
Rising waters, falling well-being: The effects of the 2013 East German flood on subjective
well-being

Preliminary draft: June 14, 2024
(Not to be cited or circulated without permission from the authors)

Sachintha Fernando
University of Halle-Wittenberg

Katharina Kolb
University of Halle-Wittenberg

Christoph Wunder
University of Halle-Wittenberg

Abstract

This paper examines the effects of the 2013 flood disaster in East Germany on subjective well-
being. Merging geo-spatial flood data with longitudinal data from the Socio-Economic Panel
(SOEP), we use a panel event study design for the analysis. Our results show that those af-
fected by the flood report a significant life satisfaction drop of 0.17 points on an 11-point scale,
which is equivalent to a 2.5% fall from pre-flood levels, in the year after the flood. The effect
is more severe in peripheral areas than in central areas, and for low-income individuals than for
high-income individuals. The effect, however, dissipates by 2015. Additionally, we observe a
notable initial decrease in health satisfaction, followed by recovery, while financial satisfaction
was largely unaffected.
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1 Introduction

Natural catastrophes affect millions of people around the world. In 2022 alone, the Emergency

Event Database (EM-DAT) documented 387 natural disasters worldwide, affecting approximately

185 million individuals, with a total estimated economic loss of 223.8 billion USD (CRED,

2023b). In addition, climate change is expected to increase both the frequency and intensity

of extreme weather events (IPCC, 2014; Banholzer et al., 2014; Kellenberg and Mobarak, 2011).

Floods stand out as one of the most prevalent and severe natural disasters, causing extensive

damage to the lives and living conditions of people (Hu et al., 2018). According to the EM-

DAT, floods constituted 46% of all natural disasters in 2022, impacting approximately 57 million

individuals and causing economic losses of 44.9 billion USD (CRED, 2023a).

Nonetheless, floods as well as other natural disasters go beyond the monetary losses or the

number of affected individuals. Recent research suggests that these events also impose psycho-

logical stress and other intangible expenses (Luechinger and Raschky, 2009; von Möllendorff and

Hirschfeld, 2016; Ahmadiani and Ferreira, 2021; Jensen and Tiwari, 2021; Fluhrer and Kraehn-

ert, 2022). Put differently, flood disasters can have adverse effects on people’s quality of life

and overall living circumstances, which are not adequately captured in standard economic assess-

ments of disaster damages.

This paper explores the effects of experiencing the 2013 flood in East Germany on individuals’

subjective well-being (SWB). Our study aims to understand the well-being impacts of this event

that might not be fully captured in economic assessments of the monetary damages caused by

the disaster. Beyond the quantifiable monetary losses, our investigation considers the negative

psychological impacts on the affected population, including emotional distress, anxiety, and a

decrease in resilience. By examining the effects on SWB, we aim to provide a complementary

assessment of the effects of a natural disaster. This is relevant for policy-making because the

SWB approach, being more personal and directly related to the affected individuals, may lead to
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more effective responses to people’s needs, thereby enhancing their recovery (Jensen and Tiwari,

2021; Mahoney, 2023). Specifically, SWB data can be used to design targeted interventions to

support population subgroups experiencing particular well-being losses due to a natural disaster.

For instance, if SWB data reveal that individuals living in peripheral areas report a significantly

sharper decline in health satisfaction compared to those in central areas, this information could

prompt the development of services to help individuals in peripheral areas in coping with the

effects of the flood. Such services may include mobile counseling and psychological support to

address trauma and stress related to the disaster.

This paper employs a panel event study design to examine the trajectory and magnitude of

the causal effects of experiencing the 2013 flood on SWB in East Germany, a heavily impacted

region. In June 2013, persistent heavy rains in combination with high levels of soil moisture

triggered large-scale and severe flooding in several parts of Eastern and Southern Germany (Merz

et al., 2014; Thieken et al., 2016).1 In hydrological terms, the June 2013 flood in Germany was

the most severe flood to hit the country in at least the previous six decades (Merz et al., 2014). We

conduct a causal analysis by comparing individuals residing in flood-affected municipalities with

those in unaffected areas, thus employing the latter group to construct a counterfactual outcome

for our examination. To identify individuals who experienced the flood, we combine geo-spatial

flood data provided by Osberghaus and Fugger (2022) with survey data obtained from the German

Socio-Economic Panel (SOEP).

We contribute to the existing literature on the consequences of flood disasters in two ways.

First, we examine the short- and long-term causal effects of the 2013 flood on SWB. To the best

of our knowledge only Avdeenko and Eryilmaz (2021) provide a causal estimate for this flood.

However, their study considers only the immediate effect one year after the flood. We aim to close

the knowledge gap on the long-term effects of natural disasters by providing new insights into the

1The flooding occurred in particular along the Danube and Elbe rivers, the upper catchments of the rivers Rhine
and Weser, and along the Elbe tributaries Mulde and Saale (Merz et al., 2014; Thieken et al., 2016).
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sustained impact of the 2013 flood in East Germany. Second, our study investigates two potential

mechanisms through which natural disasters may impact well-being: the health channel, which

includes psychological effects, and the financial channel. By delving into these mechanisms, we

offer a new perspective on comprehending the detrimental effects of natural disasters and their

multidimensional impact on people’s lives and living conditions.

Our findings suggest that the 2013 flood has a significant detrimental effect on individuals’

life satisfaction. Those who experienced the flood report a decline in life satisfaction of 0.17

points on an 11-point scale in the year following the event, equivalent to a decrease of 2.5%

compared to their average pre-flood life satisfaction. However, this negative impact reduced over

time, specifically in 2015 and 2016. The effect is more severe in peripheral areas than in central

areas, and for low-income individuals than for high-income individuals. Additionally, our results

indicate that the decline in health satisfaction played a prominent role in the link between the

flood and life satisfaction. In the first year after the flood, individuals reported a decrease in

health satisfaction of 0.12 points on an 11-point scale. However, we observed a swift recovery in

health satisfaction from 2015 onwards. Notably, our findings did not reveal a decline in financial

satisfaction with the household income as a direct consequence of experiencing the flood.

2 Literature

The empirical literature examining the impact of natural disasters on well-being spans a wide

range of events and geographical contexts such as forest fires in Europe (Kountouris and Re-

moundou, 2011), droughts in Australia (Carroll et al., 2009), earthquakes in Japan (Ohtake et al.,

2016; Okuyama and Inaba, 2017), hurricanes and tornadoes (Ahmadiani and Ferreira, 2021), the

combined effect of the nuclear accident triggered by a tsunami and earthquake in Japan (Rehdanz

et al., 2015), and an extreme winter event in Mongolia (Fluhrer and Kraehnert, 2022). A common

approach in this literature is to use self-reported life satisfaction as a proxy for the well-being

3



effects of natural disasters. This measure effectively captures a comprehensive assessment of an

individual’s well-being, and serves as a stable proxy for experienced utility by combining cogni-

tive assessments of overall quality of life (Kahneman et al., 1997; Kahneman and Krueger, 2006).

