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Abstract

I study the relationship between changes in community needs and the supply of voluntary work.
I present basic theoretical considerations, which suggest that the relationship between voluntary
work and an increase in community needs is ambiguous. Then, I test the relationship empirically
by proxying community needs with the number of needy people, i.e., refugees, in a county, and
by exploiting the quasi-experiment of refugees’ allocation within Germany. I find that doubling
the number of refugees increases the probability of volunteering by about 2 percentage points.
These estimates imply that 1.45 million people additionally volunteered during the refugee crisis,

i.e., more than one person per refugee.
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1 Introduction

Uncovering motives and mechanisms behind the decision to volunteer has been of particular interest
in economics because, in contrast to the supply of work in the labor market, volunteering is typically
an uncompensated activity. The supply of voluntary work is thus usually examined through the
lenses of time-budget constraints, the opportunity cost of volunteering, and the provision of public
goods and services (e.g., Freeman [1997; Andreoni [1990). However, due to its uncompensated

nature, conceptualizing and estimating the elasticity of voluntary work has proven challenging.

I set out to investigate the responsiveness (the elasticity) of the supply of voluntary work with
respect to the presence of community needs, i.e., needy people at the local level. This is especially
relevant given the importance of volunteering in the provision of local public goods and services.
Jones (2006, p. 262) argues that “charitable giving is less able than volunteering to quickly and
directly respond to community needs” and it is therefore of primary interest to identify volunteering

responses independently of other charitable behaviors in this contextﬂ

Importantly, volunteering is also not a niche phenomenon; worldwide a large share of the population
volunteers. In Germany in 2017, for example, around a third of the population volunteered, and
more than half of them were regularly doing so (Burkhardt and Schupp 2019). For comparison,
Charities Aid Foundation (2018) has placed Germany 46th on a worldwide ranking of the share of

volunteers in the population.

To examine whether volunteers respond to changes in the presence of needy people or not, I present
theoretical considerations and an empirical evaluation of the predictions. The conceptual framework
relies on the utility maximisation of an agent who can derive warm glow from volunteering (Andreoni
1990). I focus on two main explanations for volunteering activity: the number of people in need
and free riding. From the conceptual framework, I predict that the supply of volunteer work is (i)
ambiguously related to an increase in the number of needy people, and (ii) negatively related to

an increase in the contributions of othersﬂ For the empirical part, I use data from the German

!Charitable giving is defined as contributions that are eligible for charitable deductions, but also charitable be-
quests, and any donation of money or goods to a third party (Schervish and Havens [2002)). An arising modelling
question concerns the degree of substitutability or complementarity between the two above-mentioned types of chari-
table activity. For more details see, i.e.,|Freeman (1997); Duncan (1999); [Feldman (2010)); [Hackl et al. (2012)); |[Lancee
and Radl (2014)); Brown et al. (2019); |Voorintholt (2023]).

“In the conceptual framework it is easily possible to extended the interpretation of “contributions of others” to
include government interventions. Previous studies have in fact discussed that the supply of voluntary work can



Socio-Economic Panel (2007-17) combined with other administrative information and data sets. I
regress the probability of volunteering on the local number of refugees and on the local populationﬁ
The first regressor is a proxy for community needs. The second regressor, population, could be a

proxy for the contributions of others (Krasteva and Yildirim 2013]).

For the empirical strategy, I exploit the exogenous shock in the demand for local public services,
related to the inflow of refugees in Germany. As an illustration, during the refugee crisis of 2015-
16, around 1 million refugees migrated to Germany (Jacobsen et al. [2017)). Refugees needed help
for accommodation and administrative procedures, as well as for other services (Nam and Stein-
hoff 2018)). Survey results show that volunteers supported refugees when visiting the authorities,
they helped refugees learn German and integrate into the labor market (Kausmann et al. [2022).
Methodologically, I resort to panel fixed-effects and fixed-effects instrumental-variable regressions
to control for possible self-selection of refugees into German counties despite the strict allocation
rules. The instrumental variable mimics the counterfactual allocation of refugees as prescribed by
the allocation rules, which first apply between the 16 federal states (based on population and tax

revenues) and then across counties within each state, based on different criteria.

The empirical results inform about a positive relationship between volunteering and changes in
the number of needy people and support the predicted negative relationship between volunteering
and increases in population. With respect to needy people, the main result implies that doubling
the number of refugees increases the probability of volunteer work by about 2 percentage points.
A back-of-the-envelope calculation suggests that 1.45 million additional volunteers engaged during
the refugee crisis, i.e., more than one volunteer per refugee. The 1.45 million additional volunteers
also correspond to about a third of the staff employed in the public sector in Germany, who might
be substitutes for volunteers. These findings are also in line with reported oversupply of volunteers
during social crises, i.e., the refugee crisis in Austria (Simsa et al. 2019)) and the COVID-19 crisis

in Switzerland (Trautwein et al. |2020), implying a strong response by volunteers.

To the best of my knowledge, there is no previous work trying to establish a causal link between

back government interventions, especially when a prompt response is necessary, or that it can be crowded out, i.e.,
government interventions may reduce volunteering (e.g., [Hackl et al. |2012). More generally, the voluntary sector
might develop concomitantly with heterogeneous and undersatisfied demand for public services (Weisbrod [1975).
However, due to data limitations, the role of government interventions is explored only in robustness checks in the
empirical part.

3For brevity, I use the term “refugees”, whereas the official wording is “persons in need for protection” (Destatis
2018). These are foreigners who stay in Germany appealing to humanitarian reasons (Destatis [2018]).



community needs and the supply of voluntary work at the individual level, especially in the context

of a social crisis. Nonetheless, the presence of need has been one of the first mechanisms discussed

in the charitable-giving literature (Bekkers and Wiepking 2011)). Per capita income and income

dispersion, which can be considered indicators for economic need (Unger |[1991), have been related
to monetary donations in studies dating back to the ‘70s (Hochman and Rodgers 1971} |Reece|1979)).

[Unger (1985) and [Unger (1991)) are the first studies to explore the relationship between community

needs and volunteering. The author provides some evidence of a positive correlation between
voluntarism and perceived community needs (measured by asking people if their community would

be better off with more volunteers), based on cross-sectional survey data. Other and more recent

empirical studies use aggregated data. Grenbjerg and Paarlberg (2001)), for example, use cross-

sectional data at the county level to test the hypothesis that the density of nonprofit (including
charitable) organisations is positively related to community needs, measured by a child poverty rate.
They estimate a negative relationship between the two variables, but they suggest that different
variables used to measure community needs may deliver different results. Their analysis is relevant

to understand volunteering behaviour, nonetheless, as the presence of charities and volunteering

are positively related (Mohan and Bennett 2019)).

This paper also relates to other studies describing volunteer work during the refugee crisis.

land Steinhoff (2018) estimate the value of volunteer work during the refugee crisis in one German

district, but they do not present causal evidence for this volunteering response. Simsa et al. (2019))

examine the work environment of spontaneous volunteers during the refugee crisis in Austria and

highlight the differences between volunteering during social and environmental crises.

More broadly, this work adds evidence to the literature focusing on the outcomes of refugee crises

(Bahar et al. [2022} |Battisti et al. |2022; Busch et al. 2020; Deole and Huang 2021; El-Bialy et al.|

2023; |[Fremerey et al. [2024; |Gehrsitz and Ungerer [2022; |Giavazzi et al. [2019; [Hangartner et al.|2019;
Hilbig and Riaz [2022} Jaschke et al. |[2022; Martén et al. 2019; |Schilling and Stillman 2024). Many

studies focus on employment outcomes or integration in the host country, but especially relevant

is [Albarosa and Elsner (2023), a study on social cohesion in Germany. The authors document that

the inflow of refugees has no effects on trust and perceived fairness in the host country, but it has

a small negative effect on attitudes towards migrants.

My contribution with respect to the previous literature is to investigate the effects of actual and



sudden changes in community needs on the decision to volunteer at the individual and at the
household level. The identification strategy exploits the quasi-experiment of the refugee allocation
to German counties, which helps shed light on the causal relationship between local needs and
voluntary work, thus identifying the elasticity of the supply of voluntary work. Moreover, by using
a panel data set, I can control for unobserved time-invariant characteristics, which helps deliver
more compelling evidence on the relationship of interest. This analysis thus enriches the literature
on volunteering as compared to other charitable behaviorsﬁ as well as the literature on the outcomes

of the inflow of refugees, by focusing on new outcomes, like volunteering.

2 Conceptual framework

Volunteering and monetary donations are typically considered as a way of contributing to public
goods or services (Freeman [1997). When considering the individual decision to donate, Andreoni’s
seminal work shows that people may derive utility from the availability of public goods, from the
act of giving itself or both (Andreoni |1989; Andreoni [1990)). A person is defined as a pure altruist
when he only cares about the total level of the public good, so that others can also benefit from
it. This implies that if the public good is delivered at its optimum amount, a pure altruist will
not donate. The opposite case is the impure altruist, a person who derives utility exclusively from
her own contribution to the public good. The impure altruist does not care about the level of the
public good, but she cares about the warm glow she feels from donating. The mixed altruist is the
middle case between the two extremes, pure and impure altruist. Mixed altruists care about the
level of the public good and their own contribution to it. This is arguably the most common case,

with a high degree of heterogeneity among people.

In order to derive predictions on the relationship between changes in the number of people in need
and optimal volunteering, we can start with a simple private consumption model (presented in
detail in Appendix . Individuals can derive utility from private consumption, the availability
of public goods for needy people, and from the act of volunteering itself. In this framework, the

number of needy people can be seen as a crowding parameter, so that the potential volunteers

Tt seems that volunteering has not received as much attention as charitable (monetary) donations in terms of
research. For example a “Google Scholar” search shows about 38,600 results for studies on monetary donations and
about 2,850 on volunteering.



(may) care about the availability of the public good relative to the number of people in needﬁ The
provision of the public good depends on own and others’ contributions, i.e., volunteering, whereby 1
assume that others’ contributions are taken as given by each individual, who in turn best responds
to them. The setup allows for separate predictions for the general case of mixed altruism as well

as for pure and impure altruists.

Optimal volunteering is determined by the equality between the marginal utility and the opportu-
nity cost of volunteering. Individuals’ optimum volunteering may change in response to changes in
the number of people in need, depending on their type of altruism. First, impure altruists will not
be affected by changes in the number of needy people as they only benefit from the act of giving
itselfﬁ An increase in the number of needy people, instead, has an ambiguous effect on optimal
volunteering for mixed and pure altruists. This ambiguous relationship is based on two counter-
acting effects. The first is a positive “crowding effect,” which relates to the increase in utility from
contributing more to the public good as it gets crowded. The second is a negative “productivity
effect,” which relates to the declining (marginal) returns to the effort exerted by the volunteer. This

ambiguous relationship holds by extension for the extensive margin, i.e., the decision to volunteer.

