
Essays in the Economics of Subjective

Well-Being

Glenn Goldsmith

Balliol College, University of Oxford

A thesis submitted in fulfillment of the requirements for the
degree of Doctor of Philosophy in Economics

Trinity Term, 2009

Approx 99,000 words



Essays in the Economics of Subjective Well-Being

Glenn Goldsmith, Balliol College

Doctor of Philosophy in Economics

Trinity Term, 2009

This thesis explores three major issues in the burgeoning empirical literature
on the determinants of subjective well-being (SWB).

While economic theory assumes that it is current consumption that mat-
ters to SWB, empirical work has focused almost exclusively on the effect of
income. In Part I, we use household panel data from Russia and Britain to
show that neither the standard theoretical account, nor the standard em-
pirical practice may be adequate. Consumption, income, and wealth each
contribute separately to SWB, in particular via perceptions of status and
anticipation of the future; and omitting consumption from SWB equations
significantly understates the importance of money to SWB.

Distinguishing between consumption and income is also important to
identifying reference effects. In Part II, we confirm earlier findings that oth-
ers’ income has a positive (informational) effect on SWB in Russia, but show
that others’ consumption has an offsetting negative (comparison) effect. The
net effect depends on how we define individuals’ reference groups. We de-
velop a novel econometric model that lets us estimate these reference groups
from the data. Contrary to previous results, we conclude that comparison
dominates information.

Most SWB analyses focus on the average effects of money, relationships,
and other outcomes across a given population; yet there may be significant
differences in what is important to different people. In Part III, we employ
parametric and semi-parametric random coefficient models to show that there
are large differences in the determinants of individual SWB in Britain, and
(in contrast to previous work) that such differences cannot simply be at-
tributed to differences in individuals’ reporting functions. While individual
differences correlate with (some) observable demographic variables, they do
not generally correlate with individuals’ perceptions about what is important
to them. The results of SWB research may therefore be a useful source of
information.
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Chapter 1

Introduction

Individuals the world over spend significant amounts time and energy striving

to improve their circumstances — presumably because they think that this

will improve their lives in some sense. For their part, economists, and the

governments they advise, have typically been content to accept such revealed

preferences as indicative (indeed, in some cases definitive) of the true value

of various outcomes, economic and otherwise — after all, if individuals think

that something will make them happy, who are economists to argue? In

recent years, however, there has been increasing interest — amongst both

economists and other social scientists — in using self-reports of subjective

well-being (SWB) to determine what makes people happier, or more satisfied

with their lives (see e.g. Oswald, 1997; Kahneman, Diener, and Schwarz, 1999;

Van Praag and Ferrer-i Carbonell, 2004; Layard, 2005a; Frey, 2008).
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This thesis explores three major issues in the burgeoning empirical litera-

ture on the determinants of subjective well-being (SWB). This introduction

provides a short overview of these in Section 1.1, before moving on, in Sec-

tion 1.2 to discuss two foundational issues underlying SWB research more

generally: the nature of SWB and our interest in it; and the means by

which it can be measured. We suggest in particular that while it seems clear

that self-reported SWB measures have the potential to significantly advance

our understanding of human well-being, exactly how useful they are will in-

evitably depend on both our underlying normative commitments, and the

specific uses to which the measures are put.

1.1 Overview

The first issue this thesis seeks to address relates to age-old question of

whether money can buy happiness. While economic theory assumes that it

is current consumption that matters to SWB, empirical work has focused

almost exclusively on the effect of income. In Part I, we use household panel

data from Russia and Britain to show that neither the standard theoretical

account, nor the standard empirical practice may be adequate. Consump-

tion, income, and wealth each contribute separately to SWB, in particular

via perceptions of status and anticipation of the future; and omitting con-
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sumption from SWB equations significantly understates the importance of

money to SWB.

Distinguishing between consumption and income is also important to the

second focus of the thesis: identifying reference effects. In Part II, we confirm

earlier findings that others’ income has a positive (informational) effect on

SWB in Russia, but show that others’ consumption has an offsetting negative

(comparison) effect. The net effect depends on how we define individuals’

reference groups. We develop a novel econometric model that lets us esti-

mate these reference groups from the data. Contrary to previous results, we

conclude that comparison dominates information.

The subject of the final two chapters is individual differences. Most SWB

analyses focus on the average effects of money, relationships, and other out-

comes across a given population; yet there may be significant differences in

what is important to different people. In Part III, we employ parametric

and semi-parametric random coefficient models to show that there are large

differences in the determinants of individual SWB in Britain, and (in con-

trast to previous work) that such differences cannot simply be attributed to

differences in individuals’ reporting functions. While individual differences

correlate with (some) observable demographic variables, they do not gener-

ally correlate with individuals’ perceptions about what is important to them.

The results of SWB research may therefore be a useful source of information

3



to them.

1.2 Justifying SWB Research

The rise of interest in SWB within the dismal science has not been without

its critics (see e.g. Bertrand and Mullainathan, 2001; Johns and Ormerod,

2007; Wilkinson, 2007). SWB research — especially in the survey-based form

typically practised by economists — is based on two potentially contentious

assumptions: (1) that we care about individuals’ subjective well-being; and

(2) that we can adequately measure it. A great deal of ink has been spilled

addressing various aspects of these assumptions, and we shall not engage in

an extended defence them here. Nonetheless, sections 1.2.1 and 1.2.2 present

a brief discussion of each in turn. The two major themes that we wish to

emphasise relate firstly to the range of potential conceptions of well-being

in which we may be interested, and secondly to the importance of both our

underlying normative commitments, and the specific purposes of our anal-

ysis, in determining the degree to which we are able to accurately measure

well-being. It seems clear that SWB measures can usefully add to our knowl-

edge, and make a valuable contribution to both policy debates and individual

decision-making. Nonetheless, such measures do have certain weaknesses,

which require us to be careful in our uses of data and our interpretation of

4



results.

1.2.1 Conceptions of SWB

This is not the place for anything resembling a rigorous defence of the notion

that the pursuit of individual well-being (somehow defined) should be the

primary goal of either individuals, or of public policy. Indeed, no such defence

is required to justify an interest in SWB research. What is required is simply

that subjective well-being be amongst the things we care about — a minimum

condition which seems relatively innocuous. As Sen (1985) has observed, “[i]t

would, of course, be altogether amazing if moral goodness had nothing to do

with well-being. . . the question is not whether well-being is an intrinsically

important variable for moral analysis, but whether it is uniquely so.” Most

people would agree that, while they might be willing to sacrifice their well-

being in the name of other goals, other things equal, they would like to lead

happy, satisfying lives. The point of SWB research is to provide information

that may assist them (and the governments who serve them) in doing so.1

The major challenge to the importance of SWB derives less from con-

cerns about the importance of well-being per se, and more from doubts

1Even if we did not care about happiness as an end in itself, we might still care about it
instrumentally. For example, Clark, Georgellis, and Sanfey (1998) find that job satisfaction
negatively predicts quit rates. To the extent that this is true, we may also care about the
determinants of job satisfaction for their behavioural consequences. However, this use of
happiness research is somewhat tangential to the point of this thesis.

5



about whether the most appropriate notion of well-being is subjective (as

opposed to objective). The attraction of subjective theories seems to be due

to two related notions: on the one hand a sense that whatever is good for a

person be required somehow to resonate with them; and on the other, the

complementary idea that whatever resonates with a person should (at least

presumptively) contribute to their well-being. There are no doubt those who

fail to feel the pull of these intuitions, but they, or something like them ap-

pear to be fairly generally accepted (in particular by economists), and to

lie behind most attempts in the philosophical literature to flesh out various

theories of well-being in greater detail (as depending, say, on pleasure and

pain, or on the fulfillment of individual desires, to take Parfit’s (1984) two

most prominent examples).

Most cases in which people have felt it necessary to depart from subjective

views are based on specific cases when individuals’ subjective judgments seem

to go astray — either because of false beliefs,2 flawed reasoning, or, perhaps

most importantly, individuals adjusting their standards downwards when

they find themselves in undesirable situations. Sen (e.g. 1987) in particular

has been a vocal critic of happiness-based theories of well-being on this final

2A particularly relevant example for SWB research is the finding that individuals’ SWB
appears to depend in part on perceptions of mobility and expectations about the future
(see e.g. Senik, 2004; Clark and Senik, 2008). If such perceptions are misguided, then
one might legitimately question the extent to which they should be considered “good for”
individuals, if at all.
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ground — arguing, quite reasonably, that respecting such adjustments in

standards can serve to perpetuate unjust disadvantage.3

Nonetheless, it does not seem necessary to completely abandon subjective

conceptions of well-being in order to accommodate such concerns. Indeed,

there is a well-established tradition in the philosophical literature that at-

tempts to deal with such mistakes by shifting focus from individuals’ actual

(and therefore potentially mistaken) subjective attitudes, towards a set of

idealised ones. While such idealisations can vary in their details, the basic

idea is straightforward: to define well-being in terms of the responses of indi-

viduals who are fully-informed, rational, and/or whose evaluative standards

are not artificially constrained by their situation.4 Such idealised subjective

theories offer the promise of correcting obvious mistakes, while remaining

true to individuals’ own underlying values.5

Of course, even within the space of subjective theories, there still remains

a wide variety of possible notions of SWB one might adopt. Such notions can

be distinguished along at least three dimensions.6 Probably the main cleav-

3On the other hand, there does seem to be an important sense in which those who
emotionally adapt to impoverished circumstances are better off than those who do not.
Attempting to delineate exactly what sort of adjustment in standards should be deemed
problematic and what should not is not a straightforward task. It nonetheless seems that
an adequate theory of well-being should attempt to accommodate both of these concerns.

4For recent examples of such views, see e.g. Brandt (1979), Railton (1986), Griffin
(1986), Sumner (1996), and Brülde (2007b), but the basic idea stretches back to Mill
(1861) and Sidgwick (1913).

5Indeed, there is a sense in which correcting such mistakes can be seen as seeking to
uphold, rather than undermine, individuals’ true values.

6The potential distinctions one could draw here are legion. See e.g. Wilkinson (2007),
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age between different subjective theories is the type of subjective attitude

they consider relevant to well-being judgments. A general, if not entirely

satisfactory breakdown can be given in terms of what Brülde (2007b) calls

“affective” and “cognitive” theories. While affective notions of SWB focus

on individuals’ feelings or emotional states,7 cognitive conceptions of SWB

— as the name suggests — instead hold that it is an individual’s cognitive

evaluation of her situation that determines her SWB.8,9

Theories can also differ in what aspects of an individual’s situation they

focus on. While there is a general consensus that the attitudes in ques-

tion must somehow pertain to the subject’s own situation,10 it is difficult

Brülde (2007a,b), and Haybron (2007) for further possibilities.
7Examples of affective theories include: the classical Benthamite, or narrow hedonist

view which takes pleasure and pain as the determinants of utility; the preference-hedonist
view, which focuses on a potentially wider range of desired or preferred mental states,
and which was proposed by Parfit (1984, p.493) to accommodate the argument that “the
pleasures of satisfying an intense thirst or lust, listening to music, solving an intellectual
problem, reading a tragedy, and knowing one’s child is happy. . . do not contain any dis-
tinctive common quality. . . [except] their relation to our desires.” (In fact, while most
authors seem to have gone along with this argument (see e.g. Griffin, 1986, p.8), modern
advances in neuroimaging may throw doubt on whether it is in fact true.); and thymic
or mood-state views of the sort developed by Haybron (2005), and which focus on one’s
propensity to experience particular affective states over the medium-term.

8Depending on how one chooses to draw distinctions, such views can be taken to include,
inter alia: desire-fulfillment theories, which hold that one’s life goes well to the extent that
one’s desires are fulfilled, and is probably the most prominent example of this type of view;
and value-correspondence views, which focus on the degree to which one’s situation aligns
with one’s “deeper” values (as opposed to potentially fleeting, or unconsidered desires: see
e.g. Griffin (1986), whose “informed desire” account of well-being seems to appeal to such
a deeper sense of “value”).

9As Brülde (2007b) notes, one can also imagine hybrid theories, that combine two or
more of the individual theories noted above. Indeed, the sense in which “SWB” is used in
the psychological literature typically combines affective and cognitive components in this
way.

10This does not rule out the potential importance of others’ outcomes to SWB via either
altruism or jealousy, but does suggest that if such outcomes matter to an individuals’
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to describe precisely the way in which this should be the case, and differ-

ent approaches to the issue are possible. Some prefer SWB notions whereby

only things one actually experiences matter (e.g. Sumner, 1996), while oth-

ers reject this “experience requirement” (e.g. Parfit, 1984; Griffin, 1986).11

Conceptions can also differ in whether they focus on attitudes towards one’s

life as a whole or only on parts of it, such as attitudes held at a particular

time, or in relation to particular domains of one’s life (e.g. one’s health or

finances). Finally, as we have already suggested, different notions of SWB

may differ in the extent to which they respect individuals’ attitudes, even

when these appear to be based on some form of mistake.

Though we shall not defend it here, our own preferred notion of SWB

for normative purposes is one that is cognitive, global, rejects the experi-

ence requirement, and idealises away from mistakes of fact, reasoning, and

artificial constraints on individuals’ evaluative standards. In broad terms,

we are interested in the extent to which an individual’s life measures up to

her considered values. As we discuss in more detail in Section 1.2.2, this

(or any other set of normative commitments) will have implications for the

conclusions we can draw from different measures of SWB — although, as we

SWB, it must be because they directly affect that individual in some way (for example,
by influencing their emotional state).

11Parfit, for example, asks us to suppose that one of his strongest desires is to be a
successful parent. If his children have wretched lives because of mistakes he makes in
raising them, then — Parfit argues — his life goes badly for him, even if he does not
realise this (say, because his failure as a parent only becomes apparent after his death).
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also note, even for a given set of normative commitments, different measures

of SWB may also be more or less useful for different purposes.

1.2.2 Measuring SWB

The more contentious question than whether (some notion of) SWB is im-

portant is whether we can measure it with sufficient accuracy — in our case

via survey self-reports — to be useful. Once again, there is a great deal of

existing literature on this topic, which we do not propose to review in any

great detail here. What we want to emphasise instead is the fact that what

we require of different measures of SWB depends heavily on the purpose to

which they are to be put. In this section, we note firstly how different mea-

sures of SWB will have particular strengths and weaknesses depending on

our underlying normative commitments. We also explain our preference for

the the life-satisfaction measures which we use as our dependent variables

in the remainder of the thesis. We then go on to briefly discuss how the

different ways in which we might utilise these measures will require us to

make different assumptions about their comparability. In particular, our use

of panel data requires us to assume that our measures are inter-temporally

comparable. What other assumptions we will require will vary depending on

our purpose.
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Alternative Measures of SWB

Just as there are a variety of notions of SWB in which we might be interested,

there are also a variety of alternative SWB measures, each of which will ap-

proximate different well-being notions to varying degrees. In particular, such

measures may: (1) take different aspects of individuals’ lives as their objects;

(2) focus on different evaluative attitudes; and (3) be idealised to a greater or

lesser extent. The closer a measure matches our preferred SWB notion along

each of these dimensions, the more useful it generally will be. Nonetheless,

practical concerns may sometimes make slightly less well-matched measures

more useful. For example, time-specific measures of SWB will often be more

useful for regression purposes than global evaluations of an individuals’ entire

life-course, even if the latter better matches one’s preferred SWB concept.

Survey-based studies, and in particular those conducted by economists,

have often (and partly of necessity) been content to play fairly fast and

loose with alternative measures — variously identifying SWB with either self-

reported satisfaction with one’s life, job, or other economic circumstances,

answers to the question “how happy are you?”, or measures of mental health

(such as the General Health Questionnaire). In this regard, researchers have

no doubt been comforted by the frequent assertion that these measures tend

to track each other quite closely: to the extent that this is true, equivocation
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over the appropriate well-being concept, while not immaterial, is unlikely to

be crucial. At the same time, however, both evidence and introspection sug-

gest that various well-being concepts can in some cases diverge markedly, and

an appreciation of these divergences may be important both to the conduct,

and to the interpretation of SWB research.

Given the normative commitments set out in Section 1.2.1 above, our

preferred SWB measure would ideally be one that focuses on individuals’

assessments of how well (i) their entire lives measure up against (ii) their

considered values and (iii) does so in a way that avoids as much as possible

potential sources of bias or error (such as artificially constrained aspirations).

Of the measures available in the Russian and British data that we employ in

the remainder of the thesis, those that most closely approximate these cri-

teria are the global life-satisfaction questions.12 These measures nonetheless

depart from our ideal in three main ways.

First, although we might ideally prefer to focus on individuals’ entire life-

spans, this is neither feasible from a surveying perspective, nor particularly

useful from an econometric one. Because we rely on inter-temporal variation

in our measures to identify the effects of various factors on SWB, we must

necessarily focus on measures of current well-being.13 This means that we

12These questions, and the data in general, are described in more detail in Chapters 2
and 3 respectively.

13And indeed, the measures we employ contain specific time-referents asking individuals
to focus on their lives “at present” and their “current situation”.
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are unable to garner much information about how individuals’ assess different

time-patterns of SWB from a holistic perspective.

Second, our measures focus on the degree to which individuals are “sat-

isfied” with their lives. While this framing of the question seems to appro-

priately target a cognitive evaluation, Haybron (2007) has argued that such

satisfaction judgments may actually combine cognitive evaluation (“think-

ing things satisfactory”) with a potentially less cognitive notion of “actually

being satisfied”. He argues that this second aspect means that satisfaction

reports may not precisely track the sort of cognitive evaluation in which we

are most interested. Unfortunately, while the multi-item Satisfaction With

Life Scale (SWLS) of Diener et al. (1985) appears to address this potential

shortcoming, we do not have access to it here.14 On the other hand, the

correlations between the pure satisfaction component of the SWLS (which

corresponds roughly to the single-item questions in the RLMS and BHPS)

and its other components seem strong enough to allay severe doubts about

14The SWLS contains 5 items, and asks respondents to indicate the degree to which
they agree with the following statements:

(1) In most ways my life is close to ideal
(2) The conditions of my life are excellent
(3) I am satisfied with my life
(4) So far I have gotten the important things I want in life
(5) If I could live my life over I would change almost nothing

The first two of these in particular seem to be phrased closer to what we would ideally
like (the last two items have different temporal scope). Items (1) and (3) have the highest
factor loadings for the single largest factor (0.84 and 0.83 respectively) and also have the
highest item-total correlations (both 0.75).
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the measures we use here.

Third, the measures to which we have access are not idealised in any

sense, suggesting that we may need to be awake to the possibility that they

could be compromised in particular circumstances. As we discuss in the next

section, for example, it is possible that life-satisfaction judgments could be

affected by changes in individuals’ reporting scales.15

The usefulness of results derived from SWB measures other than global

life-satisfaction may need to be interpreted carefully if they do not match

our preferred normative focus. Because most alternative measures employed

in the literature — including measures of affective states, as well as satisfac-

tion in various of life’s sub-domains — are likely to contribute to a global

notion of life-satisfaction, they should be somewhat informative about its

determinants. Nonetheless, they will not necessarily be especially useful in

capturing the relative importance of different outcomes where the effects may

differ across different sub-domains.

To take an example, discovering that income is important to financial

satisfaction is unlikely to be especially informative about its value in the

context of one’s life as a whole.16 Similarly, it seems to us that the re-

15Again, the first item of the SWLS scale noted in Footnote 14 seems to better address
this. By focusing on the extent to which an individual’s life is “close to ideal” [emphasis
mine] the measure may get around potential problems with constrained aspirations noted
in Section 1.2.1 below. Correlations between this measure and the pure satisfaction item
suggest that this may not be a huge problem, but it may still we worth bearing in mind.

16We might think that it would at least identify the sign of the effect, if not its relative
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cent finding by Kahneman et al. (2006) that, while the rich report higher

life-satisfaction, they “are barely happier than others in moment-to-moment

experience”, may need to be interpreted with some caution. Kahneman

et al. (2006) interpret the divergence as being due to “focusing illusion” that

causes life-satisfaction to systematically overstate the importance of money.

However, while their results clearly suggest that life-satisfaction is a biased

measure of net affect, this does not directly address the issue of whether the

reported life-satisfaction judgments are mistaken. Mistake is clearly one pos-

sible explanation of this result; but another is simply that individuals value

more than just the aggregation of their momentary mood assessments.17

Conversely, if one’s preferred well-being concept differs from ours, then

the life-satisfaction measures we employ will have a distinct set of target-

mismatch problems. On the one hand, the general level of noise in the

measures is likely to increase. On the other, there are particular biases that

may be either introduced or alleviated if we adopt alternative views of the

appropriate SWB concept. (For example, as we just noted, life-satisfaction

judgments will probably overstate the importance of money to net affect.)

importance. However, if higher income also reduced satisfaction in other areas, then even
this could be ambiguous.

17One way to test the focusing illusion hypothesis would would be to see whether indi-
viduals do in fact alter their cognitive evaluations or their behaviour when presented with
the sort of findings outlined by Kahneman et al. (2006). Evidence of such changes would
support the idea that their initial assessments were mistaken.
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The Comparability of SWB Measures

As Ferrer-i-Carbonell and Frijters (2004) note, the purpose to which we wish

put our SWB measures will also affect the assumptions we will need to make

about their comparability. Abstracting from issues of measurement error,

there are at least four assumptions we might wish to make.18

(C1) Monotonicity : uit = fit(wit), where the reporting function, fit(·) is

a positive, (weakly) monotonic transformation, invariant only for the

same individual i at a single point in time t (implying that uit > u′it ⇒

wit > w′it).

(C2) Inter-temporal Ordinal Comparability : uit = fi(wit), where the report-

ing function, fi(·) is a positive, (weakly) monotonic transformation,

invariant over t for any given i (implying that uit > uis ⇒ wit > wis).

(C3) Interpersonal Ordinal Comparability : uit = ft(wit), where the report-

ing function, ft(·) is a positive, (weakly) monotonic transformation,

invariant over i for any given t (implying that uit > ujt ⇒ wit > wjt).

(C4) Cardinal Comparability : fit(wit) − fit(w
′
it) = git(uit, u

′
it), where git(·)

is known up to a multiplicative constant (usually assumed to take the

form git(uit, u
′
it) = (uit − u′it) ).

18The discussion here is based on Ferrer-i-Carbonell and Frijters (2004), who distinguish
between three assumptions. Their assumption (A1) is similar to our (C2); their (A2) is a
conjunction of our (C2) and (C3); and their (A3) of (C2), (C3) and (C4). As far as we
can tell, they do not clearly distinguish between (C1) and (C2).
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Regardless of our purpose, we will require measures that satisfy (C1), but

which of the other assumptions are necessary may vary. If our purpose were

to obtain descriptive measures of two populations’ relative levels of well-

being (say for the purpose of prioritising aid to the worst-off) then we would

need to assume at the very least (C3), and would be greatly assisted by

(C4). On the other hand, if our purpose is simply to qualitatively investigate

the correlates and determinants of subjective well-being, somewhat different

concerns arise: different estimators will be available to us depending on which

of these assumptions we can sustain. These are set out in Table 1.1 below.

Table 1.1: Assumptions Required for Alternative Estimators

Estimators Assumption(s)
(1) Ordinal

Cross-Section
(Ordered) Logit/Probit (C3)

(2) Ordinal Panel
Data

(a) Fixed Effects Ordered
Logit (Ferrer-i-Carbonell
and Frijters, 2004)

(C2)

(b) Pooled (Ordered)
Logit/Probit, Conditional
Logit, Das and Van Soest
(1999)

(C2) & (C3)

(3) Linear
Cross-Section

OLS (C3) & (C4)

(4) Linear Panel Data Pooled OLS, FE, RE,
Mundlak (1987), GMM

(C2), (C3) & (C4)

We discuss the issue of the choice of estimator in more detail in Chapter 2.

However, it is apparent that our use of panel data constrains us to estimators
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of types (2)(a), (2)(b) or (4), and thus, at the very minimum, we need to

assume inter-temporal ordinal comparability, (C2). On the other hand, we

can, if we wish, often avoid the need to rely on interpersonal (C3) or cardinal

(C4) comparability.

Ferrer-i-Carbonell and Frijters (2004) provide a good discussion of the

evidence for these various assumptions, and indeed provide some further

evidence of their own — showing that the results of regressions imposing

interpersonal (C3) or cardinal (C4) comparability appear very similar to

those imposing only inter-temporal comparability, (C2). We do not wish to

traverse this well-travelled ground again. However, a couple of points seem

worth drawing out.

The first is that Ferrer-i-Carbonell and Frijters (2004) actually appear to

conflate assumptions (C1) and (C2), and the evidence they cite in support of

the latter is for the most part only evidence in favour of the former. As far as

we are aware, there seems to be little evidence directly attempting to validate

SWB measures over time. While some support for the idea of inter-temporal

comparability can be found in the fact that the results of SWB regressions

relying on it tend to be both fairly consistent and intuitive, it would be useful

to have something stronger to rely on.

One particular concern around inter-temporal comparability is raised by

Wilkinson (2007), who suggests that findings that we adapt quite quickly
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to higher levels of income might instead be explained by re-norming of the

scales that individuals use to report SWB.19 While this does suggest some

caution in interpreting findings of adaptation, it bears noting that scale re-

norming will result in common variation in observed adaptation to different

outcomes, and will therefore have difficulty explaining observed differences

in adaptation between different variables (such as those found by Di Tella,

Haisken-De New, and MacCulloch, 2007, who show that individuals appear

to adapt differently to income and status).

A related point has also been made recently by Oswald (2008), who argues

that the existing evidence for the concavity of SWB in income could instead

be due to concavity in the function that maps “true” SWB into reported

SWB.20 As with the possibility of scale re-norming, this will affect estimates

of all coefficients simultaneously. Thus, a finding that the marginal SWB of

income declines more quickly than, say, leisure may still be reliable, even if we

cannot identify the rates of decline in absolute terms. Nonetheless, Oswald

(2008) seems correct to suggest that the form of the reporting function may

deserve more attention than it has received — clearly the conclusions that we

19This concept is similar, but not identical to the idea of a satisfaction, or aspiration
treadmill, suggested by e.g. Kahneman (1999). But whereas the satisfaction treadmill
suggests that individuals may re-norm their satisfaction scales relative to their underlying
emotional states, the scale re-norming hypothesis set out here applies more generally to
the re-norming of any reporting scale relative an underlying “true” well-being measure.

20Though he also presents some evidence that the reporting function for subjectively
perceived height is linear, as he notes, it is not entirely clear whether this will generalise.
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can draw from SWB research will depend quite crucially on the assumptions

we can justifiably make about it.

1.2.3 Conclusion

The preceding discussion has provided a brief justification of the life-satisfaction

measures that we employ to track SWB in the remainder of the thesis, both

in relative terms as against alternative self-report measures, and more gener-

ally. It seems clear that such measures have the potential to contribute signif-

icantly to our knowledge about the sources of human well-being. However,

as we have suggested, different measures will have different strengths and

weaknesses, depending on one’s underlying normative commitments. More-

over, the precise conclusions we can draw from any given analysis will often

hinge on both these normative commitments, and what further assumptions

we are willing to make about our measures.

20



Part I

The Effect of Consumption,

Income, & Wealth on SWB
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Chapter 2

Russia

The age-old question of whether money “buys happiness” has been a major

focus of SWB research. Yet, while economic theory typically assumes that

it is current consumption that matters to current SWB, empirical work has

focused almost exclusively on the effect of income. In Part I of this thesis,

we use household panel data from Russia and Britain to suggest that both

the standard theoretical account and the standard empirical practice may be

inadequate.

A few existing papers have examined the SWB impact of non-income

measures of material well-being: Headey and Wooden (2004) and Brown,

Taylor, and Wheatley Price (2005) focus on net wealth and short term debt

respectively, while Headey, Muffels, and Wooden (2008) examine the impact

of various combinations of consumption, wealth and income. Part of our
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contribution here lies in extending this sort of analysis to an as yet unstud-

ied context (Russia), and in attempting to improve on the methodologies

of these previous studies (in particular by controlling for unobservable het-

erogeneity). However, our major focus is more substantive: none of the

existing work has really attempted to address the underlying reasons why in-

come and/or wealth may matter to SWB, and the results obtained generally

seem to have been interpreted as supporting — rather than undermining —

the standard consumption-based model (see e.g. Clark, Frijters, and Shields,

2008). In contrast, we attempt to provide a fuller account of both how and

why income and wealth matter to SWB. While our results support previous

studies in suggesting that income coefficients may substantially understate

the importance of money to SWB (by 40-80% in Russia, and by more than

600% in Britain), they also suggest a number of further conclusions. First,

the consumption-based model seems inadequate to explain the impact on

SWB of income and wealth: income and wealth do not seem to simply proxy

for consumption (as e.g. Clark, Frijters, and Shields, 2008, suggest). Instead,

they appear to matter to SWB independently — in particular by contributing

to status, self-esteem, and/or a sense of security about the future.

The existence of these indirect channels to SWB has a number of inter-

esting implications. One such implication is to lend support to a perspective

on inter-temporal decision-making that focuses on the importance of antic-
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ipatory emotions as both a source of current utility and a motive for e.g.

savings and investment behaviour. Prior to the emergence of the the dis-

counted utility model, such a view was championed by W.S. Jevons (1888)

and especially H.S. Jevons (1905) — and has recently been resurrected in

a number of behavioural models (see e.g. Caplin and Leahy, 2001; Köszegi,

2005).

Another is that different types of income and wealth may have different

effects on SWB. In Russia, for example, we find that earned income has

a greater effect than unearned income, a finding that we attribute to the

greater sense of status or self-esteem it may bring. In Britain, meanwhile, we

find that different types of wealth have markedly different effects on SWB:

wealth that is more closely linked to the consumption of specific items in

the near future has a greater impact than less-specific, or longer-term wealth

holdings.

Finally, these results also demonstrate the importance of context to de-

termining the impact of income or wealth on SWB — as evidenced by the

large differences between the importance of income in Russia and Britain, as

well as some systematic (albeit smaller) differences within the British sample

itself. As we discuss later, possible reasons for this divergence include both a

greater focus on future economic security, and/or a greater focus on income

as a source of status, in Russia.
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In this chapter, we focus on the Russian case, before moving on in Chap-

ter 3 to look at Britain. Section 2.1 begins by describing the apparent discon-

nect between the consumption focus of traditional economic theory and the

income focus of standard practice in SWB research, and suggests a number

of reasons to suspect that neither may fully capture the effects of money on

SWB. Section 2.2 discusses the existing work on this topic in more detail,

and explains how we hope to build on it. Section 2.3 describes the Russian

context and the RLMS data that we employ, while Section 2.4 sets out in

broad terms the basis of our empirical strategy. Section 2.5 presents evidence

that consumption, income and wealth each matter independently to SWB in

Russia. Section 2.6 shows that status and security are both important in

explaining these effects, and that, consistent with the status view, earned

income appears to have a greater impact on SWB than unearned income.

Section 2.7 concludes.

2.1 Consumption, Income, Wealth, & SWB

According to standard economic theory, it is not money per se that brings us

satisfaction, but the flow of goods and services — the food, clothing, shelter,

cars, TVs and so on — that it allows us to purchase. This is reflected in the

standard model of inter-temporal decision-making, which assumes that indi-
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viduals maximise, at each point in time, the (discounted) sum (or integral)

of period utilities over their lifetime T : Ui(t) =
∑T

τ=t u(ciτ ). In this formu-

lation, period utility is assumed to be a function only of contemporaneous

consumption, cit, and the purpose of both income and wealth is simply to

enable such consumption, either now or in the future.1

Unfortunately, good quality consumption data can be difficult to come by,

so the equations typically estimated in the SWB literature tend to focus on

income instead. Under the standard view outlined above, we would expect

such equations, which are essentially employing noisy proxies for consump-

tion, to underestimate the importance of money (see e.g. Weinzierl, 2006;

Clark, Frijters, and Shields, 2008, for expressions of this view).2 On the

other hand, SWB research is also notable for its focus on sources of well-

being beyond the merely material, and these provide reasons to suspect that

income and wealth may in fact have effects on SWB that are independent

of consumption. As we discuss below, income and wealth could affect SWB

1While some models do assume income as the argument in the utility function, it is
typically as a proxy for consumption, under the simplifying assumption that the two are
equal when individuals do not save. Similarly, lifetime wealth may be used as the argument
in a lifetime utility function, as, under certain assumptions (e.g. lack of credit constraints),
it will determine the sum or integral of a maximising agent’s instantaneous utilities.

2Much of the theoretical work on which the happiness literature is based appears to
uphold this traditional focus on consumption. The likes of Veblen (1899) and Frank (1984,
1999) place great emphasis on the phenomenon of “conspicuous consumption” (though
Frank (2003) speaks instead in terms of relative income), while Hirsch’s (1976) focus
on “positional goods” also suggests a somewhat consumption-centric approach. Even
Duesenberry (1949), who is so often cited as the father of the “relative income” hypothesis,
was clear in his formalisation that it was relative consumption that featured in the utility
function (see e.g. p.32).
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via status, self-esteem, or anticipatory emotions — indeed, they could even

do so directly. There actually seems little reason in theory to assume that

consumption is the only argument in the SWB function.

Status

How we think we are perceived by others is undoubtedly a major influence

on SWB. And while we need not go as far as Fourcade and Healy (2007) —

who claim that “in modern society money is central to the evaluation of the

moral worth of individuals” — it nonetheless seems reasonable to suppose

that money should influence this sense of status.3

On the other hand, there is little reason to restrict our attention specifi-

cally to consumption in this regard. While it may be true that certain types

of consumption are more visible than income or wealth, and may therefore

provide a focal point for “demonstration effects” and status concerns (see e.g.

Veblen, 1899) it seems implausible to suggest that others’ income and wealth

are entirely invisible. Not only are certain types of wealth (such as housing)

visible, individuals will often be aware of the incomes of others in their in-

dustries, workplaces, or social circles,4 and for this reason both income and

3While talk of status typically connotes a concern with relative standing, our usage
here need not do so. If the respect accorded us by others depends on our absolute, and
not our relative position, then “status” in our sense will inherit this absolute quality.

4Certainly, much of the job satisfaction literature assumes as much (see e.g. Brown
et al., 2006; Clark and Oswald, 1996), as does Senik’s (2004; 2008) recent work providing
empirical support for Hirschman and Rothschild’s (1973) “tunnel effect” (the thesis that
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wealth seem capable of contributing to status.

Self-Esteem

In contrast to status, which reflects others’ perceptions of us, self-esteem re-

flects our perceptions of ourselves.5 Evidence suggests a strong link between

self-esteem and SWB (for a review, see Bauermeister et al., 2003). In the

data considered by Diener and Diener (1995) and Furnham and Cheng (2000),

self-esteem emerges as the strongest predictor of life-satisfaction (though Di-

ener and Diener, 1995, report that the correlation is weaker in more “col-

lectivist” countries). A number of other studies confirm high correlations

between the two concepts (e.g. DeNeve and Cooper, 1998; Shackleford, 2001;

Lyubomirksy, Tkach, and DiMatteo, 2006), and there also appear to be

strong associations between low self-esteem and depression and anxiety (again

see e.g. Bauermeister et al., 2003). While it is not entirely clear how much

of this reflects a causal effect from self-esteem to life satisfaction, there is at

least a strong intuitive basis to suspect causation.

Similarly, there are good reasons to think that income and wealth should

exert an influence on self-esteem, even independently of status concerns. To

the extent that income is seen as an earned reward for one’s work and achieve-

increases in others’ income may improve SWB by acting as a signal of future prospects).
5Of course, the two will be related to the extent that we internalise others’ perceptions

of us (Mead, 1934; Cooley, 1902).
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ments, it is likely to enhance one’s self-perception. In similar vein, if income

represents the flow of one’s current achievements, wealth may in a sense

represent the stock of one’s past achievements, suggesting that both may

contribute positively to one’s self-image. This conjecture is consistent with

what evidence exists on the link between socio-economic status (SES) and

self-esteem, and in particular, the finding that the connection between the

two appears to rise with age (see e.g. Rosenberg and Pearlin, 1978; Gecas

and Seff, 1990; Twenge and Campbell, 2002): one way to explain such re-

sults is that the observed weak relationship at younger ages (and particularly

amongst children) is due to the fact that SES is less a function of one’s own

achievements when young, and that the perceived connection between SES

and achievement rises over time.6

Anticipation

The third reason income and wealth may matter to SWB is through anticipa-

tion, in particular via emotions such as hope and anxiety. The link between

such emotions and SWB should be fairly obvious (indeed, anxiety is typically

considered a major form of subjective ill -being). Recognising this, a body of

work within behavioural economics has recently begun to incorporate such

6Other explanations are of course possible; in particular, Twenge and Campbell (2002)
argue that variation in social reference groups can explain much of the variation in the
link between SES and self-esteem, even if other factors play a role.
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anticipatory concerns into decision models, arguing that such factors can help

to explain a number of otherwise puzzling phenomena: from why individuals

sometimes choose to experience negative events sooner and positive events

later (Loewenstein, 1987; Elster and Loewenstein, 1992); to the risk-free rate

and equity premium puzzles (Caplin and Leahy, 2001).7

These models typically define anticipation as a function of the distri-

bution of future consumption possibilities, which enters the utility function

independently of current consumption: uit = u(cit) + v(Φt(ct+1, . . . , cT )).

Nonetheless, it is easy to see how income and (especially) wealth are likely to

affect such possibilities. On the one hand, wealth confers security about fu-

ture consumption in the face of expected or unexpected shocks; on the other,

to the extent that there is persistence in income or wage processes, current

income may confer security, by acting as a signal of future income prospects

(and thus, future consumption prospects). (There is an obvious parallel here

to the “tunnel effect” proposed by Hirschman and Rothschild (1973), except

that here, it is own income rather than others’ that is presumed to provide

information about the future.)

In contrast to the traditional discounted utility model (which models

inter-temporal decision-making as a detached weighing of future and cur-

rent utility), such anticipatory utility models recall the older Jevonian (1888;

7See also Köszegi (2005); Köszegi and Rabin (2006, forthcoming).

30



1905) perspective, which held that the primary motivation for savings, in-

vestment, and other future-oriented activities was the utility they brought in

the present.

Direct Importance

It is also possible that either income or wealth could be directly important

to SWB, independently of the channels just discussed. It may be that we

simply like getting or having money: for example, Knutson et al. (2003) find

evidence that merely receiving money activates areas of the brain associated

with positive emotion, while Schwarz (1990) reports that finding a 10 cent

piece on a photocopier increases reports of life-satisfaction, presumably due

a temporary elevation in mood. It is unclear to what extent we should

expect such effects to generalise into longer term mood, or broader cognitive

judgments (and indeed, the experiment reported by Schwarz (1990) is usually

interpreted as evidence against the reliability of life-satisfaction measures,

which we would prefer to exhibit somewhat more stability). Nonetheless, if

a high income, or the accumulation of wealth is a consciously chosen goal

for any individual, then they could presumably gain satisfaction from such

achievements even if this did not contribute independently to their status,

self-esteem, security, or mood.
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Variation

As shown in Figure 2.1, each of the (indirect) channels described above in-

volves a two-stage mapping from the primary outcome(s) with which we are

concerned (here income or wealth) to SWB. The first stage is from the pri-

mary outcome to the relevant intermediate outcome (status, self-esteem, or

security). The second is from these intermediate outcomes to overall SWB.

Both these mappings will likely be somewhat idiosyncratic: for example,

income may be more important to some individuals’ self-esteem than oth-

ers; and some individuals may value either status or security more highly.8

However, we may also expect some systematic element to this variation: in

particular, different types of income and wealth may be more or less impor-

tant in different contexts.

Figure 2.1: Channels via which Economic Outcomes May Affect SWB

Self-Esteem
(a)(ii)

##Economic
Outcome

(a)(i)
11

(b)(i) //

(c)(i) **

DD

7
9

;
>

A
D

G
J M

S Y _ e k
q t

w
z

}
�

�
�

�
�

Status (b)(ii) // SWB

Security/
Future Consumption

(c)(ii)

<<

8We take up the issue of individual-level variation in more detail in Part III.

32



To take an example from the existing literature, Senik (2004, 2008) hy-

pothesises (and finds supporting evidence) that the positive effect of (suit-

ably similar) others’ income will be more important to SWB in highly volatile

economic environments. There are two potential reasons for this increased

importance: on the one hand, in a volatile environment, the average income

of similar others may provide a stronger signal of one’s own future prospects,

strengthening the link (c)(i); on the other, volatile environments may also

lead individuals to care more about their future economic security, thereby

strengthening link (c)(ii). Clearly, this latter effect could also affect the im-

pact of one’s own income or wealth on SWB. Similarly, there could be e.g.

cultural differences in the importance of money to status, or in the impor-

tance of status concerns to SWB (perhaps in part as a result of advertising

or other media).

Different types of consumption, income, and wealth could also affect SWB

to varying degrees. For example, some have suggested that earned income

may yield greater satisfaction than income received as, say, a benefit or sub-

sidy (see e.g. Gecas and Seff, 1990).9 This could be the case either because

others view earned income more favourably (i.e. via the link to status in

(b)(i) of Figure 2.1), or alternatively because higher earned income is asso-

9We discuss some other possibilities (related to anticipatory consumption) in greater
detail in Section 3.3.
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ciated with a greater personal sense of achievement or self-worth (i.e. via

(a)(i) in Figure 2.1).10

2.2 Existing Literature

While it is not clear that they have recognised the apparent disjunction be-

tween the happiness literature and economic theory, Headey and Wooden

(2004) and Headey, Muffels, and Wooden (2008) have recently argued that

it may be important to include broader measures of material well-being in

SWB equations, and, in particular, that focusing on income alone is likely to

underestimate the importance of money to well-being. Headey and Wooden

(2004) use cross-sectional household survey data from Australia to argue that

wealth is more important to well-being than income. Meanwhile, Headey,

Muffels, and Wooden (2008) use a broader range of survey data from Aus-

tralia, Britain, Germany, the Netherlands, and Hungary to estimate SWB

regressions that include consumption and/or wealth in addition to income,

again finding evidence that using income alone is likely to understate the

importance of pecuniary factors to SWB. In a similar vein, Brown, Taylor,

and Wheatley Price (2005) employ BHPS data to examine the effect of sav-

10In this latter case, the extent to which work-based achievement is “central” to indi-
viduals’ self-concept may also be important. As Gecas and Seff (1990) argue, those in
boring, monotonous work are unlikely to invest a great deal of their identity in workplace
achievement, and may therefore have a lower return to earned income than those whose
work allows them greater scope for autonomy or “self-expression”.
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ings and debt on mental health, finding that both exert significant effects in

addition to income.

Unfortunately, in part due to data limitations, the results in Headey and

Wooden (2004) and Brown, Taylor, and Wheatley Price (2005), as well as

most of those in Headey, Muffels, and Wooden (2008) are based on simple or

pooled cross-sectional regressions. As we shall see, such results are likely to

be contaminated by omitted personality traits, and may significantly over-

state the importance of pecuniary factors to SWB (see Ferrer-i-Carbonell

and Frijters, 2004, discussed in greater detail in Section 2.4.2 below). While

Headey, Muffels, and Wooden (2008) report some results from fixed effects

regressions, these use satisfaction with one’s standard of living as their depen-

dent variable, and therefore seem likely to overstate the importance of money

to global life-satisfaction.11 These regressions also produce somewhat more

mixed results. In Britain (where comprehensive wealth measures were not

available in the panel) consumption was much more strongly related to finan-

cial satisfaction than income; while in the Netherlands, (where consumption

measures were unavailable) wealth was much more strongly correlated with

financial satisfaction than income. However, in Hungary (the only country

for which all three measures were available in the panel), although wealth

11Their reason for omitting fixed effects life-satisfaction results is somewhat unclear,
given that global life-satisfaction seemed to be their preferred dependent variable in their
OLS specifications.
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was again more strongly correlated with SWB than income, consumption

attracted a significant negative coefficient, which is somewhat puzzling.12,13

This chapter and the next attempt to build on these results in a num-

ber of ways. They provide what is to our knowledge the first evidence that

consumption, income, and wealth each significantly affect global judgments

of life-satisfaction, even once we control for unobservable fixed effects. In

line with previous work, these results confirm that focusing on income alone

significantly understates the importance of money to SWB. But in contrast

to previous results (which have been interpreted by, e.g. Clark, Frijters, and

Shields, 2008, as lending support to the traditional consumption-based spec-

ification of utility), we also provide evidence that the effects of income and

wealth are independent of consumption, and do not merely proxy for it.

In the course of this analysis, Chapter 3 also seeks to resolve a conflict

between the two distinct approaches taken to the importance of wealth in the

existing literature. While Headey and Wooden (2004) and Headey, Muffels,

and Wooden (2008) focus on overall net wealth as the main driver of SWB,

12In fact, we suspect that part of the reason for this final result may be the narrow
focus on financial satisfaction, rather than the broader concept of life-satisfaction. If an
individual’s satisfaction with her financial situation is assessed primarily as the degree to
which her finances allow her to meet her consumption goals, the pattern of correlations
would in fact be entirely unsurprising, even if consumption contributes positively to one’s
overall satisfaction with life.

13Headey and Wooden (2004) and Headey, Muffels, and Wooden (2008) make a few
other specification choices that seem odd to us, including their decision to treat income and
consumption linearly in their SWB equations, in contrast to the more standard practice of
assuming (or at least allowing for) diminishing marginal returns (see Layard, Mayraz, and
Nickell, 2008, for a more extensive analysis of the functional form of the SWB function).

36



Brown, Taylor, and Wheatley Price (2005) instead employ disaggregated

measures of savings and debt. Comparing the predictive ability of these, as

well as a variety of other models, we argue that the disaggregated approach

better reflects the influence of wealth variables (and that it does so even

when thinking about one’s wealth holdings in a disaggregated way is not in

individuals’ emotional interests). Indeed, focusing on net wealth in the BHPS

would have incorrectly led us to conclude that wealth was unimportant to

SWB.

In further contrast to the traditional consumption-based model, we find

evidence that status, self-esteem, and anticipatory emotions may all play a

role in explaining the impact of pecuniary variables on SWB — with the latter

in particular lending support to recent behavioural models that attempt to

incorporate the effects of anticipation into current utility (e.g. Caplin and

Leahy, 2001; Köszegi, 2005).

The existence of these indirect channels also suggests ways in which con-

textual factors may affect the importance of income and wealth to SWB,

and our analysis provides a number of examples of this point. In Russia, we

find that earned income has a greater effect on SWB than does income that

is unearned (which we attribute to the former having a greater impact on

status and self-esteem); while in Britain we find evidence that wealth that is

more closely linked to consumption in the near future has a greater effect on
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SWB.

The potential importance of context is further highlighted by both the

significant difference in the effect of income between Russia (where it is nearly

as important as as consumption) and Britain (where its impact is close to

an order of magnitude lower than consumption); and by the fact that the

importance of income relative to consumption rises substantially in Britain

in response to the 2000 stock market crash. These changes suggest that the

relative importance of income is greater in situations of high volatility —

again lending support to the idea that expectations of and security about

the future have important effects on SWB.

2.3 Background

2.3.1 The Russian Context

The post-transition period in Russia has been a time of significant economic

and social upheaval (more comprehensive accounts of which can be found

elsewhere: see e.g. Klugman and Braithwaite, 1998; Graham, Eggers, and

Sukhtankar, 2004). Both the radical economic reforms that began in 1992,14

and the financial crisis that struck the country in 1998 have had drastic

14See e.g. European Bank for Reconstruction and Development (2004) for a detailed
account of these reforms
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effects on the Russian economy over the period, which, as Table 2.1 shows,

has been marked by large swings in national income, and high and variable

unemployment and inflation.

Table 2.1: Economic Indicators for Russia, 1994-2004

Year GDP/capita CPI Unemployment
growth Inflation

1994 -12.46 307.63 8.10
1995 -4.02 197.47 9.70
1996 -3.34 47.74 9.90
1997 1.70 14.77 11.80
1998 -5.04 27.67 13.30
1999 6.83 85.74 13.40
2000 10.00 20.78 9.80
2001 5.35 21.46 8.90
2002 5.18 15.79 8.60
2003 7.82 13.68 7.90
2004 7.76 10.88 7.90

All figures in (annual) %. Source: World Development Indicators (November 2007)

While clearly unfortunate from the perspective of those concerned, as

Senik (2004) has noted, the extent of these changes in the Russian economy

does have one small silver lining: providing analysts with high degree of

real and plausibly exogenous variation in economic outcomes. Provided we

can adequately control for the high levels of inflation, the Russian context

seems to afford us “a natural experiment characterized by an unusually high

variance in absolute and relative incomes,” (Senik, 2002, p. 2100) with which

to assess the impact of consumption, income, and wealth on SWB.
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2.3.2 Data

We employ Rounds 5-13 from Phase II of the Russian Longitudinal Monitor-

ing Survey (RLMS), a longitudinal data set tracking between 3700 and 4800

Russian households each year (with the exception of 1997) over the period

1994-2004.15 While not designed as a panel in the strict sense of tracking the

same individuals over time, the same dwelling units were sampled in each

round. This effectively yields a panel structure, but with significant attrition

over the course of the sample. Of those who are present in Round 5, only

45% are still in the sample in Round 13 (and of those, 27% were not observed

in at least one of the intervening rounds). We discuss the potential effects

this may have on our estimation (and the steps we take to deal with it) in

more detail in Section 2.5.3 below.

In each round, the survey asked the following question of each adult

household member: “To what extent are you satisfied with your life in general

at the present time?” with five possible answers ranging from “not at all

satisfied” to “fully satisfied”.16 As can be seen in Figure 2.2, the average

response changes significantly over the course of the sample, in a way that

15 An earlier phase was also conducted, covering the period 1990-1994. However, the
quality of the data from this early phase is generally thought to be poor, and the current
Phase was begun in 1994, with a different sample of households. Records from this second
phase cannot be linked with those from the first.

16The present-focus of the life-satisfaction supports our interpretation of the responses as
a measure of current life satisfaction, and contrasts with questions asked in other contexts
that specify alternative time frames for assessment (e.g. “your life until now”).
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appears broadly to track the country’s economic fortunes.17

The survey also contains detailed information on household income, in-

dividual income, and household expenditure. Ravallion and Lokshin (2001)

have discussed elsewhere the high quality of this income and consumption

data. The income measures we use as provided. However, for consumption,

we focus on a version of the RLMS “Household Expenditure” variable, mod-

ified so as to more accurately reflect a true consumption measure. Following

Deaton and Zaidi (2002), we construct this “Household Consumption” mea-

sure by (a) excluding savings and asset expenditure; (b) excluding spending

on consumer durables, and substituting an estimate of their rental value; and

(c) running hedonic housing regressions to obtain imputed values for hous-

ing rental. Further details regarding the procedures used to generate these

variables can be found in Appendix A.2. Figure 2.2 displays the change over

time in the mean of (logged) household income and consumption, and illus-

trates clearly the scale of the economic turmoil in Russia over the early part

of the period. Both incomes and consumption decline sharply until 1996

(recall that no survey was conducted in 1997), though the fall in consump-

tion is not as steep, suggesting that households are dis-saving over the period.

From 1998, income recovers quite strongly, finishing the period slightly above

its 1994 level; however consumption remains almost constant following the

17For more on this point, see e.g. Frijters et al. (2006).
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crash, presumably as households pay off debt and/or rebuild their wealth

stocks.

Figure 2.2: Consumption, Income,
and SWB in Russia
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Figure 2.3: Household Debt in Rus-
sia
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In contrast to the detailed data on consumption and income, the RLMS

does not include a comprehensive measure of wealth. In place of such a

measure, we use a combination of the following wealth proxies:18

(1) the imputed value of the durable stock used to construct the consump-

tion measure;

(2) rent arrears owed by the household (not collected in round 5);

18 We also experimented with using dummies for home ownership/privatisation, and
home value (whether privatised or not). However, in all cases, the coefficients obtained
were small and insignificant. This stands in marked contrast to the results reported in
Headey and Wooden (2004), who find that the housing stock is one of the most important
elements of wealth in explaining well-being. However (despite a potential upward bias in
their estimates due to an inability to control for fixed effects) we would not wish to read too
much into this. While part of the difference in estimates may reflect real differences in the
consequences of home ownership (e.g. in terms of access to credit, or security of tenure) or
different tastes for ownership, our estimates are likely to be seriously affected by the survey
design, which results in a relative lack of true variation in home values and ownership.
The issue of the subjective valuation of home ownership/value seems important in the
context of claims that housing privatisation may have either ameliorated or exacerbated
inequality in Russia and other transition countries (see e.g. Yemtsov, 2007). However, it
is not clear that the RLMS is capable of helping us resolve it.
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(3) total household debt (not collected in rounds 5-7);

(4) a savings variable that estimates the time that the household’s sav-

ings would last at their current level of consumption (collected only in

rounds 11 and 12).

While the lack of a comprehensive net wealth measure might initially seem

problematic, as we show in Chapter 3, individuals actually appear to base

SWB judgments on exactly these sorts of disaggregated factors, rather than

their entire net wealth position. These measures therefore seem perfectly

adequate for our purpose. Figure 2.3 displays the change in household debt

over the sample. As suggested above, the patterns are essentially the inverse

of those for consumption and income, with households falling into increasing

rent debt until 1996/1997, and then reducing debt thereafter.19

As noted above, obtaining real income, consumption and wealth values

is important given high levels of inflation in Russia across the period. Con-

sequently, all the monetary variables are calculated as monthly values, and

deflated to average 1995 roubles, using Goskomstat monthly CPI data.20

We do not adjust these measures for household size, preferring instead to

include it as a separate regressor. This allows us both to avoid the somewhat

19Although access to credit in Russia over the period is generally thought to be limited,
much of the rental stock was owned by local governments, and so households may have
been more easily able to run up rent debt than otherwise.

20As Frijters et al. (2006) note, this seems the lesser evil compared to the alternative of
using regional-specific CPI deflators, for which only annual data was available.
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vexed issue of the appropriate equivalence scale to use, as well as allowing

more flexibility in terms of how we allow the pecuniary variables to enter into

the utility function. While the rationale for using per capita consumption

(appropriately adjusted for economies of scale) is relatively clear under the

standard assumption that the consumption of goods and services is the only

argument in the utility function, the case is less straightforward once status

and security effects enter the mix.21

Additional variables that we use as controls include: age (in months);

subjectively evaluated health status (with answers ranging from “very good”

to “very bad” on a 5-point scale); marital status (never married, married,

divorced, or widow(er)); and employment status.

2.4 Estimating SWB Equations

The empirical strategies we pursue in the remainder of this thesis will vary

depending on the precise questions we are attempting to answer. Nonetheless,

they will generally share a basic structure, which we describe in general terms

in this section.

21In fact, while the family size effect is typically significant, and with the expected
negative sign, its inclusion changes the point estimates on the pecuniary variables very
little.
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2.4.1 The SWB Function

The basic equation estimated in most of the literature can be derived from a

general utility function of the form uit = U(uc(Cit), uz(zit)).
22 Here, U(·) is

a general utility function defined over sub-utility functions in consumption,

uc(Cit) and a vector of additional variables uz(zit), including demographic

and other factors, such as leisure and health, that we expect to influence

SWB. This is typically operationalised by assuming: additive separability

(both between uc(Cit) and uz(zit), and within uz(zit) between the elements

of zit); and a log-linear form for uc(Cit).
23 Substituting uc(x) = βc ln(x) and

uz(y) = y′γ into the original equation yields the empirical specification:

uit = citβc + z′itγ + εit (2.1)

where cit = ln(Cit).

Generalising this to allow for separate effects of consumption, income, and

wealth, we now specify uit = U(uc(Cit), uy(Yit), ua(Ait), uz(zit)) and again

assume additive separability between the sub-utility functions. However,

because income and wealth may be zero, and wealth may be negative, we

22We omit from this for now any specification of reference effects, which I will address
in more detail in Chapter 4.

23Layard, Mayraz, and Nickell (2008) present evidence that the elasticity of marginal
utility with respect to income is actually slightly higher than that implied by the logarith-
mic functional form (i.e. 1). They nonetheless suggest that logarithm seems a reasonable
approximation.
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have to modify the sub-utility functions slightly. For the income sub-utility

function, we follow Tinbergen (1991) in specifying uy(x) = βy ln(x+1) (which

sets uy(0) = 0).24 To allow negative values for wealth, we simply reflect this

below zero, such that ua(0) = 0 and ua(−x) = −ua(x):25

ua(x) =


βa ln(x+ 1) if x ≥ 0

−βa ln(1− x) if x < 0

Substituting these into (2.5) then yields:

uit = m′itβ + z′itγ + εit (2.2)

where mit is now a vector, (cit, yit, ait)
′ of the logs of monetary variables

defined as cit = ln(Cit), yit = ln(Yit + 1), and:

ait =


ln(Ait + 1) if Ait ≥ 0

− ln(1− Ait) if Ait < 0

and β is the stacked vector (βc, βy, βa)
′.

24Technically, this means that the function no longer invariant to the scale of Yit. How-
ever, provided the distribution of Yit begins sufficiently above 1, this has little practical
impact.

25The assumption that positive and negative wealth have equal effects can be relaxed
(and indeed will be in Chapter 3) by allowing the βas to differ.
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2.4.2 The Choice of Estimator

Two major econometric issues face researchers attempting to estimate an

equation like (2.2). The first is that responses to SWB survey questions

are typically categorical, rather than continuous. The second is the fairly

consistent finding that the lion’s share of individual SWB is explained by

(relatively) fixed personality traits, rather than observable life events (see e.g.

Lykken and Tellegen, 1996; Argyle, 1999; Diener and Lucas, 1999; Lyubomirsky,

Sheldon, and Schkade, 2005). To the extent that these (typically unobserved)

traits are correlated with the explanatory variables in which we are inter-

ested, taking account of unobserved individual heterogeneity is likely to be

important.

Until recently, however, there has been no accepted method of dealing

with fixed effects in the context of an ordered response model. Researchers

had thus been left with a choice between:

(1) using standard ordered response models (i.e. ordered probit or ordered

logit) without controlling for fixed effects;

(2) treating the categorical responses as continuous, and using standard

linear panel data estimators (typically fixed effects or Mundlak (1987)

decompositions, as the Hausman tests tend to systematically reject the

random effects assumptions); or
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(3) collapsing the categorical responses into a single binary variable (indi-

cating whether the response is greater or less than some cutoff point,

λ) and using Chamberlain’s (1980) conditional (fixed effects) logit es-

timator (see e.g. Hamermesh, 2001; Winkelmann and Winkelmann,

1998).

While the latter has the advantage of both preserving the categorical nature

of the responses, and controlling for fixed effects, it suffers from the major

drawback that it loses a very large proportion of data, which, as Ferrer-i-

Carbonell and Frijters (2004) note, runs the risk that “measurement errors

may well become a large source of residual variation.”

To address this problem, Ferrer-i-Carbonell and Frijters (2004) develop

a fixed-effects ordered logit estimator and compare its performance to the

standard OLS, ordered response, and linear panel data estimators, as well as

an alternative ordinal fixed effects estimator proposed by Das and Van Soest

(1999). Their paper sets out the derivation of the estimator in detail; how-

ever, the approach is essentially to use a variant of the standard (binary) con-

ditional logit estimator proposed by Chamberlain (1980), but with individual-

specific cut-off points, λi, selected to minimise the information lost by col-

lapsing the full scale of ordinal responses into only two categories. Their

main findings are that, while failure to control for fixed effects seriously bi-
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ases estimates, treating survey responses as either continuous or categorical

appears to produce very similar results.

Because they yield estimates that have an obvious interpretation in terms

of answers to the life-satisfaction question, we will focus on the results ob-

tained from standard linear panel-data regressions, which treat individuals’

categorical responses as a continuous measure of uit:

uit = m′itβ + z′itθ + ηi + εit (2.3)

where, as above, mit is a vector of the logs of one or more monetary variables,

zit is now a vector of time-varying control variables, and ηi is an unobserved

time-invariant fixed effect that is allowed to correlate with the observed mit

and zit. In line with Ferrer-i-Carbonell and Frijters’ (2004) findings, and

most previous work, Hausman tests conclusively reject the random effects

assumptions, and so fixed effects estimates are reported throughout.

As an additional robustness check, we also employ a variant of the Ferrer-

i-Carbonell and Frijters estimator. However, because calculating the optimal

individual-specific λi cut-offs is difficult, we use an approximation (suggested

by Ada Ferrer-i-Carbonell) that seems to perform well in practice. Taking

λi as the mean of individual i’s reported life satisfaction across the sample,

1
Ti

∑
t∈Ti uit, and setting u∗it = 1[uit > λi] we then estimate the latent variable
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form of (2.3) using a standard conditional logit with u∗it as the dependent

variable. The results are typically very similar (in terms of the relative effects

of the independent variables), and are not reported here.

