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Introduction

Working from home (WFH) was relatively uncommon in Europe be-
fore the pandemic, as only 3% of employees and 19% of self-employed
workers worked from home at least part of their time.! Instead, after
the pandemic outbreak 48% of employees worked remotely, making it
the prevalent arrangement for a large fraction of workers (Eurofound,
2020). Similar trends are also reported for the US (Barrero et al., 2021).

Our paper develops an identification strategy able to provide causal
estimates of the effects of WFH on mental health during the first
wave of the Covid-19 pandemic, when governments put in place a
set of restrictions to in-presence work. Our focus on mental health is
motivated by the key role it plays as a determinant of subjective well-
being, a potential risk factor for future health, and a driver of choices,
behaviours and productivity at the workplace.

A careful research design is needed to tackle the multiple sources
of endogeneity arising in our context. First, unobserved heterogeneity:
those who worked remotely may differ from the others with respect to
unobservable predictors of depression. Second, self-selection into work-
ing from home may also play a role: expected risk of depression under
different work arrangements may determine whether individuals chose
to work from home or not. Finally, sample selection is also relevant:

we compare individuals working from home with those that continued
to work at their usual workplace, yet the probability of working during
the first wave of the pandemic may depend on their state of mental
health and their willingness/feasibility to work remotely.

We address these endogeneity concerns by using longitudinal data
and by exploiting two sources of exogenous variability during the first
wave of the pandemic. The first is the variability across sectors in the
legal restrictions on in-presence work. The second is the variability in
the technical possibility of a job to be performed remotely. We use
these policies in non-linear instrumental variables and linear difference-
in-differences models. Crucially, we provide evidence that prior to
the pandemic the groups of workers defined by sector and degree of
teleworkability had comparable depression trends. This result confirms
the exogeneity of these sources of variability and corroborates our
identification strategy.

We focus on European workers aged 50+, for whom the Survey of
Health, Ageing and Retirement in Europe (SHARE) collected precious
longitudinal data immediately before and after the first wave of the
pandemic. Importantly, these data allow us to monitor the evolution of
individuals’ mental health over the pandemic, the outcome variable of
our analysis.
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We estimate that, on average, feelings of sadness or depression
increased more among those working remotely than those continu-
ing at their regular workplace, and this adverse effect was larger in
magnitude for women and respondents with cohabiting adult children.
This result, which may seem counter-intuitive, is actually in line with
evidence both on pre and post pandemic periods. Mas and Pallais
(2020) survey the literature on work arrangements and find very strong
positive relationship between “WFH often” and having a job that is
considered stressful and that interferes with family life. Gueguen and
Senik (2023) confirm the evidence that “WFH always” has a nega-
tive impact on mental health with the effect driven by women with
children at home. Moreover, we find that working from home was
more detrimental in regions where the pandemic was relatively mild
(measured by the excess death rate during the SHARE fieldwork period)
and the public policy response was more stringent (measured by the
Oxford Covid-19 Government Response Tracker). Our findings have
important implications for the debate on the future of remote work.
The negative impacts of experiencing “forced” remote work on mental
health suggest policymakers to allow for flexibility in the choice of
alternative work arrangements, depending on gender, demographics,
and family structure.

Literature review

This paper contributes to the literature on alternative work arrange-
ments by estimating the impact of WFH on mental health. Understand-
ing this relationship is important because — while the pandemic induced
an abrupt shift towards WFH — workers were already willing to work
remotely before 2020, when it was by and large not an option (Mas
and Pallais, 2017; Reuschke and Felstead, 2020; Maestas et al., 2023;
Godard and Le Bihan, 2023), and there is evidence that the experience
of WFH during the pandemic reinforced this tendency (Barrero et al.,
2021).

Oakman et al. (2020) review the pre-pandemic literature on the
relationship between working from home and several measures of
physical and mental health in the social sciences, and conclude that
women are less likely to experience improved mental health when
working remotely. However, a common feature of most of the papers
summarized in this review is that they report cross-sectional associa-
tions between work arrangements and mental health that fail to isolate
credible sources of exogenous variation for the identification of causal
impacts. In response to this important concern, few studies resorted to
experimental methods to uncover the effect of WFH on productivity,
mental health and job satisfaction. For instance, Bloom et al. (2015) run
a randomized controlled trial at Ctrip, a 16,000-employee, NASDAQ-
listed Chinese travel agency, on call centre workers, and find a sizeable
increase in productivity and work satisfaction for those working from
home, but adverse effects on career prospects. Similarly, Angelici and
Profeta (2024) run an experiment on workers from a large Italian firm.
They find that working from home one day per week induces a sizeable
increase in productivity and well-being. Delanoeije and Verbruggen
(2020) propose a similar design in the Belgian context, and find that
workers offered to work from home report less stress and higher
productivity.

The pandemic led to a sudden increase in WFH, by and large
induced by containment policies. As a result, the literature on the
evaluation of such a work arrangement on labour market and health
outcomes flourished. Since the shift to WFH in most cases was induced
by the classification of jobs into “essential/not essential” and the degree
of “teleworkability” of the tasks performed on the job, those are the
dimensions exploited in some early studies on the topic.

Palomino et al. (2020) study the effect of the containment measures
on workers’ outcomes. Based on simulations, they predict substantial
wage losses for non essential, non teleworkable jobs, who are more
exposed to the threat of job loss. Adams-Prassl et al. (2022) estimate
a negative correlation between US and UK workers’ self-reported share
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of teleworkable tasks and the probability of job loss during the COVID-
19 pandemic. Depalo and Pereda-Fernandez (2023) use data from the
eighth regular wave of SHARE and the SHARE Corona survey (the very
same data we use in this paper) and find that WFH was more likely
for jobs in teleworkable sectors and for those using a PC at home. The
authors also relate the higher frequency of WFH among women vs. men
with their higher relative employment rate in the public sector.”

The shift towards remote work induced by the pandemic has not
only altered the percentage of workers engaged in remote work (exten-
sive margin) but has also changed the amount of time remote workers
spend working from home (intensive margin), inducing a sudden in-
crease in the share of full-time remote workers. Such a change renewed
the interest in estimating the effect of extensive WFH on productivity
and (mental) health.

Kitagawa et al. (2021) conduct a survey in four manufacturing
firms in Japan, and report that workers in WFH experienced larger
productivity declines than those who did not, likely due to WFH setup
issues, but better mental health. Similarly, Gibbs et al. (2023) provide
evidence based on personnel data from a large IT services company
based in India, and find that average employee output per hour of work
declined by 8 to 19 percent. This paper does not report evidence on
mental health effects. Etheridge et al. (2020) use data from the Covid-
19 module of the UK Household Longitudinal Survey (UKHLS) and find
a large heterogeneity in the effect of the pandemic on productivity
across sectors and genders, with worse effects for those in teleworkable
jobs. Moreover, declines in productivity are strongly associated with
declines in mental health. The same data were used by Gueguen and
Senik (2023), who report no effect on life satisfaction despite a negative
effect on mental health. Deole et al. (2023) also use UK data from
the Covid waves of the Understanding Society survey. In their paper,
pandemic-led increases in WFH frequency are associated with a modest
increase in productivity, again with evidence of heterogeneity across
job characteristics. Using the same data, Reuschke and Felstead (2020)
confirm the limited effect on productivity and find a deterioration of
mental health indicators for those who work from home. Furthermore,
using data from the German Socio-Economic Panel, Senik et al. (2024)
show that teleworking during Covid-19 had a negative average effect
on life satisfaction for unmarried men and for women with school-age
children. Perelman et al. (2021) use SHARE Covid survey data, and
find no association of WFH with mental health once they control for
lockdown measures. With the same data, Rinsky et al. (2021) find a
deterioration of mental health of workers aged 50 to 70 working from
home, while no association for those exclusively working on-site and
not from home.

Our central contribution to the literature is to design an identifica-
tion strategy to assess the causal effects of remote working on mental
health during the Covid-19 pandemic exploiting representative data for
the 50+ European population.

Data and descriptive statistics

We combine longitudinal individual survey data with aggregate
information on job characteristics and gauges of pandemic severity
and the government response. The individual data come from the
SHARE, an international panel survey on the health, employment and
social conditions of a representative sample of the European population
aged 50 and up. The survey began in 2004 and since then has been
conducted biannually in an increasing number of countries. From 2017
it covers all 27 EU countries plus Israel and Switzerland.®

2 Some papers also analyse the contribution of in-place work to the spread
of Covid-19, and the resulting economic impacts (Alipour et al., 2021; Basso
et al., 2022; Di Porto et al., 2022; Alipour et al., 2023).

3 More details on survey methodology of regular SHARE waves can be
found in Borsch-Supan et al. (2013).
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The fieldwork for Wave 8 of SHARE began in October 2019 and was
interrupted by the pandemic; it had to be suspended in all participating
countries in March 2020 when some 70% of the panel respondents
across Europe had already been interviewed.* In response, SHARE
developed a special questionnaire covering the same topics as the
regular survey, but considerably shortened and targeted at the cir-
cumstances of people aged 50 and above during the pandemic. This
SHARE Corona survey was conducted by telephone interview (CATI
methodology) mostly between June and July 2020; for more on the
survey methodology, see Borsch-Supan (2022) and Scherpenzeel et al.
(2020). This approach means that we observe a sample of the 50+
population in Europe immediately before and after the first wave of
the Covid-19 pandemic.

Sample selection

Our empirical analysis is based on the information on mental health
provided by respondents participating in both Wave 8 and SHARE
Corona survey. As anticipated in Section “Introduction” and further
detailed in Section “Empirical methods”, to validate our identification
strategy, we also analyse their mental health trends between Wave 8
and at least one previous data collection wave. Therefore, we had to
exclude countries that participated in SHARE for the first time in Wave
7, as in that Wave respondents completed a life-history questionnaire
and were not inquired about their mental health. We also exclude
Portugal, which was not present in Wave 8, and the Netherlands, where
information on occupations — that is crucial to identify teleworkable
jobs — was not collected in Waves 6 and 7.

Our sample thus includes the following 17 countries: Austria, Bel-
gium, Croatia, Czech Republic, Denmark, Estonia, France, Germany,
Greece, Israel, Italy, Luxembourg, Poland, Slovenia, Spain, Sweden, and
Switzerland. For these countries, we have data for individuals surveyed
in the Corona Survey with an age between 50 and the statutory retire-
ment age in each country (taken from the MISSOC tables and reported
in Table A.1 in the Appendix). This starting sample includes 14,229
respondents. From this sample, we keep only those who were employed
at wave 8 as well as at work at the outbreak of the pandemic (3,685
observations).

Respondents who were not working in wave 8 are excluded because
our identification strategy relies on knowing the sector and the occu-
pation before the outbreak of the pandemic (see Section “Empirical
methods”). Furthermore, we also drop respondents with missing ob-
servations on the outcome variables (variation in sadness or depression
between Corona survey and wave 8 and between wave 8 and the closest
available interview®) and respondents with missing information on
background characteristics. Eventually, our estimation sample counts
2,861 observations.