In this basic framework, there are also incentives for free riding in the pure and in the mixed
altruist cases, as utility is derived from the overall provision of the public good. If someone else
volunteers and contributes to the public good, own contributions may crowd out. In contrast, we
do not expect other people’s contributions to affect the contributions by impure altruists, as they
only derive joy from the act of giving. The services provided by volunteers during the refugee crisis
(i.e., help with finding accommodation and with administrative procedures) could also be prone to
a free-rider problem. In fact, if someone was concerned that refugees would receive help, she could
have volunteered herself or opted to rely on volunteering by others. Because of this free-riding
problem, an increase in population not in need, and in turn in expected contributions by others
(Krasteva and Yildirim 2013, could be related to the reduction of own contributions. We thus

expect a negative relationship between population and the probability of volunteering.

There are, however, other possible explanations that could relate population to the decision to

SMore precisely, the services provided by volunteers are not “pure” public goods as they can be crowded and are
rival in consumption.

5The implicit assumption here is that the act of giving itself, the warm glow, is not a function of the number of
needy people.



volunteerm These are the career and the social functions of volunteering, reputation, solicitation,
and the opportunity cost of timeﬁ The career function of volunteering is related to gaining ex-
periences and contacts that are valuable for the labor market (Clary et al. [1998]). A larger (and
more heterogeneous) population could represent more chances to gain valuable contacts through
volunteering and we would observe a positive relationship between population and the probability
of volunteering. The social function and reputation are similar mechanisms in the sense that people
tend to volunteer with their friends or because they receive rewards in their social environments
(Clary et al. [1998; Bekkers and Wiepking 2011). Assuming that a larger population is related to
a potentially larger social circle, we would observe a positive relationship between population and
volunteering. Solicitation is related to the fact that people tend to volunteer when asked (Bekkers
and Wiepking 2011). With a larger population, chances of being asked to volunteer could also be
greater due to the presence of associations’ and fundraising stands in busy areas (Jay [2001). So,
also in this case, we would observe a positive relationship between the two. Another alternative
explanation concerns the opportunity cost of time. This explanation is related to the fact that,
while volunteering, people are missing out on the opportunity to earn a market wage. The literature
documents the existence of an urban wage premium (see for example [Edward L. Glaeser and Maré
(2001) for the US, and Lehmer and Moller (2010) and |Jush (2017) for Germany). The urban wage
premium implies that in urban or more densely populated areas, the opportunity cost of volunteer-
ing might be higher and we might thus observe a negative relationship between volunteering and

population.

In addition to the individual level, it is relevant to examine the volunteering responses to changes in
local needs at the household level. This is motivated by the complementarity of volunteering within
the household. The most commonly observed patterns are in fact that both partners volunteer or
that no one does (Freeman [1997). The intergenerational transmission of volunteering (Bekkers
2007)) implies that children tend to volunteer when parents do or did so. Given the complementary
nature of volunteering within the household, I expect the relationships at the household level to
follow the same direction and be magnified with respect to the individual level. I thus expect
the probability of volunteering within the household to be negatively related to population and

ambiguously related to the number of needy people.

"This discussion is mostly based on the literature rather than exclusively on the model presented in the appendix.
8While discussed here, due to data limitations, most of these alternative explanations cannot be tested empirically.
In Section @ I provide some tests for the opportunity-cost mechanism.



This conceptual framework has a few limitations. First, this simple conceptual framework does
not take into account the interplay between volunteering and monetary donations (as well as other
forms of charitable behavior)ﬂ Second, I assume for simplicity that everyone takes other peo-
ple’s contributions as given, and that optimal volunteering represents a best response to others’

volunteering decisions (Hindriks and Myles [2013)).

In the next sections, I present the empirical strategy and the data used to study the relationship

between volunteering, changes in community needs, and in population.

3 Empirical strategy

To test the hypotheses formulated in the previous section, I regress the probability of volunteering

on the number of needy people at the local level (i.e., refugees) and on the local population.

I estimate the linear probability model

Yijt = Bo + Bilog(Refugeesj;) + Balog(Population) + v Xij + 65 + 0 + wyj, (1)

where Y;;; is an indicator equal to 1 if person ¢ volunteered in county j at time ¢, equal to 0
otherwise. Refugees;; is the number of refugees in county j and year t. Population; is the number
of inhabitants (excluding refugees) of county j in year ¢t. X;;; is a covariates matrix including socio-
demographic and county controls. The included controls are education (10 indicators), marital
status (8 indicators), labor force status (7 indicators)m age, gender, and unemployment rate in
county j. d; are the county heterogenous effects, 0; are the year heterogeneous effects, and w;j;;
is the idiosyncratic error term. Standard errors are clustered at the county level, i.e., robust to

heteroscedasticity and serial correlation.

Proper causal identification relies on the exogeneity of the Re fugeesj; variable, i.e., Cov(Re fugeesq,
uijt) = 0. There are a few reasons that may make one reject this assumption and wonder if the
number of refugees could be endogenous due to selective migration. First, even though the in-

ternal distribution of refugees follows rather rigid rules, family reconnections are typically allowed

9Because of data availability, I could not test empirically any hypotheses on monetary donations.
10More details about the indicators can be found in Table [1f and in Appendix
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(Destatis 2018]). Second, asylum applicants are allowed to move within Germany after 3 months
since the application, if they expect favorable decision outcomes (Destatis 2018). These arguments
imply that the results from Regression [1| could be biased due to self-selection of refugees into county
j. I therefore complement the linear probability model with an instrumental variable approach,

which relies on refugees’ allocation rules within Germany.

At arrival, refugees are distributed among the German federal states, using the EASY system
(initial distribution of asylum seekers) (Muller [2013]). This first allocation to federal reception
centers is based on the so-called Konigsteiner key, which is also used for the allocation of research
funds in Germany. These distribution quotas among the 16 German federal states are based for
two thirds on tax revenues and for one third on population (Geis and Orth [2016)); the quotas for
the current year t are determined using information (i.e., data) from the period ¢t — 2. After a
short stay in the reception center, refugees are allocated within the state they are registered inH
Every state has its own rules regarding internal allocation and is free to set them. The state-level
allocation is typically determined by the share of population, the area of the county in squared km
or is set by law (see |Geis and Orth (2016) and Table for more details and further resources).
Figure [1| shows the distribution quotas at county level in Germany. In the case where the refugee

allocation is determined by county j’s population share, the allocation formula goes as follows:

1 Revenuesg 2 Populationg Population;

Re fugees quota; = ( (2)

3 Revenuespg 3 Populationpg” ~ Populations’

Konigsteiner key

where the subscripts s and DF indicate the state and Germany respectively. The thought exper-
iment in this simple case is thus to compare two counties with the same population growth rate,
but which receive a different number of refugees due to different tax revenues or population growth
rates of their state s. Other sources of variation are given by the last term of the formula if county
j’s quota is prescribed by law (with unspecified determinants of the quota), if it does not vary over

time or if it does not reflect its population share but other parameters.

To construct the instrumental variable, I create the counterfactual number of refugees assigned to
a county according to the refugees’ distribution quotas, i.e., abstracting from the possible cross-

county migration of refugees. The instrumental variable for Refugeesj; is given by the sum of

! Refugees are required to stay in reception centers up to 6 weeks and no longer than 3 months (Miiller 2013).



Figure 1: Refugees’ distribution quotas in 2015, as a percentage of the total number of refugees.
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<0.1%

Source: |Geis and Orth (2016)) and related legal documents provided by state bodies, own representation.

Note: The distribution quotas for counties in Saarland correspond to the state distribution quotas.

refugees in county j at t — 1 and the predicted number of refugees’ inflow into county j at time ¢
based on the distribution quotas. I expect the instrumental variable to be positively correlated with
Refugeesj;, such that actual allocation and allocation by the book move in the same direction.
Given that the instrumental variable reflects the expected allocation of refugees, and thus a rule,
the exclusion restriction is likely to hold, i.e., the instrumental variable only affects the dependent

variable through Refugees;;.

In their empirical analysis of refugees integration in Germany, Jaschke et al. (2022]) express concerns

with respect to identification that are similar to those presented here. To account for these self-



selection concerns, they apply a related empirical strategy: to estimate the effects of the local
support for anti-immigration parties on refugees integration, they focus on the effects of the county

where the refugee first registered instead of their current county of residence.

Importantly, even though refugees have recently been included in the survey data used for the
analysis, they are not asked questions about voluntary work, so Refugees;;—1 is unlikely directly
and separately related to the probability of volunteering in t thus violating the exclusion restriction.

I discuss (threats to) exogeneity further in Section with the help of robustness checks.

I also estimate a linear probability model at the household level. The relevant outcome for this
analysis is the share of people volunteering within the household. To investigate the outcomes
at the household level, this approach seems preferable to the inclusion of controls for spouse’s or

parent’s volunteering in Regression |1} as they are simultaneous outcomes.

In the specification at the household level, Y;;; is the number of volunteers within household %, scaled
by the number of household members (i.e., Yj;; is bounded between 0 and 1). In this specification,

I control for the unemployment rate in county j, county and year heterogeneities, J; and 0;.

4 Data and descriptive statistics

4.1 Volunteers

Roy and Ziemek (2000|) define voluntary work according to five criteria: the free will, the beneficiary,
the organizational setting, the frequency or type of commitment, and the presence of rewards. For
the purpose of this study, and based on the data at hand, I assume that volunteers can freely decide
if they want to engage and that they can be members of a club or association (formal volunteers) or

volunteer informally. I also consider volunteers people that engage on a regular or irregular basis.

Data on volunteers come from the German Socio-Economic Panel (SOEP) (Goebel et al. 2019)E

12The remotely-accessible version of SOEP (SOEPremote) makes available the location of volunteers at small-scale
official county codes (called kkz in the data set). Over the period I analyze, the number of counties in Saxony,
Saxony-Anhalt, and Mecklenburg-Vorpommern was reduced as two or more counties were joined together (following
the so-called Kreisreformen). Because of how other data at county level used in the analysis is published or made
available, I use the county boundaries of 2017, implying that I can study 401 counties. It would require much stronger
assumptions to impute data at county level using the initial (2007) borders for the whole time period due to counties

10



The surveyors ask the following question on volunteering: “Which of the following activities do
you take part in during your free time? Volunteer work in clubs or social services at least once a
week, at least once a month, less often, never.” This question was asked in the waves of 2007, 2008,
2009, 2011, 2013, 2015, and 2017@ To generate the binary dependent variable, Y;j;, I assign a 1
to everyone volunteering weekly, monthly or less often, and a 0 to those that never volunteer, in a

certain year.

After merging the different raw data sets, there are a total of 1,101,457 person-year observations
(1984-2018). For the period analysed, from 2007 to 2018, there are 548,977 person-year observa-
tions. After removing observations with missing variables (including information on volunteering,
education, marital status, etc.), I use an unbalanced panel containing all people answering the
survey in the period 2007-2017 (keeping only the years with information on volunteering). The so-
defined data set contains 157,263 person-year observations. The number of interviewees is 50,123

(for comparison, a balanced panel would include 7,464 people).

Figure [2| shows the share of volunteers in the sample, over time. Consistently with the results
by Burkhardt and Schupp (2019) for Germany, around a third of the interviewees in the sample
volunteers each year. Observing the raw data, we can see that during the refugee crisis and in its
aftermath (2015 and 2017) the share of people volunteering is by 2-3 percentage points higher as

compared to other years (except for 2011).

