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The COVID-19 pandemic has had both negative employment and mental health impacts,
which have been found to differ substantially across people in previous studies. However,
many of these studies only focused on the beginning phases of the pandemic or used data
from a short time span. The aim of this bachelor’s thesis was to determine, whether some of
the previously found factors behind these differences could be confirmed using longitudinal
data collected during 9 survey waves in the UK between April 2020 and September 2021.
This secondary data was used to build multiple random effects logistic regression models to
test how various sociodemographic and pandemic related factors impacted the probabilities
of worsened employment and mental health during the pandemic.

Negative employment changes were found to be more likely among the youngest and oldest
working age groups, those experiencing mental distress, and those not able to work at home.
Those in the ethnic minority were more likely to lose employment while women were more
likely to be furloughed. Women were also more likely to experience mental distress while
citizens who had reached retirement age were less likely to do so. Both those who lost
employment and those who were furloughed were also more likely to have mental distress.
Feelings of worse subjective financial situation and loneliness were found to be key risk
factors of mental distress.

Policymakers can use this information to provide targeted aid to those who are more likely
to suffer from negative employment and mental health effects during future waves of the
COVID-19 pandemic or other pandemics with similar effects. However, further research is
still needed to study the identified risk factors individually and reveal any underlying reasons
for the found differences.
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COVID-19-pandemialla on ollut negatiivisia tyollisyys- ja mielenterveysvaikutuksia, joiden
on aiemmissa tutkimuksissa I0ydetty eroavan merkittavasti ihmisten valilla. Monet néista
tutkimuksista ovat kuitenkin keskittyneet vain pandemian alkuvaiheisiin tai kdyttaneet dataa
lyhyeltd ajanjaksolta. Tamén kandidaatintutkielman tavoitteena oli maérittad, voitaisiinko
joitakin néiden erojen taustalta aiemmin ldydettyjé tekijoita varmistaa kéyttden huhtikuun
2020 ja syyskuun 2021 valille ajoittuneen 9 kyselyaallon aikana keréttya paneelidataa
Yhdistyneestd kuningaskunnasta. Tatda sekund&arista aineistoa kaytettiin useiden
satunnaisvaikutusten (random effects) logististen regressiomallien rakentamiseen. Malleilla
tutkittiin, miten erilaiset sosiodemografiset ja pandemiaan liittyvat tekijat vaikuttivat
heikentyneen tydllisyyden tai mielenterveyden todennakdisyyteen pandemian aikana.

Negatiiviset muutokset tyollisyydessa olivat todenndkdisempid nuorimpien ja vanhimpien
tyoikaisten joukossa, henkisestd ahdingosta karsivilla ja heilld, jotka eivat pystyneet
tyoskenteleméan kotona. Etniseen vahemmistodn kuuluvilla oli suurempi todennékoisyys
menettaa tyonsa, naiset taas joutuivat todennakdisemmin lomautetuksi. Naiset myos karsivat
todenndkdisemmin  henkisestd ahdingosta, kun taas elékeikaisilla tama oli
epatodennakodisempéd. Myods tyénsa menettaneet tai lomautetuksi joutuneet kokivat
todennakdisemmin henkistd ahdinkoa. Yksindisyys ja kokemukset heikommasta
taloudellisesta tilanteesta osoittautuivat henkisen ahdingon keskeisiksi selittdjiksi.

Paatoksentekijat voivat hyoddyntdad naitd tietoja COVID-19-pandemian tai muiden
vastaavanlaisten pandemioiden tulevien aaltojen aikana kohdentaakseen apua niille, jotka
tulevat todennakodisemmin kérsimddn negatiivisista tyollisyys- ja mielenterveys-
vaikutuksista. Tunnistettujen riskitekijoiden tarkempaa tutkimista ja havaittujen erojen
taustalla olevien syiden I0ytdmista varten tarvitaan kuitenkin vield jatkotutkimusta.
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1 Introduction

In the past two years, the rapid spread of the ongoing COVID-19 pandemic and the
subsequent measures taken by governments to control it have had a deep impact on
economies throughout the world, causing both supply and demand shocks in the labor market
and increasing financial distress. In addition to the financial difficulties experienced by
people, the strict restrictions put in place by many governments and the fear of the pandemic
have increased the prevalence of psychological distress, which could also have a delayed
impact on the labor market and economy. These various effects on employment and mental
health have been extensively studied throughout the pandemic’s development to gain a better

understanding of their scale and to evaluate the effectiveness of different policy responses.

In previous studies of the subject, the pandemic was found to have differential impacts on
both the employment and mental health of various groups of people across a multitude of
countries (Adams-Prassl, Boneva, Golin, Rauh, 2020; Belot et al., 2021; Varga et al., 2021).
The found inequalities also differed depending on the data that was used, the focus of the
study, and the country that was researched. For example, among studies that focused on the
pandemic’s ecarly effects on employment, unemployment was found to be higher among
women in the United States (US) (Montenovo et al., 2020), while in the United Kingdom
(UK), men were found to be at a higher risk of both being furloughed and being dismissed
(Witteveen, 2020). However, in a study that focused on the pandemic’s labour market
impacts on UK parents, declines in employment were found to be higher among mothers
(Andrew et al., 2021).

Additionally, much of the existing research on the topic was conducted closer to the start of
the pandemic and could therefore only assess the initial impact it had on the labor market
and people’s mental health (Benzeval et al., 2020; Gaudecker et al., 2020; Holingue et al.,
2020; Lemieux, Milligan, Schirle, Skuterud, 2020; Pierce et al., 2020). The limited use of
data was not restricted to cross sectional studies either, as many longitudinal studies on

mental health focused on comparing people’s experiences between two timepoints such as



before and during the pandemic (Breslau et al., 2021; Kwong et al., 2021) or during and after
a lockdown (Pieh, Budimir, Humer, Probst, 2021). Thus, more studies using longitudinal
data from a longer time period are needed to evaluate how the pandemic’s effects and the

differences of these effects between people have evolved through the pandemic’s timeline.

1.1 Research aims

The aim of this thesis was to determine, whether some of the previously found
sociodemographic and pandemic related risk factors of worsened employment and mental
health could be confirmed using longitudinal data gathered throughout the different phases
of the COVID-19 pandemic in the UK. Another point of interest was whether the impacts of
the pandemic related predictors of mental distress, unemployment, and reduced
employment, such as not being able to work at home or feeling lonely, changed according
to the concurrent state of restrictions. To achieve these goals, the potential risk factors of
employment and mental health issues and their significance during different phases of the
pandemic were explored with random effects logistic regression models built on secondary
data. The used data was collected during a longitudinal study of UK citizens that was

conducted in 9 survey waves between April 2020 and September 2021.

While few longitudinal studies that analyzed data from multiple survey waves do exist on
the pandemic’s employment and mental health effects in the UK, these studies had different
goals and methods, and used data from a shorter time span. The studies focusing purely on
the mental health impacts mainly covered the time during and after the first national
lockdown in the UK (Daly, Robinson, 2021a; Fancourt, Steptoe, Bu, 2021; O'Connor et al.,
2021), missing data on later stages of the pandemic. Of the more recent studies utilizing the
same data set used in this thesis, Crossley et al. (2021) used difference-in-differences
regressions and only considered employment impacts while Zhou and Kan (2021) studied
earnings and working hours instead of employment changes and used fixed effects linear
regression models. Additionally, for both of these studies only data up till March 2021 was

used.



1.2 Research questions and constraints

The subject was studied through the following research questions and sub questions:
1. How have the pandemic’s effects on employment differed between UK citizens?

= How have these effects differed across various sociodemographic groups?

= How have pandemic-related factors affected employment?

= Have the predictors of worsened employment changed throughout the pandemic?
2. How have the pandemic’s effects on mental distress differed between UK citizens?

= How have these effects differed across various sociodemographic groups?

= Have negative changes in employment affected mental distress?

= Which have been the key risk factors of mental distress during the pandemic?

= Have the predictors of mental distress changed throughout the pandemic?

The research area was geographically limited to the United Kingdom, as studying a single
country helped to limit the scope of the study and enabled studying the effects of national
policy decisions. The UK was chosen because it could be seen as a success case as the
extensive Coronavirus Job Retention Scheme (CJRS) put in place by the government
allowed most people to keep their jobs during the pandemic, leading to a much lower
increase in unemployment compared to other countries, such as the United States.
Availability of well documented, high-quality panel data that enables making valid
inferences of the underlying population also contributed to the choice of the UK as a place
of interest for the study. The time span of the analysis was limited by the latest publicly
released datasets from the special COVID survey that were available at the point of the study,
spanning from April 2020 to September 2021 and including baseline information of the

respondents from January and February 2020.
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1.3 Structure of the thesis

The remainder of the thesis has been organized into five main sections. First, a literature
review is conducted on previous research of the topic and research hypotheses are formulated
based on the findings of these studies. Then, a brief timeline of the COVID-19 outbreak in
the UK is presented together with the restrictions and schemes that were put in place by the
government. Next, the data and methods that were employed to answer the research
questions and test the formed hypotheses are described. Then, the results gained from
statistical analysis of the survey data are presented and compared to the research hypotheses.
Finally, in the last section of the paper, the results are discussed further, their practical
significance and relationship to previous research is evaluated, and after presenting some of

the limitations of the thesis, suggestions for future research are provided.
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2 The differential impacts of COVID-19

In the past two years, COVID-19 has had a major impact on economies throughout the world.
One of the areas that have been severely affected is the labour market. The ongoing pandemic
has affected both the labour supply and demand through both direct and indirect effects. On
the demand side, harsh restrictions and changes in consumer behaviour have had a negative
impact. On the supply side, measures such as closing schools have had a negative effect on
parents’ working hours. Additionally, getting infected with the virus or suffering from
decreased mental health because of COVID-related problems, such as general insecurity or

social isolation, can negatively affect the working status of people.

Understanding the relevant factors that contributed to worsened mental health during the
pandemic is also important in labour research as mental health problems are known to cause
employment issues. Even if the mental health problems formed throughout the pandemic
might not affect employment immediately, they can still have a delayed effect on a person’s
ability to work. In order for the policymakers to be able to mitigate the pandemic’s harmful
effects on employment and direct aid to those in need, factors that increase the risk of
negative employment and mental health consequences must be identified. In the following
chapters, a literature review of the pandemic’s effects on employment and mental health is
conducted to synthesize the current understanding of the topic and after that, research

hypotheses are formed based on this review.

2.1 The pandemic’s impact on the labour market

Throughout the pandemic, many studies have been made on its impact on the labor market,
revealing that the supply and demand shocks caused by it, and the policy measures taken to
contain it have had differential impacts on various groups of people. As Adams-Prassl et al.
(2020) studied the effects of Covid-19 on the employment status, earnings, and work hours
of US, UK, and German employees, they found that these effects differed considerably

across countries but also within them. They also found that the pandemic seemed to increase
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preexisting inequalities between social groups. Understanding these differences is important
as it can help policymakers address the issue and make decisions that ensure those who were
most affected by the pandemic get the aid they need to recover. Next, some of the sources
for these differences that were found in relevant studies are presented.

2.1.1 Sociodemographic characteristics

Many studies have found that those whose employment status and income were most
affected by the impact of COVID-19 were in the lower end of the average income
distribution. Job losses and economic suffering were found to be more prevalent among low
wage workers during COVID-19 in China and Korea (Belot et al., 2021), Germany (Immel,
Neumeier, Peichl, 2022), Canada (Lemieux et al., 2020), the UK (Crossley, T. F., Fisher,
Low, 2021), and the US (Cajner et al., 2020). These results indicate that people who were
already disadvantaged were more prone to the negative economic impacts of the pandemic.
Additionally, according to Chetty et al. (2020), the greater amount of job losses for low-
wage workers in the US could not be explained solely by sectoral differences. Understanding
how different demographic factors have affected people’s employment outcomes during the

pandemic might further help in understanding these differences.

