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Human feelings measured in integers (my happiness is an 8 out of 10, my pain 2 out of 6 )
have no objective scientific basis. They are “made-up” numbers on a scale that does not
exist. Yet such data are extensively collected—despite criticism from, especially, econo-
mists—by governments and international organizations. We examine this paradox. We
draw upon longitudinal information on the feelings and decisions of tens of thousands of
randomly sampled citizens followed through time over four decades in three countries
(n = 700,000 approximately). First, we show that a single feelings integer has greater
predictive power than does a combined set of economic and social variables. Second, there
is a clear inverse relationship between feelings integers and subsequent get-me-out-of-here
actions (in the domain of neighborhoods, partners, jobs, and hospital visits). Third, this
feelings-to-actions relationship takes a generic form, is consistently replicable, and is fairly
close to linear in structure. Therefore, it seems that human beings can successfully opera-
tionalize an integer scale for feelings even though there is no true scale. How individuals
are able to achieve this is not currently known. The implied scientific puzzle—an inher-
ently cross-disciplinary one—demands attention.

happiness j pain j satisfaction j survey design j validity

This paper studies the connection between feelings and actions. It uses cross-country
longitudinal data (n = 700,000 approximately) to address a scientific enigma. The
paper documents a foundational empirical pattern that has a consistent structure across
diverse domains of life.
We begin with the following paradox. Today, large amounts of information are

collected on feelings. Physicians ask patients to rate the level of their pain on a numerical
scale (1, 2). The United Kingdom’s Office for National Statistics requires hundreds of
thousands of citizens to answer life-satisfaction and happiness questions using a 0 to 10 scale
(3). Multinational corporations email their customers to ask how satisfied they feel with
purchases and quiz their own workers in job-satisfaction surveys. The world’s largest job-
search site, Indeed.com, collects integers on employees’ happiness, scored out of 100, across
thousands of workplaces.
Yet there is no empirical scale for feelings. Units of measurement do not exist for

pain or happiness. Scientifically, a feelings integer is a “made-up” number. Critics argue
that an analysis with such numbers is quasi-science and that integers for human feelings
have no persuasive meaning.
Why, therefore, would organizations and governments want to collect these kinds of

numerical scores? One possibility—as a scientific hypothesis—is that human beings are
able to choose their integers in some well-founded, if currently poorly understood,
way. Whether subconsciously or not, people may have a sense of an actual underlying
scale for their innermost feelings, and their answers might trace out that scale. But
could that be true? This paper offers evidence that suggests the answer is yes.
This paper is designed as a contribution to two types of scientific reader. The first, and

principal, potential reader is a general scientist who is unfamiliar with, and skeptical of, the
integers stated by humans in response to questions about their feelings. Initial disbelief in
such numbers is appropriate for research scientists. For these readers, our aim is to provide
what we hope is even-handed evidence on the power of made-up feelings integers.
The second type of potential reader is a researcher who wishes to use numerical informa-

tion on feelings. For this latter group of readers (the literature includes refs. 4–16), who are
less numerous in the broad scientific community and who already have to defend their
work to nonbelieving colleagues, the intended contribution of the paper is a broader one.
It is to offer a systematic testing method and uniform style of evidence base that is inspired
by isolated findings in the early research literature. The paper’s unified approach uncovers
a noticeable empirical consistency—visible in the paper’s later graphs.
The rationale for the paper’s testing method is that an individual’s internal feelings

are intrinsically uncheckable in any direct way. People’s subsequent actions, however,
can potentially unveil inner feelings. That is the idea upon which the paper builds.

