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Economists routinely use survey measures of, for example, risk preferences, trust, political 

attitudes, or wellbeing. The literature generally treats numerical response categories as 

if they represent equal psychological intervals. We provide the first systematic test of 

this assumption, developing a general framework to quantify how easily results can be 

overturned when this linearity assumption is relaxed. Using original experimental data, we 

show that respondents interpret survey scales in ways that do deviate from linearity, but 

only mildly. Focusing on wellbeing research, we then replicate 30,000+ coefficient estimates 

across more than 80 papers published in top economics journals. Replicated coefficient 

signs are remarkably robust to mild departures from linear scale-use. However, statistical 

inference and estimates of relative effect magnitudes become unreliable, even under 

modest departures from linearity. This is especially problematic for policy applications. We 

show that these concerns generalise to many other widely used survey-based constructs.
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1 Introduction

Ordered response scales are ubiquitous in economics, but their interpretation rests on an

untested assumption: that numerical labels reßect equal psychological intervals. The con-

tribution of this paper is to provide the Þrst systematic test of this assumption, developing

a general framework to quantify how easily empirical results can be overturned when this

linearity assumption is relaxed. Using original experimental data, we show that respondents

use survey scales in ways that deviate from linearity, but only mildly so. We then replicate

30,000+ coe! cient estimates across more than 80 papers published in top economics journals.

Coe! cient signs are remarkably robust to the mild departures from linear scale-use we doc-

ument experimentally. However, estimates of relative e" ect magnitudes Ñ which are crucial

for policy applications Ñ are highly unreliable even under these modest non-linearities.

Across the social sciences, ordered response scales, or ÔLikert scalesÕ, are the default

instrument for measuring latent constructs like political preferences, risk attitudes, wellbeing,

trust, etc. These scales are easy to administer and, for many disciplines, have proved pivotal

for answering questions that cannot otherwise be answered with behavioral data. Yet, some

scepticism, especially among economists, remains over the validity and use of Likert scale

measures. Three concerns underlie such scepticism. TheÞrst concern focuses on whether

commonly used survey items really do capture the underlying constructs of interest Ñ such

as attributes of utility functions (e.g. risk aversion) or utility itself (e.g., subjective wellbeing

as a proxy for ßow-utility). See e.g. Bertrand and Mullainathan (2001) or Benjamin et al.

(2023a). Thesecond concern asks whether responses can be compared meaningfully between

people and over time: does a reported Ò6 out of 10Ó mean the same for you as for me, or

for me today as for me a year ago? See e.g. Angelini et al. (2014), Fabian (2022), Kaiser

(2022), or Prati and Senik (2025). Thethird concern involves the relationship between the

numerical labels that researchers attach to ordered response categories (i.e., Ò1Ó, Ò2Ó, Ò3Ó,

etc.) and how these map onto the unobserved latent variable that researchers are trying to

measure.

We focus on the third concern. The core issue is this:we do not know the functional form

of the relationship between reported scale values and the underlying latent variable. Even if all

respondents use the scale in approximately the same way, does a one-unit di" erence on the

response scale represent the same magnitude of change in the latent variable across all parts

of the scale? Or is this relationship non-linear, with di" erences between certain response

categories representing larger gaps in the underlying construct than others?

Although this problem, of course, applies to any construct measured with Likert scales,

much of the methodological work focused on wellbeing. Among the Þrst to address this issue
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is Ferrer-i Carbonell and Frijters (2004), who showed that coe! cients estimated from an

ordered logit or probit regression are very similar to estimated based on OLS regressions.

Nevertheless, Oswald (2008) highlighted how a potentially non-linear Òreporting functionÓ

(i.e. the mapping from underlying states to survey responses) could distort estimates of

non-linear e" ects, such as estimates of the curvature of the income-to-wellbeing relationship.

That paper also provided some empirical evidence to suggest that the reporting function

is close to linear. Focusing on signs of coe! cient estimates, Schr¬oder and Yitzhaki (2017)

provided conditions under which single-covariate regression results can be sign-reversed when

allowing for a non-linear reporting functions. They also showed that such sign reversal can

indeed occur in practice; as did Bloem (2022) who broadened the analysis to a broader

broader class of non-linear functions.

Bond and Lang (2019) generalized these concerns. They demonstrated that virtually

all empirical Þndings based on Likert scales can be reversed via appropriate monotonic

transformations of the response scale. They argued that without strong assumptions about

the distribution of the latent concept within response categories and about the functional

form of the reporting function, it is impossible to draw deÞnitive conclusions about the

sign of di" erences between groups. In turn, Kaiser and Vendrik (2023) identiÞed e" ect

heterogeneities across the distribution of wellbeing as the underlying mechanism that drives

potential sign reversals. They derived a general condition under which coe! cients in OLS

regressions with multiple covariates are reversible and applied this condition to a selected

set of covariates.1

However, we currently lack systematic evidence on how serious these concerns really are.

Existing studies have only analysed a small number ofselecteddatasets and variables. When

results can be reversed in principle, we have no measure of how ÔeasyÕ it is to obtain such

reversals, and thus how concerned we should be in practice. We also have surprisingly little

direct evidence on how respondents actually interpret survey scales. This makes it di! cult

to assess which transformations are empirically plausible. Finally, while much attention

has focused on coe! cient signs, we know little about how non-linear transformations a" ect

statistical signiÞcance or the relative magnitudes of estimates.

We address these gaps. To do so, we Þrst introduce a ÔcostÕ functionC to quantify the

extent to which any scale transformation departs from linearity. This cost function has a

1All of these papers focus on the question of how a non-linear transformation of a linear reporting function
would a! ect estimates of the conditional mean of underlying wellbeing. A few papers - speciÞcally Chen et al.
(2022) and Bloem and Oswald (2022) - have noted that estimates of the conditional median are invariant
to such non-linear transformations, and in that sense more robust. This is valuable. However, since the
(conditional) mean, rather than median, is the primary quantity of interest for many economic and policy
applications, we will focus on it.
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natural interpretation, with C = 0 indicating linear scale use, andC = 1 indicating (in a

certain sense) ÔmaximallyÕ non-linear scale use. This cost function enables us to numerically

determine the Òleast non-linearÓ transformation capable of reversing regression results in

terms of sign, signiÞcance, and relative magnitudes. The statistical machinery we develop is

general: it applies toany bounded ordered scale.

Among such scales, subjective wellbeing measures stand out as both highly inßuential

and highly scrutinized, making them a natural proving ground for our approach. Indeed, over

the past half-century economists have built a sizeable literature that relies on Likert scales to

study life satisfaction and happiness. Early contributions by Easterlin (1974) and Van Praag

(1971) paved the way. The 1990s then saw a surge of papers linking self-reported wellbeing

to income, unemployment and macroeconomic conditions (Clark and Oswald 1994; Oswald

1997; Blanchßower and Oswald 2004). Today, governments and international organizations

collect, publish and even base costÐbeneÞt calculations on wellbeing scales Ñ see the UK

TreasuryÕs 2022Green Book update for instance (UK HMRC Treasury 2021). At the same

time, the most recent and prominent methodological critiques Ñ by Schr¬oder and Yitzhaki

(2017) and Bond and Lang (2019) Ñ also targeted the wellbeing literature, making it the

domain where addressing these concerns appears most urgent.

Using new experimental data, we Þrst o" er novel empirical evidence on how non-linear

respondentsÕ scale use is in practice. We then reproduce the quasi-universe of wellbeing

literature published in top-tier economics journals over the past Þfteen years, creating an

extensive database we callWellBase. In that section, we reproduce 72 papers, 1,601 regres-

sions, with 3,163 coe! cients of interest (and 28,513 coe! cients overall). Using this dataset,

we systematically assess the vulnerability of published Þndings to non-linear transformations.

Our results are as follows. Respondents, on average, interpret and use wellbeing scales

in a manner that does deviate from linearity, but only mildly so. Our upper bound estimate

serves as a benchmark for what we callplausible scale use. The relationship between the

ÔcostÕ of deviating from linearity and the risk of sign reversal is, as one might expect, concave.

Approximately 20% of results published in leading economic journals are reversed with some

transformation that has aplausiblecost. Restricting ourselves to interpreting wellbeing data

as merely ordinal (i.e. allowing for any departure from linear scale use), increases this share

to about 60%.

We also show that the risk and cost of reversal are not merely random noise, but sys-

tematically related to identiÞable features of research design. Certain design choices Ñ in

particular, leveraging exogenous sources of variation, such as natural experiments Ñ are as-

sociated with substantially lower risk of sign reversal. Finally, while not itself a design choice,

the level of statistical signiÞcance can serve as a useful signal of robustness: estimates with
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higher signiÞcance levels are much less prone to reversals underplausibletransformations.

We also examine risks of ÔsigniÞcance reversalsÕ. Estimates originally signiÞcant at the

0.1% level prove highly robust: roughly 94% remain signiÞcant at the 5% level even under a

purely ordinal interpretation. However, estimates with p-values between 0.01 and 0.05 are

highly vulnerable even underplausible transformations. The potential for non-linear scale

use therefore makes reliable statistical inference considerably more challenging. Turning to

relative magnitudes, we focus on unemployment and income as key determinants studied

across multiple papers in our database. While coe! cient signs for these are fairly robust,

their relative magnitudes are highly sensitive to scale use assumptions. Marginal rates of

substitution between unemployment and income can vary by an order of magnitude under

plausible deviations from linearity.

Finally, we show that our results apply beyond wellbeing scales. We re-estimate 411

regressions from 14 published papers in top-Þve economics journals that use Likert-scale

measures for, among others, risk aversion, social trust, and political preferences. In these

replications, the prevalence and predictors of sign reversals closely mirror our wellbeing

results.

The rest of the paper is structured as follows. The next section will provide the method-

ological background and introduces our cost-function approach. Section 3 empirically as-

sesses respondentsÕ scale interpretations. Section 4 describesWellBase and present our

results based on it. Section 5 concludes. The appendices provide proofs, additional dis-

cussion, and further results. Early versions of Stata routines for our proposed robustness

analyses are available at:link.

2 Analytical approach

This section provides the theoretical framework for our empirical analyses. We Þrst note con-

ditions under which regression coe! cients maintain their sign across all monotonic transfor-

mations of the response scale and discuss how ratios of coe! cients can be bounded. Versions

of propositions 1-3 previously appeared in the working paper of Kaiser and Vendrik (2023).

We here state them in our notation and provide several extensions and corrections. We

then introduce a cost function to quantify departures from a linear response scale. This en-

ables us to determine the minimal non-linearity required to reverse signs, change statistical

signiÞcance, or alter relative magnitudes of coe! cients.
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2.1 Set-up and intuition

Consider a dataset containing responses to a survey question. For each individuali , responses

are recorded using ordered categories:r i ! { 1, 2, ..., k, ..., K } . We also observe a vector of

covariatesX i .

These responses measure an underlying but unobservable statesi .2 We assume that

respondents use the scale identically and that higher values ofr i correspond to higher levels

of si . However, the functional relationship betweenr i and si is otherwise unknown. This

uncertainty motivates our analysis. We could transformr i using any positive monotonic

function f to obtain ÷r i = f (r i ). Di " erent transformations yield di" erent interpretations of

the response scale. The identity functionf (r ) = r treats the scale as cardinal. Non-linear

transformations alter the assumed ÔdistancesÕ between response categories. Following Oswald

(2008), we can interpretf as the inverse of a Ôreporting functionÕ that maps underlying states

to survey responses.3

Throughout, we will be concerned with estimates from OLS4 regressions of ÷r i on X i :

÷r i = X i
ö!

(÷r )
+ ei , (1)

whereei denotes the residuals. We use superscripts to distinguish coe! cients from di" erent

transformations: ö! (÷r )
m denotes the coe! cient on X im from regressing ÷r i , while ö! (r )

m denotes

the coe! cient from the standard cardinal speciÞcation.

We are interested in the stability of these coe! cients across possible transformationsf .

A purely ordinal interpretation permits all positive monotonic transformations and deems

them as equally viable. As we will show, in some instances, coe! cient signs can be deter-

mined and relative magnitudes can be bounded even under this purely ordinal interpretation.

However, in many instances, very little can be said under a purely ordinal interpretation. We

therefore introduce a cost functionC that quantiÞes how non-linear a given transformation

of the response scale is. This function takes values between 0 (linear transformation) and 1

(maximally non-linear transformation). It thereby allows us to take an intermediate position

between purely cardinal and purely ordinal interpretations of survey response data.

2For example, for a question about happiness, that underlying state would be the level of happiness the
respondent is experiencing. In a question about trust, this state would be the subjectively ÔfeltÕ level of trust.

3If OswaldÕs reporting function isg : s "# r , then some transformation f satisÞesf = g! 1.
4As Bond and Lang (2019) show for discrete and Kaiser and Vendrik (2023) for continuous covariates,

the same concerns apply in principle to ordered probit/logit models.
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2.2 Sign reversals

We now establish conditions under which the signs of estimatesö! (÷r )
m remain invariant across

all positive monotonic transformations. Substantively, if the sign ofö! (÷r )
m does not change

under any transformation, then how we would code survey responses would not a" ect our

estimates of the sign of their association withX im . To do so, deÞne a new variabledki $

1(r i % k) that dichotomises r i at every response category. The following proposition then

holds:

Proposition 1 (Non-reversal condition). The sign of ö! m is invariant under all positive

monotonic transformations ofr i if and only if the estimatesö! (d)
km on X im from OLS regressions

of dki on X i share the same sign for allk = 1, ..., K & 1.

The proof appears in Appendix A.1. This condition can be read as establishing whether

Þrst-order stochastic dominance ofr i with respect to some (possibly continuous) variableX i

holds. As we show in Appendices A.1.2 to A.1.4 this result extends to continuous outcomes,

Þxed e" ects, and two-stage least squares estimation.

Intuitively, this proposition shows that sign reversals require heterogeneities in the as-

sociation of a covariate across the distribution of observed responses. An association is

ÔheterogeneousÕ in this sense when the signs ofö! (d)
km are positive at some dichotomizations,

but negative at others. In this case, variation in variableX im pushes respondents up at some

parts of the scale while pushing them down at others. Monotonic transformations can arbi-

trarily stretch or compress di" erent parts of the scale to emphasize these opposing e" ects.

E" ectively, this allows us to ÔchooseÕ the sign of the average association.

Proposition 1 is a mechanical statement about the behavior of OLS regression coe! cients

and does not require any further assumptions. To connect estimatesö! (÷r )
m from regressions of

÷r i to underlying statessi , we must make two additional assumptions: One assumption about

the relationship betweensi and X i and one assumption on the relationship between ÷r i and

si . Regarding the former, we assume a linear relationship between the underlying state and

covariates:

Assumption 1 (Linear model). The underlying statesi is linear in X i : si = X i ! + " i with

(" i X i ) = 0 . The underlying statesi is linear in X i : si = X i ! + " i with E(" i X i ) = 0 .

This is assumption is not special to survey-based research and follows Angrist and Pischke

(2009). We will not focus on it. Regarding the latter, we require that the measurement error

from using a discrete response scale is reasonably well-behaved:
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Assumption 2 (Favourable within-category heterogeneity). For somef (r i ) = ÷r i , we have

si = ÷r i + #i , where#i = X i " + $i with E($i X i ) = 0 . For coe! cient %m corresponding toX im ,

either sgn(! m) '= sgn(%m) or sgn(! m) = sgn(%m) and |! m | > |%m|.

We can think of #i as a measurement error associated with discretizing continuoussi

to the discrete levels of ÷r i . The reason why we label Assumption 2 Òfavourable within-

category heterogeneityÓ is because the coe! cients on the measurement error#i indicate how

the underlying state varies across individuals within response categories. Substantively, we

require that this within-category variation is either weaker than the corresponding variation

across categories, or of the same direction as across categories.5 Section 3.3 and Appendix C

provide empirical support for this assumption. We these assumptions in place, we can now

state the following:

Proposition 2 (Non-reversal for underlying satisfaction). Under Assumptions 1 and 2, when

the condition of Proposition 1 holds, the sign ofö! m from any transformation ÷r i consistently

estimates the sign of! m .

See Appendix A.2 for the proof. Proposition 2 tells us that the sign of the association

of some variableX mi with underlying satisfaction si can be identiÞed with data onr i when-

ever the measurement error due to discretizingsi is su! ciently well-behaved. If we do not

maintain Assumption 2, i.e. when we are unwilling to place suitable restrictions on within-

category heterogeneity insi , then estimates based on observed data onr i and X i can almost

always fail to yield the correct sign for the direction in whichsi varies with X i . Although

not framed in those terms, this was previously pointed out by Bond and Lang (2019).

2.3 Coe! cient ratios

Beyond coe! cient signs, researchers often focus on the ratiosö! (÷r )
m / ö! (÷r )

n of estimated co-

e! cients corresponding to di" erent covariates. Such ratios are frequently interpreted as

marginal rates of substitution and are central to policy applications that derive monetary

valuations from survey data (Frijters and Krekel 2021). Generally, the absolute magnitudes

5To gain some intuition on this assumption, consider a binary treatment X im ! { 0, 1} where the true
average treatment e! ect on the underlying statesi is negative (i.e. ! m < 0). Now suppose that the treatment
nevertheless contains two opposing e! ects: (1) it increasessi for a few individuals such that they are shifted
to a higher response categoryr i , while (2) also lowering the underlying state si of most individuals within
each category (who donot switch categories). In this case, the within-category measurement error" i would
be negatively correlated with the treatment (i.e. #m < 0), while the regression ofr i on X im will show
a positive association due to the positive between-category e! ect (i.e. ö! m > 0). Since both ! m and #m

are negative, Assumption 2 is violated. Here, the estimateö! m (which is only based on between-category
variation) would incorrectly indicate a positive treatment e ! ect even though the true e! ect is negative.
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of coe! cients are meaningless. they can be freely changed by an arbitrarylinear transforma-

tion of the response scale. Ratios of coe! cients, in contrast, in virtue of being una" ected by

linear transformations of the response scale, do provide a meaningful measure of the relative

magnitude of a variableÕs association with the the outcome of interest.