One of the demographic factors often included in these studies was age. At the beginning of
the pandemic, younger employees seemed have a greater risk of losing their jobs in Canada
(Lemieux et al., 2020), Germany (Adams-Prassl et al., 2020), and the US (Béland, Brodeur,
Wright, 2020; Montenovo et al., 2020). Belot et al. (2021) also found that in the six countries
they surveyed, younger people had been more negatively affected. Aldan et al. (2021) found
that in the Turkish labor market, both the youngest and oldest working age groups suffered
most, although this effect did not persist when education level was considered. In the UK,
Crossley et al. (2021) found that in those aged under 30, both the fraction of people who
were employed and people who were working positive hours declined significantly at the
beginning of the pandemic. However, as the pandemic evolved, falls in employment were
persistent for those aged over 50 and their recovery in hours worked was also much weaker

compared to the other age groups (Crossley et al., 2021).
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Some studies have also found differences between ethnic groups. In the US, Couch et al.
(2020) found that some ethnic minority groups had higher unemployment rates, although
their occupations, skill-levels, and limited ability to work remotely contributed to these rates.
In the UK, Benzeval et al. (2020) discovered that people from ethnic minorities were at a
bigger risk of becoming unemployed while being less likely to be furloughed. Crossley et
al. (2021) confirmed that while the fraction of people who worked a positive number of
hours was similar between the two groups in the UK, the reason their hours fell differed
substantially. For ethnic minorities, the fall was primarily caused by increase in
unemployment, while getting furloughed was the primary reason for the decline for the
ethnic majority. Zhou et al. (2021) studied the changing impact of COVID-19 in UK from
April 2020 to March 2021 and found that ethnic minorities had a larger drop in earnings
compared to white people, which persisted almost through the entire study period.

Two other factors that were often included in statistical analyses were gender and
parenthood. Immel et al. (2022) found larger negative economic effects among women and
families with children in Germany. Lemieux et al. (2020) found that in Canada, mothers with
pre-school and younger school-aged kids had substantial drops in both employment and
working hours during the pandemic. According to Fuller et al. (2021), these gender
employment gaps among parents narrowed when restrictions were loosened, schools
reopened, and more childcare options became available again. Contrary to results from most
of the other studies, Witteveen et al. (2020) found that men had a higher probability of being
furloughed or dismissed from work at the early stages of the pandemic in the UK. In a later
study focusing on gender gaps during COVID-19, Alon et al. (2021) found gender gaps in
changes of both employment and worked hours to be generally small in the UK.
Additionally, some studies did not even find significant differences in the employment status
impact between genders. While Belot et al. (2021) found notable gender differences in some
countries, other countries showed only little variation between the genders. Also, Crossley

et al. (2021) found that in the UK, employment outcomes did not seem to differ by gender.
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2.1.2 Work characteristics

In these studies, education is often only used as a control variable, as it is strongly correlated
with different work characteristics that usually have more explanatory power. In many of
the studies, a significant part of the varying impacts between individuals could be explained
by these work characteristics. The self-employed were found to be more harshly affected in
Germany (Immel et al., 2022) and the Netherlands (Gaudecker et al., 2020). In the UK those
who were in less secure work arrangements, such as individuals without a minimum number
of guaranteed working hours, experienced a more negative impact (Crossley et al., 2021). In
both the UK and US, individuals whose occupations involved contact with people were more
affected while those who were able to work remotely were less affected (Béland et al., 2020;
Benzeval et al., 2020; Montenovo et al., 2020). In Germany, the UK, and the US, those who
were in less secure work arrangements and could not do much work at home were found to

be more likely to lose their jobs and have decreases in earnings (Adams-Prassl et al., 2020).

Among the work characteristics, two pandemic related characteristics were found to be
especially important when explaining the variation of the pandemics impact to the labour
market. In addition to the aforementioned ability to work remotely, whether a person was an
essential worker or not, had a significant impact on employment status during COVID-19.
Adams-Prassl et al. (2020) studied the pandemic’s effects on the employment status of US,
UK, and German workers and found that the percentage of tasks workers could do at home
was a better predictor of job loss than industry, occupation, or other job characteristics.
Zimpelmann et al. (2021) also found that in the Netherlands, the heterogeneous effects on
hours worked that were related to income and education could be partially explained by these
pandemic-specific job characteristics. They highlighted the interaction of the two
characteristics, as the ability to work at home only impacted the working hours of non-
essential workers. They also found that when only few economic restrictions were in place
and the number of infections was low, these job characteristics had a minimal effect on

employees working hours.
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Work characteristics are also important, because they help explain some of the differences
found between the pandemic’s impact on different demographics. Montenovo et al. (2020)
used decomposition analysis and found that in the US, a major share of the differences in
unemployment found across ethnicities, ages, and education could be explained by people
working in occupations and industries that were either more or less impacted by the COVID-
19 pandemic and related restrictions. Alon et al. (2021) examined data from several national
labor force surveys and discovered that much of the gendered impact could be explained by
differences between men’s and women’s ability to work at home in their occupation,
although the gender gap still remained after taking this into consideration. Adams-Prassl et
al. (2020) also discovered that after controlling for occupation and ability to work from
home, the gap they found between employees with and without a college degree disappeared.

2.2 The pandemic’s impact on mental health

Another point of interest in COVID-19 related research has been the mental health effects
of the pandemic and the subsequent restrictions put in place by governments. Many studies
have utilized regression analysis and statistical tests to decipher how different indicators of
mental health have been affected during the pandemic and how these effects differed
between various groups of people. Understanding these differences is important as it helps
policymakers to ensure that people whose mental health suffered the most get the aid they
need. Lessening the pandemic’s mental health impact and helping those who suffered
recover is vital as worse mental health can lead into many other issues, including
employment issues. Next, a brief synthesis of some of the findings of the studies exploring

these differential impacts is provided.

2.2.1 Sociodemographic and pandemic-related risk factors

Of course, as the COVID-19 pandemic is a global phenomenon, direct and indirect mental
health effects related to it have been found in studies around the world. For example, Varga
et al. (2021) found that during the first lockdown phase between March and July 2020,

relatively high rates of COVID-19-related worries and loneliness were present in Denmark,
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France, the Netherlands, and the UK where the mental health of younger people and people
with previous mental illness was more affected. The pandemic’s negative impact on mental
health was also found in Brazil, where women, younger and less educated people, and people
with low income or history of psychiatric illness were more strongly affected (Goularte et
al., 2021). Increased psychological distress was also discovered in Hong Kong, where
feelings of loneliness were associated with it (Tso, Park, 2020) and in Belgium, where
women, younger people and people exposed to COVID-19 had a higher risk of being
distressed (Lorant, Smith, Van den Broeck, Nicaise, 2021). In Austria, the pandemic and
related lockdown measures were found to have greatly impacted people’s mental health,
affecting younger adults, women, people without work, and people with low income the
most (Pieh, Budimir, Probst, 2020).

It seems that younger people, women, and people with previous mental health issues or lower
income were found to be at a bigger risk of mental distress in many studies of the subject.
Likewise, Breslau et al. (2021) also found these four factors to relate to an increased risk of
mental distress during the beginning of the pandemic in the US, while Daly and Robinson
(2021b) found that during the first few months of the pandemic in the US, the lowest levels
of psychological distress were reported by those who were over 65 years old or Black. In
addition to sociodemographic factors, people’s conceptions about their chances of becoming
infected or dying from the virus, and steps taken to avoid infecting others were also found
to be associated with increased mental distress in the US (Holingue et al., 2020) while
isolation, occupational difficulty, and lack of financial security and resources were found to
be affiliated with depressive symptoms in a study of the US and Canada (Zheng et al., 2021).
These pandemic-related factors were also found in other studies. In a study of the pandemic’s
effects on Germany, Liu et al. (2021) found that both loneliness and unemployment rate were

associated with worse mental health outcomes.

Some of the studies that were able to find a connection between employment status and
mental health also found that the unemployed were not the only group that was more severely
affected. While keeping a job during the pandemic instead of getting dismissed could be

financially better and enables returning to work if the situation recovers, it might not
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necessarily help in mitigating mental distress. For example, Lee et al. (2021) found that in
the US, hours-based underemployment had a similar effect on mental health as
unemployment when compared to those who kept their full-time job. Refaeli et al. (2021)
found similar results in a study of Israel, where both unemployment and reduction in work
hours were found to be related to mental distress. Therefore, it is important to not only
consider the effects of unemployment, but also reduced employment when studying the

pandemic’s mental health impact.

2.2.2 Risk factors found in the UK

Similar results were also found in the UK, as people who had worse mental health outcomes
during the pandemic included women, people with a history of mental health problems, and
younger adults (O'Connor et al., 2021). People with pre-existing physical health conditions
or a worse socioeconomic status were also found to be experiencing greater depression and
anxiety (Kwong et al., 2021). Additionally, living with young children was found to increase
the risk of mental distress (Pierce et al., 2020). This is probably due to the closures of schools
and daycares during lockdowns, which greatly increased parents’ childcare responsibilities
during the already difficult conditions. Research also suggest that these responsibilities were
not distributed evenly between parents. Xue et al. (2021) found that compared to men, the
time spent on unpaid care work during lockdown was much greater for women and that this
longer number of hours spent on housework and childcare increased the risk of psychological

distress.

The importance of financial security to mental health was also found in studies focusing on
the UK. In a study researching how working parents’ mental health was affected during the
beginning of the pandemic in the UK, financial insecurity was found to be a better predictor
of decreased mental health than household income or the respondent’s mental health and
employment status at the previous survey wave (Cheng et al., 2021). It was also found that
among working parents, financial insecurity had a bigger negative impact on the mental
health of fathers and people from poorer households, while spending more hours on

childcare or homeschooling had a more severe effect on the mental health of mothers and
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people from wealthier households. This shows that not only was there variation on how the
mental health status of different groups of people was affected during the pandemic, the
strength of a relationship between mental health and pandemic-related predictors could also
be affected by sociodemographic characteristics. To find these possible moderation effects,

interactions between different predictors should also be considered in the statistical models.

2.2.3 Changes in mental health during the pandemic

Few studies also researched how the pandemic’s effects on mental distress changed as it
evolved. During the beginning phases of the pandemic, Daly and Robinson (2021) found a
sharp increase in psychological distress in the US between March and April 2020 as the
lockdown restrictions began in the country. They found that in the weeks following this
initial rise, the increased levels of distress diminished as restrictions were being lifted and
by June 2020, psychological distress had returned to its baseline level. Robinson and Daly
(2021) also found that a significant part of these changes in distress levels could be explained
by changes in perceived financial and health risks related to the pandemic, and lifestyle
changes related to reduced social contact. However, they found that the studied variables
explained a smaller portion of the decrease in distress than they explained of its initial rise

and concluded that some other factors were affecting this recovery.

In another study, Daly and Robinson (2021) found a similar trend in the changes of mental
distress levels in the UK as the initial rise in psychological distress after the onset of the
pandemic and lockdown measures in April 2020 had mostly subsided to pre-pandemic levels
by July with the easing of restrictions. Although they found that women and young adults
had a larger initial rise in distress, the mental distress levels of all demographic groups had
recovered to their pre-pandemic state by September 2020. Fancourt et al. (2021) suggested
that this relatively fast recovery could be because of individuals’ adaptation to the
circumstances as they found that the fastest decreases in mental distress occurred during the
strict lockdown period in their analysis of data from 20 weeks after the beginning of the first
lockdown in the UK.
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In addition to the UK, Varga et al. (2021) assessed the mental health impact of the pandemic
and associated lockdowns in Denmark, France, and the Netherlands and found that COVID-
19-related worries were high in every country but declined as restrictions were being lifted.
However, this type of fast recovery does not seem to be a global trend, as Pieh et al. (2021)
found that the negative mental health effects of the pandemic lasted several months after the
pandemic’s initial outbreak in Austria and persisted even after the end of the national
lockdown measures. Niederkrotenthaler et al. (2022) found that although people’s
perceptions of burden from pandemic related measures were consistent with the concurrent
strictness of restrictions during the first 9 months of the pandemic in Austria, mental health
indicators did not seem to respond immediately to any relaxations of these governmental

measures.

2.3 Summary and research hypotheses

In employment related studies, age, ethnicity, income, gender, and parenthood were some of
the sociodemographic factors that were found to affect employment during the pandemic,
although the effect of gender seemed to be small in the UK. Additionally, work related
factors such as self-employment, work arrangement type, ability to work at home, and
working in a key work sector were some of the found work characteristics affecting changes
in employment status, although the last two seemed to have little impact when only few

restrictions were in place.

In most of the studies on the pandemic’s mental health effects, women, younger adults, and
people with lower income or previous mental health issues were found to be more
susceptible to worsened mental health. Other found risk factors included financial and
employment insecurity, fear of infection, and reduced social contact. Some studies that
utilized longitudinal data found that negative changes in mental health diminished greatly as
the pandemic progressed and lockdowns were dismantled, while other studies found that

these effects persisted even after restrictions were lifted.
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However, most of the found studies focusing on the effects COVID-19 had on employment
or mental distress seemed to rely on cross-sectional analysis and focused on the first few
months of the pandemic. The studies that considered the possible changes in employment
and mental distress, and their key predictors after the onset of the pandemic were also often
limited in time to the first lockdown periods in different countries. Based on this, more
studies that track the pandemic’s effects through multiple lockdown periods are needed to
confirm results from previous studies and observe possible changes in the key predictors of

worsened employment and mental health.