2.5 The Effect of Consumption, Income &

Wealth on SWB

This section begins our empirical investigation of the effects of consump-

tion, income, and wealth on SWB in Russia, by attempting to answer two

questions: (1) whether consumption, income, and wealth have separate, in-

dependent effects on SWB; and (2) whether the common practice of esti-

mating SWB equations using income as the independent variable of interest

underestimates the importance of money to SWB. The evidence we present

suggests that both queries should be answered “yes”. Not only do income-

based estimates appear to understate the importance money to SWB (con-

sistent with suggestions in Headey and Wooden, 2004; Headey, Muffels, and

Wooden, 2008), but consumption, income, and wealth each appear to exert

independent effects on current SWB. Section 5.2.2 sets out the basic results.

Section 2.5.2 and Section 2.5.3 then consider a number of issues in their

interpretation.
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2.5.1 Basic Results

As outlined in Section 2.4, our basic empirical strategy involves running re-

gressions of the form set out in (2.3). As our dependent variable throughout,

we use individual answers to the 5-point current life-satisfaction question de-

scribed in Section 2.3.2 above, while the key variables of interest, mit, are

one or more the logged household income, consumption, and wealth measures

also detailed there.

In all cases, we include in the regression a standard set of controls, zit,

consisting of age, age squared, health, marital status (dummies for each of

married, divorced and widow(er), with never married as the omitted cat-

egory) an employment dummy, and family size.26 We also include a full

complement of round dummies to allow for common shocks.

To address the key questions set out above, we compare the results from

four alternative models:

(1) the standard income regression employed in most of the SWB literature

in which mit = yit;

(2) the consumption-based model of standard economic theory in which

mit = cit;

26Cf. Ferrer-i-Carbonell and Frijters (2004), who include almost the same variables,
but collapse the marital status dummies into a single “Steady Partner” indicator, and use
only the number of children, rather than the family size. (The latter seems preferable in
Russia, where extended family units are likely to be more common than in Germany.)
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(3) an alternative model that allows both consumption and income to affect

current SWB and sets mit = (yit, cit)
′; and

(4) the most general model in which mit = (yit, cit, a
′
it)
′ and consumption,

income and wealth are all allowed to affect SWB independently (be-

cause we have four distinct wealth measures, ait may itself be a vector).

The results of regressions based on models (1)-(3) are shown in the corre-

sponding columns of Table 2.2.

Table 2.2: The Effect of Income and Consumption on SWB in Russia

(1) (2) (3)
β IME β IME β IME

(Log) Household Income 0.116*** 0.093***
(19.640) (15.499)

(Log) Household Consumption 0.152*** 0.113***
(17.347) (12.562)

Age -0.037*** -0.039*** -0.039***
(-3.750) (-3.859) (-3.963)

Age2 0.000*** 0.000*** 0.000***
(5.917) (6.468) (6.497)

Health 0.158*** 3.9 0.160*** 2.9 0.158*** 2.2
(19.342) (19.663) (19.459)

Married 0.104*** 2.0 0.111*** 1.8 0.112*** 1.5
(3.357) (3.579) (3.616)

Divorced -0.127*** .40 -0.121*** .52 -0.114*** .68
(-3.491) (-3.327) (-3.128)

Widow(er) -0.151*** .33 -0.151*** .43 -0.136*** .61
(-3.867) (-3.877) (-3.511)

Employed 0.136*** 3.2 0.150*** 2.7 0.134*** 1.9
(9.997) (11.013) (9.850)

Family Size -0.022*** .83 -0.022*** .87 -0.034*** .85
(-3.850) (-3.820) (-5.979)

Constant 1.740*** 1.292*** 0.902**
(4.967) (3.599) (2.540)

Observations 78409 78409 78409
Groups 19235 19235 19235
R2 0.144 0.150 0.158

* p<0.10, ** p<0.05, *** p<0.01. t-statistics (robust to individual-level clustering) in parentheses. Round

dummies included but not reported.

The effects of the non-pecuniary variables in the basic income regres-
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sion in column (1) (and indeed, also in the other columns) are consistent

with other findings in the literature. In order to put these into appropri-

ate perspective, we can express the effects in terms of an Income Multiplier

Equivalent (IME) — that is, the amount by which income would have to be

multiplied to generate an equivalent increase (or decrease) in well-being.27

Subjective health status has a strong and significant effect on SWB, with a

one step increase being equal to a 3.9-fold increase in income. Being married

or cohabiting has an IME of around 2, while those who become divorced (or

widowed) are even less happy than those who never married, becoming as

unhappy as those with approximately 40% (33%) of the latter’s income.28

Becoming unemployed has an effect of similar magnitude (1/3.2=.31). One

divergence from previous results is the effect age. While the coefficients on

age and age squared have the usual sign, they suggest a minimum at around

70, well above the common finding of around 40-50. A possible explanation

for this is that the elderly in Russia may have been left most insecure by the

27The formula for the IME is given by:

IMEx = exp

(
βx
βy

)
where βy is the coefficient on log income, and βx is the coefficient on the variable in
question. The change in u due to a change in y is given by ∆uy = βy ln(IME), implying
that IME = exp(∆uy/βy). Setting ∆uy = ∆ux = βx yields the above expression. Cf. the
more common method of quoting absolute monetary equivalents set out in e.g. Clark and
Oswald (2002).

28 These are calculated assuming that the loss of a spouse induces a reduction in family
size of 1. Thus, e.g. IMEdivorce = exp{(βdivorce − βfamilysize)/βy}
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volatile economic situation and least able to adjust psychologically to the fall

of communism. Nonetheless, as Ferrer-i-Carbonell and Frijters (2004) note,

we probably should not place too much weight on these estimates. Age is

likely to co-vary with a number of non-observables, and estimated age effects

therefore tend to be quite sensitive to the controls included.29

Turning to the other columns of Table 2.2, we see in column (2) that

including the consumption measure alone attracts a larger coefficient than

income, consistent with the idea that the latter may be merely proxying

for the former. However, contrary to what we would expect if income were

merely a proxy for consumption, when we include the two together in Column

(3), income retains a sizeable and significant effect, suggesting that it may

in fact have an independent influence on well-being.30

The potential weaknesses of the consumption-only model (2) are further

highlighted in Table 2.3, which shows the results for model (4), where we

introduce our wealth proxies. Because the rounds for which the proxies

are available vary, we report a number of alternative baseline regressions

for comparison, each using the same sample as the corresponding wealth

regression. In all cases, the wealth variables also appear to affect SWB

29For further investigations into the age profile of SWB, see e.g. Easterlin (2004) and
Blanchflower and Oswald (2008).

30We also experimented with using the RLMS household expenditure measure instead
of consumption. The coefficients were qualitatively similar to those for consumption, but,
as we would expect, slightly smaller and less precisely measured.
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independently of income and consumption, with each entering significantly

with the expected sign (positive for wealth, negative for debt), both when

included alone (Columns 1 to 8), and with the durable stock and rent debt

included jointly (Column 10).31

For the most part, the inclusion of the wealth proxies induces only small

decreases in the coefficients on income and consumption, and roughly in ac-

cordance with what we would expect. The effect of income falls slightly when

we include debt measures, presumably because higher (lower) income may

be used to pay off (lead to increases in) debt; and the effect of consumption

falls somewhat when we include the durable stock, as the two are correlated

by construction. The only apparent complication is that the consumption

coefficient becomes slightly and insignificantly negative in columns (7) and

(8), where the availability of the subjective savings variable reduces us to

only two rounds of data (11 and 12). As this occurs even in column (7),

before the introduction of the savings variable itself, it cannot be due to

omitted variable bias (and in any event savings and consumption should be

negatively correlated). Instead, it seems that the reduction is due in large

part to the loss of real variation in consumption in these two rounds of the

sample. Figure 2.4 displays the mean absolute changes in log consumption

31We exclude overall debt and savings in the final “full” specification, due to the limited
number of rounds in which they are observed.
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Figure 2.4: Annual Changes in Logged
Consumption and Income by Round
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and income over the course of the sample. While there appears to be little

consumption smoothing over the early rounds of the RLMS (a proposition

defended in more detail by Stillman, 2001), as the effects of the financial

crisis have receded, consumption has become much more stable, increasing

the chance that measurement error will come to dominate our fixed effects

regressions.

Taking these estimates at face value suggests two broad conclusions: first,

that consumption, income and wealth all affect SWB; and second, that the

standard income regression of model (1) understates the importance of money

to SWB. The precise degree of this understatement (in any given period,

or over a lifetime) will depend on how period income is allocated between

consumption now and in the future. Nonetheless, to get a rough idea of

the total effect, we assume that all income is consumed in the period it is

received, and that the total effect is therefore yit(β̂y + β̂c) = 0.206yit, which
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is around 80% larger than the measured effect of income from column 1,

0.116yit. Relative to other variables, the correction leads to decreases in the

IMEs for health from 3.9 to around 2.2, and for marriage from 2.2 to 1.5,

while the effect of unemployment is now equivalent to a 48% (=1-1/1.9) fall

in income (compared to 69% previously).

2.5.2 Are the Effects of Income and Wealth Really In-

dependent?

Nonetheless, there are a number of potential reasons why one might doubt

these conclusions, and in particular the claim that the effects of income and

wealth are independent of the effects of consumption. This section deals

with three of these: measurement error in consumption, reverse causation,

and omitted variables bias. It argues that in fact, none of them challenges

our basic point.

Measurement Error in Consumption

One potential reason to doubt the conclusion that income, consumption and

wealth have independent effects on well-being is that the other variables

may still merely be picking up measurement error in consumption. However,

three factors suggest that this is unlikely to be driving the result. First,
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this can only be a real concern in the case of income, and the durable stock

measure (the latter of which is correlated with our consumption variable by

construction, and typically causes the coefficient on consumption to drop

by around 0.1). Once we control for fixed effects, the other wealth variables

should be (and indeed are) negatively correlated with consumption, and their

coefficients are unlikely to be due to picking up unmeasured consumption.

Second, in relation to income, the size of its coefficients and the accuracy

with which they are measured suggests that they are unlikely to merely be

picking up the effects of consumption. In column (3) of Table 2.2, not only

are the coefficients on income and consumption of similar magnitude, but

the standard errors on income are smaller. This is exactly the opposite of

what we should see if both were merely acting as noisy measures of true

consumption, as we would expect our consumption measure to better track

true consumption than our income measure does.

Finally, if measured income and wealth were truly orthogonal to SWB

except for their effect on consumption, then they would be valid instruments

for consumption. We could then estimate the true effect of consumption on

SWB by instrumenting consumption with measures of income and wealth.

To examine the plausibility of the orthogonality assumption, we pursue ex-

actly this instrumenting strategy. The results of using a variety of instru-

ments for consumption are shown in Table 2.4 (we omit the control coeffi-
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cients and focus only on the consumption coefficient). Column 1 displays

the baseline, uninstrumented regression for comparison.32 Column (2) shows

the results of instrumenting solely with income. Here, because the model is

just-identified, we cannot test the validity of the orthogonality assumption

formally. However, the consumption coefficient of 0.588 seems very large. A

rough idea of the plausibility of this coefficient can be obtained by exam-

ining a basic linear regression using only income and consumption, under

the classical errors in variables assumptions. In this case, it is well-known

that σ2
u/(σ

2
c∗ + σ2

u) = (βc∗/β̂
FE
c − 1)/(βc∗/β̂

FE
c ), which would imply, rather

implausibly, that measurement error constitutes somewhere in the vicinity

75% of the variation in the measured deviations from mean consumption.

This suggests that income is in fact correlated with SWB independently of

consumption.

Table 2.4: Are Income and/or Wealth Valid Instruments for Consumption?

(1) (2) (3) (4) (5) (6)

Consumption 0.152*** 0.588*** 0.453*** 0.648*** 0.480*** 0.333***
(19.496) (20.810) (22.038) (19.936) (20.522) (10.651)

Instruments None Income Income Income Income Durables
Durables Debt Durables Debt

Debt
Standard Controls Yes Yes Yes Yes Yes Yes
Observations 79250 73769 73769 64234 64234 64964
Groups 19322 14595 14595 13603 13603 13687
Sargan-Hansen Test 51.19 63.66 125.24 79.22
p-value 0.000 0.000 0.000 0.000

* p<0.10, ** p<0.05, *** p<0.01.
t-statistics in parentheses.

Including the wealth proxies as additional instruments allows us to test

32This corresponds to column 2 of Table 2.2.
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the validity of the instruments more formally. The Sargan-Hansen test of

over-identifying restrictions (Hansen, 1982; Sargan, 1958) conclusively rejects

the null hypothesis that the instruments are jointly valid for all combinations

of at least two instruments. This result — that there is no combination of

two instruments such that both can be excluded from the SWB regression

— implies that, at most one of the additional variables could be actually be

orthogonal to SWB. To the extent that we are convinced by the arguments

above that neither debt measures, nor income are simply picking up mea-

surement error in consumption, this suggests that the orthogonal variable, if

there is one at all, is most likely to be the durable stock. Even if this were

the case, however, because it is only one measure of wealth, its exclusion

would still not alter the point that both wealth and income appear to have

separate effects on well-being.

Of course, the fact that our measures of income, debt, and (perhaps)

durables are not orthogonal to SWB (conditional on consumption and other

covariates) does not necessarily imply that they have a causal effect on SWB.

The failure of orthogonality could arise instead because of correlation in

the measurement errors, which would also serve to invalidate the variables

as instruments. (The common CPI measures used to deflate both could
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plausibly contribute to such correlation.33) Nonetheless, these results still

serve to increase our confidence that income, consumption and wealth enter

separately into the utility function.34

Can Happiness Buy Money?

Another potential reason to doubt the claim that income matters to SWB

is the possibility of reverse causation. There is some evidence in the litera-

ture that happiness may in fact “buy” money (see e.g. Diener et al., 2002;

Lyubomirsky, King, and Diener, 2005), and the difficulty of finding valid

instruments to test this directly necessarily leaves us with a degree of uncer-

tainty. However, even if reverse causation is a factor here, it seems unlikely

to significantly affect our conclusions.

33To see this, note the construction of our estimates as:

yit = ln(Y ∗itΥyitPit) (2.4)

cit = ln(C∗itΥcitPit) (2.5)

where ∗s indicate true values, Υs multiplicative errors, and Pit a common price index.
These imply:

yit = y∗it + (υyit + pit) (2.6)

cit = c∗it + (υcit + pit) (2.7)

(where lowercase letters indicate logs) and will thus generate correlation in the errors due
to the common pit term, even if Corr(υyit, υcit) = 0.

34Of course, even were we not willing to accept that the effects of income and wealth
are independent of consumption, we are still led to the conclusion that the basic income
regression understates the impact of money on well-being — probably by an even larger
amount than was suggested previously. The precise amount depends on which instru-
mented value we use, and the extent to which any increase in the instrumented value
is driven by correlated measurement error. Instrumenting only with income suggests an
increase of around 400%, but correlation in the errors would suggest this is too high.
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As we noted at the outset, the large swings in the Russian economy as

a whole over the sample period suggest that the majority of the variation

in income is likely to be exogenous, even in the absence of instruments. In

any event, much of the argument for reverse causation is in fact based on

the idea that relatively stable personality traits that correlate with happiness

tend also to breed success (Diener et al., 2002). Such personality traits or

dispositions are absorbed within our fixed effects, and will not affect our

estimates.

There are also plausible channels via which temporary happiness may lead

to later success: as Lyubomirsky, King, and Diener (2005) note “[p]ositive

emotions produce the tendency to approach rather than to avoid and to

prepare the individual to seek out and undertake new goals”. However, the

lags with which such effects result in increased income should minimise the

impact on our estimates.35,36 All things considered, while there may be some

35If there were persistence in SWB (even after conditioning on observed covariates and
unobserved fixed effects) then this would undermine this argument to some extent, because
changes in both current income and current SWB could be driven by past changes in SWB.
We attempted to test for such persistence using difference and system GMM estimation,
but were unable to find valid instruments. The OLS estimate of the term on the lagged
dependent variable (which is likely to be upward biased) was 0.24, while the FE estimate
(likely to be downward biased) is -0.07. In the absence of valid GMM instruments, we can
say little more than that the true degree of persistence is likely to lie somewhere between
these (see e.g. Nickell, 1981) — but this range at least permits the possibility that there
is little or none.

36In any event, the evidence that lagged SWB is correlated with future success supports
at least two alternative explanations. One, not tested here, is that it is not current
happiness that breeds future success, but current success that breeds both, and that, once
we have controlled for current income, health and so forth, happiness may no longer predict
future outcomes. The other is that individuals’ current satisfaction is affected by their
expectations about the future (a contention for which we present evidence later).
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residual reverse causation occurring, our assessment is that its effect is likely

to be small.37

Omitted Variables

A final possibility is that that we may merely be picking up the effect of un-

observables correlated with our pecuniary variables. This seems most likely

in relation to income, which could be correlated with job characteristics that

independently influence well-being (such as having a higher status, or more

satisfying job). We test for this possibility by including in our regressions

a number of more direct measures of job characteristics: (1) whether the

individual holds a managerial position; (2) a measure of job income risk (this

is the product of two subjective risk assessments: the likelihood of losing

one’s job and the likelihood of being unable to find another job once lost,

both on a 5 point scale); and (3) a subjective measure of professional skill on

a 9-point scale (available only in rounds 7-9), which we expect to correlate

with status.

The results of regressions including these variables (run only on the em-

37Other studies (e.g. Senik, 2004b), have used lagged values of regressors to test for
reverse causation. However, it is difficult to know what to draw from such evidence,
particularly given the large swings in consumption and income over the course of the RLMS
sample. While lagged income and consumption may indeed be orthogonal to happiness-
induced success in period t, at the same time, they will both be orthogonal to entirely
valid parts of of the remaining consumption and income measures, and may also capture
other effects that we are not interested in (such as adaptation).
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ployed sub-sample of the population) are reported in for model (3) in Ta-

ble 2.5.38 While these job characteristics all contribute positively and sig-

nificantly to well-being, their effect seems to be almost entirely orthogonal

to income. The included job characteristics affect the point estimates on

income (or consumption) barely at all, increasing further our confidence that

the estimated income effect is causative, rather than merely correlative.

Table 2.5: Can Job Characteristics Account for the Income Effect? (Income
and Consumption Specifications)

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

(Log) Household Income 0.117*** 0.116*** 0.108*** 0.103***
(12.708) (12.664) (5.725) (5.548)

(Log) Household Consumption 0.128*** 0.123*** 0.122*** 0.115***
(9.285) (8.915) (3.836) (3.604)

Manager 0.065*** 0.068
(3.162) (1.464)

Job Risk -0.012*** -0.011***
(-12.372) (-5.132)

Professionalism 0.021**
(2.379)

Observations 37352 37352 10570 10570
Groups 11258 11258 5931 5931
R2 0.161 0.188 0.087 0.106

* p<0.10, ** p<0.05, *** p<0.01. t-statistics (robust to clustering within panelids) in

parentheses.

38Because our primary concern here is the robustness of the income coefficient, we do not
report the results of including job characteristics with wealth variables, but these results
are basically identical.
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Conclusion

Taken together, the discussion in this section suggests that, despite initial

concerns to the contrary, the apparent effects of income and wealth found in

Table 2.2 and Table 2.3 actually do reflect independent effects on SWB. We

have presented evidence that neither the income nor the debt effects appear

to be due to these variables picking up measurement error in consumption,

and that the correlation with income is due neither to reverse causation nor

to omitted variables. To the extent that there is doubt about any of the co-

efficients, it seems to apply primarily to the durable stock measure, which is

correlated with consumption by construction. However, even if this correla-

tion were spurious, because the estimates for the other wealth measures seem

sound, it would not affect our underlying point that consumption, income,

and wealth appear to exert independent effects on SWB.

2.5.3 Attrition

As we noted in Section 2.3.2, the RLMS suffers from significant attrition.

While there is little reason to expect such attrition to bias our results in any

particular way, it nonetheless seems wise to confirm this empirically, given

the sheer scale of movements into and out of the sample. For each of our

main regressions we therefore conduct tests designed to detect bias arising
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from non-random attrition. These tests suggest that attrition is indeed non-

random, but that the effects of re-entry and replenishment are sufficient to

maintain the representativeness of the sample. We also confirm our earlier

results using inverse-probability weighted (IPW) estimates that attempt to

correct for attrition more directly.

Detecting Attrition Bias

Verbeek and Nijman (1992) and Wooldridge (1995) suggest basic variable

addition tests to detect non-random attrition. These consist in adding to

our earlier regressions one of two alternative variables: either an indicator

1− s(i,t−1) that an individual failed to respond in the previous round, or an

indicator 1 − s(i,t+1) that they failed to respond in the subsequent round.39

Intuitively, the coefficients on these variables test whether those who attrite

or enter are different in any relevant respect from the remaining sample, and

thus whether the representativeness of the sample is compromised by such

movements into and out of it. The tests we apply are extensions of this

strategy, modified to account for re-entry and sample replenishment in the

RLMS.

As Verbeek and Nijman (1992) note, a sufficient condition for the consis-

39Verbeek and Nijman (1992) use response indicators rather than non-response indica-
tors, but the principle is identical.
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tency of the fixed effects estimator on the unbalanced panel is:

E(ε̃it|si) = 0, t = 1, 2, . . . , T. (2.8)

(where si = (si1, si2, . . . , siT ) is a vector of selection indicators, and ε̃it = εit−

1
Ti

∑T
τ=1 siτεiτ are the transformed fixed effects errors). The variable addition

tests just described amount to tests of the restrictions that E(ε̃it|si,t−1) = 0

and E(ε̃it|si,t+1) = 0, which in this context would imply E(ε̃it|si,t−1, si,t+1) =

0.40

The problem with these tests is that, while insignificant coefficients on

each of the added variables would indeed suggest a lack of attrition bias, the

converse is not true: even if exit and entry are individually correlated with

the errors, their effects may counteract each other. Indeed, there are good

reasons to think that this may be the case here: on the one hand, the later

re-entry of those who attrite only temporarily will help maintain the sample’s

representativeness; one the other, the sample design means that attriters are

replaced by those who move into their previous residence (and who may there-

fore be to similar to them in relevant respects).41 To allow for this possibility,

40Ideally, of course, we would test alternative potential violations of (2.8). However
attempting to include more leads and lags quickly diminishes our sample to the point
where such tests have little power. Our tests therefore rely on the implicit assumption
that E(ε̃it|si) = E(ε̃it|si,t−1, si,t+1).

41Consistent with these conjectures, Heeringa’s (1997) analysis of the effect of attrition
on the early sample, found that it did not significantly affect representativeness; but to
our knowledge no equivalent analysis has been performed for the later rounds.
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we therefore weaken the requirement that the coefficients on each added vari-

able be insignificant, and instead focus on whether their sum is significantly

different from zero (which tests the restriction that E(ε̃it|si,t−1, si,t+1) = 0

directly).

We conduct four alternative versions of this test for each of our main

regressions above, each with a slightly different definition of the non-response

indicator. We first distinguish between two alternative selection indicators:

sit, which requires only that individual i be in the RLMS sample in period

t, and rit which requires that the individual be in our regression sample in

period t (i.e. both in the RLMS sample, and having valid responses to all

the questions we use). We then define for each selection indicator, qit (for

q = r, s) two alternative sets of non-selection variables.

(1) 1− qi,t−1 and 1− qi,t+1, which indicate non-selection in either the pre-

vious or the subsequent period (respectively); and

(2) 1(qi,t−n = 0, ∀ n > 0) and 1(qi,t+n = 0, ∀ n > 0) which indicate

(respectively) whether the individual is observed in for the first time

in t (i.e. they are a new entrant) or for the last time in t (i.e. they

afterwards attrite for good).

The results of these tests are displayed below in Table 2.6 for the consumption-

income model (3), and Table 2.7 for the wealth models (4). In all cases, the
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coefficients on the future non-selection indicators are significant and nega-

tive, suggesting that attrition is indeed non-random. On the other hand, the

coefficients on almost all of the past non-selection indicators are positive and

significant, confirming our suspicion that entry at least partially counteracts

exit. Conducting F -tests of the constraint that the sum of the coefficients

is equal to zero shows that in no case can we reject the hypothesis that the

effects of attrition and entry cancel.42

Table 2.6: Variable Addition Tests for Attrition Bias (Income & Consump-
tion Specifications)

Selection (q = s) Non-Response (q = r)
n = 1 n > 0 n = 1 n > 0

1(qi,t+n = 0) -0.043*** -0.052*** -0.027* -0.043***
(-2.734) (-2.936) (-1.958) (-2.588)

1(qi,t−n = 0) 0.035** 0.023 0.039*** 0.039**
(2.280) (1.306) (3.060) (2.563)

Observations 60725 60725 60725 60725
Groups 16912 16912 16912 16912
F (1; 16911) 0.12 1.23 0.36 0.03
p 0.733 0.268 0.551 0.870

* p<0.10, ** p<0.05, *** p<0.01.
t-statistics (robust to clustering within panelids) in parentheses.
Independent variables include income, consumption and
standard controls

Correcting for Attrition Bias

To confirm that attrition is is not a serious concern, we also run a set of

inverse-probability-weighted regressions that attempt to correct for any at-

42Similar (unreported) tests on the regressions in Table 2.5 suggest that these results
too, are robust.
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Table 2.7: Variable Addition Tests for Attrition Bias (Wealth Specifications)

Selection (q = s) Non-Response (q = r)
n = 1 n > 0 n = 1 n > 0

1(qi,t+n = 0) -0.049*** -0.066*** -0.039*** -0.060***
(-2.743) (-3.240) (-2.590) (-3.224)

1(qi,t−n = 0) 0.039** 0.019 0.034** 0.029*
(2.332) (0.945) (2.505) (1.776)

Observations 51348 51348 51348 51348
Groups 15719 15719 15719 15719
F (1; 15718) 0.15 2.52 0.05 1.44
p 0.699 0.113 0.824 0.231

* p<0.10, ** p<0.05, *** p<0.01.
t-statistics (robust to clustering within panelids) in parentheses.
Independent variables include income, consumption, durable stock
overall debt, and standard controls

trition bias.43 The method is described in detail in Appendix A.3, but es-

sentially involves estimating the predicted probability of a given individual

remaining in the sample at time t, and weighting each observation by the

inverse of this prediction. (The intuition behind this is that if an individ-

ual has, say, a 0.1 probability of remaining in the sample at t, then in the

absence of attrition, there would be 10 (i.e. 0.1−1) relevantly similar individ-

uals still in the sample, and we can correct for their absence by increasing

the weight of the remaining individual to count for the missing nine.) As the

Appendix notes, the key to this strategy is finding sufficiently strong pre-

dictor variables for attrition, and the procedure suffers from the drawback

that we must restrict ourselves to using only an “artificial monotone” sample

43The IPW approach has been employed in a number of studies analysing the RLMS
(see e.g. Senik, 2004; Mu, 2003)

71



(i.e. the sample that does not allow reentry if an individual is ever absent).44

Here, this results in losing around 2/3 of our data in most cases (and even

more for some of the wealth regressions.) Nonetheless, we report the results

of IPW estimation in Table 2.8 and Table 2.9 below.

Table 2.8: The Effect of Consumption and Income on SWB in Russia (Inverse
Probability-Weighted Estimates)

(1) (2) (3)

(Log) Household Income 0.130** 0.106**
(12.124) (9.643)

(Log) Household Consumption 0.163** 0.119**
(9.542) (6.770)

Age 0.001 0.001 0.001
(0.736) (0.960) (0.923)

Age2 0.000 0.000 0.000
(1.480) (1.690) (1.642)

Health 0.140** 0.144** 0.141**
(7.471) (7.720) (7.591)

Married 0.041 0.035 0.041
(0.470) (0.399) (0.461)

Divorced -0.103 -0.102 -0.091
(-1.204) (-1.193) (-1.061)

Widow(er) -0.229* -0.241** -0.217*
(-2.549) (-2.706) (-2.402)

Employed 0.163** 0.175** 0.158**
(6.110) (6.615) (5.957)

Family Size -0.028** -0.027* -0.041**
(-2.713) (-2.575) (-3.861)

Observations 33501 33501 33501
Groups 7865 7865 7865
R2 0.514 0.513 0.516

* p<0.05, ** p<0.01. t-statistics (robust to clustering within households) in parentheses.

Round dummies included but not reported.

44As discussed in e.g. Robins and Rotnitzky (1995) and Robins, Rotnitzky, and Zhao
(1995), the case of non-monotone attrition, where attriters are allowed to (re)enter in
subsequent periods is rather more involved, requiring additional assumptions, and a much
more complicated estimation procedure.
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As can be seen, the substantive results shown in Table 2.8 and Table 2.9

are essentially unchanged compared to those of Table 2.2 and Table 2.3.

While some of the control variables become insignificant, the only substan-

tive changes in the coefficients of interest are that the coefficient on the

subjective savings variable in column (8) and the coefficient on the durable

stock in column (10) of Table 2.9 become insignificant. The former is hardly

surprising given the loss of almost 80% of the original rounds 12-13 sample,

and in the latter case the coefficients on income, consumption, and rent ar-

rears remain significant, despite losing around 2/3 of the original sample. In

all other cases, the coefficients on income, consumption, and each of the indi-

vidual wealth variables retain their significance, and approximate magnitudes

compared with the main regressions presented earlier.

2.6 Why Does Money Matter?

The results of the previous section suggested that neither the standard the-

oretical account of how money matters to SWB nor the standard empirical

approach to estimating its importance may be adequate. In contrast to both

the consumption focus of the former and the income focus of the latter, con-

sumption, income, and wealth each appear to exert independent effects on

SWB in Russia. Moreover, in line with earlier results in Headey and Wooden
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(2004) and Headey, Muffels, and Wooden (2008), we found that focusing on

income alone appears to understate the importance of money to SWB (here

by around 80%).

Having argued that consumption, income and wealth have separate ef-

fects on SWB, we now go on to address two further issues arising from this.

Section 2.6.1 employs a system of equations approach to identify some of

the channels though which such effects may operate. It presents evidence

that status and anticipation concerns appear to account for part of the ef-

fect of our pecuniary variables on SWB. Section 2.6.2 adopts an alternative,

interaction-based approach to argue both that status concerns are important

in accounting for the effect of income on SWB; and that this leads to sys-

tematic variation in the importance of household income, depending on the

degree to which that income is earned (either by the particular individual

concerned or collectively by members of the household). Altogether, this

evidence serves both to strengthen the existing case that income and wealth

matter to SWB independently of consumption, and to illustrate the potential

importance of accounting for the channels by which they do so.
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2.6.1 Why Does Money Matter?

As noted above, this section uses a system of equations approach to examine

the extent to which status concerns and anticipatory emotions can explain

the effects of income and wealth on SWB identified in Section 2.5. It proceeds

in three stages, first describing our empirical strategy, then setting out the

basic results, and finally addressing issues of interpretation and robustness.

Empirical Strategy

If we assume that the mit variables (and indeed, the xit variables too) may

affect SWB either directly, or through the channels displayed in Figure 2.1,

we can respecify equation (2.3) as a system of equations of the form:

uit = eitγe + sitγs + fitγf +m′itλu + z′itµu + αui + ωuit (2.9)

eit = m′itλe + z′itµe + αei + ωeit (2.10)

sit = m′itλs + z′itµs + αsi + ωsit (2.11)

fit = m′itλf + z′itµf + αfi + ωfit (2.12)

where eit is self-esteem, sit is status, and fit is anticipation. If we have

explicit measures of the eit, sit and fit variables, we can estimate these equa-

tions consistently with fixed effects under the assumption that the errors
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from equations (2.10)-(2.12) are independent of those from equation (2.9):

Cov(ωjit, ωuit) = 0, ∀ j ∈ {e, s, f}. (This assumption does not seem unrea-

sonable given that the fixed effects should remove most of the correlation

between the errors, though it remains possible that there are time-varying

unobservables that could affect both intermediate outcomes and SWB.45)

The RLMS does in fact contain a number of variables that could serve as

useful proxies for status and anticipation variables, sit and fit. Unfortunately,

they do not allow us to distinguish convincingly between status and self-

esteem effects, so we are forced to drop the eit equation. Any effects that

operate through self-esteem will be absorbed either in the status channel

coefficients (λs and γs) or the “direct” effect (λu). The variables we use as

status proxies are individuals’ subjective perceptions (on a 9-point scale) of:

(1) s1it: the level of respect in which they are held;

(2) s2it: level of rights/power they have; and

(3) s3it: their economic rank.

For anticipation proxies, we employ:

(1) f1it: answers to the question “Do you think that in the next 12 months

you and your family will live better than today or worse?” (ranging

45The alternative would be to seek identification via exclusion restrictions, but that
would require us to find variables that could affect the intermediate outcomes (self-esteem,
status, and security) without having any direct effect on SWB. It is difficult to imagine
what such variables might be.
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from “much better” to “much worse” on a 5-point scale, with a mid-

point of “no change”); and

(2) f2it answers to the question “How concerned are you about the pos-

sibility that you might not be able to provide yourself with the bare

essentials in the next 12 months?” (ranging from “very concerned” to

“not at all concerned” on a 5-point scale).

These are not, by any means, perfect measures of the subjective outcomes

we are interested in. The status proxies are primarily externally rather than

internally focused (the first appears to be aimed at capturing the degree of

respect accorded one by others, while all three focus on perceived rank) and

are unlikely to effectively capture any sort of self-esteem effect. Our security

measures, too, are somewhat imperfect as assessments of individuals’ future

prospects: f1it focuses on changes in individuals’ prospects rather than an

absolute prediction of their future situation; and while f2it does provide a

prediction about an absolute outcome, its focus is primarily negative, and it

will capture anxiety about the future far more effectively than it does hope.

Nonetheless, we make do with what we have.

Employing these variables gives us the following operationalisation of the

system (2.9)-(2.12):

uit = s1itγs1 + s2itγs2 + s3itγs3 + f1itγf1 + f2itγf2
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+m′itλu + z′itµu + αui + ωuit (2.13)

s1it = m′itλs1 + z′itµs1 + αs1i + ωs1it (2.14)

s2it = m′itλs2 + z′itµs2 + αs2i + ωs2it (2.15)

s3it = m′itλs3 + z′itµs3 + αs3i + ωs3it (2.16)

f1it = m′itλf1 + z′itµf1 + αf1i + ωf1it (2.17)

f2it = m′itλf2 + z′itµf2 + αf2i + ωf2it (2.18)

Results

Table 2.10 reports the results of estimating equations (2.13)-(2.18) with

household consumption and income as the mits and standard controls as

the zits. Table 2.11 displays the same regressions, but now with the durable

stock and rent debt included in the mits. The results suggest three broad

conclusions. First, as we can see from column (1) of both tables, the mediator

variables for status and anticipation have significant effects of the predicted

sign: that is, they each appear to be important in explaining SWB.46 Second,

as we can see in the remaining columns (2)-(6), the pecuniary variables are

almost all strongly associated with both status and anticipation. The only

exception to this pattern is that a household’s durable stock does not appear

46The coefficients are not directly comparable due to the different units in which they
are measured.
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to be related to either individuals’ concern for the future or their expected

future prospects, which was probably to be expected given the nature focus of

the available anticipation proxies on either changes in prospects or negative

prospects.

Finally, the mediator variables also appear to be associated with a number

of our controls: in particular, employment correlates both with individuals’

sense of status, and their level of concern about the future; health is strongly

associated with all of the mediator variables; and marital status appears to

be associated with significant changes in concern for the future. Perhaps

most surprising of these associations is the fact that marriage is correlated

with increased concern for the future in Table 2.10 (recall that high concern is

indicated by low values, so the negative coefficients imply increased concern),

which perhaps reflects the fact that one has more to be concerned about than

just oneself. There also appear to be fairly clear age patterns to the variables,

with expectations about the future decreasing, and status increasing, with

age (both at a diminishing rate). We would not wish to place too much weight

on these results, particularly in instances such as health, where causation

could conceivably run either way. Nonetheless, the patterns appear plausible,

and contribute to the overall impression that status and anticipation are

indeed important.

To get a better sense of exactly how important each channel is in account-
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Table 2.10: The Mediating Effect of Security and Status on SWB in Russia

LS Concern Hope Respect Power Econ Rank

(Log) Household Income 0.054*** 0.089*** 0.075*** 0.056*** 0.068*** 0.109***
(8.560) (11.897) (12.091) (4.906) (6.744) (12.090)

(Log) Household Consumption 0.064*** 0.078*** 0.057*** 0.092*** 0.078*** 0.173***
(6.902) (7.035) (6.422) (5.408) (5.141) (12.629)

Concern About Future 0.155***
(32.906)

Hope For Future 0.162***
(28.856)

Respect 0.036***
(12.361)

Power 0.031***
(8.491)

Economic Rank 0.112***
(26.425)

Employed 0.091*** 0.102*** 0.009 0.136*** 0.109*** 0.109***
(6.500) (6.007) (0.692) (5.378) (4.766) (5.251)

Age -0.031*** -0.051*** -0.038*** 0.047** 0.023 -0.017
(-3.219) (-4.049) (-3.686) (2.565) (1.366) (-1.154)

Age2 0.000*** 0.001*** 0.000*** -0.000* -0.000** 0.000**
(2.740) (9.667) (9.282) (-1.702) (-2.047) (2.141)

Health 0.105*** 0.091*** 0.099*** 0.088*** 0.161*** 0.149***
(12.260) (8.947) (12.336) (5.628) (11.538) (11.941)

Married 0.126*** -0.103*** 0.045 -0.051 -0.033 0.028
(3.956) (-2.986) (1.598) (-1.005) (-0.687) (0.659)

Divorced -0.051 -0.129*** -0.039 -0.056 -0.014 -0.095*
(-1.378) (-3.073) (-1.122) (-0.852) (-0.234) (-1.780)

Widow(er) -0.067* -0.226*** -0.050 0.001 -0.040 -0.130**
(-1.677) (-4.936) (-1.299) (0.008) (-0.640) (-2.244)

Family Size -0.021*** -0.048*** -0.013** -0.012 0.022** -0.018**
(-3.586) (-7.012) (-2.294) (-1.111) (2.255) (-2.008)

Observations 62897 63130 63130 63130 63130 63130
Groups 17846 17874 17874 17874 17874 17874

R2 0.277 0.092 0.184 0.000 0.056 0.157

* p<0.10, ** p<0.05, *** p<0.01. t-statistics (robust to clustering within panelids) in parentheses.

ing for the importance of different variables, we can eliminate the sit and fit

variables from the system (2.13)-(2.18), and decompose the total effect of

each pecuniary variable as:

β = λs1γs1 + λs2γs2 + λs3γs3 + λf1γf1 + λf2γf2 + λu (2.19)

Intuitively, (2.19) says that the total SWB effect β of mit can be decomposed

into the sum of its status effects (the λsγs terms) anticipation effects (the

λfγf terms), and a direct (or, perhaps more accurately “residual”) effect, λu.

Each of the indirect effects is in turn composed of two parts: the effect of mit
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Table 2.11: The Mediating Effect of Security and Status on SWB in Russia

LS Concern Hope Respect Power Econ Rank

(Log) Household Income 0.055*** 0.086*** 0.070*** 0.049*** 0.060*** 0.102***
(8.148) (10.505) (10.793) (4.037) (5.450) (10.404)

(Log) Household Consumption 0.061*** 0.085*** 0.057*** 0.071*** 0.069*** 0.165***
(5.851) (6.783) (5.847) (3.768) (4.015) (10.600)

(Log) Durable Stock 0.015*** 0.001 -0.001 0.018*** 0.016*** 0.023***
(3.857) (0.308) (-0.290) (2.703) (2.693) (3.843)

(Log) Rent Arrears -0.009*** -0.011*** -0.008*** -0.007** -0.014*** -0.016***
(-5.213) (-5.159) (-4.644) (-2.138) (-4.761) (-6.031)

Concern About Future 0.149***
(29.330)

Hope For Future 0.165***
(26.483)

Respect 0.036***
(11.327)

Power 0.031***
(7.767)

Economic Rank 0.110***
(23.521)

Employed 0.096*** 0.112*** 0.015 0.127*** 0.099*** 0.130***
(6.223) (6.038) (1.027) (4.781) (4.042) (5.872)

Age -0.043*** -0.056*** -0.040*** 0.058*** 0.038** -0.015
(-3.922) (-3.405) (-3.490) (2.921) (2.064) (-0.944)

Age2 0.000*** 0.001*** 0.000*** -0.000*** -0.000* 0.000***
(3.973) (10.246) (7.459) (-3.240) (-1.778) (3.413)

Health 0.112*** 0.077*** 0.086*** 0.089*** 0.149*** 0.144***
(11.962) (7.000) (10.216) (5.386) (9.843) (10.683)

Married 0.137*** -0.048 0.073** 0.030 -0.037 0.067
(3.879) (-1.249) (2.400) (0.558) (-0.708) (1.477)

Divorced -0.043 -0.074 -0.011 0.000 0.001 -0.055
(-1.009) (-1.549) (-0.283) (0.002) (0.009) (-0.952)

Widow(er) -0.097** -0.133*** 0.001 0.085 -0.047 -0.087
(-2.183) (-2.600) (0.014) (1.054) (-0.665) (-1.387)

Family Size -0.025*** -0.043*** -0.013** -0.016 0.024** -0.020**
(-3.837) (-5.766) (-2.048) (-1.465) (2.366) (-2.182)

Observations 54616 54784 54784 54784 54784 54784
Groups 16447 16466 16466 16466 16466 16466

R2 0.270 0.072 0.213 0.000 0.000 0.092

* p<0.10, ** p<0.05, *** p<0.01. t-statistics (robust to clustering within panelids) in parentheses.

on status or anticipation (via the λs or λf ) and the effect of that channel on

SWB (via γs or γf ).

We use this equation to calculate both the total effect of each mit variable

via all channels and to decompose this into the shares accounted for by each

of the measured mediator variables. The decomposition corresponding to

the results in Table 2.11 is displayed graphically in Figure 2.5, and appears

to confirm that status and anticipation are important in accounting for the

impact of our pecuniary variables.47 Collectively, these channels account for

47The decomposition of income and consumption corresponding to the results in Ta-
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around 40% of the effect of income, consumption, and rent debt — although

they account for only around 20% of the effect of the durable stock. In the

case of consumption and rent debt, the contributions of status and anticipa-

tion are approximately equal. In contrast, anticipation is more important to

the effect of income, but entirely unimportant to the effect of durables.

In all cases, there remain large residual effects, which are unfortunately

difficult to interpret. These could reflect either actual direct effects of these

variables on SWB, effects that operate via unmeasured channels (such as

self-esteem), or simply measurement error in the mediator variables (which,

as we noted earlier, do not precisely capture the notions we are concerned

with). For the latter reasons, the displayed residual effect are more likely to

reflect upper bounds on the “direct” effect than unbiased estimates of it.

Even setting aside the large residual effects, there remain a number of

concerns with the interpretation of these results, which the following sections

seek to address. The first centres on the issue of causation, the second on

the potential for survey artifacts to drive the results, and the third on the

possibility of attrition affecting the results. We address these in turn below.

ble 2.10 are virtually identical, and are therefore omitted for brevity.
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Figure 2.5: Decompositions of Consumption, Income and Wealth into Status
and Anticipation Effects
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Bars illustrate both the overall effect of each pecuniary variable on SWB, and the contri-

bution of each status or anticipation channel to that effect.

Causation

For the most part, it seems reasonable to assume that the direction of cau-

sation here runs from from changes in economic outcomes to changes in the

subjective variables, rather than the other way around. While independent

changes in subjective variables (particularly changes for the worse) are likely

to elicit subsequent behavioural responses, these should not greatly affect

our results, because subjective assessments should quickly readjust to any

resulting change in circumstances. (For example, if my expectations about
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my future prospects change for the worse, I may subsequently begin to work

more, and earn more; but the very fact that I am now earning more should

then feed back into my future expectations, and mask the original causal

channel.)

There are, however, two specific exceptions to this. First, it seems that

consumption is more likely to reflect individuals’ expectations about the

future than to affect them. If we anticipate a comfortable future, we are

likely to consume more now than if we anticipate a worse one. This suggests

that the suggested influence of consumption on concern and hope for the

future may well be spurious. On the other hand, we are likely to see the

opposite effect with wealth: if our prospects deteriorate (improve), we may

respond by saving more (less). The resulting negative association between

our sense of security and our wealth could potentially offset any presumed

positive causal link from wealth to security.

Survey Artefacts

Another potential problem in the interpretation of these results is that the

association between the status and anticipation measures that we use could

be inflated by priming effects in the survey. With the exception of the concern

about the future variable, f2it, all of the other questions appear immediately

prior to the general life-satisfaction question in the RLMS. We test the idea
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that this may have biased our results using an alternative life-satisfaction

question asked in rounds 12 and 13. This question asked respondents “How

satisfied or unsatisfied are you with: your life in general at present?”, with

possible answers “absolutely satisfied”, “mostly satisfied”, “yes and no”, “not

very satisfied”, and “absolutely not satisfied”.

Table 2.12 reports the results of regressions of the same form as column (1)

of Table 2.10. The first column reproduces the relevant part of of Table 2.10

for comparison. The second and third columns show the results of the same

regression run on the sub-sample for which the alternative life-satisfaction

answers u∗it are available, first with the original dependent variable uit, and

then with the alternative u∗it. Comparing columns (1) and (2), we see that

simply restricting the sample to the two final rounds results in a signifi-

cant fall in the coefficients and significance levels of the respect, economic

rank, and concern variables — though all, with the exception of the respect

variable, remain significant. Comparing columns (2) and (3), we find that

using the alternative measure of life-satisfaction results in a further drop in

most coefficients and their significance. Though again, all except the respect

variable remain significant, the coefficients on respect, economic rank, and

future prospects fall by close to 50%. On the other hand, the power variable,

and the concern about the future variable (the latter of which should not

suffer from priming bias) remain closer to their original coefficients. These
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results suggest that the importance of the subjective variables may well be

overstated in our main regressions. Nonetheless, the fact that their coeffi-

cients remain sizeable and significant even with the alternative measure u∗it

provides evidence that they are still important, even if less so than we might

otherwise have thought.

To account for the potential biasing effects of reverse causation and prim-

ing, we recalculate the decompositions displayed in Figure 2.5 above with two

adjustments. First, we restrict the effect of consumption to operate only via

status and residual effects. Second, we scale down the effect of each indirect

channel to SWB, using the ratio of its coefficients in columns (2) and (3) of

Table 2.12. Figure 2.6 displays the adjusted decompositions.

In contrast to the previous results, indirect channels now account for only

1
3

of the effect of Rent Debt (split evenly between status and anticipation),

1
4

of the effect of income (of which the majority is still due to anticipation),

1
5

of the effect of consumption (now attributable entirely to status), and

1
6

of the effect of durables (also attributable entirely to status). However,

more so than previously, we can now be confident that the estimated effects

operating via each channel are indeed lower bounds — and consequently that

such channels are indeed important, even if the majority of the effect of our

pecuniary variables is direct or unexplained.

One final point of note is that, if our concerns about reverse causation
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Table 2.12: Testing for the presence of survey artefacts

(1) (2) (3)

Concern About Future 0.155*** 0.077*** 0.048***
(33.065) (4.426) (2.613)

Hope For Future 0.162*** 0.188*** 0.109***
(28.809) (6.710) (3.682)

Respect 0.036*** 0.007 0.000
(12.533) (0.456) (0.023)

Power 0.031*** 0.038** 0.038**
(8.554) (2.327) (2.350)

Economic Rank 0.112*** 0.106*** 0.053***
(26.458) (5.571) (2.983)

Observations 62922 8066 8066
Groups 17847 5491 5491
R2 0.282 0.165 0.038

* p<0.10, ** p<0.05, *** p<0.01. t-statistics (robust to clustering within panelids)

in parentheses.

from anticipation to current consumption are true, then this will require us to

revise downwards our estimates of the total effect of consumption on SWB.

Indeed, as Figure 2.6 shows, its total effect is now slightly less than that of

income, and the total effect of the two together is now only around 0.160yit.
48

Comparing this with our original income-only estimate of 0.116yit suggests

that it may in fact only understate the effect of money by around 40%.

48This figure comes from recalculating equation (2.19) with the λfγy components omit-
ted for the consumption β.
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Figure 2.6: Adjusted Decompositions of Consumption, Income and Wealth
into Status and Anticipation Effects
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Attrition

As with the analysis of Section 2.5, attrition remains a potential source of

bias in the analysis. However, after conducting both the tests and corrections

outlined in Section 2.5.3, the results appear to remain robust. (We do not

report the results here to conserve space.)

Conclusion

Altogether, the evidence of this section suggests that both status and an-

ticipation concerns are important in accounting for the effects of income,
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consumption and wealth on SWB. As already noted, this strengthens the

case that the effects of income and wealth are indeed independent of con-

sumption. It also opens up the possibility (which we explore in the next

section) that there could be systematic variation in the importance of dif-

ferent types of consumption, income and wealth in different circumstances.

Nonetheless, there are some weaknesses in the analysis. Our initial estimates

of the importance of the status and anticipation channels may well be biased

upwards by survey artefacts, and there remains a significant unexplained

“residual” to be accounted for.

2.6.2 Variation in the Effects of Consumption, Income,

& Wealth

Section 2.6.1 suggested that money affects well-being partly through indi-

rect channels. This opens up the possibility that different types of income,

consumption or wealth may have different hedonic returns. As a specific

example of this, this section considers the hypothesis that earned income

may be more important than unearned income as a source of status or self-

esteem, and therefore of global SWB. Again, we proceed in three stages, first

setting out our empirical strategy, moving on to the basic results, and then

discussing issues of interpretation and robustness.
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Empirical Strategy

To operationalise the hypothesis that earned income will have a greater effect

on status/self-esteem than unearned income, we begin by re-expressing the

system of equations in equation (2.9)-equation (2.12) in the following reduced

form (combining the self-esteem and status channels for simplicity):

uit = m′itβ + yit(λsγs + λfγf + λu) + z′itθ + εit (2.20)

where the mit is a vector of pecuniary variables other than income, which

has been separated out as yit, and everything else is defined as before. Our

hypothesis can then be operationalised as assuming that the impact of in-

come on status/self-esteem — that is, the coefficient λs— depends on the

proportion of income that is earned:49

λs = λs0 +
Y earned
it

Yit
φ (2.21)

Substituting this into (2.20) and simplifying then yields:

uit = m′itβ +
Y earned
it

Yit
yitφγs + z′itθ + ηi + εit (2.22)

49If the equation for sit were linear in Yit rather than its log, yit, then we could simply
enter Y earnedit and Y unearnedit separately. However, the non-linearity makes such a strategy
infeasible, and leads us to pursue the interaction approach set out here.
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where we again include yit in the mit vector, and βy = λs0 from equa-

tion (2.21). If the coefficient on the the interaction term,
Y earnedit

Yit
yit, is positive

and significant, this suggests both that status/self-esteem is relevant to the

importance of income (i.e. γs > 0) and that
Y earnedit

Yit
does indeed mediate this

effect (i.e. φ > 0) and cause systematic variation in the importance of yit.
50

Results

We estimate this equation with three alternative measures of Y earned
it : individ-

ual income; non-transfer income; and a vector comprised of both measures.

In all cases, we also include the proportion of earned income,
Y earnedit

Yit
, hours

worked, and hours worked squared in the regressions as additional controls.51

The results of regressions using income and consumption as the relevant m

variables are shown in Table 2.13.52

In the first two specifications, both the proportion of earned income alone,

and the interaction terms attract significant positive coefficients, with the

individual income interaction being slightly smaller than the non-transfer in-

come interaction. Both effects are maintained when the two variables are

50Given the results of the system estimation in the previous section, we set aside the
possibility that φγs could be significantly positive due to both components being negative.

51Including hours worked ensures that the effect of earning more income is not attenu-
ated for individuals who have to work longer hours to do so. As it happens, the coefficients
on the hours worked terms are always tiny and insignificant, and so are not reported.

52We have also run the regressions including the durable stock and rent arrears variables:
the results were virtually identical.
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included together (in column (6)). Consistent with our hypothesis, this sug-

gests that holding total household income constant, people are happier the

greater the proportion that is earned or which they are in some sense respon-

sible for.

Is the Earned Income Effect Driven By Status?

Of course, one might plausibly think that this relationship is driven by some-

thing other than our hypothesised link between earned income and status.

Two other possibilities are:

(1) that higher individual income gives the earner greater bargaining power

within the household, and enables them to gain a greater share of

household consumption; and

(2) that individual income correlates with desirable job characteristics

Neither (1) nor (2) can explain the higher coefficient on earned, as opposed

to individual income. Moreover, we have already dismissed the idea that

job characteristics could account for the importance of income above. Just

to be sure, we conduct two (unreported) tests of these hypotheses. The

first hypothesis suggests that the same amount of household consumption

should yield more SWB the higher is individual income. We can thus test

it by including an interaction between the proportion of individual income

and the log of household consumption. However, the interaction term in
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such an equation is insignificant, suggesting that this is not the source of the

effect. The second explanation suggests that the effect should disappear if we

control for job characteristics. However, including measures of managerial

status, job risk, and professional expertise does not alter the coefficients.

In contrast, we can test more directly the initial hypothesis that earned

income is important specifically because of its effect on status, and when

we do so, the results are encouraging. This time, instead of substituting

equation (2.21) into (2.20), we substitute it directly into equations (2.14)-

(2.16) and test the status effects directly. That is, we run regressions identical

to the previous two, but now with the three status measures (power, respect,

and economic rank) as the dependent variables. The (unreported) results

support our original hypothesis: in all cases but one, the interaction terms on

individual and earned income are significant and have the expected positive

sign, suggesting that the interaction effect is indeed mediated via status.

(The only insignificant interaction occurs for household earned income in the

respect equation, and does not greatly affect the thrust of our conclusion.)

Attrition

Again, the possibility arises that the results here may be affected by attrition.

In line with the analysis presented above, we conduct tests to detect attrition

bias, and run IPW regressions to correct for the possibility. In neither case
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do the (unreported) results affect the conclusions above.

2.7 Conclusion

The analysis of this chapter suggests three broad conclusions. First, our

results confirm previous suggestions that estimates of the effect of money on

well-being that focus solely on income are likely to underestimate its effect

substantially (Headey, Muffels, and Wooden, 2008; Headey and Wooden,

2004). In contrast to previous work, however, our fixed effects estimates avoid

any potential for biases arising out of omitted personality traits (which, as

Ferrer-i-Carbonell and Frijters, 2004, show, are likely to correlate with both

economic outcomes and SWB).

Second, in contrast to the standard interpretation of this result (see e.g.

Clark, Frijters, and Shields, 2008), which views it as consistent with income

acting simply as a noisy measure of consumption, we go beyond previous

work in arguing that income, consumption and wealth each affect well-being

independently, and that the standard model is incomplete in this regard.

The presence of income and wealth in the current utility function may have

implications for both welfare analysis and individual decision-making.

For example, the evidence that more than just consumption matters to

SWB may help to inform ongoing policy debates about the most appropriate
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means of measuring poverty, inequality or material well-being more broadly.

In particular, it would imply that the frequent assertion that consumption is

a theoretically preferable measure of well-being (see e.g. Meyer and Sullivan,

2003, 2007) be overstated, and suggest something of a middle ground in the

contest between income and consumption-based measures.

The presence of income as a direct argument in the utility function also

creates a preference for income-smoothing (for essentially the same reasons as

the traditional consumption smoothing result), meaning that income volatil-

ity is likely to be more harmful to well-being than the standard consumption-

based theory would predict. On the other hand, the presence of wealth in

the utility function creates a competing preference for “front-loaded” income

streams. The proofs of these results are straightforward, and relegated to

Appendix A.1.

The presence of wealth may also have important implications for the

optimal behaviour of those with high debt levels, and in particular for their

behaviour under risk (see e.g. Karelis, 2007, though he focuses primarily on

the effects of convexities at low levels of consumption). While risk-preferences

cannot be read directly off the shape of the SWB function,53 convexities in

the SWB function will increase the likelihood of risk-loving behaviour.

53A consistent decision-utility function can be any monotonic transform of an SWB
function. If this transform is sufficiently concave (convex), then it may result in risk-
averse (risk-loving) behaviour, regardless of the curvature of the SWB function itself.
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Third, there is evidence that at least part of the effect on life satisfaction

of both pecuniary and other variables is mediated via perceptions of status

and concerns about the future (although a sizeable residual effect typically

remains to be explained). The suggestion that the impact of income is me-

diated by status or self-esteem suggests that different sources of income may

have different hedonic returns, and we present evidence that Russians do in

fact gain greater SWB from income for which they are somehow responsible

(either as individuals or as a household) than income for which they are not.

This may have implications for cost-benefit analysis of alternative welfare

policies, such as “workfare” or conditional transfers.

Meanwhile, the evidence that anticipation matters lends support to mod-

els such as those of Loewenstein (1987), Caplin and Leahy (2001), and

Köszegi (2005), which incorporate future consumption possibilities into the

current utility function.54 More broadly, it may also be thought to lend

weight to the old Jevonian perspective (see e.g. Jevons, 1888, 1905) on inter-

temporal decision-making — which argued that saving and investment de-

cisions were rooted in the effect of anticipatory emotions on current util-

ity, rather than (or more plausibly, in addition to) weighing the interests of

54One interesting question suggested by this is whether individual-level variation in
the strength of the wealth effect on current utility could partly explain the variation in
individuals’ “propensity to plan” for the future, which has been documented by Ameriks,
Caplin, and Leahy (2003). They present evidence that these varying propensities cannot
be due simply to variation in discount rates.
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the present against the future, as emphasised by Von Böhm-Bawerk (1889),

Fisher (1930), and in the standard discounted utility model of Samuelson

(1937).55 To the extent that the future matters to SWB now and not merely

to SWB when it occurs, this suggests, amongst other things, that the rate at

which individuals actually discount future utility may be much higher than

the standard model would suggest. Indeed, as Jevons (1888) argued, it could

provide a motive for saving even if individuals weighted their future SWB at

zero.

The Russian experience over the 10 years from 1994-2004 has provided

us with a unique natural experiment to examine the impact of consumption,

income, and wealth on SWB — and the results from our analysis here seem

fairly clear. Nonetheless, as with any experiment (natural or otherwise)

there remains a question about how the results are likely to scale beyond

the immediate context. To see whether our conclusions are likely to carry

over to more stable environments, and/or different cultural contexts, the

next chapter turns to examine British data from 1996-2005 as a point of

comparison.

55Of course, these perspectives are not mutually exclusive. Frederick, Loewenstein, and
O’Donoghue (2002) discuss the contrast between them, and its potential implications, in
more detail.
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Chapter 3

Britain

The previous chapter used Russian evidence to argue that standard ap-

proaches to thinking about the importance of money to SWB are flawed

in two distinct ways. First, the standard empirical strategy of using income

as the independent variable of interest in SWB regressions understates the

importance of money to SWB. Second, the standard theoretical model, which

assumes that current consumption is the sole pecuniary argument in the in-

stantaneous utility function is incomplete: income and wealth matter too, in

ways that are likely to be important to welfare analysis.

Nonetheless, given the volatility of Russian transition experience, one

might doubt the applicability of these results more broadly. Perhaps the

trauma of transition has engendered in the Russian populace a widespread

anxiety about their economic security, and it is this anxiety that causes
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Russians to place so much weight on income and wealth as buffers against

future misfortune. Or perhaps Russian culture focuses more than others on

income and wealth as markers of status. If so, then it could still be the

case that they are relatively unimportant elsewhere, under more “normal”

economic circumstances.

On the other hand, these same considerations would even more strongly

impugn the results of income-only SWB regressions. If, outside of the rather

special Russian case, income is not in fact very important to SWB, except via

its effect on consumption, then income regressions may understate the impor-

tance of money to SWB to an even greater extent than the Russian evidence

would suggest: in the Russian case income measures at least have the virtue

of capturing something that individuals appear to care about independently,

rather than being merely noisy measures of consumption.1

To see whether these concerns are well-founded, this chapter analyses the

experience of a country that did not face such a volatile economic situation in

the recent past; and which might reasonably be presumed to differ culturally

from Russia: Britain from 1996 to 2005. We find that the key points from our

analysis of the Russian case stand: income regressions continue to understate

the importance of money (to an even greater extent than in Russia); and

1Moreover, to the extent that Russians were less able than Britons to smooth their
consumption over the period, the value of income as a consumption measure would also
be greater (see e.g. Stillman, 2001, for the argument that Russians smoothed consumption
relatively little over much of the early RLMS sample period).
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the data still reject the standard consumption model (SCM) of how money

matters to SWB. Nonetheless, we do find some significant differences between

the two countries, and these differences temper our conclusions somewhat.

In particular, while consumption and wealth appear to exert similar effects

on SWB in both countries, income is much less important to SWB in Britain

than it is in Russia. Though there are a number of potential reasons for this

difference, which is most convincing is not yet clear.

The British data also allow us to probe in more depth the precise way

in which individuals’ wealth holdings affect their SWB — an issue towards

which conflicting approaches have so far been taken in the literature (cf.

