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ABSTRACT

This work investigates the effect of smoking on wages for male workers using panel data from Britain
for the period of 1991–2005. The strong negative correlation of smoking and wages found in a crosssectional analysis reduces substantially when accounting for unobserved individual heterogeneity using
Fixed Effects estimation. I find a statistically significant wage penalty that is causally due to smoking of
about –2% for smokers over those who quit. Further analysis indicates, however, that the negative
effect might be underestimated when comparing with those who never started smoking or quit a long
time ago.

NON-TECHNICAL SUMMARY
Smoking is currently an important topic in public policy in many countries, including Britain. Starting
with Scotland in March 2006 and ending with England in July 2007, Britain has only recently introduced
far-reaching smoking bans for enclosed public places. This paper investigates indirect individual costs
of smoking due to lower wages.
The main challenge of measuring the effects of smoking on wages or earnings is to disentangle
causation from mere statistical correlation. A number of channels have been proposed that explain why
smoking may causally affect earnings or wages, such as lower productivity due to bad health and
higher rates of absenteeism from work. But empirically, a correlation may also arise because smokers
are different from non-smokers with respect to characteristics relevant in the labour market. Thus,
differences in wages may not be due to smoking itself but due to differences in observed
characteristics such as education or in differences in unobserved characteristics such as motivation or
self-discipline.
Previous studies have identified puzzlingly high effects of smoking on wages and earnings. Using
the extensive information on smoking behaviour in the BHPS, this paper investigates for Britain
whether cigarette smoking affects wages. To determine the effect I use in particular the structure of the
data set with repeated observations per individual to compare individuals’ wages when smoking with
wages of the same individuals when not smoking.
The results suggest that there is a small causal, statistically significant effect from smoking on
hourly wages for men of about –2% when compared to those who quit smoking. The negative effect of
persistent smoking, however, may be underestimated when comparing wages with those who never
smoked or quit a long time ago.
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Introduction

Smoking is currently an important topic in public policy in many countries, including
Britain. Starting with Scotland in March 2006 and ending with England in July
2007, Britain has only recently introduced far-reaching smoking bans for enclosed
public places. The policy is mainly aimed at the protection of the public from
harmful effects on health of passive smoking, which also translate into economic
costs for society due to e.g. increased costs for health care. But while smokers
impose external costs on society, they also face private economic and health costs.
The adverse health effects of smoking in terms of higher probability of death and
illness are well-established. Private economic costs for the smoker include direct
costs from buying cigarettes. Further, there may be indirect private costs through
lower wages that are due to smoking. This possibility is investigated in the present
paper.
The main challenge of measuring the effects of smoking on wages or earnings is to
disentangle causation from mere statistical correlation. A number of channels have
been proposed that explain why smoking may causally affect earnings or wages, such
as lower productivity due to bad health and higher rates of absenteeism from work.
But empirically, a correlation may also arise because smokers are different from
non-smokers, i.e. selection into the group of smokers is non-random with respect
to characteristics relevant in the labour market. To the extent that smokers are
different from non-smokers in observed characteristics (e.g. education, age, etc.)
this can be controlled for by including them as covariates in a standard Ordinary
Least Squares (OLS) regression. However, if selection takes place on unobservable
characteristics of the individual (e.g. motivation or self-discipline), estimation of the
causal effects of smoking on wages becomes more complicated.
1

A few studies have addressed the impact of tobacco use on earnings or wages
and a negative effect from smoking is generally found for men, even after controlling
unobserved heterogeneity in personal characteristics.1 The magnitude of estimates
varies widely across studies and includes statistically significant negative effects on
earnings as high as –20% (Auld, 2005; Lokshin and Beegle, 2006). Auld’s results lead
him to suggest that this is “a new puzzle” (Auld, 2005, p. 506): The apparently
high earnings penalty for smokers cannot be credibly explained by the hypothesised
mechanisms by which causal effects arise.
The present paper investigates for Britain whether cigarette smoking affects
wages. No previous work has addressed this issue using British data. The British
Household Panel Study (bhps) data used in this work has extensive information on
smoking behaviour. While previous studies using panel data (Baum et al., 2006; Heineck and Schwarze, 2003; Levine et al., 1997) are limited to at most three repeated
observations per individual in irregular intervals, this work draws on data from yearly
re-interviews with individuals for up to 15 years. Using the panel structure of the
data, a Fixed Effects (FE) approach is used to control for unobserved individual
effects. As an alternative approach, the method of Instrumental Variables (IV) is
applied. The IV approach uses variables uncorrelated with the unobserved effects to
identify the causal effects of smoking on wages. The results from the preferred FE
estimation suggest that there is a small causal, statistically significant effect from
smoking on hourly wages for men of about –2% when compared to those who quit
smoking. Further analysis suggests, however, that the negative effect of permanent
smoking is underestimated when comparing with those who never smoked or quit a
long time ago.
1

For women no statistically significant impact of smoking on wages is usually found.
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The paper unfolds as follows. Section 2 describes the theoretical arguments concerning the smoking-wage relationship and discusses the previous literature. Section
3 outlines the empirical strategy and provides an overview of the data. The presentation and discussion of the estimation results follows in Section 4. Finally, section
5 provides a summary and conclusions.
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Theoretical Background and Previous Work

2.1

Theoretical Background

In principle, there are two reasons why one may observe that smokers earn less
than non-smokers. One is that smoking causes smokers to earn less. The other is
that smokers are different from non-smokers, so that selection into smoking is not
random. A number of theoretical arguments have been put forward to explain the
causal effect.
First, smokers may be less productive and more costly for employers. Smoking
itself takes time away from work, in particular if smokers have to go outside for
smoking breaks due to indoors smoking bans at the workplace. Smokers also have
higher rates of illness and (therefore) higher rates of absenteeism (Bertera, 1991;
Halpern et al., 2001; Leigh, 1995). Lower productivity is expected to result in lower
pay on average.
Furthermore, employers may already anticipate future lower productivity from
accumulating adverse health effects and take into account additional costs due to
substitute or replacement recruitment. Thus, they might be less willing to employ
smokers, all else equal. Anecdotal evidence suggests that firms are well aware of these
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issues and take account of the the applicant’s smoker status during the recruitment
process.2
Smoking at the workplace can also entail increased costs for the employer through
additional cleaning and other maintenance work, more or special requirements for
ventilation, higher fire insurance premia (Kristein, 1983) or the provision of special
facilities such as smoking areas or “smoking rooms”. Employers may compensate
higher costs that a smoker causes with lower pay.3
Another reason why smokers and non-smoker may have different wages is discrimination (Levine et al., 1997). Colleagues or clients might object to smoking, e.g.
because of annoyance and adverse health effects from passive smoking. In response,
some employers could discriminate against smokers. This point could be less relevant in the UK in the future as ever more firms have no-smoking policies and the
recent smoking laws banned smoking in public places, so that passive smoking at
the workplace will be less of an issue. (Note, however, that more productive time
may be lost due to outside smoke breaks.) Nevertheless, for the time frame of this
study, 1991-2005, the discrimination argument may still be valid.
A number of arguments suggest that unobserved heterogeneity could explain the
empirical relationship of smoking and wages — smokers and non-smokers might differ
in unobservable characteristics. Regular smoking can be characterised by predominantly short-term benefits that are chosen over the known long-term costs. Smokers
may thus have higher rates of time preference, i.e. in comparison with non-smokers,
smokers may value the present higher relative to the future. Fuchs (1982) shows a
2

