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Abstract
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ex ante leverage experience larger increases in mental health problems. The effects are
long-lasting and stronger in times of financial crisis. Parallel pre-trends and IV estimation
suggest that confounding unobservables do not drive the findings. High leverage is also
associated with worse long-term earnings dynamics, suggesting tenacious scarring effects
of leverage through deterioration of mental health.
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1 Introduction

One of the most salient long-run trends in developed economies in the post-war period is the

rise in household debt.1 While access to credit has important benefits by allowing households to

smooth consumption through income shocks and over the life-cycle, economists are increasingly

emphasizing the adverse effects of high private debt levels. At the macro level, excess household

leverage may contribute to the severity and persistence of economic downturns (e.g. Jordà,

Schularick, and Taylor 2016; Mian, Sufi, and Verner 2017; Mian, Straub, and Sufi 2021). At

the micro level, access to credit can be the cause of financial difficulties rather than a remedy

(e.g. Melzer 2011a; Gathergood, Guttman-Kenney, and Hunt 2018), and such difficulties can,

in turn, reduce productivity and income (Acharya et al. 2024; Kaur et al. 2025; Sergeyev, Lian,

and Gorodnichenko 2025).

In this paper, we analyze the effects of household debt on mental health fragility and the

associated economic effects. The effect of debt on mental health is an important question in its

own right. Mental illness has become one of the most important health and welfare challenges in

modern society (e.g., Layard and Clark 2014; WHO 2011; Biasi, Dahl, and Moser 2020). Layard

(2020) finds that mental health is the most important single factor for happiness, and estimates

from the Global Burden of Disease study suggest that mental disorders account for 15% of

global years lived with disability (GBD Mental Disorders Collaborators 2022). In addition, if

high debt is associated with increased risk of mental illness, it may contribute to the broader

adverse effects of debt in the economic domain and help explain why these effects tend to be so

persistent.

A plausible mechanism for the effect of debt on mental health is that it creates financial

fragility, thereby reducing the emotional resilience to negative life events. For example, a cancer

diagnosis, a job loss or the death of one’s spouse may trigger more anxiety and emotional distress

in highly indebted individuals than in others because it lowers their ability to pay installments on

the debt (Gerardi et al. 2018; Majlesi, Molin, and Roth 2024) and thus raises the risk of a default

with severe personal consequences (Alley et al. 2011; Currie and Tekin 2015). This mechanism

is also consistent with the view among health professionals that financial strain, including debt

problems, can be an important source of psychological distress (e.g., National Health Service

UK 2023). The adverse effect on mental health may, in turn, lower the individual’s earnings

capacity and, therefore, deepen the financial and economic implications of the initial adverse

1In the United States, aggregate household debt rose from around 20% of GDP in 1950 to around 80% in
2020 and a similar pattern emerges in many other countries (IMF 2022).
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event (Knapp and Wong 2022).

Exploring this mechanism empirically is demanding in terms of data. It requires tracking

individuals through adverse life events, observing their mental health over time, and linking

these outcomes to detailed, individual-level balance-sheet information. (e.g., debt, real estate,

etc.). We therefore focus on Denmark, where rich administrative data allow us to meet these

requirements and obtain precise, individual-level measurement. In particular, we link health

records from several registers — covering diagnoses, treatments, and causes of death — to tax

records with detailed information on income, debt, and home ownership. These data sources

span the full Danish population and can be matched via a unique personal identifier, enabling

us to measure both mental health problems and leverage for each individual homeowner.

The Danish setting also has other advantages: First, households are highly levered compared

to other developed countries, in large part due to a well functioning mortgage credit market

(Campbell 2012; OECD 2020). Second, the universal health care system, which is generally

free, reduces the risk that mental health issues go untreated and, therefore, unobserved in the

data.

Our empirical framework exploits adverse life events that affect the individual’s ability to

service debt and compares the incidence of mental health problems around such events for home-

owners with high vs. low ex ante leverage. The main specifications focus on adverse somatic

(non-mental) health shocks that require inpatient hospitalization (including heart problems,

cancer, etc.). Such shocks can have important economic consequences (Dobkin et al. 2018),

thus affecting the ability to repay debt, and they can happen to everyone regardless of leverage.

We also analyze other adverse shocks: spousal health problems or death, and unemployment.

The results of our analysis show that individuals with high and low ex ante leverage follow

parallel trends in mental health outcomes in the years before experiencing an adverse shock.

However, there is a sharp divergence after the adverse shock, with the incidence of mental health

problems rising much more sharply for ex ante high-leverage individuals. This finding is highly

robust to controlling for various factors that may affect the mental health response, including

granular indicators for the exact type of somatic health shock.

The effect of leverage is large and highly persistent: Over the two years following a somatic

health shock, the increase in mental health problems is 30% larger for high-leverage individuals

and the difference remains statistically significant even seven years after the shock. In addition,

the differential increase is larger and more persistent for severe manifestations, such as psychi-

atric hospitalization, as compared to milder ones, and extends beyond mental health outcomes
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to the incidence of suicides.

The evidence points to debt-induced stress as a key mechanism underlying these results.

First, we find strong differential effects on loan delinquency after adverse shocks: A steep

rise in the incidence of loan arrears among high-debt individuals, indicating mounting financial

difficulties, but only a modest increase for those with low debt. Second, we find larger differential

effects on mental health problems when the adverse shock occurs during the global financial

crisis, during which banks tightened their supply of credit to households (Jensen and Johannesen

2017).

An important question is whether a high level of debt, through its impact on mental health

fragility, can turn transitory adversity into persistent downturns with long-lasting economic

effects. Analyzing the earnings dynamics around adverse somatic health shocks, we find evi-

dence consistent with such “scarring” effects. Before and immediately after the shock, high-

and low-debt individuals are on parallel earnings trajectories. Importantly, the drop in earn-

ings in the year of the shock is also the same for both groups. But two years later, the two

groups diverge: The earnings of low-debt individuals gradually recover, while those of high-debt

individuals continue to decline throughout our seven-year time window. These results suggest

a mechanism from high debt through mental health problems to medium- and long-term in-

come losses, consistent with recent evidence showing that financial strain reduces productivity

through psychological channels (Kaur et al. 2025; Sergeyev, Lian, and Gorodnichenko 2025).

The key identifying assumption in our analysis is that other determinants of mental health

responses to adverse shocks are uncorrelated with debt, conditional on the extensive controls

in our model. Reassuringly, high-debt and low-debt individuals of the same age are highly

similar in terms of observable characteristics such as income, gender, and children. They are

also indistinguishable in terms of the ex ante incidence of mental health problems as well as

the severity and recurrence of the somatic health shock, and they have the same underlying

predisposition to mental health problems, as measured by the mental health record of their

parents.2 In line with this, our estimates of the differential mental health response of high

vs. low-debt individuals are insensitive to adding (or removing) control variables that have

substantial explanatory power, suggesting that they are not driven by omitted variables (Altonji,

Elder, and Taber 2005; Oster 2019).

Complementing the baseline analysis, we implement an instrumental variables strategy that

2Parental mental health is a meaningful proxy for a person’s inherent predisposition, given the strong evidence
of inter-generational correlation in mental illness (Weissman et al. 2006; Ramchandani and Psychogiou 2009;
Johnston, Schurer, and Shields 2013).
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isolates plausibly exogenous variation in ex ante leverage. We use the mechanical decline in

leverage over time — as households repay their mortgages — and instrument leverage at the

time of the adverse shock with the number of years since the individual’s first home purchase.

In our preferred specification, we control for age at the time of purchase, so identification comes

from variation in the timing of the adverse shock between individuals who bought homes at

the same age. We also consider an alternative specification that controls for age at the time

of the shock, thus comparing individuals who bought homes at different ages but experienced

the shock at the same age. In both cases, the first stage is strong, and the second stage results

support the conclusions drawn from the OLS estimates. We also show that the baseline results

hold when we use a stacked regression approach (Baker, Larcker, and Wang 2022) to deal with

the ”bad comparisons” problem of staggered difference-in-differences estimators highlighted by,

among others, Callaway and Sant’Anna (2021), Goodman-Bacon (2021), and Sun and Abraham

(2021).

