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Abstract

In this paper we estimate the effect of unemployment on informal care provision. For the

identification we use plant closures as a source of exogenous variation and combine difference-in-

differences with matching based on entropy balancing. The analysis is based on data from the

German Socio-Economic Panel (SOEP). We find that there is a time conflict between employment

and informal care provision. Unemployment increases the probability of providing care by 2.9

percentage points while the daily hours of care provision rise by around 0.05 hours per week-day.

Both men and women react with significant increases in care provision. We find the largest effects

for women with low education.
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1 Introduction

Population ageing creates excess demand for long-term elder care (LTC). Therefore, one of the most

pressing challenges for social policy is to increase the supply of formal and informal care (Geerts et al.,

2012; Gusmano and Okma, 2018; van Groenou and De Boer, 2016). The extension of informal care

is of particular importance since both the care dependent and policy makers prefer care provided by

family and friends in the elder person’s home (Blaise, 2018; Hajek et al., 2018; Lipszyc et al., 2012;

Mentzakis et al., 2009). The majority of care providers is younger than 60 years old and is still in the

work force. This suggests that informal care providers face a time conflict between care provision and

gainful employment which might be an important restriction to further increase informal care. It is

therefore important to document and understand the time conflict between employment and informal

care provision. However, this is challenging as the identification of the effect of employment on the

decision to provide informal care requires exogenous variation in employment.1

In this paper we follow e.g. Halla et al. (2020) or Marcus (2013) and use plant closures as a source

of exogenous variation for employment. This allow us to estimate the effect of unemployment on

informal care provision. In more detail, for the empirical analysis we combine difference-in-differences

with entropy balancing, similar to Everding and Marcus (2020). In addition, we analyze the effect

of unemployment using an event study design. The analyses are based on data from the German

Socio-Economic Panel (SOEP) which contains information on employment, informal care provision

and other socio-economic variables such as income, heath and education.

Our results provide evidence for a time conflict between employment and informal care provision.

In the main specification we find that after entering unemployment the probability of providing care

increases on average by 2.9 percentage points while the daily hours of care provision rise by around

0.047 hours per weekday. The results are robust to various robustness checks including placebo tests.

We further show that while the effect is present for both men and women, it is larger in absolute terms

for women but larger in relative terms for men. When focusing on heterogeneous effects we can show

that effects are largest for women with low education.

This study is related to several strands of the literature. A large number of previous studies focuses

on the link between employment and informal long-term care provision. Carr et al. (2018), Heitmueller

(2007), Jacobs et al. (2017), Niimi (2017), and Van Houtven et al. (2013), among others, find negative

short term effects of providing informal care on labor market outcomes.2 Other papers analyze the

implications of employment on care provision. For example, He and McHenry (2016) find that working

10% more hours per week reduces the provision of informal care among US American women by around

1See Bauer and Sousa-Poza (2015) and Lilly et al. (2007) for reviews.
2Schmitz and Westphal (2017), Skira (2015) and Korfhage (2019) can point to long term consequences of informal

care provision.
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2 percentage points; Bergeot and Fontaine (2020), Carrino et al. (2019), Fischer and Müller (2020),

Golberstein (2008), Mentzakis et al. (2009), Michaud et al. (2010), Moscarola (2010), Nizalova (2012),

and Stern (1995), come to similar results but study different margins of labor supply.

Our study is also linked to the analyses by Mommaerts and Truskinovsky (2020) and Costa-Font

et al. (2015). They show that informal care provision is affected by the business cycle. Interestingly,

Mommaerts and Truskinovsky (2020) discover that informal care provision among adult sons reacts

counter-cyclically to the business cycle. This suggests that higher unemployment rates and lower

opportunity costs matter in son’s choice to provide informal care. In contrast, adult daughters do

not seem to react to unemployment rates. Costa-Font et al. (2015) find an increase in the availability

of informal care following the Great Recession in Europe, suggesting that rising unemployment rates

could increase informal care provision. While these papers point to a relevant link between the business

cycle and informal care provision, a variety of possible channels can explain these results. Our approach

focuses specifically on the effects of unemployment on informal care provision and can therefore shed

more light on this important margin. Our paper is to the best of our knowledge the first to study the

impact of isolated unemployment events on individuals’ informal caregiving.

The remainder of this study is structured as follows: Section 2 describes the institutional setting of

the long term insurance and unemployment insurance in Germany. Section 3 explains the identification

strategy. Section 4 describes the data and variables used in the estimation. In Section 5 we present the

results along with their interpretation and relates the findings to the effects of other studies. Lastly,

section 6 concludes.

2 Institutional Background

Before we turn to the empirical analysis we provide a short overview about the relevant institutional

setting in Germany: The LTC insurance system and benefit structure for LTC provision has an effect

on the opportunity costs of providing informal care. This potentially reduces the conflict between

LTC and employment and could lead to a smaller effect of unemployment on care provision. On

the other hand, the unemployment insurance system in Germany provides financial support during

unemployment which increases the potential to engage in informal care provision.

2.1 Long-term care insurance and care provision in Germany

Since 1995 the German social security scheme includes a long-term care insurance (LTCI). It provides

benefits to those permanently (at least six months) impaired with at least two activities of daily living

(ADL) and one instrumental activity of daily living (IADL). Depending of the care needs recipients

are classified into care categories ranging from substantial need of care (Care Level 1) to most severe
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need of care (Care Level 5)3. Table 1 provides details about the five care levels with information about

requirements, benefits and the share of recipients of the LTCI in the respective level.4

Table 1: Care levels in Germany

Care
level

Requirements Benefits (monthly) Share

1 low impairment of in-
dependence

No entitlement for
cash benefits or in-
kind transfers for
home care; 125 Euro
earmarked benefits

9.44%

2 significant impairment
of independence

316 Euro cash benefits,
689 Euro in-kind; 125
Euro earmarked bene-
fits

42.39%

3 severe impairment of
independence

545 Euro cash benefits,
1289 Euro in-kind; 125
Euro earmarked bene-
fits

27.93%

4 highest impairment of
independence

728 Euro cash benefits,
1612 Euro in-kind; 125
Euro earmarked bene-
fits

14.05%

5 special cases (hard-
ship) ,people with
exceptionally high
maintenance efforta

901 Euro cash benefits,
1995 Euro in-kind; 125
Euro earmarked bene-
fits

6.17%

aIndividuals who have no cognitive impairments but are physically highly impaired; for them it is hard to reach the
highest score on the list; therefore, the special case is constructed

Care recipients may choose between being cared at a nursing house or at home. If the recipient

decides to be cared at home LTCI provides three options: receiving direct caring services (Pflegedienste-

in-kind transfer), pecuniary benefits for informal care, or a mixture of the two. The cash benefits

are neither ear-marked nor means-tested but it is intended that the recipient uses the money for

reimbursing a family member or a friend who provides informal care (Geyer and Korfhage, 2015). In

addition, individuals providing 10 hours of care per week on at least two days for a care dependent

with at least care level 2 can receive pension points. However, the cash compensation from the LTCI

and the pension claims the informal caregiver can receive are far lower than potential labor earnings,

specifically for individuals with high wage potentials (Geyer and Korfhage, 2015).

In 2019 the LTCI counted 4.1 million recipients of benefits from the care insurance, 3.3 million

3Formerly, there were only three care dependency levels, these were extended to five care dependency levels in 2017.

