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Abstract
Research on subjective wellbeing typically assumes that responses to survey questions are
comparable across respondents and across time. However, if this assumption is violated, standard
methods in empirical research may mislead. I address this concern with three contributions. First,
I give a theoretical analysis of the extent and direction of bias that may result from violations of
this assumption. Second, I propose to use respondents’ stated memories of their past wellbeing to
estimate and thereby to correct for differentials in scale use. Third, using the proposed approach,
I test whether wellbeing reports are intrapersonally comparable across time. Using BHPS data, I
find that the direction in which explanatory variables affect latent satisfaction is typically the same
as the direction in which scale use is affected. Unemployment and bereavement appear to have
particularly strong effects on scale use. Although discussed in the context of life satisfaction scales,
the proposed approach for anchoring response scales is applicable to a wide range of other
subjectively reported constructs.
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Introduction

Most empirical research on subjective wellbeing – including happiness and life satisfaction – is
concerned with establishing how explanatory variables are associated with the quality of ‘latent’
mental states. In order to establish such associations, respondents are asked to rate their mental
states by means of a numerical scale. Analyses based on this type of data typically rely on the
assumption that ratings of different respondents at different times are comparable. Call this the
assumption of common scale use. Previous work has questioned this assumption (Adler 2013;
Fleurbaey and Blanchet 2013; Viscusi 2020). Nevertheless, despite many studies analysing
subjective wellbeing and other subjective constructs,1 few papers constructively engage with this
issue. Are wellbeing statements interpersonally and intertemporally comparable? If such statements
are not comparable, standard methods in wellbeing research may mislead. In this paper, I attempt
to answer this question.
The paper has five sections. In section 2, I introduce the standard set of assumptions adopted in
empirical research on happiness and life satisfaction. I then focus on the assumption of common scale
use and discuss several arguments as to why this assumption may be violated. In the next step, I
formally explore the biases that result when common scale use is violated. In section 3, I first note that
the use of vignettes (i.e. descriptions of fictional persons) is, to my knowledge, the only existing
method to correct for differences in scale use. As an alternative, I then propose a new method to
correct for differences in scale use. That method relies on variation in people’s stated memories of
past wellbeing. I discuss the plausibility of the method’s identifying assumptions and derive the
direction of bias in cases where my assumptions are violated. In section 4, I provide an empirical
application and investigate whether satisfaction reports are intrapersonally comparable across time.
British Household Panel Study (BHPS) data are used for this purpose. Section 5 concludes.
My empirical findings are as follows. Variables that positively affect2 latent satisfaction are found
to also be associated with more ‘stringent’ scale use,3 and vice versa for negative effects. Scale use is
especially affected by unemployment and bereavement. Fortunately, compared to an analysis that
maintains common scale use, differences in results are never so large as to change our conclusions
regarding the direction and statistical significance of effects. Although this is generally good news
for research on happiness and life satisfaction, ratios of coefficients – which may indicate the
relative importance of explanatory variables – are affected by differences in scale use.
Moreover, lags and leads of explanatory variables have only limited effects on both latent
satisfaction and scale use. The same holds for a set of social reference variables. Non-parallel shifts
in scale use may be possible for some variables. However, such non-parallel scale shift effects turn
out to be empirically indistinguishable from heterogeneous effects of covariates across the
distribution of satisfaction.

While the ensuing discussion is stated in the context of subjective wellbeing, and life satisfaction in particular, it
should be stressed that my theoretical points are in principle applicable to any type of data relating to subjective states
of respondents.
2 In my empirical estimations, I will often use phrases like “the effect of”, “x affects y”, etc. I am aware that these terms
suggest causal relations which I cannot guarantee to hold. My estimates are only suggestive of such causal relations.
However, all of my substantive points continue to hold if all estimated coefficients are interpreted as merely indicating
descriptive differences in conditional means.
3 I.e. making it harder to report a higher response category at a given level of latent satisfaction. See the next section
for more details.
1
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The problem

2.1

Standard assumptions in wellbeing research

To analyse the determinants of life satisfaction, researchers typically use responses to questions of
the form:
‘How dissatisfied or satisfied are you with your life overall?’
When answering this question, each respondent 𝑖 at time 𝑡 chooses a response 𝑟𝑖𝑡 = 𝑘 from a set
of 𝐾 options. In the British Household Panel Survey (‘BHPS’), where this particular question is
asked, there are seven response options with extremes labelled as ‘Not at all satisfied’ (for 𝑘 = 1) to
‘Completely satisfied’ (for 𝑘 = 7). We assume that respondents make their choice by adhering to a
rule of the form:4
𝑟𝑖𝑡 = 𝑘 ↔ 𝜏𝑖𝑡,𝑘−1 < 𝑠𝑖𝑡 ≤ 𝜏𝑖𝑡,𝑘 ,

(1)

where 𝑠𝑖𝑡 is the latent level of satisfaction that we are ultimately interested in. The 𝜏s are ‘cutoffs’
that need to be crossed to start reporting the next category. When cutoffs are shifted to take higher
(smaller) values, I say that scale use becomes more (less) stringent (see figure 1).5 The literature
standardly assumes that scale use is common across all respondents and across all times, and that
cut-offs are equidistant. The former assumption can be stated as:
𝜏𝑖𝑡,𝑘 = 𝜏𝑘 ,

(2)

which I call the assumption of common scale use. This assumption of common scale use will be the main
subject of this paper. The assumption that cutoffs are equidistant can be written as:
𝜏𝑘 − 𝜏𝑘−1 = 𝑐,

(3)

where 𝑐 is some constant. We might call (3) the assumption of equidistance, or linearity of scale use. The
plausibility and importance of this assumption is analysed in Schröder and Yitzhaki (2017), Bond
and Lang (2019) and Kaiser and Vendrik (2020).
Jointly adopting assumptions (1)-(3) is taken to motivate the use of OLS regressions of 𝑟𝑖𝑡 on a
vector of variables 𝑿 to infer the associations between 𝑠𝑖𝑡 and 𝑿 (Ferrer-i-Carbonell & Frijters,
2004).6 If we are unwilling to assume linearity of scale use, we may infer differences 𝜏𝑘 − 𝜏𝑘−1 by
postulating a structural model for 𝑠𝑖𝑡 and a distribution for the stochastic error of such a model.
When assuming a normally distributed error, this yields the ordered probit approach.

Equation (1) is sometimes called the ‘reporting function’ (Oswald 2008). The applicability of this equation itself may
be questioned. We might doubt that 𝑠𝑖𝑡 indeed determines the choice of 𝑟𝑖𝑡 . Perhaps some other quantity, one that
does not carry the sort of presumed normative content that motivates our analysis, drives the choice of 𝑟𝑖𝑡 instead.
Another possibility is that latent 𝑠𝑖𝑡 does not really exist. Instead respondents only behave as though 𝑠𝑖𝑡 exists when
prompted (Bertrand and Mullainathan 2001). I leave these further doubts aside.
5
The idea of more or less stringent scale use in answers to wellbeing questions is analogous to differences in the
stringency of academic grading systems: For a given level of student achievement, a less stringent grading system (e.g.
that of the United States) assigns a comparatively high grade, whereas a more stringent grading system (e.g. that of
France) assigns a comparatively low grade.
6 However, OLS is not necessarily sufficiently motivated even when assumptions (1)-(3) hold. Instead, in order for
OLS to yield correct ratios of coefficients, we require the more demanding assumption that E(𝑠𝑖𝑡 |𝑟𝑖𝑡 = 𝑘; 𝑿) =
E(𝑠𝑖𝑡 |𝑟𝑖𝑡 = 𝑘) = 𝑎 + 𝑏𝑘, where 𝑎 and 𝑏 are constants. This assumption entails that independent variables 𝑿 do not
affect the average level of latent satisfaction within each response category.
4
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Figure 1. Examples of more and less stringent scale use

Note: For a given level of 𝑠𝑖𝑡 , we observe a lower level of reported satisfaction 𝑟𝑖𝑡 (=3) with more stringent scale use and a
higher level of reported satisfaction (=5) with less stringent scale use.

Standard ordered probit regressions rely on common scale use.7 Unfortunately, violations of this
assumption can lead to biases in the estimated effects of explanatory variables. These biases are
formally shown in section 2.3. Before that, I will discuss some reasons for believing that response
scales are not common over time and across respondents.
2.2

Are response scales common over time and across respondents?

An argument in favour of assuming common scale use is that respondents’ own satisfaction ratings
and the ratings of others about a respondent’s satisfaction correlate (Diener, Inglehart, and Tay
2013). However, correlations between a respondent’s own report and the ratings of others can be
observed even if scale use differed across respondents and third-party raters. Such correlations only
establish that third-party raters are reasonably accurate at inferring interpersonal variation in 𝑠𝑖𝑡 .8
To defend common scale use one would have to show that there is no systematic variation across
third-party raters in their ratings of subjects.
Another argument notes that for any evaluative label (such as ‘very satisfied’ or ‘8 out of 10’) to
elicit appropriate behavioural responses, such evaluative labels must have shared meanings (Van
Praag 1993; Ferrer-i-Carbonell and Frijters 2004; Plant 2020).
However, Diamond (2008), Schwarz and Strack (1999), and Fleurbaey and Blanchet (2013) assert
that respondents likely report their life satisfaction in terms of their relative position in some
reference distribution. Fleurbaey and Blanchet (2013) motivate this by noting that the scale with
which respondents report their satisfaction is bounded, while many aspects of life are unbounded
(like income). Thus, satisfaction reports may rather indicate the quantile of a respondent’s life in a
reference distribution of possible lives. If people’s judgements are relative to a reference
distribution, and if these distributions vary, then response scales cannot be common.
Schwarz and Strack (1999) note that reference distributions likely depend on intrapersonal and
interpersonal comparisons. Indeed, Steffel and Oppenheimer (2009) suggest that people calibrate
their scale against their past. In that case, better past outcomes will make todays’ scale use more

Bond & Lang (2019) show that even if the assumption of common scale use is satisfied, violations of the normality
assumption can lead to reversals of the signs of coefficient estimates. In Kaiser and Vendrik (2020) we show that such
reversals imply assumptions about scale use that strongly depart from the assumption of linearity.
8 To observe a positive correlation between third-party raters’ responses and respondents’ own responses, two
conditions are sufficient. First, locations of thresholds and latent satisfaction of respondents must not be correlated to
the extent that 𝑟𝑖𝑡 is expected to decrease when 𝑠𝑖𝑡 increases. Second, third-party raters’ perceptions of respondents’
latent satisfaction must be positively correlated with respondents’ latent satisfaction.
7
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stringent. Similarly, if people calibrated their scale by means of fixed social comparisons, better
outcomes of those in the comparison group will cause scale use to become more stringent.
However, a respondent’s own contemporaneous characteristics will also influence comparisons.
One such case are expectations, where respondent’s contemporaneous characteristics determine
her outlook of what is possible in her future.9 This may have two effects. First, better
contemporaneous outcomes may improve expectations about the future, thus increasing current
latent life satisfaction (Clark and Georgellis 2013). Second, altered expectations may change the
standard against which current satisfaction is evaluated. This may cause respondents to adjust their
scale such that future events can be accommodated by the updated scale.
To illustrate, consider Lukas, a final year PhD student. He would rate his life a 7 out of 10. If
someone were to give him a paid academic position, one of his life’s major goals would be
accomplished. Some months later, Lukas obtains a three-year position as a postdoc. Consequently,
he feels a great sense of satisfaction and feels inclined to rate himself a 9 out of 10. However, the
satisfaction of a tenure track position, an achievement he did not dare dream of when a graduate
student, is now no longer impossible. Lukas wants to reserve a 10 out of 10 for a truly exceptional
outcome. Thus, a tenure-track position can be no better than a 9 out of 10. However, a postdoc is
worse than a tenure-track position. He must therefore score his life with an 8 out of 10. Thus, on
Lukas’ old scale, as a student, a postdoc position would be a 9 out of 10. However, on his new
scale, as a postdoc, a postdoc position is only rated an 8 out of 10.10
A second reason why current circumstances may determine response scales is that
contemporaneous attributes likely determine the set of members of one’s comparison group ( Falk
and Knell 2004). One the one hand, such endogenously updated reference groups could reduce
the magnitudes of the effects of explanatory variables on latent satisfaction.11 On the other hand,
if respondents indeed interpret satisfaction scales as being relative to people like them, then
response scales should shift following variation in personal characteristics.
To illustrate, consider Mary. Last year, she rated her life a 7 out of 10. She imagined that losing her
partner would be devastating, resulting in a satisfaction of 2 out of 10. This year, Mary’s partner
does die. Consequently, life indeed feels much less satisfying. However, when comparing herself
to others that also lost a partner, Mary thinks that she is doing relatively well. Hence, taking into
account the newly acquired comparison, she rates her life a 5 out of 10. Therefore, in response to
acquiring a new standard of comparison, her scale use has become less stringent. Suggestive
evidence of such behaviour is given by Gibbons (1999) and Dermer et al. (1979).
To summarise, interpersonal and intrapersonal comparisons plausibly affect scale use. When
considering variation in a respondent’s past characteristics, or the characteristics of a fixed social
reference group, changes that are expected to decrease respondents’ own satisfaction are expected
to make the response scale more stringent. However, when considering contemporaneous or future
values (via anticipation) of respondents’ personal characteristics, we should expect the direction in
which scale use is impacted to concur with the direction in which latent satisfaction is impacted.

See Dominitz and Manski (1997) for the case of income expectations.
See Sprangers and Schwartz (1999) for similar reasoning.
11 This might help to explain why people tend to overestimate the impacts of future events on their wellbeing (Wilson
and Gilbert 2005).
9
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2.3

Biases arising from violations of the common scale use assumption

In the ordered probit approach we usually estimate a model of the following form:12
𝑠𝑖𝑡 = 𝑿𝑖𝑡∗ 𝜷∗ + 𝜀𝑖𝑡

(4)

Here, 𝑿𝑖𝑡∗ ≡ (𝑿𝑖𝑡+𝐿 , . . . , 𝑿𝑖𝑡+𝑙 , . . . , 𝑿𝑖𝑡+𝐹 ), where each element is a row vector of 𝐽 independent
variables, defined as 𝑿𝑖𝑡+𝑙 ≡ (𝑋1,𝑖𝑡+𝑙 , 𝑋2,𝑖𝑡+𝑙 , . . . , 𝑋𝐽,𝑖𝑡+𝑙 ). Moreover, 𝜷∗ ≡ (𝜷𝐿 , . . . , 𝜷𝑙 , . . . , 𝜷𝐹 )′,
where each element is a column vector 𝜷𝑙 ≡ (𝛽1,𝑙 , . . . , 𝛽𝑗,𝑙 , . . . , 𝛽𝐽,𝑙 )′ of parameters. Constants 𝐿 ≤
0 and 𝐹 ≥ 0 respectively denote the numbers of included lags and leads. When no intrapersonal
comparisons and anticipation effects are considered, no such lags and leads are included (i.e. 𝐿 =
𝐹 = 0). 𝜀𝑖𝑡 is assumed to be a normally distributed error with mean zero and standard deviation 1.
A constant is omitted from equation (4). 𝑿𝑖𝑡∗ may contain personal characteristics as well as
attributes of a (fixed) social comparison group.
Assume that reports 𝑟𝑖𝑡 for 𝑘 = 1,2, . . , 𝐾 are generated by a rule of the form given in equation (1),
imposing 𝜏0 = −∞, 𝜏𝐾 = ∞. To specify all other cutoffs, write:
𝜏𝑖𝑡,𝑘 = 𝛾𝑘 + 𝑿𝑖𝑡∗ 𝜹∗

(5)

For common scale use to hold, it is necessary that 𝜹∗ = 𝟎, i.e. that neither contemporaneous nor
lagged, nor leaded values of covariates affect the location of the thresholds. The contribution of
each observation to the log-likelihood of the ordered probit model with the extension of equation
(5) is then given by:
𝐾

ℓ𝑖𝑡 = ln ∑ I(𝑟𝑖𝑡 = 𝑘)[Φ(𝛾𝑘 + 𝑿𝑖𝑡∗ 𝜹∗ − 𝑿𝑖𝑡∗ 𝜷∗ ) − Φ(𝛾𝑘−1 + 𝑿𝑖𝑡∗ 𝜹∗ − 𝑿𝑖𝑡∗ 𝜷∗ )].

(6)

𝑘=1

Here Φ(. ) denotes the standard normal cumulative distribution function. I(. ) denotes the
𝑇𝑖
indicator function. Throughout we maximise ℓ = ∑𝑁
𝑖=1 ∑𝑡=1 ℓ𝑖𝑡 to estimate parameters. 𝑇𝑖 denotes
the number of observations for respondent 𝑖, and 𝑁 is the number of respondents. Since 𝑿𝑖𝑡∗ 𝜹∗ −
𝑿𝑖𝑡∗ 𝜷∗ = 𝑿𝑖𝑡∗ (𝜹∗ − 𝜷∗ ), equation (6) implies that 𝜹∗ and 𝜷∗ are not separately identified (King et
al. 2004). Only the difference 𝜷∗ − 𝜹∗ is identified.

A severe consequence of violating common scale use is that we might estimate incorrect signs for some
explanatory variables. Suppose 𝛽𝑗,0 > 0 and 𝛿𝑗,0 > 0 for some explanatory variable 𝑋𝑗,𝑖𝑡 . An
increase in the value of 𝑋𝑗,𝑖𝑡 is here associated with a higher level of 𝑠𝑖𝑡 and more stringent scale
use. As discussed in the previous section, this may occur when 𝑋𝑗,𝑖𝑡 records personal characteristics,
variation of which could change a respondent’s relevant comparison group. Now suppose that
𝛽𝑗,0 < 𝛿𝑗,0 . Hence, variation in 𝑋𝑗,𝑖𝑡 impacts the location of the thresholds more strongly than it
impacts latent satisfaction. In large samples, our estimate (𝛽𝑗,0̂
− 𝛿𝑗,0 ) would then be negative. If
we interpreted this estimate as an estimate of 𝛽𝑗,0, we would falsely conclude that the effect of 𝑋𝑗,𝑖𝑡
on 𝑠𝑖𝑡 is negative, when in fact it is positive.
The opposite case is likely to occur when considering lagged values of personal covariates. If people
adapt to changes in covariates (Frederick and Loewenstein 1999; Clark and Georgellis 2013), we
should expect a variable whose contemporaneous effect is positive to have a negative lagged effect.
12

Analogous analyses could also be given for an OLS model of rank-order 𝑟𝑖𝑡 , but are omitted here for brevity.
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However, the lagged effect of such a variable on scale use is likely positive. Hence, we expect that
if 𝛽𝑗,−1 < 0, then 𝛿𝑗,−1 > 0. This means that if we are only able to estimate the difference 𝛽𝑗,−1 −
𝛿𝑗,−1, and interpret this directly as an estimate of adaptation, we may overstate the extent of
adaptation observed in empirical data.13 Conversely, in cases where we expect lags of variables to
reinforce a smaller contemporaneous effect, such reinforcement will be underestimated.
For leads of explanatory variables, the previous section suggested equal signs for 𝛽𝑗,1 and 𝛿𝑗,1 . If I
expect a good to occur in the future, I should both be more satisfied this year and use the scale
more stringently, so as to accommodate the future good. It then follows that anticipation effects
on latent satisfaction will be underestimated. However, if 𝑋𝑗 were to refer to an attribute of a fixed
social comparison group (e.g. mean income in the reference group), then the previous section
suggested opposite signs for 𝛽𝑗,∗ and 𝛿𝑗,∗ .14 Consequently, an analysis which does not account for
scale shifts likely overstates the effects of fixed reference groups on latent satisfaction.
Finally, wellbeing research is increasingly interested how variables 𝑋𝑗 and 𝑋𝑝 can be traded off
while maintaining constant levels of 𝑠𝑖𝑡 . Such analyses are particular useful for computing shadow
prices (e.g. Luechinger 2009; Danzer and Danzer 2016; Dolan et al. 2019) or for estimating
equivalence scales (e.g. Borah, Keldenich, and Knabe 2019; Kaiser 2020). To obtain trade-offs, we
must estimate the ratio 𝛽𝑗 ⁄𝛽𝑝 (dropping the ‘0’ subscript). However, we only obtain an estimate
of (𝛽𝑗 − 𝛿𝑗 )⁄(𝛽𝑝 − 𝛿𝑝 ). Unless 𝛽𝑗 = 𝛽𝑝 and 𝛿𝑗 = 𝛿𝑝 , biases occur in this context. Assuming that
coefficients are ordered as 𝛽𝑗 ≥ 𝛽𝑝 > 𝛿𝑝 ≥ 𝛿𝑗 ≥ 0 implies that our estimated trade-off ratio will
be (weakly) positively biased. Likewise, assuming that 𝛽𝑝 ≥ 𝛽𝑗 ≥ 0, 𝛿𝑗 ≥ 𝛿𝑝 ≥ 0 and 𝛽𝑝 > 𝛿𝑝
implies that our trade-off ratio will be (weakly) negatively biased.15
Thus, when the assumption of common response scales is violated and when response scales are
correlated with explanatory variables, we might obtain incorrect signs of coefficients, false
impressions of the magnitudes of effects, and biased trade-off ratios between variables. However,
variation in scale use is entirely unproblematic if one is merely interested in analysing marginal
effects of explanatory variables on the probability of responding with a certain category. This,
together with some remarks on interpretations of absolute magnitudes of coefficients more
generally, is shown in Appendix A.
3

Anchoring response scales

In order to separately identify scale shifts from effects on latent satisfaction, previous research
anchored response scales by presenting respondents with short vignettes that describe an imaginary
person’s life (King et al., 2004). In that approach, respondents are asked to rate the life satisfaction
of the persons described in the vignettes. On the assumption that the vignettes’ perceived levels of
satisfaction are uncorrelated with respondents’ personal characteristics, identification can be
achieved. This assumption is known as the vignette equivalence assumption.