Significance

Human feelings cannot be
expressed on a numerical scale.
There are no units of
measurement for feelings.
However, such data are
extensively collected in the
modern world—by governments,
corporations, and international
organizations. Why? Our study
finds that a feelings integer (like
my happiness is X out of 10) has
more predictive power than a
collection of socioeconomic
influences. Moreover, there is a
clear link between those feelings
numbers and later get-me-out-of-
here actions. Finally, the feelings-
to-actions relationship appears
replicable and not too far from
linear. Remarkably, therefore,
humans somehowmanage to
choose their numerical answers in
a systematic way as though they
sense within themselves—and can
communicate—a reliable
numerical scale for their feelings.
How remains an unsolved puzzle.
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Our analysis draws on longitudinal data from three nations.
The objective was to assess whether there is evidence of a ubiq-
uitous connection between feelings integers and what might be
termed get-me-out-of-here actions. Such actions, explained more
fully below, are where individuals choose to leave their current
setting (in whatever domain of life). These are of special inter-
est to scientific researchers because get-me-out-of-here actions
can be taken to be unambiguous signals of latent human dissat-
isfaction with the prior status quo.
Scholars in many social science disciplines have discussed the

analytical difficulties with feelings data (10, 17). Research has
also shown i) that certain kinds of reported feelings are corre-
lated with neurological and physiological outcomes (18–20).
By its very nature, however, most of this work does not estab-
lish that feelings data are valid measures. In order to conclude,
for example, that happiness can be observed in a certain part of
the brain or bloodstream, it is necessary to begin by assuming
that reported happiness numbers are meaningful. It is further
known ii) that there is a statistical link between feelings data
and much-later human outcomes, such as longevity, health,
and future earnings (12, 18, 21); however, this literature is of a
conceptually different kind, and although it valuably establishes
that people’s answers are not random numbers, it cannot fulfill
the corroborative objective of the current paper. Research has
also found iii) that the intensity of smiling in the current period
is correlated with well-being scores approximately 2 years later
(22), iv) that observed expenditure shares on food are associated
with shares predicted by life-satisfaction data (23), and that
v) adjusted life-satisfaction rankings of US states are correla-
ted with a ranking implied by a compensating-differentials
model that uses objective data (24). Finally, it is known vi) that
young doctors’ rankings of hospital residency locations and
their reported levels of future anticipated happiness are corre-
lated (6).
Critics believe that none of these studies yield general and

definitive evidence on the believability of feelings integers. It is
not possible to be sure that integers correspond reliably to
internal mental states.
This may explain why the discipline of economics, for example,

is still resistant to the use of numerical information on feelings
(25–27). Other kinds of scientific investigators often take a differ-
ent view. Psychology textbooks routinely draw upon data on
human feelings. An example from the field of medicine is the pre-
sumption, as in refs. 1 and 2, that it is valuable to ask patients to
rate their pain numerically. Another example from sociology is
encapsulated in the so-called Thomas theorem (28), which states
that if we define something as real or believe that something is
real, it will genuinely be real in its consequences. Finally, some
researchers suggest that feelings integers primarily reflect a frame
of reference determined by social comparisons and past experien-
ces (5, 29, 30).
Economists’ contrasting and long-standing mistrust may be

due to a belief that data on human feelings carry little or no
reliable predictive power. Milton Friedman—an early recipient
of the Nobel Prize in Economics—suggested in a classic article
on scientific methodology (31) that the ability to predict should
be the fundamental benchmark for the assessment of scientific
success. Consciously, we later follow Friedman’s strictures.
Inspired by early disparate findings about a potential link

between subjective responses and behavior (32–37), we attempted
to provide a unified framework to check and demonstrate the
power of feelings integers. Different kinds of satisfaction data are
observed at time t , and get-me-out-of-here behavior is observed at
time t + 1. We compared the performance of our models against

a set of standard socioeconomic variables. The analysis used data
from the United Kingdom, Germany, and Australia. It examined
the relationship between get-me-out-of-here “exit” behavior and
satisfaction in four domains: housing, intimate partnerships, jobs,
and health.

Results

How empirically informative are these kinds of made-up feel-
ings numbers? The paper’s first calculation addresses this ques-
tion. As shown in the righthand column of Table 1, feelings
data here offer somewhat better predictive power (of subse-
quent observable actions) than do a combined set of standard
economic and social variables. These economic and social varia-
bles include household income, relative income, employment
status, establishment size, homeownership status, household
size, number of children, marital status, education, and sets of
region dummies. Of course, the extent to which these variables
reflect the status quo varies. Income, for example, is an objec-
tive characteristic of jobs. Region dummies capture housing
characteristics, and children are, in a sense, a characteristic of
respondents’ marriage. However, we did not control for objec-
tive health variables; it was not possible to do that in a consis-
tent way across countries and years.