A concern related to our sample selection strategy is that we restrict
our sample to respondents participating in both Wave 8 and the Corona
Survey, and there is attrition between the two interviews. Appendix
Table A.2 looks at respondents who were employed at wave 8 and
complied with all our additional selection criteria, regardless of par-
ticipating in the Corona survey and being employed at the outbreak
of the pandemic (N=4,349). In this sample, we compare those who
turn out to be included (N=2,861) or excluded (N=1,488) from our

4 Due to the forced break in collection of SHARE Wave 8 we acknowledge
the non-negligible risk that sample imbalances might have emerged due to
the challenges in reaching some respondents, potentially affecting the sample
representativeness of the 50+ population in certain countries. However, these
imbalances are unlikely to pose a significant threat within our estimation
framework. We do not expect the probability of being interviewed to signif-
icantly correlate with trends in mental health, our outcome variable, once
we control for the instruments and a comprehensive set of predetermined
characteristics.

5 Hereafter, we will refer to this as Wave 7 for brevity.
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final sample. The Table reports p-values for the statistical significance
of mean differences across the two samples, as well as the sharpened
g-values that account for false discovery rates (FDR) due to multiple
testing hypotheses, obtained with the method proposed by Anderson
(2008).

The two samples are remarkably similar. If anything, included
respondents are younger (59 vs. 60 years on average) and less likely
to have a partner (79 vs 84%) than the excluded ones.

Mental health

In the regular SHARE waves, the EURO-D scale serves as a validated
measure of depressive symptoms (Prince et al., 1999). Unfortunately,
only three of the EURO-D items were part of the SHARE Corona survey
questionnaire, namely feelings of sadness or depression, loneliness,
and sleep patterns. Lacking data on a validated scale for depressive
symptoms, we focus on the direct question about feelings of sadness or
depression (camh002) which reads: “In the last month have you been
sad or depressed?” and must be answered either Yes or No.® The cross-
sectional correlation between this variable and the EURO-D at wave 8
is equal to 0.66, a high value, that supports the validity of our measure.
The same question was asked in Wave 8 as well as in the most recent
previous wave.”

Employment status during the first wave of the pandemic and working from
home

In the SHARE Corona survey, respondents are asked a series of
questions to elicit labour market participation and work arrangements
during the first wave of the pandemic. The first question is whether
they were employed or self-employed at the outbreak of Covid-19
(caep805). Conditional on a positive answer, respondents were then
asked if they became unemployed, were laid off or had to close their
business because of the pandemic (caw002). After this set of questions,
caw010 asks “Since the outbreak of Corona, some people worked at
home, some at their usual workplace outside their home, some both.
How would you describe your situation?”, with four possible answers:

»

“Worked at home only”, “Worked at the usual workplace”, “Worked
from home and at the usual workplace”, “None of these (furloughed,
did not work at all)”. We use these responses to identify three groups of
respondents: (i) those who continued at their usual workplace, (ii) those
who worked from home at least part of the time, and (iii) those who
lost their job or ceased work but retained their employment status (in
many countries there were public policies to limit or avoid job losses,
workers being furloughed and subsidized through general taxation). As
reported in Table 1, roughly 75% continued to be employed and work
during the first wave of the pandemic. Of those, close to 40% worked
from home for at least part of the time, while 60% worked only at the
usual place.

6 After the question, respondents who answer positively are also asked,
retrospectively, whether they feel more or less sad/depressed than before the
pandemic; the same goes for sleep patterns and loneliness. However, we cannot
use this information to assess the variation in mental health for the whole
sample because the questions were not put to those who answered that they
had not been sad or depressed in the last month before the interview.

7 Depression was not elicited in Wave 7 for respondents who had not yet
answered the retrospective questionnaire addressed to SHARE respondents in
Wave 3. For these individuals, we retrieve depression from previous waves
(Wave 6 or Wave 5). In the end, we used Wave 5 data for 4% of the sample,
Wave 6 data for 91%, and Wave 7 data for 5%.
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Table 1
Descriptive Statistics.

Mean Std.Dev  Obs

Dependent variables
A Depression Corona Survey - Wave 8

Worse Depression 0.074 0.262 2,861
Same Depression 0.680 0.466 2,861
Improved Depression 0.246 0.431 2,861
A Depression Wave 8 - Wave 7

Worse Depression 0.148 0.355 2,861
Same Depression 0.678 0.467 2,861
Improved Depression 0.174 0.380 2,861
Endogenous variables

Continuously employed during Corona survey 0.747 0.435 2,861

Working from home — continuously employed only  0.407 0.491 2,138
Instrumental variables

Non-essential, Non-teleworkable job (IV1) 0.180 0.384 2,861
Teleworkable job (IV2) 0.655 0.476 2,861
Control variables

Age 60.015  3.048 2,861
Female 0.554 0.497 2,861
Has a partner 0.787 0.410 2,861
Tertiary education degree 0.374 0.484 2,861
Medium wealth tertile 0.337 0.473 2,861
Top wealth tertile 0.327 0.469 2,861
Has no children 0.099 0.299 2,861
Employed as civil servant at Covid outbreak 0.322 0.467 2,861
Self-employed at Covid outbreak 0.140 0.347 2,861
log(Peak excess death rate) — by region 3.297 0.788 2,861

Other individual-level variables

Our analysis makes use of a few other individual-level variables,
that are measured at Wave 8 and we exploit as controls and to explore
heterogeneous effects. These variables include gender, a dummy for
having a tertiary education degree, a dummy for living with a part-
ner in the household, a dummy for not having children, household
wealth country-specific tertiles (the lowest tertile is the omitted cate-
gory in the analysis), a public employee dummy and a self-employment
dummy (private sector employee is the excluded category). Descriptive
statistics are reported in Table 1.

Essential sectors and the teleworkability of occupations

Our analysis also relies on information on ‘“essential” and “non-
essential” sectors and on the degree of technical teleworkability of
occupations.

First, the mobility restrictions that came into place during the first
wave of the pandemic did not apply to all workers: those employed in
sectors considered to be “essential” could keep working, while mobility
restrictions and home confinement applied to “non-essential” workers.
The first country to furnish a list of essential and non-essential sectors
was Italy, the first European country hit by the pandemic so the first
to enforce containment policies.

This list was issued in the Prime Ministerial Decree of 22 March
2020; sectors were divided into essential and non-essential by and
large at the 2-digit NACE level: agriculture, hunting, mining, quarrying,
utilities, transport and storage, public administration, education and
health were classified as essential, while manufacturing, construction,
wholesale and retail trade, hotels and restaurants, financial intermedi-
ation, real estate, and community services were non-essential. Almost
the same distinction was later adopted by most European govern-
ments (Fana et al.,, 2020). The 2-digit NACE coding is available in
SHARE data, so each respondent can be classified as essential or
non-essential.®

8 The Decree specified some distinction at a finer detail than 2-digit NACE.
As an example, within wholesale and retail, cars spare parts selling was
considered essential. Since that was the only essential subsector in wholesale
and retail, we considered the whole 2-digit NACE as non-essential.
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Second, we rely on the index of technical teleworkability of jobs
based on the 3-digit ISCO occupational codes developed by Sostero
et al. (2020). The index gauges the “technical possibility of providing
labour input remotely”: if a job has a significant amount of task
content that requires the physical manipulation of objects or people,
it is classified as not teleworkable. The construction relies on the
Italian Indagine Campionaria delle Professioni or Survey of Occupations
(ICP), collected by Istituto Nazionale per I’Analisi delle Politiche Pubbliche
(INAPP), and on the European Working Conditions Survey (EWCS),
collected by Eurofound. Starting from Wave 6, respondents’ occupa-
tions are retrieved in SHARE by means of a “job coder”, a survey
tool that automatically maps self-reported occupations into 4-digit ISCO
codes (Brugiavini et al., 2017). This feature of the data allows us to
match each worker’s occupation precisely with its teleworkability index
value from Sostero et al. (2020).

The teleworkability index developed by Sostero et al. (2020) has
been widely used by the literature focusing on European countries
to capture occupations’ degree of teleworkability in the aftermath of
the Covid-19 pandemic (e.g. Stantcheva, 2022; Bello and Rocco, 2022,
among others). However, to the best of our knowledge, we are the first
to exploit it as an instrument for the workers’ probability of working
from home.

In Fig. 1, we plot the average teleworkability index by 1-digit
ISCO occupational code using our working sample. The graph shows
that there is substantial heterogeneity across occupations and that the
highest potential for working from home is among clerical workers and
professionals. Examples in these categories are sales and purchasing
agents and brokers, office clerks, data analysts and legal professionals.
On the other hand, among the occupations with no or little room for
teleworkability we find workers employed in agricultural and blue-
collar occupations such as agricultural, forestry and fishery labourers,
drivers, assemblers and machine/plants operators.

Fig. 2 highlights the cross-country heterogeneity in shares both of
essential sectors and of teleworkable jobs. Additional details on the
construction of the two instruments on the basis of these data are
available in Section “Empirical methods”.

Covid-19 severity and containment policies

The extent to which work arrangements affect mental health is
likely to depend also on the risk of contagion. We account for the local
severity of Covid-19 by observing the peak in the excess death rate
in the respondent’s region between January 2020 and the week of the
interview. We computed the excess mortality in region r and week w as
the percentage difference between the number of deaths in 2020 and
the average number of deaths in the same week w in 2016-2019:°

1 2019

Deaths,. ;5000 = 3 =016 Deaths,

P — score, , = 100. (€8}

JI 2;22;(9)16 Deaths,.

A P-score of 100% means the death count for that week was twice
as high as the average death count in the same week over the previous
four years. Finally, as a proxy for the severity of the pandemic, we take
the highest P-score in the respondent’s region in 2020 up to the end
of the SHARE fieldwork. Fig. 3 displays the substantial differences in
Covid-19 mortality faced by Europeans in different regions in the first
half of 2020.

9 For EU countries, this information is available at NUTS2 to NUTSO level
from Eurostat. For Israel, it is available at NUTSO level from Statistics Israel.
The regional aggregation level available in SHARE also differs by country.
We used NUTS2 regions whenever possible, and otherwise NUTS1 or NUTSO.
In detail, we use NUTS2 regions for Austria, Sweden, Spain, France, Italy,
Greece, Switzerland, Belgium, Czech Republic, and Poland; NUTS1 regions
for Germany; and the NUTSO country level for Denmark, Luxembourg, Israel,
Croatia, Slovenia and Estonia. In each country, we dropped respondents for
whom information on the region of residence was not available at this level.
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Fig. 1. Average teleworkability by occupation.
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Notes: The figure shows the average teleworkability by 1-digit ISCO occupational code. The teleworkability index is retrieved by Sostero et al. (2020).
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Fig. 2. Essential and teleworkable workers by country.

