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1 | INTRODUCTION

The Covid-19 pandemic has become the most significant public health crisis of our time. In response, governments in
the UK and elsewhere have taken unprecedented steps to protect public health such as the imposition of lockdowns and
other social distancing requirements. The implementation of physical distancing measures has profoundly impacted the
way people live their lives and such changes will inevitably have mental health consequences. Looking beyond the
impact of changes in behavior, general health anxiety (such as the fear of infection or, as the case for many, actual
infection), is also likely to have negative repercussions on mental health.

A nascent literature seeks to quantify the mental health burden associated with the pandemic, in particular lock-
downs and related restrictions (see Banks et al., 2021 for a review of this literature). Such efforts are an important
endeavor, as it is only by ascertaining the full welfare consequences of such decisions, that we can begin to make more
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informed choices regarding the scope and nature of government intervention in response to this or indeed future
pandemics. Additionally, having a better understanding of the extent to which the pandemic impacts different socio-
demographic groups will be essential in informing targeted policies that could help mitigate these detrimental impacts.

We contribute to this literature by employing longitudinal data from the UK Household Longitudinal Study
(UKHLS or Understanding Society) coupled with Difference-in-Difference (DiD) techniques to evaluate the causal
impact of the initial wave of the pandemic on mental health. This framework allows us to calculate the impact of
the pandemic and the resulting social restrictions on mental health more reliably than in previous work. An
additional novel contribution of this work is that we explore factors/moderators capable of predicting the relative
magnitude of these detrimental mental health impacts. A limitation of existing research is that there has been little,
if any, attempt to understand the potential moderators behind the detrimental effects of the pandemic on mental
health. The principal focus has been on documenting the main population impact as well as various inequalities of
impact.

Our main findings suggest that the mental health burden of the pandemic at the population level is substantive. As
an illustration, the average estimated well-being loss observed between March 23 and May 31, 2020 in the UK (which
coincide with the dates of the first nationwide lockdown), as compared to the same period in 2019 equates to
approximately one half to two-thirds of the estimated impact of unemployment for mental health and significantly
exceeds that of other commonly observed negative correlates with well-being such as divorce and widowhood. While we
find the population-level impact of the pandemic on mental health to be substantive, the overall impact is heavily
dependent on who you are. Our findings indicate, for instance, that females, younger age groups, those born overseas,
and members of the black, Asian and minority ethnic (BAME) community, were much more negatively impacted than
other groups. Hence, they resonate with similar findings in the literature pertaining to differential impacts by gender (e.
g., Banks & Xu, 2020; Daly et al., 2020; Etheridge & Spantig, 2020; Staneva et al., 2022; Zamarro & Prados, 2021), age (e.
g., Banks & Xu, 2020; Daly et al., 2020; Staneva et al., 2022) and ethnicity (Swaziek & Wozniak, 2020).

Looking beyond demographics we also identify an array of factors which predict who was least resilient to the
adverse mental health effects associated with the first wave of the pandemic. These include the presence of financial
worries, loneliness and household density. People reporting more financial concern, loneliness or living in denser
dwellings all experienced worse mental health deterioration. For instance, in the case of loneliness, each categorical
increase in more acute loneliness reporting led to marginal mental health impacts greater than the population-level
average effect.

The rest of the paper proceeds as follows. Section 2 discusses previous literature in this rapidly evolving field.
Section 3 describes our dataset based on the UK Household Longitudinal Study and its special covid-19 pandemic
supplement. Section 4 presents our estimation strategy, namely a set of DID models. Section 5 presents our results and
discusses their implications. The paper concludes with some remarks in Section 6.

2 | PREVIOUS RESEARCH

A consistent finding in the emerging literature on this topic is that the Covid-19 pandemic is associated with a sub-
stantive rise in psychological distress (see Banks et al., 2021). The results regarding the mental health impacts have
come from a wide array of surveys; some of them, for instance, track people's mental well-being during the pandemic.
These surveys include the UCL Covid-19 Social Study which has been collecting mental health and loneliness data from
a large sample of UK adults since the start of the first lockdown (Fancourt et al., 2020) and the USC Understanding
America Study (Kapteyn et al., 2020). The key advantage of these surveys is that they provide high-frequency data and
can rapidly tailor their design to capture a variety of issues of direct relevance to the pandemic. The disadvantage is that
they do not contain estimates relating to how people felt before the pandemic, which makes it challenging to capture
the causal impact of the pandemic.

A further data source comes from some pre-existing cross-sectional or longitudinal surveys, many of which have
adapted their design (and/or data collection strategies) in order to specifically collect data of relevance to the Covid-19
pandemic. The main advantage of this approach, relative to the bespoke surveys described earlier, is that pre-existing
surveys contain information from people before the pandemic, which means that one can develop a before-and-after
comparison of the mental health response to the pandemic. As an example of this approach, Davillas and
Jones (2021), using the UKHLS, report a substantive worsening of mental health during the peak of the pandemic as
captured by the General Health Questionnaire (GHQ). Additionally, Staneva et al. (2022) also using the UKHLS,
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document that the first months of the pandemic were associated with an increase in psychological distress and that this
impact was larger for younger adults.

Similarly, to these UK-based studies, several studies in the US showed, on average, significantly higher levels of
psychological distress and loneliness in surveys carried out in 2020 than in similar surveys in 2018 (McGinty et al., 2020;
Swaziek & Wozniak, 2020). In Germany, Schmidtke et al. (2021) use monthly panel data from December 2018 to
December 2020, coupled with individual fixed-effects, and document that workers in Germany underwent a significant
decline in mental health during the first and second wave of the pandemic.

Remarkably, this existing research suggests there may be significant inequalities in the degree to which different
groups will experience poor mental health in response to the pandemic. In particular, studies have reported that
women, ethnic minorities, young adults and working parents have been disproportionately impacted when it comes to
their mental well-being (Banks & Xu, 2020; Daly et al., 2020; Etheridge & Spantig, 2020; Paudel, 2021; Staneva
et al., 2022; Swaziek & Wozniak, 2020; Zamarro & Prados, 2021).

