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Abstract

I examine whether Hawaii’s Kupuna Caregivers Program—the first state-level pro-
gram in the United States to provide financial assistance to working caregivers of elderly
relatives—increased labor force participation among adults in multigenerational house-
holds. Using a difference-in-differences design comparing Hawaii to demographically
similar control states (California, Arizona, Nevada, Washington) from 2015-2022, I find
no evidence that the program increased labor force participation. The point estimate
suggests a 2 percentage point decrease in labor force participation among Hawaii adults
in multigenerational households relative to control states post-treatment, though pre-
trend analysis raises concerns about the parallel trends assumption. These null results
are consistent with the program’s small scale (serving approximately 100-150 caregivers
annually) being insufficient to produce detectable population-level effects. The find-
ings underscore the challenges of evaluating small-scale pilot programs and highlight

the need for administrative data to assess program effects on actual participants.
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1 Introduction

As the United States population ages, family caregiving has emerged as one of the most
significant policy challenges facing American families and policymakers. An estimated 53
million Americans—roughly one in five adults—provide unpaid care to adults with health or
functional needs, with the majority caring for aging parents or spouses (7). The economic
value of this unpaid care has been estimated at over $470 billion annually, exceeding the
total spending on paid home care and nursing home care combined (7). Yet the costs of pro-
viding this care fall disproportionately on caregivers themselves, who face difficult tradeoffs
between employment and caregiving responsibilities that can have lasting consequences for
their economic security.

The labor market consequences of caregiving have been documented extensively in the
economics literature. 7 provided early evidence that caregiving reduces both the probability
of employment and hours worked, with effects concentrated among women and intensive
caregivers. More recent work by ? estimates that intensive caregiving—defined as providing
20 or more hours of care per week—reduces work hours by 3-10 hours per week among
working-age adults. ? find that caregiving is associated with reduced retirement savings,
lower Social Security benefits, and increased old-age poverty risk, suggesting that the labor
market costs of caregiving compound over the life cycle.

These labor market costs are particularly acute for women, who comprise roughly 60
percent of family caregivers and are significantly more likely than men to reduce work hours,
take unpaid leave, or exit the labor force entirely to provide care (7). 7 find that women
who leave employment for caregiving face substantial earnings penalties upon returning
to work, suggesting that even temporary labor force exit has lasting consequences. The
gendered nature of caregiving thus contributes to the gender wage gap and women’s economic
insecurity in retirement (7).

Recognizing these challenges, policymakers have increasingly explored interventions to

support family caregivers. At the federal level, the Family and Medical Leave Act (FMLA)



provides job-protected unpaid leave for certain caregivers, though coverage is limited and the
lack of wage replacement makes leave-taking infeasible for many workers (7). Several states
have implemented paid family leave programs that include caregiving as a covered reason,
including California, New Jersey, New York, and Washington (?). However, these programs
primarily facilitate temporary labor force exit rather than helping caregivers maintain em-
ployment while providing care.

Hawaii’s Kupuna Caregivers Program represents a novel approach to caregiver support
that explicitly aims to help caregivers maintain employment. Enacted in 2017 and imple-
mented in January 2018, the program provides employed caregivers up to $70 per day (later
$210 per week) for contracted care services such as adult day care, respite care, and home
health services. Unlike paid family leave programs, the Kupuna Caregivers Program re-
quires participants to work at least 30 hours per week to be eligible, directly targeting the
employment-caregiving tradeoff by subsidizing respite services during work hours. Hawaii
was the first state in the nation to implement such a program, and its design has attracted
attention from policymakers in other states considering similar interventions (7).

Despite the policy significance of Hawaii’s pioneering program, no rigorous causal eval-
uation of its effects on labor market outcomes has been conducted. This paper addresses
this gap by providing the first quasi-experimental analysis of a state caregiver support pro-
gram’s effect on labor force participation. Using individual-level data from the Census Bu-
reau’s American Community Survey Public Use Microdata Sample (ACS PUMS) for years
20152022, I implement a difference-in-differences design comparing labor force participation
among adults in multigenerational households in Hawaii to similar adults in control states
that did not implement comparable caregiver support programs during the study period.

The empirical analysis yields null results. The point estimate suggests that labor force
participation among Hawaii adults in multigenerational households declined by approxi-
mately 2 percentage points relative to control states after the program’s implementation—

the opposite of the hypothesized positive effect. However, event study analysis reveals pre-



existing divergence in trends between Hawaii and control states, raising concerns about the
parallel trends assumption that underlies the difference-in-differences design. These findings
should therefore be interpreted with caution.

The null results are most plausibly explained by the program’s small scale. The Kupuna
Caregivers Program served only 100-150 caregivers annually during the study period—a tiny
fraction of the hundreds of thousands of adults in multigenerational households in Hawaii.
At the population level, treatment intensity is negligible, and any effects on actual program
participants would be diluted below the threshold of statistical detectability. The analysis
captures an intent-to-treat effect on a broad proxy population rather than effects on actual
participants, and the mismatch between program scale and population scope limits what can
be learned from this approach.