During the first wave of the pandemic, respondents in different
countries were subjected to a variety of containment policies: restric-
tions on social activities, school closures, shutdowns of economic ac-
tivities, even confinement at home. Most of these are compiled and
organized in an internationally comparable way in the Oxford Covid-
19 Government Response Tracker database, which also aggregates
information into a number of policy indices that vary by country (Hale
et al., 2021). Our starting point is the “Stringency index” which mea-
sures the strictness of policies restricting conduct using nine ordinal

containment and closure policy indicators including school closures,
workplace closures, and travel bans, plus an indicator recording public
information campaigns. It is then rescaled to a value from 0 to 100
(100=strictest). We look at the overall distribution of the stringency
index across countries and over the period between Wave 8 and the
SHARE Corona survey, defining as days in “strict lockdown” those in
the highest third of this distribution (i.e., values over 59.72). Then, for
each country, we counted the number of days of high stringency. Fig.
4 highlights the heterogeneity in this measure across countries.
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Fig. 3. Peak weekly excess death rate by region.
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Notes: The figure depicts the highest weekly excess death rate in weeks 1-37 of 2020. Boundaries are defined at the NUTS 2 level. Darker (lighter) blue regions indicate higher
(lower) values of the weekly excess death rate. Regions with no observations available are left white.

Empirical methods
Identification

Most papers investigating the effect of working from home on
mental health included in the review by Oakman et al. (2020) report
simple cross-sectional associations between mental health and work
arrangements.

The results of the cross-sectional approach are reported in the upper
Panel of Fig. 5, which shows the percentage of respondents reporting
sadness or depression at the Corona survey by employment status (not
employed, working at the usual place, working from home). This Figure
indicates that those working from home after the onset of Covid-19 are
less likely to report being sad or depressed at the SHARE Corona survey
than those who worked at the usual place, with both groups displaying
a lower incidence of sadness or depression compared to those who did
not work continuously during the first wave of the pandemic.

The internal validity of these estimates relies on the assumption of
absence of selection bias: the three groups defined above based on their
employment status and work arrangements during the pandemic would
have experienced the same levels of mental health had they all been
regularly employed and worked at the usual place.

The bottom Panel of Fig. 5 reports evidence against the plausibility
of this assumption. It shows that respondents in the three groups
defined above were not comparable in terms of their mental health
before the pandemic, when all of them were employed and most likely
working at the usual place. The ranking of average mental health across
the three groups is in fact the same as in the top Panel of the graph.'®

10 The differences across groups are jointly significant with a p-value below
0.001 at Corona survey and of 0.063 at Wave 8.

Therefore, an identification strategy is needed to eliminate this
selection bias and compare individuals who would have experienced
comparable levels of mental health in the absence of differences in their
employment status and work arrangements, a challenging task.

Our identification strategy combines the availability of longitudinal
data with plausibly exogenous variation in the probability to remain
employed and to work from home across sectors and occupations.

First, we move from estimating effects on the levels of mental health
at the Corona survey to examining changes in mental health between
Wave 8 and the Corona survey. By moving from levels to trends,
we substantially mitigate concerns of time-invariant unobserved het-
erogeneity, which might complicate the comparison of mental health
levels between those working from home and those who do not. As a
result of this change, the required identification assumptions involve
ensuring the comparability of depression frends among groups in the
counterfactual scenario where working from home is not a viable
option for any worker, as in a difference-in-differences design. We can
assess the validity of this strategy by carrying out placebo tests on the
observed trends in mental health across groups before the pandemic by
leveraging the longitudinal dimension of the survey.

As a result of this choice, our dependent variable, ADE P, captures
the changes in depressive feelings between two SHARE interviews, ¢ — 1
and 7; and takes value —1 if the respondent did not report depressive
feelings at 7—1 but did at #; 0 if the status has not changed; and +1 if the
respondent reported sadness or depression at ¢ — 1 but not at ¢.!" Fig.
6 shows the histograms of ADE P between Corona survey and Wave
8 (left panel), and between Wave 8 and Wave 7. The unconditional

11 See Autor et al. (2013) for another example of a regression specification
based on changes in the outcome variable.
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Fig. 4. Stringency index by country.
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Notes: The figure depicts the number of days of strict lockdown during weeks 1-37 of 2020 (number of days with a value in the top tertile of the stringency index). Darker

(lighter) green regions indicate more (fewer) days in strict lockdown. Regions with no observations available are left white

Corona survey
Not employed during Covid
Work at usual place during Covid

Work from home during Covid

0 A 2 3 4
% sad or depressed
Wave 8

Not employed during Covid
Work at usual place during Covid
Work from home during Covid

T T T

0 A 2 3 4

% sad or depressed

Fig. 5. Share of sad or depressed respondents at Corona survey and Wave 8 by employment status during the Covid-19 pandemic.
Notes: The number of observations by group is as follows. Not employed during Covid: 723. Work at usual place during Covid: 1267. Work from home during Covid: 871.
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DEP in Corona survey - DEP in Wave 8
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Fig. 6. Depression — changes across survey waves.

The Journal of the Economics of Ageing 31 (2025) 100560

DEP in Wave 8 - DEP in Wave 7

Density
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-1 0 1
-1 = worse, 0 = same, 1 = improved

Notes: Individuals’ depression worsens if they did not report sadness or depression at the baseline survey but do report it at the endline, and conversely for improvement. Individuals
who continued to report/not report sadness or depression feelings are in the “same” category.

distribution of the changes in sadness or depression suggests that
depressive feelings diminished during the first wave of the pandemic
relative to the previous period. ADE P improved between Wave 8 and
Corona survey for roughly 25% of respondents and deteriorated for
7.4%. The comparable data for Wave 7 and Wave 8 were 17.4% and
14.8%. This result is in line with Atzendorf and Gruber (2021) and Van
Winkle et al. (2021).

Although the analysis of trends instead of levels of depression
weakens endogeneity concerns on time-invariant unobservables, it is
still possible that respondents make their work arrangement choices on
the basis of their expected changes in depression during the pandemic
under these different work arrangements. Reverse causality is also a
valid concern, as a decline in mental health might itself increase the
propensity to work from home. Furthermore, we also have to handle the
potentially endogenous selection into continuous employment during
the pandemic, for which similar considerations hold. As a result, we
need to rely on plausibly exogenous sources of variation for both
conditions.

Our empirical strategy leverages the interplay between the degree of
technical teleworkability of the occupation chosen by the senior work-
ers in our sample long before the pandemic onset and the restrictions
to in-place work suddenly put in place by European governments at the
outbreak of Covid-19 to generate exogenous variation in the probability
to be employed and to work from home during the first wave of the
pandemic.

First, we exploit the variability in the legal possibility to keep
working during the pandemic across essential and non-essential sec-
tors to construct an instrumental variable for the probability of being
continuously employed during the first wave of the pandemic. To this
aim, we define a dummy variable 7V'1, that takes value 1 if, at the
beginning of the pandemic, individual i was in a non-essential sector
and a non-teleworkable occupation (teleworkability index of 0), and
to 0 otherwise.'> As shown in Table 1, 18% of workers in our sample

12 Results are comparable when we use the continuous teleworkability index
instead of recoding it as a dummy.

had non-essential, non-teleworkable jobs (IV'1 = 1). Fig. 7 provides a
graphical representation of the role of IV'1. In the Figure, each bubble
reports the employment share (Y-axis) for a group of essential or non-
essential workers with a value of the teleworkability index in a bin
of width 0.05 (X-axis). The size of each bubble is proportional to the
sample share of each group. The green bubble represents the mass of
non-essential, non-teleworkable individuals. Their employment rate is
clearly lower than the average for the teleworkable workers (the red
line/blue bubbles) and also lower than that of non-teleworkable but
essential workers (the red bubble).

Second, we exploit the variability in the technical teleworkability
of occupations — described in Fig. 1 — to construct an instrumental
variable for the probability of working from home conditional on being
employed. Our instrument is V2, a dummy variable that takes value 1
if individual i is in a teleworkable occupation (technical teleworkability
index greater than 0) at the outbreak of the pandemic, whether in an
essential sector or not, and to 0 otherwise. Table 1 shows that this was
the case for roughly 65% of the workers in our sample. We provide
a graphical intuition of the role of this instrument in the sample that
excludes the non-essential, non-teleworkable individuals — for whom
IV1 =1-in Fig. 8: unsurprisingly, the probability of working remotely
is substantially lower for the non-teleworkable (the red bubble). Formal
evidence on these relationships is reported in Section “Results”.

Our approach to model continuous employment during the pan-
demic shares some similarities with Palomino et al. (2020), who con-
structed a Lockdown Working Ability index. This index considers not
only whether workers are employed in an essential sector but also takes
into account the value of one’s teleworking index (our /V'1 instrument).
However, we take an additional step beyond their work by using
teleworkability to distinguish between those who worked from home
and those who did not (our V2 instrument).

In order to be valid, our identification approach requires that the
instruments can be treated as exogenous, as well as a set of exclusion
restrictions. As regards exogeneity, the classification of sectors as essen-
tial or non-essential was decided suddenly by governments in response
to the pandemic, and workers had practically neither voice in it, nor the
possibility to react: job vacancies went down dramatically as restrictive
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Fig. 7. Teleworkability, essential workers and employment probability.
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Teleworkable
O Non-essential, non-teleworkable

Notes: Each bubble reports the employment share (Y-axis) for a group of essential or non-essential workers with a value of the teleworkability index in a bin of width 0.05 (X-axis).

The size of each bubble is proportional to the sample share of each group.
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Fig. 8. Teleworkability and working from home.

Notes: Each bubble reports the share working remotely (Y-axis) for workers with a value of the teleworkability index in a bin of width 0.05 (X-axis). The sample excludes
non-essential, non-teleworkable individuals. The size of each bubble is proportional to the sample share of each group.

measures were put in place and so did job separations (Arthur, 2021;
Betcherman et al., 2020).

The distinction between teleworkable and non-teleworkable jobs is
trickier. This variation is due to workers’ occupational choices, which
— while pre-determined — may nevertheless depend on their expected
mental health benefits from working remotely. There are two main
reasons why we believe that we can rule out this concern in our setting.
First, the radical shift in the prevalence of working from home in
response to the pandemic weakens this argument, as the vast majority
of workers had never worked from home in the past. Second, in our
sample of senior workers, the average tenure in the current job is
21.6 years. This suggests that respondents chose their occupation and
employer well before teleworking was technically feasible for hardly
anyone, and that only a small minority may have changed job in
response to the possibility of working from home during the pandemic.

Our model also requires the following exclusion restrictions: work-
ing in a non-essential sector and non-teleworkable occupation (1V'1)

or in a teleworkable occupation (IV2) do not affect trends in mental
health during the pandemic directly, but only through their effect on
the probability of working (/V 1) and of working from home conditional
on employment (IV2).

