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Abstract

The role of lifestyle in mediating the relationship between socio-economic char-

acteristics and health has been discussed extensively in the epidemiological and eco-

nomic literatures. Previous analyses have not considered a formal framework incor-

porating unobservable heterogeneity. In this paper we develop a simple economic

model in which health is determined(partially) by lifestyle, which depends on pref-

erences, budget and time constraints and unobservable characteristics. We estimate

a recursive empirical speci�cation consisting of a health production function and re-

duced forms for the lifestyle equations using Maximum Simulated Likelihood for a

multivariate probit model with discrete indicators of lifestyle choices and self-assessed

health(SAH) on British panel data from the 1984 and 1991 Health and Lifestyle Sur-

vey. We �nd that prudent drinking and not smoking in 1984 have dramatic positive

e�ects on the probability of reporting excellent or good SAH in 1991. The failure of

epidemiological analyses to account for unobserved heterogeneity can explain their low

estimates of the relevance of lifestyle in the socio-economic status-health relationship.

Accounting for unobserved heterogeneity also leads us to conclude that indicators for

sleep, exercise, and breakfast in 1984 are unimportant for SAH in 1991.
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1 Introduction

Analysts of the causes of inequalities in health have long recognised that variation in

medical care utilisation cannot fully explain observed health di�erences (e.g. Auster et

al.(1969), Evans et al.(1994)). A common feature of this literature has been the growing

use of the concept of lifestyle by epidemiologists, sociologists, and economists, in order to

categorise behavioural patterns and explain observed health inequalities. In an in
uential

work, Fuchs (1986) argues that beyond a fairly low level in the provision of food, hygiene

and basic health care, it is personal lifestyle that causes the greatest variation in health.

McGinnis and Foege(1993) estimated that the three leading external (nondegenerative

or directly genetically determined) causes of mortality in the U.S. in 1990 were tobacco,

diet and activity, and alcohol consumption. They estimated that these lifestyle variables

explained around 38% of premature mortality, and also noted that a dramatically reduced

quality of life is associated with many of the diseases related to these behaviours. Other

authors have concluded that, with exception of tobacco consumption, lifestyle factors

do not a�ect the widely observed relationship between socio-economic status and health

substantially (Borg and Kristensen(2000), Lantz et al.(1998), Power et al.(1998), Marmot

et al.(1996), Lynch et al.(1996).)

Although the focus of research into the determinants of health has shifted, it is not easy

to de�ne lifestyle both comprehensively and empirically. The World Health Organisation

(1986) consider a number of meanings, adopting a broad de�nition; `...the term `lifestyle'

is taken to mean a general way of living based on the interplay between living conditions

in the wide sense and individual patterns of behaviour as determined by sociocultural

factors and personal characteristics'. In this paper we adopt a narrow(and operational-

izable) de�nition of lifestyle which focuses on health related behaviour and accords with

the epidemiological literature on the determinants of health(e.g Lynch et al.(1996,1997),

Marmot et al.(1997)). We de�ne a lifestyle as a set of behaviours which are considered to

in
uence health a priori and are generally considered to involve a considerable amount of

free choice. In using this de�nition, there is no implication that other characteristics of

an individual's environment, both natural and social, are inconsequential. We adopt an

economic approach which recognises that individuals are making decisions that re
ect the

constraints of their circumstances, as well as their preferences. We develop a static model

to identify interactions between health related behaviour and self-assessed health status,

given other factors that are observable, such as socio-economic status, and unobservable

heterogeneity.

Descriptive analysis of our data suggests a number of interesting features. Firstly,
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based on the baseline assumption that lifestyle choices are independent and that all indi-

viduals have the same probabilities of each lifestyle choice, we can compare the expected

number of individuals behaving completely `healthily' or `unhealthily' relative to the ob-

served number. The expected values are around half the number of observed values. This

suggests that health-related behaviours are not randomly distributed, but rather that heal-

thy and unhealthy behaviours cluster together in certain individuals. This clustering may

be due to observed or unobserved factors. Secondly, average self-assessed health gradually

increases as the number of healthy behaviours increases. Thirdly, some of the variation

in lifestyle choices appears to be related to observed characteristics of individuals. For

example, the proportions of individuals in higher social groups gradually increase as we

move from completely unhealthy to completely healthy lifestyles. Conversely, the propor-

tions in lower social class groups gradually decrease. However, while these observations

are indicative, they are correlations only; the use of appropriate econometric techniques

o�ers the opportunity to assess questions of causality.

We estimate the structural parameters of a health production function, together with

the reduced form parameters for the lifestyle equations using panel data from the Health

and Lifestyle Survey(HALS) conducted in the United Kingdom in 1984 and 1991. This

is achieved using Maximum Simulated Likelihood for a multivariate probit model with

discrete indicators of lifestyle choices and self-assessed health(SAH). In addition to the

substantive empirical results, this paper demonstrates the applicability and computational

feasibility of models with 
exible heterogeneity structures in the presence of multiple

discrete outcomes in health economics.

The structure of the paper is as follows. Section 2 surveys previous economic literature

in this area. Section 3 explains the theoretical model which forms the basis of our empirical

analyses. Section 4 presents the U.K Health and Lifestyle Survey(HALS) dataset. Section

5 describes our estimation strategy, while the empirical results are discussed in section 6.

Section 7 contains a short conclusion.

2 Previous economic literature

An example of the generic approach to the estimation of health production and input

equations is Rozensweig and Schultz(1983). Rosenzweig and Schultz used instrumental

variable techniques to examine the e�ect of health inputs on birth weight in the presence

of unobservable heterogeneity. Their concern was to obtain consistent estimates of the

parameters of the child health(birth weight) production function, while recognizing the

di�culties created by input choices being in
uenced by unobservables that also in
uence
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health outcomes. While a seminal paper in the health production literature, the results of

Rosenzweig and Schultz indicate that the instruments employed in their two stage estim-

ation approach had little explanatory power. An alternative, but less ambitious approach

is to estimate reduced form health equations. This approach allows estimates of policy

relevant parameters and predictions of the levels of health, given the levels of exogen-

ous covariates, to be obtained. However, this strategy cannot identify the technological

parameters of the health production function.

Kenkel(1995) estimated health production functions using several output measures, in

order to estimate the impact of lifestyles on adult health. He modelled current health as

dependent on previous health and the depreciation rate, as well as lifestyle and schooling.

However, the empirical speci�cations were not derived from an explicit structural model.

In addition, Kenkel's attempts at accounting for endogeneity were unsuccessful. As he

notes, this was probably due to the lack of explanatory power of the �rst stage instruments;

money prices are largely irrelevant for many elements of a lifestyle. The approach we adopt

is able to exploit the panel nature of the data, while Kenkel(1995) was forced to rely on

OLS estimates using cross-sectional US data from the 1985 National Health Interview

Survey. Kenkel(1995) found excessive weight, cigarette smoking, heavy drinking, excessive

or insu�cient sleep, and stress to be harmful inputs in the health production function.

Exercise and moderate alcohol consumption emerge as bene�cial health inputs.1

Our approach also di�ers from work which has either focused on single behaviours

such as smoking or drinking, and how they are determined with health (see e.g., Blaylock

and Blisard(1992), Mullahy and Portney(1990)) or have examined interactions between

lifestyle choices without the basis of an underlying structural model (see e.g., Hu et al.

(1995)).

3 A simple model of lifestyle and health production

Becker's (1965) seminal work on the allocation of time provides our starting point. He

focuses on the distinction between technology and preference orderings in the production

and consumption of fundamental commodities. In our model the fundamental commodity

adult health is produced by health related behaviours and other inputs, and also provides

consumption bene�ts.2 It is assumed that each health-related behaviour takes time to

1There are many other studies that have estimated the impact of endogenous treatments, but few have
considered multiple factors simultaneously and a formal consideration of sources of unobserved heterogen-
eity.

2The term fundamental commodity does not indicate a commodity which is necessary to 
ourish or
enjoy life. Rather, it denotes an argument of the direct utility function of an individual, as introduced by
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consume(Gravelle and Rees (1992) pp157-164). Our model is characterized by joint pro-

duction in that a subset of goods are inputs into the health production function, and in

combination with a time input, they produce utility directly (Pollak and Wachter(1975),

Grossman (1971), Rosenzweig and Schultz (1983)). Further, in order to provide a de-

terministic solution to the model, the individual is assumed to know, or believe that they

know, the marginal productivity of health related behaviours and other parameters of

their decision problem. Individuals are also assumed to know the health level produced

by a given combination of inputs. However, some of these inputs will be unobservable

to the researcher but known to the decision maker and will in
uence the levels of desired

consumption. This endogeneity problem is considered further in section 5.