Based on the previously stated research questions, availability of relevant data, and the
literature review above, the following nine research hypotheses concerning UK citizens

during the COVID-19 pandemic were formulated for statistical testing:
1. Employment of both younger and older age groups is more affected.
2. People from ethnic minorities are more likely to become unemployed.
3. Differences in employment between genders are not statistically significant.

4. Working at home or being a keyworker reduces the risk of negative employment

changes.

5. When few restrictions are in place, working at home has a diminished effect on

employment.
6. Both women and younger people have an increased risk of mental distress.

7. Compared to citizens working positive hours, both unemployed and furloughed

citizens have a higher risk of mental distress.
8. Loneliness and financial insecurity are key predictors of mental distress.

9. When few restrictions are in place, loneliness has a diminished effect on mental

distress.

Whether or not these hypotheses are valid is evaluated in the results chapter.
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3 COVID-19 outbreak, measures, and policies in the UK

Next, the timeline of the COVID-19 outbreak in the UK is discussed to help in understanding
how the spread of the pandemic and the actions taken against it have impacted the UK labor
market and citizens’ mental health. Important developments, such as lockdowns, that
happened between February 2020 and September 2021 are briefly elaborated and the
development of monthly unemployment rates during this time in the UK and US are
compared. A table containing some of the important pandemic related decisions made by the
UK government can also be found in Appendix 1. The following information of the
pandemic’s spread is based on information on the UK government’s actions published by
the Institute for Government analysis (2021) and information on daily COVID-19 cases
published by the UK Health Security Agency (2022).

3.1 Spread of the pandemic between February 2020 and September 2021

In February 2020, some of the first COVID-19 cases in the UK were confirmed, but only
few cases were reported during the month. In March, more cases were reported as the
pandemic began to spread. At the end of March, the first national lockdown was put in place,
forcing many businesses to close and placing significant restrictions on freedom of
movement as people were not allowed to leave their homes without a reasonable excuse. To
protect people’s livelihoods, the UK government announced they will pay 80% of wages for
employees not working, up to £2,500 a month (Ferguson, Priestley, 2021). The government
also announced that some of the self-employed will be paid 80% of their profits, up to £2,500
a month to help them cope during the economic crisis (Seely, 2022). The development of
case numbers can be seen in Figure 1 below, where the red areas show when national

lockdowns were in place.
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COVID-19 cases and lockdown periods in the UK
from February 2020 to September 2021
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Figure 1. Covid cases (7-day average) and lockdown periods in the UK

Data source: (UK Health Security Agency, 2022)

As the case numbers did not decline during April, the lockdown was extended. In May, as
the number of reported cases decreased, a conditional plan for lifting the lockdown was
announced. Throughout June, the number of reported daily cases continued to fall and
lockdown restrictions were eased, leading to the reopening of schools and non-essential
shops. In the beginning of July, more restrictions were lifted, and restaurants and hairdressers
reopened. As the month progressed case numbers began to slowly increase again. In August,
the case numbers continued to increase slowly, as restrictions were further eased. During
September, the number of reported cases began to rise more quickly, and later in the month

new restrictions were announced, including returning to working at home.

In October, a new three-tier system of restrictions was deployed as the case numbers
continued to rise. In the beginning of November, the second national lockdown came into
force, reinstating harsher restrictions. The number of daily cases fell during the month and

at the beginning of December, the second lockdown ended, and England returned to the
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three-tier restriction system. During December, the situation worsened quickly as the number
of reported daily cases rose rapidly. Near the end of the month, new Tier 4: “Stay at Home”
restrictions came into force in some areas of England. In the beginning of January 2021, the
third national lockdown was established, as the number of daily cases was higher than ever
before. Throughout January, the number of reported cases fell rapidly, and as it continued
falling through February, a roadmap for lifting the lockdown was published.

In the beginning of March, schools reopened and at the end of the month, the “Stay at home”
order ends as the number of reported daily cases plateaued. In April, the case numbers
continued to fall, and more businesses were reopened. Halfway through May, indoor venues
were reopened, and case number began to increase again. During June, the case number
again rose rapidly, which continued to the beginning of July. Halfway through July, as
reported case numbers began to fall quickly, most social contact limitations were removed,
and rest of the closed economy sectors were reopened. In August, the daily case humbers

began to rise again, falling back down during September.

3.2 The pandemic’s effect on unemployment rates in the UK and US

As can be seen in Figure 1, the strict restrictions managed to drastically decrease the number
of reported cases of COVID-19 during the lockdowns but as these restrictions were eased
and lockdowns ended, it did not take long for the pandemic to continue spreading again.
These harsh restrictions also had a major negative impact on the labour market and citizens’
mental health. These types of impacts could be seen throughout the world but how they
manifested differed based on policy decisions made by different countries. As an example,
a simple comparison will be made between the unemployment rates in the UK and US. The
development of the monthly unemployment rates of these countries between February 2020

and September 2021 is presented in Figure 2 below.
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Monthly unemployment rates in the UK and US
from February 2020 to September 2021

Unemployment rate, % of labour force

Figure 2. Development of unemployment rates in the UK and US during the pandemic

Data source: (OECD, 2022)

In February 2020, before the pandemic’s impact, the unemployment rates were at a similar
level in the UK and US. However, in April as the unemployment rate rose rapidly in the US,
it remained almost unchanged in the UK. This is probably because of the CJRS that was put
in place in the UK at the beginning of the first national lockdown. When the UK focused on
keeping people employed and allowed them to be furloughed, the US chose to focus more
on unemployment benefits (U.S. Department of Labor, 2021). As the pandemic progressed,
the unemployment rate rose slightly in the UK but returned to its previous level. In the US,
the unemployment rate fell back relatively quickly in six months’ time and by September
2021, it had returned to a similar level with the UK’s rate.

It should be noted that although the pandemic’s effects cannot be seen so clearly in the
unemployment rate of UK citizens, it is probable that the pandemic and related restrictions
still had a negative impact people’s mental health that might even manifest as employment
issues in the future. Additionally, due to the furlough policy that was put in place, a major

increase in the proportion of people working zero hours should be seen in the data.
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4 Data and methods

In this section, the data and methods that were used in statistical analyses conducted during
the thesis are described. First, a general description of the used dataset is provided. Second,
the data samples that were used in the regression models are explained. Third, the variables
that were used in the models are covered. Finally, the regression models that were used in

the analysis will be discussed.

4.1 Understanding Society

The analyses of the thesis were based on secondary data from the Understanding Society
COVID-19 study (University of Essex, 2021), which is part of the main panel study of
Understanding Society: the UK Household Longitudinal Study (UKHLS). The data was
collected with a complementary, repeated web-survey that previous respondents of the main
survey were invited to participate in. The contents of the survey varied slightly between
survey waves, but the core questions remained the same, allowing tracking changes through
the pandemic. The survey provides some basic information on the sociodemographic
characteristics of the respondents as well as some more detailed information about the

respondents’ employment, income, health, and subjective experiences during the pandemic.

The data was collected in 9 survey waves throughout the spread of the pandemic. The first
four waves of the survey were fielded monthly from April 2020 to July 2020. Then, four
additional waves were fielded bimonthly from September 2020 to March 2021. Finally, the
last wave was fielded in September 2021 after a six-month break. The dataset also provides
some baseline information from January and February 2020 that was subsequently asked
from the survey participants when they first took part in the COVID-19 study and can be
used as a reference point in the analysis. Data from all 9 waves of the study were used in the
analyses to provide a more complete picture of pandemic’s effects and to take advantage of
the panel design of the study. Panel analysis was possible as each participant of the study

was given a unique personal identification number which is shared between observations
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from different waves of the COVID-19 survey and the main survey. This enables linking
responses from the same respondent between any of the survey waves of the COVID-19
study or the main study they responded to.

It should be noted that the samples of the main study, and thus the complementary COVID-
19 study, are clustered and stratified random samples. To account for the complex survey
design, the primary sampling unit (PSU), strata, and weight variables that were provided
with the datasets were utilized in the analyses where possible, using Stata’s svyset suite of
commands. The longitudinal weight variable of the last survey wave was used because it
facilitates population inferences and also accounts for attrition that is present in panel
surveys. This means that the weights will correct for the unequal selection probabilities of
individuals caused by oversampling of some subpopulations. They will also account for the
fact that the distribution of people who did not respond or stopped responding to the surveys

is not random.

4.2 Used data samples

It should also be noted that due to the way the longitudinal weights have been constructed,
only the observations from individuals who responded to all 9 waves of the study were used
in the computation of the point estimates in the regression models. However, the
observations that were not included in the calculation of the point estimates due to unit non-
response were still being used in variance computation and thus affected the reported
confidence intervals and p-values. In addition to the way longitudinal weights have limited
the sample sizes used in the analyses, there were other factors that affected the final samples
that were used in each model. A table that includes the sample selection process and final

sample sizes for each of the models can be found in Appendix 2.

One limiting factor was missing values in any of the dependent or independent variables
used in the models. These existed either due to item non-response or because some of the

variables were not asked in all survey waves. Additionally, as the area of interest in this
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thesis was the pandemic’s effect on the labour market, the analyses focused on a
subpopulation of UK citizens who were employed in January/February 2020 before the
pandemics impact. This approach included some bias into the analysis as the employment
changes of individuals who were not employed during the baseline period but started
working later on during the survey waves were not considered in the models. However, it
enabled focusing on the negative employment effects of the pandemic and removed
individuals who were already out of the labour force before the pandemic from the analysis.

4.3 Used variables

In this chapter, the variables taken and derived from the Understanding Society dataset that
were used in the regression models are briefly described. These descriptions are provided in
Table 1 below. After that, the use of GHQ-12 as a measure of mental distress is discussed.

Table 1. Descriptions of variables used in regression analysis

Variable: categories Description

] Binary variable, True if the respondent is not
Not working: False, True )
employed, False if they are (even under furlough).

Binary variable, True if the respondent is employed
Working zero hours: False, True but working 0 hours a week (furloughed), False if the

respondent is employed and working positive hours.

Binary variable, True if the respondent shows signs
] ] of psychological distress (GHQ-12 caseness score
Psychological distress (GHQ-12): False, True . o
exceeds the threshold of 4). More information is

provided in chapter 4.3.1.

] ] A variable describing whether the respondent was
Employment status: Not working, Working 0 hours, )
] . not employed, employed and working O hours at the
Working positive hours . ] »
time, or employed and working positive hours.

Binary variable, True if the respondent has not
Never key worker: False, True ] .
worked as a keyworker during the pandemic.

Binary variable, True if the respondent has not
Never worked at home: False, True ) )
worked at home during the pandemic.
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Working at home: Always, Often, Sometimes,
Never

A variable describing how often the respondent
worked at home during the survey month.

Pre-pandemic household earnings quartile: First,
Second, Third, Fourth (quartile)

Based on earnings of all household members from
paid work or self-employment in January/February
2020 (after deducting taxes, National Insurance, and

pension contributions).

Subjective financial situation: Living comfortably,
Doing alright, Just about getting by, Finding it quite
difficult, Finding it very difficult

A variable describing how the respondent felt about

their current financial situation during the survey.

Lonely: Hardly ever or never, Some of the time,
Often

A variable describing how often the respondent felt

lonely during the survey month.

COVID-19:
clinically

Vulnerability to not clinically

vulnerable, vulnerable,  clinically

extremely vulnerable

A variable describing the respondent’s risk of
serious illness from COVID-19 i.e., their clinical

vulnerability to it.

Has had symptoms of COVID-19: False, True

if the

experienced symptoms that could be caused by

Binary variable, True respondent has

COVID-19 sometime during the pandemic.

Age group: 16-29, 30-39, 50-59, 60-65, and 66+

Respondent’s age, categorised.

Female: True, False

Binary variable, True if the respondent is female.

Ethnic minority: False, True

Binary variable, True if the respondent belongs to

the ethnic minority i.e., is not White British.

Family status: single, no children; single, children;
couple, no children; and couple, children

A derived variable formed from two variables
describing whether the respondent is living with a

partner or not and whether they have children or not.

Survey wave: 0,1, 2,3,4,5,6,7,8,9

A variable indicating the survey wave (month and
year) during which the data was collected. Data from
wave 0 corresponds to January/February 2020 and
was collected from the respondents when they fully

completed the survey for the first time.

Descriptive statistics of these variables are provided in the results section of the thesis. The

first three variables of the table were used as dependent variables in the regression models

that are described in the upcoming chapters.
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4.3.1 GHQ-12 as a measure of mental distress

The General Health Questionnaire (GHQ) was originally developed to be used as a screening
tool to detect people with potential mental health problems or an increased risk of developing
them, and the different versions of this questionnaire that contain a varying number of items
have been commonly used to assess mental well-being (Jackson, 2007). During the UKHLS
COVID-19 survey, the respondents were asked to answer the shortest version of the
questionnaire consisting of 12 items. When the validity of this 12-item version of the
questionnaire (GHQ-12) was compared with the longer 28-item version in an earlier study,
the shorter version was found to work as well as the longer one as a case detector (Goldberg
et al., 1997). Therefore, the available GHQ-12 answers should be sufficient for building a

simple indicator of general mental health.

