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Abstract

Following early economist Francis Y. Edgeworth's proposal to measure people's hedonic experiences as they
go about their daily lives, we use a smartphone app that surveyed a panel of 30; 928 individuals UK-wide
over seven years (N =2; 234; 753) at random moments about their feelings and activities, in order to estimate
the value of time (V OT), a key input into cost-bene t analyses. Our unique data, which reflect the richness
of people's lives, allow us to provide average and heterogeneous V OTs for 42 daily activities, including
their interactions (multi-tasking), pertaining to both labour and leisure. We are the first to apply this method,
which has the potential to value other intangibles too.
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1 Introduction

If markets fail to provide the means to optimally allocate one’s time, for example through
investments into time-saving infrastructure, there is an economic rationale for public policy
to intervene. It is estimated that the average road user loses about 115 hours per year to
congestion in the UK, and about 100 hours in the US (INRIX, 2019b,a). Holt and Vinopal
(2023) show that low-income individuals in the US spend at least six hours more per year
waiting for basic services than high-income individuals. Chen et al. (2022) find that residents
of black neighbourhoods waited 29% longer to vote relative to those of white neighbourhoods
in the 2016 US presidential election.! These figures point towards huge potential benefits of
time-saving investments. But how shall economists value time and potential time savings, key
inputs into cost-benefit analyses?

We propose a new method to value time. We use a smartphone app that surveyed individ-
uals longitudinally at random moments about their feelings and activities as they went about
their daily lives. We apply our method to value time spent in 42 daily activities, including
their interactions (multi-tasking), pertaining to both labour and leisure. Beyond averages,
we look at heterogeneous values by gender, income, time of day, and day of week. Our es-
timates are based on a unique panel of 30,928 individuals across the UK over seven years
(N = 2,234,753). Our contribution is a method that is more flexible than previous ones, in
that it can be used to value time spent in all possible activities, their interactions, and their
contexts in people’s lives, depending only on researchers’ and policy-makers’ interests and
willingness to sample them. To our knowledge, it is the only method that can fully account
for multi-tasking, a prevalent phenomenon in contemporary society.” We are the first to ex-
ploit people’s hedonic experiences — their momentary feelings — in real-time to value time (or
indeed anything else), complementing the literature that has previously relied exclusively on
stated or revealed preferences.

Time use and its value lie at the heart of economics.? There exists an established literature
that attempts to put a price tag on time, dating back to seminal work by Becker (1965). Here,

market goods and time are inputs into household production and a time budget is split between

!See also Hamermesh and Myck (2025) for the time cost of having a disability. For a detailed account of
how people in the US and elsewhere spend their time, see Hamermesh (2019) and Hamermesh and Polachek
(2023).

2In our sample, respondents engage in about 1.7 activities at the same time, on average.

3A recent proposal by Krueger et al. (2009) is National Time Accounting. The idea is to use data on the
hedonic experiences of individuals during various uses of their time to measure societal welfare.



labour and leisure so that leisure time — as a broad category — is valued at the wage rate
(its opportunity cost). Other studies have extended Becker’s concept, for example Johnson
(1966), Oort (1969), and Evans (1972), who develop the idea that working hours themselves
cause disutility, so that leisure time is valued at more than the wage rate; DeSerpa (1971),
who introduces constraints in time allocation; Pollack and Wachter (1975), who introduce
joint household production; Cauley (1987), who identifies cases where the value of leisure
time deviates from the wage rate (e.g. people not working at market wages); or Gronau and
Hamermesh (2006) and Hamermesh and Biddle (2018), who show how prices or discrimination
in goods markets affect trade-offs between time and goods consumption.

Most empirical studies estimating the value of time (VOT') look at travel or waiting time
during transportation (for example, McFadden (1974) looks at urban transport, De Vany
(1974) at air travel), where economists are trying to estimate how much people would be
willing to pay in order to save time (or how much they would need to be compensated for
their lost time).* These studies can be categorised into two streams.’

The first relies on stated preferences and includes discrete choice experiments or contingent
valuation studies, which directly ask people how much they would be willing to pay for, for
example, a hypothetical reduction in travel time due to a new road (Calfee and Winston,
1998). The second relies on revealed preferences and consists of: observational studies, such as
observing road choices with different travel times and tolls (Lam and Small, 2001; Small et al.,
2005; Fezzi et al., 2014; Buchholz et al., 2020; Bento et al., 2024); quasi-experiments, such
as exploiting exogenous variation in gas prices across areas and recording the willingness to
queue longer for a lower price (Deacon and Sonstelie, 1985; Wolff, 2014); or field experiments,
such as experimentally manipulating bundles of waiting times and prices offered to users of
ride-sharing apps (Goldszmidt et al., 2020).°

Overcoming issues such as hypotheticality, studies relying on revealed preferences are often
considered the gold standard to value intangibles, including time. These studies generally rely
on the assumption that people act rationally and with perfect foresight. While this assumption

has desirable analytical properties, it also has three problems.

4A smaller set of studies look at treatment or waiting time during medical care (cf. Cauley, 1987; Borisova
and Goodman, 2002), others at consumer behaviour (e.g. search time for products) (cf. Crafton, 1979).
5Besides studies estimating the VOT, there is an established literature on the determinants and consequences
of time use, looking at, amongst others, education and income (Hamermesh and Lee, 2007; Gronau and
Hamermesh, 2008), work and sleep (Biddle and Hamermesh, 1990; Hamermesh et al., 2008; Hamermesh and
Stancanelli, 2015), household composition (Buddelmeyer et al., 2018), or regulation (Kawaguchi et al., 2013).
5See Appendix Table A14 for a review of the literature, including VOT estimates by method.



First, research has shown that the framing of options influences choices, e.g. whether
options are presented as a gain or a loss, like “time saved” or “time lost” (Kahneman and
Tversky, 1979; Tversky and Kahneman, 1981; Kahneman and Tversky, 1984). Likewise, cog-
nitive biases in intertemporal choice (e.g. present bias) are likely to also bias how individuals
value time itself (Thaler, 1981; Loewenstein and Prelec, 1992; Laibson, 1997). Second, there is
a large body of evidence on prediction errors in economics (Loewenstein et al., 2003; Loewen-
stein and Adler, 2005) and psychology (Wilson and Gilbert, 2003), showing that individuals
make systematic errors when predicting the welfare consequences of particular choices and
events (cf. Odermatt and Stutzer, 2019). Third, and most important, what constitutes a par-
ticular time use is subjective, and the context in which an activity is experienced is key. For
example, time spent commuting with a loved one may be experienced differently than time
spent commuting alone, or may not be perceived as commuting at all (Kim and Zauberman,
2013; Xu et al., 2020).” As boundaries between different types of time use (especially labour
and leisure) are becoming increasingly blurry (Hamermesh and Polachek, 2023), accounting
for such subjectivity is important.

We propose a new method to value time: ezperiential valuation, based on experience
sampling. It does not rely on how options are presented to individuals, nor does it require them
to predict the welfare consequences of different options. Instead, it looks at their momentary
feelings once they have made their choices.® Most importantly, it allows individuals to judge
for themselves what constitutes a particular use of their time and how they feel about it.
In Section 6, we discuss in more detail the differences between our method and existing
approaches, including relative advantages and disadvantages.

The idea behind experience sampling (a term coined by psychologists) can be traced
back as far as the early economist Francis Y. Edgeworth (1845-1926). Edgeworth argued
that new technical developments would eventually make it possible to develop a hedonime-
ter, which would allow economists to directly measure utility on a physiological basis. An

early behavioural economist, he envisioned the hedonimeter as a “psychophysical machine,

"Georges-Knot et al. (2024), exploiting quasi-random variation in the number and timing of paid vacation
days in France, show that the self-employed are more likely to take a day off when they can spend that day with
their spouse, revealing a higher value of leisure time when spent together. Similarly, Randriamaro and Cook
(2022), in a lab experiment eliciting monetary compensations for waiting 30 minutes in an empty room, show
that compensations vary substantially depending on whether participants have access to a radio or smartphone.
Metcalfe et al. (2019) exploit the timing of the soccer World Cup as an exogenous variation in the value of
leisure time for students to study its impact on high-stakes exams.

80ur argument is in line with Kahneman et al. (1997), who make the distinction between decision utility
(as measured by both stated and revealed preferences) and experienced utility (which we measure here).



continually registering the height of pleasure experienced by an individual, exactly according
to the verdict of consciousness, or rather diverging therefrom according to a law of errors”
(Edgeworth, 1881, p. 101).

Our method builds on Edgeworth’s hedonimeter, with three differences: while Edgeworth’s
vision was to directly measure utility, we do not require our measure of hedonic experiences
— whether an individual feels happy — to be equal to utility. For our purpose, it is sufficient
that individuals care about their hedonic experiences, and that they are correlated with
latent utility and not merely noise. Fortunately, there is now sufficient evidence from choice
experiments and vignette studies suggesting that individuals care a great deal about how
happy they are, in general and on a moment-to-moment basis (Benjamin et al., 2012; Adler
et al., 2017, 2022), and that their happiness predicts their choices and behaviours in a wide
range of domains (De Neve and Oswald, 2012; Oswald et al., 2015; Liberini et al., 2017,
Ward, 2020; Kaiser and Oswald, 2022).” The other two differences are practical: we collect
data using self-reports, in discrete time.

Compared to existing methods using accounts of overall life satisfaction for non-market
valuation (cf. Levinson, 2012), our method differs in important ways. First, we exploit people’s
hedonic experiences in the moment, as opposed to their global, cognitive evaluations of life
overall. This allows us to capture detailed aspects of people’s lives which may otherwise
not be detectable in global life satisfaction survey data. Second, hedonic experiences more
closely approximate the theoretical notion of flow utility, while cognitive evaluations have been
criticised for not capturing any theoretical notion of temporal utility (neither flow, forward-
looking, or lifetime utility) (Benjamin et al., 2023, 2024). Our method also differs from the
day-reconstruction method by Kahneman et al. (2004) and conventional time use surveys
in that it collects data on hedonic experiences in real-time, rather than asking about them
retrospectively using diaries, which is subject to cognitive memory biases.'’

Our hedonimeter is a smartphone app that asked a panel of 30,928 individuals UK-wide

during the years 2010 to 2016 (N = 2,234, 753) at random moments (i) how happy they felt

9Edgeworth himself suggested ‘happiness’ as the quantity measured by his hedonimeter, being fully aware
of its imperfections. Like many early economists, he was pragmatic, arguing that the “greater uncertainty
of hedonimetry [...] may be compensated by the greater number of measurements, a wider average; just as,
according to the theory of probabilities, greater accuracy may be attained by more numerous observations with
a less perfect instrument” (Edgeworth, 1881, p. 102).

ORelative to time use surveys, experience sampling may be more subject to reactivity, in that the very act
of asking respondents about their momentary feelings may affect these. We expect this to be a minor issue for
us, though, as respondents in our sample are asked repeatedly and the novelty of being asked is likely to wear
off after a while.



in that particular moment, (ii) where they were, (i7i) whom they were with, and (iv) what
they were doing just now. In addition, their location was recorded using GPS. The app was
released in a public app store and achieved UK-wide participation. We use these rich panel
data to estimate the VOT for 42 daily activities.

Exploiting the randomised timing of surveys for identification, we first estimate the effect
of each activity on respondents’ happiness. We then calculate the marginal rate of substi-
tution between each activity and income to obtain the income equivalent of each activity,
standardising the duration to one hour. Finally, we retrieve the VOT for each activity by
subtracting from its income equivalent the time use-weighted average income equivalent of
all the other activities (as counterfactual). Hence, the VOT for each activity is the mone-
tary value of spending one hour in that activity as opposed to doing something else. Our
models look at within-individual variation, controlling for other activities respondents may
be engaged in at the same time (multi-tasking), where they currently are, whom they are
with, meteorological conditions, and region and time fixed effects. Our results are robust
to excluding any of these controls and to further checks regarding potential selection into
activities and their reporting as well as out-of-sample selection. Our sample compares well
to nationally representative household as well as nationally representative time use data in
the UK, suggesting high external validity. Importantly, despite its specific nature, our data
generating process offers precisely the variation needed to estimate the VOT using hedonic
experiences in real-time. It thus adheres to List (2020)’s litmus test for external validity.'’
To our knowledge, no other can achieve that level of relevance to our study.

Figure 1 presents our findings, ordered from the highest to the lowest VOT.

Figure 1 about here‘

Amongst others, we arrive at a VOT of £—12 ($ — 15) per hour of commuting and £—24
($ — 31) per hour of waiting during commuting (e.g. due to congestion).'?> The negative
sign suggests that there is an opportunity cost to spending time in this activity and that
individuals would be better off doing something else. Spending one hour providing care or

help for adults is worth £—18 ($ — 23), and one hour being sick in bed as much as £—65

"That is, it is exceedingly difficult, if not impossible, to find a better empirical setup than ours with
available data to test our method. Moreover, while a better setup is theoretically possible, it may be difficult
to implement due to logistical constraints.

12A11 $ figures are converted from £ using an exchange rate of £1 = $1.27, current on January 31, 2024.



(3 —82). Our VOT of £-12 ($ — 15) per hour of work, in absolute terms, is 75% of the
UK median hourly wage in 2023, which is £16 ($20) (ONS, 2023). In contrast, spending one
hour doing sports or exercise is worth £17 ($21), one hour at a theatre, dance, or concert £16
($20), and one hour in an exhibition, museum, or library £11 ($14). We later show that there
is substantial heterogeneity by gender and income. Our results have wide policy relevance,
across domains.'?

Our VOT of £-12 ($ — 15) per hour of commuting — in absolute terms — is similar in
magnitude to Goldszmidt et al. (2020), who in natural field experiments manipulate bundles
of waiting times and prices offered to users of the Lyft ride-sharing app, estimating a VOT' of
$19 in the US in 2020. This suggests that hedonic experiences in real-time may yield similar
(though not identical) results as observed behaviour. Our estimate is also similar in magnitude

to values currently used by UK Government'*

as well as values used in the Netherlands and
Sweden.'®

We contribute to the literature that estimates the VOT — a cornerstone of economics —
which has previously relied exclusively on stated or revealed preferences (Deacon and Son-
stelie, 1985; Calfee and Winston, 1998; Lam and Small, 2001; Small et al., 2005; Fezzi et al.,
2014; Wolff, 2014; Buchholz et al., 2020; Goldszmidt et al., 2020). Our paper adds a new
method. It also allows us to go beyond existing studies that typically have a narrow focus on
transportation, or studies that look at broad categories such as “labour” or “leisure”. In fact,
our unique data, which reflect the richness of people’s lives, allow us to estimate the VOT
for 42 daily activities, including their interactions (multi-tasking). Our sample is also much
broader, covering a wider range of individuals than studies relying on smaller-scale experi-

ments or specific groups such as ride-share users. With more than 2.2 million data points,

our study has greater power than most previous ones. In a statistical sense, this substantially

BFor example, in the UK, the Department for Transport (DIT) and National Highways are interested in the
VOT for commuting and for reducing congestion as potential per-commuter hourly benefits when appraising
transport projects. The Department for Culture, Media & Sport (DCMS), Sport England, Historic England,
and the Arts Council are interested in the VOT for spending time on culture (e.g. in theatres or museums)
or on doing sports in their social value models to apply for central government funding. The Department for
Health & Social Care (DHSC) is interested in the VOT for providing (formal or informal) care to adults or to
children, the Department for Work & Pensions (DWP) in the VOT for working under different conditions, and
the Department for Environment, Food & Rural Affairs (DEFRA) in the VOT for spending time in nature or
urban green spaces.

14The UK Department for Transport (DIT) uses a value of time during commuting (when private, which
includes all trips to and from work during non-work time) of £13 ($16), as well as a separate employer’s business
value of time during commuting (which includes all business trips) of £10 ($13) for trips by car and of £9 ($11)
for trips by rail (DfT, 2022, 2023).

'5The Netherlands value one hour of commuting at £9.6 ($12.2) (Kouwenhoven et al., 2023), Sweden between
£9.3 ($11.8) and £15.5 ($19.7) (Borjesson and Eliasson, 2014).



increases the probability that the declaration of a finding, made upon reaching statistical
significance, is actually true, the so-called post-study probability (Maniadis et al., 2014).'6
Our paper also contributes to the literature in economics that uses accounts of overall life
satisfaction — sometimes referred to as experienced preferences (Welsch and Ferreira, 2014) —
for non-market valuation (van Praag and Baarsma, 2005; Luechinger, 2009; Luechinger and
Raschky, 2009; Maddison and Rehdanz, 2011; Levinson, 2012; Krekel and Zerrahn, 2017; von
Mollendorff and Welsch, 2017; Dolan et al., 2019; Krekel et al., 2021, 2024; Oparina, E. (r)
C. Krekel (r) S. Srisuma (1), 2024; Krekel, C. and Goebel, J. and Rehdanz, K., 2025). We
demonstrate that hedonic experiences in real-time can be used as an alternative, in partic-
ular for goods and services that are too granular to be captured by overall life satisfaction
survey data. When it comes to hedonic pricing, hedonic experiences may be an alternative in
cases where no complementary markets exist. This can help statistical agencies paint a more

complete picture of social value and progress in national accounts.

2 Data

We use panel data collected via a smartphone app called Mappiness.'” The app was de-
veloped for Apple’s iPhone and was distributed via its App Store from 2010 onwards, at
no charge.'® Developed at the London School of Economics, it gained UK-wide popularity
thanks to widespread media coverage.'” As a result, a broader range of individuals selected
into using the app compared to other, typically much smaller experience-sampling studies
(mostly in psychology). The app was described to users as a “research project” that “maps
happiness across space in the UK”, offering users “interesting information about their own

2

happiness [...]”, including “when, where and with whom they are happiest”. They could use
the app for as long as they wished. Appendix Figures Al to A4 show screenshots of the app.
Overall, our sample includes 30, 928 unique respondents and a total of 2, 234, 753 responses,

covering the entire UK (England, Wales, Scotland, and Northern Ireland) over the course of

16In fact, an ez-post power calculation suggests that our false negative rate converges to zero. For a low
prior, i.e. a share of true associations between dependent and independent variables of, say, 10%, this almost
doubles the post-study probability, from 31% at a conventional false error rate of 0.2 to 69% in our case. Or,
put differently, it is almost akin to changing an initial prior held from low (10% of true associations) to high
(80%). See Maniadis et al. (2014) for a more detailed discussion.