Notwithstanding these socio-demographic differences, Davillas and Jones (2021) find no increase in relative so-
cioeconomic inequality at the onset of the pandemic, suggesting that the greater total inequality that is evident in terms
of psychological distress remains broadly diffused across the population. In addition to socio-demographic differences,
there also appears to be some initial evidence that personality traits may play a significant role in predicting psycho-
logical distress. Johnston et al. (2021) report, for example, that self-efficacy defined as confidence in one's capability to
deal with life stresses has a protective effect. On the other hand, both openness and extraversion seem to be positive
predictors of psychological distress (Proto & Zhang, 2021). Additionally, Staneva et al. (2022) outline that neuroticism
may also predict psychological distress at least for certain socio-demographic groups.

While this research has been important, a limitation is that even when data is available before the pandemic, any
estimated effects cannot be taken as causal. The main reason is that these studies are not able to precisely identify an
appropriate counterfactual, namely what would have happened in the absence of the pandemic. This identification is
key as some mental health measures were trending downwards in the UK before the pandemic and therefore before-
and-after comparisons may overstate the mental health burden (Banks et al., 2021). Additionally, there are seasonal
patterns to reported mental health measures, meaning that any reported difference in mental health pre-and post-
pandemic may be partly confounded with seasonal trends.

A small number of recent studies have tackled these causality issues with innovative research designs. Banks and
Xu (2020), for example, developed estimates related to counterfactual levels of mental health that would be observable
in the absence of the pandemic using UKHLS data spanning many years pre-pandemic. Using the GHQ, as their
measure of mental health, they estimated a worsening of mental health of approximately 0.17 of a standard deviation of
the pre-pandemic distribution. The advantage of this approach is that, by modeling counterfactuals, it can directly take
into account seasonal, age, and gender-specific trends. The disadvantage is that results are sensitive to different model
specifications designed to estimate the counterfactual, as well as the period used to fit the model (Banks & Xu, 2020).

By exploiting different timings in the implementation of lockdowns between England and Scotland, Serrano-
Alarcon et al. (2021) were able to take advantage of a quasi-natural experiment in order to assess the impact of
lockdowns on mental health. They found that the easing of lockdown restrictions was associated with a significant
improvement in mental health and their observed improvement was principally driven by people with lower socio-
economic status.

In a further innovative approach, Brodeur et al. (2021) used Google trends data to test whether Covid-19 and
associated lockdowns led to changes in well-being-related search terms. Their main results came from a DiD esti-
mation that compared search terms pre-and post-lockdown to the same dates in 2019. They report a significant
increase in search intensity for boredom in both Europe and the US during lockdown periods and significant in-
creases in searches for loneliness, worry and sadness, while searches for stress, suicide and divorce fell. Silverio-
Murillo et al. (2021) conducted a similar study to evaluate the association between the COVID-19 lockdowns and
mental health-related Google searches in Latin America. Similar to Brodeur et al. (2021), they find that Google
searches for words associated with mild mental health disorders increased during the COVID-19 stay-at-home orders
and also note that searches related to suicide and insomnia fell following the passage of each country's income
support policies.

Regarding previous studies that tried to quantify the impact of lockdowns for mental health, Hensel et al. (2022)
made an important point about how challenging it is to identify an appropriate counterfactual. If the aim is quantifying
the impact of lockdowns as opposed to the pandemic, comparing the mental well-being of people before and during
lockdown is not enough. Before the implementation of lockdowns, people may have been more concerned about covid,
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at least in the early stages, as it would signal government inaction. Hensel et al. (2022) in a cross-country analysis find
that lockdowns, during their early stage, were associated with greater optimism about the governments' responses and
improvements in mental well-being. In this context, it becomes important to state that in our study we are capturing the
levels of psychological distress experienced during the first wave of the pandemic, which we define as the whole first
lockdown period, as opposed to the impact of the lockdown itself.

2.1 | Current aims

Our approach is close in spirit to that of Brodeur et al. (2021) and Silverio-Murillo et al. (2021). We also implement a
DiD model in order to estimate the causal impact of the first wave of the pandemic on mental health (corresponding to
the dates of the first lockdown period), but with some important additions. First, by using the UKHLS (as opposed to
search terms from Google trends) we take advantage of a more direct measure of mental health, namely the GHQ
(commonly referred to as the GHQ-12).

An additional advantage of our work is that we explore socio-demographic differences in impact across the pop-
ulation given the relatively large survey dataset at our disposal. This, we suggest, may help better characterize those
whose mental health is most at risk. Our definition of socio-demographic groups is informed by the ethics of responsible
egalitarianism (e.g., see Roemer & Trannoy, 2016) and its emphasis on characteristics largely beyond people's control,
that is, those for which they cannot be held responsible. Thus, we look into differential mental health impacts by sex at
birth, location at birth (British-born vs. foreign-born), age, and ethnicity (BAME vs. non-BAME). A further novel
feature of our work is that we go beyond demographics and look at characteristics which help us identify who was least
resilient to the adverse mental health impacts from the first wave of the pandemic. Our analysis points first to the
importance of financial worries and loneliness. Our proposed explanation is that those with comparatively fewer
financial worries and least likely to feel lonely are more likely to have the financial resources as well as social support in
place to deal with many of the challenges brought on by the pandemic. Additionally, we find that household density is
an important factor in predicting who was most likely to be negatively impacted. Our proposed explanation is that
higher density households are more likely to experience crowding stress brought on by the lockdown restrictions.

3 | DATA

We employ data from the UKHLS also known as Understanding Society. The UKHLS is a household panel dataset that
captures, among other things, information from adults about their economic and social circumstances, lifestyle,
employment, family relationships, and mental health. Our key outcome variable of mental health contained in this
survey dataset is the 12-item version of the General Health Questionnaire (GHQ-12). It is possibly the most commonly
used measure of subjective (self-reported) well-being (Jackson, 2007)." The GHQ offers an advantage over single
question measures of subjective well-being, such as happiness and life satisfaction as it is based on responses to 12
separate questions.” Each of the 12 items is scored on a four-point scale. The overall GHQ score can take values from
0 to 36, with 36 representing the lowest level of psychological well-being. The higher the score, the more likely it is that
respondents are suffering from some form of psychological distress.