The main contribution of our paper is to establish a causal link between household debt and

mental health problems, using linked administrative data to study these dynamics in detail. We

thus contribute to an existing literature documenting a positive association between debt and

mental health problems (e.g., Bridges and Disney 2010; Drentea and Reynolds 2012; Gathergood

2012; Hojman, Miranda, and Ruiz-Tagle 2016; Moon, Linton, and Mojtabai 2024). Most studies

in this literature rely on survey evidence with relatively small samples and self reported measures

of both debt and mental health.

Using adverse life events, we establish a particular causal mechanism linking household

debt to mental health. In this way, our analysis also connects to a literature on the mental

health consequences of such events, including job loss (e.g., Kuhn, Lalive, and Zweimüller 2009;

Browning and Heinesen 2012; Schaller and Stevens 2015), illness (e.g., Dobkin et al. 2018), and

bereavement (e.g., Lindeboom, Portrait, and Van den Berg 2002; Fadlon, Fugleholm, and Nielsen

2025). Compared to this literature, we place household balance sheets—and, in particular,

household debt—at the heart of the dynamics, highlighting their role in governing how such

events translate into mental health outcomes.

We also contribute to the broader literature on the consequences of household debt. Studies

in this literature have shown that excessive borrowing can have negative economic consequences

for the individual borrower (e.g. Melzer 2011b; Jappelli, Pagano, and Di Maggio 2013), as well

as for society at large (e.g. Eggertsson and Krugman 2012; Mian, Rao, and Sufi 2013; Mian,

Sufi, and Verner 2017; Mian, Straub, and Sufi 2021; Acharya, Lenzu, and Wang 2021). Our
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paper contributes to this literature by highlighting the negative consequences in the domain of

health. Furthermore, our results suggest a mechanism leading to higher persistence of negative

economic shocks in high-leverage economies. With high household leverage, adverse aggregate

shocks may have lasting consequences for the mental well-being of large parts of the population,

in turn amplifying their initial impact – both in intensity and persistence – on the economy.

Finally, our paper relates to a broad literature studying the relationship between household

financial circumstances and health in general. This literature documents adverse health out-

comes associated with unsecured debt (Richardson, Elliott, and Roberts 2013), housing distress

and foreclosure (Currie and Tekin 2015; Tsai 2015), and debt related financial distress (Ramsey

et al. 2016; Gupta et al. 2017). Other work links financial conditions to a range of physi-

cal and psychological health outcomes, including hypertension (Schwandt 2018), suicide risk

(Beauchaine, Ben-David, and Bos 2020), and stress related symptoms such as frustration and

sleeplessness (Duquennois and Jagnani 2026). We contribute to this literature by focusing on

mental health problems and their economic consequences, in particular loan arrears and reduced

earnings, and by highlighting how household leverage amplifies and prolongs these effects.

2 Institutional background

Health care in Denmark The Danish health care system is universal and is financed almost

entirely through general taxes. All residents have equal access to services, which are generally

provided free of charge. Most health care services are provided by five regional governments

that are responsible for both somatic and psychiatric hospitals, and for reimbursing GPs and

specialists for services provided in private practice.3

When in need of non-acute health care, the general practitioner is the patient’s primary

contact, and the GP acts as gatekeeper between the primary health care system and more

specialized treatment. If a health problem requires specialist treatment, the GP can refer the

patient to treatment in hospitals or non-hospital specialist clinics. In clinics operated by medical

doctors, such as psychiatrists, treatment is provided free of charge for the patient.

In contrast, non-hospital specialist services performed by other types of health professionals,

such as psychologists, require partial or full payment by the patient, depending on whether the

patient has a referral from a GP or not. In the former case, the regional government pays a

3Non-hospital health clinics typically function as privately owned companies that receive a specific reimburse-
ment for each service they provide, based on collective agreements between the regions and the practitioners.
However, there are also health clinics run directly by regional governments.
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60% subsidy.4

Household debt and borrowing Danish households are among the world’s most indebted

but also own large assets (OECD 2020). This is in large part due to the Danish mortgage financ-

ing system, which gives homeowners easy and cheap access to credit, thereby also increasing

house prices (Campbell 2012).

Mortgage debt accounts for about 70% of total household debt in Denmark. Mortgage loans

are offered only by specialized mortgage banks and are financed by covered bond issues. At

origination, all mortgage borrowers face the same interest rates determined by current rates

on the covered bond market. Homeowners can borrow up to 80% of their home value on the

mortgage market. Loans can be used for any purpose, including consumption. In addition,

households may borrow from non-specialized retail banks that offer a wide range of credit

facilities. Loans from such banks account for about 25% of total household debt, while the

remaining 5% consist mainly of student loans, store credit, and other debt to nonfinancial

companies.

3 Data and empirical strategy

3.1 Data sources and measurement

We use data from several government administrative registers covering the entire Danish pop-

ulation. Common to all registers is a unique personal identifier that all Danish citizens receive

at birth (or date of first residence for immigrants). This allows us to link information from the

various sources at the level of the individual.

For health outcomes, we rely on three registers: First, information on hospitalizations comes

from the National Patient Register, which contains detailed records of all contacts between

hospitals and their patients. The information in this register is recorded by staff at the treating

hospital and reported to the Ministry of Health for accounting and monitoring purposes. Each

record contains information on the type of care provided (inpatient, outpatient, or emergency

room), the type of hospital (somatic or psychiatric), and a diagnosis indicating the disease

or condition for which the patient received treatment (ICD-10 classification). We use this

information to identify individuals who experience somatic health shocks or receive hospital

treatment for mental health problems.

4GPs can refer the patient to psychologist treatment under specific circumstances. These include cases where
the patient has had serious illness, lost a relative, suffered mild to moderate depression or anxiety, or attempted
suicide.
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Second, we use data on consultations with psychiatrists and psychologists from the Health

Insurance Register. The data in this register come from primary healthcare providers who, for

reimbursement purposes, report information to regional governments about the services they

have provided to patients.

Third, the Cause of Death Register contains information about the date and cause of death

for deceased individuals. We use this to identify individuals who commit suicide, as well as

those who experience the loss of a spouse.

We combine the health data with individual-level data on income, debt, and assets from

annual tax returns. This data is highly reliable because it is almost completely based on third-

party reported information from employers, government agencies, and financial institutions.

Evasion is minimal (Kleven et al. 2011; Alstadsæter, Johannesen, and Zucman 2019). On the

asset side, we have information on bank account deposits, financial securities, and the value of

all homes owned by the individual as assessed by the tax authority for taxation purposes. Data

on liabilities include all debt owed to financial institutions and to the government (e.g. student

loans). Financial institutions and other credit providers must also report delinquent loans to

the tax authority, and we use these data to construct an end-of-year indicator for loan arrears

for each individual.

Finally, we add individual background characteristics from a number of registers provided by

Statistics Denmark. From the population register, we extract data on municipality of residence,

gender, and age. This register also contains information on the structure of the household

and parent-child relations, thus allowing us to link individuals to their spouses and parents.

From the Integrated Database for Labour Market Research (IDA), we add information linking

employees to employers. The database also contains information on each individual’s main

source of income and employment status.

These sources allow us to compile an individual-level data set with annual observations

for each person in the Danish population in the years 2000-11. We construct a number of

indicators for mental health problems. Our main outcome variable is a comprehensive measure

that indicates whether the individual in a given year has any consultations with a psychiatrist

or psychologist, receives treatment of any kind in somatic hospitals for a diagnosis related to

depression, or receives any type of care at psychiatric hospitals. We also construct separate

indicator variables for each of these four separate outcomes. Finally, we generate an indicator

for whether the individual committed suicide or received hospital treatment of any kind for
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attempted suicide or intentional self-harm.5

As a proxy for an individual’s inherent susceptibility to mental health problems, we construct

an indicator for whether their parents have a history of such problems. The indicator takes

the value one in a given year if at least one of the individual’s parents received any of the

treatments captured by the comprehensive measure mentioned above in that year or any of the

four preceding years.

We measure an individual’s leverage by the loan-to-value (LTV) ratio, which anchors debt to

the value of the underlying housing assets and thus captures the individual’s leverage position

as a homeowner. An advantage of this measure in our setting is that it is not directly affected

by idiosyncratic income fluctuations at the individual level, which are central to the shocks we

study. Moreover, it aligns naturally with our instrumental variable strategy, which is based on

the evolution of mortgage debt following housing purchases.

Figure 1 illustrates the raw correlation between an individual’s percentile rank in the annual

distribution of LTV ratios among working-age homeowners and our comprehensive measure

of mental health problems. Consistent with the existing literature, we find a strong positive

correlation between debt and mental health problems in this population.