"http://www.mappiness.org.uk

®The app was downloadable from August 6, 2010, until February 4, 2017.

9For example, the app was highlighted in the Featured section of the App Store for two weeks after its
launch. It also featured on television (BBC and CNN), radio, and in the mainstream press, and was shared
widely on social media, including Facebook and Twitter.


http://www.mappiness.org.uk

seven years, from 2010 to 2016.?° The median days of participation (defined as days elapsed
between intake and last experience-sampling survey) are 52, with a mean of 143 and a standard
deviation of 467. The median number of responses to our experience-sampling surveys is 31,
with a mean of 72 and a standard deviation of 162. The bottom quartile includes less than

11 responses, the top quartile up to 654.

2.1 Intake Survey

After downloading the app, participants (who had to be aged 18+) were first presented with
information about the study, which covered anonymity as well as secure data transfer and
storage, and gave their consent to take part. They were then given an intake survey within the
app, which asked about individual (age, gender, marital status, health, employment status,
and overall life satisfaction) and household characteristics (household income and number of
adults and children in the household). This survey was completed only once, prior to and on
a different occasion than any collection of data on momentary feelings and activities, so as
not to prime respondents.?’ The sign-up process typically took fewer than five minutes.

Appendix Table Al shows summary statistics based on the intake survey. On average,
respondents are 33 years old (standard deviation of 10), equally likely to be male or female,
80% likely to be in a relationship (though only 32% are married and living with their spouse,
29% including children), and most consider themselves to be in good (32%) or very good health
(42%), some even in excellent health (14%). About 80% are employed or self-employed, 12%
in full-time education, and 3% unemployed, with a median annual gross household income
of £48,000 ($60,960), or £28,000 ($35,560) when equivalised to account for household size
and composition. About a quarter of respondents are from London, with the others broadly
balanced across the remaining regions of the UK.

In Section 5.7, we check our estimation sample for external validity, by comparing our
intake survey with the nationally-representative UK Household Longitudinal Study (“Under-

standing Society”). As we will see, it scores high in terms of generalisability.

20The app also collected data in 2017 and 2018. We exclude these years as they only constitute 0.8% of
observations, but including them makes no difference to our results. We restrict our sample to UK residents,
who are the vast majority, though the app was downloadable worldwide.

21Surveys were conducted in compliance with the London School of Economics research ethics policy.



2.2 Experience-Sampling Survey

After completing the intake survey, the app started operating: participants were messaged
at random moments (the default being twice a day between 8am and 10pm) and asked to
complete a short experience-sampling survey.”> Appendix Figure A5 plots the distribution
of responses by time of day in our estimation sample, showing that the bulk was recorded
between 8am and 10pm.

This randomly-recurring survey asked participants about, in the following order to avoid
priming: (i) how happy they felt in that particular moment; (i) where they were (i.e. place
and location, single choices which could be exclusively at home, at work, or elsewhere and
indoors, outdoors, or in a vehicle); (iii) whom they were with (i.e. companionship, a multiple
choice which could include partners, children, other family members, colleagues or classmates,
friends, other people they know, or strangers or themselves only); and (vi) what they were
doing just now (i.e. 42 daily activities, also multiple choice to account for potential multi-
tasking).?® That is, participants could always select multiple activities from the same list of
42 daily activities on the same screen. The exact timestamp of the response was also recorded,
and so was the precise location using GPS. Survey completion was incentivised by providing
users with frequent, simple, and personalised feedback on their happiness in different contexts.
When setting up the app, participants were instructed to complete each survey as soon as
possible upon receipt for this feedback to be as exact as possible. Each survey typically took
no longer than 30 seconds.

We restrict our sample to responses initiated within 60 minutes of being randomly mes-
saged and completed within a further five minutes.?* Appendix Figure A6 plots the cumulative
probability of responding by response lag (defined as minutes elapsed between random mes-
sage and initial response, i.e. opening the app) in our estimation sample. The bottom half

responded with a lag of three minutes, the bottom quartile even within 21 seconds. We discuss

2ZParticipants could choose between 1, 2, 3, 4, or 5 messages per day and could specify daily start and
end times to the nearest fifteen minutes. Notifications were similar to text messages in terms of sound and
vibration.

23The full list of activities was inspired by both the American Time Use Survey (ATUS) and the UK Time
Use Survey (UKTUS), but simpler than either. The order of items was thematically grouped (to reduce order
effects) and intentionally not randomised, to make it easier to complete each survey quickly. Regarding place,
if respondents were working from home, they were prompted to select at home. If they were driving a vehicle,
or otherwise unable to answer safely, they were prompted to complete the survey as soon as they safely could.

24A cut-off of 60 minutes is chosen so that responses more accurately reflect a probability sample of the
moments in a respondent’s life. A cut-off of five minutes is chosen so that hedonic experiences remain temporally
matched to activities, companionship, and place and location. Our results are robust to lifting these restrictions
(Section 5.2).
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potential selection into activities and their reporting in Section 3.2.

Appendix Table A2 shows summary statistics based on our experience-sampling survey.
On average, respondents spend large amounts of time on work and related activities: 25% of
responses come from working or studying, compared to 9% from commuting or travelling. An
additional 11% come from communicating with others or searching for information, including
writing e-mails, text messaging, using social media, or browsing the internet. However, re-
spondents also spend large chunks of time on leisure: 18% of responses come from watching
television or movies alone, another 20% from eating or relaxing in one form or another. Note
that response shares add up to 1.7, suggesting that respondents are, on average, engaged in
1.7 activities at the same time (multi-tasking).

In Section 5.7, we again check our estimation sample for external validity, by compar-
ing our experience-sampling survey with the nationally-representative UK Time Use Survey
(UKTUS). As we will see, it also scores high in terms of generalisability.

Our outcome is feeling happy, which is obtained from a slider asking: “Do you feel happy?”.
Answers range continuously (limited only by the pixel resolution of the device) from zero (“Not
at all”) to 100 (“Extremely”), the initial position being the midpoint. The median happiness
in our estimation sample is 68, with a mean of 66 and a standard deviation of 21). Appendix
Figure A7 plots the distribution of our outcome in our estimation sample.?> Our variables of
interest are the 42 daily activities for which we aim to estimate the VOT. We use a binary
indicator for each activity. For waiting or queueing, for example, the indicator is one if a
respondent selected “Waiting, queueing” when asked: “Just now, what were you doing?”,

and zero otherwise.?0

2.3 Weather Data

Weather may be a confounder that influences both happiness and the likelihood to engage in
certain activities. We thus merge our data with administrative data on meteorological con-
ditions from the UK Meteorological Office Integrated Data Archive System (MIDAS) (Met
Office, 2006a,b). These include air temperature in degrees centigrade, wind speed in knots,

precipitation as a binary indicator for any rain during the hour ending closest to the response

?5In Section 5.6, we check our results for robustness regarding low fidelity, by excluding responses at the
midpoint and at the extreme ends. As we will see, our point estimates remain very similar.

26The Online Appendix includes links to the description of the app in Apple’s App Store, to the consent
form, and to both the intake and experience-sampling surveys.
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time, cloud cover and sunshine as indicators for any cloud cover and for sunshine (no sun,
intermittent sun, and continuous sun), and daylight as a binary indicator for daylight. Exploit-
ing the exact geographical coordinates and timestamps of responses, we link each response to
the meteorological conditions reported by the nearest weather station at the nearest available

date and time.

3 Empirical Strategy

3.1 Estimation

We estimate the VOT for 42 daily activities. Our model is:

Yir = a + 0" Ay + B1Cit + By Pi + By Lt + B4 M o
7ty tha + tdw + t + by U+ 6y
where y;; is the happiness of respondent ¢ at time t. A;; is a vector of k dummies each of
which is one if the respondent reports activity & when randomly messaged by the app, and
zero otherwise. It ranges from activity k = 1 (waiting or queueing) to activity k = 42 (doing
other things than the other 41 activities that can be reported). Recall that respondents
can choose several activities at the same time (multi-tasking) (e.g. a respondent may be
waiting or queueing whilst commuting or travelling or whilst at a theatre, dance, or concert,
which may result in different hedonic experiences). Cj, Pit, Lit, and M;; are vectors of time-
varying controls.?” Cj; includes dummies for the companionship the respondent may be in
(e.g. colleagues or classmates), Py for the place (e.g. at work), and Ly for the location (e.g.
indoors). Finally, M; includes controls for meteorological conditions. See Section 2 for a
detailed description of these variables.
We also include fixed effects. In particular, r are region fixed effects at the Middle Layer
Super Output Area (MSOA) level that net out systematic differences in time-invariant unob-

served heterogeneity across areas where GPS indicates respondents are located when respond-

2"We cannot control for individual and household characteristics as the intake survey was completed only
once, so these characteristics would be collinear with the individual fixed effects. However, we expect any
confounding from changes in these characteristics to be minor, since the median days of participation were 37.
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ing. There are 8,925 such areas in our estimation sample.”® Moreover, t, are holiday-season,
tpq hour-of-day, tg, day-of-week, t,, month, and t, year fixed effects that net out differ-
ences across time. Finally, u; are individual fixed effects that net out systematic differences
in time-invariant unobserved heterogeneity at the respondent level, e.g. baseline levels of
happiness due to, for example, socio-economic background (cf. Clark et al., 2018) or genetic
determinants (cf. Tellegen et al., 1988; Rietveld et al., 2013; Okbay et al., 2016); potential
between-individual variation in reporting styles; or preferences related to time (cf. Ifcher and
Zarghamee, 2011; Lerner et al., 2012; Haushofer and Fehr, 2014) or the consumption of certain
activities (cf. Hamermesh, 2019). Our model is estimated using OLS, with robust standard
errors clustered two-way at the region and respondent levels.

We are interested in d: it is the within-individual change in happiness associated with
becoming engaged in activity k in A — A;, with £ = {1,2,3,...42} — holding everything else
constant. We are also interested in the response share si: it is the share of responses reported

to be in activity £ amongst all responses.

3.2 Identification

The app has a simple, non-predictable built-in randomisation algorithm.?” Figure 2 illustrates
the algorithm for three experience-sampling surveys per day between 8am and 10pm. The
randomised timing of surveys aims to ensure that responses accurately reflect a probability
sample of the moments in a respondent’s life and, conversely, that respondents do not select
into surveys based on their current circumstances.

Our identification exploits this randomised timing of surveys. In particular, when a re-
spondent was messaged is random and hence orthogonal to the start and end time of each
activity, allowing us to catch the respondent at the start, end, and any time in-between with
equal probability. Moreover, it is orthogonal to the happiness of the respondent. Finally, it
is orthogonal to other activities the respondent may be engaged in at the same time and the

current circumstances in which these take place. Some activities and contexts, however, may

28MSOASs capture between 2,000 and 6,000 households and have a resident population between 5,000 and
15,000 individuals (ONS, 2021).

29The algorithm has four steps: first, it allocates three blocks of equal duration between the daily start and
end time. Second, it allocates a buffer at the end of each block (of 0.25x the block’s duration) to avoid having
two consecutive experience-sampling surveys too closely spaced in time. Third, it picks a random moment
within each block, avoiding the block’s buffer. Finally, it moves each randomly picked moment forward by the
same duration, randomly chosen to be between zero and the block’s full duration (including buffer), wrapping
from the end of the day to its start, to reduce predictability while ensuring a uniform probability sample.
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be systematically more likely to occur together and, at the same time, may be correlated with
happiness, potentially biasing the point estimate &, and response share s, of activity k.5’ We
thus routinely condition on time-varying controls and fixed effects. Our identifying assump-
tion is that selection into activity k£ and its reporting R(k) = si (where R(.) is the response
function) is quasi-random, conditional on controlling for the other activities the respondent
may be engaged in at the same time A;; j, companionship Cj, place Py and location L,
meteorological conditions M., region r and time fixed effects T = {ts, tha, taw, tm, ty}, and

individual fixed effects u;.

Selection Into Activities. We look at coefficient stability and potential selection on un-
observables in Section 5.1, by selectively excluding other activities A;; j+r, companionship
Ci, place P;; and location L;;, meteorological conditions M;;, region r and time fixed effects
T = {ts,thd, taw, tm, ty} from Equation 1. As we will see, our point estimates remain stable.
We also follow Oster (2019) and estimate the degree of selection on unobservables relative to
selection on observables for each of our 42 daily activities. We find that potential selection
on unobservables and resulting omitted variable bias are of minor concern. Additionally con-
trolling for lagged happiness to reduce concern about residual endogeneity leaves our point
estimates largely unchanged.

We routinely control for individual fixed effects u; to net out systematic differences in
baseline levels of happiness (e.g. due to socio-economic background) as well as time-invariant
preferences related to the consumption of certain activities across individuals. Note that
respondents have the option to select two residual activities if none of the offered fits their
current: something else and, if they wish to report a customised activity, a free text box.
A residual category also exists for location: elsewhere. Unobservable activities and locations

should, in principle, be captured by these.

Selection Into Reporting. We look at coefficients by response lag (minutes elapsed be-
tween random message and initial response) in Section 5.2, by re-estimating Equation 1 sep-
arately for each quartile of the response lag distribution. Note that the bottom half of the

response lag distribution responded within three minutes. As we will see, our point estimates

30For example, when it comes to activity k = 1 (waiting or queueing), people who have a chronic illness
may be permanently unhappier and, at the same time, may be systematically more likely to be waiting at the
doctor’s office. Similarly, people may be more likely to be waiting during commuting, which may make them
temporarily unhappier.
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are remarkably robust. Recall that we restrict our estimation sample to responses initiated
within 60 minutes of being randomly messaged and completed within a further five minutes.
Lifting these restrictions leaves our estimates unchanged too. The fact that our coefficients do
not depend on response lag suggests that potential selection into the reporting of activities,
or alternatively, selection into their non-reporting, is unlikely.

In Section 5.7, we use normalised differences in means to show that respondents in our
experience-sampling survey report similar time use — in terms of frequency when it comes to
the 42 daily activities sampled — as respondents in the nationally-representative UK Time Use
Survey (UKTUS). This is supporting evidence that selection into reporting is unlikely.

We routinely control for individual fixed effects w; to net out systematic differences in
time-invariant reporting styles across individuals. Note that our experience-sampling survey
and the UKTUS ask respondents about their feelings in fundamentally different ways: our
survey asks about their feelings prospectively, in real-time, whereas the UKTUS asks about
them retrospectively, typically at the end of the day. The similarity in time use between both
surveys despite the temporal difference in when feelings are recorded is further supporting
evidence that the reporting of activities is unlikely to be confounded by how respondents are

feeling when engaged in them.

Out-of-Sample Selection. We look at attrition in Section 5.3, by predicting dropping out
of our estimation sample from momentary happiness y;:, activities A;;, companionship Ci,
place Py, and location L;;. As we will see, none of these variables is a systematic predictor of

out-of-sample selection.

3.3 Valuing Time

We calculate the VOT for each activity k, which we denote as VOTy: it is the monetary value
of spending one hour in activity k£ as opposed to doing something else. Here, doing something
else is the counterfactual: it is the average monetary value of all the other activities j # k,
weighted by their relative frequencies.?! By using a weighted average of all the other activities,

we assume that observed selection into these other activities constitutes a valid counterfactual,

3'We standardise the VOT for each activity to one hour for comparability with the literature. When
standardising to one hour, we implicitly assume a linear relationship between the hedonic experiences of
activities and their durations (or, alternatively, that the hedonic experiences of activities are independent of
their durations, which is a stronger assumption).
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which is a conservative approach as we do not make any assumptions about how individuals
may distribute their time across activities other than what we observe in our data. Note that,
due to random messaging during each episode, our calculated VOT should be interpreted as
the average VOT'. For VOTy—q, for example, it is the monetary value of a randomly chosen
hour of waiting or queueing on average amongst individuals in our estimation sample. We
discuss the difference between the average and the marginal VOT in Section 6, where we
contrast our method and existing approaches.

To obtain VOTy, we first calculate the marginal rate of substitution M RS}y between
activity k and income to arrive at the income equivalent of the activity. We then subtract from
that income equivalent the average income equivalent of all the other activities j # k, weighted
by their response shares s;. We evaluate M RS}, at the average annual gross household income
in the UK in 2016 (the last year of our observation period), scaled to £/hour. Equation 2

shows this calculation:

42
VOT, = (MRS, — ZMRS]- X s;) x Incomey i
J.;}C
J
P P (2)
aAy“ 42 Yit
. itk it,j )
= (78% Z —og X sj) x Incomey g
dIncome; j=1 OdIncome;
Jj#k

where 0y/0A; 1, is the coefficient for activity k, dj, obtained from Equation 1; Oy/0Income; is
the coefficient for log annual gross household income, 0.9, obtained from an auxiliary regression
discussed next; dy/0A; j are the coefficients for all the other activities j # k, likewise obtained
from Equation 1; s and s; are the respective response shares; and Incomeyk is the average
annual gross household income in the UK in 2016, which was £19, 727 ($25,053) (ONS, 2020),
scaled to £/hour.*” A coefficient for log income of 0.9 and an average income of £19,727
($25,053) imply that one point of happiness on a zero-to-100 scale for one individual for one

hour is worth £2.5 ($3.2).%

32Note that activities are, at the time of reporting, duration-less. This is an advantage: respondents are not
required to recall exactly how long they have been engaged in each activity nor how long they will continue to
be engaged in it, which is less susceptible to bias compared to the day-reconstruction method by Kahneman
et al. (2004) and conventional time use surveys using diaries. Yet, to calculate VOT}, we need to lend 0y/0 Atk
a temporal dimension. We do this by scaling to £/hour.

BeX = ((£19,727/365)/24)/0.9
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3.4 Income

Our coefficient for log annual gross household income comes from an auxiliary regression
using our own data. In particular, we regress happiness on log annual gross household income,
equivalised, from all sources using the same model as in Equation 1, with two exceptions: first,
we control for an additional set of time-invariant individual and household characteristics (age,
marital status, health, and whether there are children in the household). Second, we exclude
individual fixed effects. This is because respondents are asked about income only once (in
the intake survey, before being asking about their momentary feelings and activities, to avoid
priming).