Unfortunately, however, coe! cient ratios are generally a" ected by non-linear transforma-

tions. The only exception occurs when the corresponding ratiosö! (d)
km / ö! (d)

kn from regressions

of dichotomized variablesdki are constant across allk. Empirically, this is never the case.

However, whenever the coe! cient in the denominator is not reversible, we can establish

bounds on this ratio:

Proposition 3 (Bounded coe! cient ratios). If and only if ö! (÷r )
n in the denominator is not

reversible across all positive monotonic transformations ofr i , the ratio ö! (÷r )
m / ö! (÷r )

n is bounded

by the minimum and maximum values ofö! (d)
km / ö! (d)

kn across allk = 1, . . . , K & 1.

The proof is provided in Appendix A.4.6 Unfortunately, these bounds will often turn out

to be impractically wide (c.f. section 4.2.4). This, in part, motivates the material of the

next section.

2.4 Quantifying non-linear scale use

Thus far, we were concerned with the possible behavior of estimated coe! cients when treat-

ing any transformation f (r ) = ÷r of r as an equally viable interpretation of the response

scale. However, while some degree of non-linearity in response scales seems plausible, ex-

treme transformations strain credulity. Consider a transformation that compresses categories

1-10 into a tiny interval while stretching category 11 across most of the scale. Such a trans-

formation, while mathematically valid, seems to be, at best, an unusual assumption about

how respondents use survey scales. We therefore need a principled way to quantify how

ÒextremeÓ a transformation is Ñ that is, how far it departs from the standard assumption

of linearity. We can then identify the minimal departure from linearity needed to overturn

empirical results. Intuitively, if reversing a Þnding requires only a minor adjustment to cat-

egory spacing, then a result is fragile. If a reversal demands an extreme transformation that

Þnding is more robust.

To implement this idea, we need some additional notation. Letlk denote the (real) value

assigned to response categoryk in the original coding ofr i , with lk = k in the standard rank-

order coding. Similarly, let÷lk denote the value assigned to categoryk in some transformed

coding ÷r i = f (r i ), where f (lk) = ÷lk . To quantify deviations from linearity, we propose a cost

6Kaiser and Vendrik (2023) make an error in their corresponding proposition, since they fail to consider
the case whereö! (÷r )

n has a reversible sign.
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function that measures how much the di" erences between adjacent response categories vary.

SpeciÞcally, let# ÷l capture these di" erences, with# ÷l $ [÷l2 & ÷l1, ÷l3 & ÷l2, ...,÷lK & ÷lK ! 1].

We now propose a family of cost functions of the form:

C! (÷l) =

!
Var(# ÷l)

maxVar(# ÷l)

" 1/ !

, (2)

where Var(# ÷l) denotes the variance of the di" erences in labels, while maxVar(# ÷l) rep-

resents the maximum possible variance of these di" erences. In Appendix A.5, we show that

maxVar(# ÷l) =
#

1
K ! 1 & 1

(K ! 1)2

$
(lK & l1)2.

Any & > 0 yields a cost function that is bounded between 0 and 1, with 0 representing

perfect linearity and 1 representing maximal non-linearity (i.e., a single ÒjumpÓ).7 Generally,

smaller values for& make the cost function more lenient, allowing for stronger non-linearities

at lower cost values. For& = 2, this cost function gives the ratio of the standard deviation

to the maximum standard deviation of di" erences between adjacent labels. As respectively

illustrated in Figures 1 and A21, this setting for& yields reasonable transformations across

levels ofC in the case of commonly used 11-point and 7-point scales. We will use this setting

for & in the empirical sections and there drop the& subscript.8

We can now use this cost function to quantify the robustness of empirical Þndings. The

general approach is to Þnd transformations that minimizeC! subject to a set of appropriate

constraints. Two constraints for this optimization problem are shared across all applications:

1. Normalization: The ÔlengthÕ of the scale must be preserved:lK & l1 = ÷lK & ÷l1.

2. Monotonicity: Transformed labels must be strictly increasing:÷lk & ÷lk! 1 > 0( k ) 2.

Here, the Normalization constraint ensures that transformations preserve the overall

range of the scale.9 This prevents arbitrary stretching or compression that would make

7While it might here seem natural to adopt some standard inequality measure, such as the Gini coe" cient
or Atkinson index, these do not take a value of 1 under single-jump transformations when the number of
response categories is Þnite. Instead, their maximum depends on the number of available response options
K . Among the standard inequality measures we are aware of, only a normalized Theil index would avoid
this limitation, but we prefer our variance-based family for its more intuitive interpretation.

8However, when the number of categories becomes large (e.g., 100 categories when approximating a
continuous scale), a Þxed value for$ becomes problematic. In such cases, it becomes possible to achieve
visually strong non-linearities even for small values ofC. As we derive in Appendix B, this occurs because,
as the number of response optionsK increases, the variance of di! erences between adjacent labels scales
by a factor 1

(K ! 1) 2 for any Þxed (smooth) transformation function. To render the extent of non-linearity
comparable across scales with varying numbers of response options, we propose setting$ = 2 log10(K & 1).
Apart from the general advantages associated with allowing$ to depend on the log ofK , this particular
adjustment has the advantage of yielding$ = 2 for the common 11-point scale.

9Some papers study potential stretching of the scale across respondents while maintaining the linearity
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Figure 1: Examples of scale transformations with di" erent costsC! =2 .

Notes: The Þgure shows di! erent ways how respondents might interpret response scales.
SpeciÞcally, each panel shows several randomly selected ways to transform an 11-point response
scale. Within each panel, the displayed transformations all satisfy a given costC! =2 displayed
at the top of each panel. The horizontal axis represents the original scaler . The vertical axis
shows the transformed scalef (r ) = ÷r . The straight 45-degree line in each panel represents
linear scale use, i.e. the standard assumption that the di! erence between choosing Ò3Ó versus
Ò4Ó means the same as choosing Ò7Ó versus Ò8Ó. As our costC! =2 increases from 0 to 1,
transformations increasingly depart from this linear benchmark. At the extreme ofC = 1, the
scale collapses to a single jump. Here, all response options below some threshold represent the
same mean level of the underlying state, while all above represent another level.

comparisons meaningless. TheMonotonicity constraint forces that only positive monotonic

transformations are considered. We thereby ensure that higher response categories always

map to higher transformed values.

We then need a third constraint that depends on our application. For example, if we are

interested in reversing coe! cient signs, we need the sign ofö! (÷r )
m to be di" erent from ö! (r )

m :

3a. Sign Reversal: sgn
%ö! (÷r )

m
&

'= sgn
%ö! (r )

m
&
.

On the other hand, for coe! cient ratios, we should constrain ourselves to achieving some

assumption. See e.g. Benjamin et al. (2023b) or Fabian (2022). A fruitful avenue for future work is to
combine these research streams.
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target ratio within the bounds identiÞed by Proposition 3:

3b. Fixed Ratio: ö! (÷r )
m / ö! (÷r )

n = ' for some target ratio' .

For statistical inference, our constraint would require the p-valuep( ö! (÷r )
m ) to cross a chosen

signiÞcance level. This is outlined in more detail in the next section. For any application,

we then solve:

÷l " = argmin÷l C! (÷l), (3)

subject to the relevant constraints. In general, there may not be a unique solution

to this optimization problem. However, for any solution,C! (÷l " ) quantiÞes the minimal

departure from linearity required to achieve the speciÞed objective; be that a sign reversal,

a ÔsigniÞcanceÕ reversal, or achieving a given relative e" ect magnitude.

2.5 Statistical inference

In most cases we are not only interested in the signs and ratios of estimated coe! cients,

but also in their statistical signiÞcance. To assess how signiÞcance levels change under

monotonic transformations, we need the variance-covariance matrix ofö!
(÷r )

from regressions

of any transformed variable ÷r i . The variance-covariance matrix takes the standard form:

Var( ö!
(÷r )

) = ( X #X )! 1X #ö" X (X #X )! 1, (4)

where ö" is an estimate of the covariance matrix of the residuals. The form ofö" depends

on the assumed error structure, but in all cases it depends only on the residuals÷e and

(for clustered errors) the design matrixX . Usefully, the residuals from a regression of any

÷r i on X i can be expressed as a weighted combination of residuals from the corresponding

dichotomized regressions ofdki . As shown in Appendix A.3.1 we have:

÷e =
K ! 1'

k=1

(÷lk & ÷lk+1 )edk, (5)

whereedk denotes the vector of residuals from regressingdk on X .

This decomposition allows us to computeö" for any transformation using only results from

the K & 1 dichotomized regressions ofdki . Appendix A.3.2 provides explicit expressions for

homoskedastic, heteroskedasticity-robust, and clustered standard errors in terms of these

weighted residuals. Once we have the variance-covariance matrix, expressions for standard

errors and p-values for any coe! cient under any transformation follow immediately.
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We can now make use of the cost function framework of the previous section. First, we

can obtain bounds on p-valuesp( ö! (÷r )
m ) associated with any coe! cient ö! (÷r )

m for any positive

monotonic transformation of r .10 We can do so by numerically maximizing (for an upper

bound) or numerically minimizing (for a lower bound)p( ö! (÷r )
m ) subject to constraints (1)-(2)

of the previous section. With such bounds in hand, it is possible to specify some Þxed p-value

as a constraint on the optimization problem we previously speciÞed:

3c. Fixed P-value: p( ö! (÷r )
m ) = ( .

We then solve the optimization problem of Equation 3 subject to constraints (1)-(3c).

By choosing( appropriately (e.g. ( = 0.05), this allows us to asses how non-linear we require

transformations ofr i to be in order to turn a statistically signiÞcant result into a statistically

insigniÞcant one, and vice versa.

3 How are response options interpreted?

Our cost function approach of the previous section is based on the idea that more extreme

departures from a linear interpretation of the response scale are increasingly unlikely. The

case ofC = 1, where there is only a single ÔjumpÕ in the underlying state for some two

adjacent response categories, and no di" erences in the underlying state for all other response

categories, is an example of a clearly unnatural interpretation of the response options.

That said, there is only limited work on how respondents use response options in empir-

ical practice. Any evidence that we do have is rather indirect. For example, there is some

work from psychophysics on how individuals subjectively interpret numerical stimuli (Banks

and Coleman 1981; Banks and Hill 1974; Schneider et al. 1974). These studies were con-

cerned with how the subjective intensity of numbers relates to their objective magnitudes.

For bounded intervals Ð which seem analogous to bounded survey scales Ð the relationship

between objective numerical values and their subjective interpretations is approximately

linear.

Evidence speciÞcally relating to bounded response scales in survey data was previously

discussed in Van Praag and Van der Sar (1988), Van Praag (1991) and Van Praag et al.

(1999). They broadly conclude that scale use is likely to be fairly linear. Similarly, Kaiser

and Oswald (2022) Þnd that the relationship between reported satisfaction (in the domains of

jobs, relationships, housing, and health) and the subsequent probability of taking a quitting

10Note here that is not the case that the p-valuep( ö! (÷r )
m ) associated with some estimated coe" cient ö! (÷r )

m is
bounded by the smallest and largest p-values obtained from corresponding regressions ofdki . For example,
when ö! m is reversible, we can Þnd some transformation wherep( ö! (÷r )

m ) = 1 despite p( ö! (d)
km ) < 1 ( k.
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action (i.e. switching jobs, divorce, changing ßats, going to hospital) is close to linear.

They are able to replicate this result across multiple datasets from the UK, Germany, and

Australia. Under the assumption that the association between underlying satisfaction and

the probability of taking an action is linear (for which they give some arguments), this is

also evidence of a close-to-linear relationship betweenreported and underlying satisfaction.

However, none of the previous studies provide a clear upper bound for our costC. In

the material below, we therefore attempt to Þnd an upper bound forC. In section 3.3 we

additionally present novel evidence on whether Assumption 2 is likely to hold.

3.1 Data and approach

We rely on original data collected from a sample ofN = 1, 268 participants recruited via

ProliÞc. We sought for this sample to be nationally representative of the adult population

of the United Kingdom. See Appendix Table A7 for further details on data collection and

Appendix Table A8 for descriptive statistics. With this data we implement four di" erent

methods to estimateC. Given that our primary interest in our replication e" ort of section

4 is on overall life satisfaction, our attempts at boundingC also tend to be speciÞc to

overall life satisfaction. As will become apparent, these methods disagree in their substantive

conclusions about the particularshapeof respondentsÕ scale use. But they do agree on the

likely extent to which scale use is non-linear.

3.1.1 Linear prompting

For our Þrst method, we randomized participants into two conditions. One half of partici-

pants is given a standard life satisfaction question: ÔOverall, how satisÞed are you with your

life nowadays?Õ.11 The other half received the same question, but we added the following

prompt: ÔPlease treat the scale below as linear. For example, the di" erence in satisfaction

between options Ò4Ó and Ò5Ó should be treated as just as large as the di" erence between op-

tions Ò6Ó and Ò7Ó.Õ. Thus, in the second group, we directly ask respondents to use the scale

in a linear fashion. In both conditions, after respondents gave their discrete answer, they

were also asked about their satisfaction levelwithin the chosen category. We therefore obtain

both a discrete and continuous measurement ofr . See Appendix D for screenshots of how

the relevant survey questions were presented to respondents.

To make an inference about deviations from linear scale use in the unprompted case,

we need two assumptions. We state these informally. First, we assume that respondents

11This phrasing exactly follows the phrasing used by the UKÕs O" ce of National Statistics in the Annual
Population Survey. See:link .
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adhere to our linearity prompt. Second, we assume that the distribution of underlying

satisfaction is the same across both groups. Given randomization, the latter assumption

is reasonable. With these assumptions in place, we proceed as follows. For every value

r (disc)
un ! { 0, 1, ..., k, ..., K } of the unprompted discrete satisfaction data, we Þnd that value

r " (cont )
lin from continuous data in the linearly prompted group which satisÞesFun (r (disc)

un = k) =

Flin (r " (cont )
lin ). Here, Fun and Flin respectively denoted the cumulative distribution functions

of r (disc)
un and r (cont )

lin . If it were the case that scale use is una" ected by the prompt Ð i.e. if

respondents were using the scale in a linear fashion without being prompted to do so Ð then

we should observe a linear relationship betweenr (disc)
un and r " (cont )

lin . Any deviations from such

a linear relationship, in turn, are indicative of non-linear scale use.

3.1.2 Objective-subjective questions

Our second and third methods replicate and extend a method Þrst proposed by Oswald

(2008). Towards the start of the survey, we ask respondents to subjectively rate both their

height and weight on a scale from 0 to 10. SpeciÞcally, we askÔHow tall are you?Õ(ÔHow

heavy are you?Õ), with extremes labelled as 0=ÔExtremely short (light)Õ and 10=ÔExtremely

tall (heavy)Õ. These scales are made to look identical to the scales for our life satisfaction

question (see Appendix Figure A14). Towards the end of the survey Ð after all subjective

questions are answered Ð we then ask respondents about their ÔobjectiveÕ12 height (in feet

and inches) and weight (in stone). Using these data, we can in turn compute the mean

objective height and weight within each response category. From these, we read o" in how

far, expressed in terms of our costC, respondentsÕ average scale use deviated from linearity.

Under the assumption that scale use for questions on height and weight is comparable to

scale use for questions on life satisfaction (c.f Benjamin et al. (2023b)), these estimates are

in turn informative about non-linearities in scale use for life satisfaction questions.

3.1.3 Interactive sliders

Our fourth method relies on an interactive online application. We directly ask how respon-

dents interpret the scale.13 We do so in three steps (see Appendix Figures A15-A18 for

screenshots and thislink for an interactive demo). In the Þrst step, we explain to respon-

dents that scale use might be non-linear. In the second step, as a comprehension check, we

ask respondents to graphically indicate, using a set of interactive sliders, a particular pre-

speciÞed type of non-linear scale use (speciÞcally a case in which the di" erence between a Ô3Õ

12Of course this is still self-reported, but is objective in the sense that no subjective scale is used.
13We only asked this method to participants that were not prompted to use a linear scale.
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and a Ô4Õ is larger than the di" erence between a Ô7Õ and an Ô8Õ). We only proceed with those

respondents who succeed in this comprehension test (82%). In the third and Þnal step, we

then ask respondents to indicate their own scale use with the same set of interactive sliders.

To ease the cognitive burden on respondents, we provide respondents with several presets

(incl. concave, convex, logistic, and inverse logistic scale use). Finally, whenever respondents

do not move the sliders (implying linear scale use), we ask respondents to verify that they

really did mean to indicate that their scale use was linear.

3.2 Results on scale use

Results are displayed in Figure 2. In each panel, the vertical axis represents the unadjusted

data Ð either on life satisfaction (panels (A) and (D)), or on subjective height (panel (B)) or

weight (panel (C)). In panel (A), the vertical axis givesr " (cont )
lin for each level ofr (disc)

un . For

panels (B) and (C) the vertical axis respectively denotes objective height (converted to cm)

and weight (converted to kg). Finally, the vertical axis in panel (D) shows the position of

the slider for each response category ofr (disc)
un .

Across all methods we observe deviations from linearity. We use bootstrapping with 500

replications to obtain conÞdence intervals. The linear prompting approach gives evidence to

imply that lower response categories Ð i.e between 0 and 4 Ð cover a slightly wider satisfaction

range than the subsequent categories. Here, we obtainC = 0.105 (95% CI: 0.078& 0.153).

In the height approach, categories 3 and 4 cover a relatively smaller range, while categories

8-10 cover a wider range. This in turn yieldsC = 0.111 (95% CI: 0.102& 0.178). The

weight approach yields broadly similar, though more pronounced, results (C = 0.151; 95%

CI: 0.115& 0.229). Finally, the sliders approach yields a substantial share of individuals

who state that their scale use is linear (42%). Among the remaining 58%, some selected the

concave (11% of total), convex (9% of total) or other presets (9% of total). About a third

of respondents (30% of total) were idiosyncratic in their self-reported scale use. Taking the

averageC across all respondents, we obtainC = 0.105 (95% CI: 0.095& 0.115).

