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Abstract

Family is a primary source of care, yet significant variations in care arrangements exist
both across families and countries. To understand why, we develop a tractable static
model in which parents and children bargain over care arrangements, accounting for both
financial incentives and heterogeneous caregiving preferences. Our structural model
directly implies a discrete-choice estimation equation that we implement on European
data. We find that non-monetary preferences significantly shape care decisions: omitting
preference heterogeneity overstates the price elasticity of formal care by a factor of 2.5.
Counterfactuals show that implementing formal-care subsidies as in the most generous
(low-cost) countries leads to a 38-76% increase in nursing-home uptake in the remainder
of Europe; cross-country preference heterogeneity is an equally important determinant
for the low-cost versus high-cost country gradient in formal-care Our model forecasts a
three- to thirteen-fold rise in future formal care demand by 2050, driven mainly by a

declining ratio of adult children to elderly parents.
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1 Introduction

Aging populations and evolving family structures place significant pressures on governments
to reform long-term care systems. As the demand for elderly care rises, public subsidies now
account for a substantial and growing share of government budgets (Gruber & McGarry,
2023). Care is delivered through two primary channels: formally, through paid services, or
informally, by family and friends. The reliance on these forms of care varies dramatically
across countries, as do public policies (Barczyk & Kredler, 2019).

A central, yet largely unanswered, question for designing effective policy is understanding
how family care arrangements respond to financial incentives. Existing structural models
(e.g., Skira, 2015, Barczyk & Kredler, 2018, Mommaerts, 2025) primarily emphasize economic
trade-offs — such as labor-market opportunity costs of adult children and caregiving subsidies.
However, this work largely abstracts from the role of caregiving preferences. In reality,
families differ not only in their economic circumstances but also in their intrinsic attitudes
toward various care arrangements. These preferences can be complex, involving the adult
child’s sense of duty or burden as well as the parent’s preference for receiving care from
family versus a formal institution. For some children, providing care is seen as a moral
obligation or a display of affection; for others, it is an undesirable burden.

The interplay between economic factors and preference heterogeneity raises a fundamental
question: To what extent are caregiving decisions shaped by financial incentives as opposed
to non-monetary (psychic) factors? The answer has critical policy implications. If decisions
are primarily driven by monetary considerations, financial tools like subsidies will be effective
at influencing behavior. If, however, preference heterogeneity dominates, such policies will
have limited impact on behavior and be mainly re-distributive.

To disentangle the roles of financial and non-monetary factors in caregiving decisions, we
develop a tractable static bargaining model of the family. Parents and children bargain over
informal care and which child becomes the primary caregiver if care is informal. The parent
can make a transfer in exchange for informal care; the outside option is formal nursing-
home care, paid for by the parent. Siblings are modeled as a collective household, with each
member having distinct preferences over caregiving and facing idiosyncratic financial costs.
These include labor-market opportunity costs through foregone work hours, which depend
positively on the parent’s care needs, and commuting costs, that depend on geographical
distance to the parent.

A key feature of our framework is that it allows us to transform this complex bargaining
problem into two separate problems: the determination of the optimal care arrangement —

our main focus — and how the surplus from informal care is divided between the parent and



children through the exchange-motivated transfer. The central theoretical result is that the
family selects the care arrangement — formal care or informal care provided by a specific
child — that minimizes the family’s total effective cost, defined as the sum of monetary and
psychic costs. This characterization gives rise to a simple discrete-choice estimation equation
derived directly from our structural theory of the family.

The advantage of a structural approach is twofold. First, it allows us to use observed
choices to identify the underlying preference and economic parameters. Second, with the
estimated parameters, we can use the model to conduct policy counterfactuals, simulating
how families would respond to new policies, changes in family structure, or shifts in the
broader economic environment, such as rising female labor-force attachment.

We estimate the model using rich data from Europe, which serves as an ideal laboratory
due to the large cross-country variation in the generosity of public long-term care. This
variation in the effective price of formal care, combined with differences in care needs
and children’s opportunity costs, allows us to identify how families trade off economic
incentives against their preferences. Our primary dataset is the Survey of Health, Ageing, and
Retirement in Europe (SHARE), a nationally representative survey that provides detailed
demographic and health information on elderly individuals, their families, and their caregiving
arrangements. We supplement this with labor market data using Eurostat’s Structure of
Earnings Survey (SES) to estimate potential income for adult children to proxy their labor-
market opportunity costs. We rely on OECD data on out-of-pocket costs for institutional
care for the elderly.

Our estimates indicate that both preference heterogeneity linked to observable characteristics
and unobservable idiosyncratic preferences play a substantial role in shaping caregiving
arrangements. We find that parent’s utility cost of formal care is high: Parents require about
28,000 Euros higher annual consumption in a nursing home to be indifferent to receiving
informal care. Caregiving costs also vary systematically with child characteristics: being a
daughter significantly lowers the utility cost of informal care, while having a partner increases
it. Importantly, unobserved preference heterogeneity explains a large share of the variation
in observed care choices. A one-standard-deviation shock to idiosyncratic preferences is
equivalent to an increase of approximately 13,000 Euros in annual monetary costs of care.

We conduct four counterfactual exercises. First, we quantify the impact of omitting
preference heterogeneity on the price elasticity of formal care and find that this leads to an
overestimation of the elasticity by a factor of 2.5 — non-economic factors thus strongly dampen
the impact of financial incentives. Second, we simulate a policy that substantially reduces
formal care costs by "transplanting" the lower nursing-home costs of Nordic countries to other

regions. This policy would increase formal care use by 38% in the middle-cost countries and



by 76% in high-cost countries. Third, we simulate scenarios in which all country groups
share identical preferences for formal care and face the same formal care costs. We find
that differences in formal care prices and preferences each explain approximately half of
the observed gap in formal care usage between the low-cost and high-cost country groups,
underscoring the importance of both factors. However, even after equalizing both, formal
care usage in the low-cost country group remains notably higher, suggesting that other factors
— such as children’s characteristics, their opportunity costs and interactions among them —
play an important role. Fourth, we forecast the impact of future socio-demographic shifts.
Our model predicts a three- to thirteen-fold increase in formal care demand by 2050, driven
primarily by the declining ratio of adult children to elderly parents. Changes in formal care
policies and child mobility play a modest role, while changes in the gender-wage gap and
rising divorce rates have the least impact.

Our paper makes four primary contributions to the literature. First, we advance the
literature that structurally estimates how caregiving arrangements respond to government
policies. Existing models (e.g. Barczyk & Kredler, 2018; Braun et al., 2017) typically account
for the economic costs of care but abstract from heterogeneity in caregiving preferences across
children and families. Moreover, these frameworks typically assume a representative child,
thereby overlooking the intra-family decision process when multiple children are potential
caregivers (Barczyk & Kredler, 2018; Ko, 2022; Mommaerts, 2025). Our contribution is
to estimate the elasticity of formal care utilization while explicitly modeling preference
heterogeneity in families with multiple decision-making children. Our results demonstrate
that accounting for such heterogeneity is critical for evaluating policy interventions that alter
relative care prices.

Second, our work is closely related to recent structural approaches to long-term care
decisions, notably Montesinos (2025) and Kesternich et al. (2025). While Kesternich et al.
(2025) emphasize patient-side preference heterogeneity in choosing among care arrangements,
our framework shifts the focus to heterogeneity in caregiver preferences of adult children and
examines care arrangements as an outcome of intra-family bargaining. Montesinos (2025)
aligns more closely with our approach but diverges in two important aspects. First, we
explicitly model the monetary costs of formal care, thereby introducing a clear mechanism
that motivates informal care: an exchange-motivated transfer from the parent. The compensation
obtained in exchange for care reflects a growing body of literature that demonstrates that
caregiving by adult children leads to higher compensation such as in the form of higher
bequests, made possible by slowing the spend-down on costly care services (Brown, 2006;
Groneck, 2017; Barczyk et al., 2023). Second, we take into account that parental care needs

vary substantially and model the interaction between these needs and a child’s opportunity



costs, arguing that this interaction is essential for understanding caregiving choices.

Third, we contribute to a large literature on family decision-making in caregiving choices
involving multiple children. Prior studies differ markedly in their treatment of choice sets,
monetary costs, and care needs. Some examine only the selection of a primary informal
caregiver among children without considering formal care (Checkovich & Stern, 2002; Fontaine
et al., 2008; Knoef & Kooreman, 2011; Bergeot, 2024), while others include formal care but
abstract from its monetary costs (Stern, 1995; Hiedemann & Stern, 1999; Engers & Stern,
2002). Byrne et al. (2009) estimate a rich model that accounts for both informal caregiving
among children and formal home care, leaving nursing-home care aside. They incorporate
the monetary costs of care, but do not capture the interaction between parental care needs
and children’s opportunity costs.

Finally, we extend the literature on intra-family transfers and care decisions using a
cooperative bargaining framework. Our approach builds on seminal work such as Pezzin
& Schone (1999), one of the first papers to develop and estimate a bargaining model for
joint labor supply and parental care decisions. Stern (1995) and Engers & Stern (2002)
also adopt cooperative frameworks to analyze caregiving among multiple children, yet they
abstract from both monetary costs and bargaining with parents. With respect to this strand
of literature, we offer a methodological innovation: a tractable discrete-choice estimation
equation derived directly from bargaining theory.

The organization of this paper is as follows. Section 2 describes data and documents
descriptive statistics regarding formal care and informal care using our estimation sample.
Section 3 presents our theoretical model of family caregiving arrangement. Section 4 discusses
how preference heterogeneity conceptually influences the price elasticity of formal care usage.
Section 5 describes the estimation procedures for the discrete choice model. Section 6
presents the estimation results. Section 7 performs counterfactual analyses. Section 8

concludes.

2 Empirical facts

Our central focus is on understanding the key trade-offs in the determination of care arrangements
when an elderly parent may receive informal care from a working-age adult child. This is
where the interplay between economic costs and preference heterogeneity is most salient.

To sharpen this focus, we restrict attention to families with single elderly parents, excluding
partnered households. In such cases, spousal care typically represents the default arrangement,
with children playing a more minor role (see Barczyk & Kredler, 2019). In the following,

we document key facts — care choices, child characteristics, and care needs — about these



families. Further details on the data and empirical analyses are provided in Appendix A.1.

2.1 Data

SHARE. Our primary data source is the Survey of Health, Ageing, and Retirement in
Europe (SHARE), a nationally representative panel of the European population aged 50
and over, conducted biennially since 2004. Its extensive information on seniors’ health and
functional limitations, demographic and socioeconomic characteristics, and family caregiving
arrangements makes it well-suited for analyzing long-term care decisions and the role of
children in providing care. Due to several data issues outlined in Appendix A.1, we use the
baseline samples from SHARE Waves 1, 2, 4, 5, 6, and 8.

Estimation sample. We construct our sample using several restrictions designed to isolate
the key trade-offs in the determination of caregiving arrangements.

First, in line with our objective, we restrict the sample to single parents aged 65 or older.
To examine the role of children’s labor market opportunity costs, we further require that
they have at least one child aged 20 to 60, dropping children outside of this age range.

Second, we focus on parents with substantial care needs — those receiving either formal
care in a nursing facility or intensive care from a child caregiver, defined as care provided at
least weekly. Households receiving both formal home care and intensive informal care from
a child are retained in the sample and classified as informal care households.*

Third, among households receiving informal care, we focus on families with an identifiable
primary child caregiver. Here the trade-offs are most salient and empirically we document
that it is the dominant form of informal caregiving by children: one child typically takes on
the lion’s share of care, while others play a much smaller role.? Households with multiple
children providing equal amounts of care are excluded.

Applying these sample selection criteria yields a final sample of 1,887 households, comprising
4,089 unique parent-child pairs. Table A4 provides a detailed breakdown of the sample size

at each stage of the selection process.

Formal Care Costs. To estimate the out-of-pocket costs for the long-term formal care

'In our analysis, we treat nursing home care as the primary form of formal care, excluding formal home
care as a separate category due to its relatively low intensity in terms of hours provided (see Barczyk &
Kredler (2019)).

2As shown in Table A5, when intense informal care occurs, roughly 75% of cases involve a single primary
child caregiver. This includes cases with only one child providing informal care, as well as those with multiple
caregivers, where we assign the child who provides the largest amount of care as the main caregiver. We
identify the main caregiver using the following hierarchy: (i) a child providing daily informal care while
living with the parent; (ii) a child providing daily informal care while living apart from the parent; and (iii)
a child providing weekly informal care while living apart from the parent.



faced by each SHARE household, we combine two data sources. First, we use OECD data
on out-of-pocket institutional care costs for each country and income group, categorized
as: (i) below the 20th percentile, (ii) median, and (iii) above the 80th percentile, which
are reported as a share of old-age disposable income for each income group. Second, we
interact the OECD’s shares with old-age disposable income for each country, year, and
income group, as reported by Eurostat based on the European Union Statistics on Income
and Living Conditions (EU-SILC). Additional details on the construction of formal care costs
are provided in Appendix Section A.3.

