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Abstract This paper is motivated by the lack of consensus on the metrics of subjective
wellbeing measurement scales. Subjective wellbeing data are frequently treated as though
they are cardinally comparable both across and within individuals, though very little
evidence exists to support these assumptions. Because wellbeing cannot be observed
directly, cardinality must remain an assumption, which is usually imposed based on sta-
tistical convenience rather than on reason. The premise of this paper is that it is both
possible and useful to make this assumption more informed. The analysis applies the
principle of simultaneous conjoint measurement to improve our understanding of what
information is contained within subjective wellbeing scores. Specifically, the metrics of the
eleven-point numeric life satisfaction scale is evaluated using the MHS mental health
survey instrument. Under the assumption that the response function for MHS is identifiable
by the Rasch model, the shape of the response function for life satisfaction is potentially
observable indirectly via the association between life satisfaction and MHS5. The results
presented here suggest life satisfaction scores are ordinally distinct, in terms of these
mental health data, which supports the assumption of ordinal comparability. Under the
aforementioned assumption, these scores are also approximately equidistant, which sup-
ports cardinal comparability. This pattern is found both across individuals and within
individuals across time.
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1 Introduction

The use of survey-based measures of happiness and satisfaction, defined more broadly as
subjective wellbeing, is common across the social sciences and has more recently become
mainstream also in economics. However, scholars differ in their assumptions about the
metrics of subjective wellbeing data. Subjective wellbeing data are typically gathered by
asking people a single question about how happy or satisfied they are with their lives in
general, or with aspects of their lives. These data are commonly treated as ordinally
comparable, and increasingly also cardinally comparable, both across individuals and
within individuals. Cardinal comparability requires a unique and linear relationship
between true wellbeing or utility, and measured subjective wellbeing, though we have little
information on which to base such an assumption. In a recent survey Hirschauer et al.
(2014) identify this as a key issue which needs to be addressed in order to improve our
approach to and use of subjective wellbeing data in economic analysis and policy appli-
cations. The purpose of this study is to address this issue.

The assumption of cardinal comparability is often justified largely on the basis of
statistical requirements, and occasionally requirements for interpretation, rather than on
reason. In particular, cardinality is often considered a necessary assumption due to the
importance of individual fixed effects in explaining cross-sectional differences in subjec-
tive wellbeing data and their ability to absorb information which otherwise might cause
bias (Ferrer-i-Carbonell and Frijters 2004). However, continued improvements in data
availability and technology may ultimately challenge this type of justification." The car-
dinality assumption ought in any case to be considered based on its reasonability and
implications rather than just on its usefulness. So far, the most salient such justification
appears to be that estimates of models for ordered discrete and continuous data tend to be
highly consistent.” The premise of this study is that we both can and should do better.

There are two main approaches to interpreting subjective wellbeing data. A fully
operationalised definition implies that subjective wellbeing is defined by the way it is
measured. This might seem a convenient means of circumventing difficult questions of
metrics, though it does not avoid problems of arbitrary measurement and bias due to scale
restrictions. More commonly, subjective wellbeing data are treated as measures of true
psychological wellbeing, and often specifically of utility in economic analyses. This
approach therefore implies certain assumptions about the response function by which true
wellbeing or utility translates into observed survey responses.

Since true wellbeing and utility are abstract (latent) psychological concepts which we
cannot observe directly, we cannot observe the response function for subjective wellbeing.
Oswald (2008) argues that subjective wellbeing data therefore cannot be treated as cardinal
measures of utility, that we cannot use these data to estimate marginal utilities, and that we
must restrict ourselves to estimating marginal rates of substitution, which is sufficient in
many applications. Conversely, Layard et al. (2008) argue that the cardinality assumption
is both reasonable and justified, and that accurate information about the curvature of the

! Accounting for individual fixed effects is important to the extent that we cannot yet capture the necessary
missing information by other means, and cardinal comparability is important to the extent that this is—
currently—a requirement for fixed-effects panel model estimation. Individual fixed effects have been shown
to be accounted for, to a large extent, by personality traits, which are now captured in some survey data
(Boyce 2010). Thus, our improved ability to capture this information may therefore potentially render fixed-
effects panel model estimation less important.

2 See for example Blanchflower and Oswald (2004, 2005), Gardner and Oswald (2001), Headey and
Wooden (2004), Van Praag and Ferrier-i-Carbonell (2004), and Ferrer-i-Carbonell and Frijters (2004).
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utility function is necessary for correct policy design. On closer consideration, the esti-
mation of marginal rates of substitution also implies certain assumptions about the com-
parability of subjective wellbeing scores, for which there is currently little justifiable basis.

This paper evaluates the case for ordinal and cardinal comparability of the eleven-point
life satisfaction scale by comparing data on life satisfaction and mental health from the
Household, Income and Labour Dynamics in Australia (HILDA) survey. The observed
association between life satisfaction and mental health may be interpreted in different
ways, depending on what assumptions are considered reasonable. A key feature of this
analysis is that this association is treated as a combination of two separate response
functions, which each taps into the same latent concept of wellbeing or utility, in the spirit
of simultaneous conjoint measurement (Luce and Tukey 1964).

The rationale behind this particular approach is that, if we know something about the
response function for mental health, the association between life satisfaction and mental
health determines the outer boundaries of what form the response function for life satis-
faction might take. If the response function for mental health can be assumed to be linear,
as intended by the way in which this measure is constructed, then the shape of the response
function for life satisfaction is potentially directly observable via the association between
life satisfaction and mental health. These assumptions are considered carefully in turn.

The paper proceeds as follows. Section 2 provides an a priori evaluation of the basic
assumptions underpinning common uses of subjective wellbeing data. This sets the scene
for the empirical analysis that follows. Section 3 describes the method of analysis, and
Sect. 4 presents the data and the results. Finally, Sect. 5 provides a summary and dis-
cussion of the findings and their potential implications.

2 Subjective Wellbeing Data and the Problem of Metrics

The instruments used to measure subjective wellbeing place obvious constraints on the
types of assumption that can reasonably be made about these data. Early surveys have
tended to ask respondents to report their happiness or satisfaction by selecting one of a set
of ordered responses. For example, the US General Social Survey asks “Taken all together,
how would you say things are these days: would you say you are very happy, pretty happy,
or not too happy?” The Eurobarometer survey asks “On the whole, are you very satisfied,
fairly satisfied, not very satisfied, or not at all satisfied with the life you lead?” It is difficult
to justify an assumption that these responses contain information beyond order.