The information in Table 1 refers to the definition of care levels from 2017 onward.
4Although the statutory LTCI in Germany is relatively broad and was designed to cover virtually the whole population.

Geyer and Schulz (2014) point out that only about 32% of the people in need of long-term care fulfill the criteria for

becoming benefit recipients. In these cases, no benefits are granted and family members providing informal care do not

receive any compensation.
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were cared for at home and 0.8 million in institutionalized care facilities. Around 51% (2.1 million)

of all recipients were cared for exclusively informally in their own home, 23% (0.9 million) received

care including some form of formal care.5 Thus, in Germany the largest share for frail elderly receives

informal care.

According to the data of the Socio Economic Panel study (SOEP)6 around 4.3 million people

provided informal care to frail elderly in 2018, two third of which are women. While we find that

among the group of 50-69 year old women around 11% provide some informal care, it is around 7%

among the men in this age group. In the group of 40-49 year old women we find around 7% of women

provide some informal care. The spike in the age group of 50-60 year old is connected to highest care

demand from parents who reach ages of high care demand. Further, the SOEP data show that around

44% of care givers are already retired, while 17% are non employed, 18% are full-time employed and

13% are part-time employed.7

2.2 Unemployment benefits in Germany

Depending on their working history unemployed individuals either receive unemployment benefits

(ALG I) or means-tested transfers (ALG II)8. Specifically, an individual who becomes unemployed

receives unemployment insurance for an entitlement period which depends on previous employment

and age. Unemployment insurance is equal to 60% of the individual’s after-tax labor earnings in the

year before she entered unemployment. For individuals with children the insurance amounts to 67%.

Unemployed not eligible for ALG I receive ALG II which guarantees every individual a permanent

minimum annual income.

3 Methodology

The aim of this paper is to empirically analyze how a transition into unemployment changes the

provision of informal care. The identification of this relation is challenging since employment and care

provision are jointly determined. Importantly, several studies (see e.g. Meng, 2012, Heitmueller, 2007,

and Nguyen and Connelly, 2014) document an effect from informal care provision on labor supply.

To overcome this identification problem, we follow e.g. Halla et al. (2020) or Everding and Marcus

(2020) and use plant closures as an exogenous source of unemployment in a difference in difference (DiD)

5See Bundesamt (2020) for information about care dependent individuals in Germany.
6See Section 4 for more information.
7Own calculations based on SOEP data, see also Fischer and Geyer (2020).
8For a more detailed discussion, see e.g. Haan and Prowse (2015). The minimum amount of ALG II Germany in

2018 was 416€ per month for a single person. Rent and heating payments are covered by another entity and vary with

state and/or city of residence.
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setting. In this context unemployment is not chosen by the individual but exogenously determined.

To account for confounding factors which might vary over time we compare the changes in informal

care provision before and after the plant closure to informal care provision of a control group. In

more detail, we define a treatment group that is composed of individuals in the sample who became

unemployed because their place of work closed (plant closure). In theory, the control group consists

of all the individuals in the sample that work either full or part-time in the private sector. These are

individuals who could potentially suffer from a plant closure. However, as discussed in Marcus (2013)

and as documented in Table 2 the treatment group and a control group with this broad definition

significantly differs in various dimensions. Therefore, we use entropy balancing to define a control

group which is more suitable for the analysis. Specifically, we select individuals from the broad control

group which are comparable to individuals in the treatment group before the plant closure took place.

Entropy balancing procedure

We apply entropy balancing as proposed by Hainmueller (2012). The entropy balancing algorithm

focuses directly on making the covariate distribution of the control group as close as possible to the

covariate distribution in the treatment group. The entropy balancing scheme calculates scalar weights

in the control group such that the distribution of the first and second moment of the covariates matches

those in the treatment group.9 In the main analysis we perform the balancing group specific. This

means that we calculate balancing weights for the full sample, and for the heterogeneity analysis gender

specific weights for men and women.

The entropy balancing scheme is designed to keep the estimated control weights (weights for the

control units) as close as possible to the set of uniform weights. Uniform weights are the set weights

where all the control units have the same relevance in the estimation, i.e. qi = 1/n0 where n0 is the

number of control units in the sample. Among the balancing covariates there are employment related

variables such as: tenure, job worries, industry, labor income, company size, overall work-experience

and number of years in unemployment.10 We match on pre-treatment values for the treated individuals

and 1-year lagged values for control observations. Entropy balancing procedure calculates balancing

weights that are non-negative and deviate least from uniform weights. In a robustness check we present

results obtained applying propensity score weighting.

9For further details about the implementation see Hainmueller (2012). We perform entropy balancing using Stata’s

user-written program “ebalance” (Hainmueller and Xu, 2013) and applying the default tolerance level of 0.015.
10See Table 2 for a full list of balancing variables.
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Difference-in-differences balancing estimator

In the DiD setting we estimate the effect of a transition into unemployment due to a plant closure on

informal care provision for treated individuals and compare this to changes in care provision of the

matched control group. First, consider a DiD-style equation in which we allow for a differential effect

of the predetermined control variables before and after treatment:11

Y = β + νPOST + γD + δ(POST ∗D) + ηX ′ + κ(POST ∗X ′) + φY ear + τ(POST ∗ Y ear) (1)

where Y is a measure of informal care provision. POST is an indicator that takes the value 1 in periods

after plant closure and 0 otherwise, D is the indicator for the group of individuals that experience plant

closure at some time, X ′ includes observable predetermined characteristics12 and Y ear stands for year

fixed effects13. The parameter of interest is δ. Due to the nature of the treatment (plant-closure induced

unemployment) we do not observe individuals in the control group in the POST -state. Therefore, we

follow Everding and Marcus (2020) and perform a first-difference transformation of Equation 1.14 The

parameter of interest, δ, is identical to that of the resulting estimation Equation 4 in which we regress

changes in caring behavior (∆Y ) on the treatment indicator (D), controlling for X ′, the selected

predetermined control variables and year-fixed effects (Y ear):

∆Y = ν + δD + κX ′ + τY ear + u (4)

Equation 4 is estimated by weighted least squares using the weights from the entropy balanc-

ing step. For the treated observations changes in the outcome variable, ∆Y Treatment, are the dif-

ference between the outcome variable in the year before the plant closure and the period(s) after:

∆Y Treatment = Y TreatmentPOST − Y TreatmentPRE . For the control group we calculate the difference between

11We use predetermined control variables to avoid the problem of ”bad” control variables which might be affected by

the plant closure.
12We use the set of predetermined covariates also used in the entropy balancing step. For treated observations we use

pre-treatment values, for control observations values from t− 1.
13Year fixed effects are also predetermined.
14First, we set POST = 1 in equation 1 which leads to:

̂Y POST = β + ν + (γ + δ)D + (η + κ)X′ + (φ+ τ)Y ear (2)

and setting POST = 0 in Equation 1 which leads to:

̂Y PRE = β + γD + ηX′ + φY ear (3)

.