Hence, across methods, our point estimates forC range between 0.105 (sliders and linear

prompting) and 0.151 (weight). All estimates di" er statistically signiÞcantly from zero at any

conventional level (with p < 0.01). However, these approaches yieldinconsistent results

regarding how individuals interpret the relative di" erences between response options: The

solid lines in each panel have markedly di" erent shapes, indicating disagreement about the

speciÞc form of non-linearity. This disagreement reßects both methodological di" erences

(height and weight questions measure di" erent constructs than life satisfaction) and the

inherent di! culty of eliciting subjective scale interpretations. Yet, despite this disagreement
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Figure 2: How do people use response scales? Converging evidence of mild departures from
linear scalue use across methods.

Notes: Four di ! erent approaches to measuring scale non-linearity all point to similar conclu-
sions. Panel (A) is based on a randomized experiment: half our sample answered a standard
satisfaction question, while the other half received explicit instructions to treat the scale lin-
early. The solid line shows how we would need to adjust response labels in the standard
group to match the distribution of the linearly-prompted group. In Panel (B) we Þrst asked
respondents to subjectively rate their height (0=Òextremely shortÓ to 10=Òextremely tallÓ)
and then asked for their actual ÔobjectiveÕ height. The graph displays the average objective
height within each subjective category. Panel (C) repeats this exercise for weight. In Panel
(D) respondents were given interactive sliders and asked to indicate how they personally in-
terpret the gaps between satisfaction scale points. Each gray line represents one respondentÕs
interpretation. Across all four methods, we Þnd that people interpret scales in ways that
deviate from perfect linearity, but only mildly so. The ÔcostÕC, which quantiÞes departure
from linearity (where 0=perfectly linear and 1=maximally non-linear), ranges from 0.105 to
0.151 across methods. Based on a nationally representative sample of N* 1,200 UK residents
recruited via ProliÞc.

about shape, we do obtain convergent evidence to suggest that theextent of non-linearity in

scale use is, at most, modest. No method suggests departures from linearity anywhere near

the more extreme transformations shown in the bottom panels of Figure 1. For strongly non-

linear scale use (say,C > 0.3) to be viable, all four of our quite di" erent approaches would

need to be systematically biased toward linearity. While we cannot rule this out entirely, it

seems unlikely that diverse methods would all err in the same direction. On this basis, we
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conclude that reporting functions substantially more non-linear than allowed byC = 0.3 Ð

twice our maximum observed estimate Ð are unlikely.

This upper bound provides an empirical anchor for labelling scale transformations in

the analyses that follow. We will synonymously call transformations with 0% C % 0.15

ÒplausibleÓ or ÒmildÓ. Transformations with 0.15 % C % 0.30 will be called ÒmarginalÓ

or Òconservatively-plausibleÓ. Transformations with 0.30 % C % 1.00 will be qualitatively

labelled ÒimplausibleÓ or ÒunlikelyÓ. These names are, of course, tentative, and should be

revised against future evidence.

3.3 How does satisfaction vary within response options?

The robustness of the empirical literature Ð to be assessed in section 4 Ð depends both on

plausible values forC and on whether Assumption 2 is met. This assumption is concerned

with potential complications arising from discretizing the response scale, rather than with

uncertainty over the choice off and over what costC is permissible. Here, we take both

continuous and discrete measurements and compare results. This allows to assess whether

discretizing poses any special problem. We obtain the required data by Þrst asking respon-

dents about their discrete satisfaction, and then asking a follow-up question about their

satisfaction levelwithin the chosen category. See Appendix Figure A13 for an illustration of

how this follow-up question was presented to respondents.

With this data, we formally evaluate what %m (which is key to Assumption 2) would

be for each covariatem if scale use were linear (i.e., ifC = 0). We rely on the following

argument: The coe! cient %m is intended to capture systematic within-category heterogeneity

in underlying satisfaction as it relates to covariateX im .14 When satisfaction is measured on

an increasingly granular scale, there is minimal scope for such heterogeneity to emerge.

This implies that %m should approach zero. Therefore, when we assume thatC = 0, i.e.

that scale use is linear, we may consider a (quasi-)continuous measurement of satisfaction

r cont
i to be a reasonable proxy for underlying satisfaction, i.e.,r cont

i * si . On this basis, we

estimate two regressions: one using discrete measurementsr disc
i and another using continuous

measurementsr cont
i . The di" erence in estimated coe! cients, ö! cont

m & ö! disc
m , gives us an estimate

of %m.15

14More speciÞcally recall that in Assumption 2," i = X i " + %i represents the measurement error associated
with discretizing continuous satisfaction. While other sources of measurement error may exist (e.g., misun-
derstanding questions, momentary distractions), we assume these are uncorrelated with our covariatesX im

(i.e., classical measurement error), and therefore do not systematically bias our coe" cient estimates beyond
the discretization error we are explicitly modeling.

15To see this more formally, note that since we assumer cont
i * si for C = 0, we have r cont

i = X i ! + &i .
For the discrete measure, we haver disc

i = X i (! & " ) + &i & %i . Thus, the di! erence in coe" cients between
the continuous and discrete regressions yields! cont

m & ! disc
m = #m .
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Figure 3: Discrete and continuous measures of satisfaction yield nearly identical estimates

Notes: Comparison of regression coe" cients using either a continuous (black dots) or a dis-
crete (blue dots) 11-point measure of satisfaction. The di! erences between these estimates
(#m ; teal dots), represent measurement errors from discretization. Whiskers indicate 95%
conÞdence intervals. Across all covariates, the#m estimates are close to zero and statistically
insigniÞcant. It makes little di ! erence whether satisfaction is measured on a continuous or
a discrete scale. This provides empirical support for Assumption 2. The coe" cient patterns
themselves align with the wider literature: satisfaction follows a U-shape with age (nega-
tive linear term, positive squared term), unemployment strongly reduces satisfaction, higher
household income increases it, and having a partner is beneÞcial. Women report slightly higher
satisfaction than men.

Figure 3 presents our results. The Þgure shows estimatesö! cont
m , ö! disc

m , and ö%m for a large set

of standard socio-economic characteristics. We see that ö%m is close to zero and statistically

insigniÞcant (at the 5% level) in all cases. Moreover, for most variables, ö%m takes the same

sign asö! cont
m , causing the estimate of! disc

m to be biased towards zero. The only case in which

ö%m takes on a di" erent sign than ö! cont
m (which is necessary but not a su! cient condition for

violating Assumption 2) occurs for unemployment and having children. However, for none

of the variables in this analysis does Assumption 2 look to be violated Ð or indeed anywhere

close to being violated. Overall, this is evidence in favour of Assumption 2.

To verify the robustness of this result, we replicated Figure 3 using three alternative

datasets. In each of these datasets, we again observe a continuous and a discrete measurement
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of either respondentsÕ satisfaction (in the case of the Benjamin et al. and the Prati & Kaiser

dataset) or happiness (in the LISS dataset). Additional details about these datasets are

given in Appendix Table A7. Descriptive statistics are given in Appendix tables A9-A11.

The main methodological di" erence in these datasets compared to our own data is that

answers to the continuous and the discrete question were given at di" erent times in the

survey. As a consequence, respondents were not forced to give their continuous answer as

being located within a given discrete category. These additional results are given in Appendix

Figures A5-A7. We reach broadly the same conclusions: In almost all cases,%m is statistically

insigniÞcant and of the same sign as! disc
m Ð implying that Assumption 2 is satisÞed. Across

42 coe! cients in total, we only observe evidence for a violation of Assumption 2 twice: in the

case of the higher education dummy in the Kaiser & Prati data and for the gender dummy

in the LISS data. In both instances! disc
m is positive, ! cont

m is negative, and%m is statistically

signiÞcant at the 5% level. Thus, we again get strong evidence in favour of Assumption 2.

However, although it looks as though%m * 0 if scale use were linear (i.e., forC = 0),

it remains unclear how%m would behave for for non-linear scale use (i.e.C > 0). Given

the evidence of section 3, we are especially interested in the case of 0< C < 0.15. It is

not feasible to estimate" for all possible transformationsf that satisfy C < 0.15 (recall

that any speciÞc value ofC picks out a family of transformations, and not one particular

transformation). However, it is possible to perform a worst-case analysis with our data.

We conduct this analysis in Appendix C, where we search for transformations that yield,

for a given value forC, minimal and maximal coe! cient values for either our continuous

or our discrete measure. The results show no clear evidence for violations of Assumption 2.

Nevertheless, these worst-case analyses do indicate that continuous measures of satisfaction

are generally more susceptible to sign reversals than discrete scales.

4 Systematic Evidence from WellBase

Subjective wellbeing is a becoming increasingly central to policy. Among constructs mea-

sured using ordered response scales, it also often is the focus of methodological critiques.

Wellbeing therefore is the ideal proving ground for our framework. Drawing on our replica-

tion database we callWellBase, this section takes the Þrst systematic look at how robust the

empirical economics of subjective wellbeing really are.WellBase includes 72 papers, 1,601

regressions and 28,513 coe! cients.

We use these replications to quantify three kinds of risks that can arise when analysts

assume the response scale to be linear: (i) the risk that a coe! cientÕssign changes after a

positive monotonic transformation of the scale, (ii) the risk that itsstatistical signiÞcance
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changes, and (iii) the extent to which such transformations can alter therelative magnitudes

of point estimates. Because the same Likert-style measurement issues may a" ect other

constructs in economics, we also benchmark wellbeing against scales for, among others, risk,

trust and political preferences. In that analysis, we replicate 2,903 coe! cients across 14

papers.

4.1 Data

Our goal was to replicate the universe of empirical research on subjective wellbeing published

in top economics journals. We had three inclusion criteria. First, we only included articles

published in economics journals ranked among the Top 30 on RePEc (as of June 2022).

These journals tend to enforce data- and code- sharing policies more stringently, rendering

it more likely that a paper can be reproduced. Second, we only included papers published

between January 2010 and May 2025. Third, we focus on papers that use a cognitive measure

of subjective wellbeing as dependent variable in an individual-level analysis. Our search,

conducted via Google Scholar, yielded 473 records based on the following keywords: ÒLife

SatisfactionÓ, ÒCantril LadderÓ, ÒSubjective well-beingÓ, and ÒSubjective wellbeingÓ. We

chose ÒLife SatisfactionÓ and ÒCantril LadderÓ because they are among the most commonly

used scales to measure cognitive subjective wellbeing. We added ÒSubjective well-beingÓ and

ÒSubjective wellbeingÓ to capture any papers employing less frequent cognitive wellbeing

measures.16

See Figure 4 for a summary of our selection process. Approximately 75% of the initial

records did not include a wellbeing scale in the empirical analysis (instead merely referring

to subjective wellbeing in e.g. the literature review). 24 papers included cognitive measures

of wellbeing but used them neither as dependent variables nor in an individual-level analy-

sis. Overall, 97 of the initially identiÞed papers fulÞlled our inclusion criteria. Insu! cient

replication materials prevented us from reproducing 25 of these studies.

We therefore reproduced 72 articles. Among these, we successfully reproduced all of

the 1,601 relevant regressions in both the main manuscripts and any associated appendices

(printed or online). Less than 1% of these regressions (spread across Þve articles) were not

using a linear estimator, but were using an ordered probit approach instead. Additionally,

3% percent of regressions (across two papers) were estimated using probit-adjusted OLS. To

make these regressions comparable and to apply the methods of section 2, we reproduced

these regressions using OLS. In all such cases, the results, in terms of sign and statistical

signiÞcance, remained the same. Similarly, about 2% of the regressions (spread across three

16Such less frequently used measures may for example include questions on respondentsoverall wellbeing
across their life (used in e.g. Clark and Senik (2010)).
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Figure 4: PRISMA Chart
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articles) used a binary dummy for high wellbeing as dependent variable. We re-estimated

these regressions using the underlying 7- and 11-point versions of the wellbeing measure.

Again, the results of these estimations remained the same.

Our replication e" ort yielded two categories of estimates: (1) published coe! cients that

form the core of each paperÕs analysis and (2) unpublished coe! cients that typically serve

as control variables mentioned only in table/Þgure notes. In total, we replicated 5,313

published estimates and 23,200 unpublished estimates. Table A1 provides a complete list of
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all reproduced articles, along with a number of details such as the type of wellbeing scale

used in the empirical analysis.

For each replicated regression, we record a set of additional regression characteristics.

These include: measures of Þt, number of control variables, the use and type of Þxed e" ects.

We also record sample characteristics, including sample size, average age, gender composi-

tion, and country composition, as well as distributional properties of the wellbeing measure.

In addition, we collect detailed information on each independent variable: its type (e.g., in-

dicator, categorical, or continuous), its distribution, the associated coe! cient and standard

error, whether it is instrumented, whether it represents socio-demographic characteristics,

whether it is tied to a natural experiment, a randomized control trial, a macroeconomic

indicator, a placebo, or some space or time Þxed e" ects. In what follows, we will refer to

this replication database asWellBase.

Table 1 provides an overview of the characteristics of the estimates we have replicated.

About 6% of these estimates can be found directly in the published manuscripts. An addi-

tional 12% are reported in the appendices. The majority, constituting 81%, are coe! cients

on unprinted control variables not shown in the printed articles.17 About 4% relate to quasi-

natural experiments (e.g., centralization reforms in Switzerland, the London Olympics, or

RCTs), while another 4% are macroeconomic factors (like economic growth or inßation

rates). Approximately 25% of coe! cients relate to time-invariant characteristics (e.g., bio-

logical gender). Likewise, 25% of estimates are based on a continuous covariate (e.g., income

or age). See Appendix Tables A3 and A4 for descriptive statistics at the regression level and

paper level, respectively.

Appendix Table A2 focuses on the 27 papers inWellBase for which at least half of the

printed regressions use a wellbeing scale as dependent variable. In these studies, the main

objective is to uncover the drivers of subjective wellbeing.18 For each of these, Table A2

summarizes the hypotheses tested, and records the sign and signiÞcance of the main coe! -

cients. A large number of studies, including Bertrand (2013); Layard et al. (2014); Vendrik

(2013); Clark and Senik (2010); Frijters et al. (2014); Gerritsen (2016) Þnd that economic

resources (e.g. household income or labour earnings) are associated with higher levels of

reported wellbeing. Reported wellbeing systematically declines following major adverse life

events, including physical violence (Johnston et al. 2018), exposure to the Chernobyl disaster

(Danzer and Danzer 2016), widowhood (Odermatt and Stutzer 2019), or falling into poverty

17Most of these unprinted control variables are standard sociodemographic characteristics that researchers
include in regressions, such as age, gender, race, religion, marital status, family size, employment status, job
characteristics, income, health, and childhood characteristics.

18By contrast, the remaining papers in WellBase generally do not treat subjective wellbeing as a primary
outcome of interest, but rather include it only peripherally, e.g. in robustness checks.
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Table 1: Descriptive Statistics ofWellBase at the estimate level

Mean SD Min Max

About the wellbeing scales:
Number of response categories:

3-points scale 0.00 0 1
4-points scale 0.27 0 1
5-points scale 0.14 0 1
6-points scale 0.00 0 1
7-points scale 0.00 0 1
10-points scale 0.22 0 1
11-points scale 0.36 0 1
More than 11-points scale 0.00 0 1

Type of question:
Life Satisfaction 0.77 0 1
Cantril Ladder 0.05 0 1
Happiness Question 0.18 0 1

About the estimation samples:
Number of observations 158,089.14 368,570.79 59 2,471,360
Number of observations (logged) 9.98 2.17 4.08 14.72

About the econometric models:
Number of controls 34.08 30.02 1 191
Individual FE 0.14 0 1

About the independent variables:
Printed in manuscript 0.06 0 1
Printed in appendix 0.12 0 1
Not printed 0.81 0 1
Continuous variable 0.25 0 1
Time-varying variable 0.75 0 1
Two-stage least square 0.01 0 1
Individual-speciÞc 0.91 0 1
Natural experiment, RCT and policy reform 0.04 0 1
Macroeconomic indicator 0.04 0 1
Absolute t-statistics 5.11 13.76 0.00 474.74
Absolute t-statistics (logged) 0.45 1.53 -9.08 6.16

Total number of estimates: 28,513
Total number of regressions: 1,601
Total number of papers: 72

Note: These numbers refer to the sample of 28,513 estimates included inWellBase.

(Clark et al. 2016). Several papers analyse changes in policy or the shared environment,

such as centralization reforms in Switzerland (Flèche 2021), income transparency reforms in

Norway (Perez-Truglia 2020), or the London Olympic Games (Dolan et al. 2019).
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4.2 Results on Wellbeing Scales

This section presents a series of results systematically assessing the sensitivity of estimates

reproduced inWellBase to the assumption that scale use is linear. We do so with the help

of the cost function C deÞned in Section 2.4. Recall that whenC = 0, this corresponds

to the near-universally adopted assumption that scale use is linear in underlying wellbeing.

As C increases, the transformed scale increasingly departs from this assumption. WhenC

may take on any value on the unit interval, the assumption of cardinality is replaced by a

purely ordinal interpretation. As noted earlier, we refer to transformations with 0% C %

0.15 as ÒplausibleÓ or ÒmildÓ, those with 0.15 < C % 0.30 as Òconservatively plausibleÓ or

ÒmarginalÓ, and those with 0.30 < C % 1.00 as ÒimplausibleÓ or ÒunlikelyÓ. This is based on

the evidence reported in Section 3. Three regions are shaded in the Þgures: a green one for

ÒplausibleÓ transformations, an orange one for Òconservatively plausibleÓ transformations,

and a red one for ÒimplausibleÓ transformations.

4.2.1 On sign reversals: Documenting the risk of reversal

Figure 5 shows the share of point estimates whose sign can be reversed by applying some

positive monotonic transformation of the response scale with a cost of at mostC.

We report three lines in Panel (A). The solid dark line shows the share of sign reversals

among all point estimates inWellBase. The remaining two lines present the same statistic

for printed estimatesand for estimates of interest. Here, anestimate of interest refers to

estimates explicitly discussed in the text of the manuscript, and on which the conclusions

of the included papers are based. The lines in Panel (A) all exhibit a concave relationship

between the costC and the percentage of sign reversals. About 60% of all replicated estimates

can be sign-reversed via at least one positive monotonic transformation of the wellbeing scale

when allowing for any costC. However, focusing on ÒplausibleÓ transformations only (i.e.

