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ABSTRACT

Bounding the Causal Effect of Unemployment
on Mental Health: Nonparametric Evidence
from Four Countries

An important, yet unsettled, question in public health policy is the extent to which
unemployment causally impacts mental health. The recent literature yields varying findings,
which are likely due to differences in data, methods, samples, and institutional settings.
Taking a more general approach, we provide comparable evidence for four countries
with different institutional settings — Australia, Germany, the UK, and the US — using a
nonparametric bounds analysis. Relying on fairly weak and partially testable assumptions,
our paper shows that unemployment has a significant negative effect on mental health
in all countries. Our results rule out effects larger than a quarter of a standard deviation
for Germany and half a standard deviation for the Anglo-Saxon countries. The effect
is significant for both men and women and materialises already for short periods of
unemployment. Public policy should hence focus on early prevention of mental health
problems among the unemployed.
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1 Introduction

An important mechanism of economic growth is the destruction of jobs through the creation of
new jobs in more innovative or technologically-advanced firms (OECD, 1988; Aghion et al.,
2016). While this Schumpeterian-process of ‘creative destruction’ benefits society at large,
an extensive literature documents that individuals who become unemployed suffer from their
displacement. Unemployment might affect individual’s psychological well-being, in particular
mental health, through losses of social relationships (e.g., Jahoda, 1981), income reductions
(Couch and Placzek, 2010), and in some countries reduced access to medical services (Gruber,
2000).

Yet, identifying the causal effect of unemployment on mental health is challenging. Al-
though numerous studies show descriptively that unemployed have worse mental health than
employed workers, this negative correlation might be driven by selection bias and reverse
causality. The most recent studies that address the endogeneity of unemployment generally
agree that unemployment harms mental health (e.g., Schaller and Stevens (2015) for the US,
Marcus (2013) for Germany, Kuhn et al. (2009) for Austria, Browning and Heinesen (2012)
for Denmark, Eliason and Storrie (2009a) for Sweden), though there are some exceptions (see
Section 2).

One major impediment to drawing general, policy-relevant conclusions from the literature
is the limited comparability of studies. The estimates rely on different identifying assumptions
and examine various countries, with substantially different institutions and labour markets at
different points in time. Furthermore, the estimation samples are hardly comparable given
that they consider subpopulations with different socio-demographic characteristics. Moreover,
the various data sources collect different measures of mental health ranging from self-reported
measures, such as life satisfaction, to more objective but crude measures such as specific causes

of deaths.! Another central issue for policy development, especially for the timing of potential

'Some studies use self-rated mental health conditions or questions about physician-diagnosed mental health
conditions (e.g., Bjorklund, 1985; Bockerman and Ilmakunnas, 2009). Several studies combine various self-
reported components into a single scale (e.g., Schmitz, 2011; Drydakis, 2015; Salm, 2009). Other authors use
arespondent’s life satisfaction to proxy for mental health (Clark et al., 2001; Green, 2011). Studies using adminis-



interventions, relates to the role of unemployment duration. While several studies discuss the
importance of unemployment duration (e.g., Paul and Moser, 2009; Classen and Dunn, 2012),
the literature lacks evidence from rigorous empirical designs.

Against this backdrop, we contribute new, comparable evidence on the causal effect of un-
employment on mental health from four large OECD countries. Specifically, we explore rep-
resentative household survey data from Australia (HILDA), Germany (SOEP), the UK (BHPS
and Understanding Society), and the US (PSID). We thereby study countries that differ in the
level of social protection, the provision of health services and labour market conditions.>

Absent a common source of exogenous variation that applies equally to all countries, we
identify the causal effect of unemployment on mental health in a nonparametric bounds analysis
(Manski and Pepper, 2000).> This method has two main advantages. First, we can identify
the treatment effect without exogenous variation in unemployment relying on fairly weak and
partially testable assumptions. Second, we identify the same parameter for all countries, namely
the average treatment effect (ATE). In contrast, previous studies estimate either an average
treatment effect on the treated (ATT), i.e., only for the group of unemployed individuals, or a
local average treatment effect (LATE) for a specific group of compliers. Using bounds hence
avoids the common caveat in cross-country comparisons that differences in methods, affected
groups, or sources of exogenous variation might drive differences in results. However, these
advantages come at some cost: We cannot obtain a point estimate, but rather we identify an
interval that contains the ATE. Broadly speaking, we view these nonparametric bounds as a
complementary method, rather than a substitute for alternative methods, as the bounds provide
a useful "sniff test" (Hamermesh, 2000) for the plausible magnitude of point estimates.

Our analysis demonstrates that unemployment has a significant negative causal effect on
mental health irrespective of the institutional setting. Notwithstanding, the institutional setting

seems to matter for effect size. While our bounds rule out effects of more than a quarter of

trative records use prescriptions of psychotropic drugs or hospitalisations and deaths due to mental health disorders
(e.g., Kuhn et al., 2009; Browning and Heinesen, 2012; Eliason and Storrie, 2009a, 2010).

2Appendix A provides details on the relevant labour market and health institutions.

3For applications of this method, see, e.g., Pepper (2000), Gerfin and Schellhorn (2006), Gundersen and Kreider
(2009), De Haan (2011), and De Haan (2015).



a standard deviation for Germany, which has the most pronounced welfare regime among the
four countries, the bounds allow for effects of up to half a standard deviation for Australia, the
UK, and the US. These effect sizes are of similar magnitude as the association between marital
separation and mental health. Furthermore, we show that the negative effect already emerges
with short unemployment spells, i.e. less than three months, and our subgroup analysis reveals
that the negative effect is significant for both men and women. The results are robust to different
measures of mental health and identifying assumptions.

The paper proceeds as follows. Section 2 summarises the findings on the effect of unem-
ployment on mental health. Section 3 presents the econometric method and Section 4 describes

our data. Section 5 presents our results and discusses their robustness. Section 6 concludes.

2 Literature review

An extensive literature documents that unemployed individuals have worse mental health than
employed individuals (e.g., Bjorklund and Eriksson, 1998; Murphy and Athanasou, 1999). Most
of the early studies rely on cross-sectional variation and generally assume the exogeneity of
unemployment. The economic literature commonly argues that the negative relationship results
from reductions in income and the loss of employer-provided health insurance, particularly for
the US, implying both worse health care coverage and lower investments in health-enhancing
goods (e.g., Grossman, 1972; Ruhm, 1991). The research within related disciplines emphasises
the role of adverse social and psychological consequences of unemployment such as the loss
of work relationships, valued social position, a collective purpose, sense of control, meaning in
life, and time structure (e.g., Warr, 1987; Ezzy, 1993; Goldsmith et al., 1996; Cavanagh et al.,
2003). Generally, all these mechanism lead to the conjecture that unemployment has a negative
effect on mental health.

However, identifying the causal effect is not straightforward due to the well-established is-
sues of reverse causality and unobserved individual heterogeneity. Consequently, cross-sectional

studies are highly likely to yield biased results. The more recent literature has generally adopted



two strategies to address the endogeneity of unemployment: the first one relies on longitudinal
data to estimate fixed-effects models that account for time-invariant heterogeneity (e.g., Bjork-
lund, 1985; Clark et al., 2001; Green, 2011). The second strategy explores (arguably) exogenous
variation in employment from plant closures, mass lay-offs, and other firm-level employment
reductions (e.g., Kuhn et al., 2009; Eliason and Storrie, 2009a, 2010; Browning and Heinesen,
2012; Marcus, 2013). Most studies within this framework use matching techniques to make dis-
placed and non-displaced workers comparable. Combining the two approaches, some studies
include an interaction term of unemployment status with a plant closure within a fixed-effects
design (e.g., Schmitz, 2011; Drydakis, 2015).

At first glance, the results seem inconclusive. For example, while several fixed-effects anal-
yses confirm that unemployment is associated with deteriorating mental health (e.g., Clark et al.
(2001) for Germany, Green (2011) for Australia, Drydakis (2015) for Greece, and Schaller and
Stevens (2015) for the US), other authors document statistically insignificant coefficients from
fixed-effects regressions (e.g., Schmitz (2011) for Germany). Similarly, among studies that ex-
plore various employment reductions as sources of exogenous variation, the estimates range
from clear negative effects (e.g., Browning and Heinesen (2012) for Denmark, Marcus (2013)
for Germany) to statistically insignificant results (e.g., Salm (2009) for the US).

However, most of the null results seem to come from a lack of power rather than the absence
of an effect. Already the early fixed-effect analysis by Bjorklund (1985) recognises that small
treatment groups often lead to large standard errors when estimating the effect of unemployment
on mental health. In contrast, based on a fairly small number of individuals affected by a busi-
ness closure, Salm (2009) concludes that there is no causal effect of job loss on mental health
in the US. However, the estimates are imprecise and the study further lacks generalisability be-
cause it uses the Health and Retirement Survey that covers only older workers. Exploring more
representative and richer data from the Medical Expenditure Panel Survey, Schaller and Stevens
(2015) document that involuntary job loss significantly impairs mental health. The interpreta-
tion problem related to imprecise zero estimates arises also in the study by Schmitz (2011).

He argues that the significant correlation between unemployment and mental health disappears



after accounting for the endogeneity of unemployment. However, his study is also limited by a
small number of job losses from plant closures, which fails to generate sufficient power within
a fixed-effects design. In comparison, using the same data from the German Socio-Economic
Panel, Marcus (2013) applies non-parametric matching techniques based on entropy balancing,
which burden the data less than fixed-effect estimations. Despite small sample sizes, he finds
significant decreases in mental health not only for individuals directly affected by plant closures
but also for their spouses.