Subtracting the two equations yields Equation 4, with ∆Y = Y POST - Y PRE . As X′ and Y ear are predetermined

they are identical in ̂Y POST and ̂Y PRE and cancel out.
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the year of observation, t, and the previous period, t− 1: ∆Y control = Y controlt − Y controlt−1 . In the esti-

mation sample we use all observations that give valid information on all outcome and control variables

over at least 3 periods in the control group. Individuals who experience a plant-closure at some point

are part of the control group up to 4 periods before plant-closure occurs if they respond in at least 3

consecutive waves and give valid information on all outcome variables and covariates. The treatment

group consists of all treated observations. In the main analysis we focus on the exposure to the treat-

ment over two periods, the period of the job loss and the next survey wave. Meaning that if the plant

closure occurred in period t, the treatment indicator is equal to one in t and t + 1. First-difference

outcomes for t + 1 are also constructed as differences between t + 1 and the period before treatment

(t− 1). In an additional analysis we also show effects if we only consider the treatment in period t and

if we consider treatment also in t+ 2. For treated individuals observations after the second period of

treatment are not considered.

4 Data

For our analysis we use longitudinal survey data from the German Socio-Economic Panel (SOEP).15

Information on informal care provision has been collected yearly in the SOEP since 2001. Hence,

we restrict the analysis to observations between 2001 and 2018. We further restrict the sample to

individuals working in the private sector, aged 18 to 60 and who are observed for at least three

periods. The SOEP includes as well detailed information about job loss. Based on this information

we construct the treatment indicator which takes the value one if the person loses her job due to plant

closure and is registered as unemployed.

Dependent variables

The SOEP contains information on daily hours spent on informal care for people in need on a normal

weekday (excluding children).16 From the variable measuring daily hours spent on informal care, we

construct two separate variables to measure the extensive and intensive margin. First, to capture the

extensive margin we define a binary indicator equal to one if the person provides one or more hours of

care per weekday. Second, for the intensive margin we focus on the number of daily hours spend on

15For more information about the SOEP, see Goebel et al. (2019).
16The exact question in the survey is: What is a typical weekday like for you? How many hours per normal workday

do you spend on the following activities? Care and support of persons in need of care The answer is only related to

hours spend on informal care for non-children (e.g. elderly and/or disabled individuals). There are two further distinct

questions about hours of care provided on Saturdays and Sundays. These questions are only asked every two years.

Therefore this information cannot be used in this analysis because it relies on differences in the outcome from one period

to the next.
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informal care.

4.1 Control variables

The SOEP contains a large set of information with variables such as health status, relationship indi-

cators, age, perceived job security etc.17 which we use for entropy balancing and as covariates in the

DiD estimation. In Table 2 we compare the control variables for the general control group (Column 1),

the treatment group (Column 2) and the matched (weighted) control group (Column 3). All variables

reported in Table 2 are used in the balancing step and as control variables in the DiD estimation as

predetermined variables. above, treated individuals (Column 2) are less educated and have a lower

income, on average, than individuals in the general control group (Column 1). Also, individuals in

the treatment group are more often blue collars workers than in the control group: 24% vs. 44%

respectively; this amounts to a difference of 18 percentage points. The most important difference

between the two groups is the perceived job stability. Around 47% of individuals in the treatment

group reported to be very concerned about their job security, this share is 11% in the control group.

Comparing individuals in the treatment and the matched control we find no significant differences in

the observable characteristics. After applying entropy balancing weights, the control group values are

markedly closer to the treatment group values (Column 4).

A set variables that is used in the balancing step and as control variables in the regressions serves

to control for differences in demand for informal care: cohabitation with a partner, the age of the

individual, or variables about the family structure. Failing to control for these other causes of care

provision would bias the effect of unemployment on informal caring. Everding and Marcus (2020), Halla

et al. (2020), and Marcus (2013) report negative health effects of sudden unemployment on spouse’s

health. We control for partner health in order to rule out that a health shock endogenously induced by

treatment leads to a care-demand shock and drives results. For the heterogeneity analysis we construct

a binary indicator that is one if a person is low educated. This is constructed using SOEP’s variable on

the CASMIN-Classification.18 We define low education as category 1 in the CASMIN ranking (lower

vocational education). Alternatively we provide results when choosing the ISCED97 classification, for

which low education is defined as middle vocational education and lower.

Before we turn to the estimation results we provide first descriptive evidence of the effect of un-

employment on informal care provision. Table 3 shows the mean of the outcome variables by gender

for the broad control group, the matched control group and the treatment group before and after the

treatment (plant closure). For women (last row) we find that 6.23% provide some care in the matched

control group. In the treatment group the share is lower: 3.92% before the plant closure and 6.76%

17The exact definition of the control variables is included in the Appendix Table A1.
18See Brauns et al. (2003).
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Table 2: Descriptive statistics - covariates

Variablesa Control group Treatment group Weighted control Raw differenceb

Agec 44.89 (8.97) 45.79 (9.45) 45.72 (9.44) 0.07
Female 0.43% (0.49) 0.40% (0.49) 0.40% (0.49) 0.00
Migrant 0.16% (0.37) 0.26% (0.44) 0.26% (0.44) 0.00
Siblings 0.11% (0.31) 0.07% (0.26) 0.07% (0.26) 0.00
Alone 0.30% (0.46) 0.30% (0.46) 0.30% (0.46) 0.00
Labor incomed 39644.75 (31294.94) 26825.69 (18225.23) 26198.94 (16756.37) 626.75
Tenured 13.40 (9.90) 11.44% (10.79) 10.87 (9.82) 0.29
Work experience 19.79 (9.71) 21.39 (10.79) 21.36 (10.78) 0.03
Unemployment experience 0.40 (1.23) 0.90 (2.00) 0.90 (2.00) 0.00
Children 0.46% (0.50) 0.40% (0.49) 0.40% (0.49) 0.00
Blue collar 0.24% (0.42) 0.44% (0.50) 0.44% (0.50) 0.00
Concerned with job loss
Very Concerned 0.11% (0.31) 0.47% (0.50) 0.47% (0.50) -0.00
Somewhat Concerned 0.37% (0.48) 0.36% (0.48) 0.36% (0.48) 0.00
Not Concerned at all 0.52% (0.50) 0.17% (0.38) 0.17% (0.38) 0.00
Firm size
Small 0.21% (0.41) 0.37% (0.48) 0.37% (0.48) 0.00
Small-Medium 0.26% (0.44) 0.33% (0.47) 0.33% (0.47) 0.00
Medium 0.22% (0.42) 0.16% (0.37) 0.16% (0.37) 0.00
Large 0.27% (0.44) 0.13% (0.34) 0.13% (0.34) 0.00
Occupation sector
Primary Sector 0.02% (0.13) 0.02% (0.13) 0.02% (0.13) -0.00
Manufacturing 0.25% (0.43) 0.31% (0.46) 0.31% (0.46) 0.00
Energy & Water 0.01% (0.11) 0.01% (0.09) 0.01% (0.09) 0.00
Construction 0.06% (0.23) 0.17% (0.37) 0.17% (0.37) 0.00
Wholesale & Retail 0.10% (0.31) 0.26% (0.44) 0.26% (0.44) 0.00
Hotel & restaurants 0.02% (0.13) 0.03% (0.18) 0.03% (0.18) 0.00
Transport 0.06% (0.23) 0.03% (0.18) 0.03% (0.18) 0.00
Banking & Insurance 0.05% (0.21) 0.03% (0.16) 0.03% (0.16) 0.00
Other services 0.31% (0.46) 0.11% (0.32) 0.11% (0.32) 0.00
Health services 0.13% (0.33) 0.02% (0.14) 0.02% (0.14) 0.00
Educational attainment
Elementary 0.25% (0.43) 0.52% (0.50) 0.52% (0.50) 0.00
Secondary 0.45% (0.50) 0.38% (0.49) 0.38% (0.49) 0.00
Tertiary 0.30% (0.46) 0.10% (0.31) 0.10% (0.31) 0.00
Satisfaction with own health
Very poor 0.01% (0.09) 0.03% (0.16) 0.03% (0.16) 0.00
Poor 0.05% (0.23) 0.11% (0.31) 0.11% (0.31) 0.00
Satisfying 0.26% (0.44) 0.26% (0.44) 0.26% (0.44) 0.00
Good 0.48% (0.50) 0.42% (0.49) 0.42% (0.49) 0.00
Very good 0.20% (0.40) 0.19% (0.39) 0.19% (0.39) 0.00
Hospital stay 0.08% (0.27) 0.13% (0.34) 0.13% (0.34) 0.00
Observations 101,462 374 101,462
Source: SOEP v35; Notes:
a. We suppress the time and state dummies. For the complete table see the appendix.
b. The raw difference is the difference between treatment and weighted control values.
c. For continuous variables standard deviation is displayed in parenthesis.
d. Values are presented in levels. In the regression these variables are included in their logarithmic transformation.
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Table 3: Descriptive statistics - outcome variables