The use of numeric scales, rather than ordered responses, is now used in many large
national surveys, including the HILDA Survey, the German Socio-Economic Panel
(GeSoEP) survey and the World Values Survey (WVS). Respondents are then asked to
indicate their happiness or satisfaction by selecting an integer on a numeric scale, with
verbal anchors at both ends and often also in the middle (to indicate neutrality). This
approach appears to convey some intention of cardinality.

2.1 Basic Assumptions and Implications for Data Use

The types of assumptions made about subjective wellbeing data in economic and other
analyses can be described as follows:

1. First and foremost, some degree of construct validity is required: a subjective
wellbeing measure must succeed in capturing the necessary information about the
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relevant underlying (latent) variable of interest, such as psychological wellbeing or
utility. In practical terms, we must have reason to assume a positive (monotonic)
association between subjective wellbeing and true wellbeing or utility.’

2. Ordinal comparability of subjective wellbeing requires that the measurement scale is
unique in terms of true wellbeing or utility. That is, a given score or response must
infer the same (or sufficiently similar) wellbeing or utility across individuals or within
individuals, or both. This is a basic requirement for most uses of subjective wellbeing
data.

3. Cardinal comparability further requires equidistance of score-points or ordered
responses.” That is, the differences between adjacent score-points or responses are
interpreted as equal (or sufficiently similar) in terms of true wellbeing or utility. This,
in turn, requires that wellbeing or utility is itself cardinal, and furthermore that utility
or wellbeing is bounded in the same way (or approximately the same way) as is the
measurement scale.

Ordinal comparability is a basic requirement for most uses of subjective wellbeing data,
also when used to estimate marginal rates of substitution. If we are only interested in
observing changes in subjective wellbeing scores within individuals across time (or across
categories), then the condition of uniqueness is not strictly necessary, though the condition
of equidistance then often is. If we are interested in comparing scores across individuals, as
is most often the case, then the condition of uniqueness (or approximate uniqueness) is a
minimum requirement, and cardinal comparability is often also implied.’ Cardinal com-
parability, specifically with respect to utility, is necessary for the estimation of marginal
utility in the manner of Layard et al. (2008).

2.2 Fundamental Measurement Issues

2.2.1 Construct Validity

A large literature has emerged over the last few decades to demonstrate that people who
report greater subjective wellbeing tend also to exhibit other cues which we associate with

higher wellbeing: they smile more during interviews, they are rated as happier by friends
and relatives, they exhibit lower physical manifestations of stress, and the parts of their

3 Subjective wellbeing is defined here as self-reported responses to survey questions probing any aspect of
wellbeing, though most commonly happiness and satisfaction. The term wellbeing is not necessarily syn-
onymous with utility, which might be considered more specific and context-dependent in some applications.
As discussed further on, available evidence suggests subjective wellbeing is likely to be a good proxy for
experience utility, though not for other types of utility like decision utility. Consequently, in the discussions
provided here utility refers specifically to experience utility. Likewise, happiness and satisfaction, which are
two common types of subjective wellbeing measures, are not necessarily synonymous. Crooker and Near
(1998) provides a discussion on the respective meanings of happiness and satisfaction, but this is not
considered in further detail here.

* In other words, such measurement scales exhibit interval-level quality. A possible further assumption
implies ratio-level quality, which requires a unique and non-arbitrary zero-point (or point of neutrality). This
level of quality is not discussed directly here, as it is considered quite contentious and to have limited
consequences for common uses of subjective wellbeing data. The case for ratio quality is discussed in some
detail in Kristoffersen (2010).

5 Thus, the condition of uniqueness would be unnecessary in fixed- and random-effects panel models,
because individual fixed effects are accounted for. Hirschauer et al. (2014) elaborate more specifically on the
conditions for comparison across individuals, within individuals over time, and within individual across
categories.
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brains associated with pleasant emotions are more activated.® Clark et al. (2008) evaluate
the evidence for assuming subjective wellbeing data also capture relevant information
about utility, and conclude that common survey-based measures seem highly likely to
reflect experience utility, and are therefore appropriate for welfare analysis in many cases.
Consequently, this discussion proceeds under the assumption that subjective wellbeing is a
valid measure of psychological wellbeing and experience utility.

2.2.2 Ordinal Comparability

Ordinal comparability may seem a reasonable assumption within individuals: If Jack
reports a subjective wellbeing score of 5 yesterday and 6 today, then it seems reasonable
to assume that his wellbeing, and utility, has increased. However, it is perhaps less
certain that Jill, who scores 7 today, is in fact experiencing a greater true wellbeing or
utility than Jack. We are therefore faced with the common problem of arbitrary and
ambiguous measurement (Blanton and Jaccard 2006). Even though positive monotonic
relationships are observed between reported subjective wellbeing and other observable
cues of psychological wellbeing, it is far from clear that people who score at different
points on the measurement scale really are different, in the way we expect. It is also
possible that the length of some scales, particularly the eleven-point measurement scale
used in the HILDA survey and others, are longer than what is commonly considered
ideal in terms of individuals’ ability to make distinct judgements, which is around seven
points (Miller 1956).

2.2.3 Cardinal Comparability

Cardinal comparability of subjective wellbeing scores implies that the difference between
score points of 5 and 6, in terms of wellbeing or utility, is equal to the difference
between 6 and 7, 7 and 8, and so forth. As mentioned, numeric measurement scales
convey some intention of cardinality, and research into the perceptions of these survey
instruments for the measurement of subjective wellbeing have revealed that people
interpret them as cardinal, and intend to provide responses that reflect this as accurately
as possible (Van Praag 1991; Parducci 1995; Schwartz 1995). This would suggest that
the psychological concepts of wellbeing and utility are themselves cardinal, which is a
necessary condition for cardinal measurement. Most latent psychological concepts, such
as intelligence, are treated as cardinal, and the analysis therefore proceeds under the
assumption that this applies also to true wellbeing and utility. Ng (1996) argues that

% See for example Larsen and Fredrickson (1999), Van Praag (1991), Sandvik et al. (1993), and Diener and
Lucas (1999). Brief surveys of the collective evidence are provided by Clark et al. (2008) and by Layard
et al. (2008).