In this thesis, GHQ-12 answers were used to construct a variable that was used as an
indicator of mental distress. A variable that tracked the number of times the respondent chose
either of the two most symptomatic answers out of the 4 possible answers to each question
was already provided in the dataset. The built binary variable that indicated mental distress
was coded “1” if this score variable had a value greater than 3. In other words, the
constructed variable tracks whether the respondent chose either of the two most symptomatic
answers in at least 4 of the 12 questions. The score threshold of 4 was chosen based on
previous studies on the pandemic’s mental health impacts, where GHQ-12 scores have been
used comparably as a measure of psychological distress (Daly, Robinson, 2021; Lorant et
al., 2021; Pierce et al., 2020).

4.4 Regression analysis

The data was analysed with Stata 17, using regression analysis. The research questions were
studied with logistic regression models to see how various individual level factors affected
the probabilities of negative employment and mental health outcomes during the pandemic.
To account for the panel data structure and individual level variance, random effects models

that included respondent specific intercepts were used in the analysis. One of the
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assumptions of these random effects models is that the unobserved individual level
heterogeneity is independent of the model’s explanatory variables, and the failure of this
assumption leads to biased parameter estimates (Andress, Golsch, Schmidt, 2013, 236 &
243). This means that none of the variables that were omitted from the model should be
statistically dependent on the included variables. However, this assumption is unlikely to
hold due to the limited number of variables included in the models, leading to omitted

variable bias.

This problem could be avoided by using fixed effects models, but these models do not fit the
purpose of this study well. Although the effects of time invariant independent variables are
controlled for in a fixed effects model’s error term, fixed effects logistic regression does not
provide numerical estimates of these effects (Andress et al., 2013, 236). As the differences
in the pandemic’s negative mental health and employment effects between genders and
ethnicities were of interest to the study, being able to estimate coefficients and predicted
probabilities based on time invariant variables was essential. Additionally, in fixed effects
models, observations from individuals with no change in the dependent variable are ignored
(Andress et al., 2013, 236). Due to the nature of the outcome variables used in this thesis, in
many cases there is little variation over time, leading to a greatly reduced sample size and a
sizeable loss of otherwise usable data when using fixed effects models. Therefore, despite
the problems related to the use of random effects models, fixed effects models were not used

in the thesis.

Another thing to consider was whether random effects models should be used over pooled
models that ignore the panel data structure. This mostly depends on the prevalence of
unobserved individual level heterogeneity in the model, as this is what the random effects
control for. Therefore, the proportion of total error variance contributed by unobserved
heterogeneity should be considered when making this decision, as it can be used as a
descriptive measure of the random intercepts’ importance to the model (Andress et al., 2013,
240-242). If the unobserved individual level heterogeneity only contributed little to the
model’s residual variance, there would be no need to use panel estimation methods to control

for it.
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Additionally, as the regression methods that were used account for both the complex survey
design that was used to collect the data and the longitudinal structure of the collected data,
most statistical tests and Stata commands that usually work with logistic regression models
cannot be used as they were not designed for this purpose. This makes it more difficult to
assess whether the models were correctly specified. A major limitation of this thesis partly
related to this problem is the lack of cross-validation and proper robustness testing.

4.4.1 Models 1 and 2: Employment status

The differential impacts of COVID-19 on UK citizens’ employment status were studied with
two random effects logistic regression models and their variations. In the first model (1a),
the dependent variable tracks, whether a person is employed or not. Because there was an
extensive furlough policy in place in the UK, many people who might have otherwise been
dismissed during the pandemic were put on furlough and were therefore employed but
working zero hours a week. Therefore, the second model’s (2a) dependent variable tracks,
whether a person who is employed was working positive hours or not at the time of the

survey.

To understand whether demographic factors affected the chance of getting dismissed or
furloughed, variables describing gender, age group, ethnicity, and family status were
included in both models. A survey wave variable was also included in the models to take
different phases of the pandemic into consideration while a variable indicating presence of
mental distress was included to account for the connection between mental health and
employment. To also account for differences in pre-pandemic earnings, alternative versions
(1b & 2b) of these baseline models that included a variable describing the respondent’s pre-

pandemic household earnings quartile were also built.

To capture the effect of pandemic related work characteristics, variables that captured
whether a person had ever worked at home or was ever a keyworker during the 9 survey

waves were created and used in the first model. In the second model, a variable describing
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the frequency of working at home was used instead to examine, whether those who could
work from home more often were more likely to retain their jobs. To study how the effects
of working at home might have differed during various phases of the pandemic, a third
version of the second baseline model (2c) was built that included interaction terms between
the survey wave and working at home variables. This interaction model was based on the
second version (2b) of this baseline model that controlled for pre-pandemic earnings.

4.4.2 Model 3: Mental distress

The pandemic’s impact on mental distress was also studied with variations of a random
effects logistic regression model. The dependent variable of the third model (3a) and its
variations tracks, whether a person has mental distress or not, and was formed based on
respondents’ answers to 12 questions related to their mental wellbeing. The same
sociodemographic variables that were used in the models that studied citizens’ employment
status were also used in this model. Both the survey wave and pre-pandemic household
earnings quartile were also considered in this model. In addition to these variables,
employment status, loneliness, vulnerability to COVID-19, and having had symptoms of
COVID-19 were also used as independent variables to capture how negative employment
changes, reduced social contact, risk of serious infection, and having possibly been infected

with the virus have affected mental health.

A second version of this model (3b) that included a variable tracking subjective financial
situation was also built to capture the effects of financial insecurity on mental health. To
study how the effects of loneliness might have differed during various phases of the
pandemic, a third version of this baseline model (3c) was built that included interaction terms
between the survey wave and loneliness variables. This interaction model was based on the
first version of the third baseline model (3a), as the variable tracking financial situation was

not available for all survey waves.



33

5 Results

This section is divided into three parts. First, descriptive statistics are provided of the sample
of respondents used in the regression models. Then, to get an overview on the development
of UK citizens” employment status and risk of mental health problems during the survey
waves, the general trends of these variables are discussed with the help of graphs built on
data from cross tabulations. Finally, in the third part, results of regression analysis will be
presented, describing the found relationships between the variables used in the three logistic
regression models and their variations and comparing these results to the previously

presented hypotheses.

5.1 Descriptive statistics

As was previously stated in chapter 4.2, the study sample used in the regression models
includes UKHLS respondents who were employed in February 2020, before the pandemic
had a major impact on the UK. To get an idea of the demographic distribution of this sample
and the underlying population, unweighted and weighted numbers of observations are
presented together with sample and population percentages in Table 2 below. A table

including the distributions for rest of the used variables can be found in Appendix 3.

Table 2. Demographic distribution of the studied sample and the underlying population

. Unweighted Weighted
Variables o % N %
Age group
16-29 10,606 12.3 9,736 19.7
30-39 14,456 16.8 9,533 19.3
40-49 20,905 24.3 11,030 22.3
50-59 25,520 29.6 12,518 25.3
60-65 10,384 12.1 4,840 9.8
66+ 4,290 5.0 1,827 3.7
Total 86,161  100.0 49,483 100.0
Gender
Male 35,641 41.4 22,319 45.1
Female 50,486 58.6 27,129 54.9

Total 86,127  100.0 49,447  100.0
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Ethnicity

White British 75,167 88.1 45,723 93.7
Ethnic minority 10,107 11.9 3,089 6.3
Total 85,274  100.0 48,812  100.0
Family status

single, no children 13,400 21.3 11,584 29.3
single, children 3,902 6.2 2,750 6.9
couple, no children 18,783 29.8 10,578 26.7
couple, children 26,858 42.7 14,675 37.1
Total 62,943  100.0 39,586  100.0
Employment status

Not working 4,706 55 2,918 5.9
Working 0 hours 11,024 13.0 6,679 13.6
Working positive hours 69,063 81.4 39,457 80.4
Total 84,793  100.0 49,054  100.0

Source: Understanding Society COVID-19 survey. Note: the used longitudinal survey weights are 0 for
respondents who failed to respond to all survey waves, limiting the size of the weighted sample significantly.

Although some of the differences between weighted and unweighted data are small, it is
important to use weights to make the sample representative of the underlying population of
working UK citizens. For example, corrections to the oversampling of the older population
and the ethnic minority can be seen between the unweighted and weighted proportions,

reducing potential sampling bias in the upcoming regression analysis.

5.2 Trends of the dependent variables

To get a general idea on how the dependent variables that were used in the regression models
changed throughout the survey period, graphs were built based on cross tabulations made on
the survey data. The tabulations were done while accounting for the complex survey design
so they should represent the underlying population at a sufficient accuracy. It should be
noted, however, that this section is descriptive in nature, and only the results from the
regression models are used to draw conclusions. First, in Figure 3, the changes in the
employment status distribution of UK citizens throughout the survey waves are visualized

together with the age distribution of those, who lost or left employment during the survey.
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Figure 3. Development of UK citizens’ employment status during the survey waves

As expected, due to the lockdown that was in place in April 2020 and the extensive furlough
policy, roughly a third of those who were employed before the pandemic’s impact were
working zero hours a week during the first survey wave. As the situation progressed and
restrictions were eased, the proportion of people working zero hours decreased. As the
second lockdown was put in place during the 6™ survey wave in November, more people
were furloughed again. In January, during the 7" survey wave, the third lockdown was put
in place and the proportion of furloughed citizens was close to that of the previous survey

wave. During the last two survey waves, the proportion of furloughed citizens decreased.

As the pandemic was prolonged, a higher proportion of people who were working before the
pandemic lost or left employment. The amount of people who were no longer working
increased slowly but steadily through the survey period at an average monthly growth rate
of 4 %, suggesting that many of those who left or lost their jobs did not return to work during
the survey. To see how the respondents’ age relates to this, the age distribution of those who
stopped working during the survey period was also visualized in Figure 3.
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Looking at the age distribution of those who stopped working during the survey period, the
oldest and youngest age groups seemed to be more prevalent. Compared to the overall age
distribution of the studied sample seen in Table 2, a higher proportion of those who were 16-
29, 60-65, and 66+ was present among those who were no longer employed. Those who
were 66 or older had reached retirement age so their employment changes can mostly be
explained by normal retirement. However, the second oldest and the youngest age groups
were also overrepresented, suggesting that being in a younger or older age group could be a

risk factor for negative employment changes.

Next, in Figure 4, the changes in the percentage of UK citizens who had a GHQ-12 caseness
score higher than three throughout the survey waves is visualized together with the

employment status distribution of those, whose caseness scores exceeded this threshold

during the survey.

Distribution of employment
status across citizens with
GHQ-12: Caseness >=14

30 7.4 %

Presence of mental distress, % of those
employed before the pandemic

=4

25
20.8%

20

15

10
71.8%

% GHQ-12: Caseness >

5
0 = Not working
1 2 3 4 5 6 7 8 9 Working 0 hours
Survey wave = Working positive hours

Figure 4. Development of UK citizens’ mental distress during the survey waves

It is clear, that a similar trend exists throughout the survey waves between those who were
furloughed (Figure 3) and those who have a GHQ-12 caseness score higher than three

(Figure 4). In both cases, these numbers were at their highest during the three national
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lockdowns that were in place during survey waves 1, 2, 6, and 7. To see, whether
employment status was connected to higher GHQ scores, the employment status distribution
of those with a caseness score higher than 3 was also visualized in Figure 4. Both those who
were no longer working and those who were now working zero hours were present in higher
proportions compared to the employment status distribution seen in Table 2, indicating that
there might be correlation between negative employment changes and mental distress.

5.3 Regression results

In the following three chapters, regression results from the three main models and their
variations are presented together with the average predicted probabilities of employment and
mental health outcomes according to some of the models’ variables. All relevant results are
presented in relation to the research hypotheses that were formulated based on previous
studies on the topic. These hypotheses, the research questions and sub questions they relate

to, and the regression models that were used to test them can be seen in Table 3 below.

Table 3. Research questions and sub questions (in italics), the related research hypotheses,

and the regression models used to test them.

Research questions (in italics) and related research hypotheses R?ggzs;l:n
1. How have the pandemic’s effects on employment differed between UK citizens? 1b, 2b & 2¢
How have these effects differed across various sociodemographic groups?

