatment Effect on the Treated (ATT)
Treated (=1)× Post (=1) -0.234***

(0.021)
Panel B: Event-Study Coefficients

Treated (=1) × Event-time, -3 (=1) 0.016
(0.018)

Treated (=1) × Event-time, -2 (=1) 0.024
(0.016)

Treated (=1) × Event-time, 0 (=1) -0.132***
(0.021)

Treated (=1) × Event-time, 1 (=1) -0.240***
(0.027)

Treated (=1) × Event-time, 2 (=1) -0.331***
(0.030)

Individual × Subexperiment FE Yes
Wave × Subexperiment FE Yes
Mean Outcome 0.943
Observations 7182

Notes: This table reports Stacked DiD estimates of the effect of a parental ADRD diagnosis on the probability that
the affected parent can be left alone for an hour or more. Standard errors clustered at the individual level. Panel A
reports the ATT, defined as the average of post-period treatment effects (t = 0, 1, 2). Panel B reports the event-study
coefficients relative to t = −1. * p < 0.10, ** p < 0.05, *** p < 0.01
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