7 First, implicit trade-offs, as measured in empirical models of subjective wellbeing, generally correspond
well with what we know about choice behaviour: for example, the observed positive effects of marriage and
employment on subjective wellbeing correspond well with the amount of effort people tend to put into
obtaining these outcomes. Second, observed behaviour is consistent with what we expect from wellbeing-
maximising individuals: for example, low satisfaction scores in the spheres of work and marriage tend to be
good predictors of job change and divorce. Finally, the evidence which emerges from the analysis of survey
data on subjective wellbeing corresponds well with that which emerges from experimental economics,
particularly with respect to positional concerns (Clark et al. 2008).
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individuals are able, when provided with the necessary tools, to provide data which are
not only of interval but also of ratio quality.®

2.2.4 Sources of Nonlinearity in Measurement Scales

Survey instruments will necessarily impose some restrictions at the edges of the mea-
surement scale by forcing a variable which presumably is unbounded onto a bounded scale,
as argued by Ng (2008). This implies a logistic response function for subjective wellbeing,
with distances between score-points on the measurement scale increasing toward both
extremes of the scale. Alternatively, bounded utility may be a justifiable assumption, since
marginal utility approaches zero as people approach the point of satiation.’ If the mea-
surement scale is bounded in such a way that it approximates utility, and does not impose
noticeable restrictions, the response function for that measure will be approximately linear.
Consequently, under certain assumptions, subjective wellbeing might be considered an
acceptable approximation of utility (Hirschauer et al. 2014).

When comparing across individuals we face a potential source of ambiguity if indi-
viduals differ in their attitudes toward scoring at the extremes of the measurement scale.'’
This will make differences at the edges of the scale more ambiguous and less distinct,
rather than more distinct. The possibility of ambiguity and nonlinearity of the measurement
scale is therefore difficult to dismiss without any further information, also when adopting a
fully operationalised definition of subjective wellbeing.

This description of a logistic relationship between true and observed subjective well-
being closely resembles that between stimulus and response, which forms the basis of
fundamental utility theory and the idea of diminishing marginal utility. Specifically, the
Weber-Fechner law holds that the relationship between stimuli and sensation is logarithmic
[sensation = k In(stimulus)] (Masin et al. 2009), which implies a logistic relationship if the
underlying concept is bipolar."" Consequently, the shape of the utility function, which
maps the relationship between life circumstances (such as consumption, income and
wealth) and utility, is often assumed to be logarithmic. While potentially related, this
stimulus—response mechanism is treated here as distinct from the measurement issue of
how true subjective wellbeing translates into reported subjective wellbeing, which is the
main focus of this paper. Hence, these relationships are hypothesised to potentially take the
same functional form, though for slightly different reasons.

The possibilities described above produce a set of hypothesised functional forms for the
response function which translates true wellbeing or utility (u) into observed survey

8 Ng (1996) uses a small but complex survey, of 41 Chinese graduate students, that individuals are capable
of making judgements on how much time they spend in unhappy and happy states, and agree with the notion
of a scale of net happiness with a unique zero-point. While this evidence is of value, Ng himself admits the
sample is clearly small and selective, and that the questions are slightly leading in nature.
° Similarly, utility is assumed to be bounded in von Neuman—Morgenstern utility models (Savage 1954).
10 Some evidence of such effect in subjective wellbeing data are provided by Lau (2007).

"' The specific idea of a logarithmic utility function appears first to have been proposed by Bernoulli (1738
[1954]). Edgeworth (1881 [1961]), who proposed the idea of a ‘hedonimeter’ which would produce an
objective and fully cardinal measure of utility, was similarly interested in the idea of just perceivable
increments.

12 Ng (1996, 2008) suggests increasing increments of true happiness (which is considered a stimulus in that
context) are required to produce perceivable increments in measured happiness (the response). Hence, Ng’s
exposition of a logistic response function incorporates elements of the stimulus-response relationship as
well the possibility of bias implied by the boundedness of measurement scales.
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Fig. 1 Hypothesized response functions. Note The stepped lines in this diagram reflect discrete
measurement scales. a Is adapted from Ng (2008). b The notation used are sourced from Blanchflower
and Oswald (2004)

responses (r), as illustrated in Fig. 1."3 If bias from scale restrictions dominate, the
response function is hypothesised to be shaped like a logistic function (S-shaped), as shown
in graph (a). If the measurement scale approximates the boundedness of true wellbeing or
utility, the response function will be linear, as shown in graph (b). If end-of-scale ambi-
guities dominate, then the response function is hypothesised to be shaped like a logit
function (inverse S-shaped), as shown in in graph (c).

2.3 Problems of Unobservable Variables and Arbitrary Scales

Utility and true wellbeing are latent variables which remain unobservable. Therefore, any
attempt at evaluating cardinal comparability of subjective wellbeing data may seem futile,
unless some operationalised definition which circumvents this problem can be justified and
adopted. However, according to fundamental measurement theory this problem can never
be completely avoided, because all measures are inferences by definition (Wright 1997). In
psychometrics, the problem of measuring abstract latent concepts is approached by a form
of operationalised measurement. For example, a measure for ability is constructed by, first,
defining what this type of ability entails, and second, designing questions or tasks that will
generate the necessary data to capture this information.

Such measurement instruments are commonly designed to fit particular logistic prob-
ability distributions as specified by Rasch models (originating in Rasch 1961). The ‘op-
erationalised’ response functions for these measures are therefore logistic in shape (S-
shaped) in the same way as described by Ng (2008), and essentially for similar reasons. As
the exact curvature of the response function is given by the Rasch model, raw scores are
transformed as required in order to enable cardinal comparison (Wright 1997)."* Conse-
quently, measures which are constructed and verified to fit the relevant Rasch model can be

'3 In this figure, a zero-point or point of neutrality of utility or wellbeing might reasonably be inferred by
the inflection points of panels (a) and (c), which may or may not correspond with the mid-point of the
measurement scale. This would incorporate the idea of negative utility or wellbeing, which is reasonable
where utility or wellbeing is perceived as the net of positive and negative feelings or experiences, as
suggested by Ng (1996).

14 Specifically, Rasch models apply additive conjoint measurement (Luce and Tukey 1964) to produce a
measure where conjoint transitivity implies that items and persons are measured on an interval scale with a
common unit (Brogden 1977; Wright 1997). Andrich (1978) later developed the Polytomous Rasch model
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interpreted as having a known response function, which is linear when adjusted scores are
used. While the intention is to produce a cardinal measure, one might argue that this type
of response function describes the statistical features of a particular measure, and is not
equivalent to the function which translates the true latent concept into observed responses.