Income is assumed to be endogenous, but there is no direct in
uence of lifestyle or

health on wages. This di�ers from the work of Suen and Mo (1994) who examine the

concept of `productive consumption.' In this simple model, the only bene�t of health is

utility, unlike Grossman(1972) and others (e.g. Dardanoni and Wagsta�(1987), Birch and

Stoddart (1989), Ehrlich and Chuma(1990), and Forster(2001)), who consider dynamic

models which allow for 
ows of future pecuniary and non-pecuniary bene�ts resulting

from investment in the stock of health.

The utility maximization problem is:

max
C;H

U(C;H;XU ) (1)

where U is a utility function to be maximized subject to budget and time constraints and

a health production function. C represents an M -vector of goods, H represents a scalar

measure of the individual's health, and XU is a vector of exogenous in
uences on U . The

health measure can be envisaged as current health or future health, recognizing that the

in
uence of health-related behaviour on health is not immediate.

The health production function is:

H = h(C;XH ); (2)

where C is as de�ned above and XH is a vector of exogenous in
uences on health. For

parsimony we combine XU and XH into the vector X. It is likely that health and utility

will also be dependent on unobservable components such as genetic endowment. Hence

Lancaster (1966) and Becker (1965).
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the vector X may include unobservable variables as well as observable variables. These

will play an important role in the development of the empirical speci�cations and analyses.

Note that, in general, not all the M goods will a�ect health, H.

The money budget constraint is:

MX
j=1

pjCj � I = m0 + wL ; (3)

where m0 is exogenous income and wL is labour income derived from L hours of labour

at the wage rate w, which is assumed exogenous.

The time constraint is:

MX
j=1

�jCj = T � L ; (4)

where �j is the amount of time necessary to consume a unit of Cj . T denotes the total

available time in a given period which is to be apportioned between labour and the con-

sumption of goods. It is assumed that `leisure' is used in the consumption of goods,

and that all non-work time is devoted to the consumption of goods.3 The `full income'

constraint is derived by combining the money and time constraints, (3) and (4) to give:

3An alternative formulation, yielding an equivalent empirical speci�cation but a di�erent conceptualisa-
tion of the observed lifestyle variables as fundamental commodities rather than as quantities of purchased
goods, results from assuming that each lifestyle component is produced using goods and time inputs with
a Leontief(�xed proportions) technology. In this case the observed levels of commodities are equivalent to
the levels of the goods inputs. Assume that Cj = fj(Gj ; tj), for all commodities j; j = 1:::M , where Gj and
tj are goods and time inputs to produce Cj units of commodity j. If each production function fj is of the
Leontief form where Cj = min(Gj ; �jCj), then the minimum cost of producing Cj is (pj +w�j)Cj . If each
function fj exhibits constant returns to scale, then the price of a unit of each commodity j is (pj + w�j)
and is independent of preferences. Note here that goods and time are not joint inputs for the commodities,
j; inputs are commodity speci�c. Rather joint production occurs due to the production of health through
the k lifestyle components. In this sense the goods Gj and �j are joint inputs in the production of the
joint products Cj ; j = 1:::k and health. Interestingly, in this case with a linear health production function
the shadow price of health is also constant and equal to the minimum of the set f(1=�j)(pj +w�j)g where
�j is the marginal product of Cj in h(:). This case allows for the recovery of preference parameters when
estimating a reduced form function for health and the commodities Cj ; j = 1:::M using shadow prices.
However, this approach to recovering preference parameters is not possible without information which
enables the construction of shadow prices. Such information is not available in our dataset.
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MX
j=1

(pj + w �j)Cj � m0 + wT � F ; (5)

where F is full income.

The shadow price of each good is dependent on the wage rate, and thus even with

a common consumption technology (the set �) across individuals, the shadow prices and

relative shadow prices of lifestyle components will vary across individuals.

The Lagrangian function is:

max
C;H

L = U(C;H) + �

0
@(m0 + wT )�

MX
j=1

(pj + w�j)Cj

1
A� 
(H � h(C)); (6)

where � and 
 are the marginal utilities of full income and health respectively. The �rst

order conditions are:

@L

@Cj
=

@U

@Cj
� �(pj + w�j) + 
(

@h

@Cj
) = 0 8 j = 1:::M (7)

@L

@H
=

@U

@H
� 
 = 0 (8)

@L

@�
= m0 + wT �

MX
j=1

(pj + w�j)Cj � 0; � � 0; �
@L

@�
= 0 (9)

@L

@

= H � h(C) = 0 (10)

Combining (7) and (8) for a particular Cj gives:

Uj + Uhhj = �(pj + w�j) 8j; j = 1:::M (11)
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where Uj , Uh, and hj denote partial derivatives.
4

By solving the above equations we obtain the conditions for a solution in terms of the

shadow price ratios and the total marginal utilities of goods i; j over all pairs of goods i; j.

Ignoring corner solutions we obtain;

Ui + Uhhi

Uj + Uhhj
=

pi + w�i

pj + w�j
8i; j where i 6= j (12)

This is an obvious extension of the familiar and simple case involving no time prices and

no joint production.

Solving the �rst order conditions (7) - (10) would give the Marshallian demands for

health and theM goods in our system, the (unobservable) marginal utility of health (
) at

the optimum, and the (unobservable) marginal utility of full income (�) at the optimum,

in terms of the exogenous variables in the model:

Ci = fi(Z) 8i = 1:::M; (13)

H = h(Z) ; (14)

� = �(Z); (15)

4In order to prevent indeterminacy in the solution of the model we assume that the budget constraint
is always binding at an optimum; the marginal utility of full income is always positive. Otherwise, an
individual will not wish to work to obtain more goods, and given that labour does not yield disutility, the
choice variables in the model can take a range of values. For the budget to be exhausted at the optimum,
we require that the left-hand side of (11) is positive for at least one good over the relevant domain of
the consumption goods and health. For this to hold de�nitively we require some additional assumptions
concerning each term of the left-hand side of (11). Speci�cally, we require that at least one good has a
non-negative value of marginal utility and a positive marginal product of health over the whole domain,
in addition to the assumption that the marginal utility of health is always positive. If the left-hand side of
(11) is always negative for a given j, we would observe zero consumption of that good, as the right-hand
side will always be greater than or equal to zero. This is a su�cient, although not a necessary condition
for a binding income constraint at the optimum. So, the choice of C thus determines the total time spent
in consumption, which determines L, and the amount of income earned wL, which together with unearned
income and a binding budget constraint is just su�cient to buy the bundle chosen.
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 = 
(Z); (16)

where Z consists of X; p;w;m0 and � . In general, the reduced forms do not separately

identify preference and technological parameters. Furthermore, while they do provide

information concerning the variables which in
uence lifestyle and health choices, they do

not provide estimates of the impact of lifestyle choices on health. Equation (13) constitutes

the foundations of our reduced form empirical models of lifestyle choices, with (13) used in

estimation of the structural health production function, (2). The approach we implement

here allows us to obtain estimates of the causal e�ects of lifestyle on health.

The transition from a theoretical to an empirical speci�cation creates a number of

problems. Firstly, we have concentrated on interior solutions when deriving the empirical

model for a representative individual. However corner solutions are prevalent for most of

the lifestyle components we consider. Secondly, in the theoretical model we have assumed

that the measures of health and lifestyle are continuous variables. The dataset is not so

accommodating. Thirdly, some of the variables which appear in the theoretical model

are not measured in our sample and have to be proxied by other variables, or treated as

inherently unobservable.

Our empirical model consists of a recursive structure with reduced form equations for

the lifestyles(13) and the structural form of the health production function(2). Before

outlining our estimation method and describing the results, we describe the dataset used

to estimate the empirical model.

4 Data

The Health and Lifestyle Survey (HALS) is a national representative sample of adults

living in private households in Great Britain. Carried out by Social and Community Plan-

ning research, the �rst wave of data (HALS1) were collected between Autumn 1984 and

Summer 1985 during two home visits; �rstly an hour long interview, followed by a nurse

visit to collect physiological measurements and data on cognitive function. The available

sample has information on 9003 individuals, although some gave incomplete responses.

The response rate is 73.5% when considering the questionnaire alone. Additionally, as the

HALS is a survey of private households, it may be particularly prone to selection bias in

terms of assessing health and its interaction with behavioural indicators, as those indi-

viduals with severe or chronic health problems and disabilities are `more likely to be in
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hospital, or otherwise unavailable for interview'(Cox et al. (1987)). The survey sample has

been compared to the 1981 Census of Population in order to gauge its representativeness.