Headey and Wooden, 2004 and Headey, Muffels, and Wooden, 2008 with

Brown, Taylor, and Wheatley Price, 2005), but which the paucity of the

Russian wealth data largely precluded us from examining. They appear

to do so in a way that may be initially surprising: it is not an individuals’

overall wealth that matters to SWB (indeed, if we assumed this were the case,

we would mistakenly conclude that wealth did not matter at all); instead,

individuals appear to evaluate different types of wealth (such as housing,

mortgage debt, savings, investments, and non-mortgage debt) separately,

and also to value some of these wealth types more than others. The pattern

of these differences suggests that wealth is important because individuals’

future (anticipated) consumption matters to their current well-being (rather
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than having a direct effect, or because it contributes to individuals’ sense of

status or self-esteem). In particular, wealth that is more closely connected

to specific, near-term consumption is more important to SWB than is non-

specific savings or long-term wealth holdings. Collectively, the findings lend

support to behavioural models that incorporate anticipatory consumption

into the utility function (see e.g. Loewenstein, 1987; Elster and Loewenstein,

1992; Caplin and Leahy, 2001; Köszegi, 2005), and the general view that

individual motivations for the accumulation of wealth do not reside solely in

the rational weighing of current against future utility implicit in the standard

discounted utility model.

The chapter proceeds as follows. Section 3.1 gives a brief overview of the

British Household Panel Survey (BHPS). Section 3.2 investigates the impor-

tance of income to SWB in Britain. Section 3.3, the most substantive portion

of the chapter, examines the importance of wealth. Section 3.4 concludes.

3.1 The BHPS

We employ waves 7-10 and 12-15 of the British Household Panel Survey

(BHPS), a nationally representative survey tracking approximately 5,500

households and around 10,000 individuals each year from 1996-2005. (Wave

11, carried out in 2001 is excluded because the life-satisfaction question we
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use as a dependent variable throughout is not available.) The key variables

we employ are described briefly below. A more detailed account of the con-

structed variables can be found in Appendix A.4.

In each year adult household members were asked: “how satisfied or

dissatisfied are you with your life overall”, with possible answers ranging

from “not satisfied at all” to “completely satisfied” on a 7-point scale.2

In addition, the BHPS also includes a number of questions asking in-

dividuals and households about their consumption and income. We follow

Deaton and Zaidi (2002) in constructing a household consumption measure

consisting of four components: food expenditure and non-food expenditure,

(imputed) residential rent, and a measure of the user cost of durables. The

details of the procedures used to construct these measures are detailed in Ap-

pendix A.4. As a household income measure, we use the household’s income

in the last month (semi-annualised for comparability with the consumption

measure). All measures are deflated using monthly CPI data.

Finally, the BHPS also includes a number of wealth measures. In all

2Although the phrasing might appear somewhat ambiguous as to the time frame con-
cerned, the context makes clear that current satisfaction is the focus. The question is
preceded by the following statement:

Here are some questions about how you feel about your life. Please tick the
number which you feel best describes how dissatisfied or satisfied you are
with the following aspects of your current situation.

Respondents are then asked a series of questions about the extent to which they are
satisfied with various aspects of their lives (including health, financial situation, job and
relationships), which culminate in the overall life satisfaction question above.

104



rounds, it included questions about the value of one’s own home, other prop-

erty and mortgage debt. However, the other property measure is reported

only as a categorical variables until wave 10, so we have useable data only

from that point on. In addition, in waves 10 and 15, the BHPS included an

additional module of wealth questions which garnered information regarding

the savings, investments and non-mortgage debt of each household. Savings

is a stock variable including money held in savings or deposit accounts (with

a bank, post office or building society), National Savings Bank (Post Of-

fice), and TESSAs and ISAs. Investments are comprised of money held in

National Savings Certificates, Premium Bonds, Unit or Investment Trusts,

Personal Equity Plans, UK or foreign shares, National Savings Bonds, or

other investments. Finally, non-mortgage debt consists of money owed on

hire purchase agreements, personal loans (from banks, building societies, or

other financial institutions), credit cards (including store cards), catalogue

or mail order purchase agreements, DSS Social Fund loans, any other loans

from private individuals, overdrafts, student loans, or other (non-mortgage)

debt).

Figure 3.1 displays the evolution of the mean of SWB, and of (logged)

household values for the income, consumption, and own home housing wealth

variables over the sample; while Figure 3.2 displays the values for savings,

investments, other property and non-mortgage debt. These figures confirm
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that there has been much less overall movement in most variables than was

the case in Russia. There is evidence of some degree of common movements

in the wealth variables: after an initial fall, mean logged housing wealth

rises over the sample, as does the mean logged value of other property; while

savings, investments, and non-mortgage debt each fall over the sample for

which they are available. Nonetheless, it seems that Britain should provide

a good test of the effect of consumption, income, and wealth in “normal”

times.

3.2 The Importance of Income to SWB in

Britain

This section focuses on the importance of income and consumption to SWB

in Britain, and attempts to answer two specific questions: whether income

regressions understate the importance of money to SWB in Britain; and

whether, contrary to the standard consumption model, current income con-

tributes to SWB independently of current consumption. In doing so, it fol-

lows essentially the same strategy as that adopted in Section 2.5, running

regressions of the form:

uit = m′itβ + z′itθ + ηi + εit (3.1)
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Figure 3.1: The Evolution of Log Household Income, Con-
sumption, Housing Wealth, and Life-Satisfaction in Britain
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Throughout, we use as the dependent variable individual answers to the 7-

point life-satisfaction question described in Section 3.1 above, and we employ

again a standard set of control variables zit, comprised of age, age squared,

health, marital status (dummies for each of married, non-married couple,

divorced, separated and widow(er), with never married as the omitted cate-

gory), an employment dummy, and family size. We also include a full com-

plement of wave dummies to allow for common shocks.

We test three alternative models by varying the components of mit: (1)

the standard income regression employed in most of the SWB literature in

which mit = yit; (2) the consumption-based model of standard economic

theory in which mit = cit; and (3) an alternative model that allows both

consumption and income to affect current SWB and sets mit = (yit, cit)
′. We

leave aside for now the fourth model from Section 2.5, where we also allowed

wealth to enter into the equation. Variants of this model will occupy us

in much greater detail in in Section 3.3. The preliminary analysis favours

model (3) over both models (1) and (2): income does seem to matter to

SWB independently of consumption. We argue that this effect is unlikely to

be due to measurement error in consumption, reverse causation, or omitted

job characteristics (Section 3.3 further suggests that it is unlikely to be an

unmeasured wealth effect); however, in contrast to our previous results, in-

come does appear to matter much less to SWB in Britain than in Russia.
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A corollary of this is that, while the standard income regression of model

(1) greatly understates the importance of money to SWB, the consumption

model (2) does so to a much smaller extent.

3.2.1 Basic Results

Table 3.1 displays the results of models (1)-(3). In all specifications, the con-

trol variables have effects broadly consistent with previous findings: being

in a stable relationship has a strong positive effect (slightly larger for the

unmarried than the married, but not significantly so), while divorce, wid-

owhood, and separation have large negative effects relative to having never

been married. The effect of being separated appears to be significantly more

negative than being divorced, suggesting that divorce may actually be an

improvement on separation.3 Being employed has a significant positive ef-

fect over and above any monetary gains it induces, and health too is very

important. The coefficients also suggest that, controlling for these factors,

SWB declines with age. The usual positive coefficient on the squared term

is insignificant here, indicating that the usual u-shaped age profile seems to

be absent (though given the likely sensitivity of the age coefficients to the

3This fits with the argument advanced by Gilbert (2006), that the anticipation of
an uncertain negative event may be worse than the actual experience of it, because our
standard psychological defense mechanisms cannot begin to operate until the uncertainty
is resolved. Only once the event actually happens can we begin adjusting to it and making
sense of it in a way that allows us to cope with it.
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controls included we would not want to over-interpret this).

Table 3.1: The Effect of Income and Consumption on Life Satisfaction in
Britain, 1996-2005

(1) (2) (3)

(Log) Household Income 0.016*** 0.012**
(2.765) (1.966)

(Log) Household Consumption 0.110*** 0.106***
(6.195) (5.920)

Age -0.027** -0.028** -0.028**
(-2.164) (-2.211) (-2.230)

Age2/10 0.001 0.001 0.001
(1.227) (1.574) (1.565)

Health 0.216*** 0.216*** 0.216***
(34.915) (34.834) (34.849)

Married 0.095*** 0.101*** 0.099***
(3.264) (3.467) (3.425)

Couple 0.121*** 0.133*** 0.131***
(4.989) (5.513) (5.396)

Widowed -0.199*** -0.193*** -0.192***
(-3.377) (-3.291) (-3.271)

Divorced -0.114** -0.104** -0.104**
(-2.491) (-2.271) (-2.270)

Separated -0.305*** -0.298*** -0.297***
(-6.137) (-5.990) (-5.971)

Employed 0.084*** 0.087*** 0.082***
(6.012) (6.371) (5.889)

Household Size -0.023*** -0.034*** -0.036***
(-3.731) (-5.120) (-5.423)

Observations 110744 110744 110744
Groups 22918 22918 22918
R2 0.029 0.029 0.029

* p<0.10, ** p<0.05, *** p<0.01. t-statistics (robust to clustering within pids) in parentheses.

Turning to the substantive coefficients of interest, we see that the effect of

income in column (1) is quite small, both when compared to the coefficients

on the controls, and in relation to the consumption coefficient in column (2):

in fact the latter is almost seven times larger. Yet while the results of the

first two columns are consistent with the idea that income may merely be a

noisy proxy for consumption, the results in column (3) throws some doubt

on the adequacy of model (2): when included together, both income and
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consumption are still significant, and their effects are barely different from

those of the first two columns.

Taking these estimates at face value suggests two broad conclusions.

First, that consumption and income both affect SWB. And second, that the

standard income regression of model (1) severely understates the importance

of money to SWB. The precise degree of this understatement will depend

on how income is allocated between consumption in different time periods;

but we can get a rough idea of the total effect assuming that all income is

consumed in the period it is received. This implies that the total effect is

yit(β̂y + β̂c) = 0.118yit, which is 7.4 times larger than the measured effect of

(log) income from column (1) of 0.016yit.

3.2.2 Is the Effect of Income Independent?

There are nonetheless a number of potential reasons why one might doubt

these conclusions, and in particular the claim that the effect of income is

independent of the effect of consumption. The following subsections address

the two most obvious of these in turn: measurement error in consumption,

and omitted variables bias. They argue that neither challenges our basic

point.4

4For reasons set out in Section 2.5.2 we do not expect reverse causation to play a
significant role in driving the positive coefficient on income: any such causal link should
be largely absorbed within our fixed effects, or should operate with sufficient lags as to
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Measurement Error in Consumption

As we noted in the previous chapter, one potential reason to doubt the con-

clusion that the income effect is truly distinct from the consumption effect is

that the former may simply be picking up measurement error in the latter.

While we cannot conclusively rule out such an explanation, the one test we

can conduct suggests that it is unlikely to drive the result. As we noted in

Section 3.2.2, if measured income were truly orthogonal to SWB except for its

effect on consumption, then it would be a valid instrument for it. To examine

the plausibility of this suggestion, we estimate an IV equation, instrumenting

for consumption with income. The resulting coefficient on consumption is

0.370, almost 3.5 times larger than the initial consumption estimate of 0.110.

Under the standard classical errors in variables assumptions, this would

imply that measurement error constitutes somewhere in the vicinity 70%

of the variation in the measured deviations from mean consumption.5 The

implausibility of this estimate suggests that income does indeed have an

independent, albeit small, effect on SWB in Britain.

avoid contaminating our estimates.
5Calculated from the standard formula as σ2

u/(σ
2
c∗ + σ2

u) = (βc∗/β̂
FE
c − 1)/(βc∗/β̂

FE
c ).
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Omitted Job Characteristics

Another possible reason to doubt the independent income coefficient is that

it may simply be proxying for desirable job characteristics that happen to

be correlated with it. To test this hypothesis we include five such potential

variables in the baseline regression of model (3) (run on the employed sub-

sample): a dummy indicating whether the individual holds a managerial

position; two measures of professional status (RG Class and Socio-Economic

Group); and two subjective satisfaction with work variables (satisfaction with

job security, and satisfaction with work itself). Table 3.2 shows the results

of these regressions. With the exception of the manager dummy, all the

additional variables exert a statistically significant and positive effect on

SWB. However, in no case do they affect the point estimates or significance

of the income and consumption coefficients.6

3.3 Wealth

This section moves on to examine the effect of wealth on SWB within the

BHPS. We build on existing work in this area in three main ways. First, we

6It is perhaps noteworthy that the income coefficient is both higher, and more significant
within the employed sub-sample regressions here than it is in the full sample regressions
of Table 3.1. Running additional regressions on the non-employed sub-sample confirms
that the effect appears smaller and less precisely measured. However, this imprecision also
means that the difference between the two is insignificant.
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Table 3.2: The Effect of Income, Consumption and Job Characteristics on
Life Satisfaction in Britain, 1996-2005

(1) (2) (3) (4) (5) (6) (7)

(Log) Household Income 0.027*** 0.027*** 0.026*** 0.026*** 0.024** 0.029*** 0.027***
(2.834) (2.789) (2.739) (2.686) (2.486) (3.064) (2.815)

(Log) Household Consumption 0.111*** 0.111*** 0.111*** 0.110*** 0.109*** 0.108*** 0.107***
(5.315) (5.304) (5.309) (5.290) (5.246) (5.283) (5.240)

Manager 0.009
(0.752)

RG Class 0.015**
(2.554)

Socio-Economic Group 0.005**
(2.485)

Satisfaction With Job Security 0.049*** 0.032***
(15.731) (10.072)

Satisfaction With Work Itself 0.099*** 0.090***
(25.330) (22.725)

Observations 67486 67486 67486 67486 67486 67486 67486
Groups 15775 15775 15775 15775 15775 15775 15775

R2 0.071 0.072 0.071 0.071 0.088 0.126 0.131

* p<0.10, ** p<0.05, *** p<0.01. t-statistics (robust to clustering within pids) in parentheses. All standard controls

except the Employment Dummy (Age, Age Squared, Health, Marital Status, Household Size, and Wave Dummies) included

but not reported.

seek to clarify the issue of how exactly wealth matters to SWB — an issue to

which previous work has adopted somewhat conflicting approaches. Headey

and Wooden (2004) and Headey, Muffels, and Wooden (2008) assume that

it is (log) net wealth that matters to SWB, and find significant effects of

this variable in Australia (Headey and Wooden, 2004; Headey, Muffels, and

Wooden, 2008), Germany, the Netherlands, Britain, and Hungary (Headey,

Muffels, and Wooden, 2008). In contrast, Brown, Taylor, and Wheatley Price

(2005) assume that different types of assets and debts affect SWB separately,

and find that while short term debt and savings have significant effects on

SWB in Britain, housing wealth and investments have no discernable effect.

We resolve this tension by comparing the predictive ability of a range of

different models (including a number of models not addressed in any pre-
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vious work), and find broad support for the disaggregated approach taken

in Brown, Taylor, and Wheatley Price (2005): contra Headey and Wooden

(2004) and Headey, Muffels, and Wooden (2008) it is not households’ overall

net position that affects SWB; instead, individuals evaluate different types

of wealth (such as their own home wealth, mortgage and non-mortgage debt,

savings, and investments) separately. Moreover, in contrast to suggestions

made in other parts of the behavioural economics literature (e.g. Thaler,

1985, 1999; Thaler and Johnson, 1990) they appear to do so even when this

is not in their interests.

Second, most of the existing work has been unable (often due to data

limitations) to control for unobserved heterogeneity. This is true of all the

estimations in Headey and Wooden (2004) and Brown, Taylor, and Wheat-

ley Price (2005). If, as seems likely, greater wealth is correlated with unob-

served personality traits that also increase SWB, then failure to control for

such factors may lead us to overestimate the impact of wealth on SWB (see

e.g. Ferrer-i-Carbonell and Frijters, 2004). Moreover, while Headey, Muffels,

and Wooden (2008) do estimate some fixed effects equations to investigate

the effect of wealth in the Netherlands and Hungary, these use standard-of-

living satisfaction as the dependent variable, which will surely also overstate

the impact of wealth to global SWB (as indeed it does in their OLS specifica-
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tions).7 In line with previous results, Hausman tests conclusively reject the

random effects assumptions in all the specifications we have run here, and we

thus report fixed effects estimates throughout. In contrast to the results of

Headey and Wooden (2004) and Headey, Muffels, and Wooden (2008), once

we control for fixed effects, net wealth no longer seems to have a significant

effect on SWB. Moreover, while we confirm the robustness of Brown, Taylor,

and Wheatley Price’s result that short term savings and debt affect SWB,

we find some evidence that housing wealth also matters.

Finally, we also attempt to make some headway in determining why

wealth matters to SWB, an issue with the existing literature has left largely

untouched. Our findings suggest that it is the types of wealth that are most

likely to affect consumption in the short-term that have the greatest effect

on SWB, consistent with the idea that wealth matters because the antici-

pation of future consumption affects current utility, rather than because of

any effect on status or self-esteem (or because of measurement error in cur-

rent consumption). This is in keeping with Senik’s (2004; 2008) finding that

individuals’ future prospects are important to SWB, and provides further

support to behavioural models that attempt to incorporate the value of fu-

ture consumption into current utility (e.g. Caplin and Leahy, 2001; Köszegi,

7It is not entirely clear why they report life-satisfaction equations as their preferred
OLS specification, but only standard-of-living satisfaction equations for their fixed effects.
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2005).

Section 3.3.1 addresses the joint questions of whether and how wealth

matters to SWB. Section 3.3.2 then examines the issue of why wealth appears

to be important.

3.3.1 How Does Wealth Matter to SWB?

Wealth could potentially affect SWB in a variety of ways. Drawing on the

behavioural economics literature on prospect theory and mental accounts,

this section develops and tests the following four hypotheses about the nature

of wealth’s impact on SWB.

(1) Do different asset classes, such as housing, short-term, and long-term

wealth have distinct effects on SWB?

(2) Do assets and debts have distinct effects on SWB (within asset classes)?

(3) Do individuals frame their wealth holdings so as to maximise SWB?

(4) Are individuals debt averse?

Only if the answer to the first three questions is negative would we conclude

that it is simply a household’s net position that matters to SWB.
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Mental Accounting

Rather than thinking about their overall net wealth, individuals may instead

think about different types of wealth as belonging to distinct mental accounts

that each affect SWB separately. Housing wealth may then affect SWB inde-

pendently of investments, for example, or savings may affect it independently

of credit-card debt.

Some support for such an hypothesis can be found in the behavioural eco-

nomics literature on “mental accounting” (see generally Thaler, 1980, 1985,

1990, 1999). In particular, Shefrin and Thaler’s (1988; 1992) behavioural

life-cycle (BLC) model suggests that such accounts play an important role

in individuals’ inter-temporal consumption-savings decisions. The details of

the model need not concern us greatly here. The key point is that both its

predictions and the empirical evidence seem to suggest that individuals have

different propensities to consume out of different types of wealth (defined

for each wealth type j, as ∂Ct/∂Wjt) and in particular, that while individ-

uals are quite happy to consume out of current assets, they are less willing

to consume out of housing wealth (e.g. by borrowing against housing to

fund current consumption), or long-term investments and pensions. This

stands in contrast to the standard model of inter-temporal decision-making,

which predicts that an individuals’ consumption in each period should (ab-
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sent complications such as credit constraints) be a direct function of her

lifetime wealth.

Whether or not these three distinct asset classes (housing, long-term,

and short-term wealth) affect SWB separately constitutes the first dimen-

sion along which we distinguish different possible wealth models, and corre-

sponds to question (1) above. As it happens, these asset classes map neatly

onto the components of wealth surveyed in the BHPS, which asks individ-

uals about their home value, mortgage debt, investments, savings accounts,

and non-mortgage debt. The structure of the BHPS questions also suggests

an additional way (corresponding to question (2) above) in which individ-

uals could separate their wealth holdings into distinct mental accounts: by

treating assets and debts separately.

The combined possibilities of segregating asset classes (SAC) and/or seg-

regating assets and debts (SAD) yield four candidate mental account struc-

tures, which are displayed in Figure 3.3. In the top left we have the Overall

Net Wealth model, in which there is neither AC nor AD structure. In the

bottom left, we have the fully disaggregated SAC-SAD model in which home

value, mortgage debt, investments, savings, and non-mortgage debt can each

contribute separately to SWB. The other two models (SAC and SAD) each

constitute midpoints between these extremes.
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Figure 3.3: Possible Mental Account Structures
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Hedonic Editing

One interesting possibility raised by the possible existence of separate mental

accounts is that individuals could change the way they frame their wealth

holdings in order to maximize their utility (see e.g. Thaler, 1985, 1999; Thaler

and Johnson, 1990). The idea that they could do so is known as the “Hedonic

Editing” hypothesis, and has found some support in existing experimental

studies. To our knowledge, it has not been tested in the SWB literature.

However, it may have interesting implications in the SWB context. For

example, if individuals do not frame their wealth holdings so as to maximise

their SWB, then (for reasons we explain below) they may derive significant

disutility from debt, even if their overall net position is positive.

For s-shaped functional forms of the sort we assumed in the previous chap-
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ter8 (and which correspond to the standard prospect theory value function),

it will make sense to combine two mental accounts if either both accounts are

in debt, or the two constitute a “mixed asset” (i.e. one account is a positive

wealth holding and the other is a smaller debt).

Intuitively, £1000 of credit card debt seems much worse considered alone

than if one either adds it to £100,000 of mortgage debt, or subtracts it from

a £100,000 asset portfolio — at which point it hardly seems to matter at all.

In both cases, we would be better off (at least emotionally) to combine the

two accounts. The converse is true for assets: £1000 in a savings account

is likely to seem more important considered separately than if considered

together with either a £100,000 asset portfolio, or a £100,000 mortgage debt

(the latter is an example of a “mixed debt”). In these cases, we would be

(emotionally) best to think about the asset separately.9

8See also Equation (2.4.1) in Section 2.4.1 above.
9 As e.g. Linville and Fischer (1991) note, the extent to which the final conclusion will

apply to mixed losses generally will actually depend on both the precise shape of the value
function, and the sizes of the losses and gains. If individuals are sufficiently loss averse,
the utility of an asset in its own mental account may be less that the utility of (mentally)
using it to reduce debt.

More formally, preferences for combining debts, and for segregating assets follow from
the fact that, for a value function V (·), with diminishing marginal sensitivity to assets and
debts, the following hold by definition:

V (d1 + d2) > V (d1) + V (d2) (3.2)

V (a1) + V (a2) > V (a1 + a2) (3.3)

where di < 0 < aj , ∀ i, j.
The desire to aggregate “mixed assets” (i.e. small debts coupled with larger assets)

follows from the fact that, assuming (weak) loss aversion (defined here as V (−x) ≥
−V (x), ∀x ≥ 0):

V (a+ d) > V (a) + V (d) (3.4)
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In this vein, Thaler (1985, 1999) and Thaler and Johnson (1990) pro-

pose an “hedonic editing” (HE) model whereby individuals may combine

existing mental accounts in order to maximise their utility, as just set out

(and displayed in Table 3.3).10 Thaler and Johnson (1990) have also posited

an alternative “quasi-hedonic editing” (QHE) model which suggests that in-

dividuals are unable to combine multiple losses. The existing evidence is

generally taken to be consistent with this latter model, over both the no

editing, and the original HE hypothesis. (Indeed, the QHE hypothesis was

originally formulated to accommodate apparent deviations from the HE story

found in practice.) For reasons I will not go into here, it seems to me that

this evidence is rather weaker than is usually supposed, especially in relation

to the crucial prediction that individuals combine mixed gains, which would

holds for all |d| < a.
For “mixed losses”, where |d| ≥ a, the situation is more complex. Here, weak loss

aversion implies that there will be a k ≥ 0, such that:

V (a+ d) > V (a) + V (d) (3.5)

for |d| − a < k. It is only if V (·) is symmetric (i.e. V (−x) = −V (x)), that

V (a) + V (d) > V (a+ d) (3.6)

for all |d| > a, and mixed debts should not be combined (though, as we suggest below, a
symmetric value function is quite consistent with the data, and implies that k = 0).

10We set aside the possibility that individuals might segregate the baseline accounts
further. This seems justified on two grounds. First, as Thaler (1999) notes, there must
be some limits to individuals’ ability to engage in such segregation: otherwise they would
segregate every individual gain into the smallest units imaginable, and could avoid dimin-
ishing marginal utility entirely! Moreover, Thaler and Johnson (1990) find that empiri-
cally, individuals do not tend to further segregate accounts that are separate in the initial
framing.
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distinguish QHE from a simple no editing model.11 In any event, it seems

worthwhile to revisit the question here, given the quite different context to

those in which the HE and QHE models have been tested to date (which

e.g. have exclusively involved flows of gains and losses rather than wealth

stocks).

Table 3.3: Predictions of Alternative Models of Mental Account Editing

No Editing Hedonic
Editing

Quasi-Hedonic
Editing

(1) Multiple Assets No Change No Change No Change
(2) Multiple Debts No Change Combine No Change
(3) Mixed Asset No Change Combine Combine
(4) Mixed Debt No Change No Change∗ No Change∗

∗As footnote 9 notes, in the presences of loss aversion, this prediction is slightly ambiguous,

but will hold for sufficiently large debts.

While the predictions of the various editing models are fairly straight-

forward when there are only two mental accounts that could be combined,

matters become more complicated when there may be up to five (as in the

SAC-SAD model, which has a separate mental account for each wealth type

in the BHPS). If we knew the shape of the sub-utility functions for each

11Very briefly, the basic point is that such evidence typically relies on individuals’ ex-
pressed preferences about whether they would rather experience a given pair of events
on the same day, or on subsequent days. A preference for same-day experiences is then
taken to reflect a preference for combining outcomes, and a preference for subsequent-day
experiences is taken to reflect a preference for segregating outcomes. The problem in inter-
preting these studies is that the responses seem likely to be confounded by time-preference
(e.g. a preference to experience event on the same day could be due to impatience rather
than a desire to mentally combine their effects), and are consequently unable to provide
clear evidence for any particular hypothesis.
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mental wealth account, we could calculate the optimal framing directly (by

simply comparing the SWB levels attainable under each possible framing and

choosing the best one). However, because these functions are unknown —

indeed, they are precisely what we are trying to estimate — this strategy is

difficult to implement here.

Instead, we proceed by making three intuitive simplifying assumptions

about how accounts may be combined. We assume that an account with

a negative balance may be combined either with assets in the same asset

class (if the underlying account structure distinguishes assets and debts) or

with debts in other asset classes. However, given the evidence that individ-

uals have some difficulty combining mental accounts at all, we assume that

no account can be combined both across and within asset classes. (So for

example, the SAC-SAD model would not allow us to combine short-term

debt with housing wealth.) In addition to the null (no editing) model, these

assumptions are consistent with three distinct models of editing:

(1) Asset-Debt (AD) Editing : debts and assets are combined within an

asset class iff the resulting net position would be positive;

(2) Debt-Debt (DD) Editing : multiple debts are always combined, but

debts are never combined with assets; or

(3) Asset-Debt-Debt (ADD) Editing : debts and assets are combined within
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an asset class iff the resulting net position would be positive, and then

any remaining debts are combined.12

AD editing corresponds to the QHE hypothesis (both rule out the possibility

of combining multiple debts), while ADD editing corresponds to the original

HE model. DD editing has no equivalent in the existing literature.

Depending on the underlying mental account structure, only some of these

types of editing may be possible. In fact, the only mental account structure

that could allow any of the three editing types is the fully disaggregated

SAC-SAD model; the Total Net Wealth (TNW) model allows no editing

at all (there is only one mental account to begin with); the SAC model

automatically combines assets and debts in the same class, and can therefore

allow only DD editing; while the SAD model has a single Total Debt account

and so can only allow AD editing.

Debt Aversion

A final issue in the specification of the wealth sub-utility function(s) is

whether individuals are debt averse: that is, whether debts reduce SWB more

than assets lift it. The phenomenon has been fairly robustly demonstrated

as a pervasive factor in decision-making, and appears to explain a number of

12The possibility of first combining all debts and then combining total debt with one
or more asset accounts is ruled out by the restriction that assets and debts cannot be
combined across the underlying asset classes.
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anomalies not accounted for under standard theory, such as risk-aversion over

small stakes (Rabin, 2000) and the endowment effect (Kahneman, Knetsch,

and Thaler, 1991).

Nonetheless, its existence as an experienced utility phenomenon is po-

tentially more contentious. Wilson and Gilbert (2005) and Kermer et al.

(2006) argue that loss-averse decision-making may in fact be attributable

to systematic “affective forecasting errors”, and present evidence that, while

individuals consistently tend to overestimate the hedonic impact of both pos-

itive and negative events, this overestimation is asymmetric: we overestimate

the effect of negative events more than positive ones. If this were true, we

could observe loss-averse decision-making, without losses actually having a

greater impact on our SWB. In contrast, Di Tella, Haisken-De New, and

MacCulloch (2007) find evidence consistent with the idea that declines in in-

come have a greater effect than equivalent increases, and Brown, Taylor, and

Wheatley Price (2005) find evidence of debt aversion in the BHPS. We revisit

their findings in the context of a broader set of possible models, and making

explicit allowance for the possibility that unobserved personality traits could

potentially affect their cross-sectional results (e.g. if such traits were more

strongly correlated with debt than asset accumulation).
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Empirical Strategy

The first three dimensions along which we distinguish possible wealth models

(asset class segregation, asset debt segregation and hedonic editing) combine

to generate a range of possible models, which are summarized in Figure 3.4

as models 1-4C. Each of these have corresponding starred versions 1∗-4C∗

that allow for debt-aversion. We also include, as model 0, the null model in

which wealth has no effect, for a total set of 19 possible models. For any of

these models that include more than one mental account (i.e. all but models

0 and 1), there will also exist a number of nested sub-models, in which one

or more of the included wealth types has no effect on SWB. (For example,

the SAC-SAD models will each include sub-models where, say, home value

and mortgage debt are restricted to have no effect, but investments, savings,

and non-mortgage debt are allowed to influence SWB.)

Figure 3.4: Overview of Possible Mental Account Models

Account
Structure

Editing Possibilities Permitted
None AD DD ADD

None 0
TNW 1, 1∗

SAD 2, 2∗ 2A, 2A∗

SAC 3, 3∗ 3B, 3B∗

SAC-SAD 4, 4∗ 4A, 4A∗ 4B, 4B∗ 4C, 4C∗

Our task in what follows is to select the model that best describes the

effect of wealth on SWB (if indeed there is any). In order to do so, we first
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need to define each model precisely in terms of the variables (and restric-

tions) it involves. We then outline our strategy for selecting between the

alternatives.

Variable Definitions

In the basic cases (models 1, 2, 3 and 4, with no editing or debt-aversion)

the relevant variables are just those set out in 3.3, transformed as follows:

ait =


ln(Ait + 1) if Ait ≥ 0

− ln(1− Ait) if Ait < 0

(3.7)

To allow for debt-aversion, we simply let the coefficients on positive and

negative wealth vary. (If the former is significantly less than the latter, then

this provides evidence in favour of loss aversion.) This means different things

in the context of SAD and non-SAD models. In the former, allowing for loss

aversion or not is achieved by allowing the coefficients on the asset and debt

measures within each asset class to vary, or by restricting them to be equal.

In the second case, where the model combines assets and debts to form

net wealth accounts (by asset class) allowing for loss aversion requires us to

modify the variable definitions above, instead defining two separate variables
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as follows:

a+
it =


ln(Ait + 1) if Ait ≥ 0

0 if Ait < 0

(3.8)

a−it =


0 if Ait ≥ 0

− ln(1− Ait) if Ait < 0

(3.9)

Finally, to allow for different types of hedonic editing, we redefine the

variables in (3.7) as follows.

(1) For AD editing, we combine assets A+
k and debts A−k within an asset

class k, whenever the total would be positive; otherwise we leave them

as is. This gives us two variables (within each asset class), defined as:

a+
k = ln(1 + A+

k − 1(A+
k ≥ A+

k )A−k ) (3.10)

a−k = −1(A+
k < A−k ) ln(1− A−k ) (3.11)

(2) For DD editing, we leave assets as they are, but combine any debts (or

negative wealth) to create a new total debt variable:

a+
k = ln(1 + 1(Ak ≥ 0)Ak) (3.12)

a− = − ln

(
1−

∑
k:Ak<0

Ak

)
(3.13)
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(3) Finally, for ADD editing, we first combine assets and debts within each

class (if the total would be positive), and then combine any remaining

debts into a total debt variable:

a+
k = ln(1 + A+

k − 1(A+
k ≥ A+

k )A−k ) (3.14)

a− = − ln

1−
∑

k:A+
k <A

−
k

A−k

 (3.15)

In the context of DD and ADD editing models, non-loss aversion models

require that we restrict the coefficients on all positive assets to be equal.13

Model Selection

With these variable definitions in place, the task of choosing a preferred

model proceeds in two stages. In the first, we follow a general-to-specific

(GETS) strategy within each applicable model type (1-4C∗) to identify the

best candidate model of its class. In the second, we compare the best can-

didate models from each class in terms of information criteria to determine

which performs better.

The GETS approach we adopt is a simplified version of that outlined in

e.g. Hendry and Krolzig (2002). For each model class, we begin by fitting

13This is because combining debts across asset classes requires us to assume that their
effects are equal. Consequently, equating the impact of assets and debts within asset
classes implies that the impact of assets is equal across asset classes. Formally, if j and k
denote asset classes: (βa−j

= βa−k
, ∀ j, k & βa+k

= βa−k
, ∀ k)⇒ βa+j

= βa+k
, ∀ j, k.
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the most general model possible, including all the wealth variables we have

available. Whichever of these are significant are retained. We then explore

multiple reduction paths, beginning by dropping one or more insignificant

wealth variables, and iterating this process until either (a) only significant

wealth variables remain or (b) no significant wealth variables remain.14 If the

reduction paths converge on a single model, then this is treated as the best

candidate model of its class. If more than one model emerges, we compare

these in terms of information criteria (described below) to determine the

best candidate model. The exception to this strategy is if no variables are

significant in any stage of the equation. In this case the reduced model will

be identical to the baseline model 0, where wealth has no effect. In such

cases we retain the initial model in the second stage, but only for illustrative

purposes (it would make no substantive difference to the results if it were

simply dropped at this stage).

In the second stage, we take the best candidate model from each relevant

class and compare these in terms of two information criteria.15 Intuitively,

14The standard for significance is kept fairly lax at this stage, retaining any variables
with an absolute t-statistic greater than one. This is primarily useful for illustrative
purposes when comparing models, as models including such variables will almost inevitably
be dominated in the second stage of the analysis described below.

15This mimics the terminal step in GETS strategy advocated by Hendry and Krolzig
(2002). While the General to Specific approach typically precedes selection by information
criteria by a stage of encompassing testing (see e.g. Hendry and Krolzig, 2002), where
models that cannot explain the results of other remaining models are excluded, because
the models we are concerned with here are all essentially transformations of the same
variables, we do not anticipate that this should be a significant problem. We nonetheless
treat the issue (albeit informally) in the discussion that follows.
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such criteria select a preferred model by trading off its ability to explain the

data (better goodness of fit) against the its complexity (lower parsimony). As

one might expect, this trade-off can be made in a variety of ways, and there

is an extensive literature comparing the performance of alternative criteria

and attempting to analyse their costs and benefits. Here we focus on the two

most common: the (Corrected) Akaike Information Criterion (AICc); and

Schwarz’s Bayesian Information Criterion (BIC).

The AICc (see e.g. Akaike, 1974; Burnham and Anderson, 2003) is defined

as AICc = −2 ln(L) + 2k N
N−k−1

, where L is the likelihood, N is the sample

size, and k the number of estimated model parameters.16 The BIC (see

e.g. Schwarz, 1978) is defined as BIC = −2 ln(L) + ln(N)k. Both criteria

select models with the lowest criterion value, based on a combination of their

goodness of fit (the −2 ln(L) term) and a “penalty” for model complexity,

which helps to prevent over-fitting (the latter term, which in both cases is

a function of the number of parameters, k). The penalty applied by the

BIC is typically rather higher than that applied by the AICc.17 However, it

16The original AIC proposed by Akaike (1974) was formulated as an asymptotic approx-
imation to the Kullback-Liebler distance (Kullback and Leibler, 1951), and was defined as
AIC = −2 ln(L) + 2k. The corrected version in the main text adjusts the second term to
account for the small sample bias. (Though, given the size of our sample relative to the
number of parameters, there is little difference between the two here.)

17This means that the AIC tends to select more complicated models (with a correspond-
ingly higher risk of over-fitting), while the BIC tends to select less complex models (with
a correspondingly higher risk of omitting potentially relevant variables from the analysis).
How we assess this trade-off will depend on how complex we think that the reality we
are trying to approximate is, relative to the set of models we consider. If we expect that
model complexity is unrelated to the prior probability of a given model being closer to the
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turns out that the difference between the two does not matter greatly for our

purposes, and quite similar patterns emerge regardless of which we choose to

focus on.

Results

This section presents the results of our model selection strategy, and draws

six substantive conclusions: (1) wealth matters; (2) assets in different classes

affect SWB separately; (3) assets and debts affect SWB separately; (4) indi-

viduals do not appear to engage in any systematic form of hedonic editing;

(5) there is little evidence that individuals are debt averse; and (6) the most

important forms of wealth to SWB are those most closely linked to consump-

tion in the near future. From a methodological perspective, the evidence also

supports our initial suspicion that misspecification of the sub-utility function

in wealth could lead to incorrect inference: had we simply assumed that net

wealth was the appropriate argument in the SWB function, and ignored the

possibility that individuals might operate distinct mental accounts, we would

have incorrectly concluded that wealth was unimportant to SWB.

We address the evidence for each of the above claims in more detail below.

In the first part, we discuss our main results, derived from regressions run on

truth (or, more strongly, that a simpler model is likely to better approximate the truth)
this will tend to favour the BIC. On the other hand, the more complex we think reality
is, the more we will tend to favour the AIC. See e.g. Burnham and Anderson (2004).
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the sub-sample of the BHPS for which all wealth data are available (waves

10 and 15). We then demonstrate that these results are robust in the larger

BHPS sub-sample in which only housing wealth is available. Finally, we

address a slight anomaly in the main results, which sees the the income

coefficient increase and the consumption coefficient lose significance when we

are restricted to only the 2000 and 2005 samples. This change appears to

be due to the stock market crash of 2000, and to disappear once the main

impact of the crash receded. While it does not therefore seem to significantly

undermine the results of Section 3.2, it nonetheless highlights the crucial

importance of context to the determinants of SWB.

All Wealth Sample

Table 3.4 shows the results of the final candidate models in which different as-

set classes are not segregated (No Wealth, Total Net Worth and SAD models:

0-2A∗). A few points stand out. First, the coefficients on household income

are much larger than in the full sample regressions of Section 3.2, while the

coefficients on household consumption have fallen and become insignificant.

(Both of these changes occur even in the baseline No Wealth model, and

the coefficients change little as we include various wealth variables, so it is

not the introduction of the wealth variables per se that is responsible.) We

shall address both of these issues in more detail shortly, but for now we focus
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on the wealth coefficients. It is immediately apparent that in none of the

models are any of these coefficients significant: if indeed wealth is important

to SWB, the non-SAC models do not capture its effect.

In contrast, Table 3.5 displays the results of the SAC models (SAC and

SAC-SAD models, 3-4C); and here, the results look more promising (though

the income and consumption coefficients maintain their odd behaviour).

With the exception of three models (3*, 3B and 4A*) all other models emerge

with at least one significant wealth variable. These results further suggest

that it is the savings and non-mortgage debt variables that are most likely to

be important to SWB. Savings is significant in all the remaining equations

except 3B*, with coefficients ranging from 0.004 in model 3 to 0.007 in model

4; and non-mortgage debt is significant in all the remaining equations except

the final editing models 4B and 4C*, with coefficients ranging from -0.004 in

model 3, to -0.009 in model 4*. On the other hand, housing is insignificant in

all the models, and mortgage debt only achieves significance when its effect

is constrained to equal that of non-mortgage debt in model 3B* (SAC DD

editing with debt aversion). Investments are never significant, and end up

being dropped from every equation.

While these results are suggestive, we turn to information criteria to

ultimately determine whether any of the models dominate the null No Wealth

model, and if so which model is most plausible. These criteria are displayed
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for each model in Figures 3.5 and 3.6. In both cases, we normalise the

criteria, expressing them as deviations from the baseline model 0 (so the

values for the baseline model are always equal to zero, and negative values

are preferred). Although there are some differences in the ranking of the non-

preferred models depending on whether we focus on the AICc or the BIC,

both criteria select model 4 (SAC-SAD, No Editing, No Debt Aversion) as

the preferred choice. Pairwise comparisons confirm that (1) wealth matters

(all the SAC models dominate the baseline model 0 under the AICc, and 4

models do so under the BIC); (2) the SAC models (3*, 3, 4*, 4, 4A* and 4A)

dominate their corresponding non-SAC counterparts (1*, 1, 2*, 2, 2A* and

2A); (3) the best SAD models (2,4* and 4) dominate the corresponding non-

SAD models (1,3* and 3); (4) there is no suggestion of any sort of systematic

hedonic editing (2*, and 2 dominate 2A* and 2A*; 3* and 3 dominate 3B*

and 3B; and 4* and 4 each dominate their respective editing counterparts

4A* and 4C*, and 4A and 4B); (5) the preferred equal coefficient model

(4) dominates the model that allows for debt aversion (4*) (and an F-test

of the restriction that the coefficients on savings and debt are equal in 4∗

fails to reject the hypothesis); and finally (6) the short-term savings and

non-mortgage debt variables are the most (indeed only!) important wealth

variables to SWB.
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Figure 3.5: AICc Statistics for All
Wealth Models
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Figure 3.6: BIC Statistics for All
Wealth Models
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AICc and BIC statistics for each model run on the All Wealth sample. Models are defined
as in Figure 3.4: 0=No Wealth; 1=Net Wealth; 2=SAD; 3=SAC; 4=SAC-SAD; A=AD
Editing; B=DD Editing; C=ADD Editing; *=Debt Aversion. Statistics are expressed as
deviations from the baseline (No Wealth) model 0. Smaller values of the statistic indicate
a preferred model according to the criterion; and negative values indicate that a model
outperforms the baseline model 0. Both statistics prefer model 4.

Own Home Housing Wealth

As a check on these conclusions, we have also conducted a similar analysis

using the (larger) sub-sample of the BHPS for which we have only information

about the household’s own home housing wealth (i.e. excluding other real

estate wealth).18 While this data includes only one asset class, and thus does

not allow us to distinguish explicitly between SAC and non-SAC models,

in almost all other respects, the analysis confirms the main conclusions set

out above. The only exception is that, perhaps due to having more rounds

of data, both the value of one’s own home, and the level of a household’s

outstanding mortgage debt, now attract significant coefficients (positive and

18We also experimented with using the sub-sample for which we have only non-real
property wealth; unsurprisingly, the results were almost identical to those just presented,
and we do not discuss them any further here.
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negative, respectively).

Table 3.6 shows the results of the final candidate models for each model

class in the Own Home Housing Wealth sample. As already noted, having

data on only one asset class (housing) means we cannot explicitly distinguish

between SAC and non-SAC models, so for the purposes of this analysis, we

treat models 1 and 3, and models 2 and 4 (and their respective variants) as

identical. (Technically of course, the models we test do segregate housing

assets from other assets, and assume that the impact of other assets is zero.

Consequently, if we find a model that outperforms the baseline model 0 in

this sample, then this may provide limited support for an SAC structure.

However, because we cannot compare such a model to a more comprehensive

one, this evidence is at best suggestive.)

Looking at the results, we notice that both the size and significance of

the consumption coefficient have returned, but that now it is the income

coefficient that has become insignificant (apparently confirming the relative

magnitudes of the two which we estimated in Section 3.2). Shifting our focus

to wealth, we see that only two model pairs attract significant coefficients on

any wealth variables: the No Editing SAD models {2, 4}, and {2∗, 4∗}, in

which assets and debts enter separately. In both cases (whether we restrict

the coefficients or not) the coefficients on both home value and mortgage debt

are 0.006 and -0.006 respectively, and an F-test verifies that these coefficients

140



are not significantly different from each other. In contrast, the net wealth

specifications in models {1, 3} and {1∗, 3∗} would suggest that wealth does

not enter into the SWB function at all, and the hedonic editing models

{2A, 4A}, and {2A∗, 4A∗} also fail to attract any significant coefficients.

The information criteria displayed in Figures 3.7 and 3.8 support the in-

tuitive conclusions suggested by Table 3.6. Again, although there are some

differences in the ranking of the non-preferred models depending on whether

we look at the AICc or the BIC, both criteria rank the model pair {2, 4}

as the preferred choice. More generally, pairwise comparisons accord with

those from our main regressions, suggesting that: (1) wealth matters ({2, 4}

dominates the baseline model on both criteria and {2∗, 4∗} also does on the

AICc); (3) SAD models ({2, 4} and {2∗, 4∗} dominate the corresponding

non-SAD models ({1, 3} and {1∗, 3∗} respectively); (4) there is no evidence

of systematic hedonic editing ({2, 4} and {2∗, 4∗} dominate their AD editing

counterparts {2A, 4A} and {2A∗, 4A∗}); and finally (5) there is little evi-

dence of debt aversion in housing wealth ({2, 4} dominates {2∗, 4∗}, and the

BIC even selects 0 over the latter pair!). On the other hand, we now have

some evidence from the larger sample that housing wealth may indeed matter

to SWB, even though it did not show up in the wave 10 and 15 sample.
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Figure 3.7: AICc Statistics for Own
Home Housing Wealth Models
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Figure 3.8: BIC Statistics for Own
Home Housing Wealth Models
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AICc and BIC statistics for each model run on the Own Home Housing Wealth sample.
Models are defined as in Figure 3.4: 0=No Wealth; 1=Net Wealth; 2=SAD; 3=SAC;
4=SAC-SAD; A=CADI Editing; *=Loss Aversion. Statistics are expressed as deviations
from the baseline (No Wealth) model 0. Smaller values of the statistic indicate a preferred
model according to the criterion; and negative values indicate that a model outperforms
the baseline model 0. Both statistics prefer the model pair {2,4}.

Consumption and Income in the All Wealth Sub-sample

As we noted above, the coefficients on income and consumption in our main

results appeared to conflict with those obtained in Section 3.2. In particular,

while its size only decreased slightly, the coefficient on consumption became

insignificant, while the income coefficient approximately tripled. There are

at least three possible reasons why this might occur. However, we argue that

the most plausible is that the fall is due to the stock market crash of 2000.

Once we account for this, consumption regains its former significance and

the coefficient on income falls to around its previous level.

If consumption were merely picking up an omitted wealth effect in Ta-

ble 3.1, then the inclusion of wealth variables could lead the consumption
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coefficient to become insignificant. However, this is unable to explain the

fact that the coefficient becomes insignificant even in column (1) of Table 3.4)

and that its size and standard error remains virtually constant even following

the inclusion of the wealth variables in the subsequent models. Instead, the

effect seems to stem from restricting the sample to only waves 10 and 15.

Another possibility is that the coefficient becomes insignificant due to a

loss of real variation in our measures, and a concomitant increase in mea-

surement error, as a result of restricting the sample to only two periods (a

problem that may be particularly acute in a fixed effects context). However,

this too seems unable to account for the patterns in the data. Table 3.7 sup-

ports the notion that running fixed effects on only two contiguous waves of

data will tend to increase the noise-to-signal ratio in the consumption mea-

sure to such an extent that its coefficient becomes insignificant. Nonetheless,

changes in household consumption over a 5-year period should not suffer to

the same extent from this measurement error problem. Table 3.8 appears to

confirm this, generating significant coefficients on consumption for all 5 year

pairs except 2000 and 2005.

The conclusion that the change is not due to measurement error is further

supported by Table 3.9. When we run regressions including 2005 data and

data from each of the other years individually, it is only in the 2000/2005 and

2004/2005 samples that the consumption coefficient becomes insignificant. If
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measurement error were driving the result, we would expect the consump-

tion coefficients to decline monotonically from the 1996/2005 pair to the

2004/2005 pair as the level of real variation decreases relative to measure-

ment error. In particular, we would expect the 2002/2005, and 2003/2005

samples to also have insignificant consumption coefficients given its insignif-

icance in the 2000/2005 sample.

A more substantive hypothesis is that the effect is related to the stock

market crash of 2000, which saw the NASDAQ, Dow Jones and the FTSE

shed respectively 72%, 47% and 46% of their value, beginning in Septem-

ber 2000 (and lasting until the latter stages of 2002 or early 2003). The

BHPS surveys are mostly carried out in September and October of each year

(though in wave 10, a significant number were still being completed up until

May 2001) and these events could be expected to loom large in the minds

of many respondents. On the one hand, this could potentially swamp the

measured effect of consumption changes over the period; on the other, if

a severe negative wealth shock reduces individuals’ ability to sustain their

current levels of consumption, higher consumption could be associated with

greater anxiety about the future. This latter explanation has the virtue that

it may also account for the increase in the size and significance of the income

coefficient, in line with Senik’s (2004) argument that the future may become

more salient in times of high volatility, and the idea that part of the value of

145



T
ab

le
3.

7:
L

if
e

S
at

is
fa

ct
io

n
In

co
m

e
an

d
C

on
su

m
p
ti

on
E

q
u
at

io
n
s

U
si

n
g

C
on

ti
gu

ou
s

W
av

e
P

ai
rs

)

S
a
m

p
le

Y
ea

rs
In

cl
u

d
ed

9
6-

9
7

9
7
-9

8
9
8
-9

9
9
9
-0

0
0
0-

0
2

0
2
-0

3
0
3
-0

4
0
4
-0

5

(L
og

)
H

ou
se

h
ol

d
In

co
m

e
0.

03
7

0
.0

0
6

-0
.0

1
4

0
.0

1
6

0
.0

2
8
*

0
.0

0
8

0
.0

1
7

0
.0

3
2
*
*

(1
.5

6
0
)

(0
.2

5
0
)

(-
0
.6

9
6
)

(0
.9

8
4
)

(1
.7

3
2
)

(0
.4

9
4
)

(1
.1

2
9
)

(2
.1

2
5
)

(L
og

)
H

ou
se

h
ol

d
C

on
su

m
p

ti
on

0.
0
7
2

0
.1

2
3
*
*

0
.1

0
7
*

0
.0

2
4

0
.0

6
8

0
.0

4
2

0
.0

6
2

0
.0

5
0

(1
.1

2
1
)

(1
.9

7
9
)

(1
.8

2
6
)

(0
.4

4
7
)

(1
.3

9
6
)

(0
.8

6
4
)

(1
.3

6
0
)

(0
.8

7
9
)

O
b

se
rv

at
io

n
s

18
3
2
1

2
0
0
7
8

2
3
1
5
6

2
6
4
3
3

2
7
70

5
2
8
8
0
0

2
8
0
0
6

2
7
2
5
7

G
ro

u
p

s
10

5
4
2

1
1
1
1
2

1
4
3
7
9

1
4
9
9
9

1
8
0
5
1

1
6
2
0
6

1
5
7
7
1

1
5
2
3
6

R
2

0.
0
7
5

0
.0

0
1

0
.0

0
8

0
.0

7
1

0
.0

0
0

0
.0

1
0

0
.0

4
0

0
.1

2
1

*
p
<

0.
10

,
**

p
<

0.
05

,
**

*
p
<

0.
01

.
t-

st
at

is
ti

cs
(r

ob
u

st
to

cl
u
st

er
in

g
w

it
h

in
p

id
s)

in
p

a
re

n
th

es
es

.

146



Table 3.8: Life Satisfaction Income and Consumption Equations Using Data
from 5-Year Wave Pairs

Sample Years Included
97-02 98-03 99-04 00-05

(Log) Household Income -0.001 0.012 0.009 0.030*
(-0.063) (0.516) (0.543) (1.713)

(Log) Household Consumption 0.159*** 0.136*** 0.076* 0.064
(3.002) (2.581) (1.672) (1.167)

Observations 24640 24238 26924 26766
Groups 18381 18039 18213 18463
R2 0.001 0.060 0.051 0.000

* p<0.10, ** p<0.05, *** p<0.01. t-statistics (robust to clustering within pids) in paren-

theses.

income is the security it provides in this respect.

Preliminary support for this hypothesis can be found in Table 3.9, where

significant coefficients on consumption for most of the samples in which 2005

data are included suggest that the driver is unlikely to be an event that

occurred in 2005. Rather, the regressions displayed in Table 3.10 suggest

that, as we suspect, it is most likely to be an event related to the 2000 wave.

Not only is consumption insignificant in most of the samples including the

year 2000, but the Wave 10 dummy is also negative and significant in the

majority of them.

In an attempt to test the crash hypothesis more directly, we adopt two

strategies. First, we divide the sample by response date, on the theory that

the crash is likely to loom larger in the minds of those respondents who

answered early in wave 10. Second, we divide the sample into investors and
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non-investors, on the theory that those who invest are likely to respond more

strongly to the crash than those who do not.

Table 3.11: The Effect of Wave 10 Response Date on SWB Regressions, 2000
& 2005

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

(Log) Household Income 0.071** 0.010 0.065** 0.065**
(2.234) (0.488) (2.066) (2.102)

Income x Late Wave 10 -0.050 -0.050
(-1.360) (-1.385)

(Log) Household Consumption -0.012 0.109* 0.002
(-0.127) (1.705) (0.021)

Consumption x Late Wave 10 0.102 0.104*
(0.959) (1.682)

Early Wave 10 -0.439 -0.365** -0.366**
(-1.010) (-2.239) (-2.256)

Late Wave 10 -0.304* -0.334** -0.334**
(-1.680) (-1.976) (-1.977)

Observations 8687 18079 26766 26766
Groups 5476 12987 18463 18463
R2 0.002 0.000 0.000 0.000

* p<0.10, ** p<0.05, *** p<0.01. t-statistics (robust to clustering within pids) in parentheses.

Table 3.11 displays the results of regressions (using Waves 10 and 15 data)

on the sub-sample that responded to the Wave 10 questionnaire in Septem-

ber 2000 (column (1)), on the sub-sample that responded in the remainder of

Wave 10, between October 2000 and May 2001 (column (2)), and then with

combined response samples, but including interaction terms for response date

(September or Later) with income and consumption. As we can see compar-

ing columns (1) and (2), it is essentially the September responders who are

responsible for both the increase in the income coefficient, and the fall in the

consumption coefficient (and its significance). Indeed, restricting our analysis

to only late Wave 10 responders returns both coefficients to their previous
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magnitudes (although with predictable reductions in significance resulting

from the reduced sample size). Turning to columns (3) and (4), we see essen-

tially the same pattern when we include response date interaction terms on

income and consumption: late response appears to increase the consumption

coefficient and decrease the income estimate (although only the former inter-

action attains significance at the 10% level, and only if we restrict the effect

of consumption to zero for early responders. Broadly similar patterns can

be found by splitting the sample differently (including splitting it into more

than two response categories), but the differences between September and

later response dates appears to be the most stark. Taken together, this evi-

dence suggests that the crash is indeed likely to be the driving force behind

the anomalous results. In particular, Senik’s (2004) argument that the future

becomes more important relative to the present in times of high volatility,

is consistent both with the fall in the consumption coefficient and with the

marked increase in the income coefficient for the early responders.

Table 3.12 displays the results of regressions dividing the Wave 10 and 15

data into another two sub-samples: those without any investments in Wave

10 (column (1)), those holding such investments (column (2)), and a regres-

sion on the combined sub-samples with interaction terms between Wave 10

investor status and, respectively, income, consumption, and the Wave 10

dummy. The pattern of results is again consistent with our crash-related

151



Table 3.12: The Effect of Wave 10 Investor Status on SWB Regressions, 2000
& 2005

(1) (2) (3)

(Log) Household Income 0.028 0.083** 0.034*
(1.441) (2.020) (1.779)

Income x Wave 10 Investor 0.027
(0.618)

(Log) Household Consumption 0.090 -0.016 0.109*
(1.321) (-0.182) (1.645)

Consumption x Wave 10 Investor -0.159
(-1.539)

Wave 10 -0.461** -0.137 -0.376**
(-2.425) (-0.454) (-2.309)

Wave 10 x Wave 10 Investor -0.040
(-1.105)

Observations 16169 10251 26420
Groups 10477 7844 18321
R2 0.001 0.000 0.001

* p<0.10, ** p<0.05, *** p<0.01. t-statistics (robust to clustering within pids) in parentheses.

volatility hypothesis, though the difficulties in obtaining significant coeffi-

cients means that the evidence they provide cannot be conclusive. Comparing

columns (1) and (2) we see that the coefficients on income and consumption

change in the way predicted, with the income coefficient higher and the con-

sumption coefficient much lower (indeed negative, though insignificantly so)

for investors than non-investors. Nonetheless, the consumption coefficient

remains insignificant in the non-investing sample, and the interaction terms,

while correctly signed, also fail to attain significance.

Altogether, the evidence is consistent with the conjecture that both the

reduction in the consumption coefficient and the increase in the coefficient on

income in the Waves 10 and 15 samples are anomalies generated by the stock

market crash of 2000, and that they are is not representative of the effect of
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the two variables under more normal circumstances. Interestingly however,

the pattern of the changes also provides some support to Senik’s (2004) argu-

ment that, in volatile times, individuals may become more forward-oriented.

In such a context, not only may income become more important as a hedge

against future uncertainty, but also, in the context of a negative shock to

wealth, high current consumption may in fact have a negative effect, partic-

ularly if individuals now perceive themselves to be over-consuming relative

to what their new level of wealth can sustain.

A remaining concern of course, is that the crash may also affect the co-

efficients obtained in the wealth equations. In particular, the stated value of

investments in 2000 may provide a poor measure of individuals’ confidence

in their ability to secure future consumption. For this reason, we attempt

to check the robustness of the results reported in the All Wealth specifica-

tions above, by running regressions on the sub-sample of respondents who

were interviewed for Wave 10 after September 2000 (on the theory that they

appeared to be least affected by the crash). Unfortunately, the loss of obser-

vations meant that, while the point estimates were very similar to the main

results, we were unable to obtain significant coefficients on any of the wealth

variables. The similarity of the point estimates lends support to our previ-

ous conclusions, although there is a legitimate concern that the crash may

have inflated the effect of savings and debt. On the other hand, the housing
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results set out earlier are unlikely to be greatly affected by the crash.

3.3.2 Why Does Wealth Matter to SWB?

The previous section presented evidence that wealth does appear to affect

SWB independently of consumption and income. This section attempts to

identify potential reasons for this effect, and to examine the possible im-

plications of this. It suggests that wealth is important to SWB in Britain

primarily because it is associated with anticipatory consumption, and that,

as a result, the wealth types that will exert the most effect on SWB are those

most closely linked to consumption of specific goods or services in the near

future. It proceeds in three stages: first outlining the predictions of different

theories about why wealth may matter to SWB, and assessing the evidence

of the previous section against these predictions, before going on to test the

idea that specific types of savings may have greater or lesser impact on SWB.

Distinguishing Alternative Explanations for the Importance of Wealth

Having determined that wealth is important to SWB, and how its effects

manifest themselves, an obvious next question is why it should have such

effects. Section 2.1 canvassed four potential channels through which wealth

could potentially affect subjective well-being, independently of its contribu-

tion to (current) consumption: status; self-esteem; anticipation; and intrinsic
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or direct importance.

Identifying one or more plausible channels through which the effect of

wealth might operate may be important for at least three reasons. First, iden-

tifying plausible substantive channels through which wealth affects SWB will

buttress the argument that wealth does indeed matter, and that we are not

merely picking up measurement error in consumption. Second, the reason(s)

why wealth matters may suggest significant differences in the importance of

different types of wealth. Finally, the channel(s) via which wealth affects

SWB may be interesting independently of our specific interest in wealth: if,

as we later argue, wealth is important because it has an effect on anticipatory

consumption, then this will lend support to decision models that incorporate

such concerns (see e.g. Loewenstein, 1987; Elster and Loewenstein, 1992;

Caplin and Leahy, 2001; Köszegi, 2005), and will also suggest that other

factors that affect anticipatory consumption are also likely to affect SWB.

The second reason just noted also suggests a way of potentially distin-

guishing between different explanations regarding the importance of wealth.

The four theories of why wealth may matter to SWB each make slightly

different predictions about which types of wealth, if any, are likely to have

the greatest impact on SWB. A summary of the predictions of different the-

ories can be found in Table 3.13, below. We expand upon these in detail

in the following subsections, dealing with the predictions of the anticipatory
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consumption, status, self-esteem, and “intrinsic” theories in turn.

Table 3.13: Factors Affecting the Hedonic Impact of Different Wealth Types

Theory Relevant Factors Affecting the Importance of. . .

(1) Self-Esteem None Systematic N/A
(2) Status Visibility (+) Housing (+)
(3) Anticipatory

Consumption
Temporal Proximity (+) Home, Short-Term Savings, Debt (+)
Ease of Imagining (+) Home, Specific Savings (+)
Uncertainty (-) Investments (-)

(4) Direct None Systematic N/A

Anticipatory Consumption

The most detailed set of predictions is provided by the (Jevonian) anticipa-

tory consumption explanation. If we assume, following the likes of Caplin

and Leahy (2001) and Köszegi (2005), that current utility from anticipation,

uat is some function of the distribution of future consumption possibilities,

uat = v(Φt(ct+1, . . . , cT )), then the impact of a given wealth portfolio on util-

ity from anticipation will depend the nature of the consumption possibilities

it permits. In a decision context, Elster and Loewenstein (1992) argue that

utility from the anticipation of future consumption depends (positively) on

at least four attributes: (1) the amount and attractiveness of that consump-

tion; (2) its temporal proximity; (3) the ease or vividness with which it can

be imagined; and (4) the probability that it will occur. (1) just predicts that

SWB will be increasing in wealth. However, as shown in Table 3.13, consid-

erations (2)-(4) suggest a number of hypotheses about the types of wealth
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that are likely to be most or least important to SWB.