Since, if there is indeed adaptation and a positive lagged scale shift, 𝛽𝑗,−1 − 𝛿𝑗,−1 < 𝛽𝑗,−1 < 0.
This should hold for lagged, contemporaneous and leaded values.
15 The difference (𝛽 − 𝛿 )⁄(𝛽 − 𝛿 ) − 𝛽 ⁄𝛽 can be rearranged to give (𝛽 𝛿 − 𝛽 𝛿 )⁄𝛽 (𝛽 − 𝛿 ). The
𝑗
𝑗
𝑝
𝑝
𝑗
𝑝
𝑗 𝑝
𝑝 𝑗
𝑝 𝑝
𝑝
numerator is positive or zero if 𝛽𝑗 ≥ 𝛽𝑝 ≥ 0 and 𝛿𝑝 ≥ 𝛿𝑗 ≥ 0. The denominator is positive if 𝛽𝑝 > 𝛿𝑝 ≥ 0. The
whole expression is therefore positive or zero if 𝛽𝑗 ≥ 𝛽𝑝 > 𝛿𝑝 ≥ 𝛿𝑗 ≥ 0. Similarly, the numerator is negative or zero
if 𝛽𝑝 ≥ 𝛽𝑗 ≥ 0 and 𝛿𝑗 ≥ 𝛿𝑝 ≥ 0.
13
14
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In the case of life satisfaction research, Kapteyn, Smith, and Van Soest (2010), Corrado and Weeks
(2010), Angelini et al. (2013), Bertoni (2015) and Montgomery (2017) have adopted the vignette
approach. In line with my arguments of sections 2.2 and 2.3, these studies generally find that
correcting for differences in scale use increases estimates of the effects of explanatory variables on
latent satisfaction. A more extensive discussion of that approach and an appraisal of the associated
literature is given in Appendix B.
However, the central assumption of the vignette approach, i.e. vignette equivalence, is untestable. As
argued in Appendix B, violations of this assumption will likely lead to downwardly biased
coefficients. Moreover, vignettes are expensive to administer, and the SHARE survey, which only
samples individuals aged 50 or above, is the only widely accessible survey that contains vignettes
designed for life satisfaction. Finally, there are currently no panel datasets that contain vignettes on
life satisfaction. Thus, simultaneously accounting for time-invariant characteristics and differentials
in scale use is currently impossible. Previous studies on life satisfaction that employ a vignette
methodology are therefore hard to compare with studies employing a panel-data approach.
Unobserved time-constant variables likely cause biases of their own. Therefore, previous work on
life satisfaction that used vignettes may be biased even if vignette equivalence holds.
We should thus consider alternative approaches.
3.1

Using memories

This section sets out a strategy by which memories of life satisfaction can be used in a similar
manner as vignettes. The idea of using memories to identify shifts in scale use was first proposed
by Howard and colleagues (Howard et al. 1979; Howard and Dailey 1979; Howard, Schmeck, and
Bray 1979). These studies first obtained a self-report at 𝑡1 (the ‘pre-test’). At 𝑡2 they performed
some treatment. At 𝑡3 , they asked respondents to recall their performance on the measure of
interest at 𝑡1 (the ‘then-test’). They also asked respondents to evaluate their current performance
at 𝑡3 (the ‘post-test’). A change in scale use is interpreted to occur if the treatment is correlated
with the mean difference between ‘pre-test’ and ‘then-test’ scores. Other studies employing such
‘then-tests’ include Hoogstraten (1985), Sprangers et al. (1999), Ahmed et al. (2004) or Townsend
and Wilton (2003).
Fabian (2019) is a more recent inspiration. He first asked respondents about levels of both their
current life satisfaction and their satisfaction ten years ago. He then asked respondents to also draw
how their satisfaction has changed in the last ten years. Inconsistencies between drawings of
changes in satisfaction versus reports about levels of past and present satisfaction may indicate
scale shifts. For example, consider a respondent reporting a ‘7’ for the present year, a ‘6’ concerning
life ten years ago, and returning a drawing that indicates a decreasing trajectory. Such a respondent
either has inconsistent memories about changes and levels of satisfaction, or the meaning of a ‘6’
ten years ago indicates a level of satisfaction higher than a level of ‘7’ this year. In the latter case,
scale use has become less stringent. Fabian (2019) finds that about 8.5% of respondents are
‘reversers’ of this sort, and about 14% conform to a looser criterion of probable scale change.
3.2

Outline of memory approach

One possible question about memories of life satisfaction is:
‘Thinking about last year rather than this year, how dissatisfied or satisfied were you with your life overall?’
8

Such a question would be closest to the ‘then-test’ methodology of Howard and colleagues. In the
(𝑚)

framework of the present paper, a natural rule by which a response 𝑟𝑖𝑡
mirrors equation (1):
(𝑚)

𝑟𝑖𝑡

(𝑚)

= 𝑘 ↔ 𝜏𝑖𝑡,𝑘−1 < 𝑠𝑖𝑡

to this question is chosen
(7)

≤ 𝜏𝑖𝑡,𝑘 .

(𝑚)

Here, 𝑠𝑖𝑡 denotes the respondent's memory of satisfaction, which is not directly observed.
Respondents are assumed to use the same set of thresholds for their current satisfaction (equation
(1)) and their memories of past satisfaction (equation (7)). Following the literature on vignettes, call
this the assumption of response consistency.
The BHPS, to be used in the empirical analysis of section 4, asks a question about change in
satisfaction:
Would you say that you are more satisfied with life, less satisfied or feel about the same as you did a year ago?
Here, respondents have only three response options (more satisfied, less satisfied, about the same). In this
(𝑚)

context, let 𝑟𝑖𝑡

(𝑚)

= −1 denote that a respondent reports to be less satisfied this year, let 𝑟𝑖𝑡
(𝑚)

denote that a respondent reports ‘about the same’ satisfaction, and let 𝑟𝑖𝑡

= 1 denote that a
(𝑚)

respondent reports to be more satisfied this year than last year. Notice that 𝑟𝑖𝑡
(𝑚)

(𝑚)

(𝑚)

(𝑚)

=0

= −1 means
(𝑚)

𝑠𝑖𝑡 < 𝑠𝑖𝑡 and 𝑟𝑖𝑡 = 1 means 𝑠𝑖𝑡 > 𝑠𝑖𝑡 . Furthermore, 𝑟𝑖𝑡 = 0 means 𝑠𝑖𝑡 = 𝑠𝑖𝑡 + 𝜖𝑖𝑡 ,
where 𝜖𝑖𝑡 can be positive or negative, and we do not know its size. Recall that equation (1) states
that 𝑟𝑖𝑡 = 𝑘 implies 𝜏𝑖𝑡,𝑘−1 < 𝑠𝑖𝑡 ≤ 𝜏𝑖𝑡,𝑘 . Hence, we find the following implied reporting rule for
memories:16
(𝑚)

𝑟𝑖𝑡

(𝑚)
𝑟𝑖𝑡

(𝑚)

= −1 & 𝑟𝑖𝑡 = 𝑘 ↔ 𝑠𝑖𝑡
=1

& 𝑟𝑖𝑡 = 𝑘 ↔

(𝑚)
𝑠𝑖𝑡

> 𝜏𝑖𝑡,𝑘−1
< 𝜏𝑖𝑡,𝑘

(8)

This data can potentially be used to identify threshold locations. To do so, assume that one’s
memory at 𝑡 about last period’s life satisfaction is generated by:
(𝑚)

𝑠𝑖𝑡

(𝑚)

= 𝜃 (𝑚) + 𝑿𝑖𝑡−1 𝜶 + 𝑿𝑖𝑡 𝝀(𝑚) + 𝜀𝑖𝑡

(9)

(𝑚)

Here, 𝜀𝑖𝑡 is a normally distributed error term with mean 0 and standard deviation 1. 𝜃 (𝑚) is an
intercept to be estimated. For ease of exposition assume that there are no lags and leads in equation
(1). This will be relaxed in section 3.4. In that case, and if 𝝀(𝑚) = 𝟎, the structure of the equation
determining memories of satisfaction is the same as the structure of the equation determining
current satisfaction. In so far as memories of satisfaction are determined by how satisfied a
respondent in fact was, this is a natural choice.
Indeed, in order to point-identify the effects of contemporaneous values of covariates on scale
shifts, we must assume 𝝀(𝑚) = 𝟎. Call this assumption present independence. Substantively this
assumption states that, conditional on values of last year’s covariates, one’s memories about last
year’s satisfaction do not depend on values for this year’s covariates.

(𝑚)

(𝑚)

𝑟𝑖𝑡 = 𝑘 & 𝑟𝑖𝑡 = 0 implies 𝜏𝑖𝑡,𝑘−1 < 𝑠𝑖𝑡 + 𝜖𝑖𝑡 ≤ 𝜏𝑖𝑡,𝑘 . Since we do not know the value of 𝜖𝑖𝑡 , cases where
respondents answer ‘about the same’ are not informative about which reporting thresholds are crossed.
16
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(𝑚)

Present independence does not entail that reports 𝑟𝑖𝑡

are unbiased reports of past satisfaction 𝑠𝑖𝑡−1 .

(𝑚)

This would imply the constraint that 𝜃
= 0 and 𝜶 = 𝜷. I therefore allow for respondents to
have biased memories of their past satisfaction and to misjudge the direction of the effects of past
variables on past satisfaction (see e.g. Wilson, Meyers, and Gilbert 2003).
Using equations (1), (4), (6) and (9), together with the assumed distributions for each error term
and maintaining 𝝀(𝑚) = 𝟎, individual contributions to the log-likelihood of this model are given
by:
𝐾

ℓ𝑖𝑡 = ln ∑ I(𝑟it = 𝑘)[Φ(𝛾𝑘 + 𝑿𝑖𝑡 𝜹 − 𝑿𝑖𝑡 𝜷) − Φ(𝛾𝑘−1 + 𝑿𝑖𝑡 𝜹 − 𝑿𝑖𝑡 𝜷)]
𝑘=1

(10)

𝐾
(𝑚)

+ ∑ I(𝑟𝑖𝑡

= 𝑘)[Φ(𝛾𝑘 + 𝑿𝑖𝑡 𝜹 − 𝜃 (𝑚) − 𝑿𝑖𝑡−1 𝜶) − Φ(𝛾𝑘−1 + 𝑿𝑖𝑡 𝜹 − 𝜃 (𝑚) − 𝑿𝑖𝑡−1 𝜶)]

𝑘=1

When using data to which equation (8) applies, as is the case for BHPS data, the contributions are
defined similarly:
𝐾

ℓ𝑖𝑡 = ln ∑ I(𝑟it = 𝑘)[Φ(𝛾𝑘 + 𝑿𝑖𝑡 𝜹 − 𝑿𝑖𝑡 𝜷) − Φ(𝛾𝑘−1 + 𝑿𝑖𝑡 𝜹 − 𝑿𝑖𝑡 𝜷)
𝑘=1
(𝑚)
+I(𝑟𝑖𝑡
(𝑚)
+I(𝑟𝑖𝑡

= −1)(1 − Φ(𝛾𝑘−1 + 𝑿𝑖𝑡 𝜹 − 𝜃

(𝑚)

(11)
− 𝑿𝑖𝑡−1 𝜶))

= 1)Φ(𝛾𝑘 + 𝑿𝑖𝑡 𝜹 − 𝜃 (𝑚) − 𝑿𝑖𝑡−1 𝜶)]

Parameters 𝜷 (effects on current satisfaction), 𝜶 (effects on memories of past satisfaction) and 𝜹
(scale shift effects) are all separately identified by equations (10) or (11).
3.3

Plausibility of identifying assumptions

Since it seems implausible for respondents to vary their scale use when answering two questions
about themselves, response consistency appears to be a weak assumption. In contrast, present independence
may be a strong assumption. Although present independence does not require that there be no memory
biases, it requires that the magnitude of any memory bias does not depend on values of current
covariates. However, there are at least three mechanisms by which memory biases could depend
on current values of covariates.
First, respondents might react to differences in objective circumstances between the present and
the past and infer that a concordant change in the subjective quality of their lives must have taken
place. A study by Conway and Ross (1984) is suggestive of this. There, participants were given a
program to improve their study skills. When asked to recall their abilities before the treatment,
participants recalled their abilities as worse than what they had self-reported before the treatment.
However, participants did not in fact perform better on a final exam, nor did they differ in their
self-assessment after the treatment. This suggests that the treatment had no actual effect on study
skills. Conway and Ross (1984) interpret this as respondents biasing their memories to be less
favourable, such that the expected gain in objective performance is at least subjectively realised.
Their results suggest opposite signs for 𝝀(𝒎) and 𝜷.
Second, memory biases may also be caused by ‘mood-congruency’. Mood-congruency is a general
tendency of positive (negative) moods to bias memories to be more positive (negative). As
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evidence, Urban et al. (2018) find that depressive symptoms predict an upward bias in respondents’
recall of negative emotions and a downward bias in the recall of positive emotions. Prati (2017) is
an example from economic who shows that respondents who are subjectively more satisfied with
their incomes recalled their incomes to have been larger than in reality, while those with low
satisfaction had a negatively biased recall of their incomes. Further experimental evidence of moodcongruency is given by e.g. Lewis et al. (2005) and Klaassen et al. (2002). Given these findings, we
should thus expect that people in more positive moods recall their past satisfaction as more
positive. Explanatory variables that affect life satisfaction typically impact affect and domainspecific satisfaction in the same direction. Consequently, people’s tendencies towards moodcongruent memories may cause an explanatory variable’s effect on 𝝀(𝑚) to have the same direction
as that variable’s effect on 𝜷.
Anticipation, the phenomenon that satisfaction at 𝑡 is in part driven by expectations about
explanatory variables’ values at 𝑡 + 1 (Clark & Georgellis, 2013; Frijters et al., 2011; Vendrik,
2013), may be a third source of bias. Given anticipation and assuming that memories of satisfaction
depend on actual past satisfaction, equation (9) for memories of satisfaction should include a term
for future values of 𝑿.17 However, since memories of satisfaction during 𝑡 − 1 are modelled, that
anticipation term concerns values of covariates at 𝑡. Consequently, such anticipation terms are
given by 𝑿𝑖𝑡 . To observe the likely direction of bias, we can add 𝑿𝑖𝑡+1 to the equation for 𝑠𝑖𝑡 and
observe the estimated coefficients.18 If the associated coefficients are positive (negative), we may
(𝑚)

expect that elements in 𝑿𝑖𝑡+1 positively (negatively) impact memories 𝑠𝑖𝑡 . In that case, present
independence is violated. Previous studies find that anticipation effects typically have the same
direction as contemporaneous effects, implying that 𝝀(𝑚) and 𝜷 likely have the same signs.
Taking an overview, the argument based on Conway & Ross (1986) predicts opposing signs for
𝝀(𝑚) and 𝜷. The arguments based on mood-congruent reporting and anticipation effects predict
equal signs for 𝝀(𝑚) and 𝜷. Rewriting equation (10) as follows helps us to assess the implications
of either bias:19
𝐾

ℓ𝑖𝑡 = ln ∑ I(𝑟𝑖𝑡 = 𝑘) ×
𝑘=1

[Φ(𝛾𝑘 + 𝑿𝑖𝑡 (𝜹 − 𝝀(𝒎) ) − 𝑿𝑖𝑡 (𝜷 − 𝝀(𝑚) )) − Φ(𝛾𝑘−1 + 𝑿𝑖𝑡 (𝜹 − 𝝀(𝒎) ) − 𝑿𝑖𝑡 (𝜷 − 𝝀(𝑚) ))]
𝐾
(𝑚)

+ ∑ I (𝑟𝑖𝑡

(12)

= 𝑘) ×

𝑘=1

[Φ(𝛾𝑘 + 𝑿𝑖𝑡 (𝜹 − 𝝀(𝒎) ) − 𝜃 (𝑚) − 𝑿𝑖𝑡−1 𝜶)−Φ(𝛾𝑘−1 + 𝑿𝑖𝑡 (𝜹 − 𝝀(𝒎) ) − 𝜃 (𝑚) − 𝑿𝑖𝑡−1 𝜶)]

We see that only the parameter differences 𝜹 − 𝝀(𝒎) and 𝜷 − 𝝀(𝑚) are identified. If present
(𝑚)

independence for a particular variable 𝑋𝑗 is satisfied, 𝜆𝑗
(𝒎)

𝛽𝑗 − 𝝀𝑗

(𝒎)

= 0 holds. In that case, 𝛿𝑗 − 𝝀𝑗

= 𝛿𝑗 and

= 𝛽𝑗 . We can then correctly interpret these respective estimates as indicating effects on
(𝑚)

scale use and latent satisfaction. However, if 𝜆𝑗

(𝒎)

and 𝛽𝑗 have opposite signs, then |𝛽𝑗 − 𝝀𝑗 | >

Since expectations are unobserved, we proxy current expectations with future realizations.
However, note that such coefficients may be overestimated via reverse causality of current satisfaction causing future
values. See e.g. Vendrik (2013) or De Neve and Oswald (2012) for such endogeneity in the case of incomes.
19 The argument to follow would be analogous for the case in which equation (11) applies and is therefore omitted.
Likewise, the following discussion also applies to the vignettes approach.
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(𝑚)

|𝛽𝑗 |. Estimates are then biased away from zero. In contrast, if the signs of 𝜆𝑗

and 𝛽𝑗 are equal
(𝑚)
(𝒎)
̂(𝒎)
and |𝜆𝑗 | < |𝛽𝑗 |, we find that |𝛽𝑗 − 𝝀𝑗 | < |𝛽𝑗 |. Hence, in that case, estimate (𝛽𝑗 − 𝝀𝑗 ), when
interpreted as an estimate of 𝛽𝑗 , is biased toward zero. Analogous analyses apply to the relationship
(𝑚)

between 𝛿𝑗 and 𝜆𝑗

. The results presented below can therefore be interpreted in two ways. More
̂(𝒎)
positive (negative) estimates (𝛽𝑗 − 𝝀𝑗 ) are either interpreted as indicating a variable’s positive
(negative) effect on latent satisfaction or as indicating a variable’s negative (positive) effect on
memories of past satisfaction.
The possible biases described by Conway & Ross (1986) versus those arising from anticipation and
mood-congruency may partially offset each other. Moreover, the emotional intensity of memories
tends to fade with time (e.g. Levine and Bluck 2004). It therefore seems implausible that the
absolute magnitude of the present-induced memory bias 𝝀(𝑚) should exceed the effect 𝜷 on latent
satisfaction.
(𝑚)

We may therefore assume |𝜆𝑗

(𝑚)

| ≤ |𝛽𝑗 | for any particular variable 𝑋𝑗 . Further assuming that 𝜆𝑗
(𝑚)

and 𝛽𝑗 have opposite signs (which is the more worrying bias), we find that |𝜆𝑗
(𝑚)

𝜆𝑗 )|. On the basis of this bound on

| ≤ 0.5|(𝛽𝑗 −

(𝑚)
𝜆𝑗

we can assess whether the implied scale shift has a
̂(𝑚)
̂(𝑚)
determinate direction. We may do so by inspecting the sign of (𝛿𝑗 − 𝜆𝑗 ) − 0.5(𝛽𝑗 − 𝜆𝑗 ). We
can also assess whether the effects on latent satisfaction and scale use are statistically significant.
̂(𝒎)
̂(𝑚)
This is done by respectively testing ℎ0 : 0.5(𝛽𝑗 − 𝝀𝑗 ) = 0 and ℎ0 : (𝛿𝑗 − 𝜆𝑗 ) −
̂(𝑚)
0.5(𝛽𝑗 − 𝜆𝑗 ) = 0. 20
3.4

Interpretation of lags and leads

I now turn to the case in which latent satisfaction also depends on lagged and leaded values of 𝑿.
For simplicity I only consider 1-year lags and leads, which is a special case of equation (4):
(13)

𝑠𝑖𝑡 = 𝑿𝑖𝑡−1 𝜷−1 + 𝑿𝑖𝑡 𝜷0 + 𝑿𝑖𝑡+1 𝜷+1 + 𝜀𝑖𝑡

Further lags and leads make the notation more arduous but present no further problem. Given
the arguments of section 2.2, we may expect that scale use depends on the same lags and leads:
(14)

𝜏𝑖𝑡,𝑘 = 𝛾𝑘 + 𝑿𝑖𝑡−1 𝜹−1 + 𝑿𝑖𝑡 𝜹0 + 𝑿𝑖𝑡+1 𝜹+1
If the equation for latent memories is to have the same structure as the equation for latent
contemporaneous satisfaction, then equation (9) must be extended, too:
(𝑚)

𝑠𝑖𝑡

(𝑚)

= 𝜃 (𝑚) + 𝑿𝑖𝑡−2 𝜶−2 + 𝑿𝑖𝑡−1 𝜶−1 + 𝑿𝑖𝑡 𝜶0 + 𝜀𝑖𝑡

(15)

Note that 𝜶0 will contain the effects of memory biases (𝝀(𝑚) ) discussed in the previous section.
The extended expression for the contributions to the log-likelihood can then be written as:

20

(𝑚)

Assuming that 𝜆𝑗

(𝑚)

and 𝛽𝑗 have opposite signs, and assuming that |𝜆𝑗

(𝑚)
In that worst case (𝛽𝑗 − 𝜆𝑗 ) =
(𝑚)
Given these identities, (𝛿𝑗 − 𝜆𝑗 )

2𝛽𝑗 ↔ 0.5(𝛽𝑗 −
− 0.5(𝛽𝑗 −

(𝑚)
𝜆𝑗 )

(𝑚)
𝜆𝑗 )

= 𝛽𝑗 . Moreover, in that case, (𝛿𝑗 −

= (𝛿𝑗 + 𝛽𝑗 ) − 𝛽𝑗 = 𝛿𝑗 .

12

(𝑚)

| ≤ |𝛽𝑗 |, yields a worst case of 𝛽𝑗 = −𝜆𝑗
(𝑚)
𝜆𝑗 )

.

= (𝛿𝑗 + 𝛽𝑗 ).

𝐾

ℓ𝑖𝑡 = ln ∑ I(𝑟𝑖𝑡 = 𝑘) ×
𝑘=1

[Φ(𝛾𝑘 + 𝑿𝑖𝑡+1 𝜹+1 + 𝑿𝑖𝑡 (𝜹0 − 𝜶0 ) − 𝑿𝑖𝑡+1 𝜷+1 − 𝑿𝑖𝑡 (𝜷0 − 𝜶0 ) − 𝑿𝑖𝑡−1 (𝜷−1 − 𝜹−1 ))
−Φ(𝛾𝑘−1 + 𝑿𝑖𝑡+1 𝜹+1 + 𝑿𝑖𝑡 (𝜹0 − 𝜶0 ) − 𝑿𝑖𝑡+1 𝜷+1 − 𝑿𝑖𝑡 (𝜷0 − 𝜶0 ) − 𝑿𝑖𝑡−1 (𝜷−1 − 𝜹−1 ))]
(16)
𝐾
(𝑚)

+ ∑ I (𝑟𝑖𝑡

= 𝑘) ×

𝑘=1

[Φ(𝛾𝑘 + 𝑿𝑖𝑡+1 𝜹+1 + 𝑿𝑖𝑡 (𝜹0 − 𝜶0 ) − 𝜃 (𝑚) − 𝑿𝑖𝑡−1 (𝜶−1 − 𝜹−1 ) − 𝑿𝑖𝑡−2 𝜶−2 )
−Φ(𝛾𝑘−1 + 𝑿𝑖𝑡+1 𝜹+1 + 𝑿𝑖𝑡 (𝜹0 − 𝜶0 ) − 𝜃 (𝑚) − 𝑿𝑖𝑡−1 (𝜶−1 − 𝜹−1 ) − 𝑿𝑖𝑡−2 𝜶−2 )]

Only the leaded effects on latent satisfaction (𝜷+𝟏 ) and scale use (𝜹+1 ), as well as the two-year
lagged effect on memories of satisfaction (𝜶−2) are now uniquely identified. In contrast, estimates
of the contemporaneous effects on latent satisfaction (𝜷0 ) and scale use (𝜹𝟎 ) are contaminated by
the effects on memories (𝜶𝟎 ).
Fortunately, as also touched on in the previous section, since 𝜷+𝟏 is identified (barring reverse
causality), we can get some indication for the likely signs of 𝜶𝟎 . This may aid us forming beliefs
about the likely signs and magnitudes of 𝜹𝟎 . Moreover, only the difference of lagged effects on
latent satisfaction and scale use (𝜷−1 − 𝜹−1 ) is identified. Given the arguments of section 2.2, 𝜷−1
and 𝜹−1 likely have opposing signs in the presence of adaptation, thus leading to an over-estimation
of adaptation (or, equivalently, an underestimation of a lagged scale shift effect).
4

Empirical application

Having introduced the memory approach, I now turn to an empirical application using BHPS data.
However, before doing so I will note a final difficulty for estimation.
4.1

Accounting for fixed effects

Unfortunately, failure to account for individual fixed effects severely biases coefficients in research
on life satisfaction (Ferrer-i-Carbonell & Frijters, 2004). The standard approach to deal with this
issue is to demean both sides of equation (4). However, since 𝑠𝑖𝑡 is not observed, this is not an
option.21 Alternatively estimating separate parameters for each individual is known to yield
inconsistent estimates for finite 𝑇 (Greene, 2004). To nevertheless correct for this issue, I add
individual averages of all explanatory variables to the estimation. Such a specification was proposed
by Mundlak (1978).
Van Praag (2015) recently argued that a specification which includes such terms yields estimates of
𝜷∗ that are identical to estimates that would be obtained if it were possible to demean equation (4).
Hence, although this is normally thought to be infeasible (Riedl and Geishecker 2014), adequately
accounting for individual fixed-effects in an ordered probit context seems possible. Appendix B
reconstructs Van Praag’s argument. Appendix C successfully evaluates its veracity in a Monte Carlo
study. My preferred estimates therefore include individual averages of all explanatory variables.
Finally, if latent satisfaction is partly determined by an individual fixed effect, then memories of
satisfaction and scale use are also likely affected by individual fixed effects. To account for these,
̅ 𝒊 are added to these equations, too. Thus, the estimates shown below control for fixed
averages 𝑿
effects in scale use. They are therefore primarily concerned with intrapersonal variation in scale
21

In the OLS context, applied researchers demean 𝑟𝑖𝑡 , which is observed.
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use. This is in contrast to vignette studies, which are always cross-sectional and therefore estimate
interpersonal differences in scale use.
4.2

Data

I include waves 6-10 and 12-18 of the BHPS, corresponding to the years 1996-2000 and 20022008. These are all the years in which data on (memories of) life satisfaction are available. Life
satisfaction is measured by the question given in section 2.1. Memories of satisfaction are elicited
with the second question discussed in section 3.2.
I focus on the effects of log post-tax household income22, employment status, marital status,
childbirth, and log household size. I also include a measure of reference income. Reference income
is constructed as the log average income of those with similar age (i.e. respondent’s age ±5 years),
and similar education (having the same education on a four category CASMIN scale). I additionally
control for ln(1+working hours), homeownership, having a temporary job, age(-squared),23 and
wave dummies.
4.3

Descriptive evidence

In table 1, I provide some descriptive evidence. Panel A shows that more respondents state that
last year was worse (27.9%), than that last year was better (15.3%). Moreover, the higher reported
satisfaction, the higher the probability of stating that last year was worse. This is intuitive: People
with higher latent satisfaction are, ceteris paribus, more likely to state that their life satisfaction has
increased. Only 0.8% of respondents state that they ‘don’t know’ whether last year was better or
worse. Thus, respondents generally feel able to recall their past wellbeing.
Panel B cross-tabulates the observed change in 𝑟𝑖𝑡 against respondents’ remembered change. There
are two situations that are evidently inconsistent. The first of these occurs when observing that
reported life satisfaction decreased in subsequent years, but respondents nevertheless state that the
past was worse (4.6% of all observations). The opposite situation occurs when observing an
increase in reported satisfaction across subsequent years, but respondents report that last year was
better (2.6% of all observations). The former (latter) case indicates that scale use has become more
(less) stringent.
Panel C shows possible shifts in scale use by levels of reported satisfaction. Shifts are here counted
as possible when people either report a change in satisfaction, but none is observed, or when
remembered and observed changes are strongly inconsistent in the way discussed above. Counting
possible scale shifts in this manner follow the mechanics of the model proposed in section 3 (which
ignores information on respondents stating ‘about same’). Using these definitions, 24.8% of all
cases record a possible scale shift. The higher the level of reported satisfaction, the more likely it is
that scale use has become more stringent. This is also intuitive: Ceteris paribus, those with less
stringent scale use are more likely to respond with high response categories.