As an example, one method to illicit this information is to leave applicants into an “artificial”
break in which the employer then observes if the applicant uses the time to smoke.
3
At the relevant margin, however, a worker who smokes may increase those costs only slightly
since e.g. extra smoking areas and increased fire insurance premia are largely fixed costs.
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relationship between time preference and investment in health as measured in part
by smoking habits, though small in size and statistically weak. Since decisions about
education are also believed to be influenced by an individual’s time preference (see
e.g. Evans and Montgomery, 1994), a higher discounting of the future may be related
to investment in human capital in general such as job training. Less investment in
human capital would result in lower wage growth over the working life and thus, all
else equal, in lower wages.
Using US data Munasinghe and Sicherman (2005) also argue that the wage gap
between smokers and non-smokers is due to a gap in wage growth. They develop a
theory of career choice and devise a test to discriminate between time preference and
learning ability as sources of unobserved heterogeneity. From their empirical results
they conclude that smoking does proxy for time preference with the consequence
that smokers choose flatter wage profiles.
A recent study by Khwaja et al. (2007), however, suggests that smokers and
non-smokers may not differ in what has been used traditionally in economic theory
as a measure for time preference — discount rates implied by trade-offs between
present and future costs and benefits. Discount rates are found to be uncorrelated
with the smoker status. The authors produce evidence that suggests that more
general measures of time preference and self control such as planning horizons and
impulsivity are related to the decision to smoke.
Smoking is generally known to be health damaging. But full anticipation of the
consequences or competence to acquire this information may be linked to individual
characteristics such as intelligence or as Levine et al. (1997, p.496) suggest, poor
judgement. Research in psychology (cf. Gilbert, 1995, chap. 4) indicates that smok-
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ing is linked to certain personality traits that are relatively stable over time such as
higher impulsivity, lack of conscientiousness or neuroticism.
Hence, smokers and non-smokers may differ in various unobservable characteristics that are relevant in the labour market. It is useful to note that all individual
characteristics suggested above have in common that they are usually expected to
cause smokers to have lower wages than non-smokers, i.e. smokers are expected
to have a higher discounting rate of the future, to be more impulsive, to have less
self-control and self-discipline or to exhibit poorer judgment, etc. If true, then this
implies a negative selection bias if not accounted for — smokers are those that earn
less, but smoking is not the cause but a proxy for the cause.

2.2

Previous Work

A growing body of literature investigates the relationship between smoking and
wages. The first study comes from the medical literature and explores the statistical
associations of smoking and being overweight with earnings (Leigh and Berger, 1989).
Using US data for the period 1972-1973 no associations for either smoking or being
overweight were found to be significant.
The subsequent studies from the economics literature all attempt to indentify
causal effects from smoking by controlling for unobserved heterogeneity. Levine et al.
(1997) is the first paper from the economics literature on the topic. The authors
draw on the National Longitudinal Survey of Youth which allows them to control
for an extensive range of personal and family background characteristics (including
results from an aptitude test). With observations for the same individuals including
information about smoking behaviour in two different years, 1984 and 1991, indi-
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vidual unobserved effects are controlled for by differencing individual observations
across time. Additionally, unobserved family background effects are netted out by
taking differences across siblings. The authors find a statistically significant reduction in the hourly wage rate for regular smokers in the range of 4%–8% compared to
non-smokers depending on the specification. Using the same data set for the years
1992, 1994 and 1998, Baum et al. (2006) jointly estimate the wage effects of smoking
jointly with obesity. They find no statistical significant effects of smoking on wages
when controlling for unobserved heterogeneity using panel data methods.
Heineck and Schwarze (2003) also use panel data to control for unobserved individual characteristics. Using the years 1998, 1999 and 2001 from the German
Socio-Economic Panel Study they find a small negative difference in earnings between smokers and non-smokers with OLS. Controlling for unobserved effects only
for male smokers aged 25–35 years compared to their non-smoking counterparts a
small positive, but only weakly significant effect is found. Using a cross-section from
the same data set for the year 2002, Anger and Kvasnicka (2006) employ an IV approach to control for unobserved heterogeneity. Discerning explicitly never-smokers
and former smokers, they find a wage penalty of –6%, albeit non-significant, for
smokers compared to those who never smoked.
A few studies have investigated the causal effect of smoking on wages jointly with
the effect of alcohol use. Lee (1999) uses differences across twins in an Australian
data set from 1988/1989. Net of unobserved genetic and family background effects,
the effect of smoking on earnings increases in magnitude to –5% from around –3%
obtained with OLS esimation.4 In a paper that draws upon data from 2001 in the
4

The journal article based on the cited working paper (Lee, 2003) does not include results
concerning the effects of smoking but focuses on the impact of alcohol use.

7

Netherlands, Van Ours (2004) also estimates the effects on wages of both smoking
and drinking. The results from a simultaneous equation approach with instrumental
variables to control for unobserved heterogeneity suggest a negative effect on hourly
wages for male smokers of about –10%. The latter is larger in magnitude than the
effect obtained in OLS which are estimated to be around –6%. No effect of smoking
is found for women.
Auld (2005) conducts another study on the joint impact of smoking and wages
using Canadian data with two pooled cross sections of prime age male workers for
the years of 1982 and 1992. Like Van Ours (2004), Auld finds that the estimate
of the negative effect of smoking on earnings from OLS is less negative than when
controlling for unobserved heterogeneity via an IV approach with which estimates
increase in magnitude from –8% using OLS to about –24%. Using recent data from
Albania, Lokshin and Beegle (2006) reports similar results also for prime age male
workers: The OLS estimate of –8% using OLS increase in magnitude to –20% when
controlling for unobserved heterogeneity using IV.