We impose a number of sample restrictions to obtain our analysis sample. Most importantly,

we focus exclusively on individuals who experience some adverse shock. In our main analysis,

we focus on somatic health shocks and the description below explains how we select our sample

for this analysis. However, we also report results from supplementary analyses that focus on

other adverse shocks. We describe the sample selection procedures for these analyses in section

5.

We define individuals who experience somatic health shocks in a given year as those who

i) were admitted to a somatic hospital for inpatient care due to a non-mental, non-pregnancy-

related disease or condition in that year, and ii) had not received inpatient care at a somatic

hospital in the three previous years. We then limit our sample to individuals who experienced

such a shock in some year between 2003 and 2011. Further, since our interest is in homeowners

in the adult working-age population, we also require that individuals are between 30 and 60

years old and that they own at least one home in each of the three years prior to the year of

hospitalization.

We follow each individual for up to seven years before and after the health shock. This

5A potential worry is that mild cases of mental illness may go untreated and therefore also undetected with
our approach to measurement. However, the fact that health care, including psychiatric treatment, is universal
and is provided free of charge in Denmark alleviates this concern.
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produces a baseline sample of 546,750 individuals, with a total of 4,631,685 individual-year

observations.

The key distinction in our analysis is between individuals with high vs. low debt before the

health shock. We define high-debt individuals as individuals whose LTV ratio in the year before

the shock places them in the top 25% among all homeowners in the full population in that year.

Conversely, low-debt individuals are defined as those with LTV ratios below the 75th percentile

threshold in the year before the shock.

Table 1 compares the high-debt and low-debt individuals in our sample in the year before they

experience the somatic health shock. Panel A shows raw means for the full sample as well as for

each group separately. By construction, high-debt individuals have higher loan-to-value ratios

than low-debt individuals, and they also have substantially larger debt in nominal terms. Other

than that, the most important difference between the two groups is that high-debt individuals

are on average younger than low-debt individuals, reflecting that younger people have had less

time to pay down their mortgage. However, conditional on having the same age, high-debt and

low-debt individuals are remarkably similar in all dimensions except debt. This can be seen from

Panel B where we report residualized means that show the differences between the two groups

after controlling non-parametrically for age.6 The differences in LTV ratios and nominal debt

levels persist, but the two groups are now very similar in terms of whether they have children in

the household, and nearly identical in income, all measures of ex ante mental health problems,

and parental mental health.7

Table 1 also compares the average severity of the somatic health shock - as proxied by

the number of days spent in hospital - across the two groups. High-debt individuals on average

spend fewer days in hospital than low-debt individuals, but the difference is small, economically

insignificant, and vanishes almost completely when we account for the age difference between

the two groups. Moreover, the distribution of diagnosis types associated with the somatic health

shock is also very similar for high vs. low-debt individuals (see Appendix Table A.1) and the

share of individuals being re-hospitalized in subsequent years with the same diagnosis as in the

6We construct the residualized means by regressing each variable on a full set of binary age indicators and
computing the mean of the residual for each group. We then add the raw variable means for the full sample to
make the residualized means more easily comparable to those reported in Panel A. Note that our econometric
design always accounts for age differences in similar fashion by including a full set of age indicators among the
control variables.

7Many studies, particularly those relying on self-reporting, find a higher prevalence of mental health problems
than our baseline level of around 3%. This partly reflects that all individuals in our sample are homeowners who,
by our measure, have a somewhat lower prevalence than the general population. Another potentially significant
explanation is that our measure is limited to mental health problems that require treatment in a hospital or by
a specialist.
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initial case is exactly the same in the two groups (see Appendix Figure A.1). Together, these

findings suggest that the nature, severity, and recurrence of the somatic health shock are on

average highly similar for individuals in our sample with the same age but high vs. low debt.

3.2 Empirical specification

To study the role of debt in shaping mental health outcomes following adverse health shocks, we

estimate a standard event study model allowing for heterogeneous responses across individuals

with different levels of debt.8 Specifically, we estimate the following model:

yit =
∑
j ̸=−1

1[eit = j]× (λj + βjHighDebti +X ′
itαj)

+ δHighDebti +X ′
itµ+ γt + εit

(1)

where i indexes individuals, t indexes calendar years, yit is an outcome of interest, HighDebti

is the indicator for high debt before the health shock, Xit is a vector of controls, γt is a year

fixed effect, and ϵit is an error term.

The variable eit measures the number of years since the year of the somatic health shock, with

negative values indicating that it has not yet occurred in year t. Thus, the term
∑

j ̸=−1

1[eit = j]

denotes a set of indicators for relative time with eit = −1 , the year before the shock, as the

omitted category. To allow different responses to the health shock for individuals with different

ex ante leverage, we interact these indicators with the indicator for high debt. The high-debt

indicator also appears uninteracted with relative time to capture any level difference between

individuals with high vs. low debt.

We estimate Model (1) with ordinary least squares, with standard errors clustered at the

level of the individual. The outcomes of main interest are the measures of mental health

problems described in section 3.1, but we also consider a number of economic outcomes to

explore the potential mechanisms behind the mental health responses. For each outcome, the

λj and αj coefficients jointly summarize the dynamic response to adverse health shocks for low-

debt individuals. But the coefficients of primary interest are the βj, which capture the difference

in outcome responses to the adverse health shock between high and low-debt individuals with

otherwise identical observable characteristics. For example, β2 expresses the change in the

outcome variable from one year before to two years after the somatic health shock for high-debt

individuals, over and above the corresponding change for low-debt individuals.

8Dobkin et al. (2018), Fadlon and Nielsen (2019), and Fadlon, Fugleholm, and Nielsen (2025) use similar
designs to study responses to hospital admissions, health shocks to family members, and spousal deaths, respec-
tively, but do not focus on the role of leverage. In another context, Kleven, Landais, and Søgaard (2019) use a
design similar to ours to study gender differences in the impact of children on labor market outcomes.
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We take several steps to address potential concerns about whether the βj reflect the causal

effect of high debt on mental health responses to health shocks. First, to address the concern

that high- and low-debt individuals would have had different mental health developments even

in the absence of the somatic health shock, we follow individuals for several years before the

shock to assess whether the two groups display parallel pre-trends. In practice, this amounts to

checking whether the βj coefficients are small and statistically insignificant for negative values

of j.

Second, to address concerns about omitted variable bias, we control non-parametrically for

a broad range of potential confounders. The vector Xit contains categorical control variables

for age at the end of year t (31 categories), as well as gender, children, income (decile group)

and municipality of residence (98 categories), all measured in the year before the somatic health

shock. We also control for the nature of the health shock, as indicated by the diagnosis recorded

in the National Patient Register.9 Importantly, we interact all these controls with the relative

time indicators so as to capture differences in mental health responses to somatic health shocks

across each dimension. This has important implications for the interpretation of the βj coeffi-

cients. For example, adding controls for age and diagnosis type implies that the βj capture the

difference in mental health responses between individuals who have different ex ante levels of

debt but have the same age and experience the same type of health shock.

Third, we analyze whether our results could reflect inherent differences in the predisposition

to mental illness between high-debt and low-debt individuals. As noted above, we find no

significant differences in parental mental health history between same-aged high- and low-debt

individuals. This is important because mental health disorders such as depression have a strong

genetic component (Abkevich et al. 2003), and susceptibility to such disorders correlates strongly

across generations (Johnston, Schurer, and Shields 2013).10 The similarity in parental mental

health for high- and low-debt individuals of the same age therefore alleviates concerns that our

results might be confounded by hard-to-measure, inherent factors — like genetic traits — that

influence mental illness risk. In robustness tests, we also control directly for parental mental

health, with no material effect on the results.11 In general, our robustness tests show that

our results are insensitive to adding or removing controls that contribute substantially to the

9Specifically, we apply a grouping of the ICD-10 classification with 99 categories and include a dummy for
each one (except for a reference category).

10Indeed, Appendix Figure A.2 shows that the individuals in our sample whose parents have experienced
mental illness are much more likely to experience such illness themselves following a somatic health shock.

11Including the parents’ mental health history in the analysis reduces the number of observations considerably,
since we do not observe it for all individuals in our sample. We therefore leave it out in our baseline specification.
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model’s explanatory power, suggesting that they are not driven by omitted variables (Altonji,

Elder, and Taber 2005; Oster 2019).

