
Minimisation works towards minimising the total
imbalance across all factors, rather than any one factor.
Assume the first 18 general practices had been
randomised and are distributed as in the table. The
next general practitioner has a low Jarman score, a
high patient to practice nurse ratio “hours per week,”
and is a non-fundholder. The number of practices of
this type in the intervention group is 12—that is,
4 + 5 + 3—and in the control group is 10—that is,

3 + 4 + 3. Hence, to minimise the imbalance (even if
not to eliminate it) this 19th practice would be
allocated to the control group.

Minimisation is possible by hand but a computer
program helps when there are many factors or more
then two treatment groups. Planning to use minimisa-
tion is a good discipline for making trialists think about
prognostic factors before a study starts and helps
ensure adherence to the protocol as a trial progresses.
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Abstract
Objectives To examine whether a year long
programme based on the transtheoretical model of
behaviour change, incorporating three sessions using
an expert system computer program and three class
lessons, could reduce the prevalence of teenage
smoking.
Design Cluster randomised trial comparing the
intervention to a control group exposed only to health
education as part of the English national curriculum.
Setting 52 schools in the West Midlands region.
Participants 8352 students in year 9 (age 13-14 years)
at those schools.
Main outcome measures Prevalence of teenage
smoking 12 months after the start of the intervention.
Results Of the 8352 students recruited, 7444 (89.1%)
were followed up at 12 months. The intention to treat
odds ratio for smoking in the intervention group
relative to control was 1.08 (95% confidence interval
0.89 to 1.33). Sensitivity analysis for loss to follow up
and adjustment for potential confounders did not
alter these findings.
Conclusions The smoking prevention and cessation
intervention based on the transtheoretical model, as
delivered in this trial, is ineffective in schoolchildren
aged 13-14.

Introduction
Between 1993 and 1996 the percentage of regular
smokers among 15 year olds in England increased
from 19% to 28% in boys and from 26% to 33% in
girls.1 The British government is committed to
reducing this.2 School programmes are attractive vehi-
cles for this because most schools teach health educa-
tion as part of personal health and social education.
The results of school interventions to prevent smoking
have been disappointing, however.3–5 Short term
reductions in smoking prevalence that were found in
some studies disappeared after three years.4 5

The transtheoretical model proposes that people
change behaviour by moving through a sequence of

stages—“stages of change.”6 7 The model describes both
how people become smokers and how they stop. Ten
psychological processes move people through the
stages; some processes are important for movement
from one particular stage and not others. The other
elements of the transtheoretical model comprise deci-
sional balance (the balance of the pros and cons of
smoking), self efficacy (the degree of confidence in
oneself to accomplish the change to non-smoking or
to remain a non-smoker), and temptations (to smoke).
This influential model is incorporated in many health
promotion programmes.8 The most exciting aspect of
the theory is that it leads directly to interventions. Vali-
dated questionnaires measure the key elements of the
transtheoretical model.9–11 An individual can be
characterised as being in one particular stage of
change. Feedback, together with helpful strategies for
increasing confidence, resisting temptation, and think-
ing about their smoking in the correct way, should help
that individual progress to the next stage of change.12

This process of diagnosis, feedback, and a stock of
helpful strategies for how to move stage have been
incorporated into a computer program—an expert sys-
tem.7 13 14 An expert system for adults has been tested
and was more effective in smoking cessation than stage
based manuals alone.15 The only published study that
used the adolescent system to help school age smokers
stop was a feasibility study and was too small to test the
efficacy of the intervention.16 Here we report a large
school based intervention study incorporating the
expert system for smoking prevention and cessation in
adolescents based on the transtheoretical model.