In line with the specific focus of this research, this section summarizes the empirical literature

examining flood impacts on SWB.

An existing strand of literature assesses the impact of flood events on individuals’ well-being

by administering primary cross-sectional surveys (Lamond et al., 2015; Sekulova and Van den

Bergh, 2016; Hudson and Aerts, 2017; Hudson et al., 2019; Murata et al., 2023). Lamond et al.

(2015), analyze data from a postal survey of households impacted by the 2007 flood in England.

They conclude that experiencing a flood is associated with long-lasting mental health impacts.

Similarly, Sekulova and Van den Bergh (2016), conducted 600 face-to-face interviews in Bul-

garia, finding that experiencing a flood, significantly reduces life satisfaction. Hudson and Aerts

(2017) and Hudson et al. (2019) conducted cross-sectional surveys in France and Vietnam, re-

spectively, in regions at high risk of flooding. Both studies document a negative impact of flood

experience on SWB. More recently, Murata et al. (2023) conducted an online questionnaire in

2022 in the Tochigi Prefecture in Japan, which was affected by floods in 2019. The study con-

cludes that flood experience negatively impacts SWB by increasing anxiety about floods among

participants. While cross-sectional surveys can reveal important relationships, they cannot track

changes in individuals over time. Moreover, the inability to include individual fixed effects to

control for unobservable time-invariant heterogeneity affecting life satisfaction may result in bi-

ased estimates.

The second strand of literature uses panel data methods to investigate the impact of floods on

SWB (Luechinger and Raschky, 2009; von Möllendorff and Hirschfeld, 2016; Ahmadiani and

Ferreira, 2021; Avdeenko and Eryilmaz, 2021). These studies generally link SWB data from

secondary surveys with flood data to identify individuals affected by flooding events. Luechinger
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and Raschky (2009) use self-reported life satisfaction from Eurobarometer surveys combined

with disaster data from the EM-DAT to assess the impact of floods on well-being in 16 European

countries between 1973 and 1998. They find that, on average, a person living in a region affected

by a flood disaster reports a decrease in life satisfaction of 0.035 points on a 4-point scale com-

pared to the reference group. Similarly, Ahmadiani and Ferreira (2021) examine the impact of

31 major disasters, including floods, on the life satisfaction of US residents from 2004 to 2010.

Using data from the Behavioral Risk Factor Surveillance System Surveys (BRFSS), they find a

negative impact on the life satisfaction of those affected in the last 6 months of 0.009 points on

a 4-point scale. Both the Eurobarometer and BRFSS, from which data on life satisfaction is ex-

tracted, are repeated cross-sectional datasets. In both studies, treatment is assigned similarly if

a flood disaster occurred in a respondent’s region of residence in the month(s) preceding the in-

terview. Ahmadiani and Ferreira (2021) vary the treatment indicator by the number of preceding

months before the disaster to construct temporal effects of the disaster experience. They find that

the effect attenuates over time.

The studies by von Möllendorff and Hirschfeld (2016), and Avdeenko and Eryilmaz (2021)

use the German Socio-Economic Panel (SOEP), which is a longitudinal panel dataset. The use

of longitudinal datasets provides an advantage because changes in an individual’s SWB as a

consequence of experiencing a flood can be observed. von Möllendorff and Hirschfeld (2016)

examine the impact of extreme weather events on life satisfaction in Germany from 2000 to 2011.

They exploit regional variation in damage frequency induced by floods, storms, and hailstorms,

and find that an increase in damages is associated with a decrease in life satisfaction of 0.020-

0.027 on the 11-point life satisfaction scale. Avdeenko and Eryilmaz (2021) examine the impact

on risk preferences of those affected by the 2013 flood in Germany and identify a reduction in

life satisfaction as a driving mechanism for reducing individuals’ willingness to take risks. They

find a reduction in life satisfaction of about 0.17 points on an 11-point scale. To the best of our
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knowledge, Avdeenko and Eryilmaz (2021) is the only study that looks at the SWB impacts of

the 2013 flood in Germany. They do not, however, look at the temporal effects over time.

Our study contributes to the existing literature by improving our understanding of the causal

effects of experiencing a flood on life satisfaction. By using longitudinal data, our approach

differs from previous studies that have used primary surveys and repeated cross-sectional panel

analyses, allowing us to control for individual unobserved time-invariant heterogeneity. Our study

also differs from Avdeenko and Eryilmaz (2021) by implementing a panel event study approach,

which captures the dynamic effect of the flood and sheds light on the lasting impact of such

natural disasters on SWB.

3 Data

We use data from two sources. The first source comes from Osberghaus and Fugger (2022) who

utilize high-resolution satellite imagery to create a dataset detailing the small-scale geographic

areas affected by the 2013 flood. The satellite imagery was sourced both from the German

Aerospace Center (DLR) and NASA. The DLR data specifically include areas that experienced

the highest impact from the flood, while the NASA data cover a wider range of areas, including

areas with varying levels of impact. We use the dataset from Osberghaus and Fugger (2022) to

classify municipalities in eastern Germany into two distinct groups: municipalities that experi-

enced flooding and municipalities that were not affected. We classify a municipality as flooded if

it has been identified in at least one of the two sources of satellite imagery. Figure 1 shows a map.

[ Figure 1 here ]

The German Socio-Economic Panel (SOEP) serves as the second source of data.2 The SOEP

offers comprehensive subjective and objective information on a wide range of topics (Goebel et

al., 2019). Our main focus is on life satisfaction as a measure of SWB. In the SOEP survey, par-

2We use SOEPv38 samples A-K, Socio-Economic Panel (2023).
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ticipants are asked: “How satisfied are you currently with your life in general?” The responses are

recorded on an 11-point scale, ranging from 0 (completely dissatisfied) to 10 (completely satis-

fied). Additionally, we consider the participants’ satisfaction with their health and their financial

well-being as outcome variables. The corresponding survey questions specifically ask respon-

dents to rate their health and household income, respectively. These variables are also measured

on an 11-point scale.