The UKHLS contains information from approximately 50,000 individuals for the “mainstage waves” 1-11 which
were collected from 2009 to 2020. Each wave spans three overlapping years, albeit most interviews take place in the first
two years so that wave 1 runs from 2009 to 2011, wave 2 from 2010 to 2012 and so on. All adults aged 16 or older in each
household are re-interviewed approximately one year apart, which means we can track changes in mental health as
well as other characteristics of the same people over time. Notably, the survey fieldwork is not constrained to certain
time periods, and sample members from the main-stage waves are interviewed every year as long as they continue to
live in the UK and can be located. Every individual's interview is ensured to be at approximately 12-month interval by
an overlapping fieldwork; that is, in any given year, interviews for two consecutive waves are conducted. Thus, even
though an individual interviewed in March one year is more likely to be interviewed around March the next year (as
opposed to any random date), we do not expect any systematic bias related to timing of interviews, in the sense that
individuals as a whole are no more likely to be interviewed in March as opposed to, say, June.

Beginning in April 2020 (and thereafter continued monthly), participants of the UKHLS were asked to complete a
short online survey on the impact of the COVID-19 pandemic. This included the General Health Questionnaire (GHQ-
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12) as well as socio-demographic characteristics. By including the GHQ-12 in this special Covid-19 survey,’ we can track
to what extent the mental health of people changed throughout the pandemic and examine if there were any differences
across population sub-groups.

3.1 | Resilience

We take advantage of variables contained in the UKHLS dataset in order to test whether financial stress, loneliness and
household density were all important factors in helping to explain the mental distress experienced during the first wave
of the pandemic in the UK. We describe each of these variables as well as our rationale for including them below (see
Table 1 for summary details).

3.1.1 | Subjective financial health

We hypothesize that the initial wave of the pandemic, in particular the lockdown restrictions, would have led to
considerable financial distress for many people and this, in turn, would have had adverse consequences for mental
health. As an illustration, nearly 9 million jobs were furloughed during the initial wave of the pandemic (Francis-
Devine et al., 2021, chart 1). We posit that people with existing financial worries would have been less resilient to the
impact of this external shock when it comes to their own mental health.

In order to examine the importance of financial worries, we take advantage of a unique survey measure in the
UKHLS dataset. This variable asks individuals to evaluate how well they are managing their finances on a five-point
scale, where 1 is “Living comfortably,” 2 is “Doing all right,” 3 is “Just about getting by,” 4 is “Finding it quite diffi-
cult,” and 5 is “Finding it very difficult.” For simplicity, we label this variable as subjective financial health (SFH).* On
average, just over 70% of the participants report their financial situation as living comfortably or doing all right in each
period. To assess the importance of this variable, we evaluate whether there are significant differences in the mental
health impacts associated with the first wave of the pandemic based on how individuals respond to this survey question.
One thing we need to bear in mind is that the pandemic itself likely led to financial distress for many and so, in addition
to contemporaneous values, we use lagged values of SFH in a separate model specification. In this latter case, we are
looking at whether financial worries in the year prior to the pandemic predicted the mental health impacts associated
with the first wave of the pandemic.

3.1.2 | Loneliness

A wealth of literature in the economics of happiness field has documented the importance of social support or, more
broadly, social capital for psychological well-being (e.g., see Helliwell & Putnam, 2004). Looking outside economics, the
harmful consequences of poor social support for mental health have also been well documented. Sippel et al. (2015)
explain how health, both physical and mental, is inextricably tied to people’'s human connections. Indeed, social support
has been shown to positively impact mental health through a variety of mechanisms (see Smith & Christakis, 2008;
Thoits, 2011 for a review of this literature). One of the most common reasons put forward is that social support helps
individuals cope with current difficulties. This can be due to emotional support, information exchange as well exchange
of goods or services, and also advice on how best to deal with challenging circumstances (Ozbay et al., 2007; Sippel
et al., 2015).

Following on from this line of literature, we posit that social support will help to predict who was least resilient to
the first wave of the pandemic when it comes to mental health. In order to examine the importance of social support, we
take advantage of a survey item in the UKHLS which records the degree to which people report feeling lonely. Spe-
cifically, individuals are asked to indicate how often they feel lonely with three options, namely “often feel lonely,”
“some of the time feel lonely” and finally our baseline category “hardly ever or never feel lonely.” Our idea behind using
this variable as a proxy for social support is simply that one of the main reasons why people self-report being lonely is a
lack of social support (Zhang & Dong, 2022). Given that loneliness may be caused in part by restrictions imposed in
relation to the pandemic, we test whether mental health impacts vary across different loneliness categories using both
contemporaneous and lagged values (in separate, respective statistical models).
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TABLE 1 Summary statistics.

Outcome & demographic variables
Psychological distress (GHQ-12)
Female (%)
BAME (%)
Not born in UK (%)
Age: 18 to 34 (%)
Age: 35 to 49 (%)
Age: 50 to 64 (%)
Age: 65 and above (%)
Observations

Predictors
Subjective financial health (SFH): Living comfortably (%)
Subjective financial health (SFH): All right (%)
Subjective financial health (SFH): Getting by (%)
Subjective financial health (SFH): Difficult & very difficult (%)
Crowding
Hardly ever or never feels lonely (%)
Feels lonely some of the time (%)

Often feels lonely (%)

Observations

DiD sample

01/Jun/2018 to 31/May/2019

11.33
(5.60)
0.56
(0.50)
0.11
(0.31)
0.12
(0.33)
0.21
(0.41)
0.25
(0.43)
0.28
(0.45)
0.26
(0.44)

30,313

0.31
(0.46)
0.40
(0.49)
0.21
(0.41)
0.08
(0.27)
0.97
(0.51)
0.62
(0.48)
0.30
(0.46)
0.08
(0.27)
23,925

Note: Statistics represent the mean unless otherwise specified. Standard deviations in parentheses.

Abbreviation: BAME, black, Asian and minority ethnic.