1. Employment of both younger and older age groups is more affected. 1b & 2b

2. People from ethnic minorities are more likely to become unemployed. 1b

3. Differences in employment between genders are not statistically significant. 1b & 2b

How have pandemic-related factors affected employment?
4. Working at home or being a keyworker reduces the risk of negative employment 1b & 2b
changes.

Have the predictors of worsened employment changed throughout the pandemic?

5. When few restrictions are in place, working at home has a diminished effect on 2c
employment.
2. How have the pandemic’s effects on mental distress differed between UK citizens? 3b & 3¢

How have these effects differed across various sociodemographic groups?
6. Both women and younger people have an increased risk of mental distress. 3b




Have negative changes in employment affected mental distress?
7. Compared to citizens working positive hours, both unemployed and furloughed
citizens have a higher risk of mental distress.

Which have been the key risk factors of mental distress during the pandemic?
8. Loneliness and financial insecurity are key predictors of mental distress.

Have the predictors of mental distress changed throughout the pandemic?
9. When few restrictions are in place, loneliness has a diminished effect on mental
distress.
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3b

3b

3c

It should be noted that in the following chapters, the results are reported without any further

interpretation of their meaning besides determining whether they support these hypotheses

or not. Any further discussion on these results will be presented in chapter 6.

5.3.1 Model 1: No longer employed

In the first baseline model, random effects logistic regression was used to analyze the effects

of age, gender, family status, ethnicity, working at home, working as a key worker, mental

distress, and survey wave on the probability of leaving or losing employment during the

pandemic. The regression results of this model are presented in Table 4 below (1a) together

with results from another version of the model that controls for pre-pandemic household

earnings (1b). It should be noted that the regression coefficients are presented in their

exponentiated form, as odds ratios (OR), as they can be easier to interpret and understand.

Additionally, in the following regression tables, var(u) represents the variance of the model’s

random effects, while p represents the proportion of total error term variance that is

represented by this unobserved heterogeneity.

Table 4. Baseline model 1: No longer employed

(1a) (1b)

No longer employed OR 95% Cl OR 95% Cl
Age (ref.: 40-49)

16-29 324" [117, 893] 315  [LOL, 9.81]
30-39 1.03 [0.39, 2.74] 142 [0.52, 3.92]
50-59 1.93 [0.84, 445] 255°  [L04, 6.22]
60-65 575"  [2.28,  1450] 8.00™  [3.00, 21.35]
66+ 3801™ [14.05, 102.83] 62.29™ [20.81,  186.50]
Female 1.44 [0.85, 244] 1.23 [0.68, 2.22]
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Family status (ref.: single, no children)

single, children 1.01 [0.40, 2.54] 0.87 [0.28, 2.66]
couple, no children 0.49™ [0.30, 0.81] 0.49" [0.29, 0.85]
couple, children 0.34™  [0.19, 0.61] 0.42™ [0.22, 0.79]
In the ethnic minority 3.56™ [1.58, 8.03] 3.78™ [1.47, 9.68]
Has not worked at home 2117 [1.19, 3.73] 2.59™ [1.39, 4.83]
Has not been a keyworker 2.18™ [1.33, 3.57] 2.52™ [1.42, 4.47]
GHQ-12 caseness > 3 1.48" [1.08, 2.02] 1.89™  [1.40, 2.57]
Survey wave (ref.: Wave 1 (Apr 2020))
Wave 2 (May 2020) 0.98 [0.72, 1.34] 0.95 [0.69, 1.31]
Wave 3 (Jun 2020) 1.76 [0.99, 3.14] 1.30 [0.79, 2.13]
Wave 4 (Jul 2020) 1977 [1.27, 3.03] 1.72" [1.10, 2.69]
Wave 5 (Sep 2020) 2.99™  [1.70, 5.27] 2.82™  [1.49, 5.34]
Wave 6 (Nov 2020) 3.06™  [1.78, 5.28] 347 [1.87, 6.46]
Wave 7 (Jan 2021) 4227 [2.41, 7.39] 4.48™  [2.37, 8.46]
Wave 8 (Mar 2021) 4.68™ [2.54, 8.62] 5.06™ [2.52, 10.15]
Wave 9 (Sep 2021) 6.19™" [3.53, 10.87] 5.00™ [2.65, 9.45]

Pre-pandemic household earnings
quartile (ref.: Fourth quartile)

First quartile 1.69 [0.77, 3.69]
Second quartile 1.34 [0.60, 2.99]
Third guartile 0.64 [0.28, 1.42]
var(u) 10.27 [8.18, 12.36] 11.67 [9.19, 14.15]
p 0.76 [0.71, 0.79] 0.78 [0.74, 0.81]
Subpop. size 4,795 4,086
Subpop. no. obs 38,931 34,123

Data: Understanding Society COVID-19 survey, waves 1-9.
“p<0.05 " p<0.01, ™ p<0.001

Including a variable to control for pre-pandemic household earnings decreased the model’s
sample size by approximately 4,800 and although the variable itself did not seem to directly
affect the probability of leaving employment, including it in the model increased the
estimated coefficients of many of the other predictors. In the following description of the
regression results, only results from this second version of the model (1b) will be mentioned
as it accounts for people's economic situations before the pandemic's impact. It should also
be noted that the model’s dependent variable only tracks whether a person is employed or
not and thus cannot differentiate between people who were dismissed, who left employment

themselves, and who were no longer in the labor force due to retirement, etc.

Starting with the sociodemographic factors, age was one of the statistically significant
predictors of leaving employment during the pandemic. Compared to those aged between 40
and 49, the odds of losing or leaving employment were over 3 times as high for those aged
16-29 and 2.5 times as high for those aged 50-59. For people between the ages of 60 and 65,

the odds were 8 times as high compared to the reference group while for people over the
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retirement age of 66, the corresponding odds ratio was over 60. While gender was not found
to affect the probability of losing or leaving employment, supporting hypothesis 3, those
who were part of the ethnic minority were found to have odds 3.8 times as high as the White
British. To better understand how age and ethnicity affected the probability of losing or
leaving employment, the average predicted probabilities depending on these factors are

presented in Figure 5 below.

Differences across age groups and ethnicities
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Figure 5. Average predicted probabilities of leaving or losing employment according to age

and ethnicity

Looking at the differences in probabilities between the different age groups, the oldest age
group has the highest probability of leaving or losing employment, which should be expected
as 66 is the retirement age in the UK. Disregarding the oldest age group, those aged 16-29
and 60-65 have the highest probabilities of leaving or losing employment, supporting
hypothesis 1. The results also support hypothesis 2, as those in the ethnic minority also have
higher probabilities of no longer working. These differences between ethnicities were at their
highest in the oldest and youngest age groups. For example, the probability of having lost or
left employment during the survey waves was approximately 0.05 for those who were aged

16-29 and part of the ethnic majority and 0.09 for those in the same age group belonging to
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the ethnic minority, while the corresponding probabilities were 0.025 and slightly over 0.05
for people aged 40-49.

Family status was another demographic factor that was found to be related to employment
status, although both people with and without children who were living with a partner had
smaller odds compared to those who were single and had no children. These odds were 51
and 58 % lower than in the reference group. Psychological distress also affected employment
during the pandemic as those with GHQ-12 caseness scores higher than three had 90 %
higher odds that those with scores equal to or below three.

In addition to sociodemographic characteristics, pandemic related work characteristics,
namely whether the respondent had worked at home or had been a keyworker during the
survey period, were associated with the probability of losing or leaving employment. Those
who had never worked at home had 2.6 times the odds of those who had, while those who
had not been key workers had 2.5 times the odds of those who had. To understand how the
probabilities of no longer being employed differed between these people, the average

predicted probabilities related to these variables are presented in Figure 6 below.
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Figure 6. Average predicted probabilities of leaving or losing employment according to

working at home and key worker status
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Both having worked at home and having been a keyworker reduced the probability of leaving
employment during the pandemic, as in both cases this probability decreased from around
0.065 to 0.04. This lends support to hypothesis 4, as the probability of leaving employment
was over 1.5 times as high for those who had not been keyworkers or did not work at home

during the survey waves.

Looking at the differences between survey waves, a rising trend can be seen in the odds of
leaving employment as the pandemic progressed. Compared to wave 1, the odds began to
increase after the third survey wave and were up to 5 times as high during waves 8 and 9.
Finally, as over 75 % of the error term’s variance in the model was due to unobserved panel

level heterogeneity, the choice of using a panel model was supported.

5.3.2 Model 2: Furloughed

In the second baseline model, random effects logistic regression was used to analyze the
effects of age, gender, family status, ethnicity, frequency of working at home, mental
distress, and survey wave on the probability of working zero hours a week rather than
working positive hours. The regression results of this model are presented in Table 5 below
(2a), where results from another version of the model that controls for pre-pandemic
household earnings are also included (2b). The regression coefficients are presented in their

exponentiated form, as odds ratios.

Table 5. Baseline model 2: Furloughed

(22) (2b)
Furloughed OR 95% Cl OR 95% ClI
Age (ref.: 40-49)
16-29 2.30™ [1.35, 3.92] 2.06™ [1.19, 3.57]
30-39 1.19 [0.80, 1.76] 1.22 [0.80, 1.85]
50-59 1.16 [0.80, 1.68] 1.25 [0.85, 1.85]
60-65 1.89™ [1.23, 2.91] 2.02" [1.27, 3.22]
66+ 6.89"" [3.94, 12.05] 7.28™ [3.93, 13.47]
Female 1.79" [1.35, 2371 176"  [1.29, 2.40]
Family status (ref.: single, no children)
single, children 1.10 [0.56, 2.16] 0.83 [0.53, 1.31]
couple, no children 0.97 [0.71, 1.34] 0.97 [0.68, 1.39]

couple, children 1.33 [0.94, 1.87] 1.40 [0.97, 2.01]
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In the ethnic minority 1.35 [0.80, 2.29] 1.26 [0.70, 2.28]
Working at home (ref.: Always)
Never 19.11™  [13.45, 27.15] 20.55™" [14.79, 28.56]
Sometimes 5.51™" [3.94, 7.71] 5.18™ [3.62, 7.42]
Often 1.60" [1.08, 2.38] 1.69" [1.11, 2.58]
GHQ-12 caseness > 3 1.95" [1.61, 2.36] 1.99™ [1.63, 2.43]
Survey wave (ref.: Wave 9 (Sep 2021))
Wave 1 (Apr 2020) 31.32™"  [21.41, 45.81] 29.34™ [19.43, 44.32]
Wave 2 (May 2020) 18.52""  [12.75, 26.91] 18.98™ [12.58, 28.62]
Wave 3 (Jun 2020) 9.51™ [6.46, 14.02] 8.69™ [5.75, 13.14]
Wave 4 (Jul 2020) 6.57"" [4.50, 9.59] 6.92™ [4.60, 10.43]
Wave 5 (Sep 2020) 1.47 [0.93, 2.32] 1.43 [0.92, 2.21]
Wave 6 (Nov 2020) 2.95™" [2.00, 4.37] 2.81™ [1.88, 4.18]
Wave 7 (Jan 2021) 4.90™ [3.24, 7.43] 4.27™ [2.85, 6.41]
Wave 8 (Mar 2021) 3.49™ [2.34, 5.22] 3.23™ [2.11, 4.94]

Pre-pandemic household earnings quartile
(ref.: Fourth quartile)

First quartile 1.66" [1.01, 2.71]
Second quartile 1.01 [0.68, 1.50]
Third guartile 1.17 [0.80, 1.71]
var(u) 5.53 [4.80, 6.27] 5.70 [4.92, 6.48]
p 0.63 [0.59, 0.66] 0.63 [0.60, 0.66]
Subpop. size 4,825 4,116
Subpop. no. obs 36,941 32,415

Data: Understanding Society COVID-19 survey, waves 1-9.
“p<0.05 " p<0.01, ™ p<0.001

Including a variable to control for pre-pandemic household earnings did not seem to affect
the estimated odds ratios or their statistical significance much although it did decrease the
model’s sample size by approximately 4,500. Because there were only relatively small
changes between the two versions of the model, only results from the second version of the
model (2b) will be mentioned from now on. It should also be noted that being furloughed
will be used synonymously with working zero hours in the following text even though there
might be some respondents who were not officially furloughed but were employed and

working zero hours for other reasons such as sick leave.

While holding all other predictors constant, compared to 40-49-year-old workers, the odds
of an employed UK citizen working zero hours a week were twice as high for people who
were either between 16 and 29 years or 60 and 65 years old. For people over the retirement
age of 66, the corresponding odds ratio was approximately 7, indicating an even greater
chance of being furloughed. Additionally, female workers had approximately 80 % higher

odds of working zero hours. To get a better understanding of the differences between these
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odds, the average predicted probabilities of working zero hours according to a person’s age

and gender can be seen in Figure 7 below.