Among respondents who completed all three stages of the survey, there is a slight excess

of women, particularly elderly women, and some under-representation of those households

with lower incomes and education levels. However, the overall conclusion of the authors is

that `the study appears to o�er a good and representative sample of the population.' The

second wave of the data (HALS2) was collected in 1991 and includes 5352 interviewees.

After deleting observations which have missing values at either the �rst or second wave of

the survey for the variables in our model, we are left with complete observations on 4611

individuals.

4.1 Health and lifestyle variables

The endogenous behavioural variables employed are those which cover as many as possible

of the lifestyle categories of the `Alameda Seven' following �ndings from an epidemiolo-

gical study of around 7000 individuals conducted in Alameda County, California in 1965.

Subsequent analysis found that seven `lifestyle' factors in
uenced physical health status

(Belloc and Breslow (1972), Kenkel (1995)). These seven categories are; Diet, Smoking,

Exercise, Alcohol, Sleep, Weight(for height), and Stress. Stress is excluded from our ana-

lyses due to the lack of a reasonable proxy in the dataset.5 Weight(for height) is also

excluded on the grounds that it does not have the status of a control variable, but rather

is an intermediate health indicator.6

Health is measured by a binary indicator of self assessed health(SAH) relative to a

representative individual of the respondent's own age( HEALTHEG respectively). The

indicator takes the value one if an individual rates their health as excellent or good,

and zero if they rate their health otherwise(fair or poor). While of interest in its own

right, SAH is also rlated to number of other health measures. For example, Borg and

Kristensen(2000) note that the vast majority of studies analysing the association between

SAH and subsequent mortality �nd SAH to be a powerful predictor, even after conditioning

on medical diagnoses and functional capacity. Burstrom and Fredlund(2001) �nd this

predictive power to be stable across socio-economic groups. Self-reported health has also

been used extensively in the health economics literature (e.g. Kemna(1987), Berger and

5The addition of social status indicators may attenuate the bias introduced by not considering stress
as measures of social status are known to proxy stress levels (Wilkinson (1996),pp193-7).

6Falkner and Tanner (1986) claim that height is a particularly good indicator of past nutritional ex-
perience, while adult height is also recognised to be a predictor of morbidity and mortality risks (Waaler
(1984), Steckel (1995)). Therefore we include height as a continuously measured exogenous variable in our
econometric speci�cations.
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Leigh(1989), Kenkel (1995)). Furthermore, a preliminary principal component analysis

found that SAH correlates well with other indicators of health in the HALS.7

We use a binary variable (BREAKFAST) which equals one if an individual eats within

one hour of waking and zero otherwise. A similar variable was employed by Kenkel (1995).

To measure smoking behaviour we also employ the binary variable (SMOKER) which

equals one if an individual is a current smoker and zero otherwise.

The exercise variable is created for each individual by summing the time involved

in each of fourteen exercise categories. Again we employ a binary variable(EXERCISE)

which is equal to one if an individual participates in exercise and zero otherwise.

We measure alcohol consumption as a binary variable (ALQPRUD) which equals one

if an individual drinks prudently and zero otherwise. This categorisation is gender speci�c

and is based on the number of units consumed per week and medical advice at the time

of HALS1. It takes the value one if a male drinks between 1 and 21 units of alcohol, and

if a female drinks between 1 and 14 units of alcohol.8

Sleep was also recognised as a behavioural variable which a�ects health in the Alameda

study. This is measured as an ordered categorical variable in HALS. However, Belloc and

Breslow(1972) found that the healthiest number of hours of sleep was between seven and

nine hours. Sleeping more or less than this `optimum' reduced physical health. Therefore

we created a binary variable to indicate either optimal or suboptimal sleeping levels. This

variable(SLEEPGD) takes the value 1 if an individual sleeps the `optimal' number of hours

and takes the value 0 otherwise.9

4.2 Exogenous characteristics

We consider a general linear speci�cation of the model to minimize the possibility of

attributing variation in health to lifestyle factors, and thus to obtain estimates of causal

7A subjective measure may be of greater value in analysing the e�ects of health on lifestyle, while a
more objective measure may be preferred if predicting service use for particular illnesses. Irrespective of
the aims of a particular analysis however, a categorical measure is undoubtedly suboptimal. As Dasgupta
(1993) notes, `A person's state of health can take a continuum of values'.

8Reviewing epidemiological evidence Baum-Baicker(1985) concludes that moderate alcohol consump-
tion can be bene�cial to health, and thus we predict a non-linear relationship. This consideration helped
determine our decision to exclude abstinence from the de�nition of prudent drinking. However, the meas-
ure that we use does not distinguish between a week of moderate drinking and one composed of periodic
abstinence and heavier drinking. These two drinking styles are likely to have very di�erent health e�ects.
An alternative approach is the inclusion of a drinking style variable, either as a replacement for (ALQ-
PRUD) or entering the empirical model as an additional endogenous variable. The former approach loses
information on quantities, while the latter would necessitate the use of two alcohol consumption indicators.
This complicates our methodology and introduces discrimination in the treatment of lifestyle components.

9We do not consider medical care as information is only available at HALS2.
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e�ects.10 The exogenous variables in the model can be grouped into categories which

are considered in Table 5 along with de�nitions and sample statistics. As can be seen

from the table we consider the following categories: social class, education, marital status,

employment status, ethnic group, type of area, region, physical characteristics, tenure,

household characteristics, and parental characteristics.11

4.3 Descriptive analysis

Table 6 presents HALS1 sample means for selected variables for sub-groups of lifestyle

choices. In order to obtain a parsimonious and informative description of the samples we

select sub-samples of the data based on the number of a priori `healthy' behaviours.12

Healthy behaviours are de�ned as sleeping well, taking breakfast, not smoking, consuming

alcohol prudently, and exercising. The �rst column of sample statistics repeats the full

sample means from Table 5. The second column gives sample means for those individuals

whose observed behaviours are all unhealthy. The third column gives means for those who

have one or two healthy behaviours, while the fourth column contains means for those

who have three or four healthy behaviours. The �nal column contains sample means for

those whose lifestyle can be considered as `completely healthy' (i.e. 5 healthy behaviours).

Columns 2-5 therefore de�ne mutually exclusive and exhaustive sub-samples of the data.

In the �rst row of Table 6 the sample sizes are shown for each sub-group along with

the expected number of observations in each sub-groups if the behaviours were randomly

distributed, (i.e. there is no tendency for healthy or unhealthy behaviours to be clustered

either due to observed or unobserved characteristics). The expected values are obtained

by calculating the relevant probabilities using the marginal means for the full sample and

multiplying these values by the sample size.13

10The baseline individual is a member of the registrar general's social class classi�cation (3) non-
manual, has `O' levels/CSE's or equivalent but no higher quali�cations, is married, works full-time, is
of white/european ethnic origin, lives in an inner city area in the south east of England, is female, lives in
rented accomodation, and does not live with other smokers. Neither parent smoked.

11Wage rates are not measured, while income is reported categorically with substantial item non-
response. We do not include income given the potential for sample selection bias and the reduction
in sample size induced by using only those indivdiuals for whom we have income information. We attemp-
ted to impute missing values using a selectivity-corrected interval regression but were unable to obtain a
satisfactory speci�cation.

12To describe the data for each combination of lifestyle choices would require(potentially) 25 = 32
sub-samples.

13More precisely, inverting the smoking variable so that it is equal to one when not smoking, and
equal to zero when a smoker, a completely unhealthy individual will have a lifestyle outcome set equal to
f0; 0; 0; 0; 0g. The probability of this set given the assumptions made in the text is

Q5

j=1 Pr(Yj = 0) =

:01165. Similarly, the probability of the set f1; 1; 1; 1; 1g is
Q5

j=1 Pr(Yj = 1) = :06011. The probability of

one or two healthy behaviours can be written as
P5

j=1 Pr(Yj = 1)
Q
k 6=j Pr(Yk = 0)+

P5

j=1

P
k>j

Pr(Yj =

12



Examination of Table 6 suggests a number of observations. Firstly, the expected

number of individuals behaving completely healthily or unhealthily are around half of

what we actually observe. This suggests that health-related behaviours are not randomly

distributed, but rather that healthy and unhealthy behaviours cluster together in certain

individuals. This clustering may be due to observed or unobserved factors. Secondly,

average SAH gradually increases as the number of healthy behaviours increases.

We can examine how the clustering of behaviours is related to exogenous character-

istics by examining how average characteristics vary across sub-samples. For example, it

can be seen that the proportion of individuals in higher social groups(regsc1s and regsc2)

gradually increases as we move from completely unhealthy to completely healthy life-

styles. Conversely, the proportions in lower social class groups gradually decrease. For

educational attainment a similar pattern exists: as we move from a completely unhealthy

to a completely healthy lifestyle the proportions of individuals with higher levels of edu-

cation(lhqa, lhqhnd, lhqdg) gradually increases while the proportions of individuals with

lower levels of education(lhqnone and baseline) gradually decrease.