While our method is purposely flexible as to the choice of the income coefficient (for exam-
ple, different countries have different coefficients), we show in robustness checks in Section 5.4
that our coefficient of 0.9 for the UK is robust to different definitions of income (equivalised
or non-equivalised household income) and different specifications, including whether or not
we are controlling for potential time-invariant (individual and household characteristics) and
time-varying confounders (momentary activities, companionship, place, location, and mete-
orological conditions) at the individual level as well as region and time fixed effects. It is
also robust to different estimations, and in particular, whether we are using pooled OLS or a
filtered individual fixed-effects model (Pesharan and Zhou, 2016) to additionally account for
potential time-invariant unobserved heterogeneity at the individual level (including potential
cross-personal variation in reporting styles). We also follow Oster (2019) and estimate the
degree of selection on unobservables relative to selection on observables, which suggests that
potential unobservables and resulting omitted variable bias are of little concern. In terms of
external validity, we show that our coefficient is similar in terms of magnitude to the only

directly comparable study to ours when it comes to data and methods (Killingsworth, 2021).

4 Results

Table 1 shows our estimates from Equation 1, with activities ordered in the way they are
presented to respondents. We find that activity k = 1 (waiting or queueing) has a significant,
strong negative effect on happiness: it decreases happiness measured on a zero-to-100 scale

by 3.6 points.Two percent of responses come from this activity.
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Table 1 about here

Looking at the 41 other daily activities, waiting or queueing turns out to be the third least
enjoyable: only when sick in bed (—18.4) or engaged in care or help for adults (—3.9) are
people less happy. Less than five percent of responses come from these activities. It is
followed by commuting or travelling (—1.9), working or studying (—1.6), and admin, finances,
or organising (—1.3), which have some of the highest response shares, in particular working
or studying (25%) and commuting or travelling (9%). The most enjoyable activities, on the
contrary, are intimacy (+12.7), sports, running, or exercise (+6.7), and theatre, dance, or
concert (+6.6). Moderately enjoyable activities include watching TV or movies (+2.3, 18%)
and talking, chatting, or socialising (+4.2, 15%). Activities are generally enjoyed more when
outdoors, somewhere other than at home or at work, and in the company of partners or

friends.

4.1 The Value of Time

We calculate that spending one hour in activity k = 1 (waiting or queueing) as opposed to
doing something else is worth £—13 ($ —17), or £—17 ($ —22) in 2023 prices.** The negative
sign suggests that there is an opportunity cost to waiting or queueing and that respondents
would be better off doing something else. In particular, a respondent who is made to wait
or queue for one hour would need to be given £17 ($22), on average, to compensate for the
resulting reduction in happiness.

Table 2 shows the results for the 41 other daily activities, calculated in the same way as

in Equation 2. We also provide 95% confidence intervals around each VOT'.

’Table 2 about here

When it comes to enjoyable activities, we find that spending one hour in sports, running,
exercise as opposed to doing something else is worth £17 ($21) in 2023 prices, one hour at a
theatre, dance, concert £16 ($20), and one hour in an exhibition, museum, library £11 ($14).
On the contrary, spending one hour working or studying or commuting or travelling is both

worth £—12 ($ — 15), spending one hour to provide care or help for adults £—18 ($ — 23),

34We adjusted for inflation as follows: VOT 2023 = VOT 2016 x (GDP Deflator 2023 / GDP Deflator
2016) x (GDP Per Capita 2023 / GDP Per Capita 2016)**. GDP deflator growth comes from the UK’s Office
for National Statistics (ONS) Series MNF2, real GDP per capita growth from Series IHXW, and 1.3 is the
marginal utility of income elasticity (HM Treasury, 2021b).
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and one hour sick in bed as much as £—-65 ($ — 82). Again, the negative signs suggest that
there is an opportunity cost to these activities and that respondents would be better off doing
something else. They would need to be compensated by these amounts to achieve the same
level of happiness as if they were not engaged in these activities.*” Given the large number
of observations, in most cases, the 95% confidence intervals are closely spaced around each
VOT. In Section 6, we compare our VOT estimates with those in the literature as well as

those currently used by governments.

4.2 Interactions (Multi-Tasking)

If individuals engage in more than one activity at the same time, we refer to this as an
interaction of activities (or, more colloquially, multi-tasking). In fact, in our sample, indi-
viduals engage in, on average, 1.7 activities at the same time, suggesting that multi-tasking
is prevalent. Our method is flexible and can be used to calculate the VOT for all possible
(combinations of) activities and their contexts.

To illustrate, we look at the interaction between activity k = 1 (waiting or queueing) and
activity k = 2 (commuting or travelling), which we denote as VOTj,—1 2, in order to estimate
the VOT for potential time savings from reducing congestion during commuting. We find
that spending one hour waiting or queueing during commuting or travelling as opposed to
doing something else is worth £—24 ($ — 31), which is a larger negative effect than either
activity on its own (a “superadditivity” property).*® In other words, there is an opportunity
cost premium to waiting during commuting (e.g. due to congestion).

To obtain VOTj— 2, we first re-estimate Equation 1 including an interaction between

Ajr k=1 and Ay p—o:

Yit = a4 61 2(Ait k=1 X Ait jmo) + 6" Aiy + B1Cit + By Piy + B3Lit + By My

+r+ts+tha +lagw ttm 1y +ui + €5

We then calculate VOTj—1 2 in a similar way as in Equation 2:

35Individuals may form expectations regarding certain activities, and depending on activity, reference-
dependent preferences suggest that individuals may then be less positively or negatively affected by that
activity (K&szegi and Rabin, 2006). Unfortunately, our data and method do not allow us to capture expec-
tations. We discuss expectations as well as anticipation and memory in more detail in Section 6. Note that
individuals may engage in mitigating behaviours to avoid certain activities, if expected.

36Table 2: £-17 ($ — 22) per hour of waiting, £—12 ($ — 15) per hour of commuting
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Table 3 shows the results for the 41 other daily activities.

Table 3 about here

Interestingly, we find that waiting or queueing makes any of the 41 other daily activities less
enjoyable, the exception being sick in bed. In particular, waiting during enjoyable activities
makes these less enjoyable, and waiting during non-enjoyable activities makes these even less
enjoyable. Accordingly, a respondent who is made to wait or queue for one hour in any of
these activities would need to be compensated for the resulting reduction in happiness, for
non-enjoyable activities over and beyond the standard rate. From a welfare perspective, there
is an economic rationale for reducing idle time. Note that, while we are looking at interactions
between two activities here (a “two-way” interaction), our method can interact an arbitrary
number of activities and their contexts, and so enable researchers and policy-makers to study

multi-tasking in a completely new way.

4.3 Heterogeneity

Beyond averages, we can also look at heterogeneity. We expect heterogeneity to exist as
different people face different (time) constraints in their daily lives, which should be reflected in
the relative values of activities. Persistent gender gaps in paid and unpaid work, for example,
are well-documented 77, and we would expect to see them using our method too. We thus
look at VOT heterogeneity in gender, household income (lowest and highest quartile), time
of day (morning, afternoon, and evening), and day of week (weekday and weekend), for each
activity separately as well as for multi-tasking, using the interaction between activity k& = 1
(waiting or queueing) and activity k = 2 (commuting or travelling) as an illustration. To do
so, we run the same regressions as in Equations 1 and 3 and conduct the same calculations as
in Equations 2 and 4, using sub-samples split by group. Note that coefficients for activities dj

and associated response shares s; are now group-specific. Tables 4a and 4b show our results.
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’Tables 4a and 4b about here

We find substantial VOT' heterogeneity, in particular by gender and household income, in
line with the notion that different individuals may face different time crunches in their daily
lives. More specifically, women suffer more than men from waiting or queueing in general, and
so do low-income compared to high-income households. When commuting or travelling, and
even more so when subject to congestion or delays (waiting or queueing during commuting or
travelling), we find that women and low-income households again suffer (substantially) more.
Accordingly, they would need to be compensated relatively more for the resulting reduction
in happiness. When it comes to time of day or day of week, there is more disutility from
commuting and from congestion or delays on evenings and on weekends.

Apart from these, Tables 4a and 4b show similar heterogeneity for many other activities.
For example, women suffer more from providing care or help for other adults than men. This
welfare loss due to the burden of care, including gender differentials, mirrors the results in
an established literature in public and health economics on the shadow price of (informal)
care (cf. van den Berg and Ferrer-i Carbonell, 2007; van den Berg et al., 2014; McDonald
and Powdthavee, 2024). Women also enjoy childcare less than men, hence require different
compensatory payments. This highlights the importance of using VOT' estimates specific to
target groups in welfare analyses. Note that our method can provide many more heterogeneous
estimates, depending only on researchers’ and policy-makers’ interests and willingness to

collect respective group identifiers in our intake survey.

5 Robustness

Our VOT depends on (i) our estimate of the effect of being engaged in an activity on happiness
when randomly messaged by the app and (i) our estimate of the effect of income on happiness.
In what follows, we demonstrate the robustness of each. We also look at estimation, showing
that a potential estimation issue with happiness data (Bond and Lang (2019)’s critique) is
unlikely to be an issue in our setting, as well as at respondent fidelity and alertness. Finally, we
demonstrate that our intake and experience-sampling surveys score high in terms of external

validity.
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5.1 Selection on Unobservables

We first look at our estimate of the effect of being engaged in an activity on happiness, using
activity k = 1 (waiting or queueing) as an illustration. In particular, we test the stability of
drx—1 in Equation 1, by first estimating a parsimonious model that includes only individual fixed
effects and then successively adding more controls, in order to elicit the extent of potential
selection on unobservables.

Appendix Table A3 shows our results. Column 1 includes only individual fixed effects u;,
whereas Column 2 adds region r and time fixed effects T' = {t, thd, tgw, tm, ty} and Column 3
time-varying controls, including the other activities the respondent may be engaged in at the
same time A;; +, companionship Cj, place P;; and location L;;, and meteorological conditions
M;t. As seen, 0p—1 remains stable, being bound between —3.1 in our model without time-
varying controls (Column 2) and —3.6 in our full model (Column 3). It varies by less than
14%. Recall that respondents have the option to select two residual activities and one residual
location if none of the offered fits their current. Unobservable activities and locations should
be captured by these.

Implicit in our argument about coefficient stability is that coefficient movements are in-
formative about the extent of potential selection on unobservables. However, this is only the
case if observables are correlated with unobservables. Oster (2019) argues that both coef-
ficient and R Squared movements should be taken into account to make more meaningful
statements about selection. In particular, Oster (2019) develops a bounding argument to

make statements based on two parameters: the maximum attainable R Squared (R2?,,,

) and

the degree of selection on unobservables relative to selection on observables (vy), which we are

2

2 2 = 1.3 x R? (as per the author’s suggestion based on

interested in here. Assuming that R
published RCTs in economics), we obtain yx—1 = —90.3 for activity & = 1 (waiting or queue-
ing). Oster (2019) considers an absolute value of 7 = 1 a sensible threshold, as observables
should, in theory, be at least as important as unobservables (which is why researchers are
collecting data on observables in the first place). This implies that selection on unobservables
must be substantially more important than selection on observables to seriously bias dx—1,
specifically 90 times more important than the other activities the respondent may be engaged

in at the same time A;; 1, companionship Cj, place P;; and location L;;, meteorological con-

ditions M;;, region r and time fixed effects T' = {ts, tpa, taw, tm, ty }, and individual fixed effects
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u;. This is rather unlikely, suggesting that potential selection on unobservables and resulting
omitted variable bias are of minor concern. Appendix Table A4 shows ~; for the remaining
41 activities. As seen, for most activities, selection on unobservables must be more important
than selection on observables, in varying degrees, except for working or studying, being in a
meeting, seminar, or class, and smoking, where unobservables seem to play a somewhat larger
role.

Appendix Table A5 re-estimates our full model in Equation 1 by additionally controlling
for happiness as a lagged dependent variable to reduce concern about residual endogeneity,
and in particular, that happier individuals may be more likely to select into certain activities.
As seen, this leaves our estimates largely unchanged in terms of statistical significance, sign,
and size. Recall that we routinely control for individual fixed effects to net out systematic
differences in baseline levels of happiness as well as time-invariant preferences related to the

consumption of certain activities across individuals.

5.2 Selection Into Reporting

We next look at selection into reporting, by testing whether our coefficients depend on response
lag. To do so, we re-estimate Equation 1 separately for each quartile of the response lag
distribution (minutes elapsed between random message and initial response). Recall that
the bottom half responded with a lag of three minutes, the bottom quartile even within 21
seconds. As an additional check, we lift our sample restriction from (a) responses initiated
within 60 minutes of being randomly messaged and completed within a further five minutes
to (b) no such restriction. This effectively increases our estimation sample from about 2.2 to
about 3.1 million observations.

Appendix Table A6 shows our results. As seen, our point estimates are remarkably robust
in terms of statistical significance, sign, and size: although they are not numerically the same
across quartiles of the response lag distribution, they are quantitatively very similar. Lifting
our sample restriction on response lags and survey completion times leaves our estimates
unchanged too. The fact that our coefficients do not depend on response lag suggests that
potential selection into the reporting of activities, or alternatively, selection into their non-

reporting, is unlikely.?”

3TUnfortunately, there exists no direct test for non-response by activity, and in particular, non-ignorable non-
response, because the data do not allow us to differentiate whether a missing is a non-response or a genuine
non-engagement in an activity.
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5.3 Out-of-Sample Selection

We test for out-of-sample selection by re-estimating Equation 1 with dropping out as the
dependent variable whilst additionally controlling for momentary happiness. Here, dropping
out is a binary indicator which is one if the next random experience-sampling survey is the
last for a respondent, and zero otherwise. We thus estimate a linear probability model.
Appendix Table A7 shows our results. As seen, neither momentary happiness nor any of
the time varying activities A;;, companionship Cy, place Py, and location L; is a system-
atic predictor of out-of-sample selection. Attrition is empirically unrelated (random) to our

outcome and variables of interest.

5.4 Income

Next, we look at our estimate of the effect of income on happiness. Our coefficient for log
annual gross household income comes from an auxiliary regression of happiness on income
using our own data in a cross-section (as respondents are asked about income only once, in
the intake survey, to avoid priming), while controlling for potential time-invariant (individual
and household characteristics) and time-varying confounders (momentary activities, compan-
ionship, place, location, and meteorological conditions) at the individual level as well as region
and time fixed effects. We obtain an income coefficient of around 0.9. Note that, while hap-
piness is self-reported and subjective, it is not a source of endogeneity in our setting as it is
the dependent variable.

To demonstrate the robustness of our income coefficient, and in particular, reduce concern
about potential confounders, we first test its stability, by estimating a parsimonious model that
includes no controls and then successively adding more controls, thereby eliciting the extent of
potential selection on unobservables. We then use, instead of a pooled OLS model, a filtered
individual fixed-effects model (Pesharan and Zhou, 2016), which exploits the longitudinal
dimension of our data and estimates individual fixed effects alongside time-invariant controls
in a two-step procedure (Pesharan and Zhou, 2016). In doing so, we additionally account for
potential time-invariant unobserved heterogeneity at the individual level (including potential
cross-personal variation in reporting styles). We also show that our income coefficient is robust
to different definitions of household income (equivalised or non-equivalised). Finally, we show

that our income coefficient is similar in terms of magnitude to the only directly comparable
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study to ours when it comes to data and methods (Killingsworth, 2021).

Appendix Table A8 shows our first set of results. Column 1 includes no controls, whereas
Columns 2 to 4 successively add region r and time fixed effects T = {t,thd, taw, tm,ty}
(Column 2); time-varying controls, including momentary activities A;;, companionship Cj,
place P;; and location L;;, and meteorological conditions M;; (Column 3); and time-invariant
controls, including individual and household characteristics (age, marital status, health, and
whether there are children in the household) (Column 4). Column 5 then replaces equivalised
with non-equivalised household income. Finally, Column 6 additionally accounts for potential
time-invariant unobserved heterogeneity at the individual level using our filtered individual
fixed-effects model. As seen, our income coefficient remains stable, being bound between
1.4 and 0.9, with 0.9 for equivalised income in our full model (Column 4) as our preferred
coefficient. Note that it makes little difference whether we use equivalised or non-equivalised
household income.?®

As with our estimates of the effect of being engaged in an activity, we follow Oster (2019)
and estimate the degree of selection on unobservables relative to selection on observables in
our full model (Column 4). Assuming that R2,,, = 1.3 x R? (as per the author’s suggestion),
we obtain v = 59.2. This suggests that, to seriously bias our income coefficient, selection on
unobservables must be 59 times more important than our time-varying confounders (momen-
tary activities A;;, companionship Cj, place Py, location Lj;, and meteorological conditions
M;;) at the individual level; region r and time fixed effects T = {ts, thq, taw, tm,ty}; and
individual fixed effects w;. This is rather unlikely.

Appendix Table A9 compares our coefficients (equivalised in Columns la and 1b as well
as non-equivalised in Columns 2a and 2b) with coefficients from the literature.?” To our
knowledge, the only directly comparable study to ours when it comes to data and methods

is Killingsworth (2021): like us, the author conducts an experience-sampling study (“Track

Your Happiness”), this time in the US, reporting a raw correlation between happiness and

380ur measure of annual gross household income is provided in bands. We take the midpoint of each of the
twelve bands and equivalise the resulting household income using the standard OECD formula, by dividing it
by (1 for the first adult + 0.5 for each subsequent adult 4+ 0.3 for each child in the household).

39While several studies attempt to estimate the effect of income on overall life satisfaction (a global, evaluative
measure of wellbeing) (Stevenson et al., 2008; Kahneman and Deaton, 2010; Sacks et al., 2010; Clark et al.,
2018; De Neve et al., 2018; Lindqvist et al., 2020), few to none estimate the effect of income on happiness (a
momentary, experiential measure) due to a lack of data. Kahneman and Deaton (2010) compare effects between
life satisfaction and happiness, but their measure of happiness is captured retrospectively by surveys, asking
respondents to reflect on their happiness on the previous day, which may not constitute a genuine momentary
experience.
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log annual gross household income from all sources of 1.1 in a restricted sample of employed,
working-age US adults with a minimum annual income of $10,000 (Column 3a), reducing to
0.7 when controlling for age, gender, marital status, and education (Column 3b). The raw
correlation for an unrestricted sample is 0.9 (Column 4a) (a partial correlation for that sample
is not reported).”’ The only directly comparable study to ours, therefore, points towards a
coefficient for income that is similar in terms of magnitude to ours.