Subjective wellbeing measures are different from these types of psychometric measures
in two important ways. Firstly, they are measured by single-item Likert scales rather than
multiple responses. Consequently, without additional points of reference we know very
little about these measurement scales compared to other measures based on multiple items
(questions). Secondly, they differ from other such instruments in the sense that the defi-
nition of happiness or satisfaction—what it means to be happy or satisfied—rests with the
respondent rather than the researcher. Consequently, subjective wellbeing measures are
more ambiguous and arbitrary in terms of uniqueness and comparability—particularly
across individuals.

Blanton and Jaccard (2006) consider the problem of arbitrary and ambiguous satisfaction
scales (and other similar Likert scales), and propose that we address this problem by
obtaining additional information to provide some reference points to qualify and quantify the
gaps of the measurement scale using meaningful information. For example, in the case of
subjective wellbeing one might measure smiling frequency during interviews, cortisol levels
in the blood, or activity in the area of the brain associated with pleasure. This provides a
means of evaluating ordinal comparability (uniqueness) of subjective wellbeing scales, and
potentially also of evaluating cardinal comparability (equidistance)."

The premise of the analysis to follow is that, although we may not be able to observe
utility or true wellbeing and the response function for subjective wellbeing directly, the
principle of simultaneous conjoint measurement provides a means of indirectly observing
something about its possible shape. Similarly, in order to derive full information about the
true shape of a three-dimensional object we must be able to observe it from all possible
angles, though this is not possible with latent abstract concepts. Observing the object from
only one single angle will provide very limited information about its true shape, and
subsequent angles add information of potentially significant (and diminishing) value.

Similarly, this paper seeks to improve our understanding of the eleven-point numeric
life satisfaction scale by comparing people who score at different points on this scale
according to available information on mental health. Because these mental health data are
constructed to fit the relevant Rasch model we have some, potentially quite accurate,
information about the shape of the response function for mental health, and we may
thereby be able to evaluate the possible shape of the response function for life satisfaction.
The method of analysis is explained in further detail in the following section.

Footnote 14 continued
for multiple ordered (rather than dichotomous) responses. See Wright’s (1997) for a brief description of the
history and development of measurement in social sciences.

'S Thus, the solution proposed by Blandon and Jaccard (2006) applies the same principles of simultaneous
conjoint measurement upon which Rasch models are founded. As explained by Luce and Tukey (1964): “the
essential character of simultaneous conjoint measurement is described by an axiomatization of the com-
parison of effects of (or responses to) pairs formed from two specific kinds of ‘quantities’.” They explain
that these can potentially produce a cardinal (interval-quality) measure: “The axioms apply when, for
example, the effect of a pair consisting of one mass and one difference in gravitational potential on a device
that responds to momentum is compared with the effect of another such pair. Measurement on interval scales
which have a common unit follows from these axioms”.
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3 Method of Analysis: Evaluating the Response Function for Subjective
Wellbeing

3.1 Combining Two Response Functions

Following the notation used in Blanchflower and Oswald (2004), the relationship between
true wellbeing and the observed response can be modeled as follows:

r=h(u)+e. (1)

Here, r is the individual’s reported wellbeing score, u is to be interpreted as the indi-
vidual’s true (unobservable) wellbeing or utility, / is the function that transforms true
wellbeing into reported wellbeing, and e is an error term. Following the discussion above,
the shape of function /% is hypothesised to lie somewhere in the space between logistic and
logit, including linearity, as illustrated earlier in Fig. 1.

Information about wellbeing or utility may be captured by a range of different types of
measures aside from conventional subjective wellbeing measures. Underlying each such
measure is a response function which captures information about the same unobservable
concept into a particular instrument. That is, u translates into r (reported subjective
wellbeing) via the function 4, and also into some other alternative wellbeing measure we
can call w via another function we can call g. Since u is unobservable both 4 and g are also
unobservable. However, using the rule of transitivity, certain features of & and g may be
observed indirectly via a third function we can call k, which describes the relationship
between r and w. Formally (ignoring the error terms):

r=h(u) w=g(u)—r=hg"(w)]=k(w) (2)

This means that the shape of the observable function £ is a result of the combination of
h and the inverse of g. The observed form of k then implies a potentially limited set of
possibilities with respect to the shapes of functions # and g. In particular, if we know
something about the shape of g, and function k is reliably estimated, the range of possible
shapes of & may be quite narrow.

The set of possible response functions produces a limited set of possible shapes of the
observable function k, which itself also likely lies somewhere in the spectrum between
logistic and logit, depending on the shape of function g. For example, a linear function
k can only result from functions g and h taking exactly the same form (with the same
strength in curvature). This is because function k is function % transformed by g’l, so if
h and g have the same shape and curvature function k will be linear. If g and / take
opposite forms, then the form of k will be an exaggeration of h. Of course, many other
possibilities exist, as summarised in Table 1.16

If the mental health measure used here can be assumed to be linearly (or approximately
linearly) related to true wellbeing or utility, then the shape of the response function for life
satisfaction would be observed indirectly, via the relationship between life satisfaction and
mental health. A linear relationship between mental health and life satisfaction then
implies a linear response function for life satisfaction, in terms of true wellbeing or utility.

16 If function k is found to be irregular we could either conclude that no recognisable pattern exists, and that
linearity is not a reasonable assumption, or the range of possible functional forms could potentially be
expanded in search of a recognisable pattern and a functional form that enables transformation of subjective
wellbeing data onto a linear scale.
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Table 1 The possible shapes of function k, given the shapes of functions / and g

Function &
S S LIN is IS
Function g

S LIN is 1S IS* 1S+
S s LIN is IS 1S*
LIN S s LIN is IS
is S S s LIN is
IS Neks N N s LIN

Response function type and curvature are indicated as follows: LIN, linear; s, weakly S-shaped (logistic); S,
moderate S-shaped (logistic); S*, strong S-shaped (etc.); is, weak inverse S-shaped (logit); IS, moderate
inverse S-shaped (logit); 1S*, strong inverse S-shaped (etc.). Definitions of what constitutes weak, moderate
and strong curvatures are not given. The point here is to show that if both response functions g and & have
the same functional form, then the combined function k will be perfectly linear, while if g and & have
opposite curvatures the function k will be either logistic shaped or logit shaped, as indicated

In general, the shape of the relationship between mental health and life satisfaction
determines the possible shapes that the response function for life satisfaction can take. If
we have no a priori knowledge about the possible shapes of the response functions for
mental health or life satisfaction, then anything is possible. However, if we know some-
thing about either, we can narrow down the possibilities.