This variable is provided by Levy and Jenkins (2012). I additionally apply the modified OECD equivalence scale and
deflate to 2005 prices.
23 When simultaneously accounting for fixed effects and including wave dummies, the linear term for age drops out
due to collinearity.
22

14

Table 1. Descriptive evidence on possible scale shifts
(𝑚)

‘Last year was:’ (𝑟𝑖𝑡 )
Panel A: Memories of life satisfaction by level of reported life satisfaction
‘Worse’
‘About the same’
‘Better’
‘Don’t know’
𝑟𝑖𝑡
1
116 (5.6%)
506 (24.2%)
1,371 (65.6%)
96 (4.6%)
2
197 (6.5%)
758 (24.8%)
2,031 (66.5%)
68 (2.2%)
3
688 (8.1%)
3,058 (36.0%)
4,587 (54.1%)
153 (1.8%)
4
2,758 (14.2%)
10,682 (54.8%)
5,761 (29.6%)
293 (1.5%)
5
11,183 (27.4%)
23,940 (58.7%)
5,359 (13.1%)
297 (0.7%)
6
17,090 (37.7%)
26,315 (58.1%)
1,745 (3.85%)
171 (0.4%)
7
6,724 (33.8%)
12,666 (63.6%)
418 (2.10%)
94 (0.5%)
Total
38,756 (27.9%)
77,925 (56.0%)
21,272 (15.3%)
1,172 (0.8%)
Panel B: Memories of life satisfaction by direction of change in reported life satisfaction
‘Worse’
‘About the same’
‘Better’
‘Don’t know’
∆𝑟𝑖𝑡
Decrease
4,620 (16.3%)
14869 (54.0%)
7792 (28.3%)
277 (1.0%)
Steady
12,649 (27.3%)
28571 (61.6%)
4,924 (10.6%)
233 (0.5%)
Increase
8,848 (34.2%)
14,296 (55.2%)
2,613 (10.1%)
151 (0.6%)
Panel C: Possible shifts in scale use by levels of reported life satisfaction
Less stringent
No change
More stringent
𝑟𝑖𝑡
1
299 (21.8%)
1,007 (73.5%)
65 (4.7%)
2
406 (19.0%)
1,626 (76.0%)
109 (5.1%)
3
1,165 (19.3%)
4,510 (74.9%)
350 (5.8%)
4
1,847 (13.3%)
10,680 (77.0%)
1,340 (9.7%)
5
2,433 (8.2%)
21,608 (72.7%)
5,684 (19.1%)
6
1,114 (3.4%)
24,476 (74.1%)
7,462 (22.6%)
7
273 (2.0%)
11,185 (81.5%)
2,259 (16.5%)
Total
7,537 (7.5%)
75,092 (75.2%)
17,269 (17.3%)
Note: Percentages are relative to row-totals. Bold cells indicate possible shifts in scale use. Observations are counted
as ‘less stringent’ when respondents’ reported satisfaction either increased or remained steady, but respondents
reported that life last year was better. Observations are counted as ‘more stringent’ when respondents’ reported
satisfaction either decreased or remained steady, but respondents reported that life last year was worse. Case numbers
for panels B and C are lower because first differences are used, thus dropping waves 6 and 12.

A recent study by Prati and Senik (2020) uses the same data. Fortunately, they observe the same
descriptive patterns. They offer an alternative interpretation of the data, primarily invoking memory
biases. The present paper instead interprets these patterns as being indicative of scale shifts. As
explained in section 3.2, the interpretation invoked in this paper does not require a complete
absence of the sorts of memory biases suggested by Prati & Senik (2020). Both interpretations may
therefore be (partly) true. Unfortunately, the data at hand does not allow us to take an ultimate
stance on this. Nevertheless, the conclusion will offer some suggestion on how future research may
decide between scale shifts and memory biases.
Unfortunately, these descriptive results do not show which variables are associated with changes
in scale use.24 They also do not show how scale shifts affect estimates of the determinants of latent
satisfaction. Therefore, I now turn to analyses using the model described in section 3.2.
4.4

Baseline results

Table 2 presents my baseline results. Columns (1) and (2) give results without individual averages
of explanatory variables. Columns (3) and (4) include such averages and thereby account for
individual fixed effects. Column (2) and (4) account for possible shifts in scale use.
Table E1 in appendix E shows results from multinomial logistic regressions in which indicators of whether possible
scale shifts occurred are regressed on the same set of socio-economic variables as used in section 4.4. These estimates
indicate that variables known to be associated with higher (lower) reported satisfaction are also associated with higher
odds of shifting toward more (less) stringent scale use. This is in line with the theoretical expectations of section 2.2
and the results of section 4.4.
24
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Table 2. Main Results for BHPS data
Without averages

ln(HH income)
Employed (base)
Self-employed
Unemployed
Retired
Family care
Lt. sick /disabled
In education
Married (base)
Widowed
Divorced
Never married
ln(HH size)
Childbirth
Reference income
ln(HH income)
Employed (base)
Self-employed
Unemployed
Retired
Family care
Lt. sick /disabled
In education
Married (base)
Widowed
Divorced
Never married
ln(HH size)
Childbirth
Reference income
Constant
ln(HH income)
Employed (base)
Self-employed
Unemployed
Retired
Family care
Lt. sick /disabled
In education
Married (base)
Widowed
Divorced
Never married
ln(HH size)
Childbirth
Reference inc.

Without averages,
With averages
with scale shift
(1)
(2)
(3)
Panel A: Current life satisfaction
0.089*** (0.010)
0.127*** (0.020)
0.037*** (0.007)

0.043 (0.027)
-0.316*** (0.033)
0.120*** (0.030)
-0.026 (0.027)
-0.799*** (0.036)
0.130*** (0.025)

0.092 (0.057)
-0.709*** (0.063)
0.137** (0.068)
-0.107** (0.052)
-1.104*** (0.072)
0.121** (0.055)

With averages, with
scale shift
(4)
0.097*** (0.023)

0.022 (0.021)
-0.197*** (0.025)
0.070*** (0.022)
-0.002 (0.020)
-0.319*** (0.030)
0.095*** (0.022)

0.072 (0.061)
-0.615*** (0.069)
0.192*** (0.073)
-0.048 (0.055)
-0.542*** (0.082)
0.056 (0.063)

-0.317*** (0.032)
-1.112*** (0.113)
-0.336*** (0.044)
***
***
-0.440 (0.025)
-0.592 (0.058)
-0.262*** (0.028)
***
***
-0.203 (0.019)
-0.417 (0.053)
-0.114*** (0.021)
-0.086*** (0.014)
-0.199*** (0.042)
-0.087*** (0.015)
0.143*** (0.018)
0.351*** (0.041)
0.081*** (0.015)
-0.271*** (0.035)
0.149 (0.148)
-0.254*** (0.055)
Panel B: Memory of last year’s life satisfaction
0.005 (0.016)
0.034* (0.017)
0.013 (0.020)

-1.007*** (0.137)
-0.369*** (0.069)
-0.287*** (0.064)
-0.216*** (0.048)
0.224*** (0.044)
-0.220 (0.187)
0.027 (0.020)

-0.013 (0.045)
-0.084 (0.053)
0.016 (0.057)
-0.060 (0.045)
-0.050 (0.058)
0.008 (0.044)

0.046 (0.051)
-0.198*** (0.054)
0.032 (0.065)
-0.100** (0.047)
-0.249*** (0.065)
-0.006 (0.048)

-0.003 (0.057)
-0.132** (0.062)
-0.124* (0.068)
-0.106** (0.051)
-0.271*** (0.076)
0.042 (0.054)

0.010 (0.058)
-0.135** (0.063)
-0.081 (0.073)
-0.115** (0.053)
-0.314*** (0.078)
-0.008 (0.056)

-0.244*** (0.057)
-0.313*** (0.034)
-0.105*** (0.027)
0.108*** (0.021)
0.042 (0.036)
-0.316*** (0.048)
-0.884* (0.495)

-0.969*** (0.113)
-0.466*** (0.055)
-0.309*** (0.050)
0.007 (0.039)
0.047 (0.036)
0.134 (0.145)
-1.020** (0.510)
Panel C: Scale shift
0.037** (0.018)

-0.627*** (0.109)
-0.328*** (0.054)
-0.180*** (0.048)
0.081** (0.035)
0.109*** (0.038)
0.165 (0.144)
-1.086 (0.675)

-0.968*** (0.135)
-0.419*** (0.063)
-0.285*** (0.057)
-0.008 (0.046)
0.093** (0.039)
0.216 (0.173)
-0.919 (0.782)

0.049 (0.050)
-0.393*** (0.056)
0.017 (0.062)
-0.080* (0.046)
-0.306*** (0.064)
-0.009 (0.050)

-0.795*** (0.110)
-0.152*** (0.053)
-0.214*** (0.050)
-0.113*** (0.040)
0.208*** (0.038)
0.420*** (0.145)
Panel D: Cutoff constants
γ1
-4.794*** (0.310)
-4.791*** (0.310)
-4.828*** (0.350)
***
***
γ2
-4.382 (0.025)
-4.379 (0.025)
-4.413*** (0.025)
***
***
γ3
-3.837 (0.014)
-3.835 (0.014)
-3.865*** (0.015)
γ4
-3.200*** (0.010)
-3.199*** (0.010)
-3.224*** (0.010)
γ5
-2.329*** (0.007)
-2.329*** (0.007)
-2.348*** (0.007)
γ6
-1.283*** (0.007)
-1.283*** (0.007)
-1.297*** (0.007)
Obs. (Respondents)
118, 440 (20,572)
118, 440 (20,572)
118,440 (20,572)
Note: Clustered standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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0.059*** (0.021)
0.051 (0.056)
-0.418*** (0.065)
0.122* (0.070)
-0.047 (0.051)
-0.223*** (0.077)
-0.039 (0.058)
-0.671*** (0.132)
-0.107* (0.060)
-0.173*** (0.060)
-0.129*** (0.047)
0.142*** (0.042)
0.034 (0.179)
-4.827*** (0.350)
-4.412*** (0.025)
-3.865*** (0.015)
-3.224*** (0.010)
-2.348*** (0.007)
-1.297*** (0.007)
118,440 (20,572)

Being unemployed or having a long-term sickness reduces satisfaction, compared to being
employed. Being in education has a small positive effect. The self-employed, those retired and
those who are in family care are not estimated to have a different level of satisfaction compared to
the employed. In line with previous literature, accounting for fixed effects reduces the size of
estimated coefficients (compare columns 1 and 3).25 However, upon accounting for scale shifts (see
columns 2 and 4), coefficients again become larger. Of those relating to job status, the coefficient
on unemployment is increased the most. Thus, while a standard analysis would show that the effect
of long-term sickness is stronger than that of unemployment, adjusting for scale use yields the
opposite result. These increases in magnitudes of the positive (negative) 𝜷 estimates26 are driven
by corresponding positive (negative) 𝜹 estimates relating to scale use. For example, the unemployed
are estimated to use the response scale much less stringently. In contrast, those in retirement use
the scale much more stringently.
Higher incomes are associated with higher life satisfaction. The size of the effect is reduced when
accounting for fixed effects. When additionally accounting for changes in scale use, the income
effect is again increased. Hence respondents’ scale use is more stringent with higher incomes.
Regarding reference income, the association with scale use is positive. This is in line with the
theoretical expectation of section 2.2. In the case of column (2) this association is quite extreme,
causing the coefficient on latent satisfaction to switch signs. However, this result is not found in
the preferred specification of column (4), where I account for fixed effects. Although the
coefficient on scale use is small there, controlling for scale shifts nevertheless causes the coefficient
on latent satisfaction to become insignificant.
Those who are neither married nor in a stable partnership are much less satisfied. Comparing
columns (1) and (3), these estimates are generally reduced when accounting for fixed effects, though
less so than what was observed for employment statuses. Upon accounting for changes in scale
use, the negative effects of not being married are increased. This change is particularly large for
widowhood, where the associated coefficient is tripled in size, and becomes the largest coefficient
in the model. This is also reflected by widowhood having the largest coefficient in the scale shift
equation.
Finally, scale use becomes significantly more stringent following childbirth and less stringent in
larger households. The respectively positive and negative effects of these variables on satisfaction
are consequently magnified, too. Overall, my results agree with the theoretical expectations of
section 2.2. Personal characteristics that are associated with higher (lower) levels of latent
satisfaction are also associated with more (less) stringent scale use. Unsurprisingly, this is especially
so for bereavement and unemployment, both of which have particularly profound impacts upon
people’s lives and their outlook upon life.
As noted in section 2.3, trade-offs between variables may be affected by scale shifts. Table 3
therefore records the estimated ratios 𝛽𝑗 ⁄𝛽𝑙𝑛(𝐻𝐻 𝑖𝑛𝑐.) for all explanatory variables 𝑗 of interest. This
exercise shows more clearly that, relative to the effect of income, the effects of unemployment,

Differences between cut-off constants 𝛾𝑘 are almost identical across all models. Thus, the sizes of coefficients are
directly comparable. See Appendix A for further discussion on this.
26 When writing variants of ‘estimates of 𝜷’, I implicitly assume that 𝝀(𝒎) = 𝟎. It would be more accurate, but more
cumbersome, to always write ‘estimates of 𝜷 − 𝝀(𝒎) ’. The implications of 𝝀(𝒎) potentially not being equal to 𝟎 are
further explored in section 4.5
25
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family care and widowhood become larger when accounting for scale shifts. In contrast, the effects
of long-term sickness, education and divorce are smaller when accounting for scale shifts.
Table 3. Ratios of coefficients on each explanatory variable against coefficient on income
Without averages
With averages
No shift
With shift
No shift
With shift
ln(HH income)
1.000
1.000
1.000
1.000
Employed (base)
Self-employed
0.480
0.723
0.579
0.750
Unemployed
-3.539
-5.607
-5.291
-6.371
Retired
1.347
1.082
1.877
1.983
Family care
-0.296
-0.843
-0.048
-0.501
Lt. sick /disabled
-8.940
-8.727
-8.565
-5.613
In education
1.460
0.959
2.541
0.576
Married (base)
Widowed
-3.549
-8.787
-9.004
-10.423
Divorced
-4.925
-4.680
-7.035
-3.826
Never married
-2.276
-3.299
-3.054
-2.970
ln(HH size)
-0.965
-1.576
-2.331
-2.234
Childbirth
1.604
2.778
2.178
2.315
Reference income
-3.038
1.177
-6.818
-2.280
Note: Ratios of coefficients computed on the basis of table 2.

4.5

Sensitivity to violations of present independence

With the data at hand, the validity of the present independence assumption cannot be tested. However,
we do obtain estimates of the lagged effects of explanatory variables on memories of satisfaction
(parameter 𝛼 in equation (9)). These are shown in panel B of table 2. Looking at the preferred
model in column (4), signs of coefficients on current versus remembered satisfaction typically
equal.27 For example, just as being unemployed reduces contemporaneous satisfaction, having been
unemployed reduces remembered satisfaction. Thus, estimated signs of coefficients suggest that
respondents are generally able to recall the direction in which past personal circumstances affected
their past satisfaction. Moreover, almost all coefficients on memories have smaller magnitudes
compared to those for current satisfaction. Though not conclusive, both these findings suggest
that violations of present independence may be small.
It is nevertheless important to evaluate how violations of present independence could affect my
conclusions. If the contemporaneous effect on latent satisfaction has the same sign as a potential
contemporaneous effect on memory bias, then coefficients will be biased towards zero.28 The same
relation holds with respect to memory biases and effects on scale use. Note that when accounting
for differences in scale use, the magnitudes of estimates on latent satisfaction almost always exceed
those obtained when failing to account for scale shifts. This implies that if present independence is
violated in a manner in which 𝜷 and 𝝀(𝑚) have the same signs, the resulting biases (which lead to
an underestimation of the true 𝜷) are smaller than the biases resulting from failing to account for
changes in scale use (which also lead to an underestimation of the true 𝜷).
However, we do not know whether the opposite case, i.e. opposing signs for 𝜷 and 𝝀(𝑚) occurs.
Given the small lagged coefficients on memories of satisfaction, and the arguments of section 3.3,
The cases for which signs differ are retirement, education, and reference income. However, in the case of education,
the coefficient on latent satisfaction is close to zero, making it easy to observe sign switches.
28 In an extreme case where both effects have the same sign, but the memory bias effect has a larger magnitude, it is
possible to obtain inverted signs of coefficients. Since all coefficients have the expected sign, this does not appear to
be the case here.
27
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which suggested that that the signs of 𝝀(𝒎) are indeterminate, it seems implausible that the absolute
magnitudes of 𝝀(𝒎) could exceed those of 𝜷. Thus, adopting the assumption that the magnitudes
of 𝝀(𝒎) are at most equal to those of 𝜷, we can test whether effects of covariates on scale use, i.e.
𝜹, remain significant and have a determinate sign in such a worst-case. As explained in section 3.3,
̂

̂

this can be done by testing ℎ0 : (𝛿𝑗 − 𝜆𝑗(𝑚) ) − 0.5(𝛽𝑗 − 𝜆𝑗(𝑚) ) = 0 for every variable of interest. Table
4 presents results from such an exercise on the basis of the estimates of column (4) of table 2.
Table 4. Robustness of scale shift effects
Worst-case estimate
Standard error
p-value
ln(HH income)
0.011
0.011
0.332
Employed (base)
Self-employed
0.015
0.029
0.615
Unemployed
-0.111***
0.035
0.002
Retired
0.026
0.037
0.489
Family care
-0.022
0.028
0.415
Lt. sick /disabled
0.048
0.042
0.249
In education
-0.067**
0.031
0.030
Married (base)
Widowed
-0.168**
0.070
0.017
Divorced
0.077**
0.032
0.014
Never married
-0.030
0.032
0.353
ln(HH size)
-0.021
0.025
0.391
Childbirth
0.031
0.023
0.177
Reference income
0.144
0.094
0.126
(𝑚)
Note: Estimates are based on column (4) of table 2. Test computed under assumption that 𝜆𝑗 is not larger
than 𝛽𝑗 and of opposite sign. * p<0.1, ** p<0.05, *** p<0.01.