C < 0.15), the risk of sign reversals drops to 18% of all point estimates inWellBase. Printed

estimatesand estimates of interestspeciÞcally exhibit even lower risks of sign reversal.19

Panel (B) focuses only onestimates of interestand displays a further breakdown by

estimatesÕ original level of statistical signiÞcance. There is clear gradient between the original

level of signiÞcance and the possibility of sign reversal: the less signiÞcant an estimate at

C = 0, the greater the chance that there is at least one transformation changing its sign. Sign

reversals are virtually non-existent under any ÒplausibleÓ transformation among coe! cients

that meet the 5% signiÞcance threshold.

19It is here also worth re-emphasizing that not all transformations with a given C are sign-reversing; it
only means that at least onesuch transformation can do so.
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Figure 5: Cumulative sign-reversal shares for di" erent values ofC in WellBase

Panel (A)

Panel (B)

Notes: Cumulative shares of coe" cients for which the sign can be reversed by at least one positive
monotonic transformation of the response scale with at most costC. When C = 0, this corresponds to
the standard linearity assumption on scale use. WhenC may take on any value on the unit interval,
shown on the far right of the graphs, any monotonic transformation of the original scale is permissible
and the assumption of cardinality is thereby replaced by a purely ordinal interpretation. Based on the
scale-use evidence presented in Section 3, shaded regions indicate ÒplausibleÓ (green), Òconservatively
plausibleÓ (orange), and ÒimplausibleÓ (red) degrees of non-linearity. Panel (A) conÞrms that the risk
of reversal is an empirical threat: 60% of all replicated estimates can be sign-reversed by some positive
monotonic transformation of the response scale. This risk drops to 18% when restricting attention to
ÒlikelyÓ transformations. Panel (B) shows that it is much harder to reverse the sign of coe" cients that
are originally signiÞcant at the 5% level or below.
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Finally, in Appendix Table A2 we restrict attention to studies whose main objective is to

uncover the determinants of subjective wellbeing. The last two columns of this table indicate

whether a reversal is possible and, if so, what minimal deviation from linearity (i.e., costC)

is required to produce such a reversal. About half of the coe! cients reported in Appendix

Table A2 are reversible. However, the risk is again much lower among the statistically

signiÞcant coe! cients (at the 5% level): about 33% of these can be sign-reversed, and in

95% of cases doing so would require a costC > 0.15.

Overall, these results indicate that although sign reversals are often possible in principle,

reversals underplausible(i.e C < 0.15) transformations are not. This is especially true for

results that were highly statistically signiÞcant in their original form.

4.2.2 On sign reversals: Predicting the risk of reversal

We now investigate whether the risk of sign reversal can be predicted by observable features

of the research design. To address this question, we estimate a linear probability model of

the form:

Revmpr = ! 0 + ! 1 ln(#Observations)pr + ! 2 Model pr + ! 3 Estimate mpr + ! 4 X pr + "mpr , (6)

where the dependent variable, Revmpr , is a dummy equal to one if there exists at least

one positive monotonic transformation of the wellbeing scale capable of reversing the sign of

estimatem from regressionr in paper p, and zero otherwise.20

The term ln(#Observations)pr gives the logged number of observations in each regression

r in each paperp. The vector Model pr includes the logged number of control variables and

a dummy for regressions that include individual Þxed-e" ects. These features reßect standard

practices through which researchers attempt to limit omitted variable bias, either by con-

ditioning on observed covariates or accounting for unobserved time-invariant heterogeneity.

The vector Estimate mpr captures characteristics speciÞc to the covariatem. It includes

dummies for whether the covariate is continuous (as opposed to categorical or binary), time-

varying, or instrumented via two-stage least squares. It also includes a categorical variable

classifying whether the covariate corresponds to an individual socio-demographic charac-

teristic (the reference category), a natural experiment (e.g., policy reform or randomized

controlled trial), a placebo, or a macroeconomic indicator. Finally, the vectorX pr comprises

control variables: a dummy indicating whether the wellbeing scale includes at least seven

20We also estimate a probit model to assess the robustness of our Þndings. Marginal e! ects are reported
in Table A5. Conclusions are the same.
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categories, and a categorical variable di" erentiating among life satisfaction questions, the

Cantril Ladder, and happiness questions (see Appendix Table A1 where we report the word-

ing of these questions). We estimate two versions of Equation (6): one without and one with

the logged t-statistic. We treat the t-statistic di" erently because, unlike the other variables

Ñ which reßect researchersÕ design choices Ñ it is an outcome of those choices that is not

directly controlled. We include it to test whether the observed negative association between

statistical signiÞcance and reversal risk (Panel B, Figure 5) holds in a multivariate setting.

Conditional upon the possibility of a sign reversal for a given estimate, we further estimate

the following via OLS:

Costmpr = ! 0+ ! 1 ln(#Observations)pr + ! 2 Model pr + ! 3 Estimate mpr + ! 4 X pr + "mpr , (7)

Equation (7) mirrors Equation (6) but uses the minimum costC needed for a sign reversal

as the dependent variable. Comparing Equations (6) and (7) enables us to assess whether

the probability of reversal and the ease of achieving it share common determinants. In

both types of regressions, we cluster standard errors at the regressionÐpaper (r + p) level.

Continuous independent variables are standardized using the means and standard deviations

reported in Table 1.

Table 2 reports predictors of reversal risk in Columns (1) and (2) and reversal cost in

Columns (3) and (4). We highlight three main Þndings. First, the determinants of whether

a reversal is possible and how costly it is are largely shared. Variables that lower the

probability of reversal also increase the cost required to achieve a reversal. Second, the

logged t-statistic is by far the strongest predictor of robustness: estimates with higher t-

statistics are substantially less prone to reversal and more costly to reverse. This single

variable alone explains much of the variation, raising theR2 of the model from 17% to over

41% in Columns (1) and (2) and from 11% to over 51% in Columns (3) and (4). Last, a

covariateÕs source of variation matters: keeping the logged t-statistics constant, the sign of

estimates exploiting arguably exogenous sources of variation (e.g., natural experiments or

macroeconomic indicators) are both less likely to reverse and require larger departures from

linearity.21

The risk and cost of sign reversal are not just random noise. They reßect identiÞable

features of research design, and are therefore within researchersÕ control. Finally, signs of

highly signiÞcant results are far more likely to persist across scale transformations.

21We conduct a series of robustness checks in Appendix Table A5. SpeciÞcally, we re-estimate Columns (2)
and (4) of Table 2 while adding journal or paper Þxed e! ects, and employing a probit model instead of a
linear probability model. Our main conclusions remain robust across these speciÞcations.

27



Table 2: Predictors of the Probability and Cost of Sign-reversal

P(Sign-reversal) Cost of sign-reversal

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

About the estimation sample:
Number of observations (logged) -0.105""" 0.029""" 0.016""" -0.038"""

(0.007) (0.006) (0.003) (0.003)

About the econometric model:
Number of controls 0.019" 0.001 -0.009"" -0.006

(0.008) (0.006) (0.003) (0.003)

Individual FE 0.084""" 0.004 -0.045""" -0.010
(0.021) (0.016) (0.009) (0.008)

About the independent variable:
Continuous variable -0.080""" -0.034""" -0.008 -0.002

(0.010) (0.008) (0.006) (0.005)

Time-varying variable -0.142""" -0.074""" 0.065""" 0.038"""

(0.009) (0.007) (0.005) (0.004)

Two-stage least square -0.056 -0.013 0.048"" 0.016
(0.033) (0.032) (0.018) (0.017)

Natural experiment -0.167""" -0.090""" 0.091""" 0.034"""

(0.017) (0.014) (0.013) (0.009)

Macroeconomic indicator 0.145""" -0.026 -0.009 0.024""

(0.015) (0.014) (0.009) (0.008)

Absolute t-statistics (logged) -0.275""" 0.187"""

(0.004) (0.002)

Observations 28,513 28,513 17,240 17,240
R2 0.168 0.411 0.105 0.512

Notes: The table shows the results from regressions assessing the risk and cost of sign reversal
under positive monotonic transformations of the well-being scale. SpeciÞcally, Columns (1)
and (2) report coe" cients from an OLS model where the dependent variable equals one if at
least one transformation reverses the sign of a coe" cient m from a regressionr reported in
paper p. Conditional on a sign reversal being possible, Columns (3) and (4) report coe" cients
from an OLS model where the dependent variable is the minimum costC required for reversal.
All regressions control for a dummy indicating whether the well-being scale includes at least
seven response categories and for the type of well-being measure (life satisfaction, Cantril
Ladder, or happiness). Standard errors are clustered at the regression-paper level. Statistical
signiÞcance is denoted as follows: *p < 0.05, ** p < 0.01, *** p < 0.001.
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4.2.3 On signiÞcance reversals: Documenting the risk of reversal

We now quantify the risk ofsigniÞcancereversals.22 To this end, we Þrst divide allestimates

of interest in WellBaseinto two groups: those initially signiÞcant at the 5% level, and those

not signiÞcant at this level. For all estimates, we compute the maximum and minimum

attainable p-values under any monotonic transformation. We deÞne signiÞcance reversals as

instances where some transformation of the wellbeing scale cause the maximum attainable

p-value for an originally signiÞcant estimate to exceed the 5% threshold, or conversely, where

the minimum attainable p-value for an originally non-signiÞcant estimate drops below this

threshold. Conditional upon the existence of a signiÞcance reversal, we then numerically

search for the transformation that produces this reversal with the smallest deviation from

linearity.

Figure 6 plots the share of signiÞcance reversal against the cost-of-reversalC. The solid

black curve traces this share for coe! cients originally signiÞcant at the 5% level. The

dotted grey curve shows the corresponding share for insigniÞcant coe! cient crossing the

signiÞcance threshold. The relationship between the costC and the probability of signiÞcance

reversals is, again, concave. The hazard of gaining signiÞcance is always greater than that

of losing it: 60% of previously insigniÞcant estimates can become signiÞcant with some

positive monotonic transformation of the response scale. Only 24% of signiÞcant coe! cients

can be turned insigniÞcant. Restricting attention to ÒplausibleÓ transformations (C < 0.15)

reduces these Þgures to 30% and 8%, respectively. Panel (B) restricts attention to initially

signiÞcant coe! cients. About 87% of coe! cients with 0.01 < p % 0.05 lose signiÞcance

under some ÒmildÓ (C < 0.15) transformation. In contrast, coe! cients that were already

highly signiÞcant (p < 0.001) are almost immovable: 95% stay below a p-value of 0.05 under

any positive monotonic transformation.

These results mirror those for sign reversals: signiÞcance reversals are a real concern, but

their occurrence appears limited when restricting attention to ÒplausibleÓ departures from

linearity. This is especially true for highly signiÞcant estimates, which almost never become

insigniÞcant regardless of the transformation considered. However, as is intuitive, estimates

just below the 5% threshold easily lose signiÞcance even under ÒmildÓ transformations.

22One might be tempted to view a coe" cient that becomes (or ceases to be) statistically signiÞcant after a
positive monotonic transformation of the wellbeing scale as Type II (false negative) or Type I (false positive)
errors. This is not the case. Type I/II errors arise solely from sampling variability under a Þxed coding
of the data. The ÔsigniÞcance reversalsÕ documented here, by contrast, are a deterministic consequence
of re-labelling the ordered categories. Hence these risks only indicate how strongly inferences rely on the
(implicit) cardinality assumptions built into the chosen coding of the scale.
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Figure 6: Cumulative signiÞcance-reversal shares for di" erent values ofC in WellBase

Panel (A)

Panel (B)

Notes: Cumulative shares of coe" cients for which statistical signiÞcancecan be reversed by at least
one positive monotonic transformation of the response scale with at most costC. See notes of Figure
5 for more details about C and the shaded regions. Panel (A) shows that up to 24% of originally
signiÞcant estimates may lose signiÞcance with at least one positive monotonic transformation, while
approximately 60% of originally insigniÞcant coe" cients can be rendered signiÞcant. Panel(B)
shows that originally highly signiÞcant coe" cients (p < 0.001) are extremely robust, whereas
marginally signiÞcant ones (0.01 < p % 0.05) are fragile even under ÒplausibleÓ transformations.
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4.2.4 On relative magnitudes: The case of unemployment and income

Turning to relative magnitudes, we focus on unemployment and income. These key determi-

nants are studied across multiple papers in our database. The incomeÐwellbeing relationship

is especially central to policy-oriented work, because income is used as the num«eraire in mon-

etary valuations based on subjective wellbeing data (e.g. Dolan et al. 2019). Our analysis

draws on the subset of nine studies inWellBasethat simultaneously include both unemploy-

ment and household income in their regressions. To facilitate comparability across studies,

we standardize each studyÕs wellbeing variable to mean zero and standard deviation one.

We Þrst compute a paper-speciÞc average point estimate for unemployment and for in-

come weighted by the inverse of the standard error of the estimates.23 The vertical markers

in Figure 7 present such point estimates under the assumption of linearity (i.e.C = 0).

Unemployment is indicated in blue. The red markers show income. On average, unemploy-

ment is associated with a decrease in wellbeing of roughly 0.39 standard deviations. A unit

increase in log income is, on average, associated with a 0.18 SD increase in wellbeing.

The grey bars in Figure 7 now show how these estimates may vary as we depart from linear

scale use. The magnitude of estimates vary widely, even under ÒplausibleÓ transformations.

When taking the meta-analytic average across all studies, and forC < 0.15 (for C < 0.30),

unemployment decreases wellbeing between 0.28 (0.19) and 0.45 (0.50) SDs. A unit increase

in log income is correspondingly associated with an average increase between 0.11 (0.04) and

0.16 (0.18) SDs.

Given that there is no natural absolute scale for wellbeing (linear or not), the absolute

magnitudes of coe! cients are not meaningful. Ratios of coe! cients, in contrast, do provide

a meaningful relative measure. When interpreted as causal estimates, such ratios can be

interpreted as marginal rates of substitution (MRS) between two variables. Figure 8 therefore

shows ratios of the coe! cient on unemployment to the coe! cient on ln(HH income) across

di" erent levels forC.24 Each grey line in Panel (A) corresponds to a di" erent paper. The

black line shows the average ratio across all papers. We observe that this mean MRS can

range from positive to as low as Ð18.25. Under ÒlikelyÓ transformations (C < 0.15), the

ranges are only slightly narrower, ranging from zero to -10. Panel (B) disaggregates these

MRS estimates by regression type. We do so because regressions with individual Þxed

e" ects produce income coe! cients that are systematically closer to zero than cross-sectional

regressions. Hence, we expect ratios using these coe! cients as the num«eraire to be more

23The only exception is Carattini and Roesti (2023), who used three distinct datasets, where we treat each
dataset from their paper as a unique observation.

24For the computations to follow, we exclude regressions where the coe" cient on income was reversible.
According to Proposition 3, coe" cients are unbounded in such a case. We had to exclude four regressions
on that basis: one in Knabe et al. (2010) and three in Layard et al. (2014) (c.f. Figure 8).
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Figure 7: Forest plot showing the sensitivity of relative estimate magnitudes to transfor-
mations of the wellbeing scale

Notes: Standardized average point estimates for unemployment and the log of household in-
come among papers included inWellBase. Papers are ranked by the average e! ect size of the
unemployment coe" cient. The overall average, weighted by the inverse of the standard error
of the individual estimates and based on a meta-analytic Þxed-e! ects model (Borenstein et al.
2010), is displayed at the bottom. Wellbeing scales are standardized (mean of zero and stan-
dard deviation of one), whereas estimates for unemployment and household income (expressed
in logarithmic terms) are not standardized. ConÞdence intervals are replaced by grey bars,
which indicate the range of point estimates after applying positive monotonic transformations
of the wellbeing scales. There are three shades of grey, with the darkest corresponding to
ÒplausibleÓ transformations (C < 0.15), the middle to Òconservatively plausibleÓ transforma-
tions (0.15 % C < 0.30), and the lightest to ÒimplausibleÓ transformations (0.30 % C).
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Figure 8: Ranges of unemployment-income ratios

Panel (A)

Panel (B)

Notes: Range of marginal rate of substitution (MRS) between unemployment and log house-
hold income. See notes of Figure 5 for more details aboutC and the shaded regions. Panel
(A) plots the MRS between unemployment and log household income by paper (grey) and
their average (black) across values ofC. This reveals a wide range Ñ from positive to Ð18.25.
Panel (B) disaggregates by regression type: MRS estimates from regressions with individual
Þxed e! ects are particularly unstable, while cross-sectional regressions are more robust.
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sensitive. This is indeed what we observe: regressions that control for individual Þxed e" ects

are particularly sensitive, yielding MRS values that, even under ÒplausibleÓ (C < 0.15)

transformations of the wellbeing scale, span a wide range of (from -9.14 to -3.23). In contrast,

cross-sectional regressions are more robust: the average MRS initially equals roughly -2.37

at linearity and broadens only moderately, ranging between -3.29 and -1.32 at the boundary

of ÒplausibleÓ transformations.

Thus, although the risk of sign and signiÞcance reversals appeared relatively small under

ÒplausibleÓ transformations of the wellbeing scale, the same cannot be said about themag-

nitudes of estimates. Applied to the case of unemployment and income Ñ two key drivers of

subjective wellbeing Ñ both absolute and relative magnitudes vary widely, even under mild

transformations.

4.3 Likert Scales for Attitudes, Preferences and Perceptions

Although our focus has so far been on wellbeing scales, these are not the only constructs

in economics measured using discrete and bounded response scales. Concepts such as risk

aversion, trust, or political preferences are also routinely captured with such scales, and are

broadly accepted within the discipline. To gauge whether concerns about the cardinal vs

ordinal nature of Likert-style measurement ought to be unique to wellbeing, we now compare

the reversal risks between these di" erent types of measures.

To do so systematically, we screened every article that appeared between January 2010

and May 2025 in the Þve leading economics journals25 and retained those whose full text

contained the term ÒLikert scaleÓ or whose title included at least one of the following expres-

sions: Òrisk aversion,Ó Òrisk preferences,Ó Òtrust,Ó or Òpreferences forÓ. This search strategy

is unlikely to cover all Likert-scale based research published in top 5 economics journals, but

assembling a true census of all such published research is beyond the scope of this study.