We will offer two tests for the validity of the assumptions behind our
strategy. First, we will show that the instrumental variables strategy de-
livers comparable trends in depression prior to the pandemic between
respondents who were moved into working from home during Covid-
19 because of their level of teleworkability and those who were not.
Depression trends only started to diverge during the pandemic, when
working from home became prevalent. If teleworkability had a direct
effect on the outcome (i.e., a violation of the exclusion restriction), we
should observe IV effects on trends in depression even before the pan-
demic — when working from home was not feasible for most people.
The test for parallel trends before the pandemic is thus supportive of
the exclusion restriction.
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Second, we will show that results still hold when we limit the
sample to workers with progressively higher levels of tenure in the job,
among whom the concern of endogenous occupation choice in response
to the possibility of adopting telework and of its expected impacts on
mental health is less of a concern.

Another implication of the exclusion restriction for teleworkability
is that those who are in a teleworkable occupation, but did not work
from home, should not be affected differently by the outbreak of the
pandemic than those who are in a non-teleworkable occupation. How-
ever, we may expect that the mental health of those who did not work
from home but who did continue to work at their usual workplace could
be affected (positively or negatively) by the fact that — in teleworkable
occupations — many colleagues started working from home. This is a
violation of the Stable Unit-Treatment Value Assumption implicit in
our strategy, as it points to a spillover effect of one’s working-from-
home choices on his/her colleagues’ mental health. Lacking access
to the employer-employee data needed to quantify what share of a
respondent’s colleagues worked from home, our analysis must proceed
under a partial equilibrium assumption that rules out the presence
of spillover effects. However, we stress that our empirical strategy
relies on occupational differences in teleworkability, so that colleagues
employed in the same occupation within the same firm are subject to
the same level of the instrument. If the within-firm variation in the
actual uptake of remote working also depends on within-firm/across-
occupations differences in teleworkability, then most colleagues doing
the same job would be subject to the same work arrangement, and
spillovers would be negligible.

Econometric specification

Our outcome variable ADE P takes values {—1,0,1} where depres-
sive feelings of individual i in country ¢, region r interviewed in week w
respectively worsened, held unchanged, or improved between Wave 8
and SHARE Corona survey. Given the discrete and ordinal nature of this
variable, we analyse it using an ordered probit model, which considers
it as the discrete counterpart of the latent variable ADE P* defined as
follows:

ADEP?

ic,r,w

(2)

The key regressor is a dummy W F H; ., that takes value 1 if individ-
ual i in country ¢, region r worked from home at least part of the time
during the first wave of the pandemic and 0 if the individual kept going
to the usual workplace. Control variables x;., include the log peak
excess death rate by region, and the individual-level controls listed in
Section “Other individual-level variables”. Finally, we include a vector
of country dummies, §, .., and a vector of country-specific slopes in
the week of the SHARE Corona interview, 6, ., capturing cross-country
time-varying heterogeneity, including stringency measures. Conditional
on the right-hand-side variables, the error term e follows a normal
distribution.

For statistical inference, we need to account for the aggregate nature
of our instruments — that vary at the intersection between the levels of
the teleworkability index and the essential/non-essential dummy — as
well as for the presence of regressors that vary by region (the peak
excess death rate). As a result, we adopt a two-way clustering strategy.
First, we allow for clustering at the interaction between the 51 levels of
the teleworkability index observed across the 3-digit level ISCO occu-
pation codes present in the data'® and the 2 aggregate sectors (essential
vs. non-essential) that group the 2-digit NACE sectors according to
the legal restrictions to in-place work. We end up with 99 clusters, as
51 x 2 = 102, but for 3 potential clusters there are no observations in
our data. Second, we model dependence in the errors within NUTS-2

= ﬂl;lWFHi,c,r + x;

ic,r

By 01c1 +6001iW0 +Ejc i

13 In essence, this means that all occupations with the same level of
teleworkability are conservatively grouped together for clustering purposes.
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regions (138 groups). We estimate the two-way cluster-robust variance—
covariance matrix using the strategy proposed by Cameron and Miller
(2015).1

The latent outcome ADE P* defines its discrete observed counterpart
ADEP according to the transformation:

-1 if ADEP! = <a_
ADEP={ 0 if a,< ADEP 6 <o )
1 if @ < ADEP;, .

We estimate Eq. (3) on the sample of those who continued working
during the pandemic, and as a result we must adjust for the endogenous
selection of respondents into this sample. We do so by adding a sample
selection equation. We define the binary outcome ContEmp;, ., as a
dummy equal to 1 for individuals who were continuously employed
during the pandemic and O for those who were not, and exploit the
variable IV'1 described above as an exclusion restriction, that serves
to identify the selection equation. Furthermore, we address the en-
dogeneity of our treatment W FH by using IV2 as an instrumental
variable.

We model the binary variables ContEmp and W FH using the
following probit models:

ContEmpi,c,r,w,s =1 (x;,c,rﬁX;Z + ﬂ2;21V1i,c,r + ﬁ3;21V2i,c,r+ )

+51,c;2 + 52,0;21ww + Eicrw2 > 0)
WFHi,c,r,I,S =
()
The error terms in Egs. (3), (4) and (5) are standardized to have

mean of 0 and variance of 1 and are allowed to be correlated. Their
variance and covariance matrix is:

1 (x,(,c,rﬁx;z + B33V 2+ 6103+ 6003100 + Eje vz > 0)

1 PADEP,ContEmp PADEPWFH
= PADEP,Cont Emp 1 PContEmp,W FH
PADEP.W FH PContEmp,W FH 1

These correlation indexes turn out to be particularly important to
conduct formal tests to assess whether the hypothesis of treating sample
selection and working from home as exogenous is actually supported
by the data. Indeed, as long as sample selection is exogenous, we could
set to zero the correlations between the error terms in the equation
modelling the probability of having worked continuously during the
pandemic and the equations modelling mental health trajectories and
remote working (p4pgp.contEmp @04 PcontEmpw Frr)- We test this hypoth-
esis by running a formal likelihood ratio test based on the comparison
of the value taken on by the maximized log-likelihood functions of our
unrestricted benchmark model and the restricted model setting to zero
the correlation term between the error terms in Egs. (2) and (4) and
between those in Egs. (4) and (5). Similarly, we also assess whether
the hypothesis that remote working can be treated as exogenous with
respect to changes in mental health is supported by the data by con-
ducting a likelihood ratio test comparing our unrestricted benchmark
model with its restricted counterpart setting to zero the correlation
between the error terms in Egs. (2) and (5) and between Eq. (4) and
(5) (papepwrr a0d peonpmpw rr)-"°

The coefficients in Egs. (2), (4) and (5), the thresholds a_,, «; in Eq.
(3) and the non-diagonal elements in the variance and covariance

14 Unlike for one-way clustering, the variance covariance matrix for two-
way clustering is not guaranteed to be positive semidefinite on the aggregate,
and it can be positive semidefinite only for some subcomponents, so that
it is possible to get some negative variance estimates. To overcome this
issue, we adopted the correction discussed in Cameron et al. (2011). Using
matrix eigendecomposition, we can express the variance-covariance matrix as
a diagonal matrix having its eigenvalues on its main diagonal that is pre- and
post-multiplied by its eigenvectors. We replace negative eigenvalues with zeros
to achieve positive semidefiniteness.
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matrix ¥ are jointly estimated by maximum likelihood, exploiting the
triangular nature of the system (Roodman, 2011). As our system of
equations is non-linear, the estimates of the coefficients are not the
marginal effects. We then exploit the coefficient estimates and the
estimated variance and covariance matrix to compute the Average
Marginal Effects.'®

Our model relies on several distributional and parametric assump-
tions, that we use to account for the discrete and ordinal nature of our
outcome variable and to improve efficiency in parameter estimation.
Nevertheless, in what follows we will show that our results are qual-
itatively unchanged when we adopt a linear difference-in-differences
model.

Results
Main results

Table 2 reports the baseline estimates of the model described in
Section “Empirical methods”. Column (1) gives the estimates of Eq.
(4): the excluded instrument IV1 is significant at the 1% level, con-
firming the descriptive evidence of Fig. 7. With respect to individuals
in essential sectors and non-teleworkable jobs, those in non-essential
sectors and non-teleworkable jobs are 11 percentage points (pp) less
likely to continue working during the first wave of the pandemic. This
marginal effect is also strongly significant, with a p-value below 0.001.
Contrarily, the effect of 72 is much smaller in absolute value and not
statistically significant. The 2 test for the joint significance of IV'1
and V2 has a value of 27.48. Column (2) reports the probit estimate
of Eq. (5). Again, the estimation results confirm the relevance of the
chosen instrument: the effect of V2 is positive and significant at the
1% level (the y? statistic has a value of 66.06). Conditional on being
at work during the first wave of the pandemic, having a teleworkable
job (regardless of whether the sector is essential or not) increased the
probability of working remotely of roughly 25pp. Column (3) reports
the ordered probit estimation of Eq. (3): the causal effect of working
from home on sadness and depression is adverse and highly significant.

By comparison with those going to their regular workplace, indi-
viduals working remotely at least part of the time had a 14pp lower
probability of an improvement in sadness or depressive feelings and a
4.4pp and 9.6pp higher chance of reporting no change or a worsening
of sadness or depression, respectively. Considering that in the sample
of those who worked at the usual place the shares of those report-
ing improved, constant and worse depression are respectively 25.5%,
67.8%, and 6.7%, these are large effects. Given that wealth has an
important role in cushioning the impacts of economic shocks, we can
further benchmark the magnitude of our effects against those of wealth
at Wave 8. We estimate that respondents in the top third of the wealth
distribution only had a 3.4pp lower likelihood than those in the bottom
third to experience a decline in mental health by the Corona survey.
This finding further reinforces the view that the toll of remote work on
workers’ mental health was substantial.

15 It is worth noting that the null hypothesis of this test implies two
restrictions. The first sets to zero the correlation between the unobserved
heterogeneity in the equation modelling remote working and mental health
trajectories. The second rules out correlation between the error terms in the
equations determining sample selection (i.e. keeping on working during the
pandemic) and remote working. The latter restriction is needed to exclude
that, conditional on observables, remote working adoption correlates with
unobserved heterogeneity in mental health dynamics via its relationship with
employment stability.

16 We compute the Average Marginal Effects on ADE P based on the Average
Structural Function (Blundell and Powell, 2003). To compute the probabilities
of interest, the set of conditioning factors is augmented with the products of
the error term of every other regression multiplied by a term proportional
to the covariance between the same error term and the one in Eq. (3).
This procedure holds all observable and unobservable covariates fixed while
computing the marginal effect of interest.

11

The Journal of the Economics of Ageing 31 (2025) 100560
Validity and robustness tests

Before moving to the analysis of heterogeneous effects, we present
some tests to support the validity and the robustness of our main
results.

