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Abstract

The UK nationwide COVID-19 lockdown resulted in drastic changes to work arrange-
ments and many individuals continue to work from home post-lockdown. To examine
the effects of the lockdown on time use and productivity, we conduct a nationally rep-
resentative survey of working-age adults. We find that time use significantly changed
during the lockdown, with more time spent on sleeping, mass media consumption, and
household-related activities, and less time spent on work-related activities, social activi-
ties, and travelling. Using a revealed preference method, we estimate that the proportion
of time spent on individuals’ most-preferred activities decreases during lockdown. Self-
reported productivity also decreases by 2-4 percentage points. Both of these effects are
heterogeneous across age, gender, and household composition, with women and those
with young children experiencing the largest declines. Taken together, our findings em-
phasise the need for employer support for workers shifting to regular home-working or
other flexible work arrangements.
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1 Introduction

The COVID-19 pandemic has resulted in drastic changes to many individuals’ work arrange-
ments. Following the UK’s government-mandated lockdown on March 23 2020, the percent-
age of employees working from home increased eight-fold from 5.7% to 43.1% (Felstead and
Reuschke, 2020). Even though the nationwide lockdown has ended, working from home will
remain a key feature of post-pandemic flexible work arrangements. According to a survey of
employers conducted in July 2020, the percentage of people working from home on a regular
basis was expected to rise to 37% (from 18% pre-lockdown) and the percentage of staff work-
ing entirely from home was expected to rise to 22% compared to 9% pre-lockdown (Chartered
Institute for Personnel and Development, 2020). Understanding how the lockdown changes
individuals’ time-use patterns, and consequently their productivity, has important implica-
tions for the post-pandemic economic recovery as well as the future of work.

In this paper, we examine how time use patterns and productivity changed during the
UK lockdown, and investigate how these changes vary across population subgroups, focusing
on differences across genders and household composition.

We collect time use diary data from a nationally representative sample of adults who
had a job within the past three months prior to the lockdown. Respondents retrospectively
described the sequence and duration of activities they typically engaged in during 4 differ-
ent 24-hour periods: a workday before lockdown, non-workday before lockdown, workday
during lockdown, and non-workday during lockdown. Despite the data being collected ret-
rospectively, we find the before-lockdown diaries to be similar to the diaries from the 2015
UK Time Use Survey in terms of time allocated to the main activity categories. As well
as providing information about each instance of every activity (‘episode’), respondents also
reported details of the conditions under which they performed that activity, such as location
and enjoyment. A novel aspect of our survey is the collection of episode-specific productivity
for work-related activities, measured in a way that is comparable across a broad range of
occupations and tasks.

We find that time use significantly changed during the lockdown, with more time spent on
sleeping, mass media consumption, and household-related activities, and less time spent on
work-related activities, social activities, and travelling. Under the standard assumption that
preferences over activities remain stable over long periods of time (Gershuny et al., 2020), we
attribute these changes in time use to changes in the constraints that individuals face when
choosing how to allocate their time. Because of differences in responsibilities, individuals
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may differ in their ability to allocate time across activities according to their preferences.
We conceptualise the time constraint as the absolute deviation between the observed time
allocation and the closest time allocation that is consistent with the individual’s preferences
over activities (absent any constraints).

We estimate how time constraints changed due to the lockdown, using a revealed pref-
erence method that allows for unrestricted heterogeneity in preferences across individuals.
During the lockdown, the average time constraint increased by 24.3 minutes on non-workdays
(from a base of 4.9 hours), a statistically significant change (p<0.01), but the workday dif-
ference in constraints is small (4.0 minutes from a base of 6.2 hours) and not statistically
significant. Both findings indicate that individuals spend less time on activities they enjoy
the most, and vice versa. Regression analysis reveals variation in time spent on enjoyable
activities across age, gender, and household composition, with females in households with
young children spending the least time on the activity they enjoy the most. Furthermore,
the reduction in time spent on enjoyable activities is greater across all subgroups during the
lockdown and for workdays.

We also find that the same population subgroups experience a larger decrease in self-
perceived productivity (measured as the percentage of time spent on-task, ranging from
0-100%) during the lockdown. On average, men report a 1.71 pp reduction in self-perceived
productivity, while women report a 3.73 pp reduction. The reduction in self-perceived pro-
ductivity is particularly pronounced for women living with young children (≤ 5 years) who
report a 12.68 pp reduction in productivity compared to a 5.72 pp reduction among men
living with young children. Aside from childcare responsibilities, this disproportionate de-
crease could partly be due to gender differences in pre-lockdown job attributes that affect an
individual’s ability to adapt to home working, as well as gender differences in the quality of
the home working environment.1

Related literature and contribution.Our paper is related to several strands of literature.
First, it is related to a strand of literature documenting changes in time use driven resulting
from pandemic-induced changes to work arrangements and daily routines. Gershuny et al.
(2020) analyse the infection risk level of activities that individuals engaged in during the
UK lockdown (May-June 2020) in comparison to 2016 (‘pre-lockdown’). They find that
individuals substantially reduced activities associated with a high risk of infection, such as
meeting with non-household members in public areas, in favour of activities with lower risk

1For example, among our respondents, men are 10 percentage-points more likely than women to have a
personal workspace at home.
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of infection, such as spending time at home alone or with household members. Pisot et al.
(2020) survey residents of nine European countries and find decreases in time spent doing
sports (24%) while screen time and time spent physically inactive increased (65% and 50%
respectively).

For workers with children, school closures were an additional disruption to normal rou-
tines. Andrew et al. (2020a) study the impact of UK school closures on households with at
least one child, and document an extra 4 hours per day (per parent) devoted to childcare,
accompanied by a decrease in leisure time. Around half of parents surveyed had stopped
working during the lockdown, due to job loss or being furloughed, while among those who
remained employed, the average time spent working fell by 3.5 hours, with around one-third
of working hours spent multitasking between work and childcare. Collins et al. (2020) finds
similar reductions in work hours among US dual-earner households with children, but these
reductions are disproportionately concentrated on mothers, thus increasing the gender gap
in working hours by 20-50%.

Second, our paper is related to the burgeoning literature examining the differential im-
pacts of COVID-19 across genders and socioeconomic groups. Andrew et al. (2020b) provide
evidence that mothers in the UK see a larger rise in time spent on household activities
compared to fathers. Alon et al. (2020) predict that women’s employment is likely to be dis-
proportionately adversely impacted by the pandemic given the structural differences across
male and female occupations. Adams-Prassl et al. (2020a) document that female workers
report a lower ability to work from home and that women in the UK and US are more likely
to lose their jobs compared to their male counterparts. We find similar evidence of a gender
gap in the amount of time spent on household activities, though men had a larger absolute
increase during the lockdown, which partly closed the pre-lockdown gap.

Third, our paper is related to studies examining how working from home impacts pro-
ductivity. A handful of papers use randomized controlled trials to assess this impact. Bloom
et al. (2015) find that among call-center workers in a Chinese travel agency, working from
home led to a 13% increase in performance. Angelici and Profeta (2020) find that work
flexibility (in terms of location and time) increases worker productivity and wellbeing in the
context of a large Italian company. Our findings are suggestive of potential gains from in-
creased work flexibility. On average, respondents prefer to work from home for over 50% of
the work week, which is 30 percentage points higher than the pre-lockdown percentage of
time devoted to working from home.
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Given the dramatic rise in the number of people working from home due to the pandemic,
increasingly many studies examine the productivity-effects of these changes in workplace
arrangements. Several studies of developed economies find that working from home has had
little impact on workers’ average productivity (Felstead and Reuschke (2020) in the UK,
Rubin et al. (2020) in the Netherlands, Eurofound (2020) in Europe, and Brynjolfsson et al.
(2020) in the US). Several studies indicate that the effects of the lockdown on productivity
differ across genders. Feng and Savani (2020) find that in the UK, women report lower work
productivity and job satisfaction compared to men. Our paper has the closest overlap with
Etheridge et al. (2020), who use self-reported productivity measures from the UK Household
Longitudinal Survey and find that women and those in low-paying jobs suffer from the largest
declines in productivity. We use a different method of measuring self-reported productivity
that is episode-specific and defined in terms of time spent on the intended work task (vs.
being distracted) rather than perceived output per hour, allowing for a finer breakdown of
productivity throughout the day.2 We also find that women experience a larger decrease in
self-perceived productivity compared to men, especially if they have young children.

Finally, our paper makes a methodological contribution to the literature on time poverty
and time stress by using a revealed preference approach to estimate time constraints at the in-
dividual level. Our method differs from existing approaches because it allows for unrestricted
heterogeneity in preferences and quality of time use across individuals, which is important
because previous studies have observed variations in time constraints (both self-reported
and estimated from data) across socio-economic groups (Gimenez-Nadal and Sevilla, 2012;
Hamermesh and Lee, 2007).