For the employment status variables, we observe that part-time workers are more likely

to have a healthy lifestyle , while those that are sick are more likely to have an unhealthy

lifestyle. Those that are retired are more likely to have an intermediate lifestyle rather

than a completely healthy or unhealthy one, while students are more likely to have a

healthy than an unhealthy lifestyle, while those that keep house are more likely to have an

unhealthy one. The same is true, and to a stronger degree for those that are unemployed

and who work shifts.

There is no discernible trend for gender or height while those with a completely healthy

lifestyle are more likely to be younger than average. Houseowners are more likely to

be unhealthy than others as are those who live with other smokers. Similarly, those

individuals whose parents both smoked are more likely to have an unhealthy lifestyle,

although there is some evidence of a di�erent behaviour pattern depending on whether an

individual's mother or father smoked.

Some comments are in order concerning the above observations. Firstly, while for some

variables there is a strong gradient as we move from an unhealthy to a healthy lifestyle,

this does not indicate a causal e�ect of that exogenous variable: these are simple correl-

ations only. Secondly, these observations do not relate directly to speci�c health-related

behaviours, but are for the average lifestyle within each category. Therefore, there is no

reason to expect these gradients to exist for each health-related behaviour. However, these

1)Pr(Yk = 1)
Q
l6=k 6=j Pr(Yl = 0) = :09751 + :25014 = :34765. Finally, due to mutual exclusivity and

exhaustivity, the probability of 3 or 4 healthy behaviours is equal to 1�Pr(0)�Pr(1=2)�Pr(5) = :58060.
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results are suggestive of e�ects we may observe in reduced form models for the health-

related behaviours. Thirdly, a further complication for interpretation of the observed

health gradient is the expected endogeneity of the health-related behaviours in the health

production function. Thus, while it may hold that partial correlations between each life-

style indicator and exogenous characteristics con�rm the observations above, structural

estimation of the SAH model need not exhibit the e�ect of healthy or unhealthy life-

styles observed above. There are two reasons why this may occur. Firstly, variation in

SAH across lifestyle categories which appears in Table 6 may be explained by exogenous

characteristics: lifestyle has no independent e�ect on SAH. Secondly, although partial

correlations between SAH and health-related behaviours may indicate the existence of

e�ects of health-related behaviours conditional on exogenous characteristics, these correl-

ations may be due to unobserved factors which a�ect SAH and which are correlated with

health-related behaviours. In this case, an estimation method which adequately accounts

for these unobservable factors may lead to estimates of structural e�ects of health-related

behaviours which are statistically and quantitatively insigni�cant.

5 Estimation Strategy

A consistent estimator of the health production function must account for the endogeneity

in equation (2), introduced by the existence of lifestyle components as regressors and

correlations between the errors of the models determining lifestyle choices and that which

determines self-assessed health. In the absence of the complication that our endogenous

variables are binary, many easy to implement estimators are available for the linear model

such as 2SLS, 3SLS, and Full Information Maximum Likelihood(FIML).

However, in the nonlinear case, the e�cient ML estimator in a model with more than

3 endogenous binary variables with correlated error terms has until recently been com-

putationally intractable. However, advances in simulation-based estimation and inference

allow for consistent estimators which are, under certain conditions, asymptotically equival-

ent to ML(see e.g. Hajivassiliou and Ruud(1994), Gourieroux and Monfort(1996)). Here

we use Maximum Simulated Likelihood(MSL) to obtain consistent and asymptotically ef-

�cient estimators of the parameters of both the reduced form system of health-related

behaviours and the structural model simultaneously. This is achieved by assuming that

the error terms of the full recursive system consisting of the reduced form equations for

the health-related behaviours, (13) and the structural form of the health production func-

tion, (2), have a multivariate normal distribution. This allows us to estimate the model

using a multivariate probit formulation where the correlations between the error terms are

14



unrestricted.14

In particular, we consider the structural health production function for SAH at HALS2

to be a function of HALS1 lifestyles and HALS2 exogenous variables, with HALS1 lifestyles

a function of HALS1 exogenous variables. As no endogenous variable is observed at more

than one time point in this formulation, the model can be estimated as a cross-sectional

multivariate probit model with zero restrictions on the parameters of the equations de-

termining outcomes. The correlation parameters indicate whether and how unobservable

factors jointly a�ect lifestyle decisions and health outcomes.15

Implementation of MSL estimation of a multivariate probit model with many out-

comes and a complex error structure requires a simulator for the probabilities that enter

the log-likelihood function. There are many alternatives available for the simulation of

multivariate normal rectangle probabilities(e.g. Hajivassiliou et al.(1996) and Vijver-

berg(1997)). Given the current Monte-Carlo evidence (e.g. Hajivassiliou et al.(1996) and

Vijverberg(1997)), and the theoretical properties derived by Borsch-Supan and Hajivassiliou

(1993), the leading simulator is the Smooth Recursive Simulator (SRC), or Geweke-

Hajivassiliou-Keane (GHK) simulator. This simulator is strictly bounded by zero and

one, smooth in the parameters (conditional on a smooth method to obtain the inverse of

the truncated normal CDF), unbiased, and consistent in the number of replications R.

Monte-Carlo evidence also shows that it has low variance.16

To further reduce the variance of the simulators we use antithetic acceleration. These

simulators use the original set of uniform random draws along with their re
ections to

14The correlation matrix is identi�able in the multivariate probit model, while the covariance matrix is
not(see e.g Chib and Greenberg(1998)). This situation parallels parameter identi�cation in the univariate
probit model where only scaled versions of the �'s are identi�ed. In the multivariate probit model the
correlation matrix and the �'s are identi�able, but not the �'s and the covariance matrix.

15A simultaneous equation system for a set of binary outcome variables requires certain restrictions for
coherency and identi�cation. The condition for coherency is described by Schmidt(1981), and requires the
structure of the model to be recursive. Our system satis�es this condition(Schmidt Condition 12.5) as a
special case of a simultaneous equation system with parametric restrictions. In this recursive structure
certain restrictions are also required for identi�cation. In particular, a model without exclusion restric-
tions in the structural equation of interest and a correlated error structure is not identi�ed.(Maddala and
Lee(1976), Maddala(1983)p122-3). Identi�cation is provided here by exclusion restrictions and by variation
over time in the exogenous characteristics which a�ect lifestyle choices and also directly a�ect health.

16Consistency can be obtained by reducing the error of the simulated sample log-likelihood to zero, as
the number of replications, R, ! 1, at a su�cient rate with the sample size, N . For a �nite variance
and unbiased probability simulator, as the number of replications grows the bias and variance of the
approximation to the sample log-likelihood approach zero, but the variance must reduce at a su�cient
rate to avoid asymptotic bias in the limiting distribution of the estimator of the parameters of the model,
\�MSL. Hajvassiliou and Ruud(1994) show that a su�cient rate for this is R=

p
N ! 1 as N ! 1.

Furthermore, they show that this rate is also su�cient for MSL to be asymptotically e�cient such that no
correction is required for the covariance matrix relative to that obtained for maximum likelihood: `Given
enough simulations to overcome bias, there are enough simulations to make the asymptotic contribution

of simulation to the limiting distribution of\�MSL negligible.' (Hajivassiliou and Ruud(1994))
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estimate the probability of the observed outcomes for each individual. Here ~l(�; yi;Xi; �i)

is the simulated likelihood contribution of individual i at parameters � given outcomes

yi and data on exogenous characteristics Xi. �i are draws from the standard uniform

distribution. The simulator is given by:

~l(�; yi;Xi; �i) = (1=2R)

2RX
r=1

~l(�; yi;Xi; �ir) (17)

�i = �i1; : : : ; �i2R and �j = ��j�R for j = R+ 1; : : : ; 2R. 17

In addition to estimation of the full recursive model, we also consider two simpler es-

timators which allow us to evaluate the impact of endogeneity of lifestyle on the parameter

estimates. These are obtained by estimating a univariate probit model for the health out-

come based on the same speci�cation as was used for the health equation in the recursive

system. However, here we do not allow for correlation between the errors of the health

equation and the lifestyle indicators and hence do not control for endogeneity. Thus com-

paring estimates of the parameters of the health equation in the recursive system and in

the univariate model allows us to estimate the e�ects of not controlling for endogeneity.

Also, a test for exogeneity is provided by estimation of the recursive system: Wald tests

that the correlations between the errors of the health equation and the lifestyle equations

are equal to zero are immediate tests of exogeneity.