The signs of most estimated scale shift effects are robust to this exercise. Own income, selfemployment, being retired, and childbirth continue to be associated with more stringent scale use.
Unemployment, family care, widowhood, never being married, and household size remain
associated with less stringent scale use. However, only the estimates for widowhood and
unemployment remain statistically significant. Moreover, contrary to the baseline assumption of
𝝀(𝑚) = 𝟎, disability and divorce are now seen to be associated with more stringent scale use.29
Finally note that assuming |𝝀(𝑚) | = |𝜷| (and opposing signs) causes all coefficients on latent
satisfaction to be halved. Table E2 in Appendix E shows that the statistical significance of each
relevant coefficient is unaffected by this reduction in estimated magnitudes.
4.6

Comparison to standard ordered probit and OLS models

The models of table 2 are unusual. It is therefore instructive to compare them to standard ordered
probit and OLS models. Results from these are shown in table 5. Recall that in all columns of table
2, the effects of explanatory variables on memories of satisfaction and current satisfaction are
estimated by assuming that the same set of thresholds is used for memories as for current
satisfaction. If that assumption were violated, we should expect the standard ordered probit results
given in columns (1) and (2) of table 5 to strongly differ from those in columns (1) and (3) of table
2. However, signs and magnitudes of estimated coefficients are similar across the models, and the
estimated cutoff locations are in agreement, too. These results support the assumption of response
consistency.
In the cases of reference income and being in education, 𝛿̂𝑗 and 𝛽̂𝑗 have opposing signs. This leads to an exacerbation
of the estimated scale use effect in this test.
29
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Table 5. Comparison to Ordered Probit and OLS models
OP
OP-Avg.
ln(HH income)
Employed (base)
Self-employed
Unemployed
Retired
Family care
Lt. sick /disabled
In education
Married (base)
Widowed
Divorced
Never married
ln(HH size)
Childbirth
Reference income

(1)
0.087*** (0.010)

(2)
0.036*** (0.007)

OP, equidistant cutoffs
imposed
(3)
0.088*** (0.010)

0.041 (0.026)
-0.309*** (0.032)
0.119*** (0.030)
-0.025 (0.026)
-0.782*** (0.036)
0.127*** (0.025)

0.021 (0.020)
-0.193*** (0.025)
0.069*** (0.022)
-0.001 (0.019)
-0.313*** (0.029)
0.093*** (0.021)

0.051** (0.026)
-0.343*** (0.033)
0.100*** (0.029)
-0.040 (0.026)
-0.874*** (0.038)
0.123*** (0.025)

0.025 (0.020)
-0.226*** (0.026)
0.058*** (0.022)
-0.014 (0.020)
-0.368*** (0.032)
0.086*** (0.022)

0.070** (0.030)
-0.420*** (0.040)
0.108*** (0.033)
-0.053* (0.031)
-1.066*** (0.046)
0.153*** (0.029)

0.032 (0.024)
-0.278*** (0.032)
0.062** (0.026)
-0.020 (0.023)
-0.450*** (0.038)
0.101*** (0.026)

-0.310*** (0.032)
-0.431*** (0.024)
-0.199*** (0.019)
-0.084*** (0.014)
0.140*** (0.018)
-0.310*** (0.032)

-0.330*** (0.043)
-0.257*** (0.028)
-0.111*** (0.021)
-0.085*** (0.014)
0.080*** (0.014)
-0.330*** (0.043)

-0.308*** (0.031)
-0.446*** (0.025)
-0.199*** (0.019)
-0.082*** (0.014)
0.132*** (0.018)
-0.308*** (0.031)

-0.323*** (0.044)
-0.263*** (0.029)
-0.111*** (0.021)
-0.082*** (0.014)
0.073*** (0.015)
-0.323*** (0.044)

-0.362*** (0.035)
-0.538*** (0.030)
-0.240*** (0.022)
-0.099*** (0.017)
0.156*** (0.021)
-0.362*** (0.035)

-0.368*** (0.049)
-0.316*** (0.035)
-0.136*** (0.025)
-0.097*** (0.017)
0.084*** (0.017)
-0.368*** (0.049)

-5.077*** (0.301)
-4.286*** (0.005)
-3.496*** (0.005)
-2.705*** (0.005)
-1.915*** (0.005)
-1,124*** (0.005)
118,773

-5.108*** (0.340)
-4.312*** (0.005)
-3.516*** (0.005)
-2.720*** (0.005)
-1.924*** (0.005)
-1.127*** (0.005)
118,773

118,773

118,773

τ1
-4.745*** (0.304)
-4.780*** (0.344)
τ2
-4.326*** (0.024)
-4.358*** (0.024)
τ3
-3.789*** (0.014)
-3.817*** (0.014)
τ4
-3.172*** (0.010)
-3.196*** (0.010)
***
τ5
-2.334 (0.007)
-2.352*** (0.007)
***
τ6
-1.294 (0.007)
-1.307*** (0.007)
Observations
118,773
118,773
Note: Standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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OP-Avg., equidistant
cutoffs imposed
(4)
0.036*** (0.007)

OLS

OLS-FE

(5)
0.109*** (0.011)

(6)
0.042*** (0.009)

Furthermore, signs and significance levels of the OLS estimates shown in columns (5) and (6) - the
latter of which account for fixed effects - match the corresponding results of the ordered probit
models. Ratios of coefficients are also in agreement between the ordered probit and OLS models,
though they do not match perfectly. One example is the ratio of the income to unemployment
coefficients. This ratio is 0.036⁄−0.193 = −0.187 in the ordered model with individual averages
(“OP-Avg.”), but 0.042⁄−0.278 = −0.151 in the OLS-FE model. Part of the discrepancy is
driven by the ordered probit model allowing cutoffs to not be equidistant, while the OLS model
assumes constant differences in expected 𝑠𝑖𝑡 across response categories. To verify this, I
constrained cutoffs to be equidistant in the ordered probit models of columns (3) and (4). When
doing so, the estimated coefficient ratios are even closer to the corresponding ratios estimated in
the OLS models (e.g. for the income to unemployment ratio in column (4), I now obtain
0.036⁄−0.226 = −0.159). Thus, it indeed appears that adding individual averages to the ordered
probit model accurately accounts for fixed effects. These results therefore agree with the extended
theoretical discussion of Appendix C and the Monte Carlo results of Appendix D.
Finally, note that the magnitudes of coefficients in the OLS model are uniformly higher than in the
ordered probit models. This is because the OLS model assumes constant differences of 1 in
expected 𝑠𝑖𝑡 across response categories. The constrained ordered probit model with 𝜎 = 1 instead
estimates differences of 0.796 between thresholds. Hence, coefficients of the OLS model can be
expected to be larger by a factor of about 1⁄0.796 = 1.256.
4.7

Lags, leads, and reference effects

We may be worried that the estimates of table 2 are affected by lags and leads of explanatory
variables. Effects of past and future values of explanatory variables on latent satisfaction and scale
use may also be of substantive interest. Table E3 in the appendix therefore presents such results.
For each of the variables relating to marital status, I obtain positive lagged effects on latent
satisfaction. The corresponding contemporaneous coefficients are all negative (and of larger
magnitude). We might interpret this result as implying that deviating from being married is subject
to partial adaptation. This interpretation follows Clark and Georgellis (2013). However, the
discussion of section 3.4 showed that lagged coefficients in this model (and any other model in the
literature) are contaminated by lagged effects on scale use. For each variable relating to marital
status, I do obtain negative contemporaneous effects on scale use. There may therefore also be
negative lagged effects on scale use. In that case, the estimated lagged coefficients on latent
satisfaction are biased away from zero, suggesting more adaptation than really occurs.
Unfortunately, the data cannot decide on this. Similar dynamics are also observed for selfemployment (c.f. Hanglberger and Merz 2015) and being in education. For all other variables, no
such dynamics are observed.
To capture anticipation, I also consider the addition of leaded terms. Their addition reduces the
magnitudes of the contemporaneous coefficients on latent satisfaction relating to retirement,
divorce and being single. For all variables relating to marital status, I find negative leaded
coefficients. Hence, a part of the total effect relating to these variables may be driven by
anticipation. A similar dynamic is also observed for childbirth. More generally, the signs of
coefficients on latent satisfaction associated with each leaded variable are always the same as the
corresponding signs of coefficients of each contemporaneous variable. As explained in section 3.4,
this equality of signs reduces the likelihood that 𝜷 and 𝝀(𝑚) have opposite signs.
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The estimated effects of leaded variables on scale use are similar to those on latent satisfaction. For
example, being married in the next year is associated with both more stringent scale use and greater
latent satisfaction. Adding lags and leads to the model jointly does not yield substantially different
results.
Scale use may also be impacted via comparisons to a fixed reference group. However, although the
sign of the reference income effect on scale use was positive in my baseline estimations, it was
insignificant. In order to investigate this further, I computed a set of additional ‘reference’ variables.
These variables include the percentages of those in the reference group who are: employed,
unemployed, retired, disabled, married, divorced, widowed, or had a birth in their household. In
addition, I constructed variables measuring mean log household size and mean reported life
satisfaction of those in the reference group.
When jointly adding these variables and accounting for fixed effects (i.e. akin to column (4) of table
2), almost all of these variables’ coefficients on latent satisfaction, memories, and scale use are
statistically insignificant and small. See table E4 in the appendix. Mean reported satisfaction in the
reference group is the only major exception to this. That variable shows a large positive coefficient
on latent satisfaction, which suggests that having a more satisfied reference group makes
respondents themselves more satisfied. However, mean reported satisfaction neither affects
memories nor scale use.30
4.8

Parallel and non-parallel shifts

So far I only considered shifts with equal magnitude and direction for all cutoffs. Xu & Xie (2016),
call this a parallel shift in the cut-offs. However, it may be that independent variables impact the
location of each cut-off differently. Thus, variables may cause scale use to become more stringent
at high levels of reported satisfaction, but less stringent at low levels of reported satisfaction. This
idea is illustrated in figure 2. In order to allow for non-parallel shifts, it is common to postulate a
nested model for the set of thresholds:31
𝜏𝑖𝑡,1 = 𝛾1 + 𝑿𝑖𝑡 𝜹1 ,
𝜏𝑖𝑡,2 = 𝜏𝑖𝑡,1 + exp(𝛾2 + 𝑿𝑖𝑡 𝜹2 ),
...
𝜏𝑖𝑡,𝐾 = 𝜏𝑖𝑡,𝐾−1 + exp(𝛾𝐾 + 𝑿𝑖𝑡 𝜹𝐾 ).

(17)

This non-linear specification has the advantage that the ordering of cutoffs is always preserved, no
matter the signs of 𝜹𝑘 (Greene and Hensher 2010). However, this specification is inelegant since
we assume a non-linear functional form for all but the first cutoff. A linear specification is therefore
more natural.

Mean reported satisfaction might also picks up effects from personal characteristics that are not included in the
model. Furthermore, as can be gleaned from columns (2)-(4) of Table E4, these results are robust to the addition of
lags and leads. One reason for these surprisingly insignificant results may be collinearity between the reference
variables. In table E5, I therefore estimated sparser models in which only reference income and percentages of
employed, disabled, widowed, having birth, and mean satisfaction were added (these variables were closest to statistical
significance in the full model). However, results were largely the same in these sparser models. I also estimated further
models for reference satisfaction in which reference groups where defined depending on personal characteristics. This
yielded similar results. See table E6 in the appendix.
31 In virtue of this ‘nesting’ property, this model is sometimes referred to as a ‘Hierarchical Ordered Probit’, or ‘HOPIT’
model.
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Figure 2. Parallel and non-parallel shifts in scale use.
Panel A. Parallel Shift

Panel B. Non-parallel Shift

Such a specification may be given by:
𝜏𝑖𝑡,1 = 𝛾1 + 𝑿𝑖𝑡 𝜹1 ,
𝜏𝑖𝑡,2 = 𝜏𝑖𝑡,1 + 𝛾2 + 𝑿𝑖𝑡 𝜹2 ,
...
𝜏𝑖𝑡,𝐾 = 𝜏𝑖𝑡,𝐾−1 + 𝛾𝐾 + 𝑿𝑖𝑡 𝜹𝐾 .

(18)

Here 𝜹𝑘 for 𝑘 > 1 may be interpreted as increasing the distance between adjacent thresholds
(when 𝜹𝑘 > 0) or as decreasing the distance between adjacent thresholds (when 𝜹𝑘 < 0). In the
former case, scale use is ‘stretched’, while in the latter case it is ‘squeezed’.
Note that in the specification of equation (18) it may occur that 𝜏𝑖𝑡,𝑘−1 > 𝜏𝑖𝑡,𝑘 for some values of
𝑿𝑖𝑡 and some 𝑘 when not all corresponding elements in 𝜹𝑘 and 𝜹𝑘−1 have the same sign. Although
theoretically undesirable, empirically this does not appear to be the case. Given its greater elegance
and ease of interpretation, I prefer the specification of equation (18). Results for such a model are
thus presented in table 6.32 That model accounts for fixed effects. We can therefore compare these
results to those of column (4) in table 2.
Results are almost unchanged, including those on scale use (compare the estimates of 𝜹 in table 2
to the corresponding estimates of 𝜹1 in table 6). Consequently, I find little evidence of non-parallel
shifts in scale use. The only clear such cases are observed for various employment statuses. In
these, coefficients on the higher thresholds tend to be significantly negative. This may indicate that
for those who are not employed, scale use is ‘squeezed’ at the upper end of the response scale.

Results using the more traditional specification of equation (17) can be found in appendix table E7. These are very
similar to those given in table 6.
32
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Table 6. Allowing for non-parallel shifts in scale use when adding individual averages (linear specification)
Current
Memory
Cutoff
Cutoff
Cutoff
Cutoff
Cutoff
Cutoff
Sat.
of Sat.
𝜏𝑖𝑡,1
𝜏𝑖𝑡,2
𝜏𝑖𝑡,3
𝜏𝑖𝑡,4
𝜏𝑖𝑡,5
𝜏𝑖𝑡,6
(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
ln(HH income)
0.098***
0.028
0.090**
-0.013
-0.032*
0.016
-0.007
0.016
(0.023)
(0.020)
(0.038)
(0.026)
(0.019)
(0.014)
(0.012)
(0.012)
Employed (base)
Self-employed
0.080
0.007
0.001
-0.019
0.045
0.005
0.036
0.027
(0.065)
(0.062)
(0.121)
(0.095)
(0.064)
(0.044)
(0.038)
(0.042)
Unemployed
-0.628***
-0.129**
-0.254**
-0.029
0.045
-0.137*** -0.155***
-0.053
(0.069)
(0.064)
(0.111)
(0.082)
(0.058)
(0.042)
(0.040)
(0.043)
Retired
0.151**
-0.081
0.115
0.075
-0.034
-0.018
-0.077**
-0.019
(0.072)
(0.071)
(0.121)
(0.082)
(0.059)
(0.041)
(0.036)
(0.036)
Family care
-0.073
-0.111**
-0.000
0.027
0.018
-0.045
-0.121***
-0.013
(0.057)
(0.054)
(0.105)
(0.082)
(0.057)
(0.039)
(0.034)
(0.034)
Lt. sick /disabled -0.549*** -0.298***
-0.131
0.062
-0.027
-0.087** -0.149*** -0.101**
(0.079)
(0.075)
(0.120)
(0.081)
(0.057)
(0.044)
(0.043)
(0.047)
In education
0.042
-0.013
0.117
-0.119
-0.023
0.019
-0.103***
0.058
(0.066)
(0.058)
(0.119)
(0.090)
(0.065)
(0.046)
(0.038)
(0.044)
Married (base)
Widowed
-0.941*** -0.937***
-0.581***
-0.065
-0.024
0.078
0.003
-0.074
(0.125)
(0.121)
(0.164)
(0.082)
(0.065)
(0.053)
(0.046)
(0.052)
Divorced
-0.375*** -0.413***
-0.116
0.026
-0.042
0.075*
-0.030
-0.079*
(0.070)
(0.064)
(0.100)
(0.067)
(0.050)
(0.041)
(0.039)
(0.047)
Never married
-0.296*** -0.289***
-0.100
0.002
-0.095
0.053
-0.004
-0.055
(0.067)
(0.060)
(0.110)
(0.081)
(0.060)
(0.043)
(0.036)
(0.042)
ln(HH size)
-0.224***
-0.009
-0.106
-0.028
-0.029
0.044
-0.001
-0.033
(0.051)
(0.047)
(0.079)
(0.054)
(0.038)
(0.028)
(0.024)
(0.027)
Childbirth
0.223***
0.087**
0.228***
-0.018
-0.017
-0.030
-0.055**
0.022
(0.046)
(0.041)
(0.086)
(0.067)
(0.046)
(0.034)
(0.026)
(0.028)
Reference inc.
-0.200
0.241
0.188
0.021
-0.077
-0.057
-0.120
0.030
(0.189)
(0.176)
(0.305)
(0.207)
(0.133)
(0.096)
(0.080)
(0.089)
Constant
-0.500
-2.356*** 0.539***
0.532***
0.706***
0.869***
1.018***
(0.547)
(0.099)
(0.063)
(0.042)
(0.033)
(0.030)
(0.039)
Observations
118,440
Note: Clustered standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.

In both the linear and the nonlinear case, models remain identified when omitting the information
from memories, but constraining all elements in 𝜹1 to 0. Estimates for such models are presented
in appendix tables E8 and E9.33 With respect to latent satisfaction, the results for these models are
rather similar to those obtained in column (3) of table 2, i.e. when omitting the estimation of scale
shift effects. This is because estimates for 𝜷 capture the main scale shift effects contained in 𝜹1 in
this specification. Therefore, these models only capture possible distortions in the ‘width’ of the
reporting scale, but do not capture shifts in the overall location of the scale.
Moreover, the interpretation of 𝜹𝑘 for 𝑘 > 1 is generally ambiguous. Instead of interpreting these
𝜹𝑘 parameters as indicating whether explanatory variables squeeze or expand the response scale,
these parameters can equally well be interpreted as indicating heterogeneities in the effects of
explanatory variables across the distribution of reported satisfaction. Indeed, via a change of
notation, the linear specification of equation (18), together with equations (1) and (4), and when
constraining 𝜹1 to 0, can be seen to be equivalent to the generalized ordered logit/probit model

33

Variants of such a test are also used by Bond & Lang (2019). See e.g. section A3.2 of their online appendix.
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described by Williams (2006).34 That model explicitly allows for heterogenous effects across the
distribution of the response variable. Taking unemployment as an example, the negative coefficient
of -0.137 for the 4th cutoff can thus either be interpreted as unemployment bringing the 4th cutoff
closer to the third (i.e. unemployment squeezing the response scale), or as indicating that the effect
of unemployment is less severe for respondents whose level of life satisfaction is larger than the
third response cutoff.
5

Conclusions

I hope to have made three main contributions. First, I showed how estimates of the effects of
explanatory variables will be biased if the assumption of common scale use is violated. This analysis
showed that violations of common scale use could in principle lead to sign reversals of the effects of
explanatory variables. However, they are unlikely to do so in practice. Instead it is more likely that
such violations lead to downward biases in the sizes of effect estimates. My theoretical analysis also
showed that lagged scale shift effects may lead to the overestimation of adaptation effects. Second,
using variation in respondents’ stated memories, I proposed a method by which contemporaneous
scale shift effects may be separately identified from effects on latent satisfaction. Third, using the
proposed memory approach, I analysed whether intrapersonal scale shift effects can plausibly be
observed in British BHPS data. In my baseline analyses, I find, in line with theoretical expectation,
that the direction in which explanatory variables affect scale use is typically the same as the direction
in which explanatory variables affect latent satisfaction. I find particularly pronounced such effects
for unemployment and bereavement. Under plausible assumptions on the upper bound of memory
biases, these scale effects turn out to be significant for the latter two variables, but not for my other
explanatory variables.
In addition to these contributions, I evaluated Van Praag’s (2015) approach of accounting for fixed
effects in Appendices C and D. There, I showed that the method outperforms the more classical
approach of using OLS to account for fixed effects. In my empirical analyses using BHPS data I
further corroborated the viability of that approach. Given the ease at which Van Praag’s approach
can be implemented, it therefore seems useful to adopt his approach more widely.
The proposed method of using memories may be viewed as a complement to the only other viable
method in the literature, i.e. the use of vignettes. Compared to the vignette approach, advantages
of this approach are that the assumption of response consistency is more likely to be satisfied, that the
approach is less costly to administer, and that it can be applied in the context of well-known panel
data like BHPS or GSOEP.
However, present independence may be less plausible than the assumption of vignette equivalence. Future
research may address this concern in three ways: First, it would help to obtain data on memories
In the probit version of that model, the probability of choosing response category 𝑘 is given by Pr(𝑟𝑖𝑡 = 𝑘|𝑿𝑖𝑡 ) =
Φ(𝜔𝑘 − 𝑿𝑖𝑡 𝝆𝑘 ) − Φ(𝜔𝑘−1 − 𝑿𝑖𝑡 𝝆𝑘−1 ), where we impose 𝜔0 = −∞, 𝜔𝐾 = ∞, and 𝝆0 = 0. This formulation
allows the effects of explanatory variables on the latent variable to differ across response categories (hence the subscript
𝑘 for 𝝆𝑘 ). In the linear specification of the model discussed in the present paper, the same probability for 𝑘 > 1 is
given by:
34

𝑘

Pr(𝑟𝑖𝑡 = 𝑘|𝑿𝑖𝑡 ) = Φ ([∑

𝑘

𝛾𝑚 + 𝑿𝑖𝑡 𝜹𝑚 ] − 𝜷𝑿𝑖𝑡 ) − Φ ([∑

𝑚=1

𝑚=1

𝛾𝑚−1 + 𝑿𝑖𝑡 𝜹𝑚−𝟏 ] − 𝜷𝑿𝑖𝑡 )

Where we impose 𝛾0 = −∞, 𝛾𝐾 = ∞, 𝛾𝐾 = ∞, and 𝜹0 = 𝜹1 = 𝟎. Since we can write 𝝆𝑘 = 𝜷 − ∑𝑘𝑚=1 𝜹𝑚 and 𝜔𝑘 =
∑𝑘𝑚=1 𝛾𝑚 these formulations are equivalent. This equivalence does not hold in the case of the non-linear specification
of equation (17). Nevertheless, the underlying point that we cannot separate heterogenous effects across the
distribution of reported happiness from distortions of the response scale remains.
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from multiple years in the past. With such data one could implement a version of d’Uva et al.’s
(2011) test of vignette equivalence to test present independence.35 Second, data in which questions on
vignettes and memories are asked simultaneously would allow for a test of whether the two
approaches yield equivalent results. Such cross-validation could yield strong evidence in favour of
both approaches. Third, it would help to ask respondents about their current life satisfaction, about
last year’s (or earlier years’) life satisfaction, and then – crucially – to ask respondents whether they
can recall the rating they gave for their contemporaneous life satisfaction last year. Following
Howard and Dailey (1979), one would thereby force people to report their past wellbeing with their
past scale. Using such data, one could then perform an alternative formal test of present independence
by observing whether people’s recollection of their past ratings is impacted by contemporaneous
values of explanatory variables. Hence, although it was not possible to validate the assumption of
present independence with the data at hand, more detailed data would allow for such an exercise.