Recent studies using large administrative data generally reach the consensus that job loss
has various adverse consequences for mental health. For example, by using Austrian health
insurance data, Kuhn et al. (2009) show that unemployment significantly increases expenditures
for hospitalizations due to mental health problems and prescriptions of psychotropic drugs for
men. They argue there are no severe consequences for women who might be less economically
and emotionally distressed by job loss due to their alternative roles within the family. For
Sweden, Eliason and Storrie (2009a,b, 2010) find increased short-run risk of suicides, alcohol-
related mortality, and hospitalizations, and several gender-specific effects: increased deaths
from traffic accidents and self-harm among men and inpatient psychiatric hospital admission
among women. However, since many of the outcomes are extremely rare events, the gender-
specific confidence intervals largely overlap. On a larger sample of Danish men, Browning
and Heinesen (2012) confirm the short-run effects on suicides. They also find large effects on
deaths and hospitalizations due to alcohol-related diseases as well as hospitalisation for mental
disorders and deaths from circulatory diseases.* Most of these do not vanish up to 20 years
after displacement. While not explicitly focusing on mental health, Sullivan and Von Wachter
(2009) also find highly persistent increases in overall mortality among mature male workers
in Pennsylvania. By using U.S. state-level panel data, Classen and Dunn (2012) confirm that
local mass-lay-offs are a significant risk factor for the number of suicides for both men and

women.” However, in contrast to immediate effects in the Scandinavian studies, Classen and

“However, the literature consistently establishes no effects on the risk of hospitalizations due to circulatory
diseases (Browning et al., 2006; Kuhn et al., 2009; Eliason and Storrie, 2009b; Browning and Heinesen, 2012).
To the best of our knowledge, Classen and Dunn (2012) is the only study that uses aggregate longitudinal



Dunn (2012) argue that the negative effects do not emerge immediately after job loss. Instead,

they emphasise the destructive role of prolonged unemployment spells.

3 Methodology and identifying assumptions

Our empirical methodology departs from the potential outcomes framework (Rubin, 1974).
Consistent with the standard terminology, let D; denote our binary treatment variable for unem-
ployment of person 7, where DD; = 1 means unemployment and D; = () means employment; let
Y denote our mental health outcome variable, where higher values reflect better mental health;
and let Y;-t denote person 7’s potential outcome with treatment ¢, where ¢ takes on the values 0
and 1 as defined for D;.

To estimate the ATE, A rp = E[Y'] — E[Y?], we need some identifying assumptions
about the counterfactual outcomes E[Y°|D = 1] and E[Y'!|D = 0]. Given a bounded outcome
variable, Manski (1989) proposed using the extrema of the outcome variable as counterfactual
outcomes to bound the effect of interest without any further assumptions. Focusing on the

potential outcome under unemployment, this method yields the following bounds:

EY' g =E[Y'|D=1] - P(D = 1)+ Y, - P(D = 0)
<EYY=EY'D=1-PD=1)+EY'D=0]-PD=0)<

E[YYD =1]-P(D = 1)+ Yy - P(D =0) = E[Y'|ys,

where Y,,.;, (Yinae) indicates the smallest (largest) possible value of the mental health measure.
To calculate the lower bound E[Y!];5, we thus assume that those observed in employment
would have the worst possible mental health when unemployed. To compute the upper bound
E[Y']y B, we conversely assume that they would have the best possible mental health. Extend-

ing the same logic to £[Y°] and taking the difference between the lower and upper bounds, we

instead of individual data. Although aggregating data largely solves the reverse causality concern, it may lead to
aggregation bias.



obtain the following bounds for the ATE:

ElY' s — E[Y°lyp < Aurp < E[Y'yp — E[Y°15. (D

Although these bounds contain the effect of interest, they are too wide to be informative. In
particular, they always include zero. Hence, we need some further, albeit weak, assumptions to
tighten these bounds (Manski, 1997; Manski and Pepper, 2000).

First, we impose the monotone treatment selection (MTS) assumption:

E[Y'\D=1<E[YYD=0], t=0,1 (MTS)

which states that the unemployed have worse (or equal) average potential mental health than the
employed; this assumption needs to hold irrespective of the realised employment status. Thus,
the MTS assumption intuitively says that unemployed individuals are negatively selected. As il-
lustrated in Figure 1, we can hence replace the unobservable minimum potential outcome under
employment with the observed average outcome of the unemployed. The MTS assumption thus
lifts the lower bound on the mean potential outcome in unemployment and yields the following

bounds for potential mental health in unemployment:

EYYip_mrs = E[YYD=1]-P(D=1)+ EY D =1]-P(D =0) = E[Y'|D = 1]
<E[Y' <

E[YYD =1]-P(D =1)+ Y- P(D =0) = EY'lup_mrs.

Further, the MTS assumption implies that individuals observed in unemployment would not
have better mental health than the individuals observed in employment if both were employed.
Thereby, the MTS assumption reduces the upper bound on the mean potential outcome in case
of employment E[Y°]. The MTS assumption, however, does not affect the upper bound on

the mean potential outcome in unemployment nor the lower bound on potential outcomes in



employment. Compared with the worst-case bounds, the MTS assumption thus lifts the lower
bound on the ATE, that is the largest negative effect of unemployment on mental health, to the
observed mean difference in mental health between employed and unemployed persons.

To reduce the upper bound on the ATE, which is unaffected by the MTS assumption, we

impose the monotone treatment response (MTR) assumption

VI <Y?, Vi (MTR)

which states that potential outcomes are non-increasing for each individual in the treatment,
1.e., becoming unemployed does not improve mental health. While this assumption may seem
more controversial than the MTS assumption, it is consistent with theoretical views of the dete-
riorative effects of unemployment on mental health. Moreover, the existing empirical evidence
essentially rules out any systematic positive effects of unemployment on mental health (see Sec-
tion 2), thereby making the MTR assumption plausible from an empirical perspective. To fur-
ther eliminate potential positive short-term effects, we exclude individuals who are unemployed
or out-of-the labour force voluntarily, as this assumption may be violated for such individuals.
Combining the MTS and MTR assumptions yields the following bounds for potential mental

health in unemployment:

EYYip_yrs—mrr = EY'D=1]-P(D=1)+E[YYD=1]- P(D=0)=E[Y'|D=1]
<E[Y' <

ElY''D=1]-P(D=1)+E[Y°|D=0]- P(D =0) = E[YYv5_rmrs_mrr-

When computing the bounds for the ATE according to equation (1), the MTR assumption
reduces the upper bound to zero. Hence, the MTS-MTR bounds range from the observed mean
difference in outcomes to zero and they will only include (weakly) negative treatment effects.
Hence, the lower bound is the strongest effect and the upper bound is the weakest effect.

As implied by De Haan (2011), the MTS and MTR assumptions combined require un-



employed persons to have worse average mental health than employed persons. We use this
necessary condition to empirically test the MTS-MTR assumptions. If unemployed persons
have, on average, better mental health than employed persons, we should reject the MTS-MTR
assumptions.

To further tighten the bounds on the ATE, we rely on the monotone instrumental variable
(MIV) assumption (Manski and Pepper, 2000) which allows for a weak monotonic (here, in-
creasing) relation between the instrument and the outcome. Formally, we assume that the MIV

v satisfies:

m; <m < my =

E[Y* v =my] < E[Y'lv =m] < E[Y*|v = my, t=0,1. (MIV)

Intuitively, a feasible MIV resembles a covariate for which we have a strong prior about its sign.
In our empirical analysis, we therefore use maternal education as an MIV. Unlike in standard
instrumental variable (IV) estimation, our identifying assumption does not require mean inde-
pendence between maternal education and an individual’s potential mental health. Rather, the
MIV assumption requires that maternal education and an individual’s potential mental health
are not negatively related, thus allowing for a positive correlation between maternal education
and her children’s mental health. Importantly, the MIV assumption neither requires causality
nor a strictly positive association between education and mental health. Thus, this assumption
is considerably weaker than standard IV assumptions.

In our setting, the MIV assumption is not only relatively weak but also plausible. Vast
evidence documents positive relationships between education and (mental) health (Cutler and
Lleras-Muney, 2006), and between parental education and children’s outcomes (including health)
(Currie, 2009), as well as documenting the intergenerational transmission of education (Holm-
lund et al., 2011). Thus, parental education may directly impact children’s mental health
(through various parental behaviours) and may indirectly affect mental health through other

channels, such as higher family resources or even children’s own education. Taken together,

10



the evidence supports our MIV assumption of a non-negative relationship between maternal
education and her children’s mental health.®

To tighten the bounds on expected average outcomes using the MIV assumption, we pro-
ceed in two steps, which we again illustrate for the potential outcome under unemployment.
First, we compute the MTS-MTR bounds for mental health at each value of v.” Second, we
tighten the bounds at each value of v using the MIV assumption, which states that poten-
tial mental health outcomes do not decrease in maternal education. To this end, we com-
pare the MTS-MTR lower bound on mental health in unemployment at a given level of ma-
ternal education (E[y'|v = m|Lp_nmrs_arr) with the MTS-MTR lower bounds at a lower
level of maternal education (E[y'|v = my|rp_nmrs—amrr). The MIV assumption allows us
to use the highest of these two lower bounds as the lower bound at the given level E[y'|v =
m|LB—mTs—mTR—M1v- Symmetrically, we compare the MTS-MTR upper bound at that level
(Ely'lv = m]us_mrs_arr) with the upper bound at a higher level of maternal education
(Ely*|v = ma)u_mrs—mrr) and use the smallest of these two values as the upper bound at
the given level (E[y'|v = m]ys_mrs—mrr_mrv). Repeating this procedure for all possible
combinations of v, we obtain the MTS-MTR-MIV bounds on mental health in case of unem-

ployment by taking the weighted averages over the conditional bounds:

E[yl]LBfMTsfMTRfMIV = E P(U = m) : [mng[Ylhj = ml]LBfMTsfMTR]
mi1s
meM

<E}Y' <

E P(U = m) : [min E[Yllv = mQ]UBfMTsfMTR] = E[yl]UBfMTsfMTRfMIV-
mo>m
meM

Having obtained the bounds for mental health under unemployment and employment this
way, we bound the ATE as in equation (1). While the MTR and MTS assumptions mechanically
tighten the bounds on the ATE, the MIV assumption does not necessarily narrow the bounds.