3.2 The Response Function for the MHS Mental Health Index

The measure of mental health used here is the MHS5 index, which in its raw form is a five-
item aggregate score and part of the SF36 survey instrument for measuring health. This
index is generated by asking the question ‘How much of the time during the past 4 weeks
(a) have you been a nervous person, (b) have you felt so down in the dumps that nothing
could cheer you up, (c) have you felt calm and peaceful, (d) have you felt down, and
(e) have you been a happy person’. Responses are coded to a six-point scale of (1) all of the
time, (2) most of the time, (3) a good bit of the time, (4) some of the time, (5) a little of the
time, and (6) none of the time. The raw MHS score is calculated by first reversing the
scores where appropriate such that higher values indicate better mental health, then adding
the score for each question, and finally standardising this sum to a 0—100 index (Ware et al.
2000).

The MHS5 index has been constructed such that observed responses conform to the
probabilistic features of the Rasch model, and scores have subsequently also been found to
fit this model very well (Perneger and Bovier 2001), as has all main components of the
SF36 health instrument (Raczek et al. 1998). Consequently, raw MHS5 scores must be
transformed or adjusted to eliminate the ‘raw score bias’ such that the data can be treated
as cardinal, as described by Brogden (1977)."” This may then be interpreted to specifically

'7"Specifically, the raw MHS5 index scores intervals 0-10, 10-20, etc, up to 90100 have logit intervals of
2.23, 1.22, 1.00, 0.90, 0.85, 0.83, 0.90, 1.09, 1.54, and 3.21 (Perneger and Bovier 2001). Accordingly, the

0.00932MH5+0.034 .
I—(().()0932MH5+0.034)) - This

produces a scale with lower and upper bounds of —3.35 and +3.35, with a mid-point of zero. For conve-
nience, this is scaled to produce a 0—100 index in the analysis to follow.

following transformation function will linearise these intervals: MH5" = ln(
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imply a linear response function for adjusted MHS5 scores, or to provide some relevant but
approximate information about of the response function for raw MHS scores, or to be
irrelevant.

3.3 The Association Between Life Satisfaction and Mental Health

The possible shape of the response function for life satisfaction is here observed indirectly
through the association between life satisfaction and raw or adjusted (cardinalised) MH5
scores. As a starting point, the presence of nonlinearities in this association is statistically
evaluated by estimating life satisfaction (LS) as a function of mental health (MHS5), with
linear, squared and cubed terms included (Eq. 3).

LS; = 7o + 71 (MHS5;) + 75 (MHS5;)? + 73(MHS5;)’ + w; (3)

In this case, the relationship between life satisfaction and the mental health index is
hypothesised to fall somewhere in the spectrum between logistic and logit in shape. The
extent to which the data fit these specific shapes is evaluated by estimating Egs. (4) and (5),
which represent standard logistic and logit functions, respectively.

A

LSi = 1 + ¢ (-HBMAS)

+v; (4)
MHS;
LS _ o+ ﬁ ( ) v; (5)
1—oa— ﬁ (MH 5,)

Ordinal and cardinal interpersonal comparability of life satisfaction scores, in terms of
MHS, is specifically evaluated by comparing the MHS5 scores of people who score at
different points of the eleven-point life satisfaction scale. This is facilitated by estimating
Eq. (6), where raw and adjusted mental health scores are regressed on a set of dummy
variables indicating the life satisfaction group to which each sampled individual belongs.'®

MHS; = Bo(LSo;) + B (LS1i) + - -+ + Bo(LSo,;) + 1o + &i- (6)

LS, takes the value 1 for individuals with a life satisfaction score of 0, and a value of 0
otherwise, and so forth. Individuals who report a life satisfaction score of 10 form the
control group. The intercept term [ will therefore return the mean mental health value for
this group, and the other ’s measure the distance, in mean mental health scores, between
each respective LS group and the control group.]9 The parameter ¢ is an error term. The
differences or shifts in mean mental health scores across life satisfaction groups are
evaluated visually, to determine how the data behave with respect to the hypothesized
shapes illustrated in Fig. 1; and statistically, to determine ordinal distinctness and
equidistance.

Ordinal distinctness (interpersonal comparability) of life satisfaction scores, with
respect to mental health information, is evaluated by testing that the f’s in Eq. (6) are

'8 Measurement theory posits that raw such scores are not to be used, as they are not true measures (that is,
they are not linear) (Wright 1997). However, the results presented here are generated using both raw and
adjusted scores in the interest of completeness, as this provides better information about the implications of
the adjustment.

19 Calculating mean mental health scores for each life satisfaction group will produce the same information,
but by estimating differences in means in this way we are also able to perform the necessary hypothesis tests
of model parameters.
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different and follow the expected order (hypothesis H1). Equidistance of score differences
is evaluated by testing that these f’s increase with equal increments (hypothesis H2).

HL:By<fy<--- <fg<Py (7)
H2:(By — Bo) = (Ba=B1) == (Bo — Bs) = =Py (8)

If the data reject H1, life satisfaction scores cannot be considered ordinally distinct in
terms of mental health information. Cardinal comparability is therefore also rejected by
default. If the data do not reject H1, ordinal comparability across individuals, in terms of
MHS data, is confirmed. If neither H1 nor H2 are rejected, then linearity of the function & is
confirmed statistically. This may then be considered a justifiable basis for assuming cardinal
comparability across individuals, though this conclusion rests on the assumption that (1) the
comparison between mental health and life satisfaction is meaningful (i.e. that the function
k is estimated with reasonable fit), and (2) the response function for mental health, g, is linear.