Fourth, we apply instrumental variable estimation techniques to address any remaining

endogeneity concerns. Exploiting the fact that leverage declines mechanically over time as

households pay back their mortgages, we instrument the indicator for high debt in the year

before the health shock with the number of years between the individual’s first purchase of a

home and the arrival of the adverse health shock. In constructing this instrument, we make

use of the fact that information on income and assets from tax records goes back as far as

1987. Thus, for most of the individuals in our sample, we can pinpoint the exact year they first

became homeowners.12,13

With controls for age at the time of the health shock included, identification in the IV

regressions comes from comparing mental health responses of individuals who are the same age

when they experience the adverse health shock but purchased their first home at different ages.

All other sources of variation in leverage, including subsequent decisions on debt repayment or

new borrowing, are disregarded. That is desirable because such decisions may be influenced

by emerging mental health problems that are not yet observable in the year before the health

shocks. However, one may still worry that the instrument correlates with subsequent mental

health problems through some other channel than leverage. In particular, a potential concern

is that individuals who purchase a home at a young age may differ in underlying traits (e.g.

matureness, groundedness) compared to those who are older when they purchase first their

home, and that it is these differences in character, rather than their lower debt, that make them

more mentally robust in the face of adverse health shocks. In addition to the IV regression with

the baseline set of controls, we therefore also estimate a version where we sacrifice controlling

for age at the time of the health shock and instead control for age at the time of the first

home purchase.14 In this version, identification comes from comparing mental health responses

between individuals who purchased their first home at the same age but experience the same

type of health shock at different ages.

Fifth, we perform a number of auxiliary tests of the hypothesis that high debt increases the

12For individuals who experience the health shock in 2003, the measured number of years since first purchase
is right-censored at 16. To ensure uniformity across individuals, we therefore censor the instrument at this value
for everyone in the sample.

13To illustrate the relevance of the instrument, we regress the indicator for high debt on the control variables
in Xit and indicator variables representing the number of years since the first home purchase. The results,
illustrated in Appendix Figure A.3, show that the share of high-debt individuals does indeed fall monotonically
with time since first purchase among individuals in our sample, conditional on our baseline set of controls.

14Note that we cannot simultaneously control for age at both points in time, since age at purchase, age at the
time of the shock, and the number of years from purchase to shock are perfectly collinear.
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mental health impact of somatic health shocks. One such test involves analyzing the impact on

economic variables. If debt-induced stress is the cause of a differential response between high-

and low-debt individuals, we should expect to see a larger increase in indicators of financial

distress for the former group. Another test involves studying whether the difference between

high- and low-debt individuals varies over time. If excess leverage is the root cause of this

difference, we should expect it to be larger in years with tight credit supply where high initial

leverage is more likely to lead to binding constraints and financial distress.

Finally, we show that our results are robust to choosing an alternative to the staggered

difference-in-differences estimator used in our baseline analysis. Recent contributions in econo-

metrics have shown that such estimators sometimes suffer from a ”bad comparisons” problem

where earlier-treated units act as controls for later-treated units and that this can produce bi-

ased estimates when the effects of the treatment differ across units experiencing it at different

points in time (Callaway and Sant’Anna 2021; Goodman-Bacon 2021; Sun and Abraham 2021;

Baker, Larcker, and Wang 2022). To address this issue, we implement a stacked regression

estimator (as proposed by Baker, Larcker, and Wang 2022, but adapted to our setting) that

avoids this problem by ensuring that only not-yet-treated individuals are used as controls. We

describe the details of this alternative estimator in Online Appendix B.

4 Main Results

In this section, we present the results from our estimation of Model (1) for adverse somatic

health shocks. We present results for other types of shocks in section 5.

4.1 Mental health outcomes

Figure 2 shows estimation results for Model (1) with our comprehensive summary measure

of mental health problems as the outcome variable. We illustrate the results by plotting the

estimated βj coefficients, i.e. the differential responses. High- and low-debt individuals move in

close parallel in the years before the adverse shock but then diverge sharply. In the year after

the shock, the share receiving treatment for mental health problems increases by 0.4 percentage

points more for high-debt individuals than for low-debt individuals, and the difference remains

roughly unchanged in the subsequent years.

Panel A of Table 2 unpacks the differential effects by reporting the estimated mental health

responses separately for each group at varying time horizons. The somatic health shock has a

strong effect on the share of individuals with mental health problems in both groups. For low-
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debt individuals, it rises by 1.4 percentage points in the first year after the shock. Compared

to a baseline level of 3% in the year before the shock, this is a large increase. However, at 1.8

percentage points, the increase is 30% larger for high-debt individuals. Moreover, while the

effect vanishes over time for the individuals in the low-debt group, it remains positive for high-

debt individuals even at longer horizons: Seven years after the shock, it still has a significant

effect on the share with mental health problems in this group, raising it 0.6 percentage points

above the pre-shock level.

Table 3 reports results for the various indicators of mental health problems underlying our

main comprehensive measure. To present the results in a compact way, we estimate simplified

versions of Model (1) where we have replaced the full set of relative time indicators with a

binary indicator, postit , that takes the value one if eit ≥ 0. The estimates shown in Table 3

are the coefficients on the interaction term between this indicator and HighDebti. We include

observations from relative years -3 to 2 in the estimations. Thus, the reported coefficients

capture the differential responses in years 0-2 after the somatic health shock relative to the

three preceding years, for individuals with high vs. low debt, and conditional on the included

controls.

We find qualitatively similar results across all outcomes, but with some variation in mag-

nitude and statistical significance. Averaged over years 0-2, the share receiving mental health

treatment of any kind increases by 0.3 percentage points more for high-debt individuals than

for low-debt individuals, driven mainly by significant differential increases in the share receiving

treatment in psychiatric hospitals (0.17 percentage points) or consulting with a psychologist

(0.11 percentage points). For depression treatment and psychiatrist consultations, we find pos-

itive but smaller and marginally insignificant differential effects.

In line with these results, we also find suggestive evidence of a stronger response among

high-debt individuals when we consider the arguably strongest indicator for severe mental health

problems: suicide attempts and intentional self-harm (see Appendix Figure A.4).

Controlling for potential confounders

A potential concern with our results is that the difference in mental health responses between

high- and low-debt individuals could be driven by confounding factors other than leverage. As

explained in section ??, we address this issue by interacting the indicators for relative time

with a set of controls for potential confounders. Table 4 shows how our main result varies with

the exact composition of this set. As in Table 3, we report interaction term coefficients in a
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simplified version of Model (1) where the full set of relative time indicators have been replaced

by a single post-hospitalization indicator.

We begin with a simple version with no controls in column (1), while column (2) adds

calendar year fixed effects and age controls. Column (3) adds the remaining controls included in

our baseline analysis. The coefficient is quite stable across these columns and always significant

at the 1 percent level, demonstrating that our main result does not hinge on the inclusion of

any particular variable in the set of controls.

In columns (4) to (9), we go beyond our baseline. One potential concern is that the stronger

mental health response for high-debt individuals could be due to higher financial vulnerability

in some broader sense, rather than leverage per se. For example, one could imagine that self-

employed individuals - who often invest heavily in their own businesses and face considerable

income risk - are both more indebted and more vulnerable to adverse shocks than wage earners.

High-debt individuals are plausibly also more likely to have few liquid assets, and it may be

such features, rather than their indebtedness, that make them mentally vulnerable to adverse

shocks. To address such concerns, we sequentially add controls capturing various dimensions

of financial vulnerability that may correlate with indebtedness: self-employment (column (4)),

low liquid assets (column (5)), and having a high share of unsecured debt (column (6)). All are

measured in the year before the somatic health shock.15 In all three cases, the coefficient on

HighDebti · postt is largely unaffected by the addition of the extra control variable. Similarly,

adding our indicator for parental mental health problems (column (7)) or individual fixed effects

(column (8)) does not change the key coefficient significantly. In column (9), we add all these

controls simultaneously. The coefficient on HighDebti · postit becomes somewhat smaller than

in our baseline, but not significantly so, and it remains statistically different from zero at the

five percent level.16

Instrumental variables estimation

Table 5 reports results from IV regressions in which we instrument the indicator for high debt

with the number of years since the first home purchase, as described in section 3. Column (1)

begins with the baseline set of controls, which includes the age at the time of the health shock.