Method
Sampling
We chose school year 9, with students aged 13-14 years,
to participate in the trial. We calculated the intraclass
correlation coefficient (0.008) for smoking prevalence
for this age group in schools from the West Midlands
young people’s lifestyle survey.17 Using this, the
predicted prevalence of smoking in year 10 and the
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mean size of the year 9 groups, we calculated that a
sample of 8500 was necessary to achieve 90% power to
detect a 4% difference in the prevalence of smoking
with a 5% type 1 error. Most school based programmes
have found effect sizes larger than this at one year of
follow up.4 We aimed to test the intervention in a ran-
dom sample of children in year 9 attending state
schools in the West Midlands health region. We
sampled schools with probability proportional to the
size of their year 9 population. We approached 89
schools and 53 agreed to participate. Once schools had
been randomised (see below) we visited them with
baseline questionnaires. The research team adminis-
tered questionnaires to whole classes as part of
personal health and social education lessons. Individu-
als were able to opt out, though none chose to do so.
The questionnaires were marked confidential and this
was emphasised in the standard instructions read out
before the questionnaire. We left questionnaires for
non-attendees to complete later under teacher
supervision according to a protocol so that young
people had confidence their teachers would not see the
data. Participation in the cohort depended on filling in
the baseline questionnaire, and over 90% of potential
participants were recruited (see figure on website).

Random allocation
Once schools had agreed to participate we randomly
allocated schools, not individuals, to receive the
intervention or be controls. We ensured that the arms
were balanced by ordering schools into five groups
based on numbers of students in year 9. We allocated
each school a number between 1 and n (the maximum
number in the group). A computer program generated
n/2 random numbers between 1 and n, and these
schools were allocated to intervention. One school
allocated to the intervention dropped out after
randomisation and before baseline questionnaires
were administered.

The interventions
The intervention group received six sessions of two
types: one computer session and one class lesson for
each of the three terms of year 9 (autumn 1997 to sum-
mer 1998). For the computer session, the research team
set up a classroom with about 30 computers and
removed these at the end of the day. Whole classes
came in turns and each student used a computer with
headphones. The computer program was based on that
developed by Prochaska and colleagues, containing
questionnaires measuring the key concepts of the tran-
stheoretical model.13 After each questionnaire students
received feedback both through the headphones and
on screen of how their temptations, for example,
compared to stage based data collected by Pallonen et
al18 (normative feedback) and in second and third
sessions, what change had occurred since last time
(ipsative feedback). The questionnaires were inter-
spersed with video clips of young people talking about
their thoughts about smoking that were relevant to the
stage of change of the student concerned. The other
transtheoretical model intervention was a one hour les-
son delivered by ordinary class teachers. The teachers
attended a two day training course organised by Public
Management Associates, who had developed licensed
training and lesson plans in consultation with

Prochaska and colleagues. The three lessons developed
the young people’s understanding of the stages of
change and how the pros and cons of smoking would
vary in different stages, and the lessons got young peo-
ple to use these concepts. More details of how we deliv-
ered the intervention are available.19

Our aim for students in the control group was that
they would be exposed to no intervention other than the
normal health education on tobacco, which is part of the
English national curriculum. However, as a reward for
participation, teachers in control group schools were
given three lesson plans and handouts on smoking.20

These lessons consisted of quizzes on facts about
tobacco and one lesson on different ways of persuading
someone to stop smoking. The content of the lessons
was all taken from generally available teaching support
material.21 The lesson plans and materials were provided
to all control group schools, but teachers in these
schools received no training in smoking issues or
delivery of the lessons and it was up to the individual
schools whether or not they used the materials.

Outcome assessment
We administered a questionnaire to all students at base-
line and approximately one year after the start of the

Table 1 Distribution of potential confounders between transtheoretical model intervention
and control groups. Values are numbers (percentages) unless stated otherwise

Intervention group Control group Total

All subjects 4125 (49.4) 4227 (50.6) 8352

Boys/girls 1995 (48.4)/2130 (51.6) 2203 (52.1)/2024 (47.9) 8352

Ethnic group:

White 3566 (86.4) 3630 (85.9) 7196

Indian 16 (0.4) 61 (1.4) 77

African/Caribbean 160 (3.9) 156 (3.7) 316

Pakistani 133 (3.2) 114 (2.7) 247

Bangladeshi 48 (1.2) 37 (0.9) 85

Chinese 104 (2.5) 88 (2.1) 192

Mixed Race 68 (1.6) 102 (2.4) 170

Other 13 (0.3) 18 (0.4) 31

Unspecified ethnicity 17 (0.4) 21 (0.5) 38

Family’s smoking habits:

Mother smokes 1227 (29.7) 1214 (28.7) 2441

Father smokes 1446 (35.1) 1435 (33.9) 2881

Sibling smokes 947 (23.0) 971 (23.0) 1918

Best friend smokes 831 (20.1) 839 (19.8) 1670

Smoking habits of students at baseline:

Ex-smoker 312 (7.6) 359 (8.5) 671

Smoker 547 (13.3) 543 (12.8) 1090

Tried smoking 1094 (26.5) 982 (23.2) 2076

Never smoked 2135 (51.8) 2315 (54.8) 4450

Unknown 37 (0.9) 28 (0.7) 65

Stage of smoking at baseline:

Acquisition/precontemplation 2478 (60.1) 2657 (62.9) 5135

Acquisition/contemplation 192 (4.7) 166 (3.9) 358

Acquisition/preparation 120 (2.9) 80 (1.9) 200

Acquisition/recent action 104 (2.5) 86 (2.0) 190

Cessation/precontemplation 156 (3.8) 161 (3.8) 317

Cessation/contemplation 97 (2.4) 97 (2.3) 194

Cessation/preparation 153 (3.7) 149 (3.5) 302

Cessation/action 126 (3.1) 122 (2.9) 248

Cessation/maintenance 90 (2.2) 145 (3.4) 235

Unknown 609 (14.8) 564 (13.3) 1173

Deprivation: mean (SD) Townsend score 1.65 (3.65) 0.62 (4.18) 7545*

Mean (SD) age at follow up 14 years 240 days
(120 days)

14 years 230 days
(118 days)

8264†

Mean (SD) length of follow up 359 days (35 days) 347 days (39 days) 8352

*807 (9.7%) missing. †88 (1.1%) missing.
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intervention (about five months after the last interven-
tion) to assess the outcome. The primary outcome was
regular smoking (one or more cigarettes per week). We
used information from a number of questions and an
algorithm to code smoking status. We created a variable
to show where there was contradiction between the
questions. We examined the test-retest reliability of
smoking status derived from the algorithm (regular
smoker or not) in a separate study of 122 year 9
students, with tests two weeks apart. The ê statistic was
0.87 (95% confidence interval 0.70 to 1.00), indicating
excellent reliability. Of the 8352 students, we followed up
7444 (89.1%) and could allocate smoking status to 7413
(99.6% of those followed up); 7147 (96.0% of those
followed up) gave consistent answers. Over 98% of
students in both groups had at least two interventions.

Statistical analysis
All analysis was done using MLwiN (multi-level model-
ling for windows22) to account for cluster randomisa-
tion. We entered school as a random effect and all
other variables as fixed effects in our logistic regression
models. We calculated odds ratios and 95% confidence
intervals. All percentages quoted in the results
represent the modelled percentage for the average
school from the population of all schools from which
our sample of schools was obtained (that is, the
random effect is zero).

For the outcome of smoking status, we analysed the
data in three main ways. Firstly, we included everyone
who started in the cohort, whether or not they were
followed up (intention to treat analysis). We repeated
the analysis making four different assumptions about
those lost to follow up (see table 3). Secondly, we
included only those for whom we knew the smoking
status at follow up. Thirdly, we included only those stu-
dents whose smoking status was known and who did
not contradict themselves on any question pertaining
to smoking status in the questionnaire. We produced
three models for the outcome: “unadjusted” for any
variable, “adjusted for baseline smoking status” as
defined in table 1, and “fully adjusted” adjusted for all
variables in table 1 except stage.

Results
The distribution of baseline characteristics and other
potential confounders was reasonably even, though the
intervention group had slightly fewer never smokers
and boys and slightly more children whose parents also
smoked (table 1).

Process assessment
Most students received the intervention as intended
(methods of process assessment are given on the web-
site). Rates of completion were high, with over 77%
receiving all three computerised interventions, though
baseline smokers were less likely to attend. Most
students did not speed through the computer session,
though smokers were less likely to spend long enough
to receive the individualised messages. Students found
the computer program easy to use and interesting,
though slightly fewer found it useful or valuable, and
these percentages were lower for smokers. Smokers’
and non-smokers’ ratings of interest and usefulness
declined the more they used the intervention (table 2).