Table (1| shows the descriptive statistics for the sample. The descriptive statistics are shown for
pooled person-year observations. The average volunteering rate is 32%. Around 21% of people
have a partner who volunteers. People are on average 50 years old and the majority is female
(54%) and German (92%). Looking at the volunteering intensity, we observe that, among those
who volunteer, the distribution of people into the three categories (weekly, monthly or rarely) is
quite uniform, with people who volunteer rarely (12% of the sample) or weekly (11% of the sample)
being more frequent. As far as the marital status is concerned, the majority of people is either
married or single. Finally, we can notice that around 52% of the observations in the sample are
regularly employed (full- or part-time) and 32% are out of the labor force, being either retired, in

education or else.

being merged over time and thus due to missing data for the “discontinued” county borders.
1311 the years 2008 and 2013 people could also answer that they volunteer on a daily basis. For comparability in
the following analyses, I record daily volunteering as weekly volunteering.

11



Table 1: Descriptive Statistics, individual level.

Mean S.d. Min Max

Probability of volunteering 319 .466
Partner volunteers 213 .409
Age 49.624 17.213 16 105
Female .535 498
German national .921 .269

Volunteering activity

Every week .108 311
Every month .091 287
Rarer .120 325
Never .681 .466
Education

In school .017 127
Drop-out .015 121
Elementary school .082 274
Basic vocational .246 431
Intermediate general .028 .164
Intermediate vocational .243 429
General maturity .047 211
Vocational maturity .088 .284
Lower tertiary .083 276
Higher tertiary .152 .359

Marital status

Married .600 1490
Single .225 A17
Separated .024 .154
Divorced .088 .283
Widow(er) .062 .241
Partner abroad .000 .017
Same-sex partnership .001 .038
Same-sex partnership, separated .000 .014

Employment status

Full-time .386 487
Part-time 134 .341
Vocational training .019 .136
Marginal .085 279
Unemployed .051 .220
Sheltered workshop .001 .032
OLF .324 .468

Source: SOEP, own computations. Notes: N = 157,263. OLF stands for out of the labor force; marginal employment
corresponds to irregular part-time employment and to the so-called “Minijobs”. Except for Age, all variables are
indicators, therefore their minima and maxima are 0 and 1, respectively.

12



Figure 2: Share of people volunteering, 2007-17.
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Source: SOEP, own computations. Note: N = 157,263.

The variables at household level are not displayed in Table [I] for consistence, but the main informa-
tion is reported here. The sample at the household level includes 53,509 observations (one-person
households are not included in the household-level analyses). The median household is composed
by two people (the maximum is 7 and the standard deviation is 0.498) and the mean volunteering

share within the household is 0.33 (standard deviation 0.382).

4.2 Refugees

Data on refugees in Germany are provided by the German statistical office since 2007
2020b)). The data sets contain detailed information on the number of refugees in each countyﬂ
so that it is possible to observe their variation over timelEl As an example, Figure [3| shows the
percentage change of refugees in Germany between 2014 and 2016, as a consequence of the refugee
crisis. We can see that in many counties the number of refugees has more than doubled during this

period.

For Saarland, data are available only at state level. I nonetheless include Saarland in the main analysis as it is a
relatively small state with only 6 counties, but I show that the baseline results are robust to the exclusion of Saarland
(1,544 observations drop out), see Table in the Appendix.

15The types of refugee’s status and the refugees’ nationality are also available in the data set. Refugees are assigned
one of the following four statuses: protection applicant, temporary protection status, unlimited protection status,
and rejected protection status.

13



Figure 3: Percentage change in the number of refugees in Germany by county, 2014-2016.
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Source: [Destatis (2018), own representation. Notes: For

Saarland, data are available only at state level.

Table 2] shows the summary statistics for variables at the county level. We can observe that the
average number of refugees is around 2,000. The average population is about a hundred times
greater (this figure excludes the number of refugees)m The county’s unemployment rate is also
reported and is 6.88% on average. The bottom half of the table shows the variable used in the
first stage of the instrumental variable analysis. The predicted number of refugees according to the
allocation quotas is used to instrument the number of refugees present in county j in year ¢. Its

mean value is close to the average number of refugees.

Tn the original data set (Destatis|2020a)), the population figure also includes refugees, so for the analysis I compute
a population figure net of the number of refugees.
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Table 2: Descriptive Statistics, county level.

Variable Mean S.d. Min Max N
Refugees in year t 2,008.943 4,067.236 25 91,950 2,791
Population 202,260.9 229,842 33,510 3,521,545 2,791
Unemployment rate 6.88 3.46 1.3 219 2,791

Instrumental variable
Predicted n. of refugees in ¢ 1,999.333  3,882.99 27.570 86,337.29 2,791

Sources: See Appendix [BI} Notes: Unemployment rate is reported in percentage.

5 Results

5.1 Main results

Table [3| shows the baseline results, where the regressors are the number of refugees and the popu-
lation in county j in year ¢, the unemployment rate, German nationality, marital-status indicators,
employment-status indicators, education indicators, age, and genderﬂ In the regressions, I also
include county and year fixed effects@ Column (1) shows the results from the fixed-effects (FE)
regression, column (2) shows the results from the fixed-effects instrumental-variable (FE IV) re-
gression. In column (2), the instrumental variable is the sum of the lagged number of refugees (i.e.,
at t — 1) and the predicted inflow of refugees in year ¢ following the allocation rules, as described in
Section [3] The instrument’s first-stage coefficient is reported at the bottom of the table, together
with the (Kleibergen-Paap) first-stage F-statistic.

The two approaches deliver similar results, suggesting that refugees’ self-selection may not play
a very important role in this context. The refugees’ effect is estimated between 0.016 and 0.019.
The preferred estimate (column (2)) implies that doubling the number of refugees increases the

probability of volunteering by around 1.9 percentage points. Given that the average probability

1"The coefficients for the covariates are shown in Table Consistently with the literature, married people are
more likely to volunteer (Freeman |[1997). Education is also a relevant determinant of volunteering. Consistent with
the opportunity-cost rationale, people in full-time employment are less likely to volunteer as compared to people
with part-time jobs. Unemployed people and people out of the labor force are less likely to volunteer as compared to
full-time employed, though.

8The inclusion of year fixed effects is fundamental to control for common shocks, such as events or crises that
resonate throughout the country. From Table [A72] we can observe that the probability of volunteering is significantly
larger for the years 2015 (during the refugee crisis), as well as for 2011, the year of the abolition of compulsory
military and civil services. This is largely consistent with the previous descriptive evidence from Figure
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of volunteering is 32%, this effect represents a 6% increase in the probability of volunteering. If
we consider that the number of refugees in Germany increased by 114% during the refugee crisis
(from 746,380 to 1,597,575, see Destatis (2020b))), the results imply an increase in the probability
of volunteering by 2.17 percentage points. To grasp the magnitude of the effect, we can think of
the adult population in Germany, which in the middle of the refugee crises (2016) was 69,051,391
(Destatis 2020a). As the estimated effect implies an increase in the likelihood of volunteering by
2.17 percentage points, this translates into 1.450 millions more volunteers, i.e., more than one
volunteer per incoming refugee. This figure also compares to around a third of the civil servants
employed in 2016 (Destatis 2019), where civil servants can be a measure for the size of the public
sector and they can also be imperfect substitutes for volunteers. Considering the average local
population (see Table , the result implies that about 4,000 more people volunteered at the local
level during the refugee crisis. This number is twice as large as the average number of refugees at

the local level.

The population coefficient is much larger in absolute terms at around -0.14, though less precisely
estimated. This can be interpreted as doubling the number of inhabitants decreases the probability
of volunteering by about 14 percentage points. The negative population coefficient is in line with

Freeman (1997) and (Grgnbjerg and Paarlberg (2001)), for example.

Table [] shows the results at household level. As people belonging to the same household are
clustered together, the number of observations is reduced to 53,509 (and one-person households are
excluded). The dependent variable is defined as the share of people volunteering in the household.
The point estimate of the refugees’ effect is close to the specification at the individual level. Doubling
the number of refugees is related to an increase in household volunteering by around 2.4 percentage
points. Considering that the mean of the dependent variable is 0.33, the refugees’ effect would
represent a 8% increase in the share of people volunteering within the household. Population is

also negatively related to household volunteering, and the effect is also larger than for individuals.

Taken together, the main results inform the conceptual framework. In this context, the probability
to volunteer increases with the number of needy people, suggesting that the (positive) crowding
effect dominates the (negative) productivity effect. The negative relationship between volunteering

and population, suggested by the theory, is also observed empirically.
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Table 3: Probability of volunteer work.

FE FE IV
(1) (2)
log(Re fugees;t) 0.016**  0.019**
(0.007)  (0.008)
log(Population ;) -0.140*  -0.136*
(0.073)  (0.073)
unemployment ratej; 0.002 0.002
(0.002)  (0.002)
County FE X X
Year FE X X
N 157263 157263
F-stat. first stage 3990.825
First stage
log(Allocated refugees;;) 0.950%**
(0.015)

Note: Robust standard errors clustered at county level in parentheses. Socio-demographic controls include age, an
indicator for gender, an indicator for German nationality, eight indicators for marital status, seven indicators
for employment status, and ten indicators for education. In column (2), the instrument is the lagged number
of refugees (t — 1) plus the predicted number of refugees in year t following the allocation rules. “X” stands for
included. One (*), two (™), or three stars (***) indicate statistical significance at 10%, 5%, and 1% levels.

5.2 Robustness checks and alternative specifications

The empirical method (FE IV) used to estimate the main results tackles the issue of refugees’
self-selection into German counties. In this subsection, I discuss other threats to identification
and present additional results to rule out alternative explanations underlying the main results.
In summary, the robustness checks concern volunteers’ characteristics (like volunteer mobility and
home ownership), regional trends and county-level characteristics, and the mechanisms underlying

the population effect.

5.2.1 Volunteer characteristics and hours volunteered

To address a potential concern for self-selection of volunteers (i.e., people who move to places with
a greater number of refugees in order to volunteer), I present some additional results in Table 5| In
this specification, I include a control for change of residence within Germany (information available
since 2015). The variable Move is equal to one if person 7 has changed the place of residence in the

previous 12 months. We can observe that changing residence is negatively related to the probability
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Table 4: Probability of volunteer work: households.

FE FE IV
(1) (2)
log(Refugees;t) 0.021** 0.024**
(0.009) (0.010)
log(Population ;) -0.247FF% - _0.243%*
(0.095) (0.094)
unemployment ratej; 0.004 0.004
(0.002) (0.002)
County FE X X
Year FE X X
N 53509 53509
F-stat. first stage 4035.935
First stage
log(Allocated refugees;;) 0.950%**
(0.015)

Note: Robust standard errors clustered at county level in parentheses. The dependent variable is defined as the
share of people volunteering in the household. In column (2), the instrument is the lagged number of refugees
(t — 1) plus the predicted number of refugees in year t following the allocation rules. “X” stands for included.
One (%), two (**), or three stars (***) indicate statistical significance at 10%, 5%, and 1% levels.

of volunteering, but the refugees’ and the population effects are the same as at the baseline. These

results suggest that self-selection of volunteers is not a threat to identification.