(2) suggests that wealth types most closely tied to consumption in the

near future are likely to be more important to current SWB. In particular:

(a) the value of one’s home may be important given its obvious link to future

housing consumption;19 and (b) short-term, liquid assets, such as cash savings

or short term debt, should have a greater impact than illiquid, or long-

term assets such as pensions accounts. (3) suggests that savings for specific

purposes (and in particular ones that are easy to imagine and likely to occur

soon) may have a greater impact than savings held for no particular reason,

or for purposes that are more difficult to imagine. Finally, (4) suggests that

high risk assets will have lower SWB returns (for a given expected financial

return). However, because such risk should be priced into the assets already,

it is unlikely to be detectable in SWB regressions.

Status

The status theory of the importance of wealth claims that wealth is important

because we care about others perceptions of us, and wealth makes them

19There is an interesting issue here as to whether we would expect changes in home value
that arise solely due to price changes (rather than real improvements) to increase SWB.
On the one hand, it does not seem to change individuals’ future housing consumption
possibilities in any real sense. On the other, if price increases relax credit constraints by
allowing individuals to borrow more against the value of their home, then this may affect
future consumption possibilities. We will not address these issues in any great detail,
however.
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accord us greater status. The fact that this theory is rooted in the perceptions

of others suggests that the status we receive from wealth will depend in part

on how visible that wealth is: more visible types of wealth should have greater

impact on SWB than less visible wealth holdings (and, in the extreme, that

“invisible” wealth should have no effect at all). We would expect this to

manifest itself primarily in a greater importance being attached to housing,

as the most visible of wealth types, in contrast to investments, savings, or

debt.

Self-Esteem and Intrinsic Importance

In contrast, the remaining theories (based on self-esteem and intrinsic im-

portance) seem to predict little in the way of systematic differences in the

importance of different wealth types. The self-esteem theory, to the extent

that it differs from the status-based account, essentially suggests that in

the same way that current earnings may represent a “flow” measurement of

self-worth, accumulated earnings (i.e wealth) may reflect the corresponding

“stock”. On this theory, it should not matter greatly to what purpose this

stock is put, or in what form it is held, and major differences between dif-

ferent types of wealth would provide evidence against its being an important

factor.

Similarly, on the intrinsic importance account, there is no particular rea-
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son to suspect that wealth held in particular form should be any more impor-

tant than another. Consequently, this account does not predict any specific

differences on this score. On the other hand, in contrast to the self-esteem

account, the existence of such differences would not be inconsistent with the

direct importance theory, so the presence of any such differences would be

only weak evidence against it.

Wealth and Anticipatory Consumption

The broad pattern of the results in the previous section suggested that the

most important wealth types from an SWB perspective are short-term sav-

ings and debt. We also found some evidence that the value of one’s home and

mortgage debt could significantly affect SWB, though this only occurred in

the larger sample for which other wealth measures were unavailable. Invest-

ments, meanwhile, appear to have little discernible effect. Collectively, these

results appear to provide support for the theory that wealth matters pri-

marily because individuals care about their future consumption, rather than

because it contributes to status (which would suggest only housing should

matter), or self esteem (which would suggest that investments should matter

too). However, because there is some doubt about both the effects of housing

wealth (which becomes insignificant in the all wealth specification) and the

non-effect of investments (which may be due the 2000 stock market crash),
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this evidence is potentially subject to doubt.

This section therefore attempts a further test of the anticipatory con-

sumption theory, based on the hypotheses that future consumption opportu-

nities are likely to have a greater hedonic impact the sooner they are expected

to occur, and the more easily imaginable they are. We investigate, and find

support for both of these hypotheses below, utilising survey information on

the intended time-horizons and primary purpose of households’ savings.

In each wave, respondents who reported saving were asked the following

question:

Would you say your savings are mainly long term savings for the

future or mainly short term savings for things you need now and

for unexpected events?

with possible responses falling into three categories: “mainly long term”,

“mainly short term”, or “both equally”. In addition they were also asked

what they were saving for, with the (free) responses later being categorised

into 12 main groups (plus a residual “other” category). The distribution of

responses across both these questions (for Waves 10 and 15 only) is displayed

in Figure 3.9.20

20As can be seen, many purposes tend to be associated with particular time horizons:
savings for holidays, special events, cars, and home improvements tend to be focused on
the short term, while savings for old age, house purchases, and children tends to be more
long-term focused. In addition, we can also see that most individuals appear to save with
no particular purpose in mind.
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Figure 3.9: Long Term vs. Short Term Savings by Primary Savings Purpose,
2000 & 2005

0 1,000 2,000 3,000 4,000 5,000

Share Schemes

Grandchild

Own Education

Bills

Home Improvements

Children

Car

House Purchase

Other

Special Events

Old Age

Holidays

No Specific Reason

Mainly Short Term Both Equally Mainly Long Term

We test the time-horizon and specificity hypotheses by interacting re-

sponses to these questions with the original log savings variable (restricting

attention to the sub-sample that reports saving). The results, presented

in Table 3.14 appear to confirm both hypotheses. Columns (1) to (3) test

the time-horizon hypothesis, by including interactions between savings and

dummy variables for the categorical responses to the time horizon question.

In column (1), “Mainly Long Term” is the omitted category, and coefficients

on the remaining interaction terms (mixed, and short-term savings) have the

expected signs. While the difference between mixed, and mainly long term
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savings is insignificant (and an F-test also indicates that the difference be-

tween mixed, and short term savings is insignificant), short term savings has

a sizeably and significantly greater effect than long term savings. This is

further confirmed in column (2), when we collapse the omitted category to

include both mainly long term, and mixed long and short term responses: the

coefficient on the short term savings interaction remains both substantively

and statistically significant. Column (3) restricts the effects of long-term and

mixed saving to be zero: and demonstrates that short term savings have a

significantly positive effect.21

Columns (4) and (5) test the hypothesis that saving for specific, easily

imagined items has a greater hedonic impact than savings for less easily imag-

ined, or entirely non-specific purposes. In order to do so, we interact savings

with a dummy variable that takes the value of 1 if the primary purpose of sav-

ings is for Holidays, a Car, a House, Home Improvements, or Special Events,

and 0 otherwise (savings for Old Age, Children, Bills, Share Schemes, Own

Education, Grandchildren, No Specific Reason, or Other). Both when we

include the main effect of savings (column (4)), and when we constrain it to

21We also experimented with treating the categorical responses as a continuous time
horizon variable, coded 1 for long term, 2 for mixed, and 3 for short term savings. Again,
the results found a significantly larger impact of short term savings on SWB. However,
the implicit restriction that the difference between long term and mixed savings is the
same as the difference between mixed and short term savings appeared to make the model
perform less well overall, and implied a negative, albeit insignificant, effect of mainly long
term savings.
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zero (column (5)), the interaction effect is sizeable and significant, support-

ing the hypothesis that savings for specific, easily imagined items has greater

hedonic returns than non-specific savings. Moreover, the point estimates on

the main savings effect suggests that any independent effect of long-term, or

non-specific savings is indistinguishable from zero.

Of course, one possible concern with these results is that the two tests

may simply be picking up the same effect. As we can see in Figure 3.9, sav-

ings for the specific items included in the dummy variable tend also (with the

exception of savings for house purchases) to be primarily short term savings,

while savings for many of the excluded purposes, such as old age, or children

tend to be primarily long term savings. It is somewhat difficult to address

this potential collinearity; indeed, part of the reason for expecting short term

savings to have a greater impact is because we think it is in a sense more

immediate, and therefore easier to imagine, so the hypotheses themselves

are not intended to be entirely independent. Nonetheless, in column (6) we

provide a (somewhat inconclusive) attempt to address this concern, separat-

ing out and estimating directly the coefficients on four distinct categories of

savings: short-term specific, long-term specific, short-term non-specific, and

long-term nonspecific. Though none of the individual coefficients is signifi-

cant, an F-test rejects the hypothesis that the specific savings coefficients are

equal to the non-specific savings coefficient. However, while the sign of the
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difference between long-term/mixed and short term-savings is still as pre-

dicted, an F-test cannot reject the hypothesis that the effects are identical,

conditional on savings specificity. Although not conclusive, this suggests that

the observed difference between the effects of different savings types may be

due more to savings being for specific items, rather than their short-term

nature.

Measurement Error

A final possibility is that the wealth coefficients are simply picking measure-

ment error in the consumption variable, rather than an independent effect on

SWB. This possibility is perhaps most plausible for the gross housing wealth

variable, which is correlated with the consumption variable by construction.22

On the other hand, there is no particular reason to suspect strong correla-

tions between unmeasured consumption and changes in debt or savings —

indeed, we would expect precisely the opposite: that, controlling for income,

higher savings and lower debt should reduce rather than increase consump-

tion. Nonetheless, to guard against the possibility that our results may be

spurious, we run a series of regressions, displayed in Table 3.15, in which we

instrument consumption with our wealth and income measures. If, condi-

tional on consumption, the wealth variables are truly orthogonal to SWB,

22See Appendix A.4.
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and can be excluded from the SWB equation, then they would be valid in-

struments for consumption in these regressions (see 3.2.2). Conversely, if

the Sargan-Hansen test rejects the null hypothesis that the instruments are

jointly valid, then this lends support to the contention that they do indeed

belong in the main equation.

As column (2) shows, the validity of the instruments is strongly rejected

in the housing wealth specification (which was of greatest concern to us).

Moreover, while the test statistics fail to reject in the all wealth specification

(column (3)), two further pieces of evidence suggest that the wealth variables

do indeed have separate effects. The first is that the first-stage regressions

(unreported) suggest that our suspicions about the correlations between the

wealth variables and consumption are partly warranted: in particular, devi-

ations in consumption are negatively correlated with deviations in savings,

meaning that the savings effect cannot be proxying for consumption. The

second is that the increase of an order of magnitude in the instrumented con-

sumption coefficients in column (3) seems too large to be plausible. Under the

classical errors in variables assumptions, it would imply that measurement

error constitutes around 90% of the variation in the consumption variable.23

23See e.g. 3.2.2 for the formula used to calculate this.
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Table 3.15: SWB Regressions Instrumenting Consumption with Wealth Mea-
sures

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

Instruments None Housing Wealth Non-Housing Wealth All Wealth
(Log) Household Consumption 0.110*** 0.198*** 1.094*** 1.188***

(6.195) (3.575) (3.267) (3.258)
Observations 110744 91785 14916 13434
Groups 22918 18254 7458 6717
Sargan-Hansen Test 10.85 3.62 2.62
p-value 0.004 0.163 0.269

* p<0.10, ** p<0.05, *** p<0.01. t-statistics (robust to clustering within pids) in paren-

theses.

3.4 Conclusion

Following on from the analysis of the previous chapter, this chapter has at-

tempted to determine whether the conclusions reached there — that the

income-based regressions standard in applied SWB work significantly under-

state the importance of money to SWB; and that, contrary to the standard

consumption-based utility function, income and wealth contribute indepen-

dently to SWB — generalise beyond the potentially rather special case of

Russia.

Although the British results do differ in some important ways from those

of the previous chapter, these fundamental conclusions emerge largely un-

scathed. In Britain, income-only regressions understate the importance of

money to SWB even more strongly than they do in Russia. In contrast to
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the 40%-80% underestimation in Chapter 2, here, income regressions give es-

timates that appear to be around seven times too small. The main reason for

this result is that the effect of income in Britain, though still independently

significant, is much lower than the corresponding consumption estimate (cf.

Russia where the two were approximately equal).

A number of possible explanations for this result exist. The hypothesis

that income is especially important in more volatile economic circumstances

— and that Russia’s particularly traumatic transition experience may there-

fore be responsible for its higher effect there — finds some support in the

response of Britons to the 2000 stock market crash: during this period the

effect of income increases between 3 and 4 fold (and the relative effect of

consumption falls to a similar level to the income effect). Alternatively, the

relative absence of credit constraints in Britain, as compared with Russia,

may serve to make current income less important to future consumption.

Finally, we also found evidence in the Russian case that part of the effect of

income was due to its effect on status, and it is also possible that cultural

differences in this sphere could be responsible for part of the difference in

results.24

These results temper our previous conclusions regarding the implications

24In contrast to the Russian results, where we found that earned income was more
important to SWB than unearned income, a similar (unreported) test on the BHPS sample
suggests that this does not play a role in Britain.
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of the importance of income. In contrast to the Russian case, where focusing

exclusively on either consumption-based or income-based measures would

significantly understate well-being, in Britain, the effect of ignoring income

would be minimal, lending support to claims that consumption should be the

preferred informational base for such analysis, at least in some contexts. On

the other hand the argument we made in Section 2.7 — that the presence

of income as an independent argument in the utility function increases the

welfare costs of income volatility — still seems relevant. While the analysis

in this chapter has shown that income is relatively unimportant to SWB in

Britain in “normal” times, we also saw its importance increase during the

stock market crash — that is, income became more important precisely as

volatility increased.

In contrast to the smaller coefficient on income, the results of Section 3.3

suggest that wealth is similarly important to SWB in Britain and Russia,

and that it is important primarily because individuals care about their fu-

ture consumption possibilities. As hypothesised by Elster and Loewenstein

(1992), wealth that is linked to future consumption that is easily imaginable

and likely to occur soon seems to be especially important — with short-

term savings and savings for specific items playing a particularly strong role,

and debt and housing also having potentially significant effects. In contrast,

longer term investments appear to affect current SWB very little if at all.
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These results lend further support to the Jevonian perspective recently

formalised by the likes of Caplin and Leahy (2001) and Köszegi (2005), which

suggests that the motivations underlying individuals’ decisions to save, con-

sume and/or take on debt are not exclusively determined by a detached

weighing of the interests of their current and future selves (as the standard

discounted utility model might suggest) but may instead be attributed, at

least in part, to the effect of the future on current utility. This finding also

comports with Senik’s (2004) analysis of the RLMS. However, while she found

a connection between others’ income and SWB, via its impact on individ-

uals’ expectations about their own future income, our results suggest that

it may instead be future consumption that matters to SWB, and that both

one’s current wealth and (to a lesser extent) income may provide information

about this.

On the other hand, in contrast to these models, the evidence presented

here suggests that current SWB is not simply a direct function of a prob-

ability distribution over our future consumption possibilities, uanticipationit =

v(Φt(ct+1, . . . , cT )). Instead, we find support for an experienced utility ver-

sion of the mental accounting model proposed by Thaler (1980): SWB ap-

pears to be affected not so much by households’ net wealth, as separately by

the wealth they hold in different forms. The impact of housing wealth is, for

example, separate from the impact of savings wealth, and the impact of assets
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is separate from the effect of debts. The latter in particular seems inconsis-

tent with the idea that future consumption matters directly, and that wealth

is merely proxying for it. The sub-utility function implied by the mental ac-

count model (uanticipationit = βsavings ln asavings − βdebt ln adebt) does not appear

to correspond to any natural form of uanticipationit = v(Φt(ct+1, . . . , cT )).

In addition to its substantive implications, the finding that the SWB

function appears to have a mental account structure also serves to increase

our confidence in the wealth estimates obtained from the RLMS (where the

absence of detailed wealth data forced us to estimate the effects of different

wealth types separately). Indeed, it suggests that attempting to estimate

the effects of overall net wealth may actually have given us worse estimates:

after all, in the BHPS it would have given the misleading impression that

wealth did not matter to SWB at all.

Finally, in contrast to previous results obtained in a behavioural context

by Thaler and Johnson (1990), we find little evidence that individuals frame

their wealth holdings so as to maximise their SWB. This suggests that debts

can have a substantial negative effect on SWB even for individuals with

sizeable positive wealth holdings. On the other hand, and in contrast to the

results of Brown, Taylor, and Wheatley Price (2005), we find no evidence

that debt has a larger effect on experienced SWB than positive wealth. This

difference may be due to their failure to control for unobserved personality
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traits, or simply to our use of slightly different SWB measures (in contrast to

life-satisfaction, the General Health Questionnaire measure they use seems to

have a generally more more negative focus). Consequently, to the extent that

individuals act in a manner that suggests they are especially averse to debt,

it may be that (as Kermer et al., 2006, suggest) such behaviour is due to a

“forecasting errors”, whereby individuals overestimate the negative effect of

debt in their decision-making.

Taken together the findings here reinforce the conclusions of the previ-

ous chapter, that accounting for distinct effects of consumption, income and

wealth on SWB is important from both a methodological, and a substantive

perspective. In line with results of Senik (2004), and recent modelling work

in behavioural economics, they seem to emphasise in particular the impor-

tance of the future to current utility: the value of current economic outcomes

is related in important ways to the signals they provide about individuals’

prospects going forward, and the hopes and fears people have for the future.
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Part II

Reference Groups
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Chapter 4

Getting Good Estimates of

Social Effects

A central issue in empirical happiness research involves the identification

of social or reference effects: the effect of others’ outcomes on individual

well-being. The standard approach to estimating such effects is to define a

reference level of some outcome variable — typically as either the cell mean

for a given individual (e.g. Ferrer-i-Carbonell, 2005; Kingdon and Knight,

2007), or as the predicted value from a wage equation (e.g Clark and Oswald,

1996; Senik, 2004) — and then to estimate the coefficient on this reference

level in an SWB regression.

As a number of authors have noted (see e.g. Clark, Frijters, and Shields,

2008; Clark and Senik, 2008; Senik, 2009), one shortcoming of these ap-
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proaches is that they require the researcher to impose a particular conception

of reference group. If the reference group is misspecified, this may introduce

noise or bias into measures of the reference level, and is likely to give mis-

leading results.1 Table 4.1 presents an overview of the sorts of variables that

have been used to demarcate the reference group under both the cell mean

and wage equation approaches — and gives a sense of the variety of ways in

which reference levels have been defined by different authors.

As we might expect, the cell mean approaches have tended to use many

fewer dimensions to define the reference group: Ferrer-i-Carbonell’s (2005)

use of four distinct dimensions (sex, age, education, and region) is the most

of any of the cell-mean approaches, and many use only a single dimension. In

contrast, Senik (2004), who focuses on the fewest dimensions of all the wage

equation specifications, still uses six. Common reference variables across both

types of approach include geographic area (11 studies), sex (6), education (6),

age (4), and occupation (4).

One approach to better defining the reference group is simply to ask peo-

ple to whom they compare themselves (see Melenberg, 1992; Knight, Song,

and Gunatilaka, 2009; Clark and Senik, 2008; Senik, 2009). Knight, Song,

1A natural conclusion would be to assume that this will result in attenuation of the
reference coefficients, in line with standard errors-in-variables arguments. However, as we
shall see below, there are reasons to think that the outcomes of some reference groups could
have countervailing positive and negative effects (e.g. due to information or altruism), so
it is not necessarily clear which direction such “attenuation” bias would operate in.
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Table 4.1: Overview of reference levels and reference group specifications

Paper Approach Variables defining reference group

Cappelli and Sherer
(1988)

Cell Mean Occupation

Clark and Oswald (1996) Wage Equation Age, Sex, Health, Region, Occupation,
Industry, Education, Accident, Hours,
Establishment size, Sex mix at work,
Organisation type, Marital status,
Temporary contract, Incentive pay,
Part-time, Union
membership/recognition, Supervisor,
Pension, Tenure

Cell Mean Hours

Sloane and Williams
(2000)

Wage Equation Sex, Marital Status, Education,
Experience, Full time, Temporary
contract, Hours, Supervisor, Incentive
pay, Union membership/recognition,
Establishment size

McBride (2001) Cell Mean Age

Senik (2004) Wage Equation Education, Sex, Experience,
Profession, Industry, Region

Lévy-Garboua and
Montmarquette (2004)

Wage Equation Age, Sex, Education, Experience,
Nationality, Weeks worked, Part-time,
Professional, Specialized work,
Bilingual, Region, Marital status,
Religion, Health, Leisure

Blanchflower and Oswald
(2004)

Cell Mean State

Ferrer-i-Carbonell (2005) Cell Mean Sex, Age, Education, Region

Luttmer (2005) Cell Mean Locality

Helliwell and Huang
(2005)

Cell Mean Census tract

Graham and Felton
(2006)

Cell Mean Locality

Kingdon and Knight
(2007)

Cell Mean Location, Race

Senik (2008) Wage Equation Sex, Education, Experience,
Occupation, Industry, Region,
Full-time

Knight, Song, and
Gunatilaka (2009)

Cell Mean Village
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and Gunatilaka (2009) find that most respondents in rural China self-define

their reference group as comprising fellow-villagers or neighbours; Clark and

Senik (2008) find that individuals are most likely to compare themselves to

colleagues, rather than to friends (though those who spend more time so-

cializing are more likely to compare to the latter); while Senik (2009) finds

evidence that most external comparisons tend to be local (to colleagues, par-

ents, school friends) rather than global (i.e. to the country as a whole).

Unfortunately, most data sets (especially long-running panel data sets)

do not include such questions, and thus rule out such a strategy. In this

chapter we pursue an alternative, and to our knowledge, novel approach to

defining the reference group. In Section 4.1 we develop a data-driven esti-

mation strategy that allows us to estimate jointly both the reference group

and reference effects. This has the advantage both of allowing us to identify

relevant reference groups even when explicit information about social com-

parison groups is not available; and of providing a potential check on the

results of self-reported comparison groups in the studies above. It also opens

up the possibility of allowing for “fuzzier” reference groups than can easily

be elicited from self-reports: e.g. by including neighbours, colleagues, and

similar others to varying degrees, rather than in an all-or-nothing fashion.

As an illustration of both the potential importance of appropriately defin-

ing the reference group, and of the potential of our estimation strategy in
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this context, Section 4.2 revisits Senik’s (2004) finding that, in contrast to

many previous results, others’ income appears to have a positive rather than

a negative effect on SWB in Russia. (This result has since emerged in other

contexts, including Eastern Europe more generally (Senik, 2008), the US

(Senik, 2008), Denmark (Clark, Kristensen, and Westergaard-Nielsen, 2007),

and South Africa (Kingdon and Knight, 2007).)

We first demonstrate that allowing for the possibility that individuals

might use both others’ income and others’ consumption as reference points

raises questions about the net effect of changes in others’ circumstances on

individual SWB in Russia: while others’ income has a consistently positive

(informational) effect, others’ consumption has a consistently negative (com-

parison) effect, and the net effect of the two appears to depend crucially on

the definition of the reference group. When we attempt to estimate the ref-

erence groups for income and consumption, we find that, contrary to Senik

(2004), that comparison significantly dominates information overall.

Our estimations also serve to shed light on the nature of the reference

groups themselves. The reference groups for consumption and income differ

in important ways, with productive characteristics being particularly rele-

vant to the income reference group, but having little effect on the reference

group for consumption. The results generally confirm the standard empirical

assumption that individuals tend to focus on the outcomes of similar others.
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However, there is suggestive evidence that this will not always be the case:

individuals may take the income of those older than them as a signal, and

may sometimes compare themselves to dissimilar rather than similar others.

Our results also throw some doubt on the wage-equation approach to defin-

ing reference levels: it is clearly not the case that all variables that reliably

predict income will be relevant to defining the reference group.

4.1 Estimating the Reference Group

In attempting to determine what definition of the reference group would

best explain variations in individuals’ SWB, one way to proceed would be

simply to estimate a set of statistical models where the researcher imposes

alternative definitions of reference effects in each. We could then choose

between these using standard model selection criteria (such as information

criteria). However, such an approach allows us to compare only a finite set of

discretely specified models, which may not capture the full range of relevant

variation in the model space. In contrast, the strategy we develop below

allows us to attack the question of the appropriate reference group more

directly, and to do so within the context of a single parameterised model.

Of course, we cannot get by without making some assumptions about

the process that generates social effects. Broadly in line with the existing
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approaches, we assume that the relevance of others’ outcomes to SWB de-

pends on how similar two individuals are — where we interpret “similarity”

broadly, to include geographic proximity as well as more abstract concepts

of “social distance” such as education, age, family size, and job status.2

Much of the existing literature assumes that individual SWB is affected

primarily by the outcomes of similar others: the more similar two individuals

are, the more weight each will assume in the other’s utility function, whether

via social comparison, altruism, or information effects. While this does not

seem unreasonable, there may sometimes be reasons to think that dissimilar

others’ outcomes could be more important to the reference level: for example,

we might care more about our “team” doing well relative to others, than

our own position within the team; or we might focus on dissimilar others as

sources of information if we anticipate that our own status may change in the

near future. Thus, although we initially motivate our approach with reference

to the standard “like-affects-like” assumption, the estimation strategy we

eventually employ will allow for more general patterns of dependence.

In contrast to the standard approaches in the SWB literature, we intro-

duce flexibility in the weight individuals may give to others’ outcomes in

2The concept of “social distance” is a familiar one in sociology, though economists
have also utilized the notion: e.g. Akerlof (1997) develops a theoretical model of social
decision-making, where decisions depend in part on the decisions of similar others; while
Griliches (1992) and Hautsch and Klotz (2003) employ abstract notions of technological
distance in investigating the presence of R&D spillovers and innovation decisions.
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two stages. First, we develop a parameterised social distance function that

allows us to estimate the social distance individuals perceive between each

other; second, we embed this in a kernel weighting function that determines

the influence of a given individual’s outcomes as a function of that social

distance.

The resulting composite function is indexed by a set of λ parameters,

which describe how quickly the importance of others’ outcomes decays as

they become more dissimilar in a given dimension (e.g. place of residence,

employment status, etc.). The cell-mean model then corresponds to the spe-

cial case when λ→∞; from a predicted wage perspective, our approach es-

sentially replaces the standard linear predictor with a non-parametric kernel

predictor, with the λ parameters defining the kernel bandwidth. Normally,

we would attempt to optimize this bandwidth for its ability to predict wages

(out-of-sample); here, the bandwidth is instead estimated so as to optimize

its ability to predict reference levels.

While a variable will not be able to predict reference levels unless it

also predicts wages, the converse is not true. ‘The’ reference level could

reflect one or more of the following: what an individual expects to get in

the future; what they think they deserve; what they feel they need to be

a success; or simply what others around them have. There is no particular

reason that any of these should perfectly coincide with the individual’s actual
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wage, and consequently, no particular reason to think that a better wage

predictor should necessarily result in a better approximation to the reference

level. To take an example, we might consider productive characteristics —

such as education, experience, and hours worked — relevant to what we

“deserve”, but other characteristics — such as race, gender, or marital status

— irrelevant. Even though the latter factors might better predict one’s actual

wage, they would still be irrelevant to the reference level. Similarly, the

earnings of those with longer work experience than us might be most relevant

to what we will earn in the future, even though the earnings of those with

similar experience would better predict our current income.

To our knowledge, this is the first attempt in the literature to estimate

reference groups directly from SWB data — or indeed to directly estimate

reference groups in any context. The idea of embedding a distance function in

a weighting kernel is familiar from machine learning and other applications of

kernel and locally-weighted regression (see e.g. Atkeson, Moore, and Schaal,

1997, for a good overview). Indeed, in the closest precursor to our estimator,

Hautsch and Klotz (2003) employ a similar distance-function-embedded-in-

kernel strategy to analyse neighbourhood influences on innovation decisions.

However, while they allow the scale parameter of the kernel to vary, and

thus attempt to estimate how quickly influence declines with distance, they

still impose a predefined notion of that distance (the Mahalanobis distance).
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In contrast, our approach allows us to estimate the parameters of both the

kernel and the distance function jointly, and thus allows the data to tell us

what dimensions of distance are most important.

The remainder of this section describes our model and estimation strat-

egy in more detail. Section 4.1.1 motivates and sets up the basic model

in a cross-sectional context. Sections 4.1.2 and 4.1.3 extend the model to

account for individual-level fixed effects and cross-group comparisons respec-

tively. Section 4.1.4 describes details of the estimation and implementation

via (penalized) maximum likelihood.

4.1.1 The Basic Model

Our basic model is a generalisation of the cell-mean approach to defining

the reference level. However, rather than taking the reference level as a

simple average of some outcome (e.g. income, consumption, etc.) across

a pre-specified group of similar others, we instead define it as a weighted

average of all others’ outcomes across the entire population. We assume that

the most weight will be given to the outcomes of those who are identical

across a range of characteristics (e.g. who live in the same area, are the

same age, have the same amount of education etc.) and that this weight

will decline the more dissimilar the individuals become. We then attempt to
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estimate how quickly this decline occurs for each characteristic: for example,

the importance of another person’s consumption might decline quickly with

geographic distance, but more slowly with age and/or education. A given

set of these rates-of-decline (which we denote in the model by a vector of λ

parameters) will define a unique reference level for each individual in each

period, and therefore allow us to estimate the effect of changes in reference

levels on SWB in the usual way.

Estimating the effect of others’ outcomes on SWB can be thought of as

attempting to estimate the function s(·) in an equation of the following form

(omitting time subscripts for convenience3):

ui = x′iβ + s(M−i) + εi (4.1)

where M−i is a matrix of of the relevant outcomes (m′1,m
′
2, . . . ,m

′
N)′ for all

individuals in the population except i.4 Our development here will focus on

the case where m is scalar, but the extension to the vector case is straight-

forward.

We begin by assuming a weighted additive form for s(·) =
∑

j 6=i ρijmj.

3We reintroduce the time dimension explicitly below, when we allow for individual-
specific fixed effects.

4In the eventual implementation, we shall sometimes define this vector at the household
level to include all households other than individual i’s household, but the development
here abstracts from this detail for simplicity of exposition.
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In this formulation, ρij parameterises the effect of individual j’s outcome(s)

mj on individual i’s utility. The two standard approaches to defining the

reference level can then be interpreted as decomposing ρij into two terms

as ρij = ρwij: the constant, ρ represents the degree of comparison to an

(individual-specific) reference level, m̄i; while the cross-individual weight, wij

when multiplied by mj, represents individual j’s contribution to determining

that reference level. In line with the discussion above, wij will typically be a

similarity measure, sim(zi, zj) that weights mj according to the similarity of

(or social distance between) i and j, in terms of a set of variables zi and zj,

which as already noted, could include e.g. geographic location, education,

employment status etc.

The cell mean approach is then equivalent to defining wij as:

wij =
ωij∑
k 6=i ωik

(4.2)

with ωij as a binary indicator function equal to one if individuals i and j are

deemed relevantly similar:

ωij =


1 if zj = zi

0 otherwise

(4.3)

for some p-dimensional z chosen by the investigator (usually composed of
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one or more discrete variables, such as area of residence, education level,

age category etc.).5 More generally (i.e. with alternative specifications of

ωij), equation (4.2), which essentially restricts the weights wij to sum to

one, describes the same class of similarity measures as the Nadaraya-Watson

kernel (Nadaraya, 1964; Watson, 1964) often used in kernel estimation, and

the implied reference level m̄i, can be thought of as a kernel predictor of m̂i

conditional on zi.

In contrast, the linear regression approach to estimating the reference

level is equivalent to defining wij as:6

wij = z′i(Z
′Z)−1zj (4.4)

(which reduces to the cell mean approach described by equations (4.2) and

(4.3) when the components of zi are a set of mutually exclusive dummy

variables). It is perhaps less natural to think of the linear regression approach

in terms of a similarity measure. Nonetheless, (4.4) is actually a Mahalanobis

angle measure, which in general defines the similarity between two vectors x

and y as:

sim(x, y) = x′Σ−1y (4.5)

5In similar fashion, a cell median approach would use a weight function equal to one
only for the median observation(s) in the set of relevantly similar individuals.

6This follows straightforwardly from the equation for the predicted value of x: x̂i =
z′iθ̂ = z′i(Z

′Z)−1Z ′X.
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where Σ is the covariance matrix of the distribution from which x and y are

drawn. Geometrically this is equivalent to the cosine of the angle between

the vectors x and y, in the space induced by the Σ−1 transform.7

As already noted, the major shortcoming of both these approaches is that

they impose a pre-specified weighting scheme. This has the benefit of allowing

easy identification of ρ, but at the cost of assuming the appropriateness of the

specified weightings (and the reference group that they imply). An obvious

way of extending the existing cell-mean approach is to retain the Nadaraya-

Watson kernel, but to use a more flexible distance measure in defining the

ωij. This maintains the assumption that the the reference level m̄i is a

weighted average of the m−i, with the weights depending on the perceived

social distance between i and j, as defined by the distance function d(zi, zj).
8

A natural choice for a such a distance function is a weighted Euclidean

7(In this case, the angles are defined relative to the origin. However, the Mahalanobis
angle is more commonly defined relative to the centroid of the data space sim(x, y, x̄) =
(x− x̄)′Σ−1(y − x̄).

8Interestingly, once we extend the “kernel prediction” approach beyond the case of
categorical z, the familiar boundary problem (whereby the kernel estimates tend to predict
poorly at the edges of the distribution, because the bandwidth becomes asymmetric) takes
on a potentially substantive meaning. If individuals compare themselves only to actually
existing others, the boundary problem is not a problem at all, because the reference level
is not intended to be a prediction of individual i’s outcome, merely an appropriately
weighted average of the outcomes of others. If instead, we think aspiration levels may be
based on potentially hypothetical others, or directly on the outcome individual i might
expect given her attributes, then it may be more of an issue (though only at the edges
of the distribution). Unfortunately, a formulation sufficiently flexible to allow for both
possibilities seems difficult to obtain, and we err on the side of simplicity.
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distance:

d(zi, zj) =

(
p∑

k=1

λkz
∗2
kij

) 1
2

(4.6)

where z∗kij is the distance between the kth elements of zi and zj, defined as

either: |zki−zkj| for standard continuous or binary variables; or for categorical

variables, as the (zki, zki)-th element of a symmetric distance matrix Dk,

that is specified by the investigator so as to reflect differences between the

categories (e.g. if the categories were geographical regions, Dk could be a

contiguity matrix, with the (p, q)-th element equal to 1 if regions p and q

are contiguous, and zero otherwise.) The weighted distance then, is just

standard Euclidean distance between zi and zj, but with each dimension k

allowed to vary in importance according to the scaling parameter λk.
9,10

9For the moment, it will only make sense for λk to be non-negative. However, we relax
this restriction in Section 4.1.3 below.

10The Euclidean distance measure could potentially be generalised in at least two ways.
The first would involve generalising from the 2-norm to the ν-norm:

d(zi, zj) =

(
p∑
k=1

λkz
∗ν
kij

) 1
ν

(4.7)

However, experience in the machine learning field suggests that the λ weights have much
more of an impact on performance than does ν, and our (limited and informal) simulations
appeared to confirm this.

The second generalisation would be to allow for interactions between distances in dif-
ferent dimensions:

d(zi, zj) =
(
z∗ij
′M ′Mz∗ij

) 1
2

=

(
p∑
k=1

λkz
∗2
kij + 2

p∑
k=2

k−1∑
l=1

λklz
∗
kijz

∗
lij

) 1
2

(4.8)

(where λk is the kth diagonal and λkl is the (k, l)-th element of Λ = M ′M).
A special case of (4.8), employed by Hautsch and Klotz (2003) is the Mahalanobis
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To turn the distance function in (4.6) into a weight, we simply embed it

in a kernel, such as the following (modified) Gaussian kernel:11,12

ωij = exp
{
−d(zi, zj)

2
}

(4.10)

(which embodies the substantive assumption that a given unit change in

distance will result in a given proportional change in weight). Combining

distance, which sets M ′M equal to the inverse of the covariance matrix of the Z variables,
N(Z ′Z)−1. Hautsch and Klotz (2003) argue that the Euclidean distance is inappropriate
in this context, because it assumes the dimensions of z are uncorrelated and have equal
variances. In contrast, we view the choice of distance metric as a substantive question,
rather than a merely statistical matter of correlations and variances — indeed, this is part
of the motivation for our approach: the fact that two potential z variables have equal
variances does not mean that they should contribute equally to social distance, as would
be implied by the use of a fixed Mahalanobis distance; nor does it seem that just because
two variables happen to be positively correlated, the weight of their interaction (λkl in the
second line of equation (4.8) should be reduced (or negative).

Ideally, we would estimate the additional λkl parameters explicitly; but in what follows,
we are content to assume they are zero to keep things relatively simple, and avoid hav-

ing to estimate the p(p+1)
2 extra coefficients entailed by equation (4.8). If we wished, it

would be straightforward to incorporate concerns about correlations into our model by
pre-multiplying the z variables by M (where M is defined as above to be the Cholesky
factor of N(Z ′Z)−1) and then estimating the λk weights in the transformed space, though
this would somewhat complicate interpretation of the parameters in the original space.

11The full Gaussian kernel would be defined as:

ωij = (2π)−
1
2 exp

(
−d(xi, xj)

2/2κ2
)

(4.9)

where κ is the kernel width, and controls the scale of the kernel. However, because the scale
of d(zi, zj) is arbitrary at this point (depending on the scale of the λk), we can normalise

2κ2 to one without loss of generality. In the Nadarya-Watson framework, the (2π)
1
2

normalisation will cancel (as it will appear in both the numerator and the denominator of
equation (4.2)), so we also omit it in (4.10).

12Alternative kernels are of course possible. However, the Gaussian is probably most
convenient to estimate. Unlike other popular choices employed in kernel estimation, it
has the advantage of being continuous over −∞ < d(zi, zj) < ∞ (cf. the Epanechikov
and tricube, which abruptly reach zero for d(zi, zj) ≥ κ, and would therefore require more
complicated optimization methods). The exponential form is also useful for reasons that
will become apparent in section 4.1.3 below.
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(4.1), (4.2), (4.6), and (4.10) then yields the following equation, which we

can estimate by maximum likelihood (e.g. assuming normally distributed

errors).

ui = x′iβ + ρ
∑
j 6=i

exp
(
−
∑p

k=1 λkz
∗2
kij

)∑
l 6=i exp (−

∑p
k=1 λkz

∗2
kil)

mj + εi (4.11)

The substantive interpretation of the parameters is that the individual λks

represent the relative importance of the corresponding zk variables in deter-

mining social distance — the higher is λk, the lower the weight of “distant”

others in determining individual i’s reference level — while ρ reflects the

impact of the reference level on SWB in the usual way.13

4.1.2 Fixed Effects

Extending this formulation to the fixed effects case is relatively straightfor-

ward. The general model is now:

uit = x′itβ + s(M−i,t) + ηi + εit (4.12)

13As already noted, the extension to the case where the mj are vectors is conceptually
straightforward, the main substantive issue is whether or not we should then allow the λk
parameters to vary between the dimensions of m — that is, whether we assume that the
same social distance weighting applies in respect of different outcomes — and this is in
any event a testable restriction.
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As in the standard approach, the fixed effect ηi can be removed by subtracting

individual means of each term:

ūi = x̄i
′β + s̄(M−i,t) + ηi + ε̄i (4.13)

where s̄(M−i,t) = 1
Ti

∑Ti
τ=1 s(M−i,τ ). This gives:

ũi = x̃i
′β + s̃(M−i,t) + ε̃i (4.14)

with s̃(M−i,t) = s(M−i,t)− s̄(M−i,t). With s(·) defined as in equation (4.11),

this yields the full equation:

ũi = x̃i
′β + ρ

∑
j 6=i

{
e−z

∗
ijt
′λ∑

l 6=i e
−z∗ilt

′λ
mjt −

1

Ti

Ti∑
τ=1

e−z
∗
ijτ
′λ∑

l 6=i e
−z∗ilτ

′λ
mjτ

}
+ ε̃i (4.15)

(with zijt and λ now p-vectors). Again, it is straightforward to estimate the

main parameters of this model via maximum likelihood.

4.1.3 Cross-Group Comparisons

It is possible that the assumption made above (and in the approaches that

the strategy above is intended to generalize) that we care less about the

outcomes of those who differ from us is too simplistic. In fact, given the
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widespread tendency of individuals to favour in-groups over out-groups, it

would not be entirely surprising to find that individual make comparisons

across groups at least as much as, if not more than, within them.14 For

example, individuals might care more that their family, nationality, or ethnic

group does well relative to other groups, than they do about their standing

within the group. One way to conceptualise this would be to think of individ-

uals as simultaneously both altruistic towards and envious of those similar to

them: if altruism declines with social distance more slowly than envy, then

they would end up comparing more to dissimilar than similar others. An

informational perspective could also lead to a focus on others who are dis-

similar in some respects (say, those who are older or with more experience).

As this suggests, there could be some dimensions of social distance where

the weights decay with distance, and some where they decay with similarity.

As a example, consider that, even if individuals tend to compare primarily

to socially-dissimilar others, their awareness of others’ outcomes may well

decline with geographic distance.

In fact, if we allow the λk parameters to take on negative, as well as

positive values, the framework set out above already allows for this possi-

bility — though making sense of it requires a slight reconceptualisation of

14Indeed, it is also possible that this tendency could be endogenous, with lower-status
group-members attempting to enhance their self-image by comparing their group’s out-
comes to those of other groups.
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our set-up. Once we allow different elements of social distance to have coun-

teracting effects, it no longer makes a great deal of sense to think about a

single measure of social distance between two individuals, encapsulated in a

distance function such as (4.6). Instead, we measure distance in each dimen-

sion separately, and embed each of the distances in its own kernel, to give k

dimension-specific weights:

ωkij = e−λkz
∗2
kij (4.16)

which we then combine to obtain the overall weight:

ωij =
K∏
k=1

ωkij (4.17)

The dimension-specific weights described by equation (4.16) are depicted

graphically in Figure 4.1. Except for the extended parameter space, the

weighting function that results from combining equations (4.16) and (4.17)

is identical to that derived in section 4.1.1 from the combination of equations

(4.2), (4.6) and (4.10): the only difference lies in the interpretation.

While (4.16) and (4.17) abandon the concept of a single “social distance”

between two individuals, they nonetheless retain the intuitive interpretation

of the λks as indexing the degree to which distance in dimension k affects
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Figure 4.1: ωkij as a function of λk and z∗kij
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The figure shows the effect of increasing the social distance between two individ-

uals (z∗kij) for different values of λk, relative to identical individuals (zkij = 0),

whose weight is normalised to 1. When λk = 0 all individuals are weighted

equally (the graph is horizontal) regardless of their social distance. When λk > 0

(towards the front right of the cube), individuals become (exponentially) less

important the more dissimilar they are (the graph resembles the right half of a

normal density) and the rate at which they do so increases as λk grows. When

λk < 0 (towards the back left) the opposite is true: individuals now become (ex-

ponentially) more important the more dissimilar they are, and the rate at which

they do so increases the more negative is λk.

how much we care about others’ outcomes. Previously each individual j’s

outcome was assigned a distance-dependent weight from the interval (0, 1],

indicating its importance relative to an (hypothetical) individual identical to

i in dimension k. By allowing λk to be negative, we now let these proportions

span the entire positive line from (0,+∞). Note that changing the sign of

λk inverts the corresponding weights: an individual that would have had a
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weight of, say, 1
2

if λk = c > 0 would instead have a weight of 2 if λk = −c.

Moreover, as (4.17) makes clear, different dimensions can now offset each

other: e.g. if we compare primarily to those who are geographically close

(λloc > 0), but who are of a different ethnicity (λeth < 0), then someone of

a different ethnicity (ωeth,ij > 1), living in a different locality (ωloc,ij < 1)

could be just as important as someone of the same ethnicity in the the same

locality (ωeth,ij = ωloc,ij = 1).

4.1.4 Estimation

The most obvious way to estimate the parameters of equation (4.11), or

its fixed effects counterpart (4.15) is to assume the that the errors are nor-

mally distributed, and to proceed via maximum likelihood (or equivalently,

non-linear least squares). However, one concern with such a strategy is the

possibility that a standard ML estimator of equation (4.11) or (4.15) could

over-fit the reference levels.

Recall that one interpretation of the reference level estimator is as a

kernel predictor of the relevant outcome. However, in contrast to a standard

kernel regression, where the kernel bandwidth can be adjusted to avoid over-

fitting, and to reflect a desired level of smoothing in the regression surface,

we lose this ability here, because we (implicitly) estimate the bandwidth
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jointly with the λ parameters of the distance function. To guard against the

possibility of over-fitting, we employ a penalized likelihood approach (see

Van Houwelingen, 2001), adding a quadratic penalty to the likelihood of the

form:15

π = δθ′Pθ (4.18)

where P is a diagonal matrix that standardises the parameters to which the

penalty is to be applied (in our case this will generally be just the subset λ,

which we standardise by the variance of the corresponding z variables) and

δ is a tuning parameter. Maximising the penalized likelihood `−π will yield

consistent estimates of the model parameters provided δ is fixed, or δ
N
→ 0

as N →∞ (see e.g. Ghidey, Lesaffre, and Eilers, 2004).

Most approaches to selecting the optimal value of the tuning parameter

(defined that which minimises the expected mean squared error of the pa-

rameter estimates) employ a cross-validation approach. However, Ueki and

Fueda (2008) derive an analytic expression for the optimal parameter that

allows us to estimate it much more simply. We employ their “parametric

direct plug-in estimator” here, which sets the tuning parameter to:

δ̂ =
σ̂2tr{(Z ′Z)−1}
λ̂′(Z ′Z)−1λ̂

(4.19)

15Adding this penalty term also has the benefit of avoiding a situation where the likeli-
hood could become flat if any of the λ parameters diverge to ∞.
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(where σ̂2 and λ̂ are consistent estimates of σ2 and λ obtained from an initial

unpenalised maximum likelihood fit).16

Denoting the negative Hessian matrices from the penalised and unpe-

nalised likelihoods as H and I respectively, we estimate the covariance ma-

trix as V̂ = H−1IH−1 (following Gray, 1992), or V̂ = H−1 (following Verweij

and Van Houwelingen, 1994) if, as is sometimes the case, the former is not

positive definite.

4.2 Does Information Dominate Comparison

in Russia?

A widespread result in empirical SWB research has been the finding that oth-

ers’ income has a negative effect on individual satisfaction (Clark, Frijters,

and Shields, 2008, provide a recent overview of this evidence). Recently, how-

ever, a number of papers have emerged to suggest that others’ income can

sometimes have a positive effect on SWB. In a series of papers, Claudia Senik

16In theory, more efficient estimates could be obtained by iteratively updating the esti-
mator of δ̂ using the new values of σ̂2 and λ̂ until convergence. In practice, we retain Ueki
and Fueda’s (2008) one-step approach to keep the computational burden down.

Relative to the optimal δ, the one-step estimator is likely to under-correct (in finite
samples) precisely when it is most needed. The true optimal parameter δ (as opposed to

our estimate, δ̂) depends negatively on the true value of λ. Because we do not know the

true value, we substitute a consistent estimator λ̂. For a given true λ, a higher estimate
should require more correction (higher optimal δ), but will lead us to think it requires less

(lower δ̂).
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has presented evidence for such positive reference effects in Russia (Senik,

2004), and more recently in the rest of Eastern Europe and the US (Senik,

2008). She argues that these results reflect an “information” effect of the

sort hypothesised by Hirschman and Rothschild (1973) — whereby individu-

als can take others’ outcomes as a signal of their own future prospects — and

suggests that the relative weight of such information, vis-à-vis the more tradi-

tional comparison effect, is mediated by perceptions of mobility: in countries

where economic circumstances are volatile, and incomes are changing quickly

(e.g. the transition economies of Eastern Europe) or where perceptions of

mobility are otherwise high (e.g. the US) people treat others’ income more

as a signal than as a comparator — or as Senik (2004) puts it, “information

dominates comparison.” Clark, Kristensen, and Westergaard-Nielsen (2007)

find a similar positive influence — which they also interpret as a signalling

effect — of co-worker wages in Denmark.17

Nonetheless, while these papers mount a strong case that others’ in-

come can indeed have a positive informational effect on SWB, it is not yet

clear that this information effect necessarily dominates comparison in an

all-things-considered sense. Senik (2004, 2008) and Clark, Kristensen, and

Westergaard-Nielsen (2007) both construct their reference levels in a way

17Kingdon and Knight (2007) also find a positive effect on SWB from others’ income in
South Africa, but, after tests, attribute this result to altruism rather than information.
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that will tend to maximize their informational, rather than their compara-

tive content: running wage regressions of individual income on productive

characteristics (the predictions of which are most likely to correspond to

“what I might expect to earn in the future”). It is possible that we could

construct an alternative reference level that would better capture comparison

effects, and which would lead to the opposite conclusion — that comparison

dominates information. In line with our results in Part I (where we argued

that income and consumption may have distinct effects on SWB), it is also

possible that they could have distinct reference effects: while others’ income

seems most likely to have informational content for an individual’s future

prospects, others’ consumption seems more likely to act as a comparator.

This section revisits Senik’s (2004) Russian case study to investigate these

issues in more detail. Section 4.2.1 outlines Senik’s (2004) methodology and

results. In Section 4.2.2 we present preliminary evidence confirming the

suspicions outlined above: when we include reference levels in both income

and consumption, the latter has a consistently negative impact on SWB,

while only the former appears to capture a positive information effect. The

net effect of the information and comparison effects — that is, whether one

dominates the other — appears to depend crucially on the definition of the

reference group: for some reference group definitions comparison clearly dom-

inates, while for others, information does. This case study therefore seems
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to provide a promising application of the estimation strategy developed in

Section 4.1. When we apply our estimator to the Russian case, we find both

that the reference groups for consumption and income differ quite signifi-

cantly, and that the negative effect of others’ consumption outweighs the

positive effect of others’ income — that is, comparison dominates informa-

tion.

4.2.1 Senik’s Methodology and Results

Senik (2004) uses data from rounds 5-9 of the RLMS18 (conducted from

December 1994 to October 2000) to investigate the effect of changes in others’

income on reported life-satisfaction. Following Clark and Oswald (1996), she

includes in a standard SWB regression,19 a reference income variable derived

as the predicted wage from a set of 1st-stage wage regressions.

The wage regressions themselves are run separately for each round (so as

to capture changes in the returns to individual characteristics over the course

of the sample. They regress the log of individual income (from both wage-

and non-wage sources) on education, gender, years of experience, and a set

of profession, industry, and region dummies. To account for the possibility of

18Described in more detail in Chapter 2.
19The independent variables use include income, age, health, education, Russian as

mother tongue, religious belief, marital status, gender, household size, occupation, indus-
try, region, and round dummies.
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selection bias, Senik uses the Heckman (1979) maximum likelihood selection

model, with age, gender, and children under 7 as selection variables. (Age

and children under 7 constitute the necessary exclusion restrictions).

When the predicted income from these equations is included in a set of or-

dered probit SWB regressions (both in pooled cross-sectional specifications,

and when using Mundlak decompositions to account for correlated unobserv-

ables), its estimated coefficient is significantly positive, in contrast to what

would be predicted by the relative income hypothesis.20 Senik argues that

this is because changes in an individual’s predicted wage reflect changes in

the income she can expect in the future, and that anticipation of this future

income influences current SWB. To confirm this interpretation, she runs a

variety of further tests, showing that the positive effect of reference income

is higher for the young (who have more of a future to look forward to), for

those who experience greater personal income volatility, and for those who

say they are most concerned about the future.

4.2.2 Consumption vs. Income

In this section, we present a series of (fixed reference-group) estimations

which we believe cast a degree of doubt on Senik’s (2004) conclusion that

20Senik (2002) obtains the same result using linear estimators of the sort we employ
here.
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“information dominates comparison” in Russia. In line with her results, the

information content of others’ income does appear to dominate its compar-

ison effect; but, as we demonstrate below, the opposite is true of others’

consumption, which has a consistently negative impact on SWB. The inter-

esting question then becomes “which of these effects dominates?” Unfortu-

nately, the answer to this question depends quite crucially on the definition

of the reference groups, and thus appears ill-suited to a fixed reference-group

approach.

Geographic Means

We begin by estimating a simple version of equation (4.12), where we use

geographic means of income and consumption in place of the social effects

term s(M−i,t):

uit = x′itβ + m̄′−i,gtρ+ ηi + εit (4.20)

As usual, uit is individual i’s reported life-satisfaction at time t, xit is a vector

of covariates including labour force status dummies, age, age squared, health,

marital status, household size and round dummies, m̄−i,gt is (depending on

the specification) the mean of either log household income, log household

consumption, or both, for all households in a given geographic area g (ex-

cluding individual i’s household), and ηi and εit are unobserved individual
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and time-specific error terms.

We estimate equation (4.20) at each of the three levels of geographic

aggregation on which the RLMS contains information. At the highest level,

the country is split into eight geographic regions : Moscow & St. Petersburg,

North & Northwest, Central & Central Black Earth, Volga-Vaytski & Volga

Basin, North Caucasus, Urals, Western Siberia, and Eastern Siberia & Far

East. With the exception of the metropolitan centres of Moscow and St.

Petersburg, these regions correspond to the official economic regions of the

Russian Federation. At the lowest level, the RLMS sample is divided into

districts. In urban areas, these correspond to census enumeration districts

designed to contain around 450 individuals (Sagers, 1989). In rural areas,

the districts correspond to village settlements, which have an average size

of around 250 (calculated from Table 1.6 of Goskomstat, 2002).21 At an

intermediate level, are survey sites, which reflect neighbourhoods of similar

geographic size, but varying populations: in most cases (125 out of 166 sites)

sites and districts are identical, though in some urban areas a site will consist

of a number of districts (up to 17, but with an average of 3).

Tables 4.2, 4.3, and 4.4 display five sets of regressions at each geographic

level. In Chapter 2 we checked that the coefficients on the controls comport

21This appears to have remained relatively stable from the 1989 census (average 255)
to the 2002 census (average 249). Cf. the census enumeration district size of 350 in rural
areas (Sagers, 1989).
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with standard results in the literature, and so we focus only on the pecu-

niary variables and the reference levels here. In all specifications where the

geographic mean of others’ consumption is included, it attracts a sizeable

(and, in all but two cases, significant) negative coefficient, suggesting that,

in contrast to Senik’s income results, the comparison effect of consumption

strongly dominates its information effect.

Table 4.2: Reference Effects Regressions using Region Means of Household
Income and Consumption

(1) (2) (3) (4) (5)

(Log) Household Income 0.118*** 0.095*** 0.095*** 0.095***
(0.006) (0.006) (0.006) (0.006)

(Log) Household Consumption 0.157*** 0.116*** 0.117*** 0.117***
(0.009) (0.009) (0.009) (0.009)

Mean Income (Region) 0.084 0.058 0.253***
(0.063) (0.063) (0.086)

Mean Consumption (Region) -0.094 -0.121 -0.341***
(0.081) (0.081) (0.110)

Sum of Reference Effects -0.088
(0.082)

Observations 70869 70869 70869 70869 70869
Groups 14298 14298 14298 14298 14298
Log-Likelihood -83777.18 -83825.09 -83658.75 -83657.66 -83652.09
AIC 167594.4 167690.2 167359.5 167357.3 167348.2
BIC 167777.7 167873.5 167552 167549.9 167549.9

* p<0.10, ** p<0.05, *** p<0.01. Standard Errors (robust to clustering within panelids) in parentheses.

On the other hand, the effect of others’ income is less consistent across dif-

ferent specifications. In line with Senik’s income results, the regional means

of others’ income attract consistently positive coefficients; and while the co-

efficient only becomes significant when all variables are included together in

column (5), this specification is least likely to be affected by omitted vari-

able bias, and is therefore our preferred model. (For example, when own
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Table 4.3: Reference Effects Regressions using Site Means of Household In-
come and Consumption

(1) (2) (3) (4) (5)

(Log) Household Income 0.121*** 0.098*** 0.096*** 0.096***
(0.006) (0.006) (0.006) (0.006)

(Log) Household Consumption 0.162*** 0.118*** 0.122*** 0.122***
(0.009) (0.009) (0.009) (0.009)

Mean Income (Site) -0.041** -0.052*** 0.003
(0.017) (0.017) (0.021)

Mean Consumption (Site) -0.095*** -0.106*** -0.109***
(0.023) (0.023) (0.029)

Sum of Reference Effects -0.106***
(0.024)

Observations 70869 70869 70869 70869 70869
Groups 14298 14298 14298 14298 14298
Log-Likelihood -83774.23 -83811.28 -83652.48 -83640.61 -83640.6
AIC 167588.5 167662.6 167347 167323.2 167325.2
BIC 167771.8 167845.9 167539.5 167515.8 167526.9

* p<0.10, ** p<0.05, *** p<0.01. Standard Errors (robust to clustering within panelids) in parentheses.

Table 4.4: Reference Effects Regressions using District Means of Household
Income and Consumption

(1) (2) (3) (4) (5)

(Log) Household Income 0.120*** 0.097*** 0.096*** 0.095***
(0.006) (0.006) (0.006) (0.006)

(Log) Household Consumption 0.159*** 0.117*** 0.119*** 0.120***
(0.009) (0.009) (0.009) (0.009)

Mean Income (Census District) -0.019** -0.022** 0.017
(0.010) (0.010) (0.015)

Mean Consumption (Census District) -0.036*** -0.040*** -0.054***
(0.011) (0.011) (0.016)

Sum of Reference Effects -0.038***
(0.011)

Observations 70869 70869 70869 70869 70869
Groups 14298 14298 14298 14298 14298
Log-Likelihood -83775.53 -83817.51 -83655.63 -83648.94 -83648.08
AIC 167591.1 167675 167353.3 167339.9 167340.2
BIC 167774.4 167858.4 167545.8 167532.4 167541.9

* p<0.10, ** p<0.05, *** p<0.01. Standard Errors (robust to clustering within panelids) in parentheses.

consumption is excluded the coefficient on others’ income will pick up part

of its positive effect on SWB, as we can see from the slight inflation of the

others’ income coefficient in column (1) compared to column (3). On the
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other hand, when others’ consumption is excluded, others’ income will also

pick up part of its negative effect, attenuating the coefficients in columns (1)

and (3) when compared with column (6).)

In contrast to the regional results, the site and district level means of

others’ income never attract sizeable or significant positive coefficients, even

in our preferred all-variable specifications. (And indeed, in the earlier spec-

ifications, they attract significant negative coefficients — though this seems

to be due primarily to the omission of others’ consumption.)

The final column of each table also shows the sum of the reference levels.

We see from this that, at all three geographic levels, the estimated net effect

of others’ economic outcomes is negative, albeit not significantly so at the

regional level. That is, the consistent and significant negative effect of others’

consumption at least offsets, and usually significantly outweighs any positive

information effect of others’ income.

Incorporating Predicted Wages

While these results cast doubt on the conclusion that information dominates

comparison overall, much depends on the nature of both the assumed ref-

erence group, and the assumed reference outcomes — which so far may not

have been as conducive as they could be to detecting information effects. As

Senik argues elsewhere (Senik, 2008) information effects may be strongest for
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individual income, and are likely to stem from changes in the income of those

with similar productive characteristics, rather than just those in the same ge-

ographic area. To provide a slightly fairer test of of whether it is information

or comparison that dominates in Russia, we rerun the specifications from

the previous section, but this time with a different income referent: instead

of geographic means of household income, we now substitute individuals’

predicted wages from a 1st stage wage regression.

In constructing the predicted wages, we try to follow closely Senik’s (2004)

original approach. Because we were unable to obtain industry code data for

our sample (which is slightly longer than Senik’s) we are forced to omit these

from the income regressions; otherwise our wage equations employ the same

independent variables for both the selection and main equations, with the

only difference being that we include squared terms in age and experience.

Our wage equation regresses the the log of individual income on a vector

of explanatory variables including years of education, years of experience,

experience squared, and dummies for gender, occupation (with unemployed

as the omitted category), and region. Following Senik, we include even the

unemployed and those out of the labour force in the equation unless they

report no individual income — both to keep these individuals in the sample,

and because such individuals can also form expectations about non-wage

income. The selection equation models the probability of selection as de-

207



pending on gender, age, age squared, and number of children under 7 in the

household (with the final three constituting the necessary exclusion restric-

tions). The results of these regressions, which we run separately for each

round, are shown in Table A.8 in Appendix A.5.

The results of including the predicted income from these equations in the

main SWB equation are shown in Table 4.5. As above, we include the stan-

dard set of controls, with the only addition being the inclusion of the log of

individual income in the set of pecuniary variables (to prevent individuals’

predicted income from picking up any residual effect of own income over and

above the income of the household). Again, we do not report the control

coefficients, focusing attention instead on the pecuniary variables. Column

(1) replicates Senik’s (2004) main result: predicted individual income now

attracts a large and highly significant positive coefficient (which, in line with

Senik, we interpret as an information effect). This result is maintained when

we include geographic means of other households’ consumption in columns

(2)-(4); however, in all these specifications consumption also attracts a sig-

nificant negative effect. Perhaps oddly, the largest comparison effect occurs

at the regional level (-0.281), and and declines as we move to the site (-.109)

and district (-0.040) levels. This is the opposite of what we might expect if

individuals compared primarily to those who are physically close to them,

but may be due to the declines in sample size as we move to the smaller
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geographic regions. Smaller samples are likely to lead to noisier measures of

the reference level, both because the geographic means themselves are less

accurately measured, and because the smaller geographic samples are less

likely to contain individuals who are similar in other dimensions that may

be important in defining the reference group.