While our income coefficient is reasonably robust and interpretable, we cannot formally
exclude all potential confounders. We discuss its limitations in Section 6, where we are also

making suggestions on how to improve its estimation in the future.

5.5 Estimation

So far, we have used a linear model. Bond and Lang (2019), who look at dependent variables
of wellbeing with a limited number of response categories (e.g. zero-to-ten Likert scales),
show that results from ordered models, which typically focus on mean levels of wellbeing in
different groups, may be reversed.

This is unlikely to be an issue in our setting, as our dependent variable ranges continuously
(limited only by the pixel resolution of the smartphone) from zero to 100. Nevertheless, we
follow Bloem and Oswald (2021) and conduct a Dichotomous-Around-the-Median (DAM)
test, using activity k = 1 (waiting or queueing) as an illustration. In particular, the test
uses information only on direction within ordered data and deliberately discards potentially
unreliable statistical information. It requires us to dichotomise our dependent variable such
that it is one for responses above the median, and zero otherwise; to standardise it (to a
mean of zero and a standard deviation of one, i.e. a z-score); and to re-estimate Equation 1
using this modified dependent variable. The coefficients are then compared to those from our
original model (using our original dependent variable, likewise standardised). Appendix Table
A10 shows that di—; remains stable in terms of statistical significance, size, and importantly,

sign.*!

“OWhile Killingsworth (2021)’s measure of household income is similar to ours (it has slightly more bands
to capture high-income individuals), the measure of happiness is different. In particular, it asks respondents:
“How do you feel right now?”, with answers ranging from “Very bad” to “Very good”.

4!This remains the case if we dichotomise and standardise not globally but per individual (results available
upon request).
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5.6 Fidelity and Alertness

As Appendix Figure A7 shows, there is some bunching in the distribution of our outcome —
whether a respondent feels happy — at the central point (50 out of 100 points, i.e. the initial
position on the continuous slider) and at the extreme ends (zero and 100 points). This could
be suggestive of low fidelity of responses in some situations.

To check the robustness of our results to low fidelity, in Appendix Table A11 Column 2, we
exclude responses at the central point and at the extreme ends. As seen, our point estimates
remain very similar.

We also sampled another outcome — whether a respondent feels awake — using a similar
slider asking: “Do you feel awake?”. Answers range again continuously (limited only by
the pixel resolution of the device) from zero (“Not at all”) to 100 (“Extremely”), the initial
position being the midpoint. In Appendix Table A1l Column 3, we exclude responses in
which respondents report to be sleepy, defined as below the median level of feeling awake.
As seen, our point estimates remain broadly similar (except for sleeping, resting, or relaxing,
which is perhaps not surprising), though we also observe some minor heterogeneity here. The
height of pleasure or displeasure experienced in different activities may depend on the state

of alertness (or conscious awareness) individuals are in when engaging in them.

5.7 External Validity

Despite its specific nature, our data generating process offers precisely the variation we need
to estimate the VOT using hedonic experiences in real-time. It thus adheres to (List, 2020)’s
litmus test for external validity, in that it is exceedingly difficult, if not outright impossible,
to find a better empirical setup than ours with available data to test our method. Moreover,
while a better setup may be possible in theory, it may be difficult to implement in practice due
to logistical constraints. Our data generating process has, therefore, important uniqueness.
How does the resulting sample compare to the UK general population?

We check our sample for external validity, or generalisability, by comparing the individual
and household characteristics of respondents in our intake survey with those of respondents in
the nationally representative UK Household Longitudinal Study (“Understanding Society”),
and the activities of respondents in our experience-sampling survey with those of respondents

in the nationally representative UK Time Use Survey (UKTUS). For each comparison, we
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generate variables in the external data that are defined as similarly as possible to ours, and
then calculate scale-free normalised differences in means.*” To maximise comparability, we
restrict Understanding Society to Wave 2 (the years 2010 to 2011, when most respondents
selected into our sample) and use cross-sectional weights to achieve representativeness. The
UKTUS is available for the years 2014 and 2015 only. Taken together, both visual inspection
and normalised differences suggest that our sample scores high in terms of external validity.

Appendix Table A12 shows means and standard deviations for individual and household
characteristics by sample as well as normalised differences in means between them. As seen,
only few normalised differences exceed 0.25, which Imbens and Wooldridge (2009) suggest as a
threshold above which variables can be considered unbalanced between two samples. Perhaps
unsurprisingly, respondents in our sample tend to be somewhat younger and so less likely to
be married and more likely to be employed compared to the UK general population. They
look, however, relatively similar when it comes to gender, self-assessed health, annual gross
household income, and household composition, including the number of adults and children in
the household. They also look relatively similar with respect to their geographical distribution
across the UK.

Similarly, Appendix Table A13a shows means and standard deviations for activities on
weekdays (Monday to Friday) by sample as well as normalised differences in means between
them. Appendix Table A13b shows the same for weekends (Saturday and Sunday) and holi-
days.*® Here, none of the normalised differences exceed 0.25.

In sum, while respondents in our sample tend to be somewhat younger and so less likely
to be married and more likely to be employed compared to the UK general population, they
look relatively similar when it comes to individual and household characteristics as well as
geographical distribution across the UK. Importantly, they report similar time use when it

comes to the frequency of the 42 daily activities sampled.

42Contrary to simple differences, normalised differences are independent of sample size, and hence more
informative about the degree of variable imbalance, if any, between large samples (Imbens and Rubin, 2015).
The normalised difference is calculated as Az = (7 — @.)/+/ (0% + 02), where 7; and 7. is the sample mean
of variable z in the first and second group, respectively. o2 denotes the respective variance (Imbens and
Wooldridge, 2009; Imbens and Rubin, 2015).

43We differentiate weekdays from weekends as the UKTUS oversamples weekends.
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6 Discussion and Conclusion

We propose a new method to value time: experiential valuation, based on experience sampling.
While we are the first to value time (or indeed anything else) using hedonic experiences in
real-time, the idea behind this approach is old, going back all the way to the early economist
Francis Y. Edgeworth.

Inspired by him, we used a smartphone app that surveyed a panel of 30,928 individuals
UK-wide over seven years (N = 2,234,753) at random moments about their happiness and
activities. Exploiting the randomised timing of surveys for identification, we estimated the
VOT for 42 daily activities, by calculating the marginal rates of substitution between activities
and income and then subtracting from each activity’s income equivalent the time use-weighted
average income equivalent of all the other activities (as counterfactual). Our models looked at
within-individual variation, controlling for other activities respondents may be engaged in at
the same time (multi-tasking), where they currently are, whom they are with, meteorological
conditions, and region and time fixed effects.

We arrived at a VOT of £—-12 ($ — 15) per hour of commuting and £—24 ($ — 31) per
hour of waiting during commuting (e.g. due to congestion). These figures can be used in cost-
benefit analyses to quantify the benefits of investments into infrastructure. INRIX (2019b),
for example, estimate the costs of being stuck in traffic for 115 hours per year to the av-
erage road user in the UK to be £1,168 ($1,483). Using our VOT of £-24 ($ — 31) per
hour, we estimate these costs to be £2,760 ($3,505), suggesting that such investments may
be more beneficial than previously thought. We also documented substantial heterogeneity
in our VOT estimates, for example that low-income households would benefit disproportion-
ally, highlighting the importance of using VOT estimates specific to target groups in welfare
analyses.

The Department for Transport (DfT) uses a VOT for commuting of £13 ($16) during
private time and £10 ($13) for trips by car and £9 ($11) for trips by rail during business time
in the UK (DfT, 2022, 2023). Comparing our VOT of £—-12 ($ — 15) per hour of commuting
— in absolute terms — with theirs, independent research commissioned by the DfT shows
that they are similar in magnitude when creating a single, distance-weighted mean of their
VOT estimates (DfT, 2024). In the Netherlands, the VOT for commuting is £9.6 ($12.2)
(Kouwenhoven et al., 2023). In Sweden, it ranges between £9.3 ($11.8) and £15.5 ($19.7)
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(Borjesson and Eliasson, 2014). Our VOT is also similar in magnitude to Goldszmidt et al.
(2020), who in natural field experiments with users of the Lyft ride-sharing app estimated a
VOT of $19 in the US in 2020. This suggests not only a high face validity of our VOT estimates
but also that hedonic experiences in real-time may yield similar (though not identical) results
as observed behaviour.

Our method can be used as an alternative to accounts of overall life satisfaction for non-
market valuation, an approach that has become accepted in the literature and in policy.**
While they can, in principle, be applied to all goods and services, hedonic experiences in
real-time may be particularly useful for valuing goods and services that are too granular to
be captured by overall life satisfaction survey data, such as infrequent time spent in various
activities (e.g. culture or sports) or places (e.g. nature or urban green spaces), but that are
nevertheless of policy interest as they provide social value. Using our method, spending one
hour at a theatre, dance, or concert can be valued at 16 ($20), one hour in an exhibition,
museum, or library at £11 ($14), and one hour doing sports or exercise at £17 ($21). The
same is true for important household production tasks, such as providing care or help for
other adults (£—18, $ — 23) or children (£4, $5). This can help statistical agencies paint a
more complete picture of social value in national accounts. When it comes to hedonic pricing,
hedonic experiences may be an alternative in cases where no complementary markets exist.

Our method overcomes cognitive biases inherent in both stated and revealed preferences.
Most importantly, though, it allows individuals to judge for themselves what constitutes a
particular use of their time and how they feel about it, a feature that is becoming increasingly
important as boundaries between different types of time use (especially labour and leisure)
are becoming increasingly blurry (Hamermesh and Polachek, 2023). Nevertheless, our method
also has several limitations.

When it comes to internal validity, we are not able to formally claim causality, which
would require an exogenous source of variation. In fact, to estimate the VOT for 42 daily
activities, we would have to set up 42 (quasi-)experiments with potentially 42 activity-specific

exogenous sources of variation — a daunting task. At the same time, focusing on one activity

““For example, HM Treasury in the UK allows the use of a Wellbeing- Year (WELLBY) as a measure of
benefit in cost-benefit analyses, defined as one point of life satisfaction on a zero-to-ten Likert scale for one
individual for one year (Frijters et al., 2020; Frijters and Krekel, 2021; Frijters et al., 2024). It is valued
at £15,258 ($19,378) (in 2023 prices) (HM Treasury, 2021b,a). As an alternative, one could think of an
experiential measure, e.g. a Wellbeing-Hour, which can be defined as one point of happiness in real-time on a
zero-t0-100 scale for one individual for one hour. As discussed in Section 3.3, it can be valued at £2.5 ($3.2).
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only may help with causality but may come at the cost of generalisability. The randomised
timing of our surveys, however, aims to ensure that respondents do not select into surveys
based on their current circumstances. In fact, our coefficients remain stable regardless of
whether or not we are controlling for potential time-varying confounders (other momentary
activities, companionship, place, location, and meteorological conditions) at the individual
level as well as region and time fixed effects. Following Oster (2019), we find that potential
unobservables and resulting omitted variable bias are of little concern. Note that neither
stated nor revealed preferences have an inherent advantage over our method when it comes
to establishing causality.

Our estimate of the effect of income on happiness faces a similar challenge. Although
our income coefficient is robust to different definitions, specifications, and estimations, as
well as an Oster (2019) analysis, we are not able to formally claim causality. In the future,
experience-sampling studies could measure income repeatedly (for example, once a year) and
ask respondents about surprise changes in income and their sources. Although self-reported,
this may help establish a causal relationship between happiness and income. However, the
fact that we measure income only once, in the intake survey, also reduces certain issues, for
example potential adaptation to changes in income over time.

Conceptually, individuals may derive pleasure or displeasure from anticipating or remem-
bering certain activities. Similarly, individuals may adapt to activities once they have been
doing them for a while or have done them repeatedly. Both could also depend on whether
individuals form expectations regarding activities, and depending on these, could mean that
they are more or less affected by them. For example, people may commute to a music festival
and may be looking forward to it with joy (and some expectation). On the way back home,
they may be looking back to it with serenity. This is different to a daily commute to or
from work. Our calculated VOT for commuting is an average across all commutes in our
sample, measuring momentary feelings on average, with equal probability to capture these at
the start, end, or any time in-between during an episode.*> While implicit in the average, our
method does not offer a straightforward way to explicitly account for anticipation, memory, or
adaptation. Notwithstanding issues of self-reporting, stated preferences (though not revealed)

may have an advantage here. To our knowledge, anticipation, memory, and adaptation are

“5This is again in line with Kahneman et al. (1997), who differentiate between remembered utility (which we
cannot capture) and instant utility (which we aim to proxy here).
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rarely considered in the literature and so far have only played a minor, if any, role in policy.

Some activities (such as working or studying, which are experienced as displeasure) may
be best understood as investments into the future, so that momentary feelings — while impor-
tant to capture contemporaneous welfare — may only insufficiently capture the lifetime welfare
implications of such activities. Similarly, some activities (such as commuting) may be seen as
inputs into others. To be clear, our method does not aim to solve an intertemporal welfare
maximisation problem but “only” to estimate the contemporaneous welfare associated with
daily activities (just like existing approaches). It does not aim to impose an input-output
structure on activities either. If anything, our calculated VOT's for working and studying are
in line with standard economic theory which, likewise, models labour and effort (from study-
ing) as negatives for contemporaneous utility (but in which individuals engage nevertheless
as they expect it to be offset by future utility).

Feelings of happiness may not be the only relevant emotion for valuing an activity. For
example, people may also care about feelings of anxiety or purpose (Bernheim et al., 2025).
Empirical evidence comparing different measures of wellbeing (including happiness, anxiety,
and purpose), however, suggests that people themselves rate happiness as a uniquely impor-
tant objective in their lives (cf. Adler et al., 2017).

Finally, due to the randomised timing of our surveys, our calculated VOT should be
interpreted as the average VOT (the monetary value of a randomly chosen hour of an activity
on average amongst individuals in our sample) as opposed to the marginal VOT (the monetary
value of an additional hour of an activity). Whereas the average VOT represents a single,
constant value applied uniformly across all units of time regardless of how much time has
already been spent, the marginal VOT represents the value of the next incremental unit of
time, which may differ based on the amount of time already spent (typically, it is decreasing,
though this may differ by activity). For the average and the marginal VOT to coincide,
there needs to be a linear relationship between the hedonic experiences of activities and their
durations (or, alternatively, the hedonic experiences of activities need to be independent of
their durations, which is a stronger assumption).*® For some activities, this may be true and

for others not — a promising area for future research. Note that both VOT's are estimated

46Take commuting, for example: the average VOT is worth the same amount for each hour spent (i.e. £12,
cf. Table 2). Using the marginal VOT, the first 20 minutes may be worth £4, the next 20 minutes £2, and the
last 20 minutes £0. Here, the average coincides with the marginal VOT, as the former is a weighted average
of the latter. However, they would not coincide if the last 20 minutes were worth, say, £10. In this case, the
average would be less than the marginal VOT.
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in the economics literature but have different uses in policy. Take investments into transport
infrastructure, for example: whereas the average VOT is typically used to appraise the total
benefits of large projects (such as building a bridge), and so is part of official transport
appraisal guidelines in the UK and the US, the marginal VOT is typically used to decide
whether to save an additional unit of time in specific scenarios (such as steering traffic across
a bridge via dynamic congestion charging). A similar logic applies to all the other activities,
where the average VOT deals with the question as to whether one should engage in an activity
(conditional on what one could be doing otherwise) and the marginal VOT deals with the
question as to whether one should continue to be engaged in an activity (once one is already
engaged in it). While our method is best suited to estimate the average VOT, stated, and in
particular, revealed preferences may be more suitable to estimate the marginal VOT.

When it comes to external validity, respondents in our sample tend to be younger (and
potentially more tech-savvy) than the UK general population. However, other individual
and household characteristics in our intake survey compare well with those in nationally
representative household data, and activities in our experience-sampling sample compare well
with those in nationally representative time use data in the UK, which suggests that external
validity is high. While our sample is certainly unique, it passes List (2020)’s litmus test for
external validity. Note that, again, neither stated nor revealed preferences have an inherent
advantage over our method when it comes to generalisability. We encourage researchers and
policy-makers to apply our method in representative samples in other countries.