Somewhat opposite to volunteers’ mobility, it is also relevant to consider their attachment to the
community. Previous research shows in fact that home ownership is related to investments in local
amenities and social capital (DiPasquale and Edward L Glaeser [1999) or to volunteering (Rotolo
et al. [2010)). The idea is that home owners have a financial stake in their community (Rotolo et al.
2010)). Assuch, they might also care about the arrival and integration of refugees in their community
to preserve their property’s value. This “self-interest” could also wipe out the altruistic motives
underlying the refugees’ effect. In light of this argument, I include a control for home ownership and
an interaction between home ownership and refugees. The results are presented in Table [l They
show that home ownership is indeed related to a higher probability of volunteering, but this effect
does not absorb the altruistic motive of volunteering, i.e., the presence of refugees. The interaction
term is very small and not statistically different from zero implying that the refugees’ effect is not

stronger for home owners, as compared to renters.

I further test the robustness of the main results by investigating an alternative measure of volunteer
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Table 5: Probability of volunteer work: controlling for change of residence.

FE FE IV
(1) (2)
log(Re fugees;t) 0.015** 0.019**
(0.007) (0.008)
log(Population ;) -0.136* -0.133*
(0.074) (0.074)
Move -0.052%**  _0.052%**
(0.010) (0.010)
unemployment ratej 0.001 0.001
(0.002) (0.002)
County FE X X
Year FE X X
N 157259 157259
F-stat. first stage 3994.289
First stage
log(Allocated re fugees ;) 0.950%**
(0.015)

Note: Robust standard errors clustered at county level in parentheses. Socio-demographic controls include age,
an indicator for gender, German nationality, eight indicators for marital status, seven indicators for employment
status, and ten indicators for education. In column (2), the instrument is the lagged number of refugees (t — 1)
plus the predicted number of refugees in year t following the allocation rules. “X” stands for included. One (*),
two (™), or three stars (***) indicate statistical significance at 10%, 5%, and 1% levels.

work, based on the frequency of, and thus the time spent in, volunteer work. This variable should
therefore be informative about the intensive margin of volunteering as compared to the probability
thereof. As shown in Section people volunteer weekly or less often. I construct a measure of
hours volunteered (conditional on volunteering) based on information from the German Survey on
Volunteering (German Centre of Gerontology [2014). From this data set, I can retrieve information
on the average hours in voluntary work for people who volunteer weekly, monthly or less regularly.
I thus assign 416 hours of volunteer work per year to people who volunteer weekly, 144 hours to
those volunteering monthly, and 39 hours to those volunteering more rarelyH I regress the so-
constructed dependent variable on the same independent variables as in the baseline specifications
and I report the results in Table [7] We can notice that doubling the number of refugees is related
to around four more hours of volunteer work. These results from an alternative outcome variable

are thus consistent with the baseline results.

The results are also qualitatively similar to the baseline results when including person fixed effects

19To compute these average values, I drop out outliers with more than 20 hours of volunteer work per day, due to
possible measurement errors. More details on the construction of these variables are in Appendix @
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Table 6: Probability of volunteer work: controlling for homeownership.

FE FE IV
(1) (2)
log(Re fugees;t) 0.019**  0.022**
(0.007)  (0.009)
log(Population ;) -0.141%%  -0.137*
(0.072)  (0.072)
Homeowner 0.122%%%  (.122%**

(0.028)  (0.028)
Homeowner x log(Refugees;;) -0.004 -0.004
(0.004)  (0.004)

unemployment rate; 0.001 0.002
(0.002) (0.002)

County FE X X

Year FE X X

N 157259 157259

F-stat. first stage 2003.412

First stage

log(Allocated re fugees ;) 0.9527%**

(0.015)

Note: Robust standard errors clustered at county level in parentheses. Socio-demographic controls include age,
an indicator for gender, German nationality, eight indicators for marital status, seven indicators for employment
status, and ten indicators for education. In column (2), the instrument is the lagged number of refugees (t — 1)
plus the predicted number of refugees in year t following the allocation rules. “X” stands for included. One (*),
two (**), or three stars (***) indicate statistical significance at 10%, 5%, and 1% levels.

(see Table in the Appendix). It should be noted that the refugees’ effect is less precisely

estimated, and that the sample is slightly different as singletons (15,795 observations) drop out.

5.2.2 The allocation mechanism

A threat to identification is represented by the concern that the refugees’ allocation mechanism
is endogenous, i.e., that refugees are more likely to be assigned to more populous counties where
people are more likely to volunteer. First, the inclusion of county FE and population controls
already mitigate this concern as they control for observable and unobservable variables related to
the allocation mechanism. Second, I further discuss this concern by reporting other results in Table

Column (1) includes state-level controls included in the allocation formulam The inclusion of

29The variables in the allocation formula [2| are lagged by one or two years with respect to the outcome variable.
I therefore augment Equation [I] to control for state s’ current population and tax revenues assuming that, i.e., any
effect of Revenuess:—2 on volunteering is captured by the contemporaneous effect of Revenuess:.
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Table 7: Hours of volunteer work.

FE FE IV
(1) (2)
log(Re fugees;;) 3.600* 4.483**
(1.842)  (2.168)
log(Population;) -11.908  -10.909
(19.762) (19.886)
unemployment ratej -0.204 -0.180
(0.491)  (0.496)
County FE X X
Year FE X X
N 157259 157259
F-stat. first stage 3995.011
First stage
log(Allocated re fugees ;) 0.950%**
(0.015)

Note: Robust standard errors clustered at county level in parentheses. The dependent variable is a measure of
hours volunteered per year. Socio-demographic controls include age, an indicator for gender, German nationality,
eight indicators for marital status, seven indicators for employment status, and ten indicators for education. In
column (2), the instrument is the lagged number of refugees (t —1) plus the predicted number of refugees in year t
following the allocation rules. “X” stands for included. One (*), two (**), or three stars (***) indicate statistical
significance at 10%, 5%, and 1% levels.

these controls does not significantly change the refugees’ effect and the included variables are also
not significantly related to the probability of volunteering. In a similar vein, columns (2) and
(3) include federal-state-specific trends. These are a second-best substitute for county-year fixed
effects, to control for state-year variations which might affect the allocation mechanism. With the
inclusion of these controls, the refugees’ effect is more precisely estimated and larger as compared

to the baseline results.

5.2.3 The role of arrival facilities and of civil servants

Next, I test whether other administrative information supports the presumption that volunteers
engage with refugees. I include an interaction term between the number of refugees and an indicator
for the presence of a facility of the Federal Office for Migration and Refugees (BAMF) related to the
arrival of refugees. “General arrival centers” include arrival centers and AnkER facilities: arrival
centers are the starting point for carrying out the asylum procedure; AnkER facilities represent

the entry point to Germany, where refugees first arrive and are then allocated to the municipalities
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Table 8: Probability of volunteer work: including state controls and state-year FE.

FE IV FE FE IV
(1) (2) (3)
log(Re fugees;t) 0.023**  0.023***  (0.029***
(0.009)  (0.008)  (0.009)
log(Population;) -0.084 -0.109 -0.096
(0.071)  (0.072)  (0.073)
unemployment rate;; 0.001 0.007**  0.007**
(0.003)  (0.003)  (0.003)
log(Revenuesgt) -0.042
(0.039)
log(Populations) -0.174
(0.212)
County FE X X X
Year FE X
State-year FE X X
N 157263 157259 157259
F-stat. first stage 2886.229 1338.496
First stage
log(Allocated refugeesj;) 0.929%** 0.930***
(0.017) (0.025)

Note: Robust standard errors clustered at county level in parentheses. Socio-demographic controls include age,
an indicator for gender, German nationality, eight indicators for marital status, seven indicators for employment
status, and ten indicators for education. In columns (1) and (8), the instrument is the lagged number of refugees
(t — 1) plus the predicted number of refugees in year t following the allocation rules. “X” stands for included.
One (%), two (**), or three stars (***) indicate statistical significance at 10%, 5%, and 1% levels.

(BAMF 2019). There are 9 AnkER facilities and 27 general arrival centers in the data (BAMF
2019). The prior is that, as AnkER facilities represent the physical entry points to Germany, it is
more likely that the refugees’ effect is greater in counties with an AnkER facility, since volunteers
could help accommodate refugees. The results are presented in Table[9] In columns (1) and (2), the
number of refugees is interacted with an indicator for general arrival centers, while in columns (3)
and (4), the interaction is with AnkER facilities only. The results show indeed that the presence of
an AnkER facility increases the refugees’ effect on the probability of volunteering. In these counties,
doubling the number of refugees is related to an increase in the probability of volunteering by about
5.5 percentage points. The general arrival center interaction, instead, is small and not statistically

different from zero.

In another test, I explore in a basic way if the results are robust to the inclusion of another local

variable related to the provision of public goods, namely public interventions. There are in fact
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Table 9: Probability of volunteer work: controlling for arrival centers.

FE FE IV FE FE IV
(1) (2) (3) (4)
log(Refugees;t) 0.015**  0.019%*  0.014*  0.017**

(0.007)  (0.008)  (0.007)  (0.009)
log(Refugeesj;) x General arr. center 0.009 0.007
(0.010)  (0.011)

log(Refugeesj;) x AnkER facility 0.033**  0.038**
(0.016)  (0.019)
log(Population;;) -0.166** -0.160** -0.132* -0.128*
(0.078)  (0.078) (0.076)  (0.076)
unemployment rate;; 0.002 0.002 0.001 0.001
(0.002)  (0.002) (0.002)  (0.002)
County FE X X X X
Year FE X X X X
N 157259 157259 157259 157259
F-stat. first stage 1679.730 1799.587
First stage
log(Allocated re fugees;t) 0.951%+** 0.94 7+
(0.015) (0.015)

Note: Robust standard errors clustered at county level in parentheses. Socio-demographic controls include age,
an indicator for gender, German nationality, eight indicators for marital status, seven indicators for employment
status, and ten indicators for education. In columns (2) and (4), the instrument is the lagged number of refugees
(t — 1) plus the predicted number of refugees in year t following the allocation rules. “X” stands for included.
One (), two (**), or three stars (***) indicate statistical significance at 10%, 5%, and 1% levels.

some studies documenting that public interventions and public expenditures may be a substitute
for volunteering and may crowd it out (see for example Hackl et al. (2012) and Bredtmann (2016))).
However, the public administration may also provide additional services to volunteers, such as
newsletters or call-centers to get information about volunteering (see for example |City of Nuremberg
(n.a.)). In this case, public interventions may be complementary to volunteering. Empirically (and
due to data availability and comparability), public interventions are proxied with the employment
of civil servants per 1,000 inhabitants in county j (Destatis[2019). Civil servants could be employed
to assist refugees socially or administratively and, at least in principle, could be a substitute
for volunteers. In order to tackle reverse causality concerns (i.e., planning the employment of
civil servants based on the willingness to volunteer), I follow the instrumental variable approach
proposed by |[Hackl et al. (2012)), who exploit the political cycle variation of government expenditures
(here represented by the employment of civil servants). The core idea of their approach is that

expenditures can be used to increase the likelihood of being reelected, and the political cycle
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is assumed to be exogenous to volunteering (excluding union or political party volunteers). The
instrument is equal to 1 if there was a state election in county j in year t and equal to zero otherwise.
The results are reported in Table Note that, due to missing data, 6,360 observations drop out.
We observe that the refugees’ effect is robust to controlling for civil servants. Focusing on Column
(2), we observe that the crowding-out effect of civil servants is large, but not precisely estimated:
doubling the number of civil servants per 1,000 inhabitants is related to halving the probability of
volunteering. Even though the state elections’ instrument is correlated with the number of civil
servants and its sign is in line with [Hackl et al. (2012)), the first-stage F-statistic is too small for

meaningful inference.