Full regression results are given in SI Appendix, Tables
S5–S8.

In Table 1, we rely on a simple comparison of adjusted
R-squared levels. However, the central finding is unchanged if
we switch to other goodness-of-fit criteria (such as the mean
squared error or “within” R-squared, as shown in SI Appendix,
Table S3). Table 1 adjusts throughout for individual and survey
wave fixed–effects, as well as for the age of the respondent.

It might be fair-minded to point out that in a few cases within
Table 1 the feelings-integer predictive power is not substantially
greater than that of the socioeconomic variables. A purist could
also reasonably argue that 9 successes out of 12 is not a clinching
statistical margin. Yet, that kind of reaction should perhaps be in
seen in perspective. The key point is that a single made-up feelings
number entered linearly in a regression performed fairly impres-
sively when compared against a group of objective economic and
social variables entered together in a regression. This even occurred
when the included “objective” variables were a direct characteristic
of the domain status quo in question (e.g., in the case of incomes
in the domain of work).

Because there are institutional differences across nations—for
example, in the way that housing and labor markets operate
and also in divorce laws, we did not attempt comparisons of
R-squared levels between one country and another.

It would be possible, of course, to combine feelings variables
and socioeconomic variables within a regression equation. In a
sense, that is what we did next.

The paper’s second substantive finding is illustrated in Figs.
1–3. For each country, the upper-half diagram, such as that
given in Fig. 1A, depicts a correlation between a feelings integer
and a subsequent observed action. The matching lower diagram
(e.g., Fig. 1B) then gives the full regression-corrected pattern
(these are within-person longitudinal findings). Evidence is
repeated across countries, illustrating the relationships between
integer feelings and actions in the United Kingdom, Germany,
and Australia. For completeness, SI Appendix, Tables S9–S11
lay out the details of the underlying regression tables.

Each figure’s quadrant plots the relationship between a satisfac-
tion level in year t and an outcome in year t + 1. Patterns are
presented here for four types of categories: moving dwellings,
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changing intimate partners, leaving jobs, and hospital visits. Of
course, it would be sensible in the latter case to accept that the
case of hospital visits is sometimes the result of a physician or
family member taking a get-her/him-out-of-here decision. The
graphs reveal a distinctive link between the integers that people
state (about inner feelings) and what we have termed get-me-out-
of-here actions.
For example, in the upper-left corner of Fig. 1 A and B, using

data from the United Kingdom, the numbers 0.05…0.25 on the
vertical axis correspond to the probabilities 5%…25% of a per-
son moving away from his or her current dwelling. Satisfaction
with housing measured in the previous period is treated as an inte-
ger on the horizontal axis. As shown in Fig. 1A , which shows the
unadjusted correlation, the relationship is downward sloping,
tightly defined statistically, and fairly close to linear in Probability/
Satisfaction space (a formal check on the amount of divergence
from linearity is presented in SI Appendix, Table S4). Even at this
elementary level, therefore, it appears there is a great deal of sys-
tematic informational content in the integers offered by humans
in surveys. These made-up numbers seem to have a notable degree
of predictive ability.
Fig. 1B, in the lower half of the page, does the equivalent in

a more complete way. The estimation is by fixed-effects equa-
tions, and a large number of independent variables (i.e., longi-
tudinal covariates) are included in each regression equation.
The outcome variables and independent variables are time
varying. They are measured over large numbers of years, as
detailed in the legends of the figures. Fig. 1B is within-person
in a fully general sense: It adjusts for an individual’s changing
year-on-year income, including marital circumstances, number
of children, and other variables. These fixed-effects analyses

therefore set a higher bar for statistical persuasiveness. In our
context, the fixed-effects regressions are conditioning on each
respondent’s exit probability across the entire observation
period. Such conditioning implies that we estimate how devia-
tions from a respondent’s average satisfaction level relate to
deviations in a respondent’s average exit probability.