Eurostat’s Structure of Earnings Survey. SHARE does not provide income information
on respondents’ children. However, even if such data were available, it would not reflect
the potential income of the children since observed income can be influenced by caregiving
choices. For instance, a caregiving child might have a low observed income despite having
a high potential income based on her education and abilities. To address these issues, we
construct the potential income for each child based on their gender and education, as well
as country and year, using Eurostat’s Structure of Earnings Survey (SES). Details about

potential wage construction are reported in Appendix A.2.

2.2 Long-term care arrangements

The first key fact is that the vast majority of elderly individuals in our sample rely on
informal care (IC) as their primary source of support — 92.2% receive IC from a child while
only 7.8% utilize nursing home (NH) care.

However, this low overall rate of NH use masks substantial cross-country variation across
Europe, where out-of-pocket costs for formal care vary widely (see OECD (2024)). To
explore the role of formal care cost in shaping care arrangements, we classify countries based
on the relative costliness of NH care for a median-income elderly individual, after accounting
for government subsidies: (1) low cost (11~60% of old-age median income), (2) medium
cost (65~85%), and (3) high cost (90~136%). Additional details on this classification are
provided in Appendix Section A.3.

Figure 1 illustrates substantial variation in nursing home usage across countries. In our
sample, higher formal care costs are associated with a lower likelihood of nursing home use.
Specifically, Panel (a) shows that 13.2% of households in countries with low formal care
costs utilize NH care, compared to just 2.6% in countries with high formal care costs. Panel
(b) further confirms this pattern: countries in the low-cost group generally exhibit a higher
fraction of households using nursing homes than those in the medium- or high-cost groups.

We note, however, that the country-level statistics should be interpreted with caution as



many countries have small sample sizes in our sample.

Figure 1: Nursing home probability by country
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This figure shows the proportion of households in our estimation sample that permanently use nursing home

care for elderly parents, broken down by country group (Panel a) and by individual country (Panel b).
Household weights are applied.

2.3 Characteristics of caregiving children

We now examine who the caregiving children are and how they differ from non-caregiving
children. Figure 2 reports the proportion of children providing IC, conditional on various
observed characteristics in SHARE. Several patterns emerge.

First, daughters are significantly more likely to provide care than sons. Panel (a) shows
that 48.1% of daughters in our sample provide IC, compared to only 33.5% of sons.

Second, there is no clear relationship between biological child status and the likelihood
of providing IC as shown in Panel (b). This result should be interpreted with caution, due
to the small number non-biological children (only 62 cases in our sample).

Third, there is a strong negative relationship between the distance between children and
their parents and the probability of providing IC. Approximately 80% of children who live
with their parent provide IC, and this fraction decreases as the distance increases.?

Finally, children with lower potential income are more likely to provide informal care.
This pattern suggests that opportunity costs may play a role in caregiving decisions, with
higher-income children potentially facing greater trade-offs between labor market participation

and caregiving responsibilities.

3Tt is important to note that these descriptive statistics do not establish a causal relationship between a
child’s distance and his or her probability of providing IC. For instance, a child might have moved closer to
their parent’s home, or the parent might have relocated to the child’s home, facilitating the child’s ability
to provide care after the parent became ill. Conversely, it could be that the physical distance itself causally
influences the likelihood of a child providing IC.



Figure 2: Informal care probability by child’s characteristics
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This figure reports the proportion of children providing IC across different child characteristics in our
estimation sample. In Panel (b), “Non-biological" children include stepchildren, adopted children, and foster
children. In Panel (c), “Distance" is reported as km away from the parent. Potential income for each child
is based on their gender and education, as well as country and year, using Eurostat’s Structure of Earnings
Survey (SES). 95% confidence interval is reported.

2.4 Care needs

Although our sample includes only elderly individuals receiving either informal or formal
care, their underlying care needs vary substantially. To estimate each respondent’s daily
care needs, we apply the method developed by Barczyk & Kredler (2019), which imputes
care hours for SHARE respondents based on the observed relationship in the Health and
Retirement Study (HRS) between care hours and functional limitations — specifically, limitations
in activities of daily living (ADLs) and instrumental activities of daily living (IADLs).
Linking to HRS is essential because SHARE does not collect information on care hours,
while HRS does for informal care recipients. For nursing home residents — whose care needs
are unobserved in both SHARE and HRS — we apply the adjustment method developed by



Dahl (2002) to account for negative selection.

Table 1: Care needs

#of Obs Mean Min p25 pd0 p75  Max
Daily care needs (hrs) 1887 3.6 0.2 0.2 1.7 60 221
Num. of (I)ADL limitations 1887 3.0 1.0 1.0 2.0 4.0 11.0
Num. of mobility limitations 1886 4.8 0.0 2.0 5.0 7.0 10.0

Daily care needs are estimated based on individuals’ ADL/IADL status and mobility limitations.

See

Appendix A .4 for detailed information on the care need estimation procedure. Table A11 provides definitions

of the ADL/IADL and mobility limitation variables used in SHARE.

Care needs also differ markedly by mode of care. Figure 3 shows that NH residents have

significantly higher care needs, requiring over 10 hours of assistance per day on average. In

contrast, individuals receiving IC typically require far less supposrt — between 2 and 3 hours

per day on average across all country groups.



Figure 3: Mean daily care needs (in hours) by care type and country group

o 11.6
o 11.0
3 10.3
@
)
z
0@ 7
5
o
T
2
Se-
=
©
()]
c
S e | 26 29
s 22
Low-Cost Group Mid-Cost Group High—-Cost Group
| I nformal Care Recipients Nursing Home Residents

This figure displays the average daily care needs, measured in hours, for informal care recipients and
nursing home residents across each country group. Countries are grouped according to the affordability
of institutional care for median-income households: (1) low-cost group (11~60% of old-age income), (2)
medium-cost (60~90%), and (3) high-cost (90~136%).

The substantial variation in daily care needs has important implications for the opportunity
costs faced by adult children providing care. When a parent’s care needs are relatively low,
caregiving may be compatible with full-time or part-time employment, resulting in minimal
disruption to the child’s labor market participation and a relatively low opportunity cost.
In contrast, when care needs are high, the time demands can be substantial, potentially
requiring the child to reduce work hours or exit the labor force altogether. This heterogeneity
in care intensity is therefore a key factor in understanding the economic trade-offs involved
in informal caregiving. Accordingly, our empirical analysis accounts for variation in care

needs when estimating the opportunity cost of caregiving.

3 Family model

We now develop a formal framework for how care arrangements are determined within
families. The central predictions concern which type of care is chosen — informal care or

institutional care in a nursing home— and, conditional on informal care being selected, which

10



child becomes the designated caregiver.

There is a large number of families, each consisting of one elderly parent in need of care

and K > 0 adult children, where K may vary across families.

Care arrangements and costs Care can be provided either through informal care (IC)
by one of the children, or through formal care (FC) purchased in the market. If child j €
{1,..., K} provides IC, she incurs opportunity cost:

OC; = [n; + ta(dy)]w; + ca(dy),

where n; denotes hours spent on caregiving, t4(d;) represents commuting time over distance
dj, and c4(d;) captures the direct travel costs. The parent can provide a financial transfer
) > 0 to compensate children for IC provision.

Alternatively, if the family chooses FC (indexed by j = 0), the parent pays price py. for

basic care services, net of public transfers and costs for room and board.

Individual budget constraints The parent has income y,, which she can spend on her

own consumption ¢,, on purchasing FC, and on a transfer to children:

Cp + Ij:Opr + Q - yp (1)

where ;- equals 1 if the parent purchases FC and 0 if she obtains IC instead.
Each child i € {1, ..., K} receives full-time labor income y;, endowment e; (for example,

spousal income), and a portion @; of the transfer Q:
¢ =yi+e+ Qi — I-;0C;, (2)

If child ¢ is the designated caregiver I;—; = 1, her resources are reduced by OC;; if j = 0 (FC
takes place), [;,—; = 0 for all children.

Preferences Both the parent and the children derive utility from consumption but experience
psychic costs from certain care arrangements. These psychic costs are measured in consumption-
equivalent units (they effectively reduce the utility derived from consumption). We represent

the parent’s utility as:

u(c, —6y) if j=0 (FC)

up(cp, j) = u(cy) if j>0 (IC)

11



where u(-) is strictly increasing (and assumed to yield —oo if its argument is < 0). Under
FC (j = 0), the parent incurs a psychic cost 6, relative to IC. In words, when formal care is
chosen the parent’s effective (i.e. utility-yielding) consumption is her actual consumption ¢,
minus the amount 6,.

Each child 7 experiences a disutility 6; if they themselves provide care but not otherwise.
Thus, child ¢’s utility is:

u(c; —0;) if ¢ =j (i is the caregiver)

u(c;) if i # j (i is not the cargiver)

Collective sibling household We assume that the K siblings act collectively, always
attaining a Pareto-efficient allocation (among themselves) and that the point on the Pareto
frontier selected is determined by fixed bargaining weights.*

Siblings distribute among themselves the transfer ), subject to feasibility, meaning the

child-specific transfer amounts (); have to sum up to the total transfer: Zfil Q= 0Q.

Income pooling Summing over all children’s budget constraints (2), yields the siblings’

collective budget constraint:

K
Z ¢ = Z(yz +e; +Q; — 1,-;0C;)
i=1 i=1

Let R =35 (yi + ¢;) denote the full-employment resources of siblings. We can then write:

K
Z C; = R + Q - ]i:jOCi, (3)

i=1
i.e. aggregate consumption of all siblings in the family equals their total income. Substituting
the parent’s budget constraint (1) into the siblings’ budget constraint (3) using ) yields the

family’s budget constraint:

K K
cp + Z ¢ =yp+ R — (Ii—opee + Z 1,.,0C;), (4)

i=1 i=1

where the term in parentheses represents the monetary cost of the chosen care arrangement j €

{0,1,..., K}, including opportunity costs, to the family.

4We will show that the care choice is independent of the bargaining weights. In general, the care choices
we derive obtain under any decision-making process among siblings that attains efficiency.
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Family bargaining problem We model the family’s decision-making process as a (generalized)
Nash bargaining game between the parent and the unitary sibling household. We assume
that the disagreement (outside) option is that the parent purchases FC. Under this scenario,

the parent utility is

dp = up(Yp — Poc — bo); (5)

i.e. the parent consumes ¢, = y, — pre, and incurs the utility penalty 6. Siblings’ collective

disagreement utility is

K K
dr = max aule;)  s.t. ¢; = R. 6
sk (c:) ; (6)
Children receive their full-employment resources R and allocate them among each other in
a way that maximizes their collective utility.
The bargaining problem (if a solution exists) determines the IC allocation (inside option)

in the following way:

max [up(cp) — dp]*” [Z piui(ci, ) — di] (7)

epfei i ie{l,.. . K}

K
st. ¢+ Z ¢ =y +R—1,-;0C;,

=1

where 1, € [0,1] is the parent’s exogenous bargaining weight. The family chooses the
caregiver child and consumption allocation subject to the family budget constraint in order

to maximize the (generalized) Nash product.

Characterization A useful property of our preference specification is that we can obtain
an equivalent problem by accounting for the psychic costs explicitly in the budget constraints
instead of in the utility functions. We define effective consumption z for children and

parents as
Ty = Cj — Ii:jei, Tp = Cp — [jzoeo.
Using these definitions, we obtain the following effective budget constraints for the parent

Tp = Yp — Li=o(Poe + 00) — Q (8)

13



and for the collective sibling household:

K K
=1

=1

Substituting out using the parent’s constraint (8) yields the family effective resource constraint:

K K
xp—f‘zxi = Yp + R — Lj=o(pse + o) _Zli:j(00i+‘9i) (10)
i=1

=1

We can now formulate the Nash program (7) in terms of effective consumption:

max [up(zp) — dplH?] Z,uzul ;) — dy] T (11)

$p7{$i}je{1 ..... K}

s.t. xp+le—yP+R Z ;(0C; +6,),

where the disagreement utilities d, and dj, remain as in equations (5) and (6), respectively.

This formulation immediately implies that the optimal caregiver choice — our main
focus — can be analyzed separately from the consumption allocation decision. Specifically,
the combination of Pareto efficiency (implied by Nash bargaining) and non-satiation (i.e.
strict monotonicity of utility) ensures that the Nash criterion is strictly increasing in
effective resources under IC. Thus, the optimal child caregiver is the child with the least

total effective cost (monetary and psychic) of providing IC:

Jjr = argj {I{nn {0C; +0;}
This choice maximizes effective family resources as well as effective resources of the sibling
household conditional on IC taking place.