Table 10: Probability of volunteer work: controlling for civil servants.

FE FE IV
(1) (2)
log(Refugees;t) 0.015** 0.023*
(0.007)  (0.012)
log(Population ;) -0.132  -0.337
(0.081)  (0.279)
log(Ciivil servants;;) -0.009  -0.548
(0.037)  (0.658)
unemployment rate; 0.000 0.008
(0.002)  (0.010)
County FE X X
Year FE X X
N 150899 150899
F-stat. first stage 2.315
First stage log(Refugees;)
log(Allocated re fugees;t) 0.940***
(0.015)
State elections 0.005
(0.006)
First stage log(Civil servants;;)
log(Allocated refugees;;) 0.008
(0.009)
State elections -0.004**
(0.002)

Note: Robust standard errors clustered at county level in parentheses. Socio-demographic controls include age,
an indicator for gender, German nationality, eight indicators for marital status, seven indicators for employment
status, and ten indicators for education. In column (2), the instruments are the lagged number of refugees (t —1)
plus the predicted number of refugees in year t following the allocation rules, and an indicator for state elections
in county j yeart. “X” stands for included. One (), two (**), or three stars (***) indicate statistical significance
at 10%, 5%, and 1% levels.
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5.2.4 Alternative mechanisms behind the negative population coefficient

The following discussion is related to the negative population effect, which in Section [2] is mostly
explained by altruism and free riding, but alternative explanations are discussed as well. Most of
the alternative explanations, like the career and the social functions of volunteering, reputation,
and solicitation (Clary et al. 1998; Bekkers and Wiepking 2011)), however, would probably underlie
a positive relationship between population and the likelihood of volunteering. With the data at
hand, however, it is not possible to further test if people volunteer with their friends or if they made
valuable contacts for their career while volunteering. It is also not possible to establish if they were
asked to volunteer. With the following robustness checks, I further explore the opportunity-cost-
of-time explanation. This explanation is related to the fact that, while volunteering, people are
missing out on the opportunity to earn a market wage. In the baseline specification, I partly address
the opportunity cost of volunteering as I control for labor market status. To further explore the
opportunity-cost-of-time mechanism, I include a control for income. In Table we can see the
results for a restricted sample for which data on individual income is available (63,504 observations
drop out). This income variable is defined as imputed gross labor income in the previous month.
This control variable is included in columns (3) and (4), while columns (1) and (2) reproduce the
baseline results for this sample. The refugee effect is no longer precisely estimated for this sample,
but remains qualitatively similar to the baseline estimates. Income is also positively related to the
probability of volunteering, and the inclusion of this variable minimally reduces the point estimate
of the population effect (in absolute terms). Overall controlling for income does not affect the

interpretation of the baseline results.

The literature also documents the existence of an urban wage premium (Edward L. Glaeser and
Maré 2001; Lehmer and Moller 2010} |Jush |2017). The urban wage premium implies that in urban or
more densely populated areas, the opportunity cost of volunteering might be higher. It is thus useful
to examine if the population effect also captures part of the opportunity cost of volunteering. In
Table I split the sample into rural and urban counties based on the BBSR (2017)) classification,
to explore changes in the probability of volunteering and in the population effect by type of county.
If population captures part of the opportunity cost of volunteering, the population effect should
decline in absolute terms, within each type of county. If the population effect remains different from

zero, then part of the population effect seems plausibly related to free riding. Columns (1) and (2)
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Table 11: Probability of volunteer work: controlling for gross monthly income.

FE FE IV FE FE IV
(1) (2) (3) (4)
log(Re fugees;t) 0.014  0.018* 0.014 0.018
(0.009) (0.011)  (0.009)  (0.011)
log(Population ;) -0.118  -0.113 -0.116 -0.111
(0.095) (0.096) (0.095) (0.095)
unemployment ratej; 0.001 0.001 0.001 0.001
(0.002) (0.002) (0.002) (0.002)
log(incomej;) 0.016%**  0.016%**
(0.004) (0.004)
County FE X X X X
Year FE X X X X
N 93759 93759 93759 93759
F-stat. first stage 4143.059 4143.405
First stage
log(Allocated re fugees ;) 0.94 7+ 0.94 7+
(0.015) (0.015)

Note: Robust standard errors clustered at county level in parentheses. Socio-demographic controls include age,
an indicator for gender, German nationality, eight indicators for marital status, seven indicators for employment
status, and ten indicators for education. In columns (2) and (4), the instrument is the lagged number of refugees
(t — 1) plus the predicted number of refugees in year t following the allocation rules. “X” stands for included.
One (%), two (**), or three stars (***) indicate statistical significance at 10%, 5%, and 1% levels.

show the results for urban counties and columns (3) and (4) for the rural ones. We can observe that
the point estimate of the population effect is smaller in absolute terms for urban counties (although
it is not precisely estimated) as compared to the baseline results. Even though not precisely
estimated, the point estimate of the population effect is more negative in rural counties than in the
baseline. These results suggest that population may still negatively relate to volunteering because
of free riding. In the comparison of urban and rural counties, however, it is also useful to mention
the role of salience (Erlinghagen 2003} Gee and Meer 2020). It could be argued that in a small,
rural county, it could be the case that refugees are more likely to be seen by the local community.
Moreover, the inhabitants might know each other very well, making the status signalled through
volunteering more salient. The estimates do suggest that the refugees’ effect might actually be
stronger in urban counties. To establish whether this result is related to media activity or to
different attitudes towards refugees in urban areas (Dustmann et al. |2019) goes beyond the scope
of this paper. The point estimates of the population effect are more negative for rural counties,

which might be in line with the importance of salience in these counties.
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Table 12: Probability of volunteer work in urban and rural counties.

Urban Rural
FE FE IV FE FE IV
(1) (2) 3) (4)
log(Re fugees;;) 0.034** 0.034**  0.011 0.019*
(0.013)  (0.016) (0.009) (0.011)
log(Population;;) -0.120  -0.119 -0.232 -0.243*
(0.095)  (0.095) (0.145)  (0.147)
unemployment ratej; 0.002 0.002 -0.000  -0.000
(0.003)  (0.003) (0.003) (0.003)
County FE X X X X
Year FE X X X X
N 101528 101528 55728 55728
F-stat. first stage 2150.134 1050.988
First stage
log(Allocated refugees;t) 0.938*** 0.948%***
(0.020) (0.029)

Note: Robust standard errors clustered at county level in parentheses. Socio-demographic controls include age,
an indicator for gender, German nationality, eight indicators for marital status, seven indicators for employment
status, and ten indicators for education. In columns (2) and (4), the instrument is the lagged number of refugees
(t — 1) plus the predicted number of refugees in year t following the allocation rules. “X” stands for included.
One (%), two (**), or three stars (***) indicate statistical significance at 10%, 5%, and 1% levels.

6 Conclusion

In this paper, I examined whether changes in the number of needy people at the local level are
related to changes in individual volunteering behavior or not. From the conceptual framework, 1
generated the predictions that an increase in the number of needy people is ambiguously related to

volunteering, while an increase of the rest of the population is negatively related to volunteering.

In the empirical part, the number of needy people is proxied with the number of refugees in a
county. The refugees’ effect is positive and sizable: Doubling the number of refugees leads to an
increased probability of volunteering by about 2 percentage points, implying that 1.45 million people
additionally volunteered during the refugee crisis. This number corresponds to the mobilization of
more than one volunteer per refugee. These results are in line with anecdotal evidence of oversupply

of volunteers during social crises (Simsa et al. [2019; Trautwein et al. [2020)).

The negative population coefficient is greater than the refugees’ effect in absolute terms, but it is

less precisely estimated: Doubling the population is associated with a reduction in the probability
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of volunteering by 14 percentage points. While it is plausible that the negative population effect
is related to free riding, the results should be interpreted with caution, since other mechanisms

discussed in the paper could be at play.

Overall, the empirical results highlight the role of pure altruism as a motivation to volunteer.
First, they shed light on the sign of the relationship between volunteering and the number of
needy people, and provide an estimate of the elasticity of voluntary work in this context. Second,
the results support the hypothesis of a negative relationship between volunteering and population

increases.

Despite the robust findings, it is valuable to mention a few limitations of the study. First, the
empirical results are reduced-form results, and further research would be needed to understand the
underlying adjustment of own volunteering to other people’s decision to volunteer and viceversa.
Second, even though I can control for change of residence, I do not observe if people live in a
municipality bordering with a different county so that I cannot measure spillover effects, for instance
if people commute to a different county to volunteer. Given that refugees have been allocated across
the whole country, one could nevertheless argue that there was scope for engagement without
moving or commuting. Third, I do not consider the role of non-profit organisations, which might

interpose between voluntarism, needy people, and the public sector (Andreoni and Payne 2003)).

As with all empirical evidence, it is important to discuss the internal and external validity of the
results. The designers of the survey data (SOEP) used in this study use random probability samples,
with a stratified sampling procedure (Goebel et al. 2019)). The SOEP is therefore representative for
the German population and sample weights can be used. As certain groups might be overrepresented
in certain counties (for instance, with respect to age, gender, employment status, etc.), however,
including sample weights might increase noise and lead to imprecise estimates in regional analyses.
For this reason, sample weights are not included in the analyses. The generalization of these
results to other countries should also be careful. On the one hand, people in different countries
might react similarly, with empathy, to social crises or community needs, as |Simsa et al. (2019)
show for Austria. On the other hand, different institutions may play a role in shaping formal and
informal volunteering (Bredtmann 2016|). Similarly, we may wonder if these results are generalizable
to other types of crises, such as natural disasters. These results seem in line with the probability of

volunteering after a natural disaster, where distance also plays a role in the decision to volunteer
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(Maki et al. [2019). However, the extent to which the individual situation is affected might not be
strictly comparable in the two cases. Moreover, as Simsa et al. (2019) suggest, the political context,

the risks, and the role of volunteers also vary between social crises and natural disasters.

Further research would benefit from variation of community needs at a more microscopic level,
as compared to the county level. The relationship between volunteering and community needs
might be further explored to understand if helping hands are deployed effectively as, for example,
Berbée et al. (2021)) suggest that volunteers might facilitate the integration of refugees. It would be
relevant to study if other government interventions beyond the employment of civil servants, like
public expenditures, crowd out volunteering in this context. Moreover, while this study focuses on
individual supply of voluntary work, other strands of the literature consider the more aggregated,
social capital aspect of volunteering or associational membership (e.g., |Satyanath et al. 2017),
whose consequences could be analyzed from a political economy perspective. Another valuable
aspect for future research is the role of the media for volunteering. Some studies relate the media
and monetary giving to natural disaster relief (Eisensee and Stromberg 2007, but little research
is available for volunteering. This would be an interesting venue to explore, given that volunteers

can also organise via Apps (Trautwein et al. [2020).