Measuring people’s hedonic experiences in real-time gives us a rich and so far largely
unexplored source of data, and using experiential valuation may help us put a price tag on
most activities in people’s lives, and so make them relevant for policy. It has the potential to

value other intangibles too, such as time spent in certain places.
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Figure 2: Smartphone App — Randomisation Algorithm

a) Allocate blocks of equal duration

8am noon 4pm 8pm

b) Allocate buffers at block ends (duration: 0.25 = block duration)

¢) Pick a random moment within each block, avoiding buffers

I 0 [
|
Z

X Y

d) Move each moment forward by the same period,
randomized between 0 and the block duration, wrapping from
the end of the day to the start

i
Y
— ——

e) Result

8am noon 4pm 8pm
| ||
| |

Notes: The algorithm has four steps: first, it allocates three blocks of equal duration between the daily start and end time. Second,
it allocates a buffer at the end of each block (of 0.25x the block’s duration) to avoid having two consecutive experience-sampling
surveys too closely spaced in time. Third, it picks a random moment within each block, avoiding the block’s buffer. Finally, it moves
each randomly picked moment forward by the same duration, randomly chosen to be between zero and the block’s full duration
(including buffer), wrapping from the end of the day to its start, to reduce predictability while ensuring a uniform probability sample.
Sources: Mappiness app, own illustration.
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Table 1: Regression Results

Happy (0-100)

k  Activity (Ait k) Coefficient Standard Error Response Share s,
1 Waiting, Queueing -3.617HF* (0.14) 2.32%
2 Commuting, Travelling -1.86%** (0.10) 8.99%
3 Working, Studying -1.61%** (0.08) 24.98%
4 In Meeting, Seminar, Class 0.30%** (0.11) 2.83%
5 Cooking, Preparing Food 2.24%*% (0.08) 4.32%
6 Housework, Chores, DIY -0.53%** (0.08) 5.19%
7 Shopping, Running Errands 0.71%** (0.09) 3.01%
8 Admin, Finances, Organising 1.2k (0.12) 3.92%
9 Childcare, Playing With Children 2.TTH** (0.14) 4.45%
10 Petcare, Playing With Pets 3.20%H* (0.17) 1.88%
11 Care or Help for Adults -3.85%** (0.62) 0.54%
12 Sleeping, Resting, Relaxing 0.93%** (0.07) 9.86%
13 Sick in Bed 118.36%%* (0.29) 1.53%
14 Meditating, Religious Activities 3.95%k* (0.37) 0.31%
15 Washing, Dressing, Grooming 2.01%** (0.08) 3.68%
16 Talking, Chatting, Socialising 4. 178 (0.07) 14.93%
17 Intimacy, Making Love 12.66%** (0.26) 0.56%
18 Eating, Snacking 2.01%%* (0.06) 9.82%
19 Drinking Tea or Coffee 1.38%** (0.06) 6.42%
20 Drinking Alcohol 3.61%* (0.09) 5.08%
21 Smoking 0.45%* (0.18) 1.32%
22 Texting, E-Mail, Social Media 0.92%#* (0.08) 5.62%
23 Browsing the Internet 0.78%#* (0.08) 5.13%
24 Watching TV, Film 2.28%** (0.06) 18.00%
25 Listening to Music 3.28%%* (0.09) 6.27%
26 Listening to Speech or Podcast 1.75%%* (0.12) 2.09%
27 Reading 1.93%%+ (0.12) 3.30%
28 Theatre, Dance, Concert 6.55%H* (0.25) 0.33%
29 Exhibition, Museum, Library 5. 17HH* (0.25) 0.23%
30 Match, Sporting Event 2.37HH* (0.27) 0.60%
31 Walking, Hiking 2.40%** (0.14) 1.48%
32 Sports, Running, Exercise 6.72%%* (0.15) 1.25%
33 Gardening, Allotment 4847 (0.24) 0.31%
34 Birdwatching, Nature Watching 4.56%** (0.33) 0.16%
35 Computer Games, Smart Phone Games 2.59%%* (0.11) 2.82%
36 Hunting, Fishing 3.58%** (0.98) 0.02%
37 Other Games, Puzzles 2.70*** (0.21) 0.40%
38 Gambling, Betting 1.60%* (0.64) 0.07%
39 Hobbies, Arts, Crafts 5.14%** (0.21) 1.03%
40 Singing, Performing 6.00%** (0.28) 0.40%
41 Something Else -1.54%** (0.17) 1.28%
42 Other -3.59%%* (0.51) 3.13%

Company (Ciy)

Spouse, Partner, Girlfriend, or Boyfriend 3.68%** (0.09)

Children 0.45%** (0.12)

Other Family Members 0.84%#* (0.08)

Colleagues, Classmates -0.22%* (0.10)

Clients, Customers 1. 11 (0.23)

Friends 4.14%%* (0.08)

Other People You Know -0.56%+* (0.13)
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Table 1 Continued

Place (Py)

At Work Reference Category
At Home 2.79*** (0.09)
Elsewhere 0.18%* (0.10)

Location (L;;)

Indoors Reference Category
Outdoors 1.45%%* (0.07)
In Vehicle =243 (0.11)

Meteorological Controls (M;;)

Air Temperature Yes
Wind Speed Yes
Precipitation Yes
Cloud Cover Yes
Sunshine Yes
Daylight Yes

Spatial Controls (r)

Region Fixed Effects Yes

Temporal Controls (t)

Holiday-Season Fixed Effects Yes
Hour-of-Day Fixed Effects Yes
Day-of-Week Fixed Effects Yes
Month Fixed Effects Yes
Year Fixed Effects Yes
Individual Fixed Effects Yes
Constant Yes
Number of Individuals 30,928
Number of Observations 2,234,753
Adjusted R Squared 0.44
Adjusted R Squared Within 0.11
F-Test 190.45

Robust standard errors clustered two-way at the region and respondent levels. *** p < 0.01, ** p < 0.05, * p < 0.1

Notes: Individual fixed-effects regression of momentary happiness on momentary 42 activities (which can be multiple
due to multitasking), 7 types of companionship (which can also be multiple), 3 types of places, 3 types of locations,
and current meteorological conditions. We also include spatial and temporal controls, i.e. 8,925 regional fixed effects
at the Middle Layer Super Output Area (MSOA) level and holiday-season, hour-of-day, day-of-week, month, and
year fixed effects. See Equation 1 for the model. See Section 2 for a description of the data.

Source: Mappiness data, 2010 to 2016, own calculations.
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Figure Al: Smartphone App — User Interface

a1 vodafone UK 2@  14:50 =)

MapplNess  Settings

Thank you for taking part

y

20 87% Immediate

Number of Response Typical
responses rate response time

many is good  high is good short is good

( My happiness > 1

Llnfo & help )J

How do you feel?

Sources: Mappiness app, screenshot.
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Figure A2: Smartphone App — Experience-Sampling Survey

ui..vodafone UK 2@  14:46 )

Cancel Feelings

Do you feel... ?

Not at all Happy Extremely
7\

L 1 | J
Not at all Relaxed Extremely
7\

L 1 | J
7/

Not at all Awake Extremely
7\

L 1 | J
7/

Next >

Sources: Mappiness app, screenshot.
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Figure A3: Smartphone App — Personalised Feedback

ui.vodafone UK 2@  14:47 =)

mappiness My ha ppl ness

How has my happiness
varied over time?

This chart plots your reported feelings in
sequence.

m Happy m Relaxed = Awake

0.84
0.66

0.48

0.3

Jul 24 Jul

- a vW - u L .

Sources: Mappiness app, screenshot.



Figure A4: Smartphone App — Settings

ui_vodafone UK 2 14:48 =
Settings Save
Beeps per day 3 >
Don't beep before 08:15 >
Don't beep after 22:45 >

These are UK times

Beep sound Doorbell >

Sources: Mappiness app, screenshot.
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Figure A5: Experience-Sampling Survey — Distribution of Responses by Time of Day

Number of messages
40000 60000 80000
1 1 1

20000
1

0
]

T T T T T T T 1
4 6 8 10 12 14 16 18 20 22 24

Hour of day

All sent — — — Responded in < 15 mins
Responded in< 1 hr

Notes: The figure shows the distribution of responses to our experience-sampling survey in our estimation sample by time of day.
Participants were messaged at random moments to answer this survey. They could choose between 1, 2, 3, 4, or 5 messages per
day and specify daily start and end times to the nearest fifteen minutes (the default being twice a day between 8am and 10pm).
Notifications were similar to text messages in terms of sound and vibration.

Sources: Mappiness data, 2010 to 2016, own calculations.
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Figure A6: Experience-Sampling Survey — Cumulative Probability of Response by Response Lag

Cumulative probability

0 20 40 60
Response lag (minutes)

Notes: The figure shows the cumulative probability of responding to our experience-sampling survey by response lag (defined as
minutes elapsed between random message and initial response, i.e. opening the app) in our estimation sample.
Sources: Mappiness data, 2010 to 2016, own calculations.
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Figure A7: Experience-Sampling Survey — Distribution of Outcome

I -

Density
.02

0 20 40 60 80 100
Happiness

Notes: The figure shows the distribution of our outcome — whether an individual feels happy — in our estimation sample. It is
obtained from a slider asking: “Do you feel happy?”. Answers range continuously (limited only by the pixel resolution of the device)
from zero (“Not at all”) to 100 (“Extremely”), the initial position being the midpoint.

Sources: Mappiness data, 2010 to 2016, own calculations.
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Table A1l: Summary Statistics — Intake Survey

Mean SD Minimum Maximum N
Age
... 18to 24 0.21 0.41 0 1 30,928
... 25t0 34 0.41 0.49 0 1 30,928
... 35to 44 0.25 0.43 0 1 30,928
... 45 to 54 0.10 0.30 0 1 30,928
... b5 to 64 0.03 0.17 0 1 30,928
. 65 to 74 <0.00 0.06 0 1 30,928
... 75 or Over <0.00 0.02 0 1 30,928
Gender
. Male 0.51 0.50 0 1 30,928
. Female 0.49 0.50 0 1 30,928
Relationship Status
. Not in Relationship 0.20 0.40 0 1 30,928
. In Relationship 0.80 0.40 0 1 30,928
Marital Status
. Never Married 0.60 0.49 0 1 30,928
. Married and Living With Spouse 0.32 0.47 0 1 30,928
. Married but Separated 0.03 0.16 0 1 30,928
. Divorced 0.05 0.21 0 1 30,928
... Widowed <0.00 0.06 0 1 30,928
Self-Assessed Health
. Excellent Health 0.14 0.35 0 1 30,928
. Very Good Health 0.42 0.49 0 1 30,928
. Good Health 0.32 0.47 0 1 30,928
. Fair Health 0.09 0.29 0 1 30,928
. Poor Health 0.02 0.13 0 1 30,928
Employment Status
.. In Full-Time Education 0.12 0.32 0 1 30,928
.. Employed or Self-Employed 0.80 0.40 0 1 30,928
... Unemployed and Looking 0.03 0.16 0 1 30,928
. Long-Term Sick or Disabled 0.01 0.10 0 1 30,928
... Looking After Family or Home 0.02 0.15 0 1 30,928
. Retired 0.01 0.09 0 1 30,928
... Other 0.01 0.12 0 1 30,928
Annual Gross Household Income
... Under £8,000 0.06 0.23 0 1 30,928
... £8,000 to £11,999 0.03 0.17 0 1 30,928
... £12,000 to £15,999 0.04 0.20 0 1 30,928
... £16,000 to £19,999 0.04 0.21 0 1 30,928
... £20,000 to £23,999 0.06 0.23 0 1 30,928
... £24,000 to £31,999 0.11 0.31 0 1 30,928
... £32,000 to £39,999 0.11 0.32 0 1 30,928
... £40,000 to £55,999 0.19 0.39 0 1 30,928
... £56,000 to £71,999 0.14 0.35 0 1 30,928
. £72,000 to £95,999 0.10 0.30 0 1 30,928
... £96,000 or More 0.12 0.32 0 1 30,928
Number of Adults in Household
o1 0.20 0.40 0 1 30,928
b2 0.55 0.50 0 1 30,928
.3 0.13 0.34 0 1 30,928
. 4 or More 0.12 0.32 0 1 30,928
Number of Children in Household
. None 0.71 0.45 0 1 30,928
.1 0.13 0.34 0 1 30,928
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Table A1 Continued

Mean SD Minimum Maximum N

el 2 0.11 0.32 0 1 30,928
.3 0.03 0.17 0 1 30,928
. 4 or More 0.01 0.09 0 1 30,928
Region
... North East 0.03 0.17 0 1 30,928
... North West 0.08 0.27 0 1 30,928
... Yorkshire and the Humber 0.06 0.23 0 1 30,928
... East Midlands 0.05 0.22 0 1 30,928
... West Midlands 0.06 0.23 0 1 30,928
... East of England 0.07 0.26 0 1 30,928
... London 0.24 0.43 0 1 30,928
... South East 0.15 0.35 0 1 30,928
... South West 0.07 0.26 0 1 30,928
... Northern Ireland 0.01 0.11 0 1 30,928
... Scotland 0.06 0.23 0 1 30,928
... Wales 0.03 0.18 0 1 30,928
. Not Reported 0.09 0.28 0 1 30,928

Notes: The table shows summary statistics on individual and household characteristics from our intake survey for
our estimation sample. The intake survey was completed only once, prior to and on a different occasion than any
collection of data on momentary feelings and activities, so as not to prime respondents. See Section 2 for a description
of the data.

Source: Mappiness data, 2010 to 2016, own calculations.
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Table A2: Summary Statistics — Experience-Sampling Survey

Mean SD Minimum Maximum N

Activities

Waiting, Queueing 0.02 0.15 0 1 2,234,753
Commuting, Travelling 0.09 0.29 0 1 2,234,753
Working, Studying 0.25 0.43 0 1 2,234,753
In Meeting, Seminar, Class 0.03 0.17 0 1 2,234,753
Cooking, Preparing Food 0.04 0.20 0 1 2,234,753
Housework, Chores, DIY 0.05 0.22 0 1 2,234,753
Shopping, Running Errands 0.03 0.17 0 1 2,234,753
Admin, Finances, Organising 0.04 0.19 0 1 2,234,753
Childcare, Playing With Children 0.04 0.21 0 1 2,234,753
Petcare, Playing With Pets 0.02 0.14 0 1 2,234,753
Care or Help for Adults 0.01 0.07 0 1 2,234,753
Sleeping, Resting, Relaxing 0.10 0.30 0 1 2,234,753
Sick in Bed 0.02 0.12 0 1 2,234,753
Meditating, Religious Activities <0.00 0.06 0 1 2,234,753
Washing, Dressing, Grooming 0.04 0.19 0 1 2,234,753
Talking, Chatting, Socialising 0.15 0.36 0 1 2,234,753
Intimacy, Making Love 0.01 0.07 0 1 2,234,753
Eating, Snacking 0.10 0.30 0 1 2,234,753
Drinking Tea or Coffee 0.06 0.25 0 1 2,234,753
Drinking Alcohol 0.05 0.22 0 1 2,234,753
Smoking 0.01 0.11 0 1 2,234,753
Texting, E-Mail, Social Media 0.06 0.23 0 1 2,234,753
Browsing the Internet 0.05 0.22 0 1 2,234,753
Watching TV, Film 0.18 0.38 0 1 2,234,753
Listening to Music 0.06 0.24 0 1 2,234,753
Listening to Speech or Podcast 0.02 0.14 0 1 2,234,753
Reading 0.03 0.18 0 1 2,234,753
Theatre, Dance, Concert <0.00 0.06 0 1 2,234,753
Exhibition, Museum, Library <0.00 0.05 0 1 2,234,753
Match, Sporting Event 0.01 0.08 0 1 2,234,753
Walking, Hiking 0.01 0.12 0 1 2,234,753
Sports, Running, Exercise 0.01 0.11 0 1 2,234,753
Gardening, Allotment <0.00 0.06 0 1 2,234,753
Birdwatching, Nature Watching <0.00 0.04 0 1 2,234,753
Computer Games, Smart Phone Games  0.03 0.17 0 1 2,234,753
Hunting, Fishing <0.00 0.01 0 1 2,234,753
Other Games, Puzzles <0.00 0.06 0 1 2,234,753
Gambling, Betting <0.00 0.03 0 1 2,234,753
Hobbies, Arts, Crafts 0.01 0.10 0 1 2,234,753
Singing, Performing <0.00 0.06 0 1 2,234,753
Something Else 0.01 0.11 0 1 2,234,753
Other 0.03 0.17 0 1 2,234,753
Companionship

Spouse, Partner, Girlfriend, or Boyfriend 0.24 0.43 0 1 2,234,753
Children 0.11 0.31 0 1 2,234,753
Other Family Members 0.07 0.26 0 1 2,234,753
Colleagues, Classmates 0.17 0.38 0 1 2,234,753
Clients, Customers 0.02 0.12 0 1 2,234,753
Friends 0.09 0.28 0 1 2,234,753
Other People You Know 0.02 0.12 0 1 2,234,753
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Table A2 Continued

Mean SD Minimum Maximum N

Alone 0.43 0.50 2,234,753
Place

At Work 0.24 0.42 0 1 2,234,753
At Home 0.51 0.50 0 1 2,234,753
Elsewhere 0.25 0.44 0 1 2,234,753
Location

Indoors 0.84 0.36 0 1 2,234,753
Outdoors 0.08 0.28 0 1 2,234,753
In Vehicle 0.07 0.26 0 1 2,234,753

Notes: The table shows summary statistics on activities, companionship, place, and location from our experience-
sampling survey for our estimation sample. Participants were messaged at random moments and asked to complete
the experience-sampling survey. See Section 2 for a description of the data.

Source: Mappiness data, 2010 to 2016, own calculations.
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Table A3: Stability of Activity Coefficient — Waiting or Queueing

Happy (0-100)
(1) (2) (3)
Or=1 (Waiting, Queueing) ST RN T Rol B W oY Kook
(0.16) (0.14) (0.14)

Ezperience-Sampling Controls

Other Activities (At k—1) No No Yes
Companionship (Cj;) No No Yes
Place (Pj) No No Yes
Location (L;;) No No Yes
Meteorological Conditions (M;;) No No Yes

Spatial Controls (r)
Region Fixed Effects No Yes Yes

Temporal Controls (t)

Holiday-Season Fixed Effects No Yes Yes
Hour-of-Day Fixed Effects No Yes Yes
Day-of-Week Fixed Effects No Yes Yes
Month Fixed Effects No Yes Yes
Year Fixed Effects No Yes Yes
Individual Fixed Effects Yes Yes Yes
Constant Yes Yes Yes
Number of Individuals 30,928 30,928 30,928
Number of Observations 2,234,753 2,234,753 2,234,753
Adjusted R Squared 0.35 0.38 0.44
Adjusted R Squared Within 0.00 0.02 0.11
F-Test 419.61 81.69 190.45

Robust standard errors clustered two-way at the region and respondent levels in parentheses.
R p < 0.01, ¥ p <0.05, * p<0.1

Notes: Individual fixed-effects regression of momentary happiness on activity k = 1 (waiting or queueing). Column 1
is a parsimonious model without any controls. Column 2 adds spatial and temporal controls, including 8, 925 regional
fixed effects at the Middle Layer Super Output Area (MSOA) level and holiday-season, hour-of-day, day-of-week,
month, and year fixed effects. Column 3 then adds additional experience-sampling controls, including momentary
other 41 activities (which can be multiple due to multitasking), 7 types of companionship (which can also be multiple),
3 types of places, 3 types of locations, and current meteorological conditions. See Equation 1 for the model. See
Section 2 for a description of the data.