15The indicator for self-employment is based on the individual’s primary source of income. Individuals are
defined as having low liquid assets if their end-of-year bank deposit balances are less than 1/6 of their annual
disposable income. We define individuals as having a high share of unsecured debt if the balances on their
non-mortgage loans exceeds 20% of their total debt.

16Note also the drop in the number of observations compared to column (3). This is due to the inclusion of
the parental mental health control variable, which is missing for a significant share of individuals in our sample.
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The coefficient estimate on HighDebti · postt is larger than in our baseline OLS regression, but

so is the standard error. Thus, while the coefficient is statistically significant at the 10 percent

level (p-value of 0.06), we cannot reject the null that it is equal to the coefficient from the

corresponding OLS specification shown in column (3) of Table 4. Similar conclusions emerge

from columns (2)-(5) in which we add further controls.

In columns (6)-(10), we sacrifice controlling for age at the time of the health shock in

order to control for age at the time of the first home purchase. Comparing columns (6) and

(1), this increases the precision of the key estimate considerably. The coefficient estimate for

HighDebti ·postt is strongly significant and again larger than in our OLS regressions - a feature

commonly found in empirical studies using instrumental variables (Jiang 2017). Concretely, the

point estimates in columns (6)-(10) suggest that the share of individuals suffering from mental

health problems increases by a full percentage point more for high debt than for low-debt

individuals after an adverse health shock.

One possible interpretation of the difference in magnitude compared to the OLS estimates in

Table 4 is that the latter are downward biased. This could happen if banks are able to screen for

mental health fragility in their lending policies, leading to positive selection of mentally robust

persons into the group of high-debt individuals. In this case, the IV estimation procedure

delivers unbiased estimates, provided that the time elapsed between the first home purchase

and the somatic health shock is uncorrelated with the characteristics that the banks rely on in

their screening.

Another - and arguably more plausible - interpretation of the differences between Tables 4

and 5 is that the OLS and IV estimates capture average treatment effects for different groups

of individuals. In particular, the IV estimate captures the average treatment effect for the

compliers, i.e. those who actually bring down their LTV values as time passes. It may be that

these individuals tend to worry more about financial troubles - that is why they are compliers

- and are therefore more affected by the level of debt when adversity strikes. Under this inter-

pretation, both sets of estimates can be interpreted causally, but the OLS estimates represent

the average causal effect for the population of homeowners at large and thus corresponds more

accurately to what we are mainly interested in.

For that reason, we present the OLS estimates as our main results, but note that the es-

timated difference in mental health responses between high- and low-debt individuals is quali-

tatively the same when we base our estimates on a plausibly exogenous source of variation in

debt.
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Other robustness checks

Our main results described above are also robust to a number of other variations of our baseline

specification: Appendix Figure A.5 shows that they do not depend on the specific choice of

cut-off between high- and low-debt individuals; Appendix Figure A.6 shows that we can change

the sample restriction on age with no change in results; and Appendix Figure A.7 shows that

the results are insensitive to controlling for the occurrence of a second hospitalization in the

same year as the initial one: In our main specification, we control for the nature of the first

hospitalization in the year, as indicated by the diagnosis type. However, an individual may be

re-admitted later in the year with the same or a different diagnosis. We therefore add controls

capturing the diagnosis type of any second hospitalization and note that this does not change

our main result.

Finally, our main results also hold when we use a stacked regression estimator as proposed by

Baker, Larcker, and Wang (2022). The idea behind this estimator (described in detail in Online

Appendix B) is to construct a separate data set for each treatment cohort, in which the control

group consists of only not-yet-treated individuals, thus avoiding the ”bad comparisons” problem

described by Callaway and Sant’Anna (2021), Goodman-Bacon (2021), Sun and Abraham (2021)

and others. The average treatment effects across cohorts can then be estimated by pooling the

individual data sets to a stacked data set and using a model saturated with interactions between

individual- and year fixed effects and treatment cohort data set indicators (Cengiz et al. 2019).

The results from this exercise, illustrated in Appendix Figure A.8, are highly similar to those

shown in Figure 2, demonstrating that our main results are not a product of ”bad comparisons”.

4.2 Economic outcomes

To explore possible mechanisms behind our main result, we now turn our attention to economic

outcomes.

Existing literature has shown that health shocks are costly both in terms of direct health

expenditures and indirectly through income losses (Mohanan 2013; Fadlon and Nielsen 2021;

Dobkin et al. 2018). Since health insurance coverage is universal in Denmark, direct costs are

of minor importance in our context. Income losses, on the other hand, could be substantial,

not only due to foregone earnings while hospitalized, but also in the longer term due to, for

example, lost promotions or reduced productive capacity. To the extent that such income losses

lead to financial distress, this could have adverse consequences for mental health.

We explore this potential channel in Figure 3. Panel A shows results from estimating Model
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(1) with labor market earnings (in DKK) as the outcome. High- and low-debt individuals are

on parallel trajectories up to and including year 2 after the shock. Panel B of Table 2 reveals

that this reflects a substantial but same-sized negative impact on earnings in the year following

the health shock for both groups. Again, the results are consistent with the notion that the

nature and severity of the initial health shock does not vary systematically between individuals

with high vs. low debt. Interestingly, however, the earnings paths of the two groups begin to

diverge two years after the shock, with the high-debt group falling behind relative to the low-

debt group. Recall that this is not due to a higher level of shock recurrence for the high-debt

group: Conditional on age, the share of people being re-admitted to hospital with the same

diagnosis in subsequent years is the same in the two groups (Appendix Figure A.1). Thus, a

more plausible explanation for the divergence is that there may be a feedback mechanism from

mental health problems to earnings: As our main results show, the share of individuals suffering

from severe mental health problems increases more sharply after the shock among those with

high debt, and this could lower their earnings capacity relative to low-debt individuals.

Panel B shows results for loan arrears. Here, we see a striking divergence between high- and

low-debt individuals at the time of the health shock. The gap between the two groups in the

share of delinquent borrowers increases substantially in the year of the somatic health shock

and continues to do so in the following years, reaching a level almost 2 percentage points above

the ex ante baseline after 7 years. Panel B of Table 2 reveals that this is due to a small positive

effect of the health shock on the share of low-debt individuals falling into arrears, and a much

larger effect for high-debt individuals.17

Together, these results suggest a mechanism through which high debt amplifies the mental

health consequences of somatic health shocks: High- and low-debt individuals initially expe-

rience similar income losses, but these losses translate into much greater financial distress for

high-debt individuals who experience difficulties repaying their loans. Financial distress can

trigger negative emotions such as anxiety and guilt (Tsai 2015; Ramsey et al. 2016), and this

source of stress adds to the emotional effects of the health shock itself, thus providing a plausible

explanation for the larger increase in mental health problems for individuals with high ex ante

debt.

17Similarly, Gupta et al. (2017) find larger increases in mortgage defaults, foreclosures and bankruptcy filings
for high-debt homeowners than for low-debt homeowners following a cancer diagnosis.
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4.3 Heterogeneous effects

High debt can become an emotional stress factor when it becomes a binding constraint on

consumption possibilities or the ability to keep one’s home. This is more likely to happen

during times when credit supply is tightened, such as during a financial crisis.18 We should

therefore expect larger debt-related differences in mental health responses to health shocks in

2008-09 when the Danish financial sector was hit by the international crisis than in other years.

Figure 4 documents such a pattern. The difference in mental health responses between high-

and low-debt individuals is 2-3 times larger among those who suffered a health shock in 2008 or

2009 compared to other years. In contrast, we find no significant differences across individuals

with vs. without children or across genders (Appendix Figure A.9).

5 Results for other adverse shocks

In this section, we show that our results are not specific to somatic health shocks but hold across

different types of adverse shocks.

First, rather than shocks to the individual’s own health, we focus on the effect of adverse

somatic health shocks to the spouse. To do that, we redefine our sample so that it consists

of individuals whose spouse experienced a somatic health shock in some year between 2003

and 2011. Somatic health shocks are defined in the exact same way as in the main analysis,

and all other sample restrictions are unchanged. We then estimate Model 1 with our usual

comprehensive measure of mental health problems as the outcome, only now with eit denoting

the number of years since the spouse’s health shock. The results of this analysis are shown in

Panel A of Figure 5. As in the case of their own health shocks, we see a larger increase in mental

health problems for high-debt individuals. The difference compared to low-debt individuals is

smaller than in our main analysis and only borderline statistically significant in the first few

years after the shock, but it grows over time and is similar in magnitude to our main analysis

at the 7-year horizon.