Differences across age groups and genders
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Figure 7. Average predicted probabilities of being furloughed across age groups and genders

As can be seen, there is a U-shaped pattern between a person’s age and the probability of
working zero hours, where the oldest and youngest age groups were most likely to get
furloughed, supporting hypothesis 1. A distinct difference between the average probabilities
of men and women can also be seen, confirming that women seemed to be more likely to
stop working positive hours during the pandemic. This does not support hypothesis 3, as the
probability of being furloughed was roughly 1.25 times as high for women as it was for men
across the age groups. The probability of being furloughed was at its highest for those who
had reached the retirement age of 66, being around 0.26 for men and 0.32 for women while
being roughly the same between the next two most affected age groups: approximately 0.15

for men, and 0.20 for women between the ages of 16 and 29 or 60 and 65.

Regarding the other sociodemographic factors, neither family status nor ethnicity were found

to affect the odds of being furloughed. However, mental distress was found to increase the
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probability of being furloughed, as those with GHQ-12 scores exceeding the previously set
threshold of 4 had twice the odds of being furloughed. The probabilities of being furloughed
were also much higher during the first two survey waves when compared to the latest survey
wave, being approximately 29 and 19 times as large respectively. As the pandemic
progressed, the odds of being furloughed decreased considerably, although they increased
temporarily during survey waves 6 and 7 before reaching their lowest point during wave 9.

Moving to work characteristics, another found predictor of becoming furloughed was the
frequency of working at home. Compared to those who always worked at home, people who
worked at home often had almost 70 % higher odds of working zero hours. The differences
were much more extreme for those who only sometimes worked at home or did not work at
home at all, as the odds of being furloughed were little over 5 and 20 times as high for these
groups compared to the reference group. To find out whether the differences were less
noticeable when fewer restrictions were in place, another version of the model was built that
included interaction effects between the survey wave and working at home variables. The
regression table of this model (2c) can be found in Appendix 4, while the average predicted

probabilities of this interaction can be found in Figure 8 below.
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The probabilities of being furloughed were at their highest during the first national lockdown
between waves 1 and 2. At this time, the differences between the frequencies of working at
home were also at their highest, as during survey wave 1 the average predicted probabilities
were approximately 0.45 for the those who never worked at home and 0.08 for those who
always worked at home. These probabilities and the differences between them narrowed
down greatly by wave 5 as restrictions were eased, widening again during waves 6 and 7
with the second and third national lockdowns. However, during these last two lockdowns
the differences in probabilities between the frequencies of working at home, excluding the
category ‘Never’, remained small. Still, the found pattern suggests that the possibility to
work at home more often was more important during harsher restrictions, supporting
hypothesis 5. The significantly lower probabilities of furlough among those working at home
often also supports hypothesis 4.

Finally, as the unobserved individual level heterogeneity was responsible for over 60 % of
the model’s residual variance in all 3 model variations, the choice of random effects

regression over pooled regression was again supported.

5.3.3 Model 3: Mental distress

In the third baseline model, random effects logistic regression was again used to analyze the
effects of age, gender, family status, ethnicity, clinical vulnerability, COVID-19 symptoms,
loneliness, employment status, pre-pandemic household earnings, and survey wave on the
probability of experiencing mental distress. The regression results of this model are
presented in Table 6 below (3a), along with results from another version of the model (3b)
that includes a variable addressing the respondent’s subjective financial situation. The

regression coefficients are again presented in their exponentiated form, as odds ratios.
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3a 3b
GHQ-12 caseness > 4 OR (3a) 95% Cl OR (3b) 95% ClI
Age (ref.: 16-29)
30-39 1.16 [0.78, 1.74] 0.95 [0.63, 1.43]
40-49 1.18 [0.80, 1.75] 1.01 [0.68, 1.49]
50-59 1.01 [0.70, 1.47] 0.85 [0.58, 1.23]
60-65 0.91 [0.61, 1.36] 0.89 [0.59, 1.34]
66+ 0.43™ [0.24, 0.79] 0.45" [0.24, 0.84]
Female 2.08™  [1.66, 2.60] 1.96™ [1.57, 2.44]
Family status (ref.: single, no children)
single, children 0.68" [0.50, 0.94] 0.73 [0.51, 1.05]
couple, no children 0.88 [0.67, 1.15] 1.08 [0.82, 1.42]
couple, children 0.96 [0.73, 1.26] 0.99 [0.74, 1.32]
In the ethnic minority 0.72 [0.48, 1.07] 0.60" [0.39, 0.94]
Vulnerability to COVID-19
(ref.: no risk (not clinically vulnerable))
moderate risk (clinically vulnerable) 1.17 [0.93, 1.48] 1.09 [0.86, 1.39]
high risk (clinically extremely vulnerable) 1.44" [1.04, 2.01] 1.53" [1.086, 2.22]
Has had symptoms of COVID-19 1.55"  [1.25, 193] 173"  [1.32, 2.27]
Lonely (ref.: Hardly ever or never)
Some of the time 6.52™"  [5.56, 7.64] 6.94™ [5.79, 8.33]
Often 53.37"" [38.57, 73.85] 58.66™" [40.04, 85.94]
Employment status (ref.: Working positive
hours)
Not working 1.70™  [1.24, 2.32] 1517 [1.08, 2.15]
Working 0 hours 1.63™  [1.36, 1.96] 1.36™ [1.11, 1.66]
Survey wave (ref.: Wave 9 (Sep 2021))
Wave 1 (Apr 2020) 242" [1.92, 3.06] 247 [1.96, 3.11]
Wave 2 (May 2020) 1.83""  [1.48, 2.27] 1.98™ [1.59, 2.45]
Wave 3 (Jun 2020) 1777 [1.39, 2.24] -
Wave 4 (Jul 2020) 1.20 [0.97, 1.49] 1.28" [1.03, 1.58]
Wave 5 (Sep 2020) 1.16 [0.94, 1.43] -
Wave 6 (Nov 2020) 1.64™  [1.29, 2.10] 1.67™ [1.31, 2.13]
Wave 7 (Jan 2021) 1.50™  [1.20, 1.88] -
Wave 8 (Mar 2021) 1.10 [0.88, 1.38] 1.19 [0.96, 1.48]
Pre-pandemic household earnings quartile
(ref.: First quartile)
Second quartile 1.10 [0.74, 1.64] 1.17 [0.80, 1.72]
Third quartile 0.90 [0.61, 1.32] 1.05 [0.72, 1.54]
Fourth quartile 1.12 [0.74, 1.70] 1.72" [1.14, 2.59]
Current subjective financial situation
(ref.: Living comfortably)
Doing alright 1.35™  [1.14, 1.60]
Just about getting by 3.19™  [2.46, 4.14]
Finding it quite difficult 9.10™  [6.08, 13.62]
Finding it very difficult 14.99™ [5.82, 38.58]
var(u) 3.35 [2.89, 3.81] 2.84 [2.40, 3.27]
p 0.50 [0.47, 0.54] 0.46 [0.42, 0.50]
Subpop. size 4,156 4,156
Subpop. no. obs 34,688 23,139

Data: Understanding Society COVID-19 survey, waves 1-9.

“p<0.05 " p<0.01, " p<0.001
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As the variable tracking the respondents’ subjective financial situations had no values from
survey waves 3, 5, and 7, including it in the model decreased the model’s sample size by
11,500. In addition to the added variable’s direct effect on the dependent variable, adding a
new variable to the model affected most of the estimated coefficients of its other variables,
although these changes were generally relatively small. Additionally, the statistical
significance of some of the variables were affected. Thus, while the results that are reported
next are mostly from the second version of the model (3b), results from the first version of
the model (3a) are mentioned if they differ significantly.

Beginning with the sociodemographic factors, the probability of mental distress did not
differ much between age groups. Only the odds of those who were 66 or older differed
significantly from those aged between 16 and 29, being 55 % smaller. This does not support
hypothesis 6, as although the youngest age group was more likely to be suffering from mental
distress compared to oldest one, so were all the other age groups. However, hypothesis 6 is
still partially supported, as women had almost twice the odds of mental distress compared to

men.

Family status did not seem to affect the probability of mental distress, although in the first
version of the model (3a) people who were single and had children had 32 % lower odds
than people who were single and had no children. People from ethnic minorities had 40 %
lower odds than the those in the ethnic majority, although this effect was not statistically
significant in the first version (3a) of the model. According to the model (3b), the effects
related to the disease itself were also affecting mental health, as those who were clinically
extremely vulnerable had 1.5 times the odds of mental distress compared to those who were
not clinically vulnerable. Those who have had symptoms of COVID-19 also had 70 % higher

odds of mental distress.

Looking at employment status, both not working and working zero hours increased the odds
of mental distress compared to working positive hours. Those who were no longer working
had odds 1.5 times and those who were furloughed 1.36 times as high as those in the

reference category. These odds ratios were higher in the first version of the model (3a), when
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the effect of financial situation was not controlled for, being 1.7 and 1.63 respectively.
Although these differences in odds are smaller in the second version of the model (3b), they
still support hypothesis 7.

Differences related to finances were also present. Those in the highest pre-pandemic
household earning quartile had 1.7 times the odds of those in the lowest quartile to
experience mental distress, although this difference was not present in the first version of the
model (3a). Additionally, the odds of mental distress differed substantially across the
categories of subjective financial situation. Compared to those who felt that they are living
comfortably, those in the three worst categories of subjective financial situation had 3, 9,
and 15 times the odds of mental distress. To better understand how financial situation has
affected the probability of mental distress during the survey period, the average predicted
probabilities of mental distress according to the respondent’s subjective financial situation

were calculated and can be seen in Figure 9 below.
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Figure 9. Average predicted probabilities of mental distress according to subjective

experiences of financial situation
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The probability of mental distress differed greatly between the categories of subjective
financial situation. For those feeling most financially secure, the probability of mental
distress was only 0.19, while for those who felt they struggled most it was 0.53. These large
differences highlight the importance of financial security to mental health, supporting
hypothesis 8.

Compared to the last survey wave, the odds of mental distress were highest during waves 1,
2, and 6, corresponding to the first and second national lockdowns. Compared to the
reference wave, these odds were approximately 2.5, 2, and 1.7 times as high. In the first
version of the model (3a) where data from all survey waves exists, wave 3 that followed the
first lockdown and wave 7 that corresponds to the third lockdown also had relatively high
odds ratios of 1.8 and 1.5.

Another significant predictor of mental distress was the prevalence of loneliness. Compared
to those who were lonely hardly ever or never, people who were lonely some of the time had
odds nearly 7 times as high, while those who were lonely often had odds close 60 times as
high as those in the reference category. To also test whether loneliness had a larger effect
during harsher restrictions, a model that includes interactions between the survey wave and
loneliness variables was estimated. The first version of the baseline model (3a) was used to
build this model because it included data from all 9 waves of the survey. The regression table
of this model (3c) can be found in Appendix 5, while the average predicted probabilities

related to this interaction can be found in Figure 10 below.
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Differences across survey waves and frequency of feeling lonely
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Figure 10. Average predicted probabilities of mental distress according to survey wave and

frequency of feeling lonely

The differences in the probabilities of mental distress according to the frequency of
loneliness were large. During survey wave 1, those who felt lonely often had a probability
of over 0.7 to experience mental distress while for those who only felt lonely some of the
time, the probability was below 0.45 and for those who were hardly ever lonely, the
probability was below 0.2. These drastic differences confirm the sizeable negative effects
loneliness had on mental health during the pandemic, supporting hypothesis 8. However
sufficient support was not found for hypothesis 9, as the highest level of loneliness seemed
to have an even bigger impact on the probability of mental distress after the first national

lockdown had already ended.

Finally, the use of panel data models was again supported, as the unobserved individual level
heterogeneity accounted for almost half of the model’s residual variance in all 3 versions of

the model.
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To aid in understanding the relevant findings from the regression analysis, a summary of the

hypotheses and whether they were supported by the regression models or not is provided in

Table 7 below.

Table 7. Research questions and sub questions (in italics), the related research hypotheses,

and whether they were supported by the statistical analysis.

distress.