Source: Mappiness data, 2010 to 2016, own calculations.
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Table A4: Eliciting the Extent of Potential Selection on Unobservables

Happiness | Oster (2019)

k  Activity (Aix) Coefficient Vi

1 Waiting, Queueing -3.61 -90.25
2 Commuting, Travelling -1.86 4.39
3 Working, Studying -1.61 0.32
4 In Meeting, Seminar, Class 0.30 -0.29
5 Cooking, Preparing Food 2.24 5.13
6 Housework, Chores, DIY -0.53 -15.51
7 Shopping, Running Errands 0.71 1.37
8 Admin, Finances, Organising -1.27 1.27
9 Childcare, Playing With Children 2.77 1.97
10 Petcare, Playing With Pets 3.20 3.47
11 Care or Help for Adults -3.85 14.49
12 Sleeping, Resting, Relaxing 0.93 3.98
13 Sick in Bed -18.36 21.26
14 Meditating, Religious Activities 3.95 8.84
15 Washing, Dressing, Grooming 2.01 -7.96
16 Talking, Chatting, Socialising 4.17 1.49
17 Intimacy, Making Love 12.66 11.71
18 Eating, Snacking 2.01 1.60
19 Drinking Tea or Coffee 1.38 2.44
20 Drinking Alcohol 3.61 1.30
21 Smoking 0.45 0.34
22 Texting, E-Mail, Social Media 0.92 -6.19
23 Browsing the Internet 0.78 -10.11
24 Watching TV, Film 2.28 2.61
25 Listening to Music 3.28 52.92
26 Listening to Speech or Podcast 1.75 -3.71
27 Reading 1.93 -16.69
28 Theatre, Dance, Concert 6.55 4.02
29 Exhibition, Museum, Library 5.17 4.17
30 Match, Sporting Event 2.37 1.61
31 Walking, Hiking 2.40 1.52
32 Sports, Running, Exercise 6.72 9.90
33 Gardening, Allotment 4.84 4.94
34 Birdwatching, Nature Watching 4.56 2.22
35 Computer Games, Smart Phone Games 2.59 193.78
36 Hunting, Fishing 3.58 2.11
37 Other Games, Puzzles 2.70 2.55
38 Gambling, Betting 1.60 1.58
39 Hobbies, Arts, Crafts 5.14 12.22
40 Singing, Performing 6.00 9.37
41 Something Else -1.54 -35.71
42 Other -3.59 180.07

Notes: v is the degree of selection on unobservables relative to selection on observables, calculated under the assump-
tion that R?

max

= 1.3 x R? (as per Oster (2019)’s suggestion based on published RCTs in economics). vx—=1 = —90.3,
for example, implies that, to seriously bias d;x—1, selection on unobservables must be about 90 times more important
than the other activities the respondent may be engaged in at the same time A;; 4, companionship Cj, place P;; and
location L;;, meteorological conditions My, region r and time fixed effects T' = {ts, thd, taw, tm, ty}, and individual
fixed effects u;. Oster (2019) considers v = 1 to be a sensible threshold value, as observables should, in theory, be
at least as important as unobservables. The coefficients are obtained from the same model as in Equation 1. See
Section 2 for a description of the data.

Source: Mappiness data, 2010 to 2016, own calculations.
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Table A5: Additionally Controlling for Lagged Dependent Variable

Happy (0-100)
Controlling for

k  Activity (Aix) Baseline (Table 1) Lagged Dependent Variable
1 Waiting, Queueing -3.617HF* -3.51HKk
2 Commuting, Travelling -1.86%** -1.79HH*
3 Working, Studying -1.61%F* -1.56%**
4 In Meeting, Seminar, Class 0.30%** 0.29%**
5 Cooking, Preparing Food 2.24%*% 2.13%**
6 Housework, Chores, DIY -0.53%%* -0.63%%*
7 Shopping, Running Errands 0.71%** 0.60%+*
8 Admin, Finances, Organising -1.27%x* -1.30%**
9 Childcare, Playing With Children 2.TTH** 2.59%**
10 Petcare, Playing With Pets 3.20%** 3.10%**
11 Care or Help for Adults -3.85%F* -3.547HK*
12 Sleeping, Resting, Relaxing 0.93*** 0.74%+*
13 Sick in Bed -18.36%** -16.33%**
14 Meditating, Religious Activities 3.95%** 3.82%**
15 Washing, Dressing, Grooming 2.01%** 1.977%%*
16 Talking, Chatting, Socialising 4. 178 3.99%**
17 Intimacy, Making Love 12.66%** 12.17%%%
18 Eating, Snacking 2.01%%* 1.99%**
19 Drinking Tea or Coffee 1.38%** 1.33%**
20 Drinking Alcohol 3.61%* 3.45%**
21 Smoking 0.45%* 0.39%*
22 Texting, E-Mail, Social Media 0.927%** 0.88***
23 Browsing the Internet 0.78*** 0.67#+*
24 Watching TV, Film 2.28%** 2.19%**
25 Listening to Music 3.28%%* 3.08%**
26 Listening to Speech or Podcast 1.75%%* 1.647%%*
27 Reading 1.93%#* 177
28 Theatre, Dance, Concert 6.55%** 6.27+**
29 Exhibition, Museum, Library 5.17F** 4.74%%*
30 Match, Sporting Event 2.37HK* 2.12%%*
31 Walking, Hiking 2.40%** 2.34%**
32 Sports, Running, Exercise 6.72%%* 6.64%**
33 Gardening, Allotment 4.84%** 4.61%**
34 Birdwatching, Nature Watching 4.56%** 4.40%**
35 Computer Games, Smart Phone Games 2.59%** 2.49%**
36 Hunting, Fishing 3.58%** 3.40***
37 Other Games, Puzzles 2.70%** 2.52%H%
38 Gambling, Betting 1.60%* 1.32%
39 Hobbies, Arts, Crafts 5.14%%* 4. 77
40 Singing, Performing 6.00%** 5.73¥**
41 Something Else -1.54%** -1.49%**
42 Other -3.59%** -3.35%%*
Company (Ciy)
Spouse, Partner, Girlfriend, or Boyfriend 3.68*** 3.27F**
Children 0.45%** 0.42%**
Other Family Members 0.84%** 0.73%**
Colleagues, Classmates -0.22%* -0.18**
Clients, Customers 1.11%** 1.08%**
Friends 4.14%%% 3.88%**
Other People You Know -0.56*** -0.51%%*
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Table A5 Continued

Place (Py)

At Work Reference Category Reference Category
At Home 2.79H** 2.7 3HH*
Elsewhere 0.18* 0.16

Location (L;;)

Indoors Reference Category Reference Category
Outdoors 1.45%%* 1.27*%*
In Vehicle -2.4 %%k -2, 20Kk

Lagged Dependent Variable (Yii—1)

Happiness N/A 0.25%**

Meteorological Controls (M;:)

Air Temperature Yes Yes
Wind Speed Yes Yes
Precipitation Yes Yes
Cloud Cover Yes Yes
Sunshine Yes Yes
Daylight Yes Yes

Spatial Controls (r)

Region Fixed Effects Yes Yes

Temporal Controls (t)

Holiday-Season Fixed Effects Yes Yes
Hour-of-Day Fixed Effects Yes Yes
Day-of-Week Fixed Effects Yes Yes
Month Fixed Effects Yes Yes
Year Fixed Effects Yes Yes
Individual Fixed Effects Yes Yes
Constant Yes Yes
Number of Individuals 30,928 29,642
Number of Observations 2,234,753 2,202,533
Adjusted R Squared 0.44 0.4794
Adjusted R Squared Within 0.11 0.1749
F-Test 190.45 285.94

Robust standard errors clustered two-way at the region and respondent levels. *** p < 0.01, ** p < 0.05, * p < 0.1

Notes: Individual fixed-effects regression of momentary happiness on lagged happiness as well as momentary 42
activities (which can be multiple due to multitasking), 7 types of companionship (which can also be multiple), 3
types of places, 3 types of locations, and current meteorological conditions. We also include spatial and temporal
controls, i.e. 8,925 regional fixed effects at the Middle Layer Super Output Area (MSOA) level and holiday-season,
hour-of-day, day-of-week, month, and year fixed effects. See Equation 1 for the model. See Section 2 for a description
of the data.

Source: Mappiness data, 2010 to 2016, own calculations.
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Table A7: Predictors of Out-of-Sample Selection

k  Activity (Aier) Drop Out (0-1)
1 Waiting, Queueing 0.0023***
2 Commuting, Travelling 0.0008
3 Working, Studying 0.0008***
4 In Meeting, Seminar, Class -0.0005
5 Cooking, Preparing Food -0.0020***
6 Housework, Chores, DIY -0.0004
7 Shopping, Running Errands -0.0021%**
8 Admin, Finances, Organising -0.0011%**
9 Childcare, Playing With Children -0.0014%***
10 Petcare, Playing With Pets -0.0007
11 Care or Help for Adults -0.0005
12 Sleeping, Resting, Relaxing -0.0007**
13 Sick in Bed 0.0020***
14 Meditating, Religious Activities -0.0013
15 Washing, Dressing, Grooming -0.0011%**
16 Talking, Chatting, Socialising -0.0005*
17 Intimacy, Making Love 0.0026**
18 Eating, Snacking -0.0008***
19 Drinking Tea or Coffee -0.0000
20 Drinking Alcohol 0.0000
21 Smoking 0.0019**
22 Texting, E-Mail, Social Media -0.0001
23 Browsing the Internet -0.0005
24 Watching TV, Film 0.0005**
25 Listening to Music -0.0004
26 Listening to Speech or Podcast -0.0009**
27 Reading -0.0009**
28 Theatre, Dance, Concert -0.0012
29 Exhibition, Museum, Library -0.0000
30 Match, Sporting Event 0.0018*
31 Walking, Hiking -0.0013**
32 Sports, Running, Exercise -0.0011
33 Gardening, Allotment -0.0010
34 Birdwatching, Nature Watching 0.0018
35 Computer Games, Smart Phone Games -0.0026***
36 Hunting, Fishing 0.0103
37 Other Games, Puzzles -0.0015
38 Gambling, Betting -0.0007
39 Hobbies, Arts, Crafts -0.0011
40 Singing, Performing -0.0010
41 Something Else -0.0027***
42 Other 0.0037%%*
Company (Cit)
Spouse, Partner, Girlfriend, or Boyfriend 0.0002
Children 0.0004
Other Family Members -0.0009***
Colleagues, Classmates -0.0010%**
Clients, Customers -0.0017***
Friends -0.0001
Other People You Know -0.0015%*

Place (Py)
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Table A7 Continued

At Work Reference Category
At Home -0.0023***
Elsewhere 0.0000

Location (L)

Indoors Reference Category
Outdoors 0.0010%***
In Vehicle -0.0018%***

Lagged Dependent Variable (Yii—1)

Happiness 0.0000

Meteorological Controls (M;:)

Air Temperature Yes
Wind Speed Yes
Precipitation Yes
Cloud Cover Yes
Sunshine Yes
Daylight Yes

Spatial Controls (r)

Region Fixed Effects Yes

Temporal Controls (t)

Holiday-Season Fixed Effects Yes
Hour-of-Day Fixed Effects Yes
Day-of-Week Fixed Effects Yes
Month Fixed Effects Yes
Year Fixed Effects Yes
Individual Fixed Effects Yes
Constant Yes
Number of Individuals 30,928
Number of Observations 2,234,753
Adjusted R Squared 0.06
Adjusted R Squared Within 0.01
F-Test 21.67

Robust standard errors clustered two-way at the region and respondent levels. *** p < 0.01, ** p < 0.05, * p < 0.1

Notes: Individual fixed-effects regression of dropping out (a binary indicator which is one if the next random
experience-sampling survey is the last for a respondent, and zero otherwise) on lagged happiness as well as momentary
42 activities (which can be multiple due to multitasking), 7 types of companionship (which can also be multiple), 3
types of places, 3 types of locations, and current meteorological conditions. We also include spatial and temporal
controls, i.e. 8,925 regional fixed effects at the Middle Layer Super Output Area (MSOA) level and holiday-season,
hour-of-day, day-of-week, month, and year fixed effects. See Equation 1 for the model. See Section 2 for a description
of the data.

Source: Mappiness data, 2010 to 2016, own calculations.
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Table A8: Stability of Income Coefficient

Happy (0-100)

OLS Individual FE
(1) (2) (3) (4) (5) (6)

Log Equiv. Annual Gross Household Income 1.39*%**  1.17%%% 11708 (.9]1%** 0.95%**

(0.35) (0.19) (0.19) (0.19) (0.09)
Log Annual Gross Household Income 0.91***

(0.20)

Additional Individual-Level Controls
Age, Marital Status, Children, Health No No No Yes Yes Yes
Ezperience-Sampling Controls
Activities No No Yes Yes Yes Yes
Companionship No No Yes Yes Yes Yes
Place No No Yes Yes Yes Yes
Location No No Yes Yes Yes Yes
Meteorological Conditions No No Yes Yes Yes Yes
Spatial Controls (r)
Region Fixed Effects No Yes Yes Yes Yes Yes
Temporal Controls (t)
Holiday-Season Fixed Effects No Yes Yes Yes Yes Yes
Hour-of-Day Fixed Effects No Yes Yes Yes Yes Yes
Day-of-Week Fixed Effects No Yes Yes Yes Yes Yes
Month Fixed Effects No Yes Yes Yes Yes Yes
Year Fixed Effects No Yes Yes Yes Yes Yes
Individual Fixed Effects No No No No No Yes
Constant Yes Yes Yes Yes Yes Yes
Number of Individuals 30,928 30,928 30,928 30,928 30,928 30,928
Number of Observations 2,234,753 2,234,753 2,234,753 2,234,753 2,234,753 | 2,234,753
Adjusted R Squared 0.00 0.13 0.13 0.21 0.21 -
Adjusted R Squared Within 0.00 0.02 0.02 0.12 0.12 -
F-Test 15.95 62.97 58.50 140.12 140.06 -

Robust standard errors clustered two-way at the region and respondent levels in parentheses.
R p < 0.01, ** p < 0.05, *p<0.1

Notes: Regression of momentary happiness on income. Column 1 is a parsimonious model without any controls.
Column 2 adds spatial and temporal controls, including 8,925 regional fixed effects at the Middle Layer Super
Output Area (MSOA) level and holiday-season, hour-of-day, day-of-week, month, and year fixed effects. Column
3 additionally adds experience-sampling controls, including momentary 42 activities (which can be multiple due to
multitasking), 7 types of companionship (which can also be multiple), 3 types of places, 3 types of locations, and
current meteorological conditions. Column 4 then adds additional time-invariant individual-level controls. Column
5 uses non-equivalised instead of equivalised income. Column 6 uses the filtered individual fixed-effects model by
Pesharan and Zhou (2016), which estimates individual fixed effects alongside time-invariant controls in a two-step
procedure. See Section 2 for a description of the data.

Source: Mappiness data, 2010 to 2016, own calculations.
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Table A9: Comparison of Income Coefficients

Happy (0-100)

“Mappiness”
Equivalised Non-Equivalised
(1a) (1b) (2a) (2b)

Log Annual Gross Household Income 1.39%**  0.91*** 1. 77%%* 0.91%**

Controls No Yes No Yes
Number of Individuals 30,928 30,928 30,928 30,928
Number of Observations 2,234,753 2,234,753 2,234,753 2,234,753

“Track Your Happiness” (Killingsworth, 2021)
Restricted Sample Unrestricted Sample
(3a) (3b) (4a) (4b)

Log Annual Gross Household Income 1.13%**  0.70***  (.91%** -

Controls No Yes No Yes
Number of Individuals 41,319 41,319 41,319 -
Number of Observations 2,100,828 2,100,828 2,100,828 -

R p < 0.01, ¥ p <0.05, * p<0.1

Notes: “Mappiness”, which forms the basis of the present paper, is an app-based experience-sampling panel study
in the UK. Its measure of annual gross household income from all sources is obtained from a categorical variable
with twelve categories, whereby the midpoint of each category is used. To equivalise income, it is divided by the
square root of the household size. The happiness measure is obtained from a slider that asks “Do you feel happy?”,
with answers from zero (“Not at all”) to 100 (“Extremely”), whereby 50 is the initial position. The models are
estimated using ordinary least squares, with controls including age, gender, marital status (including children), and
health. “Track Your Happiness”, which is described in Killingsworth (2021), is an app-based experience-sampling
panel study in the US. Its measure of annual gross household income from all sources is obtained from a categorical
variable with fifteen categories (plus additional categories to capture high-income individuals), whereby the midpoint
of each category is used. The happiness measure is obtained from a slider that asks “How do you feel right now?”,
with answers from “Very bad” to “Very good”, whereby the initial position is close to “Very bad”. The models
are estimated using ordinary least squares, with controls including age, gender, marital status, and education level.
The restricted sample includes employed, working-age US adults with a minimum annual income of $10,000, the
unrestricted sample all respondents.

Source: Mappiness data, 2010 to 2016, own calculations; “Track Your Happiness” data, observation period not
reported.
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Table A10: Dichotomous-Around-the-Median (DAM) Test (Bloem and Oswald, 2021)

Happy
0-100, Z-Score 1 if > Median, Z-Score 1 if > Median, Z-Score

(1) 2) (3)

Or=1 (Waiting, Queueing) -(.22%%* -0.147%%* -0.14%%*
(0.01) (0.01) (0.01)

Ezxperience-Sampling Controls

Other Activities (At x—1) Yes Yes Yes
Companionship (Cj;) Yes Yes Yes
Place (Py;) Yes Yes Yes
Location (L;;) Yes Yes Yes
Meteorological Conditions (M;) Yes Yes Yes

Spatial Controls (r)
Region Fixed Effects Yes Yes Yes

Temporal Controls (t)

Holiday-Season Fixed Effects Yes Yes Yes
Hour-of-Day Fixed Effects Yes Yes Yes
Day-of-Week Fixed Effects Yes Yes Yes
Month Fixed Effects Yes Yes Yes
Year Fixed Effects Yes Yes Yes
Individual Fixed Effects Yes Yes Yes
Constant Yes Yes Yes
Number of Individuals 30,928 30,928 30,928
Number of Observations 2,234,753 2,234,753 2,234,753
Adjusted R Squared 0.13 0.38 0.38
Adjusted R Squared Within 0.12 0.07 0.07
F-Test 374.45 146.27 146.54

Robust standard errors clustered two-way at the region and respondent levels in parentheses.
R p < 0.01, ¥ p <0.05, * p<0.1

Notes: Individual fixed-effects regression of momentary happiness (standardised to have a mean of zero and a
standard deviation of one, i.e. a z-score) on activity k¥ = 1 (waiting or queueing) (Column 1). We then run the
same regression but dichotomise happiness such that it is one for responses above the median (Column 2) or one for
responses equal to or above the median (Column 3), and zero otherwise, likewise standardised. All columns control
for momentary 42 activities (which can be multiple due to multitasking), 7 types of companionship (which can also
be multiple), 3 types of places, 3 types of locations, and current meteorological conditions. We also include spatial
and temporal controls, i.e. 8,925 regional fixed effects at the Middle Layer Super Output Area (MSOA) level and
holiday-season, hour-of-day, day-of-week, month, and year fixed effects. See Equation 1 for the model. See Section
2 for a description of the data.