2 Data and sample

Our analysis uses data from 1036 individuals that we surveyed in the week beginning May
11 2020, seven weeks after the national lockdown was enforced (March 23 2020). We survey
individuals who are over 18, who have lived in the UK for the past 3 months prior to taking
the survey, and who are currently in the labour market (full-time, part-time, in casual work,
or unemployed and searching for a job). We collaborated with the survey company Prolific to

2The precise wording of the UK HLS question was: ‘Please think about how much work you get done
per hour these days. How does that compare to how much you would have got done per hour back in
January/February 2020?’ Options: 1 = ‘I get much more done’ to 5 = ‘I get much less done’. In contrast, we
asked the following question (for each episode): ‘What % of time was spent on the purpose of all employment-
related activities?’.
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recruit a representative sample of the UK population in terms of age, ethnicity, and gender.3

2.1 Survey design

To understand the effects of the lockdown on time use patterns, we ask respondents to
retrospectively fill in time use diaries for a typical workday and typical non-workday. Time use
diaries record the chronological sequence of activities that respondents did during a 24-hour
period through a series of ‘episodes’, and have been shown to give comparable data quality to
objective real-time measures such as wearable cameras and accelerometers (Gershuny et al.,
2020).4 Individuals were asked to fill in between 2 to 4 time use diaries.5 The survey was
completed in one sitting, with a median completion time of 45 minutes.

For each episode within a time use diary, we ask respondents to fill out: (1) the episode
start and end time (with a minimum duration of 10 minutes per episode); (2) the main activity
of that episode; (3) the secondary activity that the respondent was engaged in simultaneously
(if any); (4) whom they did the activity with; (5) where they did the activity; (6) whether
they used a device for that episode; (7) how much they enjoyed the activity (on an increasing
scale of 1 to 7). Respondents were given a choice of up to 42 activities to choose from, each
falling under one 12 broad activity domains.6 If the episode involved an employment-related
activity, respondents were also asked which job (main or secondary job) the employment
activity was for and their perceived level of productivity for that episode, on a scale of 0 to
100% (in intervals of 5%). A screenshot of a time use episode block can be found in Appendix
A.

Our time use survey follows a similar structure to the UK Time Use Survey (UKTUS),
which was last conducted in 2015 with no plans for further data collection in the near future.
Despite the similar structure, we take a slightly different approach. First, we pre-specify the

3The representative sampling was done by Prolific, a reputable survey company used primarily by re-
searchers for surveys and experiments. In comparison to in-person data collection methods or similar plat-
forms such as MTurk, Prolific has been shown to deliver higher or comparable data quality (Palan and
Schitter, 2018; Peer et al., 2017).

4See Sullivan et al. (2020) for a review of the common methods used to collect time use data.
5Those who were not employed before or during the lockdown filled in 2 diaries for non-working days

before and during the lockdown. Those who had a job before the lockdown but not during and those who
had a job during the lockdown but not before filled out an additional workday diary on top of the two
non-working day diaries. Those who were employed before and during the lockdown filled in 4 diaries for a
typical workday and non-workday before and during the lockdown.

6These 12 domains are: sleeping; eating; grooming/personal care; studying; volunteering; travelling;
household/family care; employed-related activities; social/cultural activities; physical exercise; arts/hobbies;
mass media consumption. The first 6 domains do not have any subcategories whereas the remaining 6
domains have up to 8 subcategories each (see Appendix A for a full list of activities).
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set of activities that respondents can choose from, whereas the UKTUS asks respondents to
fill out activities freely and manual coders split the recorded activities ex-post into the 12
broad activity domains. Although pre-specifying the categories offers less flexibility in the
types of activities they can fill out, it is less time-consuming for respondents to fill this out
and does not require ex-post categorization. Our approach is similar to the ‘Click and Drag
Diary’ design of Gershuny et al. (2020), which also uses a pre-specified list of activities across
4 broad domains (Personal, Travel, Work/Study, Recreation).7

Second, our survey collects information on self-perceived productivity for employment-
related activities. We define productivity as the percentage of time the respondent spent
on the intended employment-related activity. We instructed respondents to fill in this infor-
mation as follows. First, if the respondent’s only activity for that episode was employment-
related (e.g. to look for a job online) and they were distracted for half the time, they should
select a productivity level of 50%. Second, if the respondent did one employment-related
activity (main or secondary) and one non-employment-related activity, they were instructed
to divide the time spent on the employment-related activity by the total time period.8 Third,
if both their main and secondary activities are employment-related (e.g. video conferencing
with colleagues and checking emails simultaneously) and they were not distracted on either
task over that period, then they were instructed to input 100% for their productivity level.

In addition to the time use survey, we also asked respondents for information about their
demographic background (gender, year of birth, ethnic group, highest educational level),
their current employment status (e.g. number of jobs in the past 7 days, how COVID-19 has
impacted their work), the characteristics of their current (or last) job, and their home-based
work arrangements (e.g. whether they have a personal workspace at home).

2.2 Sample

For the final sample, we keep individuals who filled in at least two valid episodes each for
a before-lockdown and during-lockdown workday diary, or who filled in at least two valid
episodes each for a before-lockdown and during-lockdown non-workday diary (1036 individ-

7Gershuny et al. (2020) conduct a time use survey in June 2020, also based on the UKTUS. Despite the
slightly different survey design, the average number of episodes recorded per day (10-13) and the average
completion time per diary day (15 minutes) are similar to those from our survey.

8For example, if they performed a work-related task intermittently while home-schooling children, and
spent 30 minutes total on the work-related task over a two-hour interval, they should select 25% (30/120)
for their productivity level.
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uals out of 1062 who took the survey).9 Valid episodes are those with non-missing main
activities and last at least 10 minutes but less than 24 hours. On average, each diary day
contains 10–11 episodes, with each episode lasting for over 2 hours.10

Within a valid diary day, there can be problematic episodes (e.g. missing start/end
times or missing activities). We edit and clean these episodes using a set of rules detailed in
Appendix A, based on the UKTUS’ methodology. We drop episodes that cannot be edited by
following these rules. Table C.1 in Appendix C presents summary statistics on the episodes
within each of the four possible diary days. Overall, the vast majority of episodes do not
require editing (e.g. ≤ 0.01% of episodes have missing activities or missing start or end
times).

Panel A in Table 1 shows that 51% of respondents in our sample are female (506 men
and 528 women), the average age is 43.8 years old, 84.7% are white, and over 60% have at
least an undergraduate degree. Table B.1 in Appendix A presents a similar set of statistics
for respondents in the latest wave of the Understanding Society survey.11 The average age
of respondents and the proportion of women are similar in both datasets, though the av-
erage educational attainment in our sample is higher. Since more-educated individuals are
less vulnerable to the pandemic-induced economic shock ((Adams-Prassl et al., 2020a)), our
estimates of the pandemic’s impact on productivity and the ability to work from home are
likely to be conservative.

Panel B provides information on the current employment situation of the sample. 7.8%
and 1.3% of individuals report having lost or switched a job (respectively) in the past 4
weeks. Among those who report having lost a job in the past 4 weeks, 95% and 88% of
men and women (respectively) report the COVID-19 pandemic being the likely or definite
cause of their job loss. Among those who currently hold a job, almost 70% work from

9We observe 1027 before-lockdown non-workday diaries, 1029 during-lockdown non-workday diaries, 886
before-lockdown workday diaries, and 662 during-lockdown workday diaries. 1027 individuals have complete
diaries for non-workdays before- and during-lockdown, 638 individuals have complete diaries for workdays
before- and during-lockdown, and 628 individuals have complete diaries for all four days. Note that individuals
only filled in a workday diary if they worked, so we do not have workday diaries for individuals who were
unemployed or not working (e.g. furloughed).

10Note that activities done intermittently were recorded as a single episode that involved multitasking.
For example, if a respondent performed an alternating sequence of 10 minutes cooking food and 10 minutes
caring for children, over the course of 40 minutes, it would be recorded as 40 minutes of housework. This
aggregation can explain why we have a smaller of episodes per day as the UKTUS. Gershuny et al. (2020)
conduct a day-after time use survey in June 2020, using a similar design and a similar number of activity
categories as we do, and record a similar average number of episodes per day (10–13).