3
3.1

Empirical Strategy and Data
Empirical Strategy

I now discuss the empirical strategy used to identify the effect of cigarette smoking on
wages. This paper aims at identifying causal effects as opposed to mere statistical
correlations. In particular, unobserved individual effects are taken into account.
First, OLS is presented as the baseline estimation method and its shortcoming are
described. Subsequently, FE and the method of IV are introduced to remedy the
problems of OLS.
8

3.1.1

The Baseline Specification: Pooled Ordinary Least Squares

In order to estimate the effect of smoking on wages, a wage regression with log
hourly wages as the dependent variable and a set of human capital variables and
other controls on the right-hand side is modified to include variables summarizing
smoking behaviour. Given the panel nature of the data the following linear static
panel data model for an individual randomly drawn from the population is a natural
starting point and serves as the baseline case. Cross-sections are pooled across time
to make full use of the data:

wit = xit β + sit γ + it ,

i = 1, 2, . . . , N, t = 1, 2, . . . , Ti ,

(1)

with max(Ti ) = 15. The dependent variable, log of hourly wages, for individual i
at survey year (“wave”) t is denoted as wit . Hourly wages are preferred over total
earnings for two reasons. First, the theoretical arguments centre on the effects on
productivity, and differences in a worker’s productivity are expected to be reflected
in wages per hour. Second, total wages may overstate a worker’s earnings capacity
if he works many hours, and the number of hours worked is potentially endogenous
as a control variable as it is likely be jointly determined with total wages. The log
form accounts for the right-skewed distribution of wages and restricts the model to
non-negative values for the dependent variable.
xit is a row vector with control variables that includes the explanatory variables
and a constant plus a set of wave dummies to capture year fixed effects that are the
same for all individuals in a given survey year. Following the standard human capital
model of wage determination (cf. Mincer, 1974; Willis, 1986), xit contains variables
for education as well as age and age squared (as an approximation for experience).
9

Further control variables include marital status, ethnicity and region of residence.
The principal interest is in the effect of smoking on wages. Smoking behaviour is
represented by the variable sit , which is a dummy variable that takes the value of 1
if the individual is a current smoker and 0 otherwise.
it denotes the random disturbance which can assumed to have a mean of zero due
to the inclusion of a constant: E(it ) = 0 for all i and t. If individuals are randomly
sampled from the population then, in any particular wave, the it are independent
and identically distributed (i.i.d.), so E(it jt ) = 0 for i 6= j at any one t. However,
independence of disturbances of an individual across time is not presumed as in a
panel data set the repeated observations for the same individual over time are not
independent. It is also not assumed that is and it come from the same distribution
for s 6= t, their respective variances are allowed to differ across the waves of the
panel. While the last two points do not prevent consistent estimation via OLS, the
resulting serial correlation and heteroskedasticity respectively would mean that the
usual OLS standard errors would not be consistent. Hence, a flexible covariance
structure is used to derive correct standard errors for statistical inference.5
In order to derive consistent estimates of the coefficients of the above model via
Pooled Ordinary Least Squares (POLS), one would have to assume that the regressors are contemporaneously exogenous in the sense that, as a minimum, E(xit it ) = 0
and E(sit it ) = 0 for t = 1, 2, . . . , Ti . This assumption might be violated if variables
are omitted from the model’s specification that are correlated with one or more of
the regressors and the outcome variable. The discussion at the end of section 2.1
provided a number of reasons why, in the case of smoking and wages, there may be
5

The Stata option cluster is used to account for dependence of repeated observation of an
individual.
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unobserved (and unobservable) individual characteristics that make an individual
more likely to smoke and to receive a lower wage at the same time.
To make this point more precisely and to present a specification which can address the resulting endogeneity, the unobserved heterogeneity is modelled explicitly.
For this purpose, “fixed effects” — individual specific (time invariant) effects — are
introduced. Suppose the random disturbance in (1), it , is composed of an unobserved random variable ci , the “fixed effect”, and an idiosyncratic disturbance that
is random across individuals and across time: it = ci + νit . If the smoking variable
is correlated with the unobserved effects, i.e. E(sit ci ) 6= 0, then the exogeneity assumptions of the baseline model in equation (1) can no longer hold: E(sit it ) 6= 0.
P PTi
Since then plim N1 N
i=1
t=1 sit it 6= 0, the POLS estimator is inconsistent.
Two ways of dealing with endogeneity caused by unobserved heterogeneity are
presented in the following sections. First, the preferred specification with “fixed
effects” is introduced. The appropriate FE estimator explicitly uses the panel structure of the data and eliminates endogeneity resulting from unobserved time invariant
individual effects. Second, the method of IV is presented which can solve cases of
endogeneity more generally.

3.1.2

The Preferred Specification: Fixed Effects

The assumption of contemporaneous exogeneity of the smoking variable, which is
necessary for Pooled OLS to produce consistent estimates, is likely to be violated in
the proposed wage equation. Modelling the unobserved individual effect as above,
with it = ci + νit , equation (1) becomes

wit = xit β + sit γ + ci + νit ,

i = 1, 2, . . . , N, t = 1, 2, . . . , Ti ,
11

(2)

The notation remains essentially unchanged from (1). The random disturbance,
νit , is again assumed to have mean zero. The independent sampling assumption then
implies that, in any one wave, the νit are i.i.d., so E(νit νjt ) = 0 for i 6= j at each
t. It is assumed that E(xis νit ) = 0 and E(sis νit ) = 0 as well as E(ci νit ) = 0 for all
s, t = 1, 2, . . . , Ti and all i.
While POLS estimation requires contemporaneous exogeneity of the regressors,
for FE to produce consistent estimates it is necessary to assume a form of strict
exogeneity: at a minimum, E(xis νit ) = 0 and E(sis νit ) = 0 for all i and s, t =
1, ..., Ti .6 The important difference to POLS is that, while correlation between a
regressor and ci renders POLS inconsistent, for FE estimation any such correlation
is allowed. In fact, to obtain the FE estimator, ci is eliminated by performing the so
called “within transformation” and subsequently applying OLS to the transformed
model. The within transformation consists of averaging each individual’s observation
over time and then subtracting the individual’s average over time from each of the
individual’s observation. The estimation equation can then be expressed as:
wit − w̄i = (xit − x̄i ) β + (sit − s¯i ) γ + νit − ν̄i ,
(3)
i = 1, 2, . . . , N, t = 1, 2, . . . , Ti .
The unobserved fixed effects are thus eliminated from the model and hence identification of the coefficients of the remaining (time varying) variables does not depend
on the statistical properties of ci ; in particular, correlation with any of the regressors
is no longer a problem.
6
This is the minimal requirement for consistency; standard asymptotic inference assumes independence of disturbances.
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By the nature of the FE estimator, identification of the model’s parameters works
through within-group variation, i.e. changes in the respective explanatory variables
for an individual over time. With POLS, in contrast, identification comes mainly
from between-group differences, i.e. variation across individuals.7 The implications
of this distinction are discussed in detail in section 4.4.
Despite the FE estimator’s ability for consistent estimation in the presence of unobserved heterogeneity, other sources of endogeneity are assumed not to be present.
The present model assumes that there is a one way relationship between smoking and
wages in the sense that smoking influences wages but not the other way around. If
higher wages cause a higher or lower incidence of smoking, then in a single equation
model γ is no longer consistently estimated via FE. In early theoretical work, the
demand for “good health” was predicted to increase in wages Grossman (1972, pp.
241ff). If quitting smoking or not starting smoking are means to “produce” good
health, then higher wages should lead to less smoking. On the other hand, cigarettes
may be a normal good, so that the income elasticity of cigarette demand may be
positive. But since price elasticities are found to be low (cf. Chaloupka and Warner,
2000), and assuming that the substitution effect is at most moderate in magnitude,
then the income effect cannot — by standard economic demand theory — be large
either. Thus a change in income over time (FE uses within-group variation) is unlikely to induce many individuals to quit or start smoking. In conclusion, two-way
causation may exist on theoretical grounds. But the magnitude of the bias can be
assumed to be small empirically.
Statistical inference with FE is based on asymptotic standard errors that are
robust to arbitrary intertemporal correlation and heteroskedasticity as introduced
7