Source: Mappiness data, 2010 to 2016, own calculations.
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Table A11: Fidelity and Alertness

Happy (0-100)

No Central Respondents
k  Activity (A k) Baseline (Table 1) | or Extreme Responses  Feeling Awake
1 Waiting, Queueing -3.61%F* -3. 21K -3.80%**
2 Commuting, Travelling -1.86%** -1.64%%* -1.72%%*
3 Working, Studying -1.61%F* -1.43%%* -1.96%**
4 In Meeting, Seminar, Class 0.30%** 0.24%* -0.04
5 Cooking, Preparing Food 2.24%** 2.12%** 1.63%**
6 Housework, Chores, DIY -0.53%%* -0.39%%* -1.10%%*
7 Shopping, Running Errands 0.71%** 0.76%** 0.17*
8 Admin, Finances, Organising -1.27%x* -1.12%%* -1.69%**
9 Childcare, Playing With Children 2.TTH** 2.26%** 2.46%**
10 Petcare, Playing With Pets 3.20%** 3.00%** 2.57HK*
11 Care or Help for Adults -3.85%%* -3.56%F* S3. TRk
12 Sleeping, Resting, Relaxing 0.93%** 0.73%** 1.86***
13 Sick in Bed -18.36%** -16.67F** -14.70%**
14 Meditating, Religious Activities 3.95%** 3.21%%* 3.00%**
15 Washing, Dressing, Grooming 2.017%%* 1.88%*** 1.21%%%*
16 Talking, Chatting, Socialising 4. 178 3,934 3.27H**
17 Intimacy, Making Love 12.66%** 10.32%%* 10.10%**
18 Eating, Snacking 2.017%%* 1.971%%* 1.47+%%
19 Drinking Tea or Coffee 1.38%%* 1.35%** 1.10%**
20 Drinking Alcohol 3617 3.19%%* 2.90***
21 Smoking 0.45%* 0.26 0.07
22 Texting, E-Mail, Social Media 0.927%** 0.86%** 0.60%**
23 Browsing the Internet 0.78%** 0.70%** 0.627%+*
24 Watching TV, Film 2.28%** 2.19%** 1.56%**
25 Listening to Music 3.28%%* 2.97*** 2.65%**
26 Listening to Speech or Podcast 1.75%%* 1.69%%* 1.34%%%
27 Reading 1.93%** 1.73%** 1.31%%*
28 Theatre, Dance, Concert 6.55%** 5.76%** 5.09%**
29 Exhibition, Museum, Library 5.17%%* 4.90%** 4.57HF*
30 Match, Sporting Event 2.37H** 1.79%** 1.93%**
31 Walking, Hiking 2,404 2.26%+* 9.13%%
32 Sports, Running, Exercise 6.72%%* 6.22%%* 4.84%%*
33 Gardening, Allotment 4.84%** 4.53%** 3.72%H*
34 Birdwatching, Nature Watching 4.56%*+* 4.38%** 3. 57Kk
35 Computer Games, Smart Phone Games 2.59%%* 2.43%%* 2.04%**
36 Hunting, Fishing 3.58%H* 3.32%%% 3.19%**
37 Other Games, Puzzles 2.70%** 2.23*** 2.06***
38 Gambling, Betting 1.60%* 1.09%* 0.76
39 Hobbies, Arts, Crafts 5.14%%* 4.80%** 4.29%**
40 Singing, Performing 6.00%** 5.25%** 4.75%F*
41 Something Else -1.54%%* -1.46%%* -1.61%%*
42 Other -3.59%** -2.58¥** -2.97**
Company (Ciy)
Spouse, Partner, Girlfriend, or Boyfriend 3.68%** 2.89*** 3.06***
Children 0.45%** 0.43*** 0.38***
Other Family Members 0.84%** 0.86%** 0.46%**
Colleagues, Classmates -0.22%* -0.05 -0.23%*
Clients, Customers 1.11%** 1.22%** 1.01%**
Friends 4.14%%% 3.78¥** 3.37H**
Other People You Know -0.56*** -0.54*** -0.45%**
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Table A11 Continued

Place (Pyt)

At Work Reference Category | Reference Category Reference Category
At Home 2. 79HH* 2.03%%* 2.627%F*
Elsewhere 0.18* 1.18%%* 1.05%**

Location (L)

Indoors Reference Category | Reference Category Reference Category
Outdoors 1.45%%* 2.51%K* 2.14%%*
In Vehicle -2.43%%* 0.19%* 0.19

Meteorological Controls (M;;)

Air Temperature Yes Yes Yes
Wind Speed Yes Yes Yes
Precipitation Yes Yes Yes
Cloud Cover Yes Yes Yes
Sunshine Yes Yes Yes
Daylight Yes Yes Yes

Spatial Controls (r)
Region Fixed Effects Yes Yes Yes

Temporal Controls (t)

Holiday-Season Fixed Effects Yes Yes Yes
Hour-of-Day Fixed Effects Yes Yes Yes
Day-of-Week Fixed Effects Yes Yes Yes
Month Fixed Effects Yes Yes Yes
Year Fixed Effects Yes Yes Yes
Individual Fixed Effects Yes Yes Yes
Constant Yes Yes Yes
Number of Individuals 30,928 30,639 27,501
Number of Observations 2,234,753 2,060,197 1,117,278
Adjusted R Squared 0.44 0.41 0.44
Adjusted R Squared Within 0.11 0.10 0.10
F-Test 190.45 193.07 121.97

Robust standard errors clustered two-way at the region and respondent levels in parentheses.
K p < 0.01, ¥ p <0.05, * p<0.1

Notes: Column 2 excludes responses at the central point (50 out of 100 points, i.e. the initial position on the
continuous slider) and at the extreme ends (zero and 100 points). Column 3 excludes responses in which respondents
report to be sleepy, defined as below the median level of feeling awake (likewise recorded on a continuous slider between
zero and 100). Individual fixed-effects regression of momentary happiness on momentary 42 activities (which can be
multiple due to multitasking), 7 types of companionship (which can also be multiple), 3 types of places, 3 types of
locations, and current meteorological conditions. We also include spatial and temporal controls, i.e. 8,925 regional
fixed effects at the Middle Layer Super Output Area (MSOA) level and holiday-season, hour-of-day, day-of-week,
month, and year fixed effects. See Equation 1 for the model. See Section 2 for a description of the data.

Source: Mappiness data, 2010 to 2016, own calculations.
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Table A12: External Validity of Intake Survey — Comparison to UK Household Longitudinal Study
(“Understanding Society”)

“Mappiness” | “Understanding Society”
Mean SD | Mean SD Normalised Difference > 0.257

Age
... 18 to 24 0.21 041 ] 0.11 0.31 0.20 No
... 25t0 34 0.41 049 | 0.16 0.37 0.40 Yes
... 35 to 44 0.25 043 ] 0.18 0.38 0.13 No
... 45 to 54 0.10 0.30 | 0.18 0.39 -0.17 No
... b5 to 64 0.03 0.17 | 0.16 0.36 -0.32 Yes

. 65 to 74 <0.00 0.06 | 0.12 0.32 -0.35 Yes
... 75 or Over <0.00 0.02 | 0.10 0.30 -0.33 Yes
Gender

. Male 0.51 0.50 | 0.48 0.50 0.04 No

. Female 0.49 0.50 | 0.52 0.50 -0.04 No
Relationship Status

. Not in Relationship 0.20 0.40 | N/A N/A N/A N/A

. In Relationship 0.80 0.40 | N/A N/A N/A N/A
Marital Status
... Never Married 0.60 049 | 0.24 0.43 0.56 Yes
... Married and Living With Spouse 0.32 0.47 | 0.62 0.49 -0.45 Yes
... Married but Separated 0.03 0.16 | 0.02 0.12 0.06 No

. Divorced 0.05 0.21 | 0.06 0.24 -0.04 No
... Widowed <0.00 0.06 | 0.07 0.25 -0.24 No
Self-Assessed Health

. Excellent Health 0.14 0.35| 0.16 0.37 -0.05 No

. Very Good Health 0.42 049 | 0.34 0.47 0.13 No

. Good Health 0.32 047 | 0.28 0.45 0.06 No

. Fair Health 0.09 0.29 | 0.15 0.36 -0.12 No

. Poor Health 0.02 0.13 | 0.06 0.25 -0.17 No
Employment Status
... In Full-Time Education 0.12 0.32 | 0.07 0.25 0.12 No
... Employed or Self-Employed 0.80 0.40 | 0.55 0.50 0.40 Yes
... Unemployed and Looking 0.03 0.16 | 0.05 0.23 -0.10 No
... Long-Term Sick or Disabled 0.01 0.10 | 0.03 0.18 -0.12 No
... Looking After Family or Home 0.02 0.15 | 0.05 0.22 -0.11 No

. Retired 0.01 0.09 | 0.23 0.42 -0.52 Yes
... Other 0.01 0.12 | 0.01 0.09 0.04 No
Annual Gross Household Income
... Under £8,000 0.06 0.23 | 0.04 0.18 0.07 No
... £8,000 to £11,999 0.03 0.17 | 0.06 0.23 -0.10 No
... £12,000 to £15,999 0.04 0.20 | 0.08 0.27 -0.11 No
... £16,000 to £19,999 0.04 0.21 | 0.08 0.27 -0.11 No
... £20,000 to £23,999 0.06 0.23 | 0.07 0.26 -0.05 No
... £24,000 to £31,999 0.11 0.31] 0.14 0.35 -0.06 No
... £32,000 to £39,999 0.11 0.32 | 0.12 0.32 -0.01 No
... £40,000 to £55,999 0.19 0.39 | 0.18 0.38 0.02 No
... £56,000 to £71,999 0.14 0.35]| 0.11 0.31 0.07 No

. £72,000 to £95,999 0.10 0.30 | 0.07 0.26 0.07 No
... £96,000 or More 0.12 0.32 | 0.06 0.24 0.15 No
Number of Adults in Household
| 0.20 0.40 | 0.18 0.38 0.04 No

o2 0.55 0.50 | 0.52 0.50 0.04 No

.03 0.13 0.34 | 0.18 0.38 -0.09 No

. 4 or More 0.12 0.32 ] 0.12 0.33 -0.02 No
Number of Children in Household
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Table A7 Continued

“Mappiness” | “Understanding Society”
Mean SD | Mean SD Normalised Difference > 0.257
. None 0.71 0.45 | 0.69 0.46 0.03 No
o1 0.13 0.34 | 0.15 0.36 -0.03 No
o2 0.11 0.32| 0.11 0.32 0.00 No
.3 0.03 0.17 | 0.03 0.18 -0.01 No
. 4 or More 0.01 0.09 | 0.01 0.11 -0.03 No
Region
... North East 0.03 0.17 | 0.04 0.20 -0.05 No
... North West 0.08 0.27 | 0.11 0.32 -0.08 No
... Yorkshire and the Humber 0.06 0.23 | 0.08 0.28 -0.07 No
... East Midlands 0.05 0.22| 0.07 0.26 -0.07 No
... West Midlands 0.06 0.23 | 0.09 0.28 -0.08 No
. East of England 0.07 0.26 | 0.10 0.29 -0.05 No
... London 0.24 043 ] 0.12 0.32 0.23 No
... South East 0.15 0.35| 0.14 0.34 0.02 No
.. South West 0.07 0.26 | 0.09 0.28 -0.04 No
... Northern Ireland 0.01 0.11 | 0.03 0.17 -0.08 No
... Scotland 0.06 0.23 | 0.08 0.28 -0.08 No
... Wales 0.03 0.18 | 0.05 0.22 -0.06 No
. Not Reported 0.09 0.28 | <0.00 0.03 0.30 No
Number of Individuals 30,928 - | 77,496 - ‘ - -

Notes: The table compares individual and household characteristics from our intake survey in our estimation sample
with those in the nationally representative UK Household Longitudinal Study (“Understanding Society”). To max-
imise comparability, we restrict Understanding Society to Wave 2 (the years 2010 to 2011, when most respondents
selected into our study) and use cross-sectional weights to achieve representativeness. We compare samples in terms
of scale-free normalised differences, which are independent of sample size. The normalised difference is calculated
as Az = (& — .)/\/ (07 + 02), where #; and 7. is the sample mean of variable x in the first and second group,
respectively. o2 denotes the respective variance (Imbens and Rubin, 2015). Imbens and Wooldridge (2009) suggest
that a normalised difference greater than 0.25 indicates covariate imbalance. See Section 2 for a description of the
data.

Source: Mappiness data, 2010 to 2016; Understanding Society data, 2010 to 2011; own calculations.
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Table Al3a: External Validity of Experience-Sampling Survey — Comparison to UK Time Use Survey
(UKTUS, Week Days)

Weekdays (Monday to Friday) “Mappiness” UKTUS

Mean  SD |Mean SD |Normalised Difference > 0.257
Activities
Waiting, Queueing 0.02 0.15| N/JA N/A N/A N/A
Commuting, Travelling 0.10  0.30] 0.09 0.10 0.02 No
Working, Studying 0.33 0.47| 0.26 0.30 0.12 No
In Meeting, Seminar, Class 0.04 0.19| 0.01 0.06 0.15 No
Cooking, Preparing Food 0.04 0.19| 0.06 0.07 -0.10 No
Housework, Chores, DIY 0.04 0.20| 0.06 0.09 -0.07 No
Shopping, Running Errands 0.03 0.16| 0.04 0.07 -0.10 No
Admin, Finances, Organising 0.04  0.21]<0.00 0.01 0.21 No
Childcare, Playing With Children 0.04  0.19] 0.03 0.09 0.04 No
Petcare, Playing With Pets 0.02  0.13] 0.01 0.04 0.02 No
Care or Help for Adults 0.01 0.07| <0.00 0.02 0.04 No
Sleeping, Resting, Relaxing 0.08 0.26| 0.07 0.11 0.01 No
Sick in Bed 0.02  0.12|<0.00 0.03 0.11 No
Meditating, Religious Activities <0.00 0.05]<0.00 0.02 -0.01 No
Washing, Dressing, Grooming 0.03 0.18| 0.04 0.05 -0.05 No
Talking, Chatting, Socialising 0.13 0.33] 0.11 0.14 0.04 No
Intimacy, Making Love <0.00 0.06| N/JA N/A N/A N/A
Eating, Snacking 0.09 0.29] 0.10 0.08 -0.05 No
Drinking Tea or Coffee 0.06 0.24| N/JA N/A N/A N/A
Drinking Alcohol 0.04 020 N/JA N/A N/A N/A
Smoking 0.01 0.11| N/JA N/A N/A N/A
Texting, E-Mail, Social Media 0.06 0.23| N/JA N/A N/A N/A
Browsing the Internet 0.05 0.22] 0.04 0.07 0.06 No
Watching TV, Film 0.15 0.36| 0.16 0.15 -0.03 No
Listening to Music 0.06 0.24| 0.04 0.10 0.07 No
Listening to Speech or Podcast 0.02 0.14| N/JA N/A N/A N/A
Reading 0.03 0.17| 0.02 0.06 0.03 No
Theatre, Dance, Concert <0.00 0.05]<0.00 0.01 0.03 No
Exhibition, Museum, Library <0.00 0.04|<0.00 0.01 0.02 No
Match, Sporting Event <0.00 0.06]<0.00 0.01 0.05 No
Walking, Hiking 0.01 0.11] 0.01 0.02 0.06 No
Sports, Running, Exercise 0.01 0.11] 0.01 0.05 -0.01 No
Gardening, Allotment <0.00 0.04| 0.01 0.04 -0.12 No
Birdwatching, Nature Watching <0.00 0.03]<0.00 0.03 -0.05 No
Computer Games, Smart Phone Games 0.03 0.16] 0.01 0.04 0.10 No
Hunting, Fishing <0.00 0.01]<0.00 0.02 -0.02 No
Other Games, Puzzles <0.00 0.06| 0.01 0.03 -0.06 No
Gambling, Betting <0.00 0.02|<0.00 0.01 -0.01 No
Hobbies, Arts, Crafts 0.01 0.09| 0.01 0.03 0.03 No
Singing, Performing <0.00 0.06| N/JA N/A N/A N/A
Something Else 0.01 0.11| N/JA N/A N/A N/A
Other 0.03 0.17]| N/JA N/A N/A N/A
Companionship
Spouse, Partner, Girlfriend, or Boyfriend  0.17  0.38| 0.22 0.27 -0.10 No
Children 0.08 0.28]| 0.07 0.20 0.04 No
Other Family Members 0.05 0.23] 0.11 0.20 -0.18 No
Colleagues, Classmates 0.23 0.42] 0.25 0.27 -0.04 No
Clients, Customers 0.02 0.14| N/A N/A N/A N/A
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Table A8a Continued

Weekdays (Monday to Friday) “Mappiness” UKTUS

Mean  SD | Mean SD |Normalised Difference > 0.257
Friends 0.08 0.26| N/JA N/A N/A N/A
Other People You Know 0.01 0.12] N/JA N/A N/A N/A
Alone 0.45 0.50] 0.32 0.28 0.23 No
Place
At Work 0.32 0.47| 0.21 0.28 0.20 No
At Home 0.45 0.50| 0.53 0.30 -0.13 No
Elsewhere 0.23 0.42] 0.26 0.30 -0.06 No
Location
Indoors 0.85 0.36| 0.81 0.20 0.09 No
Outdoors 0.08 0.27| 0.03 0.06 0.16 No
In Vehicle 0.07 0.26| 0.08 0.11 -0.01 No
Number of Observations 1,566,474 - ‘ 8,288 - ‘ - -

Notes: The table compares activities from our experience-sampling survey in our estimation sample with those in the
nationally representative UK Time Use Survey (UKTUS), on weekdays (Monday to Friday). Note that the UKTUS
is available for the years 2014 and 2015 only. We compare samples in terms of scale-free normalised differences, which
are independent of sample size. The normalised difference is calculated as Az = (& — @.)/+/(0? + 02), where 7; and
Z. is the sample mean of variable z in the first and second group, respectively. o2 denotes the respective variance
(Imbens and Rubin, 2015). Imbens and Wooldridge (2009) suggest that a normalised difference greater than 0.25
indicates covariate imbalance. See Section 2 for a description of the data.