Having determined the designated caregiver child 5*, the family bargains over how family
resources between parent and the sibling household are shared by bargaining over the size
of the exchange-motivated transfer (). The Nash bargaining problem (11) over @, given the
optimal caregiver choice j*, is

max|u,(y, — Q) — dp|"?[9;+(Q) — dy ] e (12)

Q>0

14



where S;-(Q)) denotes the sibling unit’s indirect utility associated with transfer Q):

K K
Si+(Q) = r?aicz piwi(;) st Z ri =R+ Q — (OC)- +0;+).
= i=1

Here, children maximize their collective utility subject to their effective resources.’
From this bargaining formulation it is straightforward to establish the conditions under
which a bargaining solution exists, and hence, IC takes place. Children’s surplus from IC is

non-negative if and only if () is such that
S#(@Q)>dy & R+Q—(0Cy+0:)>R = Q>0C+0;=Q,

That is, we only need to compare effective resources between IC and FC since siblings’
objective function strictly increases in their effective resources. Children prefer IC if the
transfer ) covers at least the lowest effective cost of the members of the sibling household
to provide IC, @, which we may call the "willingness-to-sell" IC for the child household.

As for the parent, IC generates a surplus if and only if

u(yp - Q) 2 u(yp — Pbc — 90) = Q S DPbe + 90 = Qa

where @ is the parent’s "willingness-to-pay" for IC, which equals the parent’s loss of effective
resources under FC. Thus, the choice set for transfers in (12) that yield non-negative surplus
to both bargaining parties is Q € [Q, Q] and the family opts for IC if and only if this set is
non-empty, i.e. iff @ < Q.

We summarize our central theoretical result in the following Theorem.

Theorem 1 Let the effective cost of care arrangement j € {0,1,..., K} be

oC;+6;, j=1,....K,

J = .
Doe + 0o, Jj=0.

where OC; and py. are monetary costs and 0; and 0y are psychic costs. Then the family

®We note that the optimal caregiver choice maximizes siblings’ indirect utility:
j*=arg max S;(Q)
i

For any given @), siblings always designate the child with the least total effective cost to be the caregiver
which follows again from the logic of separately maximizing available resources.
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chooses

. :
j*=arg min Cj
36{0»1771(}

where j* = 0 means formal care and j* € {1,..., K} means child 7* provides informal care.

This choice is efficient and mazimizes effective family resources (see equation (10)).

Remark: Exactly how the gains from IC are split is determined by the size of @ in
program (12), which is governed by the bargaining weight f,,. For the purpose of determining
the care choice, however, the bargaining weight and the size of this transfer is irrelevant.
Crucially, we note that any other bargaining protocol that satisfies efficiency yields the
same care outcome j* (e.g. parent makes take-it-or-leave-it offer @), children bid auction-
style to provide @, a collective model for the entire family, etc).

Remark on child consumption: Suppose the bargaining outcome in (12) yields the
minimal transfer @* = Q. In this scenario, the effective consumption allocation {;} is
identical to the allocation under the outside option (FC):

IC _ . FC _ FC . 4 :x
r,m ==, 1#£]

c _ FC _ _FC
Non-caregiving children consume the same level as under FC, while the caregiving child’s
consumption is increased by exactly her psychic caregiving cost 6;-. All children receive the

exact same utility under IC as under FC.

4 How does preference heterogeneity affect elasticities?

To gain insight into how preference heterogeneity modulates responsiveness to financial
subsidies, we compare two stylized models, both calibrated to the same baseline share of
care arrangements. The first "economics-only" model features only monetary factors, while
the second adds heterogeneous psychic costs. We compare the elasticity of formal care (FC)

uptake with respect to a price-reducing subsidy (AS > 0):

AFC/FC
Apse/pe

Y

exe| = \

where Aps. = —AS. We denote the baseline FC share by FC,.

Economic factors only The care decision depends solely on the net monetary cost of IC

over FC, C, ~ N(ie,02).5 In order for the model to generate FCy, we introduce a uniform

®In terms of our model specification C, corresponds to min; OC; — py., the difference between the lowest
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psychic FC cost for the parent, denoted by 6f, such that FC is chosen if C, > 65. The
threshold 6f is calibrated to match the observed FC share:

FCy = Pr(C. > 65) = 1 — F.(65)

where F, is the CDF of C.. A subsidy AS for formal care is equivalent to shifting the
decision threshold to 65 — AS. The new FC share is FCg = 1 — F,(65 — AS), and the
change in uptake is AFC = FCg— FCy = F.(0) — F.(0 — AS). Using a first-order Taylor
approximation, denoting the PDF of C. by f.,

F.(05 — AS) = F.(65) — fu(65)AS = AFC =~ f,(65)AS
allows us to approximate the elasticity by:

f.(05)AS/FCy
(—AS) /e

_ fel05)
FC

lero| = DPiec

Thus, the elasticity is proportional to the density of marginal families at the threshold 6.

Economic factors + psychic costs In this model we add heterogeneous psychic caregiver
costs, C, ~ N(0, Uz), which are independent of economic costs C.. We normalize the mean
of Cj, to zero; the parent again incurs a uniform utility cost from FC, denoted by 65.” The
total net cost of IC is C' = C, + C,, which is also normal, C' ~ N(p, 02), where y, = . and

o) = 02+ 0,.° The key insight is that introducing preference heterogeneity (via o) strictly

increases the total variance of the net cost.”
Denote by F. and f. the CDF and PDF of C'. This model is calibrated with a new
threshold 6 to match the same baseline share FCy = 1 — F,(65). Following the same

possible opportunity cost and the FC price. We restrict attention to normally-distributed costs for analytical
convenience, but the mechanism carries through to more general distributions. In practice, y. and o, can
be calibrated using data on care expenditures and wages.

"To separately identify average psychic costs for parent and child, data from care choices alone are
insufficient. Identification would require data on consumption allocations combined with an assumption on
bargaining weights.

8Tn our model specification C' corresponds to (OCj+ — ppe) + 6+, where j* denotes the child with the
lowest opportunity cost, and 6« is the utility cost for this child when providing IC.

90ur argument goes through under a weaker assumption, namely o2 > ¢2. Under a joint normal

distribution for C;, and C., this is true if and only if the correlation between the two costs satisfies
Pep > —0p/0e.
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derivation as before, the elasticity is again proportional to the density at this new threshold:

£-(05)AS/FCq
(—AS) /e

_ fe(65)
FC

|€%C’| = Pfse

Comparing elasticities Since both models are calibrated to the same baseline share of care
arrangements — FCy or equivalently I Cy = 1— FCy — their standardized decision thresholds

are identical:

O¢ Oe

ICy=Pr(C. <05 = (90 — “e> = O YIC,) = b — pe

05 — e
Oc

05 — e
Oc

I1C, = Pr(C <65 =@ ( > = q)*l(IACO) =
Let zo = & 1(I C’O) denote this common standardized threshold. The densities f. and f. at

its threshold can be written in terms of the standard normal PDF, ¢,

lb5) = — (0, 1.(65) = —(z0).

€ C

showing that the density of marginal families at the decision threshold differs if o, # o..

Preference heterogeneity dampens the FC elasticity. Because o > o2, it follows
that f.(05) < fe(65), and so |€%a| > |€%¢|. Intuitively, introducing heterogeneous psychic
costs increases the overall dispersion of net costs. This "thins out" the density of families at
the margin, reducing the number who switch to FC in response to a subsidy and dampening

the policy’s effectiveness.

5 Estimation

We now present the empirical model used to estimate preference parameters governing
caregiving choices. As established in Theorem 1, the efficient caregiving arrangement minimizes
total effective costs — comprising both monetary and psychic components — naturally leading

to a standard discrete choice framework.

Parameterization. We parameterize the utility cost V;; of each caregiving option j for

family ¢ as follows:

Vij=apl+6y+v; +¢ei; if j =0 (Formal care)
Vij = a0C;; + X8 + 5 if j #0, j € K; (Informal care)

(13)
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where ;; captures idiosyncratic preference shocks. Here, p?® denotes the out-of-pocket cost
of basic formal care services, and OC); is the opportunity cost of child j. Our model imposes
the restriction that monetary costs enter with the same coefficient in all choices. Thus, the
parameter « captures the marginal effect of monetary cost on the utility cost whether formal
or informal care takes place. The parameter 0y reflects the average psychic cost of choosing
formal care relative to informal care, with the latter normalized to zero. -, are country-group
fixed effects that absorb systematic cross-country-group differences in preferences for formal
care.’” The vector X;; includes child-level characteristics relevant to informal caregiving
(e.g., is female, has a partner).

We assume that the idiosyncratic preferences ¢;; are distributed independently and
identically as the Extreme Value Type-I distribution with location parameter zero and
scale parameter o. This assumption yields closed-form choice probabilities and allows for
estimation via a multinomial logit model. We estimate the model parameters «a, 6y, 3, and
v, via maximum likelihood using the observed caregiving choices in our SHARE estimation
sample.

As is standard in the multinomial logit model, we cannot separately identify the scale
parameter . Consequently, estimated coefficient measure the effect of the corresponding

variable relative to this scale (e.g., a/o, B/, etc.). See Appendix A.6 for details.

Formal care cost. In practice, we define the formal care cost p?® as the out-of-pocket cost
of institutional care in each country, income group and year, based on OECD estimates, as
detailed in Appendix A.3.

Opportunity cost. We specify the opportunity cost OCj; as the sum of a time cost and a
monetary cost: OCj; = time cost;; +monetary cost,;. The time cost represents the value of
the child’s time spent on care and commuting. We define it as the child’s expected full-time
wage weighted by the care needs of the parent. This weighting is essential, as parents in our
sample require varying levels of care — from as little as two hours to more than twelve hours
per day as shown in Section 2.4. For parents with low care needs, it is unlikely that a child
would fully exit the labor market to provide care, making proportional weighting essential.

Specifically, we define this weight as:

Daily hourly care needs + Daily commuting time
12 hours

Care needs weight,; =

Here, we assume that a child has up to 12 hours per day available for market work, and

we cap the daily hourly care needs at 12 hours. The daily commuting time is derived from

10We omit the indicator for the low-FC-cost country group, so all other country-group fixed effects are
interpreted relative to this group.
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reported distance to the parent’s residence (see Appendix Table A12).
The monetary cost component is the predicted annual commuting cost, which is also
derived from the reported distance. Appendix Table A13 documents the assignment of these

monetary travel costs by distance category.

6 Results

Table 2 reports the estimated parameters from the multinomial logit model. All coefficients
are normalized such that a positive value corresponds to a higher utility cost (i.e., lower
utility) of choosing a given caregiving arrangement. For each parameter, we also report
its monetary equivalent, which represents the implied cost of a one-unit change in the

corresponding attribute.

Table 2: Parameter estimates and Euro equivalents

Parameter Estimate Units Furo equiv.

0: utility cost of FC 2.738%** utils 28131.2
(0.380)

a: monetary cost 0.973%#* 10K Euro/year
(0.191)

B: daughter -0.646%** dummy -6637.5
(0.126)

[: non-biological -0.184 dummy -1885.6
(0.405)

B: has partner 0.396** dummy 4067.9
(0.165)

B: first-born -0.073 dummy -746.3
(0.122)

[£: num of children 0.086 1 child 887.0
(0.057)

~: Mid-cost group x FC -0.387 utils -3974.8
(0.433)

~: High-cost group x FC 0.890 utils 9142.9
(0.547)

Parameter estimates from the multinomial logit model (equation (13)) based on our SHARE estimation
sample. Estimates are scaled such that a positive value corresponds to a higher utility cost (i.e., lower utility)
of choosing a given caregiving arrangement. The “Euro equiv.” column reports the monetary equivalent of
each parameter, calculated by dividing the parameter estimate by the marginal utility of income (i.e., the
coefficient on the monetary cost variable) and multiplying by 10,000 Euros. Values are expressed in annual
euros based on 2015 Purchasing Power Standard (PPS). Household weights are applied. Standard errors are
reported in parentheses. *** Significant at 1% level, **: Significant at 5% level, *: Significant at 10% level.
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The estimated utility cost of formal care, relative to informal care, is substantial and
statistically significant, especially in the high-cost country group. This reflects strong disutility
or stigma associated with institutional care, consistent with its relatively low prevalence
in the data. The monetary equivalence calculation implies that parents would require an
additional 28,131 Euros in annual consumption in a nursing home to be indifferent between
formal and informal care. Moreover, monetary costs, such as formal care price and children’s
opportunity costs, are estimated to play a major role in care decisions, statistically significant
at the 1% level. As expected, this indicates that the formal-vs-informal care decision is
sensitive to financial considerations.