01/Jun/2019 to 31/May/2020

11.94
(5.83)
0.57
(0.49)
0.08
0.27)
0.09
(0.29)
0.17
(0.38)
0.25
(0.43)
0.30
(0.46)
0.28
(0.45)
48,683

0.34
(0.47)
0.43
(0.49)
0.18
(0.38)
0.06
(0.24)
0.93
(0.48)
0.64
(0.48)
0.29
(0.45)
0.07
(0.25)
33,211
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3.1.3 | Household density

Finally, we posit that household density will be a significant marker of psychological distress. Our rationale here is that
being constrained to one's home for long periods, as was required during the first wave of the pandemic, will result in
what psychologists refer to as crowding stress (Regoeczi, 2008). Crowding stress is closely related to density in that
when density is perceived as being too high it can lead to crowding stress (Churchman, 1999; Evans & Cohen, 2004).
Our intuition here is that while crowding stress is unobservable, it will be closely related to density within the
household. Single people, for example, living in large dwelling units are on the whole likely to be much less impacted by
crowding stress than families living in multiple occupancy dwelling units.

To construct our household density variable, we divide the total number of people living in the household by the
number of bedrooms in their dwelling unit, information that is collected in the UKHLS. We then simply examine to
what degree the mental health impact of the first wave of the pandemic varies according to household density.

4 | METHODOLOGY
4.1 | Difference-in-difference (DiD) model

Quantifying the impact of the COVID-19 pandemic on mental health requires an estimate of the counterfactual, namely
how mental health would have changed in the absence of the pandemic. While one could conduct a simple before-and-
after comparison to ascertain how much people’'s mental health changed after the pandemic, such an approach may
confound the impact of the pandemic with seasonal patterns or other trends in mental health measures over time. To
overcome this potential issue, we adopt a differences-in-differences research design. In implementing this approach, we
compare the mental health changes observed for people interviewed pre-and-post March 23, 2020, which is the start
date for the first UK lockdown, with that of those interviewed before and after the same date on the year before (i.e.,
March 23, 2019). We select May 31, 2020 as our endpoint as the first nationwide lockdown measures reduced signif-
icantly thereafter (e.g., see Institute for Government, 2021).

In summary, with our DiD approach, we are first simply estimating and subtracting the average GHQ score observed
for individuals surveyed between June 1, 2019 and March 23, 2020, from the average GHQ score observed for in-
dividuals interviewed between March 23 and May 31, 2020 (i.e., during the first wave of the pandemic). This difference
can be deemed as a simple pre-and-post lockdown comparison.

Next, we again calculate changes in the GHQ score, using the same month-and-day dates as reference points, but
this time using 2018 (replacing 2019) and 2019 (replacing 2020). Thus, these two sets of observations form our coun-
terfactual group, namely observations from those interviewed between June 1, 2018 and March 23, 2019 which we
compare to people surveyed between March 23, 2019 and May 31, 2020. Subtracting the before-and-after difference in
GHQ within the “control” group from the respective difference in the “treatment” group allows us to control for any
trends and/or seasonal patterns that could bias any estimation of the pandemic's impact on mental health if relying on a
simple before and after comparison (e.g., mental health scores pre vs. post lockdown). Effectively, we end up with an
estimate of the “average treatment on the treated effect (ATT).” Our main assumption with this approach is that the
pandemic was an unanticipated shock and that, in the absence of the pandemic, the change in mental health before and
after March 23, 2020, would have been very similar to that observed pre-and-post March 23, 2019 simply because the
interview dates are randomized across individuals in each survey year.

Upon adopting these periods, we are left with a baseline of 78,996 observations (which shrinks in some alternative
specifications depending on the choice of covariates). Table 1 presents the summary statistics for the DiD analytical
samples for the periods between June 1, 2018 and May 31, 2020. The average subjective well-being reported between
June 2018 and May 2019 is about 11.3 out of 36 points, while from June 2019 to May 2020 it is about 12 points.

Formally we can write our baseline DiD model as follows:

My =By + 1L T + BoLi + B3 Ti + €u (1)
where our dependent variable M;; corresponds to the mental health (GHQ-12) of individual i reported on month-and-

day date ¢t (running from June 1, 2018 to May 31, 2020). L; (“Interview Post Lockdown” in the results' tables), is a
dummy variable that takes the value of one if the individual was interviewed after March the 23d, 2020 (which
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coincides with the date after the lockdown announcement). T; (“Jun2019-May2020” in the results' tables) is another
dummy taking the value of one if the interview occurs between June 1, 2019 and May 31, 2020 (treatment group ob-
servations), or zero if it takes place between June 1, 2018 and May 31, 2019 (control group observations). Finally, ¢; is an
error term.

Our Dif-in-Dif coefficient of interest, 8, corresponds to an “average treatment on the treated effect” estimate and
represents the change in mental health levels as a result of the first wave of the pandemic which in our case corre-
sponds to the dates of the first UK nationwide lockdown (March 23 to May 31, 2020). In order to properly estimate the
ATT, the key assumption in our estimation is that the changes in mental health observed between 2018 and 2019
would have been roughly the same as those observed between 2019 and 2020 in the absence of the pandemic (i.e.,
common trends). Given that the interview dates are randomized across individuals in each survey year we have no a
priori reason to believe that this assumption would not hold. In Section 5.4.1, however, we formally test for this
assumption.

In order to test for heterogeneity in impacts, we expand the baseline model specified in Equation (1) as follows:

n n
My =By +ByLi * T+ B,Li + BT+ Y cwXear + Y viXaeLi T + & (2)
k=1 k=1

The vector of n X;;, elements includes demographic characteristics such as binary indicators for sex at birth (equal to
one if female), BAME identity (i.e., Black, Asian, and Minority Ethnic), born outside the UK (labeled as not UK-Born),
and four binary indicators capturing different age cohorts. In most models, we look into one characteristic at a time (i.e.,
n = 1), namely female (column 2 of Table 2), BAME identity (column 2, Table 2), born outside the UK (column 3,
Table 2), and age cohorts (column 4, Table 2) We also estimate one Dif-in-Dif model including all the aforementioned
demographic covariates (column 6, Table 2). We follow a similar approach with the three sets of resilience-related
variables (financial concerns, loneliness and crowding); namely, we estimate one-set-at-a-time models and a model
including all resilience variables. For all models we estimate versions with and without demographic covariates (Ta-
bles 4 and 5, respectively).