29



References

Albarosa, Emanuele and Benjamin Elsner (2023). “Forced migration and social cohesion: Evidence
from the 2015/16 mass inflow in Germany”. World Development.

Andreoni, James (1989). “Giving with impure altruism: Applications to charity and Ricardian
equivalence”. Journal of Political Economy 97.6, 1447-1458.

— (1990). “Impure altruism and donations to public goods: A theory of warm-glow giving”. The
Economic Journal 100.401, 464-477. 1ssN: 00130133, 14680297. URL: http://www. jstor.org/
stable/2234133.

Andreoni, James and A. Abigail Payne (June 2003). “Do government grants to private charities
crowd out giving or fund-raising?” American Economic Review 93.3, 792-812. DOI: [10.1257/
000282803322157098.

Bahar, Dany, Andreas Hauptmann, Cem Ozgiizel, and Hillel Rapoport (2022). “Migration and
knowledge diffusion: The effect of returning refugees on export performance in the former Yu-
goslavia”. Review of Economics and Statistics, 1-50.

BAMF (2019). Arrival centres and AnkER facilities. URL: https ://www . bamf . de /EN/Themen/
AsylFluechtlingsschutz/Ankunftszentren/ankunftszentren-node.html.

Battisti, Michele, Giovanni Peri, and Agnese Romiti (2022). “Dynamic effects of co-ethnic networks
on immigrants’ economic success”. The Economic Journal 132.641, 58-88.

BBSR (2017). Stadtischer und Léandlicher Raum. URL: https://www.bbsr . bund.de/BBSR/DE/
forschung/raumbeobachtung/downloads/download-referenzen.htmll

Bekkers, René (2007). “Intergenerational transmission of volunteering”. Acta Sociologica 50.2, 99—
114.

Bekkers, René and Pamala Wiepking (2011). “A literature review of empirical studies of philan-
thropy: Eight mechanisms that drive charitable giving”. Nonprofit and Voluntary Sector Quar-
terly 40.5, 924-973. DOI: [10.1177/0899764010380927.

Berbée, Paul, Katia Gallegos Torres, César Barreto, Martin Lange, and Katrin Sommerfeld (2021).
“Wir schaffen das! Zivilgesellschaftliches Engagement und die soziale Integration von Gefliichteten,
Eine empirische Analyse fiir die Jahre 2016 bis 2019.” ZEW-Kurzezpertise 21-11.

El-Bialy, Nora, Elisa Fraile Aranda, Andreas Nicklisch, Lamis Saleh, and Stefan Voigt (2023). “No
man is an island: trust, trustworthiness, and social networks among refugees in Germany”.

Journal of Population Economics 36.4, 2429-2455.

30


http://www.jstor.org/stable/2234133
http://www.jstor.org/stable/2234133
https://doi.org/10.1257/000282803322157098
https://doi.org/10.1257/000282803322157098
https://www.bamf.de/EN/Themen/AsylFluechtlingsschutz/Ankunftszentren/ankunftszentren-node.html
https://www.bamf.de/EN/Themen/AsylFluechtlingsschutz/Ankunftszentren/ankunftszentren-node.html
https://www.bbsr.bund.de/BBSR/DE/forschung/raumbeobachtung/downloads/download-referenzen.html
https://www.bbsr.bund.de/BBSR/DE/forschung/raumbeobachtung/downloads/download-referenzen.html
https://doi.org/10.1177/0899764010380927

Bredtmann, Julia (2016). “Does government spending crowd out voluntary labor and donations?”
1ZA World of Labor 299.

Brown, Alexander L., Jonathan Meer, and J. Forrest Williams (2019). “Why do people volunteer?
An experimental analysis of preferences for time donations”. Management Science 65.4, 1455—
1468.

Bundesrat (2005). Zweite Verordnung zur Durchfuerung des Finanzausgleichsgesetzes im Ausgle-
ichjahr 2004. Drucksache 920/05.

Burkhardt, Luise and Jiirgen Schupp (2019). “Volunteering on the rise: Generation of 1968 more
active even in retirement”. DIW Weekly Report 9.42, 375-383.

Busch, Christopher, Dirk Krueger, Alexander Ludwig, Irina Popova, and Zainab Iftikhar (2020).
“Should Germany have built a new wall? Macroeconomic lessons from the 2015-18 refugee
wave”. Journal of Monetary Economics 113, 28-55.

Charities Aid Foundation (2018). CAF World Giving Index 2018: A global view of giving trends.

City of Nuremberg (n.a.). Ehrenamtliche Hilfe fir Flichtlinge. URL: https://www.nuernberg.de/
internet/stadtportal/fluechtlinge_ehrenamtliches_engagement.htmll

Clary, E. Gil, Mark Snyder, Robert D. Ridge, John Copeland, Arthur A. Stukas, Julie Haugen, and
Peter Miene (1998). “Understanding and assessing the motivations of volunteers: a functional
approach.” Journal of Personality and Social Psychology 74.6, 1516.

Correia, Sergio (2016). Linear models with high-dimensional fixed effects: An efficient and feasible
estimator. Working Paper.

Deole, Sumit S and Yue Huang (2021). How do new immigration flows affect existing immigrants?
FEvidence from the refugee crisis in Germany. GLO Discussion Paper, No. 579.

Destatis (2018). Bevdélkerung und Erwerbstatigkeit - Schutzsuchende Ergebnisse des Ausldnderzentralregisters.
Annual Report 2010240167004. Destatis.

— (2019). Regionalatlas - Beschiftigte Bund, Lander, Gemeinden/-verbande je 1.000 EW. URL:
https://regionalatlas.statistikportal.de/|

— (2020a). Fortschreibung des Bevélkerungsstandes. URL: https://www-genesis.destatis.de/
genesis/online.

— (2020b). Statistik iber Schutzsuchende. URL: https://www-genesis.destatis.de/genesis/
online.

DiPasquale, Denise and Edward L Glaeser (1999). “Incentives and social capital: Are homeowners

better citizens?” Journal of Urban Economics 45.2, 354-384.

31


https://www.nuernberg.de/internet/stadtportal/fluechtlinge_ehrenamtliches_engagement.html
https://www.nuernberg.de/internet/stadtportal/fluechtlinge_ehrenamtliches_engagement.html
https://regionalatlas.statistikportal.de/
https://www-genesis.destatis.de/genesis/online
https://www-genesis.destatis.de/genesis/online
https://www-genesis.destatis.de/genesis/online
https://www-genesis.destatis.de/genesis/online

Duncan, B. (1999). “Modeling charitable contributions of time and money”. Journal of Public
FEconomics 72, 213-242.

Dustmann, Christian, Kristine Vasiljeva, and Anna Piil Damm (2019). “Refugee migration and
electoral outcomes”. The Review of Economic Studies 86.5, 2035-2091.

Eisensee, Thomas and David Stromberg (2007). “News droughts, news floods, and US disaster
relief”. The Quarterly Journal of Economics 122.2, 693-728.

Erlinghagen, Marcel (2003). “Die individuellen Ertrége ehrenamtlicher Arbeit”. KZfSS Kélner
Zeitschrift fiir Soziologie und Sozialpsychologie 55.4, 737-757.

Feldman, Naomi E. (2010). “Time is money: Choosing between charitable activities”. American
Economic Journal: Economic Policy 2.1, 103-30.

Freeman, Richard B. (1997). “Working for nothing: The supply of volunteer labor”. Journal of
Labor Economics 15, S140-S166.

Fremerey, Melinda, Lukas Hornig, and Sandra Schaffner (2024). “Becoming neighbors with refugees
and voting for the far-right? The impact of refugee inflows at the small-scale level”. Labour
FEconomics 86, 102467.

Gee, Laura K and Jonathan Meer (2020). “The altruism budget: Measuring and encouraging chari-
table giving”. The Nonprofit Sector: A Research Handbook. EEd. by W. W. Powell and P. Bromley.
Stanford University Press.

Gehrsitz, Markus and Martin Ungerer (2022). “Jobs, crime and votes: A short-run evaluation of
the refugee crisis in Germany”. Economica 89.355, 592—626.

Geis, Wido and Anja Katrin Orth (2016). Flichtlinge regional besser verteilen. Gutachten fir die
Robert Bosch Stiftung. URL: http://www. %20boschstiftung. %20de/content/languagel/
html/publikationen.aspl

German Centre of Gerontology (2014). German survey on volunteering (FWS). DO1:|10.5156/FWS.
2019.M.002.

Giavazzi, Francesco, Ivan Petkov, and Fabio Schiantarelli (2019). “Culture: Persistence and evolu-
tion”. Journal of Economic Growth 24, 117-154.

Glaeser, Edward L. and David C. Maré (2001). “Cities and skills”. Journal of Labor Economics
19.2, 316—-342. pOI1: [10.1086/319563|.

Goebel, Jan, Markus M. Grabka, Stefan Liebig, Martin Kroh, David Richter, Carsten Schroder,
and Jirgen Schupp (2019). “The German socioeconomic panel (SOEP)”. Jahrbiicher fir Na-
tionalokonomie und Statistik 239.2, 345-360. DOIL: doi:10.1515/jbnst-2018-0022.

32


http://www.%20boschstiftung.%20de/content/language1/html/publikationen.asp
http://www.%20boschstiftung.%20de/content/language1/html/publikationen.asp
https://doi.org/10.5156/FWS.2019.M.002
https://doi.org/10.5156/FWS.2019.M.002
https://doi.org/10.1086/319563
https://doi.org/doi:10.1515/jbnst-2018-0022

Grgnbjerg, Kirsten A. and Laurie Paarlberg (2001). “Community variations in the size and scope of
the nonprofit sector: Theory and preliminary findings”. Nonprofit and Voluntary Sector Quar-
terly 30.4, 684-706.

Hackl, F., M. Halla, and G. J. Pruckner (2012). “Volunteering and the state”. Public Choice 151,
465-495.

Hangartner, Dominik, Elias Dinas, Moritz Marbach, Konstantinos Matakos, and Dimitrios Xefteris
(2019). “Does exposure to the refugee crisis make natives more hostile?” American political
science review 113.2, 442-455.

Hilbig, Hanno and Sascha Riaz (2022). “Freedom of movement restrictions inhibit the psychological
integration of refugees”. The Journal of Politics 84.4, 2288-2293.

Hindriks, Jean and Gareth D. Myles (2013). Intermediate public economics. MIT press.

Hochman, Harold M. and James D. Rodgers (1971). “Utility interdependence and income transfers
through charity”. Transfers in an urbanized economyy. Ed. by M. Pfaff K. E. Boulding and A.
Pfaff. Wadsworth Publishing Co.

Jacobsen, Jannes, Philipp Eisnecker, and Jiirgen Schupp (2017). “In 2016, around one-third of
people in Germany donated for refugees and ten percent helped out on site: Yet concerns are
mounting”. DIW Economic Bulletin 7.16/17, 165-176.