Specification tests

Table 2 reports that the correlation coefficients between the error
terms in Egs. (2), (4), and (5) are very large in magnitude, pointing
to the necessity of considering in our model the endogeneity of both
sample selection and working from home. The results of the likeli-
hood ratio tests discussed in Section “Empirical methods” support this
statement. First, a test on the correlation between the error terms in
Egs. (2), (4) and (5) strongly rejects the null hypothesis that these
correlations can be set to 0 (value of the test statistic = 593.057;
degrees of freedom = 2; p-value <0.001), thus leading us to conclude
that endogenous sample selection is an issue in our sample and we
should not neglect it. Second, the test on the correlation between the
error terms in Egs. (2) and (5) and between Eq. (4) and (5) also rejects
the null hypothesis that these terms can be set to zero (value of the
test statistic= 593.235; degrees of freedom= 2; p-value <0.001). These
tests support our benchmark model and highlight the importance of
controlling for unobserved heterogeneity creating endogenous selection
in remote working and employment stability. Nevertheless, Table A.3 in
the Appendix reports the estimates that we obtain when we impose the
exogeneity of sample selection while maintaining the endogeneity of
telework (thereby omitting Eq. (4)), while Appendix Table A.4 reports
the findings obtained when we treat both sample selection and remote
working as exogenous (omitting also Eq. (5)). In both cases, the effect of
working from home still has a negative sign, but is smaller in magnitude
and not statistically significant. This finding suggests that endogeneity
introduces a positive bias to the assessment of the impact of remote
working. This is consistent with a positive selection of those employed
and working from home during the pandemic on the basis of their
trends in mental health.

Parallel trends

An obvious concern about our main results in Table 2 is whether
they reflect a change with respect to the trajectories of sadness and
depression before the pandemic or they simply mirror pre-existing
trends. Columns (1), (2) and (3) of Table 3 replicate the estimates in
Table 2 but using as the dependent variable the difference in depression
between Wave 8 and the latest available previous wave (we refer to
it as Wave 7 for brevity). There is no evidence of any significant
effect of working from home during the pandemic on trends in sadness
and depression prior to the pandemic: the coefficient is not significant
and is precisely estimated (standard error of 0.066, against 0.077 in
the baseline regression). This placebo test indicates that there was
no pre-existing systematic difference in depressive feelings between
respondents who ended up working remotely and those who continued
to go to their regular workplace during the pandemic, once we account
for the potential endogeneity of such choices. These results corroborate
our identification strategy.

To further support our choice of using longitudinal data, in
Table A.5 in the Appendix we report the findings that we obtain when
we consider as outcome the probability of being depressed at the
Corona survey (column 1) or at Wave 8 (column 2). Results show that
individuals who have worked remotely since the pandemic outbreak
are significantly less likely to be depressed at Wave 8 but do not have
different depression rates after the pandemic as compared with those
who worked at the usual workplace. We clearly cannot interpret the
significant differences in depression rates in a wave referring to the
period before the pandemic surge as a causal effect of remote working.
Indeed, the exposure to the treatment is following the point in time at
which depression level is observed, as we observe working from home
after the pandemic outbreak (i.e. after wave 8). Rather, we interpret
this pattern as suggesting the presence of omitted variable bias blurring
the comparison of depression levels between workers working from
home and those working at the usual workplace.
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Table 2
The effect of remote work on depression changes between Corona survey and Wave 8.
(€8] (2) 3)
Time frame Corona survey-Wave 8
Dependent variable Cont.Empl. Work from home ADEP
Coefficients
1v1 —0.374%**
(0.079)
w2 —-0.115 0.911%**
(0.100) (0.112)
Work from home —0.504***
(0.077)
-test 27.48%*%* 66.06***
Marginal effects
Pr(Continuously employed=1) —0.109%**
for 1V1 (0.023)
Pr(Continuously employed=1) —-0.031
for 1V2 (0.027)
Pr(Work from home=1) 0.252%**
for 1V2 (0.036)
Pr(ADEP=-1) - worse depression 0.096%**
for working from home (0.019)
Pr(ADEP=0) - same depression 0.044%**
for working from home (0.010)
Pr(ADEP=1) - improved depression —0.140%**
for working from home (0.021)
Correlations between the error terms in the equations for:
ADEP and Employed (5pp.combmp) 0.538
ADEP and Work from home (B4pepyry) 0.451
Employed and Work from home ( Acoupmpw ri) 0.995
Log-likelihood —4,138.684
Observations 2,861
Clusters (1) 99
Clusters (2) 138

Notes: IV'1 is a dummy for being employed in a non-essential and non-teleworkable job. IV2 is a dummy for being employed in a teleworkable
job. The omitted category is employment in an essential and non-teleworkable job. All models control for country dummies, country-specific
linear trends in the week of interview at the SHARE Corona survey, age, gender, presence of partner, tertiary education degree, not having
children, sector of employment at the outbreak of Covid-19 (public employee, private employee, self-employed), wealth tertiles, the log peak
excess death rate by region. Standard errors are two-way clustered by cells defined on the basis of job teleworkability and job essentiality
(Clusters (1)) and NUTS-2 region (Clusters (2)). *** p < 0.01, ** p <0.05, * p <0.1.

Table 3
Differences in depression changes between Wave 8 and Wave 7 by use of remote work during the pandemic.
™ ) 3)
Time frame Wave 8 - Wave 7
Dependent variable Cont.Empl. Work from home ADEP
Coefficients
1v1 —0.392%%*
(0.081)
w2 —-0.099 0.947***
(0.114) (0.123)
Work from home —-0.023
(0.066)
22-test 23.35%%* 58.92%%*
Marginal effects
Pr(Continuously employed=1) —0.115%**
for IV1 (0.025)
Pr(Continuously employed=1) -0.027
for 1V2 (0.031)
Pr(Work from home=1) 0.261%***
for 1V2 (0.040)
Pr(ADEP=-1) - worse depression 0.005
for working from home (0.015)
Pr(ADE P=0) - same depression 0.001
for work from home (0.002)
Pr(ADEP=1) - improved depression —0.006
for work from home (0.017)
Correlations between the error terms in the equations for:
ADEP and Employed (5app.compmp) —-0.010
ADEP and Work from home (4pzpw ru) 0.028
Employed and Work from home (9¢ou gy rir) 0.999
Log-likelihood —4,292.690
Observations 2,861
Clusters (1) 99
Clusters (2) 138

Notes: see Table 2. *** p < 0.01, ** p <0.05, * p<0.1.
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Table 4

The effect of remote work on changes in depression by years of tenure.

The Journal of the Economics of Ageing 31 (2025) 100560

Heterogeneity by

Baseline Tenure Tenure Tenure

Model At least 3 years At least 5 years At least 10 years
Dependent variable ADEP ADEP ADEP ADEP
Coefficients
Work from home —0.504%** —0.397%x* —0.320%** —0.292%%*

(0.077) (0.077) (0.088) (0.093)
Marginal effects
Pr(ADEP=-1) - worse depression 0.096%** 0.060* 0.046%** 0.031%**
for work from home (0.019) (0.014) (0.014) (0.011)
Pr(ADEP=0) - same depression 0.044%** 0.052%** 0.046%** 0.057***
for work from home (0.010) (0.012) (0.013) (0.017)
Pr(ADEP=1) - improved depression —0.140%** —0.112%** —0.091*** —0.089%**
for work from home (0.021) (0.022) (0.025) (0.027)
Observations 2,861 2,593 2,472 2,121
Clusters (1) 99 99 97 97
Clusters (2) 138 137 136 135

Note: The table reports coefficients and marginal effects of Eq. (2) for workers with different years of tenure in their current job. See Table 2

for details on the specification and on estimation.

Occupation choice

A remaining concern about our identification strategy is that re-
spondents could have sorted across occupations on the basis of the
expected mental health gains from telework. As discussed in Section
“Empirical methods”, in our sample of senior workers the average
tenure in the current job is 21.6 years (the first, second and third
quartiles are equal to 10, 20 and 32, respectively), thus indicating that
respondents chose their occupation and employer well before telework
was technically feasible, and that at most only a small fraction of
respondents may have changed job as the option of working from
home became more widespread. In Table 4, we show that the sign
and the statistical significance of the results in our main analysis are
entirely confirmed as we progressively increase the minimum tenure
of the individuals retained in the sample (we consider individuals with
tenure at least equal to 3, 5 and 10 years). This evidence supports
the hypothesis that our focus on older workers minimizes selection
into occupations concerns, as older workers usually exhibit more stable
working histories.

Alternative definition of the instruments

To further alleviate concerns about respondents’ sorting across occu-
pations on the basis of the expected mental health gains from telework,
we take the following steps to construct an alternative version of our
instruments.

For each sector in our sample, identified by a NACE code, we
observe workers employed in multiple occupations classified according
to the 3-digit ISCO codes — the same level at which teleworkability is
defined. We leverage the variation across ISCO occupations within each
NACE sector and compute — for each individual — the teleworkability
of all workers in different occupations within the same sector. This
partially alleviates concerns related with the selection of individuals
into teleworkable occupations. At the same time, a significant first-
stage coefficient shall emerge as long as jobs traditionally considered
non-teleworkable within a sector where teleworking is prevalent have
a higher likelihood of becoming teleworkable, and vice versa.

We then define individuals as being employed in a teleworkable
occupation if the teleworkability of different occupations in the same
sector is above the mean of the technical teleworkability index in
our sample. This is the alternative definition of the IV?2 instrument.
Consistently, we define an alternative version of IV'1 combining this
“modified” teleworkability dummy with information on being em-
ployed in an essential vs. non-essential sector.

Importantly, to ensure consistency in the new definition of tele-
workability, we only include observations where the 3-digit ISCO code
is available. Observations with less granular ISCO codes are excluded.
As a result, this leads to a slightly smaller number of observations in
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% p<0.01, ** p<0.05, * p<O0.1.

our estimation compared to our main specification (see Table 2). The
sample averages of our main instruments /71 and V2 in this modified
sample are respectively equal to 0.205 and 0.631. When considering
the alternative definitions of the instruments, their average is equal to
0.277 for IV'1 and 0.524 for IV2.

The results from our main specification in this sample, as well as
from the specification using the alternative instrument definition are
reported in Table 5. We also adjusted the number of clusters according
to the definition of teleworkability considered.

The following remarks emerge from these results. First, our main
results are wholly unaltered when we exclude observations with coarse
ISCO codes (see Columns 1-3). Second, the alternative definitions of
IV1 and IV2 have little impact on their relevance and barely affect our
first-stage estimates. Column (4) shows that the effect of IV1 on the
probability of being continuously employed is negative and statistically
significant at the 1% level, while the effect of IV2 is still insignificant.
Column (5) reports the estimated effect for IV2 on the probability of
working from home, which is positive and significant at the 1% level.
Finally, the estimated effects of working from on mental health remain
largely unchanged: we find a positive and statistically significant effect
on respondents’ likelihood to report worse sadness and depression after
the onset of the pandemic. In terms of magnitude, the estimates are
similar to our baseline specification, although slightly smaller.