Among child characteristics, in line with previous literature, being a daughter is associated
with the most prominent effect: being a daughter reduces the utility cost by 0.65 units,
significant at the 1% level. Having a partner increases the utility cost of caregiving, significant
at the 5% level, possibly reflecting competing responsibilities that limit informal care to one’s
own parents. The estimate for non-biological status is noisy, reflecting the low number of
step-children in our sample, thus our data do not allow us to infer much on this front. Birth
order and the number of one’s own children are not significant.

The last two rows of Table 2 report interactions between country groups and the formal
care option, capturing how the utility cost of choosing formal care differs across country
groups relative to the low-cost reference group. The coefficient for the mid-cost group is -
0.387, implying that individuals in mid-cost countries face a lower utility cost of using formal
care than those in low-cost countries, after accounting for formal care price differences. In
contrast, the coefficient for the high-cost group is 0.890, indicating a higher disutility from
choosing formal care in high-cost countries. Although these effects are imprecisely estimated,
their magnitudes are sizable: expressed in monetary terms, the utility cost of formal care is
approximately 3,975 Euros lower in mid-cost countries and 9,143 Euros higher in high-cost
countries relative to the low-cost group.

Crucially, our estimates imply that idiosyncratic preference heterogeneity is substantial
in shaping caregiving choices. A one-standard deviation preference shock (of size 1.28 =

72 /6) exerts about twice the effect of being a daughter and is equivalent to approximately
13,000 Euro in monetary costs.

Overall, the results highlight the importance of economic incentives, family structure and

idiosyncratic motives in caregiving decisions. While monetary cost are an important factor,

child’s gender and partner status remain strong predictors of informal care provision.

Robustness to distance. A potential concern in our setting is that the distance between
parents and children may be endogenous to caregiving decisions. Families might strategically

choose residential locations based on anticipated care needs, and children may relocate in
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response to emerging parental health shocks. Moreover, in some cases the direction of
causality may be reversed: a child may move into the parental household — or nearby —
precisely because caregiving is already required.

To assess the extent of this concern, Table 3 presents parameter estimates under alternative
treatments of distance in our model. Column (1) excludes distance entirely, both from
the utility specification and from the construction of children’s opportunity costs. Column
(2) includes distance as a direct covariate in the informal-care utility specification, keeping
opportunity costs defined as in Column (1). Column (3) reproduces our baseline specification
from Table 2, which does not include distance as a separate regressor but incorporates travel
time into the opportunity cost of informal care, thereby treating distance as part of the
effective labor-market time cost of caregiving.

Across these specifications, the estimated coefficients on key covariates — such as the
utility cost of formal care, monetary costs, being a daughter, and a child having a partner
— remain remarkably stable in sign, magnitude, and statistical significance. For example,
the daughter effect is consistently negative and of similar magnitude across Columns (1)-(3),
while the monetary cost parameter remains close to unity and significant. This robustness
suggests that any endogeneity in children’s location choices does not meaningfully bias our
estimates of caregiving behavior.

We prefer the specification in Column (3) because it incorporates distance into opportunity
costs, directly capturing the time-labor trade-off faced by children: time spent traveling to
parents reduces available time for market work, just as caregiving hours do. At the same
time, this approach avoids interpreting geographic proximity as a direct preference shifter,

which may be more susceptible to endogeneity.
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Table 3: Robustness regarding distance

(1) (2) (3)

No Distance Distance

Parameter distance  as control  as monetary cost Units

fo: utility cost of FC 2.5TTH** 2.998%*#* 2.738%H* utils
(0.288) (0.328) (0.380)

a: monetary cost 1.286*** 1.264 7%+ 0.973%** 10K Euro/year
(0.173) (0.189) (0.191)

B: daughter -0.571FFF _0.607HF* -0.646%** dummy
(0.120) (0.127) (0.126)

[: non-biological -0.414 -0.189 -0.184 dummy
(0.492) (0.447) (0.405)

B: distance 1.217%** 100 km

(0.262)

B3: has partner 0.381%** 0.395%* 0.396** dummy
(0.148) (0.165) (0.165)

B: first-born -0.067 -0.064 -0.073 dummy
(0.113) (0.123) (0.122)

[£: num of children 0.090 0.089 0.086 1 child
(0.056) (0.057) (0.057)

~: Mid-cost group x FC -0.590* -0.618 -0.387 utils
(0.354) (0.422) (0.433)

~: High-cost group x FC 0.543 0.669 0.890 utils
(0.394) (0.486) (0.547)

Parameter estimates from the multinomial logit model (equation (13)) under three alternative treatments of
distance: (1) excluding distance entirely; (2) including distance as a component of psychic caregiver costs;
and (3) incorporating distance into the opportunity cost of caregiving. Column (3) reproduced from Table 2,
is our preferred specification. Estimates are scaled such that a positive value corresponds to a higher utility
cost (i.e., lower utility) of choosing a given caregiving arrangement. Household weights are applied. Standard
errors are reported in parentheses. *** Significant at 1% level, **: Significant at 5% level, *: Significant at
10% level.

7 Counterfactuals

Using our estimates in conjunction with the model, we simulate four sets of counterfactual
scenarios. First, we quantify the importance of preference heterogeneity in shaping formal
care elasticities. Second, we examine how formal care usage would change under the formal
care prices of each country group. Third, we decompose cross-country-group differences in
formal care usage into how much can be explained by differences in formal care prices and

preferences. Finally, we use the model to forecast how families’ care choices would evolve
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under expected demographic trends and societal changes.

Methodology We follow closely the methodology from the literature on discrete choice
models, making adjustments only where needed. In general, we treat the estimated coefficients
[ as deep, policy-invariant preference parameters and leave them unchanged in the counterfactuals.
However, we modify the distribution of the right-hand-side variables — specifically, the formal
care price (ppc), children’s opportunity costs (OC;;), distance between children and parents,
stepchild status, and the number of children (K) — thereby generating matrices X # X. !
The counterfactuals thus answer the question: How would care choices change if economic
and demographic conditions (X) changed, but the preferences underlying choices () stay
unchanged? Specifically, denote by Xij the vector of the counterfactual characteristics.
We then compute the probability of care outcome j € {0,1,...,K;} in family ¢ in the
counterfactual as -

Py= ) (14
ijo eXp(X;jﬁ)

We then aggregate these probabilities over all families. Concretely, to compute the prevalence

of option j = 0 (formal care) in the population, for example, we compute the weighted

summation using the household weights, w;:'?

Nfam

FC = Z wi.pio, (15)
i=1

where Ny, is the number of families in our data.'® For the counterfactuals that involve
only changes to economic costs, such as formal care price or children’s opportunity costs,
this completely describes our algorithm.

For the remaining counterfactuals — in which the number of children (K), the number of
stepchildren (step), or both change — we must rely on simulation. For these counterfactuals,
we run Ng;,, = 1,000 simulations in which we randomly change K and/or step, but maintaining

all other variables unchanged. Specifically, we proceed as follows:

K: We delete each child in the sample with probability py, where pg is set such that we

HEssentially, in this step we use the observed joint distribution over X in the baseline as a non-parametric
estimate of the joint cdf of regressors. An alternative approach would be to estimate the joint distribution
of the regressors parametrically and then to make changes to this distribution, however, this would require
to make parametric assumptions on the distribution, which we avoid here.

12In practice, household weight w; is obtained by normalizing the raw weight w;: w; = W

Nfa;n,
m=1 Wm

13Note here that this prediction is preferable to drawing preference shocks for all children, since the logit
formula (14) removes sampling noise. Indeed, Py is the frequency with which family ¢ would choose formal

care if we drew an infinite amount of shocks.
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obtain the projected average number of children in the counterfactual (see below for a

future scenario).

step: We change each biological child to a step child with probability ps., in order to match

the prevalence of non-biological children in the future.

For each simulation n € {1,..., Ngn,}, we then calculate the population change in the FC

probability as
Nfam
[ Z PiO(Aan> - PiO:|7 (16)

fam iy

AFC(A,n) =

where Py is the predicted FC probability of family ¢ in the baseline estimation and where
EO(A, n) is the FC probability of ¢ in counterfactual A in simulation n, which we calculate
using (14). Finally, to obtain the predicted change in FC from counterfactual A, we average
over the N;,, simulations to obtain

Nsim

AFC(A,n). (17)

n=1

AFC(A) =

Nsim

7.1 Quantifying the effect of preference heterogeneity on elasticities

In Section 4 we demonstrated — using stylized models — that preference heterogeneity dampens
policy responses. We now quantify this effect by comparing our full baseline model to
an economics-only version of our model. In this alternative specification, we shut down
both idiosyncratic shocks and systematic variation in psychic informal-care costs across
observables. Families make decisions solely based on the effective cost of care (py.) and the
opportunity costs faced by children (OC};), while experiencing a uniform (non-idiosyncratic)
disutility from formal care. We estimate this disutility to match observed formal care rates.

To implement this comparison, we first equalize aggregate formal care usage across the
two models by finding a uniform affordability level, denoted pj.,. Recall that the formal care
price for each family is defined as the product of the "share" (p) of out-of-pocket formal care
costs relative to old-age disposable income for each country-income group, and that group’s
old-age disposable income. We then increase pjo,, by 20% to obtain pp;g, and compare how
formal care usage responds in each model.

Table 4 reports the FC elasticity in the two models. We find that p;,, = 0.49 equalizes
formal care usage between the two models in our estimation sample. In the baseline model,
which accounts for both economic and preference heterogeneity, we estimate an FC elasticity
of -0.45: A 1% increase in effective FC costs leads to a 0.45% decrease in FC use. In contrast,

the elasticity in the economics-only model is -1.12. The magnitude of this elasticity is
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about 2.5 times larger than in the baseline model, indicating that accounting for preference

heterogeneity in caregiving is essential for obtaining realistic elasticity estimates.

Table 4: Elasticity of formal-care usage: baseline vs. no-heterogeneity model

Model Plow = 0.49 Phigh = 1.2p1o0w elasticity
baseline 7.66% 7.05% -0.45
econ. only 7.66% 6.25% -1.12

This table compares the elasticity of formal care usage with respect to formal care prices between the
baseline model (which accounts for preference heterogeneity) and the economics-only model (which includes
only monetary costs).

7.2 Transplanting LTC systems

We now examine how caregiving arrangements would change under more or less generous
government provision of formal care in quantitatively reasonable scenarios. We base our
analysis on the country classification by affordability of formal care for median-income
households, as documented in Appendix A.3.

For each country group, we assign counterfactual formal care prices. The “share” (p) of
out-of-pocket formal care costs relative to old-age disposable income varies across countries
and income groups (below the 20th percentile, between the 20th and 80th percentiles, and
above the 80th percentile). For simplicity, we take the midpoint value of p for each country—
income group pair to construct the counterfactual shares. These assignments are reported
in Table 5. We denote by p,,,, the vector of midpoint share values in the low-cost regime,

Pmidaie 10 the middle-cost regime, and py,; ), in the high-cost regime.

Table 5: Summary of income-dependent counterfactual shares for FC costs

p by income percentiles

Group Below p20 p20-p80 Above p80
Low-cost 0.40 0.36 0.34
Middle-cost 0.73 0.76 0.66
High-cost 1.14 1.14 0.80

This table reports the midpoint value of the share (p) of out-of-pocket formal care costs relative to old-age
disposable income, by country group and income group. The midpoint is defined as the average of the
minimum and maximum shares within each country-income cell. “Below p20” refers to households below
the 20th percentile of old-age disposable income in each country; “p20-p80” refers to households between
the 20th and 80th percentiles; and “Above p80” refers to households above the 80th percentile.
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We quantify the impact of applying the affordability ratios {p,} from each country group
g € {low, middle, high} to all other country groups — effectively "transplanting" LTC systems
across groups. Table 6 summarizes the results, where the diagonal elements reflect the status
quo.'* We focus on the scenario in which all countries adopt the policies of the most generous
country group — represented by countries such as Sweden, where the government heavily
subsidizes formal care — as this represents the most natural and feasible policy lever for
governments. Column p,,,, reports the predicted share of formal care usage under this regime.
Comparing the p,,,, column to the status quo (diagonal elements), the model predicts that
formal care use in middle-cost countries would increase by 37.8% (=(11.3-8.2)/8.2), while in
high-cost countries, it would increase by 76.2% (=(3.7-2.1)/2.1). Achieving such levels would
require a substantial expansion in the supply of nursing homes, underscoring how formal care

subsidies not only drive utilization but also create pressure on care infrastructure.

Table 6: Formal-care usage when transplanting LTC systems

Policy
Region Piow Pmiddie phigh
Low-cost 12.0% 8.9% 6.8%
Middle-cost 11.3% 8.2% 6.2%
High-cost 3. 7% 2.7% 2.1%

This table reports formal care usage in each region under the formal care affordability level of each country
8TOUD-  Piows Pmiddies a0d Pp;g, denote the vectors of midpoint share values in the low-, middle-, and
high-cost regimes, respectively.