Jann, Ben (2005). “Making regression tables from stored estimates”. The Stata Journal 5.3, 288
308.

Jaschke, Philipp, Sulin Sardoschau, and Marco Tabellini (2022). Scared straight? Threat and as-
similation of refugees in Germany.

Jay, Elaine (2001). “The rise-and fall?-of face-to-face fundraising in the United Kingdom”. New
Directions for Philanthropic Fundraising 2001.33, 83-94.

Jones, Keely S. (2006). “Giving and volunteering as distinct forms of civic engagement: The role
of community integration and personal resources in formal helping”. Nonprofit and Voluntary
Sector Quarterly 35.2, 249-266.

Jush, Gita Khun (2017). Assessing the city size earnings premium in Germany. The University of
Chicago.

Kausmann, Corinna, Julia Simonson, and Nicole Hameister (2022). “Zielgruppen der freiwilligen
Tatigkeit und Engagement fiir Gefliichtete”. Freiwilliges Engagement in Deutschland. Ed. by
Julia Simonson, Nadiya Kelle, Corinna Kausmann, and Clemens Tesch-Rémer. Springer, 203—

220.

33



Krasteva, Silvana and Huseyin Yildirim (2013). “(Un)Informed charitable giving”. Journal of Public
FEconomics 106, 14-26.

Lancee, Bram and Jonas Radl (2014). “Volunteering over the life course”. Social Forces 93.2, 833~
862. DOI: [10.1093/sf/s0u090.

Lehmer, Florian and Joachim Moller (2010). “Interrelations between the urban wage premium and
firm-size wage differentials: a microdata cohort analysis for Germany”. The Annals of Regional
Science 45.1, 31-53.

Lilley, Andrew and Robert Slonim (2014). “The price of warm glow”. Journal of Public Economics
114, 58-74. poIL: https://doi.org/10.1016/]j. jpubeco.2013.12.004.

Maki, Alexander, Patrick C. Dwyer, Susanne Blazek, Mark Snyder, Roberto Gonzalez, and Siugmin
Lay (2019). “Responding to natural disasters: Examining identity and prosociality in the context
of a major earthquake”. British Journal of Social Psychology 58.1, 66-87. DOIL: https://doi.
org/10.1111/bjso.12281.

Martén, Linna, Jens Hainmueller, and Dominik Hangartner (2019). “Ethnic networks can foster
the economic integration of refugees”. Proceedings of the National Academy of Sciences 116.33,
16280-16285.

Mohan, John and Matthew R Bennett (2019). “Community-level impacts of the third sector: Does
the local distribution of voluntary organizations influence the likelihood of volunteering?” En-
vironment and Planning A: Economy and Space 51.4, 950-979.

Miiller, Andreas (2013). The organisation of reception facilities for asylum seekers in Germany.
Working Paper 55.

Nam, Chang Woon and Peter Steinhoff (2018). “The role of volunteers in German refugee crisis
and their contribution to the local government expenditure”. CESifo Working Paper.

Reece, William S. (1979). “Charitable contributions: New evidence on household behavior”. Amer-
ican Economic Review 69.1, 142-151.

Rotolo, Thomas, John Wilson, and Mary Elizabeth Hughes (2010). “Homeownership and volunteer-
ing: An alternative approach to studying social inequality and civic engagement”. Sociological
Forum 25.3, 570-587.

Roy, Kakoli and Susanne Ziemek (2000). On the economics of volunteering. ZEF Discussion Papers
on Development Policy 31. University of Bonn, Center for Development Research (ZEF), Bonn.
URL: http://hdl.handle.net/10419/84747.

34


https://doi.org/10.1093/sf/sou090
https://doi.org/https://doi.org/10.1016/j.jpubeco.2013.12.004
https://doi.org/https://doi.org/10.1111/bjso.12281
https://doi.org/https://doi.org/10.1111/bjso.12281
http://hdl.handle.net/10419/84747

Satyanath, Shanker, Nico Voigtlander, and Hans-Joachim Voth (2017). “Bowling for fascism: Social
capital and the rise of the Nazi Party”. Journal of Political Economy 125.2, 478-526.

Schervish, Paul G. , Mary A. O’Herlihy and John J. Havens (2002). “Charitable giving: How much,
by whom, to what, and how?” The Non Profit Sector: A research Handbook. Ed. by Woodrow
Powell and Richard Steinberg. Yale Press.
Schilling, Pia and Steven Stillman (2024). “The impact of natives’ attitudes on refugee integration”.
Labour Economics 87, 102465. DOI: https://doi.org/10.1016/j.1labeco.2023.102465.
Simsa, Ruth, Paul Rameder, Anahid Aghamanoukjan, and Marion Totter (2019). “Spontaneous
volunteering in social crises: Self-organization and coordination”. Nonprofit and Voluntary Sec-
tor Quarterly 48.2_suppl, 1035-122S. DOI: |[10.1177/0899764018785472.

Trautwein, Stefan, Florian Liberatore, Jorg Lindenmeier, and Georg von Schnurbein (2020). “Satis-
faction with informal volunteering during the COVID-19 crisis: An empirical study considering
a Swiss online volunteering platform”. Nonprofit and Voluntary Sector Quarterly 49.6, 1142—
1151.

Unger, Lynette S. (1985). “The role of voluntarism in providing collective goods for household
production”. NA - Advances in Consumer Research. Ed. by Elizabeth C. Hirschman and Moris
B. Holbrook. Provo, UT : Association for Consumer Research, 195-199.

— (1991). “Altruism as a motivation to volunteer”. Journal of Economic Psychology 12.1, 71-100.

Voorintholt, Lieke (2023). “Substitutes or complements: A budget-based analysis of the relationship
between donating and volunteering”. Ozford Economic Papers, gpad022. DOI: |10.1093/0ep/
gpad022.

Weisbrod, Burton A (1975). “Toward a theory of the voluntary nonprofit sector in a three-sector
economy”. Altruism, Morality, and Economic Theory. Ed. by Edmund S Phelps. Russell Sage

Foundation.

35


https://doi.org/https://doi.org/10.1016/j.labeco.2023.102465
https://doi.org/10.1177/0899764018785472
https://doi.org/10.1093/oep/gpad022
https://doi.org/10.1093/oep/gpad022

Appendix

Do community needs affect the decision to volunteer?

The case of refugees in Germany.

Annalisa Tassi, FAU

Contents

Al

A2

A3

A4

Basic theoretical considerations . . . . . . ..

Al Predictions from the first order conditions .

B.1 Data sources . . . .. .. ... .. .. ...

B.2 Variable definitions . . . . . . .. .. .. ..

Additional tables . . . . .. ... ... ... ..

Allocation mechanism and related regulatory basis, by federal state . . . . . . .. ..

Probability of volunteer work . . . . .. ... ...

Probability of volunteer work: excluding Saarland

Probability of volunteer work: including person FE



A Basic theoretical considerations

Andreoni (1990) distinguishes between three types of utilitarian behavior, which are important to
identify the different motives for donating time or money. In Andreoni’s framework the repre-
sentative consumer cares about private consumption, the availability of the public good, and her

contribution to the public good@ The three cases defined by |Andreoni (1990) are

a. The pure altruist, a person who only cares about the total level of the public good. If the

public good is delivered at its optimum amount, she will not donate.

b. The impure altruist, a person who derives utility by her own contribution to the public
good. The impure altruist does not care about the total amount of public good, but she cares

about the “warm glow”.

c¢. The mixed altruist, who is the middle case between the two extremes, pure and impure
altruist. The mixed altruist cares about the amount of the public good and her own contri-
bution to it. This is arguably the most common case, with a high degree of heterogeneity

among people.

The following private consumption model, largely based on |Lilley and Slonim (2014)), considers all
three types of altruism. This is a simple model of individual choice and, as such, I assume that a

person takes some parameters as given.

Let us assume that the utility of an individual depends on the consumption of private goods x,
common resources’ availability for needy people NV, % where N can also be interpreted as a
crowding parameter, and the warm glow from the hours volunteered h,. The additively-separable

utility function can be written in the following form

21Public goods are non-excludable (i.e., everyone can enjoy them) and non-rival (i.e., consumption by one person
does not reduce another’s).

22Common resources are non-excludable but rival goods. This is probably a more appropriate classification of
services demanded by refugees, as listed in the introduction. In fact, these services, like help for administrative
procedures, are non-excludable, but rival with respect to the time offered by the volunteer.
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where U, is the subutility from the private goods, Ug is the subutility from the common resource,
Uy, is the subutility from volunteering, hq is the total time endowment, £ is unearned income,
N is the number of needy people, w,, is the market wage, and G_; are others’ contributions to
the common resource. The subutilities are assumed to have a positive first order derivative and a
negative second order derivative. For simplicity, G_; is taken as given by person ¢ and I assume
that optimum volunteering is the best response to G_;. Investigating the dynamic determinants of
G_; is beyond the scope of this paper. This additively-separable utility function is a general case
as the individual preferences for pure versus impure altruism depend on the parameter «, where
a = 0 represents the pure altruism case, in which the person only cares about the provision of the
common resource; o = 1 represents the impure altruism case, in which the person cares about her
own contribution to the common resource and not at all about its provision. Anything in between

the two extreme cases is mixed altruism.

The first order condition with respect to h, is

U o (1-a)

5 = UG +al'y, =0.

This equation reflects the fact that the marginal utility from volunteering is equal to its opportunity

cost.

A.1 Predictions from the first order conditions

In this subsection, I study the effects of changes in N or G_; on optimal volunteering. For the

mixed altruist, we get
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The first result can be interpreted as an ambiguous relationship between hours volunteered and
the number of needy people, everything else equal, due to the ambiguous sign of the numerator.
In particular, the relative sizes of U”¢G and U’ determine the sign of the relationship between N
and the hours volunteered. The first component reflects a productivity effect, as N and G increase,
the individual effort in the provision of G has declining returns. The second component reflects a
crowding effect, as the increase in N motivates the volunteer to increase the own contribution to G.
This result holds for the intensive margin (i.e., hours volunteered) and the extensive margin (i.e.,
the decision to volunteer). Secondly, we expect a negative relationship between the contribution of

others to the common resource and hours volunteered.
We get the same predictions for the pure altruist, who only cares about the total provision of the

common resource (o = 0).

dhv ﬁU/G + ﬁU”GG
dN ﬁUHG + wmQUH:p

and

dhv _ﬁUﬂG

= < 0.
dG_; ﬁUﬁG + w, 20",

For the impure altruist (a = 1), instead, the results are

dhy dhy
AN =0 and dGiZ =0.
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The results imply that the impure altruist does not adapt her supply of voluntary work neither to

changes in the number of needy people nor in other’s contributions.

As mentioned above, the mixed altruist is arguably the most suitable representation of the aver-
age individual, who derives utility from the provision of the common resource and from her own

contribution. Given the previous results, we can generate two predictions:

H1 Unless the population is only composed by impure altruists, engagement (and the probability

thereof) will be ambiguously affected by an increase in the number of needy people.

H2 Unless the population is only composed by impure altruists, an increase in other’s contribu-

tions will crowd out volunteering.

A limitation of the model is the fact that G_; is taken as given, while each individual best responds
to other people’s giving. Nonetheless, this simple model sheds some light on the relationship

between own and others’ giving.