As shown in Þgure A19, we reproduced 14 articles for a total of 411 regressions and 2,903

estimates (47.67% of which are printed coe! cients). Of the included papers, three contained

contained Likert-scale measure of trust (Acemoglu et al. 2020; Algan and Cahuc 2010; Falk

et al. 2018), two contained a Likert-scale measure of political preferences (Kuziemko et al.

2015; Alesina et al. 2018), one contained a Likert-scale measure of risk aversion (Dohmen

et al. 2010), and eight contained a Likert-scale measure of a other concepts including hiring

interest, optimism, fear, political correctness attitudes, and work morale (Cohn et al. 2015;

Kessler et al. 2019; Exley and Kessler 2022; Spenkuch et al. 2023; Braghieri 2024; Engelmann

et al. 2024; Englmaier et al. 2024; Gagnon et al. 2025).

25We count the following journals as part of the Ôtop ÞveÕ:Quarterly Journal of Economics, American
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Figure 9: Comparing the risk of sign reversal between wellbeing scales and other Likert
scales in Top-5 Economics journals

Notes: Cumulative shares of coe" cients for which the sign can be reversed by at least one
positive monotonic transformation of the response scale with at most costC. Figure 9 shows
that the risk of reversal is not unique to wellbeing. In many cases, results on constructs such
as risk (77%), trust (58%), political preferences (32%), and other constructs (45%) are sign
reversible.

Our results are shown in Figure 9. There we compare the sign reversal risk for estimates

based on wellbeing scales published in top-Þve economics journals (solid line) with the cor-

responding risk for estimates derived from other types of Likert scales. The risk of sign

reversal for wellbeing estimates in this subsample is around 41%. This is lower than that for

risk and trust (77% and 58%, respectively), but larger than for political preferences (32%),

and similar to that observed for other concepts measured with Likert scales (45%).

To explore why these risks vary across concepts, we replicated the analysis of Table 2.

Figure A20 shows that the predictors of reversal risk are remarkably similar across types

of measures: larger t-statistics reduce reversal risk, while more response categories increase

it (see also Figure A4). Hence, the higher overall reversal risk for e.g. measures of risk-

preferences reßects that these use scales with more categories and tend to have smaller t-

Economic Review, Journal of Political Economy, Review of Economic Studies, Econometrica.
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statistics. In contrast, measures of trust or political preferences typically use fewer categories

and exhibit larger t-statistics than wellbeing measures (see Appendix Table A6).

In sum, neither the level nor the determinants of reversal risk are unique to wellbeing.

Any concept measured with Likert-type scales is similarly vulnerable.

5 Discussion

Economists increasingly rely on bounded survey scales to measure latent constructs like risk

preferences, trust, political attitudes, and wellbeing. Standard practice treats these scales as

cardinal measures, assuming without evidence that psychological distances between adjacent

response categories remain constant across the entire scale. Our theoretical framework for-

malizes when this assumption matters and introduces a cost function to quantify the minimal

deviation from linearity required to reverse the sign, to reverse signiÞcance, or to change the

relative magnitude of estimated coe! cients.

We gathered original experimental data to assess how individuals use response scales.

Across a series of elicitation strategies, we Þnd that respondents, on average, use such scales

in a way that mildly deviates from linearity. Our estimates imply an upper bound on the

cost of deviation from linearity at C = 0.15. We use this value as an empirical anchor for

judging the plausibility of reversals.

We then ask to what extent wellbeing research published in top-ranked economics jour-

nals depends on the linearity assumption. To do so, we constructedWellBase, a database

comprising the universe of replicable regressions using cognitive wellbeing as a dependent

variable in the top 30 economics journals between January 2010 and May 2025. For each

estimate, we assess whether its sign can be reversed by at least one positive monotonic

transformation of the wellbeing scale and, if so, compute the minimal cost of such a trans-

formation. Plausibility is deÞned based on the evidence we collected. We further examine

whether research practices exist that are systematically associated with a lower risk of sign

reversal. Finally, we useWellBaseto document the rate of signiÞcance reversals and changes

in coe! cient ratios under positive monotonic transformations.

We Þnd that the risk of sign reversal is concave in the cost of deviating from linear-

ity. Plausible transformations of the wellbeing scale can reverse the sign of about 20% of

the wellbeing research published in top-ranked economics journals. If linearity is entirely

abandoned, this share increases to approximately 60%. The corresponding values for our

sample of non-wellbeing Likert scales lies between 33% and 78%. Among wellbeing-based

coe! cients with p-values below 0.1 Ñ the ones typically emphasized in published texts Ñ

the risk is negligible if we consider plausible transformations only. More generally, the risk
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of sign reversal is not random: it can be predicted by observable features of the research

design. One key Þnding is that estimates relying on arguably exogenous variation Ñ such as

natural experiments or macroeconomic shocks Ñ are systematically less prone to reversals.

Regarding signiÞcance reversals, we again Þnd a concave relationship: the marginal e" ect

of relaxing linearity on the risk of signiÞcance reversal diminishes with cost. Among coef-

Þcients with an originalp-value below 0.01, the risk drops sharply as the level of precision

increases. If the linearity assumption were fully abandoned, roughly 86% of the estimates

originally signiÞcant at the 1% level would remain robust at the 10% level. However, for es-

timates with p-values between 0.1 and 0.01, the risk of signiÞcance reversal escalates quickly

Ñ even under empirically plausible transformations of the wellbeing scale. Hence, the bar

for statistical inference is higher than in the absence of concerns over non-linear scale use.

To assess the sensitivity of coe! cient magnitudes and ratios, we restrict the analysis to

papers that include both unemployment and income as covariates. Even small deviations

from linearity substantially a" ect the absolute size of these coe! cients and can easily alter

their ratio Ð by an order of magnitude. Thus, while the direction of estimates tends to be

stable, their relative sizes are highly sensitive to scale assumptions.

Some of our conclusions are nevertheless encouraging. The overall risk of sign reversal is

limited under plausible deviations from linearity, and partially predictable based on research

design. Likewise, the risk of signiÞcance reversal is small for estimates with high original

precision. But other conclusions are more concerning. First, our results are not unique to

wellbeing data: estimates based on other widely used Likert-type scales in economics Ñ

such as trust, risk preferences, or political attitudes Ñ face similar risks. Potentially non-

linear scale use is therefore a concern for a much broader segment of economic research than

is widely recognised. Second, the risk of signiÞcance reversal is high for estimates withp-

values between 0.1 and 0.01, even under modest departures from linearity. Finally, estimated

magnitudes and coe! cient ratios are highly unstable. Here, too, do minimal non-linearities

in scale use su! ce to reverse researchersÕ substantive conclusions.

Our results do have some practical implications. It seems that researchers can keep

current survey instruments largely unchanged: discrete and continuous response formats

yield similar regressions coe! cients, and explicit instructions on how respondents should

use response scales appear to have negligible e" ects. What is needed, however, is a broader

evidence-base on scale use. Our own tests, while indicative, are drawn from a single type of

wellbeing scale and could not pin-down the precise functional form by which scale use departs

from linearity. Until such evidence accumulates, we recommend that analysts routinely probe

the robustness of their headline results to monotonic transformations of their outcome. One

contribution of this paper, we hope, is to render such tests more tractable.
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Appendix

A Proofs

A.1 Proof of Proposition 1

A.1.1 OLS case

A version of this proof originally appeared in Kaiser and Vendrik (2023). We here reproduce

a shorter version in our notation, which will be useful for later proofs.

As in section 2.4, letlk be the real value we assign to thekth response category of the

untransformed variabler i , and let the labels assigned to each category of the transformed

variable ÷r i be given by÷lk. Hence, for any transformationf , we havef (r i = lk) = ÷lk . Now

note that:

÷r i =
K'

k=1

÷lk1(r i = k)

=
K ! 1'

k=1

(÷lk & ÷lk+1 )1(r i % k) + ÷lK

=
K ! 1'

k=1

(÷lk & ÷lk+1 )dk,i + ÷lK

Stacking over individuals, we can thus write÷r =
( K ! 1

k=1 (÷lk & ÷lk+1 )dk + ÷lK I . Now notice

that:

ö! = ( X #X )! 1X #÷r

= ( X #X )! 1X #

!
K ! 1'

k=1

(÷lk & ÷lk+1 )dk + ÷lK I

"

= ( X #X )! 1X #

!
K ! 1'

k=1

(÷lk & ÷lk+1 )(( X #X )! 1X #)! 1 ö!
(d)
k + ÷lK I

"

=
K ! 1'

k=1

(÷lk & ÷lk+1 ) ö!
(d)
k + ( X #X )! 1X #÷lK I

Recall that the Þrst element ofö! records a constant. The second term in the last line

is therefore a vector with all but the Þrst element equal to zero. Hence, for coe! cient ö! m
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associated with covariateX im , we can write ö! m =
( K ! 1

k=1 (÷lk & ÷lk+1 ) ö! (d)
km . Since÷lk & ÷lk+1 < 0

for all positive monotonic transformations, if sgn(ö! (d)
km ) is constant acrossk, every positive

monotonic transformation ofr i yields the same sign forö! m . However, if sgn(ö! (d)
km ) '= sgn( ö! (d)

k! m )

for at least onek and k#, then there will always be a choice of labels such that either÷lk & ÷lk+1

or ÷lk! & ÷lk! +1 is su! ciently large to switch the sign ofö! m (since either can be made arbitrarily

large without a" ecting the other).

A.1.2 Fixed-e #ects case

Suppose we have panel data for respondentsi and time period t. We collect the within-

person means acrosst = 1, 2, .., Ti of all covariates in øX . The within-person means of÷r and

dk are collected inø÷r and ødk, respectively. The demeaned values ofX , ÷r , and dk are then

given by úX = X & øX , ú÷r = ÷r & ø÷r , and údk = dk & ødk, respectively. The Þxed e" ects estimator

can then be written asö! F E = ( úX # úX )! 1 úX #ú÷r and the result of Proposition 1 follows by the

same argument.

A.1.3 2-SLS Case

To also cover the IV case, it is su! cient to show that all but the Þrst element ofö! IV are equal

to
( K ! 1

k=1 (÷lk & ÷lk+1 ) ö!
(d)
IV,k , where ö! IV and ö!

(d)
IV,k are, respectively, IV estimates of regressions of

÷r and dk on X with excluded instrumentsZ. In the just-identiÞed case,ö! IV = ( Z#X )! 1Z#÷r

and ö!
(d)
IV,k = ( Z#X )! 1Z#dk. Thus, analogous to the OLS case, we have:

ö! IV = ( Z#X )! 1Z#÷r

= ( Z#X )! 1Z#

!
K ! 1'

k=1

(÷lk & ÷lk+1 )dk + ÷lK I

"

= ( Z#X )! 1Z#

!
K ! 1'

k=1

(÷lk & ÷lk+1 )(( Z#X )! 1Z#)! 1 ö!
(d)
IV,k + ÷lK I

"

=
K ! 1'

k=1

(÷lk & ÷lk+1 ) ö!
(d)
IV,k + ( Z#X )! 1Z#÷lK I

As in the OLS case, the term (Z#X )! 1Z#÷lK I is just an IV estimate of a regression of the

constant term ÷lK I . All but the Þrst element will therefore be zero. Hence, as required, all

but the Þrst element ofö! IV are equal to
( K ! 1

k=1 (÷lk & ÷lk+1 ) ö!
(d)
IV,k .
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A.1.4 Continuous Case

In principle r i could be measured on a continuous scale. An analogous result to Proposition 1

holds in this case.

Proposition A1 (Non-reversal condition with continuous outcomes). Let r i be a continu-

ous variable with support[rmin , rmax ] and let f : [rmin , rmax ] # R be any continuously dif-

ferentiable, strictly increasing function (i.e., f #(t) > 0 for all t ! [rmin , rmax ]). DeÞne the

transformed variable÷r i = f (r i ). Then, the sign of the OLS coe! cient ö! m on covariateX im

in the regression

÷r i = X i
ö! + )i ,

is invariant under all such transformationsf if and only if the coe! cient ö! d
m(t) obtained

from the regression of the dichotomized variable1{ r i % t} on X i is of the same sign for

every t ! [rmin , rmax ].

Sincef is continuously di" erentiable and strictly increasing, we can write

f (r i ) = f (rmax) &
) r max

r i

f #(t) dt.

Noting that for any r i ! [rmin , rmax ] we have

) r max

r i

f #(t) dt =
) r max

r min

f #(t) 1{ r i % t} dt,

it follows that

f (r i ) = f (rmax) &
) r max

r min

f #(t) 1{ r i % t} dt.

Stacking observations and regressing ÷r i on X i yields

ö! = ( X #X )! 1X #÷r = ( X #X )! 1X #
#

f (rmax)1 &
) r max

r min

f #(t) 1{ r i % t} dt
$

.

Sincef (rmax) is constant, it a" ects only the intercept. For the coe! cient on X im , we obtain,

analogous to the discrete case:

ö! m = &
) r max

r min

f #(t) ö! d
m(t) dt,

where ö! d
m(t) is the coe! cient on X im from the regression of1{ r i % t} on X i . Because

f #(t) > 0 for all t, the overall coe! cient ö! m is essentially a weighted average (with a negative

sign) of the ö! d
m(t). Thus, if ö! d

m(t) has the same sign for everyt ! [rmin , rmax ], then the sign
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of ö! m is Þxed regardless of the choice off . Conversely, if there is any interval of values for

t where ö! d
m(t) takes a di" erent sign, one may choosef so that the weights f #(t) shift the

overall sign of ö! m .

A.2 Proof of Proposition 2

From Equation 1 and Assumptions 1 and 2 we have:

ö! = ( X #X )! 1X #÷r = ( X #X )! 1X #s & (X #X )! 1X ##

Given Assumption 1, (X #X )! 1X #s is a consistent estimator of! . Given Assumption

2, (X #X )! 1X ## is a consistent estimator of" . Assumption 2 implies that sgn(! m) =

sgn(! m & %m). Thus, since sgn(ö! m) is a consistent estimator of sgn(! m & %m), sgn(ö! m)

is also a consistent estimator of sgn(! m). By satisfying the non-reversal condition, sgn(ö! m)

is invariant under all positive monotonic transformations. Thus, sgn(ö! m) is a consistent

estimator of sgn(! m) for all positive monotonic transformations ofr i .

A.3 Standard errors under monotonic transformations

We here provide additional details for computing the variance-covariance matrix of estimated

coe! cients under arbitrary monotonic transformations of the response scale.

A.3.1 Residual decomposition

For any monotonic transformation ÷r i = f (r i ), we show that the residuals from a regression

of ÷r on X can be expressed as a weighted combination of residuals from regressions of the

dichotomized variablesdk. The residuals from the transformed regression are:

÷e = ÷r & X ö!
(÷r )

. (8)

From the proof of Proposition 1 (Appendix A.1), we know that÷r =
( K ! 1

k=1 (÷lk & ÷lk+1 )dk +
÷lK I and ö!

(÷r )
=

( K ! 1
k=1 (÷lk & ÷lk+1 ) ö!

(d)
k + ( X #X )! 1X #÷lK I . Substituting these expressions:
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÷e =
K ! 1'

k=1

(÷lk & ÷lk+1 )dk + ÷lK I & X

!
K ! 1'

k=1

(÷lk & ÷lk+1 ) ö!
(d)
k + ( X #X )! 1X #÷lK I

"

(9)

=
K ! 1'

k=1

(÷lk & ÷lk+1 )dk + ÷lK I &
K ! 1'

k=1

X (÷lk & ÷lk+1 ) ö!
(d)
k & X (X #X )! 1X #÷lK I (10)

=
K ! 1'

k=1

(÷lk & ÷lk+1 )(dk & X ö!
(d)
k ) + ÷lK I & ÷lK X (X #X )! 1X #I (11)

=
K ! 1'

k=1

(÷lk & ÷lk+1 )edk + ÷lK (I & X (X #X )! 1X #)I (12)

=
K ! 1'

k=1

(÷lk & ÷lk+1 )edk. (13)

The last equality follows becauseX (X #X )! 1X # is the projection matrix onto the column

space ofX . SinceX includes a constant,I lies in its column space, makingX (X #X )! 1X #I = I .

A.3.2 Variance-covariance matrix expressions

Using the residual decomposition above, we can express the variance-covariance matrix es-

timator ö" for di" erent error structures.

Homoskedastic standard errors . Under the assumption of homoskedastic errors, the

variance estimator is:

ö$ vanilla = ö* 2 =
1

N & M

N'

i =1

÷e2
i =

1
N & M

N'

i =1

*
K ! 1'

k=1

(÷lk & ÷lk+1 )edk,i

+2

, (14)

whereN is the number of observations andM is the number of regressors, andedk,i is the

residual for observationi from the regression ofdki on X .

Heteroskedasticity-robust standard errors . The Huber-White heteroskedasticity-robust

variance estimator is:

ö" robust =
N'

i =1

x i x#
i ÷e

2
i =

N'

i =1

x i x#
i

*
K ! 1'

k=1

(÷lk & ÷lk+1 )edk,i

+2

. (15)

Clustered standard errors . For G clusters, the clustered variance estimator is:

ö" clustered =
G'

g=1

!
'

i $ g

x i ÷ei

" !
'

i $ g

x i ÷ei

" #

. (16)
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Substituting the residual decomposition:

ö" clustered =
G'

g=1

!
'

i $ g

x i

K ! 1'

k=1

(÷lk & ÷lk+1 )edk,i

" !
'

i $ g

x i

K ! 1'

k=1

(÷lk & ÷lk+1 )edk,i

" #

. (17)

A.4 Proof of Proposition 3

We begin with the identity established in the proof of Proposition 1:

ö! (÷r )
m =

K ! 1'

k=1

(÷lk & ÷lk+1 ) ö! (d)
km

For any two variablesm and n, the ratio of their coe! cients is:

ö! (÷r )
m

ö! (÷r )
n

=
( K ! 1

k=1 (÷lk & ÷lk+1 ) ö! (d)
km( K ! 1

k=1 (÷lk & ÷lk+1 ) ö! (d)
kn

We consider two cases, depending on whether the coe! cient in the denominator is re-

versible.