By merging these datasets at the municipal level, we classify households into two categories:

those that experienced the flood (treatment group) and those that did not (control group). To

create a treatment group, we include respondents who resided in a flooded municipality in both

2013 and 2014. The control group consists of individuals who lived in unaffected municipalities

during those years. Since we cannot unambiguously determine whether respondents who moved

between a treated and a control municipality in these two years were affected by the flood or not,

we exclude these individuals from the sample.

For the year 2013, we only consider information obtained before the occurrence of the flood.

This allows us to classify all observations from 2013 as part of the pre-treatment period. As a

result, any data collected after May 2013 is not included in our analysis. Our primary focus is

on East Germany, as this region was heavily impacted by the flood. However, we exclude Berlin

from our analysis as it was not affected by the flood and its size and structure make it unsuitable

for comparison. This results in a sample size of 17,182 observations, of which 6,897 observations

belong to the treatment group.3

[ Table 1 here ]

Table 1 represents the sample means and standard deviations of the respondents’ characteris-

tics and outcomes by treatment group for the pre-flood year 2012. The column “Nor.Dif.” shows

3In the case of the DR DD, the sample size is reduced to 15,584 observations, as the estimator requires observa-
tions in both the pre- and at least one post-period for each individual.
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the normalized difference (Imbens and Rubin, 2015, Ch. 14.2), which is a scale-free measure of

the difference in the covariate distributions between the two groups.4

When comparing the sample means of the treatment and control groups, it is evident that

individuals affected and unaffected by the flood are generally similar, as indicated by values of

the normalized difference that are below 0.1 (Nguyen et al., 2017). However, one noticeable dif-

ference between the treatment and control groups is apparent: a higher proportion of individuals

living in peripheral areas are part of the control group compared to those living in central areas

(77% vs. 38%).5 Additionally, there are some modest differences regarding education and house-

hold size. Individuals in the treatment group have a slightly higher level of education (12.71 vs.

12.26) and reside in slightly smaller households (2.24 vs. 2.40).

4 Estimation strategy

We employ a panel event study design to estimate the trajectory of the effect of the 2013 flood.

The outcome yimt of individual i residing in municipality m at time t is modeled as follows:

yimt = µ2012Dmt,2012 +
2016

∑
τ=2014

δτDmt,τ +λt +αi + εimt (1)

Dmt,2012 and Dmt,τ are lead and lag indicators for the 2013 flood, respectively. The parameter

µ2012 represents the lead effect of experiencing the 2013 flood. Its coefficient allows us to assess

the plausibility of the parallel trends assumption which requires that outcomes in affected munic-

ipalities and unaffected municipalities would have evolved similarly in the absence of the flood.

An estimate of µ2012 that is small and near zero suggests that affected and unaffected municipal-

ities follow similar trends in the pre-treatment period, lending credibility to the parallel trends

4The normalized difference is defined as x̄T−x̄C√
(s2

T+s2
C)/2

, where x̄T , x̄C correspond to the sample means of the co-

variates for the treatment and control group and s2
T ,s

2
C to their sample variances, respectively.

5The classification into peripheral and central areas is based on the Raumtypen 2010 typology of spatial location
of the Federal Office for Building and Regional Planning (BBSR) (n.d.). We dichotomize the original 4-point scale
into periphery (very peripheral, peripheral) and central (central, very central).
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assumption. δτ represent the lag effects of experiencing the 2013 flood, allowing us to assess the

evolution of the outcome. In particular, the lag effects may be indicative of whether the outcome

returns to the pre-event level after some time. The model further includes a year effect λt and

individual fixed effects αi. εimt represents an idiosyncratic error term.

Equation 1 is estimated separately for three outcomes. We use linear models with individ-

ual fixed effects to analyse life satisfaction. This implies an assumption of cardinality of life

satisfaction, which is generally supported by findings in the literature (e.g., Ferrer-i-Carbonell

and Frijters, 2004). We also estimate a version of this model including the following covariates:

education, household size, marital status, settlement structure (differentiating between urban and

rural), and geographical location (differentiating between periphery and central areas).

We additionally apply a doubly robust difference-in-differences (DRDID) estimator as pro-

posed by Sant’Anna and Zhao (2020), estimating a treatment assignment model and an outcome

model. The DRDID estimator provides consistent estimates if either the outcome or the treatment

assignment model is correctly specified. The DRDID estimation is based on the following pre-

treatment covariates: education, gender, immigrant status, age, employment status, household

income, household size, settlement structure, geographical location, and the respective outcome

variable.

We employ a cluster-robust variance-covariance estimator in our study to calculate standard

errors that are clustered at the municipality level, thereby accounting for correlations within each

municipality. In doing so, we address concerns about within-cluster correlation that may arise

as we follow outcomes of respondents over time within municipalities (Bertrand et al., 2004;

Clarke and Tapia-Schythe, 2021). Since our data are clustered in 461 East German municipalities,

the number of clusters is sufficiently large (more than 50) to apply the cluster-robust variance-

covariance estimator (Cameron and Miller, 2015).
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Using the panel event study model, we examine simultaneously the trajectories of the effects

of the 2013 flood in several periods before and after the event. Specifically, we estimate the ef-

fects of the 2013 flood in one lead and three lag periods, which implies that we consider four

effects simultaneously. We apply the Bonferroni method to deal with issues of multiple hypothe-

sis testing (Shaffer, 1995). This means that we choose a significance level of 2.5% for each test so

that the overall significance level is 20%. Therefore, we present 80 % Bonferroni-corrected con-

fidence intervals, which are equivalent to the conventional pointwise confidence intervals when

the confidence level is set to 97.5%.

5 Results

We divide our results presentation into three sections. Firstly, we analyze the impact of the 2013

flood on our primary outcome, life satisfaction. Secondly, we delve deeper into potential under-

lying mechanisms by investigating the health channel and the financial channel as potential me-

diators through which the flood might have influenced overall life satisfaction. Lastly, we extend

our analysis beyond average causal effects by conducting a heterogeneity analysis, examining the

flood effect for different subgroups.

5.1 Main outcome: life satisfaction

This study investigates the causal effects of the 2013 flood in East Germany on life satisfaction

through the use of two estimation strategies: a panel event study design and a doubly robust

difference-in-differences estimator. Generally, both estimation strategies produce very similar

results in terms of point estimates and confidence intervals. Figure 2 shows the results.

[ Figure 2 here ]

We begin by assessing the plausibility of the common trend assumption, which is a crucial

assumption in our panel event study design. The common trend assumption implies that the
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changes in life satisfaction over time among individuals who did not experience the flood can

be used as a counterfactual for those who experienced the flood. To evaluate its plausibility,

we test the statistical significance of the effect of the 2013 flood on life satisfaction in the pre-

treatment year 2012. If the common trend assumption holds true, we would expect a small (near

zero) and statistically insignificant effect in 2012. The empirical results indeed indicate that we

cannot reject the null hypothesis that the coefficient in the pre-treatment period of 2012 is zero.