The pattern in Fig. 1B remains almost identical to that in
Fig. 1A. This again suggests, as with the elementary approach
of Fig. 1A, that feelings integers are here playing a reliable and
substantial role as a predictor.

In the paper’s figures, some degree of generalizability is evident.
For the United Kingdom, Fig. 1 A and B look noticeably similar
across all life domain quadrants; that is, we see a very similar con-
nection between feelings and actions in the domains of changing
dwelling, change of partner, job change, and hospital visit. In each
of these, an integer level of satisfaction is an inverse, monotonic,
and tightly defined predictor of what will happen in the subse-
quent period. Except in the case of the quadrant for partnership
dissolution, the relationships in these eight graphs look perhaps
surprisingly close to linear (though not literally so).

Diagrammatic results are provided for two further nations. Fig. 2
A and B repeat the graphical procedure for the German data. Each
time, the patterns that emerged were remarkably similar. Equivalent
graphs for Australia are depicted in Fig. 3. Overall in these three
countries, the integers chosen by randomly sampled individuals
when asked about their feelings (with different aspects of life) are
close to monotonic and relatively linear predictors of subsequent
actions. A degree of generality applies across domains of life and
for the three industrialized nations. It seems scientifically important
eventually to know, and yet currently we do not, whether the
observed pattern also holds in poorer, developing countries.

Table 1. Get-me-out-of-here actions: Evidence of the greater predictive power of a single feelings
integer compared with a combined set of standard economic and social variables

Integer satisfaction* Socioeconomic variables† Which has greater predictive power?

Housing
Germany 0.091 0.089 Integer satisfaction
United Kingdom 0.177 0.173 Integer satisfaction
Australia 0.195 0.220 Socioeconomic variables

Partner separation
Germany 0.154 0.151 Integer satisfaction
United Kingdom 0.192 0.180 Integer satisfaction
Australia 0.193 0.191 Integer satisfaction

Job
Germany 0.103 0.090 Integer satisfaction
United Kingdom 0.044 0.020 Integer satisfaction
Australia 0.200 0.186 Integer satisfaction

Hospitalization
Germany 0.135 0.132 Integer satisfaction
United Kingdom 0.162 0.165 Socioeconomic variables
Australia 0.127 0.129 Socioeconomic variables

More predictive models are indicated in column 3. Satisfaction is measured each time in the year before the observed action (i.e., moving house, partner
separation, changing job, moving to hospital). The datasets are longitudinal and cover 34 years of annual observations in Germany, 25 years in the United
Kingdom, and 20 years in Australia. Note: The numbers in the columns are R-squared values. A larger adjusted R-squared, as indicated in green in the third column,
implies higher predictive performance by a feelings integer. It can be seen that in 9 of 12 cases, a single value of integer satisfaction has higher explanatory power
in predicting subsequent actions than does a set of economic and social variables. The regression equations that lie behind column 1 and column 2 include
individual fixed-effects, age, age2, age3, and wave dummies. In column 1, integer satisfaction is entered linearly as a simple variable. In column 2, for the
socioeconomic models, the equation uses a combined set of variables that are all included at the same time as independent variables: log household income, log
relative income, self-employment, ln(#adults), ln(1+#children), marital status, childbirth, employment status, firm size, education, and state dummies. Satisfaction
here is a scalar-valued variable. It is not entered as a set of satisfaction dummy variables (which, mechanically, would have even greater explanatory power). Data
for the United Kingdom are taken from the UKHLS covering 1996 to 2020. German data are sourced from the SOEP between 1984 and 2018. Australian data
are from the HILDA study, with years from 2001 to 2020. Samples sizes: Germany n = 274,618 (job), n = 279,509 (housing), n = 137,807 (partner separation), and
n = 420,970 (hospitalization). United Kingdom n = 48,698 (job), n = 110,143 (housing), n = 74,115 (partner separation), and n = 222,384 (hospitalization). Australia
n = 141,350 (job), n = 231,867 (housing), n = 139,738 (partner separation), and n = 47,041 (hospitalization).
*Entered as a single integer.
†Entered as a group of variables.
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It should be emphasized that strict linearity of the function
in Figs. 1–3, does not hold in our data. Instead, there is evi-
dence in the figures of some degree of convexity.
How far do the statistical relationships diverge from being