Linear difference-in-differences model

Our non-linear model leverages a set of distributional and paramet-
ric assumptions, strategically employed to account for the discrete and
ordinal nature of our outcome variable and to achieve higher precision
in parameter estimates. To assuage concerns on such assumptions, in
Table 6 we stack the data by individual and wave and use a linear
Difference-in-Differences (DiD) model estimated for the sub-sample
of respondents who continued to work during the first wave of the
pandemic.’” The outcome is coded as a dummy equal to 1 if the
individual reports feeling sad or depressed in the given wave and
0 otherwise, which factors out individual-level positive or negative
changes between survey waves. As we observe working from home only
in the Corona survey, we focus on the reduced form of our IV estimates,
and compare trends in depression before and after Covid between

17 We obtain comparable — but less precisely estimated — results when we
also consider the endogeneity of continuous employment. We use a probit
regression of continuous employment on the instruments IV'1 and IV2 to
estimate an Inverse Mills Ratio, and include it in the DiD equation to correct
for endogenous sample selection. Its coefficient turns out to be small in
magnitude and not statistically significant, suggesting that we can ignore this
matter.
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Table 5
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The effect of remote work on depression changes between Corona survey and Wave 8 in a sample considering only observations with 3-digit ISCO-08 codes.

Main definition of the instruments 7V'1 and IV?2

Alternative definition of the instruments IV1 and V2

Dependent variable Cont.Empl. Work from home ADEP Cont.Empl. Work from home ADEP
@™ ) ®3) (€] ©)] (6)

Coefficients

Work from home —0.263*** —0.197%**
(0.083) (0.065)

Marginal effects

Pr(Continuously employed=1) —0.114%** —0.093%***

for IV1 (0.031) (0.035)

Pr(Continuously employed=1) -0.017 —-0.028

for 1V2 (0.032) (0.031)

Pr(Work from home=1) 0.279%** 0.108%***

for 1V2 (0.044) (0.035)

Pr(ADEP=-1) - worse depression 0.036*** 0.029%***

for working from home (0.010)

Pr(ADE P=0) - same depression 0.029%**

for working from home (0.012) (0.009)

Pr(ADEP=1) - improved depression —0.079%** —0.057%***

for working from home (0.024) (0.019)

Observations 2,484 2,484

Clusters (1) 82 477

Clusters (2) 135 135

Notes: The alternative definition of the instruments V1 and V2 considered in columns (4)-(6) relies on a different measure of job teleworkability, see Section
“Validity and robustness tests” in the paper for a full explanation of this approach. Standard errors are two-way clustered by cells defined on the basis of
job teleworkability and job essentiality (Clusters (1)) and NUTS-2 region (Clusters (2)). We also adjusted the number of clusters according to the definition of

teleworkability considered. *** p < 0.01, ** p <0.05, * p <O0.1.

Table 6
Alternative identification strategies based on linear specifications.
@™ (2 3)
Dependent variable Depression Depression Depression
/1) (0/1) (0/1)
DiD DiD placebo DiD Lasso
Teleworkability x Post 0.033%** 0.033**
(0.016) (0.016)
TeleworkabilityxFictitiousPost -0.016
(0.017)
Observations 6,414 6,414 6,414
Clusters 50 50 50

Notes: We only retain the 2,138 respondents who were continuously employed during
Covid-19 and stack the observations for waves 7, 8 and Corona survey. The dependent
variable is defined as a dummy equal to 1 if the respondent reports being sad or
depressed and to O otherwise. Post is a dummy for the Corona survey. The models
control for wave dummies and the teleworkability index. Column (1) shows the DiD
estimate of the effect on depression of working in a teleworkable job in the Corona
survey. Column (2) reports a placebo test for parallel trends where we fictitiously
anticipate the advent of Covid-19 at the Wave 8 interview Column (3) reports the DiD
estimate that we obtain after selecting controls using Double Lasso (see Belloni et al.,
2014). The retained controls are dummies for gender, having a partner and living in
Denmark, and a linear country trend for Germany. Standard errors are clustered by
cells defined on the basis of teleworkability levels. *** p < 0.01, ** p < 0.05, * p<0.1.

people who had teleworkable and non-teleworkable jobs before Covid.
Hence, our specification includes 1V?2 (Teleworkability), a dummy for
the post-Covid survey wave and the interaction between the two. Since
in this exercise we only leverage variation across teleworkable and
non-teleworkable occupations, we cluster standard errors by the levels
of the teleworkability index and overlook the essential/non-essential
distinction across sectors.

The results in column (1) show a positive and statistically significant
effect of IV2 x Post on the probability of being sad or depressed.
Column (2) fictitiously anticipates the onset of Covid-19 from the
Corona survey to Wave 8, to serve as a placebo test for parallel trends.
As expected, the placebo effect is small and not statistically significant,
again corroborating our identification strategy. Finally, in column (3)
we replicate the specification in column (1) using a post double selec-
tion LASSO method (Belloni et al., 2014) for choosing the covariates to
include among the ones that are present in our baseline specification
(see Table 2). This method suggests including as covariates the country
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dummy for Denmark, the linear trend for Germany and the dummies for
being female and having a partner. The results are wholly comparable
to those in column (1), where no covariate is included.

The lack of information about the prevalence of telework before the
pandemic prevents us from assessing the extent to which the changes
in depression rates before and after Covid across workers with different
levels of teleworkability passes through changes in remote working
adoption across these groups of workers. In other words, we cannot
estimate the first stage of an IV-DiD design.

To shed light on this matter, the best we can do is to resort to
the 2015 wave of the European Union Working Condition Survey —
EUWCS. Collected by Eurofound, this survey inquires a representative
sample of Europeans about their work arrangements. We consider indi-
viduals at work aged between 50 and 65 and residing in the countries
included in our sample.

It turns out that 10.7% of workers employed in non-teleworkable
jobs (defined using the 2-digit ISCO codes) used remote working at
that time. This percentage rises to 21.9% among those employed in the
teleworkable jobs. The gap between these two groups (11.2pp) amounts
to less than one half of the effect of the teleworkability of the job on
the probability of working from home during Covid reported in column
(2) of Table 2, that is equal to 25.2pp.

Actually, our equation modelling remote working adoption differs
from this comparison because we focus only on individuals who kept
on working during Covid-19. However, this information cannot be
gathered in the 2015 EUWCS cross-section, which pre-dates the Covid
outbreak. In the absence of this information, the best we can do
to approximate our remote working equation is to exclude workers
with non-essential and non-teleworkable job — as done by our IV1
instrument for selection into employment during Covid — and within
this subsample compare the teleworkable with the non-teleworkable
— as done by our IV2 instrument. When we do this, the difference
in pre-pandemic remote working between workers employed in tele-
workable and essential/non-teleworkable jobs shrinks further, to only
7 percentage points.

This result suggests that the effect of teleworkability on the /evels of
remote working during the pandemic, reported in column (2) of Table
2, overestimates the first stage effect on the change in the prevalence of
working from home before vs. after the pandemic. While the former is
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equal to 25.2 percentage points, our best estimate of the latter is 18.2
percentage points (25.2-7).

Taking this evidence at face value, we can do a back-of-the-envelope
calculation of the IV-DID estimate of the impact of working from home.
This effect is obtained as the ratio of the reduced-form DiD effect of
teleworkability on the changes in the probability of being depressed —
reported in Table 6 — and the first stage DiD effect of teleworkability on
the changes in the probability of working from home, reported above,
and is equal to 0.033/0.182 = 0.181 - or 18.1 percentage points.

Our main specification in Table 2 shows that, as a result of working
from home, the probability of experiencing a worsening in depressive
symptoms increases by 9 percentage points, while the probability of
experiencing an improvement of the symptoms declines by 14 per-
centage points. We conclude that the estimates produced by our main
specification and the back-of-the-envelope calculation explained above
align in signalling large and negative effects of working from home on
mental health.

Additional evidence in support of the exclusion restriction

A key concern with our identification strategy is that the tele-
workability of a job is not random and arguably correlates with a set
of characteristics (both time-invariant and time-varying). As long as
these factors are not included within the set of covariates in our main
equation, the validity of the exclusion restriction of our results may be
questioned. To address this point, we proceed in two ways.

First, we run a placebo test that looks at a comparable sample of
retirees.'® We select relatively “recent” retirees who have reached the
eligibility for statutory retirement age at most 10 years before their
wave 8 interview and have left the labour market since 8 years, at
the most. These retirees should be similar to workers in our estimation
sample in terms of tasks they carried out in their jobs, and most likely
followed a similar pattern of selection into occupation, on the basis of
observable and unobservable characteristics. However, unlike workers
in our sample, they did not experience the Covid-induced shift into
working from home.

If teleworkability captured the differential effects of the pandemic
on mental health trajectories across various observable and unobserv-
able dimensions correlated with teleworkability itself, we should find
a significant effect of teleworkability of the last occupation before
retirement even in this sample of retirees, not exposed to work from
home during the Covid-19 pandemic. Finding a significant effect would
entail that channels other than remote working drive the effect of
teleworkability on mental health trajectories and would question the
validity of our results.

For these retirees, we thus recover the individual characteristics at
the time of wave 8 used as control factors in our ordered probit specifi-
cation and the ISCO-08 classification of their last jobs, needed to mea-
sure their teleworkability and replicate our main estimates (Table 2).

Reassuringly, Panel A in Table 7 shows that when we run our main
specification in this sample the effect of teleworkability is small, not
significant and precisely estimated. Analogous conclusions are found
when we run our reduced-form difference-in-differences linear estima-
tor (Panel B in Table 7).

Second, to test the robustness of our findings, we enrich our set
of controls with additional individual and occupational attributes. It is
worth remarking that, as our dependent variable measures the changes
in sadness and depression between SHARE wave 8 and the first wave of
Corona survey, the coefficients associated with the controls included in
the model capture the changes in mental health due to these character-
istics. For instance, the coefficient related with the dummy for having
a tertiary education degree picks up the underlying differential change
in mental health during the pandemic between those with high and
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Table 7
Nonlinear and linear estimates of the effect of teleworkability on mental
health — Retirees sample.

Panel A
Sample Retirees
Dependent variable ADEP
Model Ordered probit
Coefficient
Teleworkability 0.051
(0.058)
Marginal effects
Pr(ADEP=-1) - worse depression —0.007
for teleworkability (0.008)
Pr(ADE P=0) - same depression -0.007
for teleworkability (0.008)
Pr(ADEP=1) - improved depression 0.014
for teleworkability (0.017)
Number of observations 1,824
Clusters (1) 73
Clusters (2) 133
Panel B
Sample Retirees
Dependent variable Depression (0/1)
Model DiD
Teleworkability x Post -0.010
(0.014)
Number of observations 5,472
Number of individuals 1,824
Clusters 41

Notes: The table reports the impact of working from home on retirees
mental health. Panel A shows ordered probit estimates based on the
same set of control factors used in our main econometric specification
described in Section “Empirical methods”. Panel B shows DiD estimates
based on the linear specification described in Section “Validity and
robustness tests”. The sample consists of retirees who have reached the
eligibility for statutory retirement age at most 10 years before their wave
8 interview and have left the labour market since 8 years, at the most.
In Panel A standard errors are two-way clustered by cells defined on
the basis of job teleworkability and job essentiality (Clusters (1)) and
NUTS-2 region (Clusters (2)). In Panel B standard errors are clustered
by cells defined on the basis of job teleworkability. *** p < 0.01, **
p<0.05 * p<0.1.

low education. The results, shown in Table 8, also include our baseline
estimates (column 3 of Table 2) in column (1) to ease the comparison.