The POLS estimator weights within- and between-group variation equally, but since between
group variation is much larger in this context, the between-group differences drive the estimates.
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by Arellano (1987). So far this is not common practice in applied work, although
recent theoretical work has shown its exigency (cf. Kézdi, 2007). The finding of
strong evidence for serial correlation (not reported) using the test procedure devised in Wooldridge (2002, chs. 10.5.4, 10.6.3) makes these adjustments inevitable.
Correspondingly, standard errors are much higher than under standard asymptotic
inference that assumes zero intertemporal correlation of the νit , conditional on xit
and ci .
3.1.3

An Alternative Approach: Instrumental Variables

Another approach for obtaining consistent estimates is the method of IV. Assuming
that the smoking variable sit is the only endogenous regressor, IV estimation applied
to the present model, requires finding one or more variables, say qit , that
1. are exogenous in the wage equation of model (1), i.e. E(qit it )=0 (Validity),
2. (controlling for all other covariates in the model) are correlated with the endogenous regressor, rqit ,sit |xit 6= 0 (Reliability), and
3. do not already belong in the wage equation as an explanatory variable in their
own right, since otherwise they cannot help to identify other coefficients of the
model other than their own.
If variables satisfying these conditions can be found, then the coefficients β and,
in particular, γ in equation (1) can be consistently estimated via Two-Stage Least
Squares (2SLS). Although estimation is not implemented in two stages, it is convenient to think of 2SLS as being carried out that way. In the first stage the smoking
variable is regressed on all other exogenous variables including the instrumental
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variables via OLS. The second stage entails regressing, again by OLS, the original
dependent variable on the predicted dependent variable of the first stage plus controls. The predicted values of the first stage regression are a linear projection of
exogenous variables. Using the predicted values in the second stage then essentially
has the effect of “purging” the smoking variable of correlation with the disturbance,
which hence allows consistent estimation of γ.
Parental smoking behaviour provides the instrumental variables here. It has
been used in a similar fashion by Lokshin and Beegle (2006). Using the BHPS,
Loureiro et al. (2006) show that adolescents are more likely to smoke if their parents
smoke, even after controlling for endogeneity of the parents’ decision to smoke.8 The
authors suggest that the parents’ function as role models for their kids, an altered
perception of the risks of smoking and easier access to tobacco are potential channels
of the transmission of smoking habits across generations. Since most adult smokers
started smoking as teenagers,9 youth smoking behaviour is correlated with current
smoking for prime age individuals, the population of interest in this study. Hence,
parental smoking can be argued to be a potentially reliable instrument.
For parental smoking to be a valid instrument, parental smoking must not have an
impact on the offspring’s earnings capacity other than through the intergenerational
transmission of smoking behaviour. But I have argued before that smoking may be
be correlated with unobserved, job market relevant characteristics. After all, that is
why the method of IV is applied in the first place. These unobserved characteristics
8

Loureiro et al. (2006) find stronger same sex relationships than between different sexes which
suggests using only the father’s smoking habits as an instrument for male workers in this paper.
However, in line with Lokshin and Beegle (2006), both parent’s smoking behaviour will be used
due to sample size restriction.
9
In the data set used in this work, over 80% of current smokers in 1999 had smoked their first
cigarette by the age of 18.
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may be subject to intergenerational transmission as well. Suppose self-discipline is
one such characteristic. If smoking acts as a proxy for a lack of self-discipline, then it
is conceivable that a lack of self-discipline of parents is passed on to their children due
to early upbringing and socialisation in the family environment. The validity of the
instrument is a serious concern for the instrumental variable estimation technique.
Therefore, similarly to Lokshin and Beegle (2006), dummy variables for parents’
education are included in the wage equation as additional exogenous regressors.
The idea is that parents’ education should proxy for unobserved characteristics of
parents that are subject to intergenerational transmission, so that controlling for
parents’ education, parents’ smoking habits are assumed to be uncorrelated with
the error term in the offspring’s wage equation.
The method of IV is used in parallel to POLS as a Pooled 2SLS estimator.
By eliminating the correlation of sit with the error term it , the contemporaneous
exogeneity assumption holds again, and cross-sections are pooled across time to
maximise data use. As before, standard errors have to be adjusted to account for
non-independence of observations over time.
An advantage of the FE estimator over the method of IV as applied here is that
the former eliminates all endogeneity from unobserved effects. If other variables in
the wage equation are correlated with the error term, eliminating only correlation of
the smoking variable with the error term does not generally suffice to consistently
estimate the smoking coefficient γ. To see this clearly, consider the probability limit
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of the POLS estimator of the coefficient on smoking, for N → ∞:10
plim γ̂P OLS

where Oab =

n
o−1
1
−1
= γ+ plim
Oss − Osx Oxx Oxs
N
n


o
1
1
1
−1
Osx Oxx
Oxs · plim Ox
× plim Os − plim
N
N
N

PN PTi
i=1

t=1

(4)

a0it bit . Even if sit were not correlated with the unobserved

effects, e.g. by instrumenting for it by using 2SLS, equation (4) reveals that endogeneity of any other regressor in the wage equation (e.g. education) would result
in γ̂ being inconsistent. The second summand in (4) does not generally vanish if
plim N1 Ox 6= 0 even if plim N1 Os = 0 — unless, of course, the endogenous regessors
are orthogonal to sit , i.e. plim N1 Oxs = 0.
It is often argued that, in a wage regression, education is likely to be correlated
with the error term through unobserved effects. If education is correlated with smoking (e.g. via changes in perception of health risks from smoking or peer group effects)
then the endogeneity of the education variables will impede consistent estimation of
the coefficients on smoking even in an IV approach that eliminates the correlation of
the smoking variable with unobserved individual effects. Since the FE estimator, on
the other hand, is consistent in the presence of any endogeneity due to time invariant
unobserved effects that are correlated with any regressor, estimation with FE can
be seen as more reliable than IV as applied here.11,12
10

See appendix for derivation.
IV could generally also applied in a FE context, but here IV is referred to as applied in a
cross-sectional context via e.g. Pooled 2SLS (the instruments used here are time invariant).
12
A disadvantage of FE over IV is that the former aggravates the attenuation bias arising from
measurement error in explanatory variables. I believe that the smoker status variable is not especially prone to measurement error, so that this disadvantage is not essential here.
11
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3.2

Data

I use data from the British Household Panel Study (bhps) drawing on all 15 currently available waves that cover the years between 1991 and 2005.13 The bhps is a
nationally representative survey of British individuals and households. In the first
wave in 1991 some 5 500 households and about 10 300 individuals were randomly selected and have since been re-interviewed annually. Additional samples were added
in later years, but this study focuses on the original “Essex” sample of households
that was selected in the first wave. Respondents are made up of all individuals of
the sampled households of age 16 and older. Children become part of the panel once
they turn 16. Original interviewees and their offspring are followed and reinterviewed
when they move out of the original interview household.
The population of interest for this study consists of male workers and is restricted
to those full time employed, between 25 and 55 years of age and with a minimum
monthly wage or salary of £400 (in prices of 2005). The restrictions focus the analysis
on the more homogenous group of prime age male workers that have for most parts
completed their education. This is done to avoid complications from issues of lifecycle labour supply such as full time education, early retirement and —especially
for women— child rearing.14 In addition, the restrictions ensure comparability with
other studies that generally restrict their sample to prime age individuals, with the
majority based on samples of men.
13