Whether the MIV assumption helps to tighten the bounds depends on the observed outcomes at

5To further alleviate concerns about our identification, we show in Section 5.2 that the results are robust to the
use of other plausible MIVs.
7Thereby, we extend the MTS assumption to also hold conditional on v, as noted by Lafférs (2013).
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the various combinations of the MIV and the treatment status.®

To estimate the MTS-MTR bounds, we rely only on expected values of average outcomes
and the share of treated individuals, which we can estimate without bias in finite samples using
the sample analogues. To estimate the MTS-MTR-MIV bounds, in contrast, we need min-
ima and maxima over group averages. While the sample analogues estimate these parameters
consistently, the analogues may suffer from finite sample bias and the resulting MTS-MTR-
MIV bounds might hence be too narrow (for details, see further Manski and Pepper, 2000,
2009). To correct the MTS-MTR-MIV bounds for potential finite sample bias, we apply the
bias-correction method of Kreider and Pepper (2007) and report both bias-corrected and non-
corrected bounds.

The literature seems inconclusive regarding the most appropriate mode of inference. We
hence report Imbens and Manski (2004) confidence intervals, Imbens and Manski (2004) bias-
corrected confidence intervals, and bias-corrected percentile confidence intervals (Efron and

Tibshirani, 1994) using 1,000 bootstrap repetitions.

4 Data

4.1 Data sets and sample selection

We use data from four comparable household surveys: the Household, Income and Labour Dy-
namics in Australia (HILDA), the British Household Panel Survey (BHPS), the US Panel Study
of Income Dynamics (PSID), and the German Socio-Economic Panel (SOEP). All surveys pro-
vide nationally representative information on respondents’ socio-demographic, employment,
and mental health characteristics. We use all waves for which mental health data are available,
i.e.,2001-2012 for Australia; 2002, 2004, 2006, 2008, 2010, and 2012 for Germany; 1991-2013
for the UK; and 2001, 2003, 2007, 2009, 2011, and 2013 for the US.’

8To tighten the bounds further, we could in principle use multi-dimensional instruments as in De Haan (2011);
however, the weak monotonicity assumption necessary for identification becomes less convincing when we con-
sider two MIVs and we therefore do not pursue this approach.

9Even though the data have a panel structure, our empirical analysis is essentially cross-sectional. Unfortu-
nately, we cannot exploit the panel dimension within a fixed effects framework since the MIV is time-invariant. To
ensure that treating our panel data like cross-sectional data does not drive our results, we redid our main analysis

12



We impose few restrictions on the samples. We focus on individuals aged 25-55, where
the upper limit avoids retirement issues and the lower limit ensures that most individuals have
completed their educations. We only consider individuals who are either employed or unem-
ployed and looking for work. We therefore exclude individuals who are out of the labour force,
e.g., discouraged workers or individuals on maternity leave, as well as the self-employed. We
also exclude individuals with missing age, employment status, mental health score, or MIV

information.'”

4.2 Mental health measures

The data sets do not include the same measure of mental health for each country. Hence,
we have to employ different screening tools for mental health, namely the Short-Form General
Health Survey (SF-36 and SF-12), the General Health Questionnaire (GHQ-12), and the Kessler
Psychological Distress scale (K6). These different measures do not pose difficulties in our
analysis for three reasons. First, each has been shown to be an effective and psychometrically
valid measure of mental health. Second, studies that compare these measures typically find
that they produce similar, if not identical, results. Finally, we standardise each mental health
measure (with mean O and standard deviation of 1) to make the different scales comparable,
where higher values represent better mental health.!!

For Australia, we use the SF-36 which assesses mental health using a five-item scale that
captures both anxiety symptoms and mood disturbances. Numerous studies show that the SF-
36 is an effective instrument for identifying mood disorders and major depression (e.g., Rumpf
et al., 2001), as well as psychiatric disorders (Ware Jr. and Gandek, 1998). Moreover, Butter-

worth and Crosier (2004) examine its psychometric properties and show that the SF-36 meets

using only the first observation of each person. Table B.3 shows that we reach the same conclusions. This is unsur-
prising given that time-varying heterogeneity and reverse causality do not contradict our identifying assumptions.

10As we use paternal education in a robustness check, we only include observations for which we have infor-
mation on both parents’ level of education. As a further robustness check, Table B.4 shows that our results do not
change when we include individuals for whom we have information on maternal education, our main MIV, but not
on paternal education.

"1Both the SF-36 and SF-12 range from 0 to 100, with higher scores indicating less psychological distress; the
GHQ-12 ranges from 0 to 12, with higher scores indicating greater psychological distress; and the K6 ranges from
6 to 30, with higher scores indicating greater psychological distress.

13



validity criteria.

For Germany, we use the SF-12 which is a shortened version of the SF-36 (Ware Jr. et al.,
1996). Similar to the SF-36, the SF-12 provides a generic measure of mental health, the Mental
Health Component Summary, that captures different domains of psychological and psychoso-
cial problems. Many studies show that the SF-12 is a reliable and valid measure of mental
health (Gill et al., 2007; Salyers et al., 2000). Moreover, Gill et al. (2007) shows that the SF-12
performs very well compared to other measures of mental health, including the SF-36.

For the UK, we use the 12-item version of the GHQ. As one of the most widely used mea-
sures in mental health research (Gill et al., 2007), the GHQ-12 assesses depressive symptoms
using 12 questions about the respondent’s psychological distress symptoms over the past few
weeks (Goldberg and Williams, 1988). Goldberg et al. (1997) provide an overview of studies
that demonstrate the validity of the GHQ-12.

For the US, we use the 6-item Kessler Psychological Distress scale (K6, Kessler et al., 2002).
The K6 was developed to identify non-specific psychological distress and has been shown to
be an effective and psychometrically valid screening tool for psychological distress (Cairney
et al., 2007; Furukawa et al., 2003). Furthermore, Gill et al. (2007) show that the K6 performs
similarly to the SF-12 in diagnosing depression.

The Australian survey is the only one that provides two measures of mental health. In
addition to the SF-36, the HILDA collects information on the K6 in 2008, 2010, and 2012. In
Section 5.2, we show that the results for the SF-36 in our main analysis are robust to the use of

the K6. We present the distribution of mental health measures in Figure B.1.

4.3 Summary statistics

Table 1 presents some descriptive statistics for our sample. Panel A shows average mental
health scores for unemployed and employed individuals separately. As expected, in all coun-
tries, unemployed individuals have on average worse mental health compared with employed
individuals. This is a necessary condition to hold for the validity of the MTS-MTR assumptions

(De Haan, 2011). As we standardised the dependent variable throughout, we can compare the

14



magnitudes across countries. In Germany, the mental health of unemployed persons is about a
third of a standard deviation worse than the mental health of employed workers. By compar-
ison, this difference amounts to more than half a standard deviation in Australia, the UK, and
the US.

Panel B shows that the distributions of unemployment duration differ markedly across these
countries. In particular, Germany exhibits the largest proportion of long-term unemployed
workers. Finally, Panel C shows the distribution of our main MIV, maternal education, dif-
fers across countries. Importantly, such differences do not affect the validity of our analysis,

though they might affect the width of the estimated bounds.!?

5 Results

5.1 Effect of unemployment on mental health

We start our presentation of results with Figure 3 which displays estimated bounds — using
different identifying assumptions — around the ATE of unemployment on mental health for the
four analysed countries. We begin with the unconditional mean difference obtained under the
strong exogenous treatment selection (ETS) assumption.'? This mean difference overestimates
the magnitude of the true effect if unemployment does not randomly affect individuals who
differ in their mental health score. We then successively impose the MTS, MTR, and MIV
assumptions, which do not require exogenous selection in unemployment, to arrive at the final
MTS-MTR-MIV bounds. All displayed bounds use maternal education as the MIV. The figure
shows how each assumption helps to tighten the worst case bounds considerably, and that the
MIV assumption is required to tighten the MTS-MTR bounds below zero. For all countries, the
MTS-MTR-MIV bounds exclude zero and the ETS point estimates.

Table 2 provides the analogous nonparametric estimates from the MTS-MTR-MIV bounds.

12Table B.1 shows how parental education is classified in the different data sets. Our analysis compares only
education levels within countries and the coding therefore needs only to yield a correct ordering within each
country, but levels do not have to be strictly equivalent across countries.

3If we assume that treatment assignment is unrelated to potential outcomes, the observed difference in means
between the treated and the untreated yields the ATE. Therefore, we refer to the difference in means also as the
estimate under exogenous treatment selection (ETS).
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We estimate rather similar bounds for the Anglo-Saxon countries: for Australia, the UK, and
the US, we find that unemployment reduces the mental health score by at most 0.408, 0.483, and
0.464 standard deviations, respectively. For Germany, our bounds imply that unemployment on
mental health does not decrease mental health by more than 0.188 standard deviation. These
effect sizes are of similar magnitude as the association between marital separation and mental
health.'* Columns 5 and 6 report the bias-corrected bounds obtained from the Kreider and Pep-
per (2007) method. However, a potential finite sample bias has negligible implications for our
main findings because the bias-corrected bounds are similar to the non-corrected bounds. For
the UK, the upper bound suggests a relatively small effect (although three out of four confidence
intervals reject a zero effect).!

Given the relatively large size of the UK sample, it seems unintuitive that the bounds are
relatively large for the UK. A closer inspection of the mental health and maternal education
variables reveals that both measures vary least in the UK. In particular, mental health scores are
very much concentrated around the mode, and maternal education is in the middle three cate-
gories for almost 93 per cent of the observations. Hence, the UK data convey less information
than the other data, likely explaining the relative width of the bounds.