The second estimator we consider is for a model of SAH at HALS2 which excludes the

lifestyle indicators. This is estimated as a univariate probit. Comparison of these results

with those from the recursive system allow us to consider the e�ect of lifestyle factors on

the impact of other variables on health, such as socio-economic group. These results are

of interest as they allow us to make statements concerning the degree to which health

inequalities across socio-economic groups are due to lifestyle choices.

6 Results

6.1 Lifestyle equations

Table 1 shows selected marginal e�ects for the reduced form lifestyle models estimated

using the MVP speci�cation of the full recursive system.18 A slight gradient in the prob-

17Hajivassiliou(2000) presents Monte-Carlo evidence suggesting that the antithetically accelerated sim-
ulator for multivariate normal rectangle probabilities is superior to the standard SRC simulator.

18Full results for the coe�cients of the lifestyle equations are presented in Table 7. While the e�ects are
average e�ects for the dummy variables we refer to all e�ects as marginal. All marginal e�ects throughout
the discussion of the results were calculated at the means of the other variables in the model.
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ability of sleeping well can be observed by social class, with those in the highest socioeco-

nomic group signi�cantly more likely to sleep well than those in the baseline category

(skilled manual).19 Those from lower social classes are less likely to eat breakfast.20 We

�nd a signi�cant and strong social class gradient for the probability of being a smoker.

While this association has been observed in other studies(e.g Borg and Kristensen(2000),

Lynch et al.(1997)), most have controlled for only a few other variables in measuring these

associations. We �nd that a signi�cant relation with social class remains after controlling

for a large number of variables. Similar observations can be made for prudent alcohol

consumption and for exercise. In both cases, it is the higher social classes who are more

likely to behave `healthily'.

We noted in the descriptive analysis that healthy behaviours tend to cluster, and that

individuals who behave `healthily' are more likely to be found in higher social classes. This

observation remains after accounting for other variables: those in lower social classes are,

conditional on other observed variables, more likely to behave unhealthily in all measured

respects relative to those from high social classes.21 This accords with the perspective of

Evans et al.(1994) who argue that health related behaviours should be seen as responses

to environmental conditions. There is no implication here that preferences are irrelevant,

but rather that they too are conditioned by the social environment of an individual.

Education does not signi�cantly and independently a�ect the probability of sleeping

well, while those with no quali�cations are signi�cantly less likely to eat breakfast and those

with a degree are signi�cantly more likely to do so. The more educated are less likely to

smoke, while those with no quali�cations are signi�cantly less likely to be prudent alcohol

consumers and to exercise than those with school-leaving quali�cations. While a gradient

for educational quali�cations is less visible than for social class, and the marginal e�ects

are not as large, educational di�erences appear to relate, conditional on other variables, to

the clustering of healthy and unhealthy behaviours by educational status that we observed

in the descriptive analysis. In general, signi�cant results for the other variables accord

19Throughout the discussion of results we use `signi�cant' and `signi�cantly' with reference to statistical
signi�cance, not practically important or large in magnitude.

20Of recent studies that have considered more than one health-related behaviour, Lynch et al.(1997)
used Finnish data from the Kuopio Ischaemic Heart Disease Risk factor study and found that, conditional
on age, white collar workers had the lowest mean consumption of cigarettes for current smokers.

21We should interpret these estimates carefully. Other potentially unobserved variables such as childhood
circumstances may lead to indirect selection(due to unobserved heterogeneity) such that individuals with
`deprived' backgrounds may be both more likely to behave poorly and be in lower social classes. This
selection can take the form of preference and constraint variation. While we do not take into account the
potential endogeneity of social class, we do condition on education and a number of parental characteristics.
Similar considerations apply to the education and work status variables. Also of concern is the possibility
of direct selection(reverse causality) where lifestyle variables directly a�ect social class or other variables
which are considered exogenous.
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with the simple correlations observed in the descriptive analysis.22

Table 2 shows the correlation matrix for the full recursive model. Ignoring the health

column of the table for now, we concentrate on the signi�cant correlations in the remainder

of the matrix. Unobservables which a�ect the propensity to eat breakfast are positively

related to those which a�ect sleeping well, not smoking, being a prudent alcohol consumer

and exercising. This observation further helps to explain the observed clustering of health-

related behaviours. From these correlations it appears that the unobserved propensity

for a `healthy' lifestyle is predicted well by unobserved characteristics which determine

whether an individual eats breakfast. In conjunction with the positive correlations for

prudent alcohol consumption and exercise and the negative correlations between smoking

and exercise, we can interpret this matrix as indicating that individuals have unobserved

propensities for leading completely `healthy' or `unhealthy' lifestyles. While, by de�nition,

these propensities are not observed, the clustering of behaviours observed in the descriptive

analysis appears to be partially due to correlated unobservables which a�ect the relative

utilities of behaving healthily and unhealthily for each lifestyle choice. These may in

turn be related to di�erences in childhood circumstances, attitudes to risk and the rate of

time preference. Barsky et al.(1997) o�er some evidence for the impact of risk attitudes on

lifestyle choices using experimental data. They �nd that risk tolerance is positively related

to risky behaviours such that risk tolerance is a statistically signi�cant and quantitatively

important factor in explaining whether an individual is a heavy drinker or a current smoker,

even after conditioning on demographic characteristics. They also cite studies which report

a biological basis for characteristics which appear to be related to risk tolerance. These

suggest causal e�ects and that general personality characteristics a�ect di�erent choices

in a similar way. Barsky et al.(1997) also �nd that the wealthy and highly educated are

more risk tolerant than average suggesting that the socio-economic gradients in behaviour

found here and elsewhere are not explained by di�erent risk attitudes.

Unobservable heterogeneity may also re
ect correlations in the (perceived) marginal

products of lifestyles with respect to health, due, for example, to di�erences in health

knowledge(Kenkel(1991)). They may also re
ect di�erent opportunity costs, in terms of

forgone income, due to the unobserved wage rate and time costs of each lifestyle choice.

22Interpretation of the e�ect of the sick variable as causal is particularly inappropriate. However, to
prevent the e�ect of the variable being subsumed in the intercept it was necessary to include it explicitly
as one of the work status variables.
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Table 1: Selected marginal e�ects for reduced form lifestyle models

Sleepgd Breakfast Smoker Alqprud Exercise

Social Class

regsc1s .09* .04 -.06 .02 .07*

regsc2 .03 -.04 -.01 -.02 -.01

regsc3a -.02 -.07* .07* -.06* -.04

regsc4 -.01 -.09* .07* -.08* -.09*

regsc5n -.01 -.06 .09* -.17* -.10*

Education

lhgdg -.05 .07* -.07* .03 .03

lhqhnd -.02 .06* -.04 .004 -.02

lhqA -.02 .03 .01 -.02 -.02

lhqnone -.02 -.11* .05* -.06* -.10*

lhqoth -.001 -.07 .06 -.06 .02

Work

part .08* .11* -.03 .0004 .02

sick -.16* -.11 .16* -.31* -.16*

retd .06 .17* .05 -.03 .02

stdnt .10 .11 -.08 -.004 .02

keephse -.004 .04 .003 -.09* -.07*

unemp -.004 -.02 .15* -.08* -.06

wkshft -.13* -.07* .08* -.04 .02

Table 2: Correlations for full recursive model estimated by MSL(R=50)

HEALTHEG SLEEPGD BREAKFAST SMOKER ALQPRUD EXERCISE

HEALTHEG 1.00

SLEEPGD .06 1.00

BREAKFAST -.18 .12* 1.00

SMOKER .21* -.04 -.29* 1.00

ALQPRUD -.75* .03 .11* -.04 1.00

EXERCISE .07 .03 .09* -.09* .14* 1.00
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Table 3: Selected marginal e�ects for alternative models of SAH

MVP(R=50) Exogenous Excluded

Social Class

regsc1s .07* .09* .09*

regsc2 .02 .03 .03

regsc3a .02 -.01 -.02

regsc4 .01 -.04 -.05*

regsc5n .003 -.06 -.08*

Education

lhgdg -.03 -.01 -.003

lhqhnd -.01 -.003 -.003

lhqA .001 -.001 .001

lhqnone -.06* -.10* -.11*

lhqoth -.01 -.02 -.02

6.2 SAH Equations

We begin by considering the results of the model for SAH at HALS2 where lifestyle factors

measured at HALS1 are excluded.23 The `excluded' column of Table 3 presents marginal

e�ects for the social class variables using a simple univariate probit model without the

lifestyle variables. It is immediately apparent that a signi�cant social class gradient in SAH

exists conditional on education, marital status, ethnic status, type of area, gender, height,

and a 
exible function of age. For each social class, the probability of reporting excellent

or good SAH is greater than for the class immediately below it. These di�erentials are

such that those in the highest social class are signi�cantly more likely to report excellent

or good SAH relative to the baseline category, while those in the two lowest social classes

are signi�cantly more likely than the baseline category to report fair or worse health. This

gradient is emphasized by the graphical illustration in Figure 1. A gradient is not clear for

education, with only those with a degree or higher degree having a signi�cantly di�erent

probability of reporting excellent or good health relative to those in the baseline category.