Control Weighted control Pre-Treated Post-Treated
Full sample
Hours of care per day 0.08 (0.54) 0.08 (0.51) 0.03 (0.25) 0.07 (0.36)
Care provider 4.34% (0.20) 4.41% (0.21) 2.29% (0.15) 4.81% (0.21)
Observations 101,462 101,462 261 374

Males
Hours of care per day 0.05 (0.39) 0.05 (0.37) 0.01 (0.11) 0.05 (0.31)
Care provider 2.95% (0.17) 3.27% (0.18) 1.25% (0.11) 3.5% (0.19)
Observations 58,262 58,262 159 226

Females
Hours of care per day 0.12 (0.68) 0.12 (0.68) 0.07 (0.38) 0.10 (0.42)
Care provider 6.22% (0.24) 6.23% (0.24) 3.92% (0.19) 6.76% (0.25)
Observations 43,200 43,200 102 148

Notes: For calculation of Post-Treated means we incorporate outcomes in periods t (first period
of treatment) and t + 1 as in the baseline specification. The outcome variables are included in the
regression in their DID transformation see Section 3 for further detail.

after treatment.19 For the number of provided hours we find a similar picture: the hours increase by

0.04 after the plant closure in the treatment group, but the overall level is slightly higher in the control

group. For men the structure is similar but at a different level: 3.27% of men in the matched control

group provide some care whereas for the treated men the share is lower before plant closure (1.25%)

and increases to 3.5% after the treatment.

5 Results

In this section we present the estimation results. First, we discuss the findings of the main specification

and heterogeneous effects by gender, education and age. Then, we turn to several robustness checks.

5.1 Main results

Table 4 presents the overall effects of the analysis. In the first two columns we show the results

of the DiD estimates without entropy balancing weights and without (Column 1) and with covariates

(Column 2). Column 3 includes the DiD results with entropy balancing weights but without covariates.

Finally, in Column 4 we account for covariates - this is our preferred specification. We present effects

on the probability to provide care and the hours of care provided in a normal weekday. In parentheses

robust standard errors, clustered at the personal level, are reported.20

19We do not match on the pre-treatment outcome variable.
20We follow Everding and Marcus (2020) in clustering standard errors. Table A3 in the Appendix shows that sig-

nificance and size of standard errors hardly change when calculating robust standard errors. Abadie and Spiess (2021)

discuss calculation of standard errors taking into account entropy balancing. They advise to cluster on the level at which
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Effects are positive for both outcome variables across all specifications. The simple DiD (Column

1) shows the smallest effects (2pp and 0.026 hours per week-day). After including control variables

(Column 2), we find significant results of higher magnitude. When using the weighting scheme from the

entropy balancing step (Column 3), size and significance of results are merely altered, the same is true

when including control variables in addition to the weighing scheme (Column 4). The results show

a clear picture: the change from employment to unemployed significantly increases the probability

of becoming a caregiver. According to the preferred specification the probability increase by 2.9

percentage points (pp); which is a substantial relative increase of about 120% compared to a pre-

treatment probability of providing care of 2.29%. The result for the number of daily hours of care-giving

is similar. Care giving significantly increases by about 138% (an increase of 0.047 hours compared to

a pre-treatment mean of 0.03).

Literature studying unemployment effects on caregiving is rare. He and McHenry (2016) find

that 10% more working hours reduce informal caregiving probabilities by 2pp. Scaling up this result,

unemployment is connected with a 20 pp increase in informal caregiving. Retirement- a 100% reduction

in working hours - is connected to even bigger effect sizes (Bergeot and Fontaine, 2020; Carrino et al.,

2019; Fischer and Müller, 2020). These results are difficult to compare to point estimates from this

study as labor supply events are rather different in nature, groups of interest have different demand

for care21 and research designs report different margins22.

To put the magnitude of our results in perspective, we investigate how other time activities are

affected by plant-closure induced unemployment. Table A2 in the Appendix shows that a plant closure

leads to a reduction in time spent on the job on average by 8.7 hours per weekday (Columns 1 and

2), and an increase in time spent in education (0.6 hours), running errands (1.7 hours), child care (1.0

hours) and on hobbies (1.0 hours). Changes in time spent in informal care are, therefore, relatively

small. However, one has to take into account that relatively few individuals provide informal care or

have to take this decision.

5.2 Heterogeneous effect by gender, education and marital status

The literature has documented that women provide most of the informal care (see as well Table

3). This might be related to their lower labor market attachment. Therefore, unemployment might

increase informal care provision less for women than for men, who might have higher opportunity costs

and time conflicts in employment. Mommaerts and Truskinovsky (2020) find that opportunity costs

matter in men’s decision to provide informal care, and gender specific unemployment rates on a state

balancing took place. When implementing this procedure we find even smaller standard errors. Thus we use clustered

error at the personal level to obtain a conservative benchmark.
21Individuals who retire are in age groups in which demand for informal care is much larger.
22Fischer and Müller (2020) use an IV strategy, so that effects sizes are connected to LATE effects.
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Table 4: Effect of unemployment on informal care provision

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

Care provider 0.020 0.030*** 0.029** 0.029***
(0.013) (0.011) (0.011) (0.010)

Pre-Treatment mean 0.028 0.023 0.023 0.023

Hours of care 0.026 0.050** 0.047** 0.047***
(0.023) (0.020) (0.020) (0.018)

Pre-Treatment mean 0.045 0.034 0.034 0.034

Controls -
√

-
√

Weighting - -
√ √

Observations 129,637 101,836 101,836 101,836

Notes: This table displays the effect of plant closure induced unemploy-
ment on the probability of being a care-provider (rows 1 and 2) and the
hour of informal care provided on a normal week-day (rows 3 and 4).
Controls: The set of control variables is reported in Table 2. Weighting:
Estimated applying weights estimated from entropy balancing. The esti-
mation rests on 374 treated observations. Cluster robust standard errors
in parentheses (clustered at the personal level); *** p<0.01, ** p<0.05, *
p<0.1

level cannot explain informal care provided by women. However, gender roles and culture might lead

to women carrying the heavier burden of informal care provision. Then, we might still find higher

effects for women than for men. To test for gender differences, we separately estimate the effects of

unemployment on care provision for each gender. Specifically, we estimate gender-specific weights by

running the entropy balancing algorithm for men and women separately to construct gender specific

control groups (Table 5).