Source: Mappiness data, 2010 to 2016; UKTUS data, 2014 and 2015; own calculations.
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Table A13b: External Validity of Experience-Sampling Survey — Comparison to UK Time Use Survey
(UKTUS, Weekends and Holidays)

Weekends (Saturday and Sunday) and Holidays “Mappiness” | UKTUS

Mean SD |Mean SD |Normalised Difference > 0.257
Activities
Waiting, Queueing 0.02 0.14| N/A N/A N/A N/A
Commuting, Travelling 0.07 0.26] 0.08 0.10 -0.02 No
Working, Studying 0.07 0.26| 0.09 0.20 -0.05 No
In Meeting, Seminar, Class <0.00 0.06 |<0.00 0.03 0.03 No
Cooking, Preparing Food 0.05 0.23] 0.06 0.07 -0.04 No
Housework, Chores, DIY 0.07 0.26| 0.07 0.09 0.02 No
Shopping, Running Errands 0.04 0.20| 0.05 0.08 -0.04 No
Admin, Finances, Organising 0.03 0.16|<0.00 0.01 0.16 No
Childcare, Playing With Children 0.06 0.24| 0.04 0.10 0.10 No
Petcare, Playing With Pets 0.02 0.16| 0.02 0.04 0.06 No
Care or Help for Adults 0.01 0.07|<0.00 0.02 0.05 No
Sleeping, Resting, Relaxing 0.15 0.36] 0.11 0.13 0.12 No
Sick in Bed 0.02 0.12|<0.00 0.03 0.11 No
Meditating, Religious Activities <0.00 0.07| 0.01 0.03 -0.03 No
Washing, Dressing, Grooming 0.05 0.21] 0.05 0.05 -0.04 No
Talking, Chatting, Socialising 0.20 0.40| 0.16 0.19 0.08 No
Intimacy, Making Love 0.01 0.10| N/JA N/A N/A N/A
Eating, Snacking 0.12 0.32| 0.13 0.09 -0.04 No
Drinking Tea or Coffee 0.08 0.27| N/JA N/A N/A N/A
Drinking Alcohol 0.07 0.26| N/JA N/A N/A N/A
Smoking 0.01 0.12| N/JA N/A N/A N/A
Texting, E-Mail, Social Media 0.05 0.22| N/JA N/A N/A N/A
Browsing the Internet 0.05 0.23| 0.04 0.08 0.06 No
Watching TV, Film 0.24 0.43| 0.20 0.17 0.09 No
Listening to Music 0.07 0.25] 0.04 0.09 0.09 No
Listening to Speech or Podcast 0.02 0.14| N/JA N/A N/A N/A
Reading 0.04 0.20| 0.03 0.07 0.05 No
Theatre, Dance, Concert <0.00 0.07|<0.00 0.03 0.02 No
Exhibition, Museum, Library <0.00 0.06|<0.00 0.01 0.05 No
Match, Sporting Event 0.01 0.11]<0.00 0.03 0.08 No
Walking, Hiking 0.02 0.14| 0.01 0.04 0.06 No
Sports, Running, Exercise 0.01 0.12] 0.02 0.05 -0.02 No
Gardening, Allotment 0.01 0.08] 0.01 0.05 -0.06 No
Birdwatching, Nature Watching <0.00 0.05| 0.01 0.04 -0.07 No
Computer Games, Smart Phone Games 0.03 0.18| 0.01 0.05 0.13 No
Hunting, Fishing <0.00 0.02|<0.00 0.02 -0.02 No
Other Games, Puzzles 0.01 0.08] 0.01 0.04 -0.03 No
Gambling, Betting <0.00 0.03|<0.00 0.01 -0.01 No
Hobbies, Arts, Crafts 0.01 0.12| 0.01 0.04 0.05 No
Singing, Performing <0.00 0.07| N/JA N/A N/A N/A
Something Else 0.01 0.12| N/JA N/A N/A N/A
Other 0.03 0.18] N/A N/A N/A N/A
Companionship
Spouse, Partner, Girlfriend, or Boyfriend 0.40 0.49| 0.35 0.35 0.08 No
Children 0.16 0.37| 0.10 0.25 0.13 No
Other Family Members 0.12 0.33| 0.14 0.24 -0.05 No
Colleagues, Classmates 0.02 0.15] 0.09 0.19 -0.28 Yes
Clients, Customers 0.01 0.08] N/JA N/A N/A N/A
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Table A8h Continued

Weekends (Saturday and Sunday) and Holidays “Mappiness” | UKTUS

Mean SD | Mean SD |Normalised Difference > 0.257
Friends 0.12 0.32| N/JA N/A N/A N/A
Other People You Know 0.02 0.14| N/JA N/A N/A N/A
Alone 0.37 0.48] 0.29 0.28 0.15 No
Place
At Work 0.04 0.19| 0.06 0.17 -0.09 No
At Home 0.65 0.48| 0.62 0.29 0.04 No
Elsewhere 0.31 0.46| 0.31 0.27 -0.00 No
Location
Indoors 0.84 0.37| 0.80 0.21 0.08 No
Outdoors 0.10 0.30| 0.04 0.07 0.19 No
In Vehicle 0.06 0.25| 0.07 0.09 -0.01 No
Number of Observations 668,279 - ‘ 8,245 - ‘ - -

Notes: The table compares activities from our experience-sampling survey in our estimation sample with those in
the nationally representative UK Time Use Survey (UKTUS), on weekends (Saturday and Sunday) and holidays.
Note that the UKTUS is available for the years 2014 and 2015 only. We compare samples in terms of scale-
free normalised differences, which are independent of sample size. The normalised difference is calculated as Ax =
(T —2.)// (67 + 02), where &; and 7, is the sample mean of variable z in the first and second group, respectively. o2
denotes the respective variance (Imbens and Rubin, 2015). Imbens and Wooldridge (2009) suggest that a normalised
difference greater than 0.25 indicates covariate imbalance. See Section 2 for a description of the data.

Source: Mappiness data, 2010 to 2016; UKTUS data, 2014 and 2015; own calculations.
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Description of App in Apple’s App Store
Mappiness maps happiness across space in the UK. It’s part of a research project at
the London School of Economics. We’d love to have you on board!
HOW DOES IT WORK?
= You download the app, open it, and sign up
= We beep you once a day to ask how you’re feeling, and a few basic things to control for:
who you’re with, where you are, what you’re doing (if you’re outdoors, you can also take a

photo)

= The data gets sent back — anonymously and securely — to our data store, along with
your approximate location from the iPhone’s GPS, and a noise-level measure

WHAT’SIN IT FOR YOU?

= Interesting information about your own happiness, which is charted inside the app
— including when, where and with whom you’re happiest

= The warm glow of helping increase the sum of human knowledge
WHAT’S IN IT FOR US?
= We’re particularly interested in how people’s happiness is affected by their local environment
— air pollution, noise, green spaces, and so on — which the data from Mappiness will be

absolutely great for helping investigate

= We hope to have some results published in academic journals, and elsewhere
— whatever we produce will be linked from our website: http://mappiness.org.uk

FIND OUT MORE

For more information, visit http://mappiness.org.uk, or download the app, open it, and choose
‘Find out more’.



Informed Consent Form

Please read this information carefully.

By tapping “I agree” below, you confirm that:

» The nature and purpose of this research have been explained to your satisfaction.

* You agree to take part in the study.

* You understand that you can withdraw at any time.

= You’re at least 18 years old, and this is your iPhone.
Please scroll down to see the rest of the information. You can refer back to it at any time in
the ‘Info & help’ section of the app.

What’s this research for? We want to better understand how people’s feelings are affected by
features of their current environment — things like air pollution, noise, and green spaces.

What will 1 do? You’ll provide some basic demographic and health-related information, and confirm
some settings in order to sign up. After that, you’ll receive a notification (beep) on this iPhone
between one and five times a day, at your choice. This will come at a random moment during hours
you agree. The natification will prompt you to open this app, to briefly report how you’re feeling and
— in very broad terms — who you’re with, where you are, and what you’re doing. If you’re outdoors
and you’re happy to, you’ll take a photo of your surroundings too. (You can also open this app and
report on your feelings and situation, unprompted, as often as you like).

How long will it take? The sign-up process should take no more than 5 minutes. The daily reports on
your feelings and situation will take about 30 seconds each. You can keep taking part in the study for
as long (or short) a period as you want.

What data will I be sharing? While you report your feelings and situation, the app will use your
iPhone’s GPS (sat-nav) to discover your approximate location. It will also use the microphone to
measure ambient noise levels (but it won 't record any sound). When you finish responding, the app
will send the answers, noise level measure, location data and photo (if you took one) to our secure data
store.

What will you do with this data? We’ll use it solely for our academic research. We’ll apply
statistical methods to the combined responses from everyone taking part. We’ll use the location data to
estimate what the environment was like in the places where people responded. And we’ll be looking at
the effect of this on people’s feelings, while controlling for some other potential influences. If you’re
curious to see what we find, please visit mappiness.org.uk from time to time: we’ll be posting results
there. We also hope to present our findings in academic journals and at conferences, and to make sure
policy-makers are aware of anything important. In all cases, we’ll never report any individual’s
responses — only information at the group level.

And the photos? If you take a photo, we may try to classify it, either manually or using a computer
program, to add extra information about your immediate surroundings (for example, are there trees
visible?). If you explicitly agree — and we’ll check this with you for every photo — we may also feature
it on a public map at mappiness.org.uk.

Is it anonymous? Yes. We won’t know who you are. We don’t ask for your name or for any other
identifying information, and we don’t need your phone number to send notifications to your iPhone. In
principle, given enough responses, it might be possible to identify you from your location data, but we
promise we won’t try.



Is it confidential? Yes. We won’t disclose your data to any third party unless (1) we’re required by
law to do so, or (2) we do so under a strict contractual agreement with other academic researchers,
exclusively for the purpose of academic research at a recognised institution.

Is it secure? Yes. All communication between this app and our data store is over an SSL-encrypted
connection, the same kind used for online banking and shopping. The data store is a firewalled and
fully updated Linux server, accessible only over a secure connection.

Is it easy to get out of? Yes! Taking part is completely voluntary. You can withdraw at any time and
without giving a reason: just delete this app from your iPhone. You could also ask us to delete all your
data from our data store. Alternatively, you can take a break from the study by changing your
notifications per day to zero on the Settings screen within the app.

How much data does it use? Not much. Responding to a notification generally uses as much data as
sending a brief email (around 1KB). If you’re outdoors and take a picture, it’s more like viewing a
simple web page (15 — 20KB). Getting your status when you open the app uses less than 1KB.
Viewing your graphed responses uses about 3KB. So, if you respond to two beeps per day, and you
take a photo on 20% of these occasions, you’ll use about 350KB per month. (If you have an inclusive
data bundle, this is probably less than 0.1% of it.) You may want to turn off data when you’re abroad
(roaming), though, as this can be very expensive.

I’m not in the UK. Can | take part? You’re welcome to, but we may not use your data in our
research. And look out for the time difference when setting the hours when you can be beeped:
all times in the app are UK times (GMT or GMT+1).

I have another question... If there’s anything else you’d like to know, please contact
Dr George MacKerron or Dr Susana Mourato:
= Email George at george@mappiness.org.uk. You can do this right now: just tap the button at
the top right of this screen.
= Call us on +44 (0)20 3322 4466.
= Or write to us at the Dept. of Geography & Environment, London School of Economics,
Houghton Street, London WC2A 2AE.

Thank you!


tel:+442033224466

Surveys

The surveys span multiple screens, delineated
below by horizontal rules. Tapping an option

suffixed by >" immediately advances to the

next screen. The first screen has a ‘Cancel’
button that discontinues the questionnaire,

and each subsequent screen has a ‘Back’ but-
ton to return to the preceding screen.

Registration survey
Satisfaction
How satisfied are you with your life as a

whole nowadays?

Segmented control: (Notatall)1/2/3/ 4
/5/6/7/8/9/10 (Extremely)

Next >

Health

Is your health in general... ?
Excellent >

Very good >

Good >

Fair >

Poor >

Asthma

Do you suffer from asthma or other respirat-
ory disease?

Yes >

No >

Gender

Areyou... ?
Male >

Female >

Birth year

When were you born?

Scrolling picker: 1900 — 2010 (initial position:
1975)

Next >

Marriage

Areyou... ?

Never married >

Married and living with spouse >
Married but separated >
Divorced >

Widowed >

Please choose the first that applies, and treat Civil
Partnership like marriage

THIS SCREEN IS NOT SHOWN IF THE PARTICIPANT

’

ANSWERED 'MARRIED AND LIVING WITH SPOUSE
ABOVE

Relationship

And are you currently in a relationship?
Yes >

No >

Work status

Areyou... ?

Employed or self-employed >
In full-time education >
Retired >

Unemployed and seeking work >



Long-term sick or disabled >
Looking after family or home >

Other >

Adults

In your household, including yourself, are
there... ?

1 adult >

2 adults >

3 adults >

4 adults or more >

Please count as adults those aged 16 or above

Children

In your household, are there... ?
No children >

1 child >

2 children >

3 children >

4 children or more >

Please count as children those aged 15 or under

Household

Is your gross annual household income from
all sources... ?

Under £8,000 >

£8,000 — £11,999 >

£12,000 - £15,999 >

£16,000 — £19,999 >

£20,000 - £23,999 >

£24,000 - £31,999 >

£32,000 - £39,999 >

£40,000 - £55,999 >
£56,000 — £71,999 >
£72,000 — £95,999 >
£96,000 or more >

Don’t know >
Prefer not to say >

We’d be very grateful if you could answer this
question, since it's important to our research

Income change

Compared to 3 years ago, is your gross annual
household income now... ?

Higher than it was >

Just the same >

Lower than it was >

Don’t know >

Prefer not to say >

THIS SCREEN IS SHOWN ONLY IF THE PARTI-
CIPANT ANSWERED 'HIGHER THAN IT WAS" ABOVE

Income rise

And finally, compared to 3 years ago, is your
gross annual household income now. .. ?
Higher by up to £999 >

Higher by £1,000 — £1,999 >

Higher by £2,000 — £3,999 >

Higher by £4,000 — £7,999 >

Higher by £8,000 — £15,999 >

Higher by £16,000 or more >

Don’t know >

Prefer not to say >



THIS SCREEN IS SHOWN ONLY IF THE PARTI-
CIPANT ANSWERED 'LOWER THAN IT WAS’ ABOVE

Income fall

And finally, compared to 3 years ago, is your
gross annual household income now... ?

Lower by up to £999 >
Lower by £1,000 — £1,999 >
Lower by £2,000 — £3,999 >
Lower by £4,000 — £7,999 >
Lower by £8,000 — £15,999 >

Lower by £16,000 or more >

Don’t know >

Prefer not to say >

THE QUESTIONNAIRE DISMISSES ITSELF IMMEDI-
ATELY AFTER THIS SCREEN IS DISPLAYED

Finished

Thank you!

ESM survey
Feelings

Do you feel... ?

Happy
Slider: Not at all ... Extremely (initial posi-

tion: midpoint)

Relaxed
Slider: Not at all ... Extremely (initial posi-
tion: midpoint)

Awake
Slider: Not at all ... Extremely (initial posi-

tion: midpoint)

Next >

People

Please tick all that apply

Areyou... ?

Alone, or with strangers only >
Or are you with your... ?

[ ] Spouse, partner, girl/boyfriend
[

[ ] Other family members

Children

]
]
[ ] Colleagues, classmates
[ ] Clients, customers
[ ] Friends
[ ] Other people you know

Next >

Place

Areyou... ?
Indoors >
Outdoors >

In a vehicle >

Place (2)

And are you... ?
At home >

At work >
Elsewhere >

If you’re working from home, please choose At
home’

TAPPING "ADD OR EDIT NOTES' DISPLAYS A TEXT
ENTRY AREA WITH KEYBOARD — THE PARTI-
CIPANT TAPS 'DONE’ WHEN FINISHED TO RE-
TURN TO THIS SCREEN



Activities

Please tick all that apply

Just now, what were you doing?
[ ] Working, studying

[ ] In a meeting, seminar, class

[ ] Travelling, commuting

[ ] Cooking, preparing food

[ ] Housework, chores, DIY

[ ] Admin, finances, organising
[ ] Shopping, errands

[ ] Waiting, queueing

[ ] Childcare, playing with children

[ ] Pet care, playing with pets
[ ] Care or help for adults
[ ] Sleeping, resting, relaxing

[ ] Sick in bed

[ ] Meditating, religious activities

[ ] Washing, dressing, grooming
[ ] Intimacy, making love

[ ] Talking, chatting, socialising
[ ] Eating, snacking

[ ] Drinking tea/coffee

[ ] Drinking alcohol

[ ] Smoking

[ ] Texting, email, social media
[ ] Browsing the Internet

[ ] Watching TV, film

[ ] Listening to music

[ ] Listening to speech/podcast
[ ] Reading

[ ] Theatre, dance, concert

[ ] Exhibition, museum, library
[ ] Match, sporting event

[ ] Walking, hiking

[ ] Sports, running, exercise

[ ] Gardening, allotment

[ ] Birdwatching, nature watching

[ ] Hunting, fishing

[ ] Computer games, iPhone games
[ ] Other games, puzzles

[ ] Gambling, betting

[ ] Hobbies, arts, crafts

[ ] Singing, performing

[ ] Something else
Add or edit notes

Next >

BY DEFAULT, THIS DIGITAL CAMERA SCREEN IS
SHOWN ONLY WHEN OUTDOORS

Please take a photo straight ahead

Or tap Cancel to skip this step

THIS SCREEN IS SHOWN ONLY IF A PHOTO WAS

TAKEN

Map

Add this photo to the public map?
Yes >

No >

THIS SCREEN IS SHOWN ONLY WHEN OUTDOORS
AND IN THE RARE EVENT THAT GPS LOCATION
ACCURACY IS STILL WORSE THAN 100M. IT
ADVANCES AUTOMATICALLY WHEN ACCURACY
REACHES 100M OR 60 SECONDS HAS ELAPSED.

Location

Improving location accuracy

Skip >



THE QUESTIONNAIRE DISMISSES ITSELF IMMEDI-
ATELY AFTER THIS SCREEN IS DISPLAYED

Finished

Thank you!
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