While these results are indicative of a direct impact of socio-economic characteristics on

health, this model omits the lifestyle variables. As reported in the previous section, there

are signi�cant e�ects of socio-economic status and other variables on lifestyle choices at

HALS1. By including the lifestyle variables we are able to obtain estimates of the e�ects

of HALS1 lifestyle choices on HALS2 SAH and examine how including lifestyle a�ects the

estimates of the impact of social class and education.

The `exogenous' column of Table 3 contains marginal e�ects for the social class and

education dummies on the probability of reporting excellent or good SAH when including

the HALS1 lifestyle variables( but assuming that they are exogenous) using a univariate

probit model. A social class gradient appears to exist, but the e�ects are not as strong for

the lowest social classes relative to the baseline category and are now insigni�cant. The

23Full results for all speci�cations of the SAH models are contained in Table 8.
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Figure 1: Social Class Gradients for alternative models of SAH

e�ects of education are almost identical to those obtained when excluding the lifestyle

variables. Epidemiological studies have also examined the impact of lifestyle on the social

class gradient in SAH and other health indicators, including mortality and speci�c disease

indicators such as heart disease (Borg and Kristensen(2000), Power et al.(1998), Marmot

et al.(1996), Lynch et al.(1996)). Using Danish data from a random sample of individuals

interviewed in 1990 and 1995, Borg and Kristensen used simple logit models to estimate

the odds ratios for reporting a reduction in SAH in 1995 conditional on having good or

very good SAH in 1990. They found that 17% of the odds ratio for the highest status

occupational group relative to the lowest was explained by tobacco consumption and an

indicator for obesity, after controlling for age, gender and an indicator of illness. However,

tobacco consumption led to only a 4% reduction.24 Lynch et al.(1996) using the Kuopio

Ischaemic Heart Disease Risk Factor Study data, found that 35% of the relative risk of all-

cause mortality for the lowest income quintile relative to the highest could be attributed

(conditioning only on age) to behavioural factors (smoking, alcohol consumption, and

physical activity).

We use a similar measure of the e�ect of lifestyle on the social class gradient in health

24Borg and Kristensen and the other studies cited used the same measure of the e�ect of including
lifestyle and other variables on the social class gradient. De�ning ORE as the odds ratio for the lowest
social class relative to the highest without lifestyle and other variables and ORI as the odds ratio for
the lowest social class relative to the highest including lifestyle and other variables, the measure used is
ORI�ORE
ORE�1

. This is the percentage reduction in the odds ratio due to measured lifestyle factors.
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Table 4: Lifestyle marginal e�ects for alternative models of SAH

MVP(R=50) Exogenous

Lifestyle

Sleepgd -.003 .05*

Breakfast .05 -.01

Smoker -.18* -.11*

Alqprud .38* .03*

Exercise -.05 .04*

by computing the percentage change in the di�erence between the marginal e�ects for

the highest and lowest social classes and education groups. This measure is the percent-

age change in the di�erence in the probabilities of reporting an excellent or good SAH

comparing the highest and lowest social classes.25

Comparing the case where the lifestyle variables are excluded with that where life-

style variables are included but assumed exogenous leads to a reduction in the social

class gradient of 12%. For the education variables, the �gure is 18%. This is found by

comparing those with no quali�cations to those with a degree or higher degree.26 These

results are comparable to those found in the epidemiological literature where it has been

concluded that lifestyle factors do not account for much of the social class gradient in

health, particularly when used in a multivariate analysis with other potential mediators

of the relationship between socio-economic status and health. Power et al.(1998) used

the 1958 British birth cohort and estimated the contributions of various factors including

childhood and adolescent variables to the social class gradient using the odds ratio ap-

proach described above and a series of logit models. Allowing for smoking status at ages

23 and 33 in a model for SAH at age 33 changed the odds ratio by 25%, while alcohol,

diet and body-mass index had small e�ects. These e�ects were found in the absence of

any other explanatory variables, although adult smoking continued to have an e�ect, 14%,

conditional on a number of variables recording behaviour and other characteristics earlier

in life. Power et al. suggest a number of reasons for the small e�ects of the other variables,

particularly the negligible e�ect for a dummy variable for alcohol consumption similar to

ours. Two proposed causes were the lack of association of lifestyle factors with social class

or because the age of the sample was insu�cient for health e�ects to be manifest. Neither

of these explanations is reasonable here given the results in Tables 1 and 4.

Table 4 shows marginal e�ects for the impact of the lifestyle variables measured at

25Other measures are of course possible, such as the variance of the e�ects or the average pairwise
di�erence comparing each group with that immediately below it, but our measure is closer to those used
in the epidemiological literature, thus providing us with better comparators.

26Education is often perceived as a good indicator of permanent income, while social class indicates
occupational status and the work environment.
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HALS1 on SAH at HALS2. The exogenous column suggests that sleeping a `healthy'

number of hours, prudent alcohol consumption and exercise have relatively small but

signi�cant positive e�ects on the probability of reporting excellent or good SAH, while

smoking has a signi�cant and large negative marginal e�ect on the probability of report-

ing excellent or good SAH. Taking breakfast is essentially irrelevant for SAH, as found by

Kenkel(1995). Thus, it appears that while social class at HALS1 and lifestyle are signi-

�cantly related, and lifestyle at HALS1 and SAH at HALS2 are also signi�cantly related,

the observed relationship between social class at HALS2 and SAH is not due to these

correlations.

However, examination of the MVP column of Table 4 shows that accounting for un-

observed heterogeneity changes the estimates substantially. Sleeping `healthily' is now

estimated to be largely irrelevant for SAH while exercise is now estimated to have a

negative but insigni�cant impact. Taking breakfast remains unimportant. Kenkel(1995)

estimated `healthy' sleeping and exercise to be bene�cial assuming these characteristics

were exogenous, while also �nding breakfast to be unimportant. Our results demonstrate

the importance of allowing for unobservable heterogeneity.27 The most dramatic e�ects

occur in the absolute values of the marginal e�ects for smoking and alcohol consumption.

Smoking is now estimated to be more damaging for SAH than when considered exogenous,

as is imprudent alcohol consumption. For smoking the marginal e�ect changes by 64 %,

while the e�ect of prudent drinking is more than 10 times the magnitude estimated when it

is considered exogenous. These changes can be explained by considering the HEALTHEG

column of Table 2. While sleep, breakfast, and exercise are estimated to be exogenous

in the SAH equation at the 5 % level, the null of exogeneity for the smoking and alcohol

variables is rejected. These correlations drive the changes in the results we observe. In par-

ticular, those with unobserved characteristics which lead them to smoke are more likely to

have unobserved characteristics which induce a high level of SAH, while individuals with

unobserved characteristics which increase the probability of prudent drinking are more

likely to have unobserved characteristics which decrease the probability of reporting excel-

lent or good SAH. These observations suggest that the e�ects we observe for the univariate

probit model are underestimates of the e�ects which would be estimated by randomized

treatment assignment to smoking or alcohol consumption.28 Two explanations for this

result are apparent which we term ex ante and ex post selection.29

27It should be noted that the coe�cient standard errors in the MVP model are between 2 and 5 times
those in the univariate probit model. This is expected as identi�cation is provided by pure exogenous
variation in the lifestyle variables.

28Changes in the e�ects of the other variables are driven by indirect e�ects, such as correlations with
smoking and alcohol consumption.