4 Data and Analysis

4.1 Core Analysis: The Interpersonal Association Between Life Satisfaction
and Mental Health

Table 2 presents summary statistics of the life satisfaction and mental health data from
waves 1 to 11 of the HILDA survey. Mental health scores (both raw and adjusted) increase

Table 2 Descriptive statistics of the mental health and life satisfaction data

Raw mental health (MHS, w) Life satisfaction (LS, r)
N 129,847 N 129,847
Individuals 24,082 Individuals 24,082
Mean 74.26 Mean 7.94
Median 80 Median 8
SD 17.06 SD 1.48
Score interval Frequency (%) Score groups (j) Frequency (%) Mean raw Mean adj.
MHS5 w; MH5 vD/T
0 0.12 40.06 42.83
0-9 0.21 1 0.17 35.15 39.4
10-19 0.38 2 0.37 42.22 44.7
20-29 1.39 3 0.71 45.14 46.59
30-39 1.83 4 1.15 51.11 50.63
40-49 5.79 5 4.07 56.23 53.98
50-59 7.74 6 5.80 62.22 57.83
60-69 16.35 7 18.72 69.52 62.72
70-79 16.12 8 33.48 75.98 67.56
80-89 33.71 9 21.93 80.56 71.49
90-100 16.79 10 13.46 82.17 74.04

This sample consists of all individuals aged 15 and above for whom scores on life satisfaction and mental
health is available, from waves 1 to 11 of the HILDA survey
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Fig. 2 Mental health characteristics of life satisfaction groups: across individuals

monotonically across the life satisfaction scale, and follow the expected order. The lowest
life satisfaction group (those who score zero) represents an outlier, though this group is
also very small. The movements in raw mean mental health scores across each life sat-
isfaction group fluctuate somewhat around an average of about 5 (weighted by the number
of observations).

Figure 2 displays mean raw and adjusted mental health scores of each life satisfaction
group, with a line extending one standard deviation in each direction. The broken straight
lines superimposed upon these diagrams represent the best-fit linear regression line. The
first diagram gives a strong impression of a near-linear association between raw mental
health and life satisfaction, though with a weak tendency for score distances to diminish
toward the upper edge of the scale—i.e. a weakly logit-shaped functional form. This is
illustrated by the solid shaded curve superimposed upon the diagram. When transformed
mental health data are used this nonlinearity seems to disappear, producing an association
which appears approximately linear.

Estimates of Egs. (3), (4) and (5) are presented in Tables 3 and 4. Nonlinearities are
captured both when raw and adjusted mental health scores are used, though these are much
weaker when adjusted data are used. Moreover, the curvatures of these two functions are
different, indicating a logit (inverse S-shaped) function when using raw mental health data
and potentially a weakly logistic (S-shaped) function when using adjusted data. The weak
logit shape of the function k observed when using raw mental health data is confirmed
when this function is estimated using Eq. (5). When using adjusted mental health data the
logit function is rejected, but significant parameters for the logistic function (Eq. 4) is
estimated instead, suggesting a weak logistic shape is captured in this association.

Estimates of Eq. (6) are provided in Table 5, along with test statistics for ordinal
distinctness (hypothesis H1) and equidistance of score-points (H2), in terms of raw and
adjusted mental health data. Hypothesis H1 is effectively tested by observing that the
parameters have the correct order and then testing the alternative hypothesis that these
parameters are equal. This alternative hypothesis is rejected for both raw and adjusted
mental health data by joint significance tests (though only when the LS, group is omitted,
since the order condition is violated for this group). Hypothesis H2 is rejected in both
cases. Pairwise tests of parameters are also provided, where the distance between life
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Table 3 Life satisfaction as a cubic function of mental health scores

Parameter Raw MHS scores Adjusted MHS scores
Coefficient (SE) Coefficient (SE)

Intercept (o) 3.74%%% (0.0659) 3.15%%%* (0.0994)

Linear term (y,) 0.11%%* (0.0036) 0.08*** (0.0048)

Squared term (y,) —0.0012*** (0.000062) 0.0000 (0.000079)

Cubed term (y3) 0.0000064*** (0.00000034) —0.0000022*** (0.00000042)

Adjusted R* 0.2134 0.2128

F-statistic 11,746.13%%* 11,704.62%%**

N 129,847 129,847

These estimates are based on pooled data from waves 1-11 of the HILDA survey. The sample is restricted to
people aged 15 and above. MH5 denotes mental health scores, scaled to a 0—100 index. Statistical signif-
icance at the 90, 95 and 99 % level of confidence is indicated by *, **, and ***, respectively

Table 4 Life satisfaction as a logistic/logit function of mental health scores

Parameter Raw MHS scores: logit Adjusted MHS scores: logistic
function function
Coefficient (SE) Coefficient (SE)

o 0.9220*** (0.0005) —0.7545*%** (0.0161)

p 0.00067*** (0.000006) 0.0338*** (0.0006)

A - 9.82##% (0.0421)

Adjusted R* (0.4959) (0.9735)

F-statistic Not available Not available

N 129,847 129,847

These estimates are based on pooled data from waves 1-11 of the HILDA survey. The sample is restricted to
people aged 15 and above. MH5 denotes mental health scores, scaled to a 0—100 index. Note that the
adjusted R-squared for the nonlinear regression is not interpreted in the normal way because no constant
term is included. Statistical significance at the 90, 95 and 99 % level of confidence is indicated by *, **, and
% respectively

satisfaction scores of 4 and 5 is chosen as the representative distance with which the other
distances are compared, as this is closest to the weighted mean of score distances. The
distance between the two lowest life satisfaction groups is assessed against the hypothesis
that this distance is zero (rather than negative compared to what is expected). Half of the
pairwise tests are rejected, and the other half are not.

These results imply that people who select different life satisfaction scores are distinct
in terms of their reported mental health, regardless of whether raw or adjusted data are
used. Furthermore, the mental health scores of these people follow the expected order
(except for people with a life satisfaction score of zero, who are clearly somewhat dif-
ferent). Therefore, the assumption of ordinal distinctness of life satisfaction scores across
individuals, in terms of mental health information, is supported by these data.