Table 5: Effect of unemployment on informal care by gender

(1) (2) (3) (4)
Males Females

Care provider 0.026* 0.026** 0.032* 0.032**
(0.015) (0.013) (0.017) (0.013)

Pre- Treatment Mean 0.013 0.013 0.039 0.039

Hours of care 0.045** 0.045** 0.053 0.052*
(0.022) (0.019) (0.036) (0.029)

Pre- Treatment Mean 0.013 0.013 0.068 0.068

Controls -
√

-
√

Weighting
√ √ √ √

Observations 58,488 58,488 43,348 43,348

Notes: This table displays the effect of plant closure induced unem-
ployment on the probability of being a care-provider (upper panel) and
the hour of informal care provided on a normal week-day (lower panel)
by gender. Controls: The set of control variables is reported in Table
2. Weighting: Estimated applying weights estimated from entropy bal-
ancing. Cluster robust standard errors in parentheses (clustered at the
personal level); *** p<0.01, ** p<0.05, * p<0.1
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The change in the probability of becoming a caregiver when entering unemployment is slightly

lower for men than for women. While men increase the probability to be an informal care giver by

2.6pp, women show an increase of 3.2pp. The difference in the point estimates is not significantly

different from zero, though. At the same time women increase the daily hours of care-giving by 74%.

The effect for men is 450%. Thus men increase care-giving less in absolute terms, but given the low

pre-treatment levels they increase care-giving more in relative terms.23

Table 6: Effect of unemployment on informal care by education

(1) (2) (3) (4) (5) (6)
Group Full sample Men Women

Care provision

Low education -0.007** -0.017 0.000 -0.035* -0.019*** 0.015
(0.003) (0.018) (0.005) (0.019) (0.007) (0.032)

Treatment 0.012 0.007 0.018 -0.002 0.001 0.039
(0.036) (0.036) (0.048) (0.041) (0.051) (0.059)

Treatment & low education 0.031*** 0.030*** 0.029** 0.023** 0.035** 0.033**
(0.010) (0.009) (0.013) (0.010) (0.017) (0.013)

Hours of care

Low education -0.012* -0.003 -0.001 -0.036* -0.036* 0.029
(0.006) (0.025) (0.006) (0.021) (0.019) (0.056)

Treatment -0.020 -0.002 0.019 0.009 -0.095 -0.019
(0.048) (0.041) (0.048) (0.044) (0.105) (0.092)

Treatment & low education 0.063*** 0.060*** 0.054** 0.045** 0.079** 0.075***
(0.021) (0.019) (0.025) (0.020) (0.036) (0.029)

Controls -
√

-
√

-
√

Weighting
√ √ √ √ √ √

Observations 101,836 101,836 58,488 58,488 43,348 43,348

Notes: This table displays the effect of plant closure induced unemployment on the probability of being
a care-provider (upper panel) and the hour of informal care provided on a normal week-day (lower panel)
for the full sample and by gender. Low education is defined as having lower vocational training and less.
Controls: The set of control variables is reported in Table 2. Weighting: Estimated applying weights
estimated from entropy balancing. Cluster robust standard errors in parentheses (clustered at the personal
level); *** p<0.01, ** p<0.05, * p<0.1

Further, we test if results vary by education by including an interaction term between low education

and treatment.24 Table 6 shows effects for both outcome variables, the probability of care provision

and hours of daily care provision for the full sample (Columns 1 and 2), for men (Columns 3 and 4)

and women (Columns 5 and 6). We find significant differences in the treatment effect by education for

all groups. The increase of informal care seems to be driven by the lower educated. We find significant

23Appendix Table A5 shows that results are similar when using the full sample with interactions by gender.
24As the number of treated individuals is limited in the sample, we can not stratify the sample into any given number

of subgroups to perform the balancing step separately. We perform further heterogeneity tests using this interaction

procedure for this reason.
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effects only for the interaction of treatment and the low education indicator in the full sample. This

is true for the effects on the probability of care provision as well as hours of care on a weekday.

Lower educated individuals increase their probability to be a care-giver by 3.0pp when they become

involuntarily unemployed. The same is true if we split the sample by gender. Lower educated men

seem to react to involuntary unemployment in their care-giving significantly while higher educated

men do not. The pattern is the same for women.25 One reason for this pattern might be related to the

treatment and the population (see as well Section 6). The large majority of individuals which face a

plant closure have lower education (77% of all treated are lower educated). Another reason might be

related to credit constraints: lower educated individuals tend to have lower labor income and only little

non-labor income. Thus, for this group it is more difficult to reduce employment for informal care.

This group might therefore face a harsher time conflict between labor and informal care provision.

Finally, we focus on heterogeneity by age and test for different effects for individuals younger and

older than 50 years. In general, older individuals face a higher demand for informal care as parents

and partners of these individuals reach ages of high incidence of care demand. Wetzstein et al. (2015)

and others report that highest demand to care for a parent or another relative arises from the age

50 onward. This is supported by our findings. Table 7 reports that effect sizes in the full sample

are significantly higher for individuals older than 50 years of age. This is driven by men, who show

significantly higher effects in this age group. For women we do not find significant differences.

5.3 Robustness tests

In the following we provide several robustness analyses with supporting evidence for our empirical

specification. First, in Table 8 we present the results of several placebo analyses. We use the same

specification as above, but lag the treatment of the plant closure artificially by 1, 2 and 3 years. All

effects are insignificant and the point estimates are smaller and negative in sign for the hours of care.

In the next step we show that results do not depend on the balancing procedure. Instead of using

entropy balancing, we calculate propensity score weights in the first step to construct the control group

(Table 9).26 We find a significant and positive effect of unemployment care provision. Point estimates

are slightly larger than when using entropy balancing weights.

We show how results vary when we change the period length. As mentioned above, in the main

25Appendix Table A4 shows results if we use the ISCED classification for the definition of low education. Effect sizes

and significance levels are practically the same.
26Control group weights are constructed as PS(Cc)/(1−PS(Cc)), where PS(Cc) is the propensity score. For more in-

formation see Caliendo and Kopeinig (2008). Appendix Table A9 shows summary statistics of covariates using propensity

score matching. Propensity score weighting also leads to a reduction in difference between the (plain) control group and

the treatment group. However, the raw differences between the means in the weighted control group and the treatment

group are larger in comparison to entropy balancing.
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Table 7: Effect of unemployment on informal care by age group

(1) (2) (3) (4) (5) (6)
Group Full sample Men Women

Care provision

Older than 50 0.004 0.023 0.005 0.043* 0.007 -0.012
(0.003) (0.017) (0.004) (0.022) (0.006) (0.017)

Treatment 0.023* 0.026** 0.001 0.002 0.056** 0.062***
(0.012) (0.012) (0.011) (0.011) (0.024) (0.023)

Treatment & Older than 50 0.040* 0.054* 0.061** 0.094** 0.008 -0.017
(0.021) (0.030) (0.030) (0.042) (0.022) (0.027)

Hours of care

Older than 50 0.010 0.053** 0.003 0.042* 0.021 0.053
(0.007) (0.027) (0.007) (0.024) (0.018) (0.043)