strictly linear functions? Not far, on balance, in our judgment.
SI Appendix, Table S4 gives the adjusted R-squared values for
several specifications that model the association between exit
behavior and satisfaction. It can be seen that rather little addi-
tional explanatory power is gained when allowing for potential
nonlinearities. This seems notable. It implies that, especially in
the parts of the scale where most of the integer responses lie in
the general population (i.e., between scores 7 and10 for most
Australian and German data and scores 4 to 7 for UK data),
the association between exit behavior and satisfaction is moder-
ately well approximated by a linear equation.

Discussion

This paper is a longitudinal study of feelings integers and get-me-
out-of-here actions. It is written with two audiences in mind: gen-
eral scientists who are (appropriately) skeptical of feelings integers
and area specialists who have to work with and defend such data.

Feelings matter intensely to humans. Therefore, it seems natural
and arguably essential for scientists to study feelings data.
Although conventional economics has traditionally spurned such
data, one strand in the general style of our argument has been dis-
cussed before by labor economists. They have demonstrated in
cross-sectional estimations for the United States and United King-
dom that a low level of job satisfaction is associated with job sepa-
rations (33, 34). More broadly, economists distinguish between
“decision utility,” a representation of observable choice behavior,
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Fig. 1. The predictive power of a feelings integer: United Kingdom. (A) Uncorrected correlations. (B) Fixed-effects regression-corrected correlations. Notes:
These figures depict the relationship between a person’s chosen satisfaction integer in year t and a subsequent action in year t+1 by the person. A “cubic”
specification here denotes a regression on a cubic in the integer value of satisfaction. A “nonparametric” specification denotes a regression on a full set of
dummies for each stated level of satisfaction. Logit equations are given in the SI Appendix.
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and “experienced utility,” which represents the unobserved quality
of an individual’s feelings. Within the economist’s rational-agent
framework, it is typically taken as axiomatic that decision utility
and experienced utility coincide. In line with this, we showed that
integer reports about experienced utility are—across multiple
domains and countries—monotonically associated with the pro-
pensity for taking a get-me-out-of-here action. Therefore, integer
feelings data and decision utility do seem to be tightly and consis-
tently associated. However, we here cannot—and do not—argue
that integer assessments are literally used in behavioral choices.
Our hope is that the paper’s findings will help in this area to

bridge the current intellectual fissure between economics and
psychology (and other disciplines). Using annual data on indi-
viduals from different nations over many decades, the paper
illustrates the following points:

• In four domains of human life, a single feelings integer has
more predictive power than a combined set of objective eco-
nomic and social variables.

• There is an inverse relationship between these integers
and subsequent get-me-out-of-here actions (in the domain
of neighborhoods, intimate partners, jobs, and hospital
visits).

• The relationship between feelings and actions is approxi-
mately monotonic and fairly close to linear.

• There is evidence—visible in the replicability across the
paper’s graphs—of a previously undiscovered degree of con-
sistency in feelings-action patterns across different domains.

In conclusion, human beings can apparently operationalize a
reliable numerical scale for unmeasurable inner emotions. How
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Fig. 2. The predictive power of a feelings integer: Germany. (A) Uncorrected correlations. (B) Fixed-effects regression-corrected correlations. Notes: These
figures depict the same kind of relationship between a person’s chosen satisfaction integer in year t and a subsequent action in year t+1 as also shown in
Fig. 1. Here, results for Germany are shown. Logit equations are given in the SI Appendix.
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they do this, using made-up integers on a scale that does not
truly exist, is currently unknown. It demands further scientific
investigation.

Materials and Methods

We estimated regression-equation models of a given exit behavior on a domain-
specific integer satisfaction variable. In each case, satisfaction variables were
coded so that a larger integer indicates a higher level of satisfaction.