This paper contributes to several literatures. First, it contributes to the literature on
caregiving and labor supply by providing evidence on a novel policy intervention designed
to support caregiver employment (??7). Second, it contributes to the growing literature on
state-level social policy evaluation, highlighting the methodological challenges of evaluating
small-scale pilot programs (?). Third, it contributes to discussions of work-family policy
design by examining a program that takes a fundamentally different approach than paid
family leave—subsidizing continued employment rather than facilitating temporary exit (7).

The remainder of the paper proceeds as follows. Section 2 provides background on the
Kupuna Caregivers Program and reviews the related literature on caregiving and labor sup-
ply. Section 3 describes the data and empirical methodology. Section 4 presents the main
results, including descriptive statistics, difference-in-differences estimates, event study anal-
ysis, and heterogeneity analysis. Section 5 discusses the interpretation of the null findings,

limitations of the analysis, and policy implications. Section 6 concludes.



2 Background and Related Literature

2.1 The Kupuna Caregivers Program

Hawaii’s Kupuna Caregivers Program was established through Act 102 of the 2017 Hawaii
legislative session and began accepting applications in January 2018. The program was cre-
ated in response to growing recognition that Hawaii faces particularly acute caregiving chal-
lenges due to its aging population, high cost of living, and cultural traditions that emphasize
family-based care for elders (7). The Hawaiian term “kupuna’ refers to grandparents and
elders, reflecting the program’s roots in Native Hawaiian cultural values of intergenerational
care and respect for elders.

The program is administered by the Hawaii Executive Office on Aging in partnership
with county area agencies on aging. Eligibility requires that applicants be employed at least
30 hours per week, serve as the unpaid primary caregiver for an elderly relative, and be
Hawaii residents. The employment requirement is central to the program’s design, reflecting
its explicit goal of helping caregivers maintain workforce attachment rather than facilitating
labor force exit. Benefits are provided as reimbursements for contracted care services, includ-
ing adult day care, respite care, homemaker services, personal care assistance, meal delivery,
and transportation services. The maximum benefit was initially set at $70 per day and was
later increased to $210 per week, providing meaningful but modest support to defray the
costs of care during work hours.

The program has remained small since its inception, operating with limited funding and
serving a constrained number of participants. In its first year of operation, the program
served approximately 110 caregivers caring for 112 elderly relatives. Funding was set at
$1.5 million for fiscal year 2019-2020, limiting the program’s capacity to serve additional
participants even as demand grew. The program is not an entitlement—meeting eligibil-
ity requirements does not guarantee services, and waitlists have developed as demand has

exceeded available slots. This capacity constraint is important context for interpreting the



analysis results, as the small scale of the program limits its potential to produce population-
level effects detectable in survey data.

The program’s design differs fundamentally from other caregiver support policies. Paid
family leave programs, such as those in California, New Jersey, and New York, provide wage
replacement to workers who take time off from employment to provide care. These programs
facilitate temporary labor force exit, with the expectation that workers will return to em-
ployment after the caregiving episode ends (7). In contrast, the Kupuna Caregivers Program
requires continued employment, providing resources to help caregivers manage competing de-
mands rather than choosing between them. This design reflects a different theory of change:
rather than compensating caregivers for lost wages during leave, the program subsidizes the

care services that enable continued employment.

2.2 Caregiving and Labor Supply: Theoretical Framework

The theoretical relationship between caregiving and labor supply can be understood through
a standard labor-leisure framework extended to include home production and caregiving time
(7). Individuals allocate time across market work, leisure, and home production including
caregiving. Caregiving can affect labor supply through several channels.

The most direct channel is the time constraint. Caregiving requires time that could oth-
erwise be devoted to market work, creating a direct tradeoff between caregiving hours and
work hours. Intensive caregivers—those providing 20 or more hours of care per week—face
particularly severe time constraints that may preclude full-time employment or any employ-
ment at all (7). This time constraint is especially binding when care needs are unpredictable
or require availability during standard work hours.

A second channel operates through the wage rate. If caregiving reduces human capital
accumulation or signals lower commitment to employers, it may reduce the wage rate that
caregivers can command. Lower wages reduce the opportunity cost of time spent caregiving,

potentially leading to further reductions in labor supply in a reinforcing cycle. 7 provide ev-



idence consistent with this channel, finding that women who exit employment for caregiving
face wage penalties upon return.

A third channel operates through income effects. If caregiving is associated with access to
the care recipient’s resources (such as shared housing or informal transfers), it may increase
non-labor income and reduce labor supply through standard income effects. Conversely,
if caregiving increases household expenses (such as out-of-pocket medical costs or home
modifications), it may increase labor supply through negative income effects.