Table 4.5: Predicted Income & Geographic Consumption Means

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

(Log) Household Income 0.081*** 0.082*** 0.083*** 0.082***
(0.006) (0.006) (0.006) (0.006)

(Log) Household Consumption 0.115*** 0.117*** 0.121*** 0.118***
(0.009) (0.009) (0.009) (0.009)

(Log) Individual Income 0.013*** 0.012*** 0.012*** 0.013***
(0.002) (0.002) (0.002) (0.002)

Predicted (Log) Individual Income 0.175*** 0.191*** 0.178*** 0.175***
(0.019) (0.020) (0.020) (0.019)

Mean Consumption (Region) -0.281***
(0.083)

Mean Consumption (Site) -0.109***
(0.024)

Mean Consumption (Census District) -0.040***
(0.011)

Sum of Reference Effects -0.090 0.068** 0.136***
(0.081) (0.030) (0.022)

Observations 70869 70869 70869 70869
Groups 14298 14298 14298 14298
Log-Likelihood -83566.32 -83557.69 -83546.51 -83555.95
AIC 167176.6 167161.4 167139 167157.9
BIC 167378.3 167372.3 167349.9 167368.8

* p<0.10, ** p<0.05, *** p<0.01. Standard Errors (robust to clustering within panelids) in parentheses.

Below the main coefficients in columns (2)-(4) of the table, we display

the sum of the two effects. The results here depend quite critically on the

geographic level at which we calculate the consumption means: at the re-

gional level the net effect is negative, but not significantly so, while at the

site and district levels, the net effect is significantly positive. Once again, it
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is difficult to draw a definitive conclusion about whether information or com-

parison dominates overall, and even more so than before, the definition of

the reference group appears to be crucial to the results. In the next section,

we therefore attempt to estimate the reference groups directly.

4.2.3 Estimating the Reference Group

The previous section 4.2.2 demonstrated the sensitivity of conclusions about

whether information dominates comparison to the specification of the rele-

vant reference groups. With purely geographically-defined reference groups,

the negative comparison effect of consumption consistently outweighs the

positive informational effect of income. When we shift to predicting individ-

ual income on the basis of productive characteristics, however, its informa-

tional value increases. While it is still outweighed by the effect of regional

consumption, the net negative effect is no longer statistically significant, and

if we focus on site or district means of others’ consumption, our results switch,

and the net effect becomes significantly positive.

At this point, our preferred model (i.e. that which best fits the data) is

the model that includes as reference levels the site-level means of household

consumption, and predicted individual income (column (3) of Table 4.5). In

terms of both log-likelihood and information criteria (displayed at the bottom

210



of each table), this model outperforms all the others shown in Tables 4.2- 4.5

(i.e. it has a higher log-likelihood and lower AIC and BIC22). However as

we noted in Section 4.1, the models we have explicitly considered span only

a small part of the potential model space, and the most-relevant others for

either consumption or income may not be captured in the specifications we

have tried. This is a particular concern for the reference level in consumption,

which until this point has been specified only by geography, without reference

to broader notions of social distance or (dis)similarity.

In this subsection, we attempt to jointly estimate the reference group

and reference effects, using versions of the fixed-effects social-effects estima-

tor developed in Section 4.1. In Section 4.2.3 we focus on household-level

consumption and income as potential referents, while in Section 4.2.3 we go

on to consider individual income in place of the latter.

Household Level Referents

To begin with, we estimate a version of equation (4.12) using the log of

household income, and the log of household consumption as the reference

22See Chapter 3 for a discussion of these information criteria and their role in model
selection.
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variables:

uit = x′itβ +

∑
hj 6=hi

ω
(c)
hihj

chjt

 ρc +

∑
hj 6=hi

ω
(y)
hihj

yhjt

 ρy + ηi + εit (4.21)

where the weight of individual j’s household, hj, in individual i’s reference

level m̄it ∈ {c̄it, ȳit} is given by the formula:

ω
(m)
hihj

=
exp(−z∗mhihjt

′λ(m))∑
hl 6=hi exp(−z∗mhihlt

′λ(m))
, m ∈ {c, y} (4.22)

The xit include the usual controls (labour force status dummies, age, age

squared, health, marital status, household size and round dummies) as well

as additional controls for the household-level zit variables, and the aforemen-

tioned reference variables: log household consumption, and log household

income.

Because the reference variables are defined at the household level, we

are limited to using household level zit variables to define social distance/

(dis)similarity, z
∗(m)
hihlt

. This means in particular that we cannot use gender

to define the reference group, as has often been done in the existing liter-

ature. However, we are able to include household-level versions of most of

the other variables commonly used to define the reference group (as set out

in Table 4.1). In addition to geographic indicators, we include three other
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variables that attempt to capture elements of a household’s social position

and productive capacity: the number of working age adults in the house-

hold; their average years of education, and the age of the household head.

After some preliminary testing, we elected to include different geographical

variables for consumption and income: while the reference level in income

appeared to be best defined by region (setting z
∗(y)
region,hihjt

= 0 if households

live in the same region, and 1 otherwise), the reference level in consump-

tion was better defined using a combination of both site and region variables

(setting z
∗(c)
site,hihjt

= 0 if households were in the same site, 1 if they were in

different sites in the same region, and 2 if they were in different regions).

We have checked, in an unreported set of regressions (and using a variety

of specifications) that all four of these variables are significant predictors of

both log household consumption and income.23

The results of this estimation are shown in Table 4.6 (omitting the con-

trols to conserve space). The top panel shows the estimated main (β) and

reference (ρ) effects for consumption (column 1), income (column 2), and

their sum (column 3). Consistent with our expectations from earlier results,

others’ consumption has a large and significant negative comparison effect,

while others’ income has a large and significant positive information effect.

23The age of the household head enters with a squared term in a standard regression,
but one advantage of the non-parametric/kernel aspect of our estimation strategy is that
it will capture such non-linearities automatically.
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Table 4.6: Reference Group Estimations (Household Income & Consumption)

Consumption Income

c y c+ y
Main Effect β 0.129*** 0.096*** 0.225***

(0.009) (0.006) (0.010)
Reference Level ρ -0.285*** 0.120*** -0.165***

(0.051) (0.035) (0.053)
Sum (β + ρ) -0.157** 0.217*** 0.060

(0.051) (0.035) (0.052)

Reference Group e−λ
(c)

e−λ
(y)

e−λ
(c)

/e−λ
(y)

# Adult Household Members 0.668** 0.719* 0.930
(0.125) (0.0124) (0.224)

Household Average Education 0.999 0.863** 1.158**
(0.003) (0.055) (0.073)

Age of Household Head 0.998 1.001*** 0.997
(0.002) (0.000) (0.002)

Site 0.037***
(0.011)

Region 0.001*** 0.000*** 7.409
(0.001) (0.000) (12.553)

Observations 73244
Individuals 14543
Penalised log-likelihood -86677.85

* p<0.10, ** p<0.05, *** p<0.01. Standard errors (robust to clustering within panelids)

in parentheses.

Both are in fact larger than their main effects — although only in the former

case is the difference significant. Turning to look at the net effect of the

two reference levels in column 3, we now find that it is negative, and highly

significant: contra Senik (2004), comparison dominates income.

We turn now to the coefficients that define the reference groups, which

are displayed in the bottom panel of Table 4.6. Rather than displaying the

raw λ coefficients, we instead display them in the transformed metric e−λ,

which represents the proportional decrease in a household hj’s weight that
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results from a 1-unit change in social distance z∗khihj . In this metric, a co-

efficient of 1 represents the null hypothesis that the corresponding variable

is not important to defining the reference group (and it is against this that

statistical significance is assessed). Recall also that the weightings reflect

the importance of individual households, rather than the collective impor-

tance of households of a particular type (which will depend on the number of

household’s of that type in the population). So, even if (say) geographically

distant households individually have a low weight, they may still be collec-

tively important in determining the reference level, if there are sufficiently

more of them in the sample than geographically proximate households. The

relative collective weight of households in a given distance interval [a, b] is:

∑
j 6=i:zhihj∈[a,b] exp(−zhihjλ)∑

j 6=i:zhihj=0 1
(4.23)

In the first column, we see that geography and the number of working

age adults are important in defining the consumption reference group, but

that education and the age of the household head are not, despite the fact

that both of these variables are important predictors of household consump-

tion. The reference group is defined in fairly narrow geographic terms, with

households from different sites in the same region having weights of 3.7% of

those in the same site, and those from different regions weighing only 0.1%
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(≈ 0.0372) of that. This, however, needs to be taken in the context of the

knowledge that there are many more households outside any given site than

within it, so that the collective weight of distant households will still be fairly

large, even though they have little effect individually. In fact, the collective

weight of those in the same region but not the same site is on average around

70% of the collective weight of those in the same site (≈ 0.037 × 434/22),

while the collective weight of those outside the region is on average around

20% of those in the same site (≈ 0.001 × 3198/22). Households that differ

by 1 in their number of adult members weigh 67% of those with the same

number, while those who differ by two adult members will weigh 0.6682 ≈

45% of that.

In contrast, as we see in column 2, all four z variables are significant

in defining the reference group for income. Households in the same region,

with a similar number of adult household members, and similar educational

background are more important sources of information than more dissimi-

lar households. On the other hand, age has the opposite effect: here, it is

households whose head is older or younger than their own that are more

important than similar households. This is consistent with the idea, put for-

ward in 4.1.3, that people may take informational cues from those who are

a few years more advanced than them. Unfortunately, however, our speci-

fication forces social distance to affect the weight other households receive
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in a way that is both symmetric (households with younger heads weigh as

much as those with older heads) and monotone (weight increases with dis-

tance over the entire range of ages; it cannot increase and then decline), so

we cannot confirm this interpretation conclusively.24 The effect of age is also

relatively small — even a 10-year age difference will lead to only a 1 per-

centage point increase in importance (1.00110 ≈ 101%), although again, the

collective weight of those of different ages will be larger, due to the greater

number of households involved.

The different results for consumption and income seem to underscore the

importance of allowing the reference groups to vary, and this is confirmed

in column 3, which displays the ratios of the transformed coefficients in the

previous two columns (so again, a ratio of 1 corresponds to the null hypoth-

esis of no difference between the weights for income and consumption). We

see here that, while the differences for region, age and number of adults are

not significant, education is significantly more important in defining the ref-

erence group for income than for consumption. Such a difference is entirely

consistent with the coefficient on others’ income picking up an information

effect (the information value of others’ outcomes will be higher when they

24In theory, we could adapt our esimator to allow for asymmetry (i.e. different “upward”
and “downward” comparisons). Allowing for non-monotone changes in the weights is more
difficult, but it would be possible instead to introduce an additional shift parameter that
would allow the distance at which individuals would be maximally-weighted to vary (so
that, e.g. the weight function could reach a maximum at X years older than houesehold
h, and decline monotonically either side of that point).
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have similar productive characteristics); whereas it is perfectly conceivable

that we would compare equally to the consumption of those with more or

less education.

Incorporating Individual Income

Mirroring our approach in Section 4.2.2, we now consider what happens if we

take the income referent to be individual, rather than household income. The

specification is of the same form as (4.21), but now with the log of individual

income replacing household income as the second reference variable. The

controls are identical, except that we now include the logs of both household

and individual income in the set of xit variables. The z(c) variables are also

unchanged. However, we now include individual-level z(y) variables to match

the predicted wage equation estimated in 4.2.2: years of education, years of

experience, gender, profession, and region. (One nice feature of the kernel

predictor is that its non-linearity removes the need for exclusion restrictions.)

The results of this regression are displayed in 4.7.

The top panel once again displays the main and reference effects for con-

sumption and income. As expected, all three of own household consumption,

household income, and individual income enter positively. When we turn to

the reference effects we see the now familiar pattern of a significant positive

effect for income, and a significant negative effect for consumption. While the
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Table 4.7: Reference Group Estimations (Individual Income & Household
Consumption)

Consumption Income

c y c+ y
Main Effect (Household) βh 0.127*** 0.084*** 0.211***

(0.009) (0.006) (0.010)
Main Effect (Individual) βi 0.012***

(0.002)
Reference Level ρ -0.258*** 0.140*** -0.118**

(0.040) (0.029) (0.048)
Sum (β + ρ) -0.131*** 0.237*** 0.105**

(0.040) (0.029) (0.049)

Reference Group e−λ
(c)

e−λ
(y)

# Adult Household Members 0.789***
(0.064)

Household Average Education 1.004
(0.003)

Age of Household Head 0.999
(0.001)

Site 0.021***
(0.008)

Years of Education 1.008***
(0.002)

Years of Experience 0.998
(0.002)

Gender 0.248**
(0.135)

Profession 0.033***
(0.034)

Region 0.588
(0.262)

Observations 70869
Individuals 14298
Penalised log-likelihood -83482.107

* p<0.10, ** p<0.05, *** p<0.01. Standard errors (robust to clustering within panelids)

in parentheses.

comparison effect has reduced slightly and the income effect has increased,

the net effect remains significantly negative: once again, comparison domi-

nates information.
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Turning to the λ coefficients, we see that the coefficients defining the

consumption referent are virtually unchanged from Table 4.6, and so we

say no more about them here. When we turn to the income λs we find

that gender (which we were previously unable to include at the household

level) is now very important in delineating the reference group: those of the

opposite gender matter less than a quarter as much as those of the same

sex. Individuals also compare themselves primarily to those in their own

profession: those in different professions are weighted only 3% as much as

those in the same profession. Given that there are, on average, 10 times as

many individuals outside one’s profession as inside it, this means that their

collective weight is 30% of similar others.

On the other hand, the results once again appear to confirm that that just

because particular variables reliably predict a referent outcome, this does not

imply that they will also significantly affect the reference level. Neither years

of experience, nor region of residence are significant in defining the reference

group. Although the size of the region effect does appear to be substantively

important — those in different regions individually count for only around

60% of those in the same region — individuals nonetheless appear to place

significant collective weight on the outcomes of geographically distant others.

Those from different regions collectively matter over four times more, on

average, than those in the same location (because there are on average 7

220



times more individuals outside one’s region as inside it).

Somewhat surprising is the coefficient on education, which has now switched

sign, so that those with different education levels are more important to the

reference level. Nonetheless, while this effect is statistically significant, it is

substantively rather small, with a one-year difference in education resulting

in a less-than-one-percentage-point increase in weight.

4.3 Conclusion

In this chapter we have made a number of novel contributions to the SWB

literature on reference effects. Building on the results of the previous chapters

— which argued for the importance of distinguishing between consumption

and income in estimating the effect of individuals’ own economic outcomes

on SWB — we have shown that it may be even more important to distinguish

between the effects of others’ consumption and income.

Revisiting Senik’s (2004) analysis of the RLMS, we confirm her finding

that others’ income has a positive effect on SWB. However, we also show

that others’ consumption has a countervailing negative effect. While, as

Senik convincingly argues, others’ income does seem to function as a signal

of future prospects, their consumption continues to have a more traditional

comparison effect.
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We go on to show that which of these effects dominates depends crucially

on how we define individuals’ reference groups. For some definitions of the

reference groups, information dominates comparison; for others, comparison

dominates information; and for others still neither dominates the other. To

avoid the problem of having to simply impose a particular conception of

the reference group, we employ a novel estimation strategy — based on the

concept of social distance — that allows us to estimate both the reference

group and reference effects jointly.

In addition to allowing the data to define the most appropriate reference

group, this approach also generalises existing approaches to reference-group

definition in a way that allows for more much more flexibility in what factors

contribute to defining reference groups, and exactly how they do so. Our

results broadly support both existing practice, and previous survey-based

evidence suggesting that reference groups tend to be local rather than global.

However, they also temper these conclusions in at least two ways.

First, they suggest that this is only true for some dimensions of social

distance. Crucially, not all variables that help to predict income or con-

sumption levels are necessarily relevant to defining the reference groups for

those variables — indeed, the reference groups differ between the two out-

comes. While geographic proximity and household size are most relevant to

defining the comparison group for household consumption, productive char-
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acteristics (education and profession) and gender are most relevant for the

informational effect of income.

Second, even when they do suggest that comparisons are primarily local,

they typically still allow for some element of global comparison. For example,

in estimating the reference level in consumption, it emerges that, while we

do compare more to those who reside close to us, those who reside elsewhere

are not irrelevant to the reference-level, as would be assumed by a more stan-

dard cell-mean approach to defining the reference group. Of course, better

reference group definitions are interesting not only in their own right, but

also because they should allow us to more accurately estimate the reference

effects in which we are interested, and which motivated our re-analysis of

the RLMS data. The results of our reference group estimation confirm both

the negative comparison effect of others’ consumption, and Senik’s (2004)

finding of a positive informational effect of others’ income. In contrast to

Senik’s results, however, we find consistent evidence that, once we allow the

data to determine the reference group, comparison ultimately dominates in-

formation.
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Part III

Heterogeneity in the

Determinants of SWB
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Chapter 5

Heterogeneity in the

Determinants of SWB

That people have different tastes for everyday items like the types of food

they eat, the books they read, or the music they listen to is obvious. Yet,

as we move from the micro level of apples vs. oranges, to the macro level

of nutrition, shelter, meaningful relationships, status, and fulfilling work or

hobbies, it becomes more common to assume that people, in the end, all

value similar things to similar degrees. This tendency to universalise can be

seen in writings ranging from Maslow’s (1943) hierarchy of needs, to Martha

Nussbaum’s (1993; 2000) attempts to flesh out capability theory (e.g. Nuss-

baum and Sen, 1993) with a list of basic “objective” goods, that we should
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value, whatever else we value.1

Whether, or at what level of abstraction we can begin to say that individ-

uals’ really do value the same things is the focus of Part III of this thesis. At a

deeper level than apples and oranges, individuals may differ quite profoundly

in what is important to them: some people may place particular importance

on material well-being, others on relationships with friends and family; still

others may especially value good health, or a rewarding job. One way to as-

sess the ‘value’ of such outcomes to individuals is by examining their impact

on subjective well-being (SWB). Yet, while the extent and structure of such

differences in the determinants of SWB may have important consequences

both for the conduct of SWB research, and for the conclusions we draw from

it, this remains an understudied area.

Part III of this thesis has three goals. First, in Section 5.1, we provide

an overview of the potential importance of accounting for individual het-

erogeneity in the determinants of SWB. We argue that the presence and

structure of individual differences may have significant implications for both

individual decision-making, and for public policy — and focus in particular

on the implications of whether these differences are observable, and to whom.

While there are many examples in the existing literature that examine the

1This latter, in particular, clearly demonstrates the tendency to universalise more at
higher levels of abstraction. After all, the capability approach also makes much of the idea
that different goods can differently valuable to different people in different circumstances,
depending on how they are able to translate such goods into valuable functionings.
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observable correlates of individual heterogeneity, the literature attempting

to identify unobservable individual differences is in its infancy. While there

have been some attempts to identify the full scale of both observable and

unobservable differences, they have so far focused on only a small number of

outcomes, such as the effect of income on financial satisfaction (Clark et al.,

2005) or adaptation to marriage and divorce (Lucas et al., 2003). As such,

they have been unable to address the possibility of correlations between the

importance of different outcomes; and have also had difficulty distinguishing

“true” variation in the determinants of SWB from variation in how individ-

uals report SWB.

In Section 5.2 we employ two types of random coefficient model (the sec-

ond of which is a semi-parametric model new to the economics literature) to

simultaneously examine variation in seven distinct determinants of SWB in

Britain. In line with previous studies by e.g. Clark et al. (2005) and Lucas

et al. (2003), we find that there is indeed significant individual heterogeneity

in how different life outcomes translate into reported SWB. However, in con-

trast to their work, we are able to demonstrate that such differences are real,

and cannot be due merely to differences in how individuals report satisfaction.

Focusing on multiple types of heterogeneity simultaneously also suggests that

individual values tend to cluster around a materialism–non-materialism axis,

with those who value e.g. consumption and relative income more tending to
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value employment, health, relationships, social time, and children less (and

vice versa). Consistent with previous work, we also find that those at the

materialistic end of the spectrum are (unobservably) less satisfied than their

less materialistic counterparts. Finally, we are also able to show that the

outcomes of most value to the SWB-poor are health, consumption, and em-

ployment. To improve their well-being, we should focus either on improving

these outcomes, or on increasing their ability to benefit from more “social”

factors.

Chapter 6 goes on to examine in more detail one of the implications of

such unobservable heterogeneity — focusing on the ability of SWB research to

inform individual decision-making. The presence of significant heterogeneity

in the determinants of SWB will tend to reduce the usefulness of population-

average coefficient estimates to both individuals and policy-makers. How-

ever, their value also depends crucially on the quality of individuals’ own

knowledge about what will bring them satisfaction. We therefore conduct

a number of novel tests of the quality of individuals’ private information,

using a series of questions in the BHPS that ask individuals directly what

is important to them. We find that, while the quality of individual infor-

mation varies both between different domains and between individuals, we

are in general surprisingly poor at knowing what will bring us satisfaction,

and that incorporating the results of SWB research may therefore help to
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improve individual decision making.

5.1 Why is heterogeneity important?

If individuals differ significantly in what contributes to their SWB, then the

sorts of questions typically asked by happiness economists — including the

age-old classic of whether money makes people happy — may obscure impor-

tant aspects of reality. Money may indeed buy happiness for some, but at the

same time do little for others; there may even be a portion of the population

for whom it brings unhappiness (for example, if increasing income raises ex-

pectations more than the increase itself). Of course, depending on what we

intend to do with the answers to these questions, a focus on average effects

may be sufficient; but in other cases, awareness of individual heterogeneity

may be important for both individuals and policy-makers. As we explain be-

low, these implications depend heavily on the extent to which heterogeneity

is observable to econometricians, policy-makers, and individuals.

5.1.1 Observable Heterogeneity

Observable heterogeneity is heterogeneity that we can either observe directly

(e.g. we might learn that Alice responds more to an increase in consump-

tion than Ben) or that we know correlates with something we can observe
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directly (e.g. we might learn that the highly-educated are more affected by

unemployment than those with less education).

For policy-makers, being able to observe the correlates of individual dif-

ferences may allow better targeting of policies to particular groups. Kaplow

(2008) provides an extensive treatment of the implications of preference het-

erogeneity for optimal tax policy. The details depend on the precise nature of

the heterogeneity,2 but the basic principles are fairly straightforward: other

things equal, efficiency suggests that those with a higher marginal utility of

consumption should face a lower overall tax burden (because they suffer more

from taxation), while a concern for equity suggests they should face a higher

tax burden (because they will generally have higher utility for a given level

of income).

On the other hand, if we allow factors other than consumption to also

affect the level of individuals’ SWB, then the equity effect could be reversed,

or at least attenuated. If, as some have suggested (e.g. Diener and Oishi,

2000), materialistic individuals have a higher marginal utility of consumption,

but are also generally less happy, then equity and efficiency concerns could

align to suggest that they should face a lower tax burden. For this reason,

the correlations between individual values, and levels of individual SWB may

2Indeed, one of Kaplow’s (2008) main contributions is to show that different ways of
parameterising heterogeneity can have quite different implications for the marginal utility
of consumption, and thus for optimal policy settings.
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be especially important to policy.

The general principles of efficiency (targeting those who gain the greatest

benefit from a given outcome) and equity (targeting those who are “SWB-

poor”) generalise beyond tax policy. If, say, poor health, or unemployment

were more psychologically damaging to those in particular age groups, then

this may affect policy priorities for reducing unemployment or improving

health care. Such conclusions would be reinforced (or weakened) if these

same individuals were also SWB-poor (or SWB-rich).

If differences in the determinants of individual well-being are not only

observable, but also malleable, then this may open up additional avenues for

individuals or policy-makers to attempt to improve SWB. While there are

obvious reasons to be wary of governments “engineering” individual tastes,

information about the potential drivers of taste could nonetheless be useful

in a variety of ways.

First, knowing what sorts of factors drive changes in individuals tastes

could allow individuals to manage their own tastes more effectively, by taking

steps to increase their sensitivity to positive life events, or to reduce their

susceptibility to negative ones. For example, if tastes are in some sense

“contagious” then perhaps we should associate more with those who have

SWB-conducive tastes, and avoid those who have SWB-damaging ones.

Second, it should also be noted that not all heterogeneity in individuals’
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responses to particular life events will be due to differences in what they

value. If we know that some individuals gain a great deal from consumption,

while others gain relatively little, this could be either because they value

consumption to different degrees, or because they engage in different types

of consumption, with different hedonic returns. It has been argued, for ex-

ample, that (at least above a certain level) consuming “experiences” tends

to bring greater satisfaction than consuming “things” (see e.g. Van Boven

and Gilovich, 2003; Van Boven, 2005). Not only could identifying the factors

responsible for more satisfying consumption, jobs, or relationships be useful

to individuals, but policies that attempt to improve the quality of such out-

comes seem less inherently objectionable than policies that attempt to shape

individual values themselves.

Finally, there may be some areas where government “taste-management”

could be considered legitimate. A possible example is the negative external-

ity that results from individuals’ comparing their income or consumption to

others’: if there were potential policy levers that could reduce the negative

effect of others’ income, for example, then these could provide an alterna-

tive way to address the externality — and in contrast to taxation, (see e.g.

Boskin and Sheshinski, 1978; Layard, 1980, 2005b) or other traditional policy

instruments (see e.g. Frank, 1985) to do so in a way that does not require

reducing others’ well-being in the process.
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As we discussed in Chapter 4, Senik (2004, 2008) has argued that eco-

nomic volatility and individuals’ perceptions of mobility may have such an

effect — causing people to focus on others’ income more as a signal of their

future prospects than as a point of comparison.3 While fostering economic

volatility in the name of externality reduction seems an unappealing trade-

off, fostering economic mobility is a rather more attractive one. In a similar

vein, Benjamin Friedman (2005) has also argued (albeit from the more dis-

cursive perspective of an economic historian than the statistical perspective

of an econometrician) that one of the major benefits of economic growth is

that, when the economic pie is growing, we worry less about how much of it

others are getting.

Given the potential value of identifying observable correlates of hetero-

geneity in the determinants of SWB, and the relative ease of investigating

them — either by estimating separate equations for different sub-samples

(e.g. men and women) or by including various sorts of interactions in SWB

equations — it is not uncommon to find such strategies amongst the exist-

ing literature. Table 5.1 surveys some examples of the sorts of heterogeneity

that have been examined to date. Some of the particularly interesting results

include the findings: that right-wing people in Germany adapt less to in-

3While Chapter 4 presented evidence that the information effect may not dominate the
comparison effect (as Senik (2004) claimed) it did not challenge her broader point: that
volatility and perceptions of mobility increase the information value of others’ outcomes.
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come, while those on the left adapt less to status (Di Tella, Haisken-De New,

and MacCulloch, 2007); that religion moderates the effect of income (and in

particular mitigated the negative impact of transition) in Hungary (Lelkes,

2006); and Senik’s finding (discussed earlier) that volatility and mobility can

affect the extent to which individuals compare themselves to others.

5.1.2 Unobservable Heterogeneity

Of course, while running regressions on separate sub-samples, or including

interactions in our models can clearly provide insights into heterogeneity that

pooled analysis would miss, these strategies are inherently limited by their

ability to detect only observable differences, and can therefore only place a

lower bound on the amount of heterogeneity in the population as a whole.

The presence of additional unobservable heterogeneity also has potentially

important implications for both individuals and policy.

If, as suggested in the previous section, first-best policies (e.g. optimal

taxation rates) would be tailored to each individual’s personal preferences,

then the presence of unobservable preference heterogeneity will result in sub-

optimal policy settings (relative to the first-best), and creates potential scope

for welfare improvements. The most obvious route to improvement is simply

to work harder to find observable predictors of heterogeneity, which would

234



Table 5.1: Examples of existing work examining observable heterogeneity in
the determinants of SWB

Paper Focus Approach

Clark et al. (2008) Adaptation to changes
in marital, family, and
labour force status)

Separate regressions by gender

Di Tella,
Haisken-De New, and
MacCulloch (2007)

Adaptation to income
and status

Separate regressions by gender,
political views, and
self-employment

Frijters, Haisken-DeNew,
and Shields (2004)

Income Separate regressions for men
and women

Ferrer-i-Carbonell (2005) Comparison Income Separate regressions for West
vs. East Germans

Lelkes (2006) Income Separate regressions by level of
religiosity

Levinson (2009) WTP for air quality Interactions with
environmentalism, income,
health, and level of local
pollution

Senik (2004) Others’ Income Separate regressions for groups
defined by age, Income
volatility, and concern about the
future

Senik (2008) Others’ Income Separate regressions for different
countries

Stutzer and Frey (2006) Marriage Separate regressions for groups
defined by eventual divorce,
wage differences between
partners, labour specialisation,
children, and differences in
education

then enable us to target policy better. In this sense, empirically establishing

the extent of “unobservable” heterogeneity can be seen as providing a sense

of the potential gains from further research.

However, even where we cannot (yet) identify observable correlates of
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individual differences, the presence of unobservable heterogeneity can still

affect policy design. In particular, it is important to remember that whether

heterogeneity is observable is a property of our knowledge about individual

differences, not an inherent property of those differences per se — and ob-

servability will likely vary depending on whose perspective we consider. Het-

erogeneity that is unobservable to econometricians and policy-makers may

nonetheless be observable to the individuals involved. Other things equal,

decision-making should be located with those who have more of the rele-

vant information — which will tend to favour more decentralised decision-

making, the more unobservable heterogeneity there is (though this could be

outweighed by distributional or incentive concerns).4

A related point arises when we consider matters from an individual per-

spective. At an individual level, one possible response to a finding that a

particular factor is or is not important to SWB on average, is to wonder

whether such a result is relevant at all: why should any of us assume that

we are average if we already know ourselves and our values well? The extent

to which such a response is reasonable depends crucially on (a) the quality

of individuals’ private information about their values; and (b) the degree of

unobservable variation in individual values. The better we know ourselves,

4Basu and Meltzer (2007) provide an application of this principle in the context of
health care decision-making.

236



and the more ‘unique’ we are compared to (observably similar) others, the

less useful information about a (sub)population average will be to us. Psy-

chologists and behavioural economists have had a fair amount to say on (a)

(and we shall revisit this issue in the following chapter); yet (with a few

notable exceptions) SWB research has to date had little to say about (b).

As Clark et al. (2005) note, increasing use of panel data has allowed

researchers to easily control for unobservable heterogeneity in levels of well-

being. The importance of doing so has been amply demonstrated by (amongst

others) Ferrer-i-Carbonell and Frijters (2004), who present evidence from the

GSOEP that failure to control for such unobservable sources of heterogene-

ity can significantly bias estimates of the effects of various life-outcomes on

SWB.

Nonetheless, attention to value heterogeneity per se — that is, to hetero-

geneity in the slopes or coefficients of standard linear or generalized linear

models — has been more limited, and it is on the presence of such hetero-

geneity that Clark et al. (2005) focus. Using three waves of data from the

European Community Household Panel (ECHP), they estimate a latent class

ordered probit model for financial satisfaction that allows for variation both

in the intercept, and in the coefficient on income.5 Their results suggest that

5The latent class approach assumes that each individual falls into one of a finite number
of classes. Which class an individual falls into is unobserved, but this can be treated as
a missing data problem, and class membership probabilities can be estimated via the EM
algorithm.
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the individuals in their sample can be divided into four distinct groups, which

differ in their average reported satisfaction, in the way they map income into

such satisfaction, and in terms of their other observable characteristics.

At one extreme, they find a relatively small group of individuals (9% of

the sample) who have both a high level of satisfaction and a large response to

income. Members of this group are on average richer, older, more educated,

have fewer children, are more likely to be out of the labour force, and are

more likely to reside in northern European countries (specifically, the UK,

Ireland, the Netherlands, Belgium, Luxembourg, or Denmark) than average.

At the other extreme, they find a sizeable group (around 30% of the

sample) with both low reported satisfaction, and a relatively small response

to income. Members of this group are poorer, younger, less educated, more

likely to be single, and to live in Italy, Spain or Greece than average. Between

these extremes there are two similarly-sized groups (again around 30% of the

sample each), each somewhat intermediate in of their intercepts, slopes, and

observable characteristics.

Interestingly, these results appear to contradict the widespread finding

that materialistic individuals (i.e. those who have a greater response to

income) have lower SWB. One possible reason for this divergence is the use

of financial satisfaction as a dependent variable, rather than a more global

cognitive or emotional measure. It is possible that those who respond most
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to income are both more financially satisfied, and less globally satisfied than

others.

More recently, Bruin and Winkelmann (2008) have also used latent class

techniques to examine heterogeneity in the degree of altruism parents have

towards their (adult) children in Germany. They assume that parents may

be either selfish, in which case their children’s happiness has no effect on

their own life satisfaction, or altruistic, in which case it has a positive effect

(the size of which is to be estimated). They estimate the proportion of

altruists — for whom children’s SWB has a significant positive effect — at

approximately 20% of the GSOEP sample.6 They also provide evidence that

predicted altruistic preferences are associated with higher transfer payments

to children.

A slightly different approach to modelling heterogeneity is taken by Lucas

et al. (2003), who employ a multilevel random coefficient model to examine

differences in the extent to which marriage and widowhood result in lasting

changes in SWB. Instead of assuming that individuals fall into a number

of discrete classes, this approach instead models variation as a continuous

(normally distributed) random variable. They find that while, on average,

individuals revert quickly to baseline levels of happiness after marriage, there

6In contrast to much of the social effects literature, they assume that parents’ SWB
has no effect on children’s’ SWB, and thus ignore the possible simultaneity issues that
could arise if such effects were present (see e.g. Manski, 1993).
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is significant variation around this average: for some, marriage brings lasting

happiness, while for others it can actually lead to reductions in SWB. Re-

actions to widowhood also varied significantly. While individuals on average

reacted negatively to widowhood, and then partially adapted, there was sig-

nificant variation in the pattern of long-term response, with some individuals

even becoming happier following the death of their partners.7

5.2 Identifying Heterogeneity in the determi-

nants of SWB

As Clark et al. (2005) note, a potential weakness of their analysis, and one

which also afflicts other work in this area to date, is that they were unable

to distinguish “true” heterogeneity in the effects of money from differences

in the way individuals use self-report scales to express satisfaction. In light

of this, a major contribution of this chapter is to demonstrate, not only that

there are significant differences in the response of reported SWB to various

life outcomes, but also that these differences are real, and not merely due to

differences in the way individuals report SWB.

Using BHPS data (described in more detail in Chapter 3), we provide

7One possible explanation for this is that when one’s partner has been terminally ill
and/or debilitated for a long period, death may in fact provide something of a respite.
Such an effect seems to mirror the apparent uptick in SWB transitioning from separation
to divorce.
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three pieces of evidence for this conclusion. The first two of these rely on

allowing simultaneously for heterogeneity in the impact of multiple life out-

comes (a strategy which, as far as we are aware, is novel in the literature).

If all the estimated heterogeneity were merely due to (affine) translations

of individuals’ reporting functions, then this would imply (a) a particular

structure of correlations between the effects of different outcomes; and (b)

that there should be no variation in the consumption equivalents of different

outcomes. We show that both of these implications are conclusively rejected

by the data.

In addition, we also demonstrate that for most outcomes, there is a size-

able proportion of individuals for whom the effect of that outcome is of the

opposite sign to the average (e.g. individuals for whom increased consump-

tion has a negative effect). Because individuals’ reporting functions should

be monotonically increasing in “true” SWB, variation in reporting functions

has difficulty accounting for such a finding. In contrast to Lucas et al. (2003),

who find oppositely-signed effects for some individuals from both marriage

and widowhood, we use a novel (to the economics literature) semi-parametric

estimator to verify that this result is not merely an artefact of assuming nor-

mality of the random coefficients. This result also stands in contrast to Clark

et al. (2005), who find that income has a positive effect in all the groups they

identify (albeit in their case on financial satisfaction, rather than life satis-
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faction more broadly).

In addition to establishing the existence of real (non-reporting) hetero-

geneity in the determinants of SWB, we also make a preliminary attempt to

understand some of its structure. We find that, while demographic character-

istics are capable of explaining some of the variation in individual responses

(and in particular that the importance of reference income, unemployment,

and hours of work exhibit similar age-patterns over the life-cycle), the lion’s

share remains unexplained even after accounting for such factors. Under-

standing the causes and correlates of such residual heterogeneity thus remains

an important task for future research.

On the other hand, while much of the heterogeneity we identify is un-

related to observable demographic variables, we are able to discern some

underlying (semi-observable) structure in it. The contributors to individ-

ual SWB appear to cluster — at least to some extent — around an axis of

materialism–non-materialism. In line with previous results (e.g. Belk, 1985;

Richins and Dawson, 1992; Kasser and Ryan, 1993, 1996; Sirgy, 1998; Sirgy

et al., 1998; Diener and Oishi, 2000; Van Boven, 2005), we find that those

who cluster at the materialistic end tend to be less satisfied with life. How-

ever, in contrast to suggestions that this effect may arise because those who

are materialistic are pursuing goals that are in some sense fundamentally

unsatisfying (e.g. Van Boven, 2005), our findings are more consistent with
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the view put forward by e.g. Sirgy (1998) and Sirgy et al. (1998): that mate-

rial goods do produce satisfaction for materialistic individuals, and that the

negative effect is due to having higher material aspirations.

The remainder of the section proceeds as follows. Section 5.2.1 describes

the implications of heterogeneity in individuals’ reporting functions, and how

we can establish whether it responsible for apparent findings of heterogene-

ity in the determinants of ‘true’ SWB. Section 5.2.2 employs the LMM ap-

proach to identify the presence and structure of individual differences and

to assess the degree to which they could be due to differences in reporting.

Section 5.2.3 employs a semi-parametric PGM approach to examine the ro-

bustness of our conclusions to violations of the LMM’s normality assumption.

Section 5.3 concludes.

5.2.1 The implications of (affine) heterogeneity in the

reporting scale

As Clark et al. (2005) note, it is difficult do distinguish econometrically

between true heterogeneity in the importance of any given variable to SWB,

and heterogeneity in the reporting functions individuals use to translate SWB

into a verbal scale. However, even if we cannot separately identify these

two sources of apparent heterogeneity, this does not mean that we can say
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nothing useful about the structure of value heterogeneity at all. In particular,

given certain assumptions about the form of the reporting function, we can:

(a) test whether reporting heterogeneity alone could account for differences

in the way individuals map life-outcomes into SWB; and (b) estimate the

distribution of money equivalents (or indeed, any other equivalents) that

represent the trade-offs between outcomes.

As in most of the literature, we assume a standard linear form for “true”

SWB, but in addition, we allow the coefficients to vary between individuals

and time-periods. (We shall later model this heterogeneity explicitly, but

leave it unmodelled here for generality.)

u∗it = q′itψ
∗
it + α∗i + ε∗it (5.1)

This equation represents the individual- (and time-) specific mapping from

a vector of observed outcomes qit into “true” SWB u∗it. The further mapping

from “true” SWB to reported SWB can be represented as uit = fi(u
∗
it) + εit.

If we assume that the function f(·) can be reasonably approximated by an
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individual-specific affine transform, fi(x) = xφi + αi, then we have:8,9

uit = u∗itφi + αi + εit

= q′itψit + ηi + εit (5.2)

(where ψit = ψ∗itφi, ηi = α∗iφi + αi, and εit = ε∗itφi + εit, and we assume,

without loss of generality, that E(φi) = 1).

Estimating this equation using standard methods, we cannot identify het-

erogeneity in any individual component ψ∗pit of ψ∗it separately from hetero-

geneity in the reporting function induced by φi. We can, however, determine

whether heterogeneity in the φi alone could account for variation in the ψi

(which would require that ψ∗pi = ψ∗p for all p).

First, and most obviously, if we make the reasonable assumption that

φi ≥ 0 (i.e. that the reporting function is weakly increasing in u∗it) then

ψ∗pi = ψ∗p will imply that sgn(ψpi) = sgn(ψpj) for all p, i, and j. Identifying

variation in the sign of the estimated ψpi coefficients would therefore indicate

true variation in the signs of the ψ∗pi.
10

8This equation assumes for simplicity that reported SWB is continuous rather than
discrete. However, this assumption is not crucial to the analysis. A further mapping from
uit to a discrete scale can easily be introduced by treating uit as a latent variable in the
usual way.

9Oswald (2008) has recently questioned the implicit assumption underlying some SWB
work that the reporting function is linear. However, he goes on to present evidence from an
experiment with self-reported heights, suggesting that linearity may in fact be a reasonable
assumption after all.

10In fact, this result relies only on the assumption that the reporting function is a
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Second, if all variation were due to φi, then this would imply that Var(ψpi) =

σ2
p = Var(ψ∗pφi) = ψ∗2p σ

2
φ, and therefore that the absolute effect size

|ψ∗p |
σp

= 1
σφ

is constant for all p. Moreover, for any elements p and q, we would have

Cov(ψpi, ψqi) = Cov(ψ∗piφi, ψ
∗
qiφi) = ψ∗pψ

∗
qσ

2
φ, which implies that the correla-

tion between the two ρpq = sgn(ψ∗pψ
∗
q ). Given consistent estimators of these

quantities, both of these restrictions are testable.

Assuming an affine reporting function also allows us to recover the ratios

of any two (non-zero) coefficients, ψ∗pit and ψ∗qit: because the φis will cancel

ψpit
ψqit

=
ψ∗pitφi

ψ∗qitφi
=

ψ∗pit
ψ∗qit

. The same is true for any function of the ratios, such

as the consumption multiplier equivalent (CME p): exp(ψpit/ψcons,it).
11 To

the extent that we are interested in quantifying the intra-personal trade-offs

between various life events, it is ultimately the latter quantities that are of

the most interest; and as such our inability to identify φi itself may not

matter greatly.12

positive, monotonic transform of u∗it.
11We introduced this measure in Chapter 2. See Section 2.5.
12In contrast, these quantities will not be sufficient if we are interested in identifying

either interpersonal trade-offs, or the correlations between the size of particular coefficients
and levels of SWB. For example, quantifying the inter -personal trade-offs between (say)
more money for individual i and more money (or anything else) for individual j would

involve a ratio of the form
ψ∗
pit

ψ∗
qjt

, which is not recoverable from
ψpit
ψqjt

=
ψ∗
pitφi

ψ∗
qjtφj

unless we

know the ratio of the individuals’ reporting scales φi
φj

. In fact, if we are willing to model

heterogeneity in the reporting function more explicitly, there is a way to identify the
φis separately, so as to facilitate making such trade-offs. Though we do not pursue this
approach further here, we describe the methodology briefly in Appendix A.8. As usual,
identification comes at the cost of additional assumptions, and in this case, also much
greater computational complexity.
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While violation of the restrictions set out above would allow us to identify

true variation in the ψ∗i coefficients, it is clear that it does not, without further

assumptions, allow us to identify variation in the true α∗i (the presence of the

αi intercept parameter prevents us from using the restrictions derived above).

However, if we were willing to assume that the φi and αi parameters of the

reporting function are uncorrelated with both each other and the true ψ∗i

and α∗i , then this would allow us to interpret estimated correlations between

unobserved slope heterogeneity, ψi, and unobserved intercept heterogeneity

ηi as reflecting the presence and sign of correlations between the true ψ∗i and

α∗i .
13

5.2.2 The Linear Mixed Model

To estimate equation (5.2), we adopt a random coefficient framework that

explicitly models individual heterogeneity as a set of continuous random vari-

ables. This sort of approach is common in a number of literatures outside

economics, including e.g. education research (see e.g. Goldstein et al., 1993;

Goldstein, 1997) and medical science (e.g. Laird and Ware, 1982). Previous

applications in the economics literature include health economics (see Rice

and Leyland, 1996; Rice and Jones, 1997) willingness to pay studies (Train,

13To see this, note that under these assumptions, Cov(ηi, ψpi) = Cov(αi, ψ
∗
pφi) +

Cov(α∗i , ψ
∗
pφi) = Cov(α∗i φi, ψ

∗
pφi), which will have the sign of Cov(α∗i , ψ

∗
p) if φi is always

positive.
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1998; Amador, González, and Ortúzar, 2005; Hynes, Hanley, and Scarpa,

2008), and, in SWB research specifically, Lucas et al. (2003). This approach

requires us to impose some form of parametric assumption on the structure

of heterogeneity. The simplest of these, embodied in the Linear Mixed Model

(LMM), is the assumption that variation is multivariate Gaussian.

As we have already alluded to, the LMM differs from the latent class

approach taken by Clark et al. (2005) in two main ways: first, it models

variation in coefficients of (5.2) as continuous, rather than as falling into a

number of discrete groups; and second, that in order to do so, it imposes a

Gaussian structure on that variation.14

Some have criticised latent class approaches on the basis that variation

in coefficients is more likely to be continuous than discrete (e.g. Magder and

Zeger, 1996), and from this perspective, the LMM approach seems slightly

preferable. However, allowing for continuity comes at the cost of assuming

a particular distributional form for the random coefficients, which may or

may not be appropriate. Ultimately, the optimal trade-off between these

concerns is an empirical question, and a comparison of the predictive ability of

alternative models (along the lines of Hynes, Hanley, and Scarpa, 2008, who

14The approach we take here also differs from that used by Clark et al. (2005) in treating
the responses to SWB questions as lying on a continuous linear scale. In general, the choice
of whether to model such responses as ordinal or cardinal seems to have little impact on
regression results (see e.g. Ferrer-i-Carbonell and Frijters, 2004) and greatly reduces the
computational burden here.
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compare the predictive ability of such models in the context of recreational

demand models) could be a fruitful task for future research. Our adoption

of the LMM is based on a number of factors.

The main reason is simply that the LMM approach most easily allows

us to estimate multiple random coefficients while maintaining computational

tractability.15 Moreover, Verbeke and Lesaffre (1996a, 1997) have demon-

strated that the LMM coefficient estimates are consistent even if the random

coefficient distribution is misspecified. The LMM estimates therefore provide

a convenient base from which to estimate the semi-parametric PGM models

we employ in Section 5.2.3. Finally, obtaining similar results to Clark et al.

(2005) using alternative methods should ultimately increase our confidence

in the conclusions reached.

Methodology

This section sets out the estimation strategy for the LMM we use to identify

individual heterogeneity in the determinants of SWB. The model we estimate

is of the form:

uit = ẍ′itβit + αi + εit (5.3)

βkit = βk0 + Γkz̈it + ωki (5.4)

15We ended up abandoning early attempts to estimate similar latent class models using
Stata’s gllamm package, due to the substantial computation time involved.
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αi = α0 + ¯̈x′iθ + ηi (5.5)

Equation (5.3) specializes (5.2), and is for the most part a standard SWB

specification. As usual, uit is the reported SWB of individual i at time t,

and the ẍit are a set of (time-varying and time-invariant) covariates, with the

dots indicating that their continuous components are centred on their grand

means.16

In the estimation below, these x variables consist of log household con-

sumption, log household income, reference income (the calculation of which

is detailed below), health, labour force status dummies (employed, unem-

ployed and looking for work, or unemployed and not looking for work, with

out of the labour force as the reference category), relationship status dum-

mies (married, cohabiting, separated, divorced, and widowed, with never

married as the reference category), a dummy indicating whether the individ-

ual has children, hours spent working, hours spent socialising, hours slept,

hours slept squared (with hours spent in passive leisure such as watching

TV as the omitted category),17 age, age squared, gender (male as the omit-

ted category), household size, education (a set of dummies indicating the

16Dummy variables are left uncentred. Grand mean centring serves both to aid inter-
pretation of the constant parameters of the model (see below) and also assists in achieving
convergence of the restricted ML estimator (see e.g. Kreft, De Leeuw, and Aiken, 1995).

17For these measures we use the calibrated time-use data described in Kan and Gershuny
(2006).
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highest qualification the individual has obtained: either secondary, or post-

secondary, with none as the omitted category), a dummy indicating whether

the individual lives in an urban area,18 and a set of wave dummies to control

for common shocks.

In contrast to the standard approach of assuming the coefficients on these

variables are identical for all individuals and time periods, we allow a subset

βkit of the βit coefficients to vary. Equation (5.4) models these as depending

on a fixed constant βk0 (which, because we have centred the continuous com-

ponents of xit, represents the average effect across the entire sample, for the

reference category implied by the definition of any dummy variables), on a

subset of the x variables, z̈it, and on an individual-specific random component

ωki.
19

In practice, it is difficult to allow for heterogeneity in too many coef-

ficients simultaneously; but in order to obtain accurate money equivalents

we will generally need to allow for heterogeneity in at least the coefficients

whose ratios we wish to compute (as well as allowing for individual-specific

constants). If we do not, any such heterogeneity will be absorbed into the

(unestimated) φi, and will misleadingly cancel out in the ratio calculations.

In what follows we estimate random coefficients on seven of the x variables

18Defined as a settlement of with 10,000 people or more.
19The notation in (5.4) stacks these k individual equations in the standard way, with Γ

as a stacked matrix of the equation-specific γ′ks.
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described above: log household consumption, reference income, health, un-

employment (either looking for work, or discouraged), being in a relationship

(either married or cohabiting), having children, and hours worked. For all

other variables f in xit, we restrict βfit = βf0 (i.e. γf = Var(ωki) = 0).

For each of the xkit variables, we include a number of demographic in-

teractions, to allow the effect of xkit to vary with: age, age squared, gender,

urban residence, and education. We also include additional interactions for

the following coefficients. For reference income, we include an interaction

to examine whether reference effects vary depending on whether an indi-

vidual is employed. For unemployment, we include an interaction with the

discouraged variable to see whether the effect varies depending on whether

individuals are looking for work. We also allow the reference categories to

vary; the main effect compares unemployment to being out of the labour

force, but we also want to compare with the employed. We interact being

in a relationship with being married, to see whether the formal status of the

relationship matters; and also allow for comparisons to separation, divorce,

and widowhood (as well as the baseline category of never married). Finally,

we allow the effect of having children to vary depending on the number of

children, including interactions with dummies for two, three, and four or

more children.

The individual-specific intercepts are modelled in a similar fashion in
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equation (5.5). They depend on a fixed constant α0, time-invariant covari-

ates ¯̈xi, and an individual-specific random component ηi. The individual-level

means ¯̈xi are included in the equation to account for possible bias due to a

correlation between the xit variables and the error term ε (see e.g. Bafumi

and Gelman, 2006). The rationale for this is identical to that underlying the

Mundlak decomposition approach taken e.g. by Senik (2004): including the

individual-level means of the x variables removes any correlation between

the individual-level errors ηi and the time-varying xit. Any such correlation

(say, due to omitted personality traits that tend to result in both high in-

come and greater life-satisfaction) will be absorbed into the θ coefficients

(which of course suggests that we should be cautious in assigning any causal

interpretation to them).20

Combining equations (5.3), (5.4), and (5.5) yields the full equation:

uit = ẍ′itβ0 + ẍ′kitΓkz̈it + ẍ′kitωki + α0 + ¨̄x′iθ + ηi + εit (5.6)

To estimate the equation, we assume the errors εit are (conditionally) normal

with mean zero and variance σ2, and the random effects, ωi and ηi are (condi-

tionally) multivariate normal, with mean zero and (unrestricted) covariance

20After some experimentation, we elected to constrain θ to zero for the time dummies
and the age and age squared variables, as individual means of these seemed to lack a
plausible connection to the errors.
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matrix Ω. We then estimate these variance components (σ2 and Ω) jointly

with the main model parameters, using Stata’s xtmixed command.

Calculating Reference Income

To calculate the reference income, we use a wage equation approach based

on that employed by Clark and Oswald (1996) on the first wave of the BHPS

(and Senik, 2004, in the RLMS). For each wave, we estimate a Heckman se-

lection model to calculate predicted wages based on age, age squared, tenure,

tenure squared, and dummies for health status, region, occupation, industry,

education, working hours, organisation type, type of contract, incentive pay,

full time vs. part time status, managerial responsibility, and whether they

have a pension. The selection equation includes non-labour income, age, age

squared, dummies for children in different age groups, marital status, health,

region, and education (with children, marital status, and non-labour income

as the exclusion restrictions). To allow the determinants of participation and

income to vary by gender, we fit separate equations for males and females.

The results of these equations can be found in Appendix A.6.21

21We experimented with a variety of alternative methods for calculating the reference
level, including combining males and females, using alternative independent variables,
estimating a multinomial selection model to distinguish between different types of non-
employment (see e.g. Bourguignon, Fournier, and Gurgand, 2007), as well as calculating
cell means of individual income, household income and household consumption. None of
these performed especially well in terms of attracting significant coefficients, so we elected
to retain the traditional Clark and Oswald (1996) specification.
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Results

The results of our LMM regression are displayed in Tables 5.2 and 5.3. Ta-

ble 5.2 shows the main results of interest (i.e. for the random coefficients and

interactions). The top panel shows the fixed part of the equation for each

coefficient, which is composed of the main effect βk0, and the interactions

γkz.

Most of the standard controls employed in SWB regressions are involved

in either the random coefficients or their interactions. However, the co-

efficients on the remaining controls (shown in column 1 of Table 5.3) have

roughly the expected signs. SWB is u-shaped in age (with a minimum around

38), decreases in household size, and is also lower for those in urban areas.

Turning to the main coefficients of interest (in Table 5.2) the first, and

most obvious point to note is that only some of the variables have significant

effects on SWB on average (for the reference category of rural males with no

formal qualifications). These include consumption, health, unemployment,

and being in a relationship, all of which have the expected sign. While the

coefficient on hours worked is insignificant, and (very) slightly positive, it is

important to remember that this is relative to hours spent on the omitted

category: passive leisure (e.g. TV). As we can see from the coefficients on

the other time-use categories further down, hours spent working do have
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Table 5.3: Heterogeneity in the Determinants of SWB in the BHPS

Main Intercept†
(Log) Household Income 0.003 (0.008) 0.044** (0.018)
Household Size -0.070*** (0.010) 0.026 (0.016)
Urban -0.103*** (0.033) 0.058 (0.037)
Secondary 0.128 (0.114) -0.280** (0.116)
Post-Secondary -0.009 (0.123) -0.208* (0.125)
Age -0.030*** (0.005)
Age2/10 0.004*** (0.001)
Sex 0.051 (0.032)
(Log) Household Consumption -0.071** (0.031)
Reference Income -0.081*** (0.018)
Health 0.379*** (0.014)
Employed -0.082 (0.056)
Unemployed -0.367*** (0.128)
Unemployed (Discouraged) -0.381** (0.150)
In a Relationship 0.198*** (0.056)
Married 0.128*** (0.044)
Widowed 0.270*** (0.082)
Divorced -0.028 (0.075)
Separated -0.102 (0.109)
Hours Social Leisure 0.078* (0.045)
Hours Worked 0.067* (0.039)
Hours Slept -0.510 (0.332)
Hours Slept2 0.040** (0.016)
Has Children -0.078* (0.043)
2 Children -0.043 (0.046)
3 Children 0.038 (0.073)
4 Children 0.150 (0.162)
Constant 5.304*** (0.017)
Observations 55794
Groups 11360
Log Likelihood -77889.996

* p<0.10, ** p<0.05, *** p<0.01. Standard errors in parentheses. † Coefficients in the

intercept column are for time-invariant individual-level means, ¯̈xi. Wave dummies included

but not reported.

a significantly negative effect relative to both social leisure (e.g. time spent

with friends) and sleep (at least over a certain range: the significant quadratic

term on hours slept implies an optimum level of sleep at around 9 hours and
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10 minutes (s.e. 25 minutes), and the marginal impact of trading more work

for less sleep is negative up to 9 hours). In contrast, the average effects

of changes in reference income and of having children are not significantly

different from zero.

The observable correlates of heterogeneity

Turning to the observable correlates of variation in the impact of these out-

comes, we see that the demographic variables we include as interactions do

indeed have some predictive ability. While the patterns vary for the differ-

ence effects, every demographic variable is a significant predictor of variation

in at least one coefficient.

We focus first on what we might think of as “materialistic” coefficients:

consumption and reference income. The importance of consumption is nearly

twice as large for those who live in urban areas rather than rural ones, but

does not appear to vary with age, gender or education. The effect of the ref-

erence income, meanwhile is u-shaped in age, reaching a minimum of −0.201∗

(s.e. 0.119, and significant at the 10% level) at around 52.

We turn next to consider the effect of the less obviously materialistic

variables: health, unemployment,22 relationships, children, and hours worked

22While it might be tempting to consider the importance of employment a “material-
istic” concern, recall that what this coefficient measures is the impact of unemployment
that is independent of the typical materialistic concerns that might motivate it (i.e. the
consumption and income it allows). It thus seems reasonable to classify the residual effect
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(which is essentially the inverse of leisure). We see that importance of health

appears to decline with education (though the effect is fairly small relative

to its overall positive effect, and it could potentially be due to more educated

individuals having higher standards). Meanwhile, the impact of unemploy-

ment is less than half as bad for those who are only marginally attached to

the labour force than for those actively looking for work (-0.168 vs. -0.0393),

and also shows significant variation with age and education: unemployment

is worse for the more highly educated, and in age terms reaches its nadir

(-1.673***, s.e. 0.507) around 51. The findings in relation to the marginally

attached seem broadly consistent with the evidence on habituation to unem-

ployment presented in Clark, Georgellis, and Sanfey (2001), but while they

estimated separate equations for males and females, we find no significant

difference between the two. In contrast, the effect of hours worked is the

one variable that does vary significantly between genders, with women being

slightly less negatively affected by it.

The effects of various types of relationship exhibit fairly standard pat-

terns: there is no significant difference between the cohabiting and the mar-

ried, and those in a relationship are much happier than the widowed and

separated; interestingly, however, we do not find a significant difference be-

as non-materialistic. Indeed, some have suggested that a major reason for the negative
impact of unemployment is could be the reduced social contact it entails (though our time
use controls should mitigate the extent to which it picks up such factors here).
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tween the divorced and the never married. There is some, albeit weak evi-

dence of an n-shaped age pattern, with a peak of 0.429 (s.e. 0.231) at around

36. The impact of having children appears to increase until 3 children, and

decline thereafter. However, it is not significantly related to any of the other

demographic characteristics. The coefficient on hours worked also follows

the now familiar u-shaped pattern in age, reaching a minimum (relative to

social leisure) of -0.323 (s.e. 0.080) at around 48. It is interesting to note

that the age pattern in the effect of reference income, unemployment, and

hours worked is quite similar: the negative effects of all three are all greatest

around the age of 50.23

Finally, we turn briefly to the coefficients defining the intercept in Ta-

ble 5.3. If these could be interpreted causally, then they could be thought

of as capturing the longer-term impact on SWB of the relevant outcomes —

rather than the shorter-term effects reflected in the coefficients on the time-

varying mean-deviations. However, as we noted above, it is more difficult to

interpret the coefficients on the time-invariant ¯̈xi variables in this way, due

to possible correlations with unobserved personality traits.

For this reason, we shall not focus greatly on these coefficients, other

than to draw brief attention to those that differ from the coefficients on the

23This may go some way towards explaining the age-patterns in SWB discussed e.g.
by Easterlin (2004) and Blanchflower and Oswald (2008), although the main coefficients
indicate that there remains a significant residual u-shape in age even once life-cycle changes
in values are taken into account.
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corresponding time-varying effects. In contrast to its main effect, mean in-

come is positively associated with SWB (consistent with the contention that

it may pick up the effect of unobserved personality traits). On the other

hand higher mean consumption is associated with greater dissatisfaction,

perhaps reflecting a negative effect of materialistic values or adaptation to

higher consumption levels. The coefficient on mean reference income is also

significantly negative. One possible interpretation of this is that expecta-

tions tend to be relatively fixed, and adjust only slowly to changes in others’

outcomes. Interestingly, those who spend longer being widowed tend to be

happier, potentially reflecting adaptation to widowhood (the effect is of a

similar magnitude to the negative time-varying effect). Finally, those who

have children for a longer portion of the sample appear to be significantly

less happy than those who do not.

The scale of unobservable heterogeneity

The bottom panel of Table 5.2 shows the standard deviations and corre-

lations of the random coefficients. As discussed above, these represent the

residual heterogeneity in the coefficients that we are unable to explain via the

demographic characteristics discussed in the previous paragraphs. Analysis

of these results suggests two main conclusions.

First, there is indeed significant unobserved heterogeneity in the effect of
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all the variables for which we allow random coefficients. The likelihood ratio

test against the simple linear regression with no random components (which

is conservative in this case24) conclusively rejects the restriction that all the

variance components are zero (χ2
36-statistic = 16022, with a corresponding

p-value numerically indistinguishable from 0). While we have not conducted

likelihood ratio tests against all possible nested models, the variance com-

ponents are all quite precisely measured, and in only one case — the effect

of having children — is the lower bound of the 99% confidence interval of

the estimated standard deviation less than 80% of the point estimate (in this

case, it is 0.104, or 50% of the point estimate of 0.208); and even at that

lower bound, the standard deviation of βchildren is still close to three times

its average effect of 0.034.