11University of Essex, Institute for Social and Economic Research, NatCen Social Research, Kantar Public.
(2019). Understanding Society: Waves 1-9, 2009-2018 and Harmonised BHPS: Waves 1-18, 1991-2009. [data
collection]. 12th Edition. UK Data Service. SN: 6614, http://doi.org/10.5255/UKDA-SN-6614-13.
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Table 1: Summary statistics for main sample

All Men Women Difference

(1) (2) (3) (4)

A. Demographic variables

Age 43.788 43.333 44.168 0.835

White 0.847 0.854 0.839 -0.015

Has BA 0.605 0.577 0.633 0.056∗

B. Employment status

Lost job in past 4 wks 0.078 0.073 0.081 0.008

Switch job in past 4 wks 0.013 0.008 0.017 0.009

Currently working from home 0.678 0.711 0.644 -0.067∗∗

Zero hours contract 0.099 0.067 0.129 0.062∗∗∗

Flexible work hrs (pre) 0.404 0.431 0.377 -0.054∗

Flexible work location (pre) 0.273 0.310 0.237 -0.074∗∗∗

% hrs work from home (pre) 25.878 25.285 26.516 1.231

Desired % hrs work from home 54.143 55.330 52.922 -2.408

C. Home environment

Live alone 0.168 0.194 0.142 -0.052∗∗

Live w/ child ≤ 5 y/o 0.119 0.140 0.102 -0.038∗

Live w/ child 6-11 y/o 0.148 0.145 0.152 0.008

Has personal work space 0.348 0.395 0.299 -0.095∗∗∗

Has shared work space 0.027 0.015 0.038 0.023∗∗

Interrupted several times in day 0.161 0.154 0.169 0.014

Often interrupted by social media 0.362 0.334 0.390 0.056∗

Less able to work from home 0.263 0.267 0.259 -0.007

More able to work from home 0.208 0.231 0.186 -0.046∗

Observations 1036 506 528

Notes: ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

home. Consistent with existing studies such as Adams-Prassl et al. (2020b), the rates of
working from home differ across genders with 71% and 64% of men and women respectively
working from home (p<0.05). Respondents who are still working from their workplaces are
concentrated in the following professions: teaching/education, healthcare, customer services,
sales, and administration. Such occupations tend to have more female than male workers.
Table C.2 in Appendix A shows the breakdown of respondents’ occupations.

Men and women also have different pre-lockdown job attributes which may affect how
well they are able to adapt to new work arrangements. 12.9% of women in our sample have
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a zero-hours contract whereas less than 7% of men do. Roughly 43% of men agree that
their working hours were flexible before the lockdown whereas only 37.7% of women agree
(p<0.1). Furthermore, 31% of men agree that their work location was flexible before the
lockdown whereas only 23.7% of women agree (p<0.01). When asked what proportion of
a given work week they would like to work from home, on average respondents report that
they would like to work from home for over 50% of the work week. On average, this is 30
percentage points higher than the pre-lockdown percentage of time devoted to working from
home. These findings suggest that the switch to more flexible working arrangements in the
longer term could be ideal for many workers.

Panel C presents summary statistics on household composition and respondents’ home
environment. 16.8% of respondents live alone. Among those who do not live alone, 11.9% of
respondents live with a child who is 5 years old or younger, 14.8% of respondents live with a
child who is 6–11 years old, and 18.1% of respondents live with someone 60 or above.12

The subsequent rows of this panel document the home-working environment of respon-
dents. Men are statistically significantly more likely than women to have a personal workspace
at home (e.g. a home office): 39.5% of men and 29.9% of women report having a personal
space dedicated to work. 1.5% of men and 3.8% of women have a shared space dedicated
to work (e.g. a home library). 16.1% of respondents report being interrupted several times
throughout the day. 36.2% of respondents report being often interrupted by social media
during their workday and women appear to report being interrupted by social media more
frequently than men. Overall, 26.3% of respondents report being less able to work from
home, while 29.2% of respondents report no difference between working at home and at the
office. Interesting, 20.8% of respondents report being more able to work from home. This
figure is higher for men (23.0%) than women (18.6%).

3 Changes in time use patterns

We begin by documenting how respondents’ time use patterns changed before and during
lockdown in Table 2. Panel A presents descriptive evidence on how respondents spend their
time within a 24-hour period (12.01am to 11.59pm) on the 12 main activity domains listed
in our survey before and during the lockdown. The statistics reported are the aggregate time
spent on these activities for the whole day. For example, an average of a total of 9 hours of
sleep per day is likely to consist of both sleep in the early hours of the day (before getting

12These statistics on household composition are similar to what is found in the Understanding Society
data (Table B.1).
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up for the day) and in the later hours of the day (falling asleep at the end of day). Panel B
presents statistics on average reported attributes related to an episode (e.g. enjoyment).

Workday

Unsurprisingly, columns (1) to (3) shows that for a typical workday, the main changes in time
use are concentrated among the following activities: work-related tasks, media consumption,
travelling, personal care, and sleep. Before the lockdown, on average respondents spent 7.27
hours per day on work-related activities. During the lockdown, this decreases by 20 minutes
(4.59%) to roughly 7 hours per day. During the lockdown, there was a significant 26.4-minute
increase in the amount of time respondents spent on media-related activities. Breaking this
down further by media-related subcategories (see Table C.3) shows that this increase is driven
primarily by the increase in time spent watching TV, which increases by 21.7 minutes per
day relative to a pre-lockdown mean of 1 hour 40 minutes of TV per day. There was a large
reduction in the amount of time spent travelling during the lockdown which falls by over 50
minutes from an average of 1 hour and 5 minutes to an average of 13.4 minutes per day. The
non-negative average travel time during lockdown is driven primarily by individuals who do
not work from home over that period. During the lockdown, the amount of time devoted to
personal care fell by roughly 9 minutes from an average of 50 minutes per day. Respondents
also report sleeping for over 30 extra minutes per day during a lockdown workday.

During a typical workday, there were also moderate changes in time spent on household
activities, exercise, and hobbies. Before the lockdown, respondents spent roughly 1.81 hours
on household activities. This increases by 14 minutes to 2 hours during the lockdown. Break-
ing this down further by household subcategories shows that this increase is driven primarily
by the increase in time spent looking after children and cooking, which on average increases
by 36.5% (0.143/0.392) and 16.6% (0.117/0.704) respectively (p <0.1 for both sub-activities).
Before the lockdown, respondents spent on average 24.42 minutes per day doing exercise dur-
ing a workday. This increases by an average of 5.52 minutes during the lockdown. Before the
lockdown, respondents spent an average of 15 minutes on arts and hobbies during a workday.
This increases by an average of 7.08 minutes during the lockdown.

During a typical workday before and during the lockdown, there are no significant changes
to the time spent on social activities, volunteering, studying, or eating. Before the lockdown,
respondents spent an average of 21 minutes on social activities. During the lockdown, there
was no significant reduction in the amount of time spent on social activities on a typical
workday. However, when we break this into finer social activities, there is a clear drop in the

11



time spent on social gatherings (see Table C.3).

Panel B shows that there are notable changes in the attributes of workday episodes
before and during lockdown. During lockdown, respondents are 3.8 pp more likely to be
multitasking in any given episode. The percentage of episodes spent outside home falls by
24.2 pp (p<0.01). The percentage of episodes where a device is used increases by 5.2 pp from
42.4%, consistent with the increase in time spent on media-related activities.

Table 2: Changes in time use before and during lockdown

Workday Non-workday

Before During Difference Before During Difference

(1) (2) (3) (4) (5) (6)

A. Total hrs spent on

Work-related activities 7.276 6.937 -0.338** 0.679 0.428 -0.252***

Household activities 1.811 2.041 0.230* 3.953 4.336 0.382**

Social activities 0.351 0.309 -0.042 1.840 0.454 -1.386***

Exercise 0.407 0.499 0.092* 0.797 0.842 0.045

Hobbies 0.251 0.369 0.118* 0.707 0.991 0.284***

Media 1.968 2.406 0.438*** 3.169 4.106 0.937***

Travelling 1.068 0.223 -0.845*** 0.366 0.040 -0.326***

Volunteering 0.027 0.042 0.014 0.080 0.089 0.010

Studying 0.212 0.195 -0.016 0.397 0.502 0.105

Personal care 0.827 0.677 -0.150*** 0.778 0.741 -0.037

Eating 1.257 1.347 0.089 1.477 1.500 0.023

Sleeping 8.428 8.916 0.488*** 9.684 9.899 0.215*

B. Characteristics of episode

Multi-tasking episodes 0.476 0.514 0.038** 0.497 0.516 0.019

Episodes outside home 0.376 0.134 -0.242*** 0.207 0.092 -0.115***

Episodes where device used 0.424 0.475 0.052*** 0.389 0.422 0.033**

Avg enjoyment (/7) 5.203 5.291 0.087* 5.691 5.598 -0.092*

Observations 886 662 1,027 1,029

Notes: This table presents changes in average time use patterns before and during the lockdown for a typical
workday and non-workday. Time use is measured in hours. Columns (3) and (6) present difference in means
before and during the lockdown. Panel B shows proportions of episodes that have a particular characteristic. ∗

p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

12



Non-workday

Columns (4) to (6) show that there are some common changes in time use patterns between
workdays and non-workdays. On average respondents work for 40.74 minutes during a typical
pre-lockdown non-workday. This falls by 37.1% to 25.68 minutes during the lockdown. The
increase in time spent on household activities is more notable on non-workdays. It increases
by 9.7% relative to a base of almost 4 hours pre-lockdown. This increase is driven by time
spent gardening and doing house repairs, which increase by 67.8% (from a base of 20 minutes)
and 87.3% (from a base of 7 minutes) respectively. Concurrently, there is a significant drop
in the amount of time spent doing grocery shopping on a non-workday, which falls by 36.4%
from an average of 31.8 minutes.