Given that skilled jobs often demand higher cognitive skills, tele-
workability might correlate with the cognitive abilities of workers.
Column (2) displays our findings when we control for memory, fluency
and numeracy indicators measured at time of wave 8, our results are
unchanged.

Cognitive skills may also correlate with individuals’ propensity to
engage in social activities, such as voluntary work, educational courses
or politics, or participating in intellectually stimulating activities, such
as reading books and newspapers or doing word and number games.
We therefore augment our set of control variables to include indicators
of these social activities and pastimes. Column (3) shows our results to
be robust to their inclusion.

Physical health and major shocks to physical health might also
affect both mental health trajectories and job teleworkability. For
instance, workers with mobility limitations might be induced to do
more teleworkable tasks. In column (4) we control for (i) ever had a
major shock such as a heart attack, a stroke and a cancer and (ii) BMI.
Our findings are again substantially unchanged.

In column (5) we consider early life conditions, specifically the
number of rooms per capita and books in the accommodation at the
age of 10. The higher is the number of rooms per capita and books at

18 To implement this placebo test, we also draw data from the SHARE Job
Episodes Panel. For more details on this dataset see Antonova et al. (2014)
and Brugiavini et al. (2019).



M. Bertoni et al.

The Journal of the Economics of Ageing 31 (2025) 100560

Table 8
The effect of remote work on changes in depression — Including additional sets of controls.
@™ (2) 3) “@ ) 6) @)
Dependent variable ADEP ADEP ADEP ADEP ADEP ADEP ADEP
Coefficients
Work from home —0.504*** —0.516%** —0.456*** —0.410%** —0.503*** —0.578%*** —0.656%***
(0.077) (0.080) (0.080) (0.077) (0.085) (0.078) (0.073)
Marginal effects
Pr(ADEP=-1) - worse depression 0.096%** 0.085%** 0.073%** 0.066%*** 0.077*** 0.097*** 0.125%**
for work from home (0.019) (0.018) (0.016) (0.016) (0.017) (0.018) (0.019)
Pr(ADE P=0) - same depression 0.044+** 0.061*** 0.056*** 0.050%** 0.068*** 0.067*** 0.058***
for work from home (0.010) (0.012) (0.011) (0.010) (0.013) (0.012) (0.013)
Pr(ADEP=1) - improved depression —0.140%*** —0.146*** —0.130%** —0.116%** —0.145%** —0.164*** —0.183***
for work from home (0.021) (0.022) (0.022) (0.021) (0.023) (0.021) (0.020)
Additional controls for:
Cognitive functioning YES
Social activities YES
Physical health YES
Early life conditions YES
Automation risk (1) YES
Automation risk (2) YES
Number of observations 2,861 2,861 2,859 2,825 2,654 2,861 2,861
Clusters (1) 99 99 99 99 99 99 99
Clusters (2) 138 138 138 138 137 138 138

Notes: The table reports the effect of working from home on respondents’ mental health trajectories. Column (1) reports our baseline estimates (see column 3 of Table 2). Column
(2) adds memory, fluency and numeracy indicators measured at time of wave 8 among the controls. Column (3) adds among the controls an indicator for whether the respondent
has participated to at least one of the following social activities: (i) attended an educational or training course, (ii) gone to a sport, social or other kind of club, (iii) taken part
in a political or community-related organization, (iv) read books, magazines or newspapers, (v) played number games such as crossword puzzles or Sudoku, (vi) played cards or
games such as chess. In column (4) we add among the controls whether a respondent (i) ever had a major shock such as a heart attack, a stroke or a cancer and (ii) BMI. Column
(5) adds among the controls the number of rooms per capita and books in the accommodation at the age of 10. Column (6) adds among the controls an automation risk indicator
based on (Nedelkoska and Quintini, 2018). As an alternative to result in column (6), column (7) adds among the controls an automation risk measure provided by CEDEFOP
(Pouliakas, 2018). Standard errors are two-way clustered by cells defined on the basis of job teleworkability and job essentiality (Clusters (1)) and NUTS-2 region (Clusters (2)).

ok p <0.01, ** p<0.05 * p<0.1.

home, the more affluent and educated is expected to be the parental
socioeconomic background. Workers coming from more advantaged
households might have received higher quality education and be more
likely to be employed in advanced occupations, such as professionals
or managers, who typically experience higher levels of teleworkability,
as documented in Fig. 1 in the paper. However, column (5) shows that
our results remain unaffected when these early-life factors are included
in our model.

Furthermore, teleworkability clearly depends on the nature of the
jobs and type of tasks executed. Our equations do not control for
any indicator reflecting job contents, thus there is a risk that the
observed effects of remote work might inadvertently capture mental
health gradients related to other job attributes. One such attribute
is the risk of automation that depends on limited reliance on skills
such as communication, collaboration, critical thinking, and customer
service (Pouliakas, 2018). To investigate this possibility, we incor-
porate alternative measures of the automation risk associated with
various occupations. In column (6), we use an automation risk indicator
based on Nedelkoska and Quintini (2018), which reflects the average
country-specific percentage of workers in jobs with an automation risk
exceeding 70%. As an alternative, column (7) employs an automation
risk measure provided by CEDEFOP (Pouliakas, 2018). Columns (6) and
(7) show that including these automation risk measures within the set
of covariates does not substantially alter our findings.

The whole battery of robustness tests we implemented consistently
supports our decision of exploiting teleworkability as instrument in our
main analysis.

Alternative measures of mental health

ADEP could be a questionable proxy for changes in depression sta-
tus. As previously outlined in Section “Data and descriptive statistics”,
this variable is based on a question that is one of the items used in
regular SHARE waves to construct EURO-D, a validated scale measuring
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depression. The SHARE Corona survey questionnaire includes two other
questions that are also EURO-D items: one on loneliness and one on
sleeplessness. Table A.6 reports the effects that we obtain when our
dependent variable is replaced by changes in sleep patterns (column
1) and loneliness (column 2). The estimated coefficients in columns
(1) and (2) are both different from that of the baseline regression,
confirming that ADE P captures differences in depression and not other
dimensions of mental health. We also observe that while working from
home did not alter sleep patterns, it did have a significant adverse effect
on loneliness.

Heterogeneous effects

Individual characteristics

At this stage, a relevant question is whether the effect of working
from home on depression shown in Table 2 may not conceal hetero-
geneous effects. Table 9 reports estimates produced by splitting the
sample according to some individual characteristics. Columns (1) and
(2) show the estimates by gender and report no significant effect of
working from home on depression for men, but an adverse effect for
women, significant at the 1% level. Next, we investigate whether family
composition matters. Column (3) estimates the model for respondents
with children at home (both men and women), column (4) for those
without children. We find a particularly large worsening in reported
depression among respondents with children at home, significant at the
1% level. The change among respondents without children at home is
substantially smaller, and again precisely estimated. Note that, given
the focus on senior workers, coresiding children are relatively old: their
age goes from 2 to 51, the mean being 26 years old. Finally, columns
(5) and (6) show that there are only marginal differences between the
effect on respondents with and without a partner.

Angelici and Profeta (2024) find that, before the pandemic, working
at home one day a week improved the well-being and work-life balance
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Table 9
The heterogeneous effect of remote work on changes in depression by individual characteristics.
@™ ) 3) (C)] %) (6)
Heterogeneity by Gender Children at home Partner
Male Female Yes No Yes No
Dependent variable ADEP ADEP ADEP ADEP ADEP ADEP
Coefficients
Work from home 0.013 —0.537%%* —0.677%** —0.240%* —0.448%** —0.359*
(0.116) (0.084) (0.173) (0.104) (0.111) (0.194)
Marginal effects
Pr(ADE P=-1) - worse depression —-0.001 0.097*** 0.078%** 0.040** 0.074%** 0.047
for work from home (0.013) (0.025) (0.019) (0.021) (0.032)
Pr(ADEP=0) - same depression —0.002 0.118%*** 0.028** 0.048%** 0.063**
for work from home (0.019) (0.013) (0.033) (0.013) (0.011) (0.031)
Pr(ADEP=1) - improved depression 0.004 —0.158%*** —0.196%*** —0.068** —0.122%** -0.110*
for work from home (0.031) (0.025) (0.048) (0.030) (0.028) (0.058)
Observations 1,275 1,586 850 2,009 2,251 610
Clusters (1) 91 92 80 97 95 78
Clusters (2) 130 131 112 131 135 108

Notes: The table reports coefficients and marginal effects of Eq. (2) for different sub-groups of workers described in the heading of each column. See Table 2 for details on the

specification and on estimation. *** p < 0.01, ** p < 0.05, * p<0.1.

Table 10

The heterogeneous effect of remote work on changes in depression by country and regional level factors.

(€9)]
Heterogeneity by

Peak excess death rate

(2) 3) “@

Stringency index

Above median

Below median Above median Below median

Dependent variable ADEP ADEP ADEP ADEP
Coefficients
Work from home 0.004 —0.561%** —0.632%** —-0.037
(0.238) (0.076) (0.097) (0.110)
Marginal effects
Pr(ADEP=-1) - worse depression 0.000 0.095%** 0.106%** 0.004
for work from home (0.028) (0.018) (0.026) (0.013)
Pr(ADE P=0) - same depression —-0.001 0.070%%* 0.070%** 0.007
for work from home (0.036) (0.018) (0.013) (0.021)
Pr(ADEP=1) - improved depression 0.001 —0.165%** —0.176%** -0.012
for work from home (0.064) (0.025) (0.027) (0.034)
Observations 804 2,057 1,681 1,180
Clusters (1) 76 97 94 88
Clusters (2) 69 69 91 47

Notes: The table reports coefficients and marginal effects of Eq. (2) for workers residing in areas described in the heading of each column. See Table 2 for details

on the specification and on estimation. *** p < 0.01, ** p < 0.05, * p <O0.1.

for women more than for men. The results reported in columns (1) and
(2) seem to contradict this finding, but as columns (3) and (4) indicate,
the presence of adult children was an appreciable burden for people
working from home. Our results are then in line with Evandrou et al.
(2021): the authors find that older individuals who due to the outbreak
of the pandemic changed their living arrangement and started living
with their adult children experienced an increased level of stress.

Aggregate factors

Finally, we consider whether the effect of working from home
differs according to regional and national factors related to the severity
of the pandemic and to containment policies. Columns (1) and (2) of
Table 10 divide the sample into regions above and below the median
peak excess death rate, and in columns (3) and (4) into countries above
and below the median of 73 days of strict lockdown. Working from
home has a significant adverse effect in regions below the median peak
excess death rate, but not in those above the median. Where the death
rate was relatively low, working from home significantly increased
the probability of reporting worse or stable depressive feelings and
reduced that of reporting improved depression. Regarding containment
measures, in countries with above-median days in strict lockdown,
working remotely increased the probability of reporting sadness or
depression and reduced the likelihood of an improvement. In countries
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where containment measures are below the median again we still
estimate a negative impact of working from home on depression, but
this effect is considerably smaller in magnitude.