As an indication of the overall amount of unexplained heterogeneity in the

coefficients, note that the estimated standard deviation for every coefficient

is larger than the point estimate on the log of household consumption, and

all but one (the standard deviation of βwork) is larger than the effect of a one

unit change in health satisfaction. This means, for example, that we would

predict a greater difference in SWB between individuals a standard deviation

apart in their βchild,i coefficients (assuming both have children) than we would

24The true-distribution is not the assumed χ2
21 because of rather complicated restrictions

on the variance components, but the tails are bounded above by this distribution (see
Stram and Lee, 1994; McLachlan and Basford, 1988).
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between two individuals a unit apart in subjective health satisfaction.

To illustrate the extent of variation in the coefficients graphically, Fig-

ure 5.2 displays kernel density estimates of the (marginal) distributions of the

observed, unobserved, and total variation in each of the coefficients. In most

of the panels, we see that while the unobserved variation density (dotted

line) is quite flat, the observed variation density (solid line) is very narrow,

indicating that there is much more unobserved than observed variation. This

is confirmed when we look at the total variation density (dashed line) which

is often visually indistinguishable from unobserved variation. Looking at the

proportions of observed variance, we se that in only three cases — hours

worked, children, and the intercept — can we observe more than 10% of the

variation in the coefficients.

Another way to think about the amount of heterogeneity implied by these

estimates is to consider the implied proportion of individuals for whom the

effect of a given outcome is the opposite of its main effect. Looking at

Figure 5.2, it appears that a number of the coefficients have a substantial

proportion of their mass on the opposite side of zero from their average: 40%

for consumption, 49% for reference income, 28% for unemployment; 11% for

hours worked; 24% for health; 42% for relationships; and 44% for children.25

25Of course, simply because there are a large proportion of oppositely-coefficients, does
not necessarily mean that heterogeneity is substantively important. It could be that both
the average effect and the variation around it are small. But as we have already noted
above, that does not generally seem to be the case here.
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Figure 5.1: LMM Estimates of heterogeneity in the determinants of SWB

−2 −1 0 1 2
Consumption Coefficient

Observed (6%)
Unobserved (94%)
Total

(a)

−1 −.5 0 .5 1
Reference Income Coefficient

Observed (1%)
Unobserved (99%)
Total

(b)

−4 −2 0 2 4
Unemployment Coefficient

Observed (3%)
Unobserved (97%)
Total

(c)

−.6 −.4 −.2 0 .2 .4
Hours Worked Coefficient

Observed (11%)
Unobserved (89%)
Total

(d)

It seems reasonable to think that some of these outcomes could affect

different individuals in different directions: for reasons discussed at length in

Part II there are reasons to think that the effect of reference income could be

ambiguous depending on whether individuals treat it primarily as a signal or

as a status indicator; and there is little a priori reason to think that having

children, or being in a relationship should have uniformly signed effects; even

unemployment and hours spent working could plausibly have opposite effects

for different people, depending on how much they enjoy their work, and how
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Figure 5.2: Heterogeneity in the determinants of SWB (continued)

−1 −.5 0 .5 1 1.5
Health Coefficient

Observed (1%)
Unobserved (99%)
Total

(e)

−4 −2 0 2 4
Relationship Coefficient

Observed (2%)
Unobserved (98%)
Total

(f)

−1 −.5 0 .5 1
Has Kids Coefficient

Observed (14%)
Unobserved (86%)
Total

(g)

2 4 6 8
Intercept

Observed (25%)
Unobserved (75%)
Total

(h)

Kernel density estimates of the distribution of individual coefficients on (a) Log Household Con-

sumption, (b) Reference Income, (c) Unemployment, (d) Hours Worked, (e) Health, (f) Being in a

relationship, (g) Having Children, and (h) of the distribution of the individual intercepts. βi coeffi-

cients for each variable are on the horizontal axis, while the vertical axis represents the density. The

distribution of observed variation is the distribution of predicted βi coefficients based on the inter-

actions in the top panel of Table 5.2 (for the random coefficients) and the variables in column (2) of

Table 5.3 for the intercept. The baseline categories are: “out of the labour force” for unemployment;

“never married” for being in a relationship, and “hours of social leisure” for hours worked. The

unobserved variation is simulated from the estimated multivariate normal distributions describing

the random coefficients (centred at the mean of the fixed distribution). The total distribution is the

sum of these two distributions. Where the observed variation is small relative to the unobserved

variation, the unobserved and total variation densities will be very similar (and are therefore often

difficult to distinguish).

265



much fulfillment they get out of the available alternatives. Nonetheless, it

might initially be more difficult to imagine how greater consumption, and es-

pecially improved health could have a negative effect on SWB. (In particular,

it seems implausible that this apparent negative relationship could hold over

the entire range of outcomes — which would, after all, imply that individuals

would be happiest with no consumption, or in the lowest category of health.)

One possibility is that the implied negative effects depend on exactly

what we have held constant in our estimation. In particular, if increases in

consumption or health come at a cost, have other negative side-effects, or

result in changes in values that we have not modelled explicitly, then it is en-

tirely possible that they could have a net negative effect for some individuals.

Possible omitted variables are probably easier to imagine for pecuniary out-

comes than for health: in line with our results in Chapter 3 debt financing of

consumption is one possibility. But changing expectations could easily apply

to either: if increases in consumption or health increase expectations (which

we have left unmodelled here for simplicity) then this could well result in

an overall decrease in satisfaction, at least for some individuals. If this were

indeed the case, then it could be that the answer to the question of whether

money buys happiness or simply breeds dissatisfaction is in fact both.

As we noted in Section 5.2.1 above, the existence of individuals whose

SWB responses to the same outcome are oppositely signed — in addition
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to being substantively interesting in its own right — also provides evidence

against the idea that variation in the mapping from objective outcomes to

reported SWB could be due primarily to variation in the reporting function,

rather than in their “true” effects. After all, we would expect the reporting

function to be monotonically increasing in true SWB.

An alternative possibility, however, is that switches in sign are simply

artefacts of the normality assumption imposed by the LMM, and would not

survive abandoning it. While Verbeke and Lesaffre (1996a, 1997) have shown

that estimates of both the mean (which depends on the fixed coefficients) and

the variance of the coefficient distributions are robust to such misspecifica-

tion, these do not (without the added normality assumption) dictate that

a specific proportion of the population should have oppositely-signed coeffi-

cients. Rather than a normal distribution, the true distribution could instead

be, say, a truncated normal distribution, with the same mean and variance

but with no coefficients below zero, and this would be equally consistent

with the evidence. This might seem less plausible in the case of reference

income (where the main effect is close to zero, and the standard deviation of

the coefficients is much larger), but it nonetheless remains a possibility. We

address this concern in more detail in Section 5.2.3.
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The structure of unobservable heterogeneity

The pattern of correlations between the random coefficients also display some

interesting properties. One hypothesis here is that individual values may

cluster around a “materialism” axis. If this were the case, then we would

expect those who especially value consumption to also respond more nega-

tively to reference income, but to respond less to other outcomes (i.e. less

negatively to unemployment and hours worked, and less positively to health,

relationships and children). As a result, we would expect to see positive cor-

relations between reference income, health, relationships, and children; pos-

itive correlations between consumption, unemployment, and hours worked;

and negative correlations between the two groups.

In fact, while this pattern does not fit exactly, and many of the corre-

lations are insignificant, we do see something resembling these predictions.

Out of 21 total coefficients, only five are incorrectly signed;26 while of the

seven that are statistically significant, all have the predicted signs. To inves-

tigate the underlying structure of the unobserved variation more formally,

we conduct a factor analysis on the simulated distributions of the random

portion of both the βki coefficients (i.e. the ωkis from equation (5.4)) and the

26Four of the exceptions involve correlations with βunemp coefficient — namely βcons,
βhealth, βrelationship, and βwork. The other is the correlation between βwork and βhealth.
In all cases, the correlations are small and insignificant.
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intercept, ηi.
27 A single principal factor emerges from this analysis (using

the retention criterion that the eigenvalue be greater than 1), and the factor

loadings on the βki coefficients (displayed in Table 5.4) indeed map neatly

onto the general concept of “materialism”: the principal factor has positive

loadings on consumption, unemployment, and hours of work, and negative

loadings on reference income, health, relationships, and children (though the

loading on health is quite small).

Table 5.4: Factor Loadings for Unobserved Heterogeneity in the Determi-
nants of SWB

Principal Factor

ωcons,i 0.221
ωref,i -0.460
ωhealth,i -0.069
ωunemp,i 0.326
ωrelationship,i -0.190
ωkids,i -0.559
ωwork,i 0.972
ηi -0.164

Factor loadings for the principal factor extracted from the simulated distribution of

the random portion of the βki coefficients, and the random intercept, ηi. Estimated

using the iterated principal factor method. Only one factor was retained with an

eigenvalue greater than 1.

Finally, it is also interesting to note the correlations between the random

coefficients and the random intercept. In general, greater materialism seems

27Intuitively, factor analysis seeks to identify common variation in a set of variables that
can be attributed to one or more underlying factors, each composed of linear combinations
of the original variables. As employed here, it is intended merely as a descriptive aid, and
is not intended to uncover causal structure. See e.g. Gorsuch (1983) for an overview.
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to be significantly related to lower (unobserved) SWB: those who value con-

sumption more, are more negatively affected by unemployment, and are less

negatively affected by working longer hours, also tend to be significantly less

happy than we would expect, given their observable circumstances. This gen-

eral pattern is also confirmed by the factor analysis, which loads the intercept

negatively into the “materialism” factor.28 This comports with previous find-

ings of a negative relationship between materialism and SWB, but in contrast

to those results — which are based on self-reported measures of materialism

— we have identified materialism directly via estimates of individual-level

SWB coefficients. For this reason, our findings cannot be explained by the

idea that materialistic individuals are simply pursuing goals that are funda-

mentally unsatisfying (as suggested by e.g Van Boven, 2005). Instead, it may

simply be that materialistic individuals’ higher aspirations make them less

satisfied in any given set of circumstances (see e.g. Sirgy, 1998; Sirgy et al.,

1998).29

As we noted earlier, equity concerns may mean we are particularly in-

terested in the factors that yield the highest impact for those who are least

28On the other hand, when we look at the individual correlations between the βkis and
ηis, there is one notable exception to this general pattern: a significant negative correlation
between the intercept and βhealth, which suggests that those who place greater importance
on health are also more difficult to satisfy.

29These findings are also more robust to concerns that individuals may misstate their
values — concerns which seem especially relevant in light of the results of Chapter 6,
which suggest that individuals frequently do a poor job of predicting what will bring them
satisfaction.
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satisfied with their lives. The correlations between the βki coefficients and

the random intercept in the bottom panel of Table 5.2 suggest that those

who are unobservably least-satisfied gain more from consumption and health

(the random coefficients for which both correlate negatively with ηi), but

gain less from relationships and social time (ωrelationship,i correlates positively

with ηi, while ωworkhours,i correlates negatively).

However, these correlations do not take into account either the interaction

effects in the top panel of Table 5.2, or the other determinants of SWB. If, for

example, those who most value consumption have a low ηi, but are also rich,

then they may actually have reasonably high SWB. To see what is really most

important to the SWB-poor, we therefore estimate the correlations between

reported SWB and Empirical Bayes predictions of the individual-level βkis.
30

These correlations are displayed in Table 5.5, and appear to confirm not

only that consumption and health have a greater impact for the SWB-poor

(i.e. their coefficients have sizeable and significant negative correlations with

SWB), but that the same is true, albeit to a smaller extent for unemploy-

ment (the positive correlation indicates that the SWB-rich are less negatively

affected by unemployment). They also confirm that that the SWB-poor re-

30Such EB estimates are the standard method of predicting individual coefficients from
a multilevel model, and are available even when the number of observations for each
individual is too small to run separate regressions for each. Compared with maximum
likelihood estimates of the individual coefficients, the EB predictions are “shrunken” to-
wards the sample average coefficient, making them biased, but more accurate. See e.g.
Rabe-Hesketh and Skrondal (2008) for details of their calculation.
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spond significantly less positively to relationships, social time, and having

children than do the SWB-rich. It is unclear at this stage whether it is

having low SWB that results in individuals gaining little from such “social”

outcomes, or instead whether gaining little from such outcomes leads to low

SWB.

Table 5.5: Correlations between reported SWB and Empirical Bayes esti-
mates of the βkis

Correlation

βcons,i -0.445***
βref,i -0.007
βhealth,i -0.445***
βunemp,i 0.084***
βrelationship,i 0.139***
βkids,i 0.048***
βwork,i -0.083***

* p<0.10, ** p<0.05, *** p<0.01.

As we noted in Section 5.2.1 above, the other interesting facet of the

correlations between the coefficients on different outcomes relates to the issue

of heterogeneity in the reporting function. As we demonstrated there, if all

the variation we have identified were due merely to (affine) heterogeneity in

the reporting function, then (a) there should be perfect correlation (either

positive or negative) between the coefficients; and (b) the effect sizes for

each variable should be constant. From Table 5.2 and our discussion so far,

it seems apparent that the correlations are far from perfect, and as Table 5.6
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demonstrates, we can also reject the hypothesis that the absolute effect sizes

are constant. Of 21 pairwise comparisons, 12 reject the equality hypothesis

at (at least) the 5% level, and the overall hypothesis (that all the effect sizes

are equal) is also conclusively rejected.

Table 5.6: Effect Sizes

βcons βref βhealth βunemp βrel βkids βwork
|βk0|
σk

0.254 0.000 0.728 0.533 0.244 0.161 0.155

(0.065) (0.045) (0.042) (0.081) (0.076) (0.166) (0.215)

P-values for equality tests: |βk0|σk
= |βl0|

σl

Reference Income 0.001
Health 0.000 0.000
Unemployment 0.008 0.000 0.032
Relationship 0.920 0.006 0.000 0.009
Children 0.601 0.349 0.001 0.043 0.650
Hours Worked 0.656 0.471 0.009 0.101 0.691 0.980

Top panel displays absolute effect sizes (standard errors in parentheses). Bottom panel

displays p-values for the tests that the corresponding pairs of absolute effect sizes are

equal. 12 out a possible 21 tests are rejected at the 5% level, indicating that the effect

sizes are not equal.

Heterogeneity in consumption equivalents

Nonetheless, while these tests allow us to soundly reject the hypothesis that

heterogeneity in the reporting function is entirely responsible for our results,

we still cannot rule out the idea that it may play a substantial role in our re-

sults, and there remains a legitimate question about how much true variation

would remain once we took account of it. As we have already noted, one way

to proceed here would be to model both “true”, and reporting heterogeneity
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explicitly (see Appendix A.8). However, owing to the computational diffi-

culty of such an approach, we pursue a simpler strategy here: by focusing on

variation in the consumption multiplier equivalents (CMEs) of various out-

comes, rather than variation in their coefficients directly. As we pointed out

in Section 5.2.1, the distribution of these equivalents does not depend on the

scale of individuals reporting functions, and thus, if they exhibit substantial

heterogeneity, we can be confident that such heterogeneity is real.

Below, we simulate the distribution of (CMEs) for reference income, un-

employment, hours of work, health, being in a relationship and having chil-

dren.31 The CME for a variable k is defined as CMEk = exp(βk/βconsumption),

and reflects the amount by which consumption would need to be multiplied

to have an equivalent effect to a one unit increase in k.32 The possibility that

some individuals may have negative coefficients on log consumption compli-

cates this exercise somewhat, so in what follows, we focus primarily on the

CMEs for those with positive values of βcons.
33 A CMEk of 1 indicates that

31We ignore income in these calculations, as its effect is so small compared with the
other variables, but incorporating it would not greatly affect the results.

32As we noted in Chapter 2, this seems more accurate than calculating currency-
denominated money equivalents, if we take the log functional form seriously.

33CMEs are undefined for βcons = 0, because when βcons = 0 there is no change in
consumption that could offset the effect of a change in another outcome.

For βcons < 0, consumption equivalents still represent the level at which an individual
is indifferent between the amount of consumption and a unit change in the equivalised
variable. However, the direction of preference is reversed: that is, they would prefer
consumption to be multiplied by less than the CME, rather than more. We have calculated
the CMEs for βcons < 0, but they do not suggest substantive conclusions different from
those for βcons > 0, and we omit them for simplicity.
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k has no effect on SWB. For βcons > 0, CMEk < 1 corresponds to k having a

negative effect, and CMEk > 1 corresponds to a positive effect. The opposite

is true for negative values of βcons.

Figure 5.2 displays the distributions of the CMEs for each variable on a

logarithmic scale. Because the densities are heavy-tailed, their means and

variances approach infinity, and are not especially informative. Table 5.7

therefore presents alternative measures of central tendency and dispersion,

that are based on the median, and median absolute multiplier of the median

(MAM) (this is just the common median absolute deviation from the median

in a logarithmic scale). Dividing the median by the MAM is then roughly

analogous to subtracting one standard deviation from the mean for a normal

distribution, and multiplying the median by the MAM is analogous to adding

one standard deviation.34 We also display the proportion of the population

that has an oppositely signed coefficient to the median (i.e. on the opposite

side of the neutral value of 1).

As we can see, there remains significant heterogeneity even once we fac-

tor out heterogeneity in the reporting function (if there were no remaining

heterogeneity, then the graphs in Figure 5.2 would reduce to vertical lines

at the median). Even for the lowest variation density — the CME of hours

34More precisely, they correspond to the median +/− 1 mean absolute deviation in a
log scale.
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Figure 5.2: Heterogeneity in Consumption Multiplier Equivalents
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Kernel density estimates of the distribution of consumption multiplier equivalents for (a) reference

income, (b) health, (c) unemployment, (d) being in a relationship, (e) hours worked, and (f) having

children. The densities are truncated on the left at the maximum of the 2.5th percentile or 10−6,

and on the right at the minimum of the 97.5th percentile or 106, and the multipliers are displayed

on a log scale.
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Table 5.7: Location and Dispersion of Consumption Multiplier Equivalents

CME Median MAM1 Med/MAM2 Med×MAM3 Opposite
Sign4

Reference Income .963 1.668 0.577 1.606 48%
Unemployment .260 4.745 0.054 1.233 23%
Hours Worked .665 1.392 0.477 0.927 12%
Health 1.582 1.920 0.824 3.039 28%
Relationship 1.593 5.631 0.283 8.971 42%
Has Children 1.094 1.653 0.662 1.809 44%

1 Median Absolute Multipliers of the the Median. This is equivalent to the Median Absolute

Deviation from the Median (MAD) on a log scale. (For a log-normal distribution MAM/σ =

2/π.) 2 Equivalent to a the Median minus 1-MAD, on a log scale. 3 Equivalent to a the Median

plus 1-MAD, on a log scale. 4 I.e. on the other side of CME=1 Distributions for individuals

with βcons > 0 only.

worked — the median variation around the median CME involves a 30% or

40% change (for reductions ≈ 1 − 1
1.4

and increases ≈ 1.4 − 1 respectively).

Meanwhile, relationships and unemployment exhibit much higher variation,

with a median multiplier in the vicinity of a factor of 5 (i.e. the multiple of

consumption to required generate an an equivalent increase in SWB is 5 times

more than the median). This provides evidence of significant heterogeneity

in the impact of various life outcomes, even after accounting for variation in

the reporting function.

Conclusion

The results of this section suggest a number of broad conclusions about

the presence, scope, and structure of heterogeneity in the determinants of

277



individual SWB. First, we find that a basic set of demographic variables are

capable of explaining some differences in what brings individuals’ satisfaction.

While most of these variables predict variation in only one (urban residence

and gender) or two coefficients (education), there are significant age-related

patterns in the coefficients on reference income, unemployment, and hours

worked (all of which have their greatest negative effect around the age of 50)

and a suggestive relationship between age and the importance of relationships

(which appear to be most important around one’s mid-thirties).

Second, we show that there is nonetheless significant residual variation

in the importance of different outcomes to different individuals, that cannot

be accounted for by such basic demographic variables. The main axis along

which these values appear to cluster broadly reflects notions of materialism

vs. non-materialism, with consumption and reference income being most

important at one end, and health, employment, relationships, children and

social time being more important at the other. Consistent with previous

research, we find that those at the more materialistic end of the spectrum

tend to have lower (unobservable) SWB levels. Conversely, those who are

SWB-poor tend to gain greater satisfaction from consumption, health, and

employment, and less satisfaction from relationships, children and social time

than those who are SWB-rich.

Finally, the both the scale and the structure of the heterogeneity we iden-
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tify suggest strongly that such individual differences cannot be due merely

to differences in the way individuals report SWB. Both the pattern of varia-

tions between coefficients (i.e. their correlations and relative effect sizes) and

direct estimates of the distribution of consumption equivalents serve to rule

out such a possibility. This conclusion is further reinforced by the presence

of a substantial number of individuals who appear to respond to outcomes

such as consumption and reference income, not only to a different degree,

but in an entirely different direction to the average. However, as we have

already alluded to, there is a legitimate concern that some of these results

— especially the last — could be an artefact of the normality assumption.

Section 5.2.3 attempts to allay such concerns.

5.2.3 Allowing for non-normality in the random ef-

fects: The Penalized Gaussian Mixture Model

While the results to this point suggest both that there is significant real het-

erogeneity in individuals’ responses to objective life outcomes, and unearth

some interesting patterns in such heterogeneity, they do suffer from a po-

tential weakness, particularly relative to the latent class approach taken by

Clark et al. (2005). While it has been shown that estimates of both the main

model parameters (α0, β0, θ, Γ) and the variance components (σ2, Ω) are
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consistent under non-normality (Verbeke and Lesaffre, 1996a, 1997), infer-

ence about other aspects of the random effects distribution (e.g. quantiles

of the distribution, or higher-order moments characterising its shape) can be

misleading in such cases.

There are in fact good reasons to think that the normality assumption

may be violated in practice. As a simple example, consider that the symme-

try of the normal distribution implies that there are just as many individuals

who value consumption highly (specifically, for whom βit,cons > 2β0,cons) as

there are for whom it has a negative effect (β0,cons < 0). That is, our inference

about the number of individuals harmed by consumption will be partly de-

termined by the number of individuals who greatly value it (and vice versa).

The assumption may turn out to be reasonable, but it is not clear that we

have a particularly strong reason to believe it a priori.

This obviously has particular implications for the argument made in the

previous section that a significant proportion of individuals have coefficients

of the opposite sign to the average. This is interesting not only in its own

right, but also because it can potentially provide the strongest evidence we

have against idea that reporting heterogeneity could be responsible for our

results. Unlike the other two arguments we advance, it does not depend on

assuming that the reporting function is approximately affine.35

35Violation of the normality assumption could also affect the construction of the CMEs

280



As Verbeke and Lesaffre (1996b) show, it is difficult to test the nor-

mality assumption without explicitly fitting a more flexible model, and va-

riety of such models have been proposed to deal with this issue. At one

extreme (as we have already alluded to) we have the latent class approach

of Clark et al. (2005) (which, as we let the number of latent classes in-

crease, becomes equivalent to non-parametric maximum likelihood (NPML)

estimation (Laird, 1978)). However, this approach can be computationally

difficult, especially when trying to allow for variation in multiple coefficients

simultaneously. Moreover, a number of authors take issue with the latent

class assumption that the random coefficients are discrete (e.g. Magder and

Zeger, 1996), and have therefore suggested a variety of semi-parametric ap-

proaches that both allow for continuous distributions of the coefficients, and

ease the computational burden, while nonetheless avoiding the assumption

of normality.36

pursued in the previous section. In general, the variance of (a function of) the ratio of two
random variables depends on more than just their first- and second-order moments (see
e.g. Goodman, 1960; Bohrnstedt and Goldberger, 1969). The normality assumption may
therefore give misleading estimates of the scale of variation in individual money equiva-
lents, even if the main variance components of the coefficients themselves are estimated
consistently.

Similar concerns about possible violations of normality may also arise in any form of
Bayesian updating that makes use of the estimated random effects distribution as a prior
— whether this means an analyst using empirical Bayes methods to estimate individual
specific coefficients for the sample population, or, as we discuss in Chapter 6, individuals
attempting to integrate private information about their personal values with regression-
based estimates of β coefficients.

36These include smoothed NPML (Magder and Zeger, 1996), predictive recursive estima-
tion (Tao et al., 1999), the heterogeneity LMM (Verbeke and Lesaffre, 1996b), smoothing
by roughening (Shen and Louis, 1999), and semi-nonparametric (SNP) estimation (Zhang
and Davidian, 2001).
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The approach we adopt here, which is both computationally tractable in

our context, and which has been shown to perform well relative to the alter-

natives (see Ghidey, Lesaffre, and Verbeke, forthcoming, for a comparison),

is the “penalized Gaussian mixture” (PGM) model developed by Ghidey,

Lesaffre, and Eilers (2004). To our knowledge, this is the first application of

this model in the economics literature, though it has been used in a num-

ber of applications in biometrics (e.g. cholesterol increase Ghidey, Lesaffre,

and Eilers, 2004; the onset of AIDS-related illness Komárek, Lesaffre, and

Hilton, 2005; the onset of dental problems Komárek and Lesaffre, 2006; and

the emergence of permanent teeth Bogaerts and Lesaffre, 2008).37

The PGM approach assumes that the true random effects density can be

approximated by a mixture of (multivariate) Gaussians with fixed means. In

addition to the parameters of the standard Gaussian LMM, it requires us to

estimate mixing probabilities for these basis densities. To avoid over-fitting,

it applies a (data-determined) smoothing penalty to the log-likelihood arising

from the mixture densities. The technical details of the PGM approach and

our implementation of it are set out in Appendix A.7.

37It has recently been extended to the generalized linear mixed model (GLMM) context
by Komárek and Lesaffre (2008), who also present a slightly more general exposition of
the underlying Gaussian mixture model. (Ghidey, Lesaffre, and Eilers, 2004, focus on the
special case with a single random coefficient and a random intercept.)
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PGM Results

The PGM approach, while more tractable than alternative methods of weak-

ening the normality assumption, nonetheless has difficulty fitting many ran-

dom effects simultaneously. Consequently, we focus here on the random co-

efficients on three variables: consumption, reference income, and health (as

well as allowing for a random intercept). It is the consumption and health

coefficients that seem most likely to violate normality by having a consistent

positive sign.

As detailed in Appendix A.7, our algorithm for fitting the PGM model

begins with a standard LMM fit (indeed, this is one of the main reasons for

its tractability). Because the main parameters of this model are consistent,

even when normality is violated, the algorithm essentially assumes that they

are correct, and focuses on attempting to estimate the shape of the random

coefficient and intercept distributions under that assumption.38 The upshot

of this fitting procedure is that the main coefficients do not differ appreciably

from those fit in Section 5.2.2.39 To conserve space and attention, therefore,

we include these in Appendix A.9, and focus instead on the shape of the

38The procedure does in fact update these main coefficients after fitting the mixing
parameters, but they change very little.

39The main differences are that: there are now significant age-patterns in all the in-
cluded coefficients; men are significantly more negatively-affected by reference income
than women; and the negative correlation between the random coefficients on consump-
tion and reference income has become significant. In general these tend to strengthen,
rather than detract from the conclusions of the previous section.
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resulting random coefficient densities, which are displayed in Figure 5.3.40

Figure 5.3: PGM estimates of unobserved heterogeneity in the determinants
of SWB

−1 −.5 0 .5 1 1.5
Consumption

PGM density
Normal density

kernel = epanechnikov, bandwidth = 0.0309

(a)

−1 −.5 0 .5 1
Reference~Income

PGM density
Normal density

kernel = epanechnikov, bandwidth = 0.0100

(b)

−1 −.5 0 .5 1
Health

PGM density
Normal density

kernel = epanechnikov, bandwidth = 0.0174

(c)

2 4 6 8
Intercept

PGM density
Normal density

kernel = epanechnikov, bandwidth = 0.0580

(d)

Kernel density estimates of the distribution of unobserved heterogeneity in individual coefficients on

(a) log household consumption, (b) reference income, (c) health, and (d) of the distribution of the

individual intercepts. βi coefficients for each variable are on the horizontal axis, while the vertical

axis represents the density. Each panel displays PGM estimates against the corresponding normal

densities. While the βcons is well-approximated by the normal, the others have noticeable departures

from normality. The βrefinc density has higher kurtosis and heavier tails, while the βhealth and η

densities are skewed to the right (0.5) and left (-0.5) respectively.

Each panel compares the estimated PGM distribution of the random ef-

fects with the corresponding normal distribution. As we can see, the PGM

40We have also estimated the distributions of the CMEs implied by these results. The
(unreported) results still support the presence of significant heterogeneity.
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distribution of consumption coefficients is very well approximated by the cor-

responding normal distribution (skewness 0.01 and kurtosis 2.9). However,

the densities of the the other coefficients depart more noticeably from nor-

mality. The βrefinc distribution is still roughly symmetric (skewness=0.07),

but has much heavier tails (kurtosis=4.2). The βhealth and η densities are

skewed to the right (skewness=0.5) and left (skewness=-0.5) respectively,

and both have very slightly heavier tails than the normal (kurtosis 3.3 and

3.2 respectively).

As to the matter of substantive interest, the first two random coeffi-

cient distributions demonstrate clearly that there are indeed individuals for

whom both consumption and reference income have oppositely signed effects.

Indeed, for both coefficients the proportion of individuals with such coeffi-

cients are essentially unchanged from the LMM results: an estimated 40%

of individuals continue to have negative consumption coefficients, while an

estimated 49% of individuals continue to have positive responses to changes

in others’ income. In contrast, while we still estimate a substantial portion

of the population to have negative coefficients on health, this percentage has

now fallen to 20% (from 24% previously).

It is possible that the PGM estimations could still overstate the propor-

tion of oppositely-signed effects — by construction, they will always place

some probability on such effects, even if it is very small. Nonetheless, the pro-
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portions for βcons and βrefinc in particular seem difficult to explain purely as

a statistical artefact, and the estimations therefore provide much more solid

evidence that such effects are real. As we have already suggested, there are a

number of possible explanations of for negative effects, ranging from omitted

variables (such as debt) to unmodelled changes in aspirations. Determining

which of these is responsible for our findings seems a potentially important

topic for future research. Regardless of the explanation, however, these find-

ings lend further support to the contention that reporting heterogeneity alone

is unlikely to be responsible for the variation in the determinants of SWB

that we have identified.

5.3 Conclusion

In this chapter, we have investigated the structure of individual differences

in what brings them satisfaction. In line with the limited existing literature,

we find substantial unobserved heterogeneity in the way individuals translate

objective outcomes into reported SWB. However, in contrast to this previous

work, we adopt two major innovations that allow us to gain greater insight

into the structure of individual differences, and crucially, allow us to demon-

strate that the differences we observe are not merely due to differences in the

way individuals translate “true” SWB into a verbal life-satisfaction scale.
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The first is to allow simultaneously for heterogeneity in the effects of

a wider range of variables, including consumption, reference income, hours

worked, health, relationships, and children (most previous studies have fo-

cused on a single outcome such as income: Clark et al. 2005; or marriage

Lucas et al. 2003). Doing so, we discover that there are interesting correla-

tions between the importance of different outcomes. In particular, there is

evidence to suggest that “materialism” is the major axis of variation in indi-

vidual values: individuals who value consumption tend to pay more attention

to others’ income, be hurt more by unemployment, and be less affected by

long working hours. At the same time, they also seem to value less such non-

material outcomes as health, relationships, and children. We also find that

this cluster of values tends to be associated with lower overall life satisfaction

(conditional on other outcomes).

Turning to focus on the outcomes that are most important to the SWB-

poor (rather than just the conditionally SWB-poor), we find a slightly differ-

ent pattern: such individuals do respond more to changes in consumption,

but they are also especially affected by health and employment status. In

contrast, they appear to gain significantly less from “social” outcomes such

as relationships, social time, and children. Finally, allowing for heterogeneity

in multiple outcomes also allows us to calculate money equivalents for the

(non-consumption) variables. Because such money equivalents do not de-
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pend on the scale of the reporting function, showing that there is significant

variability in these demonstrates that a sizeable amount of individual-level

differences are real and not merely due to reporting differences.

The second innovation is to relax the normality assumption underlying

the Linear Mixed Model approach to identifying individual differences (used

e.g. by Lucas et al., 2003). Using a novel (to the economics literature) yet

relatively tractable, semi-parametric method — the penalised Gaussian mix-

ture model (PGM) — we are able to demonstrate, firstly, that the normality

assumption seems relatively unproblematic in this context, and secondly, that

there is sufficient variation in the determinants of SWB that different individ-

uals will often not only react to changes in these consumption and reference

income to different degrees, but in fact in entirely different directions.

A number of possible explanations exist for such differences. We dis-

cussed in Part II the possibility of reference income could have contrasting

information and comparison effects. For consumption, it is possible that the

measured negative effect is due to unobservables such as debt, or alterna-

tively, that increases in consumption can sometimes raise expectations faster

than they can be met. Determining which (if any) of these is responsible for

the negative effect may be an important avenue for future research. What-

ever the reason, the fact that different individuals appears to react in differ-

ent directions further strengthens the case that the differences we observe in
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individual values cannot be attributed merely to variation in reporting.

Although this chapter has focused primarily on inter-individual differ-

ences in values, one interesting pattern that emerged was the apparent changes

in the importance of different outcomes over the life-cycle, with a number

of coefficients (reference income, unemployment, working hours, and rela-

tionships) having distinct age-profiles. This serves to highlight the potential

importance of allowing for intra-individual variation in the importance of dif-

ferent outcomes. Understanding the way individual values may change over

time remains an important avenue for research.
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Chapter 6

Do We Know What Makes Us

Happy?

The previous chapter demonstrated that there exists significant heterogene-

ity in individuals’ SWB responses to various life outcomes. Moreover, while

some of this could be explained by observable demographic factors such as

age, gender, education, and residence, much of it could not. As we explain

in greater detail in Section 6.1, the presence of significant unexplained het-

erogeneity raises questions about the ability of SWB research to usefully

contribute to both policy and individual decision-making; but its value in

this sense is relative. If individuals’ private judgments about what will bring

them satisfaction are sufficiently poor, then (a) SWB research may be able to

improve individual decision-making, and (b) policy rules based on population
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averages may perform better relative to more decentralised decision-making.

While economists have traditionally been content to assume that individ-

uals are the best judges of what will bring them satisfaction, recent work in

both psychology and behavioural economics has called this assumption into

question — finding that individuals tend to overestimate the impact of events

on SWB in a wide variety of domains (see e.g. Gilbert and Wilson, 2000; Wil-

son and Gilbert, 2003, 2005; Gilbert and Wilson, 2007, for overviews). In

Section 7.3.2, we use BHPS data about individuals’ stated values to conduct

a number of simple — but to our knowledge novel — tests of the quality of

individuals’ self-knowledge.

We seek to address two distinct questions in this regard. First, in Sec-

tion 6.2.2, we investigate whether individuals accurately perceive the relative

value of different life outcomes (such as the importance of health relative to

the importance of being in a relationship) on average. While existing re-

search has found evidence of a general tendency to overestimate the SWB

impact of various outcomes, it remains an interesting question whether such

biases are stronger in some domains than others — especially as it is such

relative biases that will introduce the strongest distortions in individuals’

perceptions of the trade-offs they face between different outcomes. We find

that, while there is some evidence that individuals overestimate the relative

importance of having children and money, they appear to have roughly ac-
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curate perceptions of the relative value of health, friends, relationships, and

jobs.

Nonetheless, even when individuals’ perceptions are approximately unbi-

ased, they may still be very noisy predictors of actual SWB responses — an

issue that has received less attention in the literature. We therefore go on, in

Sections 6.2.3 and 6.2.4, to investigate the precision of individuals’ private

information. Section 6.2.3 focuses on whether individuals accurately perceive

whether particular outcomes are especially important to them (e.g. whether

those who say that money is particularly important actually get more satis-

faction from money than those who do not), while Section 6.2.4 investigates

the general ability of individuals to correctly prioritise some outcomes over

others.

Our results suggest that individuals’ ability to judge what will bring them

satisfaction varies both between different domains and between different indi-

viduals. Section 6.2.3 suggests that we are generally poor judges of whether

particular life outcomes are especially important to us. Those who say that

money, health, or children are important do not actually get greater satis-

faction from these outcomes. However, those who say that relationships or

a fulfilling job are especially important do seem to gain greater satisfaction

from them, and there is weak evidence that the same may be true of friend-

ships. Finally, Section 6.2.4 provides further support for the conclusion that
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we generally do a poor job of prioritising different outcomes, but also sug-

gests that there is substantial variation in the quality of different individuals’

information.

While there are reasons to be cautious in our interpretation of these re-

sults, they offer a fairly pessimistic view of the individuals’ ability to pre-

dict what will bring them satisfaction. It is also noteworthy that the areas

in which individuals appear to have the best information (friendships and

employment) are those where there is the greatest variation in population

responses; on the other hand, the areas where individual perceptions seem

most likely to be biased (having children and money) are those that exhibit

the least population variation. It is may therefore be in these latter areas

that SWB research has the most to offer.

6.1 Incorporating Population Information into

Individual Decisions

One possible use of SWB research is to assist individuals in making vari-

ous life choices: it may provide information about such matters as whether

getting married (see Stutzer and Frey, 2006) or having children (see e.g.

Powdthavee, 2009) will make us happy, how we should make the trade-off
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between higher pay and longer working hours/less time with friends and fam-

ily (Powdthavee, 2008), or how we might most enjoyably spend our time (see

e.g. Kahneman and Krueger, 2006). More generally, money equivalents de-

rived from SWB regressions could assist individuals in making trade-offs in

a wide range of areas: e.g. money equivalents for health or unemployment

could inform trade-offs between higher paying jobs that have a higher risk of

injury or job loss, and lower paying jobs with correspondingly lower risks (or

indeed, trade-offs between equally-paying jobs with different types of risk).

Despite its potential in this regard, applications of SWB research to in-

dividual decision-making are hampered by the fact that it is often unclear

how relevant are estimates of population average effects to any particular

individual. If I think that having a child will make me more satisfied with

my life (say, by as much as a 20% increase in consumption) and I then learn

that the average effect of having a child is to reduce SWB (by as much as a

20% drop in income), how am I to reconcile these conflicting pieces of infor-

mation? Should I assume that I am a perfectly-informed neoclassical agent

and ignore the econometric estimate entirely? Should I, as Gilbert et al.

(2009) and Gilbert (2006, esp. Ch. 11) advise, recognize that my guesses

about what will make me happy are so poor that I would be best to ignore

them, and instead place my trust in the reactions of a hypothetical statistical
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construct?1 Or should I “split the difference” and assume that having a child

will leave me roughly as satisfied as I am now?

As we explain below, the answer to this question depends heavily on the

amount of variation in the population: in an extreme case where there were

literally no variation in population responses (i.e. children make everyone

equally (un)happy) I should assume that I am wrong; but if there is large

variation, then this leaves more scope for me to be right. In this light, the

results presented in Chapter 5 — which suggested that there is significant

individual-level variation in the determinants of SWB — do not bode well

for the practical value of SWB research to individual decision-makers. On

the other hand, much recent work in psychology and behavioural economics

has called into question the quality of individuals’ judgments about what

will bring them satisfaction. If our powers of introspection are sufficiently

poor, then SWB research could be the better of two imperfect alternatives

— and at the very least may still be able to contribute something to our

decision-making.

Rather than placing complete faith in either my private information (πi)

about the SWB impact of having a child, or the information contained in

econometric estimates (θ), Bayes’ rule suggests a middle ground that takes

1Of course, I could still decide to have a child, even if I knew it would probably make
me unhappy — my own satisfaction need not be my only, or even my primary motivation.
Nonetheless, I am presumably better off making this decision fully informed of the potential
costs.
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account of both. If we denote the effect of having a child (or indeed, any

other life outcome) on my SWB as βi, then my posterior distribution should

satisfy (with the traditional abuse of notation):

f(βi|θ, πi) ∝ f(βi|πi)f(θ|βi, π)

= f(βi|πi)f(βi|θ)c[F (θ|βi), F (πi|βi)] (6.1)

The factorization of the likelihood in the second line follows Jouini and

Clemen (1996), and shows that the posterior distribution can be thought

of as depending on three distinct factors: our prior, f(βi|πi); the population

distribution of the βs, f(βi|θ); and a copula C[F (θ|βi), F (πi|βi)] describing

the dependence between the two (where c[F1, F2] = ∂2C[F1,F2]
∂F1∂F2

, and F (·) is the

cumulative distribution function corresponding to the density f(·)).

Depending on the nature of the decision we face, attempting to employ

Bayes’ rule in this fashion may be quite complicated, and it is difficult to

make fully general statements about the impact of the population informa-

tion on our posterior.2 Nonetheless, intuition suggests that the usefulness of

2Indeed, many of the results in the literature regarding the expected value of informa-
tion prove the impossibility of making general statements that will hold for all possible
priors, likelihoods, and decision contexts (see e.g. Hilton, 1981). For example, it is not
true generally that greater uncertainty in the prior will increase the value of additional
information in all decision contexts (Gould, 1974), though it does appear that this will
usually be the case (see e.g. Marschak and Radner, 1972; Itami, 1977; Hilton, 1979, 1981,
Table 3). On the other hand, it is generally true that the expected value of information
is non-decreasing in its accuracy (at least for a certain definition of accuracy: see e.g.
Blackwell, 1953; Marschak and Radner, 1972; Hilton, 1981).
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econometric estimates will usually (if not universally) increase: (a) the less

accurate is individuals’ prior private information; (b) the less variation there

is in the population under consideration; and (c) the less individuals have

already incorporated similar information in their priors.

A Simple Example

As an example, consider a decision made under the following simplifying

assumptions.

(1) The optimal decision depends only on the posterior mean, and not any

other moments of the posterior distribution. This will be the case for

a binary decision, such as whether or not to have a child;3 as is well-

known, it will also be the case for any quadratic loss function, and

for “proper” loss functions more generally (see e.g Lindley, 1985, for a

further characterisation of proper loss functions).

(2) The prior, f(βi|πi), and the population distribution, f(θ|βi) are both

normal.

3Designate the choice of whether to have a child by a binary variable k. If the utility
of having a child (k = 1) is β∗, and the utility of not having a child (k = 0) is neutral,
then u(β∗, k) = kβ∗, and maximising expected utility corresponds to choosing k ∈ {0, 1}
to maximise:

E(u(β∗, k(fβ))) =

∫ ∞
−∞

fβ(β∗)β∗kdβ∗ (6.2)

The optimal decision rule is then:

k(fβ) = 1(Eβ(β∗) > 0) (6.3)
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(3) The copula is of the form:

c[F (θ|βi), F (πi|βi)] = α +
(1− α)

f(βi|θ)
(6.4)

where α ∈ [0, 1] is a parameter indexing the “degree of independence”

between the prior and the posterior. When α = 1 the two are com-

pletely independent, and the copula drops out of (6.1) entirely; when

α = 0, the prior already incorporates all of the information in the

population distribution, and the the posterior is not updated at all.4

Intermediate cases result in a posterior that is a mixing distribution of

these two extremes.

Under assumptions (2) and (3), the posterior mean (β̂θ,π) will simply be a

weighted average of the prior and population means (β̂π and β̂θ):

β̂θ,π =
σ2
θ + (1− α)σ2

π

σ2
π + σ2

θ

β̂π +
ασ2

π

σ2
π + σ2

θ

β̂θ (6.5)

4It seems rather unlikely that a given individual would know only a part of the pop-
ulation distribution and nothing else, as would be required for the information in θ to
completely encompass the private information in πi. In general, it seems reasonable to as-
sume that it is possible that θ ⊆ πi, but that πi 6⊂ θ. (Cf. Jouini and Clemen (1996), who
consider the specification of some easily parameterised copulas in the context of combining
expert opinions, using the alternative assumption that their arguments are exchangeable
— which here would amount to treating πi and θ symmetrically.)
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From this, we can define the relative influence measure of βθ compared with

βπ:

ι(θ, π) ≡ ασ2
π

(1− α)σ2
π + σ2

θ

(6.6)

The posterior mean will favour β̂θ if ι(θ, π) > 1 and favour β̂π if ι(θ, π) < 1,

and reduce to the “split the difference” approach if ι(θ, π) = 1.

The analysis of this simple case supports our earlier intuitions about the

determinants of the value of econometric estimates of β. Taking ι(θ, π) as a

measure of usefulness, usefulness is increasing in prior variance σ2
π, decreasing

in the population variance σ2
θ , and increasing in the degree of independence

α (i.e. exactly the three factors mentioned earlier).

This underscores the potential importance of accounting for individual

heterogeneity: if we have estimated only a population average parameter

for β, we will have little clear evidence on which to base an estimate of the

full distribution.5 If, on the other hand, we have estimated the population

distribution directly (e.g. using the sort of random coefficient model adopted

in the previous section, or the sort of latent class approach adopted by Clark

5The standard errors on the β coefficient reflect the accuracy of the coefficient as
a measure of the average population effect, rather than the degree of variation in the
population per se. While the two are usually related, they are not identical: if we had
data for the entire population, rather than just a sample, our standard errors would be
zero, but that would obviously not imply that there was no individual-level variation the
population. In the univariate case, the relationship between the standard deviation of
the mean, s, and the standard deviation of the values themselves, σ, is approximately

given by s = σ
√

N−n
n(N−1) . In a more general multiple regression setting, there is no simple

relationship between the two.
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et al. 2005) then specifying f(βi|θ) is straightforward.

In this light, the results of Chapter 5 — which showed that σ2
θ is often

large — are particularly interesting. They lend support to the view that

econometric estimates may have little to contribute to individual decision-

making (even if they might be relevant in policy formation). Nonetheless,

how much such estimates can contribute also depends heavily on the quality

of individuals’ private information: if, as some have argued, we are really

quite poor at predicting what will bring us satisfaction (i.e. σ2
π is also large),

then they may be of some use after all.

One way to assess the size of σ2
π is simply to elicit a subjective probability

distribution from a given individual (e.g. by obtaining a small number of its

fractiles) and to treat this as representative of the uncertainty in their private

information. However, as we detail in the next section, it is possible that

such subjective distributions could be systematically biased, overconfident,

or both, and we therefore set out to provide a number of novel tests of the

accuracy of individuals’ private information.

6.2 Do we know what makes us happy?

Gilbert (2006) presents an overview of the evidence that we frequently do a

poor job of predicting what will make us happy, and suggests two broad rea-
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sons why such “miswanting” typically occurs.6 The first is that our imagina-

tion often misrepresents the specific details of future events, for example, by

overemphasising their “essential” features and neglecting “incidental” ones

(see e.g. Wilson et al., 2000; Dunn, Wilson, and Gilbert, 2003; Liberman

and Trope, 2008). The second is that we tend to project our current feelings

and attitudes onto our future selves — and in particular tend not to realise

that we will often adapt (at least to some extent) to whatever comes our

way.7 This last factor results in an “impact bias” whereby we overestimate

the effect of many events on our SWB, and there is some evidence that such

impact bias is stronger for negative than positive events.8 Although we might

6Gilbert himself describes these variously as four separate reasons (Gilbert and Wilson,
2007) three separate reasons (Gilbert, 2006) and as merely a single reason (Gilbert et al.,
2009). We follow Wilson and Gilbert (2005) in grouping the major reasons into two
groups. For other overviews of this evidence see e.g. Gilbert and Wilson (2000), Wilson
and Gilbert (2003), Gilbert and Wilson (2007). For further discussion of the potential
divergence between decision utility and experienced utility, see e.g. Kahneman (1994),
Kahneman, Wakker, and Sarin (1997).

7Clark, Frijters, and Shields (2008) provide a recent overview of some of the evidence
that individuals adapt to at least some experiences. An earlier review is provided by
Frederick and Loewenstein (1999). For specific examples of adaptation see e.g. Brickman,
Coates, and Janoff-Bulman (1978) (finding that lottery winners and accident victims tend
to adapt at least partially to their situation), Lucas et al. (2003) (finding adaptation to
marriage, but not to widowhood) and Lucas (2005) (finding partial adaptation to divorce),
Wu (2001) (finding partial adaptation to heart disease) and Oswald and Powdthavee (2008)
(finding partial adaptation to disability), and Di Tella, Haisken-De New, and MacCulloch
(2007) (who find evidence of adaptation to income and status).

For evidence that we tend not to anticipate changes in tastes generally see e.g. Her-
rnstein and Prelec (1991) Kahneman and Snell (1992), Loewenstein and Adler (1995),
Loewenstein and Angner (2003), and Loewenstein, O’Donoghue, and Rabin (2003). For
evidence specifically on failure to anticipate adaptation, see e.g. Loewenstein and Schkade
(1999), Loewenstein and Frederick (1997), Gilbert et al. (1998), Sieff, Dawes, and Loewen-
stein (1999), and Ubel, Loewenstein, and Jepson (2005).

8Kermer et al. (2006) argue that explains the phenomenon of loss-aversion in decision
contexts as an “affective forecasting error”.
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expect to learn to overcome such biases, Gilbert also argues that failures of

memory (such as the peak-end effect, whereby we judge past experiences by

their most memorable moments at the peak and the end, rather than on

the basis of the full experience (see e.g. Kahneman, 1999)) often conspire to

prevent us from learning from our mistakes.

In light of such tendencies towards “miswanting”, Gilbert et al. (2009)

suggest that others’ affective responses might provide more accurate pre-

dictions than do our own imaginings: a strategy that they term surroga-

tion. While recognising that others’ responses may differ from our own, they

nonetheless put forward two reasons why individual-level variation may be

small enough to make surrogation worthwhile. The first is based on fun-

damental physiological similarity in our evolved affective responses, which

suggests that for some events at least, such responses are likely to be rela-

tively uniform. The second is based on the idea that, because we tend to

associate with people with similar interests and values, their experiences may

be especially informative to us. They then present evidence that surrogation

— in this case, knowing the response of a single other person — does in-

deed outperform imagination in two experiments conducted on US college

students: one involving a speed date, the other a peer evaluation.9

9They also suggest that the individuals concerned appear not to believe this result:
given the choice between getting more specific details about the event they were about
to experience, and being told how others reacted to the same event, they preferred the
former, even though it was ultimately less useful to them.
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While such results are encouraging for individuals’ prospects of learning

from SWB research, the extent to which they will generalize to econometric

surrogation, or to domains other than speed-dating and peer-feedback is

unclear. Surrogating with population average SWB responses β̂k0, rather

than the responses of a single individual βj seems likely to improve its value.

But other differences in the relative accuracy of private information and

surrogation could potentially outweigh this effect.10

As we noted in the previous section, greater variability of individual re-

sponses to different types of outcomes will tend to reduce the relative value of

surrogation. Table 6.1 displays the standard deviations of the random effects

derived from Table 5.2 (standardised so as to make them roughly compara-

ble, and ranked from least to most important). Assuming that the quality of

private information about each were roughly equal, these suggest that surro-

gation would be least informative about the SWB impact of unemployment,

and most informative about the SWB impact of having children.

Individuals may also have better private information about their re-

sponses to some outcomes than others. One example of this has already

been noted above, in the suggestion that individuals overestimate the im-

10It is also possible that violations of the assumptions embodied in our regression ap-
proach (e.g. the presence of non-linearity or other misspecification), could reduce the
accuracy of surrogation compared with the more direct experimental approach of simply
asking how happy a given individual is with a particular outcome. Unfortunately, it is
difficult for us to assess the extent of such violations here.
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Table 6.1: Standardised Standard Deviations of Random Coefficients from
Table 5.2

σβ
Children 0.208
Reference Income 0.378
Consumption 0.402
Health 0.468
Hours Worked 0.484
Relationship 0.638
Unemployment 0.736

Standard Deviations of the random coefficients for continuous variables are multiplied by

twice the standard deviation of the variables, so as to put them on roughly the same scale

as the standard deviations for the coefficients on the dummy variables (see Gelman, 2008).

Higher values reduce the value of surrogation relative to private information.

pact of negative events more than positive ones. Other possible sources of

variation include the fact that we may have more opportunity for learning

and feedback in some domains than others.11 Perhaps most importantly,

there may be differences in the degree to which individuals adapt to different

outcomes (see e.g. Di Tella, Haisken-De New, and MacCulloch, 2007, who

find evidence of differential adaptation to income and status). If, as Gilbert

(2006) argues, much of our failure as affective forecasters is due to not an-

ticipating our eventual adaptation to future events, then our predictions of

what will bring us satisfaction are likely to be worse in domains that exhibit

greater adaptation.

11Although Gilbert (2006) (esp. Ch. 10) suggests that our ability to learn what makes
us happy may be limited, it is also possible that the factors that inhibit learning could
vary between domains.
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Differences in predictive ability between different domains are likely to be

particularly important for individual decision-making. Even if individuals do

consistently overestimate their affective responses, if this impact bias is fairly

uniform, then it may not greatly distort their perceptions of the trade-offs

they face between different outcomes (because overestimating the effect of

two things by the same proportion will not affect their marginal rates of sub-

stitution). On the other hand, if we tend to overestimate the impact of some

events more than others, then these variations will distort our perceptions

of these trade-offs, and surrogation may become more useful as a potential

corrective.

Another issue that arises here is whether some individuals have better

information than others. For example, if individuals adapt to changes to dif-

ferent degrees (as suggested by Di Tella, Haisken-De New, and MacCulloch,

2007; Lucas et al., 2003), then those who adapt less may have more accurate

perceptions of what will bring them satisfaction.

The BHPS contains a number of questions that can be considered proxies

for individuals’ private information; it therefore affords us a unique opportu-

nity to examine the issues of individual heterogeneity and private information

in an integrated fashion. We describe these private information proxies in

Section 6.2.1, before moving on, in Sections 6.2.2–6.2.4, to examine the extent

to which they reliably predict individuals’ responses to changes in consump-
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tion, income, health, employment, being in a relationship, social contact,

and having children (which are roughly the variables on which we estimated

random coefficients in the previous chapter12). We also make a preliminary

attempt to determine whether there is significant heterogeneity in the quality

of different individuals’ private information.

While there are reasons to be cautious in our interpretations, the results

lend little support to the view that individuals have especially good pri-

vate information about the likely impact of changes in their circumstance on

SWB. Section 6.2.2 asks whether there is any evidence of bias in individuals’

judgments, and finds that while the average importance of most outcomes

seems roughly in line with individual perceptions, there is some evidence that

individuals systematically overestimate the value of having children and of

money to material well-being.

Perhaps more importantly, Section 6.2.3 presents evidence that, with the

exceptions of being in a relationship and job satisfaction, individuals’ private

information about the importance of various outcomes does not appear to

strongly predict variation in their SWB responses. Thus, despite the large

variation in individual values documented in Section 5.2, estimates of average

12The major difference is that we look at income as well consumption. While we esti-
mated a random coefficient on hours worked rather than social hours, the latter can simply
be considered the converse of the former. (We initially tried to fit a random coefficient on
social hours rather than work, but ran into numerical difficulties achieving convergence,
and so switched to hours worked instead.)
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coefficients may still be somewhat useful. Section 6.2.4 provides further sup-

port for this conclusion, but also suggests that there may be large differences

in the quality of different individuals’ information.

6.2.1 The Private Information Proxies

We employ two proxies for individuals’ private information about their values.

In waves 8 and 13, the BHPS questionnaire contained a series of questions

asking individuals to indicate the importance of various life outcomes to

them, on a scale of 1-10 (pIMP ). This question was phrased as follows:

I’m going to read you a list of things that different people value.

For each one I’d like you to tell me on a scale from 1 to 10 how

important each one is to you, where “1” equals “Not important

at all”, and “10” equals “Very important”.

(1) Your health

(2) Having a lot of money

(3) Having children

(4) Having a fulfilling job

(5) Being independent

(6) Owning your own home

(7) Having a good marriage or partnership
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(8) Having good friends

Items 1-4 and 7-8 correspond most closely to the existing independent vari-

ables in our SWB equations, and it is these on which we focus. Because

our focus is primarily on inter-individual differences, rather than changes in

individuals’ values over time, we begin by defining pIMP
ki as the average im-

portance of xk to individual i over the sample: pIMP
ki = 1

Ti

∑
τ pkiτ . We later

relax this assumption, and allow pIMP
kit to vary over time.

In waves 7 and 12, respondents were also asked to describe in their own

words, what things were important to their “quality of life” (pQOL). The

question was worded as follows:

[This] question asks you to think about things that are important

to you. There is a lot of discussion these days about “quality of

life”, yet that means very different things to different people.

Would you take a moment to think about what “quality of life”

means to you, and tell me what things you consider are important

for your own quality of life?

The responses were subsequently coded into a variety of categories,13 which

we further collapse into groupings reflecting the importance to individuals

of material well-being, health, a good job, a good relationship, and social

13The initial coding categories are contained in the BHPS documentation.
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contact. (Unfortunately, the codings do not allow us to define a pQOL measure

for the importance of having children.) In our initial coding, we use the time-

invariant binary measure, pQOLki which defines xk as being important iff it is

mentioned as being important in either of the waves in which the question

was asked: pQOLki = sgn(pki,7 + pki,12).

6.2.2 Is individuals’ private information accurate on

average?

The first question we seek to answer is whether individuals’ private percep-

tions of the importance of various life outcomes align, on average, with the

importance assigned to those outcomes by SWB regressions. Unfortunately,

however, the importance of a given outcome in terms of 10-point impor-

tance scale, or a binary judgment that “xk is (or is not) important” do not

have obvious or direct interpretations in terms of the parameters of an SWB

equation. It is arguable that the three measures of importance have compa-

rable origins : a pIMP
ki rating of 1, not being mentioned as important to QOL

(pQOLki = 0), and a βk coefficient of zero, each reflect a judgment that a partic-

ular variable has no (or at least little) impact on SWB. But they nonetheless

seem to lack a common scale: it is difficult, for example, to say exactly what

βk would be implied by a pIMP rating of 8 out of 10, or a judgment that “xk
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is important” (pQOL = 1).

Rather than attempting to directly compare sample average pk measures

with regression coefficients, we instead attempt to test the average accuracy

of individuals’ private information by comparing the rankings of different k

variables implied by the pk measures, with those implied by the relevant βk

regression coefficients. If both measures rank the same variables as being

more or less important, then this would provide evidence that individuals

have approximately unbiased private information about their values.

In order to conduct the comparison, we first need to translate the βk

coefficients themselves into a comparable scale. While it makes intuitive

sense to compare the SWB impact of binary variables like having children,

a stable relationship, or a job, directly in terms of their βk coefficients, it

is less obvious how to compare the impact of continuous predictors without

specifying how much of a change in health, money, or social time the co-

efficients reflect. In order to facilitate comparisons amongst the continuous

variables, we scale the coefficients on continuous predictors (health, social

time, and log consumption) by twice their standard deviation, which, as

Gelman (2008) notes, serves to put them on the same scale as the more di-

rectly interpretable dummy variables (being in a relationship, having a job,

and having children).14

14The intuition behind this is that the standard deviation, σk of a binary variable that
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The standard deviations of health, social time, and log consumption are

respectively 0.9, 0.53, and 0.54. Scaling the coefficients by twice their stan-

dard deviation then means that: βhealth reflects the SWB impact of a 1.8

unit change (on a 1–5 scale); βsocial reflects the SWB impact of a 1 hour and

6 minute change in time spent socialising each day; and βcons is reflects the

impact of a 1.1 log unit (an approximately 3-fold) change in consumption.

While the pQOL question allows for a broad notion of material well-being

(including e.g. regular meals and shelter), and thus seems comparable to

the standardised βcons coefficient, the pIMP question focuses explicitly on the

importance of “having a lot of money” [emphasis added]. To take account of

this difference, we define an additional coefficient βrich that reflects the SWB

impact of moving from the middle to the middle of the upper third of the

consumption distribution (i.e. the 3rd to the 5th sextile). In our sample, this

is a distance of 0.51 log units, and means that βrich will be around half the

size of βcons (0.51/1.1).

We run a standard SWB regression to obtain the (standardised) coeffi-

cients on money, health, being in a relationship, time spent socialising, being

employed, and having children. We also run two additional regressions to

is equally distributed between two categories is 0.5. Dividing the continuous predictors by
2σk gives them the same standard deviation. In contrast to the more common standard-
isation procedure of dividing variables by σk, this approach simultaneously preserves the
natural interpretation of the dummy variable coefficients (as not depending on σk) and
makes them roughly comparable to the continuous predictors.
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obtain coefficients on being employed for those in the labour force (i.e. rela-

tive to the unemployed and marginally attached), and relative to being out

of the labour force.

Do the private information measures agree?

Columns 1 and 2 of Table 6.2 displays the sample average responses for the

p̄IMP
k and p̄QOLk measures relating to health, friends, partner, job, children

and money. With a couple of caveats, the rankings implied by the two

proxies seem broadly consistent with each other, which gives us some faith

in their validity as measures of individuals’ private information. For both

the p̄IMP
k and the p̄QOLk proxies, health is the most important outcome, and

both measures rank friends as being more important than either being in a

relationship, or having a good job.