It is challenging to directly compare our nonparametric bounds to previous point estimates
due to differences between the data sets, outcome measures, and estimation methods. Neverthe-
less, we compare our findings with those from studies using the same surveys and mental health
measures. For Australia, Green (2011) interacts the unemployment status with self-perceived
employability to show its moderating role. His fixed-effect estimations yield an (imprecise) zero
effect for "hopers" and large mental health loses for "no-hopers" of about a third of the standard

deviation. We calculate a 95% confidence interval for this estimate ranging between -0.450 and

1“We estimate that compared to being married, being separated from a partner is associated with a reduction in
mental health of 0.45 in Australia, 0.32 in Germany, 0.38 in the UK, and 0.30 in the US. All regressions include
controls for age and its square, highest level of education, state of residence, marital status, number of children in
the household, sex, ethnicity, maternal education, and interview month and year as in Table 7.

13To evaluate the propensity of the bias-corrected MTS-MTR-MIV bounds to hit the MTS and MTR constraints,
we examine the bootstrap distribution for each estimated bound. For Australia, Germany, and the US, the lower
bound hits the MTS constraint in less than 1% of repetitions, and the upper bound never hits the MTR constraint.
For the UK, the lower (upper) bound hit the MTS (MTR) constraints in 19.3% (7.3%) of repetitions.
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-0.170 standard deviations, which is of similar magnitude compared to our bias-corrected 95%
confidence intervals for Australia (-0.528 to -0.052). For Germany, the non-parametric match-
ing results by Marcus (2013) imply a negative effect of about 0.268 standard deviations which
closely corresponds to our bias-corrected lower bound (-0.269). Comparing his 95% confi-
dence interval (-0.412 to -0.124) with ours (-0.269 to -0.046) shows that our bounds are slightly
lower and slightly more precisely estimated. We thus exclude effects larger than 0.269 standard
deviations, while the lower bound of his confidence interval reaches 41%. For UK, using FE
estimation, Binder and Coad (2015) find that individuals becoming unemployed reduces mental
health by 0.33 standard deviations. This point estimate lies in the middle of our 95% confi-
dence interval. However, the study also controls for a number of objective and subjective health
measures, which makes it difficult to interpret the results. Despite the differences in methods
and data, this discussion shows that our nonparametric bounds are consistent with other stud-
ies, and that bounds may even yield more precise 95% confidence intervals than conventional
approaches.

Next, we examine whether the duration of unemployment matters for mental health and
whether this effect changes over time. Several psychological studies emphasise that mental
health deteriorates with increasing unemployment duration because the effect accumulates over
time, although this relationship is not necessarily linear. In contrast, the adaptation hypothe-
sis (Warr and Jackson, 1987) states that long-term unemployed individuals adapt to lower, but
stable, levels of mental health after long spells of unemployment. This adaptation hypothesis
potentially contradicts the monotone treatment response assumption when directly comparing
mental health by unemployment duration, as it suggests that some individuals partly recover
from initial mental health problems. To circumvent this issue, we estimate the effects of unem-
ployment for different durations using employment as the reference category. Here, the MTR
assumption implies that mental health does not improve by being unemployed for any duration
compared to being employed. However, we do not impose any assumptions on how mental
health evolves over the course of an unemployment spell.

Figure 4 displays the bounds calculated for three different durations of unemployment last-
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ing less than three months, three to 12 months, and longer than one year.!® The figure illus-
trates that even short spells of unemployment have substantial negative causal effects on mental
health. For all countries, the upper bounds for durations of less than three months are negative.
For Germany, the effect is fairly precisely estimated (ranging from -0.144 to -0.065), whereas
the bounds for the other countries range from approximately 0.5 standard deviations to just un-
der zero. Longer unemployment spells seem to have more negative effects on mental health in
Germany, whereas in the UK, shorter spells seem to have more negative consequences. This
finding is intriguing given that long-term unemployment in the UK is considerably lower than
in Germany, which exhibits the highest proportion of long-term unemployed persons. Never-
theless, the figures for all countries consistently show that unemployment negatively impacts
mental health, regardless of duration.

Finally, we investigate the effects of unemployment on mental health separately for men
and women, thereby testing the common conjecture that unemployment has less severe con-
sequences for women than for men (e.g., Paul and Moser, 2009)."7 Table 3 shows that in the
Australian and German samples, the bounds are very similar for men and women, supporting
the conclusion that unemployment has serious adverse mental health consequences regardless
of gender. The upper bounds for women in the UK and the US are not significantly different
from zero. However, in a complementary analysis using paternal education as an alternative
MIV, we found that three out of four confidence intervals for women in UK and US exclude

zero, thereby supporting significantly negative effects.

5.2 Robustness tests

To test the robustness of our main results, we first focus on the dependent variable and test
the extent to which the use of a specific measure of mental health might drive our results. As

HILDA is the only data set that provides two measures, we investigate an alternative outcome

16For this analysis, we collapse the MIV to ensure that we observe individuals with different unemployment
durations for each level of maternal education. We hence combine the upper and lower two education categories.
Reassuringly, Table B.2 shows that our main results are robust to this recoding.

"The psychological literature proposes several arguments for gender-specific effects, e.g., stronger social pres-
sure on men to hold a job and easier access to alternative roles for women (e.g., Paul and Moser, 2009).
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for Australia. In addition to the SF-36, the HILDA collects information on the K6 in 2008,
2010, and 2012. We therefore repeat our calculations using a sample restricted to these three
waves and replacing the outcome variable. Table 4 shows the results. For comparison, Panel A
reports the baseline findings for Australia from Table 2.

The nonparametric bounds and their confidence intervals based on the K6 in Panel B are
very similar to our baseline results and confirm that unemployment has a significant negative
effect on mental health in Australia. Panel C demonstrates that the alternative results are not
driven by restricting the sample to three survey years. This sensitivity analysis supports the
argument that different mental health measure do not change our main conclusions.'®

We next turn to the MIV. Our main analysis draws on maternal education as an MIV be-
cause parental education is typically available in household surveys and allows us to apply a
comparable research design across countries. Our MIV is valid if across the educational levels,
the children of better-educated mothers do not have worse mean potential outcomes than the
children of less-educated mothers. Obviously, as mean potential mental health is not observed
in the data, this assumption is not testable. It is therefore crucial that the results remain robust
to the use of plausible alternative MIVs.

We start with the most natural and easily available alternative — paternal education. Table
5 shows that only the bounds for the US are somehow sensitive to this change in the MIV. The
most striking difference is that in contrast to Table 2, the confidence intervals for the US now
do not exclude a zero effect, which suggests that the identifying power of paternal education
is weaker. Nevertheless, the bounds remain negative and, thus, qualitatively in line with the
main results. For the UK, the upper bound becomes slightly more negative, i.e. the weakest
possible effect is stronger when using paternal education as MIV. For the remaining countries,
the bounds and surrounding confidence intervals remain remarkably stable. Overall, the results
in Table 5 support our main conclusion that unemployment has adverse consequences on mental

health across these countries.

8 However, the K6 bounds are considerably wider than the SF-36 bounds presumably due to less variation in
the K6. Thus, the analysis suggests that the ATE for the US could be estimated more precisely if SF-36 data were
available.
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We also investigate individuals’ own education as it is closely related to parental education
through the intergenerational transmission of human capital. We find that using own education
(either grouped into categories for the highest degree or as years of schooling) yields wider
bounds, but does not qualitatively change our findings. Figure 5 illustrates the results for Aus-
tralia. We focus on the Australian sample because another important advantage of the HILDA 1is
that it includes Socio-Economic Indexes for Area (SEIFA). The SEIFA are summary measures
that rank geographic areas in terms of their socio-economic characteristics.!” Local measures
of socio-economic status are suitable MIVs because the risk of mental disorders is higher in
socio-economically disadvantaged areas (WHO and Calouste Gulbenkian Foundation, 2014),
which is consistent with the MIV assumption. Figure 5 demonstrates that our results are highly
robust to using different MIVs. Unfortunately, we cannot perform this robustness check for the
other countries as the data lack comparable regional indices.

Finally, for all countries, we tested whether the results are robust to a change in the period
of analysis and to conditioning on broad age groups. First, we split each sample into periods
before and after the 2008 economic crisis. Table 6 shows that both the pre- and post-crisis
bounds are significantly negative and largely overlap. Only for UK can we not exclude a zero
effect after 2008.

Second, we conduct separate estimations for individuals above or below age 40 to allow for
different patterns of the onset of mental health issues over the life-course.?’ Table B.5 shows
that our general conclusions do not change as unemployment continues to have a significant
causal effect on mental health for both age groups (except in the US under-40 group). For some
groups, particularly in Australia and Germany, conditioning on age helps to tighten the bounds.
However, the patterns are mixed and we do not find systematic differences across age groups.

Yet, our basic conclusion remains unaffected.

Details are given on the HILDA’s website: http://melbourneinstitute.com/hilda/ [Last accessed: 01.04.2016].
20Note that our time-invariant MIVs do not permit modelling such processes dynamically; neither is this mod-
elling required to estimate the bounds consistently under the maintained assumptions.
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5.3 Comparison with other empirical approaches

In contrast to our analysis, the previous literature imposes stronger assumptions to address the
bias of the ETS estimates. The most common approaches include conditioning on various socio-
demographic characteristics or assuming that the bias is entirely due to individual time-invariant
heterogeneity. For comparison, we apply these conventional approaches to our data. Table 7
provides the point estimates from OLS and fixed-effects (FE) regressions that condition on the
individual’s age (and its square), level of education, state of residence, marital status, number
of children in the household, and interview month and year.?!

A brief comparison of Tables 2 and 7 reveals only slight differences between the uncon-
ditional ETS and conditional OLS point estimates. Differences in observable characteristics
between the unemployed and employed are therefore not a major explanation for the observed
mental health disadvantages of the unemployed. Adding the individual fixed-effects consider-
ably weakens the relationship between unemployment and mental health, but the relationship
remains qualitatively large and statistically significant. The estimates are generally consistent
with those reported in previous studies using fixed-effects and the same surveys for Australia
(Green, 2011), Germany (Clark et al., 2001), and the UK (Binder and Coad, 2015).