35

In particular, if one had data on memories about multiple years ago, say 𝑞 = 1,2, … , 𝑄 years ago, one could extend
(𝑚𝑞 )

equation (9) to read 𝑠𝑖𝑡

(𝑚𝑞 )

= 𝜃 (𝑚𝑞 ) + 𝑿𝑖𝑡−𝑞 𝜶(𝑚𝑞 ) + 𝑿𝑖𝑡 𝝀(𝑚𝑞 ) + 𝜀𝑖𝑡
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and test if 𝝀(𝑚𝑞 ) = 𝟎 for all 𝑞 > 1.
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Appendix
A

Interpretation of absolute magnitudes of coefficients

Life satisfaction, like most other subjective constructs, has no natural cardinal scale, with no welldefined physical phenomena to ground it and no natural zero point. Despite this feature of
subjective constructs, some interpretations of the absolute magnitudes of coefficients may
nevertheless be both useful and meaningful.
It might be natural to interpret the magnitudes of coefficients in relation to how a (marginal) change
in covariates changes the probability of exceeding some particular response level. Given the model
described by equations (1), (4) and (5), the probability of responding category 𝑟 > 𝑘 conditional
on 𝑿𝑖𝑡∗ is given by Pr(𝑟𝑖𝑡 > 𝑘|𝑿𝑖𝑡∗ ) = 1 − Φ(𝛾𝑘 + 𝑿𝑖𝑡∗ 𝜹∗ − 𝑿𝑖𝑡∗ 𝜷∗ ) = Φ(𝑿𝑖𝑡∗ (𝜷∗ − 𝜹∗ ) −
𝛾𝑘 ). Taking the partial derivative with respect to some particular variable, say 𝑋𝑗,𝑖𝑡 , we get
𝜕Pr(𝑟𝑖𝑡 > 𝑘|𝑿𝑖𝑡∗ )⁄𝜕𝑋𝑗,𝑖𝑡 = 𝜑(𝑿𝑖𝑡∗ (𝜷∗ − 𝜹∗ ) − 𝛾𝑘 )(𝛽𝑗,0 − 𝛿𝑗,0 ), where 𝜑(. ) denotes the
standard normal p.d.f. As explained in the main text, an analysis which does not account for shifts
in scale use already estimates 𝜷∗ − 𝜹∗ . Therefore, if we are only interested in estimating expected
effects on response probabilities, accounting for changes in scale use would serve no purpose.
One could average 𝜑(𝑿𝑖𝑡∗−𝑗 (𝜷∗−𝑗 − 𝜹∗−𝑗 ) + 𝑋𝑗,𝑖𝑡 𝛽𝑗,0 − 𝛾𝑘 )𝛽𝑗,0 over all observed combinations
of 𝑿𝑖𝑡∗ . Here, 𝑿𝑖𝑡∗−𝑗 is the same as 𝑿𝑖𝑡∗ but has element 𝑋𝑗,𝑖𝑡 removed. Vectors 𝜷∗−𝑗 and 𝜹∗−𝑗
are defined analogously. Such an exercise can be interpreted as estimating the average marginal
effect of 𝑋𝑗,𝑖𝑡 on the probability of responding category 𝑟 > 𝑘 conditional on 𝑿𝑖𝑡∗ under a
counterfactual in which 𝑋𝑗,𝑖𝑡 did not also affect scale use. However, this is cumbersome to compute
and not a very intuitive interpretation of the absolute magnitude.
In the context of OLS regressions, one oft-used intuitive interpretation is to discuss by how many
categories a respondent can be expected to change her response given a unit change in an
explanatory variable’s value. This is very straightforward in this context and given by E(𝑟𝑖𝑡 |𝑋𝑗,𝑖𝑡 +
1; 𝑿𝑖𝑡∗−𝑗 ) − E(𝑟𝑖𝑡 |𝑋𝑗,𝑖𝑡 ; 𝑿𝑖𝑡∗−𝑗 ) = 𝛽𝑗,0.
However, in the ordered probit context, differences between thresholds are not equal.
Nevertheless, an analogue may usefully indicate how much latent satisfaction changes for a unit
change in 𝑋𝑗,𝑖𝑡 as a fraction of the normalized width of the satisfaction scale. Here, the natural
normalization is over the number of estimated thresholds. The width of the scale can be given by
the difference between the highest and lowest estimated threshold.
Formally this is given by:
[E(𝑠𝑖𝑡 ⁄(𝜏𝐾−1 − 𝜏1 ) |𝑋𝑗,𝑖𝑡 + 1; 𝑿𝑖𝑡∗−𝑗 ) − E(𝑠𝑖𝑡 ⁄(𝜏𝐾−1 − 𝜏1 ) |𝑋𝑗,𝑖𝑡 ; 𝑿𝑖𝑡∗−𝑗 )](𝐾 − 1)
= 𝛽𝑗,0 (𝐾 − 1)⁄(𝛾𝐾−1 − 𝛾1 )

(A1)

Thus, the effect of 𝑋𝑗,𝑖𝑡 on scale use in this expression cancels in the case of parallel shifts.
Fortunately, this expression is directly obtained from our parameter estimates. We may hence use
this as an intuitive interpretation of the absolute magnitudes of effects on latent satisfaction.
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B

Using vignettes to correct for violations of common scale use

The vignette approach tackles violations of common scale use by presenting respondents with
short descriptions of imaginary persons’ lives (King et al., 2004). An example from the SHARE
survey for such a vignette is the following:
‘John is 63 years old. His wife died 2 years ago, and he still spends a lot of time thinking about her. He has four
children and ten grandchildren who visit him regularly. John can make ends meet but has no money for extras such
as expensive gifts to his grandchildren. He has had to stop working recently due to heart problems. He gets tired
easily. Otherwise, he has no serious health conditions. How satisfied with his life do you think John is?’.
Respondents are then asked to rate the life satisfaction of these imaginary persons. On the
assumption that all respondents perceive the described person’s satisfaction equally, identification
of differences in scale use become possible.
No study to date used vignettes to analyse the separate effects of lags and leads of explanatory
variables on both latent life satisfaction and scale use. To ease the exposition, I will therefore
assume that latent life satisfaction and scale use only depend on contemporaneous values of
covariates. Parameter vectors 𝜷 and 𝜹 (without subscripts) are thus only associated with
contemporaneous values of covariates. If a panel dataset containing vignettes existed, an analysis
of the effect of lags and leads would pose no special problem. Unfortunately, I am not aware of
such data. This partly motivates the approach proposed in section 3.
B.1

Formal approach
(𝑣)

Assume that, from a set of 𝑉 vignettes, respondents give a report 𝑟𝑖𝑡 about a particular vignette 𝑣
(𝑣)

on the basis of a perceived satisfaction level 𝑠𝑖𝑡 of that vignette. Also assume that respondents
use the same response scale for their own satisfaction as for rating the vignettes. This yields a
reporting rule analogous to equation (A1):
(𝑣)

(𝑣)

𝑟𝑖𝑡 = 𝑘 ↔ 𝜏𝑖𝑡,𝑘−1 < 𝑠𝑖𝑡 ≤ 𝜏𝑖𝑡,𝑘

(A2)

Since the same thresholds are used in equations (1) and (A2), we assume response consistency. Further
(𝑣)

assume that the perceived level of 𝑠𝑖𝑡 does not depend on 𝑿𝑖𝑡 . This assumption is known as the
vignette equivalence assumption. Now consider:
(𝑣)

(𝑣)

𝑠𝑖𝑡 = 𝜃 (𝑣) + 𝑿𝑖𝑡 𝝀(𝑣) + 𝜀𝑖𝑡

(A3)

(𝑣)

Here, 𝜃 (𝑣) is a vignette-specific parameter and 𝜀𝑖𝑡 is a normally distributed error term with mean
0 and standard deviation 1. Vignette equivalence entails that 𝝀(𝑣) = 𝟎. Incorporating these additional
equations, the individual contributions to the likelihood then become:
𝐾

ℓ𝑖𝑡 = ln ∑ I(𝑟𝑖𝑡 = 𝑘)[Φ(𝛾𝑘 + 𝑿𝑖𝑡 𝜹 − 𝑿𝑖𝑡 𝜷) − Φ(𝛾𝑘−1 + 𝑿𝑖𝑡 𝜹 − 𝑿𝑖𝑡 𝜷)]
𝑘=1

(A4)

𝐾
(𝑣)

+ ∑ ∑ I(𝑟𝑖𝑡 = 𝑘)[Φ(𝛾𝑘 + 𝑿𝑖𝑡 𝜹 − 𝜃 (𝑣) − 𝑿𝑖𝑡 𝝀(𝑣) ) − Φ(𝛾𝑘−1 + 𝑿𝑖𝑡 𝜹 − 𝜃 (𝑣) − 𝑿𝑖𝑡 𝝀(𝑣) )]
𝑣 𝑘=1

When assuming 𝝀(𝑣) = 𝟎, 𝜹 and 𝜷 are separately identified from maximising equation (A4).
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B.2

Plausibility of vignette equivalence and response consistency

The vignette approach exchanges the assumption of common scale use with the assumptions of response
consistency and vignette equivalence. Regarding response consistency, and extending the worries of section
2.2, respondents might rate vignettes relative to reference points that vary with characteristics given
in the vignette: Persons described to be richer might be rated with a higher reference point
appropriate for richer persons, and persons described as poor might be rated less stringently.
Unfortunately, statistical tests of response consistency rely on having a further objective indicator for
the dependent variable. In the case of entirely subjective variables, no objective indicators can exist,
making such tests impossible. However, in cases where response consistency with respect to health was
tested, response consistency was rejected (d’Uva et al., 2011; Datta Gupta et al., 2010).
Regarding vignette equivalence, some studies test whether respondents give a common ordering to
multiple vignettes (Angelini et al., 2013; d’Uva et al., 2011; Montgomery, 2017; Murray et al., 2003).
Although this test is typically passed, failure to reject does not imply that vignette equivalence holds.
D’Uva et al. (2011) propose a stronger test, noting that vignette equivalence is required for only
one vignette, say for 𝑣 = 1. For all other vignettes, vignette equivalence can be relaxed, thus allowing
(𝑣)

(𝑣)

a test of 𝝀(𝑣) = 𝟎 in 𝑠𝑖𝑡 = 𝜃 (𝑣) + 𝑿𝑖𝑡 𝝀(𝑣) + 𝜀𝑖𝑡 for 𝑣 = 2, … , 𝑉. They find that vignette
equivalence is rejected for almost all considered covariates.36
Vignettes are incomplete descriptions of a person’s life. Some aspects relevant to life satisfaction
must therefore be imagined by the respondent. For example, in the case of the vignette quoted
above, respondents must make some assumptions about what it means to make ‘ends meet’. It is
plausible that a person’s current circumstances (i.e. values of 𝑿𝑖𝑡 ), will impact how such
assumptions are made. In particular, for a respondent with low incomes or who is unemployed,
making ‘ends meet’ likely means a lower level of economic welfare compared to respondents in
stable employment or for those with high incomes (Van Praag and Frijters 1999; Van Praag 1971;
Crettaz and Suter 2013). Thus, while income and being employed are positively associated with
latent satisfaction, they will also be positively associated with respondents’ perceptions of vignettes.
(𝑣)

This implies that 𝜆𝑗

and 𝛽𝑗 have the same sign for such variables. As shown in section 3.3,

estimates of 𝛽𝑗 are then biased towards zero. Moreover, individuals tend to make mood-congruent
judgements in both self- and non-self-relevant domains (Mayer et al. 1992; Forgas 1995).37 This
means that respondents with more positive affect can be expected to judge others more positively,
(𝑣)

too. Since affect and life satisfaction are driven by similar variables, this also suggests that 𝜆𝑗

and

𝛽𝑗 have the same sign.
Hence, vignette equivalence might fail. The direction in which it is likely to fail suggests that
magnitudes of 𝜷 will be biased towards zero.

Rejection of this test can be interpreted as indicating that there are differences across vignettes in how perceptions
of vignettes’ satisfaction depend on covariates. Passing this test does not imply that vignette equivalence holds. Instead,
failure to pass indicates that vignette equivalence does not hold for at least one vignette.
37 For example, in study 3 of Mayer et al. (1992), respondents in a representative sample of the population of New
Hamshire (USA) were asked to rate both their mood, as well as to make a number of other-regarding judgements.
Those judgements included assessments of e.g. ‘the likelihood of a marriage resulting in long-term happiness for both
members of the couple?’, ‘the likelihood that there will be an atomic war in the next five years’, or ‘the likelihood that
the average 30-year-old in New Hampshire will be involved in a happy, loving romance?’. For all such cases, those
with a better mood provided significantly higher probabilities and thus made mood-congruent judgements.
36
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B.3

Previous results using vignettes

The vignettes methodology was previously applied to investigate e.g. variation in the reporting of
subjective health (Bago d’Uva et al. 2008; Xu and Xie 2016), work disability (Kapteyn, Smith, and
Van Soest 2007), subjective poverty (Ravallion, Himelein, and Beegle 2016), as well as income and
job satisfaction (Kristensen and Johansson 2008; Bonsang and Van Soest 2012).
Five studies applied the vignette approach to studying life satisfaction. Kapteyn et al. (2010) use
Dutch ‘CenterPanel’ data from 2006 and American ‘Rand American Life’ data from 2006-2007.
For the USA, they find that accounting for scale use increases the estimated effects of income and
household size (in the USA). In the Dutch sample, the effects of being employed, and being
married are increased in size. Montgomery (2017) uses global Gallup World Poll data for the years
2011-2014. She shows that the relative gender gap in life satisfaction (with women being more
satisfied) is driven by differential scale use. Furthermore, compared to being married, accounting
for differential scale use marginally increases the magnitudes of the negative effects of being single,
separation, divorce, and widowhood. The effects of unemployment and log income are also
marginally increased. However, among two sets of vignettes available to her, one of these sets fails
D’Uva et al.’s (2011) test of vignette equivalence. Angelini et al. (2013) use European SHARE data.
They find large differences in scale use across European countries. Moreover, compared to having
a partner, they also find slightly increased effects for being single and widowhood. Increased effects
are also observed for not working and retirement. Finally, Bertoni (2015) and Corrado and Weeks
(2010) use the same SHARE dataset. Bertoni (2015) finds that childhood deprivation is associated
with less stringent scale use.
Apart from the case of gender investigated by Montgomery (2017), whenever there was a change
in estimated coefficients due to accounting for variation in scale use, estimated magnitudes on
latent satisfaction increased. This is despite the possible bias toward zero discussed above.
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Van Praag’s (2015) argument

Van Praag’s argument may be stated as follows. First, extend equation (4) by writing 𝜀𝑖𝑡 = 𝑢𝑖 +
𝑣𝑖𝑡 . This yields:
𝑠𝑖𝑡 = 𝑿𝑖𝑡∗ 𝜷∗ + 𝑢𝑖 + 𝑣𝑖𝑡

(A5)

The fixed effect 𝑢𝑖 may be correlated with 𝑿𝑖𝑡∗ . Assume that 𝑣𝑖𝑡 , after purging it of the individual
fixed effect, is normally distributed with constant variance and uncorrelated with 𝑿𝑖𝑡∗ .
Now stack observations over the 𝑇𝑖 periods for each individual 𝑖:
𝒔𝒊 = 𝑿𝑖 𝜷∗ + 𝒖𝒊 + 𝒗𝒊 .

(A6)

Here, 𝒔𝒊 = (𝑠𝑖1 , . . . , 𝑠𝑖𝑇𝑖 )′ and analogously for 𝑿𝒊 , 𝒖𝒊 , and 𝒗𝒊 . Now consider the matrix 𝑴𝒊 =
1
𝑇𝑖

̅ 𝒊 . Each column of 𝑨
̅𝒊
𝟏𝟏′, where 𝟏 is a vector of 𝑇𝑖 ones. For any matrix 𝑨𝑖 , define 𝑴𝒊 𝑨𝒊 ≡ 𝑨

contains the average of each column of 𝑨𝑖 . The demeaned matrix 𝑨̈𝑖 is then obtained as 𝑨̈𝑖 = 𝑨𝑖 −
𝑴𝒊 𝑨𝒊 . Equation (A6) is a constrained version of:
̅ ∗ + 𝒖𝒊 + 𝒗𝒊 .
̅ 𝒊𝜷
𝒔𝒊 = 𝑿̈𝒊 𝜷̈∗ + 𝑿

(A7)

̅ ∗. Since 𝑴𝒊 is idempotent, we find that
Equation (A7) can be recovered from (A6) when 𝜷̈∗ = 𝜷
𝑿̈′𝒊 𝒖𝒊 = 𝟎.38 Thus, 𝑿̈𝒊 and 𝒖𝒊 are uncorrelated. and the exclusion or inclusion of 𝒖𝒊 does not affect
estimates of 𝜷̈∗ . Also note that 𝑿̈′𝒊 𝒗𝒊 = 𝑿̈′𝒊 𝒗̈ 𝒊 ,39 where 𝒗̈ 𝒊 is obtained by demeaning equation (A5),
as is normally done when accounting for fixed effects. Therefore, even when omitting 𝒖𝒊 , OLS
estimates of 𝜷̈∗ obtained from estimating equation (A7), would be identical to OLS estimates
obtained by demeaning equation (A5). Also see Bell and Jones (2015) for an extended treatment
of this point.
Although van Praag (2015) does not take this step, we can rewrite equation (A7) as:
̃ ∗ + 𝒖𝒊 + 𝒗𝒊
̅ 𝒊𝜷
𝒔𝒊 = 𝑿𝒊 𝜷̈∗ + 𝑿

(A8)

̅ ∗ − 𝜷̈∗ ≡ 𝜷
̃ ∗ . This yields the specification proposed by Mundlak (1978).40 Van Praag
Here, 𝜷
(2015) makes a further claim. When 𝒔𝒊 is not observed, and only 𝒓𝒊 is, an estimation of equation
(A7) by ordered probit will also yield a consistent estimate of 𝜷̈∗ when omitting 𝒖𝒊 .
However, estimates of 𝜷̈∗ will only by consistent up to a proportionality factor. Since that factor is
constant across all elements in 𝜷̈∗ estimation should nevertheless yield consistent estimates of the
signs, ratios of coefficients, and normalized magnitudes (c.f. appendix A).41

′
A matrix 𝑨 is idempotent iff 𝑨𝑨 = 𝑨. We can therefore write: 𝑿̈′𝒊 𝒖𝒊 = 𝑿̈′𝒊 𝑴𝒊 𝒖𝒊 = ((𝑰𝒊 − 𝑴𝒊 )𝑿𝒊 ) 𝑴𝒊 𝒖𝒊 =
′ (𝑰
′
′
′
′
′
(𝑿𝒊 𝒊 − 𝑴𝒊 ) )𝑴𝒊 𝒖𝒊 = (𝑿𝒊 − 𝑿𝒊 𝑴𝒊 ′)𝑴𝒊 𝒖𝒊 = 𝑿𝒊 𝑴𝒊 𝒖𝒊 − 𝑿𝒊 𝑴𝒊 ′𝑴𝒊 𝒖𝒊 = 𝟎.
39 Because: 𝑿̈′ 𝒗 = 𝑿̈′ (𝒗̈ + 𝒗
̅𝒊 ) = 𝑿̈′𝒊 𝒗̈ 𝒊 + 𝑿̈′𝒊 𝒗
̅𝒊 = 𝑿̈′𝒊 𝒗̈ 𝒊 + (𝑿′𝒊 − 𝑿′𝒊 𝑴𝒊 ′)𝑴𝒊 𝒗𝒊 = 𝑿̈′𝒊 𝒗̈ 𝒊 + 𝑿′𝒊 𝑴𝒊 𝒗𝒊 − 𝑿′𝒊 𝑴𝒊 ′𝑴𝒊 𝒗𝒊 = 𝑿̈′𝒊 𝒗̈ 𝒊 .
𝒊 𝒊
𝒊 𝒊
40 Wooldridge (2002) considers Chamberlain’s random effects estimator in this context. That estimator is largely
38

identical to the approach of Van Praag (2015). It merely adds a further random effect that is assumed to be uncorrelated
̅ 𝒊 ). Since this addition is more complicated to implement and only presents an
with 𝑿𝒊∗ (when conditioning on 𝑿
efficiency gain, I do not pursue this approach here.
41 The proportionality factor depends on our choice of the assumed standard deviation 𝜎 and the true standard
deviation 𝜎 ∗ of 𝜖𝑖𝑡 . In ordered probit we consistently estimate 𝜷̈∗ 𝜎/𝜎 ∗ (Wooldridge 2002). The value of 𝜎 ∗ positively
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D

Monte Carlo study

This small Monte Carlo study evaluates how well the proposed approach of using memories works
at identifying variables’ separate effects on latent satisfaction and scale use in the presence of fixed
effects.
D.1

Experimental design

The set-up is as follows. I set 𝑁 = 5,000 and 𝑇 = 6. With respect to 𝑇, this is close to the BHPS
data used in the main text. 𝑁 is somewhat smaller than what is available in BHPS to reduce
computing time. Latent satisfaction is generated by:
𝑠𝑖𝑡 = 𝛽1 𝑋1,𝑖𝑡 + 𝛽2 𝑋2,𝑖𝑡 + 𝛽3 𝑋3,𝑖𝑡 + 𝑢𝑖 + 𝑣𝑖𝑡 ,

(A9)

where 𝑢𝑖 ~𝑁(0,1) and 𝑣𝑖𝑡 ~𝑁(0,1). Furthermore, 𝑋1,𝑖𝑡 = 𝑋1,𝑖𝑡−1 + 𝑒1,𝑖𝑡 for 𝑡 > 1 and 𝑋1,𝑖𝑡 =
𝑢𝑖 for 𝑡 = 1, with 𝑒1,𝑖𝑡 ~𝑁(0,1). 𝑋2,𝑖𝑡 ~𝑁(𝑢𝑖 , 1). Finally, 𝑋3,𝑖𝑡 = 1 if 𝑢𝑖 + 𝑒2,𝑖𝑡 > 0 and 𝑋3,𝑖𝑡 =
0 otherwise, with 𝑒2,𝑖𝑡 ~𝑁(0,1). Thus, each independent variable is correlated with the fixed effect
𝑢𝑖 and is strongly autocorrelated (as would be the case for most demographic variables). 𝑋1,𝑖𝑡 and
𝑋2,𝑖𝑡 are continuous, while 𝑋3,𝑖𝑡 is a dummy. I further set 𝛽1 = 1, 𝛽2 = 0.5, 𝛽3 = 0.5. I evaluate
two different processes by which the cutoffs 𝜏𝑖𝑡,𝑘 are generated to determine 𝑟𝑖𝑡 (which in turn is
generated as in equation (1)). As a first case, I generate 𝜏𝑖𝑡,𝑘 = −7 + 𝑠̅ + 2𝑘, where 𝑠̅ is the average
of 𝑠𝑖𝑡 across 𝑖 and 𝑡. As a second case, I generate 𝜏𝑖𝑡,𝑘 = −2.75 + 𝛿1 𝑋1,𝑖𝑡 + 𝛿2 𝑋2,𝑖𝑡 + 𝛿3 𝑋3,𝑖𝑡 +
𝑠̅ + 1.25𝑘. With 𝛿1 = 0.2, 𝛿2 = 0.8, 𝛿3 = 0.8. In both cases, the number of response
categories 𝐾 is set to 7. Both cases yield equidistant cutoffs and roughly even shares across each
of the seven response categories for 𝑟𝑖𝑡 . However, in the first case all cutoffs are independent of
𝑿𝑖𝑡 , while in the latter case cutoffs strongly depend on 𝑿𝑖𝑡 . Memories of satisfaction are generated
(𝑚)

by 𝑠𝑖𝑡

(𝑚)

= 𝛼1 𝑋1,𝑖𝑡−1 + 𝛼2 𝑋2,𝑖𝑡−1 + 𝛼3 𝑋3,𝑖𝑡−1 + 𝑢𝑖 + 𝑣𝑖𝑡 , with 𝛼1 = 0.8, 𝛼2 = 0.4, 𝛼3 = 0.6

(𝑚)

and 𝑣𝑖𝑡 ~𝑁(0,1).
I draw 250 independent sets of observations and estimate six different models on each set. Those
models are:
•
•
•
•
•
•

An OLS regression of 𝑟𝑖𝑡 (‘OLS’),
An OLS regression of demeaned 𝑟𝑖𝑡 (‘OLS-FE’),
A standard ordered probit regression (‘OP’),
An ordered probit regression with individual averages for each independent variable added (as
discussed in Appendix C; ‘OP-Avg.’)
An ordered probit regression with individual averages, extended by an equation for memories
of past satisfaction (as discussed in section 3, ‘MOP-Avg.’).
An ordered probit regression with individual averages, extended by an equation for memories
of past satisfaction and using data for memories as available for the UK (as discussed in section
3; ‘UKMOP-Avg.’)

depends on Var(𝑣𝑖𝑡 ) and Var(𝑢𝑖 ), but negatively on Cov(𝑋̅𝑖𝑡 , 𝑢𝑖 ). When Cov(𝑋̅𝑖𝑡 , 𝑢𝑖 ) = 0, then Var(𝜖𝑖𝑡 ) =
Var(𝑣𝑖𝑡 ) + Var(𝑢𝑖 ). Thus, 𝑆𝐷(𝑣𝑖𝑡 ) ≤ 𝜎 ∗ ≤ √Var(𝑣𝑖𝑡 ) + Var(𝑢𝑖 ). If we choose 𝜎 = 1 and SD(𝑣𝑖𝑡 ) = 1, we will
get estimates with negatively biased magnitudes by a factor 1/𝜎 ∗ . Estimates of the thresholds will be biased by the
same factor 1/𝜎 ∗ as the coefficients on latent satisfaction. Hence magnitudes of coefficients that are standardized by
the width of the response scale (see appendix A) are not affected by the proportionality factor.
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For both MOP-Avg. and the UKMOP-Avg. model, I add individual averages to the memory and
the cutoff equations as well as the equation on latent satisfaction.
D.2

Results in case of cutoffs being independent of 𝑿𝒊𝒕

Table D1 presents mean estimates of coefficients and their ratios from 250 independent trials.
Table D1. Results from Monte Carlo simulation with cutoffs independent of 𝑋𝑖𝑡
Parameter
(1)
(2)
(3)
(4)
(5)
(6)
estimates
OLS
OP
OLS-FE
OP-Avg.
MOP-Avg.
UKMOP-Avg.
0.526
0.988
0.459
0.958
0.964
0.938
𝛽1
0.398
0.729
0.234
0.478
0.478
0.463
𝛽2
0.544
0.930
0.245
0.479
0.480
0.466
𝛽3
1.324 (0.676)
1.355 (0.645)
1.960 (0.052)
2.007 (0.033)
2.019 (0.053)
2.027 (0.081)
𝛽1 ⁄𝛽2
0.968 (1.032)
1.063 (.938)
1.875 (0.142)
2.001 (0.069)
2.015 (0.116)
2.029 (0.183)
𝛽1 ⁄𝛽3
0.731 (0.269)
0.784 (0.216)
0.957 (0.055)
0.998 (0.036)
0.998 (0.059)
1.002 (0.094)
𝛽2 ⁄𝛽3
0.526 (0.074)
0.687 (0.088)
0.459 (0.141)
0.602 (0.005)
0.606 (0.010)
0.560 (0.042)
Norm. 𝛽1
0.398 (0.098)
0.507 (0.207)
0.234 (0.066)
0.300 (0.004)
0.300 (0.007)
0.276 (0.025)
Norm. 𝛽2
0.544 (0.244)
0.647 (0.347)
0.245 (0.056)
0.301 (0.010)
0.302 (0.017)
0.278 (0.033)
Norm. 𝛽3
0.783
0.767
𝛼1
0.383
0.376
𝛼2
0.576
0.559
𝛼3
2.043 (0.064)
2.045 (0.102)
𝛼1 ⁄𝛼2
1.361 (0.059)
1.377 (0.099)
𝛼1 ⁄𝛼3
0.666 (0.027)
0.675 (0.052)
𝛼2 ⁄𝛼3
0.030
-0.043
𝛿1
0.000
-0.039
𝛿2
0.001
-0.038
𝛿3
-4.724
-56.582
𝛿1 ⁄𝛿2
-0.434
-0.292
𝛿1 ⁄𝛿3
0.275
-0.147
𝛿2 ⁄𝛿3
Note: 𝑇 = 6 and 𝑁 = 5000. Numbers show mean estimates of coefficients and their ratios from 250 independent
trials. Root mean squared error (RMSE) shown in parentheses. True values for each parameter are: 𝛽1 = 1, 𝛽2 =
0.5, 𝛽3 = 0.5, 𝛼1 = 0.8, 𝛼2 = 0.4, 𝛼3 = 0.6, 𝛿1 = 0, 𝛿2 = 0, 𝛿3 = 0. For ratios of 𝛿 the RMSE is not defined
due to division by zero. For OP regressions ‘Norm. 𝛽’ give normalized coefficients, which are given by
(𝐾 − 1)𝛽 ⁄(𝛾𝐾−1 − 𝛾1 ) = 6𝛽 ⁄(𝛾6 − 𝛾1 ). For OLS regressions, ‘Norm. 𝛽’ is identical to 𝛽 since 𝑟 is rank-order
coded. True values are Norm. 𝛽1 = 0.6, Norm. 𝛽2 = Norm. 𝛽3 = 0.3.