The association between life satisfaction scores and raw mental health data is logit-
shaped with a fairly weak curvature, with distances between score-points diminishing
slightly toward the upper end of the life satisfaction scale. This observed nonlinearity is
corrected for when adjusted mental health data are used, producing an association which is
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Table 5 Raw and adjusted mental health across life satisfaction groups: linear regression estimates

Parameters

Raw MHS5 (SE)

Adjusted MH5 (SE)

Intercept(By = Wio)

Bo(=Wg — Wip)

Model information and diagnostics

Joint hypothesis test: B, = f = - = fg = Bo

Joint hypothesis test:
(B = Bo) = By = B1) = -+ = (By = Bs) = —Po

Pairwise hypothesis tests: (—Po) = (Bs — Ba)

(Bo — Bs) = (Bs — Ba)

(Bs — B = (Bs — Ba)

(B7 = Bo) = (Bs — Ba)

(Bs — Bs) = (Bs — Ba)

(Bs — B3) = (Bs — Ba)

(Bs = B2) = (Bs — Ba)

(B2 — B = (Bs — Ba)

Br—Bo)=0

82.17%%+ (0.1139)
—1.61%¥ (0.1448)
—6.19%+* (0.1349)
—12.64%%% (0.1494)
—19.95%+* (0.2076)
—25.94%%% (0.2365)
—31.05%+* (0.4054)
—37.02%%* (0.5104)
—39.95%+* (0.5935)
—47.02%%* (1.0130)
—42.01%%* (1.2039)
N = 129,847
R =0.2200
F = 3663.07+++

(» < 0.0000)
F = 3451 53#%*

(p < 0.0000)
F = 166.28%x

( < 0.0000)
F = 57.17%x

(p < 0.0000)
F=136

(p = 0.2439)
F = 8.55%%x

(p = 0.0035)
F = 20.48%#x

(p < 0.0000)
F=216

(p = 0.1414)
F=082

(p = 0.3657)
F = 5.28%x

(p = 0.0216)
F =227

(p = 0.1317)
F = 9.82%%x

(p = 0.0017)

74.04%%% (0.0889)
—2.55%#% (0.1130)
—6.48%*% (0.1053)
—11.32%%* (0.1166)
—16.21%%* (0.1620)
—20.06%** (0.1845)
—23.41%%* (0.3164)
—27.45%%% (0.3983)
—29.34%%% (0.5413)
—34.64%%* (0.7906)
—31.21%%* (0.9396)
N = 129,847
R? =0.2077
F = 3405.54%%*

(p < 0.0000)
F = 2923.97##%*

(p < 0.0000)
F = 52.45%#%

(p < 0.0000)
F = 4.79%%

(p = 0.0286)
F =265

(p = 0.1036)
F = 17.39%%%

(p < 0.000)
F = 16.87%%*

(p < 0.0012)
F=1.16

(p = 0.2820)
F =0.87

(p = 0.3505)
F = 3.79*

(p = 0.0515)
F =3.72%

(p = 0.0539)
F = 7.86%%*

(p = 0.0051)

These estimates are based on pooled data from waves 1-11 of the HILDA survey. The sample is restricted to
people aged 15 and above. Statistical significance at the 90, 95 and 99 % level of confidence is indicated by
* F% and *** respectively

visually very close to linear. However, the adjustment of mental health scores appears to
‘overcompensate’, and equidistance is strictly rejected by the statistical tests performed
here.

The model estimates presented here suggest information about mental health explain
around 21 % of the variation in life satisfaction observed across individuals. The degree of
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commonality of information between these variables may therefore seem fairly modest,
though this level of explanatory power exceeds that of many large subjective wellbeing
models presented in the literature. 20

4.2 An Extension: Intertemporal Comparisons of Life Satisfaction
and Mental Health

Subjective wellbeing data are increasingly available in longitudinal panels. Intrapersonal,
or intertemporal, comparison is therefore of interest, in addition to interpersonal com-
parison. It is difficult to evaluate intertemporal comparison with the same level of speci-
ficity as interpersonal comparison. Nonetheless, the analysis is extended to consider
intertemporal comparison in as far as this is possible, providing some supplementary
results to evaluate whether the patterns observed across individuals is also observed within
individuals across time. As such, Eq. (6) is estimated as a fixed-effects panel model, with
results presented in Table 6, and visually in Fig. 3.

A very similar pattern is observed within individual across time as across individuals.
Ordered distinctness of score-points is confirmed by a joint hypothesis test, apart from the
lowest score which again is an anomaly. Movements in raw mental health scores across life
satisfaction score-points are again observed to diminish slightly toward the upper end of
the life satisfaction scale. When adjusted mental health scores are used these nonlinearities
are again diminished, and the relationship appears approximately linear, although the
condition of equidistance is again rejected by the joint hypothesis test.

5 Summary, Discussion and Conclusion

The increasingly common use of survey data on happiness and satisfaction in economic
analysis and for policy design and evaluation implies a degree of acceptance that these
data bear a meaningful relationship with the relevant types of utility. The general
assumption of a positive monotonic relationship between utility and subjective wellbeing
is common, and seems justified, though these data are also increasingly assumed to be
cardinally comparable both across and within individuals. Hirschauer et al. (2014,
p- 654) state that “Aside from the mismatch between utility and happiness, the behavior
of the measurement function itself [...] is far from clear. Due to its strong focus on
empirical research, this is often overlooked in happiness research. As a result, cardinal
interpretability and interpersonal comparability of subjective well-being data are often
taken as a given.” This paper addresses the issues of ordinal and cardinal comparability
of these data directly.

Ordinal comparability of subjective wellbeing scores is implicitly assumed in most (or
all) analyses of such data, though there is very little specific evidence on which to base

20 When these life satisfaction data are regressed on gender, age (squared and cubed terms included),
marital status, the presence of children, labour force participation, physical health, education, income (log of
equivalised household income) and personal characteristics, these variables are found to explain just over
18 % of the variation in life satisfaction observed across individuals. This is comparable to other similar
models presented in the literature, such as Boyce and Wood (2011), who estimate a similar model with an
adjusted R-squared of 0.20. When mental health information is added to such a model the explanatory power
increases from 18 to over 27 %. Consequently, mental health information contains a lot of information about
life satisfaction, much of which is unique and cannot be attributed to other variables. Because this type of
life satisfaction model is not of key interest here, these estimates are not presented in the paper.
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Table 6 Raw and adjusted mental health within individuals: fixed-effects panel model estimates

Parameters

Raw MHS5 (SE)

Adjusted MH5

Intercept(By = Wio)

Bo(=Wg — Wip)

Model information and diagnostics

Joint hypothesis test: f; = > = - = fs = fo
Joint hypothesis test:
Br=Bo)=Br=B)=---= By = Bs) =P

78.73%%% (0.1133)
—1.27%%% (0.1337)
—3.57%% (0.1355)
—6.98%%* (0.1336)
—10.81%%* (0.1975)
—13.73%%% (0.2230)
—17.25%%% (0.3525)
—20.64%** (0.4379)
—22.37%%% (0.5881)
—27.83%%% (0.8524)
—21.72%%% (1.0306)
N = 129,847 (24,082)