29Alternative explanations are o�ered by Fuchs(1982) who o�ers some evidence of positive and negative
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The ex ante explanation is that those individuals who choose to smoke and drink im-

prudently recognize that their latent health status is high and prefer to trade o� health for

consumption of these health depreciating goods. It is important to recognize our concep-

tion of latent health status is observable by neither the researcher nor the individual, but

is a noisy estimate of future health status based on information obtained by the individual,

such as parental and grandparental ages and causes of death. Some evidence for this ex-

planation is provided by Hurd and McGarry(1995) who �nd that individual estimates of

survival probabilities aggregate closely to life table values and covary appropriately with

known risk factors. They also �nd that individuals are able to appropriately update sub-

jective survival probabilities based on new information such as the death of a parent, and

that the subjective survival probabilities predict actual survival. The ex post explanation

instead relies on the observation that individuals are able to observe their current health

status and update estimates of the marginal bene�ts of behaving healthily at each decision

point.30

The role of unobservable heterogeneity o�ers an explanation for the small impact

of lifestyle on the social class and educational status gradients found in the univariate

models and the epidemiological literature. Table 3 and Figure 1 show that accounting

for the endogeneity of lifestyle factors dramatically reduces the social class gradient. As

for the exogenous case, the MVP estimates indicate that only those in the highest social

class have a signi�cantly di�erent probability of reporting excellent or good SAH relative

to the baseline category, but now the gradient across the other social classes is much

smaller. While comparing the model where lifestyle was considered exogenous with that

where lifestyles were excluded suggested a 12 % reduction in the social class gradient

due to lifestyle, comparing the excluded and MVP columns gives the total reduction in

the gradient as 59%. 47% of the e�ect of lifestyle on the social class gradient is due to

the e�ects of unobserved heterogeneity. This e�ect is hidden in the exogenous model.

A similar decomposition for education �nds that the total reduction in the educational

gradient is 73%, with 55% of the e�ect of lifestyle on the education gradient due to the

e�ects of unobserved heterogeneity.

relationships between the rate of time preference and smoking decisions and health respectively, and
Kenkel(1991) who proposes that health knowledge may explain the di�erential consumption patterns of
those with di�erent education levels.

30While we have a measure of SAH at HALS1, we do not estimate the MVP model including this variable
in the HALS1 lifestyle equations due to simultaneity problems and the lack of individual information prior
to HALS1.
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7 Conclusion

We developed a simple model to identify interactions between health related behaviour and

self-assessed health status, given other observable and unobservable factors. Unobservable

heterogeneity may re
ect underlying causal factors such as correlations in the direct mar-

ginal utilities of health, income, and lifestyle choices which may in turn be related to

di�erences in genetic characteristics, childhood circumstances, attitudes to risk and the

rate of time preference. They may also re
ect correlations in the marginal products of

lifestyles with respect to health.

We estimated the structural parameters of a health production function, together with

the reduced form parameters for the lifestyle equations using panel data from the Health

and Lifestyle Survey(HALS) conducted in the United Kingdom in 1984 and 1991. This

is achieved using Maximum Simulated Likelihood for a multivariate probit(MVP) model

with discrete indicators of lifestyle choices and self-assessed health(SAH).

We �nd that prudent drinking and not smoking in 1984 have dramatic positive e�ects

on the probability of reporting excellent or good SAH in 1991. The failure of epidemi-

ological analyses to account for unobserved heterogeneity can explain their low estimates

of the relevance of lifestyle in the relationship between socio-economic status and health.

While comparing the model where lifestyle was considered exogenous with that where life-

styles were excluded suggested a 12 % reduction in the social class gradient due to lifestyle,

comparing the model with lifestyles excluded and the MVP model gives the total reduction

in the gradient as 59%. 47% of the e�ect of lifestyle on the social class gradient is due

to the e�ects of unobserved heterogeneity. This e�ect is hidden in the exogenous model.

A similar decomposition for education �nds that the total reduction in the educational

gradient is 73%, with 55% of the e�ect of lifestyle on the education gradient due to the

e�ects of unobserved heterogeneity. Accounting for unobserved heterogeneity also leads

us to conclude that indicators for sleep, exercise, and breakfast in 1984 are unimportant

for SAH in 1991.
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Table 5: Variable De�nitions and Sample Statistics
Variable De�nition Mean(HALS1) SD(HALS1) Mean(HALS2) SD(HALS2)

Health and Lifestyle

Health 1 if SAH excellent or good, 0 otherwise .754 .430 - -

Sleepgd 1 if sleep between 7 & 9 hrs,0 otherwise .624 .485 - -

Breakfast 1 if eats within 1 hr of waking,0 otherwise .655 .475 - -

Smoker 1 if smokes � 1 cigarette per day, 0 otherwise .310 .462 - -

Alqprud 1 if prudent alcohol drinker(see text) , 0 otherwise .460 .498 - -

Exercise 1 if exercise in last two weeks, 0 otherwise .463 .499 - -

Social class

regsc1s 1 if social class 1 or student,0 otherwise .063 .243 .067 .250

regsc2 1 if social class 2, 0 otherwise .242 .429 .269 .443

regsc3a 1 if social class 3 manual, 0 otherwise .346 .476 .333 .471

regsc4 1 if social class 4, 0 otherwise .157 .364 .151 .358

regsc5n 1 if social class 5, 0 otherwise .051 .220 .052 .223

Education

lhqdg 1 if University Degree, 0 otherwise .140 .347 .165 .371

lhqhnd 1 if HND or equivalent, 0 otherwise .124 .330 .142 .349

lhqA 1 if A level or equivalent, 0 otherwise .049 .217 .039 .194

lhqnone 1 if no formal quali�cations,0 otherwise .447 .497 .424 .494

lhqoth 1 if vocational/professional quali�cations, 0 otherwise .046 .209 .031 .173

Marital Status

widow 1 if widowed, 0 otherwise .059 .236 .097 .296

divorce 1 if divorced, 0 otherwise .036 .187 .059 .236

seprd 1 if separated, 0 otherwise .017 .128 .021 .144

single 1 if single, 0 otherwise .152 .359 .094 .292

Work

part 1 if employed part-time, 0 otherwise .146 .354 - -

sick 1 if absent from work due to illness, 0 otherwise .017 .129 - -

retd 1 if retired, 0 otherwise .155 .362 - -

stdnt 1 if student, 0 otherwise .007 .080 - -

keephse 1 if keep house, 0 otherwise .149 .356 - -

unemp 1 if unemployed, 0 otherwise .044 .204 - -

wkshft 1 if work shifts, 0 otherwise .083 .277 .077 .267

Ethnic Group

ethipb 1 if 1 if Indian sub-continent, 0 otherwise .010 .102 .010 .102

ethbawi 1 if black African/West Indian, 0 otherwise .007 .082 .007 .082

ethothnw 1 if other non-white, 0 otherwise .006 .075 .006 .075

Type of Area

rural 1 if live in rural area, 0 otherwise .223 .416 .186 .389

suburb 1 if live in suburb, 0 otherwise .470 .499 .544 .498

Region

wales 1 if live in Wales, 0 otherwise .058 .233 - -

north 1 if live in north, 0 otherwise .058 .234 - -

nwest 1 if live in north west, 0 otherwise .126 .331 - -

yorks 1 if live in Yorkshire, 0 otherwise .089 .284 - -

wmids 1 if live in West Midlands, 0 otherwise .087 .283 - -

emids 1 if live in East Midlands, 0 otherwise .079 .270 - -

anglia 1 if live in East Anglia, 0 otherwise .040 .196 - -

swest 1 if live in South West, 0 otherwise .077 .267 - -

london 1 if live in London, 0 otherwise .092 .288 - -

scot 1 if live in Scotland, 0 otherwise .106 .308 - -

Physical

male 1 if male, 0 otherwise .435 .496 .435 .496

height Height in inches 66.12 3.84 66.06 3.86

age Age in years 43.96 15.59 50.95 15.58

age2 age2/100 21.76 14.67 28.38 16.80

age3 age3/10000 11.82 11.49 17.05 14.73

age4 age4/1000000 6.89 8.67 10.88 12.28

Tenure

housown 1 if own house, 0 otherwise .876 .330 - -

Household

nhouse Number of other people in household 2.16 1.39 - -

othersmo 1 if other smokers in household, 0 otherwise .391 .488 - -

Parental

mothsmo 1 if only mother smoked, 0 otherwise .055 .229 - -

fathsmo 1 if only father smoked, 0 otherwise .474 .499 - -

bothsmo 1 if both parents smoked, 0 otherwise .354 .478 - -

alpa Father ) non to heavy drinker(0-4) 1.94 1.15 - -

alma Mother non to heavy drinker(0-4) 1.19 .993 - -
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Table 6: Selected HALS1 Variable means by sub-sample de�ned by number of a priori

`healthy' behaviours

FULL 0 1/2 3/4 5

N = 4611 N = 130(Exp = 54) N = 1575(Exp = 1603) N = 2469(Exp = 2677) N = 437(Exp = 277)