The description of the bhps data is based on Taylor et al. (2006). An overview of all derived
variables is provided in the appendix.
14
Data on labour market experience is be less reliable for women, and age does not proxy well
for experience due to non-continuous labour market spells. In the absence of a variable for actual
labour market experience this is a problem. Preliminary results for women showed small or no
wage effects from smoking. This is in line with previous work, but since results are less reliable
and to economise on space results are not reported.
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For the dependent variable, log of hourly wages, monthly wages and weekly
working hours are combined to compute wages per hour. Earnings, indexed to
prices of 2005,15 are measured using the usual monthly wage or salary before tax
based on the employee’s last payment for the current main job. Usual hours per
week, including paid overtime, are then used to compute the wage per hour.16
The data set contains detailed information about current cigarette smoking behaviour of a respondent. In all of its 15 waves, except in wave 9 in which questions
were more detailed, respondents were asked if they smoked cigarettes at all and, if
so, a follow up questions asked for the usual number of cigarettes consumed per day.
In line with the literature, I classifiy an individual as a current regular smoker in
wave t, if he/she answered affirmatively to the first smoking question and indicated
that he/she was smoking at least one cigarette per day on average. Additionally, a
categorical variable “intensity of smoking” is constructed from the daily number of
cigarettes that sorts individuals into 5 groups: non-/non-regular smokers, and those
who smoke 1-10, 11-20, 20-30 or 30 and more cigarettes per day respectively.
In wave 9, a series of more detailed questions about current and past smoking
were asked, including how long ago a respondent stopped smoking if he/she was not
currently smoking regularly but had done so in the past. The information about past
smoking behaviour is used to further differentiate non-smokers into groups of neversmokers and former smokers where former smokers are split up into finer groups
indicating roughly how long ago they stopped smoking. This information is used in
section 4.4 where the estimation results are discussed.
15

Based on Consumer Price Index provided by the Office for National Statistics (www.statistics.
gov.uk).
16
See appendix, table 7 for an exact definition and an overview of bhps variables used.
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Definitions of the remaining control variables that summarize age, education,
marital status, ethnicity and region of residence are defined in table 7 (see appendix).
Subject to the sample selection criteria, the variables for estimation of the POLS
and FE models are available for 3,707 individuals with a total of 23,381 individualyear observations. Averaged over all waves the prevalence of regular smoking is
26.2%. While this is less than the maximum in the first wave in 1991, there is no
significant downward time trend for the estimation subsample. Table 1 provides
descriptive statistics for the main variables for an overview of the data separated
by smoker status. On average, hourly wages for smokers are 22.1% lower than
for non-smokers.17 Smokers are also younger and less educated on average. In
comparison with non-smokers, a smaller fraction of smokers is married, more are
divorced, widowed or live separated and relatively more are singles. The differences
in region and ethnicity are not statistically significant.
To create the instrument variables for the IV approach an intergenerational sample was constructed. For respondents that lived in one household with one or both of
their parents at any one interview, it is possible to match children with their parents.
The instrumental variables draw on parents’ smoking behaviour: A set of dummy
variables is created from a categorical variable that is the maximum value over both
parents’ smoker types over the time that the parents are observed in the sample.18
The intergenerational subsample also allows the construction of a variable for parents’ education which is coded, analogously to the education variable for all other
respondents, as a categorical variable indicating the highest education achieved by
17

22.1 = exp(2.07 − 2.32) = 0.221.
Due to the sample size restrictions distinguishing between mother and father was not feasible.
The current coding is was chosen because it provided the most reliable and most valid instruments
in the specifications tests. Results, however, were not completely robust to alternative codings of
the instruments (e.g. modulus instead of maximum over time); see Results section.
18
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Table 1: Means of main variables by smoker status
Variable
Log hourly wage (log £)
Age (years)
Education (%)
Degree
Further education
A-levels
O-levels
Other qualification
None
Marital Status (%)
Married/cohabiting
Divorced/widowed/sep.
Single
Non-white (%)
Region (%)
London
South East
Rest
Total observations

Smoker
2.07
37.47

***
***

9.5
29.9
13.2
20.8
9.3
17.3

***
**

76.9
7.6
15.4
3.5

***
***
**

10.0
20.8
69.3
6 138

***
***
***

Non-smoker
2.32
39.03
22.2
33.7
12.6
16.0
6.2
9.3
82.3
4.8
12.9
3.0
8.9
19.2
71.9
17 243

Notes: *** Means different at 1% level of significance based on standard
errors clustered by individual, ** at 5% level. BHPS 1991-2005. See text for
a description of the underlying sample.
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the parents (if both parents are available the higher level of education is chosen).
The additional sample selection criteria (matching with parents and availability of
smoking parents’ behaviour and education) substantially reduces the sample size so
that the IV subsample consists of 635 individuals with in total 3 317 individual-year
observations.

4

Estimation Results

4.1

Pooled Ordinary Least Squares

POLS estimates are presented in Table 2, column (1). All included variables are
highly statistically significant. The adjusted R2 indicates a reasonable fit of the
model. The estimated coefficients for the education dummies show a gradient in
the wage differential by education — the higher the educational achievement, the
higher the wage premium. The markup is greatest for those who have a first or
higher degree, who earn 114% more per hour on average compared to those with
no education.19 Those who are married or live with their partner have 15% higher
hourly wages than singles, all else equal. The widowed, divorced or separated also
earn about 7% more per hour compared to singles. Residents of London and of the
South East region make ca. 30% and 18% more, respectively, than those who live
neither in London nor in the South East. Controlling for other covariates in the
model, older age is associated with higher wages for those under 45 years old with
decreasing marginal returns to age.20
Current regular smoking is associated with a wage penalty. The coefficient on
the dummy for current regular smoking indicates that, all else equal, smokers have
19
20

114% = exp(0.761) − 1 = 1.140 and analogously for the remaining dummies.
45 ≈ argmax(0.076 · age − 0.085 · age2 /100 = 44.71)
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Table 2: Pooled Ordinary Least Squares and Fixed Effects
Dependent variable:
Current regular smoker
Degree
Further education
A-level
O-level
Low education
Age
Age squared/100
Married/couple
Widowed/divorced/separated
Non-white
London
South East
N individuals
Total observations
Adjusted R2

(1) POLS
Log hourly wage
–0.136 (9.35)***
0.761 (28.56)***
0.417 (17.75)***
0.376 (13.40)***
0.234 (9.73)***
0.155 (5.44)***
0.076 (12.74)***
–0.085 (11.13)***
0.143 (7.88)***
0.069 (2.39)**
–0.123 (2.85)***
0.259 (9.78)***
0.167 (8.95)***
3 707
23 381
0.340