Second, we analyze the effect of the death of a spouse. The sample in this case consists of

people who lost their spouse in the years 2003-2011, with all other sample restrictions unchanged.

The results, shown in Panel B of Figure 5, are qualitatively similar to those in our main analysis,

but considerably larger in magnitude in the first few years after the shock: The share of people

who receive some mental health treatment increases by as much as 2 percentage points more for

18Indeed, existing evidence suggests that household leverage played a key role in explaining the sharp drop in
consumption in the U.S. during the Great Recession of 2007-09 (Mian and Sufi 2010; Mian, Rao, and Sufi 2013).
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high-debt individuals than for low-debt individuals. The difference declines over time, however,

and becomes statistically insignificant at longer horizons.

Third, and finally, we explore the effects on mental health when the individual becomes

unemployed. We define an unemployment event as a year in which the individual transitions

from receiving a stable level of labor income to receiving unemployment insurance benefits or

social assistance as their main source of income.19 We then confine our sample to homeowners

who become unemployed after experiencing such an event at some point between 2003 and 2011.

We again observe a stronger increase in mental health problems among high-debt individuals

compared with those with low debt. In the first few years following the unemployment shock,

the difference is similar in magnitude to that in our main analysis. At longer horizons, however,

the gap widens further, although the associated standard errors also increase.

To summarize, the results presented in this section suggest that the mental health conse-

quences of other types of adverse shocks are also more severe for high-debt individuals. Overall,

the results are consistent with and corroborate our main finding that high debt poses a risk

factor for mental health problems when individuals face difficult circumstances.

6 Concluding remarks

In this paper we provide novel evidence on the link between debt and mental health. We study

the effects of various adverse shocks on mental health and find an amplifying effect of having a

high initial level of debt. Focusing on adverse somatic health shocks requiring hospitalization,

we show that the peak increase in the share of individuals who receive some type of treatment

for mental health problems is 30% larger for individuals with high ex ante debt than for those

with low debt. Similar effects appear for spousal somatic health shocks and unemployment

shocks. Consistent with debt-induced financial distress being at the root of these findings, we

show that individuals with high debt experience a much larger increase in loan arrears than low-

debt individuals following an adverse health shock, despite initially similar declines in income.

Long-run income dynamics after an adverse shock are significantly worse for individuals with

higher ex ante leverage, suggesting a mechanism from high debt through mental health problems

to long-run income losses.

19More precisely, we define that an individual experiences an unemployment event in year t if i) their labor
market earnings exceed DKK 100,000 in each of the years t-1, t-2, and t-3; ii) their combined income from
unemployment insurance, social assistance, and sickness benefits does not exceed DKK 10,000 in year t1, and
iii) their income from unemployment insurance benefits and social assistance exceeds their labor market income
in year t.
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Our findings provide lessons for financial regulators, social insurance policymakers, and

health care professionals. Financial regulators should be aware of the potentially enormous

personal costs of excessive borrowing when designing regulation governing households’ access to

credit. Social insurance policymakers should pay attention to trends in household debt levels

when assessing the costs and benefits of programs that insure households against the financial

consequences of adverse shocks. Finally, health care professionals must recognize that financial

leverage is a relevant risk factor for developing mental health problems following somatic disease.
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Figure 1 – Correlation between mental health problems and leverage Notes: The figure
shows a binned scatter plot of our comprehensive measure for mental health problems against within-year
percentile ranks of the loan-to-value ratio. The sample is all homeowners aged 30-60 years with non-zero
debt.
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Table 1 – Ex ante characteristics Notes: The table shows key characteristics for our estimation sam-
ple, measured in the year prior to the somatic health shock and split by high-debt vs. low-debt individuals.
Panel A shows raw means for each group. Panel B shows residualized means, obtained by regressing each
variable on a full set of age indicator variables, computing the mean residual within each group, and adding
it to the raw variable mean. Normalized differences in means are scaled by the square-root of the sum of the
variances within each group (Imbens and Wooldridge 2009). Asterisks indicate absolute values above the
0.25 threshold value proposed by Imbens and Rubin (2015). Loan-to-value ratio, Household debt and Gross
income are winsorized at the 2.5 and 97.5 percentiles within each year. Major city resident is an indicator
for living in one of the five largest Danish cities. Children in the household is an indicator for children under
18 years in the household. Mental health problems is the composite indicator for mental illness. No. of days
hospitalized and Severe hospitalization refer to the somatic health shock and are measured in the year of
the shock. Severe hospitalization takes the value one if the number of days in hospital is in the top third
among everyone in the population who were hospitalized with the same diagnosis and in the same year.

All Low debt High debt
Normalized 

difference

Panel A: Raw means
Loan-to-value ratio 0.75 0.53 1.38 1.91 *
Household debt, 1000s DKK, 2015 prices 888 768 1234 0.44 *
Age 48.60 50.68 42.62 0.57 *
Children in the household 0.49 0.44 0.63 0.29 *
Female 0.45 0.44 0.47 0.04
Major city resident 0.15 0.16 0.12 0.10
Gross income, 1000s DKK, 2015 prices 393 392 396 0.02
Parental mental health problems 0.09 0.08 0.09 0.01
Consultation with psychiatrist 0.010 0.010 0.010 0.00
Consultation with psychologist 0.011 0.010 0.014 0.03
Depression treatment 0.003 0.002 0.003 0.01
Psychiatric hospital treatment 0.010 0.010 0.010 0.00
Mental health problems 0.030 0.028 0.033 0.02
No. of days hospitalized 2.91 3.00 2.63 0.06
Severe hospitalization 0.22 0.23 0.21 0.03

Panel B: Residualized means after controlling for age
Loan-to-value ratio 0.75 0.57 1.26 1.46 *
Household debt, 1000s DKK, 2015 prices 888 787 1177 0.37 *
Children in the household 0.49 0.48 0.50 0.04
Female 0.45 0.46 0.43 0.04
Major city resident 0.15 0.16 0.12 0.10
Gross income, 1000s DKK, 2015 prices 393 393 393 0.00
Parental mental health problems 0.09 0.09 0.09 0.00
Consultation with psychiatrist 0.010 0.010 0.010 0.00
Consultation with psychologist 0.011 0.011 0.011 0.01
Depression treatment 0.003 0.003 0.003 0.00
Psychiatric hospital treatment 0.010 0.010 0.009 0.00
Mental health problems 0.030 0.029 0.030 0.00
No. of days hospitalized 2.91 2.91 2.88 0.01
Severe hospitalization 0.22 0.22 0.22 0.00
N 546,750 405,832 140,918
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Figure 2 – The effect of high debt on mental health responses to somatic health
shocks Notes: The figure shows the differential impact of an inpatient hospitalization on mental health
problems for individuals with high vs low ex ante leverage. The dependent variable is our comprehensive
measure of mental health problems. The graph shows the difference in responses between high- and low-debt
individuals, corresponding to the vector of βj estimates from Model (1). The shaded area indicates 95%
confidence intervals. Standard errors are clustered at the level of the individual.
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Table 2 – The impact of somatic health shocks: High vs. low-debt individuals Notes:
The table shows estimated effects of an adverse health shock separately for individuals with high vs. low
debt before the shock. All numbers are based on estimation of Model (1). Panel A reports estimates with
our comprehensive measure of mental health problems as the dependent variable. Panel B reports results
from models with economic outcomes as the dependent variable. Rows labeled ”Low-debt individuals”
and ”high-debt individuals” report sample averages of λ̂j + Xiα̂j and λ̂j + β̂j + Xiα̂j , respectively, with
j = 1, 3, 7. Rows labeled ”Difference” report the differences between them, corresponding to the estimated
β̂js. Standard errors allowing for clustering at the level of the individual are reported in parentheses. *, **,
and *** denote statistical significance at the 10, 5 and 1% levels, respectively.