Absolute magnitudes of coefficients are affected by arbitrary scaling choices for 𝜎 (also see Van
Praag and Ferrer-i-Carbonell 2008). As motivated in Appendix A, I therefore present estimates of
normalized coefficients on latent satisfaction. These are given by Norm. 𝛽 = 6𝛽 ⁄(𝛾6 − 𝛾1 ). True
values are Norm. 𝛽1 = 0.6 and Norm. 𝛽2 = Norm. 𝛽3 = 0.3. With respect to these targets, the
OLS and OP models perform worst overall. However, interestingly, the OLS-FE model is furthest
from the target value for the normalized coefficient for 𝛽1. This is despite the fact cutoffs are
specified to be equidistant, which is normally taken to motivate the use of OLS regressions (see
section 2.1), but which is in line with footnote 6 of the main text. In contrast, the OP-Avg. and
MOP-Avg. models both perform very well. The UKMOP-Avg. also performs much better than
OLS-FE, though coefficients seem somewhat biased towards zero.
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Figure D1. Density plots of estimates of 𝛽1 ⁄𝛽2 when scale use is independent of 𝑿𝒊𝒕

Note: The OP-Avg., the MOP-Avg. and UKMOP-Avg. model give estimates which are centred close to the true value
(=2), while the OLS-FE model is somewhat negatively biased, but with little variance. The OLS and OP model also have
little variance but yield a strongly negatively biased ratio of coefficients.

Moreover, from the experimental setup, it follows that the true ratios 𝛽1⁄𝛽2 and 𝛽1⁄𝛽3 are equal
to 2, while the ratio 𝛽2⁄𝛽3 equals 1. With respect to these target values, the OLS regressions in
column (1) perform worst in terms of both the average prediction and the root mean squared error
(RMSE). Simple ordered probit regressions shown in column (2) perform almost as badly, with all
ratios of coefficients being far below the target. All other models perform rather similar and quite
well. Of these, the OLS-FE models shows the worst average estimate of each ratio of coefficients,
with a slight negative bias compared to the true value.
Hence, and encouragingly, the ordered probit model with individual averages added (see column
(4)) performs best with almost no bias in either direction and low RMSE. Thus, the argument of
Appendix C, namely that accounting for fixed effects in an ordered probit setting is possible,
appears to be correct. Models which are extended by an equation for memories of past satisfaction
(‘MOP’ and ‘UKMOP’) perform almost as well as the OP-Avg. model, with the average estimates
being close to the true values. However, RMSEs are larger than for the OP-Avg. model because
these models estimate the 𝛽 coefficients using one fewer wave. On top, by explicitly modelling
dependence of scale use on 𝑿𝒊𝒕 ,42 as well as memories of past satisfaction, these models estimate
three times as many free parameters as the other models, leading to a loss in efficiency. One reason
why the UKMOP model may perform worse than the MOP model is because each observation of
(𝑚)

𝑟𝑖𝑡

(𝑚)

in that model carries much less information than 𝑟𝑖𝑡

in the MOP model (cf. section 3.2).

Although the coefficients are explicitly modelled, all true coefficients relating to scale use are zero in the present
example.
42

38

The location of the cutoffs is thus less precisely estimated. This can also be seen in the estimates
of 𝜶 and 𝜹, which are somewhat less precise in the UKMOP model compared to the MOP model.
D.3

Results in case of cutoffs depending on 𝑿𝒊𝒕

I now turn to the case in which higher values of each independent variable makes scale use more
stringent. The assumption of common scale use is thus violated. Table D2 presents results from
the same 250 trials as in table D1, with only the data-generating process for the cutoffs altered.
Because true differences between thresholds are now smaller, the true values for normalized
coefficients are given by Norm. 𝛽1 = 0.96, Norm. 𝛽2 = Norm. 𝛽3 = 0.48.
Table D2. Results from Monte Carlo simulation with cutoffs depending on values of 𝑋𝑖𝑡
Parameter
(1)
(2)
(3)
(4)
(5)
(6)
estimates
OLS
OP
OLS-FE
OP-Avg.
MOP-Avg. UKMOP-Avg.
0.672
0.818
0.564
0.767
0.964
0.968
𝛽1
0.039
0.039
-0.219
-0.286
0.479
0.5
𝛽2
0.222
0.235
-0.227
-0.288
0.478
0.495
𝛽3
17.367 (15.546)
21.551 (19.86)
-2.58 (4.581)
-2.683 (4.683)
2.015 (0.048)
1.940 (0.086)
𝛽1 ⁄𝛽2
3.034 (1.047)
3.490 (1.504)
-2.491 (4.493)
-2.668 (4.670)
2.020 (0.111)
1.967 (0.162)
𝛽1 ⁄𝛽3
0.178 (0.823)
0.166 (0.835)
0.966 (0.063)
0.995 (0.053)
10.003 (0.054)
10.015 (0.087)
𝛽2 ⁄𝛽3
0.672 (0.288)
0.910 (0.050)
0.564 (0.396)
0.771 (0.189)
0.968 (0.015)
0.929 (0.037)
Norm. 𝛽1
0.039 (0.441)
0.043 (0.437)
-0.219 (0.699)
-0.288 (0.768)
0.481 (0.010)
0.479 (0.015)
Norm. 𝛽2
0.222 (0.258)
0.262 (0.219)
-0.227 (0.707)
-0.290 (0.770)
0.480 (0.025)
0.475 (0.036)
Norm. 𝛽3
0.783
0.804
𝛼1
0.383
0.392
𝛼2
0.575
0.585
𝛼3
2.044 (0.062)
2.053 (0.097)
𝛼1 ⁄𝛼2
1.362 (0.056)
1.380 (0.098)
𝛼1 ⁄𝛼3
0.666 (0.026)
0.673 (0.047)
𝛼2 ⁄𝛼3
0.221
0.193
𝛿1
0.765
0.799
𝛿2
0.767
0.797
𝛿3
0.289
0.242
𝛿1 ⁄𝛿2
0.289
0.243
𝛿1 ⁄𝛿3
0.998
1.004
𝛿2 ⁄𝛿3
Note: 𝑇 = 6 and 𝑁 = 5000. Numbers show mean estimates of coefficients and their ratios from 250
independent trials. Root mean squared error (RMSE) shown in parentheses. True values for each parameter are:
𝛽1 = 1, 𝛽2 = 0.5, 𝛽3 = 0.5, 𝛼1 = 0.8, 𝛼2 = 0.4, 𝛼3 = 0.6, 𝛿1 = 0.2, 𝛿2 = 0.8, 𝛿3 = 0.8. For OP regressions
‘Norm. 𝛽’ give normalized coefficients, which are given by (𝐾 − 1)𝛽 ⁄(𝛾𝐾−1 − 𝛾1 ) = 6𝛽 ⁄(𝛾6 − 𝛾1 ). For OLS
regressions, ‘Norm. 𝛽’ is identical to 𝛽 since 𝑟 is rank-order coded. True values are Norm. 𝛽1 = 0.96,
Norm. 𝛽2 = Norm. 𝛽3 = 0.48.

With respect to both target values for ratios and normalized magnitudes, the OLS and OP model
continue to be strongly biased. When considering estimated ratios of coefficients, the OLS-FE and
OP-Avg. model are now similarly biased.43 When considering normalized magnitudes, these
models are even more biased than the simple OLS and OP models. Importantly, since the true
effects of 𝑋2,𝑖𝑡 and 𝑋3,𝑖𝑡 on scale use are stronger than on latent satisfaction (and of the same sign),
these models fail to yield the correct signs for these coefficient estimates. In contrast, the MOPAvg. and the UKMOP-Avg. models continue to yield correct coefficient ratios for each 𝛽

However, on average the OP-Avg. provides the correct estimate for the ratio 𝛽1 ⁄𝛽2 . As flagged in section 2.3., this
is because the special case 𝛽2 = 𝛽3 and 𝛿2 = 𝛿3 obtains here.
43
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coefficient.44 Indeed, these estimates of ratios are almost unaffected by the change in how cutoffs
are determined. Moreover, MOP and UKMOP models also yield largely correct normalized
magnitudes of coefficients, though the coefficient on 𝛽1 estimated by the UKMOP model seems
to be underestimated slightly. Finally, ratios 𝛿1 ⁄𝛿2 and 𝛿1 ⁄𝛿3 , which indicate relative shifts in
scale use, appear positively biased for the MOP model, and negatively biased for the UKMOP
model, though in the latter case that bias is negligible. The ratio 𝛿2 ⁄𝛿3 is well estimated by both
models. Signs of coefficients are always correctly estimated by both the MOP and the UKMOP
model.
Figure D2. Density plots of estimates of 𝛽1 ⁄𝛽2 when scale use depends on 𝑿𝒊𝒕

Note: The MOP-Avg. and UKMOP-Avg. model continue to give estimates which are centred close to the true value (=2).
The OLS-FE and OP-Avg. model now yield a strongly negatively biased estimate. The OP and OLS model are omitted
from this figure.

I draw three conclusions. First, the approach of adding individual averages to an ordered probit
model in order to account for individual fixed effects works well and appears to yield consistent
estimates of the normalized coefficients and trade-off ratios. Remarkably, the OLS-FE model,
which is standard in empirical happiness research, performs worse than the OP-Avg. model. This
is despite the fact that cutoffs are equidistant, which is an assumption normally maintained in order
to motivate the OLS approach. Second, in cases where independent variables affect scale use, both
the OP-Avg. and OLS-FE model yield biased estimates. Third, the MOP and UKMOP models
appear to yield close to consistent estimates whether or not scale use is affected by any of the
independent variables. However, the MOP and even more so the UKMOP model are less efficient
than the OLS-FE and the OP-Avg. model.

And, on average, ratios of coefficients for memories of satisfaction are also estimated correctly. RMSEs for the
UKMOP model are even improved compared to Table D1.
44
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E

Additional results tables
Table E1. Multinomial logistic regressions of changes in stringency of scale use (exponentiated coefficients)
(1)
(2)
Not controlling for levels of reported
Controlling for levels of reported satisfaction
satisfaction
Less stringent
More stringent
Less stringent
More stringent
ln(HH income)
0.945** (0.024)
1.175*** (0.026)
1.000 (0.027)
1.131*** (0.024)
Employed (base)
Self-employed
1.044 (0.089)
1.171*** (0.070)
1.087 (0.093)
1.125** (0.067)
Unemployed
1.683*** (0.155)
0.702*** (0.052)
1.405*** (0.132)
0.790*** (0.058)
Retired
1.039 (0.085)
1.258*** (0.091)
1.101 (0.092)
1.227*** (0.088)
Family care
1.107 (0.089)
0.987 (0.057)
1.067 (0.087)
1.012 (0.058)
Lt. sick/disabled
2.477*** (0.205)
0.559*** (0.047)
1.662*** (0.138)
0.756*** (0.063)
In education
0.994 (0.094)
1.177*** (0.063)
1.062 (0.101)
1.131** (0.061)
Married (base)
Widowed
1.413*** (0.097)
0.995 (0.070)
1.154** (0.076)
1.094 (0.076)
Divorced
1.526*** (0.081)
1.049 (0.049)
1.183*** (0.060)
1.208*** (0.056)
Never married
1.086 (0.056)
0.773*** (0.026)
0.950 (0.047)
0.830*** (0.028)
***
***
*
ln(# adults)
1.118 (0.043)
0.790 (0.021)
1.063 (0.039)
0.800*** (0.021)
Childbirth
0.858* (0.073)
1.706*** (0.071)
0.916 (0.078)
1.671*** (0.070)
Reference income
1.708*** (0.144)
2.211*** (0.144)
1.584*** (0.126)
2.160*** (0.139)
𝑟𝑖𝑡 =1 (base)
0.878 (0.088)
0.833 (0.143)
𝑟𝑖𝑡 =2
0.941 (0.082)
0.926 (0.137)
𝑟𝑖𝑡 =3
0.652*** (0.055)
1.475*** (0.206)
𝑟𝑖𝑡 =4
0.431*** (0.036)
2.952*** (0.406)
𝑟𝑖𝑡 =5
0.173*** (0.015)
3.517*** (0.484)
𝑟𝑖𝑡 =6
0.093*** (0.010)
3.405*** (0.476)
𝑟𝑖𝑡 =7
Observations
99,260
99,260
Note: Clustered standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01 (against null of odds ratio=1).

Table E2. Robustness of effect on latent satisfaction
Estimate
ln(HH income)
0.048***

Standard error
0.011

p-value
0.000

0.031
0.035
0.037
0.028
0.041
0.031

0.235
0.000
0.009
0.380
0.000
0.376

Employed (base)
Self-employed
Unemployed
Retired
Family care
Lt. sick /disabled
In education
Married (base)
Widowed
Divorced
Never married
ln(HH size)
Childbirth
Reference income

0.036
-0.308***
0.096***
-0.024
-0.271***
0.028

-0.503***
0.069
0.000
-0.185***
0.034
0.000
-0.143***
0.032
0.000
-0.108***
0.024
0.000
0.112***
0.022
0.000
-0.110
0.093
0.238
(𝑚)
Note: Test computed under assumption that 𝜆𝑗 is not larger than 𝛽𝑗 and of opposite sign. * p<0.1, **
p<0.05, *** p<0.01.
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Table E3. Addition of Lags and Leads
No lags no leads
(1)

ln(HH income)
Employed (base)
Self-employed
Unemployed
Retired
Family care
Lt. sick /disabled
In education
Married (base)
Widowed
Divorced
Never married
ln(HH size)
Childbirth
Reference inc.

One-year lead in
current satisfaction
and one-year lead in
scale use
(3)

One-year lag and lead
in current satisfaction,
two-year lags in
memories, one-year
lead scale use
(4)

0.108*** (0.024)

0.108*** (0.026)

0.113*** (0.028)

0.072 (0.061)
-0.615*** (0.069)
0.192*** (0.073)
-0.048 (0.055)
-0.542*** (0.082)
0.056 (0.063)

0.063 (0.065)
-0.694*** (0.076)
0.184** (0.078)
-0.086 (0.060)
-0.578*** (0.090)
0.006 (0.072)

0.020 (0.070)
-0.613*** (0.079)
0.110 (0.086)
-0.075 (0.063)
-0.601*** (0.093)
0.007 (0.075)

-0.008 (0.075)
-0.672*** (0.088)
0.081 (0.092)
-0.123* (0.068)
-0.620*** (0.102)
-0.058 (0.086)

-1.007*** (0.137)
-0.369*** (0.069)
-0.287*** (0.064)
-0.216*** (0.048)
0.224*** (0.044)
-0.220 (0.187)

-1.192*** (0.149)
-0.478*** (0.074)
-0.368*** (0.071)
-0.163*** (0.052)
0.238*** (0.049)
-0.045 (0.203)

-0.618*** (0.171)
-0.105 (0.083)
-0.129 (0.082)
-0.204*** (0.061)
0.256*** (0.050)
-0.085 (0.230)

-0.797*** (0.184)
-0.229*** (0.089)
-0.227** (0.091)
-0.163** (0.066)
0.282*** (0.056)
0.065 (0.250)

0.097*** (0.023)

Current life satisfaction
Contemporaneous effects

1-year lagged effects

ln(HH income)
Employed (base)
Self-employed
Unemployed
Retired
Family care
Lt. sick /disabled
In education
Married (base)
Widowed
Divorced
Never married
ln(HH size)
Childbirth
Reference inc.

0.009 (0.008)

0.006 (0.009)

-0.052** (0.023)
-0.001 (0.028)
-0.009 (0.024)
0.001 (0.021)
-0.038 (0.032)
0.063** (0.026)

-0.053** (0.025)
-0.028 (0.031)
-0.021 (0.027)
0.001 (0.023)
-0.042 (0.036)
0.071** (0.029)

0.199*** (0.045)
0.181*** (0.030)
0.128*** (0.025)
-0.092*** (0.019)
0.019 (0.016)
-0.232*** (0.067)

0.247*** (0.049)
0.192*** (0.033)
0.117*** (0.028)
-0.077*** (0.021)
0.021 (0.018)
-0.126* (0.073)

1-year leaded effects

ln(HH income)
Employed (base)
Self-employed
Unemployed
Retired
Family care
Lt. sick /disabled
In education
Married (base)
Widowed
Divorced
Never married
ln(HH size)
Childbirth
Reference inc.

ln(HH income)
Employed (base)
Self-employed
Unemployed
Retired
Family care
Lt. sick /disabled
In education
Married (base)
Widowed

One-year lag in current
satisfaction, two-year
lags in memories
(2)

0.027 (0.020)

0.008 (0.024)

0.001 (0.026)

-0.034 (0.070)
-0.056 (0.078)
0.073 (0.083)
-0.041 (0.064)
-0.290*** (0.093)
0.045 (0.074)

-0.016 (0.076)
-0.111 (0.087)
0.064 (0.088)
-0.007 (0.069)
-0.302*** (0.100)
0.087 (0.085)

-0.674*** (0.152)
-0.456*** (0.078)
-0.281*** (0.077)
-0.042 (0.052)
0.232*** (0.053)
-0.180 (0.219)

-0.685*** (0.166)
-0.504*** (0.086)
-0.249*** (0.085)
-0.089 (0.057)
0.257*** (0.058)
-0.339 (0.240)

Memory of last year’s life satisfaction
1-year lagged effects
0.029 (0.022)

0.042* (0.023)

0.045* (0.025)

0.010 (0.058)
-0.135** (0.063)
-0.081 (0.073)
-0.115** (0.053)
-0.314*** (0.078)
-0.008 (0.056)

0.018 (0.065)
-0.118* (0.070)
-0.113 (0.084)
-0.089 (0.057)
-0.300*** (0.087)
-0.025 (0.064)

0.102 (0.064)
-0.153** (0.073)
0.025 (0.083)
-0.082 (0.059)
-0.302*** (0.087)
-0.010 (0.065)

0.096 (0.070)
-0.148* (0.082)
-0.014 (0.095)
-0.086 (0.065)
-0.310*** (0.096)
-0.061 (0.074)

-0.968*** (0.135)

-0.556*** (0.152)

-1.047*** (0.167)

-0.683*** (0.185)
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Table E3. Addition of Lags and Leads (continued)
Divorced
Never married
ln(HH size)
Childbirth
Reference inc.
ln(HH income)
Employed (base)
Self-employed
Unemployed
Retired
Family care
Lt. sick /disabled
In education
Married (base)
Widowed
Divorced
Never married
ln(HH size)
Childbirth
Reference inc.
Constant

ln(HH income)
Employed (base)
Self-employed
Unemployed
Retired
Family care
Lt. sick /disabled
In education
Married (base)
Widowed
Divorced
Never married
ln(HH size)
Childbirth
Reference inc.
ln(HH income)
Employed (base)
Self-employed
Unemployed
Retired
Family care
Lt. sick /disabled
In education
Married (base)
Widowed
Divorced
Never married
ln(HH size)
Childbirth
Reference inc.