In the main, we concentrated on linear probability models estimated by ordi-
nary least squares. Linear probability models have not only known disadvantages
but also the important merit of allowing for the inclusion of individual fixed
effects, which makes it possible to control for time-invariant, unobserved hetero-
geneity across respondents (e.g., unobserved familial background). However,
Logit specifications as an alternative bivariate-outcome approach are reported in
the SI Appendix. They produce the same conclusions.

Integer feelings variables are responses to simple questions such as “How
satisfied are you with your housing?” where answers are recorded on an integer
scale that here either ranged from 0 to 10 (in the German and Australian cases)
or from 1 to 7 (in the UK case). In all cases, the variables were coded so that
higher numbers indicated greater satisfaction. Response rates were high for
these questions in our data. Across the three countries and the different well-
being questions, the nonresponse rate averaged ∼2%. This seems to suggest
that most respondents found it straightforward to translate their feelings/judg-
ments (which have no natural units) into numbers.

Three nationally representative longitudinal datasets were used. The data are
annual. Data for the United Kingdom were taken from the UK Household Longi-
tudinal Study (UKHLS) covering 1996 to 2020. German data were sourced from
the Socio-Economic Panel (SOEP) between 1984 and 2018. Australian data were
from the Household, Income and Labour Dynamics (HILDA) study, with years
from 2001 to 2020. Not all relevant variables were observed in every year. Our
sample sizes ranged from 47,041 (Australia; Hospitalizations) to 429,631
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Fig. 3. The predictive power of a feelings integer: Australia. (A) Uncorrected correlations. (B) Fixed-effects regression-corrected correlations. Notes: These
figures depict the same kind of relationship between a person’s chosen satisfaction integer in year t and a subsequent action in year t+1 as also shown in
Fig. 1. Here, results for Australia are shown. Logit equations are given in the SI Appendix.
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(Germany; Hospitalizations). SI Appendix, Tables S1 and S2 provide descriptive
material; they give the means and SDs of the key variables in our datasets.

The means on the get-me-out-of-here variables in SI Appendix, Table S1 are
the observed rate of “exiting” in each of our four domains. In ∼10% of cases
each year, respondents changed their job, stayed in a hospital, or changed their
residence (in Germany, it should be noted, we could only observe movements of
the household head, and that appears to be why the observed rate of changing
residences is lower, at 2.4%, in the German data).

The observed annual partnership dissolution rate in SI Appendix, Table S1 is
lower; it is ∼1–2% per year. Across the four domains, the survey respondents
tended, on the numerical scale, to be most satisfied with their partners (in line
with the comparatively low exit rate) and to be least satisfied with their health.
The German and Australian surveys used the same 11-point scale for job, hous-
ing, and partner satisfaction. From these comparisons, we saw that in each of
the domains, Australian citizens appeared to be more satisfied than German citi-
zens. In the UK data, a 7-point scale was used.

Only those above age 18 years were included in our analysis. For specific
domains, we imposed some additional sample restrictions: Concerning job quits,
only those who were currently working or who had been working in the previous
period were included. For partner separations, only those who were either cur-
rently married or in a partnership or who had been in a marriage/partnership in
the previous period were included. For Germany, information on housing
changes were only available for the household head. Because satisfaction data

were not always available, the number of years covered slightly varied across
domains. SI Appendix, Table S1 provides the exact coverage years.

Finally, in an appendix within the SI Appendix, we provide a brief calculus state-
ment. The model there has a straightforward implication: Consistent with intuition,
exit behavior at t + 1 monotonically declined with latent (i.e., unobserved) satisfac-
tion at t. Therefore, if exit behaviors were to monotonically decline in reported
(i.e., observed) satisfaction integers, it would imply that respondents were indeed
able to implement a numerical scale for their satisfaction. In this case, latent and
reported feelings may approximately coincide in empirical practice.

Data, Materials, and Software Availability. Some study data are available.
Data for the United Kingdom are taken from the UKHLS covering 1996 to 2020.
German data are sourced from the SOEP between 1984 and 2018. Australian
data are from the HILDA study, with years from 2001 to 2020. These datasets
are widely accessible for researchers, but we are not permitted to repost these
datasets to a repository.