5 | RESULTS
5.1 | DiD estimates—Main effects

Table 2 presents our initial DiD estimates of the pandemic's first wave impact during the lockdown period of March 23
to May 31 of 2020 on mental health. The first column presents the net population-level mental health impact. The DiD
estimate, namely the coefficient of our interaction term Interview Post Lockdown*JunMay19/20, is statistically signifi-
cant and suggests that the initial wave of the pandemic led to an average increase of 0.91 units in psychological distress
as measured by the GHQ.

An important question is how large/small this 0.91 unit increase in the GHQ is. Fortunately, this measure of
psychological distress is widely used in the literature which means we can compare this effect to the estimated impacts
of other major life events. It would, for example, be approximately one half to two-thirds of the estimated disutility
associated with unemployment and significantly larger than the typical estimated effects associated with divorce and
widowhood for mental health.’ It is worth noting that these are “average” effects, and that unemployment alongside
disability would be the factors most strongly associated with the largest increases in psychological distress in the wider
“economics of happiness” literature. Thus, the consequences of the initial wave of the pandemic for mental health were
substantive, all the more so considering that these initial estimates relate to the overall population impact, as opposed to
specific sub-groups such as the unemployed.

5.2 | DiD estimates—Inequality
After calculating the initial population impact, we tested whether these estimated impacts differed according to de-

mographic variables. In columns 2 to 6 of Table 2, we present the results of three-way interaction models combining
each of these potential moderating variables with our Interview Post Lockdown (IPL)*JunMayl19/20 interaction term.

85UB017 SUOWILIOD aATeaD 3|edi(dde ay) Aq peusenob ae sejoie YO 8sn Jo s8N Joy AReiqiT auljuQ A8|i UO (SUOIIPUOD-PpUe-SWIRIW0Y A8 | 1M Areid 1 puljuO//:sdny) SUOTPUOD pue swis | 8y 8eS *[£202/0T/6T] Uo Ariqiqauluo | ‘S8 Aq T8TET UIBS/TTTT OT/I0p/W0d A8 1M Aeiqjeuluoy/:sdny wody pepeojumod ‘0 ‘S62.S9%T



ANAYA ET AL.

Economic Inpuiry | _°

TABLE 2 Difference-in-differences estimates (01-Jun-2018/31-May-2019 to 01-Jun-2019/31-May-2020).

Interview post lockdown (IPL)*Jun2019-May2020 = 1

Interview post lockdown (IPL)

Jun2019-May2020 = 1 (2019-2020)

Female

IPL*2019-2020*female

BAME

IPL*2019-2020*BAME

Not born in UK

IPL*2019-2020*not UK born

Age 18-34

IPL*2019-2020*age 18-34

Age 35-49

IPL*2019-2020*age 35-49

Age: 50-64

IPL*2019-2020*age 50-64

Constant

Observations

R-squared

Note: Robust standard errors in parentheses.

Abbreviation: BAME, black, Asian and minority ethnic.

*#*p < .01; **p < .05; *p < .1.

@ ) 3 (@) 3) (6)
Psychological distress (GHQ-12)
0.91%** 0.43%+* 0.80%*+* 0.87%** 0.51%** 0.19*
(0.10) (0.11) (0.10) (0.10) (0.11) 0.12)
0.01 0.02 0.02 —0.01 0.04 0.03
(0.08) (0.08) (0.08) (0.08) (0.08) (0.08)
0.12%* 0.11%* 0.13** 0.10* 0.14%** 0.13%*
(0.05) (0.05) (0.05) (0.05) (0.05) (0.05)
1.19%** 1.17%++
(0.05) (0.05)
0.75%+% 0.61%**
(0.08) (0.08)
0.20%*+* 0.31%*+*
(0.09) (0.11)
1.06%+* 0.62%**
0.17) (0.19)
—0.36%** —0.68***
(0.08) (0.09)
0.54%%* 0.40%*
(0.14) (0.16)
1.69%** 1.64%*+
(0.07) (0.07)
1.31%* 1.01%*
(0.13) (0.13)
1.44%%+ 1.45%*+
(0.07) (0.07)
0.58+** 0.34%**
(0.11) (0.11)
1.28%** 1.28%*+
(0.06) (0.06)
0.06 —0.06
(0.11) (0.10)
11.33%+* 10.67++* 11.30%** 11.38%+* 10.26%+* 9.67+**
(0.04) (0.04) (0.04) (0.04) (0.05) (0.05)
78,996 78,996 78,996 78,996 78,996 78,996
0.01 0.02 0.01 0.01 0.03 0.04
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Column 2 shows that Female*IPL*JunMay19/20 attracts a statistically significant coefficient suggesting that Females
experienced a significantly higher deterioration in mental health than Males during the initial wave of the pandemic.

We also find that both Migrants (as opposed to Natives, see column 4), and members of the BAME community (as
opposed to non-BAME, see column 3), were more negatively impacted. In column 5, we examine any possible dif-
ferences across age groups. Our reference category is those aged over 64. We find that the age dummies are statistically
significant when interacted with Interview post lockdown*JunMay19/20, except for the 50-64 years bracket. This would
indicate that relatively older groups were less impacted when it comes to their mental health.

To provide a further illustrative picture of differences across groups, Table 3 summarizes the predicted mental
health impacts for different population groups based on the model results presented in Table 2. The column titled
“Difference-in-difference” computes, for each population group mentioned in the first column, the difference in the
average prediction of mental health before and after March 23, 2020 (i.e., between the periods 1/06/19-23/03/20 and 24/
03/20-31/05/20) minus the same difference for 2019. That is, it provides the average treatment effect on the treated
(ATT):

ATT = (E[Mg|Li = T; = 1, Xy] — E[Mi|Li =0, Ti = 1, X;]) — (E[Mu|Li =1, T; = 0, X;] = E[M|Li = T; = 0, X))~ (3)

For each group partition (e.g., by sex at birth, BAME ethnicity, born in the UK, etc.) the average predictions feeding
into the impact estimations stem from the models where each group appears alone. For example, for the female and
male groups, we predicted mental health using the model in column (2) of Table 2 (and so forth).

Noting that predicted mental health deterioration is pervasive across all groups, several interesting comparisons
emerge from Table 3. For instance, the predicted mental health impact among women is more than double that of men.
A similar situation holds for people of BAME background relative to non-BAME ethnicity. We also observe significant
differences when we compare people born in the UK versus those born outside the UK, albeit the difference in impact
between both groups is less pronounced (vis-a-vis the previous comparisons). Finally, we observe a health gradient in
the mental health impact whereby its severity decreases among older age groups. In other words, younger age groups
appear to experience a larger reduction in mental health than older cohorts.