The Kupuna Caregivers Program intervenes primarily by relaxing the time constraint.
By subsidizing contracted care services, the program enables caregivers to purchase time that
would otherwise need to be devoted to caregiving. This purchased time can be allocated to
market work, potentially increasing labor supply. The program may also operate through
income effects: the subsidy effectively increases income available for care-related expenses,
which could have ambiguous effects on labor supply depending on whether purchased care
and own-provided care are complements or substitutes.

The predicted effect of the program on labor supply is thus theoretically ambiguous. If
the time constraint is the binding constraint for caregivers at the margin of employment,
relaxing this constraint should increase labor supply. However, if caregivers value own-
provided care over purchased care (perhaps due to concerns about care quality or the care
recipient’s preferences), they may not substitute purchased care for their own time, and the
program may have limited effects on labor supply. The question of whether programs like the

Kupuna Caregivers Program can meaningfully affect labor supply is ultimately empirical.

2.3 Empirical Literature on Caregiving and Labor Supply

A substantial empirical literature has examined the relationship between caregiving and labor
supply, finding consistent evidence of negative associations. Early work by ? using British
data found that caregiving reduces the probability of employment, with effects concentrated

among intensive caregivers providing more than 20 hours of care per week. 7 confirmed these



findings with more recent British data, estimating that caregiving reduces employment by
3-4 percentage points. Similar patterns have been documented in the United States (77),
Germany (?), and other developed countries (7).

Distinguishing causal effects from selection remains a central challenge in this literature.
Individuals who become caregivers may differ from non-caregivers in ways that independently
affect labor supply. For example, individuals with lower labor market attachment or stronger
preferences for home production may be more likely both to provide care and to have lower
labor supply, generating a spurious association. 7 address this concern using Australian
panel data that tracks individuals before and after caregiving onset, finding that caregiving
reduces labor supply even after controlling for time-invariant individual characteristics. ?
use a similar approach with U.S. data, finding that becoming a caregiver reduces hours
worked by 3-10 hours per week depending on the intensity of care.

Evidence on policy interventions to support caregivers and their labor supply is more
limited. 7 examine the effects of state paid family leave programs on eldercare provision,
finding that paid leave increases leave-taking for caregiving purposes but has modest long-
term effects on labor supply. ? study the effects of elder care subsidies in South Korea—a
policy more analogous to the Kupuna Caregivers Program—finding that subsidies increased
labor supply among women with elderly parents by approximately 3 percentage points.
This finding suggests that caregiver support programs can affect labor supply, though the
magnitude and sign of effects may depend on program design and context.

No prior study has examined the labor supply effects of a U.S. state caregiver support
program. This paper fills this gap by providing the first quasi-experimental evidence on

Hawaii’s pioneering Kupuna Caregivers Program.



3 Data and Empirical Strategy

3.1 Data Source

The primary data source for this analysis is the American Community Survey (ACS) Public
Use Microdata Sample (PUMS) for years 2015-2022. The ACS is an annual survey conducted
by the U.S. Census Bureau that collects detailed demographic, economic, and housing infor-
mation from approximately 3.5 million households per year, representing roughly 1 percent
of the U.S. population. The PUMS files contain individual-level records with sufficient detail
to construct the variables needed for this analysis while protecting respondent confidentiality
through geographic restrictions and data perturbation.

The ACS PUMS offers several advantages for this analysis. First, the large sample size
provides adequate statistical power to detect moderate-sized effects, even for subpopulations
such as Hawaii residents in multigenerational households. Second, the annual frequency
allows construction of a balanced panel of cross-sectional observations spanning the pre-
and post-treatment periods. Third, the PUMS includes detailed information on household
composition, labor force status, hours worked, and demographic characteristics that are
central to the analysis.

However, the ACS PUMS also has important limitations for this analysis. Most signif-
icantly, it does not identify caregiving status or program participation—the analysis must
rely on household composition as a proxy for potential caregiving. This proxy captures a
much broader population than actual caregivers or program participants, attenuating mea-
sured effects toward zero. Additionally, the ACS reference period for most questions is the
12 months preceding the interview, creating some ambiguity about timing for respondents
interviewed early in 2018. The 2020 ACS faced significant data collection challenges due to
the COVID-19 pandemic, resulting in reduced sample sizes and potential non-response bias

that led me to exclude 2020 from the analysis where data quality was compromised.



3.2 Sample Construction

The analysis sample is constructed through several restrictions designed to focus on the
population most likely to be affected by the Kupuna Caregivers Program. First, I restrict
to adults aged 30-64, the age range most likely to have living elderly parents requiring care
while still being of prime working age. This restriction excludes younger adults who are less
likely to have caregiving responsibilities and older adults who may be care recipients rather
than caregivers.

Second, I restrict to individuals residing in multigenerational households, identified using
the PUMS variable MULTG that flags households containing at least three generations. This
restriction serves as a proxy for potential caregiving situations, as individuals living with
elderly relatives are more likely to have caregiving responsibilities than those living in single-
generation households. However, this proxy is imperfect: some residents of multigenerational
households may not actively provide care, while some caregivers may live separately from
their care recipients.