There are a few more notable changes in time use patterns on a non-workday compared
to a workday. There are significant decreases in the time spent on social activities, which
drops by 1 hour and 23 minutes compared to the pre-lockdown mean of 1 hour 50 minutes.
This is driven primarily by a reduction in the time spent on social gatherings (a 96.5%
reduction from a base of 25.56 minutes per day) and having visitors (94.7% reduction from a
base of 26.16 minutes per day). There are also notable decreases in the time spent on other
potentially social activities such as shopping (96.6% reduction from a base of 14.28 minutes
per day) and going to the cinema (88.4% reduction from a base of 6.72 minutes per day).
Compared to a workday, there is an even larger increase in the time spent doing hobbies,
which increased by 17 minutes during a non-workday from a base of 42.42 minutes (40.1%
increase). The increase in media consumption on a non-workday is even more pronounced
than the changes on a workday, increasing by almost an hour relative to a base of 3 hours 10
minutes. The increase in hours spent sleeping on a non-workday are notable (2.2% increase)
but is less pronounced compared to the increase on a typical weekday.

Panel B shows that, unlike the changes observed for a workday, there are no changes in
the proportion of episodes where the individual is multitasking. However, there is still a sig-
nificant drop in the proportion of episodes spent outside the home (55.5% decrease) and an
increase in the proportion of episodes where the respondent uses a device (8.48% increase).
Interesting, although the average enjoyment increases for a typical workday, the average en-
joyment decreases by an almost equal proportion (1.62%) for a typical non-workday. We
speculate that this could be driven by the reduction in time spent on social activities, espe-
cially social gatherings and having visitors.
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Gender differences in time use

Tables C.4 and C.5 in Appendix C demonstrate how the level and changes in time use patterns
differ between men and women before and during the lockdown. Columns (1) to (3) of these
tables show that before the lockdown, men spend 43 minutes less than women on household
activities per day. The increase in time spent on household activities during lockdown is
driven by men who spent 18 minutes more per day relative to a pre-lockdown average of 1
hour 27 minutes per day. Despite the larger increase in time spent on household activities
among men, women still spend more time on household activities during the lockdown (on
average 2 hours and 21 minutes per day). These tables also show that the increase in time
spent exercising is driven by women who exercise 8 minutes more per day from a base of 24.18
minutes per day. The reduction in personal care on a given workday is driven by women, who
spend on average 12.36 minutes less on grooming/personal care. Furthermore, the increase
in time spent sleeping is mainly driven by men who increase time spent sleeping by 8.24%;
women also increase time spent sleeping but the increase is more moderate (3.35%).

Columns (4) to (6) show that the changes documented for a typical non-workday are
fairly similar across both genders. For example, men and women both reduce time spent
socializing and travelling by a similar amount. The increase in time spent on media-related
activities on a non-workday is larger for women than for men (37.57% increase vs. 22.50%
increase). Among men, there is also a slight increase in the time spent sleeping (2.6%) but
there is no similar increase for women.

Panel B shows that the increase in the average enjoyment during a workday appears to
be driven by men. The average enjoyment rate increases by 2.74% for men on a typical
weekday. There is no significant increase in the average enjoyment rate for women on a
workday, however there is a moderate decrease in average enjoyment on a non-workday
which falls by 1.8%.

Comparison to UK Time Use Survey data

One concern is that since respondents in our survey are asked about their days retrospectively,
their recorded time use diaries might suffer from recall bias. To investigate whether this is a
particular concern for the pre-lockdown time use diaries, Table B.2 presents a breakdown of
time use among respondents in the last wave of the UK Time Use Survey (UKTUS) which
was conducted in 2015. Panel B shows that for a typical working day, the average time spent
on broad activity categories are similar to that indicated by our before-lockdown workday
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and non-workday data, suggesting that recall bias is unlikely to be a major concern. In the
UKTUS, for a typical workday, respondents report spending an average of 6.97 hours on work-
related activities (vs. 6.98 in our data), 1.82 hours on media-related activities (vs. 1.88 in
our data), and 0.926 hours on personal care (vs. 0.943 in our data). An expanded discussion
on the differences between the UKTUS data and our data can be found in Appendix B.

4 Revealed preference estimation of time constraints

Our descriptive statistics indicate substantial changes in time use during the lockdown. While
some changes, such as increased time spent sleeping, are arguably beneficial for most indi-
viduals, other changes, such as increased time spent on mass media consumption, would
be evaluated differently depending on individuals’ preferences over activities. The lockdown
also changed the constraints that individuals face when allocating time, by increasing the
necessary time spent on certain activities (such as housework), while reducing the necessary
time spent on others (such as commuting to work).

In this section, we aim to estimate how individual time constraints changed, taking into ac-
count individual-specific preferences across activities and heterogeneity in preferences across
individuals. We start by outlining a framework of utility maximisation with binding con-
straints to illustrate how an individual’s observed time use depends on 1) their preferences
over activities and 2) constraints they face.

In this framework, an individual can choose how to allocate their time (in minutes) across
J possible activities (t1, ..., tJ), given the number of minutes in a day:

∑J
j=1 tj = 1440. We

assume the individual’s utility from this time allocation is an additively separable function
of time spent and preferences over activities:

V = α1u(t1) + α2u(t2) + ...+ αJu(tJ)

where u(.) is a well-behaved strictly concave function and {α1, ...αJ} denotes the individ-
ual’s preferences over the J activities, where αi > αj indicates that the individual prefers
activity i over activity j, ceteris paribus. We also assume that utility from time allocation is
separable from utility over goods expenditure (see Hamermesh and Lee (2007) and Gronau
and Hamermesh (2008) for models that incorporate time allocation into a model of household
production and labour supply).

In the absence of any other constraints, the individual’s optimisation problem is
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maxt1,...,tJ α1u(t1) + α2u(t2) + ...+ αJu(tJ) such that
∑J

j=1 tj = 1440

The optimal allocation of time, {t∗1, ..., t∗J} satisfies the following condition:

α1
du
dt∗1

= α2
du
dt∗2

= ... = αJ
du
dt∗J

where du
dt∗i

denotes the derivative of u(.) evaluated at t∗i . So, if αi > αj, then du
dti

< du
dtj

,
and by strict concavity of u(.), t∗i > t∗j . Therefore this model predicts that the individual
will allocate more time to more-preferred activities compared to less-preferred activities.
Definition 1 formally states this prediction.

Definition 1. An individual’s allocation of time across utilities is consistent with uncon-
strained utility maximisation if the sequence of total activity-specific durations, ordered from
the most-preferred to least-preferred activity, is strictly decreasing.

Figure 1 illustrates the intuition behind this result. An individual uses the same utility
function u(.) to evaluate the time allocation for each activity, but this function is scaled
upwards or downwards according to the preference parameters α1, ..., αJ . Therefore, even
though the preference parameters represent an individual’s ‘average’ preference across activi-
ties, their ordering (in our construction) affects the amount and marginal utility of time spent
(larger values of α imply that the individual must spend more time to achieve a particular
level of marginal utility).

Now suppose the individual faces J time constraints: LBj ≤ tj ≤ UBj, where LBj and
UBj denote the lower and upper bound of the time constraint on activity j, respectively.
For example, the minimum amount of sleep or exercise that an individual needs to function
would be a lower bound on those activities. If LBj binds, then compared to the unconstrained
optimum, the individual will choose t̂j > t∗j ; if UBj binds, the individual will choose t̂j < t∗j .

Under this framework, binding constraints have observable implications. If an individual’s
observed time allocation does not correspond with their preferences over activities (such as
spending more time on a less-preferred activity), then we can infer that the individual faces
binding time constraints. We measure the size of these constraints as the degree of departure
from rationality; in other words, how much does an individual’s observed time use have to
be adjusted in order to be consistent with unconstrained utility maximisation?

We use the following method to estimate the time constraints faced by an individual from
their time use diaries. Our method controls for variation in the quality of time spent across
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The blue curves indicate the individual’s utility function, scaled according to the pa-
rameters α1, ..., α4. Red lines indicate the marginal utility at the optimal allocation of
time.