Comparing our nonparametric bounds around the causal effect from Table 2 to the conven-
tional estimates from Table 7 leads to two main conclusions. First, in most cases, the nonpara-
metric bounds exclude the OLS point estimates, thereby confirming that the OLS regressions
generally overestimate the magnitude of the causal effect of unemployment on mental health.
Second, the FE estimates lie within the bias corrected bounds for the ATE suggesting that the
role of time-varying heterogeneity (if any) is rather limited and that the FE approach might still

yield informative estimates of the causal effect.

2I'The included control variables are common for numerous previous studies on the issue. We deliberately do
not condition on an individual’s health insurance status (public and/or private) since it is a potential transmission
mechanism and endogenous to the employment status.
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6 Conclusion

An extensive literature documents that the risk of experiencing mental illness is substantially
higher among unemployed individuals than among employed individuals. Identifying the causal
effect of unemployment on mental health is however challenging due to the potential bias from
unobserved heterogeneity and reverse causality. The previous literature applies different em-
pirical strategies to address the endogeneity of unemployment. While the findings differ across
studies, most of the carefully conducted analyses find a negative effect. However, the results
from these studies are not directly comparable due to differences between the data sets, samples,
institutions settings, and identifying assumptions.

We take a more general approach and contribute comparable evidence on the effect of un-
employment on mental health from four large OECD countries: Australia, Germany, the UK,
and the US. These countries differ in various aspects related to labour market institutions and
health care systems. To investigate the causal effect absent a common source of exogenous
variation, we analyse the effect nonparametrically and compute bounds for the ATE (Manski
and Pepper, 2000). The main advantages of this method are that we do not require exogenous
variation in unemployment, that we rely on fairly weak and partially testable assumptions, and
that we study the same parameter across countries.

For all four countries, we demonstrate that unemployment impairs mental health. This
effect is similar for men and women. Moreover, we show that the negative impact on mental
health materialises even with short spells of unemployment. Our results are robust to different
identifying assumptions and different measures of mental health.

As unemployment impairs mental health in all four countries with their different welfare
regimes, a generous welfare system seemingly does not nullify the effect of unemployment on
mental health. Our bounds rule out effects of more than a quarter of a standard deviation for
Germany, whereas the bounds allow for effects of up to half a standard deviation for Australia,
the UK, and the US. Therefore, our results suggest that a more pronounced welfare regime-like

the German one—-might dampen the effect. To further scrutinise the role of the welfare regime for
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the effect of unemployment on mental health, generating comparable evidence from countries
with even higher levels of social protection, such as the Nordic countries, is a promising avenue
for future research.

As we bound the ATE whereas most of the recent studies estimate an ATT or LATE, any
comparison of the results has to be somewhat tentative. In particular, one could always insist
that we focus on a different parameter and that this explains any diverging findings. Never-
theless, our findings stand in contrast to previous studies that do not find significant effects
of unemployment on mental health (e.g., Salm, 2009; Schmitz, 2011). We argue that the null
results in the literature come from a lack of power rather than from the absence of an effect.

Our results are important for public policy measures aimed at reducing mental health prob-
lems, which have high direct and indirect costs (Collins et al., 2011). As even short periods of
unemployment impair mental health, measures to prevent such problems must be implemented
early. To design targeted and cost-effective policies, future research needs to further explore het-
erogeneities in the causal effect and to identify policies that mitigate the adverse consequences

of unemployment.

23



References

Aghion, P, U. Akcigit, A. Deaton, and A. Roulet (2016). Creative destruction and subjective
well-being. American Economic Review 106(12), 3869-97.

Binder, M. and A. Coad (2015). Heterogeneity in the relationship between unemployment and
subjective well-being: A quantile approach. Economica 82(328), 865-891.

Bjorklund, A. (1985). Unemployment and mental health: Some evidence from panel data.
Journal of Human Resources 20(4), 469—-483.

Bjorklund, A. and T. Eriksson (1998). Unemployment and mental health: Evidence from re-
search in the Nordic countries. Scandinavian Journal of Social Welfare 7(3), 219-235.

Bockerman, P. and P. Ilmakunnas (2009). Unemployment and self-assessed health: Evidence
from panel data. Health Economics 18(2), 161-179.

Browning, M. and E. Heinesen (2012). Effect of job loss due to plant closure on mortality and
hospitalization. Journal of Health Economics 31(4), 599-616.

Browning, M., A. Moller Dano, and E. Heinesen (2006). Job displacement and stress-related
health outcomes. Health Economics 15(10), 1061-1075.

Butterworth, P. and T. Crosier (2004). The validity of the SF-36 in an Australian national
household survey: Demonstrating the applicability of the Household Income and Labour

Dynamics in Australia (HILDA) Survey to examination of health inequalities. BMC Public
Health 4(1), 44.

Cairney, J., S. Veldhuizen, T. J. Wade, P. Kurdyak, and D. L. Streiner (2007). Evaluation of
2 measures of psychological distress as screeners for depression in the general population.
Canadian Journal of Psychiatry 52(2), 111.

Cavanagh, J. T., A. J. Carson, M. Sharpe, and S. M. Lawrie (2003). Psychological autopsy
studies of suicide: A systematic review. Psychological Medicine 33(03), 395-405.

Clark, A., Y. Georgellis, and P. Sanfey (2001). Scarring: The psychological impact of past
unemployment. Economica 68(270), 221-241.

Classen, T. J. and R. A. Dunn (2012). The effect of job loss and unemployment duration on
suicide risk in the United States: a new look using mass-layoffs and unemployment duration.
Health Economics 21(3), 338-350.

Collins, P. Y., V. Patel, S. S. Joestl, D. March, T. R. Insel, A. S. Daar, 1. A. Bordin, E. J.
Costello, M. Durkin, C. Fairburn, et al. (2011). Grand challenges in global mental health.
Nature 475(7354), 27-30.

Couch, K. A. and D. W. Placzek (2010). Earnings losses of displaced workers revisited. Amer-
ican Economic Review 100(1), 572-89.

Currie, J. (2009). Healthy, wealthy, and wise: Socioeconomic status, poor health in childhood,
and human capital development. Journal of Economic Literature 47(1), 87—122.

24



Cutler, D. M. and A. Lleras-Muney (2006). Education and health: Evaluating theories and
evidence. NBER Working Paper 12352, National Bureau of Economic Research.

De Haan, M. (2011). The effect of parents’ schooling on child’s schooling: A nonparametric
bounds analysis. Journal of Labor Economics 29(4), 859—-892.

De Haan, M. (2015). The effect of additional funds for low-ability pupils - a nonparametric
bounds analysis. The Economic Journal (published online DOI: 10.1111/ecoj.12221).

Drydakis, N. (2015). The effect of unemployment on self-reported health and mental health in
greece from 2008 to 2013: A longitudinal study before and during the financial crisis. Social
Science & Medicine 128, 43-51.

Efron, B. and R. J. Tibshirani (1994). An introduction to the bootstrap. New York: Chapman
and Hall.

Eliason, M. and D. Storrie (2009a). Does job loss shorten life?  Journal of Human Re-
sources 44(2), 277-302.

Eliason, M. and D. Storrie (2009b). Job loss is bad for your health—Swedish evidence on cause-
specific hospitalization following involuntary job loss. Social Science & Medicine 68(8),
1396-1406.

Eliason, M. and D. Storrie (2010). Inpatient psychiatric hospitalization following involuntary
job loss. International Journal of Mental Health 39(2), 32-55.

Ezzy, D. (1993). Unemployment and mental health: A critical review. Social Science &
Medicine 37(1), 41-52.

Furukawa, T. A., R. C. Kessler, T. Slade, and G. Andrews (2003). The performance of the
K6 and K10 screening scales for psychological distress in the Australian National Survey of
Mental Health and Well-Being. Psychological Medicine 33(2), 357-362.

Gerfin, M. and M. Schellhorn (2006). Nonparametric bounds on the effect of deductibles in
health care insurance on doctor visits—Swiss evidence. Health Economics 15(9), 1011-1020.

Gill, S. C., P. Butterworth, B. Rodgers, and A. Mackinnon (2007). Validity of the mental health
component scale of the 12-item Short-Form Health Survey (MCS-12) as measure of common
mental disorders in the general population. Psychiatry Research 152(1), 63-71.

Goldberg, D. P, R. Gater, N. Sartorius, T. Ustun, M. Piccinelli, O. Gureje, and C. Rutter (1997).
The validity of two versions of the GHQ in the WHO study of mental illness in general health
care. Psychological Medicine 27(01), 191-197.

Goldberg, D. P. and P. Williams (1988). A user’s guide to the General Health Questionnaire.
Windsor, UK: NFER-Nelson.

Goldsmith, A. H., J. R. Veum, and D. William (1996). The impact of labor force history on
self-esteem and its component parts, anxiety, alienation and depression. Journal of Economic
Psychology 17(2), 183-220.

25



Green, F. (2011). Unpacking the misery multiplier: How employability modifies the impacts of
unemployment and job insecurity on life satisfaction and mental health. Journal of Health
Economics 30(2), 265-276.

Grossman, M. (1972). On the concept of health capital and the demand for health. Journal of
Political Economy 80(2), 223-255.

Gruber, J. (2000). Health insurance and the labor market. In A. J. Culyer and J. P. Newhouse
(Eds.), Handbook of Health Economics, Volume 1, Part A, pp. 645 — 706. Elsevier.

Gundersen, C. and B. Kreider (2009). Bounding the effects of food insecurity on children’s
health outcomes. Journal of Health Economics 28(5), 971-983.

Hamermesh, D. S. (2000). The craft of labormetrics. Industrial & Labor Relations Re-
view 53(3), 363-380.

Holmlund, H., M. Lindah, and E. Plug (2011). Education and health: Evaluating theories and
evidence. Journal of Economic Literature 49(3), 615-651.

ILO (2015). Social security inquiry database. Available at
http://www.ilo.org/dyn/ilossi/ssimain.home. [Accessed: 03.08.2015].

Imbens, G. W. and C. F. Manski (2004). Confidence intervals for partially identified parameters.
Econometrica 72(6), 1845-1857.

Jahoda, M. (1981). Work, employment, and unemployment: Values, theories, and approaches
in social research. American Psychologist 36(2), 184.