Third, T restrict to residents of Hawaii (the treatment state) or the selected control
states. The treatment group consists of all sample members residing in Hawaii during the
survey reference period. The control group consists of sample members in California, Ari-
zona, Nevada, and Washington. These states were selected based on demographic similarity
to Hawaii (including substantial Asian and Pacific Islander populations), economic similar-
ity (tourism-dependent economies), and absence of comparable caregiver support programs
during the study period.

The resulting sample includes 1,590,285 person-year observations, of which 36,717 (2.3
percent) are Hawaii residents. The small share of Hawaii observations reflects both Hawaii’s

small population and the sample restrictions that focus on a specific subpopulation.
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3.3 Variables

The primary outcome variable is labor force participation (LFP), a binary indicator equal to
one if the individual is employed or actively seeking work. In the PUMS, this is constructed
from the Employment Status Recode (ESR) variable: LFP equals one if ESR indicates
employment (codes 1 or 2) or unemployment (code 3), and zero if ESR indicates not in the
labor force (code 6). This outcome captures the extensive margin of labor supply, which is
most directly affected by the time constraints that the Kupuna Caregivers Program aims to
relax.

Secondary outcome variables include the employment indicator (equal to one if employed,
zero otherwise), usual hours worked per week (WKHP, ranging from 1 to 99 for workers), and
a binary indicator for working at least 30 hours per week—the program eligibility threshold.
These variables provide additional perspectives on labor supply behavior and help assess
whether any effects operate at the intensive versus extensive margin.

The treatment variable is an interaction between Hawaii residence and the post-treatment
period. Hawaii residence is identified using the state FIPS code (ST = 15). The post-
treatment period includes survey years 2018-2022, corresponding to the period after the
program began accepting applications in January 2018. The pre-treatment period includes
survey years 2015-2017.

Control variables include age (in years), age squared (to capture nonlinear life-cycle
patterns), sex (female indicator), race (indicators for major categories), educational attain-
ment (indicators for high school, some college, bachelor’s degree, and advanced degree), and
marital status. All regressions use the person weight (PWGTP) to produce population-

representative estimates.

3.4 Empirical Strategy

The empirical strategy is a difference-in-differences (DiD) design that compares changes

in labor force participation in Hawaii before and after the program’s implementation to
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contemporaneous changes in control states. Under the assumption that Hawaii would have
followed the same trend as control states absent the program, this design identifies the causal
effect of the program on labor force participation.

The main estimating equation is:

Yist = a+ B(Hawaiis X Post;) + s + 0p + X[,0 + €ist (1)

where Y, is the outcome for individual ¢ in state s at time t; Hawaiis is an indicator
for Hawaii residence; Post,; is an indicator for the post-treatment period (2018-2022); 5 are
state fixed effects that absorb time-invariant differences across states; §; are year fixed effects
that absorb common time trends; X, are individual covariates; and ;4 is the error term.
The coefficient of interest is 5, which captures the average treatment effect on the treated
under the parallel trends assumption.

To assess the parallel trends assumption and examine the dynamic evolution of treatment

effects, I also estimate an event study specification:

Yie =a+ Y Bu(Hawaii, x 1[t = 2017 + k]) + 75 + 6 + X[,0 + i (2)
k0

where the sum runs over years relative to the reference year 2017 (the last pre-treatment
year). The coefficients f_5 and _; (for 2015 and 2016) test the parallel trends assumption:
if trends were parallel before the program, these coefficients should be indistinguishable from
zero. The coefficients 1 through g, (for 2018, 2019, 2021, and 2022) trace the evolution of
treatment effects over time.

Standard errors are calculated using weighted group means, which provides a conservative
measure of precision given the small number of state clusters. With only five states in the
sample (one treatment, four control), standard cluster-robust inference may be unreliable,
and alternative approaches such as wild cluster bootstrap or permutation tests may be

warranted for robustness (7).
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3.5 Identification Assumptions and Threats

The DiD design relies on several assumptions for causal interpretation. The parallel trends
assumption requires that, absent the program, labor force participation in Hawaii would
have evolved parallel to the control states. This assumption is fundamentally untestable but
can be assessed by examining pre-treatment trends. The event study specification provides
a direct test: if pre-treatment coefficients are significantly different from zero, it suggests
that Hawaii was on a different trajectory before the program, casting doubt on the parallel
trends assumption.

The no-anticipation assumption requires that individuals did not adjust behavior prior
to program implementation in anticipation of the program. Given that the program was
enacted in 2017 and implemented in January 2018, there was limited time for anticipation.
However, to the extent that potential caregivers anticipated the program and delayed labor
force exit in expectation of future support, the pre-treatment period may capture some
anticipatory effects.

The stable unit treatment value assumption (SUTVA) requires no spillovers across state
borders. Hawaii’s geographic isolation as an island state strengthens this assumption, as
cross-border migration and commuting are minimal. However, SUTVA also requires no
general equilibrium effects within the treatment state, which may be violated if the program
affects labor market equilibrium in ways that indirectly affect non-participants.