Figure 1: Consistency with unconstrained utility maximisation.

activities in a given day for a particular individual, and allows for unrestricted preference
heterogeneity across individuals. This feature contrasts with existing methodologies used in
the social sciences, which typically impose the same activity-specific upper or lower bounds
for all individuals; for example, assuming that everyone requires 8 hours of sleep per day, or
needs to do 1 hour of housework.13

1. First, we estimate individual preferences over activities, controlling for differences in
the quality of time spent in each episode. We run the following multinomial probit separately
for each individual (pooling episodes across all diary days):

Eit = α′ijAjt + γ ′ijQt + εij

where Eit is activity-specific enjoyment of individual i in episode t, Ajt is a 1 × (J − 1)

13For example, Vickery (1977) assumes the minimal time necessary for ‘maintenance’ (sleeping, eating,
personal care, and leisure time) is 81 hours per week. Other studies such as Hamermesh and Lee (2007)
conceptualise the time constraint as arising from a growing shadow price of time, using the reasoning that
time and purchased goods are not perfect substitutes. Beyond the field of economics, some studies have used
reported feelings of time stress collected via panel surveys as a proxy for time constraints, with questions
such as ‘How often do you feel rushed or pressed for time?’ (see Sullivan (2008) for a review of the literature
on time stress and perceived time constraints).
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vector of indicator variables that equal 1 if activity j is performed in episode t and 0 otherwise
(using sleep as the base activity), and Qjt is a 1×4 vector of indicator variables that proxy for
the quality of time spent (alone vs. with others, whether the activity was done concurrently
with another activity, indoors vs. outdoors, whether a device was used during the activity).
We chose to run individual-specific regressions instead of pooling data across individuals,
to allow for unrestricted heterogeneity in preferences over activities and assessments of the
quality of time spent. Excluding individuals with missing data on either the dependent or
independent variables, we ran the regressions for 720 individuals (72% of the total sample).

2. We then construct a preference ranking over activities based on the sign and magnitude
of the probit coefficients on the activity variables. For example, if the coefficient on ‘exercise’
is greater than the coefficient on ‘hobbies’, we infer that the individual prefers ‘exercise’ to
‘hobbies’.

3. Next, we calculate the total duration spent on each activity for that diary day. If the
time spent on activities does not weakly decrease with the preference ranking (i.e. spending
less time on less-preferred activities), we consider the individual as facing a binding time
constraint on that day, because their behaviour is inconsistent with unconstrained utility
maximisation.

4. We define the total time constraint as the minimal adjustment required to make the
sequence of total activity durations (ordered from most-preferred to least-preferred) strictly
decreasing. We calculate this constraint using linear programming methods, as explained
through a numerical example.

Numerical example. The following example illustrates our methodology. Suppose the
ordered sequence of total activity durations (in minutes), from the most-preferred to the least-
preferred activity, is (50, 100, 70, 40). We infer that the individual faces a binding constraint
because they spend less time on the first activity than the second and third, even though they
prefer the first activity over both. Figure 2 illustrates why this time allocation cannot be
consistent with unconstrained utility maximisation according to our model. In order to make
this sequence weakly decreasing, some amount(s) of time (x1, ..., x6) must be transferred from
the less-preferred activities to the more-preferred activities. These amounts must satisfy the
following inequalities:

50 + x1 + x2 + x3 > 100 + x4 + x5 − x1 > 70 + x6 − x2 − x4 > 40− x3 − x5 − x6
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The blue curves indicate the individual’s utility function, scaled according to the pa-
rameters α1, ..., α4. Red lines indicate the marginal utility at the observed allocation of
time.

Figure 2: Inconsistency with unconstrained utility maximisation.

where
∑6

i=1 xi is the minimal adjustment.

These inequalities can be written in the matrix format Ax ≤ b:

 −2 −1 −1 1 1 0

1 −1 0 2 −1 1

0 1 −1 1 −1 −1





x1

x2

x3

x4

x5

x6


≤

 −5030

30



The corresponding solution is 25+ ε, which is transferred from the second activity to the
first to produce the sequence (75+ ε, 75− ε, 70, 40). Note that a binding upper bound on the
first activity is observationally equivalent to a binding lower bound on the second activity,
so it is not possible to attribute the total time constraint to specific activities.
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Preference rankings

Figure 3 shows boxplots summarising the distribution of ranks assigned to each activity, us-
ing the probit regression estimates obtained for each individual (lower ranks indicate more-
preferred activities). The wide range of ranks assigned to each activity implies preference
heterogeneity, which is further evidenced in pairwise comparisons of the preference rankings
in Figure C.1 (Appendix C), providing justification for our individual-specific approach. For
example, while 90% of individuals prefer hobbies to housework, there is no clear consensus
over whether housework is preferred to studying or travelling, or how exercise and volunteer-
ing should be ranked relative to other activities.

The box edges represent the first and third quartiles, and the line within the box indicates
the median. Dots indicate data points that are above the upper quartile or below the
lower quartile by more than 1.5 times the interquartile range.

Figure 3: Ranks assigned to each activity.

Estimated time constraints

Figure 4 shows a kernel density plot of the estimated time constraint (in hours), grouped by
diary day. Individuals appear to be more time-constrained on workdays compared to non-
workdays, and the density plots for both non-workdays and workdays are slightly shifted to
the right during the lockdown, indicating an increase in time constraints. Table 3 presents
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mean estimated time constraints by gender and type of day. During the lockdown, individ-
uals’ time constraints increased significantly by 24.3 minutes on non-workdays from a base
of 4.9 hours (p<0.01), while the change in time constraint for a workday is negligible both
statistically and economically (a decrease of 4.1 minutes relative to a base of 6.2 hours).
A possible explanation is that during workdays, the increased constraints due to additional
necessary housework were offset by the decreased constraints on travelling (no need to com-
mute). During non-workdays, the increase in constraints during the lockdown could be due
to restrictions on leisure activities (which are generally preferred over non-leisure activities).
Figure C.2 (Appendix C) shows the difference in time constraint (during lockdown minus
before lockdown), by type of day.

Figure 4: Estimated time constraint.

Since our definition of time constraint is based on individual preferences, the increase in
time constraints during the lockdown is indicative of people spending less time on activities
that they enjoy the most. To investigate the heterogeneity in constraints across population
subgroups, we regress the total time spent per day on an individual’s most-preferred activity
(determined by the estimated preference ranking) on demographic variables (gender, age,
education, ethnicity), variables related to work arrangements (having a fixed salary, working
from home), and household composition (living with a child aged 5 or younger, living with a
child aged 6-11). We choose to use each individual’s most-preferred activity rather than focus
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Table 3: Esimtated time constraints (hours) before and during lockdown

All Men Female Difference

(1) (2) (3) (4)

Non-working, before 4.902 4.834 4.966 0.132

Non-working, during 5.307 5.263 5.349 0.086

Difference in constraint 0.405 0.429 0.383 -0.046

Observations 701 338 363

Workday, before 6.224 6.317 6.129 -0.188

Workday, during 6.156 6.295 6.014 -0.281

Difference in constraint -0.068 -0.023 -0.115 -0.092

Observations 448 227 221

Notes: Sample includes respondents who filled in both before- and during-lockdown diaries
for either a workday or non-workday.

on specific activities due to the degree of preference heterogeneity. Figure C.3 in Appendix
C shows variation in the top-ranked activity across respondents; aside from mass media,
exercise, and hobbies, the gender-specific percentages are broadly similar.

Figure 5 shows the estimated time spent for individuals according to gender, household
composition, and type of day (workday or non-workday, before or during the lockdown). Full
regression estimates are presented in Table C.6 in Appendix C. On average, compared to
a non-workday, individuals spend 1 hour less on their most-preferred activity on workdays
and 7-10 minutes less on this activity during lockdown. Living in a household with young
children (aged 5 and under) is associated with a 30-minute decrease in time spent on the
most preferred activity for males and an 85-minute decrease for females. Overall, our results
indicate another dimension of inequality (reduction in time spent on enjoyable activities) for
groups that have already been disproportionately affected in other ways by the lockdown.14

14As a robustness check, we re-run the same regression with time spent on top-2 and top-3-preferred
activities. We find coefficients of similar magnitude and statistical significance.
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Notes: Calculations based on estimates from a linear regression with hours spent per day
on most-preferred activity as the dependent variable, and demographics, work arrange-
ments, and household composition as covariates. The regression includes a constant
term and indicator variables for each type of day, with ‘Non-workday, before’ as the
base category. Aside from gender and household composition, all other continuous vari-
ables are set at their respective means, and all other indicator variables are set at their
respective modes. ‘Young children’ are children 5 years or under. Error bars show 95%
confidence intervals.

Figure 5: Hours spent per day on most-preferred activity: Regression predictions.

5 Changes in self-perceived productivity

Table 4 presents weighted averages of self-perceived productivity before and during the lock-
down, where the average is taken across all employment-related tasks within a given workday
and the weights equal the duration of the employment-related episode. For this analysis, we
restrict the sample to respondents who have both before-lockdown and during-lockdown pro-
ductivity data. This provides us with 600 observations. Column (1) indicates that for the
full sample, self-perceived productivity dropped by 2.71 pp from a base of 84.92, a 3.19%
drop. Columns (2) and (3) show that the drop in self-perceived productivity is more pro-
nounced for women. Women have a slightly higher self-perceived productivity level to begin
with (85.76%) which drops by 3.73 pp to 82.54% during the lockdown. Men’s self-perceived
productivity drops by 1.70 pp from 84.02 to 82.26%.