Kessler, R. C., G. Andrews, L. J. Colpe, E. Hiripi, D. K. Mroczek, S.-L. Normand, E. E. Walters,
and A. M. Zaslavsky (2002). Short screening scales to monitor population prevalences and
trends in non-specific psychological distress. Psychological Medicine 32(6), 959-976.

Kreider, B. and J. V. Pepper (2007). Disability and employment: Reevaluating the evidence in
light of reporting errors. Journal of the American Statistical Association 102(478), 432-441.

Kuhn, A., R. Lalive, and J. Zweimiiller (2009). The public health costs of job loss. Journal of
Health Economics 28(6), 1099-1115.

Lafférs, L. (2013). A note on bounding average treatment effects. Economics Letters 120(3),
424-428.

Manski, C. F. (1989). Anatomy of the selection problem. Journal of Human Resources 24(3),
343-360.

Manski, C. F. (1997). Monotone treatment response. Econometrica 65(6), 1311-1334.

Manski, C. F. and J. V. Pepper (2000). Monotone instrumental variables: With an application
to the returns to schooling. Econometrica 68(4), 997-1010.

Manski, C. F. and J. V. Pepper (2009). More on monotone instrumental variables. Econometrics
Journal 12(S1), S200-S216.

26



Marcus, J. (2013). The effect of unemployment on the mental health of spouses—Evidence from
plant closures in Germany. Journal of Health Economics 32(3), 546-558.

Murphy, G. C. and J. A. Athanasou (1999). The effect of unemployment on mental health.
Journal of Occupational and Organizational Psychology 72(1), 83-99.

OECD (1988). The OECD Jobs Strategy Technology, Productivity and Job Creation Best Policy
Practices 1998 Edition. Paris: OECD Publishing.

OECD (2015a). Country chapters for OECD series benefits and wages. Available at
http://www.oecd.org/els/benefits-and-wages-policies.htm. [Accessed: 03.08.2015].

OECD (2015b). Policy overview tables on benefits and wages. Available at
http://www.oecd.org/els/benefits-and-wages-policies.htm. [Accessed: 03.08.2015].

Paul, K. I. and K. Moser (2009). Unemployment impairs mental health: Meta-analyses. Journal
of Vocational Behavior 74(3), 264-282.

Pepper, J. V. (2000). The intergenerational transmission of welfare receipt: A nonparametric
bounds analysis. Review of Economics and Statistics 82(3), 472—-488.

Rubin, D. B. (1974). Estimating causal effects of treatments in randomized and nonrandomized
studies. Journal of Educational Psychology 66(5), 688-701.

Ruhm, C. J. (1991). Are workers permanently scarred by job displacements? American Eco-
nomic Review 81(1), 319-324.

Rumpf, H.-J., C. Meyer, U. Hapke, and U. John (2001). Screening for mental health: Valid-
ity of the MHI-5 using DSM-IV Axis I psychiatric disorders as gold standard. Psychiatry
Research 105(3), 243-253.

Salm, M. (2009). Does job loss cause ill health? Health Economics 18(9), 1075—-1089.

Salyers, M. P, H. B. Bosworth, J. W. Swanson, J. Lamb-Pagone, and F. C. Osher (2000).
Reliability and validity of the SF-12 health survey among people with severe mental illness.
Medical Care 38(11), 1141-1150.

Schaller, J. and A. H. Stevens (2015). Short-run effects of job loss on health conditions, health
insurance, and health care utilization. Journal of Health Economics 43, 190-203.

Schmitz, H. (2011). Why are the unemployed in worse health? The causal effect of unemploy-
ment on health. Labour Economics 18(1), 71-78.

Sullivan, D. and T. Von Wachter (2009). Job displacement and mortality: An analysis using
administrative data. The Quarterly Journal of Economics 124(3), 1265-1306.

Venn, D. (2012). Eligibility criteria for unemployment benefits: Quantitative indicators for
OECD and EU countries. Oecd social, employment and migration working papers, OECD,
OECD Publishing, Paris.

27



Ware Jr., J. E. and B. Gandek (1998). Overview of the SF-36 health survey and the international
quality of life assessment (IQOLA) project. Journal of Clinical Epidemiology 51(11), 903—
912.

Ware Jr., J. E., M. Kosinski, and S. D. Keller (1996). A 12-item short-form health survey:
Construction of scales and preliminary tests of reliability and validity. Medical Care 34(3),
220-233.

Warr, P. (1987). Work, unemployment, and mental health. Oxford: Oxford University Press.

Warr, P. and P. Jackson (1987). Adapting to the unemployed role: A longitudinal investigation.
Social Science & Medicine 25(11), 1219-1224.

WHO  (2015a). Global  health  expenditure  database.  Available at
http://apps.who.int/nha/database. [Accessed: 03.08.2015].

WHO (2015b). Global health observatory data repository. Available at
http://www.who.int/gho/database/en/. [Accessed: 03.08.2015].

WHO (2015c¢). Mental health atlas 2011 - country profiles. Available at
http://www.who.int/mental_health/evidence/atlas/profiles/en/. [Accessed: 03.08.2015].

WHO and Calouste Gulbenkian Foundation (2014). Social determinants of mental health. Tech-
nical report, WHO), Geneva.

World Bank  (2015). World  development indicators.  Available  at
http://data.worldbank.org/indicator. [Accessed: 03.08.2015].

28



Figure 1: MTS Bounds
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Figure 2: MTS-MTR-MIV Bounds
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Figure 4: MTS-MTR-MIV bounds for the effect of unemployment duration versus employment
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Notes: Bias-corrected MTS-MTR-MIV bounds use maternal education as MIV.

32



Figure 5: MTS-MTR-MIV bounds using different MIVs and HILDA
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Notes: Bias-corrected MTS-MTR-MIV bounds. Bounds calculated for observations
(N=55,672) with non-missing information on all MIV:s.
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Table 1: Descriptive statistics

Australia Germany UK US
Panel A: Average mental health scores
Employed .016 021 .029 .040
(% employed) 97.1 93.0 94.6 93.2
Unemployed -.558 -.281 -.520 -.548
(% unemployed) 2.9 7.0 5.4 6.8
N 55,703 48,116 96,230 19,938
Panel B: Employment and duration of unemployment
Employed (%) 97.4 93.9 96.8 93.2
Unemployed <3 1.4 1.3 2.5 33
month (%)
Unemployed 0.9 1.8 0.5 2.2
3-12 months (%)
Unemployed 0.3 3.1 0.2 1.3
12+months (%)
N 55,530 47,649 94,062 19,921
Panel C: maternal education (MIV, monotone instrumental variable)
None/primary 12.2 5.0 1.7 7.1
(%)
Some secondary 43.6 294 434 11.6
(%)
Secondary (%) 16.0 37.0 31.8 47.1
Secondary plus 19.8 18.5 17.4 16.4
training (%)
University (%) 8.3 10.0 5.7 17.8
N 55,703 48,116 96,230 19,938

Note: Panel B has fewer observations because unemployment duration data are not available
for all unemployed individuals. We use the following standardised measures of mental health:
SF-36 for Australia, SF-12 for Germany, GHQ-12 for the UK, and the K6 for the US (see
Section 4.2). See Table B.1 for exact definitions of the education categories for each country.
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Table 2: MTS-MTR-MIV bounds on effect of unemployment on mental health

Bias-corrected

Lower Upper Lower Upper

ETS Bound Bound Bound Bound

Panel A: Australia -.574 -.408 -.081 -422 -.079
N=55,703 (-.519 -.059) (-.533 -.056)
[-.515 -.057] [-.528 -.052]

Panel B: Germany -.302 -.188 -.074 -.205 -.073
N=48,116 (-.273 -.048) (-.289 -.047)
[-.254 -.046] [-.269 -.046]

Panel C: UK -.549 -.483 -.012 -.506 -.009
N=96,230 (-.549 -.001) (-.549 0)
[-.530 -.005] [-.543 -.001]

Panel D: US -.588 -.464 -.066 -473 -.065
N=19,938 (-.536 -.041) (-.545 -.040)
[-.541 -.036] [-.559 -.033]

Note: The dependent variable is a standardised measure of mental health (see Section 4.2 for
details). Estimates based on the exogenous treatment selection (ETS) assumption are
calculated as the raw mean difference in mental health between unemployed and employed
individuals. We use maternal education as the monotone instrumental variable (MIV). Imbens
and Manski (2004) 95% confidence intervals reported in parentheses. Percentile 95%
confidence intervals reported in brackets. Bias-corrected bounds and confidence intervals
calculated using 1000 bootstrap repetitions.
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Table 3: MTS-MTR-MIV bounds on effect of unemployment on mental health by gender

Bias-corrected

Lower Upper Lower Upper
ETS Bound Bound Bound Bound
Panel A: Australia
Men -.594 -.255 -.071 -.258 -.069
N=28,263 (-.440 -.040) (-.444 -.038)
[-.468 -.037] [-.479 -.034]
Women -.549 -432 -.091 -.456 -.090
N=27,440 (-.529 -.058) (-.549 -.056)
[-.517 -.055] [-.549 -.051]
Panel B: Germany
Men -.270 -.180 -.082 -.198 -.079
N=24,950 (-.246 -.047) (-.264 -.044)
[-.238 -.045] [-.267 -.041]
Women -.320 -.096 -.061 -.107 -.053
N=23,166 (-.268 -.024) (-.273 -.016)
[-.251 -.034] [-.261 -.017]
Panel C: UK
Men -.554 -.498 -.032 -.537 -.025
N=44,968 (-.554 -.011) (-.554 -.004)
[-.528 -.014] [-.554 -.008]
Women -.581 -.456 -.001 -.490 0
N=51,262 (-.581 0) (-.581 0)
[-.569 0] [-.587 0]
Panel D: US
Men -472 -.254 -.147 -.282 -.146
N=7,911 (-.373 -.105) (-.401 -.103)
[-.352 -.103] [-.398 -.102]
Women -.670 -.589 -.018 -.606 -.007
N=12,026 (-.670 0) (-.670 0)
[-.670 -.001] [-.670 0]

Note: The dependent variable is a standardised measure of mental health (see Section 4.2 for

details). Estimates based on the exogenous treatment selection (ETS) assumption are

calculated as the raw mean difference in mental health between unemployed and employed
individuals. We use maternal education as the monotone instrumental variable (MIV). Imbens

and Manski (2004) 95% confidence intervals reported in parentheses. Percentile 95%

confidence intervals reported in brackets. Bias-corrected bounds and confidence intervals

calculated using 1000 bootstrap repetitions.
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Table 4: MTS-MTR-MIV bounds using different mental health measures.