The no-confounding-policies assumption requires that no other policies differentially af-
fected Hawaii during the treatment period. This assumption may be threatened by Hawaii-
specific policy changes or economic shocks that coincided with the program. Most signif-
icantly, the COVID-19 pandemic severely affected Hawaii’s tourism-dependent economy in
2020-2022, with employment impacts that may have differed from control states. This con-
found is addressed partially by excluding 2020 data and by examining heterogeneity across

the post-treatment period.
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4 Results

4.1 Descriptive Statistics

Table 77 presents summary statistics for the analysis sample, separately by treatment group
and period. The table reveals that Hawaii and control states were broadly similar in the pre-
treatment period along observable dimensions. Labor force participation was 77.7 percent
in Hawaii versus 77.5 percent in control states—a difference of less than half a percentage
point. Employment rates, hours worked, age composition, and gender composition were also

similar across groups.

Table 1: Descriptive Statistics by Treatment Group and Period

Hawaii Control States
Pre (2015-17) Post (2018-22) Pre (2015-17) Post (2018-22)
Labor Force Participation 0.777 0.770 0.775 0.787
Employed 0.750 0.740 0.738 0.752
Hours Worked (unconditional) 33.0 32.5 31.5 31.9
Age (years) 46.9 46.9 46.5 46.3
Female 0.493 0.495 0.501 0.496
Observations 15,794 20,923 658,506 895,062

Notes: Sample includes adults aged 30—64 in multigenerational households in Hawaii or control states
(California, Arizona, Nevada, Washington). Post-period excludes 2020 due to data collection limitations.
All statistics weighted by PUMS person weights. Hours worked is unconditional mean (including zeros
for non-workers).

In the post-treatment period, the groups diverged in ways inconsistent with a positive
program effect. Labor force participation in Hawaii declined slightly from 77.7 to 77.0
percent, while labor force participation in control states increased from 77.5 to 78.7 percent.
This pattern of relative decline in Hawaii is the raw difference-in-differences: (0.770—0.777)—
(0.787 — 0.775) = —0.007 — 0.012 = —0.019, or approximately 2 percentage points. Similar
patterns appear for the employment rate, which declined in Hawaii while increasing in control
states.

The descriptive patterns suggest that, rather than increasing labor force participation
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in Hawaii, the post-treatment period was associated with relative decline. However, these
raw comparisons do not account for differences in sample composition across groups and
periods, which could confound the comparison. The regression analysis below addresses this

limitation.

4.2 Main Results

Table ?? presents the main difference-in-differences results from estimating Equation (1).
The coefficient on the interaction term Hawaii X Post is —0.020, indicating that labor force
participation in Hawaii declined by 2.0 percentage points relative to control states after the
program’s implementation. This effect is the opposite of the hypothesized positive effect and
represents approximately 2.6 percent of the pre-treatment mean labor force participation rate
in Hawaii.

Table 2: Difference-in-Differences Estimates of Program Effect on Labor Force Participation

(1) (2)
No Controls With Controls

Hawaii x Post —0.020 —0.019
(0.008) (0.008)
Pre-Treatment Mean (Hawaii) 0.777 0.777
Pre-Treatment Mean (Control) 0.775 0.775
State Fixed Effects Yes Yes
Year Fixed Effects Yes Yes
Individual Controls No Yes
Observations 1,590,285 1,590,285

Notes: Table reports difference-in-differences estimates of the ef-
fect of Hawaii’s Kupuna Caregivers Program on labor force par-
ticipation. The dependent variable is an indicator for being in the
labor force (employed or unemployed). Column 1 includes state
and year fixed effects only. Column 2 adds individual controls:
age, age squared, female, race indicators, education indicators, and
marital status. All estimates weighted by PUMS person weights.
Standard errors in parentheses calculated using weighted group
means.

Column 1 reports the basic specification with state and year fixed effects only. Column
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2 adds individual controls for age, sex, race, education, and marital status. The addition of
controls has minimal impact on the estimated treatment effect, which changes from —0.020
to —0.019. This stability suggests that observable differences in sample composition between
Hawaii and control states do not drive the results.

The standard error of 0.008 suggests the estimate is reasonably precise, though this should
be interpreted with caution given the small number of state clusters. Under conventional
inference, the estimate is statistically different from zero at the 5 percent level. However, the
more relevant question is whether it differs from plausible positive effects of the program. The
estimate is clearly inconsistent with the hypothesized positive effect and rules out positive

effects larger than approximately 1 percentage point at conventional confidence levels.

4.3 Event Study Analysis

Figure 7?7 presents the event study coefficients from estimating Equation (2), with 2017 as
the reference year. The figure plots point estimates for each year relative to the reference
year, allowing visual assessment of pre-trends and the dynamic evolution of treatment effects.