Health and Lifestyle

Health .754 .615 .680 .787 .881

Sleepgd .624 - - - -

Breakfast .655 - - - -

Smoker .310 - - - -

Alqprud .460 - - - -

Exercise .463 - - - -

Social class

regsc1s .063 .023 .025 .076 .140

regsc2 .242 .108 .186 .271 .323

regsc3a .346 .523 .392 .322 .261

regsc4 .157 .208 .206 .134 .098

regsc5n .051 .100 .069 .043 .021

Education

lhqdg .140 .062 .079 .163 .249

lhqhnd .124 .092 .107 .131 .156

lhqA .049 .038 .039 .053 .071

lhqnone .447 .600 .571 .391 .272

lhqoth .046 .077 .043 .046 .041

Work

part .146 .108 .124 .151 .215

sick .017 .069 .027 .011 .000

retd .155 .092 .167 .164 .080

stdnt .007 0.00 .001 .009 .016

keephse .149 .146 .168 .140 .130

unemp .044 .085 .062 .036 .011

wkshft .083 .131 .098 .077 .053

Physical

Male .435 .500 .417 .446 .414

Height 66.12 66.19 65.67 66.36 66.34

Age 43.96 43.96 45.41 43.74 39.99

Tenure

housown .876 .908 .897 .866 .847

Household

nhouse 2.16 2.10 2.14 2.14 2.30

othersmo .391 .623 .486 .336 .289

Parental

mothsmo .055 .085 .054 .053 .067

fathsmo .474 .423 .477 .480 .446

bothsmo .354 .408 .358 .349 .352

alpa 1.94 2.15 1.94 1.92 1.96

alma 1.19 1.08 1.03 1.10 1.30
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Table 7: Multivariate Probit coe�cient estimates for reduced form lifestyle equa-

tions(Recursive model(R=50))Standard errors in parentheses
N = 4611 SLEEPGD BREAKFAST CIGARETTES ALCOHOL EXERCISE

soc class

regsc1s .22(.10)* .12(.11) -.20(.12) .04(.09) .19(.11)*

regsc2 .08(.07) -.10(.07) -.04(.08) -.04(.06) -.03(.07)

regsc3a -.06(.06) -.19(.07)* .21(.07)* -.16(.06)* -.10(.07)

regsc4 -.03(.07) -.23(.08)* .19(.08)* -.21(.07)* -.22(.08)*

regsc5n -.03(.10) -.17(.11) .25(.11)* -.44(.10)* -.26(.11)*

education

lhqdg -.12(.08) .20(.08)* -.21(.09)* .08(.07) .07(.08)

lhqhnd -.04(.07) -.15(.07)* -.12(.08) .01(.06) -.05(.07)

lhqA -.05(.10) .08(.11) .02(.11) -.06(.10) -.04(.10)

lhqnone -.05(.06) -.30(.06)* .14(.06)* -.14(.05)* -.24(.06)*

lhqoth -.003(.10) -.19(.11) .17(.11) -.14(.10) .04(.11)

marital

widow -.13(.09) -.15(.10) .21(.11)* -.07(.09) .01(.10)

divorce -.02(.11) -.13(.11) .49(.11)* .03(.10) .33(.11)*

seprd -.31(.16)* -.36(.18)* .58(.16)* .04(.16) .14(.16)

single -.16(.09)* -.04(.09) .22(.09)* -.32(.08)* .04(.09)

work

part .19(.07)* .32(.07)* -.10(.07) .001(.06) .05(.07)

sick -.41(.16)* -.29(.16) .44(.16)* -.85(.18)* -.41(.18)*

retd .15(.10) .51(.11)* .15(.11) -.08(.09) .06(.11)

stdnt .26(.30) .33(.30) -.25(.29) -.01(.22) .06(.31)

keephse -.01(.07) .10(.07) .01(.08) -.22(.06)* -.18(.07)*

unemp -.01(.10) -.05(.10) .41(.10)* -.19(.09)* -.15(.10)

wkshft -.34(.07)* -.19(.07)* .23(.08)* -.11(.07) .06(.08)

ethnic

ethipb -.11(.20) -.49(.21)* .17(.20) -.98(.27)* -.55(.24)*

ethbawi -.39(.27) -.91(.27)* -.01(.33) -.70(.31)* .16(.25)

ethothnw -.09(.33) -.39(.27) .64(.27)* -.14(.31) -.27(.30)

area

rural .16(.06)* .07(.06) -.06(.06) .15(.05)* .03(.06)

suburb .02(.05) .10(.05)* -.01(.05) .12(.04)* .04(.05)

region

wales -.05(.10) .02(.10) .22(.10)* -.01(.09) -.10(.10)

north .04(.10) .03(.10) .36(.10)* -.04(.08) -.01(.10)

nwest .10(.07) .10(.07) .27(.08)* -.02(.06) -.05(.07)

yorks .05(.08) -.02(.08) .13(.09) -.04(.07) .02(.08)

wmids -.10(.08) -.04(.08) .18(.09)* -.08(.07) -.28(.08)*

emids -.06(.08) -.02(.09) .13(.09) -.01(.08) -.02(.08)

anglia -.01(.11) -.03(.12) .19(.12) .08(.10) .08(.11)

swest -.08(.08) .03(.09) .06(.09) -.02(.07) -.09(.08)

london -.06(.08) .01(.09) .27(.09)* .03(.07) -.13(.08)

scot -.13(.08) .23(.08)* .33(.08)* -.14(.07)* -.07(.08)

physical

male .03(.06) -.01(.07) .08(.07) .09(.06) .03(.07)

height -.01(.01) .01(.01) -.01(.01) .002(.01) .002(.01)

age -.19(.12) -.20(.11) -.09(.14) -.20(.11) -.13(.13)

age2 .64(.39) .73(.38) .35(.48) .64(.37) .36(.43)

age3 -.95(.55) -1.03(.54) -.50(.69) -.83(.52) -.48(.62)

age4 .49(.28) .50(.27) .22(.36) .38(.26) .23(.32)

wealth

housown -.12(.10) .12(.10) .28(.10)* -.04(.09) -.10(.10)

household

nhouse .01(.02) -.02(.02) -.03(.02) .01(.02) .01(.02)

othersmo -.11(.04)* -.26(.04)* .66(.05)* -.08(.04)* -.04(.04)

parental

mothsmo .04(.11) -.14(.11) .39(.11)* .04(.09) .05(.11)

fathsmo .10(.07) -.01(.07) .17(.08)* .02(.06) .01(.07)

bothsmo .09(.07) -.23(.08)* .30(.08)* .03(.06) .03(.07)

alpa -.02(.02) -.03(.02) .02(.02) .01(.02) .01(.02)

alma .01(.02) -.02(.02) .02(.02) .10(.02)* .03(.02)

cons 3.01(1.31)* 1.67(1.29) -.34(1.51)* 2.04(1.25) 2.11(1.39)
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Table 8: Coe�cient estimates for alternative estimators of SAH model(Standard errors in

parentheses-* indicates statistical signi�cance at 5% level or below.)
N = 4611 MVP(R=50) Exogenous Excluded

Lifestyle

Sleepgd -.01(.23) .16(.04)* -

Breakfast .16(.21) -.03(.05) -

cigarettes -.53(.16)* -.34(.05)* -

alcohol 1.25(.10)* .09(.04)* -

exercise -.14(.20) .14(.05)* -

soc class

regsc1s .22(.10)* .33(.12)* .35(.12)*

regsc2 .07(.06) .09(.07) .10(.07)

regsc3a .06(.06) -.03(.07) -.07(.07)

regsc4 .02(.07) -.11(.08) -.16(.08)*

regsc5n .01(.09) -.18(.10) -.24(.10)*

education

lhqdg -.10(.07) -.04(.08) -.01(.08)

lhqhnd -.04(.06) -.01(.08) -.01(.08)

lhqA .01(.11) -.01(.12) .01(.12)

lhqnone -.18(.05)* -.32(.06)* -.36(.06)*

lhqoth -.03(.11) -.05(.13) -.07(.13)

marital

widow -.04(.07) -.09(.08) -.11(.08)

divorce -.07(.08) -.13(.09) -.18(.09)*

seprd -.01(.12) -.04(.15) -.11(.14)

single .05(.07) -.05(.08) -.10(.08)

work

wkshft .25(.07)* .28(.09)* .25(.09)*

ethnic

ethipb -.03(.22) -.51(.19)* -.54(.19)*

ethbawi .18(.28) -.23(.24) -.22(.24)

ethothnw -.11(.22) -.22(.27) -.27(.27)

area

rural .06(.06) .13(.06)* .16(.06)*

suburb .02(.04) .05(.05) .06(.05)

physical

male -.14(.06)* -.17(.06)* -.17(.06)*

height .001(.01) .01(.01) .01(.01)

age .16(.14) .53(.15)* .53(.15)*

age2 -.46(.41) -1.50(.45)* -1.52(.44)*

age3 .53(.51) 1.77(.54)* 1.80(.54)*

age4 -.22(.22) -.75(.24)* -.76(.24)*

cons -1.56(1.92) -6.33(2.00)* -6.21(1.98)*
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