(2) FE
Log hourly wage
–0.020 (1.72)*
0.097 (1.53)
–0.021 (0.62)
0.008 (0.20)
0.024 (0.65)
0.005 (0.11)
0.067 (5.82)***
–0.098 (14.67)***
0.027 (1.62)
–0.024 (1.00)
—
—
0.040 (0.82)
0.091 (2.38)**
3 707
23 381
0.256

Notes: * p < 0.10, ** p < 0.05, *** p < 0.01. Absolute t statistics in parentheses. p-values of
F -test for joint significance in FE specification: 0.076 for educational variables, 0.007 for marital
status variables, 0.056 for region of residence. t and F statistics are based on variances robust to
heteroskedaticity and arbitrary within-individual correlation over time (see section 3.1). bhps 19912005. The dependent variable is indexed to prices of 2005. Estimation also included a constant and
set of year dummies. Reference categories are: “Current non-/non-regular smoker” for “Current
regular smoker” ; “No education” for the educational dummies; “never married/single” for marital
status; “White” for “non-white” and “Neither London nor South East” for “London” and “South
East”.
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a 12.7% lower wage per hour compared to non-smokers. The estimates imply that
a white, married, 38 years old, male worker in 2005 with further education, residing neither in London nor in the South East, earned on average £10.5 per hour
if currently regularly smoking, which is £1.5 less than a current non-smoker with
otherwise identical characteristics. The raw sample difference in group means for
current smokers vs. current non-smokers, as described in the Data section, is 22.1%.
Hence, holding education, age, marital status, race and region of residence constant,
the difference in mean hourly wage reduces substantially.

4.2

Fixed Effects

Despite the inclusion of controls, there remains a considerable wage gap between
smokers and non-smokers according to the POLS estimates. To isolate the variation
that is causally due to smoking, unobserved heterogeneity needs to be taken into
account. Table 2, column (2), shows the results from the fixed effects model.
Controlling for unobserved individual effects, the education dummies become
individually statistically insignificant at all conventional levels, though still jointly
significant at the 10% level. But identification in the fixed effects model comes
from within-group variation. By the age of 25, which is the minimum age for inclusion in the estimation sample, the vast majority of individuals had completed
their formal education. Understandably, the individual coefficients are not precisely
estimated and are not statistically significantly different from zero. FE estimation
based on within-group variation also lowers the fit of the model as indicated by the
lower adjusted R2 in comparison with POLS, which relies mainly on between-group
variation.
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The coefficient on the variables for marital status are jointly statistically significant at the 1% level, but not individually. The estimates imply a small positive
effect of marriage and a small negative effect from being widowed, divorced or separated compared with singles. Due to a lack of variation over time, estimation of
the difference between whites and non-white cannot be estimated with FE. Living in
the regions of London or South East has positive effects, though lower in magnitude
than with POLS. While not individually significant, the regional dummies are jointly
significant at the 10% level. The FE estimates of age and age squared are highly
statistically significant and qualitatively similar to those obtained with POLS, the
main difference being that the gradient in marginal returns is flatter. The implied
maximum return to age is at around 34 years.
Now the negative effect of smoking is statistically significant only at the 10% level
and the magnitude drops by a lot compared to POLS. Holding unobserved effects
and other observed characteristics constant, a worker that is currently smoking has
on average a 2% lower hourly wage than another otherwise identical who is not
smoking.21,22 The drop in magnitude of the estimate from 12.7% obtained from
POLS to just under 2% with FE seems to suggest that unobserved heterogeneity
plays a large role and not taking it account leads to sizeable bias in the estimated
effects of smoking on wages.
21

The econometric model implicitly assumes that the effect of smoking is the same in every
year. An F-test in an estimation with smoker × year interactions did not reject the Null of equal
coefficients (p-value 0.622).
22
The theoretical arguments about the causal effects of smoking on wages make it plausible that
smoking more cigarettes may increase the wage penalty. Therefore, I extended the FE specification
by substituting the simple dummy indicating the current smoker status for a set of dummy variables
that indicate, in five groups, the number of cigarette smoked per day. The estimates, reported in
table 6 in the appendix, suggest that negative effect from smoking increases with the intensity of
smoking.
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4.3

Instrumental Variables

Table 3 shows the IV estimation results. A set of dummy variables for parental
education is introduced as additional control variables. To be able to compare the
Pooled 2SLS results with the baseline model, POLS estimation is carried out again
on the smaller IV subsample. The estimates, column (1), are comparable with the
POLS estimates on the sample underlying Table 2. In particular, the statistically
significant wage penalty for smokers over non-smokers is of similar magnitude. The
newly-introduced dummmies suggest that parents’ education has a positive effect
on the offspring’s mean wages compared to no education of parents. However, the
coefficients are imprecisely estimated (p-value of F -test of joint significance: 0.149).
In column (2) and (3), the estimation results from Pooled 2SLS are shown. In
the first stage the only coefficients of interest are those on the instruments. Parents’
smoking is positively correlated with the respondent’s smoking habits for three of four
categories. The four instruments are jointly significant at the 5% level. According
to Hansen’s J statistic, the null hypothesis of validity of the instruments is not
rejected.23 However, the instruments appear to be weak as the F statistic testing
the joint significance of the instruments in the first stage does not exceed 10, which
is the threshold level proposed by Staiger and Stock (1997). Weak instruments
generally lead to a finite sample bias in the direction of the OLS bias (Bound et al.,
1995).
23

Due to the use of four instrument for one endogenous variable, the model is overidentified:
there are more variables than coefficients to estimate. This allows one to test the validity of the
instruments, i.e. whether the correlation of the instruments with the disturbances is zero. Hansen’s
J test statistic is the robust (to non-spherical disturbances) equivalent of the usual Sargan (1958)
test of overidentifying restrictions (Baum et al., 2003, p. 18).
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In the second stage, the control variables that are statistically significant are
comparable to those from POLS in column (1). The Pooled 2SLS estimate of the
coefficient on smoking is positive, but completetly insignificant statistically: the
associated 95% confidence interval ranges from –0.345 to +0.477. The IV approach
is not overly robust: Relatively small changes in the definition of the instruments
or controls causes the instruments’ validity and reliability as well as the estimate
on smoking to vary considerably. The estimates would suggest that there is no
statistically significant effect from smoking when controlling for endogeneity of the
smoking decision. But due to the unreliability of the IV estimates, the particular
results are given little weight in the subsequent discussions.