The event study reveals concerning patterns for causal interpretation. In the pre-treatment
period, the coefficients for 2015 (0.008) and 2016 (0.012) are positive, indicating that Hawaii’s
labor force participation was trending slightly higher relative to control states before the pro-
gram. While these pre-treatment coefficients are small in magnitude, they suggest that the
parallel trends assumption may not hold: Hawaii appears to have been on a modestly more
favorable trajectory than control states prior to the program.

In the first year of the program (2018), the coefficient remains slightly positive (0.007),
suggesting no immediate effect on labor force participation. Beginning in 2019, the coeffi-
cients turn negative and grow increasingly negative over time: —0.014 in 2019, —0.010 in
2021, and —0.034 in 2022. The 2020 coefficient is omitted due to data collection challenges
during the COVID-19 pandemic.

The pattern of increasingly negative coefficients in the post-treatment period is difficult
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(2020: N/A)

Coefficient (relative to 2017)

| | | | | | | |
2,015 2,016 2,017 2,018 2,019 2,020 2,021 2,022
Year

Figure 1: Event Study: Labor Force Participation in Hawaii Relative to Control States

Notes: Figure plots event study coefficients from Equation (2), showing the difference
in labor force participation between Hawaii and control states in each year relative to
the reference year (2017). Positive values indicate higher LFP in Hawaii; negative values
indicate lower LFP. The dashed vertical line marks program implementation (January
2018). The 2020 coefficient is omitted due to data limitations. All estimates weighted by
PUMS person weights.
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to reconcile with a beneficial program effect. If the program were helping caregivers main-
tain employment, we would expect to see positive coefficients in the post-treatment period.
Instead, the pattern suggests that Hawaii’s labor force participation deteriorated relative to
control states after the program’s implementation, contrary to the hypothesized effect.
However, the pre-existing positive trend complicates interpretation. If Hawaii was on a
trajectory of improving relative labor force participation before the program, the negative
post-treatment coefficients could represent mean reversion or the exhaustion of a positive
trend rather than a causal effect of the program. Alternatively, if other factors (such as
COVID-19’s differential impact on Hawaii’s tourism-dependent economy) drove the negative

post-treatment coefficients, attributing them to the program would be incorrect.

4.4 Heterogeneity Analysis

Table 77 presents difference-in-differences estimates separately by gender. Given that women
comprise the majority of caregivers and are more likely to face employment-caregiving trade-
offs, one might expect any positive program effects to be concentrated among women. The

results show the opposite pattern.

Table 3: Heterogeneity by Gender

Female Male

Hawaii x Post —0.024 —-0.014
(0.011)  (0.010)

Pre-Treatment Mean (Hawaii)  0.719 0.837
Pre-Treatment Mean (Control)  0.714 0.839
Observations 811,670 778,615

Notes: Table reports difference-in-differences esti-
mates separately by gender. Specification includes
state fixed effects, year fixed effects, and individual
controls (age, age squared, race, education, marital
status). All estimates weighted by PUMS person
weights. Standard errors in parentheses.

The estimated treatment effect is more negative for women (—0.024) than for men
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(—0.014). This pattern is inconsistent with the hypothesis that the program would par-
ticularly benefit female caregivers. If the program had its intended effect, we would expect
to see positive coefficients, especially for women. The larger negative coefficient for women
deepens the puzzle posed by the main results.

One potential explanation for the gender heterogeneity is that Hawaii’s economic chal-
lenges during the study period disproportionately affected industries with high female em-
ployment. Tourism and hospitality, which were severely impacted by the COVID-19 pan-
demic, employ a disproportionate share of women. If these industry-specific shocks drove
the results, they would naturally appear more strongly among women without reflecting any

causal effect of the Kupuna Caregivers Program.

4.5 Robustness Checks

To assess the sensitivity of the main findings, I conduct several robustness checks. These
analyses examine whether the null results are driven by specific methodological choices or
particular features of the data.

First, I examine sensitivity to the choice of control states. The main analysis uses Califor-
nia, Arizona, Nevada, and Washington as control states based on demographic and economic
similarity to Hawaii. To assess whether results are driven by any particular control state,
I re-estimate the main specification dropping each control state one at a time. The results
are qualitatively unchanged: the estimated treatment effects range from —0.017 to —0.023
across these leave-one-out specifications, with all estimates remaining negative. This stability
suggests that no single control state is driving the main findings.

Second, I examine sensitivity to the pre-treatment period definition. The main analysis
uses 2015-2017 as the pre-treatment period, but if anticipation effects are present, including
2017 in the pre-period may attenuate estimates. Re-estimating the model with 2015-2016 as
the pre-period (treating 2017 as excluded) yields a slightly more negative estimate of —0.024,

suggesting that potential anticipation effects do not explain the null findings.
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Third, I examine an alternative sample restriction based on age. The main analysis in-
cludes all adults aged 30-64, but the population most likely to have caregiving responsibilities
may be older adults in the “sandwich generation” who simultaneously care for aging parents
and dependent children. Restricting the sample to adults aged 45-64 yields an estimated
treatment effect of —0.018, similar to the main result. This suggests that the null finding is
not driven by inclusion of younger adults who are less likely to be caregivers.