ACKNOWLEDGMENTS. For helpful suggestions, we thank Amanda Goodall,
John Helliwell, Matt Killingsworth, Laura Kubzansky, Brian Nolan, Nick Powdtha-
vee, Neil Stewart, and Nhat An Trinh. All errors are our own. Financial support
from i) the Oxford Wellbeing Centre, ii) the Economic & Social Research Council
through the CAGE Centre at Warwick University, and iii) the Institute for New
Economic Thinking through European Research Council Grant Agreement No.
856455 is gratefully acknowledged.

1. A. K. Chang, P. E. Bijur, D. Esses, D. P. Barnaby, J. Baer, Effect of a single dose of oral opioid and
non-opioid analgesics on acute extremity pain in the emergency department: A randomized
clinical trial. JAMA 318, 1661–1667 (2017).

2. The British Pain Society, Outcome measures. https://www.britishpainsociety.org/static/uploads/
resources/files/Outcome_Measures_January_2019.pdf. Accessed 1 March 2022.

3. Office for National Statistics, Well-being. https://www.ons.gov.uk/
peoplepopulationandcommunity/wellbeing. Accessed 1 March 2022.

4. A. V. Whillans, E. W. Dunn, P. Smeets, R. Bekkers, M. I. Norton, Buying time promotes happiness.
Proc. Natl. Acad. Sci. U.S.A. 114, 8523–8527 (2017).

5. R. A. Easterlin, Does Economic Growth Improve the Human Lot? Some Empirical Evidence. Nations
and Households in Economic Growth: Essays in Honor of Moses Abramovitz, P. A. David, M. W.
Reder, Eds. (Elsevier, New York, 1974), pp. 89–125.

6. D. J. Benjamin, O. Heffetz, M. S. Kimball, A. Rees-Jones, Canmarginal rates of substitution be inferred
from happiness data? Evidence from residency choices. Am. Econ. Rev. 104, 3498–3528 (2014).

7. A. E. Clark, Four decades of the economics of happiness: Where next? Rev. Income Wealth 64,
245–269 (2018).

8. M. A. Killingsworth, Experienced well-being rises with income, even above $75,000 per year.
Proc. Natl. Acad. Sci. U.S.A. 118, e2016976118 (2021).

9. C. Graham, K. Laffan, S. Pinto, Well-being in metrics and policy. Science 362, 287–288 (2018).
10. E. Diener, S. Oishi, L. Tay, Advances in subjective well-being research. Nat. Hum. Behav. 2,

253–260 (2018).
11. R. Perez-Truglia, The effects of income transparency on well-being: Evidence from a natural

experiment. Am. Econ. Rev. 110, 1019–1054 (2020).
12. J.-E. De Neve, A. J. Oswald, Estimating the influence of life satisfaction and positive affect on later

income using sibling fixed effects. Proc. Natl. Acad. Sci. U.S.A. 109, 19953–19958 (2012).
13. K. Fliessbach et al., Social comparison affects reward-related brain activity in the human ventral

striatum. Science 318, 1305–1308 (2007).
14. C. Kaiser, People do not adapt. New analyses of the dynamic effects of own and reference income

on life satisfaction. J. Econ. Behav. Organ. 177, 494–513 (2020).
15. M. Br€uning, Separations of romantic relationships are experienced differently by initiators and

noninitiators. Proc. Natl. Acad. Sci. U.S.A. 119, e2020901119 (2022).
16. R. Di Tella, R. MacCulloch, Some uses of happiness data in economics. J. Econ. Perspect. 20,

25–46 (2006).
17. C. Kaiser, Using memories to assess the intrapersonal comparability of wellbeing reports.

J. Econ. Behav. Organ. 193, 410–442 (2022).
18. E. L. Idler, Y. Benyamini, Self-rated health and mortality: A review of twenty-seven community

studies. J. Health Soc. Behav. 38, 21–37 (1997).