Since the causal impact on depression is led by the subgroup of
people subjected to harsh containment measures and those facing a
relatively low risk of infection, our interpretation is that working
from home in a pandemic context has a detrimental depressive effect
when the worker does not perceive a substantial benefit from forced
stay-at-home orders in terms of diminished health risk.'”

Conclusions

Our analysis contributes to the literature on the causal impact of
remote work on mental health. We design an identification strategy
based on the combination of longitudinal data and the differences
between sectors in the policies restricting in-place work during the

19 We attempted to examine these differences more closely by combining our
proxies for Covid-19 severity and containment stringency and dividing the pool
of regions into four groups, but the resulting subsamples are very small and
we cannot achieve convergence in the estimation of the non-linear models.
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Covid-19 pandemic and across occupations in their degree of technical
teleworkability.

We use longitudinal survey data on representative samples of the
50+ population residing in 16 European states plus Israel, interviewed
immediately before and after the outbreak of the pandemic.

Our interest in senior workers is motivated by the rising longevity,
falling fertility and increases in state pension age among many EU
member states, which imply that labour forces will likely become older
at a rapid pace. Furthermore, senior workers face more serious health
threats from working at the usual workplace during epidemics and
pandemics and may thus be more reliant on WFH.?° At the same time,
these workers may lack the digital skills needed to successfully adapt
to WFH (Cavapozzi and Dal Bianco, 2022). Answering this question is
thus important for employers that shall provide safe, productive, and
healthy working conditions for an ageing workforce, that faces several
health threats.

We find that, on average, WFH has a detrimental effect on de-
pression compared to continuing to go to the usual workplace. On
closer examination, we find this effect to be heterogeneous among sub-
populations. Depression worsened among women who adopted WFH,
and among remote-working respondents with adult children at home.
Instead, the impact on depression was nil for men and small for remote-
working respondents without children at home. Further, effects are
larger for respondents living in regions with low exposure to Covid-19
but strict containment measures.

The existing evidence from pre-pandemic times mostly focused
on the impact of WFH arrangements on productivity and well-being
(see Bloom et al., 2015; Angelici and Profeta, 2024 among others).
These studies involve the random assignment of employees of specific
companies to the option of WFH for one or a few days a week — an
arrangement that could be planned and for which workers received
the appropriate training. The results point towards positive effects on
productivity and mental well-being, especially for women.

How do our findings relate with this literature? A key difference
between our setup and these studies concerns the extensive margin
of WFH: during the pandemic, the containment measures forced close
to 50% of workers to suddenly and unexpectedly move to full-time
WFH. At the same time, lockdowns forced them to face exceptional
conditions in managing their everyday life: they were unprepared for
the WFH transition, locked at home, fearing viral spread, and coping
with the difficulties related with a blurred work-family environment.
All these things considered, our estimates of detrimental causal ef-
fects of WFH on depression, especially for women with children at
home, do not seem surprising. These patterns are also in line with
other single- or cross-country descriptive studies tracing the association
between WFH, productivity and mental health during the pandemic
(see e.g., Etheridge et al., 2020; Perelman et al., 2021). Furthermore,
larger effects in areas where containment measures were stricter and
the risk of contagion was lower may mirror the feel of distress induced
by containment measures that are not proportionate to the actual health
risks faced by individuals.

While we have argued that there are important reasons to focus on
estimating the impact of WFH on senior workers, the generalization of
our findings to younger workers shall deserve a closer examination with
dedicated data, which is beyond the scope of this paper. Nevertheless,
it is rather reassuring that recent findings in the literature using data
for a broader age range reach similar conclusions. As an illustrative
example, Gueguen and Senik (2023) find that working remotely all
the time had a negative impact on workers’ mental health during the
pandemic using the UK Household Longitudinal Survey (UKHLS) —
a representative sample of the entire British population. Consistently

20 See e.g. this VoxEU column: https://cepr.org/voxeu/columns/transition-
steps-stop-covid-19-without-killing-world-economy
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with our results, the negative impact of WFH on mental health is
concentrated among women.

Our results have important implications for the design of productive
and satisfactory work arrangements in post-pandemic times. If, as ex-
pected, WFH remains a common arrangement (Barrero et al., 2023), the
heterogeneity detected in our analysis suggests that enforcing uniform
work-from-home arrangements, such as a strict limit on remote work-
days for all employees, may not be the optimal policy approach. To
guarantee a productive and healthy transition towards WHF, flexibility
is crucial both in terms of the intensive and the extensive margin, as
different workers may have heterogeneous preferences and reactions
towards WFH, that may depend on their gender, demographics and
family structure.
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Appendix
Table A.1
Statutory retirement age by country.
Country Statutory Retirement Age
Austria Female 60
Male 65
Belgium 65
Croatia Female 63
Male 65
Czech Republic Female with no children 64
Female with 1 child 63
Female with 2 children 62
Female with 3 children 61
Female with 4 children 61
Female with 5 children or more 60
Male 64
Denmark 66
Estonia 64
France 62
Germany 66
Greece 67
Israel Female 62
Male 67
Italy 67
Luxembourg 65
Poland Female 60
Male 65
Slovenia 65
Spain 65
Sweden 65
Switzerland Female 64
Male 65
Source: MISSOC Comparative Tables (https://www.missoc.org/missoc-database/comparative-
tables/).
Table A.2

Sample representativeness.

Variable Excluded Included p-value Sharpened g¢-value
Depression 0.356 0.357 0.956 0.956
Sleep 0.298 0.314 0.144 0.404
Loneliness 1.192 1.194 0.871 0.938
Non essential, Non teleworkable job (IV'1) 0.162 0.180 0.256 0.512
Teleworkable job (11V2) 0.688 0.655 0.075 0.263
Female 0.549 0.554 0.700 0.938
Age 60.117 59.076 0.000 0.001
Has a partner 0.838 0.787 0.000 0.001
Employed as civil servant 0.309 0.322 0.537 0.836
Self-employed 0.167 0.140 0.011 0.052
Employed in an essential sector 0.472 0.477 0.837 0.938
Tertiary education degree 0.358 0.374 0.314 0.550
Has no children 0.089 0.099 0.251 0.512
High wealth 0.327 0.331 0.772 0.938
N 1,488 2,861

Notes: The table reports the means of a set of observable covariates measured at Wave 8 for respondents excluded and included in our final sample.
P-values for equality in means as well as FDR-robust g-values obtained with the method of Anderson (2008), are also reported. *** p < 0.01, ** p < 0.05,

* p<0.1.
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Table A.5
Table A.3 The effect of remote work on depression levels at Corona survey and Wave 8.
The effect of remote work on depression changes between Corona survey and @™ (2)
Wave 8, imposing the exogeneity of sample selection. Time frame Corona survey Wave 8
o) @ Dependent variable Depression level
Time frame Corona survey-Wave 8 Coefficients
Dependent variable Work from home ADEP Work from home -0.015 —0.491%x*
(0.140) (0.068)
Coefficients Marginal effects
ue 1.072%x* Pr(DEP=1) ~0.004 —0.161%*+
(0.154) for work from home (0.035) (0.022)
Work from home —-0.386
(0.348) Observations 2,861 2,861
Marginal effects Clusters (1) 99 99
Pr(Work from home=1) 0.320%** Clusters (2) 138 138
for 1V2 (0.050) Notes: The table reports coefficients and marginal effects of the effect of remote
Pr(ADEP=-1) - worse depression 0.052 work on depression levels. All models control for country dummies, country-
for work from home (0.052) specific linear trends in the week of interview at the SHARE Corona survey, age,
Pr(ADEP=0) - same depression 0.062 gender, presence of partner, tertiary education degree, not having children, type
for work from home (0.048) of employment at the outbreak of Covid-19 (public employee, private employee,
Pr(ADEP=1) - improved depression -0.115 self-employed), wealth tertiles, the log peak excess death rate by region. Standard
for work from home (0.099) errors are two-way clustered by cells defined on the basis of job teleworkability
Observations 2,138 and job essentiality (Clusters (1)) and NUTS-2 region (Clusters (2)). The models
Clusters (1) 95 also allow for the endogeneity of keeping on working continuously during the
Clusters (2) 133 pandemic as well as the adoption of remote working using the same instruments

as in our main specification in Table 2. *** p < 0.01, ** p <0.05, * p<0.1.
Notes: The table reports coefficients and marginal effects of Eq. (2) obtained

when we impose the exogeneity of sample selection. We only retain the 2,138
respondents who were continuously employed during Covid and thus exclude
Eq. (4) from the model. See Table 2 for other details on the specification and on
estimation. *** p < 0.01, ** p < 0.05, * p<0.1.

Table A.6

Table A.4 The effect of remote work on changes in sleep and loneliness.

The effect of remote work on depression changes between Corona survey Ieh) @

and YVave 8, imposing the exogeneity of remote working and sample Time frame Corona survey-Wave 8

selection.

D Dependent variable ASleep ALonely
Time frame Corona survey — Wave 8 Coefficients
Dependent variable ADEP Work from home —-0.033 —0.393***
Coefficients ) (0.091) (0.078)
Work from home ~0.039 Marginal effects
(0.083) Pr(Dependent variable=-1) 0.004 0.059%**

Marginal effects for work from ht'Jme (0.010) (0.015)
Pr(ADEP=-1) - worse depression 0.005 Pr(Dependent variable=0) 0.006 —0.001
for work from home (0.011) for work from h(.Jme (0.017) (0.007)J1M
Pr(ADE P=0) - same depression 0.007 Pr(Dependent variable=1) -0.010 —0.057
for work from home (0.015) for work from home (0.027) (0.013)
Pr(ADEP=1) - improved depression -0.012 Observations 2,861 2,861
for work from home (0.025) Clusters (1) 99 929
Observations 2,138 Clusters (2) 138 138
Clusters (1) 95 Notes: The table reports coefficients and marginal effects of Eq. (2) using changes
Clusters (2) 133 in self-reported troubles sleeping and feelings of loneliness as dependent variables.

Troubles sleeping are reported on a yes-no scale, while loneliness is reported on
a scale taking on 3 values: 1 for people that report to feel lonely hardly ever or
never, 2 if they feel lonely some of the times and 3 if they often feel lonely. We
code feeling lonely as a binary variable equal to 1 if the respondents feels lonely
often or some of the times, and to O if this happens hardly ever or never. We
use changes in these binary variables as outcomes. See Table 2 for details on the
specification and on estimation. *** p < 0.01, ** p < 0.05, * p<0.1.

Notes: The table reports coefficients and marginal effects of Eq. (2) obtained
when we impose the exogeneity of both sample selection and working
from home. We only retain the 2,138 respondents who were continuously
employed during Covid and exclude Eq. (4) and Eq. (5) from the model.
See Table 2 for other details on the specification and on estimation. ***
p <001, ** p<0.05, * p<0.l.
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