The major difference between the two rankings is in the relative impor-

tance of having a good job versus having a good relationship. Individuals

rank being in a relationship as being more important on average (9.1 out of

10) than having a good job (7.8 out of 10, or 8.1 for those in the labour force);

yet both in the full sample, and amongst individuals in the labour force, hav-

ing a good job is more commonly mentioned as contributing to quality of life

(by 18% and 25% of respondents respectively, as opposed to 12% of respon-

dents who mention relationships). On the other hand, those who are out
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Table 6.2: Importance of Various Life Outcomes

p̄IMP
k

∗ p̄QOLk
† β̂k

‡

Health 9.6 69 .35***
Money 63 .12***
Friends/Social Time 9.2 26 .15***
Relationship 9.1 12 .22***
Job (Full Sample) 7.8 18 .04
Job (In Labour Force only) 8.1 24 .29***
Job (Out of Labour Force only) 7.3 3 -.08
Children 7.7 .01
Being Rich 6.4 .06***

∗ Average out of 10. † Percentage of respondents who mention xk as being impor-

tant to their quality of life. ‡ * p<0.10, ** p<0.05, *** p<0.01.

of the labour force hardly ever mention having a good job as being impor-

tant to their quality of life (3% of respondents); but they nonetheless rate

it relatively highly (on average 7.3 out of 10) when explicitly asked about

its importance.15 One possibility is that (some) out-of-the labour force in-

dividuals interpret the question as being about the importance of having a

fulfilling job, conditional on having a job at all, but we cannot be sure of

this.

Consistent with our expectations of diminishing marginal returns to con-

sumption, there is a stark difference between the average stated importance

of being rich, and the number of people who mention aspects of material

well-being as important contributors to quality of life: while being rich is

15Checks indicate that this is not simply an artefact of averaging across individuals who
move into or out of the labour force between waves 8 and 13.
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the least important life outcome when assessed according to the pIMP metric

(with an average rating of 6.4 out of 10), money is the second-most frequently

mentioned contributor to quality of life (mentioned by 63% of respondents).

As formal tests of the correspondence between the pIMP and pQOL mea-

sures, we calculate the values of Kendall’s τ (Kendall and Gibbons, 1990)

for the full sample, the sub-sample in the labour force, and the sub-sample

out of the labour force (excluding the responses to the money questions, on

the basis that they seem to be asking about the importance of quite different

things).16 These are displayed in the first row of Table 6.3. As we can see,

the correlations are all reasonably large (and indeed, are perfect for the out-

of-the-labour-force sub-sample). While they are not statistically significant

in the full or in-the-labour-force samples, we would not wish to place too

much weight on this: the test has little power when we compare the rankings

for only 4 variables, and can never reject the null of no correlation unless

the two measures are perfectly aligned (and even then, can only do so at the

10% level). Overall, the τ measures seem to confirm that the measures track

each other fairly well on average.

16Kendall’s τ provides a non-parametric measure of the correlation between the two sets
of rankings, with values of 1, -1, and 0 representing perfect agreement, perfect inversion,
and independence, respectively. In contrast to Spearman’s ρ, τ provides unbiased esti-
mates, better small sample confidence interval coverage (see e.g. Kendall and Gibbons,
1990; Arndt, Turvey, and Andreasen, 1999). It also has a more natural interpretation:the
probability of the two measures agreeing on the relative ordering of any two given vari-
ables is (1 + τ)/2. (Alternatively, the odds ratio of agreement-to-disagreement is given by
(1 + τ)/(1− τ).)
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Table 6.3: Kendall’s τ

Sample (by labour force status)
Measures All In Out

τ(pIMP
k , pQOLk ) 0.667 0.667 1.000

(0.308) (0.308) (0.089)
τ(pIMP

k , βk) 0.600 0.467 0.600
(0.133) (0.259) (0.133)

τ(pQOLk , βk) 0.200 0.000 0.400
(0.806) (1.000) (0.462)

τ(pQOLk , βk) 0.333 0.333 0.667
(for k 6= money) (0.734) (0.734) (0.308)

Kendall’s τ reflects the correlation between the ranks implied by pairs of measures reflect-

ing the relative importance of different variables. p-values are displayed in parentheses,

but are not expecially informative due to the low power of the test in small number of

variables being compared (e.g. in the first line, their are only 4 common alternatives, and

the hypothesis test can never reject the null (no correlation) unless both rankings are in

perfect agreement).

Do the private information measures align with regression coeffi-

cients?

The final column of Table 6.2 displays the standardised regression coefficients

derived from the SWB regressions described above. Sensitive as they are to

the choice of scaling, we should be wary of over-interpreting these findings;

but the rankings do seem broadly comparable to those suggested by the

private information proxies. Consistent with those results, health appears

as the most important factor, while being rich and having children are least

important. The regression results tend to support the pQOL measure over

the pIMP proxy in assigning little value to having a job for those out of the
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labour force, but otherwise seem roughly in line with both sets of results in

assigning middling value to being in a relationship, having a job, and social

time. There are however two major exceptions to this general pattern of

agreement.

The first relates to the pIMP measure of the importance of children, which

seems to overestimate their SWB impact in both relative and absolute terms.

In relative terms, the pIMP measure places children above the importance of

being rich, while the regression estimates suggest that becoming rich would

actually have a greater SWB impact. It is also striking that, while the

coefficient on having children is tiny and statistically insignificant, it is still

rated as being reasonably important in absolute terms: not only does it

obtain an average pIMP rating of 7.7 out of 10 (well above the “not at all

important” rating of 1); over 40% of respondents assign having children the

maximum rating of 10 out of 10, making it the modal response.17

The second relates to the pQOL measure of the importance of money.

While 63% of respondents mention material well-being as important (placing

it second), it rates only 4th or 5th (depending on the sample) according to

the regression coefficients. This provides suggestive evidence that individuals

17An alternative explanation for this difference is that our fixed effects regressions may
only capture the short-run impact of having children, while the stated importance of
children may focus more on the long-term. This suggestion finds little support from
Table 5.3, which suggests that those who spend a greater portion of the sample with
children are actually less satisfied than those without — although this latter result could
also be due to correlation with unobserved personality traits.
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may overestimate the importance of money to SWB. On the other hand,

the importance of being rich seems to be placed reasonably accurately by

the pIMP measure, so we would not wish to read too much into this —

particularly as the size of the βcons coefficient may be more sensitive than

others to mis-specification of the log functional form.18

Turning to the Kendall’s τ values in Table 6.3, we see that the correlation

between the pIMP
k s and βs is fairly strong in all three samples, though never

attaining statistical significance. In contrast, the correlations between pQOLk

and βk, while usually positive, are somewhat weaker. The main difference

(apart from the absence of a pQOLchildren measure, which reduces the tests’ power)

is the ranking of money mentioned in the previous paragraph. If we exclude

this from the rankings, the τ correlations rise to 0.333 or .667 (depending on

the sample) and actually exceed those for pIMP for those out of the labour

force.

The results of this analysis are consistent with the idea that individu-

als private information provides unbiased estimates of the the SWB impact

of most outcomes — with the caveat that the impact of having children,

and possibly also of consumption are likely to be overstated. However, this

provides little information about the precision of this private information,

18Though see Layard, Mayraz, and Nickell (2008) for evidence that the log form is a
reasonable approximation.

317



which is also crucial to assessing the relative value of SWB estimates. In

the following subsections, we therefore provide two more direct tests of this

precision. The first is a regression-based interaction approach that assumes

a level of interpersonal comparability in individuals’ responses to the pIMP

and pQOL questions, but avoids the need to compare the importance of dif-

ferent outcomes. The second is an alternative approach based on calculat-

ing individual-level Kendall’s τ values, which resurrects the assumption of

inter-outcome comparability, but allows us to abandon the assumption of

interpersonal comparability, and also to identify heterogeneity in the quality

of individuals’ private information.

6.2.3 Does variation in private information predict vari-

ation in SWB responses?

In this section, we investigate the ability of private information to predict

inter-individual variation around the population average βk0s. We do so sim-

ply by including, in standard SWB regressions, a set of interactions between

the proxies described in the previous section and the corresponding variables

of interest (e.g. an interaction between health and the reported importance

of health). A significant (positive) interaction can then be taken as evidence

that individuals have at least some ability to predict where they sit relative to
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others in the population, and suggests that they can be reasonably confident

in private estimates of βs that diverge from the population average.

Formally, we estimate a standard SWB equation of the sort used in the

previous chapter:

uit = x′itβit + ηi + εit (6.7)

but with the βkit coefficients modelled as depending on either the time-

invariant private information proxy pki (defined in 6.2.1):

βki = βk0 + p̈kiγk (6.8)

or a time-varying version, that allows for the possibility that values might

change:

βkit = βk0 + p̈kitγk (6.9)

In this latter equation, to avoid dropping rounds in which the relevant ques-

tions were not asked, we impute pkit as equal to the nearest available mea-

sure.19 In both cases, we centre the private information proxies around their

sample average values, so that βk0 will capture the importance of xk for an

average individual, and γk will capture the extent to which the proxy predicts

variation around this average.

19We also experimented with interpolation; the results did not differ appreciably.
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The specific interactions we include are as follows: pmoney with each of log

household consumption, log household income, and reference income (con-

structed as described in Chapter 5; phealth with health; prelationship with a

dummy indicating that an individual is in any form of relationship (married,

cohabiting, or non-cohabiting); pjob with dummies for each of employed or

unemployed (either looking for work, or discouraged); pfriends with hours

spent socialising; and pchildren with a dummy indicating whether the individ-

ual has children. In specifications where we allow the p measures to vary

over time, we also include their main effects directly (the time-invariant p

variables are absorbed within the fixed effects).

The results of regressions using equations (6.8) and (6.9) with the pIMP

measure are displayed in Table 6.4, while those for the pQOL measure are

shown in Table 6.5. As the results are fairly consistent between the two sets

of estimations, we discuss them together. Looking first at the controls, we

see the standard result that household size (now adjusted so as to reflect non-

child household members — the effect of children being captured in separate

children dummies) has a negative relationship with SWB, while, just as in

Chapter 5, living in an urban area does too. The coefficients on age suggest

the usual u-shaped relationship, but are now statistically insignificant.

The main effects on the variables of interest also exhibit fairly standard

patterns: average household income has an insignificant effect on SWB, while
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Table 6.4: Do reported pIMP values predict SWB responses?

p̄IMP
ki pIMP

kit

(Log) Household Consumption 0.109*** (0.025) 0.106*** (0.025)
Consumption x pmoney -0.009 (0.013) -0.000 (0.010)
(Log) Household Income 0.002 (0.010) -0.006 (0.030)
Income x pmoney 0.003 (0.005) 0.001 (0.004)
Reference Income -0.009 (0.009) 0.003 (0.026)
Reference Income x pmoney -0.002 (0.005) -0.002 (0.004)
Health 0.196*** (0.009) 0.196*** (0.008)
Health x phealth -0.017* (0.010) -0.011 (0.007)
Non-cohabiting 0.160*** (0.031) 0.158*** (0.030)
Married 0.202*** (0.045) 0.190*** (0.045)
Couple 0.262*** (0.038) 0.252*** (0.038)
Widowed -0.123 (0.080) -0.136* (0.080)
Divorced -0.074 (0.063) -0.075 (0.063)
Separated -0.334*** (0.068) -0.333*** (0.068)
In Relationship x prelationship 0.046*** 0.040*** (0.011)
Employed -0.053 (0.035) -0.057 (0.035)
Unemployed (Seeking Work) -0.460*** (0.060) -0.453*** (0.112)
Unemployed (Discouraged) -0.172*** (0.039) -0.166* (0.099)
Employed x pjob 0.010 (0.014) 0.010 (0.008)
Unemployed x pjob 0.001 (0.015) -0.001 (0.013)
Hours Social Leisure 0.149*** (0.033) 0.149*** (0.033)
Hours Work -0.000 (0.025) 0.001 (0.025)
Hours Sleep 1.067*** (0.220) 1.085*** (0.219)
Hours Sleep2 -0.059*** (0.011) -0.060*** (0.011)
Social Hours x pfriends 0.026* (0.014) 0.015 (0.011)
Has Children -0.000 (0.024) 0.003 (0.023)
2 Children -0.015 (0.025) -0.012 (0.025)
3 Children -0.055 (0.043) -0.048 (0.043)
4 Children -0.219** (0.102) -0.212** (0.102)
Children x pchildren -0.001 (0.011) -0.008 (0.009)
pmoney 0.007 (0.091)
phealth 0.067** (0.030)
prelationship -0.015* (0.008)
pjob -0.004 (0.006)
pfriends -0.017 (0.029)
pchildren 0.008 (0.005)
Age -0.008 (0.019) -0.009 (0.019)
Age2/10 0.001 (0.001) 0.001 (0.001)
Household Size (Adjusted) -0.066*** (0.011) -0.066*** (0.011)
Urban -0.091*** (0.034) -0.093*** (0.034)
Constant -1.110 (1.470) -1.113 (1.467)
Observations 54804 54804
Groups 11348 11348
R2 0.077 0.073

* p<0.10, ** p<0.05, *** p<0.01. Standard Errors (robust to clustering within pids) in parentheses.

Wave dummies included but not reported
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Table 6.5: Do reported pQOL values predict SWB responses?

p̄QOLki pQOLkit

(Log) Household Consumption 0.102** (0.040) 0.104*** (0.030)
Consumption x pmoney 0.013 (0.046) 0.012 (0.031)
(Log) Household Income -0.000 (0.016) 0.003 (0.013)
Income x pmoney -0.002 (0.019) -0.007 (0.016)
Reference Income -0.007 (0.013) -0.003 (0.011)
Reference Income x pmoney -0.003 (0.016) -0.014 (0.014)
Health 0.214*** (0.016) 0.209*** (0.012)
Health x phealth -0.024 (0.019) -0.022 (0.015)
Non-cohabiting 0.116*** (0.030) 0.122*** (0.030)
Married 0.159*** (0.046) 0.168*** (0.045)
Couple 0.222*** (0.039) 0.229*** (0.038)
Widowed -0.153* (0.080) -0.162** (0.080)
Divorced -0.079 (0.063) -0.079 (0.063)
Separated -0.335*** (0.068) -0.333*** (0.068)
In Relationship x prelationship 0.272*** (0.086) 0.277*** (0.100)
Employed -0.048 (0.037) -0.060* (0.036)
Unemployed (Seeking Work) -0.443*** (0.063) -0.443*** (0.061)
Unemployed (Discouraged) -0.163*** (0.040) -0.170*** (0.039)
Employed x pjob -0.104 (0.071) -0.031 (0.101)
Unemployed x pjob -0.159 (0.103) -0.144 (0.145)
Hours Social Leisure 0.147*** (0.034) 0.146*** (0.033)
Hours Work 0.005 (0.025) 0.006 (0.025)
Hours Sleep 1.084*** (0.221) 1.063*** (0.221)
Hours Sleep2 -0.060*** (0.011) -0.058*** (0.011)
Social Hours x pfriends 0.029 (0.036) 0.038 (0.033)
Has Children -0.001 (0.023) 0.001 (0.023)
2 Children -0.015 (0.025) -0.015 (0.025)
3 Children -0.051 (0.043) -0.054 (0.043)
4 Children -0.225** (0.101) -0.223** (0.101)
pmoney 0.109 (0.291)
phealth 0.122* (0.065)
prelationship -0.203** (0.101)
pjob 0.047 (0.102)
pfriends -0.048 (0.091)
Age -0.005 (0.019) -0.005 (0.019)
Age2/10 0.001 (0.001) 0.001 (0.001)
Household Size (Adjusted) -0.066*** (0.011) -0.066*** (0.011)
Urban -0.090*** (0.034) -0.092*** (0.034)
Constant -1.349 (1.477) -1.373 (1.482)
Observations 57357 57667
Groups 13819 13963
R2 0.070 0.080

* p<0.10, ** p<0.05, *** p<0.01. Standard Errors (robust to clustering within pids) in parentheses.

Wave dummies included but not reported

consumption has a sizeable and significant positive effect. The employed are

slightly, though not significantly, less satisfied than those out of the labour

force, while the unemployed and the marginally attached are significantly less
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satisfied than either (F-tests were used to confirm the difference between the

employed and the marginally attached). Health has a sizeable and significant

positive effect. Being in a relationship (either married, cohabiting, or non-

cohabiting) has a sizeable positive effect, while being widowed, divorced,

or separated has a negative effect relative to never having been married.

However, the coefficients on widowhood and divorce are sometimes insignif-

icant. Hours of social leisure time have a strong positive effect, while SWB

is n-shaped in hours of sleep with those who sleep around 8.5 hours a night

reporting the highest SWB. Meanwhile, hours of work are indistinguishable

from hours spent in passive leisure (the omitted time-use category) in terms

of SWB. Having children does not have a statistically significant effect on

SWB until one has 4 or more, at which point the effect becomes significantly

negative.

Turning to the interactions of interest, we see that the only private in-

formation proxy that consistently predicts differences in individuals’ SWB

responses is that for the importance of being in a relationship. Looking first

at the pIMP proxy, a one point increase in stated importance predicts around

a 0.04 point stronger response to being in a relationship — somewhere in

the vicinity of one quarter (0.04/0.16) to one sixth (0.046/0.26) of the SWB

impact of being in a relationship, depending on what type of relationship

we consider. For the pQOL proxy, the SWB of those who mention a good
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relationship as being a major contributor to their quality of life in some

cases responds over three times more strongly to being in a relationship than

those who do not (e.g. the implied effect of a non-cohabiting relationship is

0.116 + 0.272 = 0.388 rather than .116 in column 1 of Table 6.5).

In contrast the SWB impact of other outcomes (consumption, income,

references income, health, employment, hours of social leisure, and children)

in general bears no significant relationship to the corresponding private in-

formation proxies. There is a barely significant (at the 10% level) interaction

for health in column 1, but it is wrongly signed — implying that those who

say health is more important actually benefit less from it. One possible

explanation for this oddity is that it is due to the subjective nature of the

self-reported health variable: if those who say they value health more also

tend to report larger changes in subjective health status then the same “ob-

jective” change in health would be measured as having a smaller effect.

These initial results suggest that, while individuals may have relatively

good information about the importance of relationships to their SWB, their

information about the importance of other factors is surprisingly poor (cer-

tainly in relative terms). Nonetheless, as we alluded to above, there are (at

least) two concerns that might be raised about the robustness of these results,

and which we attempt to address in the following section.
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Robustness Checks

Adjusting for the quality of outcomes

The first concern relates to the fact that heterogeneity in the response of

SWB to some outcomes may be driven by heterogeneity in the quality of

the outcomes rather than heterogeneity in values per se. For example, the

fact that the stated importance of having a fulfilling job does not predict

individuals’ SWB responses to employment could be due to many jobs not

being especially fulfilling, rather than to inaccurate beliefs about what will

bring satisfaction; or the failure of pfriendship to predict the SWB returns to

social time could be due to the quality of the friends, or of the time spent

socialising with them. On the other hand it seems unlikely that variation in

the quality consumption or health could be responsible for the irrelevance of

individuals’ stated priorities to their SWB reactions.

In an attempt to control for variation in the quality of jobs, social time,

and intimate relationships, we rerun the regressions displayed in Tables 6.4

and 6.5, but now include additional interactions with measures of job satis-

faction, satisfaction with social time, and satisfaction with one’s relationship,

qkit. We interact these both with the main effects of the original variables,

and with the existing interaction terms, so that the equations for the relevant
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β coefficients are now:

βkit = βk0 + p̈kiγk + q̈kitθk + p̈kiq̈kitφk (6.10)

(and the equivalent version with time-varying information proxy p∗kit). Note

that this specification allows that private information could predict the aver-

age response to xk as before (via γk), or the sensitivity to changes in “quality-

adjusted” xk, qkitxkit (via φk). We centre both the proxies and the quality

measures around their sample means prior to generating the interactions,

so that the coefficients can always be interpreted as sample average values

(e.g. βrelationship,0 will be the effect of an average quality relationship, for an

individual who values relationships an average amount).

The results of regressions including the interactions specified in equa-

tion (6.10) are shown in Tables 6.6 and 6.7 (for pIMP and pQOL respectively).

The main effects all have their usual signs, and the quality variables also

behave as predicted: better relationships, more satisfying jobs, and higher-

quality social time all contribute positively to SWB. However, in contrast

to our expectations, controlling for the quality of outcomes does not im-

prove the predictive ability of individuals’ private information. If anything,

it seems to have the opposite effect, with the previously positive prelationship

becoming small and insignificant. This appears to be due to the fact that
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it is precisely those whose relationships are more satisfying who say that

relationships are especially important to them (e.g. the correlation between

the average 10-point importance of being in a relationship, and relationship

quality is around 0.3). This suggests that the accuracy of individuals’ pre-

dictions in Tables 6.4 and 6.5 may reflect accurate perceptions of the quality

of their relationships, rather than being confounded by such concerns.

Again, the interactions with the other private information proxies are ei-

ther insignificant (for income, consumption, reference income, jobs, and chil-

dren) or significant, but wrongly signed. In particular, the interactions with

phealth which before were marginally significant in only one specification, are

now significantly negative at (at least) the 5% level in every column, while the

interaction between pfriends and quality-adjusted social time is significantly

negative in the pQOL specifications. Once again, it is possible to explain

the negative effects as possible artefacts of subjectively reported health and

quality-of-social-time measures, but in neither case does the evidence suggest

that individuals’ private information is especially good.

Comparability

Another possible question mark about individuals’ apparently poor predic-

tive ability relates to the comparability of the private information proxies

between individuals. It seems reasonable enough to treat the binary pQOL
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Table 6.6: Do reported pIMP values predict SWB responses? (Quality-
Adjusted)

p̄ki pkit
(Log) Household Consumption 0.068*** (0.022) 0.067*** (0.022)
Consumption x pmoney -0.014 (0.012) -0.001 (0.008)
(Log) Household Income 0.009 (0.009) 0.001 (0.028)
Income x pmoney 0.002 (0.005) 0.001 (0.004)
Reference Income 0.000 (0.008) -0.003 (0.023)
Reference Income x pmoney 0.001 (0.004) 0.001 (0.004)
Health 0.137*** (0.007) 0.137*** (0.007)
Health x phealth -0.023*** (0.008) -0.013** (0.006)
Non-cohabiting 0.278*** (0.027) 0.276*** (0.026)
Married 0.298*** (0.039) 0.297*** (0.039)
Couple 0.327*** (0.033) 0.326*** (0.033)
Widowed 0.021 (0.068) 0.013 (0.068)
Divorced -0.055 (0.052) -0.060 (0.052)
Separated -0.137** (0.058) -0.141** (0.058)
In Relationship x prelationship -0.018 (0.027) -0.018 (0.021)
Relationship Quality 0.212*** (0.007) 0.212*** (0.007)
Relationship Quality x prelationship 0.005 (0.005) 0.003 (0.004)
Employed -0.067** (0.030) -0.067** (0.030)
Unemployed (Seeking Work) -0.346*** (0.053) -0.248** (0.097)
Unemployed (Discouraged) -0.106*** (0.034) -0.011 (0.086)
Employed x pjob -0.030 (0.022) -0.022 (0.017)
Unemployed x pjob -0.012 (0.013) -0.012 (0.011)
Job Quality 0.083*** (0.005) 0.083*** (0.005)
Job Quality x pjob 0.005 (0.003) 0.004 (0.003)
Hours Social Leisure -0.011 (0.028) -0.008 (0.028)
Hours Work -0.033 (0.021) -0.032 (0.021)
Hours Sleep 0.712*** (0.185) 0.715*** (0.185)
Hours Sleep2 -0.042*** (0.010) -0.042*** (0.010)
Social Hours x pfriends -0.001 (0.012) 0.001 (0.010)
Quality-Adjusted Social Time 0.128*** (0.002) 0.128*** (0.002)
Quality-Adjusted Social Time x pfriends -0.000 (0.001) -0.000 (0.001)
Has Children 0.030 (0.020) 0.033* (0.020)
2 Children 0.000 (0.021) -0.000 (0.021)
3 Children -0.039 (0.037) -0.038 (0.037)
4 Children -0.137 (0.086) -0.135 (0.085)
Children x pchildren 0.012 (0.009) 0.003 (0.007)
pmoney -0.009 (0.077)
phealth 0.070*** (0.023)
prelationship -0.009 (0.007)
pjob -0.000 (0.005)
pfriends 0.009 (0.025)
pchildren 0.006 (0.005)
Age -0.000 (0.018) -0.002 (0.018)
Age2/10 0.001 (0.001) 0.001 (0.001)
Household Size (Adjusted) -0.055*** (0.010) -0.055*** (0.010)
Urban -0.065** (0.028) -0.067** (0.028)
Constant 1.233 (1.271) 1.268 (1.272)
Observations 54373 54373
Groups 11345 11345
R2 0.448 0.481

* p<0.10, ** p<0.05, *** p<0.01. Standard Errors (robust to clustering within pids) in parentheses.

Wave dummies included but not reported
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Table 6.7: Do reported pQOL values predict SWB responses? (Quality-
Adjusted)

p̄ki pkit
(Log) Household Consumption 0.078** (0.035) 0.069*** (0.025)
Consumption x pmoney -0.011 (0.039) 0.001 (0.026)
(Log) Household Income -0.000 (0.014) 0.004 (0.011)
Income x pmoney 0.008 (0.017) 0.003 (0.014)
Reference Income 0.001 (0.011) 0.003 (0.010)
Reference Income x pmoney -0.002 (0.014) -0.007 (0.013)
Health 0.162*** (0.014) 0.152*** (0.010)
Health x phealth -0.034** (0.016) -0.027** (0.013)
Non-cohabiting 0.270*** (0.026) 0.276*** (0.026)
Married 0.283*** (0.039) 0.292*** (0.038)
Couple 0.312*** (0.033) 0.322*** (0.032)
Widowed 0.007 (0.067) 0.000 (0.067)
Divorced -0.059 (0.052) -0.061 (0.052)
Separated -0.137** (0.058) -0.136** (0.058)
In Relationship x prelationship 0.043 (0.135) 0.205 (0.162)
Relationship Quality 0.208*** (0.007) 0.213*** (0.007)
Relationship Quality x prelationship 0.020 (0.019) -0.015 (0.022)
Employed -0.063** (0.032) -0.065** (0.031)
Unemployed (Seeking Work) -0.340*** (0.056) -0.342*** (0.053)
Unemployed (Discouraged) -0.104*** (0.035) -0.104*** (0.034)
Employed x pjob 0.013 (0.083) -0.100 (0.108)
Unemployed x pjob -0.047 (0.084) -0.044 (0.126)
Job Quality 0.087*** (0.005) 0.083*** (0.005)
Job Quality x pjob -0.010 (0.011) 0.008 (0.011)
Hours Social Leisure -0.004 (0.030) -0.008 (0.029)
Hours Work -0.031 (0.021) -0.029 (0.021)
Hours Sleep 0.724*** (0.185) 0.706*** (0.185)
Hours Sleep2 -0.042*** (0.010) -0.041*** (0.010)
Social Hours x pfriends -0.005 (0.031) 0.001 (0.028)
Quality-Adjusted Social Time 0.132*** (0.003) 0.131*** (0.002)
Quality-Adjusted Social Time x pfriends -0.004*** (0.002) -0.004** (0.002)
Has Children 0.035* (0.020) 0.035* (0.019)
2 Children 0.000 (0.021) 0.001 (0.021)
3 Children -0.037 (0.037) -0.038 (0.037)
4 Children -0.146* (0.086) -0.143* (0.086)
pmoney 0.045 (0.251)
phealth 0.137** (0.055)
prelationship -0.078 (0.089)
pjob 0.081 (0.088)
pfriends 0.032 (0.077)
Age 0.003 (0.018) 0.003 (0.017)
Age2/10 0.001 (0.001) 0.001 (0.001)
Household Size (Adjusted) -0.055*** (0.010) -0.055*** (0.010)
Urban -0.063** (0.028) -0.069** (0.028)
Constant 1.018 (1.273) 0.989 (1.274)
Observations 56883 57188
Groups 13779 13920
R2 0.469 0.476

* p<0.10, ** p<0.05, *** p<0.01. Standard Errors (robust to clustering within pids) in parentheses.

Wave dummies included but not reported
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measures as inter-personally comparable in (6.8) or (6.9) (in this case, xk

is either important or it is not). However, it is less clear that individual

responses on the 10-point importance scales should be comparable in an ob-

vious sense. The fact that the results (particularly those in Tables 6.4 and

6.5) are reasonably consistent between the pIMP and pQOL proxies, as well as

the fact that the relationship proxy does appear to have reasonable predic-

tive ability suggests that this may not be too much of a problem. However,

we attempt a rudimentary robustness check below.

Conceptually, the possibility that that the information proxies may not

be inter-personally comparable introduces a form of measurement error, and

(for standard reasons) may lead to attenuation bias in the estimates. This

could potentially provide an explanation for the insignificance of many of the

interactions — though it would have more difficulty accounting for significant

negative effects, such as that found for the health proxy in Tables 6.6 and

6.7.

To demonstrate the nature of the measurement error problem, begin by

assuming that the reported importance of a variable xk can be approximated

by a stable, individual-specific affine transform of “true” importance pkit =

aki+bkip
∗
kit. Rewriting this and interacting it with the the relevant x variable

gives:

xkitpkit = xkitp
∗
kitb̄k + xkitāk + [xkitb̃kip

∗
kit + xkitãki] (6.11)

330



When this is included in the main equation, the xkitāk will be absorbed into

the βk0 coefficient (which is also why any bias in the overall population in-

formation will not affect the interaction coefficients directly). The remaining

terms in brackets have conditional expectations of 0 (by construction), and

can thus be viewed as a form of classical measurement error.

Common strategies for dealing with measurement error (e.g. instrumen-

tal variables, or corrections using information about the measurement error

variance) are not available to us here. Instead, we use the fact that individu-

als provide multiple answers to the importance questions (both for different

variables with each wave, and for the same variable across waves) to con-

struct proxies for the error. Intuitively, introducing these error proxies into

our equations can provide a partial attenuation correction, by reducing the

level noise in the importance estimates. A more formal account of how this

works is included in Appendix A.10.

To generate proxies for the measurement error, we decompose the re-

ported importance measures, p̄ki (stable) and pkit (time-varying) into sepa-

rate components, as:

p̄ki = ¯̄pi + ˜̄pki (6.12)

pkit = ¯̄pi + ˜̄pki + p̃kit (6.13)
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where ¯̄pi = 1
Ti

∑
τ

1
Kiτ

∑
k pkiτ is an individual-specific constant, representing

the average importance of all variables across all time periods, ˜̄pki = p̄ki− ¯̄pi is

the deviation from this average for a specific variable k, and p̃kit = pkit− p̄ki,

is the time-specific deviation from these averages. Removing ¯̄pi serves to

capture any individual-specific heterogeneity in the intercept of the reporting

functions, ai = 1
K

∑
k aki, and thus to help reduce attenuation bias in the

results. Similarly, ˜̄pki may capture the effect of variable-specific heterogeneity

in the reporting function aki (though we expect this to be less important than

ai).

With these decompositions, we can then estimate the information content

of each component separately using modified versions of equations (6.8) and

(6.9):

βki = βk0 + ¯̄piγkp1 + ˜̄pkiγkp2 + . . . (6.8’)

βki = βk0 + ¯̄piγkp1 + ˜̄pkiγkp2 + p̃kitγkp3 + . . . (6.9’)

The results of regressions using the modified equations (6.8’) and (6.9’’)

are shown in Table 6.8. The coefficients of interest are the interactions be-

tween the main variables and the deviated proxies ˜̄pki and p̃kit. The coeffi-

cients on the interactions with ¯̄pi, while occasionally significant (for reference

income and health they are weakly significant and negative) are not directly
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interpretable.20 We see immediately that the ˜̄prelationship,i and p̃relationship,it

interactions remain highly significant in both specifications, confirming the

quality of individuals’ private information in this regard. Of particular inter-

est is the fact that the interactions with ˜̄pfriends,i are now significant (though

the interaction with the time-varying deviation p̃friends,it is not) — suggest-

ing that individuals may also have accurate perceptions of the SWB impact

of social time. In contrast, none of the other interactions is significant, which

seems to reinforce our earlier conclusions about the generally poor quality of

individuals’ information.

6.2.4 Do individuals know the relative importance of

different outcomes?

As we noted towards the end of the previous section, a potential drawback

of the interaction-based approach to investigating the quality of individuals’

private information is that we needed to assume that responses to the pIMP

and pQOL questions were inter-personally comparable. Although we made

some attempt to allow for this in the final robustness check, even this re-

quired us to assume some level of comparability. In contrast, this section

adopts an alternative approach to assessing the quality of individuals’ infor-

20As we show in Appendix A.10, we nonetheless need to include them to ensure the
accuracy of the main interactions of interest.
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Table 6.8: Do reported pIMP values predict SWB responses? (Measurement
Error Decompositions)

p̄ki pkit
(Log) Household Consumption 0.073* (0.037) 0.071* (0.037)
Consumption x ¯̄p 0.036 (0.024) 0.036 (0.024)
Consumption x ˜̄pmoney -0.021 (0.015) -0.021 (0.015)
Consumption x p̃money 0.009 (0.014)
(Log) Household Income 0.012 (0.013) 0.013 (0.013)
Income x ¯̄p -0.007 (0.011) -0.007 (0.011)
Income x ˜̄pmoney 0.006 (0.005) 0.006 (0.005)
Income x p̃money -0.006 (0.008)
Reference Income -0.005 (0.015) -0.004 (0.015)
Reference Income x ¯̄p -0.016* (0.009) -0.015 (0.009)
Reference Income x ˜̄pmoney 0.001 (0.005) 0.001 (0.005)
Reference Income x p̃money -0.001 (0.007)
Health 0.213*** (0.015) 0.212*** (0.015)
Health x ¯̄p -0.021* (0.011) -0.021* (0.011)
Health x ˜̄phealth -0.013 (0.010) -0.013 (0.010)
Health x p̃health -0.004 (0.012)
Non-cohabiting 0.115*** (0.032) 0.115*** (0.032)
Married 0.159*** (0.047) 0.148*** (0.048)
Couple 0.220*** (0.040) 0.210*** (0.040)
Widowed -0.124 (0.080) -0.135* (0.080)
Divorced -0.076 (0.063) -0.079 (0.063)
Separated -0.336*** (0.068) -0.335*** (0.068)
In Relationship x ¯̄p 0.033 (0.028) 0.035 (0.028)
In Relationship x ˜̄prelationship 0.059*** (0.018) 0.061*** (0.019)
In Relationship x p̃relationship 0.034** (0.014)
Employed -0.039 (0.037) -0.042 (0.037)
Unemployed (Seeking Work) -0.448*** (0.062) -0.448*** (0.062)
Unemployed (Discouraged) -0.174*** (0.043) -0.176*** (0.043)
Employed x ¯̄p -0.027 (0.033) -0.027 (0.033)
Employed x ˜̄pjob 0.019 (0.017) 0.020 (0.017)
Employed x p̃job 0.010 (0.010)
Unemployed x ¯̄p 0.028 (0.039) 0.030 (0.038)
Unemployed x ˜̄pjob -0.007 (0.019) -0.006 (0.019)
Unemployed x p̃job -0.008 (0.023)
Hours Social Leisure 0.117*** (0.035) 0.116*** (0.035)
Hours Work -0.002 (0.025) -0.002 (0.025)
Hours Sleep 1.049*** (0.220) 1.067*** (0.219)

Hours Sleep2 -0.059*** (0.011) -0.059*** (0.011)
Social Hours x ¯̄p -0.014 (0.024) -0.013 (0.024)
Social Hours x ˜̄pfriends 0.038** (0.017) 0.039** (0.017)
Social Hours x p̃friends 0.002 (0.017)
Has Children -0.001 (0.023) -0.001 (0.023)
2 Children -0.016 (0.025) -0.014 (0.025)
3 Children -0.055 (0.043) -0.049 (0.043)
4 Children -0.217** (0.102) -0.209** (0.102)
Children x ¯̄p -0.009 (0.028) -0.009 (0.028)
Children x ˜̄pchildren -0.005 (0.014) -0.005 (0.014)
Children x p̃children -0.016 (0.013)
p̃money -0.026 (0.126)
p̃health 0.044 (0.047)
p̃relationship -0.011 (0.009)
p̃job -0.003 (0.007)
p̃friends 0.015 (0.042)
p̃children 0.010* (0.006)
Age -0.008 (0.019) -0.008 (0.019)

Age2/10 0.001 (0.001) 0.001 (0.001)
Household Size (Adjusted) -0.065*** (0.011) -0.065*** (0.011)
Urban -0.091*** (0.034) -0.093*** (0.034)
Constant -1.091 (1.470) -1.154 (1.466)
Observations 54804 54804
Groups 11348 11348

R2 0.076 0.076

* p<0.10, ** p<0.05, *** p<0.01. Standard Errors (robust to clustering within pids) in parentheses. Wave dummies

included but not reported
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mation, that does not rely on inter-personal comparability at all, and instead

relies on inter-outcome comparability to attempt to assess whether individu-

als accurately perceive the relative importance of different outcomes to their

SWB.

Similar to the analysis in Section 6.2.2, the approach we adopt here also

seeks to compare the rankings of outcomes implied by the private informa-

tion proxies with those obtained from SWB regressions — but this time

seeks to do so at the individual-level, rather than for the overall sample.

As in Section 6.2.2, this requires us to scale the βk coefficients so that they

are comparable, and we do this in the same way as we did there: multi-

plying the coefficients on the continuous variables (health, social time, and

log consumption) by twice their standard deviation, and constructing a βrich

coefficient by multiplying the unstandardised βcons by 0.51 (the log distance

from the 3rd to the 5th sextile of the consumption distribution).

In contrast to 6.2.2, however, we now require individual-level coefficients

on each of the relevant independent variables, rather than merely their sample

averages. To obtain estimates of these coefficients, we use the results of the

random coefficient model estimated in Section 5.2.2 to generate Empirical

Bayes (EB) predictions for the individual level coefficients.21

Figure 6.1 displays the distribution of the individual-level Kendall’s τb

21See e.g. footnote 30 in Chapter 5.
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correlations between the ranking of outcomes implied by pIMP
k and βk (solid

line), and pQOLk and βk (dashed line). As we can see, the (pIMP
k - and βk-

based rankings are positively correlated on average, but only weakly so, with

a mean of 0.15 (roughly corresponding to a 58% chance of correctly ranking

any two pairs of outcomes).22 In contrast, the (pQOLk - and βk-based rankings

are barely correlated at all on average, with a mean of 0.01. This seems

to confirm the results of the previous section, suggesting that individuals’

private information is in general fairly poor, though the information content

of the 10-point pIMP measure is — perhaps unsurprisingly — greater than

that of the binary pQOL variable.23

Despite this relatively pessimistic conclusion, there does appear to be a

fair amount of variation in the quality of information between individuals.

The standard deviation of the τi(p
IMP
k , βk) is 0.32 (suggesting that those one

standard deviation above the mean in accuracy have a 16% higher chance

of correctly ranking two outcomes than the average); while the standard

deviation for the τi(p
QOL
k , βk) is 0.44 (corresponding to a 22% higher chance

22This would be the exact interpretation for Kendall’s τa. The correction for ties in the
τb measure complicates this interpretation somewhat, but it nonetheless give a reasonable
intuitive sense of the magnitude of the correlation.

23One possible concern with this analysis is that the low correlation between the stated
and estimated importance of a these outcomes is that it could be due to imprecision in the
individual-level coefficient estimates, rather than the quality of private information. One
way to test this possibility would be to see whether the individual-level standard errors
on the empirical Bayes predictions correlate with the individual-level Kendall’s τb values.
A negative correlation between the two would suggest that errors are indeed likely to be
driven in part by inaccuracy in the β̂is. Unfortunately, Stata does not currently provide
a facility for calculating such standard errors.
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of correct ranking). Attempting to find predictors of such variation seems a

useful task for further research.

Figure 6.1: The distribution of individual-level Kendall’s τb correlations

−1 −.5 0 .5 1

IMP
QOL

Kernel density estimates of the distribution of individual-level τb values: τbi(p
IMP
k , βk)

(solid line); and τbi(p
QOL
k , βk) (dashed line). τ values of 1, -1, and 0 represent complete

agreement in the rankings, complete disagreement in the rankings, and independence of

the rankings respectively.

6.3 Conclusion

This chapter has examined one potential implication of finding that individ-

uals differ significantly in what is important to them. We showed, in Sec-

tion 6.1, that such variation diminishes the usefulness of population-average

coefficient estimates to individuals in attempting to predict what will make

them happy. However, the value of such estimates will typically also depend
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on the accuracy of individuals’ private judgments.24

In Section 7.3.2, we then went on to provide three separate — and to

our knowledge novel — tests of the quality of such judgments, using data

from the BHPS. In contrast to much of psychology literature, which has

tended to focus on biases that apply generally across many domains (and

especially on impact bias), we focus on two slightly different concerns. First,

in Section 6.2.2, we examine the possibility that individual judgments might

be more biased in some domains than others. It is such relative biases that

seem most likely to lead to poor decision-making, because they will distort the

trade-offs that individuals perceive between different outcomes. Our results

are consistent with the notion that people have roughly accurate perceptions

of the relative value of health, relationships, friends, and jobs, but suggest

that they may over-estimate the relative value of having children and money.

Second, even when people’s judgments are relatively unbiased, they may

still be very noisy predictors of their SWB responses. The issue of precision

seems to have received less attention in the literature than bias, though it

may be just as important in determining the value of the sorts of “surroga-

tion” strategies advocated by Gilbert et al. (2009). Sections 6.2.3 and 6.2.4

therefore seek to assess the precision of individual judgments in two different

24Although we have not examined the issue in depth here, a similar set of considerations
would seem to arise in certain policy contexts, when considering the extent to which
decision-making should be centralised.
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ways.

The first assumes that the BHPS measures of the stated importance of

different outcomes are inter-personally comparable, and examines whether

the SWB of those who say that a given outcome is especially important re-

sponds more strongly to changes in that outcome. We find that stated values

generally have surprisingly poor predictive ability in this regard. In only one

case — the importance of relationships — do we find a consistent positive

relationship between stated values and estimated SWB responses. When we

attempt to control for differences in the way individuals report the impor-

tance of outcomes, we also find that those who especially value jobs respond

more negatively to unemployment. However, for income, consumption, refer-

ence income, health, social time, and having children, we find little evidence

that individuals’ stated values have useful information content.

The second test abandons the assumption of inter-personal comparabil-

ity and instead examines the extent to which individuals’ stated rankings

of different outcomes agree with those implied by empirical Bayes estimates

of their (individual-level) coefficients (derived from the LMM model we fit

in Chapter 5). While the rankings of any two outcomes are more likely

to agree than not, the correlation between the rankings is relatively weak

— supporting the general tenor of our earlier conclusion about surprisingly

poor predictive ability of individuals’ stated values. Nonetheless, there does
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appear to be a fair amount of variation in the quality of different individ-

uals’ information, and the best are rather more accurate than the average.

Whether those who are in general more accurate have any common observ-

able characteristics seems a useful avenue for further research.

There are, as we have already noted, reasons to be cautious in the inter-

pretation of these results. There are legitimate concerns about the extent

to which individuals’ stated values reflect their true beliefs (although the

correspondence between the two alternative value proxies, pIMP and pQOL,

suggests they are capturing something, as does the fact that some of the prox-

ies perform fairly well). Moreover, we could also question the degree to which

these measures are comparable either between individuals or between out-

comes (although we have also adopted alternative empirical strategies that

reduce the need to rely on such assumptions). Even with these concerns,

however, the extent to which the private information measures generally fail

to predict variation in individuals’ actual responses is quite striking.

Such results lend support to existing evidence from the psychological

and behavioural literature that throws doubt on the traditional neoclassical

assumption that individuals are good judges of what will bring them satisfac-

tion. They also extend these existing results in a two interesting ways, sug-

gesting both that some outcomes (children and money) are overvalued more

than others, and that, despite our generally poor predictive ability, we also
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have less noisy estimates of the importance of some outcomes (relationships

and jobs) to SWB. Though we have suggested a range of possible explana-

tions for such differences — including the possibility that we may adapt more

to some outcomes than others — we have not been able to investigate this

possibility here, and this remains an interesting avenue for further research.

Finally, it is interesting to note that it is precisely those areas that exhibit

the greatest population-level variation in responses (relationships and jobs)

about which individuals appear to have the best private information, and

those that exhibit the least population-level variation (children and money)

where individual judgments appear most likely to be biased. This suggests

that population-level surrogation is likely to be most useful for the latter,

and least useful for the former.
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Chapter 7

Conclusion

Recent years have seen an explosion in interest amongst economists in the

determinants of SWB. This thesis has used data from Russian and British

household surveys to examine three major issues in this burgeoning litera-

ture: the importance of distinguishing between consumption, income, and

wealth as separate influences on SWB; the estimation of reference groups;

and the scale, structure, and importance of individual differences in the de-

terminants of SWB. Although the substance of the three Parts of the thesis

share some common concerns, the issues they address are sufficiently distinct

that we have chosen below to recapitulate the major and conclusions of each

separately.
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7.1 Consumption, Income, & Wealth

Part I of the thesis used Russian and British household panel data to explore

the apparent disjunction between the traditional specification of the utility

function — which holds that it is current consumption that contributes to

current utility — and the standard approach to empirical SWB work, which

(primarily for reasons of data availability) has focused instead on estimating

the effect of income.

In methodological terms, our results strengthen the findings of previous

research, which has suggested that the empirical focus on income tends to

underestimate the impact of money on SWB. However, unlike earlier results,

our findings are more robust to the presences of unobservable heterogeneity

and possible biases arising from the use of financial-satisfaction as a depen-

dent variable, rather than the more global measure of life-satisfaction that

we employ. We have also attempted to use consumption measures that more

closely align with best practice — in particular, via the incorporation of

rental values for housing and durable consumption.

This result itself is entirely consistent with the implications of the tra-

ditional, consumption-based utility function: if income were simply a noisy

measure of consumption, then we would expect income-based estimates of

the importance of money to understate its impact. Indeed, it is in this light
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that that the Headey and Wooden (2004) results have been interpreted by

subsequent authors such as Clark, Frijters, and Shields (2008). However, a

major contribution of Part I is to provide evidence that this interpretation

— and the exclusively–consumption-based model on which it is based — are

incomplete in important ways. The standard theory predicts that, once we

control for current consumption, income and wealth should have no further

effect on current SWB. In contrast, we provide evidence that both variables

influence SWB, and that they do so in a way that is difficult to attribute

merely to their capturing measurement error in consumption.

Instead, our results suggest that income and wealth can both affect SWB

independently of consumption. The wealth measures available in the RLMS

are somewhat limited; however, the more extensive measures available in

the BHPS allow us to conduct a fairly extensive model selection exercise to

determine exactly how wealth affects SWB. In this respect, we advance the

existing literature in four ways. First, we are able to resolve a tension between

the approach taken by Headey and Wooden (2004) and Headey, Muffels, and

Wooden (2008), and that employed by Brown, Taylor, and Wheatley Price

(2005), as to whether it is individuals’ overall net position that influences

SWB, or whether they instead operate distinct mental accounts for assets

and debts, and for different types of wealth. Our results strongly support

the latter view. Second, we provide a novel test of the “hedonic editing” hy-
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pothesis put forward by Thaler (1985, 1999) and Thaler and Johnson (1990),

which suggests that individuals may attempt to frame their mental accounts

so as to maximise their SWB. In contrast to experimental results finding

partial support for this view in other contexts, we find no evidence that indi-

viduals frame their wealth holdings in this way. Third, we examine whether

individuals respond more to debt than to assets, and (again in contrast to

existing results) find no evidence for debt-aversion. Finally, our results sug-

gest that some types of wealth have a larger effect on SWB than others. In

particular, long-term wealth holdings (such as investments) appear to have a

smaller impact than either housing wealth, or shorter-term savings and debt.

We also find that savings for specific items have a greater effect on current

SWB.

Collectively, these findings suggest that at least part of the reason for the

importance of wealth is rooted in the anticipation of future consumption,

and we find some further support in the RLMS data for the idea that both

income and wealth can influence SWB via the sense security they provide

about the future. In contrast to the standard discounted utility model, which

treats inter-temporal decisions as depending on a detached weighing of future

against current consumption, these results lend support to an older theory

of utility and inter-temporal consumption-savings behaviour. Championed

by W.S. Jevons (1888), and even more so by his son, H.S. Jevons (1905), the
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idea that such decisions may depend significantly on the impact of future

consumption on current, rather than just future utility has been recently

resurrected in a number of behavioural models put forward by e.g. Caplin

and Leahy (2001) and Köszegi (2005).1 Some further implications of this

broader view of utility can also be found in Frederick, Loewenstein, and

O’Donoghue (2002).

In addition to the importance of future consumption, we also find evidence

that the effect of income and wealth on current utility is — especially in

Russia — partly related to the sense of status and/or self-esteem that they

provide. As with anticipatory consumption, the inclusion of such factors in

the utility function also recalls an older, more inclusive tradition in utility

theory. Much of e.g. Duesenberry’s (1949) relative income theory is heavily

rooted in the importance of such status concerns — as of course is much of the

more recent research into the effect of others’ economic outcomes on SWB.

One particularly interesting implication of incorporating such concerns is the

finding that, in Russia, individuals appear to gain more SWB from income

that they are somehow responsible for, than income they receive as a transfer.

Altogether, these findings point towards a rather broader conception of

the ways in which economic outcomes can contribute to SWB than that

1Although, as we noted above, there are certain respects in which our finding that
mental accounts moderate the SWB-impact suggests some glosses on the way in which
these models incorporate future consumption into current utility.
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embodied in the standard consumption-based model. As we might expect,

the inclusion of such concerns may have a variety of implications for welfare

analysis, of which we have sketched the outline of only a few here. These

include e.g. the suggestion that consumption may be a less preferable basis

for welfare and poverty analysis than is often claimed, and that the welfare

cost of income volatility may be greater than the standard model would

suggest. While we should be cautious about assuming that such findings will

necessarily translate from the realm of experienced-utility to decision-utility,

they may also have important implications for behaviour.

Another theme that emerges in these results is the importance of context

in determining what matters to SWB. In at least one respect, our quantitative

results differ quite markedly between Russia and Britain: while income is

roughly as important to SWB as consumption in Russia, it is much less so in

Britain (and in some specifications, fails to attain significance at all). Two

major explanations for this difference appear to find some support in the

data. The first is that income may be more important to status in Russia

than in Britain. Consistent with this hypothesis, we find that earned income

has a greater effect than unearned income in Russia, but not in Britain. The

second is that income is especially important to individuals’ sense of security

about the future in volatile economic environments such as post-transition

Russia, but less so in more stable circumstances. Consistent with this idea,
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income is relatively unimportant to SWB over most of the BHPS sample,

but exerts a greater influence around the time of the stock market crash of

2000.

7.2 Reference Groups

In Part II of the thesis, we made two major contributions to the literature on

the estimation of social effects — i.e. the effect of others’ outcomes — on in-

dividual SWB. The first, building on the analysis of Part I, is to demonstrate

the potential importance of distinguishing between the effects of others’ in-

come (which, again, has been the focus of most empirical work) and others’

consumption.

Until recently, it has been a fairly standard finding in that others’ income

exerts a negative, comparison effect on individual SWB (see e.g. Clark, Fri-

jters, and Shields, 2008, for an overview). However, in two recent papers,

Senik (2004, 2008) has shown that this effect appears to reverse in Eastern

Europe and the US, where there is substantial economic volatility, and/or

perceptions of high mobility. In such circumstances, she argues, individu-

als take others’ income as a signal of their future prospects, rather than a

reference point against which to measure themselves.

We revisit this finding in the context of the RLMS, and, while confirming
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Senik’s result that others’ income has a positive effect on SWB, find that

others’ consumption — which is likely to have less value as a signal, and

more influence as a point of comparison — has a countervailing negative

effect. We show further that, depending on how we define the relevant refer-

ence groups for income and consumption, we can obtain different conclusions

about whether the information or the comparison effect dominates.

The sensitivity of our conclusions to the specification of the reference

groups is what motivates the second main innovation of Part II. Instead

of imposing a preconceived notion of the appropriate groups, we develop a

novel estimation strategy that lets the data determine the reference groups

and reference effects jointly. Our estimator generalises both the major ex-

isting approaches to specifying the reference groups, and can be thought of

as either: a “fuzzy” cell-mean approach, which allows individuals (or house-

holds) outside a given (geographic, gender, age-group etc.) cell to affect

the reference level to some extent; or as a non-linear kernel predictor of the

relevant reference outcome.

Importantly, it offers the promise of identifying appropriate reference

groups without the need to survey individuals on this point directly. In

fact, it can potentially provide a data-based check on such survey responses,

even when they are available. Indeed, in line with the results of existing

survey responses, we find that reference groups are primarily local rather
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than global. However, we find that this is true only for some dimensions

of social distance: some variables that predict income or consumption are

nonetheless irrelevant in defining the reference group. In fact, the reference

groups differ for income and consumption, with geography and household size

the most relevant dimensions in defining the consumption referent, but pro-

ductive characteristics more relevant to the referent in income (as we would

expect if income acts primarily as a signal).

Estimating the reference effects jointly with the reference groups also al-

lows us to gain a better idea of the net effect of others’ economic outcomes on

SWB. Regardless of whether we choose to focus on individual or household

income, the negative effect of others’ consumption consistently outweighs the

positive effect of others’ income identified by Senik. While information dom-

inates comparison in respect of income, comparison dominates information

overall.

As with any approach, the estimation of reference groups is limited some-

what by data availability. If, for example, reference groups are defined in

terms of social networks, but we lack data on these, then we will be un-

able to identify this. The approach taken in Part II could also be extended

in a number of ways to allow for even more flexibility in the specification

of reference groups — for example by allowing for interactions between dif-

ferent dimensions of social distance (equivalent to non-Euclidean distance
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measures), or by allowing for asymmetry in upward and downward compar-

isons. Nonetheless, even with these data constraints, and the simplifying

assumptions imposed, our estimator is still more flexible that existing alter-

natives, and allows us to tackle questions which existing approaches have

difficulty addressing.

7.3 Heterogeneity in the Determinants of SWB

In Part III we turned to examine the scope, structure, and significance of

individual differences in the determinants of SWB, with a specific focus on

Britain. While there is a body of existing work that attempts to identify

observable variation in what brings different individuals satisfaction, this

can only provide a lower bound on the total amount of variation in the

population. Moreover, while there have been some attempts to identify the

full scale of both observable and unobservable differences, they have so far

focused on only a small number of outcomes, such as the effect of income

on financial satisfaction (Clark et al., 2005) or adaptation to marriage and

divorce (Lucas et al., 2003). As such, they have been unable to address the

possibility of correlations between the importance of different outcomes; and

have also had difficulty distinguishing “true” variation in the determinants

of SWB from variation in how individuals report SWB.
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7.3.1 Identifying Heterogeneity

In Chapter 5, we use random coefficient models to simultaneously estimate

not only the amount of unobservable variation in seven distinct determinants

of SWB (consumption, reference income, health, unemployment, hours of

work, relationships, and children), but also the correlations between different

values. This allows us to advance the existing literature in a number of ways.

First, we find that there is indeed a large amount of variation in the way

different individuals report responding to each of the outcomes we examine.

In some cases, such as the effect of reference income or of having children, tak-

ing account of such individual differences seems especially important: despite

the fact that the average effect of these variables is insignificantly different

from zero, there appear to be both individuals who respond significantly neg-

atively, and those who respond positively to changes in them. In respect of

other outcomes too, we find that there is often variation, not only in the

degree to which different individuals respond, but in the direction they re-

spond. For example, while people respond positively to both consumption

and relationships on average, there seem to be significant numbers for whom

consumption breeds dissatisfaction, or whose relationships take a heavy emo-

tional toll on them.

Second, and related to this latter point, we are able to go beyond previous

352



work (e.g. Lucas et al., 2003) to verify that the appearance of oppositely-

signed effects is not merely an artefact of the normality assumption relied on

by the standard Linear Mixed Model. To do so, we employ a semi-parametric

method, new to the SWB literature, to relax the normality assumption. An

interesting task for future research would be to compare the performance

of alternative parametric, semi-parametric and non-parametric (latent-class)

approaches to estimating variation in coefficients.

Third, we find that there is indeed some underlying structure in the way

different individuals respond to different outcomes. Some of this is related to

observable demographic characteristics (especially age) but most of it is not.

In the remaining unobserved variation, we find evidence that individuals’ val-

ues tend to cluster to some degree around a “materialism” axis, with those

who most value consumption and respond most negatively to others’ income

also tending to place less value on other outcomes such as health, employ-

ment, social time (relative to time spent working), relationships, and having

children. In line with previous research, we also find that those who are more

materialistic tend to have lower SWB than their observable characteristics

would otherwise predict.

Fourth, we find that those who are least satisfied with their lives over-

all (whether for observable or unobservable reasons) tend to respond more

strongly to changes in consumption, health and employment, and less to more
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“social” factors such as social time, relationships and children. They do not,

however, appear to respond differently to others’ income. As it stands, we

do not know why these “SWB-poor” individuals respond to outcomes in the

way they do, and in particular whether it is being SWB-poor that, say, leads

relationships to be generally unfulfilling, or instead that these individuals

are SWB-poor in part because they gain little from relationships. This is a

potentially interesting avenue for further research.

These results also feed into out final conclusion: in contrast to earlier

work, we are able to show that the variation we have identified in individual

SWB-responses to different variables cannot be due simply to differences

in the way they use reporting scales. We provide three pieces of evidence

for this conclusion. First, as already discussed, we have found that some

individuals respond in different directions to the same variables — a result

that is difficult to explain with reporting heterogeneity alone. Second, if

all heterogeneity were due merely to reporting differences, then this would

imply both perfect correlations between the effects of different variables, and

that the amount of variation in each coefficient should be proportional to its

average effect. Both of these restrictions are conclusively rejected by the data.

Finally, we show that there are significant inter-individual differences in the

“consumption multiplier equivalents” of various outcomes. These measures,

which define the trade-offs each individual faces between consumption and a
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given variable, are invariant to (affine) transforms of the reporting function,

and variation in these is therefore unlikely to be significantly contaminated

by reporting differences.

7.3.2 Do we know what makes us happy?

In Chapter 6 we go on to examine one potential implication of the results

of Chapter 5: that large variations in individual SWB-responses to a given

variable undermine the usefulness of information about population-average

coefficients, making them less informative to both individuals and policy-

makers. In both cases, however, the value of population-average information

depends in part on the quality of the information that individuals themselves

have about what is important to them. If people are poor judges of what

will bring them satisfaction, then information about population-average re-

sponses will be more useful to them in attempting to predict their response

to a change in circumstances. Moreover, while greater variation in individ-

ual responses increases the costs of centralised decision-making (e.g. the

provision of a single level of health-care to all), it may nonetheless outper-

form more decentralised decision-making if individuals’ private information

is sufficiently poor.

The quality of individuals’ predictions about what will make them happy
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has been a topic of interest to both psychologists and behavioural economists,

who have accumulated a variety of evidence that individuals suffer from a

number of biases in this regard. This chapter makes a novel contribution to

this literature by examining whether individuals’ stated values match their

SWB-responses to changes in their situation. Although our results should

be interpreted with some caution, they suggest that individuals have surpris-

ingly poor information about what contributes to their satisfaction. Interest-

ingly however, there appears to be a fair degree of variation in the quality of

individual information, both between different domains and between different

individuals.

Our results suggest that, on average, individuals appear to have roughly

accurate senses of the relative importance of health, employment, relation-

ships, and social time to SWB. We nonetheless find evidence they may sys-

tematically overestimate the SWB impact of having children, and — more

tentatively — money. In contrast to existing results, which tend to focus

on general biases, such relative biases are arguably more interesting — as

they will tend to distort individuals’ perceptions of the trade-offs they face

between different outcomes.

Even if individual information is roughly accurate on average (i.e. un-

biased) this in itself says little about the precision of individual judgments.

We therefore go on to investigate this precision in two ways. First, we use
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an interaction strategy to see whether inter-personal variation in the stated

importance of an outcome predicts variation in how individuals respond to

changes in the corresponding variable. In general, we find little evidence that

those who say that a given outcome is especially important to them respond

especially strongly to such changes. There are however two major exceptions

to this general pattern: (a) those who say that they especially value relation-

ships tend to have relationships that are more satisfying, and to gain greater

SWB from them; and (b) those who say that friends are especially important

may respond more to changes in the amount of time they spend on social

leisure.

In contrast to this first strategy, which relies on some level of inter-

personal comparability in individuals’ stated values, our second strategy in-

stead focuses on the degree to which each individuals’ stated ranking of out-

comes matches the (empirical Bayes) predicted individual-level coefficients

derived from the estimations conducted in Chapter 5. While the rankings

of any two outcomes are more likely to agree than not (58% vs. 42%, based

on the best performing measure of individual values), the effect is relatively

small. Nonetheless, there is a reasonable amount of variation in the qual-

ity of different individuals’ information, with those one standard deviation

above the mean having around a 75% chance of correctly ranking any two

outcomes.
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Overall, these results — while somewhat discouraging from the perspec-

tive of individual decision-makers — do at least suggest that SWB research

can usefully contribute to their knowledge. Together with the findings of

earlier chapters, they provide further confirmation of the important role that

such research can play in helping both individuals, and the governments that

serve them, to advance the cause of human well-being.
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Appendices

A.1 Preferences Over Income Streams

The inclusion of income and wealth in the instantaneous utility function

generates preferences over income streams that do not exist in the standard,

consumption-based model. The inclusion of income creates a preference for

income-smoothing, while the inclusion of wealth generates a (competing)

preference for “front-loaded” income streams, which will allow the benefits

of wealth to be enjoyed in more periods.