Panel A: Mental health

Any mental health treatment
Low-debt individuals 0.014 *** 0.007 *** 0.001

(0.000) (0.001) (0.001)
High-debt individuals 0.018 *** 0.009 *** 0.006 ***

(0.001) (0.001) (0.002)
Difference 0.0043 *** 0.002 ** 0.005 ***

(0.001) (0.001) (0.002)

Panel B: Economic outcomes

Earnings (DKK)
Low-debt individuals -15,578 *** -15,938 *** -10,609 ***

(909) (1,404) (2,333)
High-debt individuals -15,796 *** -18,892 *** -23,688 ***

(1,254) (1,690) (2,706)
Difference -218 -2,954 ** -13,079 ***

(1,117) (1,407) (2,697)

Arrears
Low-debt individuals 0.000 ** 0.001 *** 0.004 ***

(0.000) (0.000) (0.001)
High-debt individuals 0.005 *** 0.009 *** 0.023 ***

(0.001) (0.001) (0.002)
Difference 0.0048 *** 0.0082 *** 0.0188 ***

(0.001) (0.001) (0.002)

Short term impact 
(year 1)

Medium term 
impact (year 3)

Long term impact
 (year 7)

(1) (2) (3)
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Table 3 – Mental health components Notes: The table shows estimates of the differential impact
for high vs low-debt individuals of an adverse somatic health shock on various measures of mental health
problems. The estimates are from a simplified version of Model 1 in which the indicators for relative time
have been replaced by a single post-shock binary indicator variable. Each column reports the coefficient
estimate on the interaction term between this indicator and the indicator for high debt. Observations
from years -3, -2, -1 (pre-shock) and 0, 1, 2 (post-shock) are included in the estimations. The dependent
variables are indicators for: any type of mental health treatment (column 1); care of any type at a psychiatric
hospital (column 2); hospital treatment for depression (column 3); consultations with a psychologist (column
4); consultations with a psychiatrist (column 5). *, **, and *** denote statistical significance at the 10, 5
and 1% levels, respectively. � indicates p-value of 0.12.

(1) (2) (3) (4) (5)
Mental health 

problems
Psychiatric

hospital
Depression 
treatment

Consultation with
psychologist

Consultation with 
psychiatrist

High debt x post 0.0029*** 0.0017*** 0.0003† 0.0011**   0.0005       
(0.0006) (0.0004) (0.0002) (0.0004) (0.0003)

Ex ante mean 0.0315 0.0103 0.0027 0.0118 0.0104
R2 0.025 0.029 0.009 0.011 0.008
N 4,084,422 4,084,422 4,084,422 4,084,422 4,084,422
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Table 4 – Sensitivity to controls Notes: The table reports results from simplified versions of Model 1 in which the set of indicators for relative time
has been replaced by a single post-shock binary indicator variable. Each column reports the coefficient estimate on the interaction term between this
indicator and the indicator for high debt. In all columns, the dependent variable is our comprehensive measure of mental health problems. Observations
from years -3, -2, -1 (pre-shock) and 0, 1, 2 (post-shock) are included in the estimations. The set of control variables varies across columns, with column
(3) corresponding to the set from our baseline specification. Standard errors are estimated allowing for clustering at the level of the individual.

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

0.0031*** 0.0024*** 0.0029*** 0.0028*** 0.0025*** 0.0027*** 0.0024*** 0.0031*** 0.0020**
(0.0006) (0.0006) (0.0006) (0.0006) (0.0006) (0.0006) (0.0007) (0.0006) (0.0008)

X X X X X X X X
X X X X X X X
X X X X X X X
X X X X X X X
X X X X X X X
X X X X X X X

X X
X X

X X
X X

X X

High debt x post

Controls:
Age x post
Gender x post
Children x post 
Municipality x post 
Income x post
Diagnosis x post
Self-employed x post
Low liquidity x post
High unsecured debt x post 
Parent mental health x post 
Individual fixed effects   
Year fixed effects X X X X X X X X
R2 0.0019 0.0023 0.0248 0.0249 0.0248 0.0248 0.0281 0.4941 0.4802
N 2,409,549 2,409,549 2,408,442 2,407,965 2,408,442 2,408,442 1,521,376 2,385,654 1,516,055

33



Table 5 – Instrumental variables estimation Notes: The table reports results from a simplified version of Model 1 in which the set of indicators
for relative time has been replaced by a single post-shock binary indicator variable. Each column reports the coefficient estimate on the interaction
term between this indicator and the indicator for high debt. In all columns, the number of years since the individual’s first real estate purchase is
used as an instrument for high debt. The dependent variable is our comprehensive measure of mental health problems. Observations from years -3,
-2, -1 (pre-shock) and 0, 1, 2 (post-shock) are included in the estimations. The set of control variables varies across columns. The controls included
in column (1) correspond to those in our baseline specification. In columns (1)-(5), we control for age at the time of the somatic health shock. In
columns (6)-(10), we control for age at the time of the first real estate purchase. The reported F-statistics are cluster robust Kleibergen-Paap rk Wald
F-statistics for weak identification. Standard errors are estimated allowing for clustering at the level of the individual.

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

High debt x post 0.0145* 0.0142* 0.0241*** 0.0154** 0.0255*** 0.0109*** 0.0102*** 0.0108*** 0.0239*** 0.0216***
(0.0078) (0.0083) (0.0093) (0.0078) (0.0099) (0.0029) (0.0032) (0.0033) (0.0030) (0.0036)

Controls:
Age at health shock x post X X X X X
Age at purchase x post X X X X X
Gender x post X X X X X X X X X X
Children x post X X X X X X X X X X
Municipality x post X X X X X X X X X X
Income x post X X X X X X X X X X
Diagnosis x post X X X X X X X X X X
Low liquidity x post X X X X
Parent mental health x post X X X X
Individual fixed effects X X X X
Year fixed effects X X X X X X X X X X
First stage F-statistic 1,314 1,191 835 1,202 746 9,064 7,800 6,651 8,281 5,556
Observations 2,234,554 2,234,554 1,391,424 2,212,636 1,386,783 2,234,554 2,234,554 1,391,424 2,212,636 1,386,783
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Figure 3 – The effect of high debt on economic responses to somatic health shocks
Notes: The figure shows the differential economic effects of a somatic health shock for individuals with
high vs low ex ante leverage. Each graph shows the difference in responses between high-debt and low-debt
individuals, corresponding to the vector βj estimates in Model (1). The dependent variable is earnings
in DKK (panel A) and an indicator for being in loan arrears (panel B). The shaded areas indicate 95%
confidence intervals. Standard errors are clustered at the individual level.
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Figure 4 – Heterogeneous effects of debt on mental health responses to health shocks:
Financial crisis vs other years Notes: The figure shows results from split-sample estimations of Model
(1) for adverse somatic health shocks. The dependent variable is our comprehensive measure of mental health
problems. Each graph shows differences in effects between high and low-debt individuals, corresponding to
the vector of βj estimates. Panel A shows results for the sub-sample of individuals experiencing the somatic
health shock in 2008 or 2009. Panel B shows results for the sub-sample experiencing the shock in other
years. Since 2011 is the last year for which we have data, we cannot estimate effects beyond the three-year
horizon in the 2008-09 sub-sample. For symmetry, we only include observations up to three years before
and after the shock in both sub-samples. The shaded areas indicate 95% confidence intervals. Standard
errors are clustered at the level of the individual.
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Figure 5 – Mental health responses to other adverse shocks Notes: The figure shows dif-
ferences in dynamic responses of our comprehensive mental health measure to various adverse shocks for
high-debt vs. low-debt individuals. The adverse shocks are: the death of a spouse (Panel A), a somatic
health shock to the spouse (Panel B), and unemployment (Panel C). We include the same controls as in
Model (1), except for the controls capturing the type of diagnosis. The shaded areas indicate 95% confidence
intervals. Standard errors are clustered at the level of the individual in all panels.
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A Additional tables and figures

Table A.1 – Distribution of diagnosis types at adverse somatic health shock Note: The
table shows the distribution of diagnosis type associated with the adverse somatic health shock for the
individuals in our sample, split by their ex ante debt level.