5.3 | Who was least resilient to the pandemic?

Having established that the pandemic is associated with a statistically significant and substantial decline in mental
health, and that these impacts were not uniformly distributed according to socio-demographic characteristics, we now
look to better understand who was least resilient to the mental health impacts associated with the pandemic. We
predicted that SFH, loneliness and household density all play an important moderating role. To examine the impor-
tance of these variables, we present the results of three-way interaction models again, but this time combining our
variables capturing the presence of subjective perceptions relating to financial health, reported loneliness and house-
hold density with our Interview Post Lockdown (IPL)*JunMay19/20 interaction term (Table 4). In separate specifications
(Table 5), we also include the socio-demographic variables we found to be important moderators in the previous
section, namely gender, age, birth location and ethnicity.

TABLE 3 Predicted difference-in-difference impacts (based on Table 2 results).

Sex at Birth Female Male

Change in mental health 1.18 0.43

Ethnicity BAME Non-BAME

Change in mental health 1.86 0.80

Birth location Not born in UK Born in UK

Change in mental health 1.41 0.87

Age groups 18 to 34 34 to 49 50 to 64 65 and above
Change in mental health 1.82 1.09 0.57 0.51

Abbreviation: BAME, black, Asian and minority ethnic.
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TABLE 4 Difference-in-differences estimates (01-Jun-2018/31-May-2019 to 01-Jun-2019/31-May-2020).

Interview post lockdown (IPL)*Jun2019-May2020 = 1

Interview post lockdown (IPL)

Jun2019-May2020 = 1 (2019-2020)

SFH: All right

SFH: Getting by

SFH: Difficult & very difficult

IPL*2019-2020*SFH: All right

IPL*2019-2020*SFH: Getting by

IPL*2019-2020*difficult & very difficult

Sometimes lonely

Often lonely

IPL*2019-2020*sometimes lonely

IPL*2019-2020*0often lonely

Crowding

IPL*2019-2020*crowding

Constant

Observations

R-squared

Note: Robust standard errors in parentheses.

Abbreviation: SFH, subjective financial health.

*#*p < .01; **p < .05; *p < .1.

Economic Inpuiry | u

@® 2 3) (@) 5)
Psychological distress (GHQ-12)
0.91%*+* 0.76%* 0.65%* 0.46%* 0.39%**
(0.10) (0.10) 0.12) (0.13) (0.15)
0.01 0.06 —0.02 0.01 0.00
(0.08) (0.08) (0.10) (0.08) (0.10)
0.12%* 0.14%** 0.10 0.11%* 0.05
(0.05) (0.05) (0.07) (0.05) (0.06)
1.21%% 0.69%*+*
(0.05) (0.06)
3.25%k* 1.98%**
(0.07) (0.08)
7.14%%% 4.70%%*
(0.13) (0.14)
0.51%** 0.20%*
(0.08) (0.09)
0.85%+* 0.38***
(0.13) (0.13)
1.34%%% 0.63**
(0.25) (0.25)
3.98%** 3.49%++
(0.06) (0.06)
9.35%#* 8.31
(0.15) (0.15)
1.12%%* 1.16%**
(0.09) (0.10)
2.04%%* 2.00%+*
(0.23) (0.23)
0.73%+* 0.04
(0.05) (0.06)
0.49%** 0.35%**
(0.10) (0.09)
11.33%+* 9.60%** 9.39%#* 10.62*+* 8.51%*+
(0.04) (0.04) (0.03) (0.06) (0.06)
78,996 78,883 61,510 74,345 57,136
0.01 0.12 0.29 0.01 0.33
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TABLE 5 Difference-in-differences estimates (01-Jun-2018/31-May-2019 to 01-Jun-2019/31-May-2020) including socio-demographic

variables.

Interview post lockdown (IPL)*Jun2019-May2020 = 1

Interview post lockdown (IPL)

Jun2019-May2020 = 1 (2019-2020)

Female

BAME

Not born in the UK

Age 18-34

Age 35-49

Age 50-64

SFH: All right

SFH: Getting by

SFH: Difficult & very difficult

IPL*2019-2020*SFH: All right

IPL*2019-2020*SFH: Getting by

IPL*2019-2020*difficult & very difficult

Sometimes lonely

Often lonely

IPL*2019-2020*sometimes lonely

IPL*2019-2020%often lonely

@® ) 3) 4) (©)
Psychological distress (GHQ-12)
0.85%+* 0.74%%% 0.63%** 0.55%+* 0.39%+*
(0.10) (0.10) (0.12) (0.13) (0.14)
0.05 0.05 —0.02 0.03 0.03
(0.08) (0.08) (0.10) (0.08) (0.10)
0.14%%+ 0.12%* 0.10 0.13%* 0.09
(0.05) (0.05) (0.07) (0.05) (0.06)
1.41%+* 1.34%%* 0.78*** 1.38%+* 0.80%*
(0.04) (0.04) (0.04) (0.04) (0.04)
0,52 0.11 0.23%%* 0.47%%% 0.03
(0.09) (0.08) (0.08) (0.09) (0.08)
—0.55%%* —0.91 %+ —0.41*** —0.61%%* —0.70%%*
(0.08) (0.07) (0.07) (0.08) (0.70)
1.99%+* 1.28%* 0.65%+* 1.78%+* 0.20%%*
(0.06) (0.06) (0.06) (0.07) (0.07)
1.59%* 0.72*** 1.09%** 1.39%#* 0.44%**
(0.05) (0.05) (0.05) (0.06) (0.06)
1.25%* 0.58%+* 0,94+ 1.2k 0.48%+*
(0.05) (0.05) (0.05) (0.05) (0.05)
1.05%*+* 0.66*+*
(0.05) (0.06)
3.06%+* 1.94%*
(0.07) (0.08)
6.91%%* 4,69%**
(0.13) (0.14)
0.52%%* 0.18**
(0.08) (0.09)
0.89%+* 0.39%%*
(0.12) (0.13)
1.35%* 0.62**
(0.25) (0.25)
3.84%* 3.40%*
(0.06) (0.06)
9.15%+* 8.18%+*
(0.15) (0.15)
1.06%** 1.13%+*
(0.09) (0.10)
2.00%%* 1.97%+*
(0.22) (0.23)
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TABLE 5 (Continued)