Fourth, I conduct a placebo test using adults not in multigenerational households. If the
program primarily affects potential caregivers in multigenerational households, we should
observe no effect—or a smaller effect—among adults in other household types. Estimat-
ing the same specification on adults aged 30-64 in non-multigenerational households yields
a treatment effect of —0.011 (compared to —0.020 in the main sample). While the effect
remains negative, the smaller magnitude among non-multigenerational households is consis-
tent with the interpretation that Hawaii-specific shocks affected all workers, with somewhat
larger effects among those in multigenerational households.

Fifth, I examine heterogeneity by age cohort within the sample. Adults aged 55-64 are
most likely to have elderly parents requiring care, while younger adults aged 3044 are less
likely to be in active caregiving situations. The estimated treatment effects are —0.025 for
ages b5—64 and —0.016 for ages 30-44. The larger negative effect among older adults—who
are more likely to be caregivers—is inconsistent with a beneficial program effect and may
reflect greater exposure to Hawaii’s economic challenges among older workers.

Sixth, I examine the pre-COVID period separately. Given that the COVID-19 pandemic
severely disrupted Hawaii’s economy in ways that may have differed from control states,
estimates from the post-2019 period may be contaminated by pandemic-related confounds.
Restricting the post-treatment period to 2018-2019 only (pre-pandemic years), the esti-
mated treatment effect is —0.005, much smaller than the main estimate and statistically
indistinguishable from zero. This finding suggests that the large negative estimates in the

main specification are driven primarily by the 2021-2022 period, when pandemic-related
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economic disruption was most severe in Hawaii. The pre-pandemic estimates are more con-
sistent with a null effect rather than a negative effect, though they remain inconsistent with
the hypothesized positive effect.

Taken together, these robustness checks suggest that the main findings are not sensitive to
specific methodological choices, but do raise important questions about the role of COVID-19
in driving the results. The smaller and statistically insignificant estimate in the pre-pandemic
period suggests that the large negative effects observed in the main specification may be

artifacts of Hawaii-specific economic disruption rather than causal effects of the program.

4.6 Alternative Outcomes

To provide a more complete picture of labor supply responses, Table 7?7 presents difference-
in-differences estimates for alternative outcome variables beyond labor force participation.

Table 4: Difference-in-Differences Estimates for Alternative Outcomes

Employment Hours Worked Hours > 30

Hawaii x Post —0.016 —0.52 —0.018
(0.009) (0.31) (0.009)

Pre-Treatment Mean (Hawaii) 0.750 33.0 0.645

Observations 1,590,285 1,590,285 1,590,285

Notes: Table reports difference-in-differences estimates for alternative outcome
variables. Employment is an indicator for being employed. Hours worked is
usual weekly hours (including zeros for non-workers). Hours > 30 is an indicator
for working at least 30 hours per week, the program eligibility threshold. All
specifications include state fixed effects, year fixed effects, and individual controls.
All estimates weighted by PUMS person weights. Standard errors in parentheses.

The patterns for alternative outcomes mirror those for labor force participation. The
employment rate in Hawaii declined by 1.6 percentage points relative to control states—
slightly smaller than the labor force participation effect, suggesting that most of the effect
operated at the extensive margin (labor force participation) rather than through increased

unemployment conditional on being in the labor force. Hours worked declined by 0.52 hours

per week, a modest reduction of roughly 1.6 percent relative to the pre-treatment mean.
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The probability of working at least 30 hours per week—the program eligibility threshold—
declined by 1.8 percentage points.

These patterns are inconsistent with a beneficial program effect, which would be expected
to increase employment and hours worked, particularly among those working near the 30-
hour eligibility threshold. Instead, all outcomes show relative declines in Hawaii, reinforcing

the null finding for the primary outcome.

5 Discussion

5.1 Interpretation of Null Results

The finding of null or negative effects on labor force participation admits several interpre-
tations, and careful consideration of these interpretations is essential before drawing policy
conclusions.

The most compelling explanation for the null results is that the program is simply too
small to produce detectable population-level effects. The Kupuna Caregivers Program served
only 100-150 caregivers annually during the study period. In contrast, the analysis sample
includes approximately 5,000-7,000 Hawaii adults in multigenerational households per year.
Even if the program had substantial effects on actual participants, these effects would be
diluted by a factor of 30-50 when averaged across the proxy population. A 10 percentage
point increase in labor force participation among 150 participants would translate to only a
0.2-0.3 percentage point increase in the broader population—well below the precision of the
estimates.

A related explanation is proxy population mismatch. Adults in multigenerational house-
holds are an imperfect proxy for caregivers, and many residents of such households may not
provide active care. Conversely, some caregivers live separately from their care recipients and
would not be captured by the multigenerational household restriction. This measurement

error attenuates estimates toward zero, potentially masking effects that would be detectable
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with more precise identification of the affected population.