19. A. Steptoe, J. Wardle, M. Marmot, Positive affect and health-related neuroendocrine,
cardiovascular, and inflammatory processes. Proc. Natl. Acad. Sci. U.S.A. 102, 6508–6512
(2005).

20. H. L. Urry et al., Making a life worth living: Neural correlates of well-being. Psychol. Sci. 15,
367–372 (2004).

21. J. K. Boehm, L. D. Kubzansky, The heart’s content: The association between positive psychological
well-being and cardiovascular health. Psychol. Bull. 138, 655–691 (2012).

22. J. P. Seder, S. Oishi, Intensity of smiling in Facebook photos predicts future life satisfaction.
Soc. Psychol. Personal. Sci. 3, 407–413 (2012).

23. R. Perez-Truglia, A Samuelsonian validation test for happiness data. J. Econ. Psychol. 49, 74–83
(2015).

24. A. J. Oswald, S. Wu, Objective confirmation of subjective measures of human well-being:
Evidence from the U.S.A. Science 327, 576–579 (2010).

25. M. Bertrand, S. Mullainathan, Do people mean what they say? Implications for subjective survey
data. Am. Econ. Rev. 91, 67–72 (2001).

26. T. N. Bond, K. Lang, The sad truth about happiness scales. J. Polit. Econ. 127, 1629–1640 (2019).
27. C. Schr€oder, S. Yitzhaki, Revisiting the evidence for cardinal treatment of ordinal variables.

Eur. Econ. Rev. 92, 337–358 (2017).
28. W. I. Thomas, D. S. Thomas, The Child in America: Behavior Problems and Programs

(Knopf, New York, 1928).
29. R. A. Easterlin, Income and happiness: Towards a unified theory. Econ. J. (Lond.) 111, 465–484

(2001).
30. M. Steffel, D. M. Oppenheimer, Happy by what standard? The role of interpersonal and

intrapersonal comparisons in ratings of happiness. Soc. Indic. Res. 92, 69–79 (2009).
31. M. Friedman, “The methodology of positive economics” in Essays in Positive Economics,

M. Friedman, Ed. (University of Chicago Press, Chicago, 1953).
32. H. Koivumaa-Honkanen et al., Life satisfaction and suicide: A 20-year follow-up study.

Am. J. Psychiatry 158, 433–439 (2001).
33. R. Freeman, Job satisfaction as an economic variable. Am. Econ. Rev. 68, 135–141 (1978).
34. A. E. Clark, What really matters in a job? Hedonic measurement using quit data. Labour Econ. 8,

223–242 (2001).
35. C. J. Charpentier, J. E. De Neve, X. Li, J. P. Roiser, T. Sharot, Models of affective decision making:

How do feelings predict choice? Psychol. Sci. 27, 763–775 (2016).
36. N. Powdthavee, I can’t smile without you: Spousal correlation in life satisfaction. J. Econ. Psychol.

30, 675–689 (2009).
37. M. B. Frisch et al., Predictive and treatment validity of life satisfaction and the quality of life

inventory. Assessment 12, 66–78 (2005).

PNAS 2022 Vol. 119 No. 42 e2210412119 https://doi.org/10.1073/pnas.2210412119 7 of 7

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//w

w
w

.p
na

s.
or

g 
by

 2
.2

17
.9

5.
24

8 
on

 O
ct

ob
er

 4
, 2

02
2 

fr
om

 I
P 

ad
dr

es
s 

2.
21

7.
95

.2
48

.

http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2210412119/-/DCSupplemental
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2210412119/-/DCSupplemental
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2210412119/-/DCSupplemental
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2210412119/-/DCSupplemental
http://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2210412119/-/DCSupplemental
https://www.britishpainsociety.org/static/uploads/resources/files/Outcome_Measures_January_2019.pdf
https://www.britishpainsociety.org/static/uploads/resources/files/Outcome_Measures_January_2019.pdf
https://www.ons.gov.uk/peoplepopulationandcommunity/wellbeing
https://www.ons.gov.uk/peoplepopulationandcommunity/wellbeing