4.4
4.4.1

Discussion of Results
Different Counterfactuals

In order to correctly interpret the estimates of the coefficient on the smoker status
dummy, it is important to consider carefully the implied counterfactuals that arise
from different estimation techniques. In the above specifications, a single dummy
is used to estimate the influence that smoking has on wages, which takes the value
of 1 if a worker is currently a regular smoker and 0 otherwise. But the group of
current non-smokers is generally composed of former smokers and never-smokers.
Former smokers may still be affected by persistent effects from smoking. They may
also differ in unobserved characteristics such as motivation or drive from those who
never smoked and from current smokers. Hence, the difference in wages of smokers
and non-smokers using a single dummy might vary depending on the comparison
group, and the interpretation of a dummy for current smoking depends on who
current smokers are actually compared to.
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Table 3: Pooled Ordinary Least Squares and Instrumental Variables
Dependent variable:
Current regular smoker
Degree
Further education
A-level
O-level
Low education
Age
Age squared/100
Married/couple
Widowed/divorced/sep.
Nonwhite
London
South East
Parents: Degree
Parents: Further educ.
Parents: A-level
Parents: O-level
Parents: Low education
Parents: 1–10 cig’s/day
Parents: 11–20 cig’s/day
Parents: 21–30 cig’s/day
Parents: 30+ cig’s/day
N individuals
Total observations
Adjusted R2
1st stage F [3][634]
Hansen’s J, χ2 [3]

(1) POLS
Log hourly wage
–0.124 (4.68)***
0.653 (7.47)***
0.403 (6.40)***
0.347 (5.22)***
0.243 (4.21)***
0.189 (2.99)***
0.047 (2.56)**
–0.044 (1.65)*
0.134 (4.51)***
0.121 (1.77)*
0.030 (0.31)
0.332 (6.21)***
0.135 (3.39)***
0.118 (0.86)
0.072 (1.44)
0.017 (0.33)
0.102 (2.19)**
0.070 (1.32)

635
3317
0.386

(2) IV 1st stage
Current smoker
–0.263
–0.200
–0.162
–0.102
–0.099
–0.031
0.031
–0.004
0.077
0.116
0.097
0.091
–0.128
0.011
0.058
–0.070
–0.040
0.077
–0.049
0.121
0.270

(2.85)***
(2.29)**
(1.55)
(1.10)
(0.93)
(1.66)*
(1.15)
(0.12)
(1.06)
(1.31)
(1.67)*
(1.86)*
(1.45)
(0.16)
(0.70)
(1.42)
(0.69)
(1.08)
(0.94)
(1.56)
(2.35)**
635
3317
0.066
2.77(0.027)
4.56(0.207)

(3) IV 2nd stage
Log hourly wage
0.066 (0.31)
0.707 (5.66)***
0.443 (4.94)***
0.381 (4.47)***
0.264 (3.76)***
0.208 (2.95)***
0.052 (2.74)***
–0.049 (1.84)*
0.134 (4.45)***
0.107 (1.52)
0.010 (0.10)
0.314 (5.05)***
0.118 (2.54)**
0.143 (0.97)
0.069 (1.30)
0.002 (0.03)
0.113 (2.31)**
0.080 (1.51)

635
3317
0.355

Notes: See table (2). Reference category for parents’ education is “no education”. Degrees of freedom for specification test statistics in square brackets, p-values in round parenthesis.
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In an OLS regression using only wave 9 (year 1999) of the bhps, the coefficient on
current smoking does virtually not change when changing the reference group from
never- and ex-smokers to only never-smokers by controlling for past smoking (table
4). Furhter, the estimates on the dummies for quitting smoking more than 2 years
ago are non-negative and insignificant. Thus, with POLS, which mostly relies on
variation across different individuals, the coefficient in an estimation with only one
dummy for current smoking might be interpreted as the wage differential between
current smokers and those who never smoked or quit a long time ago.
With FE, however, the case is different, since identification of the model’s parameters works through within-group variation. Hence, identification of a dummy
indicating the current smoker status comes from those individuals who change said
status at least once during their observation in the sample. Very few individuals take
up the habit of regular smoking for the first time after the age of 25, the minimum
age for inclusion in the sample. Drawing again on the more detailed information
of wave 9, more than 95% of those who were current regular smokers in 1999 had
smoked cigarrettes before the age of 25. Further, only 9 of 829 or about 1.1% of
those who have never smoked regularly before as of wave 9 have started smoking
during observation in the sample after wave 9. On the other hand, 68% of current
non-smokers have smoked regularly before. 10% of current regular smokers in wave 9
in 1999 were not classified as such in 2000 and about 32% reported to be non-smokers
at least once in the years following 1999. Hence, estimation via FE primarily relies
on those who quit smoking as opposed to those who start and does thus not identify
the difference in wages between smokers and never-smokers but between smokers
and former smokers.
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Table 4: Ordinary Least Squares: Current and past past smoking (wave 9)
Dependent variable:
Current regular smoker
Former smoker
Quit ≤ 1 year
Quit ≤ 2 years
Quit ≤ 5 years
Quit > 5 years
N
Adjusted R2

(1)
Log hourly wage
–0.139 (5.96)***

(2)
Log hourly wage
–0.146 (5.84)***
–0.020 (0.76)

(3)
Log hourly wage
–0.144 (5.82)***
–0.172
–0.053
0.071
0.007

1669
0.329

1669
0.329

(2.80)***
(0.61)
(1.04)
(0.22)
1669
0.331

Notes: See table (2). bhps 1999. Reference category for the smoking dummies is “never (regularly) smoked”. Not
reported are control variables which are those of table (2).

4.4.2

Persistent Effects

With FE, a dummy for current smoking is estimated as the average wage effect of
being a smoker vs. being a former smoker, as measured by current smoking for
those individuals who change smoking status over time. If the causal wage effects
from smoking are at least somewhat persistent over time, e.g. due to persistent
health effects, then the coefficient on the current smoker dummy understates the
cumulative effect from continuous smoking under the FE estimator (and would overstate the effect if interpreted as the effect from current smoking). Consider the case
that a regular smoker temporarily quits in one year and takes up smoking again in
the following year. If the effects are persistent, the full benefit from quitting, or
accordingly the full penalty from continuous smoking, is not reflected in the wage
differences between the year of non-smoking and the years of smoking. To capture
more fully the effects from a long-standing smoking habit vs. not smoking at all, I
extended the FE specification to include lags of the smoker dummy (table 5).
The inclusion of lags substantially reduces the sample size, since not for all individuals two lags or more of all variables are observed. In column (1) the original
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Table 5: Fixed Effects: Current smoker and lags
Dependent variable:
Current regular smoker
Lag (1 year) of smoker
Lag (2 years) of smoker
N individuals
Total observations
Adjusted R2

(1)
Log hourly wage
–0.020 (1.30)

(2)
Log hourly wage
–0.015 (1.08)
–0.016 (1.07)

2 264
13 018
0.210

2 264
13 018
0.210

(3)
Log hourly wage
–0.015 (1.05)
–0.014 (0.99)
–0.010 (0.77)
2 264
13 018
0.210

Notes: See table (2). Not reported are the estimates of control variables which are those of table (2).

specification without lags is presented for comparison. The coefficient is practically
identical to previous estimates with the full sample, but the standard errors are
much higher (p-value of t-test 0.195). Correspondingly, the following interpretation
of the specifications including lags are merely suggestive.
Including a one year lag (column 2), the effect on the hourly wage from contemporaneous smoking is estimated to be –1.5% on average and the effect from smoking
one year ago is estimated to be –1.6% compared to not smoking a year ago. For a
current smoker who also smoked in the previous year the effects add up, so that he
would have a 3.1% lower wage than when smoking neither now nor last year. The
estimates of wage effects from contemporaneous and previous year smoking decline
slightly when a one- and a two-year lag are included. The estimate on the coefficient
for smoking two years ago is negative but of smaller magnitude than the effects of
current and previous year smoking. Adding up the three estimates means a wage
reduction of –3.7%, all else equal, for someone who smokes currently and has done so
during the last two years in comparison with someone who did not smoke at all. In
conclusion, the results, while only tentative, are supportive of the idea that smoking
effects are persistent. In combination with the results from the analysis with past

31

smoking data from 1999, however, the estimates from the lag specification do also
suggest that the persistence is limited. The coefficient on the two-year lag in the
extended FE specification is smaller than for the one-year lag. And, while not controlling for unobserved effects, OLS on the data from wave 9 seems to suggest that
quitting smoking more than two years ago has little or no effect on current wages.