Treatment 0.035 0.035* 0.010 0.012 0.075 0.079**
(0.021) (0.021) (0.018) (0.017) (0.047) (0.040)

Treatment & Older than 50 0.071** 0.111*** 0.092** 0.126** 0.043 0.068
(0.035) (0.043) (0.044) (0.051) (0.057) (0.063)

Controls -
√

-
√

-
√

Weighting
√ √ √ √ √ √

Observations 101,836 101,836 58,488 58,488 43,348 43,348

This table displays the effect of plant closure induced unemployment on the probability of being a care-
provider (upper panel) and the hour of informal care provided on a normal week-day (lower panel) for
the full sample and by gender for the group aged 50 and older. Controls: The set of control variables is
reported in Table 2. Weighting: Estimated applying weights estimated from entropy balancing. Cluster
robust standard errors in parentheses (clustered at the personal level); *** p<0.01, ** p<0.05, * p<0.1

Table 8: Placebo treatment

(1) (2) (3) (4) (5) (6)
Lagged treatment 1 year 2 years 3 years

Care provision 0.008 -0.000 0.003 0.001 -0.031 -0.028
(0.057) (0.037) (0.025) (0.017) (0.029) (0.020)

Hours of care -0.039 -0.053 -0.009 -0.012 -0.058 -0.054
(0.089) (0.062) (0.039) (0.028) (0.059) (0.040)

Controls -
√

-
√

-
√

Weighting
√ √ √ √ √ √

Observations 95,773 95,773 86,942 86,942 75,842 75,842

This table displays the effect of 1 (columns 1-2), 2 (columns 3-4) and 3 (columns 5-6)-
year-lagged plant closure induced unemployment (placebo treatment) on the probability
of being a care-provider (upper panel) and the hour of informal care provided on a
normal week-day (lower panel) for the full sample. Controls: The set of control variables
is reported in Table 2. Weighting: Estimated applying weights estimated from entropy
balancing. Cluster robust standard errors in parentheses (clustered at the personal level);
*** p<0.01, ** p<0.05, * p<0.1

specification, we define the treatment indicator as 1 in period t, in which the plant-closure occurred

(and the respondent is unemployed) and in period t+1 thereafter (if the respondent is still unemployed
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Table 9: Effect of unemployment on informal care, propensity weights

(1) (2) (3) (4) (5) (6)
Group Full sample Men Women

Care provider 0.054* 0.059** 0.042 0.057* 0.064 0.072**
(0.032) (0.024) (0.038) (0.032) (0.058) (0.030)

Hours of care 0.075 0.086** 0.048 0.066** 0.099 0.123**
(0.048) (0.035) (0.039) (0.033) (0.103) (0.052)

Controls -
√

-
√

-
√

Weighting
√ √ √ √ √ √

Observations 101,836 101,836 58,181 58,181 42,646 42,646

This table displays the effect of plant closure induced unemployment on the proba-
bility of being a care-provider (upper panel) and the hour of informal care provided
on a normal week-day (lower panel) for the full sample and by gender. Controls: The
set of control variables is reported in Table 2. Weighting: Estimated applying weights
estimated from entropy balancing. Cluster robust standard errors in parentheses (clus-
tered at the personal level); *** p<0.01, ** p<0.05, * p<0.1

and had no other job in between). Figure 1 shows in addition point estimates and 95% confidence

intervals on the probability to be a care-giver when only focusing on the current period (Period t) and

when including the second period after the plant closure occurred, if the respondent is still unemployed

and had no job in-between (Period t to t+2). While point estimates are similar across all specifications

they are insignificant (at the 5% confidence level) when only considering the current period. The picture

is similar for the effect on the hours of care provision (Figure 2).27

In a further robustness check we further include caregiving variables, i.e. pre-treatment variables,

in the balancing step. Table A7 shows that this does not strongly change the results: Controlling

for pre-treatment caregiving leads to slightly higher point estimates. Finally, we vary the research

strategy to understand how sensitive our estimates are to another approach. We apply an event study

approach using a more homogeneous group: We limit the sample to individuals who experience a job

loss due to plant closure at some point in time in the panel. Treatment is still plant-closure induced

unemployment but in a group of individuals who all at some point in time experience plant closure

induced unemployment, however the timing of the event differs (see Appendix A.1 for more details).

Table A8 in the Appendix shows the estimation results. Overall the results are very similar to the

results obtained in the DiD entropy balancing estimation. We find positive and significant (10% level)

effects of plant-closure induced unemployment on the probability of being a care provider (2.1pp) as

well as on the weekly hours of informal care (0.032 hours of care per weekday).

27We present the estimation results for this robustness check in Appendix Table A6.

16



Figure 1: Effect on informal care provision: Different treatment definitions

Source: SOEP v35, own calculations. Notes: This figure shows effects of plant closure induced unemployment on the probability

to provide informal care by length of the treatment definition in periods. Period t is the period in which plant closure induced

unemployment occurs.

6 Conclusion

This study documents a time conflict between employment and informal care provision: We show that

a transition from employment into unemployment significantly increases the incidence of informal care

provision and an increase in the number of hours of care provided. The effect of unemployment is

estimated by a difference-in-differences matching research design based on entropy balancing using

plant closure as quasi-exogenous variation. In more detail, we find that unemployment increases the

incidence of providing care by almost 2.9 percentage points (a relative increase of about 120%) while the

daily hours of care provision rise by around 0.047 hours per weekday, a 138% increase. These findings

are robust to various changes in the empirical specification and placebo tests provide empirical support

for the identification strategy. In the heterogeneity analysis we show that both men and women react

with significant increases in care provision. Moreover we show that effects are larger for women with

low education.

For the interpretation of these findings a discussion about the external validity of the empirical

design is important. By design, studies which use plant closures as exogenous variation, exploit

information of a specific group. As discussed in Table 2 the treated individuals differ for the general

population. Amongst others on average they are less educated and have lower labor earnings. From a

policy perspective this is a central group as these individuals are more vulnerable and more dependent
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Figure 2: Effect on informal care hours: Different treatment definitions

Source: SOEP v35, own calculations. Notes: This figure shows effects of plant closure induced unemployment on the hours of

informal care provision by length of the treatment definition in periods. Period t is the period in which plant closure induced

unemployment occurs.

on public policy. However, results are difficult to generalize to the full population. Since we find that

the effect of unemployment on the provision of long term care is stronger for individuals with low

education, it is plausible that the effect for the general population would be lower as the fraction of

low educated is lower.

Still, the results have important implications for the policy debate. Informal care provision plays an

important role in the care-mix of many OECD countries and LTC systems try to encourage informal

care provision by introducing economic incentives. Our findings, together with the literature which

focus on different groups, however, show that there still exists a binding time constraint for working

individuals. In our study, we assume that demand for informal care is present independent of treatment.