-0.419*** (0.063)
-0.285*** (0.057)
-0.008 (0.046)
0.093** (0.039)
0.216 (0.173)

-0.352*** (0.075)
-0.238*** (0.069)
-0.048 (0.058)
0.097** (0.044)
0.046 (0.208)

-0.401*** (0.073)
-0.273*** (0.066)
-0.043 (0.052)
0.075* (0.043)
0.173 (0.196)

2-year lagged effects

-0.362*** (0.084)
-0.283*** (0.079)
-0.090 (0.065)
0.066 (0.050)
-0.026 (0.232)

0.052** (0.022)

0.056** (0.025)

0.139** (0.062)
-0.086 (0.067)
0.213** (0.083)
-0.017 (0.056)
-0.054 (0.087)
0.033 (0.063)

0.116* (0.068)
-0.074 (0.074)
0.179** (0.091)
0.013 (0.063)
-0.006 (0.096)
0.038 (0.072)

-0.712*** (0.136)
-0.078 (0.066)
-0.043 (0.060)
0.078 (0.047)
-0.028 (0.041)
0.211 (0.191)
-0.937 (1.035)

-1.202 (0.989)

-0.678*** (0.153)
-0.101 (0.076)
-0.003 (0.069)
0.027 (0.054)
-0.036 (0.045)
0.201 (0.208)
-2.020 (1.296)

0.076*** (0.023)

0.071*** (0.025)

0.075*** (0.027)

0.051 (0.056)
-0.418*** (0.065)
0.122* (0.070)
-0.047 (0.051)
-0.223*** (0.077)
-0.039 (0.058)

0.037 (0.060)
-0.471*** (0.071)
0.116 (0.075)
-0.066 (0.056)
-0.259*** (0.086)
-0.062 (0.067)

0.027 (0.065)
-0.399*** (0.075)
0.086 (0.083)
-0.052 (0.059)
-0.280*** (0.089)
-0.092 (0.070)

-0.003 (0.070)
-0.445*** (0.083)
0.043 (0.090)
-0.091 (0.064)
-0.329*** (0.099)
-0.147* (0.080)

-0.671*** (0.132)
-0.107* (0.060)
-0.173*** (0.060)
-0.129*** (0.047)
0.142*** (0.042)
0.034 (0.179)

-0.703*** (0.143)
-0.104 (0.064)
-0.175*** (0.067)
-0.127** (0.050)
0.145*** (0.046)
0.076 (0.194)

-0.482*** (0.167)
0.034 (0.074)
-0.083 (0.078)
-0.136** (0.058)
0.153*** (0.048)
-0.020 (0.223)

-0.511*** (0.177)
0.042 (0.078)
-0.112 (0.086)
-0.122* (0.063)
0.162*** (0.053)
0.040 (0.241)

0.008 (0.023)

0.000 (0.025)

-0.032 (0.067)
0.039 (0.075)
0.038 (0.082)
-0.031 (0.061)
-0.150* (0.088)
0.049 (0.071)

-0.019 (0.072)
0.007 (0.082)
0.051 (0.087)
0.015 (0.066)
-0.171* (0.096)
0.083 (0.080)

-0.386** (0.151)
-0.210*** (0.072)
-0.183** (0.073)
-0.031 (0.050)
0.127** (0.050)
0.085 (0.211)

-0.367** (0.165)
-0.275*** (0.078)
-0.152* (0.082)
-0.084 (0.054)
0.157*** (0.055)
-0.050 (0.231)

-0.920 (0.782)

0.059*** (0.021)

Scale shift
contemporaneous effects

1-year leaded effects

Cutoff constants

γ1
-4.794*** (0.310)
-4.753*** (0.407)
-5.312*** (0.386)
-5.334*** (0.477)
γ2
-4.382*** (0.025)
-4.338*** (0.027)
-4.898*** (0.027)
-4.920*** (0.030)
γ3
-3.837*** (0.014)
-3.787*** (0.016)
-4.346*** (0.016)
-4.365*** (0.017)
γ4
-3.200*** (0.010)
-3.145*** (0.010)
-3.702*** (0.011)
-3.718*** (0.011)
γ5
-2.329*** (0.007)
-2.263*** (0.008)
-2.826*** (0.008)
-2.836*** (0.008)
γ6
-1.283** (0.007)
-1.198*** (0.008)
-1.770*** (0.008)
-1.766*** (0.008)
Observations
118,440
102,924
97,939
85,472
Note: Column (1) is identical to column (4) of table 2. Clustered standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Table E4. Estimates for fixed reference groups (with lags and leads)
No lags no leads
One-year lag in
One-year lead in
(1)
current
current satisfaction
satisfaction, twoand one-year lead
year lags in
in scale use
memories
(3)
(2)
Current life satisfaction
Contemporaneous effects
ln(HH income)
0.094*** (0.023)
0.103*** (0.026)
0.107*** (0.027)
Employed (base)
Self-employed
0.102 (0.063)
0.131* (0.072)
0.055 (0.074)
Unemployed
-0.615*** (0.072)
-0.697*** (0.084)
-0.592*** (0.084)
Retired
0.169** (0.078)
0.177** (0.086)
0.140 (0.090)
Family care
-0.070 (0.057)
-0.101 (0.065)
-0.097 (0.066)
Lt. sick /disabled
-0.543*** (0.085)
-0.598*** (0.099)
-0.591*** (0.097)
In education
0.012 (0.066)
-0.068 (0.079)
-0.046 (0.077)
Married (base)
Widowed
-1.038*** (0.141)
-1.219*** (0.162)
-0.711*** (0.182)
Divorced
-0.337*** (0.072)
-0.448*** (0.083)
-0.090 (0.089)
Never married
-0.329*** (0.066)
-0.410*** (0.078)
-0.182** (0.083)
ln(HH size)
-0.184*** (0.051)
-0.142** (0.057)
-0.177*** (0.063)
***
***
Childbirth
0.209 (0.046)
0.229 (0.054)
0.239*** (0.052)
Reference income
0.065 (0.231)
0.246 (0.262)
0.014 (0.280)
Reference employed
-1.211* (0.641)
-0.995 (0.754)
-0.528 (0.783)
Reference unemployed
-0.237 (0.816)
-0.853 (0.979)
-0.359 (0.997)
Reference retired
0.459 (0.659)
-0.353 (0.779)
-0.064 (0.907)
Reference % disabled
0.512 (0.936)
-0.204 (1.079)
2.264** (1.095)
Reference % married
0.290 (0.440)
0.223 (0.531)
-0.495 (0.599)
Reference % divorced
0.138 (0.846)
0.408 (0.988)
-0.426 (1.029)
Reference % widowed
-1.378 (1.115)
-1.418 (1.272)
-1.979 (1.534)
Reference % birth
-0.249 (0.651)
0.390 (0.794)
-0.263 (0.779)
Reference ln(HHsize)
-0.056 (0.336)
-0.085 (0.416)
0.615 (0.459)
Reference ln(Job hours)
0.163 (0.204)
-0.033 (0.239)
0.099 (0.241)
Reference life
0.659*** (0.125)
0.610*** (0.148)
0.632*** (0.144)
satisfaction
1-year lagged effects
ln(HH income)
0.006 (0.009)
Employed (base)
Self-employed
-0.033 (0.025)
Unemployed
0.009 (0.031)
Retired
-0.013 (0.027)
Family care
0.000 (0.023)
Lt. sick /disabled
-0.041 (0.035)
In education
0.058** (0.029)
Married (base)
0.000 (.)
Widowed
0.216*** (0.049)
Divorced
0.191*** (0.033)
Never married
0.106*** (0.028)
ln(HH size)
-0.075*** (0.021)
Childbirth
-0.001 (0.018)
Reference income
-0.171** (0.087)
Reference employed
-0.294 (0.268)
Reference unemployed
0.328 (0.327)
Reference retired
0.034 (0.218)
Reference % disabled
-0.194 (0.338)
Reference % married
0.192 (0.184)
Reference % divorced
-0.282 (0.320)
Reference % widowed
-0.443 (0.324)
Reference % birth
-0.094 (0.272)
Reference ln(HHsize)
-0.159 (0.134)
Reference ln(Job hours)
0.058 (0.081)
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One-year lag and lead
in current satisfaction,
two-year lags in
memories, one-year
lead in scale use
(4)
0.115*** (0.031)
0.052 (0.085)
-0.657*** (0.099)
0.138 (0.102)
-0.160** (0.074)
-0.664*** (0.112)
-0.130 (0.093)
-0.908*** (0.207)
-0.252** (0.099)
-0.290*** (0.097)
-0.153** (0.072)
0.295*** (0.064)
0.141 (0.317)
-0.229 (0.918)
-0.171 (1.202)
-0.503 (1.050)
1.407 (1.246)
-0.855 (0.702)
-0.587 (1.207)
-2.421 (1.657)
0.561 (0.956)
0.437 (0.538)
0.005 (0.282)
0.468*** (0.173)
-0.000 (0.010)
-0.033 (0.028)
-0.027 (0.035)
-0.023 (0.030)
-0.003 (0.026)
-0.064 (0.039)
0.065** (0.033)
0.000 (.)
0.258*** (0.055)
0.193*** (0.036)
0.087*** (0.031)
-0.053** (0.024)
0.011 (0.020)
-0.116 (0.099)
-0.104 (0.323)
0.476 (0.378)
0.164 (0.245)
0.090 (0.393)
0.210 (0.223)
-0.316 (0.364)
-0.235 (0.371)
-0.063 (0.316)
-0.169 (0.162)
0.020 (0.095)

Table E4. Estimates for fixed reference groups (with lags and leads) (continued)
Reference life
-0.074* (0.039)
satisfaction
1-year leaded effects
ln(HH income)
0.006 (0.025)
Employed (base)
Self-employed
-0.033 (0.073)
Unemployed
-0.062 (0.083)
Retired
0.052 (0.089)
Family care
-0.081 (0.067)
Lt. sick /disabled
-0.309*** (0.097)
In education
-0.003 (0.079)
Married (base)
Widowed
-0.543*** (0.163)
Divorced
-0.421*** (0.082)
Never married
-0.287*** (0.079)
ln(HH size)
-0.014 (0.056)
Childbirth
0.234*** (0.057)
Reference income
0.055 (0.269)
Reference employed
-0.453 (0.765)
Reference unemployed
0.526 (1.003)
Reference retired
0.746 (0.768)
Reference % disabled
-2.460** (1.089)
Reference % married
0.791 (0.536)
Reference % divorced
0.023 (0.968)
Reference % widowed
0.309 (1.336)
Reference % birth
0.448 (0.797)
Reference ln(HHsize)
-0.405 (0.432)
Reference ln(Job hours)
0.098 (0.239)
Reference life
-0.046 (0.132)
satisfaction
Memory of last year’s life satisfaction
1-year lagged effects
ln(HH income)
0.020 (0.021)
0.027 (0.024)
0.032 (0.024)
Employed (base)
Self-employed
-0.035 (0.061)
-0.021 (0.071)
0.070 (0.068)
Unemployed
-0.117* (0.065)
-0.080 (0.076)
-0.125 (0.077)
Retired
-0.149* (0.078)
-0.157* (0.090)
-0.056 (0.089)
**
Family care
-0.119 (0.055)
-0.096 (0.062)
-0.084 (0.062)
Lt. sick /disabled
-0.324*** (0.081)
-0.257*** (0.092)
-0.303*** (0.091)
In education
-0.011 (0.059)
-0.018 (0.071)
0.007 (0.070)
Married (base)
Widowed
-0.985*** (0.137)
-0.503*** (0.163)
-1.072*** (0.168)
***
***
Divorced
-0.398 (0.065)
-0.374 (0.081)
-0.372*** (0.075)
***
***
Never married
-0.314 (0.059)
-0.287 (0.075)
-0.302*** (0.069)
ln(HH size)
-0.024 (0.047)
-0.096* (0.058)
-0.045 (0.053)
Childbirth
0.095** (0.041)
0.133*** (0.048)
0.066 (0.045)
Reference income
0.277 (0.214)
-0.104 (0.269)
0.012 (0.246)
Reference employed
-0.566 (0.606)
-0.733 (0.765)
-0.375 (0.718)
Reference unemployed
-0.049 (0.735)
-0.626 (0.921)
-0.097 (0.855)
Reference retired
1.091* (0.638)
0.136 (0.876)
1.522** (0.714)
Reference % disabled
-0.141 (0.854)
-1.377 (1.054)
-0.387 (0.983)
Reference % married
-0.443 (0.424)
-0.527 (0.583)
-0.424 (0.520)
Reference % divorced
-0.360 (0.779)
-0.033 (0.959)
-0.635 (0.897)
Reference % widowed
-0.856 (1.073)
-0.577 (1.388)
-0.909 (1.289)
Reference % birth
0.242 (0.615)
0.173 (0.762)
0.419 (0.735)
Reference ln(HHsize)
0.204 (0.334)
-0.005 (0.431)
0.146 (0.399)
Reference ln(Job hours)
0.206 (0.187)
0.247 (0.237)
0.273 (0.219)
Reference life
0.073 (0.107)
0.045 (0.121)
0.087 (0.122)
satisfaction
2-year lagged effects
ln(HH income)
0.044* (0.024)
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-0.079* (0.045)
-0.003 (0.029)
-0.001 (0.082)
-0.061 (0.098)
0.035 (0.097)
0.015 (0.077)
-0.331*** (0.109)
0.033 (0.095)
-0.524*** (0.189)
-0.483*** (0.097)
-0.264*** (0.093)
-0.063 (0.064)
0.280*** (0.066)
-0.027 (0.317)
0.027 (0.902)
-1.078 (1.206)
0.822 (0.909)
-2.613** (1.270)
0.779 (0.626)
0.890 (1.113)
1.228 (1.503)
1.109 (0.951)
-0.199 (0.518)
-0.135 (0.277)
0.067 (0.152)

0.041 (0.027)
0.094 (0.078)
-0.092 (0.090)
-0.059 (0.102)
-0.064 (0.072)
-0.226** (0.104)
-0.017 (0.084)
-0.672*** (0.198)
-0.401*** (0.090)
-0.343*** (0.086)
-0.139** (0.063)
0.078 (0.055)
-0.377 (0.304)
-0.106 (0.904)
-0.198 (1.046)
1.244 (0.958)
-1.604 (1.218)
-0.438 (0.701)
-0.507 (1.103)
-0.577 (1.596)
0.419 (0.893)
-0.060 (0.504)
0.281 (0.275)
-0.005 (0.138)
0.042 (0.027)

Table E4. Estimates for fixed reference groups (with lags and leads) (continued)
Employed (base)
Self-employed
0.155** (0.069)
Unemployed
-0.071 (0.074)
Retired
0.145 (0.090)
Family care
-0.000 (0.061)
Lt. sick /disabled
-0.094 (0.095)
In education
0.052 (0.071)
Married (base)
0.000 (.)
Widowed
-0.780*** (0.152)
Divorced
-0.091 (0.074)
Never married
-0.041 (0.067)
ln(HH size)
0.098* (0.051)
Childbirth
-0.008 (0.045)
Reference income
-0.020 (0.261)
Reference employed
1.001 (0.739)
Reference unemployed
-1.195 (0.887)
Reference retired
-0.171 (0.716)
Reference % disabled
-0.328 (0.969)
Reference % married
0.105 (0.522)
Reference % divorced
-1.544* (0.923)
Reference % widowed
-1.798 (1.279)
Reference % birth
-0.293 (0.748)
Reference ln(HHsize)
-0.119 (0.398)
Reference ln(Job hours)
-0.275 (0.226)
Reference life
-0.163 (0.126)
satisfaction
Constant
-0.664 (2.032)
2.485 (2.475)
0.274 (2.434)
Scale shift
contemporaneous effects
ln(HH income)
0.062*** (0.022)
0.079*** (0.025)
0.075*** (0.026)
Employed (base)
Self-employed
0.068 (0.058)
0.094 (0.066)
0.057 (0.069)
Unemployed
-0.414*** (0.067)
-0.503*** (0.078)
-0.377*** (0.078)
Retired
0.154** (0.075)
0.135 (0.084)
0.141 (0.088)
Family care
-0.056 (0.053)
-0.085 (0.061)
-0.066 (0.062)
Lt. sick /disabled
-0.207*** (0.080)
-0.266*** (0.093)
-0.260*** (0.093)
In education
-0.052 (0.061)
-0.108 (0.073)
-0.117 (0.073)
Married (base)
Widowed
-0.727*** (0.136)
-0.702*** (0.156)
-0.599*** (0.180)
Divorced
-0.077 (0.064)
-0.063 (0.072)
0.046 (0.080)
Never married
-0.173*** (0.062)
-0.175** (0.072)
-0.102 (0.078)
ln(HH size)
-0.114** (0.049)
-0.108** (0.054)
-0.120** (0.061)
***
***
Childbirth
0.134 (0.044)
0.137 (0.051)
0.141*** (0.051)
Reference income
0.074 (0.223)
0.205 (0.253)
-0.030 (0.271)
Reference employed
-0.547 (0.608)
-0.257 (0.715)
0.066 (0.746)
Reference unemployed
-0.338 (0.779)
-0.537 (0.937)
-0.503 (0.963)
Reference retired
0.526 (0.645)
0.079 (0.760)
0.039 (0.895)
Reference % disabled
0.544 (0.896)
0.078 (1.034)
2.196** (1.064)
Reference % married
0.291 (0.420)
0.266 (0.498)
-0.669 (0.572)
Reference % divorced
-0.096 (0.809)
0.292 (0.942)
-0.949 (0.992)
Reference % widowed
-0.830 (1.096)
-1.019 (1.248)
-1.803 (1.532)
Reference % birth
-0.117 (0.613)
0.568 (0.742)
-0.220 (0.739)
Reference ln(HHsize)
0.078 (0.329)
0.008 (0.401)
0.636 (0.448)
Reference ln(Job hours)
0.089 (0.194)
-0.076 (0.227)
0.046 (0.229)
Reference life
0.023 (0.121)
0.008 (0.143)
0.012 (0.140)
satisfaction
1-year leaded effects
ln(HH income)
0.010 (0.024)
Employed (base)
Self-employed
-0.052 (0.070)
Unemployed
0.029 (0.079)
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0.120 (0.076)
-0.064 (0.084)
0.120 (0.100)
0.039 (0.068)
-0.011 (0.106)
0.057 (0.081)
0.000 (.)
-0.775*** (0.172)
-0.105 (0.087)
0.018 (0.079)
0.051 (0.058)
-0.036 (0.050)
-0.154 (0.290)
0.610 (0.870)
-1.809* (0.999)
-0.769 (0.822)
-1.105 (1.098)
0.137 (0.604)
-1.728 (1.058)
-1.710 (1.490)
0.112 (0.866)
-0.326 (0.456)
-0.265 (0.267)
-0.166 (0.140)
1.139 (2.874)
0.087*** (0.029)
0.050 (0.079)
-0.454*** (0.092)
0.094 (0.100)
-0.129* (0.069)
-0.352*** (0.108)
-0.194** (0.086)
-0.564*** (0.202)
0.049 (0.088)
-0.147* (0.089)
-0.107 (0.069)
0.157*** (0.061)
0.068 (0.308)
0.496 (0.877)
0.094 (1.158)
0.119 (1.033)
1.839 (1.202)
-0.863 (0.672)
-0.709 (1.168)
-2.066 (1.651)
0.888 (0.897)
0.527 (0.523)
-0.003 (0.269)
-0.120 (0.167)

-0.003 (0.027)
-0.021 (0.079)
0.037 (0.092)

Table E4. Estimates for fixed reference groups (with lags and leads) (continued)
Retired
0.040 (0.087)
0.049 (0.095)
Family care
-0.063 (0.063)
0.023 (0.073)
Lt. sick /disabled
-0.154* (0.092)
-0.196* (0.104)
In education
0.006 (0.075)
0.044 (0.088)
Married (base)
Widowed
-0.239 (0.162)
-0.243 (0.188)
Divorced
-0.174** (0.076)
-0.251*** (0.088)
Never married
-0.160** (0.075)
-0.124 (0.087)
ln(HH size)
-0.007 (0.053)
-0.050 (0.061)
Childbirth
0.132** (0.054)
0.165*** (0.062)
Reference income
0.002 (0.001)
0.000 (0.001)
Reference employed
-0.242 (0.734)
0.118 (0.864)
Reference unemployed
0.148 (0.977)
-1.342 (1.139)
Reference retired
0.831 (0.750)
0.704 (0.881)
Reference % disabled
-2.231** (1.057)
-2.685** (1.221)
Reference % married
0.816 (0.515)
0.714 (0.598)
Reference % divorced
0.045 (0.939)
0.528 (1.074)
Reference % widowed
0.592 (1.335)
1.162 (1.500)
Reference % birth
0.898 (0.767)
1.555* (0.900)
Reference ln(HHsize)
-0.291 (0.419)
-0.300 (0.496)
Reference ln(Job hours)
0.060 (0.228)
-0.144 (0.263)
Reference life
-0.069 (0.131)
0.078 (0.150)
satisfaction
Cutoff constants
γ1
2.212** (1.035)
3.190** (1.316)
2.451** (1.214)
3.412** (1.458)
***
***
***
γ2
-0.873 (0.025)
-0.865 (0.028)
-0.876 (0.028)
-0.872*** (0.031)
***
***
***
γ3
-0.590 (0.015)
-0.577 (0.016)
-0.581 (0.016)
-0.573*** (0.018)
γ4
-0.439*** (0.010)
-0.435*** (0.011)
-0.434*** (0.011)
-0.426*** (0.012)
γ5
-0.122*** (0.007)
-0.113*** (0.008)
-0.123*** (0.008)
-0.113*** (0.008)
γ6
0.063*** (0.008)
0.080*** (0.008)
0.068*** (0.008)
0.085*** (0.009)
Observations
111,683
90,280
91,631
73,654
Note: All percentages divided by 100. Clustered standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Table E5. Sparse estimates for fixed reference group (with lags and leads)
One-year lag in
No lags no leads
One-year lead in
current satisfaction,
(1)
current satisfaction
two-year lags in
and one-year lead
memories
in scale use
(2)
(3)
Current life satisfaction
Contemporaneous effects
ln(HH income)
0.094*** (0.023)
0.103*** (0.026)
0.106*** (0.027)
Employed (base)
Self-employed
0.100 (0.063)
0.128* (0.071)
0.052 (0.074)
***
Unemployed
-0.613 (0.072)
-0.695*** (0.084)
-0.594*** (0.084)
Retired
0.177** (0.077)
0.183** (0.086)
0.133 (0.090)
Family care
-0.070 (0.057)
-0.099 (0.065)
-0.093 (0.066)
Lt. sick /disabled
-0.539*** (0.085)
-0.601*** (0.098)
-0.588*** (0.097)
In education
0.017 (0.065)
-0.064 (0.078)
-0.018 (0.077)
Married (base)
Widowed
-1.041*** (0.141)
-1.221*** (0.163)
-0.705*** (0.183)
Divorced
-0.338*** (0.072)
-0.442*** (0.082)
-0.088 (0.088)
Never married
-0.331*** (0.066)
-0.411*** (0.077)
-0.183** (0.084)
ln(HH size)
-0.187*** (0.050)
-0.144** (0.057)
-0.181*** (0.063)
***
***
Childbirth
0.211 (0.046)
0.228 (0.054)
0.241*** (0.052)
Reference income
0.139 (0.217)
0.256 (0.246)
0.051 (0.261)
Reference employed
-0.599** (0.284)
-0.776** (0.344)
-0.225 (0.380)
Reference % disabled
0.691 (0.792)
0.338 (0.925)
2.552** (0.992)
Reference %
-1.573 (1.067)
-1.591 (1.206)
-1.662 (1.444)
widowed
Reference % birth
0.261 (0.573)
0.500 (0.729)
0.059 (0.694)
Reference life
0.690*** (0.123)
0.627*** (0.146)
0.622*** (0.142)
satisfaction
1-year lagged effects
ln(HH income)
0.006 (0.009)
Employed (base)
Self-employed
-0.031 (0.025)
Unemployed
0.010 (0.030)
Retired
-0.014 (0.027)
Family care
0.002 (0.023)
Lt. sick /disabled
-0.039 (0.034)
In education
0.059** (0.028)
Married (base)
Widowed
0.214*** (0.049)
Divorced
0.186*** (0.033)
Never married
0.105*** (0.028)
ln(HH size)
-0.079*** (0.021)
Childbirth
0.001 (0.018)
Reference income
-0.127 (0.080)
Reference employed
0.016 (0.121)
Reference % disabled
0.056 (0.273)
Reference %
-0.490* (0.286)
widowed
Reference % birth
-0.005 (0.237)
Reference life
-0.057 (0.039)
satisfaction
1-year leaded effects
ln(HH income)
0.007 (0.025)
Employed (base)
Self-employed
-0.030 (0.072)
Unemployed
-0.059 (0.083)
Retired
0.050 (0.088)
Family care
-0.082 (0.067)
Lt. sick /disabled
-0.300*** (0.097)
In education
0.010 (0.078)
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One-year lag and lead
in current satisfaction,
two-year lags in
memories, one-year
lead in scale use (4)
0.115*** (0.031)
0.053 (0.084)
-0.658*** (0.099)
0.133 (0.101)
-0.160** (0.074)
-0.663*** (0.112)
-0.111 (0.092)
-0.888*** (0.207)
-0.248** (0.099)
-0.289*** (0.098)
-0.155** (0.072)
0.294*** (0.064)
0.122 (0.292)
-0.281 (0.456)
1.846* (1.114)
-1.981 (1.556)
0.478 (0.877)
0.456*** (0.170)
-0.000 (0.010)
-0.033 (0.028)
-0.025 (0.035)
-0.024 (0.030)
-0.002 (0.026)
-0.061 (0.039)
0.061* (0.033)
0.260*** (0.055)
0.190*** (0.036)
0.085*** (0.031)
-0.054** (0.023)
0.012 (0.020)
-0.109 (0.092)
0.063 (0.142)
0.167 (0.329)
-0.205 (0.315)
0.052 (0.282)
-0.065 (0.044)
-0.002 (0.029)
0.006 (0.082)
-0.068 (0.098)
0.036 (0.096)
0.015 (0.077)
-0.324*** (0.109)
0.043 (0.093)