@ (2 3 ) (5)
Psychological distress (GHQ-12)
Crowding 0.26™** 0.09
(0.06) (0.06)
IPL*2019-2020*crowding 0.34%** 0.24%**
(0.10) (0.09)
Constant 9.39##* 8.46%** 8.37#** 9.26%** 7.89%%*
(0.05) (0.05) (0.05) (0.07) (0.07)
Observations 78,996 78,883 61,510 74,345 57,136
R-squared 0.04 0.15 0.30 0.04 0.34

Note: Robust standard errors in parentheses.
Abbreviations: BAME, black, Asian and minority ethnic; SFH, subjective financial health.
*#**p < .01; **p < .05; *p < .1.

Table 4 presents our estimates of the impact of the pandemic during the lockdown period of March 23 to May 31 of
2020 on mental health with the three sets of proxy variables described in Section 3.1 added as moderators using triple
interactions. For ease of reference, column 1 presents our estimate of the net population impact again, as described in
Table 2. In columns 2 to 4, we control for each of our proxies for SFH, loneliness and crowding stress. Column 5 shows
the overall estimates when all three sets of proxy variables are included.

Notwithstanding a degree of uncertainty around each of these individual point estimates, Table 4 provides evidence
of these factors' individual importance in predicting the mental distress experienced during the pandemic. Indeed,
adding Subjective Financial Health (SFH; column 2) produces a gradient of mental health impacts whereby the latter
worsens together with grimmer self-appraisals. All the associated triple-interaction coefficients are statistically signif-
icant at the standard 1% level and the effect sizes are non-trivial in comparison to the reference average population
effect (column 1, top row). Likewise, including the loneliness dummies (column 3) also generates a gradient based on
statistically significant triple-interaction coefficients. Ceteris paribus, the movement from absent or rare loneliness
(baseline category) to occasional nearly triples the mental health impact (from 0.65 to 1.77). Meanwhile, the movement
from occasional loneliness to frequent represents a marginal increase greater than average population effect (1.77 to
2.69 vis-a-vis 0.91).

The triple-interaction coefficient of crowding is also statistically significant (column 4). Ceteris paribus, every addi-
tional person per bedroom worsens the pandemic's mental health by nearly 50% of the average population effect (0.49 vs.
0.91). Finally, column 5 presents the specification with these variables added together. Notably, all triple-interaction
coefficients remain statistically significant, and the gradients associated with SFH and loneliness do not disappear,
even though most effect sizes expectedly decrease. While there are undoubtedly other important factors, our variables
taken together significantly predict differences in mental health resilience in the wake of the pandemic. For instance,
ceteris paribus, according to our model, a person reporting rare or absent loneliness and no financial concerns and living
in the average crowded dwelling (0.93 people per bedroom post-pandemic; see Table 1) would have experienced a mental
health deterioration less severe than the average population impact (0.72 vs. 0.91). By contrast, someone reporting
difficult financial circumstances and frequent loneliness and living in a dwelling with one person per bedroom would
have suffered from a remarkably worse mental health deterioration (3.37 vs. the 0.91 average in the population).

We note that we have some reduction in our sample size when examining the three moderators, mainly due to the
addition of our loneliness variable. The roughly 17,000 missing observations stem from a UKHLS wave in which this
variable was not collected (as opposed to people hypothetically declining to answer the question non-randomly). As a
way to gauge whether this sample size reduction is likely to substantially bias the results reported when examining the
impact of our measure of loneliness, we re-estimated Equation (1), namely our main DiD coefficient estimate, but this
time restricting it to the sample size observed when we estimate our DiD regression adding only loneliness (i.e., column
3 of Table 4). Our estimate of the overall mental health impact just using this sample, 0.86, is qualitatively similar to the
full sample's (0.91; full results available upon request).
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Table 5 estimates the models in Table 4 but adding the demographic variables from Section 5.2. The results do not
change qualitatively, and all moderators' (triple-interaction) coefficients remain statistically significant at the same
level. Meanwhile, only the effect sizes of the crowding moderator notably decrease when controlling for demographic
traits (although the difference is not statistically significant).®

We note in both tables the substantial contribution of the loneliness indicators to the models’ goodness-of-fit,
especially vis-a-vis other posited predictors and demographic controls (Table 5). Indeed, the loneliness dummies just by
themselves can explain 29% of the variance in the mental health dependent variable (Table 4, column 3, bottom row). In
comparison, the model including all considered explanatory variables features an R-squared of 34%. Thus, our results
echo an extensive literature identifying loneliness as a predictor of general mental health (see e.g., Jaspal & Break-
well, 2022; Mann et al., 2022; Wang et al., 2020). Together with a presumption of bi-directional prediction, this may help
explain why loneliness engenders such a larger increase in goodness-of-fit.

Table 6 summarizes the results with an overview of average marginal effects for the three moderators (based on
columns 2 to 4 of Tables 4 and 5). Besides the inconspicuous differences between the models with and without de-
mographic controls, we note the gradients of average mental health impacts for every set of moderators. Finally, Table 7
provides the average marginal effects from models in which the SFH and the loneliness dummies have been lagged.
Remarkably, the results do not change qualitatively (further details are available upon request).

5.4 | Supporting analysis
54.1 | Common trends test

As explained in the methodology section, a key assumption to ensure the internal validity of a DiDs estimation is that of
common trends (also known as parallel trends). This assumption states that in the absence of treatment, the difference

TABLE 6 Predicted difference-in-difference impacts (based on Tables 4 and 5 results).

Subjective financial situation 1 (Best) 2 3 4 (Worst)
Change in mental health 0.76 1.27 1.61 2.10
(With controls) 0.74 1.26 1.63 2.09
Lonely Hardly ever or never Some of the time Often
Change in mental health 0.65 1.77 2.69
(With controls) 0.63 1.69 2.63
Crowding 1st quintile 2nd 3rd 4th 5th
Change in mental health 0.67 0.78 0.93 1.10 1.38
(With controls) 0.68 0.77 0.88 1.00 1.20

TABLE 7 Predicted difference-in-difference impacts from models with lagged variables.”