Bias-corrected

Lower Upper Lower Upper
Bound Bound Bound Bound
Panel A: SF-36 (years 2001-2012)
N=55,703 -.408 -.081 -422 -.079
(-.519 -.059) (-.533 -.056)
[-.515 -.057] [-.528 -.052]
Panel B: K6 (years 2008, 2010, 2012)
N=14,600 =311 -.082 -.326 -.079
(-.491 -.045) (-.506 -.041)
[-.507 -.044] [-.521 -.039]
Panel C: SF-36 (years 2008, 2010, 2012)
N=14,600 -.249 -.109 -.268 -.104
(-.439 -.065) (-.457 -.060)
[-.453 -.066] [-.483 -.057]

Note: The dependent variable is a standardised measure of mental health (see Section 4.2 for
details). Results are based on the Australian data only. We use maternal education as the
monotone instrumental variable (MIV). Imbens and Manski (2004) 95% confidence intervals
reported in parentheses. Percentile 95% confidence intervals reported in brackets.
Bias-corrected bounds and confidence intervals calculated using 1000 bootstrap repetitions.
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Table 5: MTS-MTR-MIV bounds on effect of unemployment on mental health

Bias-corrected

Lower Upper Lower Upper

ETS Bound Bound Bound Bound

Panel A: Australia -.574 -482 -.060 -.496 -.059
N=55,703 (-.556 -.043) (-.570 -.042)
[-.550 -.042] [-.569 -.041]

Panel B: Germany -.302 -.176 -.072 -.191 -.068
N=48,116 (-.268 -.032) (-.284 -.028)
[-.243 -.034] [-.252 -.030]

Panel C: UK -.549 -.490 -.032 -.516 -.028
N=96,230 (-.549 -.001) (-.549 0)
[-.526 -.012] [-.549 -.007]

Panel D: US -.588 -.550 -.019 -.565 -.018
N=19,938 (-.588 0) (-.588 0)
[-.588 0] [-.588 0]

Note: The dependent variable is a standardised measure of mental health (see Section 4.2 for
details). Estimates based on the exogenous treatment selection (ETS) assumption are
calculated as the raw mean difference in mental health between unemployed and employed
individuals. We use paternal education as the monotone instrumental variable (MIV). Imbens
and Manski (2004) 95% confidence intervals reported in parentheses. Percentile 95%
confidence intervals reported in brackets. Bias-corrected bounds and confidence intervals
calculated using 1000 bootstrap repetitions.
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Table 6: MTS-MTR-MIV bounds on effect of unemployment on mental health, before and after
the 2008 crisis

Bias-corrected

Lower Upper Lower Upper
ETS Bound Bound Bound Bound
Panel A: Australia
Pre-crisis -.582 -.402 -.106 -.436 -.105
N=30,693 (-.529 -.072) (-.563 -.071)
[-.501 -.069] [-.548 -.069]
Post-crisis -.564 -.401 -.065 -.433 -.064
N=25,010 (-.556 -.035) (-.564 -.034)
[-.538 -.031] [-.564 -.030]
Panel B: Germany
Pre-crisis -.279 -.118 -.08 -.131 -.071
N=33,431 (-.233 -.040) (-.242 -.033)
[-.218 -.048] [-.227 -.033]
Post-crisis -.364 -213 -.073 -.234 -.064
N=14,685 (-.330 -.034) (-.351 -.025)
[-.323 -.040] [-.353 -.022]
Panel C: UK
Pre-crisis -.484 -.300 -.059 -.331 -.057
N=59,087 (-.484 -.032) (-.484 -.029)
[-.423 -.034] [-.428 -.032]
Post-crisis -.618 -.548 0 -.571 0
N=37,143 (-.618 0) (-.618 0)
[-.615 0] [-.618 0]
Panel D: US
Pre-crisis -.622 -.426 -.081 -.435 -.075
N=9,630 (-.543 -.044) (-.551 -.038)
[-.558 -.046] [-.580 -.032]
Post-crisis -.569 -471 -.050 -.525 -.046
N=10,308 (-.569 -.015) (-.569 -.011)
[-.561 -.018] [-.569 -.013]

Note: We define survey years including 2008 as pre-crisis, later years as post-crisis. The dependent variable is a
standardised measure of mental health (see Section 4.2 for details). Estimates based on the exogenous treatment
selection (ETS) assumption are calculated as the raw mean difference in mental health between unemployed and
employed individuals. We use maternal education as the monotone instrumental variable (MIV). Imbens and
Manski (2004) 95% confidence intervals reported in parentheses. Percentile 95% confidence intervals reported in
brackets. Bias-corrected bounds and confidence intervals calculated using 1000 bootstrap repetitions.
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Table 7: OLS and FE estimates for the effect of unemployment on mental health

OLS FE
Panel A: Australia -0.501 ok -0.158 Hkok
(0.038) (0.029)
N 55,703 55,703
Panel B: Germany -0.267 wokE -0.163 wkE
(0.026) (0.028)
N 48,116 48,116
Panel C: UK -0.562 otk -0.494 sk
(0.023) (0.028)
N 96,230 96,230
Panel D: US -0.480 hokesk -0.277 ok
(0.042) (0.038)
N 19,938 19,938

Notes: Each cell represents a separate linear regression. The dependent variable is a standardised
measure of mental health (see Section 4.2 for details). Each regression includes controls for the
respondent’s age and its square, highest level of education, state of residence, marital status, number of
children in the household, sex, ethnicity, maternal education, and interview month and year.
Cluster-robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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Appendix A: Institutions

In a worldwide comparison, Australia, Germany, the UK, and the US rank among the highest
income countries with relatively high labour force participation rates.?> However, these coun-
tries differ considerably in several dimensions that might alter the effect of unemployment on
mental health. Table A.1 illustrates the magnitudes of these differences by providing a few
recent statistical highlights from the relevant labour market institutions and health care systems.

In 2013, the unemployment rates in Australia and Germany (approximately 5.5%) were two
percentage points lower than the levels in the UK and US. Figure A.1 provides a closer look
at the development of the unemployment rates in the analysed countries since 2000. Germany
improved from the country with the highest unemployment rate in 2000 to the lowest unem-
ployment rate in 2013. Interestingly, the unemployment rate in Germany began to decline after
the introduction of substantial labour market reforms in the mid-2000s (Hartz reforms). The
other countries had relatively low and even declining unemployment rates until the beginning
of the economic crisis in September 2008. Since then, unemployment in Australia, the UK, and
the US increased considerably and has not yet returned to pre-crisis levels.

Unemployment patterns and durations also differ across countries. Table A.1 shows that
Germany still has substantially more long-term unemployed workers than the remaining coun-
tries. At the same time, 88%, that is, the vast majority of German unemployed persons receive
some unemployment benefits compared to, e.g., only 26.5% in the US. These numbers are likely
to reflect different social security systems.

We now briefly illustrate some differences in the relevant institutions.>® Australia does
not provide an UI system?*, while in Germany and the UK, employees must contribute to UI
schemes (OECD, 2015a). Generally, a claimant must have contributed to the system for at
least 12 months in the last 2 years to be eligible for UI benefits. However, specific eligibility
criteria, strictness, benefit duration, and generosity differ between the two countries. While the
German Arbeitslosengeld I replaces 60% of the previous net earnings and might last for two
years®, the British Jobseeker’s Allowance (JSA) is payable as a fixed amount (relative to the
average worker wage)? for up to 182 days i.e., less than 6 months in one job-seeking period. In
Australia, unemployed individuals younger than 22 are eligible for a Youth Allowance and those
older than 22 for a Newstart Allowance. The rates depend on an individual’s living arrangements
(single/partnered) and on the presence of dependent children (OECD, 2015a). In the US, the
legislation for UI benefits varies by state. Typically, regular state UI benefits last up to 20 weeks
and are conditional on a minimum number of weeks worked or wages earned in the base period
(Venn, 2012; OECD, 2015a).

In contrast to Australia, Germany, and the UK, there are no unemployment assistance (UA)

22During the 2000s, the GDP per capita values of these countries have continuously exceeded 30,000 USD (in
2005 USD) and their labour force participation rates exceeded 70% (of the population aged 15-64) (World Bank,
2015).

ZWe follow the OECD definitions of unemployment insurance (UI) and assistance (e.g., see OECD, 2015b).

24*However, in Australia, individuals still receive unemployment benefits from the social income support system
that is funded through general taxation.

23The duration of benefits generally ranges from 6 to 12 months and depends on the contribution period and em-
ployment record. However, special rules apply to individuals aged 50 and above whose eligibility period increases
gradually to 24 months (OECD, 2015a).

26In 2013, the weekly amount for a single person was 56.80 GBP if aged 16-24 and 71.70 GBP if 25 or over
(OECD, 2015a).
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schemes in the US.?” UA benefits are usually available for working-age individuals who are able
to work and whose families are in severe financial need, e.g., because Ul benefits have been
exhausted. In all three countries, UA benefits are subject to means-testing on family income
and payable at a fixed amount as long as the jobseeker meets specific eligibility conditions (see,
e.g., OECD, 2015a). Table A.1 shows a simple statistic that attempts to compare the generosity
of these different UA schemes in 2010; the maximum benefit amount was 18% of the average
wage in Australia and approximately 10% in Germany and the UK.