As we find that informal care is increased irrespective of that, individuals in employment should face

the same demand for informal care but cannot provide it. Similarly, Fischer and Müller (2020) find

that received informal and overall care are reduced once females living in the same household are not

able to retire anymore at former early retirement ages. This suggests that often, if no informal care

is provided, less or no care is received by frail elderly in need. Mommaerts and Truskinovsky (2020)

also finds that in economic booms, when less informal care is provided by adult children, less care is

received by the frail parents. This can have detrimental health effects of frail elderly.28

Thus, in order to increase supply of informal care and reduce the time constraint between labor and

28See Hu and Li (2020), Wu and Lu (2017) and Chon et al. (2018) for further information.
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informal care provision, policy has to strengthen opportunities for employed individuals to take time

off work, provide informal care and return to their jobs afterwards. German policy has already started

to address this by introducing the ’Familienpflegezeitgesetz’ and ’Pflegezeitgesetz’ which grant these

opportunities. Wage replacement in times of informal care provision are however insufficient which is

why so far only few individuals make use of these regulations.
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A Appendix

A.1 Event study design

In this section we describe the event study design to estimate plant-closure induced unemployment

effects on informal caregiving. We limit the sample to all individuals in the main sample who experience

plant-closure induced unemployment within the panel. Treatment is still unemployment through plant-

closure but in this event-study design treatment is defined by timing of the lay-off. Equation 5 describes

the estimation strategy. Yit represents the outcome variable (care provision and hours of informal care

per weekday), Postit is an indicator that is 1 if plant closure induced unemployment has occurred in

the current or the previous period (and the individual is still unemployed). We introduce year-fixed

effects (γt) in all specifications while individual fixed effects are introduced only in Column 1 of table

A8. We also introduce Dit, a variable indicating the distance to the event (plant-closure) in years.

We are interested in the effect of plant-closure induced unemployment α1 and cluster standard errors

at the individual level. We find 935 observations for individuals in SOEP in the years 2001-2018 who

experience plant-closure induced unemployment at some time.

Yit = α0 + α1Postti +
∑
τ

Dτ
it + γt + γi + εit (5)

Table A8 shows that within the group experiencing plant closure at some point the event itself increases

informal care on the intensive and extensive margin significantly. The introduction of individual fixed

effects reduces point estimates but does not alter significance severely.

A.2 Further tables
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Table A1: Overview of control variables

Demographics

Agea age in years

Female 1 = female, 0 = male

Migrant 1 = individual (or parents) moved to Germany, 0=everyone else

Siblings 1 = individual has at least one sibling, 0 = only child

Alone 1 = individual has no partner, 0 =everyone else

Children 1 = individual has children under 18 in hh, 0 = everyone else

Labor market

Labor income natural logarithm of individual yearly labor income

Tenure natural logarithm of tenure years

Blue collar 1 = blue collar worker, 0 = everyone else

Job worries 3 categories (big worries, some worries, no worries)

Company sizeb 4 categories (small, small-medium, medium, large) c

Industry 10 categories

Education 4 categories (in school, elementary, secondary, tertiary)

Work experience Years in full-time experience, part-time experience is counted

as 0.5 years of work experience in full-time

Years in unemployment Years that an individual spent in unemployment

Health

Subjective healtha 5 categories (very poor, poor, satisfying, good, very good)

Hospital stay 1 = individual spend at least one night in the hospital last year,

0 = everyone else

Others

State of residence 16 categories

Year dummies from 2001 to 2017

a Variable also included for partner;

b Extra category for missing values;

c “small” refers to less than 20 employees, “small-medium” to 20-199 employees, “medium” to 200-1999

employees and “large” to 2000 employees and more.
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Table A2: Effect of unemployment on other time-use categories

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Labor Education Errands Child care Hobbies

-8.707*** -8.690*** 0.629*** 0.624*** 1.702*** 1.670*** 1.074*** 1.047*** 1.003*** 1.006***

(0.187) (0.163) (0.124) (0.114) (0.155) (0.142) (0.206) (0.181) (0.157) (0.140)

N 100,530 100,530 101,528 101,528 101,286 101,286 101,711 101,711 101,523 101,523

This table displays the effect of plant closure induced unemployment on several other time-use variables on a normal week-day for the

full sample. Controls: The set of control variables is reported in Table 2. N: Number of Observations; Weighting: Estimated applying

weights estimated from entropy balancing. Robust standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.1

Table A3: Effect of unemployment on informal care provision (non-clustered standard errors)

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

Care provider 0.020* 0.030*** 0.029*** 0.029***

(0.011) (0.011) (0.011) (0.010)

Hours of care 0.026 0.050** 0.047** 0.047***

(0.020) (0.019) (0.020) (0.018)

Controls -
√

-
√

Weighting - -
√ √

Observations 129,637 101,836 101,836 101,836

This table displays the effect of plant closure induced unemploy-

ment on the probability of being a care-provider and the hour of

informal care provided on a normal week-day for the full sample.

Controls: The set of control variables is reported in Table 2. Weight-

ing: Estimated applying weights estimated from entropy balancing.

Robust standard errors in parentheses *** p<0.01, ** p<0.05, *

p<0.1
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Table A4: Effect of unemployment on informal care by education (ISCED1997 classification)

(1) (2) (3) (4) (5) (6)

Group Full sample Men Women

Care provision

Low education 0.002 0.002 -0.001 0.006 0.007 0.008

(0.003) (0.006) (0.005) (0.008) (0.006) (0.009)

Treatment 0.016 0.019 0.020 0.030 0.009 0.006

(0.036) (0.034) (0.055) (0.050) (0.041) (0.031)

Treatment & low education 0.034*** 0.033*** 0.027** 0.031*** 0.044** 0.046***

(0.011) (0.010) (0.013) (0.011) (0.018) (0.016)

Hours of care

Low education 0.005 -0.001 0.001 0.007 0.010 0.010

(0.007) (0.011) (0.007) (0.011) (0.013) (0.017)

Treatment -0.013 -0.006 0.023 0.035 -0.066 -0.072

(0.049) (0.044) (0.055) (0.051) (0.085) (0.068)

Treatment & low education 0.070*** 0.062*** 0.053** 0.054*** 0.091** 0.091***

(0.021) (0.019) (0.025) (0.021) (0.038) (0.032)

Controls -
√

-
√

-
√

Weighting
√ √ √ √ √ √

Observations 102,497 102,497 58,883 58,883 43,614 43,614

This table displays the effect of plant closure induced unemployment on the probability of being a care-

provider and the hour of informal care provided on a normal week-day for the full sample and by gender

interacted with low education (ISCED97 Classification). Controls: The set of control variables is reported

in Table 2. Weighting: Estimated applying weights estimated from entropy balancing. Cluster robust

standard errors in parentheses (clustered at the personal level) *** p<0.01, ** p<0.05, * p<0.1
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Table A5: Effect of unemployment on informal care by gender (interaction)

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

Care provider

Women -0.001 -0.000 -0.002 0.007

(0.001) (0.001) (0.003) (0.009)

Treatment 0.024* 0.029* 0.028* 0.026*

(0.014) (0.015) (0.015) (0.013)

Treatment & Women 0.013 0.030* 0.028* 0.041**

(0.026) (0.017) (0.017) (0.019)

Care hours

Women -0.006** -0.001 -0.010 0.015

(0.002) (0.003) (0.009) (0.018)

Treatment 0.041** 0.053** 0.047** 0.045**

(0.020) (0.022) (0.022) (0.021)

Treatment & Women -0.004 0.044 0.037 0.066

(0.049) (0.035) (0.035) (0.042)

Controls -
√

-
√

Weighting
√ √ √ √

Observations 129,637 101,836 101,836 101,836

This table displays the effect of plant closure induced unemployment on

the probability of being a care-provider and the hour of informal care

provided on a normal week-day for the full sample and by gender (in-

teraction with female-dummy). Controls: The set of control variables is

reported in Table 2. Weighting: Estimated applying weights estimated

from entropy balancing. Cluster robust standard errors in parentheses

(clustered at the personal level) *** p<0.01, ** p<0.05, * p<0.1
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Table A6: Effect of unemployment on informal care by treatment definition