This can be seen most easily in a stripped down consumption-savings

model, where we assume the agent’s problem is to maximise the (undis-

counted2) sum of a generalised instantaneous utility function (additively

separable in consumption, income and wealth) over a finite time horizon

of length T . In order to focus attention on the relevant issues, we assume a

2Not discounting seems preferable from the perspective of welfare analysis, and serves
to focus attention on the effects of interest.
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zero interest rate, and fix both hours worked each period, and total income

constant.

max
c1,...,cT ,y1,...,yT

U =
T∑
t=1

{f(ct) + g(yt) + h(At)} (A.1)

s.t. AT ≥ 0 (A.2)

T∑
t=1

yt = Y (A.3)

where ct is consumption, yt is income, and At =
∑t

τ=1(yτ−cτ ) represents the

agent’s asset holdings. To illustrate the key results, we consider a number of

possible assumptions on the functions f(·), g(·), and h(·):

f ′(x) > 0, f ′′(x) < 0, lim
x→0

f ′(x)→∞ (F)

g(x) = 0 (G0)

g′(x) > 0, g′′(x) < 0 (G1)

h(x) = 0 (H0)

h′(x) > 0, h′′(x) < 0 if x > 0 (H1)

Considering the four possible combinations of these in turn yields the follow-

ing propositions.

Proposition 1. If (F), (G0), and (H0) hold (i.e. consumption is the only
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argument in the utility function) then: (a) the optimal solution to the problem

in (A.1)-(A.3) sets consumption constant at ct = Y/T , for all t ∈ T ; and (b)

the agent is equally satisfied with any income stream that sets total income

equal to Y .

Proposition 2. If (F), (G1), and (H0) hold (i.e. both consumption and

income, but not wealth matter) then: (a) Proposition 1(a) continues to hold;

and (b) the optimal solution to (A.1) now sets income constant at yt = Y/T ,

for all t ∈ T .

Proposition 3. If (F), (G0), and (H1) hold (i.e. consumption and wealth,

but not income matter) then: (a) the optimal consumption profile is increas-

ing over time; and (b)(i) the agent prefers any income profile y′ to another

y = {y1, . . . , yT} if it is more “front-loaded” (i.e. if y′ = {y1, . . . , ys +

δ, . . . , yt − δ, . . . , yT} for any s < t, δ > 0); and (ii) the optimal income

profile is “fully front-loaded”, y∗ = {Y, 0, . . . , 0}.

Proposition 4. If (F), (G1), and (H1) hold (i.e. consumption, income, and

wealth all matter) then: (a) The optimal consumption profile is increasing

over time; and (b)(i) the optimal income profile is strictly declining over

time, unless and until it reaches 0 (after which point it is constant); but (ii)

the optimal income profile is not, in general, fully front-loaded.

Propositions 2(b), 3(b) and 4(b) show that, in all three cases where in-
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come and or wealth enter into the utility function, this generates preferences

over income streams that do not exist in the standard consumption-only

model (Proposition 1(b)). Moreover, Propositions 3(a) and 4(a) show that

the inclusion of wealth in the utility function generates an incentive towards

increasing consumption streams not otherwise present.3

With the addition of non-negativity constraints on the yt, the Lagrangian

for the problem in (A.1)- (A.3) becomes:4

L =
T∑
t=1

f(ct) +
T∑
t=1

g(yt) +
T∑
t=1

h

(
t∑

τ=1

(yτ − cτ )

)
+ λ

T∑
t=1

(yt − ct)

− γ

(
T∑
t=1

yt − Y

)
+ θ1y1 + . . .+ θTyT (A.4)

with FOCs:

ct : f ′(ct)−
∑T

τ=t h
′(Aτ )− λ = 0, ∀ t ∈ T (A.5)

yt : g′(yt) +
∑T

τ=t h
′(Aτ ) + λ− γ + θt = 0, ∀ t ∈ T (A.6)

Proof of Proposition 1. The result is well-known and the proof straightfor-

ward.5

3Relaxing the assumption of zero interest creates similar incentives, but the point here
still stands.

4The assumptions we place on f(·) in (F) above mean we can ignore issue of non-
negativity constraints on ct.

5 Relaxing the assumptions of zero interest and fixed hours does generate preferences
over income streams. But the point of the analysis — that including income, and wealth
in the utility function generates additional preferences that do not exist in these models
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Proof of Proposition 2. The proof is again straightforward, and follows in

the same manner as the consumption result in Proposition 1(a).

Proof of Proposition 3. To show Proposition 3(a), subtract any FOC ct from

cs, where s < t:

cs − ct : f ′(cs)− f ′(ct) =
∑t−1

s h′(At) > 0, ∀ s < t (A.7)

f ′′(·) < 0 immediately implies that cs < ct. Proposition 3(b)(i) follows from

the fact that the marginal utility of income (through the wealth term in the

utility function) is always greater in an earlier period than in a later period:

dU

dys
− dU

dyt
=

t−1∑
s

h′(At) > 0, ∀ s < t (A.8)

Proposition 3(b)(ii) then follows immediately with the addition of non-negativity

constraints on yt. Subtracting any FOC ys from yt, where s < t, gives:

yt − ys : θt − θs =
∑t−1

s h′(At) > 0 ∀ s < t (A.9)

which implies that θt > 0, ∀ t 6= 1, and thus, that income will be zero in

every period except the first (where it will be equal to Y ).

— is not affected.
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Proof of Proposition 4. Proposition 4(a) follows in exactly the same man-

ner as Proposition 3(a), with the only change being that, if income is not

fully front-loaded, At will now be smaller in each period, and the RHS,∑t−1
s h′(At)will be greater, implying a fall in initial consumption, and a con-

comitant increase in the rate of consumption growth. Proposition 4(b)(i) can

be seen as follows. We first show that, if income is positive in any period

s, then ys > yt for all t > s. If yt = 0, then this is obvious. If not, then

subtracting the FOC on ys from the FOC on yt gives:

yt − ys : g′(yt)− g′(ys) =
∑t−1

s h′(At), ∀ s < t (A.10)

and hence, yt < ys (with g′′(·) < 0 and h′(·) > 0). Second, we show that if

ys = 0 then yt = 0, for all t > s. Allowing the constraints to bind, (A.10)

becomes:

yt − ys : θt − θs =
∑t−1

s h′(At) + g′(0)− g′(yt) > 0 ∀ s < t (A.11)

The final inequality holds because g′′(x) < 0 implies g′(0) ≥ g′(yt) ∀ yt, and

immediately implies that θt > θs > 0, which is what we require. Proposi-

tion 4(b)(ii) will hold provided that there exist circumstances under which

(A.10) holds for s = 1 and t = 2. While it is not difficult to generate ex-
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amples when this will be the case, more generally, precisely when any of the

constraints will bind, and thus, whether earning zero income in some periods

will be optimal, depends in a rather complicated way on the nature of all

three sub-utility functions. In general, it can be seen from (A.10) that the

steepness of the income decline (and hence the probability of the constraints

binding) will be greater:

(1) the greater is the marginal utility of wealth, h′(At);

(2) the lower the agent’s level of risk aversion, −g′′(yt)
g′(yt)

in income; and

(3) the greater is the agent’s level of risk aversion in consumption, −f ′′(ct)
f ′(ct)

.

The first two follow from inspection. (3) follows because increased consump-

tion smoothing will decrease At in each period, and thus increase h′(At)

(because h′′(At) < 0). Intuitively, the more risk averse an agent is in con-

sumption, the more she will prefer to increase wealth by front-loading income

rather than “rear-loading” consumption.

A.2 RLMS Variable Construction

RLMS Individual Income

RLMS Individual Income is the sum of individual main cash salary, individ-

ual non-cash salary, additional salary, additional non-cash salary, other paid

work salary, amount of pension income, and unemployment benefits. Where
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individuals report receiving income from a given source, but do not report

the amount, the amount is imputed using the median value conditional on

settlement type, gender and age category (if possible). In general, less than

1% of any particular variable is imputed, and it never materially affects the

characteristics of the variable.

RLMS Household Income

RLMS Household Income is the sum Individual Income for each individual

in the household, plus the value of home production sold, consumed or given

away. Where households report home production of a given item, but do not

report the amount, it is imputed using the median conditional on settlement

type and family size (if possible).

RLMS Household Expenditure

RLMS Household Expenditure is the sum of expenditure on food, clothing,

durables, luxury durables, fuel, services, rent, bonds, insurance, alimony

and loan repayments, plus savings, and home-produced goods consumed or

given away. As above, where households report expenditure on a given item,

but do not report the amount, it is imputed using the median conditional

on settlement type and family size (if possible). For those data on which

substitution counts are reported, the total imputation never exceeds 1% of

366



the data.

Household Expenditure

Our Household Expenditure measure is the RLMS Household expenditure

measure minus reported savings, expenditure on bonds and loan repayments.

A.2.1 Household Consumption

Construction of our household consumption measure follows the guidelines

set out in Deaton and Zaidi (2002). It consists of the RLMS Household

expenditure measure less reported savings, expenditure on bonds, loan re-

payments, durables and luxury durables (which are technically additions to

wealth and not consumption), plus estimates of (a) the rental value of du-

rables owned, and (b) the rental value of housing consumed.

Constructing the Rental Value of Durables

Unfortunately, while the RLMS has data on the ownership and age of a

variety of consumer durables, it does not have information on the value of

individual items owned, except in Round 5.6 In the absence of such data, we

use the Round 5 data to impute predicted values for durables with particular

6Moreover, because the reported expenditure categories are wider than the ownership
categories – e.g. “Cultural Goods” and “Appliances” rather than “TV”, “Video” or “Com-
puter” and “Refrigerator”, “Freezer”, or “Washer” – we cannot reliably use expenditure
data to impute such values.
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characteristics. This can only give us values for those items asked about

in round 5, and therefore excludes Trucks, Hair-Dryers, and Computers,

which were only added to the survey later. We also drop tractors and other

apartments, because we consider them more likely to be investment than

consumption.7

Following Deaton and Zaidi (2002), we assume a constant depreciation

rate for each of the remaining durable items:

Va = V0(1− δ)a

where Va is the value of an item of age a, and V0 is it’s initial value when

new. Taking logs gives:

lnVa = lnV0 + a ln(1− δ)

If we further specify that:

lnV0 = β0 + β1 ln ci + γzi + εi

where ci is household non-durable expenditure (intended to capture the gen-

eral effect of household wealth on durable value) and zi is a vector of region

7In any event, the regressions outlined do a poor job of predicting these values.
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and settlement-type dummies,8 this yields:

lnVa = β0 + β1 ln ci + γzi + θa+ εi

The results of running this regression on the Round 5 data (shown in A.1

and A.19) gives us two pieces of information. First, the estimated coefficient

on a, θ̂ is an estimate of ln(1− δ). Second, it allows us to predict values for

the stock of durable good g, owned by family i, in period t as:10

V̂g,a(t) = exp
(
β̂0 + β̂1 ln ci + γ̂zi + a(t)θ̂

)

As Deaton and Zaidi (2002) show, from this information, coupled with Bank

of Russia monthly data on the nominal interest rate, we can calculate the

user cost of good g in period t as:

Dgt = V̂g,a(t)(rt + δg)

= V̂g,a(t)(rt + (1− exp(θ̂)))

8 The latter are excluded from the the regressions for freezers and cottages, as there
are not sufficient observations here to be useful.

9 Unfortunately, the R2s for the regressions are in general low. However, we have few
alternative available to us.

10 In fact, as Goldberger (1968) shows, the log transformation means that V̂g,a(t) is not
an unbiased estimate of Vg,a(t). However, because we take logs of both rental and stock
values before using them in our regressions, we do not “correct” for this here.
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Constructing the Rental Value of Housing

In each round, the RLMS includes questions regarding the amount each

household spent on rent and municipal services in the past month. However,

for a number of reasons, the answers to these questions are unlikely to give us

useful measures of housing consumption. This is most obvious for privatized

residences where no rent is due, but even for non-privatized residences, the

raw data is likely to be problematic.

(1) The rental owed by most households does not reflect the market value

of their accommodation. Most accommodation is subsidised by local

governments, who typically require rental payments well below cost

recovery. While there has been a general movement towards fuller cost

recovery over the course of the sample (with reported payments towards

rent and utilities rising from 3.1% of total expenditure at the end of

1994 to 8.7% by the end of 200411) this has been sporadic and subject

to significant variation between regions (see e.g. Lykova et al., 2004).

(2) Even then, the rental reported by many households may not reflect the

amount actually owed. A significant portion of households have rent

outstanding (26% across the entire sample), and in contributing to,

11 This compares with a housing share of around 20% in most Western countries. Though
Clements, Wu, and Zhang (2006) note that the housing share tends to decrease with GDP
per capita, the RLMS reported values are low, even by developing country standards.
Moreover, general rents are consistently below those reported by market renters (which
rise from a 4.1% to an 11.1% share over the same period).
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or attempting to reduce such debts, households may have paid either

more or less than the amount due for the relevant period. (Evidence

of underpayment can be seen most clearly in the case of the 27% of

households living in non-privatized homes who report paying no rent

at all in the previous month.)

(3) Due to the construction of the sample (surveyors revisited the same

dwellings every wave, rather than attempting to track households that

moved), there is likely to be little true variation in housing consump-

tion. What variation there is is likely to consist mainly of changes in

consumption of utilities such as power, heating, and water (which are

not recorded separately except in Round 5).

The collective effect of these factors is to introduce both a sizeable amount of

spurious variation, and a significant downward bias into the reported hous-

ing consumption measures, both of which are likely to result in a bias in

coefficient estimates relying on them.12 In an attempt to overcome these

problems, we replace reported rental measures for all households with values

12 In the case of low housing consumption values, biased coefficients will result unless the
measurement error reduces our measures of overall consumption by a constant proportion
(in which case taking mean deviations for the fixed effects will remove the bias). For
other patterns of bias the sign is difficult to predict formally, though simulations suggest
that, for a simple OLS or fixed effects model with a constant intercept, a constant linear
downward bias in the untransformed independent variable typically results in a downward
bias in its coefficient (and an upward bias in the intercept).
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imputed from hedonic housing regressions, of the following form:

yit = x′itβ + εit

where yit is the log of rent paid, and xit is a vector of household characteris-

tics, including logged floor space, central heating, cold water, hot water, gas

or electric stove, central sewerage, telephone connection, and housing type

dummies.13 Given the structure of the data set, we expect the resultant loss

of information on true variation to be outweighed by the removal of noise

due to changes in subsidies and under or over-payment.

In running these regressions, we take a number of steps in order to min-

imise the potential for downward bias in our estimates.

(1) First, to minimise bias due to public subsidies, we estimate hedonic

housing regressions only on the subset of households paying market

rents. These constitute only 5.6% of the sample (and yield only 1324

usable observations). However, the results appear to outperform the

13 We impute missing values in housing characteristics using the following rules (based
on those adopted by Romanik, 1998).

(1) Where households do not provide information on a particular question in one round,
but do answer it in others, we impute values using the following algorithm:

(a) replace missing values with lagged values from the previous round;
(b) replace remaining missing values with lead values from the subsequent round;
(c) repeat (1) and (2) until all possible missing values have been imputed.

(2) Where household living space, but not total floor space is reported, we impute
missing values of the latter using the median living space to floor space ratio for
the relevant housing type.
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alternative strategies of using either the full sample, or only Round

13 data (the latter on the theory that these rents will in general be

closer to full cost recovery levels).14 In general, they predict rent levels

nearer to those obtained by Tesliuc and Ovtcharova (2006), who, using

better quality NOBUS data (with both a more extensive set of housing

characteristics, and predicted market rents for non-market households)

estimate an under-reporting of rent of around 62%. The correspond-

ing under-reporting estimates for the market rent, Round 13, and full

sample models, are 55%, 47%, and 24% respectively. The signs on all

coefficients are as expected, and while the R2 of 0.35 is somewhat low,

it is higher than that for the full sample (0.34) and only slightly lower

than that for the Round 13 model (0.42). Moreover, to the extent that

the latter does explain more of the variation in the reported rents, it is

likely to be due partially to regional differences in subsidies.

(2) Second, to minimise the effect of underpayment, we exclude households

that report paying zero rent.

(3) Finally, and also to avoid the potential for bias due to underpayment,

we exclude (log) household income from the independent variable set.

14 Moreover, as Deaton and Zaidi (2002) suggest, the hedonic imputation procedure
is also likely to outperform an approach based on imputation back from market housing
values. The latter is highly sensitive to assumptions about the user cost (which we have
little basis for making) and in any event, we have estimated market values for only a few
rounds.
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While household income is typically included in hedonic housing regres-

sions, on the theory that it is likely to proxy for unobserved household

quality, two factors decrease its usefulness in this context. First, to the

extent that housing allocation under the Soviet system was less depen-

dent on a family’s means than under a market system (and Russia’s

still relatively undeveloped housing market means that Soviet era allo-

cations have remained reasonably stable), income may be only weakly

correlated with true housing consumption. Second, and more impor-

tantly, swings in income are also likely to be highly correlated with

under or overpayment of rental obligations. Consistent with this idea,

household income strongly influences both the probability of a house-

hold owing money for rent, and the amount owed. Moreover, hedonic

housing regressions that include household income as an independent

variable consistently yield lower imputed rents than those which ex-

clude it, suggesting that, conditional on observed characteristics, the

latter correlation may be higher than the former.

From the results of this regression (presented in Table A.3), we generate pre-

dicted log rental consumption, ŷit. Taking exp(ŷit) then yields the imputed

values for housing consumption.15

15 As noted in footnote 10, Goldberger (1968) shows that exp(ŷit) is not an unbiased
estimate of exp(yit). However, because we take logs of consumption as the explanatory
variable in our regression, we do not “correct” for this here.
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Table A.3: Hedonic Housing Regression

MarketRental

Log Floor Space 0.088 (1.213)
Heating 0.530** (4.689)
Cold Water 0.149 (1.293)
Hot Water 0.249** (2.587)
Electric Stove 0.294** (3.420)
Central Sewerage 0.131 (1.008)
Phone 0.134 (1.839)
North & Northwest -0.254 (-1.462)
Central -0.447** (-3.123)
Volga -0.331* (-2.218)
North Caucasus 0.140 (0.892)
Urals -0.372** (-2.605)
East Siberia -0.307 (-1.916)
West Siberia -0.259 (-1.778)
PGT -0.197 (-1.376)
Rural -0.643** (-7.215)
Constant 5.570** (18.244)
Observations 1324
R2 0.350

* p<0.05, ** p<0.01.
t-statistics in parentheses.

A.3 Attrition In The RLMS

This appendix describes the inverse probability weighting scheme I apply

to correct for possible attrition bias in the results. Section A.3.1 gives an

overview of the method. Section A.3.2 describes our implementation.

377



A.3.1 An Overview of Inverse Probability Weighting

Fitzgerald, Gottschalk, and Moffitt (1998), Wooldridge (2002) and others

have shown that it is possible to correct for this by using inverse probability

weighted estimators if we can find a vector zit that satisfies the following

assumption:

P[sit = 1|yit, xit, zit] = P[sit = 1|zit] (A.12)

where zit is observed for all sit. Because zit is always observed, we can

estimate the selection probabilities πit via a standard logit or probit of sit on

zit, and find consistent parameter estimates by minimising the function:

minM =
∑(

sit
π̂it

)
qt(wit, θ)

where qt(wit, θ) is the general function to be minimised under a random

sampling assumption. Under assumption (A.12), and standard regularity

conditions, M has the probability limit:

plimM = E {E [(sit/πit) · qt(wit, θ)] |wit, zit}

= E {[E(sit|wit, zit)/πit] · qt(wit, θ)}

= E [qt(wit, θ)]
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If these assumptions hold, the IPW estimator will be consistent regardless

of the presence of attrition bias. However, it suffers from the weakness that it

requires us to restrict our analysis to the artificial monotone sample (i.e. the

sample constructed by imposing s(i,t) = 0 if s(i,s) = 0 for any s < t, where s is

a selection (non-attrition) indicator) which means that we lose approximately

2
3

of our observations (and even more in the case of the wealth regressions

that primarily use data from later survey rounds).16

A.3.2 Generating Inverse Probability Weights

We generate the predicted inverse probability weights by running separate

attrition probits for each round. This gives predicted response probabili-

ties λ̂it = P[rit = 1|ri,t−1, zit], which can be used to calculate the π̂it as

π̂it =
∏t

τ=1 λ̂iτ . For the estimation, we include in our vector zit, a pro-

gressively expanding set of non-response predictors. In all rounds we include

lags of household head category dummies, family size, the proportions of chil-

dren and elderly family members, settlement type dummies, region dummies,

marital status dummies, age, age squared, education, and gender. We also

include individual-level means (for the previous t−1 periods) of life satisfac-

16 As discussed in e.g. Robins and Rotnitzky (1995) and Robins, Rotnitzky, and Zhao
(1995), the case of non-monotone attrition, where attriters are allowed to (re)enter in
subsequent periods is rather more involved, requiring additional assumptions, and a rather
more complicated estimation procedure.
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tion, log household income, log household consumption, health, employment

status, and a number of surveyor-assessed attitude variables relating to both

the individual, and household survey respondents (Mu, 2003, has previously

found these to be useful predictors in this context). From Round 7 onwards

we introduce mean deviations of the same variables, and from Round 8 on-

wards, we also include their sample standard deviations. The results of these

regressions are displayed in Table A.4 and Table A.4 below. As Fitzgerald,

Gottschalk, and Moffitt (1998) note, the low R2s suggest that the resulting

corrections are likely to be fairly small — a prediction that largely seems to

be borne out in practice.

We then estimate a probit selection equation on the full panel in each

round to generate predicted probabilities for sit for each individual, and use

the inverse of these to weight the fixed effects regressions (implemented using

Stata’s areg command) reported in the text.
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A.4 BHPS Variable Construction

A.4.1 Consumption

Following Deaton and Zaidi (2002), we calculate consumption as the sum of

four consumption sub-aggregates: food expenditure, non-food expenditure,

the user cost of durables, and the rental value of housing; defining each sub-

aggregate over the six month period prior to the conduct of the survey. The

following subsections set out the construction of each of the sub-aggregates

in turn.

Food Consumption

The BHPS contains a question asking respondents to estimate their approx-

imate weekly food and grocery expenditure, by indicating which of 12 ex-

penditure categories they fall into (£10 bands up to £60, and £20 bands

thereafter, with a final band of £160 and upwards). We convert responses

in each bounded category to their midpoint, and recode the last as £170,

before multiplying by 26 to generate average half-yearly values.

Non-Food Consumption

The BHPS contains three main sources of non-food consumption data: monthly

expenditure on eating out, monthly expenditure on leisure, and annual ex-
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penditure on heating. The first two are reported in the same band structure

as weekly food expenditure, and we convert their values accordingly. We then

multiply by 6, or divide by 2, as appropriate, to obtain half-yearly averages.

Durable Consumption

Following Deaton and Zaidi (2002) we can calculate the user cost, Dg,t of

durable good g at time t as:

Dg,t = Vg,a(t)

(
1− (1 + πt)(1− δg)

(1 + rt)

)
(A.13)

where Vg,a(t) is the market value of good g of age a six months prior to the

survey date, t, δg is its rate of depreciation, rt is the nominal interest rate,

and πt is the rate of inflation over the period ending at t.17 As nominal

17This formula differs from that set out in Deaton and Zaidi (2002) in two ways. The
first, and most obvious, is that it employs the exact formula based on rearrangement of
their Equation (2.11), rather than the common approximation set out in their Equation
(2.12):

Dg,t = Vg,a(t)(rt − πt + δg) (A.14)

There is in general, little reason to use the approximate version, but it would be partic-
ularly inappropriate here when we have reasonably high depreciation (and in some cases
interest) rates.

The second, more subtle difference lies in our variable definitions. Deaton and Zaidi
(2002) calculate the user cost at time t as the cost of holding the good from time t to
time t+ 1, whereas (to remain consistent with the other consumption sub-aggregates) we
calculate it as the cost of holding the good from six months prior to the survey until the
survey date (i.e. from t − 1

2 to t). For this purpose, we require Vg,a(t) to be the value at

t − 1
2 , and rt, πt, and δg to reflect rates of change between t − 1

2 and t. (Although, in
practice, we take a three year moving average of interest rates, to allow for the fact that
it may be difficult for households to quickly alter their durable holdings to take advantage
of interest rate changes.)
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interest rates, we use a 3-year moving average (calculated over the 2 years

prior, and 1 year subsequent to the survey date) of the “Monthly Average of

the Official Bank Rate” from the Bank of England (series IUMABEDR), and

use monthly CPI data from the Office of National Statistics as the inflation

rate. Estimates of depreciation rates for consumer durables are difficult to

come by for the UK, so we follow a number of other studies in using values

for the US calculated by Jorgenson and Stiroh (2000), and set out in Table

A.5.18 Because we define consumption over a six-month time horizon, rt, πt,

and δg are all semi-annual rates, calculated from the annual rates r∗t , π
∗
t , and

δ∗g as, e.g.:

rt = (1 + r∗t )
1
2 − 1 (A.15)

Table A.5: Consumer Durable Depreciation Rates

Durable Category Goods Included δ∗g
Automobiles Vehicles 25.5%
Kitchen Appliances Freezers, Washing Machines,

Dryers, Dishwashers, Microwaves
15.0%

Computers and Software Computers 31.5%
Video, Audio TVs, VCRs, CD Players,

Satellite Dishes, Cable TV
18.33%

Other Durable Goods Telephones 16.5%

The BHPS contains a variety of information on the durable goods pos-

sessed by households, including: vehicles, TVs, VCRs, freezers, washing ma-

18See e.g. Venturini (2006), Timmer and van Ark (2005), Draca, Sadun, and van Reenen
(2006), and Keeney (2007).
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chines, dryers, dishwashers, microwaves, computers, CD players, satellite

dishes, cable TV, and telephones. Unfortunately, we have explicit data on

the value of these goods only in somewhat limited circumstances: for vehicles

only in waves 3-5, 7, and 10-15; and for the remainder only for waves 7-15,

and then only if they were purchased in the previous year. As a result, we

need to substitute estimates of Vg,a(t). In doing so, our main goals are to

capture as accurately as possible: (a) the year-on-year changes in durable

consumption, the primary drivers of which are (i) depreciation, and (ii) new

durable purchases; and (b) the percentage of overall consumption that con-

sists of durables.19 In constructing these measures, a number of somewhat

arbitrary (and in some cases obviously incorrect) choices need to be made.

Nonetheless, most of these should not significantly affect the key drivers of

the measures (depreciation and new purchases) and the undoubtedly imper-

fect measures that result are likely to be far more useful for our purposes

than the alternative of excluding durable consumption entirely, which is of-

ten adopted in other contexts.

19The latter would not matter if we thought that SWB were linear in consumption,
but with a log functional form, misestimating this percentage will result in misestimates
of variation in the logs of the consumption variable, which will bias our estimates. See
Footnote 12
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General Approach

In general (i.e. for all goods except vehicles), where we lack the relevant

data, we substitute an estimate of Vg,a(t), assuming a constant geometric

depreciation rate:20

Vg,a(t) = Vg,0(1− δ∗g)a (A.16)

We assume that goods purchased in a given period, t0, are purchased new,

at a point half way through the period. Consequently, where we observe

the purchase of a good within the sample period, we know that its age is

a(t) = t − t0. If the purchase occurs in waves 7-15 we also observe Vg,0

directly. In other cases, one or both of these quantities must be estimated.

Estimating a

If we observe a household with access to a particular durable good f (of

type g), but do not observe its acquisition, then we estimate the lifetime

of the good, Lif , as the greater of two quantities: (a) the expected age at

which the household would typically replace the good, conditional on its

income and region; and (b) the length of time, tif , that the household is

observed as having access to the good.21 (Assuming that goods have zero

20In contrast to (A.13), the depreciation rate here is annual, and the age of the good is
expressed in years.

21Where use data on access is missing for some waves, we perform imputation based on
data for the last and next waves for which it is available, according to the following rules.
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value once replaced by a new good of the same type, and that new goods

are acquired half way through the relevant period, this quantity is equal to

the number of full periods that the household has the use of the good prior

to replacement, plus an extra half period if the good is replaced during the

sample.) Formally:22

L̂if = max
{

(β̂g ln yi + γ̂gzi), tif

}
(A.17)

where yi is mean household real income over the sample period, zi is the

household’s modal region of residence, and β̂g and γ̂g are the estimated co-

efficients from the the following regression (run on the sample of households

(1) If the household reports having access to a good in both the last and next waves,
assume it has access to the good in the intervening waves.

(2) If the household reports not having access to a good in both the last and next
waves, assume it does not have access to the good in the intervening waves.

(3) If the household reports access to the good in the last wave, but not in the next, as-
sume it has access to the good in the former half of the intervening waves (rounding
up).

(4) If the household reports not having access to a good in the last wave, but having
access to it in the next:

(a) assume that it does not have access to the good in the intervening waves if
we know the good was purchased in the next wave for which data is available;
but

(b) otherwise assume that it had access to the good in the latter half of the
intervening waves (rounding up).

(5) If either there is no prior data, or no subsequent data on the use of a particular
type of good, make no imputation.

22Ideally, we would like an estimate of E[Lif |yi, zi, tif ], which is not quite what Equation

(A.17) gives us (for example, E[Lif |yi, zi, tif ] will almost certainly be greater than L̂if in

the event that L̂if = tif ). Nonetheless, the formula set out in (A.17) seems a reasonable
approximation for our purposes.
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who have access to a given durable good type prior to their first observed

purchase of such a good):

Lig = βg ln yi + γgzi + εi (A.18)

where Lig is the implied average lifetime of goods of type g for possessed by

household i, defined as:

Lig =


wig
nig

if nig > 0

wig + 5 if nig = 0

(A.19)

where wig is the number of waves in which household i is observed in pos-

session of any good of type g, and nig is the number of acquisitions of new

durable goods of type g by the household over the course of the sample (which

together imply an expected lifetime of
wig
nig

if nig > 0). If we do not observe

any acquisitions by the household within the sample period (i.e. nig = 0), we

assume, somewhat arbitrarily, that the good has a lifetime of wig + 5 years.

From this, we can then estimate the age of the good by assuming that

it is L̂if years old when replaced (or retired). This is straightforward if we

observe the good being replaced (or retired) within the sample period — in

which case it will be L̂if − 1 (or L̂if − 1
2
) years old at the beginning of the

period prior to replacement (or retirement). If we do not, we instead take
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the good’s age at the beginning of the final period observed to be:

a(T ) = max

{
1

2
(L̂if + wig), wig

}
− 1

2
(A.20)

(where the first term in curly brackets is the good’s expected age at the

end of period t if L̂if ≥ wig and we place a uniform prior over all possible

replacement dates that allow the good to be L̂if years old when replaced).

Estimating Vg,0

To impute values for Vg,0 we estimate the following equation on the observed

sample:

Vg,0,i,t = βg ln yi,t + γgzi + εg,i,t (A.21)

where yi,t is household income, and zi is a vector of region dummies. We

then impute the missing Vg,0s as:

V̂g,0,i,t = β̂g ln yi,t + γ̂gzi,t (A.22)

(substituting the earliest observed yi,t and zi,t if the good was purchased prior

to the beginning of the sample).
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Vehicles

Due to greater data availability, we follow a slightly different procedure to

generate the user cost of vehicles. Having data on the market value of ve-

hicles for most rounds allows us to simply interpolate the missing values in

a linear fashion. (This is strictly inconsistent with the assumption of a geo-

metric depreciation rate, but seems to perform adequately for our purposes.)

Because Vg,a(t) is the good’s value six months prior to the survey date, we

then project this reported (or imputed) value at the survey date, Vg,a(t+ 1
2

),

backwards, as:

Vg,a(t) =
Vg,a(t+ 1

2
)

(1− δg)
(A.23)

before applying the formula in Equation (A.13).

Housing Consumption

The gold standard for measures of housing consumption is typically taken

to be the market rent that is (or would be) paid for a household’s dwelling.

Depending on the type of housing, we use three alternative measures of this

notional private rental.

(1) For the approximately 7% of households renting on the private market

we use the rent actually paid.

(2) For the approximately 21% of households renting from local councils,
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housing associations, and other providers of social housing, rents paid

are likely to be below market rents. On the other hand, the alternative

of using estimates based on hedonic housing regressions is likely to over-

state housing consumption, because council and other social housing

is likely to differ from private rentals in neigbourhood unobservables

that would reduce its market price. For simplicity, we use the reported

rents.

(3) For owner-occupied housing (including those who own their homes out-

right, and those who have outstanding mortgages), we base the estimate

of imputed rent on the value of the home reported in the BHPS, multi-

plied by the estimated annual rental yield for the UK (and then halved,

to give a half-yearly figure). The rental yield values are calculated as

set out in Section A.4.1 below, and displayed in Table A.6.23

Calculating Rental Yields for the UK

The method we adopt for calculating rental yields for the UK is based on

that set out in Carver (2006), with a few modifications. Yields for 2001-

2006 are drawn directly from the Investment Property Databank (IPD) UK

23We attempted to calculate rental yields at the regional, rather than the national level,
but were unable to generate reasonable values, as only some elements of the data used to
construct the series were available at the appropriate level of disaggregation.
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Table A.6: UK Rental Yields
Year Rental Yield
1987 7.3%
1988 6.3%
1989 5.7%
1990 6.4%
1991 7.5%
1992 8.5%
1993 9.2%
1994 9.5%
1995 9.8%
1996 9.8%
1997 9.1%
1998 8.3%
1999 7.7%
2000 7.1%
2001 7.3%
2002 6.9%
2003 6.1%
2004 5.9%
2005 5.6%
2006 5.1%

Residential Investment Index.24 For years prior to 2001, the yield is given

as an estimated UK average mix-adjusted rent, divided by an estimated UK

average mix-adjusted house price:

UK Average Rental Yieldt =
UK Average Mix-Adjusted Rentalt

UK Average Mix-Adjusted House Pricet

(A.24)

From 1993 onwards, the Average UK Mix-Adjusted House Prices are drawn

directly from the Department of Communities and Local Government (DCLG)

Table 507. We then use the UK Mix-Adjusted Price Index (Table 593) to

project these values back for years prior to this.

24Specifically, the publicly available IPD reports for 2004, 2005, and 2006. Because
the series have been updated over time, for each year, we use the most recent available
estimate if multiple estimates are given.
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The method used to obtain the Mix-Adjusted Rentals is somewhat more

involved. To begin with, we calculate the implied rental in 2001 as the DCLG

Mix-Adjusted House Price, multiplied by the IPD Rental Yield. We then

project this back, using an index of UK rental prices, constructed from rent

data drawn from three sources: (a) weekly market rentals in England for 1990

onwards from the York Review of Housing (Table 72); (b) monthly market

rentals in England for 1995 onwards from the DCLG (Table 734, based on

data from the Survey of English Housing); and (c) The rent component

(DOBPAU series) of the UK Retail Price Index (RPI) for 1987 onwards.

These are used to construct a Composite Rent Index based on a subjectively-

weighted average of the yearly percentage increases derived from each series.

The weights for this calculation, closely based on those adopted by Carver

(2006) are set out in Table A.7.25 They assume that the DCLG is the best

rent index, when available (as it best approximates a replacement price for

owner occupied housing), followed by the York Index and then the RPI.

Table A.7: CRI Weights

Year DCLG York RPI
1991-1995 0.7 0.3
1996-2001 0.6 0.25 0.15

Once we have the annual figures set out in Table A.6, we calculate the

25The divergences from Carver (2006) are minimal, and essentially due to slightly dif-
ferent data availability.
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relevant annual yield for each household as a weighted average depending

on the the number of months of the last six that fall into a given calendar

year. So, for example, if a household is interviewed in the latter half of

February 1999, its rental yield will be 2
6

times the yield for 1999 (for January

and February), and 4
6

times the yield for 1998 (for September, October,

November and December).

A.4.2 Health Assessment

As noted in the text, the subjective health assessment variable we use as

a control is not available in Wave 9. We impute values for the missing

round based on a linear fixed effects regression, using all data for Waves 6-15

for which life satisfaction data are available. The variables included in the

RHS of the regression are the standard control variables used throughout

the British analysis, coupled with the an extra set of dummies for a range of

reported health problems (which are available in all rounds).

Specifically, the former are comprised of: log household income; log house-

hold consumption; age; age squared; marital status dummies; an employment

dummy; household size; and a dummy indicating whether the observation oc-

curred in any of waves 8, 9, or 10 (this allows for the possibility of common

shocks, assuming for predictive purposes that the unobserved shock in wave
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9 is the average of the observed shocks in waves 8 and 10).

The health dummies indicate whether the respondent experiences prob-

lems with: arms, legs, hands etc.; sight; hearing; skin conditions/allergies;

chest/breathing; heart/blood pressure; stomach or digestion; diabetes; anxi-

ety, depression etc.; alcohol or drugs; epilepsy; migraines; or other problems

(with no reported problems as the omitted category).

A.5 Predicted Income Estimations

See Table A.8.

A.6 Reference Income Regressions

See Tables A.9 and A.10

A.7 The Penalized Gaussian Mixture Model

As noted above, the PGM proceeds by assuming that the true distribution of

the random effects can be approximated by a mixture of (multivariate) basis

Gaussian densities with fixed means. Specifically, it assumes that each of

the K random effects to be estimated extends over a (standardized) interval
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Table A.8: Predicted Income Equations (Rounds 5-9)

Round
5 6 7 8 9

Log Individual Income:
Education -0.004 0.016** 0.017*** 0.024*** 0.027***

(0.005) (0.006) (0.004) (0.004) (0.003)
Female -0.368*** -0.212*** -0.391*** -0.255*** -0.252***

(0.024) (0.055) (0.029) (0.026) (0.025)
Experience -0.000 -0.003*** -0.001*** -0.000 -0.001*

(0.000) (0.001) (0.000) (0.000) (0.000)

Experience2 0.000 0.000 0.000* -0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000)

Army 1.308*** 1.360*** 1.498*** 1.151*** 1.102***
(0.111) (0.148) (0.165) (0.091) (0.066)

Legislators, Senior Managers 0.918*** 0.967*** 0.786*** 0.703*** 0.717***
(0.043) (0.091) (0.051) (0.051) (0.050)

Professionals 0.771*** 1.049*** 0.738*** 0.579*** 0.743***
(0.044) (0.081) (0.050) (0.048) (0.047)

Technicians 0.568*** 1.062*** 0.681*** 0.486*** 0.519***
(0.060) (0.111) (0.065) (0.068) (0.068)

Clerks 0.859*** 1.236*** 0.644*** 0.609*** 0.569***
(0.055) (0.094) (0.058) (0.057) (0.051)

Service Workers 0.707*** -0.527 -0.155 0.325 0.420**
(0.198) (0.436) (0.206) (0.237) (0.180)

Skilled Agr. & Fish. 0.627*** 0.994*** 0.599*** 0.500*** 0.739***
(0.043) (0.082) (0.050) (0.051) (0.047)

Craft & Related 0.665*** 0.981*** 0.652*** 0.587*** 0.718***
(0.044) (0.082) (0.051) (0.048) (0.045)

Operators & Assemblers 0.237*** 0.587*** 0.320*** 0.195*** 0.126***
(0.047) (0.083) (0.051) (0.050) (0.048)

Elementary Unskilled 1.248*** 1.171*** 0.734*** 0.779*** 1.225***
(0.155) (0.218) (0.135) (0.138) (0.157)

North & Northwest 0.026 -0.071 -0.158*** -0.128** -0.122*
(0.051) (0.101) (0.058) (0.058) (0.064)

Central & Black Earth -0.378*** -0.402*** -0.392*** -0.337*** -0.297***
(0.039) (0.078) (0.045) (0.046) (0.055)

Volga -0.560*** -0.784*** -0.640*** -0.448*** -0.461***
(0.040) (0.079) (0.047) (0.048) (0.055)

North Caucasus -0.482*** -0.392*** -0.451*** -0.411*** -0.403***
(0.043) (0.086) (0.052) (0.051) (0.058)

Urals -0.307*** -0.470*** -0.398*** -0.322*** -0.326***
(0.041) (0.081) (0.048) (0.049) (0.057)

Western Siberia -0.087* -0.123 -0.050 -0.099* -0.253***
(0.046) (0.092) (0.055) (0.055) (0.060)

Eastern Siberia & Far East -0.037 -0.289*** -0.288*** -0.240*** -0.256***
(0.047) (0.090) (0.055) (0.054) (0.060)

Constant 8.612*** 8.373*** 8.653*** 7.940*** 7.882***
(0.054) (0.107) (0.064) (0.060) (0.065)

Selection Equation:
Female 0.092*** -0.031 0.080*** 0.044 -0.006

(0.031) (0.027) (0.028) (0.029) (0.031)
Age 0.124*** 0.100*** 0.109*** 0.103*** 0.123***

(0.003) (0.002) (0.003) (0.003) (0.003)

Age2 -0.001*** -0.001*** -0.001*** -0.001*** -0.001***
(0.000) (0.000) (0.000) (0.000) (0.000)

# Childen <7 -0.030 -0.049*** -0.028 -0.102*** 0.036
(0.024) (0.017) (0.023) (0.024) (0.026)

Constant -2.494*** -1.778*** -2.385*** -2.235*** -2.434***
(0.061) (0.049) (0.061) (0.060) (0.062)

ρ -0.527*** -0.946*** -0.641*** -0.603*** -0.552***
(0.027) (0.004) (0.030) (0.027) (0.023)

σ 0.888*** 2.249*** 0.955*** 0.931*** 0.945***
(0.009) (0.022) (0.016) (0.012) (0.010)

Observations 10703 10183 10000 10153 10452

* p<0.10, ** p<0.05, *** p<0.01. Standard Errors in parentheses.
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Table A.8: Predicted Income Equations (Rounds 10-13)

Round
10 11 12 13

Log Individual Income:
Education -0.008 -0.005 -0.005 -0.002

(0.006) (0.006) (0.006) (0.006)
Female -0.387*** -0.366*** -0.357*** -0.411***

(0.024) (0.023) (0.022) (0.022)
Experience -0.001** -0.000 -0.000 -0.001***

(0.000) (0.000) (0.000) (0.000)

Experience2 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000)

Army 1.211*** 1.335*** 1.492*** 1.470***
(0.058) (0.056) (0.063) (0.060)

Legislators, Senior Managers 0.891*** 0.988*** 1.061*** 1.171***
(0.044) (0.042) (0.040) (0.040)

Professionals 0.818*** 0.940*** 0.951*** 1.027***
(0.044) (0.041) (0.040) (0.039)

Technicians 0.763*** 0.863*** 0.851*** 1.016***
(0.066) (0.059) (0.055) (0.058)

Clerks 0.643*** 0.805*** 0.763*** 0.853***
(0.047) (0.046) (0.042) (0.042)

Service Workers 0.280 0.364* 0.642*** 0.827***
(0.196) (0.194) (0.180) (0.189)

Skilled Agr. & Fish. 0.870*** 0.828*** 0.900*** 0.968***
(0.046) (0.043) (0.042) (0.041)

Craft & Related 0.766*** 0.815*** 0.873*** 0.911***
(0.043) (0.041) (0.040) (0.039)

Operators & Assemblers 0.367*** 0.406*** 0.482*** 0.571***
(0.045) (0.043) (0.040) (0.041)

Elementary Unskilled 1.130*** 1.243*** 1.317*** 1.134***
(0.156) (0.159) (0.153) (0.145)

North & Northwest -0.020 -0.175*** -0.165*** -0.106**
(0.050) (0.047) (0.049) (0.048)

Central & Black Earth -0.386*** -0.432*** -0.495*** -0.443***
(0.038) (0.035) (0.035) (0.035)

Volga -0.546*** -0.625*** -0.670*** -0.648***
(0.039) (0.035) (0.035) (0.035)

North Caucasus -0.495*** -0.556*** -0.609*** -0.526***
(0.041) (0.038) (0.038) (0.038)

Urals -0.432*** -0.496*** -0.633*** -0.545***
(0.040) (0.037) (0.037) (0.037)

Western Siberia -0.363*** -0.525*** -0.614*** -0.585***
(0.047) (0.044) (0.042) (0.041)

Eastern Siberia & Far East -0.354*** -0.413*** -0.535*** -0.494***
(0.045) (0.042) (0.041) (0.041)

Constant 8.553*** 8.641*** 8.752*** 8.746***
(0.059) (0.056) (0.056) (0.057)

Selection Equation:
Female 0.085*** 0.024 0.061** 0.068**

(0.030) (0.030) (0.030) (0.031)
Age 0.124*** 0.122*** 0.127*** 0.138***

(0.003) (0.003) (0.003) (0.003)

Age2 -0.001*** -0.001*** -0.001*** -0.001***
(0.000) (0.000) (0.000) (0.000)

# Childen <7 -0.014 0.035 0.034 0.031
(0.026) (0.026) (0.027) (0.027)

Constant -2.384*** -2.299*** -2.350*** -2.486***
(0.060) (0.058) (0.058) (0.061)

ρ -0.562*** -0.581*** -0.612*** -0.646***
(0.023) (0.022) (0.023) (0.022)

σ 0.951*** 0.934*** 0.925*** 0.935***
(0.009) (0.009) (0.009) (0.009)

Observations 11360 11806 11979 11886

* p<0.10, ** p<0.05, *** p<0.01. Standard Errors in parentheses.
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[m−k ,m
+
k ] but vanishes (for practical purposes) outside this.26 Taking Jk

equally-spaced points on each interval gives us the vector mk = (m−k ,m
−
k +

δk, . . . ,m
+
k −δk,m

+
k ) (where δk is the step size in dimension k, and is equal to

(m+
k −m

−
k +1)/Jk), and allows us to construct a K-dimensional grid of knots,

which form the (standardized) means of the basis densities. Each mean µ̄ is

a K-vector with its kth element equal to the jkth element of mk. Defining

the matrix R such that RR′ = Ω, the unstandardised means of the basis

densities (i.e. in the original scale of the random effects) are then given by

Rµ̄; while the variance of each basis density is RDR′, where D is a diagonal

matrix with non-zero elements 4
9
δ2
k.

27 The density of the random effects can

then be specified as:

f(ωi, ηi) =
∑
̄

c̄N(Rµ̄, RDR
′) (A.25)

where c̄ ≥ 0 are the mixing weights for the corresponding basis densities,

and
∑

̄ c̄ = 1. To avoid dealing with the constraints directly, we estimate

the transformed parameters a̄, defined such that c̄ = exp(a̄)/
∑

̄ exp(a̄)

To prevent over-fitting the mixing parameters, a smoothing penalty is

26Because the component Gaussians extend over the entire real line, any estimated
random effects distribution will also do so — hence, the “for practical purposes” proviso.
In fact, it would be possible for a distribution estimated by a sufficiently coarse Gaussian
mixture to place significant mass beyond the extremes of [m−k ,m

+
k ].

27See Ghidey, Lesaffre, and Eilers (2004) for the justification behind this choice.

403



applied and the model is estimated by maximising the resulting penalised

log-likelihood function `p = `− π(λ). Recasting equation (5.6) above at the

individual level, and compressing the notation somewhat, we have:

ui = Qiψ +Wiξi + εi (A.26)

where Qiψ is a stacked reformulated version of the fixed components of (5.6),

Wi is a stacked matrix of the variables for which we estimate random effects

(including the intercept) and ξi is (ωi, ηi). The log-likelihood and penalty are

then given by:

` =
N∑
i=1

ln

{∑
̄

c̄N(Qiψ +WiRµ̄, ZiRDR
′Z ′i + σ2ITi)

}
(A.27)

π =
1

2

K∑
l=1

{
λl
∑
̄

(∆3
ka̄)

2

}
(A.28)

where ∆3
ka̄ is the 3rd-order forward difference function with respect to the

kth element of ̄,28 and λ = (λ1, . . . , λK) is a K-vector of penalty parameters.

Because maximizing `p with respect to all the parameters can be compu-

tationally intensive, and to avoid having to deal directly with complicated

constraints on the variance components, Ghidey, Lesaffre, and Eilers (2004)

suggest a simplified fitting procedure that takes advantage of the Verbeke

28I.e. ∆3
ka̄ = −a̄ + 3aj1,...,jk+1,...,jK − 3aj1,...,jk+2,...,jK + aj1,...,jk+3,...,jK
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and Lesaffre (1997) result that the fixed parameters and the variance com-

ponents are consistently estimated from the Gaussian linear mixed model,

even when the normality assumption is violated. It is a slightly modified

version of this algorithm that we use here.

(1) Fit a standard Gaussian linear mixed model (e.g. using Stata’s xtmixed

command).

(2) Holding the parameters from the estimated Gaussian model fixed, max-

imize `p with respect to the mixing parameters a.29

(3) Update R̂ and ψ̂∗ (where ψ̂∗ denotes the subset of the ψ̂ for which we

estimate random coefficients) from their Gaussian LMM values, R̂0 and

ψ̂0
∗, as follows:

R̂ = chol

(
R̂0

{∑
̄

ĉ̄µ̄µ
′
̄ +D +

(∑
̄

ĉ̄µ̄

)(∑
̄

ĉ̄µ̄

)′}
R̂0′

)

(A.29)

ψ̂∗ = ψ̂0
∗ +

∑
̄

ĉ̄R̂
0µ̄ (A.30)

29The approach set out in Ghidey, Lesaffre, and Eilers (2004) supplements this with
an additional step where â is held fixed and `p is maximized with respect to the β and
lnσ parameters, alternating between maximisation with respect to each of a and (β, lnσ)
until convergence. However, the number of parameters in our model makes the latter step
very computationally intensive. (The Gaussian mixture means that the likelihood is no
longer linear in the β parameters, so we have to calculate derivatives with respect to each
parameter individually. Moreover, unlike maximisation with respect to a (where fixing
β and lnσ means we need to evaluate each mixture density only once), maximizing with
respect to β and lnσ requires us to explicitly recalculate the mixture density for every
function evaluation.)
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(4) Repeat (2) and (3) over a (K-dimensional) grid of λ values, selecting the

optimum λ as that which minimises AIC = −2`p+2 trace[H−1(a)I(a)],

where the latter term is the “effective degrees of freedom”, and H(x)

and I(x) are the negative Hessian matrices with respect to x from the

penalised and unpenalised likelihoods, respectively.30

(5) Estimate the covariance matrix as V̂ = H−1(ψ, vec(Ω), lnσ) (following

e.g. Gray, 1992; Verweij and Van Houwelingen, 1994).31

The only real choices facing us in fitting the model are to fix the bounds

m− and m+, and the number of basis points Jk in each dimension. With

four random coefficients, the algorithm’s memory requirements limit us to

Jk = 5 for k = 1, . . . , 4. With the number of basis points fixed, there is a

trade-off between accurate fitting towards the edge of the distribution, and

accurate fitting towards its centre. After some experimentation, we opted to

set m− = −1.5 and m+ = 1.5, which seemed to provide the highest resolution

grid without distorting the edges of the distribution.

We have written a Stata .ado command pgm to implement steps (2)-(5)

30Gray (1992) and Ghidey, Lesaffre, and Eilers (2004) suggest taking the negative Hes-
sians with respect to the full parameter vector (ψ, vec(Ω), lnσ, a). We simplify this for
computational reasons, and because any variance in the effective degrees of freedom arises
primarily from the a parameters.

31The Gray (1992) variance estimator is usually defined as V̂ = H−1(x)I(x)H−1(x), but
this reduces to the Verweij and Van Houwelingen (1994) estimator H−1(x) here, because
the penalty only operates with respect to the a parameters, which we treat as fixed in
this calculation for computational reasons. Ghidey, Lesaffre, and Eilers (2004) provide
evidence that the latter is typically close to the asymptotic covariance matrix.
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of this algorithm following an initial fit using xtmixed, making extensive use

of Stata’s internal matrix programming language Mata, and in particular its

optimize() routine.

A.8 Modelling heterogeneity in the reporting

function

Although we do not pursue it further here, the modelling strategy employed

in Chapter 5 could, with the imposition of some additional assumptions,

also be employed to separately identify reporting heterogeneity and “true”

heterogeneity. We briefly set sketch the nature of this extension here.

In Section 5.2 we suggested that we could model heterogeneity in the

determinants of SWB and heterogeneity in the reporting function via the

following equations:32

u∗it = q′itψ
∗
it + α∗0 + α∗i + ε∗it

= q′itψ
∗
0 + ẍ′kitω

∗
i + α∗0 + α∗i + ε∗it (A.31)

uit = u∗itφi + α0 + αi + εit

= q′itψit + ηi + εit (A.32)

32These equations are derived from a combination of the general equations (5.1) and
(5.2), and the more specific form set out in equation (5.6), with some compression of
notation.
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In what followed, we made assumptions directly on the shape of the distri-

bution of the random parameters in the latter equation ψit, and this left us

unable to distinguish directly between φi and ψ∗it.

An alternative approach would be to treat the ψ∗it, α
∗
i , φi, and αi as sep-

arate parameters, each with their own parametrically specified distribution.

The simplest assumption would treat be treat the ψ∗i , α
∗
i , and αi as nor-

mal, and the φi as, say log-normal (to ensure that the reporting function is

monotonic).

Defining φ̃i = φi − 1 and substituting (A.31) into (A.32) then yields:

uit = q′itψ0 + q′itδi + ẍ′kitθi + α∗0 + λi + εit (A.33)

with δi = ψ0φ̃i, θi = ω∗i +ω∗i φi, λi = α∗i φ̃i+α
∗
i φ̃i+αi, and εit = ε∗it+ε

∗
itφ̃i+εit.

Unfortunately, estimating latent interaction models such as that set out

in equation (A.33) is somewhat difficult (dealing with the normal-product,

and lognormal-normal–product distributions resulting from the interactions

between the random effects requires special techniques/software). And it is

unclear what effect violations of (log-)normality would have on the estimates.

We leave such the possibility of such investigations for future work.
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A.9 PGM Tables

See Tables A.12 and A.12. The qualitative results are similar to those ob-

tained from the LMM model with seven random coefficients. In some cases,

interactions that were previously insignificant have become significant. There

are now distinct age-patterns in the importance of consumption, reference in-

come, and health; and there is also now a significant difference between the

genders in the reference income coefficient, with men being more negatively

affected than women. The negative correlation between the coefficients on

consumption and reference income has also become statistically significant.

The other coefficients are similar to their LMM estimates.

Table A.11: PGM Estimates of Heterogeneity in the Determinants of SWB
in the BHPS (Random Coefficients)

Consumption Reference Income Health

Fixed Part
Main effect 0.085*** (0.025) -0.003 (0.011) 0.185*** (0.009)
Interactions w/:

Employed 0.028 (0.023)
Sex 0.014 (0.026) 0.030** (0.015) -0.010 (0.014)
Age -0.008** (0.004) -0.005** (0.002) -0.004* (0.002)
Age2/10 0.000 (0.000) 0.001*** (0.000) 0.000** (0.000)
Urban 0.091*** (0.027) 0.004 (0.015) 0.011 (0.015)
Secondary -0.021 (0.033) 0.017 (0.018) -0.025 (0.017)
Post-Secondary -0.011 (0.040) 0.025 (0.022) -0.048** (0.022)

Random Part
Standard Deviation 0.400*** (0.019) 0.177*** (0.010) 0.244*** (0.010)
Correlations w/:

Reference Income -0.208** (0.083)
Health -0.165*** (0.060) -0.018 (0.078)
Intercept -0.384*** (0.029) 0.054 (0.042) -0.533*** (0.034)

Observations 55794
Groups 11360
Penalised Log-Likelihood -77971.104

* p<0.10, ** p<0.05, *** p<0.01. Standard errors in parentheses.
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Table A.12: PGM Estimates of Heterogeneity in the Determinants of SWB
in the BHPS (Main Effects and Intercept)

Main Intercept†

(Log) Household Income 0.001 (0.008) 0.039** (0.016)
Employed -0.057* (0.031) -0.161*** (0.052)
Unemployed -0.445*** (0.043) -0.301*** (0.102)
Unemployed (Discouraged) 0.282*** (0.046) -0.433*** (0.117)
Age -0.024*** (0.003)
Age2/10 0.003*** (0.000)
In Relationship 0.195*** (0.035) 0.165*** (0.052)
Married -0.057* (0.031) 0.140*** (0.044)
Widowed -0.198*** (0.050) 0.280*** (0.067)
Divorced -0.065 (0.049) -0.071 (0.066)
Separated -0.319*** (0.053) -0.112 (0.098)
Household Size -0.068*** (0.011) 0.024 (0.016)
Sex 0.043 (0.030)
Urban -0.103*** (0.035) 0.060 (0.039)
Hours Social Leisure 0.139*** (0.029) 0.075* (0.044)
Hours Worked 0.004 (0.025) 0.060 (0.038)
Hours Slept 1.245*** (0.201) -0.324 (0.315)
Hours Slept2 -0.069*** (0.010) 0.029* (0.015)
Secondary 0.148 (0.134) -0.319** (0.135)
Post-Secondary 0.027 (0.146) -0.279* (0.148)
Has Children 0.060** (0.025) -0.085** (0.042)
2 Children 0.054** (0.027) -0.044 (0.047)
3 Children 0.074 (0.052) 0.026 (0.078)
4 Children -0.029 (0.094) 0.152 (0.153)
(Mean) (Log) Consumption -0.061* (0.031)
(Mean) Reference Income -0.065*** (0.017)
(Mean) Health 0.376*** (0.014)
Constant 5.286*** (0.009)
Observations 55794
Groups 7052
Penalised Log-Likelihood -77971.104

* p<0.10, ** p<0.05, *** p<0.01. Standard Errors in parentheses. †Coefficients in the

intercept column are for time-invariant individual-level means, ¯̈xi. Wave dummies included

but not reported.
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A.10 Measurement Error Correction

This appendix provides a simple illustration of how the inclusion of an imper-

fect proxy for measurement error in a regression model can reduce attenuation

bias. The derivation of results applicable to the specific situation at hand

is more involved (largely due to the more complicated expressions for the

matrix inverses when more regressors are included). We nonetheless expect

the result to generalize, and have confirmed this with a set of simulations.

Consider a simple measurement error problem, where the true model is

yi = x∗iβ + εi (A.34)

but we observe only a noisy measure of x∗i :

xi = x∗i + vi (A.35)

As is well known, estimating Equation (A.34) using xi in place of x∗i results

in an attenuated estimate of β̂ that converges to only βσ2
x∗/(σ

2
x∗ + σ2

v) < β.

Suppose that we have a noisy measure of vi, which may also be related

to the true measure x∗i as follows:

wi = viγ + xiθ + ωi (A.36)
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where the ωi is independent of vi, x
∗
i and εi. Including this in the estimating

equation as follows:

yi = (xi − wi)β̃ + wiφ̂+ ei (A.37)

will then reduce the bias in β̃. This is most obvious when wi is a perfect

measure of vi: then xi −wi = x∗i , β̃ → β, θ = 0, and φ̂→ 0. More generally,

when γ can take values other than 1, θ can take values other than 0, and

σ2
ω may be greater than 0 we have (the derivation is provided in the next

subsection):

β̃ → σ2
x∗(γ(γ − θ)σ2

v + σ2
ω)

σ2
x∗(γ(γ − θ)σ2

v + σ2
ω) + σ2

v(σ
2
ω − θ(γ − θ))

β (A.38)

This will be attenuated if σ2
ω > θ(γ − θ)σ2

x∗ (which will always be true if

θ > γ), and amplified if σ2
ω < θ(γ − θ)σ2

x∗ . More importantly, it is less

attenuated than β̂ if γ(γ − θ)σ2
v > θ(θ− γ)σ2

x∗ . If γ, θ ≥ 0 then this requires

simply that γ > θ. Intuitively, provided that wi contains more noise than

signal, estimating (A.37) will reduce attenuation bias.33

33As it turns out, this is also the condition required for β̃ to outperform φ̂ as an estimate
of β. This can be seen directly from the probability limit of φ̂:

φ̂→ σ2
x∗((γ − 1)(γ − θ)σ2

v + σ2
ω)

σ2
x∗(γ(γ − θ)σ2

v + σ2
ω) + σ2

v(σ2
ω − θ(γ − θ))

β (A.39)
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Komárek, Arnošt and Emmanuel Lesaffre. 2006. “Bayesian Semi-Parametric

Accelerated Failure Time Model for Paired Doubly Interval-Censored

Data.” Statistical Modelling 6 (1):3.

———. 2008. “Generalized Linear Mixed Model with a Penalized Gaussian

Mixture as a Random Effects Distribution.” Computational Statistics and

Data Analysis 52 (7):3441–3458.

Komárek, Arnošt, Emmanuel Lesaffre, and Joan F. Hilton. 2005. “Accel-

432



erated Failure Time Model for Arbitrarily Censored Data with Smoothed

Error Distribution.” Journal of Computational and Graphical Statistics

14 (3):726–745.
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