The coefficient is found to be statistically insignificant at all conventional levels of significance

(p = 0.40). Moreover, the point estimate is quite small in magnitude (−0.047), particularly when

compared to the effect observed in the year after the flood.

The empirical evidence indicates that the flood has a significant impact in the first post-

treatment year 2014. As a result of experiencing the flood, there is a decline in life satisfaction

by 0.17 points on the 11-point scale (see Figure 2). This corresponds to a 2.5% decrease when

compared to the pre-flood mean and is in line with the results by Avdeenko and Eryilmaz (2021)

who report a decline in life satisfaction ranging from 0.17 to 0.22 (on the 11-point satisfaction

scale) in response to the 2013 flood.

To further contextualize the magnitude of this effect, we compare it to the impact of un-

employment, which is known to be a particularly detrimental life event for SWB. Research has

shown that becoming unemployed is often associated with a decrease in life satisfaction of around

0.5 to 1 point on an 11-point scale (Kassenboehmer and Haisken-DeNew, 2009; Gielen and Ours,

2014). While the 0.17-point decline due to the flood is smaller, it is still substantial when consid-

ered across a large affected population. When a significant number of individuals are impacted,

this small average decline translates into a considerable emotional and psychological toll on the

community as a whole. Consequently, even a modest average reduction in SWB across a large

population can result in substantial increases in healthcare needs, decreased productivity, and

greater demand for social services.

11



Moreover, when interpreting the effect size, it is essential to consider that we estimate the

effect in 2014 (i.e., the year following the flood). Therefore, we are not measuring the immediate,

contemporaneous impact of the flood. We assume that the immediate effect is stronger, as a

certain degree of adaptation to the event has likely already taken place one year after the flood.

The negative effect dissipates in the subsequent years 2015 and 2016, indicating that there is

no long-term harm to life satisfaction from experiencing the flood. The flood only has a transitory

effect on the life satisfaction in affected regions. Individuals do not experience long-term nega-

tive consequences in terms of life satisfaction from the flood. This suggests that the immediate

damage caused by the flood was addressed in the short term. Alternatively, the results may indi-

cate that rapid adaptation to the flood occurred. Adaptation is a well-documented phenomenon

observed in numerous major life events (Clark et al., 2008). Additionally, the transitory decline

in life satisfaction may indicate that individuals do not have lasting worries about the potential

occurrence of similar disasters due to climate change. The leveling out of the flood effect might

also explain why individuals affected by a flood disaster often choose to rebuild their homes in

the same region.

5.2 Mechanisms

Our study explores two distinct mechanisms by which floods may impact individuals’ life satis-

faction: the health channel and the financial channel. The corresponding results are displayed in

Figure 3.

[ Figure 3 here ]

In addition to detrimental physical health effects, the aftermath of a natural disaster can re-

sult in feelings of fear, helplessness, and grief, which can significantly affect mental health. In

this sense, experiencing a flood disaster can have negative consequences for the health of those

affected. In a comprehensive meta-analysis conducted by Keya et al. (2023), it was found that
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there is a clear association between disasters, including floods, and detrimental impacts on men-

tal health. Specifically, the occurrence of disaster events is consistently linked to an elevated

prevalence of mental health disorders.

Based on our empirical findings, it appears that individuals who experience the 2013 flood

exhibit a statistically significant decrease of 0.12 points in their level of health satisfaction during

the first year following the flood. From 2015 onward, individuals exhibit a rapid recovery, indi-

cating that the negative health effect in the aftermath of the 2013 flood was temporary in nature.

This suggests that the initial decline in health satisfaction is not indicative of a long-lasting or

chronic health impact, but rather a transitory phenomenon.

Additionally, the experience of a natural disaster can have a negative impact on individuals’

life satisfaction due to the financial losses suffered, particularly the destruction of homes and

possessions. To investigate this channel, we analyze the effects of the flood event on individuals’

satisfaction with their financial situation. Nevertheless, in the present study, we do not observe

any adverse consequences of the flood on financial satisfaction. The impact is generally con-

sidered to be statistically insignificant, and the quantitative measures of the aftermath appear to

be indistinguishable from initial disparities between the treatment group and the control group

before the flood event occurred.

In general, our findings reveal a consistent pattern between health satisfaction and life satisfac-

tion. The effects on health satisfaction and the effects on life satisfaction are similar in magnitude

and direction, suggesting that the health domain serves as an important channel through which

the flood affects overall life satisfaction. In contrast, our results do not indicate a significant role

of the financial domain as a transmission channel.
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5.3 Heterogeneous effects

In this subsection, we examine the heterogeneity of effects across different population subgroups.

To achieve this, we perform separate estimations for subgroups based on gender, geographical

location, and income. The subgroup-specific effects are shown in Figure 4.

[ Figure 4 here ]

First, we investigate the gender-based heterogeneous effects of the flood on life satisfaction.

The findings from this analysis, as shown in Panels a and b of Figure 4, reveal that women

tend to experience a slightly stronger decrease in life satisfaction compared to men. Specifically,

the results obtained from the panel event study regressions indicate a decline of 0.19 points in

women’s life satisfaction in 2014, while men’s life satisfaction decreases only by 0.14 points.

Moreover, our analysis suggests that women also exhibit a slower recovery in the following years.

However, it is important to note that the results should be interpreted with caution due to the wide

confidence intervals and the substantial overlap between the confidence intervals of men and

women. The results, therefore, do not allow us to reach a definitive conclusion regarding general

gender-specific differences in the effects of experiencing a flood.

Second, we examine the heterogeneity in the flood effect on individuals’ life satisfaction in

peripheral and central areas. We hypothesize that the flood effects are more severe in peripheral

areas than in central areas, as central areas possess more advanced infrastructure compared to

peripheral areas. For instance, municipalities located in central areas often have superior flood

control measures and emergency response services relative to those situated in peripheral areas.

Furthermore, central areas generally exhibit a more diverse economy, in contrast to peripheral

areas that often depend heavily on agriculture, livestock, and natural resources, all of which

can be adversely affected by flood events. The empirical findings support this hypothesis, as

the analysis reveals that the flood effect is more severe in peripheral areas compared to central
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areas (see Panels c and d of Figure 4). The point estimates from our three models consistently

demonstrate a decrease in life satisfaction of approximately 0.25 points on an 11-point scale in

peripheral areas in the year following the flood. In contrast, the corresponding estimate for central

areas is only about 0.14. However, by 2016, three years after the flood, we do not observe any

pronounced differences in the flood effects between these areas.