Case 1: ö! (÷r )
n is not reversible

If ö! (÷r )
n is not reversible across all positive monotonic transformations, then by Proposition 1,

all ö! (d)
kn share the same sign. First assume that allö! (d)

kn > 0. Let ÷wk = &(÷lk & ÷lk+1 ). Given

that ÷lk & ÷lk+1 < 0 for all positive monotonic transformations, we have ÷wk > 0. We can

rewrite the ratio as:

ö! (÷r )
m

ö! (÷r )
n

=
( K ! 1

k=1 ÷wk
ö! (d)

km( K ! 1
k=1 ÷wk

ö! (d)
kn

=

( K ! 1
k=1 ÷wk

ö! (d)
kn

ö" ( d)
km

ö" ( d)
kn( K ! 1

k=1 ÷wk
ö! (d)

kn

=
1

( K ! 1
k=1 ÷wk

ö! (d)
kn

K ! 1'

k=1

÷wk
ö! (d)

kn

ö! (d)
km

ö! (d)
kn

=
K ! 1'

k=1

÷wk
ö! (d)

kn( K ! 1
j =1 ÷wj

ö! (d)
jn

ö! (d)
km

ö! (d)
kn

=
K ! 1'

k=1

&k

ö! (d)
km

ö! (d)
kn

Since ÷wk > 0 and ö! (d)
kn > 0 for all k (by assumption), we have&k > 0 for all k. Addi-

tionally,
( K ! 1

k=1 &k = 1. Therefore, the ratio ö! (÷r )
m / ö! (÷r )

n is a convex combination of the ratios
ö! (d)

km / ö! (d)
kn , where the weights are given by&k $ ÷wk

ö" ( d)
kn! K " 1

j =1 ÷wj ö" ( d)
jn

.

Thus, the ratio ö! (÷r )
m / ö! (÷r )

n must lie between the minimum and maximum values ofö! (d)
km / ö! (d)

kn :

min
k

ö! (d)
km

ö! (d)
kn

<
ö! (÷r )

m

ö! (÷r )
n

< max
k

ö! (d)
km

ö! (d)
kn
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By choosing appropriate values for ÷wk (which corresponds to choosing an appropriate

positive monotonic transformation), we can make the ratioö! (÷r )
m / ö! (÷r )

n arbitrarily close to

either bound. For example, to approach the maximum value maxk
ö" ( d)

km
ö" ( d)

kn

, we could choose a

transformation where ÷wk is very large for thek that maximizes
ö" ( d)

km
ö" ( d)

kn

and very small for all

other values ofk. Finally, when the signs of theö! (d)
kn are all negative, the same argument

applies, except that the inequalities are reversed due to the negative sign in the denominator.

However, the bounds remain the same.

Case 2: ö! (÷r )
n is reversible

Now consider the case whereö! (÷r )
n can be reversed by some positive monotonic transformation.

In that case, the ratio
ö" (÷r )

m
ö" (÷r )

n
is not bounded. To see this, note that sinceö! (÷r )

n is reversible, we

can Þnd a transformation such thatö! (÷r )
n = " for some arbitrarily small " > 0. Depending on

the sign of ö! (÷r )
m for that transformation, this will cause the ratio

ö" (÷r )
m

ö" (÷r )
n

to be arbitrarily large

negative (for ö! (÷r )
m < 0) or positive (for ö! (÷r )

m ) 0). By the same argument, we can always Þnd

another transformation such that ö! (÷r )
n = ) for some arbitrarily small ) < 0, and obtain an

arbitrarily large positive (for ö! (÷r )
m < 0) or large negative (forö! (÷r )

m ) 0) ratio.26.

A.5 Derivation of maxVar (# ÷l)

We here show that maxVar(# ÷l) =
#

1
K ! 1 & 1

(K ! 1)2

$
(lK & l1)2. Let di" erences between adja-

cent labels be given bydk $ ÷lk+1 & ÷lk for k = 1, ..., K & 1. The variance of these di" erences

is given by:

Var(# ÷l) =
1

K & 1

K ! 1'

k=1

(dk & ød)2 (18)

Where ød = 1
K ! 1

( K ! 1
k=1 dk = lK ! l1

K ! 1 is the mean di" erence. Now note that the variance is

maximized when these di" erences are as spread out as possible. Given the constraint that

all di" erences must be positive (ourMonotonicity constraint) and sum toL = lK & l1 (our

Normalization constraint), the maximum variance occurs when one di" erence approaches

L and all other K & 2 di" erences approach 0. The maximum variance is then:

maxVar(# ÷l) =
1

K & 1

,
(L & ød)2 + ( K & 2)(0 & ød)2

-
(19)

26We exclude the degenerate case here whereö! (÷r )
m switches sign for exactly the same transformation as

ö! (÷r )
n .
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Substituting ød = L
K ! 1:

maxVar(# ÷l) =
1

K & 1

* .
L &

L
K & 1

/ 2

+ ( K & 2)
.

L
K & 1

/ 2
+

(20)

=
1

K & 1

*

L2

.
K & 2
K & 1

/ 2

+ ( K & 2)
L2

(K & 1)2

+

(21)

=
L2

(K & 1)3

,
(K & 2)2 + ( K & 2)

-
(22)

=
L2(K & 2)(K & 1)

(K & 1)3
(23)

=
K & 2

(K & 1)2
L2 (24)

=
.

1
K & 1

&
1

(K & 1)2

/
(lK & l1)2 (25)

B Making C comparable across scales with varying

numbers of response options

We here provide a justiÞcation for setting& = 2 log10(K & 1) in the cost functionC! (÷l) when

comparing transformations across scales with varying numbers of categories. We also show

why our standard cost function (i.e., setting& = 2) becomes problematic as the number of

labels increases.

Consider a continuous functionf : [0, 1] # [0, 1] with which we plan to recode our

dependent variabler . This restriction to the unit interval is without loss of generality, as

any monotonic transformation can be normalized to this domain and range. Depending on

the number of response optionsK for r , we can think of this function as beingsampledat

K equidistant points (resulting in K & 1 di" erences between adjacent points). The pattern

of di" erences between response options in turn approximates the derivative of the function,

scaled by the sampling interval.

When we sample a continuous function atK equidistant points, each di" erence can be

expressed as:

di #
ú÷lk = f (xi +1 ) & f (xi ) * f #(xi ) á# x = f #(xi ) á

1
K & 1

(26)

In the context of our response scale transformation, these di" erencesdi correspond pre-

cisely to the di" erences between adjacent labels÷lk+1 & ÷lk, where the sampling pointsxi

correspond to the normalized positions of the original labelslk in the interval [0, 1].
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To see how the variance of di" erences scales with the number of points, we calculate:

Var(d) =
1

K & 1

K ! 1'

i =1

(di & ød)2 (27)

where ød is the mean di" erence:

ød =
1

K & 1

K ! 1'

i =1

di =
f (1) & f (0)

K & 1
=

1
K & 1

(28)

Substituting our expressions fordi and ød:

Var(d) =
1

K & 1

K ! 1'

i =1

.
f #(xi ) á

1
K & 1

&
1

K & 1

/ 2

(29)

=
1

K & 1

K ! 1'

i =1

1
(K & 1)2

(f #(xi ) & 1)2 (30)

=
1

(K & 1)2

K ! 1'

i =1

1
(K & 1)

(f #(xi ) & 1)2 (31)

As K increases, this sum approaches an integral:

1
(K & 1)2

K ! 1'

i =1

1
(K & 1)

(f #(xi ) & 1)2 *
1

(K & 1)2

) 1

0
(f #(x) & 1)2 dx (32)

If we denote the variance of the derivative function over [0, 1] as * 2
f ! , which is a Þxed

value for any given functionf , then:

Var(d) *
* 2

f !

(K & 1)2
(33)

Hence, the variance of di" erences scales by a factor of 1/ (K & 1)2 for a Þxed pattern of

non-linearity as the number of sampling points increases.

Now we may notice that since maxVar(d) =
#

1
K ! 1 & 1

(K ! 1)2

$
* 1

K ! 1 for largeK , we have:

Var(d)
maxVar(d)

*
* 2

f ! / (K & 1)2

1/ (K & 1)
= * 2

f !

1
(K & 1)

(34)

This ratio, therefore, scales approximately by a factor 1/ (K & 1) for any Þxed continuous

function as the sampling resolution (i.e., the number of response options) increases. We would
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like to reduce this dependency onK in our cost function. Although completely eliminating

this dependency would require knowing the variance of the derivative of the transformation

function (* 2
f ! ) in advance, we can mitigate it through our choice of exponent& in the cost

function. SpeciÞcally, we choose an exponent that makes
%

1
K ! 1

&1/ !
constant:

& = 2 log10(K & 1) (35)

With this adjustment, for any value of K we obtain
%

1
K ! 1

&1/ (2 log10 (K ! 1))
= 10! 1/ 2 * 0.316.

Notably, this adjustment works perfectly when the variance of the derivative of the trans-

formation * 2
f ! equals 1, while for other values of* 2

f ! the dependency onK is substantially

reduced but not eliminated.27 Thus, with this adjustment, the cost function will yield more

comparable values across scales with di" erent numbers of response categories for the same

type of transformation. Moreover, for the commonly used 11-point scales, this approach

conveniently gives us& = 2 log10(10) = 2, which is the setting we use in the main text.

C Further evidence on "

C.1 Worst-case estimates for " when C > 0

Despite Þnding in section 3.3 that%m * 0 if scale use were linear (i.e., forC = 0), it remains

unclear how%m would behave for non-linear scale use (i.e.C > 0). We perform a worst-

case analysis on the potential inßuence and magnitude of%m in the case where scale use is

non-linear. We do so in two steps:

1. Using our continuous measure, and for increasing values ofC ! [0, 1] and every covari-

ate m, we search for a transformation that yields a maximally positive and a maximially

negative coe! cient ö! (÷r ( cont )
m . This may, of course, involve a reversal of coe! cient signs

compared to the original coe! cient assuming linear scale useö! (r ( cont ) )
m .

2. We then check what maximal/minimal coe! cient we would have obtained with a trans-

formation of the same maximum cost if we only had our discrete 11-point variable. The

27To see this, we note the full expression:

C! *

!
' 2

f !

K & 1

" 1/ (2 log 10 (K ! 1))

=
%
' 2

f !

&1/ (2 log 10 (K ! 1))
á10! 1/ 2

When ' 2
f ! = 1, the Þrst term equals 11/ (2 log 10 (K ! 1)) = 1. As in the unadjusted case for Þxed$, for values

of ' 2
f ! > 1, our cost will decrease asK increases. In contrast, for' 2

f ! < 1, it will increase as K increases.
However, this remaining dependency on is much weaker than in the case of Þxed$.
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Figure A1: Worst-case evidence on%m when C > 0 (ProliÞc data)

Note: This Þgure displays worst-case scenarios for#m under non-linear scale use across several
socioeconomic characteristics. The shaded regions represent the range of possible coe" cient
values achievable through transformations at each cost C, with teal regions (#+

m ) showing
maximum possible coe" cients and blue regions (#!

m ) showing minimum possible coe" cients.
Solid lines represent coe" cients from continuous measurements. Dashed lines show coe" cients
from discrete measurements.

di" erence between coe! cients ö! (÷r ( cont )
m and ö! (÷r ( disc )

m gives us a worst-case estimate of%m

under non-linear scale use.

Unfortunately, as discussed in Appendix B, it is not, in general, possible to make the

cost perfectly comparable across scales with vastly di" erent numbers of response options.

In order to at least ensure some comparability, we cannot let& be Þxed (c.f. Section 2.4.

Instead, we let& = 2log10(K & 1), as also derived in Appendix B. Thus, in what follows,

when we write ÒCÓ we meanC! =2log 10 (K ! 1).

The results of this analysis, for several socio-economics variables, and across many values

for C, are shown in Figure A1. The shaded regions represent the range of possible coe! -

cient values obtainable through transformations at a given costC, with the upper region

(teal) corresponding to%+
m (i.e. where we maximise coe! cients) and the lower region (blue)

corresponding to%!
m (i.e. where we minimise coe! cients). The dashed black lines show the
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coe! cient from the discrete measurement, while the solid lines show the coe! cient from the

continuous measurement.

We do not generally see that a reversal is possible at a lower cost for the continuous

measure.28 However, asC approaches 1, it is almost universally the case that the range of

possible coe! cient values is somewhat larger for the continuous measure than for the discrete

measure. As a consequence, the continuous measure leads to an additional reversal for the

case of unemployment (atC = 0.67), while no reversal for unemployment is possible in the

discrete case. These wider ranges for the continuous scale imply larger potential values of

%m under extreme non-linear scale use. However, we have little empirical evidence in favour

of such strongly non-linear scale use (c.f. Section 3)

C.2 E #ect of number of response categories

The previous evidence suggests that the possible range of coe! cient values will be wider

when using more response options. Intuitively, this is because the scope for within-category

heterogeneity will be larger when there are fewer response categories. To further understand

the magnitude of this phenomenon, we now extend our analysis of the previous section

in two ways. First, we replicate the analysis on the same three additional datasets as

already discussed in section 3.3. Second, we now also consider 3-point and 7-point scales,

alongside our original 11-point discrete scale. Given that we do notobservedata on these

types of measures, we create these 3-point and 7-point scales by discretizing our continuous

measurement at equidistant points.29

Figure A2 and Figures A8-A10 show the results. In line with the evidence of the previous

section, we broadly observe that increasing the number of response categories also increases

the possible spread of coe! cient values at very high costs. As expected, we observe the

smallest coe! cient spreads for three response categories, and the largest spreads for our

continuous measures. In turn, this again makes it generally more likely to reverse a coe! cient

when more response categories are available Ð especially when allowing for large values for

C.

As a further piece of evidence, and to show this more systematically, we analyze for all of

the variables and datasets discussed thus far, as well as pooling across datasets, how the mean

cost of reversal (and the share of feasible reversals), varies with the number of categories.

Since we do not observe all these n-point response scales, we construct them by discretizing

28The S-shaped pattern observed in Figure A1 reßects how our cost adjustment a! ects scales with di! erent
numbers of categories. For small costs, our$ adjustment decreases the cost parameter for the continuous
measurement relative to what a Þxed$ = 2 would yield, while for larger costs, it increases the relative cost.

29This yields { 0, 5, 10} for the three-point scale and{ 0, 1.66, 3.33, 5, 6.66, 8.33, 10} for the seven-point scale.
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Figure A2: Coe! cient spreads whenC > 0 for di" erent discretizations ofr (ProliÞc data)

Note: This Þgure shows coe" cient ranges for di! erent variables across various scale discretiza-
tions (continuous, 11-point, 7-point, and 3-point scales) as the cost parameter C increases from
0 to 1. At high costs and for each variable, continuous measurements typically show the largest
possible range of values, followed by 11-point, 7-point, and Þnally 3-point scales.

our original continuous 0-10 measure by rounding usingr (nlabs)
i = round( r (cont )

i , 10/ (nlabs&

1)), where the second argument of round(., .) gives the units to which we round. Figure A3

shows our results.

We generally observe the share of reversible coe! cients (as indicated by the solid line) to

increase when the number of response options is low, stabilizing at about about 30 response

options.30 Likewise, the mean cost of reversals tends to decline with more response options.

Overall, we observe that the share of reversible coe! cients is about 20%-points higher for

continuous scales than for discrete 11-point scales.

How do these Þndings impact the results of the main text? It seems clear that the share of

reversible coe! cient would be larger if satisfaction was measured on continuous scales in the

literature. We can get some sense of this by comparing the share of reversible results in our

replication e" ort when distinguishing between coe! cients based on 10 or more categories, or

30When only 2 response options are available, reversals arenever possible. In that case the conditional of
Proposition 1 is always trivially met.
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Figure A3: Costs of reversals and shares of reversible coe! cients as a function of the
available number of response categories

Note: This Þgure illustrates how the number of available response categories a! ects both the
share of reversible coe" cients (solid lines) and the mean cost of reversals (dashed lines) across
di! erent datasets (as well as pooling across them). The share of reversible coe" cients generally
increases with the number of response options until approximately 30 categories, after which
it stabilizes. Conversely, the mean cost of reversals tends to decline as more response options
become available. With only 2 response options, reversals are impossible as the conditional of
Proposition 1 is trivially met in this case. This is reßected by the zero values at the left edge
of the graph.

coe! cients based on fewer categories changes (there is only paper (34 estimates) in Wellbase

with more than 11 categories). Figure A4 shows the results of this exercise. As expected,

the share of reversible results is much larger in the case of results with 10 or more categories.

C.3 Implications

Three conclusions emerge from this analysis.

First, if satisfaction were measured continuously, the share of reversible results in the

wellbeing literature would likely be somewhat higher than what we currently observe with

discrete scales.

Second, however, such reversals would rely on extremely well-targeted transformations
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Figure A4: Sign Reversal per categories

Notes: The Þgure shows the percentage of reversible estimates inWellBase by the number of
response categories in the satisfaction scale. The solid line represents reversibility shares for
scales with fewer than 10 response categories, while the dashed line represents scales with at
least 10 categories.

that exploit a worst-case scenarios for within-category heterogeneity in more discrete mea-

sures. When we simply look at the magnitude of%m in the case ofC = 0 (i.e. linear

scale use), we Þnd that%m is typically close to zero. This suggests that the assumption of

favourable within-category heterogeneity is reasonable for low values ofC.

Third, researchers should be especially cautious when working with wellbeing data based

on few response categories (e.g., 3-point or 4-point scales). For such data, it is not feasible

to conservatively assess the robustness of results again positive monotonic transformations

of the response scale.
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Figure A5: Evidence on%m when C = 0 (data from Benjamin et al.)

Figure A6: Evidence on%m when C = 0 (data from Prati & Kaiser)
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Figure A7: Evidence on%m when C = 0 (data from LISS)

Figure A8: Coe" . spreads for di" erent discretizations ofr (Benjamin et al. data)

Note: C.f. note on Figure A2.
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Figure A9: Coe" . spreads for di" erent discretizations ofr (Prati & Kaiser data)

Note: C.f. note on Figure A2.