7.3 Culture or Economics? Explaining country-group differences

A long-standing question is whether the large differences in informal caregiving observed
across countries are driven by family culture or economic incentives. To address this question,
we examine the extent to which cross-country differences in formal care usage are explained
by economic incentives — specifically, differences in formal care prices — and how much
is attributable to country-specific preferences for or against formal care, such as norms
and social expectations. Specifically, we construct two counterfactual scenarios — one that
equalizes formal care prices across country groups, and another that equalizes the preference
parameter for formal care. We also consider a third, combined scenario in which both prices
and preferences for formal care are equalized simultaneously. In each case, we use the low-

cost country group’s parameters as the benchmark. That is, the formal care affordability

14Note that the status quo differs from the observed nursing home usage in each country group, as it
imposes a uniform set of nursing home affordability levels by income group within each country group, as
detailed in Table 5.
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ratio is set to the midpoint values by income group in the low-cost regime (see Table 5), and
the formal care preference parameter is set to the value observed in the low-cost country
group, thereby removing country-group fixed effects, allowing us to attribute differences in
care usage to economic versus cultural factors.

The first column of Table 7 reports formal care shares in our SHARE estimation sample,
showing a 10.6 percentage point gap between low- and high-cost groups. Column (2) shows
that equalizing formal care affordability alone narrows this gap to 8.3 percentage points.!®
Column (3) equalizes preferences for formal care across country groups and yields a similar
reduction in the gap to 8.4 percentage points. When both affordability and preferences are
equalized (Column 4), the gap between low- and high-cost groups shrinks to 4.8 percentage
points. Thus, differences in formal care costs and preferences together explain a reduction of

5.8 pp (A Gap both: 10.6 pp - 4.8 pp) in the cross-country gap, leaving 4.8 pp unexplained.

Table 7: Formal care use in the absence of country-group differences

(1) (2) (3) (4)

Region Status quo Equalize FC Equalize FC Equalize
cost only pref. only both
Low-cost 13.2% 12.0% 13.2% 12.0%
Middle-cost 8.3% 11.3% 6.6% 8.9%
High-cost 2.6% 3. 7% 4.8% 7.2%
Gap: Low - High 10.6 pp 8.3 pp 8.4 pp 4.8 pp
A Gap: (1)-(4) 5.8 pp
A Gap: (1)-(2) 2.3 pp 5.8 pp
A Gap: (1)-(3) 2.2 pp 5.8 pp

This table reports the share of households using formal care under counterfactual scenarios. Column (1) is
formal-care usage observed in our SHARE estimation sample. Column (2) equalizes only the affordability
of formal care, using the midpoint values of low-cost country group’s level as shown in Table 5. Column (3)
equalizes only the preferences for formal care across country groups, using the value observed in the low-cost
country group. Column (4) applies both counterfactuals simultaneously. Gap is the percentage point gap
between the low- and the high-cost group.

To quantify how much of the explained reduction in the formal care usage gap is individually
attributable to formal care prices versus preferences for or against formal care, we apply a
Shapley-style decomposition. This method accounts for the fact that the effects of equalizing

costs and preferences are not additive and depend on the order in which they are applied.'®

15The decline in the low-cost group’s usage rate to 12.0% reflects the midpoint adjustment; see Table 6.

6Nonlinearity is evident from the fact that the sum of the individual effects (2.3 pp + 2.2 pp = 4.5 pp)
is below the total explained reduction (5.8 pp). Order dependence is reflected in the differing marginal
contributions: when costs are equalized first, the gap narrows by 2.3 pp, and preferences contribute an
additional 3.5 pp; however, when preferences are equalized first, the gap shrinks by 2.2 pp, and costs
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Doing so, we calculate that differences in formal care costs account for roughly 51%
of the total reduction (5.8 pp), while differences in preferences account for the remaining
49%.17

For the middle-cost group, the effects of equalizing formal care costs and preferences
move in opposite directions. When costs are equalized, formal care usage rises from 8.3%
to 11.3%. However, when preferences are equalized, usage falls to 6.6%, below the status
quo. This means that the preference parameter from the low-cost group — which includes
countries like Sweden, where formal care is typical and socially expected — does not translate
into higher usage in middle-cost group. Instead, it leads to lower predicted uptake. This
pattern is consistent with the lower estimated utility cost of formal care for the mid-cost
group reported in Table 2.

Returning to the low-cost countries again, a notable gap of 4.8 percentage points remains
unexplained, suggesting that additional factors play an important role. We can rule out
gender wage disparities as the main explanation, since the female-to-male wage ratio is
actually lowest in the low-cost country group (Appendix Table A6).'® Similarly, characteristics
such as the number of children, the share of stepchildren, and the share of children with a
partner are broadly similar across country groups (see again Table A6), making them unlikely
candidates to explain the remaining gap. Potential drivers, such as, the overall wage levels,
geographic distance from parents, and interactions among children’s characteristics, remain
as promising candidates for further study to explain cross-country differences in formal care

usage.

7.4 Forecasting Europe in 2050

Finally, we ask how demographic and societal changes will affect care choices in the long
run. Based on available forecasts for 2050, we model four broad trends, as well as a change

in formal care costs:

1. Population aging will reduce the number of potential child caregivers (K), thereby
lowering the ratio of working-age children to elderly parents. To simulate this demographic
change, we randomly remove each child from the sample with probability px = (K — K )/ K,

where K = 2.24 is the average number of potential caregivers per elderly person in 2010

contribute 3.6 pp.

1"The Shapley approach averages the contributions across both possible sequences — equalizing costs before
preferences and equalizing preferences before costs. Doing so yields about 51% =~ (2.3 + 3.6)/(2.3 + 3.6 +
2.2 +3.5).

18This pattern is consistent with Eurostat statistics showing that countries such as Germany and Sweden
(low-cost group) have higher gender wage gaps than countries like Spain (high-cost group) (Eurostat 2024).
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(Eurostat), and K = 1.25 is the projected value for 2050. The 2050 projection is derived
from Eurostat population statistics, calculated as the ratio of individuals aged 45-65 to those

aged 70-90 in EU countries, extrapolated from recent population trends.

2. Stronger labor-force attachment among women will raise daughters’ opportunity
cost of providing care, thereby increasing formal care use. According to data from Eurostat,
the gender wage gap in the EU was 16.0% in 2010. In our counterfactual, we assume this gap
closes by 2050, increasing female labor opportunity costs to O~C’Zj = 1.160C};;; we consider

this an upper bound on the effects operating through this channel.

3. Changing family structures due rising divorce rates will increase the proportion of
stepchildren, likely affecting informal caregiving decisions. To reflect this, we convert each

biological child in the baseline to a stepchild with probability pge, = 1.1.1

4. Greater geographic mobility of children is likely to reduce the supply of informal
care. Since reliable forecasts of future child mobility are scarce, we use current cross-country
variation in the SHARE data to calibrate a reasonable increase in child-parent distance.
Specifically, we compare average distances in low- and high-cost country groups and obtain
a multiplier of 1.8.2° Accordingly, we set diis*t,-j = 1.8dist;;. This adjustment increases

opportunity costs by raising both time and monetary commuting costs.

19Direct measures of non-biological children in European families are unavailable. Eurostat reports a 3.6%
increase in single-parent families for the period 2005-2030. Extrapolating to 2050, we use a 10% adjustment
as an upper bound.

20In SHARE, 80% (60%) of children in high-cost countries lived within 25km (50km) of their parents,
compared with 50% (30%) in low-cost countries. Averaging the two ratios — (80/50 + 60/30)/2 — yields a
distance multiplier of approximately 1.8. We interpret this as a representative difference between high- and
low-cost country groups.
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Table 8: Formal care use in Europe in 2050

Applying each scenario, sequentially

(1) (2) (3) (4) (5) (6)
Region Status quo #kids] Ygem T step? distance? + Plow
Low-cost 13.2% 38.8% 39.8% 39.6% 43.3% 43.3%
Middle-cost 8.3% 33.4% 34.0% 33.8% 37.2% 39.9%
High-cost 2.6% 27.4% 27.8% 27.8% 31.0% 32.9%

The table reports the percentage of families opting for formal care (FC) when sequentially changing the
environment. Column (1) shows the baseline FC usage observed in the SHARE estimation sample. Column
(2) reports FC usage when the number of children decreases. Column (3) reflects the scenario in which the
gender wage gap is closed. Column (4) shows FC usage when the share of stepchildren increases. Column
(5) presents results when the average distance between children and parents rises. Finally, Column (6)
additionally sets the formal care affordability level to that of the low-cost country group, p = plow-cost, fOr
all countries.

Table 8 shows how formal care usage increases as these changes are introduced sequentially.
Our model forecasts a three- to thirteen-fold rise in future formal care demand by 2050 —
Column (6) minus Column (1) — driven mainly by a declining ratio of adult children to
elderly parents — Column (2). Closing the gender wage gap and increasing the number
of stepchildren play relatively minor roles. Greater geographic mobility generates a more
meaningful increase, reflecting the role of distance in shaping opportunity costs of child
caregivers. Finally, equalizing formal care prices across groups to the level of the low-cost
group (Column (6) minus Column (5)) leads to a modest additional increase in usage.

Overall, our forecasting exercise suggests that demographic forces — particularly the
declining ratio of children to elderly — will exert much stronger pressure on future caregiving

patterns than changes in formal care prices brought about through government subsidies.

8 Conclusion

Our results highlight that understanding caregiving decisions requires not only economic
analysis but also careful attention to the diversity of family preferences. This insight is
essential for designing effective long-term care policies in aging societies.

We find that preference heterogeneity is a key determinant of caregiving behavior. There
is substantial variation in preferences based on observable traits as well as unobserved factors.
Importantly, our counterfactual analyses reveal that neglecting this heterogeneity leads to
significant overestimation of the responsiveness of formal care usage to policy changes.

Moreover, our model suggests that demographic shifts — particularly declining fertility —
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will have a more pronounced effect on formal care demand than increased subsidies for
formal care.

A further contribution of our framework is its tractability as it yields a standard discrete-
choice estimation equation. We note here that our framework could be adapted for use in
other settings that involve intra-household bargaining on discrete outcomes.

Looking ahead, a promising avenue for future research is to extend our framework to a
dynamic setting. Such a framework would allow for the analysis of long-run mechanisms —
such as savings for old age, intergenerational mobility decisions, and geographic relocation
choices of children — that shape the evolution of family care arrangements over time. Incorporating
such dynamics would provide a fuller understanding of how families plan for future care needs

and respond to policy over time.
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A Appendix

A.1 Additional information on SHARE
A.1.1 SHARE waves

For the current analyses, we only use the baseline surveys due to several issues with the
non-baseline surveys. Note that baseline sample includes households that participated in
SHARE for the first time in each wave.

The first issue regarding non-baseline surveys is about the distance between the child
and the parent. Although the distance is reported for baseline surveys, it is updated in later
surveys only if the child moves. Distance is not updated when the parent moves, making
it difficult to capture the correct distance information in non-baseline surveys. The second
issue is regarding tracking the same child over time. Child’s index does not remain the same
across different waves, especially when the respondent for the child module changes over
time.

Second, we do not use Waves 3 and 7 in the current analyses for the following reasons.
Waves 3 and 7 differ from other waves in that they are retrospective: they focus on respondents’
life histories, not respondents’ current life circumstances.

Third, for Wave 4 baseline respondents, we use information on caregiving arrangements
and health status reported in Wave 5. We exclude the corresponding information from Wave
4 because it does not identify which child provided informal care. This is different from other
waves where it is possible to identify the identities of the child caregivers through explicit
questions in the Social Support (SP) module. In contrast, in Wave 4, the SP module only
asks whether any child provided care, without specifying which one, thus preventing accurate
identification of the caregiving child.?!

For the record, Appendix Table A1 compares the sample size between the full sample and
baseline sample for each wave. Note that these counts are before applying any of our sample
selection criteria. Further note that the reported sample sizes are not at the household level;

it includes both respondents and their spouses.

210ne way to infer the identity of the child caregiver in Wave 4 is to use the social network (SN) module.
In Wave 4, the SP module asks whether parents received informal care from “social network" person, which is
defined in the SN module. This “social network" person can be one of the respondent’s children. Specifically,
SN module documents (i) whether the social network person is a child, (ii) gender of the social network
person, and (iii) distance between the respondent and the social network person. However, the caveat is
that even the SN module in Wave 4 does not tell us which child is reported as a social network person. We
can only infer his/her identity by matching the gender and distance information to children’s information.
Note that this may lead to imprecise matching if the household has multiple children of same gender and
distance.
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Table A1l: Number of Respondents and Spouses: Full Sample vs. Baseline Sample (SHARE,
No Sample Restrictions)

‘Wave Full Baseline Note
1 30,419 30,419
2 37,143 14,405
3 28,463 Retrospective survey

No variable regarding the identity of

4 58,000 36,717 child caregiver
5 66,065 21,356
6 68,085 10,769
7 77,202 Retrospective survey
Baseline sample was added in Wave 7
8 4673 OO omdents parteipad in the roguar
survey for the first time in Wave 8
Total 383,647 123,015

Note: This table reports sample size for respondents and spouses for each wave in SHARE.
“Full" column shows the sample size for all respondents and their spouses. “Baseline" column
shows the sample size for respondents and spouses who participated in SHARE for the first
time in the corresponding wave. These are raw counts before applying any sample selection
criterion.