The four countries also exhibit several striking differences in terms of their health care
systems and access to mental health services. Save for the US, their entire populations are
covered by a social health protection systems. While the US has the highest average out-of-
pocket expenditures per capita (858 USD), its government accounts for the lowest share of the
total health expenditure (47%). With regard to mental health, all four countries have officially
approved mental health policies (WHO, 2015¢) but the availability of mental health services
varies across countries. For example, Germany’s facilities provide the largest number of beds
for mental health treatment. Regarding health professionals, the US display the lowest provision
of psychiatrists and nurses, which might, to some extent, be offset by relatively high numbers
of psychologists and social workers in the mental health sector.

Given that care delivery might be demand driven (and vice versa), Table A.1 summarises
comparable numbers on treatment for mental health reasons. The number of patients treated
in mental health outpatient facilities is highest in the UK, followed by Australia and the US.
While treatment in outpatient facilities is relatively uncommon in Germany, it has the highest
number of patients admitted to mental hospitals, which is rather rare in Australia. A brief
inspection of suicide rates suggests that the UK population exhibits by far the lowest incidence
rates. Nevertheless, we observe a common trend in all four countries: the risk of suicide for
men is over three times higher than for women (WHO, 2015b).

2"However, other programs assist individuals who have low incomes, e.g., the Supplemental Nutrition Assis-
tance Program (SNAP) or Temporary Assistance for Needy Families (TANF).
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Table A.1: Selected indicators on labour market institutions and health care systems

‘ Australia ‘ Germany ‘ UK USA
Unemployment rate (% of labour | 5.7 5.3 7.5 7.4
force)?
Long-term unemployment (% of | 20.3 45.2 34.7 29.3
unemployment)®
Effective coverage by benefits (% | 52.7 88.0 62.6 26.5
of unemployment)®
Unemployment insurance (UI) | not available max. 12 months, | max. 6 months, | state-specific

benefitsd

Unemployment assistance (UA)
benefits!

Social health protection coverage
(% of population)®

Government expenditure on health
(% of total health expenditure)’
Out-of-pocket expenditure per
capita (in 2005 USD)f

Beds for mental health treatment
(per 100,000 population)®
Psychiatrists in mental health sec-
tor (per 100,000 population)”
Nurses in mental health sector (per
100,000 population)®
Psychologists in mental health
sector (per 100,000 population)”
Social workers in mental health
sector (per 100,000 population)”

Persons treated in mental health
outpatient facilities (per 100,000
population)?

Admissions to mental hospitals
(per 100,000 population)®

Age-standardised suicide
(per 100,000 population)!

rates

18% of AW

100

66.4

606

49.1

12.8

69.5

16.7

8.6

1,534.0

56.7

10.6

replace 60% of
net earnings
10.2% of AW
100

76.8

548

88.7
15.2
56.1
no information

no information

559.7

641.5

9.2

fixed amount
(9.9% of AW)
9.9% of AW
100

83.5

323

60.9
17.7
83.2
12.8

2.0

2,340.2

232.3

6.2

not available

84

47.1

858

56.1

7.8

3.1

29.6

59.8

931.9

256.9

12.1

Note: “In 2013. Source: World Bank (2015). ®In 2012; number of people with continuous periods of
unemployment extending for a year or longer. Source: World Bank (2015). “In 2012; % of
unemployment. Source: ILO (2015). “In 2010; AW denotes average worker wage. Source: OECD

(2015b). ¢In 2010. Source: ILO (2015). 'In 2013. Source: WHO (2015a). $In 2011; sum of beds in
general hospitals, community residential facilities, and mental hospitals; own calculations. Source:
WHO (2015¢). "In 2011. Source: WHO (2015b). 'In 2012. Source: WHO (2015b).
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Figure A.1: Unemployment rates 2000-2013
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Source: World Bank (2015).
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Appendix B: Additional tables
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Table B.2: MTS-MTR-MIV bounds on effect of unemployment on mental health

Bias-corrected

Lower Upper Lower Upper

ETS Bound Bound Bound Bound

Panel A: -.574 -.541 -.025 -.547 -.024
N=55,703 (-.574 -.010) (-.574 -.009)
[-.574 -.008] [-.574 -.007]

Panel B: Germany -.302 -.256 -.046 -.265 -.044
N=48,116 (-.297 -.029) (-.302 -.027)
[-.297 -.027] [-.302 -.024]

Panel C: UK -.532 -.494 -.012 -.495 -.011
N=96,230 (-.527 -.003) (-.528 -.003)
[-.532 -.003] [-.532 -.003]

Panel D: US -.588 -475 -.045 -476 -.045
N=19,938 (-.546 -.024) (-.547 -.024)
[-.556 -.021] [-.557 -.021]

Note: The dependent variable is a standardised measure of mental health (see Section 4.2 for

details). Estimates based on the exogenous treatment selection (ETS) assumption are

calculated as the raw mean difference in mental health between unemployed and employed
individuals. We use a recoded variable of maternal education as the monotone instrumental
variable (MIV), where we combine the upper and lower two categories shown in Table B.1,
respectively. Imbens and Manski (2004) 95% confidence intervals reported in parentheses.

Percentile 95% confidence intervals reported in brackets. Bias-corrected bounds and

confidence intervals calculated using 1000 bootstrap repetitions.
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Table B.3: MTS-MTR-MIV bounds on effect of unemployment on mental health

Bias-corrected

Lower Upper Lower Upper

ETS Bound Bound Bound Bound

Panel A: Australia -.480 -211 -.080 =227 -.074
N=9417 (-.402 -.029) (-.417 -.023)
[-.396 -.031] [-.426 -.023]

Panel B: Germany =271 -.180 -.067 -.230 -.049
N=8,422 (-.271 0) (-.271 0)
[-.267 -.016] [-.271 -.002]

Panel C: UK -.600 -.573 -.005 -.654 0
N=16,437 (-.600 0) (-.600 0)
[-.600 0] [-.600 0]

Panel D: US -.593 -.467 -.043 -.491 -.038
N=5,965 (-.593 -.003) (-.593 0)
[-.593 -.006] [-.593 -.001]

Note: The dependent variable is a standardised measure of mental health (see Section 4.2 for
details). Estimates are based on the first observation of each individual. Estimates based on
the exogenous treatment selection (ETS) assumption are calculated as the raw mean difference
in mental health between unemployed and employed individuals. We use maternal education
as the monotone instrumental variable (MIV). Imbens and Manski (2004) 95% confidence
intervals reported in parentheses. Percentile 95% confidence intervals reported in brackets.
Bias-corrected bounds and confidence intervals calculated using 1000 bootstrap repetitions.
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Table B.4: MTS-MTR-MIV bounds on effect of unemployment on mental health

Bias-corrected

Lower Upper Lower Upper

ETS Bound Bound Bound Bound

Panel A: Australia -.567 -.359 -.087 -.366 -.085
N=57,645 (-.475 -.064) (-.482 -.062)
[-.481 -.062] [-.485 -.059]

Panel B: Germany -.295 -.201 -.073 -.224 -.076
N=49,280 (-.292 -.016) (-.295 -.019)
[-.256 -.04] [-.275 -.036]

Panel C: UK -.535 -479 -.016 -.535 0
N=102,170 (-.535 0) (-.535 0)
[-.513 -.007] [-.535 0]

Panel D: US -.595 -.485 -.063 -.518 -.076
N=21,694 (-.595 -.032) (-.595 -.045)
[-.554 -.016] [-.511 -.014]

Note: The dependent variable is a standardised measure of mental health (see Section 4.2 for
details). Estimates based on the exogenous treatment selection (ETS) assumption are
calculated as the raw mean difference in mental health between unemployed and employed
individuals. We use maternal education as the monotone instrumental variable (MIV). Imbens
and Manski (2004) 95% confidence intervals reported in parentheses. Percentile 95%
confidence intervals reported in brackets. Bias-corrected bounds and confidence intervals
calculated using 1000 bootstrap repetitions.
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Table B.5: MTS-MTR-MIV bounds on effect of unemployment on mental health by age groups

Bias-corrected

Lower Upper Lower Upper
ETS Bound Bound Bound Bound
Panel A: Australia
Under 40 -.601 -421 -.053 -.524 -.009
N=28,829 (-.601 0) (-.601 0)
[-.538 -.026] [-.549 -.005]
Over 40 -.509 -.254 -.139 -.263 -.138
N=28,816 (-.379 -.091) (-.389 -.090)
[-.397 -.086] [-.411 -.081]
Panel B: Germany
Under 40 =215 -.149 -.073 -.197 -.07
N=22,320 (-.215 -.040) (-.215 -.037)
[-.194 -.040] [-.215 -.037]
Over 40 -.362 -.252 -.056 -.275 -.051
N=26,960 (-.357 -.015) (-.362 -.010)
[-.333 -.013] [-.347 -.006]
Panel C: UK
Under 40 =517 -.459 -.022 -.482 -.019
N=53,255 (-.517 -.003) (-.517 -.001)
[-.498 -.006] [-.517 -.005]
Over 40 -.555 -.444 -.035 -.465 -.033
N=48915 (-.555 -.014) (-.555 -.012)
[-.530 -.012] [-.538 -.010]
Panel D: US
Under 40 -.592 -.523 -.005 -.592 0
N=12,524 (-.592 0) (-.592 0)
[-.590 0] [-.592 0]
Over 40 -.561 -422 -.079 -.442 -.068
N=9,170 (-.540 -.040) (-.559 -.030)
[-.542 -.047] [-.561 -.026]

Note: The dependent variable is a standardised measure of mental health (see Section 4.2 for
details). Estimates based on the exogenous treatment selection (ETS) assumption are
calculated as the raw mean difference in mental health between unemployed and employed
individuals. We use maternal education as the monotone instrumental variable (MIV). Imbens
and Manski (2004) 95% confidence intervals reported in parentheses. Percentile 95%
confidence intervals reported in brackets. Bias-corrected bounds and confidence intervals
calculated using 1000 bootstrap repetitions.
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Figure B.1: Distribution of mental health measures
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