4.4.3

Time-varying Unobserved Effects

A shortcoming of FE estimation is that a specification with unobserved individual
effects explicitly assumes that these effects are time invariant — ci has the same
impact for individual i in every year. If the job market relevant unobserved characteristics that are correlated with the regressors were also to vary over time, then the
FE estimator would not be consistent. The time varying parts would then be part
of the idiosyncratic random disturbance (νit ) and the exogeneity assumption would
be violated. If e.g. a boost in motivation and self-discipline has positive effects on
wages, but is not caused by the decision to quit smoking then the FE estimate of
the effect of quitting would be upward biased. The method of IV does not rely on
unobserved effect to be time-invariant to consistenly estimate γ. Unfortunately, the
method’s application is limited here by the small sample size, so that the resulting
unstable estimates are not comparable with the FE estimates to assess the degree
of the potential bias.
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5

Summary and Conclusions

With reference to the preferred FE estimation, the analysis of the present paper
suggests that there are small negative effects from smoking on wages. However,
there appears to be no “puzzle”. Despite the large sample size, the coefficients on
smoking are only weakly significant and at the same time economically plausible.
The observed large correlation between smoking and wages are mainly due to nonrandom selection into smoking. Controlling for unobserved effects, the wage penalty
due to current smoking is estimated to be –2% over someone who has quit smoking.
Since identification with FE is based primarily on within-group variation of smokers quitting or former smokers starting again, the large difference between POLS and
FE estimates are not only due to unobserved effects but partially because the respective techniques imply different counterfactuals. Additionally, further analysis
suggestes that the effect of long-term smoking compared to not smoking at all is
somewhat underestimated by the FE approach as applied here.
The analysis in this paper is conditional on the respondent being in the workforce
and being in the data sample. The estimated effect does not take into account
the more severe cases of deteriorated health due to smoking that leave workers
incapacitated for work. Further, smokers may be more likely to drop out of the
sample than non-smokers as they differ in personal unobserved characteristics. Both
issues would result in a tendency of the analysis to underestimate the negative effect
of smoking on wages. Correcting for these selection issues, however, requires more
elaborate models than the specifications applied here (e.g. Heckman type sample
selection models).
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In this work, I have investigated if smoking causally affects wages. In order to
test hypotheses about the “why”, i.e. the channels of causation, more detailed data
is necessary. Data on workers’ rates absenteeism or time spent in smoking breaks,
for example, was not available. The particular causal mechanisms of the negative
effect of smoking on wages are an interesting topic for future research.
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A

Appendix

A.1

Derivation of equation (4), page 17

For the ease of exposition I assume that the data is a balanced panel. The results
are qualitatively identical to the unbalanced case but notationally less tedious to
derive.
Let X be a matrix with the K1 -dimensional row vectors of control variables xit
stacked by individuals and time, and define analogously S, w and  for the smoking
variable(s), the dependent variable and the disturbances respectively:
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Define X̃ = (X S) and δ = (β 0 γ 0 )0 . Then equation (1) on page 9 can be expressed
as
w = Xβ + Sγ +  = X̃δ + .
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The POLS estimator is δ̂ = (X̃ 0 X̃)−1 X̃ 0 w, which after substitution for w becomes
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By use of the partitioned inverse (Greene, 2003, A.5, p. 824), the estimator for γ
becomes
n
o−1 n
o

γ̂ = γ + S 0 S − (S 0 X)(X 0 X)−1 (X 0 S)
× S 0  − (S 0 X)(X 0 X)−1 (X 0 ) ,

which is equation (4) when written in double (over individuals and time) sum form
and taking the probability limit.

A.2

Tables

Table 6: Fixed Effects: current smoker and number of cig.
Dependent variable:
Current regular smoker
Number of cig./day
1–10
11–20
21–30
30+
N individuals
Total observations
Adjusted R2

(1)
Log hourly wage
–0.020 (1.72)*

3707
23381
0.256

(2)
Log hourly wage

–0.014 (1.08)
–0.024 (1.72)*
–0.035 (1.75)*
–0.036 (0.98)
3707
23381
0.256

Notes: See table (2). Not reported are the estimates of control variables which are
those of table (2). Reference category for smoker type dummies is Non-/Non-regular
smoking.
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37

Log of gross hourly wage deflated to prices of 2005, assuming overtime
rate is 1.5. Hourly wage = (usual gross wage or salary per month *
12/52) / [(normal standard weekly hours)+ 1.5*(normal weekly paid
overtime hours)].
Dummy variable =1 if respondent smokes at least one cigarette per day
in t, 0 otherwise.
Dummy variables =1 if respective category applies and =0 otherwise.
Categories are None or <1 cig./day and 1-10, 11-20, 21-30 and 30 or
more cigarettes daily.
Dummy variables =1 if respective time frame applies and =0 otherwise
(only wave 9): ≤ 1 year, ≤ 2 years, ≤ 5 years, > 5 years.
Highest educational qualification: Dummy variables =1 if respondent
has qualification, =0 if not.
First or higher degree
Teaching, nursing or other higher qualification
A-levels or equivalent
O-levels or equivalent
Commercial qualification, apprenticeship, other qualification
None of the above
Age in years at date of interview.
Dummy variables =1 if respective status applies and =0 otherwise.
Categories are “married/cohabiting”, “divorced/widowed/separated”
and “single/never married”.
Dummy variable =1 if non-white, =0 if white.
Dummy variables =1 if respondent lives in region, and =0 otherwise.
Regions are London (inner and outer London), South East and neither
London nor South East.

Log hourly wage

ncigs,
smnow
ncigs,
smnow

race
region

age
mastat

qfedhi

smstop (wave 9)

smoker,
(wave 9),
smoker,
(wave 9),

smever
(wave 9)
smever
(wave 9)

paygu, jbhrs, jbot and
jbpot

Based on bhps Variable(s)

parents. Coding of wage and education variables follows Bryan and Sevilla Sanz (2007).

Notes: bhps 1991-2005. Creating the instruments on the basis of “intensity of smoking” of parents also required variables that link children with their

Non-white
Region

Degree
Further education
A-levels
O-levels
Other qualification
None
Age
Marital Status

Education

Time since quitting

Intensity of smoking

Current regular smoker

Definition

Variable

Table 7: Definition of Derived Variables
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