R? = 0.6108*
F = 878.94%x
(p < 0.0000)
F = 884.3]%%*
(p < 0.0000)
F = 35.04%#%
(p < 0.0000)

70.49%%% (0.0879)
—1.40%%* (0.1038)
—3.27%%% (0.1052)
—5.74%%% (0.1192)
—8.26%%* (0.1534)
—10.06%** (0.1731)
—12.33%#% (0.2736)
—14.74%%* (0.3399)
—16.02%*% (0.4566)
—20.34%% (0.6617)
—15.94%** (0.8001)
N = 129,847 (24,082)
R?* = 0.6090"
F = 750.45%%*

(p < 0.0000)
F = 715.56%%%

(p < 0.0000)
F = 17.54%%

(p < 0.0000)

These estimates are based on pooled data from waves 1-11 of the HILDA survey. The sample is restricted to
people aged 15 and above. Statistical significance at the 90, 95 and 99 % level of confidence is indicated by

*, k% and *** respectively

*# This statistic is generated by estimating the model with a dummy variable included for each individual
surveyed in the sample. This produces an R-squared statistic that may be interpreted in the usual way

Life Satisfaction Groups (r)

Life Satisfaction Groups (r)

40 45 50 55 60 65 70

75 80 85 90

Raw Mental Health Scores (w)

Fi

[t

40 45 50 55

60 65

70 75 80 85 90

Adjusted Mental Health Scores (w")

g. 3 Mental health characteristics of life satisfaction groups: within individuals

this assumption. Cardinal comparability is a stronger assumption, yet it is increasingly
common, and justified almost exclusively on the basis of statistical convenience and with
very little consideration about potential misuse of data. The argument for why cardinality
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is desirable is clear, though potentially it weakens as information availability and sta-
tistical methods are improved. However, no identified work has looked directly and
empirically at the question of why it might be reasonable, and this represents the key
contribution of this paper.

The analysis presented here evaluates the ordinal and cardinal comparability of the
eleven-point numeric life satisfaction scale, using the MHS5 mental health index, treating
the association between these two measures as the combination of two separate response
functions which both reflect true wellbeing or utility. Consequently, we may observe
something about the response function for life satisfaction via this association, with a level
of specificity determined by what we are willing to assume about the response function for
mental health. Because the mental health index is constructed and validated to fit the Rasch
model, measurement theory decrees that the required adjustment of raw scores will pro-
duce a cardinal measure.

If one is prepared to accept a linear response function for adjusted mental health scores,
the response function for life satisfaction is observable indirectly via the association
between life satisfaction and adjusted mental health scores. If one is prepared only to
accept that the response function for mental health is logistic in shape, but not fully known,
then the shape of the association between life satisfaction and mental health scores pro-
vides some boundaries for what shape the response function for life satisfaction may take.
Alternatively, if one is not prepared to make any assumptions whatsoever about the pos-
sible form of the response function for mental health, this association is unable to tell us
anything useful about the response function for life satisfaction, and though this view
cannot be dismissed it is clearly not advocated here.

First and foremost, the results presented here show that life satisfaction scores are
ordinally distinct in terms of mental health, whether raw or adjusted (‘cardinalised’) data
are used. This holds both across individuals and within individuals. The association
between life satisfaction and mental health is here found to be quite strong, compared a
range of other known correlates of subjective wellbeing, and approximately linear. Dis-
tances in raw mental health scores diminish at the edges of the life satisfaction scale,
though this ‘raw score bias’ is reduced when adjusted scores are used. Visually, the
association between life satisfaction and adjusted mental health scores appear very close to
linear, both across and within individuals. However, equidistance of score-points is
rejected by the statistical tests applied here, also when adjusted scores are used.

These results may be interpreted in a range of ways, as indicated. The only true evidence
provided here pertains to the association between life satisfaction scores and raw or adjusted
mental health scores. A number of factors determine the extent to which we can use this
information to draw useful inferences about the metrics of the life satisfaction scale, and its
underlying response function. One might argue that the degree of commonality between life
satisfaction and mental health is too weak to be used as a basis for evaluating ordinal and
cardinal comparability. A counter-argument is that these data are persistently noisy and that
this degree of commonality is comparatively strong. Clearly, there is enough commonality
for the hypothesis of ordered distinctness to hold.

Conservative data users may maintain that utility is and remains inherently unobserv-
able and that cardinal comparability therefore cannot be justified. However, this view
arguably also brings ordinal comparability into question, and thereby any useful evaluation
of subjective wellbeing data, at least in economic analysis. A counter-argument could be
that observation of people’s subjective wellbeing and behaviour is consistent with ordinal
comparability, because low satisfaction in certain spheres of life (like work and marriage)
are generally associated with a higher probability of subsequent change (like change in
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employment and separation or divorce).”' That is, we might accept ordinal comparability
because the data behave in a way that is consistent with this assumption. If so, we ought to
be equally willing to accept cardinal comparability when faced with evidence that the
behaviour of subjective wellbeing data is consistent with what we expect of a cardinal
measure.

There is an ongoing debate on metrics and inference in the broader literature, where
conservatives warn against misrepresenting data which are not truly cardinal and producing
invalid statistics (e.g. Katzner 1998) and others warn equally strongly against being too
conservative and not making the best use of the information available (e.g. Guttman 1977).
Guttman argues that researchers should select data analysis based on loss minimisation
rather than on ‘permission’ in order to avoid wasteful and inefficient use of data. Other-
wise, any metric which is not a purely objective measure, but is often treated as cardinal,
must be demoted to ordinal status, including IQ, student grades, many health metrics, and a
range of other index-like measures.

Consequently, scholars sympathetic to Guttman (1977) might consider the behaviour of
these life satisfaction scores sufficiently consistent with the conditions of uniqueness and
equidistance to provide a justifiable basis for both ordinal and cardinal comparability, both
across and within individuals. Scholars more sympathetic to Oswald (2008) might maintain
that utility is and remains unobservable, and that in spite of the sophisticated tools of
psychometrics the assumption of cardinal comparability remains too heroic. The main
purpose of this paper is not to argue for either side of this debate, but rather to provides
much-needed information to enable data users to make more informed choices with respect
to how they treat subjective wellbeing data, and in particular the eleven-point numeric life
satisfaction scale. Nevertheless, all things considered, the evidence in favour of ordinal and
cardinal comparability is considered compelling.
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