Third, we split the sample by income. Respondents are categorized as high-income indi-

viduals if their equivalent household income exceeds the median in 2012, while respondents are

categorized as low-income individuals if their equivalent household income is below the median.6

The results indicate a decrease in life satisfaction in the year following the flood. This decline is

more pronounced, with a decrease of 0.22 points, for individuals residing in low-income house-

holds. In contrast, individuals living in high-income households experience a smaller decline of

only 0.12 points. Interestingly, the recovery process in the subsequent years of 2015 and 2016

is slower for low-income individuals than for high-income individuals. Further analysis suggests

that this may be due to heterogeneous effects on health satisfaction (see Panels e and f of Fig-

ure A1 in the Appendix). Hence, we assume that the disparity in response between low-income

and high-income individuals can be attributed to lower levels of resilience among those living in

low-income households.

6 Sensitivity analyses

This section is dedicated to examining the sensitivity of our main results presented in section 5.1.

We apply a series of sensitivity analyses with different sample restrictions: firstly, a sample that

omits individuals who relocated between municipalities during the study period; secondly, a sam-

ple that excludes neighboring municipalities of the treated (flooded) areas from the control group;

and thirdly, a sample that relies solely on DLR data for identifying treated municipalities, and ad-

6The calculation of equivalent household income is determined by dividing the total household income by the
square root of the household size (OECD, 2013).
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ditionally excluding municipalities marked as flooded only in NASA data from the control group.

In addition, we estimate our results using an alternative treatment indicator that classifies munic-

ipalities as treated if a share of their residential area was flooded. In all these sensitivity analyses,

we re-estimate our results using the panel event study design, both with and without covariates,

and employing the DRDID estimator. The results of the sensitivity analyses are displayed in

Figure 5.

It is particularly reassuring to note that the point estimates from all these sensitivity analyses

are of similar magnitude to our main results and each other. This confirms the robustness of our

results with respect to different sample restrictions and definitions of the treatment indicator.

7 Conclusion

This study provides evidence on the causal effect of experiencing a natural disaster on subjective

well-being. Specifically, it focuses on the 2013 flood in East Germany, a region that was severely

affected. By utilizing a quasi-experimental setup and employing a panel event study design, we

are able to uncover the trajectory of the flood’s effect over time. To identify individuals who

experienced the flood, we combine geo-spatial flood data provided by Osberghaus and Fugger

(2022) with survey data obtained from the SOEP.

Our findings indicate that the 2013 flood has a significant negative effect on life satisfaction.

Specifically, individuals who experienced the flood report a decline in life satisfaction by 0.17

points on an 11-point scale in the year following the flood. This corresponds to a 2.5% decrease

compared to the average life satisfaction before the flood occurred. However, the negative effect

dissipates in the subsequent years 2015 and 2016.

To understand how the flood affected life satisfaction, we examine two possible mechanisms:

the health channel and the financial channel. Our findings suggest that a primary mechanism

through which the flood influenced life satisfaction was the decline in health satisfaction. In the
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first year after the flood, individuals reported a decrease in health satisfaction by 0.12 points on

an 11-point scale, for which we also observe a swift recovery starting from 2015 onwards. Our

results did not indicate a decline in financial satisfaction as a result of experiencing the flood.

We conduct three heterogeneity analyses to explore variations in the effect of the 2013 flood in

different subgroups of the population. First, we do not find significant evidence of gender-specific

differences. Second, we examine the geographical location aspect by distinguishing between pe-

ripheral and central areas. In this analysis, we observe that the immediate impact of the flood

was more severe in peripheral areas. We posit that central areas are better equipped to deal with

the adverse effects of the disaster due to their superior flood control measures and emergency

response services. Moreover, central areas may have a more diverse economy compared to pe-

ripheral areas, which often heavily rely on agriculture, livestock, and natural resources—all of

which can be significantly impacted by a flood. Third, when we split the sample by income, we

discover an expected pattern: Individuals with low incomes experienced a more pronounced de-

crease in life satisfaction in the year following the flood than individuals with high incomes. This

disparity is likely due to lower levels of resilience among those with lower incomes.7

Our findings remain robust when different estimation methods and sample restrictions are

employed. Specifically, we utilized various estimation frameworks, such as the DiD event study

design and the doubly robust estimator. Additionally, we imposed different sample restrictions,

including the DLR-only subsample, exclusion of movers and neighboring municipalities. Also,

we used an alternative definition of the treatment indicator that is based on whether any part of

the municipality’s residential area was affected by flooding. Overall, the results obtained from

different estimators and sample restrictions exhibit a high degree of similarity.

This research is important for informing policy decisions in natural disaster management,

specifically for floods. One conclusion from our research is to increase public awareness about

7The decline among low-income individuals does not seem to be directly attributed to financial resources, as the
flood did not result in a differing response in financial satisfaction between the two groups.
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the short-term impact of floods on subjective well-being in general, and the health channel in

particular. By informing communities about the resilience of specific groups, policymakers can

develop initiatives to provide support and assistance particularly targeted at low-income house-

holds. This can include implementing counseling services and mental health support to promote

psychological well-being in the direct aftermath of floods. The short-term nature of the effect

may also be informative for understanding reconstruction decisions and the implementation of

precautionary measures. The swift dissipation of the negative effects of the floods may indicate

a certain degree of repression, which in turn could close the window of opportunity for the im-

plementation of long-term measures in the political arena quite soon. In this instance, adaptation

may even prove to be an obstacle to adjustment.

18



References

Ahmadiani, Mona and Susana Ferreira (2021). “Well-being effects of extreme weather events in
the United States”. In: Resource and Energy Economics 64, p. 101213. ISSN: 0928-7655. DOI:
https://doi.org/10.1016/j.reseneeco.2020.101213.

Avdeenko, Alexandra and Onur Eryilmaz (2021). “The Impact of Climate Change on Risk Aver-
sion and Mitigation Behavior: Evidence from Germany”. In: CEPR Discussion Paper No.
DP16266.

Banholzer, Sandra, James Kossin, and Simon Donner (2014). “The impact of climate change on
natural disasters”. In: Reducing disaster: Early warning systems for climate change, pp. 21–
49.

Bertrand, Marianne, Esther Duflo, and Sendhil Mullainathan (2004). “How Much Should We
Trust Differences-in-Differences Estimates?” In: The Quarterly Journal of Economics 119.1,
pp. 249–275.