In order to better understand the decrease in self-perceived productivity, we regress the
measured change in productivity on demographic, work-related, and household composition
variables. We divide the self-reported change in productivity by its standard deviation. Thus,
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Table 4: Changes in reported productivity

All Men Women Difference

(1) (2) (3) (4)

Pre-lockdown productivity 85.283 84.065 86.458 2.393
(18.264) (18.773) (17.687) (1.493)

During-lockdown productivity 82.570 82.359 82.724 0.366
(19.668) (19.239) (20.179) (1.612)

Difference in productivity -2.712 -1.706 -3.734 -2.027
(17.543) (15.055) (19.832) (1.436)

Observations 600 306 292

Notes: Sample includes respondents who filled in both before- and during-lockdown diaries
and have at least one employment-related episode within each of these diaries. See Section
2 for an explanation of how productivity is defined. Standard deviation in parentheses
in columns (1) to (3) and standard error in parentheses in column (4). Observations in
columns (2) and (3) do not sum up to observations in column (1) due to two observations
that do not report gender.

the mean response (-0.15) can be interpreted in terms of standard deviations away from no
change before and during lockdown.

Column (1) and (2) of table 5 include a standard set of demographic and work-related
variables. The estimates shows that women are more likely to experience a larger drop in
self-perceived productivity compared to men, significant at the 10% level. The estimates
indicate that respondents working at home report a larger drop in productivity (-0.25 to
-0.28 standard deviations) compared to those who don’t work at home. Column (2) suggests
there is no statistically significant difference in the impact of working from home on men and
women. The contract type (e.g. fixed salary vs. zero-hour contracts) does not appear to be
significantly correlated with changes in productivity.

Column (3) examines whether a respondent’s household composition affects their reported
change in productivity. We include indicators for whether the respondent lives with a child
5 years or younger or a child between 6-11. Those living with a child 5 or under report a
-0.48 standard deviation (8.44 pp) decrease in self-perceived productivity, relative to those
who do not live with children aged 11 or under. The estimated coefficient on the indicator
for living with a child between 6 and 11 is negative but not statistically significant.

In column (4), we interact the household composition variables with the female dummy
to investigate whether the effects of young children differ across genders. The interaction
between female and the indicator for living with a child 5 or under is negative but not
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Table 5: Correlates of change in productivity

Dep var: Change in self-perceived productivity

(1) (2) (3) (4)

A. Demographic

Female -0.163∗ -0.203 -0.214∗∗ 0.001
(0.084) (0.174) (0.089) (0.196)

Has BA 0.033 0.035 0.081 0.089
(0.080) (0.093) (0.099) (0.100)

White -0.188 -0.188 -0.268∗∗ -0.274∗∗
(0.117) (0.117) (0.125) (0.126)

Age -0.018 -0.018 -0.007 -0.002
(0.020) (0.023) (0.026) (0.026)

Age2 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000)

B. Work arrangements

Fixed salary -0.015 -0.014 0.049 0.036
(0.062) (0.092) (0.100) (0.100)

Work from home -0.251∗∗∗ -0.279∗ -0.294∗∗∗ -0.238
(0.074) (0.148) (0.109) (0.162)

Female × work from home 0.051 -0.126
(0.198) (0.213)

C. Household composition

Live w/ child u5 -0.481∗∗∗ -0.326∗
(0.136) (0.177)

Female × live w/ child u5 -0.397
(0.270)

Live w/ child 6-11 -0.112 0.085
(0.130) (0.173)

Female × live w/ child 6-11 -0.426∗
(0.247)

Adj. R-squared 0.02 0.02 0.04 0.05
Observations 580 580 486 486

Notes: The dependent variable is change in self-perceived productivity, divided by the
standard deviation. The mean of the dependent variable is -0.15. Standard errors in
parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

statistically significant. The estimates indicate that among women living with a child under 5,
self-perceived productivity decreased by 0.72 standard deviations (p<0.01) or 12.68 pp, while
among men living with a child under 5 productivity decreased by 0.33 standard deviations or
5.72 pp. The interaction between female and the indicator for living with a child between 6
and 11 is negative and significant at the 10% level, implying that among women living with a
child under 11, self-perceived productivity decreased by 0.341 standard deviations (p<0.10).
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These results are suggestive of unequal childcare responsibilities within the household as
documented by many papers in the existing literature (e.g. Andrew et al., 2020b).

6 Conclusion

In the UK, the COVID-19 pandemic has resulted in drastic changes to many individuals’
work arrangements, and is likely to precipitate a longer-lasting shift towards home working
and other flexible work arrangements. To gain insights into the effects of pandemic-induced
home working on time use and productivity, we conduct a nationally-representative time use
survey of working-age adults in the labour market.

We find significant changes in time use during the lockdown, with more time spent on
sleeping, mass media consumption, and household-related activities, and less time spent on
work-related activities, social activities, and travelling. Using a revealed preference method
that allows for unrestricted heterogeneity in preferences across individuals, we estimate that
during the lockdown, individuals’ time constraints increased significantly (both statistically
and economically) by 24.3 minutes on non-workdays (from a base of 4.9 hours) but not during
workdays (a 4.1 minute decrease from a base of 6.2 hours).

There is considerable variation in time spent on enjoyable activities across age, gender,
and household composition, with women in households with young children spending the
least time on the activity they enjoy the most. We also find that this population subgroup
experiences a larger decrease in self-perceived productivity (measured as the percentage of
time spent on-task) when working from home during the lockdown. These findings highlight
the need for employer support for workers shifting to regular home-working or other flexible
work arrangements.
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A Data appendix

Figure A.1: Screenshot of one time use diary block (‘episode’). Clicking on the arrows
leads to dropdown menus.

A.1 Time use diary activity categories

As discussed in Section 2, respondents are given a choice of up to 42 activities to choose from, which
fall under one of 12 broad activity domains. This section lists the 12 broad domains and the more
refined categories that fall within each domain.

The list of main activities in our time use diaries are:

1. Sleeping

2. Eating

3. Grooming

4. Studying

5. Volunteering

6. Travelling

7. Household/Family care activities: Cooking, Groceries, Cleaning, Children, Pets, Caring, Bills,
Gardening, Repairs, Other household activities.

8. Employment-related activities: Work tasks, Meetings, Job searching, Casual work, Break
(Tea/Coffee), Other employment-related activities.

9. Social/cultural activities: Communicating with others, Cinema, Social gathering, Museums,
Shopping, Visitors, Other social/cultural activities.

10. Physical exercise: Walking, Other exercise.

11. Arts/Hobbies: Gaming, Crafting, Arts, Singing, Other arts/hobbies.

12. Mass media consumption: TV, Social media, Music, News, Reading, Other media.
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A.2 Time use diary editing and cleaning

This section outlines the main issues with encountered with some episodes and how we edit and
clean these episodes.

Missing activities. There are some episodes that have missing main activities. If the main
activity is missing and the secondary activity is not missing, we recode the secondary activity as the
main activity. If the episode is missing a main activity but not missing the start and end times, we
check if the subsequent or preceding rows have non-empty activities and missing or equivalent start
or end times. If so, we replace the missing activities (and other information for that episode) with
the activities in the subsequent or preceding row. For example if row n begins at 16.00 and ends at
17.30, has a missing main activity and missing secondary activity and if row n+1 has missing times
but has cooking and eating recorded as the main and secondary activities respectively, we replace
row n with activities from row n+ 1.

Missing start and end times. There are some episodes that have missing start or end times.
If the episode is missing a start time, we replace this with the end time of the preceding episode. If
the episode is missing an end time, we replace this with the start time of the subsequent episode. If
episode n has a missing end time (but has a start time), and episode n+ 1 has a missing start time
(but has an end time), we set the duration of the episode to be 10 minutes.

Mistaken AM and PM times. We provide respondents with a 24-hour clock to record the
start and end times of each episode. There are episodes where respondents mixed up the AM or PM
nature of the clock. For example, an episode that spans 14.00-15.15 may be followed by an episode
than spans 3.15-4.00. In these cases, we adjust the times to be consistent with the reported sequence
of activities reported by the respondent.

Overlapping episodes. Within each diary, there are episodes that overlap. This can happen in
the following ways.

• Two episodes have the same start and end time. If the secondary activity is blank for both
episodes, we combine the episodes into one single episode where one activity is the main and
the other becomes the secondary activity. If the secondary activity is non-blank for at least
one episode, we keep the episode with the secondary activity. If the secondary activity is
non-blank for all overlapping episodes and the main activity is the same, we divide them
into episodes with equal duration. If the secondary activity is non-blank for all overlapping
episodes and the main activities differ across overlapping episodes, we combine the overlapping
episodes into one episode using main activity only.
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• Two episodes have the same start times but have different end times (e.g. episode n spans
15.00-16.00 while episode n+1 spans 15.00-16.30). If the overlapping episodes have the same
main and secondary activity, we keep the episode that ends later. If the overlapping episodes
do not have the same activities, we keep these overlapping episodes (which are then dealt
with later) and then in a later step we adjust the end time of episode n and the start time of
episode n+1 by equal amounts so that they do not overlap. In the example above, the times
would be adjusted to be 15.00-15.45 for episode n and 15.45-16.30 for episode n+ 1.