Research questions (in italics) and related research hypotheses Hypothesis
supported
1. How have the pandemic’s effects on employment differed between UK citizens?
How have these effects differed across various sociodemographic groups?
1. Employment of both younger and older age groups is more affected. Yes
2. People from ethnic minorities are more likely to become unemployed. Yes
3. Differences in employment between genders are not statistically significant. No
How have pandemic-related factors affected employment?
4. Working at home or being a keyworker reduces the risk of negative employment Yes
changes.
Have the predictors of worsened employment changed throughout the pandemic?
5. When few restrictions are in place, working at home has a diminished effect on Yes
employment.
2. How have the pandemic’s effects on mental distress differed between UK citizens?
How have these effects differed across various sociodemographic groups?
6. Both women and younger people have an increased risk of mental distress. No
Have negative changes in employment affected mental distress?
7. Compared to citizens working positive hours, both unemployed and furloughed Yes
citizens have a higher risk of mental distress.
Which have been the key risk factors of mental distress during the pandemic?
8. Loneliness and financial insecurity are key predictors of mental distress. Yes
Have the predictors of mental distress changed throughout the pandemic?
9. When few restrictions are in place, loneliness has a diminished effect on mental No

As can be seen, most of the hypotheses that were based on previous research were supported

by the regression models. In the next chapter, these results are discussed further, and

conclusions are drawn from them.
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6 Discussion and conclusions

In this chapter, the results presented in the previous chapter are discussed further. First, the
findings of the thesis are presented in relation to previous studies on the subject and possible
reasons for these findings are discussed. Then, a brief summary of the thesis and the relevant
results is provided, and the practical significance of the results is considered. Finally, the

limitations of the thesis are considered, and suggestions are given for future research.

6.1 The pandemic’s differential impacts on employment

First, the pandemic’s effects on employment are discussed, beginning with the found
differences between sociodemographic groups. Age was found to effect both the odds of
losing or leaving employment and working zero hours as both younger and older citizens
were more likely to be furloughed or leave employment, supporting hypothesis 1. Finding
younger people to be more affected is consistent with previous studies on various countries
(Adams-Prassl et al., 2020; Belot et al., 2021), while the older age group has also previously
been found suffer more from negative employment effects in the UK (Crossley et al., 2021).
Among those aged 66 or older, the higher odds of leaving employment can be mostly
attributed to normal retirement, as this is the State Pension age in the UK. For those who
were over the retirement age and were still working, being self-employed or having contracts
with no fixed weekly hours while moving towards retirement could help explain these
results. For older people not yet in retirement age, keeping employment can be more difficult
even during normal times, while younger people might be at a bigger risk of unemployment
due their lack of experience, or they might move back to studying. Naturally, the
probabilities of working zero hours reflect those of leaving employment as people who might

have otherwise been dismissed were put on furlough instead.

Differences between ethnicities were also found, as people from the ethnic minority were
more likely to leave employment during the survey waves when compared to the White

British population, supporting hypothesis 2. This finding was also supported by previous
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research of the US (Couch et al., 2020) and UK (Benzeval et al., 2020) labour markets. These
differences were found while controlling for key worker status and ability to work at home,
so they cannot be explained by working in occupations where remote work is not possible.
However, other occupational factors that were not included in the model could help explain
the found differences as Couch et al. (2020) found that occupations and skill-levels
contributed to the higher unemployment rates among the ethnic minority in the US. Among
those who kept their jobs, no significant differences were found between the ethnic majority
and minority in the probability of being furloughed, supporting the findings of Benzeval et
al. (2020).

Moving on to differences between genders, no differences depending on gender were found
in the probability of losing or leaving employment, but women were found to be more likely
to become furloughed. While these differences were not especially large, they were still at a
similar level as the differences between age groups. Therefore, hypothesis 3 was only
partially supported by the findings. Finding no significant difference between genders in
leaving employment is in line with previous studies of the UK (Alon et al., 2021; Crossley
et al., 2021). Although the found differences between genders among those who were
furloughed were not directly supported by previous research, they might be explained by
women needing to take time off work to take care of children as mothers have been found to
be more likely to get furloughed in the UK (Andrew et al., 2021). However, simply having
children cannot explain these differences, as family status was considered in the model.
Therefore, it is possible that this effect was present due to missing some relevant predictor
from the model that could explain these differences. One such variable could be occupation,
as more women might have been employed in occupations where furloughs were more

common.

Next, the effects of pandemic-related factors are discussed. In the case of employment, these
were being a keyworker or working at home. Both citizens who had not been a keyworker
and were not working at home at all during the pandemic were much more likely to lose or
leave employment during the survey waves, supporting hypothesis 4. These findings are

supported by previous research from the US and the Netherlands (Montenovo et al., 2020;
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Zimpelmann et al., 2021). These results could be expected, as when the harsher restrictions
were in place, many sectors were closed, and people were put to remote work. Those who
worked in key work sectors were not limited by these restrictions while those who were not
able to work remotely and were not considered to be key workers were either dismissed or

furloughed.

Because of this, it was not surprising that similar results were found between the frequency
of working at home and the probability of being furloughed, where those had worked at
home more often were much less likely to become furloughed, further supporting hypothesis
4. A similar connection between the frequency of remote work and the probability of losing
employment or reducing working hours was also previously found (Beland, Fakorede,
Mikola, 2020). These differences were also found to be less impactful when the restrictions
were eased, supporting hypothesis 5. This finding is also consistent with previous research
(Zimpelmann et al., 2021) and was to be expected as during these periods, people were not

limited to working remotely and more employment sectors were open.

6.2 The pandemic’s differential impacts on mental distress

Next, the factors impacting the probability of mental distress are discussed. Beginning with
the sociodemographic factors, differences between most age groups were small, as only
those who had reached retirement age were less likely to experience mental distress
compared to the youngest age group. This finding is similar to that made by Daly and
Robinson (2021) in the US, as they found mental distress to be lowest among people aged
65 or older. It is possible that people aged 66 or older were less affected mentally because
their lifestyles were not limited as much when compared to younger people who probably
had more active lifestyles. The reason why the youngest age group did not differ from other
older age groups significantly could be because these differences were already explained by

other variables such as financial and work situation, and loneliness.
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In addition to the differences between the oldest and youngest age groups, differences
between genders were also noticeable as women were more likely to experience mental
distress. These differences are consistent with previous research on the topic (Goularte et al.,
2021; Pieh et al., 2020), and might be related to the added burden caused by increased
childcare responsibilities (Xue, McMunn, 2021) or to a natural tendency to experience more
distress during stressful situations. As mental distress was more prevalent among women but
its increased presence among young people was not clear, hypothesis 6 was only partially

supported.

Looking at the effects of negative employment changes, both leaving or losing employment
and getting furloughed were found to increase the probability of mental distress, supporting
hypothesis 7. This finding is in line with previous studies (Lee et al., 2021; Refaeli, Krumer-
Nevo, 2021), and suggests that even though the furlough scheme helped people to keep their
jobs and most of their income, the mental health impacts of furloughed citizens were at a
similar level with citizens who were no longer employed. This could be caused by feeling
uncertain of the future as citizens knew the government support for those who were

furloughed would not last forever.

Moving on to citizens’ experiences of their financial situation, this factor was found to be a
key predictor of mental distress. This is consistent with previous research on mental health
in the UK (Cheng et al., 2021). This finding is logical, as financial hardship can greatly
decrease people’s quality of life. Another key predictor was found to be the frequency of
feeling lonely, as the differences in the probability of mental distress were even greater
between the different frequencies of feeling lonely than they were between the categories of
financial situation. This strong connection between loneliness and negative mental health
outcomes is also consistent with previous studies (Liu et al., 2021; Tso, Park, 2020).

Together, these findings support hypothesis 8.

Looking at the differences between survey waves, those who felt lonely some of the time or
hardly ever had a higher probability of mental distress during the national lockdowns. At the

same time, however, those who felt lonely often were more likely to experience mental
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distress in the months following the first national lockdown. Because of this, not enough
support for hypothesis 9 was found. This might be because when social interactions are less
restricted, the loneliness of those with little social contact becomes more emphasized. It
could also be that the people who felt lonely often were feeling more desperate about their
situation when the pandemic was prolonged, as even though the lockdown was eased, not all

restrictions were removed.

6.3 Conclusions and practical significance of findings

The differential impacts of COVID-19 on UK citizen’s employment and mental health were
studied using longitudinal data from 9 survey waves of the Understanding Society COVID-
19 study that was collected between April 2020 and September 2021. This secondary data
was used to build multiple random effects logistic regression models. The results gained
from this statistical analysis confirmed some of the findings from previous studies of the

subject that used data from a shorter time span.

Negative employment changes were found to be more likely among both the youngest and
oldest working age groups, and those experiencing mental distress. Those in the ethnic
minority were more likely to lose employment during the pandemic while women were more
likely to be furloughed. Those who were not able to work at home or were not key workers
were more likely to lose employment while citizens who worked at home more often were
much less likely to be furloughed. Additionally, the frequency of working at home had a
smaller impact on the probability of being furloughed outside the national lockdown periods.
Women were more likely to experience mental distress while citizens who had reached
retirement age were less likely to do so. Both those who lost employment and those who
were furloughed were more likely to have mental distress. Feelings of worse subjective

financial situation and loneliness were found to be key risk factors of mental distress.

These findings have helped to confirm some of the factors responsible for the pandemic’s

differential impacts on UK citizens’ employment and mental health. Policymakers can use
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this information to provide targeted aid to those who are more likely to suffer from negative
employment and mental health effects during future waves of the COVID-19 pandemic or
other pandemics with similar effects.

6.4 Limitations and suggestions for future research

Although these findings are based on weighted analysis of high-quality longitudinal data,
different forms of bias might have still affected the results. The longitudinal weights used in
the regression analysis were build and tested to account for the unequal selection
probabilities and attrition in the study sample to provide a representative sample of the UK
population. Despite this effort, selection bias might still have distorted the results. Choosing
to use random effects regression and only including a limited number of variables means
that some relevant variables were almost certainly left out of the models, causing omitted-
variable bias. The combined use of longitudinal survey data and logistic regression models
also limited the number of usable methods for regression diagnostics. A major limitation of
the thesis related to this is the lack of cross-validation and proper robustness testing.
Therefore, the found results might not accurately represent the differences between UK
citizens. However, as the found results are mostly supported by previous research, it is

unlikely that any existing bias has had a detrimental effect on the results.

Because the identified risk factors for worse employment and mental health outcomes during
the pandemic were at a fairly general level, further studies are needed to study these risk
factors individually as well as their interactions with other relevant variables to find possible
underlying reasons for these differences. For example, in the current study, the differences
between ethnicities were studied by combining all ethnic minority groups into one category
and the found differences were not studied further. To get more accurate information about
the possible differences between ethnicities and reasons behind them, a study comparing the
pandemic’s effects between multiple ethnic groups would be needed. Additionally, more
studies that rely on longitudinal analysis are needed across different countries to confirm
whether the patterns that were found in previous cross-sectional analyses hold when the same

people are studied over a longer time.
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Appendix 1. Timeline of pandemic related developments in the UK

Survey |
Time Development
wave
0* February 2020 No significant developments yet.
- March 2020 First national lockdown comes into force (26 March).
1 April 2020 Lockdown extended for “at least” three weeks (16 April).
2 May 2020 Conditional plan for lifting lockdown is announced (10 May).
Lockdown restrictions are eased, including re-opening of schools and non-
3 June 2020 ]
essential shops (1 — 23 June).
More restrictions are eased, including reopening of pubs, restaurants,
4 July 2020 )
hairdressers (4 July).
Lockdown restrictions are further eased, including reopening indoor
- August 2020 ]
theatres, bowling alleys and soft play (14 August).
New restrictions are announced, including a return to working from home
5 September 2020
(22 September).
- October 2020 A new three-tier system of Covid-19 restrictions starts (14 October).
6 November 2020 | Second national lockdown comes into force (5 November).
Second lockdown ends and England returns to a stricter three-tier system of
- December 2020 | restrictions (2 December). New Tier 4: ‘Stay at Home’ restrictions come
into force in some areas of England (21 December).
7 January 2021 Third national lockdown comes into force (6 January).
- February 2021 A roadmap for lifting the lockdown is published (22 February).
Schools in England reopen for primary and secondary school students (8
8 March 2021
March). ‘Stay at home’ order ends (29 March).
] Non-essential retail, hairdressers, public buildings, outdoor venues, and
- April 2021 ) ) ]
indoor leisure reopen (12 April).
- May 2021 Indoor venues reopen (17 May).
- June 2021 Restrictions on weddings and funerals abolished (14 June).
Julv 2021 Most legal limits on social contact are removed, and the final closed sectors
- u y
of the economy reopened (19 July).
England’s winter plan for Covid — ‘Plan B’ is unveiled, including measures
9 September 2021
such as face masks (14 September).

*Note that survey wave 0 refers to baseline information that was subsequently asked during the survey waves.