Table E5. Sparse estimates for fixed reference group (with lags and leads) (continued)
Married (base)
Widowed
-0.549*** (0.164)
Divorced
-0.419*** (0.082)
Never married
-0.289*** (0.079)
ln(HH size)
-0.004 (0.055)
Childbirth
0.229*** (0.057)
Reference income
0.086 (0.255)
Reference employed
-0.048 (0.346)
Reference % disabled
-2.536*** (0.943)
Reference %
-0.027 (1.260)
widowed
Reference % birth
0.197 (0.722)
Reference life
-0.022 (0.130)
satisfaction
Memory of last year’s life satisfaction
1-year lagged effects
ln(HH income)
0.019 (0.021)
0.027 (0.024)
0.033 (0.024)
Employed (base)
Self-employed
-0.034 (0.061)
-0.020 (0.071)
0.065 (0.068)
Unemployed
-0.120* (0.065)
-0.082 (0.076)
-0.134* (0.077)
Retired
-0.132* (0.077)
-0.151* (0.089)
-0.027 (0.088)
**
Family care
-0.119 (0.055)
-0.095 (0.062)
-0.086 (0.062)
Lt. sick /disabled
-0.320*** (0.080)
-0.252*** (0.092)
-0.301*** (0.091)
In education
-0.014 (0.058)
-0.022 (0.070)
-0.005 (0.068)
Married (base)
Widowed
-0.993*** (0.137)
-0.511*** (0.163)
-1.088*** (0.169)
***
***
Divorced
-0.398 (0.065)
-0.377 (0.081)
-0.378*** (0.075)
Never married
-0.305*** (0.059)
-0.280*** (0.075)
-0.296*** (0.069)
ln(HH size)
-0.026 (0.047)
-0.103* (0.058)
-0.052 (0.054)
Childbirth
0.096** (0.041)
0.135*** (0.048)
0.069 (0.045)
Reference income
0.350* (0.198)
0.049 (0.250)
0.147 (0.229)
Reference employed
-0.382 (0.282)
-0.305 (0.366)
0.024 (0.324)
Reference % disabled
-0.793 (0.747)
-1.517 (0.949)
-1.201 (0.872)
Reference %
-0.562 (1.023)
-0.222 (1.297)
-0.413 (1.181)
widowed
Reference % birth
-0.343 (0.527)
-0.105 (0.657)
-0.108 (0.652)
Reference life
0.077 (0.105)
0.057 (0.119)
0.114 (0.119)
satisfaction
2-year lagged effects
ln(HH income)
Employed (base)
Self-employed
0.153** (0.068)
Unemployed
-0.076 (0.074)
Retired
0.139 (0.089)
Family care
-0.001 (0.061)
Lt. sick /disabled
-0.095 (0.095)
In education
0.049 (0.069)
Married (base)
Widowed
-0.785*** (0.152)
Divorced
-0.090 (0.074)
Never married
-0.032 (0.067)
ln(HH size)
0.103** (0.051)
Childbirth
-0.008 (0.045)
Reference income
0.071 (0.238)
Reference employed
0.350 (0.312)
Reference % disabled
-0.082 (0.864)
Reference %
-1.747 (1.217)
widowed
Reference % birth
-0.812 (0.665)
Reference life
-0.109 (0.123)
satisfaction
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-0.529*** (0.190)
-0.475*** (0.097)
-0.271*** (0.093)
-0.052 (0.064)
0.270*** (0.067)
-0.056 (0.306)
-0.223 (0.421)
-2.893*** (1.097)
0.682 (1.431)
0.548 (0.859)
0.054 (0.148)

0.042 (0.027)
0.096 (0.078)
-0.096 (0.091)
-0.042 (0.101)
-0.066 (0.071)
-0.223** (0.104)
-0.040 (0.082)
-0.667*** (0.199)
-0.410*** (0.090)
-0.337*** (0.086)
-0.147** (0.063)
0.086 (0.055)
-0.186 (0.284)
0.302 (0.419)
-2.113* (1.102)
-0.041 (1.460)
0.170 (0.789)
0.068 (0.134)

0.116 (0.076)
-0.073 (0.083)
0.116 (0.099)
0.038 (0.068)
-0.013 (0.106)
0.048 (0.080)
-0.791*** (0.173)
-0.106 (0.087)
0.024 (0.078)
0.050 (0.058)
-0.033 (0.050)
-0.050 (0.264)
0.265 (0.359)
-0.594 (0.977)
-1.911 (1.399)
-0.096 (0.755)
-0.077 (0.138)

Table E5. Sparse estimates for fixed reference group (with lags and leads) (continued)
Constant
0.691 (1.314)
1.134 (1.641)
0.165 (1.563)
-0.699 (1.936)
Scale shift
contemporaneous effects
ln(HH income)
0.061*** (0.022)
0.079*** (0.025)
0.073*** (0.026)
0.087*** (0.029)
Employed (base)
Self-employed
0.064 (0.058)
0.090 (0.066)
0.053 (0.069)
0.050 (0.078)
Unemployed
-0.414*** (0.067)
-0.502*** (0.078)
-0.382*** (0.078)
-0.455*** (0.093)
Retired
0.162** (0.074)
0.146* (0.083)
0.136 (0.087)
0.096 (0.099)
Family care
-0.056 (0.053)
-0.084 (0.061)
-0.064 (0.062)
-0.129* (0.069)
Lt. sick /disabled
-0.203** (0.080)
-0.269*** (0.093)
-0.257*** (0.093)
-0.349*** (0.107)
In education
-0.044 (0.060)
-0.109 (0.072)
-0.090 (0.072)
-0.179** (0.085)
Married (base)
Widowed
-0.728*** (0.137)
-0.701*** (0.157)
-0.593*** (0.181)
-0.544*** (0.202)
Divorced
-0.076 (0.063)
-0.056 (0.072)
0.048 (0.080)
0.053 (0.088)
Never married
-0.174*** (0.062)
-0.176** (0.072)
-0.102 (0.079)
-0.146 (0.089)
ln(HH size)
-0.112** (0.048)
-0.107** (0.054)
-0.123** (0.061)
-0.108 (0.069)
Childbirth
0.135*** (0.044)
0.134*** (0.051)
0.142*** (0.051)
0.154** (0.061)
Reference income
0.109 (0.209)
0.164 (0.237)
0.011 (0.253)
0.038 (0.283)
Reference employed
-0.192 (0.275)
-0.313 (0.329)
0.106 (0.366)
0.191 (0.438)
Reference % disabled
0.451 (0.776)
0.166 (0.895)
2.218** (0.980)
1.805* (1.087)
Reference %
-0.974 (1.053)
-1.213 (1.191)
-1.299 (1.450)
-1.633 (1.557)
widowed
Reference % birth
0.435 (0.543)
0.620 (0.689)
0.047 (0.665)
0.570 (0.836)
Reference life
0.051 (0.119)
0.020 (0.141)
0.006 (0.138)
-0.131 (0.165)
satisfaction
1-year leaded effects
ln(HH income)
0.011 (0.024)
-0.002 (0.027)
Employed (base)
Self-employed
-0.049 (0.069)
-0.013 (0.079)
Unemployed
0.029 (0.079)
0.031 (0.092)
Retired
0.041 (0.086)
0.051 (0.094)
Family care
-0.065 (0.063)
0.024 (0.073)
Lt. sick /disabled
-0.144 (0.092)
-0.190* (0.104)
In education
0.019 (0.073)
0.055 (0.087)
Married (base)
Widowed
-0.246 (0.163)
-0.250 (0.189)
Divorced
-0.172** (0.076)
-0.243*** (0.088)
Never married
-0.162** (0.075)
-0.128 (0.088)
ln(HH size)
0.004 (0.053)
-0.039 (0.061)
Childbirth
0.127** (0.054)
0.156** (0.063)
Reference income
0.058 (0.246)
-0.093 (0.292)
Reference employed
-0.005 (0.333)
-0.133 (0.404)
Reference % disabled
-2.551*** (0.929)
-3.008*** (1.070)
Reference %
0.210 (1.267)
0.753 (1.440)
widowed
Reference % birth
0.615 (0.694)
0.848 (0.812)
Reference life
-0.040 (0.128)
0.071 (0.146)
satisfaction
Cutoff constants
γ1
0.262 (0.652)
0.870 (0.835)
0.484 (0.737)
1.358 (0.946)
γ2
-0.873*** (0.025)
-0.866*** (0.028)
-0.876*** (0.028)
-0.872*** (0.031)
γ3
-0.590*** (0.015)
-0.577*** (0.016)
-0.582*** (0.016)
-0.573*** (0.018)
γ4
-0.439*** (0.010)
-0.435*** (0.011)
-0.434*** (0.011)
-0.426*** (0.012)
***
***
***
γ5
-0.122 (0.007)
-0.114 (0.008)
-0.123 (0.008)
-0.114*** (0.008)
***
***
***
γ6
0.062 (0.008)
0.079 (0.008)
0.067 (0.008)
0.084*** (0.009)
Observations
111,683
90,280
91,631
73,654
Note: All percentages divided by 100. Clustered standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Table E6. Inclusion of reference satisfaction variables
Average
(1)
ln(HH income)
Employed (base)
Self-employed
Unemployed
Retired
Family care
Lt. sick /disabled
In education
Married (base)
Widowed
Divorced
Never married
ln(HH size)
Childbirth
Reference income
Ref. sat. income quintile
Ref. sat. employment
Ref. sat. marital status
Ref. sat childbirth
Ref. sat HH size
Avg. reference satisfaction
ln(HH income)
Employed (base)
Self-employed
Unemployed
Retired
Family care
Lt. sick /disabled
In education
Married (base)
Widowed
Divorced
Never married
ln(HH size)
Childbirth
Reference income
Ref. sat. income quintile
Ref. sat. employment
Ref. sat. marital status
Ref. sat childbirth
Ref. sat HH size
Avg. reference satisfaction
Constant

Each individually
(2)
Current life satisfaction
0.055** (0.024)
0.056** (0.026)

0.085 (0.064)
-0.467*** (0.073)
0.175** (0.076)
-0.042 (0.057)
-0.239*** (0.088)
0.060 (0.065)

0.076 (0.064)
-0.408*** (0.079)
0.187** (0.077)
-0.030 (0.058)
-0.121 (0.103)
0.069 (0.065)

-0.930*** (0.143)
-0.160** (0.073)
-0.243*** (0.067)
-0.213*** (0.051)
0.179*** (0.047)
0.037 (0.196)

-0.923*** (0.145)
-0.126 (0.081)
-0.224*** (0.069)
-0.234*** (0.051)
0.253*** (0.050)
0.044 (0.198)
0.226*** (0.051)
0.325*** (0.051)
0.259*** (0.058)
-0.172 (0.108)
0.340*** (0.060)

1.127*** (0.088)
Memory of last year’s life satisfaction
0.010 (0.021)
0.005 (0.023)
-0.041 (0.061)
-0.093 (0.066)
-0.120 (0.076)
-0.116** (0.055)
-0.294*** (0.083)
-0.006 (0.058)

-0.046 (0.062)
-0.044 (0.071)
-0.118 (0.077)
-0.108* (0.055)
-0.203** (0.094)
-0.002 (0.059)

-0.985*** (0.139)
-0.363*** (0.066)
-0.291*** (0.060)
-0.023 (0.048)
0.086** (0.041)
0.238 (0.182)

-1.012*** (0.140)
-0.378*** (0.072)
-0.301*** (0.062)
-0.020 (0.049)
0.101** (0.044)
0.269 (0.183)
0.064 (0.046)
0.108*** (0.040)
0.011 (0.051)
-0.047 (0.093)
-0.002 (0.053)

0.169** (0.075)
3.518*** (0.945)

5.327*** (0.974)
Scale shift

ln(HH income)
Employed (base)
Self-employed
Unemployed
Retired
Family care
Lt. sick /disabled
In education
Married (base)
Widowed
Divorced
Never married
ln(HH size)

0.063*** (0.023)

0.065** (0.025)

0.061 (0.059)
-0.418*** (0.069)
0.164** (0.074)
-0.051 (0.054)
-0.207** (0.083)
-0.033 (0.061)

0.062 (0.059)
-0.420*** (0.075)
0.162** (0.075)
-0.050 (0.054)
-0.213** (0.098)
-0.032 (0.061)

-0.741*** (0.138)
-0.088 (0.065)
-0.179*** (0.063)
-0.114** (0.049)

-0.773*** (0.140)
-0.133* (0.073)
-0.195*** (0.065)
-0.125** (0.050)
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Table E6. Inclusion of reference satisfaction variables (continued)
Childbirth
0.143*** (0.045)
0.148*** (0.049)
Reference income
0.064 (0.188)
0.067 (0.189)
Ref. sat. income quintile
-0.023 (0.050)
Ref. sat. employment
-0.019 (0.050)
Ref. sat. marital status
-0.112** (0.054)
Ref. sat childbirth
-0.017 (0.110)
Ref. sat HH size
0.081 (0.057)
Avg. reference satisfaction
-0.068 (0.086)
γ1
0.984** (0.418)
3.117*** (0.428)
***
γ2
-0.851 (0.025)
-0.829*** (0.025)
***
γ3
-0.569 (0.015)
-0.551*** (0.015)
γ4
-0.421*** (0.010)
-0.406*** (0.010)
γ5
-0.107*** (0.007)
-0.096*** (0.007)
γ6
0.075*** (0.007)
0.084*** (0.007)
Observations
118, 440
118, 440
Note: ‘Ref. sat. income’ measures mean reported life satisfaction of those in the pre-defined reference group (see
section 4.1) who are additionally in the same quintile of the income distribution. Likewise, ‘Ref. sat. marital status’
measures mean reported life satisfaction of those in the predefined reference group who additionally share the same
marital status. Variables ‘Ref. sat. employment’, ‘Ref. sat childbirth’, and ‘Ref. sat HH size’ are defined analogously.
Clustered standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Table E7. Allowing for non-parallel shifts in scale use when adding individual averages (non-linear specification)
Current
Memory
Cutoff
Cutoff
Cutoff
Cutoff
Cutoff
Cutoff
sat.
of sat.
𝜏𝑖𝑡,1
𝜏𝑖𝑡,2
𝜏𝑖𝑡,3
𝜏𝑖𝑡,4
𝜏𝑖𝑡,5
𝜏𝑖𝑡,6
(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
ln(HH income)
0.102***
0.027
0.090***
-0.050*
-0.025
0.018
-0.003
0.015
(0.023)
(0.021)
(0.030)
(0.026)
(0.025)
(0.019)
(0.013)
(0.013)
Employed (base)
Self-employed
0.082
-0.001
0.068
-0.079
0.027
-0.007
0.050
0.024
(0.065)
(0.062)
(0.124)
(0.175)
(0.125)
(0.071)
(0.040)
(0.036)
Unemployed
-0.631***
-0.134**
-0.327***
0.098
0.125
-0.301***
-0.177***
-0.057
(0.069)
(0.064)
(0.125)
(0.198)
(0.124)
(0.074)
(0.051)
(0.049)
Retired
0.159**
-0.080
0.134
0.136
-0.074
-0.028
-0.080**
-0.000
(0.072)
(0.071)
(0.100)
(0.109)
(0.086)
(0.060)
(0.040)
(0.034)
Family care
-0.072
-0.113**
-0.020
0.052
0.061
-0.070
-0.137***
-0.015
(0.056)
(0.054)
(0.081)
(0.088)
(0.081)
(0.055)
(0.037)
(0.031)
Lt. sick
-0.558***
-0.301***
-0.238*
0.381**
-0.034
-0.201***
-0.180***
-0.138**
/disabled
(0.080)
(0.075)
(0.133)
(0.189)
(0.124)
(0.077)
(0.063)
(0.063)
In education
0.038
-0.022
0.103
-0.203
-0.069
0.038
-0.100**
0.057
(0.065)
(0.058)
(0.117)
(0.203)
(0.142)
(0.073)
(0.042)
(0.037)
Married (base)
Widowed
-0.910***
-0.912***
-0.659***
-0.165
0.139
0.114
0.017
-0.083
(0.125)
(0.121)
(0.163)
(0.197)
(0.212)
(0.105)
(0.067)
(0.065)
Divorced
-0.371***
-0.427***
0.041
-0.352**
0.061
0.115
-0.010
-0.091*
(0.070)
(0.065)
(0.124)
(0.158)
(0.146)
(0.072)
(0.048)
(0.048)
Never married
-0.303***
-0.296***
-0.164
0.104
-0.107
0.065
0.000
-0.046
(0.067)
(0.060)
(0.117)
(0.183)
(0.128)
(0.067)
(0.038)
(0.038)
ln(HH size)
-0.219***
-0.003
-0.166**
0.073
-0.062
0.051
-0.006
-0.026
(0.050)
(0.047)
(0.076)
(0.082)
(0.068)
(0.042)
(0.026)
(0.025)
Childbirth
0.220***
0.086**
0.199***
0.034
-0.045
-0.041
-0.054*
0.006
(0.046)
(0.041)
(0.077)
(0.090)
(0.085)
(0.050)
(0.030)
(0.024)
Reference
-0.117
0.255
0.276
-0.288
-0.091
-0.063
-0.098
0.019
income
(0.188)
(0.175)
(0.242)
(0.227)
(0.237)
(0.152)
(0.096)
(0.088)
Constant
0.057
-1.188
-3.440***
-1.516**
1.094**
-1.968*** -6.816***
(0.798)
(0.771)
(1.050)
(0.747)
(0.481)
(0.340)
(0.371)
Observations
118,440
Note: Clustered standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Table E8. Allowing for non-parallel shifts in scale use when adding individual averages (non-linear specification,
omitting first cut-off)
Current
Memory
Cutoff
Cutoff
Cutoff
Cutoff
Cutoff
Cutoff
sat.
of sat.
𝜏𝑖𝑡,1
𝜏𝑖𝑡,2
𝜏𝑖𝑡,3
𝜏𝑖𝑡,4
𝜏𝑖𝑡,5
𝜏𝑖𝑡,6
(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
ln(HH income)
0.009
-0.048*
-0.029
0.014
-0.001
0.019
(0.021)
(0.025)
(0.024)
(0.018)
(0.013)
(0.013)
Employed (base)
Self-employed
0.035
0.014
-0.003
-0.017
0.040
0.029
(0.114)
(0.169)
(0.113)
(0.067)
(0.039)
(0.036)
Unemployed
-0.276***
0.092
0.145
-0.274***
-0.184***
-0.065
(0.100)
(0.169)
(0.109)
(0.068)
(0.048)
(0.048)
Retired
0.013
0.101
-0.069
-0.041
-0.087**
0.002
(0.072)
(0.100)
(0.080)
(0.056)
(0.039)
(0.034)
Family care
-0.052
0.047
0.055
-0.075
-0.139***
-0.016
(0.064)
(0.082)
(0.075)
(0.051)
(0.035)
(0.031)
Lt. sick
-0.273***
0.448**
-0.031
-0.209***
-0.170***
-0.145**
/disabled
(0.103)
(0.175)
(0.115)
(0.073)
(0.061)
(0.061)
In education
-0.076
-0.231
-0.065
0.033
-0.097**
0.054
(0.099)
(0.175)
(0.125)
(0.069)
(0.040)
(0.036)
Married (base)
Widowed
-0.231**
-0.209
0.196
0.125
0.010
-0.081
(0.111)
(0.176)
(0.214)
(0.104)
(0.066)
(0.064)
Divorced
-0.414***
-0.335**
0.050
0.108
-0.001
-0.088*
(0.106)
(0.155)
(0.136)
(0.066)
(0.046)
(0.047)
Never married
-0.161*
0.109
-0.138
0.048
-0.000
-0.049
(0.096)
(0.156)
(0.116)
(0.062)
(0.037)
(0.037)
ln(HH size)
-0.029
0.101
-0.055
0.051
-0.008
-0.029
(0.059)
(0.082)
(0.067)
(0.040)
(0.025)
(0.025)
Childbirth
-0.016
-0.014
-0.062
-0.037
-0.060**
0.004
(0.062)
(0.083)
(0.079)
(0.048)
(0.028)
(0.024)
Reference
-0.385**
-0.276
-0.073
-0.076
-0.108
0.006
income
(0.167)
(0.203)
(0.225)
(0.144)
(0.093)
(0.087)
Constant
-2.068***
-3.608***
-1.552**
1.133**
-1.943*** -6.778***
(0.776)
(0.991)
(0.710)
(0.471)
(0.334)
(0.370)
Observations
118,440
Note: Clustered standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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Table E9. Allowing for non-parallel shifts in scale use when adding individual averages (linear specification,
omitting first cut-off)
Current sat. Memory
Cutoff
Cutoff
Cutoff
Cutoff
Cutoff
Cutoff
of sat.
𝜏𝑖𝑡,1
𝜏𝑖𝑡,2
𝜏𝑖𝑡,3
𝜏𝑖𝑡,4
𝜏𝑖𝑡,5
𝜏𝑖𝑡,6
(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
ln(HH income)
0.010
-0.009
-0.032*
0.013
-0.006
0.019
(0.031)
(0.026)
(0.018)
(0.013)
(0.011)
(0.012)
Employed (base)
Self-employed
0.087
0.004
0.045
-0.004
0.025
0.032
(0.109)
(0.097)
(0.061)
(0.041)
(0.036)
(0.042)
Unemployed
-0.331***
-0.003
0.056
-0.130***
-0.156***
-0.055
(0.093)
(0.081)
(0.055)
(0.039)
(0.037)
(0.042)
Retired
0.039
0.081
-0.025
-0.031
-0.078**
-0.016
(0.098)
(0.081)
(0.057)
(0.039)
(0.034)
(0.035)
Family care
-0.056
0.047
0.020
-0.052
-0.120***
-0.014
(0.092)
(0.080)
(0.054)
(0.036)
(0.031)
(0.034)
Lt. sick
-0.402***
0.070
-0.021
-0.095**
-0.139***
-0.104**
/disabled
(0.096)
(0.080)
(0.055)
(0.041)
(0.041)
(0.046)
In education
-0.069
-0.107
-0.023
0.011
-0.097***
0.053
(0.106)
(0.088)
(0.061)
(0.042)
(0.036)
(0.044)
Married (base)
Widowed
-0.334***
-0.055
-0.010
0.082
-0.002
-0.074
(0.114)
(0.080)
(0.064)
(0.052)
(0.044)
(0.051)
Divorced
-0.259***
0.028
-0.047
0.066*
-0.025
-0.077
(0.078)
(0.065)
(0.047)
(0.038)
(0.037)
(0.047)
Never married
-0.223**
0.003
-0.114**
0.039
-0.005
-0.061
(0.093)
(0.080)
(0.056)
(0.040)
(0.034)
(0.042)
ln(HH size)
-0.123**
-0.032
-0.028
0.044*
-0.005
-0.037
(0.062)
(0.052)
(0.036)
(0.026)
(0.022)
(0.026)
Childbirth
-0.032
-0.036
-0.027
-0.028
-0.054**
0.019
(0.074)
(0.063)
(0.042)
(0.031)
(0.024)
(0.028)
Reference
-0.361
0.048
-0.062
-0.068
-0.126*
0.017
income
(0.251)
(0.206)
(0.130)
(0.090)
(0.076)
(0.088)
Constant
-2.324***
0.548*** 0.526***
0.686***
0.839***
1.009***
(0.097)
(0.061)
(0.039)
(0.031)
(0.028)
(0.038)
Observations
118,440
Note: Clustered standard errors in parentheses. * p<0.1, ** p<0.05, *** p<0.01.
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