• Two episodes have different start times but the same end time. (e.g. episode n spans 15.00-
16.00 while episode n+1 spans 15.30-16.00). If the episodes have the same main and secondary
activity, we keep the episode that starts earlier. If the episodes do not have the same activities,
we keep these overlapping episodes and then in a later step we adjust the end time of episode
n and the start time of episode n+1 by equal amounts so that they do not overlap. In the
example above, the times would be adjusted to be 15.00-15.45 for episode n and 15.45-16.30
for episode n+1.

• Two episodes have different start and end times but the time intervals of episode n and episode
n+ 1 overlap (e.g. episode n spans 15.00-16.00 while episode n+ 1 spans 15.30-16.30). If the
overlapping episodes have the same main and secondary activity, we combine this into one
episode. If they have different activities, then we adjust the end time of episode n and the
start time of episode n + 1 by equal amounts so that they do not overlap. In the example
above, the times would be adjusted to be 15.00-15.45 for episode n and 15.45-16.30 for episode
n+ 1).

Missing interval between 2 episodes. There are some episodes that have a positive time gap
between them (e.g. episode n spans 15.00-16.00 and episode n+1 spans 16.30-18.00). If the missing
time interval between the end time of episode n and the start time of episode n+ 1 is less than 60
mins, we adjust the end time of episode n to equal the start time of episode n + 1. If the missing
time interval is over 60 minutes, then we adjust the end time of the episode n and the start time of
episode n+ 1 to meet halfway.

Same start and end time. There are some episodes that begin and end at the same time. If
the start and end time of episode n are the same (and do not both equal 00.00 hours), we make the
end time of episode n− 1 10 minutes earlier and the start time of episode n 10 minutes earlier.

Diary days that do not last 24 hours. There are some diary days that do not start at
midnight or do not end at midnight. Usually this is because respondents forget to record their sleep
episodes. In these cases, we impute sleep episodes to either begin or end the diary day. In particular,
we impute the first episode as sleeping if the diary does not start at midnight and if the first episode
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does not have sleeping as its main activity. We impute the last episode as sleeping if the diary does
not end at midnight and if the last episode does not have sleeping as its main activity. The same
adjustment is made by the UKTUS.
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B Comparison to other data sources

Understanding Society Data

Table B.1 presents summary statistics for respondents in Wave 9 of the Understanding Society
survey. In comparison to our data, the Understanding Society sample contains more whites (99%
compared to 85%) and fewer university graduates (38% compared to 61%).

Table B.1: Summary statistics for Wave 9 of Understanding Society

All Men Women

(1) (2) (3)

A. Demographic variables

Age 42.321 42.612 42.085
(12.854) (12.850) (12.853)

White 0.996 0.995 0.996
(0.066) (0.072) (0.061)

Has BA degree 0.381 0.356 0.402
(0.486) (0.479) (0.490)

B. Employment status

Monthly salary 0.651 0.671 0.634
(0.477) (0.470) (0.482)

≤ 20 hrs per wk 0.160 0.078 0.227
(0.367) (0.268) (0.419)

≥ 20 hrs per wk 0.254 0.400 0.135
(0.435) (0.490) (0.342)

≤ 500 GBP per month 0.050 0.027 0.069
(0.218) (0.162) (0.253)

≥ 5000 GBP per month 0.060 0.098 0.029
(0.238) (0.298) (0.168)

C. Household composition

Live alone 0.143 0.117 0.164
(0.350) (0.322) (0.371)

Live w/ child ≤ 5 y/o 0.144 0.156 0.134
(0.351) (0.362) (0.340)

Live w/ child 6-11 y/o 0.138 0.133 0.143
(0.345) (0.340) (0.350)

Num. of bedrooms at home 3.097 3.110 3.087
(1.014) (1.021) (1.008)

Observations 19,070 8,992 10,078

Notes: This table presents summary statistics for respondents in the 9th wave of the
Understanding Society. Sample includes individuals over 18 years old and are currently
employed.
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UK Time Use Survey

Table B.2: UK Time-Use Survey Descriptive Statistics (2014-2015)

Workday Non-Workday

Mean SD Mean SD

(1) (2) (3) (4)

A. Data cleaning

Number of episodes 34.547 13.710 37.388 14.051

Sleep imputed 0.001 0.009 0.001 0.007

Travelling imputed 0.004 0.017 0.004 0.017

Grooming imputed 0.001 0.005 0.001 0.004

B. Total hrs spent on

Work-related activities 6.965 3.176 0.226 1.072

Household activities 1.824 1.848 3.935 2.621

Social activities 0.751 1.203 1.654 1.953

Exercise 0.193 0.575 0.371 0.917

Hobbies 0.391 0.911 0.724 1.354

Media 1.821 1.556 3.435 2.600

Travelling 1.749 1.780 1.168 1.389

Volunteering 0.141 0.664 0.353 0.998

Studying 0.063 0.541 0.137 0.849

Personal care 0.926 0.683 0.990 0.749

Eating 1.093 0.866 1.680 1.168

Sleeping 7.794 1.694 8.880 2.091

C. Characteristics of episode

Multi-tasking episodes 0.269 0.181 0.275 0.186

Episodes outside home 0.432 0.189 0.268 0.236

Episodes where device used 0.195 0.162 0.121 0.140

Avg enjoyment (/7) 4.028 2.103 4.105 2.238

Observations 4,025 9,415

Notes: This table presents a breakdown of time use among respondents in the last wave of the
UK Time Use Survey (2014-2015).

Panel A of Table B.2 shows that there are significantly more episodes recorded per diary day
in the UKTUS compared to our survey (35 vs. 10). This difference is likely to be due to the use
of highly-disaggregated activities in the UKTUS. Compared to the UKTUS, there are roughly 2 pp
more episodes in our survey where sleep is imputed. The UKTUS data-cleaning procedure imputes
a travelling episode if the respondent changes location between episodes without a travelling episode
in between; this imputation affects 0.4% of episodes. The UKTUS data-cleaning procedure also
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imputes 10 minutes of personal care after walking if this episode is missing; this imputation affects
0.1% of episodes.

Panel B shows that compared to the UKTUS sample, respondents in our sample appear to
spend more time household activities, exercise, and sleeping. They spend less time on social activ-
ities, hobbies, travelling, and volunteering. These differences could be due to different methods of
categorizing activities into its main domains or due to the methods used to clean existing data. For
example, the travel episodes imputations in the UKTUS may lead to higher total travelling time for
respondents in the UKTUS and the higher proportion of imputed sleep in our data may contribute
to the higher total time spent sleeping. Given that the UKTUS data was collected in 2015, it is also
possible that these differences reflect a time-trend change.

Panel C describes the characteristics of the episodes. Compared to the UKTUS sample, respon-
dents in our survey are more likely to report doing multiple activities in the same episode, less likely
to do activities outside of the home, and more likely to use a device during a given episode. The
average enjoyment across episodes also appears to be higher in our survey compared to the UKTUS.
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C Additional results

Table C.1: Summary statistics for diary entries

Workday Non-workday

Before During Before During

(1) (2) (3) (4)

Num. of episodes in diary 11.749 10.846 10.560 10.218
(3.346) (3.232) (3.232) (3.138)

Duration of episode (hrs) 2.212 2.409 2.470 2.567
(0.736) (0.780) (0.789) (0.865)

Eps w/ missing activities 0.000 0.000 0.001 0.000
(0.008) (0.004) (0.010) (0.006)

Eps w/ missing start/end times 0.001 0.000 0.001 0.000
(0.007) (0.005) (0.007) (0.005)

Eps w/ AM/PM incorrect 0.080 0.090 0.091 0.095
(0.074) (0.060) (0.072) (0.064)

Eps that overlap 0.029 0.022 0.021 0.021
(0.101) (0.098) (0.082) (0.093)

Eps with positive gaps 0.100 0.064 0.090 0.079
(0.186) (0.164) (0.198) (0.188)

Eps w/ sleep imputed 0.046 0.030 0.036 0.032
(0.077) (0.063) (0.066) (0.066)

Num. of diaries 886 662 1,027 1,029

Notes: This table presents summary statistics for the episodes contained in each of the four diary
entries possible (non-workday before and during the lockdown; workday before and during the
lockdown). ‘Eps’ denotes episodes.
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Table C.2: Occupations of main sample

All Men Women Difference

(1) (2) (3) (4)

Managers, directors, senior officials 0.097 0.130 0.064 -0.066∗∗∗

Professional occupations 0.317 0.330 0.305 -0.025

Associate professional and technical occupations 0.103 0.079 0.125 0.046∗∗

Administrative and secretarial 0.186 0.134 0.235 0.100∗∗∗

Skilled trades 0.053 0.089 0.019 -0.070∗∗∗

Caring, leisure, and other service 0.044 0.040 0.049 0.010

Sales and customer services 0.147 0.130 0.163 0.032

Process, plant, and machine operatives 0.030 0.051 0.009 -0.042∗∗∗

Elementary occupations 0.019 0.014 0.025 0.011

Observations 1036 506 528

Notes: Occupational categories based on ONS’s Standard Occupational Classification (25 sub-major occupa-
tional categories).