A.1.2 Details about informal care (IC) in SHARE

We describe further information about informal care (IC) in SHARE. Intense informal care
by children is defined using the frequency of informal care. SHARE differentiates between
informal care from outside the household (OIC), e.g. from adult children living elsewhere,
and informal care from inside the household (IIC), e.g. from the spouse or co-residing
children. How OIC and IIC are reported and the associated care frequencies differ across

waves, as summarized in Table A2.
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Table A2: Overview of Informal care (IC) variables in SHARE

Informal care from outside hh. (OIC) Informal care from inside hh. (IIC)

Lewvel: Couple
Wave 1 Frequency: 4 categories
Type: Specified

Level: Individual
Frequency: Defined as daily

Level: Couple
Wave 2 Frequency: 4 categories
Type: Specified

Lewvel: Individual
Frequency: Defined as daily

Level: Couple
Wave 5 Frequency: 4 categories
Type: NOT specified

Level: Individual
Wave 6 Frequency: 4 categories

Type: Specified

Level: Individual
Wave 8 Frequency: 4 categories

Type: Specified

Level: Individual
Frequency: Defined as daily

Level: Individual
Frequency: Defined as daily

Lewvel: Individual
Frequency: Defined as daily

Note: This table reports which information on informal care is available in SHARE for each
wave and type of informal care. Level: whether the IC is reported at the couple level
or at the individual level. Frequency: How the frequency of specified care is reported. 4
categories refer to (i) about daily, (ii) about every week, (iii) about every month, and (iv)
less often. Type: refers to the types of OIC care provided, which has 3 categories (personal
care, practical household help, and help with paperwork). Note that Waves 3, 4, 7 are not
reported because Waves 3 and 7 are retrospective surveys and Wave 4 does not report the
identity of child caregiver.

There are a few challenges in defining intense IC consistently across waves. First, in the
earlier waves, OIC is reported at the couple level, not at the individual level; in other words,
we only know if the respondent and/or the spouse received OIC, but not who received OIC.
In the current analyses, the care need and care is defined at the couple level, so this does not
pose a problem.?? However, if we want to do future analyses at the individual parent level,
then we would need to identify which of the parents received OIC. Second, the type of OIC
(personal care, practical household help, and help with paperwork) is not reported in Wave
5. While this information is useful in determining intense IC, we decide not to distinguish
among the types of OIC for consistency across waves.? Lastly, among elderly individuals
aged 65 and older without a spouse, only 23.23% of OIC cases involve care provided about
daily, as shown in Appendix Table A3. To increase the sample size, we define both “about
daily" and “about every week" OIC as intense informal care. Additionally, we classify all IIC

as intense informal care, since by definition in the SHARE survey, IIC occurs on an almost

22Gpecifically, our definition of child caregiver is the child who provided IC to any of the parents.

230nly about 10% of caregivers only provided help with paperwork, which can be considered as a light
care. Hence, the majority of reported OIC can be considered as substantial care (personal care, household
help).
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daily basis.

Table A3: Distribution of OIC and IIC intensity, Elderly aged 65+ without spouse and with
child aged 20-60, Baseline SHARE

Outside-HH IC Inside-HH IC
Intensity Frequency Status Frequency
None 26,700 No 30,679
Daily 990 Yes 383
Weekly 1,589
Monthly 915
Less Often 768
Total 30,962 Total 31,062

Note: This table reports the distribution of the intensity for outside-household informal
care (OIC) by children, and inside-household informal care (IIC) status. The sample only
includes baseline SHARE respondents in Wave 1, 2, 4, 5, 6, and 8, as discussed in Appendix
A.1.1. The sample is restricted to parent-child observations where parent is aged 65+, with
no spouse, and child is aged 20-60. Note that IIC is defined to happen almost daily by
definition. Note that the total sample in this table includes elderly individuals without care
needs, which explains the high frequency of cases with no informal care.
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A.1.3 SHARE sample selection

Table A4: Number of parent-child pairs after applying selection criteria, Baseline SHARE

After applying each sample selection criterion, sequentially

1 Elderl q 3. Has 4. Either NH or 5. Matched with 6. No missing X
None ’ Ty age 2. No spouse child(ren) aged  one intense IC FC cost and ' SHe
65+ ) vars
20-60 child wage
Count 234,885 109,620 38,084 31,412 5,121 4,625 4,089

Table A4 shows how the sample size changes after applying each of the sample selection criteria. Note that these counts are at
the parent-child level, not at the household level. Columns “1. Elderly aged 65+" and “2. No spouse" shows that the sample
size substantially decreases after limiting to respondents who are aged 65+ and without spouse. Column “3. Either NH or one
intense IC child" reports sample size after limiting to elderly who either (i) are in nursing home care or (ii) have one child who
provides most intense informal care among the siblings, as documented in Section 2.1. This selection criteria further reduces
the sample size by a large margin.

In fact, Table A5 shows that most parents aged 65+ and without spouse do not get formal care or is cared by any of their
children. Specifically, 81.13% of such parents are not cared for by any of their children, and 98.1% of such parents are not in
nursing home care.

After imposing additional sample criteria as shown in Table A4, we have a final sample size of 4,089 household-child pairs
and 1,887 households.
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Table A5: Distribution of informal and formal care among parent-child pairs (aged 65+, single with children aged 20-60),

Baseline SHARE

Informal care (at least weekly) Formal care (nursing home)
Number of IC o Nursing home r
children requeney status reduency
0 25,485 No 30,815
1 4,392 Yes 597
p 1,217
3 311
4 7
Total 31,412 Total 31,412

Note: This table reports the distribution of number of caregiving children, who provide at least
weekly informal care, and formal care among baseline SHARE sample from Waves 1, 2, 4, 5, 6,
and 8. The sample includes parent-child observations where parent is aged 65+ and has no spouse,
and where child is aged 20-60.
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A.1.4 Family characteristics by country group

Table A6: Mean family/child characteristics by country group, SHARE estimation sample

Mean value by country group

Number of . _ Female child Gender wage Distance from Share of AShare Of.
. Male child wage . . children with
children wage ratio parents step-children
partner
Low-cost group 2.09 40211.63 26650.18 0.66 64.48 0.03 0.72
Mid-cost group 2.18 26377.10 18725.51 0.71 46.76 0.01 0.75
High-cost group 2.18 21704.75 15353.71 0.71 48.73 0.01 0.71
The sample

Note: This table presents mean family/child characteristics by country group in our SHARE estimation sample.

selection criteria are detailed in Section 2.1. "Number of children" refers to the number of children aged 20-60 that the SHARE

elderly have. Household weights are applied.



A.1.5 Notes on Children (CH) module

In this section, we outline the details of the Children (CH) module of SHARE that complicate

the data cleaning process.

1. Only one spouse answers questions in the CH module
As a result, children’s information is missing for non-responding spouses in each wave. We
need to import children’s information for non-responding spouses from the responses of the

responding spouses. The respondent for the CH module can change over the panel.

2. Many questions are not asked again from one wave to another if the responses are the
same

Information including the child’s distance from parent and education are not asked again in
the subsequent waves if the responses have not changed. Child’s distance is recorded again
if child moves, but not when parent moves. This complicates measuring the current distance

between parents and children in non-baseline surveys.

3. Children may not have same index across different waves.

For instance, Child 1 in wave 1 may be listed as Child 3 in wave 4. This complicates the
data cleaning process, especially since many questions are not repeated in subsequent waves.
To track the same child across waves, we need to rely on the child’s gender and year of birth.
However, in cases involving twins, accurately tracking the same child over time may not be

possible.

4. In waves 1 and 2, some information are only recorded up to 4 children

Characteristics like child’s education, stepchild status, and employment are recorded only
up to 4 children in waves 1 and 2. For subsequent waves, these characteristics are recorded
for all children. Hence, for waves 1 and 2, we have missing information for children for
households with more than 4 children. Furthermore, these 4 children are not necessarily
child indexed 1, 2, 3, 4. Hence, it is crucial to carefully check which child’s information is

being recorded in waves 1 and 2.

The above four points are the main challenges regarding the CH module. In addition
to these points, there are minor challenges including the reported number of children being
different from the number of children’s characteristics, etc. It is crucial to check each variable

carefully in the data cleaning process.

A.1.6 Notes on Social Support (SP) module

In this section, we outline the details of the Social Support (SP) module of SHARE that

complicate the data cleaning process.
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1. The questions about informal care differ across waves
Waves 1, 2, and 5 share a similar format of questions regarding informal care, while waves 6
and 8 also follow a similar format. Unlike other waves, wave 4 does not have any questions

that identify which child provided informal care.

2. There are different sets of questions for caregiver within the household and outside the
household

See Table A2 to check which questions are available for each wave.

3. Some families do not correctly report OIC and IIC caregiving children.

For example, some families report the same child for different OIC caregivers (which can be
reported up to 3 caregivers). Furthermore, some families report same child as being both
OIC and IIC caregiver.
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A.2 Potential income

We construct the potential income for each child based on their demographic characteristics
and the local labor market conditions. Specifically, we assign the potential annual income to
each child based on the child’s gender, education, and country of residence for each survey
year. Income data is sourced from FEurostat’s Structure of Earnings Survey for the years 2006,
2010, 2014, and 2018. Specifically, we use “mean hourly earnings by economic activity, sex,
education attainment level" and “number of employees by economic activity, sex, educational
attainment level." We exclude 2002 FEurostat data due to its lack of information for many
countries in SHARE, primarily because many of the current EU countries joined the EU after
2004. To address differing prices across countries, we use the Purchasing Power Standard
(PPS) instead of Euro. PPS is a common currency that adjusts national account aggregates
for price level differences using Purchasing Power Parities (PPPs). We convert the hourly
earnings to potential annual incomes by multiplying them by 40 hours per week and 52 weeks
per year.

We construct two versions of potential wages. The first version does not consider the
labor force participation rates of different social groups, while the second version incorporates
these participation rates. The rationale behind incorporating participation rates in the
second version is to address the overestimation of potential income, particularly for social
groups with lower labor force participation, such as women. If individuals in these groups
are unlikely to participate in the labor force even when not providing informal care, it is
crucial to account for this in their potential income estimates.

Specifically, we adjust the first version of potential wage to account for the labor force
participation as follows. Let PotentialWWagege., denote the first version potential wage for
gender ¢, education e, country ¢, and year y. The second version of potential wage is
constructed as follows:

PotentialWageAdj usted _ [ F PRy, x Potential W agegecy

gecy

1
+ (1 = LFPRy,) * §(Mim'mumWagegcy)

where LF'PR,., is the labor force participation rate of gender g in country c in year y, and
MinimumW agegye, is the minimum wage for gender ¢ in country c in year y. The idea
is to weight the potential wage by the labor force participation rate. We assume that for
individuals participating in the labor force, the potential wage is the full amount derived in
the first version. For those not in the labor force, we assume that their potential wage is the

half of the country’s minimum wage.
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For the current analysis, LF'PR,., is based on the labor force participation rate of people
aged 45-65 in each gender and country group for each year. The reason why we chose this
age range is because approximately 75% of caregiving children in our SHARE sample are
over age 45, as shown in Appendix Figure A1. Due to the limitations of the available data,
we currently cannot further refine potential wages by age group or differentiate labor force
participation rates by education level.?* We plan to update our potential wage estimates

once we gain access to the Eurostat microdata.

Figure Al: Age distribution of caregiving children in the SHARE sample
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Note: This figure presents the age distribution of children who provide informal care in the
SHARE sample.

Appendix A.2.1 documents imputation strategies for potential wage construction. These
strategies address several challenges, including (a) missing wage information for some years
in Eurostat, (b) changes in educational classifications over time in Eurostat, and (c) differing

survey years between SHARE and Eurostat.

A.2.1 Additional details on potential wage construction

Recall that our goal is to construct the potential income for each SHARE child based on
country, gender, education, and year. To this end, we need imputation strategies to address

several challenges. Below, we describe the challenges and the strategies to address them.

1. Dealing with inconsistent education categories: First, education categories differ
across survey years in Eurostat, as shown in Table A7. For consistency, we need to construct

synchronized educational categories that are consistent across years.