B Data

B.1 Data sources

— |Goebel et al. (2019): data on individuals, county characteristics (unemployment rate).

— German statistical office: data on refugees (Destatis 2020b), data on population (Destatis

2020a), and data on civil servants by county (Destatis [2019)).
— Bundesrat (2005]) and following years: data on state-level population and tax revenues.

— |Geis and Orth (2016) and State ministries of the Interior: data on the refugee allocation

mechanism.
— BBSR (2017)): data on geographical classification of counties.
— BAMF (2019): data on the location of arrival centers for refugees.

— |German Centre of Gerontology (2014)): data on hours volunteered.
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B.2 Variable definitions

— Probability of volunteering: a binary dependent variable, equal to 1 if person 7, in county
j, and year t volunteered (every week, every month or less regularly), and equal to zero

otherwise.
— Refugees: the number of refugees in county j, year t.

— Allocated refugees: a continuous instrumental variable equal to the sum of the number of
refugees in county j in year t — 1 and the allocated refugees to county j in year t, according

to the allocation quotas.
— Population: the number of inhabitants of county j, year ¢, net of the number of refugees.

— Unemployment rate: a continuous variable reporting the average yearly unemployment rate

(number of unemployed over labor force) in county j, year ¢.
— Population,: the number of inhabitants of state s, in year t.
— Revenues: the value of state-level tax revenues, in year t.
— German: a binary variable, equal to one if person ¢ is a German national.
— Female: a binary variable, equal to one if person ¢ is female.

— Age: a variable that takes up the value of person’s ¢ age, computed as the difference between

survey’s year ¢t and the year of birth.

— Marital status: eight indicators describe the marital status of a person. These are married or
in a partnership, separated, single, divorced, widow, married with partner living abroad, in a

same-sex partnership, separated and formerly in a same-sex partnership.

— Employment and labor force status: seven indicators describe the employment or labor force
status of a person. These are full-time employed, part-time employed, in vocational training,
in marginal employment (working 8 hours or less per week), unemployed, employed in a

sheltered workshop, and out of the labor force.

— Education: ten indicators describe the educational status of a person. These are in school,

drop-out of school (i.e., without finishing any educational cycle), elementary education, basic
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vocational qualification, intermediate general qualification, intermediate vocational qualifica-
tion, general maturity certificate, vocational maturity certificate, lower tertiary education,

and higher tertiary education.

Move: a binary variable equal to one if person ¢ changed place of residence within Germany.

The information is available from 2015.

AnKkER facility: a binary variable equal to one if there is an AnKER facility in county j. The
AnKER facility represents the entry point to Germany, where refugees first arrive and are

then allocated to the municipalities (BAMF 2019)).

General arrival center: a binary variable equal to one if there is an arrival center or an AnKER
facility in county j. The arrival center is the place where the asylum procedure is carried out

(BAMF [2019). AnKER facilities are described above.

(Yearly) Hours volunteered: conditional on volunteering, I assign 416 hours to people who
volunteer weekly (8 hours x 52 weeks), 144 to those volunteering monthly (12 hours x 12
months), and 39 to those volunteering more rarely. The variable has a value of zero for people
who do not volunteer. This imputation is based on average values from the FWS (German

Centre of Gerontology [2014)).

Urban: a binary variable equal to one if county j is classified as urban and equal to zero if it
is classified as rural. The classification is based on the prevailing distribution of the county
population in rural and urban areas. This is not a time variant indicator as data is available

for 2017.

Income: imputed gross labor income in the previous month, in Euros. Imputed income means
that the surveyor estimates income based on person’s reported income in combination with

other sources of information.
Civil servants: the number of civil servants per 1,000 inhabitants in county j, year t.

State elections: a binary instrumental variable, equal to one if there were state elections in

county j and year t.

Homeowner: a binary variable equal to one if person 7 is a home owner in year t, equal to

zero otherwise.
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C Additional tables

Table A.1: Allocation mechanisms and related regulatory basis, by federal state.

State Principle Regulatory basis
Baden-Wiirttemberg Inhabitants §4 Par. 2 FliAG

Bavaria Regulation §3 DVAsyl

Brandenburg Inhabitants §6 Par. 4 LAufnG

Bremen State Law §3 Par. 3 AufnG

Hesse Inhabitants and Regulation §2 Par. 1 LAufnG

Lower Saxony Inhabitants §1 Par. 1 Clause 2 and §2 Par. 1 AufnG
Mecklenburg-Western

Pomerania Inhabitants §6 Par. 1 ZuwFIAGDLVO M-V

North Rhine Westphalia Inhabitants and Area §1 Par. 1 and §3 Par. 1 FIGAG
Rhineland-Palatinate Inhabitants §2 Par. 1 Nr. 2 and §6 Par. 1 AufnG RP
Saarland Inhabitants §1 and 2 LAG

Saxony Inhabitants §6 Sachs FIUAG

Saxony-Anhalt Inhabitants §1 Par. 1 and 3 AufnG ST
Schleswig-Holstein Inhabitants §3 LAufnG

Thuringia Regulation §2 Par. 1 ThirFluVErtvVO

No county-level reallocation for the following city states.

Berlin

Hamburg

The follow-up accommodation is provided with the help of
non-state agents.

No state law. The Ministry of Interior and Sport is responsible.

Note: Based on|Geis and Orth|2016], translated, and updated.

43



Table A.2: Probability of volunteer work.

FE FE IV
(1) (2)
log(Re fugeesj;) 0.016** 0.019**
(0.007) (0.008)
log(Population,y) -0.140* -0.136*
(0.073) (0.073)
2007 0.012* 0.013*
(0.007)  (0.007)
2008 -0.009%* -0.008
(0.005) (0.006)
2009 0.004 0.005
(0.006)  (0.006)
2011 0.035%**  (0.036***
(0.005) (0.005)
2015 0.016***  0.014**
(0.006) (0.007)
2017 0.015 0.011
(0.010)  (0.011)
German -0.149%F*  _(0.149%**
(0.008) (0.008)
unemployment rate; 0.002 0.002
(0.002) (0.002)
Separated -0.054%*F*  _0.054%**
(0.011)  (0.011)
Single -0.059***  .0.059%***
(0.006) (0.006)
Divorced -0.073%F*  _0.073%**
(0.008) (0.008)
Widow(er) -0.043%**  -0.043***
(0.009) (0.009)
Partner abroad -0.188%**  _().188%**
(0.035) (0.035)
Same-sex partnership -0.064 -0.064
(0.048)  (0.048)
Same-sex partnership, separated -0.062 -0.062

(0.072)  (0.072)

Continued on next page
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Table continued

FE FE IV
(1) (2)
Part-Time Employment 0.062%**  0.062%**
(0.006)  (0.006)
Vocational Training 0.014 0.014
(0.010)  (0.010)
Marginal Employment 0.095%**  0.095***
(0.006)  (0.006)
Unemployed -0.045%**  -0.045%**
(0.007)  (0.007)
Sheltered workshop -0.142%FF%  _(0.142%**
(0.022)  (0.022)
OLF -0.018%F*  .0.018%**
(0.006)  (0.006)
Drop-out -0.226%F*  _(0.225%**
0.015)  (0.015)
Elementary school -0.225%F* (. 225%**
(0.013)  (0.013)
Basic vocational qualification -0.15T*¥*  0.15T***
(0.013)  (0.013)
Intermediate general qualification —-0.128%**  -(0.128***
(0.014)  (0.014)
Intermediate vocational -0.094%F*  .0.094%**
(0.013)  (0.013)
General maturity certificate -0.047FF% - _0.047F*F*
(0.013)  (0.013)
Vocational maturity certificate -0.064%F*  -0.064***
(0.014)  (0.014)
Lower tertiary education -0.002 -0.002
(0.013)  (0.013)
Higher tertiary education 0.015 0.015
(0.013)  (0.013)
Female -0.045%F*  _0.045%**
(0.004)  (0.004)
County FE X X
N 157263 157263
F-stat. first stage 3990.825
First stage
log(Allocated refugees;i) 0.950***
(0.015)
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Note: This table expands the baseline results from Table @, by showing the coefficients of the control variables.
Robust standard errors clustered at county level in parentheses.
demographic controls include an indicator for German nationality, age, an indicator for gender, eight indicators
for marital status (excluded category “married”), seven indicators for employment status (excluded category “full-
time employed”), and ten indicators for education (excluded category “in school”). In column (2), the instrument
is the lagged number of refugees (t—1) plus the predicted number of refugees in year t following the allocation rules.
“X” stands for included. Tables were created with the help of the Stata command estout (Jann |2005) and the
FE IV regressions were estimated with ivreghdfe (Correia|2016). One (%), two (**), or three stars (
statistical significance at 10%, 5%, and 1% levels.

The excluded year indicator is 2013. Socio-



Table A.3: Probability of volunteer work: excluding Saarland.

FE FE IV
(1) (2)
log(Re fugees;;) 0.016** 0.019**
(0.007)  (0.008)
log(Population;) -0.124  -0.120
(0.078)  (0.078)
unemployment ratej; 0.001 0.001
(0.002)  (0.002)
County FE X X
Year FE X X
N 155715 155715
F-stat. first stage 4031.554
First stage
log(Allocated refugees;t) 0.952%***
(0.015)

Note: Robust standard errors clustered at county level in parentheses. Socio-demographic controls include age,
an indicator for gender, German nationality, eight indicators for marital status, seven indicators for employment
status, and ten indicators for education. In column (2), the instrument is the lagged number of refugees (t — 1)
plus the predicted number of refugees in year t following the allocation rules. “X” stands for included. One (*),
two (**), or three stars (***) indicate statistical significance at 10%, 5%, and 1% levels.

Table A.4: Probability of volunteer work: including person FE.

FE FE IV
(1) (2)
log(Refugees;) 0.007  0.014*
(0.007)  (0.008)
log(Population ;) -0.091  -0.081
(0.075)  (0.077)
unemployment ratej; 0.001 0.001
(0.002) (0.002)
County FE X X
Year FE X X
N 141465 141465
F-stat. first stage 2272.398
First stage
log(Allocated refugees;;) 0.924***
(0.019)

Note: Robust standard errors clustered at county level in parentheses. Socio-demographic controls include age,
an indicator for gender, German nationality, eight indicators for marital status, seven indicators for employment
status, and ten indicators for education. In column (2), the instrument is the lagged number of refugees (t — 1)
plus the predicted number of refugees in year t following the allocation rules. “X” stands for included. One (*),
two (™), or three stars (***) indicate statistical significance at 10%, 5%, and 1% levels.



	Deckblatt_DP238
	vol_01032024
	Introduction
	Conceptual framework
	Empirical strategy
	Data and descriptive statistics
	Volunteers
	Refugees

	Results
	Main results
	Robustness checks and alternative specifications
	Volunteer characteristics and hours volunteered
	The allocation mechanism
	The role of arrival facilities and of civil servants
	Alternative mechanisms behind the negative population coefficient


	Conclusion
	Appendix
	Basic theoretical considerations
	Predictions from the first order conditions

	Data
	Data sources
	Variable definitions

	Additional tables