Figure C.1: Pairwise comparison of preference rankings: Percentage of respondents
who prefer the row activity to the column activity.
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Table C.3: Changes in time use before and during lockdown

Workday Non-workday

Before During Difference Before During Difference

(1) (2) (3) (4) (5) (6)

Household: Cooking 0.704 0.821 0.117* 1.044 1.134 0.089

Household: Groceries 0.107 0.087 -0.020 0.530 0.337 -0.193***

Household: Cleaning 0.268 0.260 -0.008 0.792 0.773 -0.019

Household: Children 0.392 0.535 0.143* 0.639 0.780 0.141

Household: Pets 0.087 0.074 -0.013 0.141 0.152 0.011

Household: Caring for others 0.016 0.011 -0.005 0.043 0.016 -0.026

Household: Bills 0.014 0.016 0.002 0.043 0.066 0.023

Household: Gardening 0.055 0.073 0.018 0.329 0.551 0.223***

Household: Repairs 0.012 0.041 0.028 0.118 0.220 0.103**

Household: Other HH chores 0.153 0.124 -0.029 0.274 0.307 0.032

Employment: Work tasks 6.628 6.299 -0.329* 0.424 0.199 -0.224***

Employment: Work meetings 0.348 0.379 0.031 0.031 0.016 -0.016

Employment: Job search 0.006 0.025 0.019* 0.119 0.140 0.021

Employment: Casual work 0.057 0.104 0.046 0.059 0.037 -0.021

Employment: Work break 0.151 0.082 -0.068*** 0.025 0.011 -0.014

Employment: Other Emp 0.082 0.049 -0.033 0.022 0.025 0.003

Social: Communicating 0.217 0.268 0.051 0.380 0.372 -0.008

Social: Cinema 0.018 0.000 -0.018 0.112 0.013 -0.099***

Social: Gathering 0.050 0.011 -0.040* 0.426 0.015 -0.411***

Social: Museum 0.000 0.000 0.000 0.016 0.000 -0.016*

Social: Shopping 0.007 0.008 0.000 0.238 0.008 -0.230***

Social: Visitors 0.023 0.007 -0.016 0.436 0.023 -0.413***

Social: Other social 0.035 0.016 -0.019 0.231 0.023 -0.207***

Hobbies: Gaming 0.165 0.254 0.090* 0.420 0.625 0.205**

Hobbies: Crafts 0.020 0.031 0.011 0.061 0.102 0.040

Hobbies: Arts 0.013 0.013 -0.000 0.052 0.059 0.007

Hobbies: Singing 0.006 0.015 0.010 0.034 0.029 -0.006

Hobbies: Other hobbies 0.048 0.056 0.008 0.147 0.177 0.031

Media: TV 1.666 2.027 0.361*** 2.570 3.259 0.689***

Media: Social media 0.056 0.098 0.043* 0.164 0.202 0.038

Media: Music 0.015 0.016 0.001 0.040 0.063 0.023

Media: News 0.033 0.048 0.015 0.065 0.080 0.015

Media: Reading 0.112 0.147 0.035 0.211 0.348 0.137***

Media: Other media 0.084 0.070 -0.014 0.117 0.154 0.038

Observations 886 662 1,027 1,029

Notes: This table presents time use patterns for more refined activity categories which fall under the 12 main
categories presented in panel A of Table 2.
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Table C.4: Changes in time use before and during lockdown (men)

Workday Non-workday

Before During Difference Before During Difference

(1) (2) (3) (4) (5) (6)

A. Total hrs spent on

Work-related activities 7.549 7.195 -0.353* 0.725 0.472 -0.253*

Household activities 1.459 1.755 0.296* 3.700 4.092 0.392

Social activities 0.384 0.268 -0.116 1.663 0.395 -1.268***

Exercise 0.413 0.448 0.035 0.864 0.871 0.007

Hobbies 0.335 0.503 0.168* 0.959 1.332 0.373**

Media 2.045 2.459 0.414** 3.547 4.345 0.798***

Travelling 1.089 0.239 -0.850*** 0.335 0.052 -0.283***

Volunteering 0.016 0.024 0.007 0.068 0.039 -0.028

Studying 0.224 0.128 -0.096 0.291 0.398 0.107

Personal care 0.714 0.623 -0.092 0.743 0.626 -0.117

Eating 1.361 1.408 0.047 1.520 1.530 0.010

Sleeping 8.249 8.928 0.679*** 9.553 9.806 0.253*

B. Characteristics of episode

% multi-tasking episodes 0.467 0.507 0.041* 0.483 0.503 0.020

% episodes outside home 0.385 0.136 -0.248*** 0.204 0.099 -0.106***

% episodes where device used 0.438 0.481 0.042** 0.394 0.437 0.043**

Avg enjoyment (/7) 5.114 5.254 0.140* 5.657 5.565 -0.092

Observations 447 336 501 501

Notes: This table presents changes in average time use patterns before and during the lockdown for a typical
workday and non-workday for men. Columns (3) and (6) present difference in means before and during the
lockdown. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.

39



Table C.5: Changes in time use before and during lockdown (women)

Workday Non-workday

Before During Difference Before During Difference

(1) (2) (3) (4) (5) (6)

A. Total hrs spent on

Work-related activities 6.984 6.663 -0.320 0.639 0.388 -0.251**

Household activities 2.181 2.351 0.169 4.211 4.578 0.367

Social activities 0.314 0.354 0.040 1.984 0.513 -1.472***

Exercise 0.403 0.552 0.149* 0.736 0.806 0.071

Hobbies 0.166 0.233 0.067 0.470 0.670 0.201*

Media 1.888 2.331 0.444*** 2.805 3.860 1.054***

Travelling 1.046 0.208 -0.839*** 0.394 0.028 -0.365***

Volunteering 0.038 0.060 0.022 0.092 0.138 0.046

Studying 0.200 0.266 0.066 0.499 0.603 0.104

Personal care 0.943 0.737 -0.206** 0.810 0.849 0.040

Eating 1.153 1.283 0.130 1.436 1.474 0.038

Sleeping 8.614 8.905 0.292* 9.812 9.993 0.181

B. Characteristics of episode

% multi-tasking episodes 0.487 0.521 0.034* 0.512 0.528 0.016

% episodes outside home 0.367 0.131 -0.236*** 0.208 0.085 -0.124***

% episodes where device used 0.409 0.469 0.060*** 0.384 0.408 0.024

Avg enjoyment (/7) 5.295 5.334 0.038 5.727 5.635 -0.093

Observations 437 324 524 526

Notes: This table presents changes in average time use patterns before and during the lockdown for a typical
workday and non-workday for women. Columns (3) and (6) present difference in means before and during the
lockdown. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table C.6: Correlates of time spent on most-preferred activity

Dep var: Time spent on most-preferred activity (hours)

(1) (2) (3) (4)

A. Demographic

Female 0.005 0.288 -0.151 0.227
(0.321) (0.596) (0.347) (0.701)

Has BA -0.545 -0.560 -0.443 -0.455
(0.362) (0.364) (0.381) (0.384)

White -0.003 0.003 0.042 0.089
(0.453) (0.454) (0.469) (0.463)

Age 0.089 0.090 0.155∗ 0.159∗
(0.082) (0.082) (0.089) (0.089)

Age2 -0.001 -0.001 -0.002∗ -0.002∗
(0.001) (0.001) (0.001) (0.001)

B. Work arrangements

Fixed salary -0.263 -0.268 -0.295 -0.318
(0.340) (0.341) (0.361) (0.365)

Work from home -0.073 0.153 -0.259 -0.009
(0.360) (0.531) (0.395) (0.602)

Female × work from home -0.400 -0.482
(0.712) (0.785)

C. Household composition

Live w/ child u5 -0.888∗ -0.508
(0.514) (0.697)

Female × live w/ child u5 -0.933
(0.992)

Live w/ child 6-11 0.391 0.118
(0.560) (0.739)

Female × live w/ child 6-11 0.559
(1.077)

D. Type of day

Non-workday, during -0.107 -0.107 -0.163 -0.162
(0.105) (0.105) (0.110) (0.110)

Workday, before -1.102∗∗∗ -1.103∗∗∗ -1.007∗∗∗ -1.009∗∗∗
(0.125) (0.125) (0.137) (0.138)

Workday, during -1.101∗∗∗ -1.102∗∗∗ -1.117∗∗∗ -1.124∗∗∗
(0.129) (0.129) (0.136) (0.136)

Adj. R-squared 0.02 0.02 0.02 0.02
Observations 2,027 2,027 1,732 1,732

Notes: The dependent variable is time spent (in hours) on the most-preferred activity,
estimated using the probit regression described in Section 4. The mean of the dependent
variable is 3.65. Standard errors in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Figure C.2: Change in time constraint during the lockdown, by type of day.

Figure C.3: Most-preferred activity (% of respondents, by gender).
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