CRED (2023a). 2022 Disasters in numbers. Tech. rep. Brussels: Centre for Research on the Epi-
demiology of Disasters (CRED). URL: https://cred.be/sites/default/files/2022_
EMDAT_report.pdf.

— (2023b). Centre for Research on the Epidemiology of Disasters (CRED) Crunch Issue No. 70.
https://cred.be/sites/default/files/CredCrunch70.pdf. Accessed: 2024-01-14.

Cameron, Colin A. and Douglas L. Miller (2015). “A Practitioner’s Guide to Cluster-Robust
Inference”. In: Journal of Human Resources 50.2, pp. 317–372.

Carroll, Nick, Paul Frijters, and Michael A Shields (2009). “Quantifying the costs of drought:
new evidence from life satisfaction data”. In: Journal of Population Economics 22, pp. 445–
461.

Clark, Andrew E. et al. (2008). “Lags and Leads in Life Satisfaction: A Test of the Baseline
Hypothesis”. In: Economic Journal 118.529, F222–F243.

Clarke, Damian and Kathya Tapia-Schythe (2021). “Implementing the panel event study”. In: The
Stata Journal 21.4, pp. 853–884.

Federal Office for Building and Regional Planning (BBSR) (n.d.). Raumtyp 2010. https://
www.bbsr.bund.de/BBSR/DE/forschung/raumbeobachtung/Raumabgrenzungen/
deutschland/gemeinden/Raumtypen2010_vbg/Raumtypen2010_LageSied.html. Ac-
cessed: 2024-01-29.

Ferrer-i-Carbonell, Ada and Paul Frijters (2004). “How important is methodology for the esti-
mates of the determinants of happiness?” In: Economic Journal 114.497, pp. 641–659.

Fluhrer, Svenja and Kati Kraehnert (2022). “Sitting in the same boat: Subjective well-being and
social comparison after an extreme weather event”. In: Ecological Economics 195, p. 107388.

Gielen, Anne C. and Jan C. van Ours (2014). “Unhappiness and Job Finding”. In: Economica
81.323, pp. 544–565. DOI: https://doi.org/10.1111/ecca.12089.

Goebel, Jan et al. (2019). “The German Socio-Economic Panel (SOEP)”. In: Jahrbücher für Na-
tionalökonomie und Statistik 239, pp. 345–360. ISSN: 1465-6485. DOI: 10.1515/jbnst-
2018-0022.

19

https://doi.org/https://doi.org/10.1016/j.reseneeco.2020.101213
https://cred.be/sites/default/files/2022_EMDAT_report.pdf
https://cred.be/sites/default/files/2022_EMDAT_report.pdf
https://cred.be/sites/default/files/CredCrunch70.pdf
https://www.bbsr.bund.de/BBSR/DE/forschung/raumbeobachtung/Raumabgrenzungen/deutschland/gemeinden/Raumtypen2010_vbg/Raumtypen2010_LageSied.html
https://www.bbsr.bund.de/BBSR/DE/forschung/raumbeobachtung/Raumabgrenzungen/deutschland/gemeinden/Raumtypen2010_vbg/Raumtypen2010_LageSied.html
https://www.bbsr.bund.de/BBSR/DE/forschung/raumbeobachtung/Raumabgrenzungen/deutschland/gemeinden/Raumtypen2010_vbg/Raumtypen2010_LageSied.html
https://doi.org/https://doi.org/10.1111/ecca.12089
https://doi.org/10.1515/jbnst-2018-0022
https://doi.org/10.1515/jbnst-2018-0022


Hu, Pan et al. (2018). “Flood-induced mortality across the globe: Spatiotemporal pattern and
influencing factors”. In: Science of the Total Environment 643, 171–182.

Hudson, PGMB and JCJH Aerts (2017). “Impacts of Flooding and Flood Preparedness on Sub-
jective Well-Being: A monetization of the tangible and intangible impacts”. In: Journal of
Happiness Studies 20.2.

Hudson, Paul, My Pham, and Philip Bubeck (2019). “An evaluation and monetary assessment of
the impact of flooding on subjective well-being across genders in Vietnam”. In: Climate and
Development 11.7, pp. 623–637.

IPCC (2014). Climate Change 2014: Synthesis Report. Summary for Policymakers. https://
www.ipcc.ch/site/assets/uploads/2018/02/AR5_SYR_FINAL_SPM.pdf. Accessed:
2024-01-15.

Imbens, Guido W. and Donald B. Rubin (2015). Causal Inference for Statistics, Social, and
Biomedical Sciences: An Introduction. New York, NY, USA: Cambridge University Press.

Jensen, Olivia and Chitranjali Tiwari (2021). “Subjective Well-Being Impacts of Natural Hazards:
A Review”. In: Economic Effects of Natural Disasters. Ed. by Taha Chaiechi. Academic Press,
pp. 583–599. ISBN: 978-0-12-817465-4. DOI: https://doi.org/10.1016/B978-0-12-
817465-4.00034-0.

Kahneman, Daniel and Alan B Krueger (2006). “Developments in the measurement of subjective
well-being”. In: Journal of Economic perspectives 20.1, pp. 3–24.

Kahneman, Daniel, Peter P Wakker, and Rakesh Sarin (1997). “Back to Bentham? Explorations
of experienced utility”. In: The quarterly journal of economics 112.2, pp. 375–406.

Kassenboehmer, Sonja C. and John P. Haisken-DeNew (2009). “You’re Fired! The Causal Neg-
ative Effect of Entry Unemployment on Life Satisfaction”. In: Economic Journal 119.536,
pp. 448–462.

Kellenberg, Derek and A Mushfiq Mobarak (2011). “The economics of natural disasters”. In:
Annual Review of Resource Economics 3.1, pp. 297–312.

Keya, Tahmina A et al. (2023). “Mental Health Disorders Due to Disaster Exposure: A Systematic
Review and Meta-Analysis”. In: Cureus 15.4, e37031. DOI: 10.7759/cureus.37031.

Kountouris, Yiannis and Kyriaki Remoundou (2011). “Valuing the welfare cost of forest fires: a
life satisfaction approach”. In: Kyklos 64.4, pp. 556–578.

Lamond, Jessica Elizabeth, Rotimi D Joseph, and David G Proverbs (2015). “An exploration of
factors affecting the long term psychological impact and deterioration of mental health in
flooded households”. In: Environmental research 140, pp. 325–334.