Subjective financial situation 1 (Best) 2 3 4 (Worst)
Change in mental health 0.75 1.12 1.42 2.34

(with controls) 0.73 1.09 1.37 2.32
Lonely Hardly ever or never Some of the time Often
Change in mental health 0.49 1.96 3.02
(with controls) 0.46 1.87 2.95
Crowding 1st quintile 2nd 3rd 4th 5th
Change in mental health 0.85 0.92 1.01 1.12 1.30
(with controls) 0.80 0.85 0.92 1.00 1.14

#Underlying model estimations available upon request.

85UB017 SUOWILIOD aATeaD 3|edi(dde ay) Aq peusenob ae sejoie YO 8sn Jo s8N Joy AReiqiT auljuQ A8|i UO (SUOIIPUOD-PpUe-SWIRIW0Y A8 | 1M Areid 1 puljuO//:sdny) SUOTPUOD pue swis | 8y 8eS *[£202/0T/6T] Uo Ariqiqauluo | ‘S8 Aq T8TET UIBS/TTTT OT/I0p/W0d A8 1M Aeiqjeuluoy/:sdny wody pepeojumod ‘0 ‘S62.S9%T



ANAYA 7 AL Economic Inpuiry_l_ls

between treatment and comparison groups is constant over time. In other words, in the absence of the pandemic, the
observed difference in mental health between June 2018 to May 2019 (“control” period) should be comparable to that
observed between June 2019 to May 2020 (“treatment” period). If it is not, our estimated mental health impact of the
initial wave of the pandemic may be biased.

Although it is not possible to know how mental health would have behaved in the absence of the pandemic, one way
to provide evidence in support of this assumption is to study the difference between treatment and comparison groups,
before treatment. If this difference is constant over time (i.e., common trends), it is likely it would also have remained
constant in the absence of treatment. In the Supporting Information S2: Section 1, we discuss the results of a common
trends test, which provides supporting evidence that our DiD design satisfies the common trends assumption.

5.4.2 | Robustness and sensitivity checks

In Table 2 we presented baseline estimates of the pandemic's impact on mental health during the first UK nationwide
lockdown. In a series of sensitivity checks, we examined what impact, if any, would using different cut-off points (dates)
have on our main results. We also examined a more conservative approach in which we conducted an individual fixed-
effect-DiD estimation. Finally, we implemented a placebo test. With this placebo test we again estimated a differences-
in-differences regression but instead of using March 23, 2020 as our cutoff date, we used March 23, 2019. We present
these results, as well as a detailed discussion of these sensitivity checks, in the Supporting Information S2: Section 2.

6 | CONCLUSION

We use data from the UKHLS, to study the impact of the initial wave of the pandemic on people’'s mental health in the
UK. In order to quantify the initial mental health burden of the pandemic, we employed a DiDs research design where
we compare reported mental health pre-and-post the first UK nationwide lockdown in 2020 to the reported mental
health pre-and-post the same date in 2019, thus ensuring that seasonal patterns or long-term trends in mental health are
not impacting our results. A further valuable feature of our analysis is that, due to the large sample size at our disposal,
we can probe for differences in the mental health burden across socio-demographic groups.

Considering first the period March 23 to May 31, 2020 which corresponds to the period of the first national lock-
down in the UK, our DiD estimates suggest that the initial wave of the pandemic led to an average increase in GHQ
scores of 0.91 units. To put this into context, this would be approximately one half to two-thirds of the estimated
disutility associated with unemployment and significantly larger than the typically estimated impacts associated with
other negative life events such as divorce and widowhood.

While the net population impact is substantive, it is important to recognize that it masks significant heterogeneity
across groups. In keeping with existing cross-sectional work, we find, for example, that the mental health burden
associated with the pandemic is more keenly felt by women than men and also appears to be more pronounced for
relatively younger age groups. Additionally, we find that BAME groups and migrants, as opposed to whites and natives,
are much more likely to suffer mental health consequences, thus reinforcing many pre-existing inequalities.

A further novel feature of our analysis is that we looked beyond socio-demographics and sought to identify who was
least resilient to the adverse effects of the pandemic. Put differently, what were the characteristics of people most likely
to witness substantive increases in psychological distress during the first wave of the pandemic. Our analysis points to
the importance of subjective perceptions regarding how well individuals feel they are able to manage their finances and
loneliness. Arguably, people who feel best in control of their finances and least likely to be lonely are more likely to
have the financial wherewithal and social support in place to help deal with the challenges brought on by the pandemic.
Finally, we find that household density played an important moderating role. Our proposed explanation is that
crowding stress is likely to be more of a factor in larger households when under lockdown restrictions.

Given the size of the estimated mental health impacts, an important area for future research will be to ascertain to
what extent people will recover to baseline levels of well-being. We know that for some adverse life events there can be
long-term psychological scarring meaning that recovery is not always complete (e.g., unemployment see Hetschko
et al., 2019; Mousteri et al., 2018). Similarly to other life events, it will be important, therefore, to establish if there are
any long term consequences for mental health due to the economic and social disruption caused by the pandemic,
much like there will inevitably be long term consequences for some people's physical health. The possibility of
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long-term changes to our behavior as a result of having to live with this disease indefinitely, though in less lethal forms,
may also be a factor that warrants some consideration.
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ENDNOTES
! We include a full list of the questions included in the GHQ-12 in the Supporting Information S2.

2 Factor analysis shows that most of the variance within these 12 item measures can be explained by one overall general factor. In essence
the GHQ-12 is unidimensional (Gnambs & Staufenbiel, 2018).

* Full details of sample design, response rates and response patterns are provided by the Institute for Social and Economic Research (2021).

4 We considered also including an objective measure of income. However, there are many missing observations in the special COVID-19
monthly surveys which significantly hinder direct comparisons before and after the pandemic.

> For example, Howley and Knight (2021) and Flint et al. (2013) estimate an impact of 1.58 and 2.2 units respectively when it comes to
unemployment.

§ Testing with the standard z statistics (Clogg et al., 1995).
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