Low debt High debt
Broken bones and joint damages 6.8% 6.8%
Congenital malformations, deformations and chromosomal abnormalities 0.4% 0.5%
Diseases in blood and blood-forming organs 0.6% 0.5%
Diseases in nervous system 3.0% 2.8%
Diseases of the circulatory system 14.0% 10.1%
Diseases of the digestive system 10.5% 11.1%
Diseases of the ear and the mastoid process 0.9% 0.8%
Diseases of the eye and adnexa 1.0% 0.7%
Diseases of the genitourinary system 8.7% 9.3%
Diseases of the musculoskeletal system and connective tissue 10.5% 9.6%
Diseases of the respiratory system 5.1% 5.7%
Diseases of the skin and subcutaneous tissue 1.9% 2.4%
Endocrine, nutritional and metabolic diseases 2.3% 2.6%
Examination, preventive care etc. w/o symptoms or diagnosis 4.6% 8.4%
Infectious and parasitic diseases 2.4% 2.5%
Lesions, wounds and other traumas (external causes) 6.9% 8.4%
Neoplasms 10.8% 6.9%
Symptoms and undefined conditions 9.6% 11.1%
Total 100% 100%
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Figure A.1 – Recurrence of somatic health shock, high vs. low debt Notes: The figure
shows, for each year relative to the year of the initial somatic health shock, the share of individuals in our
sample who are admitted to a somatic hospital for inpatient care with the same diagnosis as in the initial
case. For both high- and low-debt individuals, the share is by construction equal to zero in years -3 through
-1 and equal to one in year 0. We define two diagnosis as the same if they belong to the same category in
the 99-grouping of the ICD-10 international classification of diagnoses adopted in this paper.
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Figure A.2 – Own mental health and parental mental health Notes: The figure shows the
incidence of an individual’s own mental health problems in the years 0, 1 or 2 relative to the somatic health
shock, by age and whether their parents experienced mental health problems in any of the years -5 to -1
relative to the somatic health shock. The shaded area represents 95% confidence intervals.
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Figure A.3 – Years since first purchase and probability of having high debt Notes: The
figure illustrates the relevance of the instrument used in the IV regressions reported in Table 4. To produce
the graphs, we regress the indicator for high debt on a set of indicator variables for the number of years
between the first home purchase and the somatic health shock (right-censored at 16 years), as well as a set
of controls. In each panel, we plot the estimated coefficients on the indicators for time since first purchase,
with 3 years as the omitted category. Panel A shows results for a specification including the same controls
as in Model 1, including age at the time of the health shock. In Panel B, we instead control for age at the
time of the first home purchase. Both panels show that individuals who bought their first home only a few
years before they experience the somatic health shock are more likely to have high debt in the year before
the shock than individuals who purchased their first home many years before the shock. Standard errors
are clustered at the level of the individual.
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Figure A.4 – Impact of a somatic health shock on suicide and intentional self-harm,
high vs. low-debt individuals Notes: The figure shows the differential effect on suicides (attempts
with and without death) and intentional self-harm of a health shock for high-debt vs. low-debt individuals.
The dependent variable is a dummy that takes the value one if the individual has committed suicide,
attempted to commit suicide or committed other intentional self-harm at time t, and zero otherwise. Suicide
attempts and intentional self-harm are defined by the ICD-10 codes X60-X87. Standard errors are clustered
at the individual level.
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Figure A.5 – Robustness: Measurement of high and low debt Notes: The figure shows the
differential impact on mental health of a health shock with alternative definitions of ex ante high and low
debt. In panel (a), high-debt individuals are defined as homeowners who are in the top 25% of the LTV
distribution as well as the DTI distribution in the year prior to the somatic health shock, while low-debt
individuals are defined as all other homeowners. In panel (b), high-debt individuals are homeowners in
the top 10% of the LTV distribution in the year prior to the somatic health shock and low debt are the
remaining homeowners. Standard errors are clustered at the individual level.
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Figure A.6 – Robustness: Varying the sample selection criterion on age Notes: The figure
shows the differential impact on mental health of a health shock by ex ante leverage, with alternative age
restrictions on the sample. Individuals are included in the estimation when they are 30-70 years old (panel
A), 30-80 years old (panel B), 40-60 years old (panel C) and 50-70 years old (panel D). Standard errors are
clustered at the individual level
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Figure A.7 – Robustness: Further controls for diagnosis Notes: The figure shows the differ-
ential impact on mental health of a health shock by ex ante leverage, including controls for all diagnoses
associated with subsequent inpatient hospitalizations in the same year as the somatic health shock. Stan-
dard errors are clustered at the individual level.
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Figure A.8 –Robustness: Stacked regression estimator Notes: The figure shows the differential
impact on mental health of a health shock for individuals with high vs. low debt, estimated using the stacked
regression estimator described in Online Appendix B. Standard errors are clustered at the individual level.
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Figure A.9 – Heterogeneous effects of debt on mental health responses to health
shocks Notes: The figure shows results from split-sample estimations of Model (1) for adverse somatic
health shocks. The dependent variable is our comprehensive measure of mental health problems. Each
panel shows differences in effects between high and low-debt individuals, corresponding to the vector βj

estimates. In the top row, the sample is split by whether or not the individual has children in the year
before the somatic health shock. In the bottom row, the sample is split by gender. Standard errors are
clustered at the level of the individual.
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B Stacked regression estimator

The staggered difference-in-differences estimator that we use in our baseline analysis is po-
tentially biased in the presence of dynamic heterogeneous treatment effects, as discussed by
de Chaisemartin and D’Haultfœuille (2020), Callaway and Sant’Anna (2021), Goodman-Bacon
(2021), and Borusyak, Jaravel, and Spiess (2024), among others.

We address the potential bias following the approach by Cengiz et al. (2019) using the stacked
difference-in-differences strategy outlined in Baker, Larcker, and Wang (2022). Accordingly, we
construct a separate data set for each treatment cohort in which the control group in any given
year consists only of individuals who have not yet received treatment in that year. For example,
in the 2005 treatment cohort data set, treated individuals are those hospitalized in 2005, while
the control group consists of individuals belonging to later treatment cohorts. In particular,
individuals who were hospitalized in 2006 are included as controls in all years until 2005, while
those hospitalized in 2007 are included until 2006, and so forth. We construct such data sets for
each treatment cohort from 2003 to 2011. Consequently, a given individual may belong to the
treatment group in one data set but to the control group in other data sets. Since all individuals
in our data set are ultimately treated, we do not rely on never-treated individuals as controls.

Let c index the data set associated with a particular treatment cohort, where c = 2003, .., 2011.
Within each data set c, we construct a relative time variable etc that measures the number of
years since the treatment group received the treatment. Specifically , in data set c and for
calendar year t, etc = t − c . In principle, we can now estimate dynamic response functions
specific to treatment cohort c by estimating a difference-in-differences model of the following
form on data set c:

yitc = Treatic ×
∑
j ̸=−1

1[etc = j]× (λjc + βjcHighDebti +X ′
itαjc)

+
∑
j ̸=−1

1[etc = j]× (δjcHighDebti +X ′
itϕjc)

+X ′
itµjc + γtc + ξic + εitc

(2)

where Treatic is a binary indicator that takes the value one if individual i belongs to treatment
cohort c (i.e., if they experienced the somatic health shock in year c), etc is the relative time
variable described above, ξic is an individual fixed effect, and γtc is a year fixed effect. All other
notation is as in the main text.20 In this model, the δjc parameters capture differential general
time trends between high vs. low-debt individuals in data set c. The λjc parameters capture
the dynamic responses to the somatic health shock for the group of individuals with low debt
in treatment cohort c, while the βjc parameters capture the differential responses to the shock
for individuals with high vs. low debt. Since the control group in each data set consists of
not-yet-treated individuals only, none of the parameters estimates will be identified from ”bad
comparisons” with earlier-treated individuals.

The procedure described above will produce nine sets of βjc estimates, each of them specific
to a given treatment cohort. What we are ultimately interested in, however, are the average
differential treatment effects across all cohorts. To estimate them, we stack all the treatment

20Note that Treatic, HighDebti, and all time-invariant elements of X ′
it are subsumed by the inclusion of

individual fixed effects when not interacted with the relative time indicators. The relative time indicators, when
not interacted with variables with cross-sectional variation, are subsumed by the inclusion of year fixed effects.
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cohort-specific data sets to one large data set and estimate the following equation on the stacked
data:

yitc = Treatic ×
∑
j ̸=−1

1[etc = j]× (λj + βjHighDebti +X ′
itαj)

+
∑
j ̸=−1

1[etc = j]× (δjHighDebti +X ′
itϕj)

+X ′
itµj + γtc + ξic + εitc

(3)

where subscript itc denotes the observation for individual i in year t originating from data
set c. Following Cengiz et al. (2019), we saturate the model by including individual and year
fixed effects interacted with treatment cohort data set indicators (ξic and γtc, respectively). We
estimate the model allowing for clustering at the level of the individual. The coefficients of main
interest are the βj estimates, which we show in Appendix Figure A.8.
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