(1) (2) (3) (4) (5) (6)

Group Full sample Men Women Full sample Men Women

Treatment Period t Period t to t+ 2

Care provider 0.023 -0.012 0.075*** 0.027** 0.028* 0.024*

(0.015) (0.015) (0.021) (0.012) (0.016) (0.013)

Hours of care 0.035 -0.002 0.081** 0.039* 0.050** 0.026

(0.025) (0.020) (0.041) (0.021) (0.023) (0.035)

Controls
√ √ √ √ √ √

Weighting
√ √ √ √ √ √

Observations 101,438 58,250 43,188 101,896 58,519 43,377

This table displays the effect of plant closure induced unemployment on the probability of being a

care-provider and the hour of informal care provided on a normal week-day for the full sample and

by gender. t is the period in which the plant closure induced unemployment occurs. Controls:

The set of control variables is reported in Table 2. Weighting: Estimated applying weights

estimated from entropy balancing. Cluster robust standard errors in parentheses (clustered at

the personal level) *** p<0.01, ** p<0.05, * p<0.1

Table A7: Effect of unemployment on informal care - balancing on pre-treatment caregiving

Variables (1) (2) (3) (4) (5) (6)

Group Full sample Men Women

Care provision

Treatment 0.039*** 0.039*** 0.039** 0.038*** 0.040** 0.040***

(0.011) (0.010) (0.015) (0.012) (0.017) (0.014)

Hours of care

Treatment 0.070*** 0.070*** 0.067*** 0.067*** 0.076** 0.076***

(0.020) (0.018) (0.023) (0.019) (0.036) (0.029)

Controls -
√

-
√

-
√

Weighting
√ √ √ √ √ √

Observations 101,836 101,836 58,485 58,485 43,348 43,348

This table displays the effect of plant closure induced unemployment on the probability of

being a care-provider and the hour of informal care provided on a normal week-day for the

full sample and by gender. Controls: The set of control variables is reported in Table 2.

Weighting: Estimated applying weights estimated from entropy balancing. Cluster robust

standard errors in parentheses (clustered at the personal level) *** p<0.01, ** p<0.05, *

p<0.1
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Table A8: Effect of plant closure induced unemployment on informal care - event study

(1) (2)

Care provider 0.030** 0.021*

(0.015) (0.011)

Hours of care 0.050* 0.032*

(0.027) (0.017)

Observations 935 935

Year fixed effects
√ √

Individual fixed effects
√

-

This table displays the effect of plant closure in-

duced unemployment on the probability of being

a care-provider and the hour of informal care pro-

vided on a normal week-day for the full sample and

by gender. In this table we use an event study de-

sign. The sample contains only individuals who

experience plant-closure at some time while treat-

ment is timing-specific. Cluster robust standard

errors in parentheses (clustered at the personal

level) *** p<0.01, ** p<0.05, * p<0.1
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Table A9: Summary statistics of covariates (balancing variables) in the plain control group, treatment

group and weighted treatment group (propensity score weighting)

Variablesa Control group Treatment group Weighted control Raw differenceb

Agec 44.89% (8.97) 45.79% (9.45) 44.51% (9.53) -0.49

Female 0.43% (0.49) 0.40% (0.49) 0.43% (0.50) 0.01

Migrant 0.16% (0.37) 0.26% (0.44) 0.21% (0.41) 0.06

Siblings 0.11% (0.31) 0.07% (0.26) 0.13% (0.34) 0.03

Alone 0.30% (0.46) 0.30% (0.46) 0.28% (0.45) -0.02

Labor incomed 39644.75 (31294.94) 26825.69 (18225.23) 37122.70 (28317.58) -3192.04

Tenured 13.40% (9.90) 11.44% (10.79) 11.93% (9.80) -1.87

Work experience 19.79 (9.71) 21.39 (10.79) 19.80 (9.72) -1.59

Unemployment experience 0.40 (1.23) 0.90 (2.00) 0.40 (1.23) 0.5

Children 0.46% (0.50) 0.40% (0.49) 0.45% (0.50) -0.01

Blue collar 0.24% (0.42) 0.44% (0.50) 0.26% (0.44) 0.04

Concerned with job loss

Very Concerned 0.11% (0.31) 0.47% (0.50) 0.13% (0.34) 0.02

Somewhat Concerned 0.37% (0.48) 0.36% (0.48) 0.40% (0.49) 0.03

Not Concerned at all 0.52% (0.50) 0.17% (0.38) 0.47% (0.50) -0.06

Firm Size

Small 0.21% (0.41) 0.37% (0.48) 0.25% (0.43) 0.04

Small-Medium 0.26% (0.44) 0.33% (0.47) 0.27% (0.44) 0.00

Medium 0.22% (0.42) 0.16% (0.37) 0.24% (0.43) 0.02

Large 0.27% (0.44) 0.13% (0.34) 0.22% (0.42) -0.05

Occupation

Primary Sector 0.02% (0.13) 0.02% (0.13) 0.03% (0.16) 0.01

Manufacturing 0.25% (0.43) 0.31% (0.46) 0.27% (0.44) 0.02

Energy & Water 0.01% (0.11) 0.01% (0.09) 0.02% (0.13) 0.01

Construction 0.06% (0.23) 0.17% (0.37) 0.05% (0.21) -0.01

Wholesale & Retail 0.10% (0.31) 0.26% (0.44) 0.13% (0.34) 0.04

Hotel & restaurants 0.02% (0.13) 0.03% (0.18) 0.03% (0.16) 0.01

Transport 0.06% (0.23) 0.03% (0.18) 0.06% (0.24) 0.01

Banking & Insurance 0.05% (0.21) 0.03% (0.16) 0.04% (0.19) -0.01

Other services 0.31% (0.46) 0.11% (0.32) 0.27% (0.44) -0.05

Health services 0.13% (0.33) 0.02% (0.14) 0.11% (0.31) -0.02

Education

Elementary 0.25% (0.43) 0.52% (0.50) 0.24% (0.43) -0.02

Secondary 0.45% (0.50) 0.38% (0.49) 0.48% (0.50) 0.04

Tertiary 0.30% (0.46) 0.10% (0.31) 0.28% (0.45) -0.02

Satisfaction with own health

Very poor 0.01% (0.09) 0.03% (0.16) 0.01% (0.07) -0.00

Poor 0.05% (0.23) 0.11% (0.31) 0.07% (0.25) 0.02

Satisfying 0.26% (0.44) 0.26% (0.44) 0.24% (0.43) -0.03

Good 0.48% (0.50) 0.42% (0.49) 0.47% (0.50) -0.02

Very good 0.20% (0.40) 0.19% (0.39) 0.22% (0.42) 0.03

Hospital stay 0.08% (0.27) 0.13% (0.34) 0.07% (0.25) -0.02

Observations 101,462 374 101,462

Source: SOEP v35; Notes:

a. We suppress the time and state dummies. For the complete table see the appendix.

b. The raw difference is the difference between treatment and weighted control values.

c. For continuous variables standard deviation is displayed in parenthesis.

d. Values are presented in levels. In the regression these variables are included in their logarithmic transformation.
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