24The public version of Eurostat data does not provide labor-related statistics categorized by age,
education, gender, and country.
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Table A7: Education Categories, Eurostat’s Structure of Earnings Survey

Survey Year Classification ~ Education Categories
92006 ISCED 1997 Levels 0-1, Level 2, Level 3-4, Level 5A, Level 5B,
Level 6
2010 ISCED 1997 Levels 0-1, Level 2, Level 3-4, Level 5A, Level 5B,
Level 6
2014 ISCED 2011 Levels 0-2, Levels 3-4, Levels 5-6, Levels 7-8
2018 ISCED 2011 Levels 0-2, Levels 3-4, Levels 5-8

Note: This table reports educational categories in Eurostat’s structure of earnings
survey for each year. For more information about what each category means and how
to map between ISCED 1997 and ISCED 2011, click [ILO link].

We construct the potential income for synchronized education categories based on the broadest
education categorization — which is in survey year 2018. Specifically, the synchronized
education categories have 3 levels: (1) ISCED 2011 Levels 0-2: Less than lower secondary
education, (2) ISCED 2011 Levels 3-4: Upper secondary and post-secondary non-tertiary
education, (3) ISCED 2011 Levels 5-8: College education or more. The mapping between
ISCED 1997 and 2011 is done using the ILO classification [ILO link].

To construct wages based on the synchronized education categories, we calculate weighted
averages of multiple sub-categories as needed. As a demonstration, consider the survey year
2014. We need to combine gender wages for Levels 5-6 and Levels 7-8 to create the gender
wages for the synchronized category Levels 5-8. How we combine is by taking the weighted
average, where the weights are the share of workers in each education category relative to
the total number of workers for the combined categories. Specifically, for each gender g and

country ¢, the weighted average for education levels 5-8 in year 2014 is calculated as follows:

NumEmployeesy ., year—2014, edu—5—6

Wageg, c, year—2014, edu—s—s = < N T ) Wageg, c, year=2014, edu=5-6
umEmployeesg, ¢ year=2014, edu=5-8

N J/

Weight for level 5-6

NUWEmplOyeesg, ¢, year=2014, edu=7-8
NumEmployeesy, ¢, year=2014, edu=5—8
NG

) Wageg, c, year=2014, edu=7—8

J/

~
Weight for level 7-8

The synchronization procedure is similarly applied to other education categories and survey

years.

2. Dealing with missing wages: To apply the synchronization procedure above, ideally,
the data should have full information about wages for each gender, education category,
country, and year. However, Eurostat data lacks wage information for some cells in year

2006 and 2010. For years 2014 and 2018, we have full information on wages. We document
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our imputation strategies for the missing wages for several cases:

e Case 1: Only one of female or male wages is missing for country ¢, education e, and
year y
To demonstrate, consider a scenario where only the female wage is missing. In this

case, we impute the female wage using the male wage and the total wage. We assume

that the total wage is the weighted average of male wage and female wage:

MaleEmployees,y .

TotalWage,, . = ( )MULZ@I/VageC,%6

Total Employees.

F leEmpl cyhe
CIMAle ZMmproyecscy, FemaleWage,y .
Total Employees.., e

When FemaleEmployees,, . is missing, we impute this using the following assumption:
MaleEmployees,, . + FemaleEmployees. . = Total Employees. ..

Once we impute FemaleEmployees., ., we can impute FemaleWage., . using the
above formula. Imputation for cases where only the male wage is missing is performed

similarly.

e Case 2: Both female and male wages are missing for country ¢, education e, and year
Y

In these cases, we impute missing wages using information on other years. For example,
let’s consider that country ¢ has missing gender wages for education e for the year 2010,
but not for the year 2006. We impute the missing wages in 2010 using the following

formula:

GenderWage, y—2010,e = GrowthGenderWageigogaiom GenderWage.y—a006 (18)

Imputed Observed

where GrowthGenderWagegg_g&i‘m is the gender wage growth rate between 2006 and
2010 for education e at the EU-level. Note that there is no wage information at the
EU-level.

The cases where only wages for 2006 are missing, but not for year 2010, imputation
is done similarly. For the cases where both wages for 2006 and 2010 are missing, we

address the issue in the next step.

3. Dealing with non-existing years in Eurostat: For missing years in Furostat, we

linearly interpolate and extrapolate potential wages for each gender ¢, education e, and
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country c to fill wage information for all years between 2004 and 2018. Note that for cases
where gender wages are missing for both 2006 and 2010, the interpolation/extrapolation
procedures also fill these gaps using wage information from 2014 and 2018, which are available

for all cases.
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A.3 Details on formal care cost construction

We construct formal care costs that each SHARE household faces. Out-of-pocket formal
care costs vary widely depending on country, household income level, and the severity of
care needs. We aim to incorporate these factors when assigning the formal care costs to each
SHARE household.

We assign out-of-pocket formal care costs based on OECD statistics on institutional
(nursing home) care costs (OECD 2024). Specifically, we use their report on “Out-of-pocket
costs of long-term care after having received public support as a share of income at each

income level" as shown in Appendix Figure A2.

Figure A2: Out-of-pocket costs of long-term institutional care as a share of old-age disposable
income after public support
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Source: Figure 3.4 of (OECD 2024). OECD analyses based on the Long-Term Care Social
Protection questionnaire, the OECD Income Distribution Database, and the OECD Wealth
Distribution Database. Low, median, and high incomes mean the bottom 20th, 50th, and 80th
percentiles of net disposable income among individuals aged 65 years and over, respectively.
Estimates for Italy is based on the South Tyrol region, which provides more generous support
for institutional care.

To construct formal care costs, we follow a three-step procedure. First, we take the out-
of-pocket cost shares for institutional care — as a percentage of old-age disposable income — for
each SHARE country and income group, as reported in Figure A2. Second, we apply these
shares to the 20th, 50th, and 80th percentiles of net disposable income among individuals
aged 65 and over, using EU-SILC data by country and year. This yields estimated out-of-
pocket nursing home costs for each income group across countries and years. Finally, we
assign these estimated costs to SHARE households based on their income group, country,
and year. Note that formal care cost data are not available for Switzerland, Bulgaria, Cyprus,

and Romania. In addition, because Italy’s cost share is based on the South Tyrol region —
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which provides more generous institutional care support — we increase the share by 20% to
approximate out-of-pocket costs for the broader Italian population.

Because the SHARE sample size is not large enough to perform country-level analyses,
we group SHARE countries into three groups based on the affordability of formal care for
median-income households. The country groups are (1) low-cost group (11~60% of old-
age income), (2) medium-cost (60~90% of old-age income), and (3) high-cost (90~136% of

old-age income). The grouping of countries is as follows:
e Group 1 (Low FC cost): Sweden, Germany, Ireland, Netherlands, Luxembourg
e Group 2 (Medium FC cost): Denmark, Slovenia, Iceland, Belgium, Austria, Italy

e Group 3 (High FC cost): Spain, Czechia, Croatia, Estonia, France, Greece, Poland
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A.4 Calculating care needs
A.4.1 Procedures

We estimate each SHARE respondent’s care needs in terms of daily hours following the
approach in (Barczyk & Kredler 2019). A key limitation of SHARE is that most survey
waves do not collect information on the number of care hours provided. To address this,
we combine data from SHARE and the Health and Retirement Study (HRS), which has a
similar structure but differs in that it records the number of care hours associated with
each limitation in activities of daily living (ADLs) and instrumental activities of daily
living (IADLs) for community residents. This allows us to impute care hours for SHARE
respondents based on their reported functional limitations.

Below, we outline the procedures for constructing care needs.

Step 1: Predict care hours for SHARFE respondents using regression estimates from HRS.

We begin by estimating a regression of care hours on ADL and IADL limitation dummies
using data from the 2000-2012 Health and Retirement Study (HRS), which reports care hours
for each limitation among community residents receiving informal care. In this regression, we
also incorporate data from SHARE Waves 1 and 2 for outside-household informal care (OIC)
recipients, the only SHARE respondents for whom care hours are recorded. The estimates
are reported in Table AS8.

Using the estimated coefficients from this regression, we predict daily care needs (in
hours) for all SHARE respondents. This approach relies on the assumption that the relationship
between functional limitations and care intensity is comparable across the two surveys.
For SHARE community residents who receive informal care but report no ADL/IADL
limitations, we assume they have at least one unreported limitation and assign them the
minimum observed value of care hours among community residents.

For nursing home residents, care hours are not observed in either SHARE or HRS. As a

result, we take additional steps to impute their care needs, as described in Step 2 below.
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Table A8: Regression Estimates of Daily Care Hours on ADL/IADL Limitations

(1)

Daily care hours

b/se
Dress 0.6314***
(0.1063)
Walk across a room 0.8542***
(0.1212)
Bath or shower 1.0251**
(0.1142)
Eat 1.1331***
(0.1444)
Get in/out of bed 0.7313***
(0.1370)
Use the toilet 0.1776
(0.1374)
Prepare a hot meal 2.1033**
(0.1169)
Shop for groceries 1.0805***
(0.0938)
Telephone calls 1.4671**
(0.1251)
Take medications 2.0236***
(0.1420)
Manage money 1.3419***
(0.1071)
Observations 10371

Note: This table presents regression estimates of observed daily care hours on
individual ADL/IADL limitations. Each row corresponds to a specific activity for
which a limitation is reported. The estimation sample includes community residents
with at least one ADL/TADL limitation in the 2000-2012 HRS and outside-household
informal care (OIC) recipients in SHARE Waves 1 and 2. Household weights are
applied.

Step 2: Adjust care hours for nursing home residents.

Because the care needs imputation in Step 1 is based on informal care recipients, the
care needs may be underestimated for nursing home residents — who likely have more severe
care needs. (Barczyk & Kredler 2019) note that there is negative selection of nursing home
residents in terms of health, both in terms of observables (e.g. (I)ADL limitations) and
unobservables. This implies that even among individuals with the same observed limitation
profile, those with more severe — yet unmeasured — needs are more likely to reside in nursing
homes. As a result, controlling for observables alone is insufficient to address this selection
problem.

To address the potential negative selection, we use the (Dahl 2002) correction method to

adjust care needs for nursing home residents. This method exploits cross-country variation
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in nursing home usage to account for selection into institutional care. To illustrate, consider
the case where the probability of entering a nursing home, P(NH|X;;), is relatively low in
Italy for individuals with a given level of disability. This likely reflects higher out-of-pocket
costs or limited access, meaning that only individuals with the most severe conditions enter
nursing homes. As a result, nursing home residents in Italy are more negatively selected on
unobserved health than in countries with higher usage rates. Consequently, the adjustment
for care needs should be larger in Italy than in other European countries.

To implement the Dahl correction method, we first define an (I)ADL count index (from
0 to 11) that counts the number of (I)ADL limitations. Then, let h; be the care needs of
individual 7 at time ¢ and X;; the vector of eleven dummies that indicate to which of the
eleven dependence categories defined by the index a respondent pertains. The correction

equation for nursing home hours is:
hir = Xt + p(Pit) + €t (19)

where P is the probability that individual ¢ is in a nursing home at ¢ (given their IADL
count and the region they live in) and p(-) is a correction function, which is defined such that
1(0) = 0. Following (Barczyk & Kredler 2019), we opt for linear specification u(P;;) = dPy.
To estimate Equation 19, we use the following assumption as used in (Dahl 2002) and

(Barczyk & Kredler 2019):
E[Git | Xt Zit] =0 (20)

where Z;; is a vector of country dummies for Europe (for SHARE) and five regional dummies
for the U.S. (for HRS). This assumption states that given a fixed profile of (I)ADL limitation,
the population care hours h; have the same mean in all countries (and all regions of the

U.S.). This assumption leads to the following identity:

E[Eit | Xz’tazit] = P(NH | Xit, Zit)E[Git | Xit, ZitaNH]
+ P(C| X, Zit) Eleir | Xit, Zig, C] (21)
=0

where C' stands for being in the community, and N H being in the nursing home.
Applying Equation 21 to Equation 19 leads to the following specification, which we use

to correct care need for nursing home residents in SHARE:

. . 1-P, -
iy =Xy — —"fi(Py) (22)

it
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In practice, we take the following procedures to estimate Equation 22:

e First, we estimate P, the probability of residing in a nursing home using a probit

model:
P(NH; = 1|Xt,Zit) = (X8 + Ziy)

This yields f’it, the predicted probability of nursing home residence, based on the
(I)ADL count index and the region of residence. We estimate this model separately
for the HRS and SHARE samples.

e Second, to obtain B and 3, we estimate the following regression using the community

residents in HRS, which are the group with complete care hour information:
hie = X3+ 6Py + €4

The estimates are reported in Table A9.

e Lastly, using the estimated B and § from the previous step, we estimate Equation 22

for nursing home residents in SHARE.

o4



Table A9: Regression estimates of daily care hours (among community residents) on
predicted NH probability and the number of ADL/IADL limitations

(1)

Daily care hours

b/se
Predicted NH Probability -4.616
(3.773)
2 ADL/TADL Limitations 0.716**
(0.142)
3 ADL/IADL Limitations 1.525%**
(0.184)
4 ADL/TADL Limitations 2.931%**
(0.311)
5 ADL/TADL Limitations 4.129**
(0.463)
6 ADL/IADL Limitations 5.558**
(0.553)
7 ADL/TADL Limitations 6.911***
(0.872)
8 ADL/TADL Limitations 9.089***
(1.227)
9 ADL/IADL Limitations 10.543***
(1.444)
10 ADL/TADL Limitations 13.681***
(1.960)
11 ADL/IADL Limitations 16.209***
(2.349)
Constant 1.740%**
(0.090)
Observations 8646

Note: This table reports regression estimates of observed daily care hours as a function
of the predicted probability of nursing home residence and indicator variables for each
level of ADL/TADL limitations. The estimation sample includes community residents
with at least one ADL/TADL limitation in the 2000-2012 HRS and outside-household
informal care (OIC) recipients in SHARE Waves 1 and 2. Household weights are
applied.