Figure A10: Coe" . spreads for di" erent discretizations ofr (LISS data)

Note: C.f. note on Figure A2.
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D Survey screenshots

Figure A11: Screenshot of standard life satisfaction question

Note: Screenshot taken from Qualtrics.

Figure A12: Screenshot of life satisfaction question with linear prompt

Note: Screenshot taken from Qualtrics.
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Figure A13: Screenshot of follow-up question to obtain a continuous measure of satisfaction

Note: Screenshot taken from Qualtrics. The slider allows for 100 di! erent values within a
given category. Di! erent versions of this question are provided for every possible response
option in the original life satisfaction question.
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Figure A14: Screenshot of question on subjective height and weight

Note: Screenshot taken from Qualtrics. Questions are presented on separate pages.
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Figure A15: Screenshot of introduction material to sliders questions

Note: Screenshot taken from Qualtrics.

Figure A16: Screenshot of comprehension question for sliders

Note: Screenshot taken from Qualtrics.

70



Figure A17: Screenshot of main sliders question

Note: Screenshot taken from Qualtrics.

Figure A18: Screenshot of veriÞcation question when respondents indicate linear scale use

Note: Screenshot taken from Qualtrics.
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E WellBase Details

Table A1: Description of Papers included in WellBase

Reference Measure ofr
Response
options

Unemployment
estimates

Income
estimates

Comments

Banks et al. (2010) I am satisÞed with my life 4 . . None

Clark and Senik (2010) Taking all things together, how happy would you say
you are?
All things considered, how satisÞed are you with your
life as a whole nowadays?
How satisÞed are you with how your life has turned
out so far?

11

11

11

. ! None

Knabe et al. (2010) All things considered, how satisÞed are you with your
life as a whole these days?

11 ! ! None

Oswald and Wu (2011) In general, how satisÞed are you with your life? 6 ! ! Income logged-
transformed and change
of LFS reference cate-
gory for Section 4.2.4

Bertrand (2013) Taken all together, how would say things are these
days - would you say that you are very happy, pretty
happy or not too happy?

3 . . None

Vendrik (2013) All things considered, how satisÞed are you with your
life as a whole these days?

11 ! ! None

Ashraf et al. (2014) How satisÞed are you with your life as a whole these
days?

5 . . None

Frijters et al. (2014) Here is a scale from 0 to 10, where Ó0Ó dissatisÞed
and Ó10Ó means that you are completely satisÞed.
Please enter the number which corresponds with how
satisÞed or dissatisÞed you are with the way life has
turned out so far.

11 ! . None

Kesternich et al. (2014) On a scale from 0 to 10 where 0 means completely
dissatisÞed and 10 means completely satisÞed, how
satisÞed are you with your life?

11 . . None

Continued on next page
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Table A1 ÐContinued from previous page

Reference Measure ofr
Response
options

Unemployment
estimates

Income
estimates

Comments

Layard et al. (2014) Here is a scale from 0 to 10. On it, Ò0Ó means that
you are completely dissatisÞed and Ò10Ó means that
you are completely satisÞed. Please tick the box with
the number above it which shows how dissatisÞed or
satisÞed you are about the way your life has turned
out so far.

11 ! ! Income unstandardized
for Section 4.2.4

Bloom et al. (2015) How satisÞed are you with your life as a whole these
days?

7 . . None

Campante and
Yanagizawa-Drott (2015)

Taking all things together, would you say you are:
not at all happy, not very happy, quite happy, very
happy?
How satisÞed are you with your life as a whole these
days?

4

10

. . Converted binary r to
original continuous r

Dinkelman and
Schulhofer-Wohl (2015)

Taking everything into account, how satisÞed is the
household with the way it lives these days?

5 . . Original measure ofr in
log; delogged for Well-
Base

Oswald et al. (2015) How would you rate your happiness at the moment? 6 . . Ordered probit replaced
by OLS

Aghion et al. (2016) Please imagine a ladder with steps numbered from
zero at the bottom to 10 at the top. The top of
the ladder represents the best possible life for you
and the bottom of the ladder represents the worst
possible life for you. On which step of the ladder
would you say you personally feel you stand at this
time?
In general, how satisÞed are you with your life?

11

4

. ! None

Clark et al. (2016) How satisÞed are you with your life, all things con-
sidered?

11 ! . None

Danzer and Danzer
(2016)

To what extent are you satisÞed with your life in
general at the present time?

5 ! ! None

Gerritsen (2016) How dissatisÞed or satisÞed are you with your life
overall?

7 . ! None

Glaeser et al. (2016) In general, how satisÞed are you with your life? 4 . . Regressions based on
propriety data missing

Continued on next page
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Table A1 ÐContinued from previous page

Reference Measure ofr
Response
options

Unemployment
estimates

Income
estimates

Comments

Haushofer and Shapiro
(2016)

Taking all things together, would you say you are
Ôvery happyÕ (1), Ôquite happyÕ (2), Ônot very happyÕ
(3), or Ônot at all happyÕ (4)?Ó
All things considered, how satisÞed are you with your
life as a whole these days?

4

11

. . None

Cheng et al. (2017) How satisÞed are you with your life, all things con-
sidered?
How dissatisÞed or satisÞed are you with your life
overall?
All things considered, how satisÞed are you with your
life in general?
All things considered, how satisÞed are you with your
life?

11

7

10

11

. . None

Blattman and Dercon
(2018)

Please imagine a ladder with steps numbered from
zero at the bottom to 10 at the top. The top of
the ladder represents the best possible life for you
and the bottom of the ladder represents the worst
possible life for you. On which step of the ladder
would you say you personally feel you stand at this
time?

11 . . None

Blumenstock et al. (2018) All things considered, how satisÞed are you with life
as a whole?

11 . . None

De Neve et al. (2018) On the whole, are you very satisÞed, fairly satisÞed,
not very satisÞed, or not at all satisÞed with the life
you lead?
Please imagine a ladder with steps numbered from
zero at the bottom to 10 at the top. The top of
the ladder represents the best possible life for you
and the bottom of the ladder represents the worst
possible life for you. On which step of the ladder
would you say you personally feel you stand at this
time?
In general, how satisÞed are you with your life?

4

11

4

. . None

Continued on next page
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Table A1 ÐContinued from previous page

Reference Measure ofr
Response
options

Unemployment
estimates

Income
estimates

Comments

Johnston et al. (2018) All things considered, how satisÞed are you with your
life?

11 ! ! Income logged-
transformed and change
of LFS reference cate-
gory for Section 4.2.4

Dolan et al. (2019) Overall, how satisÞed are you with your life nowa-
days?

11 ! . None

Fisher and Zhu (2019) All things considered, how satisÞed are you with your
life?

11 . . None

Guriev and Treisman
(2019)

Please imagine a ladder with steps numbered from
zero at the bottom to 10 at the top. The top of
the ladder represents the best possible life for you
and the bottom of the ladder represents the worst
possible life for you. On which step of the ladder
would you say you personally feel you stand at this
time?

11 . . None

He! etz and Reeves (2019) In general, how satisÞed are you with your life? 4 . . None
Odermatt and Stutzer
(2019)

How satisÞed are you with your life, all things con-
sidered?

11 ! ! None

Tur-Prats (2019) How satisÞed are you with your life as a whole these
days?

10 . . Converted binary r to
original continuous r

Allcott et al. (2020) During the past 4 weeks, I was satisÞed with my life 7 . . None
Blakeslee et al. (2020) All things considered, how satisÞed are you with your

life as a whole these days?
10 . . None

Haushofer et al. (2020) Taking all things together, would you say you are
Ôvery happyÕ (1), Ôquite happyÕ (2), Ônot very happyÕ
(3), or Ônot at all happyÕ (4)?Ó
All things considered, how satisÞed are you with your
life as a whole these days?

4

11

. . None

Lee et al. (2020) All things considered, how satisÞed are you with your
life as a whole these days?

10 . ! None

Continued on next page
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Table A1 ÐContinued from previous page

Reference Measure ofr
Response
options

Unemployment
estimates

Income
estimates

Comments

Perez-Truglia (2020) Will you mostly describe yourself as: Very happy;
Quite happy; Not particularly happy; Not at all
happy How satisÞed are you with your life?
How satisÞed are you with your life, all things con-
sidered?

4

11

! . Probit-adjusted OLS re-
placed by OLS

Singh and Masters (2020) How satisÞed are you with your life, all things con-
sidered?

6 . . None

Aksoy and Tumen (2021) All things considered, I am satisÞed with my life now 5 . . None
Bessone et al. (2021) How happy are you today?

All things considered, how satisÞed are you with your
life as a whole?

5
10

. . None

Bryan et al. (2021) How would you describe your satisfaction with life?
Taking all things together, would you say you are

4
10

. .

Chen and Fang (2021) Please think about your life-as-a-whole. How satis-
Þed are you with it?

5 . . None

Dalton et al. (2021) How satisÞed are you with your life at this point? 10 . . None
Flèche (2021) In general, how satisÞed are you with your life? 11 ! ! Regressions with Munic-

ipality FE not repro-
duced

Huang et al. (2021) Are you happy? 11 . . None
Kab«atek and Ribar
(2021)

How satisÞed are you with the life you lead at the
moment?

11 . . Ordered logit replaced
by OLS

Levitt (2021) All things considered, how happy are you as a whole
right now?

10 . . None

Li (2021) How happy are you?
How satisÞed are you with your life as a whole?

5
5

. . None

Ajzenman et al. (2022) All things considered, I am satisÞed with my life now 5 . . None
Binder and Makridis
(2022)

Please imagine a ladder with steps numbered from
zero at the bottom to 10 at the top. The top of
the ladder represents the best possible life for you
and the bottom of the ladder represents the worst
possible life for you. On which step of the ladder
would you say you personally feel you stand at this
time?

11 ! . None

Continued on next page
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Table A1 ÐContinued from previous page

Reference Measure ofr
Response
options

Unemployment
estimates

Income
estimates

Comments

Dahl et al. (2022) Overall, how satisÞed are you with your life? 11 . . None
Meier (2022) How satisÞed are you with your life, all things con-

sidered?
11 . . None

Adhvaryu et al. (2023) Please imagine a ladder with steps numbered from
zero at the bottom to 10 at the top. The top of
the ladder represents the best possible life for you
and the bottom of the ladder represents the worst
possible life for you. On which step of the ladder
would you say you personally feel you stand at this
time?

11 . . None

Bah et al. (2023) Please imagine a ladder with steps numbered from
zero at the bottom to 10 at the top. The top of
the ladder represents the best possible life for you
and the bottom of the ladder represents the worst
possible life for you. On which step of the ladder
would you say you personally feel you stand at this
time?

11 . . None

Carattini and Roesti
(2023)

All things considered, how satisÞed are you with your
life as a whole nowadays? Ranges from 0 (extremely
dissatisÞed) to 10 (extremely satisÞed)
Taking all things together, how happy would you say
you are? - ranges from 0 (extremely unhappy) to 10
(extremely happy) In general, how satisÞed are you
with your life?
How satisÞed as a whole, 1 (not at all) to 4 (very
satisÞed)

11

11

4

! ! SHP, ESS and SOM
samples analyzed sepa-
rately in Section 4.2.4

Caria et al. (2023) Please imagine a ladder with steps numbered from
zero at the bottom to 10 at the top. The top of
the ladder represents the best possible life for you
and the bottom of the ladder represents the worst
possible life for you. On which step of the ladder
would you say you personally feel you stand at this
time?

11 . . None

Continued on next page
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Table A1 ÐContinued from previous page

Reference Measure ofr
Response
options

Unemployment
estimates

Income
estimates

Comments

Coville et al. (2023) All things considered, how satisÞed are you with your
life as a whole these days?
Taking all things together, would you say you are:

10

4

. . None

Edmonds et al. (2023) Please imagine a ladder with steps numbered from
zero at the bottom to 10 at the top. The top of
the ladder represents the best possible life for you
and the bottom of the ladder represents the worst
possible life for you. On which step of the ladder
would you say you personally feel you stand at this
time?

11 ! . None

Gazeaud et al. (2023) Please imagine a ladder with steps numbered from
zero at the bottom to 10 at the top. The top of
the ladder represents the best possible life for you
and the bottom of the ladder represents the worst
possible life for you. On which step of the ladder
would you say you personally feel you stand at this
time?

11 . . None

Sarmiento et al. (2023) How satisÞed are you with your life, all things con-
sidered?

11 . . None

Sha (2023) How satisÞed are you with your life as a whole? 5 . . None
Stango and Zinman
(2023)

How satisÞed are you with your life as a whole these
days?

100 . . None

Angelucci and Bennett
(2024)

I am satisÞed with my life 10 . . None

Ciancio et al. (2024) How satisÞed are you with your life, all things con-
sidered?

6 . . None

Clark and Zhu (2024) All things considered, how satisÞed are you with your
life?

11 . . None

Giacobino et al. (2024) Happiness question - wording not reported
Life satisfaction question - wording not reported

4
10

. . None

Continued on next page
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Table A1 ÐContinued from previous page

Reference Measure ofr
Response
options

Unemployment
estimates

Income
estimates

Comments

Grimm et al. (2024) Imagine for a moment that you are living the best
life you can imagine living. Now, imagine a situation
where your life is as bad as it could possibly be. LetÕs
consider a scale from 1 to 6. Suppose we say that
the top of the scale (6) represents the best possible
life for you, and the bottom (1) represents the worst
possible life for you. Which step of the scale best
represents your current personal situation?

6 . . None

Krekel et al. (2024) Overall, how satisÞed are you with your life nowa-
days?

11 . . None

Priebe et al. (2024) Life Satisfaction question - not reported 5 . . None
Riley (2024) Happiness question - not reported

Life satisfaction question - not reported
5
10

. . None

Vlassopoulos et al. (2024) Taking all things together, how happy are you these
days?
How satisÞed are you with your life as a whole these
days?

11

11

. . None.

Bjorvatn et al. (2025) How happy are you with your life?
In your opinion, where are you on the ladder of life
at the moment?

11
11

. . None

Courtemanche et al.
(2025)

In general, how satisÞed are you with your life? 11 ! . None

Note: This table lists all the papers included in WellBase.
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Table A2: Risk of sign reversal and main conclusions ofWellBase

Author Test(s) of the paper Source Sign Sig. Reversal Cost

Clark and Senik (2010) Income Table 7 - Column 4 + 1% No .
Important to compare income Table 7 - Column 4 - 1% No .
Comparison direction: work colleagues Table 7 - Column 4 - 5% Yes 0.715
Comparison direction: family members Table 7 - Column 4 - 1% Yes 0.164
Comparison direction: others Table 7 - Column 4 - 1% Yes 0.138
Comparison direction: donÕt compare Table 7 - Column 4 - 1% Yes 0.252

Knabe et al. (2010) Unemployment Table 5 - Column 3 - 1% No .
Bertrand (2013) Having a job Table 1 - Panel A + 1% No .

Being married Table 1 - Panel A + 1% No .
Having a job and being married Table 1 - Panel A - 5% No .
Having a job Table 1 - Panel B + 1% No .
Having kids Table 1 - Panel B + 1% No .
Having a job and having kids Table 1 - Panel B - 5% No .

Vendrik (2013) Current own income Table 1 - Column 5 + 1% No .
Past own income (one year) Table 1 - Column 5 - NS Yes 0.165
Past own income (two years) Table 1 - Column 5 - NS Yes 0.280
Past own income (three years) Table 1 - Column 5 + 10% Yes 0.564
Future own income (one year) Table 1 - Column 5 + 1% No .
Current reference income Table 1 - Column 5 - NS Yes 0.321
Past reference income (one year) Table 1 - Column 5 - 10% Yes 0.226
Future reference income (one year) Table 1 - Column 5 + NS Yes 0.053

Frijters et al. (2014) Wage Table 4 - Column 5 + 1% Yes 0.226
Employment Table 4 - Column 5 + 1% Yes 0.399
Unemployment Table 4 - Column 5 + NS Yes 0.084
Married Table 4 - Column 5 + 1% Yes 0.733
Poor Health Table 4 - Column 5 - 1% No .
Education Table 4 - Column 5 + NS Yes 0.278
Lagged satisfaction (age 46) Table 4 - Column 5 + 1% No .
Lagged satisfaction (age 42) Table 4 - Column 5 + 1% No .
Lagged satisfaction (age 33) Table 4 - Column 5 + 1% No .

Layard et al. (2014) Income Table 1 - Column 3 + 1% Yes 0.354
Education Table 1 - Column 3 + 1% Yes 0.049
Having a job Table 1 - Column 3 + 1% No .
Good conduct Table 1 - Column 3 + 1% No .
Having a partner Table 1 - Column 3 + 1% Yes 0.856
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(Continued from previous page)

Author Test(s) of the paper Source Sign Sig. Reversal Cost

Self-perceived health Table 1 - Column 3 + 1% Yes 0.786
Emotional health Table 1 - Column 3 + 1% No .
Female Table 1 - Column 3 + 1% Yes 0.15

Campante and
Yanagizawa-Drott (2015)

Ramadan hours Table 2 - Column 12 + 1% No .

Oswald et al. (2015) US States Fixed e! ects Table 2 - Column 4 Mix NS to
1%

44% 0.010 to
0.980

Aghion et al. (2016) Job turnover rate Table 2 - Column 3 - Panel B + 5% Yes 0.342
Unemployment rate Table 2 - Column 3 - Panel B - 1% No .
Job creation rate Table 3 - Column 2 - Panel B + 1% Yes 0.575
Job destruction rate Table 3 - Column 2 - Panel B - 1% Yes 0.459

Clark et al. (2016) Incidence of poverty Table 2 - Column 1 - 1% Yes 0.593
Intensity of poverty Table 2 - Column 1 - 1% No .
0 to 1 years of poverty Table 3 - Column 1 - 1% No .
1 to 2 years of poverty Table 3 - Column 1 - 1% No .
2 to 3 years of poverty Table 3 - Column 1 - 1% No .
3 to 4 years of poverty Table 3 - Column 1 - 1% Yes 0.494
4 to 5 years of poverty Table 3 - Column 1 - 1% Yes 0.324
5 years of poverty or more Table 3 - Column 1 - 1% Yes 0.504

Danzer and Danzer (2016) Radiation Table 2 - Column 3 - 1% Yes 0.962
Gerritsen (2016) Income Table 1 - Column 1 + 1% No .