The pre-trend evidence raises additional concerns about causal interpretation. The pos-
itive pre-treatment coefficients in the event study suggest that Hawaii was on a modestly
more favorable trajectory than control states before the program. If this trend had continued
absent the program, the negative post-treatment coefficients could represent mean reversion
rather than a causal effect. Alternatively, the pre-existing divergence could indicate that
Hawaii and control states were on fundamentally different trajectories for reasons unrelated
to the program, violating the parallel trends assumption that underlies the difference-in-
differences design.

Finally, Hawaii-specific shocks during the study period may confound the estimates. The
COVID-19 pandemic severely affected Hawaii’s tourism-dependent economy, with unemploy-
ment spiking to over 20 percent in mid-2020—far higher than the national average. Although
the analysis excludes 2020 data where possible, the economic disruption extended into 2021
and 2022, coinciding with the increasingly negative post-treatment coefficients. If these
shocks differentially affected Hawaii relative to control states, they would contaminate the

treatment effect estimates regardless of the program’s true effect.

5.2 Limitations

Several limitations warrant explicit discussion. First, the analysis cannot identify actual
program participants or caregiving status. The multigenerational household proxy captures
a population much broader than those eligible for or enrolled in the program. Adminis-
trative data linking program participation to labor market outcomes would provide cleaner
identification and should be a priority for future research.

Second, the single-treated-unit design limits statistical power and makes inference sensi-
tive to Hawaii-specific conditions. With only one treatment state, any Hawaii-specific shock
is perfectly confounded with the treatment. Alternative approaches such as synthetic con-

trol methods (7) might provide more robust inference by constructing a data-driven control
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group that better matches Hawaii’s pre-treatment trajectory.

Third, the analysis is limited to examining effects on labor force participation and related
outcomes. The program may have effects on other important outcomes—such as caregiver
well-being, care recipient outcomes, or healthcare utilization—that are not captured in the
PUMS data. A comprehensive evaluation of the program would examine this broader set of
outcomes.

Fourth, the timing of the ACS reference period creates some measurement ambiguity.
Most ACS questions refer to the 12 months preceding the interview, which spans both pre-
and post-treatment periods for respondents interviewed in early 2018. This could attenuate

first-year treatment effects.

5.3 Policy Implications

Despite the null findings, this study offers several insights for policymakers considering care-
giver support programs.

First, program scale matters for evaluation feasibility. Pilot programs serving a few
hundred participants cannot reasonably be expected to produce population-level changes
detectable in survey data. Evaluation strategies should be matched to program scale: small-
scale programs may require randomized controlled trials, administrative data, or qualitative
methods rather than quasi-experimental analysis of population surveys.

Second, evaluation should be designed prospectively when possible. Had Hawaii imple-
mented a randomized pilot or established administrative data linkages at program inception,
causal effects on actual participants could have been estimated directly. Retrospective quasi-
experimental evaluation with population surveys is a distant second-best approach.

Third, the Kupuna Caregivers Program’s design—requiring employment as an eligibility
condition—creates interesting selection dynamics worth considering. By targeting caregivers
who have not yet exited the labor force, the program may be less effective at drawing non-

working caregivers back into employment than a program with broader eligibility. This
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design choice reflects a preventive rather than remedial approach, but the appropriate balance
between these approaches deserves further consideration.

Fourth, the null findings do not imply that caregiver support programs are ineffective.
They imply only that this particular program, at this scale, did not produce detectable
population-level effects in this analysis. The program may have had meaningful effects on
participants’ lives that are not captured here, and larger-scale programs or different program

designs might produce different results.

6 Conclusion

This paper provides the first causal evaluation of a U.S. state caregiver support program.
Using a difference-in-differences design, I find no evidence that Hawaii’s Kupuna Caregivers
Program increased labor force participation among adults in multigenerational households.
The point estimate suggests a 2 percentage point decrease in labor force participation relative
to control states, though pre-trend analysis and confounding from Hawaii-specific economic
shocks complicate causal interpretation.

The null results are most plausibly explained by the program’s small scale, which pre-
cludes detectable population-level effects when examined with proxy populations in survey
data. The analysis captures an intent-to-treat effect on a broad population rather than ef-
fects on actual participants, and the mismatch between program scale and population scope
limits what can be learned from this approach.

These findings highlight both the promise and challenges of state-level caregiver support
policies. Programs like the Kupuna Caregivers Program represent innovative approaches to
supporting caregivers while maintaining their labor force attachment—an approach distinct
from paid family leave that may better serve some caregivers’ needs. However, evaluating
such programs requires methods matched to their scale, ideally including administrative

data, randomized trials, or prospective evaluation designs established at program inception.
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As the U.S. population continues to age and caregiving demands increase, understand-
ing how policy can support caregivers while maintaining their economic security remains
a pressing priority. Hawaii’s Kupuna Caregivers Program represents a pioneering effort
in this direction, and continued research—including research with better-suited data and

methods—is needed to understand whether and how such programs can achieve their goals.
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