Source of information: Institute for Government analysis (2021)




Appendix 2. Sample selection process and final sample sizes of the regression models

Full Employed in  Responded in
Survey wave la 1b 2a 2b 3a 3b
sample  Jan/Feb 2020 all 9 waves

Baseline (Jan/Feb 2020) 20,462 12,371 4,509 - - - - - -
Wave 1 (Apr 2020) 17,761 10,992 4,509 4,342 3,814 4,231 3,719 3,863 3,863
Wave 2 (May 2020) 14,811 9,125 4,509 4,358 3,813 4,242 3,715 3,881 3,881
Wave 3 (Jun 2020) 14,123 8,553 4,509 4,352 3,813 4,205 3,691 3,879 -
Wave 4 (Jul 2020) 13,754 8,254 4,509 4,347 3,812 4,182 3,672 3,878 3,878
Wave 5 (Sep 2020) 12,876 7,637 4,509 4,316 3,783 4,088 3,584 3,846 -
Wave 6 (Nov 2020) 12,035 7,084 4,509 4,322 3,786 4,061 3,554 3,847 3,846
Wave 7 (Jan 2021) 11,968 7,010 4,509 4,284 3,758 3,986 3,499 3,820 -
Wave 8 (Mar 2021) 12,680 7,556 4,509 4,313 3,781 4,015 3,521 3,846 3,845
Wave 9 (Sep 2021) 12,818 7,725 4,509 4,297 3,763 3,931 3,460 3,828 3,826
Total sample size 143,288 86,307 45,090 38,931 34,123 36,941 32,415° 34,688™ 23,139

The sample sizes of the different models vary due to missing values in different included variables.

* This is also the sample size of model 2c as it uses the same variables.
™ This is also the sample size of model 3¢ as it uses the same variables.



Appendix 3. Distributions of the used variables among citizens employed in Jan/Feb 2020

. Unweighted Weighted
Variables n % N %
Not working
False 80,087 94.5 46,136 94.1
True 4,706 5.5 2,918 5.9
Total 84,793  100.0 49,054  100.0
Working 0 hours
False 69,063 86.2 39,457 85.5
True 11,024 13.8 6,679 14.5
Total 80,087  100.0 46,136  100.0
Psychological distress (GHQ-12: Caseness > 3)

False 53,406 75.2 32,655 74.2
True 17,604 24.8 11,377 25.8
Total 71,010  100.0 44,032 100.0
Never key worker

False 49,120 58.8 29,570 60.8
True 34,372 41.2 19,093 39.2
Total 83,492  100.0 48,663  100.0
Never worked at home

False 57,706 66.9 31,539 63.7
True 28,601 33.1 17,944 36.3
Total 86,307  100.0 49,483  100.0
Working at home

Never 40,214 50.3 25,193 54.4
Sometimes 10,096 12.6 5,071 10.9
Often 7,357 9.2 3,744 8.1
Always 22,274 27.9 12,323 26.6
Total 79,941  100.0 46,331 100.0
Pre-pandemic household earnings quartile

First quartile 11,843 16.2 6,892 16.4
Second quartile 16,321 22.3 10,650 25.3
Third quartile 20,072 27.4 12,028 28.6
Fourth quartile 25,007 34.1 12,527 29.8
Total 73,243  100.0 42,098  100.0
Subjective financial situation

Living comfortably 14,114 28.6 7,669 26.0
Doing alright 24,402 49.4 14,662 49.8
Just about getting by 8,507 17.2 5,691 19.3
Finding it quite difficult 1,812 3.7 1,123 3.8
Finding it very difficult 556 1.1 303 1.0
Total 49,391 100.0 29,448  100.0
Lonely

Hardly ever or never 46,725 63.5 26,136 58.8
Some of the time 22,738 30.9 14,999 33.7
Often 4,102 5.6 3,308 7.4
Total 73,565  100.0 44,444  100.0
Risk of serious illness from COVID-19

no risk (not clinically vulnerable) 53,389 72.4 32,415 72.9
moderate risk (clinically vulnerable) 17,706 24.0 10,559 23.7
high risk (clinically extremely vulnerable) 2,677 3.6 1,513 3.4
Total 73,772 100.0 44,487  100.0
Has had symptoms that could be coronavirus

False 68,502 92.8 41,857 94.0

True 5,335 7.2 2,648 6.0



Total 73,837  100.0 44,506  100.0
Survey wave

Baseline (Jan/Feb 2020) 12,371 14.3 4,948 10.0
Wave 1 (Apr 2020) 10,992 12.7 4,948 10.0
Wave 2 (May 2020) 9,125 10.6 4,948 10.0
Wave 3 (Jun 2020) 8,553 9.9 4,948 10.0
Wave 4 (Jul 2020) 8,254 9.6 4,948 10.0
Wave 5 (Sep 2020) 7,637 8.8 4,948 10.0
Wave 6 (Nov 2020) 7,084 8.2 4,948 10.0
Wave 7 (Jan 2021) 7,010 8.1 4,948 10.0
Wave 8 (Mar 2021) 7,556 8.8 4,948 10.0
Wave 9 (Sep 2021) 7,725 9.0 4,948 10.0
Total 86,307  100.0 49,483  100.0

Source: Understanding Society COVID-19 survey. Note: as the used longitudinal survey weights are 0 for
respondents who failed to answer to all survey waves, each category of the survey wave variable has the same
number of weighted observations.



Appendix 4. Model 2c: Furloughed (survey wave # working at home)

Furloughed OR %% ClI
Age (ref.: 40-49)
16-29 2.15™ [1.22, 3.78]
30-39 1.20 [0.79, 1.84]
50-59 1.23 [0.83, 1.82]
60-65 2.06™ [1.27, 3.33]
66+ 7.277  [3.90,  13.55]
Female 1.79™  [1.30, 2.48]
Family status (ref.: single, no children)
single, children 0.81 [0.50, 1.29]
couple, no children 0.95 [0.66, 1.38]
couple, children 1.40 [0.96, 2.03]
In the ethnic minority 1.28 [0.69, 2.38]
GHQ-12 caseness > 3 2.06™  [1.68, 2.52]
Pre-pandemic household earnings quartile (ref.: Fourth quartile)
First quartile 1.62 [0.98, 2.71]
Second quartile 0.99 [0.65, 1.50]
Third quartile 1.14 [0.76, 1.70]
Survey wave (ref.: Wave 9 (Sep 2021))
Wave 1 (Apr 2020) 1.99 [0.88, 4.52]
Wave 2 (May 2020) 1.03 [0.48, 2.24]
Wave 3 (Jun 2020) 1.03 [0.49, 2.14]
Wave 4 (Jul 2020) 141 [0.66, 2.99]
Wave 5 (Sep 2020) 0.94 [0.44, 2.01]
Wave 6 (Nov 2020) 0.75 [0.40, 1.42]
Wave 7 (Jan 2021) 0.84 [0.40, 1.76]
Wave 8 (Mar 2021) 0.66 [0.30, 1.43]
Working at home (ref.: Always)
Never 1.84 [0.83, 4.07]
Sometimes 0.86 [0.31, 2.41]
Often 0.48 [0.20, 1.15]
Wave 1 (Apr 2020) # Never 28.427" [10.49, 76.98]
Wave 1 (Apr 2020) # Sometimes 20.41™  [5.90, 70.58]
Wave 1 (Apr 2020) # Often 5.12" [1.33, 19.66]
Wave 2 (May 2020) # Never 39.58™ [15.26, 102.60]
Wave 2 (May 2020) # Sometimes 10.99™  [3.29, 36.70]
Wave 2 (May 2020) # Often 5.85" [1.36, 25.12]
Wave 3 (Jun 2020) # Never 14.44™  [5.84, 35.72]
Wave 3 (Jun 2020) # Sometimes 4.46" [1.32, 15.08]
Wave 3 (Jun 2020) # Often 2.42 [0.72, 8.07]
Wave 4 (Jul 2020) # Never 6.02"  [2.38, 15.23]
Wave 4 (Jul 2020) # Sometimes 595  [1.86, 19.04]
Wave 4 (Jul 2020) # Often 4.90 [1.44, 16.68]
Wave 5 (Sep 2020) # Never 1.74 [0.69, 4.40]
Wave 5 (Sep 2020) # Sometimes 1.68 [0.47, 6.05]
Wave 5 (Sep 2020) # Often 0.52 [0.15, 1.84]
Wave 6 (Nov 2020) # Never 5.49™  [2.41, 12.54]
Wave 6 (Nov 2020) # Sometimes 1.36 [0.41, 4.50]
Wave 6 (Nov 2020) # Often 0.62 [0.15, 2.55]
Wave 7 (Jan 2021) # Never 7477 [2.92, 19.09]
Wave 7 (Jan 2021) # Sometimes 2.79 [0.71, 10.97]
Wave 7 (Jan 2021) # Often 2.11 [0.65, 6.92]
Wave 8 (Mar 2021) # Never 7.05™  [2.63,  18.90]
Wave 8 (Mar 2021) # Sometimes 3.02 [0.88, 10.37]



Wave 8 (Mar 2021) # Often 1.60 [0.36, 7.01]

var(u) 6.12 [5.26, 6.98]
p 0.65 [0.62, 0.68]
Subpop. size 4,116
Subpop. no. obs 32,415

Data: Understanding Society COVID-19 survey, waves 1-9.
“p<0.05 " p<0.01, ™ p<0.001



Appendix 5. Model 3c: Mental distress (survey wave # loneliness)

GHQ-12 caseness > 4 OR 9% % CI
Age (ref.: 16-29)
30-39 1.17 [0.78, 1.77]
40-49 1.19 [0.80, 1.76]
50-59 1.01 [0.70, 1.47]
60-65 0.91 [0.61, 1.36]
66+ 0.43™ [0.24, 0.79]
Female 2.09" [1.67, 2.62]
Family status (ref.: single, no children)
single, children 0.69" [0.50, 0.94]
couple, no children 0.88 [0.67, 1.15]
couple, children 0.96 [0.73, 1.26]
In the ethnic minority 0.70 [0.47, 1.06]
Vulnerability to COVID-19 (ref.: no risk (not clinically vulnerable))
moderate risk (clinically vulnerable) 1.18 [0.93, 1.48]
high risk (clinically extremely vulnerable) 1.47 [1.06, 2.04]
Has had symptoms of COVID-19 1.55™ [1.24, 1.93]
Employment status (ref.: Working positive hours)
Not working 1717 [1.25, 2.33]
Working 0 hours 1.63™ [1.36, 1.96]
Pre-pandemic household earnings quartile (ref.: First quartile)
Second quartile 1.10 [0.74, 1.64]
Third quartile 0.90 [0.61, 1.33]
Fourth quartile 1.13 [0.74, 1.71]
Survey wave (ref.: Wave 9 (Sep 2021))
Wave 1 (Apr 2020) 2.34™ [1.70, 3.22]
Wave 2 (May 2020) 1.62™ [1.21, 2.17]
Wave 3 (Jun 2020) 1.86™ [1.34, 2.59]
Wave 4 (Jul 2020) 1.10 [0.81, 1.48]
Wave 5 (Sep 2020) 1.05 [0.77, 1.43]
Wave 6 (Nov 2020) 1.97™ [1.48, 2.62]
Wave 7 (Jan 2021) 1.61™ [1.19, 2.18]
Wave 8 (Mar 2021) 1.19 [0.88, 1.60]
Lonely (ref.: Hardly ever or never)
Some of the time 6.34™" [4.38, 9.16]
Often 67.477"  [26.42, 172.30]
Wave 1 (Apr 2020) # Some of the time 1.12 [0.69, 1.81]
Wave 1 (Apr 2020) # Often 0.79 [0.27, 2.32]
Wave 2 (May 2020) # Some of the time 1.41 [0.90, 2.20]
Wave 2 (May 2020) # Often 0.60 [0.23, 1.60]
Wave 3 (Jun 2020) # Some of the time 0.90 [0.56, 1.45]
Wave 3 (Jun 2020) # Often 1.01 [0.34, 2.99]
Wave 4 (Jul 2020) # Some of the time 1.11 [0.71, 1.75]
Wave 4 (Jul 2020) # Often 2.34 [0.73, 7.47]
Wave 5 (Sep 2020) # Some of the time 1.14 [0.73, 1.79]
Wave 5 (Sep 2020) # Often 1.57 [0.54, 4.55]
Wave 6 (Nov 2020) # Some of the time 0.80 [0.51, 1.25]
Wave 6 (Nov 2020) # Often 0.38 [0.10, 1.51]
Wave 7 (Jan 2021) # Some of the time 0.94 [0.59, 1.49]
Wave 7 (Jan 2021) # Often 0.64 [0.21, 1.94]
Wave 8 (Mar 2021) # Some of the time 0.93 [0.57, 1.49]
Wave 8 (Mar 2021) # Often 0.65 [0.22, 1.89]
var(u) 3.37 [2.91, 3.83]
p 0.51 [0.47, 0.54]




Subpop. size 4,156
Subpop. no. obs 34,688

Data: Understanding Society COVID-19 survey, waves 1-9.
“p<0.05 " p<0.01, ™ p<0.001