Hours of work Table 1 - Column 1 + 5% Yes 0.181
Hours of work squared Table 1 - Column 1 - 5% Yes 0.115

Glaeser et al. (2016) Population size Table 1 - Column 2 - 5% No .
Cheng et al. (2017) Age Figure 2 - Panel A - 1% No .

Age squared Figure 2 - Panel A + 1% No .
Age Figure 2 - Panel B - 1% No .
Age squared Figure 2 - Panel B + 1% No .
Age Figure 2 - Panel C - 1% No .
Age squared Figure 2 - Panel C + 1% No .
Age Figure 2 - Panel D - 1% No .
Age squared Figure 2 - Panel D + 1% No .

De Neve et al. (2018) Economic growth - World Sample Table 1 - Column 1 + 1% No .
Negative growth - World Sample Table 1 - Column 2 - 1% No .
Positive growth - World Sample Table 1 - Column 2 + NS Yes 0.482
Economic growth - European Sample Table 1 - Column 3 + 1% No .
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(Continued from previous page)

Author Test(s) of the paper Source Sign Sig. Reversal Cost

Negative growth - European Sample Table 1 - Column 4 - 1% No .
Positive growth - European Sample Table 1 - Column 4 + 5% No .
Economic growth - US Sample Table 1 - Column 5 + 1% No .
Negative growth - US Sample Table 1 - Column 6 - 1% No .
Positive growth - US Sample Table 1 - Column 6 + 1% No .

Johnston et al. (2018) Victim of physical violence - Women sample Table 3 - Column 1 - 1% No .
Victim of physical violence - Men sample Table 3 - Column 2 - 1% No .

Dolan et al. (2019) Olympic games in London Table 2 - Column 6 + 1% No .
Odermatt and Stutzer (2019) Widowhood (zero to one year) Table 2 - Column 2 - 1% No .

Widowhood (Þve to six year) Table 2 - Column 2 - 1% Yes 0.081
Unemployment (zero to one year) Table 2 - Column 4 - 1% No .
Unemployment (Þve to six year) Table 2 - Column 4 - 1% Yes 0.293
Disability (zero to one year) Table 2 - Column 6 - 1% Yes 0.509
Disability (Þve to six year) Table 2 - Column 6 - 1% Yes 0.182
Plant closure (zero to one year) Table 2 - Column 8 - 1% No .
Plant closure (Þve to six year) Table 2 - Column 8 - 1% Yes 0.198

Perez-Truglia (2020) Income Rank*2001Ð201*High Internet Table 3 - Column 4 + 1% No .
Income Rank*2001Ð2013*High Internet Table 3 - Column 6 + NS Yes 0.428

Flèche (2021) Centralization reforms Table 1 - Column 4 - 1% No .
Levitt (2021) All major life decisions after two months Table 5 - Column 2 - Row 1 + 1% No .

All major life decisions after two months Table 5 - Column 3 - Row 1 + NS Yes 0.087
All major life decisions after six months Table 5 - Column 5 - Row 1 + 1% No .
All major life decisions after six months Table 5 - Column 6 - Row 1 + 5% No .

Li (2021) First son * Sex ratio Table 3 - Column 1 - 5% No .
First son * Sex ratio Table 3 - Column 2 - 1% No .

Dahl et al. (2022) Post-reform*Immigrant Table 1 - Column 4 - Panel A - 1% No .
Post-reform*Immigrant Table 1 - Column 4 - Panel B + NS Yes 0.123

Carattini and Roesti (2023) Trust Table 1 - Column 1 + 1% No .
Sarmiento et al. (2023) LEZ introduction Table 8 - Column 1 + 1% Yes 0.310
Krekel et al. (2024) Volunteering in EnglandÕs NHS Table 3 - Column 2 + 1% No .
Courtemanche et al. (2025) Chain restaurant calorie posting laws Table 5 - Column 2 + 1% Yes 0.645

Note: This table lists the risk of sign reversal in all the papers included inWellBase for which at least half of the regressions
printed uses a measure of cognitive subjective wellbeing as dependent variable.
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F Additional WellBase Tables and Figures

Table A3: Descriptive Statistics of WellBase at the regression level

Mean SD Min Max

About the well-being scales:
Number of response categories:

3-points scale 0.00 0 1
4-points scale 0.32 0 1
5-points scale 0.06 0 1
6-points scale 0.01 0 1
7-points scale 0.00 0 1
10-points scale 0.30 0 1
11-points scale 0.30 0 1
More than 11-points scale 0.00 0 1

Type of question:
Life Satisfaction 0.72 0 1
Cantril Ladder 0.04 0 1
Happiness Question 0.24 0 1

About the estimation samples:
Number of observations 178,759.94 417,261.63 59 2,471,360
Number of observations (logged) 9.70 2.45 4.08 14.72

About the econometric models:
Number of controls 17.81 17.03 1 191
Individual FE 0.09 0 1

About the independent variables:
Printed in manuscript 0.10 0 1
Printed in appendix 0.19 0 1
Not printed 0.71 0 1
Continuous variable 0.26 0 1
Time-varying variable 0.71 0 1
Two-stage least square 0.01 0 1
Individual-speciÞc 0.81 0 1
Natural experiment, RCT and policy reform 0.13 0 1
Macroeconomic indicator 0.04 0 1
Absolute t-statistics 6.56 11.95 0.00 124.20
Absolute t-statistics (logged) 0.57 1.08 -7.78 4.66

Note: These numbers refer to the sample of 1,601 regressions included in Well-Base.
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Figure A19: PRISMA Chart - Likert scales
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Figure A20: Predictors of the Probability of Sign-reversal - Wellbeing and Likert scales

Notes: The Þgure shows the coe" cients from linear probability models estimating the prob-
ability of sign reversal for estimates from well-being and Likert scale regressions published
in Top-5 Economics journals. Standard errors are clustered at the regressionÐpaper level.
Whiskers represent 95% conÞdence intervals.
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Table A4: Descriptive Statistics of WellBase at the paper level

Mean SD Min Max

About the well-being scales:
Number of response categories:

3-points scale 0.01 0 1
4-points scale 0.13 0 1
5-points scale 0.16 0 1
6-points scale 0.04 0 1
7-points scale 0.05 0 1
10-points scale 0.20 0 1
11-points scale 0.40 0 1
More than 11-points scale 0.01 0 1

Type of question:
Life Satisfaction 0.73 0 1
Cantril Ladder 0.11 0 1
Happiness Question 0.16 0 1

About the estimation samples:
Number of observations 123,042.89 382,830.27 84 2,471,360
Number of observations (logged) 8.80 2.32 4.43 14.72

About the econometric models:
Number of controls 20.30 25.24 1 153.44
Individual FE 0.11 0 1

About the independent variables:
Printed in manuscript 0.22 0 1
Printed in appendix 0.19 0 1
Not printed 0.58 0 1
Continuous variable 0.27 0 1
Time-varying variable 0.72 0 1
Two-stage least square 0.01 0 1
Individual-speciÞc 0.72 0 1
Natural experiment, RCT and policy reform 0.23 0 1
Macroeconomic indicator 0.03 0 1
Absolute t-statistics 4.69 7.16 0.64 33.10
Absolute t-statistics (logged) 0.47 0.89 -0.94 3.29

Note: These numbers refer to the sample of 72 papers included in Well-Base.
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Table A5: Predictors of the Probability and Cost of Sign-reversal: Robustness Checks

P(Sign-reversal) Cost of sign-reversal

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

About the estimation sample:
Number of observations (logged) 0.027""" 0.019"" 0.048""" -0.029""" -0.026"""

(0.006) (0.009) (0.006) (0.003) (0.004)

(0.017) (0.040) (0.012) (0.007) (0.013)
About the econometric model:

Number of controls -0.000 -0.015 0.004 -0.004 -0.003
(0.009) (0.014) (0.006) (0.003) (0.006)

Individual FE -0.001 0.120""" -0.000 -0.014"" 0.077"

(0.013) (0.035) (0.015) (0.007) (0.041)
About the independent variable:

Continuous variable -0.032""" -0.030""" -0.034""" 0.006 0.018"""

(0.007) (0.007) (0.007) (0.005) (0.005)

Time-varying variable -0.078""" -0.084""" -0.068""" 0.056""" 0.066"""

(0.008) (0.008) (0.007) (0.004) (0.004)

Two-stage least squares -0.033 -0.051 -0.035 0.021 0.036""

(0.032) (0.031) (0.029) (0.018) (0.015)

Natural experiment -0.059""" -0.082""" -0.037""" 0.034""" 0.050"""

(0.014) (0.014) (0.010) (0.010) (0.010)

Macroeconomic indicator -0.066""" -0.035"" -0.062""" 0.037""" 0.015
(0.015) (0.014) (0.012) (0.008) (0.010)

Absolute t-statistics (logged) -0.285""" -0.281""" -0.315""" 0.193""" 0.196"""

(0.004) (0.004) (0.004) (0.002) (0.003)

Observations 28513 28513 28513 17240 17240
Journal FE ! . . ! .
Paper FE . ! . . !

Notes: Columns (3) reports marginal e! ects from probit models while the other Columns report OLS coe" cients.
All regressions control for a dummy equal to one for wellbeing scales including at least seven categories, a
categorical variable indicating whether the wellbeing measure is a life-satisfaction, Cantril Ladder or happiness
question. Standard errors are clustered at the regression-paper level. Statistical signiÞcance is denoted as follows:
*p < 0.10, **p < 0.05, and *** p < 0.01.
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Table A6: Descriptive Statistics per Type of Scale

Wellbeing Political Pref. Trust Risk Other

7-points scale or longer 0.666 0.108""" 0.657 1.000""" 0.852
[0.472] [0.310] [0.475] [0.000] [0.355]

Number of observations (logged) 9.371 7.681""" 7.631""" 6.614""" 7.581"""

[2.178] [1.056] [1.114] [0.025] [1.301]
Number of controls 17.567 16.852""" 12.545""" 18.136 113.19"""

[6.517] [1.831] [17.044] [7.187] [104.04]
Continuous variable 0.208 0.159""" 0.573""" 0.568""" 0.182"

[0.406] [0.365] [0.495] [0.501] [0.386]
Time-varying variable 0.573 0.538"" 0.579 0.727" 0.130"""

[0.495] [0.499] [0.494] [0.451] [0.337]
Natural experiment and 0.080 0.104"" 0.157""" 0.000""" 0.738"""

Macroeconomic indicator [0.272] [0.305] [0.364] [0.000] [0.440]
Absolute t-test (logged) 0.237 0.354"" 0.600""" 0.010 0.378"""

[1.405] [1.267] [1.407] [1.178] [1.480]

Observations 10,186 1,501 492 44 866

Notes: These numbers refer to the samples of estimates based on wellbeing and other Likert scales
published in Top-5 Economics journals. Standard deviations are in square brackets. Statistical
signiÞcance, referring to di! erences between each column and the Þrst column, is denoted as follows:
*p < 0.05, **p < 0.01, and *** p < 0.001.
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G Additional tables on primary and secondary data

Table A7: Description of Primary Datasets

,

Short Name Country Time Measure ofr Notes Reference

ProliÞc UK 2024 ÒOverall, how satisÞed are you with
your life nowadays?Ó

The discrete measure has 11 response
options and mirrors the questions used
in the UK APS. Continuous mea-
sure constructed by asking respondents
about their location within a given dis-
crete response option. Sample obtained
via ProliÞc, with the nationally repre-
sentative option.

Kaiser and Lepinteur
(2025)

Benjamin et al. USA 2022 Discrete measure is CantrilÕs ladder of
life (11 response options). Continuous
measure asked: ÒHow satisÞed you are
with your life?Ó

Continuous and discrete measure ob-
tained with two questions in the same
survey. Sample obtained via MTurk.

Benjamin et al.
(2023b)

Prati & Kaiser UK 2023-
2024

ÒAll things considered, how satisÞed are
you with your life nowadays?Ó

The discrete measure has 7 response op-
tions and mirrors the question used in
the UKHLS. Continuous and discrete
measure obtained with two questions in
the same survey. Sample obtained via
ProliÞc

Kaiser and Prati
(2025)

LISS NL 2011 ÒTaking all things together, how happy
would you say you are?Ó

The discrete measure has 10 response
options. In both measures, extremes
are labelled Òcompletely unhappyÓ
and Òcompletely happyÓ. Continu-
ous and discrete measures obtained via
two surveys administered one month
apart. Sample based on long-standing
https://www.lissdata.nl/ panel.

Studer (2012). Also
used in Kaiser and
Vendrik (2023)

Note: Description of datasets used in section 3 and Appendix C.
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Table A8: Descriptive Statistics for ProliÞc data

N Mean SD Min Max

Satisfaction measure
Life satisfaction (discrete) 1238 6.28 2.07 0.00 10.00
LS (discrete unprompted) 621 6.38 1.97 0.00 10.00
LS (discrete linear prompt) 617 6.18 2.16 0.00 10.00
Life satisfaction (continuous) 1216 6.42 2.07 0.00 10.00
LS (continuous unprompted) 613 6.49 2.05 0.00 10.00
LS (continuous linear prompt) 603 6.35 2.08 0.20 10.00

Height & weight
Height(cm) 1185 171.13 10.37 129.69 198.12
Weight(kg) 1186 81.60 24.83 40.82 192.32

Slider values
Slider 1 606 1.07 0.84 0.00 8.60
Slider 2 606 1.95 1.07 0.00 8.60
Slider 3 606 2.85 1.20 0.40 8.60
Slider 4 606 3.86 1.16 0.70 8.70
Slider 5 606 4.94 1.10 1.20 8.90
Slider 6 606 6.03 1.18 1.30 9.30
Slider 7 606 7.05 1.24 1.30 10.00
Slider 8 606 7.98 1.05 4.30 10.00
Slider 9 606 8.94 0.69 6.60 10.00

Demographics
Ln(Income) 1144 7.30 0.79 4.61 9.39
Unemployed 1243 0.96 0.20 0.00 1.00
Age 1211 46.82 15.82 18.00 87.00
Age Squared 1211 2442.55 1482.51 324.00 7569.00
Has partner 1243 0.65 0.48 0.00 1.00
Higher education 1243 0.54 0.50 0.00 1.00
Non-White 1243 0.18 0.38 0.00 1.00
Female 1199 0.51 0.50 0.00 1.00
Household Size 1214 2.64 1.25 1.00 8.00
Has Children 1243 0.26 0.44 0.00 1.00
Homeowner 1243 0.64 0.48 0.00 1.00

Note: Descriptive statistics for main ProliÞc data used in section 3 and Appendix C.
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Table A9: Descriptive Statistics for Benjamin et al. data

N Mean SD Min Max

Satisfaction measure
Life satisfaction (discrete) 1494 6.69 2.28 0.00 10.00
Life satisfaction (continuous) 1494 6.61 2.54 0.00 10.00

Demographics
Ln(Income) 1492 10.92 0.78 8.52 13.17
Unemployed 1471 0.10 0.30 0.00 1.00
Age 1493 45.95 12.79 21.62 83.62
Age Squared 1493 2274.42 1272.89 467.36 6992.06
Has partner 1494 0.50 0.50 0.00 1.00
Higher education 1484 0.64 0.48 0.00 1.00
Non-White 1494 0.27 0.44 0.00 1.00
Female 1494 0.55 0.50 0.00 1.00
Household Size 1494 2.79 1.62 1.00 12.00
Has Children 1493 0.35 0.48 0.00 1.00
Homeowner 1494 0.00 0.00 0.00 0.00

Note: Descriptive statistics for data from Benjamin et al. used in section 3 and Appendix C.

Table A10: Descriptive Statistics for Prati & Kaiser data

N Mean SD Min Max

Satisfaction measure
Life satisfaction (discrete) 1931 5.90 2.11 0.00 10.00
Life satisfaction (continuous) 1928 6.60 2.05 0.00 10.00

Demographics
Ln(Income) 1926 7.33 0.81 5.52 9.10
Unemployed 1926 0.09 0.29 0.00 1.00
Age 1915 41.19 13.03 18.00 82.00
Age Squared 1915 1866.44 1183.20 324.00 6724.00
Has partner 1948 0.75 0.44 0.00 1.00
Higher education 1948 0.56 0.50 0.00 1.00
Non-White 1948 0.12 0.33 0.00 1.00
Female 1925 0.50 0.50 0.00 1.00
Household Size 1909 2.96 1.31 1.00 9.00
Has Children 1948 0.48 0.50 0.00 1.00
Homeowner 1948 0.65 0.48 0.00 1.00

Note: Descriptive statistics for data from Prati & Kaiser used in section 3 and Appendix C.
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Table A11: Descriptive Statistics for LISS data

N Mean SD Min Max

Happiness measure
Happiness(discrete) 8548 7.17 1.19 0.00 9.00
Happiness(continuous) 8548 6.71 1.50 0.00 9.00

Demographics
Ln(Income) 7801 7.83 0.52 4.61 12.10
Unemployed 8548 0.05 0.22 0.00 1.00
Age 8548 51.19 17.26 16.00 97.00
Age Squared 8548 2918.30 1717.87 256.00 9409.00
Has partner 8548 0.59 0.49 0.00 1.00
Higher education 8527 0.29 0.46 0.00 1.00
Non-White 8548 0.00 0.00 0.00 0.00
Female 8548 0.53 0.50 0.00 1.00
Household Size 8548 2.56 1.31 1.00 8.00
Has Children 8548 0.38 0.49 0.00 1.00
Homeowner 8548 0.65 0.48 0.00 1.00

Note: Descriptive statistics for data from LISS used in section 3 and Appendix C.
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H Additional Þgures

Figure A21: Examples of di" erent values forC! =2 (with 7 response options)

Note: Each line represents a possible transformation fromr to ÷r that satisÞes a given costC
(with 7 response options).
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