Due to potential data issues in SHARE’s ADL/TADL variables, we rely on predicted
ADL/TADL measures to estimate care needs for nursing home residents. The procedure is

detailed in the following subsection.

A.4.2 Handling data issues in SHARE’s ADL/TADL variables

In this section, we discuss anomalies in the ADL/TADL variables for nursing home residents
in SHARE and describe the adjustments we make to these variables to predict care needs,

as outlined in Section A.4.1.
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Figure A3, Panel (a), shows the distribution of ADL/IADL limitations among nursing
home residents in our SHARE estimation sample. Notably, there is a spike at zero reported
limitations in both the low and high formal care cost country groups, as well as a disproportionately
high share of individuals reporting only one limitation in the high-cost group. In contrast,

we do not observe spikes in 0 or 1 limitation for mobility limitation variables.

Figure A3: Distribution of health variables among nursing home residents, SHARE
estimation sample
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Note: This figure presents the distribution of the number of ADL/TADL limitations (Panel
(a)) and mobility limitations (Panel (b)) reported by nursing home residents in our SHARE
estimation sample. The sample selection criteria are described in Section 2.1. “Low-cost group"
refers to the country group with low formal care costs. “High-cost group" refers to the country
group with high formal care costs. Table A1l provides definitions of the ADL/TADL and
mobility limitation variables used in SHARE.

The disproportionate spikes in reports of 0 or 1 ADL/IADL limitation among nursing
home residents in SHARE raise concerns about potential survey errors. This issue becomes
more apparent when compared to data from the Health and Retirement Study (HRS).
As shown in Table A10, only 3.96% of nursing home residents in HRS report having no
ADL/TADL limitations, and just 1.69% report having one. In contrast, the corresponding
shares in SHARE are substantially higher — 31.55% and 9.71%, respectively — suggesting

possible underreporting or misclassification in the SHARE data.
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Table A10: ADL/IADL distribution, HRS vs SHARE

Num of (I)ADLs HRS SHARE

(

0 3.96%  31.55%
1 1.69%  9.711%
2 2.02%  6.80%
3 2.54%  7.28%
4 4.52%  8.25%
)

6

7

8

6.26%  4.37%
597%  4.3™%
7.62%  4.37%
8.80%  5.83%

9 10.96%  3.40%
10 17.07%  5.83%
11 28.69%  8.25%
Obs 2126 206

Note: This table reports the percentage of nursing home residents by the number of
ADL/TADL limitations reported in HRS and SHARE, respectively. For HRS, we use
data from the 2000-2012 survey waves. For SHARE, the tabulation is based on our
estimation sample. The sample selection criteria for SHARE are described in Section
2.1.

To address anomalies in SHAREs ADL/IADL variables, we implement a method that
predicts each ADL/TADL limitation based on mobility limitations and other health-related
variables for nursing home residents who report having 0 or 1 ADL/TADL limitation. Specifically,
For each ADL/IADL variable, we estimate a logistic regression model where the binary
outcome is whether the individual has the given IADL/TADL limitation. The predictors
include (i) indicator for age 75 or older, (ii) indicator for reporting poor health, and (iii) a
set of mobility limitation variables. This logistic regression model is estimated only on the
SHARE nursing home residents who report at least 2 ADL/TADL problems. The estimates
from the logistic regressions are used to predict the probability of having each ADL/IADL
condition for nursing home residents who reported 0 or 1 condition — the cases where the

original data may be misreported or incomplete.
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Table A11: Descriptions of ADL/IADL and Mobility Limitation Variables in SHARE

ADL/TADL Mobility Limitation
Variable  Difficulty in: Variable  Difficulty in:
ph049d1  Dressing ph048d1  Walking 100 metres

ph049d2  Walking across a room | ph048d2  Sitting for about two hours
ph049d3  Bathing or showering | ph048d3  Getting up from a chair

ph049d4  Eating ph048d4  Climbing several flights of stairs
ph049d5  Getting in/out of bed | ph048d5  Climbing one flight of stairs
ph049d6  Using a toilet ph048d6  Stooping, kneeling, or crouching

ph049d8  Preparing a hot meal | ph048d7  Extending arms above shoulder

ph049d9  Shopping for groceries | ph048d8  Pulling or pushing large objects
ph049d10 Making telephone calls | ph048d9  Lifting or carrying weights (104 pounds)
ph049d11 Taking medications ph048d10 Picking up a small coin

ph049d13 Managing money

Note: This table describes the variables related to ADL/IADL and mobility limitations
in SHARE. Each item is recorded as a binary response: “Yes" or “No."
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A.5 Calculating Commuting Costs

In this section, we describe how we specify the commuting costs of children. As introduced

in Section 3, the opportunity cost of each child j in family ¢ is given by:
OCZ‘j = [TLZ + td(dij)} Wi 4 + Cd(dij)

where n; denotes hours needed spent on caregiving for parents, d;; is the distance between
child j and her parent, t4(d;;) represents commuting time over distance d;;, c4(d;;) captures
the direct travel costs for distance d;;, and w;; is the hourly wage rate.

The assignment of daily commuting time (one-way) by distance category is reported in
Table A12. We assume car travel for all distances except those exceeding 500 km, for which
we assume air travel. To compute the daily commuting time ¢4(d;;), we take the midpoint
of the one-way travel time for each distance category and multiply it by two, assuming that
the child commutes to the parent’s residence daily.

The assignment of daily direct travel costs (one-way) is reported in Table A13. The daily
monetary cost of travel, c4(d;;), is calculated by doubling the approximate one-way travel
cost.

Although OCj; is defined in terms of hourly wages w;;, we only observe the annual
potential wage for each child j. We therefore express OCj; in annual terms. Specifically, we
use y;;, the child’s annual potential wage, and weight it by the time weight, which combines

daily care hours needed and commuting time:

(care hours needed) + ¢4(d;;)
12 hours

Time weight =

For direct travel costs, we similarly convert to an annual measure by multiplying cq(d;;)
by 365, under the assumption that the informal care provider commutes to the parent’s

residence daily.
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Table A12: Approximate travel time by distance category in Europe

Distance Range

Approx. Travel Time (one-way)

Notes

< 1 km

3-5 minutes (car)

Urban traffic, stoplights, parking time
dominate

1-5 km 5-15 minutes (car) City traffic can vary, ~20-30 km/h
average speed

5-25 km 15-35 minutes (car) Suburban/rural  roads or urban
highways (~40-60 km/h average)

25-100 km 30 minutes — 1.5 hours (car) Mostly highway or rural roads (~70-
100 km/h average)

100-500 km 1.5 — 6 hours (car) Highways; traffic and tolls add

variation (~80-110 km/h average)

> 500 km (by car)

6-10+ hours (car)

Depends on country and traffic;
overnight or rest stops likely needed

> 500 km (by air)

1-3 hours (flight) + 2-3 hours prep

Short-haul EU flights; includes check-
in, boarding, and airport travel

Table A13: Approximate (one-way) monetary travel costs by distance category in 2015 Euros

Distance Range | Travel Mode | Approximate Notes
Cost
< 1km Car 0 No cost due to short distance.
1-5 km Car 0 No cost due to short distance.
5-25 km Car EUR 2.25 Urban/suburban driving conditions.
25-100 km Car EUR 9.02 Longer trips; potential for better fuel
efficiency on highways.
100-500 km Car EUR 45.08 Significant travel; consider rest stops.
> 500 km (by car) | Car EUR 90.16 Long-distance driving; fatigue and
accommodation costs may arise.
> 500 km (by air) | Airplane EUR 20.69 — 80+ | Low-cost carriers offer competitive
(Assumed to be 80 | rates; prices vary by route and timing.
Euro)

60




A.6 Estimation: Details

In a deterministic setting family ¢ chooses j* = argminjcc, Cj;, where the choice set is
Ci={0,1,2,..., K;}. Each alternative has deterministic total cost:

P+ 6y, if 7 = 0 (Formal care)

Ci; =
! OC;; +X;;8, if j#0, j € K; (Informal care)

We specify systematic (observable) heterogeneity in psychic costs among children by X;;/3,
where X;; are observable attributes of child j in family i (e.g., gender, distance, step-child
status) that plausibly correlate with the propensity to provide care.?

To account for unobserved preference variation we embed our theoretical implications in
a random-utility model. Specifically, parents differ in their psychic cost of receiving FC due
to unobservable preference shocks €;o; each child has an idiosyncratic preference shock ¢;; of
providing IC — hence, observably identical families make potentially different choices. We
assume that the unobservable shocks ¢;; are i.i.d. Gumbel (location parameter 0 and scale

parameter o). Furthermore, we define utility from a care option as:

Uij = —Cij+eij = Vij + €4, €5 ~ Gumbel(0,0), Var(n;) = o*r*/6
—~—

Since discrete-choice models are scale-invariant — only the ratio V;; /o matters for the outcome,

so o itself cannot be identified (the scale is not identified) — we normalize by o:

U, Vi, iy
71 = ?J + % . nij ~ Gumbel(0,1), Var(n;) = /6.
-~

="Nij
Family ¢ implements care arrangement j = j* if and only if:

U= Vi~ Vij Usj . o
— = e > gy =, VEC, j#
o g o o

Given our distributional assumption, the probability that family ¢ chooses option j is

- exp(Vij/o)
] T K;
2 hmo exp (Vir/o)
25Als0, the labelling of children, 1,..., K, in our setting has no meaning so that the constant 07 is the

same for all children. In principle there is also a common parameter ;¢ in the child-specific cost specification
but it is impossible to identify both 6;¢ and 6pc. Thus, we have set 8;c = 0 so that Op¢ is interpreted as
the extra disutility of FC relative to IC.
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where
(P} + Orc), if 7 = 0 (Formal care)

‘/Z” et
"l =00, + Xi8), itj#0, j€ K, (Informal care)

When o becomes very large (¢ — 00), every V;;/o — 0, and so each term exp(V;;/o) goes
towards 1 — the model assigns equal probability P;; = 1/(1+ K;) Vj € C; to each alternative.
Unobserved idiosyncratic preference heterogeneity swamps observable costs (monetary costs
and factors that correlate with psychic costs) making each alternative look equally good.
To the contrary, when o becomes very small (o — 0) we recover the deterministic rule that
family 7 chooses j* = argmaxjec, Vjj, i.e., Pjj+ =1 and Py, = 0 Vk # g* .20

The scaled utility benefit is given by:

- —1lphe & if j =0
Vy={ o e ’ (23)
—%OCM — (leg) lfj >0
~ be Y . .
ap© + 0 it j=0
_ (_1) . p 0 ) J
&OOCU + X,’jg lfj >0
Here, we can see that the estimated coefficients capture the true effect of a variable (structural
parameter) relative to the size of the variation in the unobserved factors.
To estimate the unknown coefficients, we maximize the likelihood (or log-likelihood) of
observing the actual choices made in the data, i.e. coefficient estimates that best explain

the observed choices given the assumptions of the model. Our log-likelihood function is the

26Let 7* be the care arrangement with the highest systematic utility Vij= with probability:

1 1
T 14 > knj exp(Vik/o)/ exp(Vij- /o) 14 S s exp(M)

o

Pij*

where
Ajr = Vig = Vije <0 VEk#j".

As 0 — 0 each A; /0 — —oo so that each exp(A; /o) — 0 and P;j~ — 1; for all other alternatives the
probability goes to 0.
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Using a standard maximum likelihood estimation (MLE) approach, we estimate the parameters
in Equation 24: {6#7° «, 3}. In practice, we multiply all constants and explanatory variables
by -1 so that the interpretation of each coefficient becomes the effect of each characteristic

on the utility “cost" of caregiving.
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