Luechinger, Simon and Paul A. Raschky (2009). “Valuing flood disasters using the life satisfac-
tion approach”. In: Journal of Public Economics 93.3, pp. 620–633. DOI: https://doi.
org/10.1016/j.jpubeco.2008.10.003.

Mahoney, Jessica (2023). Subjective well-being measurement. OECD Papers on Well-being and
Inequalities 17. Organisation for Economic Co-operation and Development. DOI: https :
//doi.org/https://doi.org/10.1787/4e180f51-en.

20

https://www.ipcc.ch/site/assets/uploads/2018/02/AR5_SYR_FINAL_SPM.pdf
https://www.ipcc.ch/site/assets/uploads/2018/02/AR5_SYR_FINAL_SPM.pdf
https://doi.org/https://doi.org/10.1016/B978-0-12-817465-4.00034-0
https://doi.org/https://doi.org/10.1016/B978-0-12-817465-4.00034-0
https://doi.org/10.7759/cureus.37031
https://doi.org/https://doi.org/10.1016/j.jpubeco.2008.10.003
https://doi.org/https://doi.org/10.1016/j.jpubeco.2008.10.003
https://doi.org/https://doi.org/https://doi.org/10.1787/4e180f51-en
https://doi.org/https://doi.org/https://doi.org/10.1787/4e180f51-en


Merz, Bruno et al. (2014). “The extreme flood in June 2013 in Germany”. In: La Houille Blanche
1, pp. 5–10.

Murata, Ryo et al. (2023). “Impact of flood experiences and anxiety on subjective well-being”.
In: Hydrological Research Letters 17.3, pp. 56–61.

Nguyen, Tri-Long et al. (2017). “Double-adjustment in propensity score matching analysis: choos-
ing a threshold for considering residual imbalance”. In: BMC medical research methodology
17.1, p. 78.

OECD (2013). OECD Framework for Statistics on the Distribution of Household Income, Con-
sumption and Wealth, p. 236. DOI: https://doi.org/https://doi.org/10.1787/
9789264194830-en. URL: https://www.oecd-ilibrary.org/content/publication/
9789264194830-en.

Ohtake, Fumio, Katsunori Yamada, and Shoko Yamane (2016). “Appraising unhappiness in the
wake of the Great East Japan earthquake”. In: The Japanese Economic Review 67, pp. 403–
417.

Okuyama, Naoko and Yoji Inaba (2017). “Influence of natural disasters on social engagement
and post-disaster well-being: The case of the Great East Japan Earthquake”. In: Japan and the
World Economy 44, pp. 1–13.

Osberghaus, Daniel and Carina Fugger (2022). “Natural disasters and climate change beliefs: The
role of distance and prior beliefs”. In: Global Environmental Change 74, p. 102515.

Rehdanz, Katrin et al. (2015). “Well-being effects of a major natural disaster: The case of Fukushima”.
In: Journal of Economic Behavior & Organization 116, pp. 500–517.

Sant’Anna, Pedro H.C. and Jun Zhao (2020). “Doubly robust difference-in-differences estima-
tors”. In: Journal of Econometrics 219.1, pp. 101–122. ISSN: 0304-4076. DOI: https://
doi.org/10.1016/j.jeconom.2020.06.003.

Sekulova, Filka and Jeroen CJM Van den Bergh (2016). “Floods and happiness: Empirical evi-
dence from Bulgaria”. In: Ecological Economics 126, pp. 51–57.

Shaffer, Juliet P. (1995). “Multiple Hypothesis Testing”. In: Annual Review of Psychology 46.1,
pp. 561–584. DOI: 10.1146/annurev.ps.46.020195.003021.

Socio-Economic Panel (2023). Data for years 1984-2021, SOEP-Core v38, EU Edition. DOI:
doi:10.5684/soep.core.v38eu.

Thieken, Annegret H et al. (2016). “The flood of June 2013 in Germany: how much do we know
about its impacts?” In: Natural hazards and earth system sciences 16.6, pp. 1519–1540.

von Möllendorff, Charlotte and Jesko Hirschfeld (2016). “Measuring impacts of extreme weather
events using the life satisfaction approach”. In: Ecological Economics 121, pp. 108–116.
ISSN: 0921-8009. DOI: https://doi.org/10.1016/j.ecolecon.2015.11.013.

21

https://doi.org/https://doi.org/https://doi.org/10.1787/9789264194830-en
https://doi.org/https://doi.org/https://doi.org/10.1787/9789264194830-en
https://www.oecd-ilibrary.org/content/publication/9789264194830-en
https://www.oecd-ilibrary.org/content/publication/9789264194830-en
https://doi.org/https://doi.org/10.1016/j.jeconom.2020.06.003
https://doi.org/https://doi.org/10.1016/j.jeconom.2020.06.003
https://doi.org/10.1146/annurev.ps.46.020195.003021
https://doi.org/doi:10.5684/soep.core.v38eu
https://doi.org/https://doi.org/10.1016/j.ecolecon.2015.11.013


Tables and Figures

Figure 1: Treatment status: municipalities affected by the flood

Datasource: Osberghaus and Fugger, 2022
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Table 1: Covariate Balance in 2012

Control Treated
Variable Mean S.D. Mean S.D. Nor.Dif.
Married (0/1) 0.62 0.49 0.61 0.49 0.03
Single (0/1) 0.20 0.40 0.21 0.41 -0.03
Divorced (0/1) 0.10 0.29 0.10 0.30 -0.01
Widowed (0/1) 0.08 0.28 0.08 0.28 0.00
Disabled (1/2) 1.85 0.36 1.86 0.35 -0.02
Non-working (0/1) 0.40 0.49 0.42 0.49 -0.03
Unemployed (0/1) 0.07 0.25 0.07 0.25 0.00
Employed (0/1) 0.53 0.50 0.52 0.50 0.03
Education (in years) 12.26 2.32 12.71 2.63 -0.18
Female (0/1) 0.52 0.50 0.53 0.50 -0.01
Immigrant (0/1) 0.03 0.16 0.02 0.15 0.02
Age (in years) 53.64 16.80 54.58 16.61 -0.06
Monthly net hh-income 2,347 1,394 2,349 1,344 -0.00
Household size 2.40 1.13 2.24 0.96 0.16
Periphery (0/1) 0.77 0.42 0.38 0.49 0.85
Rural (0/1) 0.36 0.48 0.23 0.42 0.28
Life satisfaction 6.70 1.76 6.74 1.72 -0.02
Health satisfaction 6.21 2.22 6.22 2.17 -0.00
Financial satisfaction 5.90 2.32 6.12 2.24 -0.10
Note: Nor.Dif. is the normalized difference. Number of observations: control n=2,418; treated
n=1,375.
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Figure 2: Estimated effects of experiencing the flood on life satisfaction

Note: The figure shows estimation results for one lead and three lag effects of experiencing the 2013 flood. The
dependent variable is measured on an 11-point scale. Robust standard errors are clustered at the level of the munici-
pality. The vertical lines indicate 80% Bonferroni-corrected confidence intervals.
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Figure 3: Potential mechanisms

Note: The figure shows estimation results for one lead and three lag effects of experiencing the 2013 flood. The
dependent variable in both panels is measured on an 11-point scale. Robust standard errors are clustered at the level
of the municipality. The vertical lines indicate 80% Bonferroni-corrected confidence intervals.
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Figure 4: Heterogeneity analyses for life satisfaction

Note: The figure shows estimation results for one lead and three lag effects of experiencing the 2013 flood. The
dependent variable is measured on an 11-point scale. Households are defined as low-income if their household
equivalent income is below the median. Robust standard errors are clustered at the level of the municipality. The
vertical lines indicate 80% Bonferroni-corrected confidence intervals. Sample sizes: (a) ES: 8,080; DRDD: 7,289;
(b) ES: 9,102; DRDD: 8,295, (c) ES: 10,669; DRDD: 9,564; (d) ES: 6,513; DRDD: 5,943; (e) ES: 7,989; DRDD:
7,427; (f) ES: 7,730; DRDD: 7,137.
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Figure 5: Sensitivity Analyses

Note: The figure shows estimation results for sensitivity analyses of our main results. The dependent variable is
measured on an 11-point scale. Robust standard errors are clustered at the level of the municipality. The vertical
lines indicate 80% Bonferroni-corrected confidence intervals. Sample sizes in parentheses: DLR-only (ES: 16,320;
DRDD:14,763), no-movers (ES: 16,430; DRDD: 14,942), no-neighbours (ES: 14,504; DRDD: 13,160), residential
(ES: 15,415; DRDD: 13,911).
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Figure A1: Heterogeneity analyses for health satisfaction

Note: The figure shows estimation results for one lead and three lag effects of experiencing the 2013 flood. The
dependent variable is measured on an 11-point scale. Households are defined as low-income if their household
equivalent income is below the median. Robust standard errors are clustered at the level of the municipality. The
vertical lines indicate 80% Bonferroni-corrected confidence intervals. Sample sizes: (a) ES: 8,080; DRDD: 7,289;
(b) ES: 9,102; DRDD: 8,295, (c) ES: 10,669; DRDD: 9,564; (d) ES: 6,513; DRDD: 5,943; (e) ES: 7,989; DRDD:
7,427; (f) ES: 7,730; DRDD: 7,137.
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Figure A2: Heterogeneity analyses for financial satisfaction

Note: The figure shows estimation results for one lead and three lag effects of experiencing the 2013 flood. The
dependent variable is measured on an 11-point scale. Households are defined as low-income if their household
equivalent income is below the median. Robust standard errors are clustered at the level of the municipality. The
vertical lines indicate 80% Bonferroni-corrected confidence intervals. Sample sizes: (a) ES: 8,080; DRDD: 7,289;
(b) ES: 9,102; DRDD: 8,295, (c) ES: 10,669; DRDD: 9,564; (d) ES: 6,513; DRDD: 5,943; (e) ES: 7,989; DRDD:
7,427; (f) ES: 7,730; DRDD: 7,137.
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Table B1: Estimation results event study without covariates

Life Health Financial
satisfaction satisfaction satisfaction

treated×2012 -0.0468 0.0186 0.0986
(0.0553) (0.0618) (0.0790)

treated×2014 -0.1693*** -0.1222* 0.0152
(0.0599) (0.0647) (0.0657)

treated×2015 -0.0711 -0.0432 0.0566
(0.0653) (0.0690) (0.0712)

treated×2016 -0.0562 0.0723 0.0929
(0.0717) (0.0703) (0.0721)

2012 -0.0680* 0.0416 -0.1643***
(0.0405) (0.0440) (0.0525)

2014 0.0853** 0.0402 0.1455***
(0.0390) (0.0406) (0.0413)

2015 0.1471*** -0.0093 0.3024***
(0.0490) (0.0412) (0.0497)

2016 0.1318*** -0.1075** 0.3682***
(0.0446) (0.0458) (0.0523)

constant 6.8704*** 6.2415*** 6.1588***
(0.0209) (0.0194) (0.0218)

Individual FE YES YES YES
Year FE YES YES YES

Observations 17,182 17,182 17,182
Note: *** p<0.01, ** p<0.05, * p<0.1; robust standard errors in parentheses, clustered at the
municipality level. The analysis encompasses the time period from 2012 to 2016.
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Table B2: Estimation results event study with covariates

Life Health Financial
satisfaction satisfaction satisfaction

treated×2012 -0.0494 0.0183 0.1021
(0.0555) (0.0618) (0.0791)

treated×2014 -0.1704*** -0.1222* 0.0149
(0.0602) (0.0648) (0.0658)

treated×2015 -0.0749 -0.0423 0.0538
(0.0660) (0.0691) (0.0711)

treated×2016 -0.0607 0.0747 0.0887
(0.0719) (0.0705) (0.0720)

2012 -0.0690* 0.0443 -0.1665***
(0.0406) (0.0438) (0.0524)

2014 0.0864** 0.0385 0.1470***
(0.0392) (0.0408) (0.0416)

2015 0.1499*** -0.0140 0.3059***
(0.0496) (0.0413) (0.0497)

2016 0.1379*** -0.1145** 0.3731***
(0.0461) (0.0460) (0.0530)

education 0.0403 0.1192* 0.0793
(0.0542) (0.0647) (0.1291)

marital status -0.1790*** -0.0135 0.1052*
(0.0448) (0.0475) (0.0553)

household size 0.0271 -0.0089 0.1118***
(0.0419) (0.0348) (0.0416)

rural 0.1229 0.1920 0.2487
(0.3112) (0.3289) (0.3049)

periphery -0.0633 -0.2721 -0.1429
(0.1651) (0.1691) (0.2897)

rural×periphery -0.2065 0.0727 0.1713
(0.3209) (0.3722) (0.3913)

constant 6.6634*** 4.8864*** 4.7005***
(0.6457) (0.8269) (1.5752)

Individual FE YES YES YES
Year FE YES YES YES

Observations 17,182 17,182 17,182
Note: *** p<0.01, ** p<0.05, * p<0.1; robust standard errors in parentheses, clustered at the municipality level. The
analysis encompasses the time period from 2012 to 2016.
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