All teachers reported that all intervention lessons
were delivered, but we have no record of which individu-
als received the class based intervention. However, the
process of receiving the intervention required the same
input from students as that for the computer
intervention—that is, being present on the day that par-
ticular lesson was scheduled—and so the participation
rates were probably similar. Teachers were reluctant to
return their questionnaires, despite prompting. Most
teachers would have taught the same lesson to several
year 9 classes. Although they should have completed a
questionnaire for every class they taught, many teachers
returned a single questionnaire summarising all of that
term’s lessons. Those who returned their questionnaire
showed that they were happy with the lesson delivery
and felt that the students had understood the lesson well
(table on BMJ website). We have no data on whether the
controls actually received the lessons on smoking that
were distributed to teachers at control schools.

Outcome assessment
There were no statistically significant changes in smok-
ing overall between the groups, or in the subgroups
defined by initial smoking status (table 3). The odds
ratio for the intention to treat analysis assuming that
those lost to follow up did not change smoking status
from baseline was 1.08 (0.89 to 1.33). There was little
confounding by the variables in table 1 as shown by the
small changes in odds ratios after adjustment.

Discussion
Our pragmatic trial resulted in successful delivery of
both the expert system and supporting lessons to stu-
dents because our intervention was incorporated into
the personal and social education curriculum. Our
study showed that smokers were less likely to be
present and more likely not to take long enough on the

Table 2 Process measures of use of, attention to, and reaction to expert system. Values are numbers (percentages)

First use Second use Third use

Smokers Non-smokers Smokers Non-smokers Smokers Non-smokers

Participating in intervention 546 (99.8) 3566 (99.7) 502 (91.8) 3460 (96.7) 376 (68.7) 2818 (78.8)

Duration of intervention(sessions lasting long enough) 383 (70.1) 3438 (96.4) 406 (80.9) 3047 (85.2) 249 (66.2) 2279 (80.9)

Reaction to intervention:

Session useful (% agree or strongly agree) 309 (59.3) 2491 (73.1) 237 (51.1) 2153 (65.8) 198 (45.1) 1847 (58.4)

Session worthless (% very valuable or valuable) 356 (68.3) 2903 (85.2) 275 (59.3) 2445 (74.7) 230 (52.4) 1981 (62.6)

Session simple (% very simple or simple) 474 (91.0) 3182 (93.3) 435 (93.8) 3118 (95.3) 397 (90.4) 2984 (94.3)

Session easy (% very easy or easy) 472 (90.6) 3210 (94.2) 442 (95.3) 3142 (96.1) 406 (92.5) 3009 (95.1)

Session interesting (% very interesting or interesting) 395 (75.8) 3088 (90.6) 287 (61.9) 2605 (79.6) 235 (53.5) 2062 (65.2)
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expert system, and that they felt that the expert system
was less valuable. Charlton and Blair have shown that
regular smokers were about twice as likely to be absent
from school as non-smokers,23 which explains the
higher non-participation seen in our smokers. We had
only a minority of all possible returns of questionnaire
information about each class lesson. It is likely that
more enthusiastic teachers would return their ques-
tionnaires, but the major factor accounting for
non-return was probably competing demands on
teachers’ time. It is unlikely that this response was
severely biased, but we cannot exclude this possibility.
Nevertheless, our data indicate that we delivered an
intervention that was popular with teachers and
students, even on the third occasion.

Effect of the intervention
This study shows that the intervention based on the
transtheoretical model had no effect on the prevalence
of regular smoking. Examination of the subgroups by
initial smoking status revealed no effect. The confi-
dence intervals and point estimates of the effect of the
intervention show that it is unlikely that it reduces ado-
lescent smoking prevalence by more than 2%, and it is

more likely that it has no effect. Elders et al report that
80% of 16 year old American smokers were still smok-
ing five or six years later.24 Taken together, this means
we cannot exclude the possibility that the intervention
would reduce smoking prevalence in early adulthood
by 1% (a small but worthwhile public health benefit).
One possibility is that we have moved participants
along the stage of change but not yet influenced their
behaviour. We have scheduled a two year follow up to
see if this occurs, but our analysis on change in stage
between the arms (data not presented) showed no
benefit of the intervention for this outcome either.

Possible confounders
Random allocation eliminated selection bias. There is
no possibility of serious contamination in this
intervention. As the only access to the intervention was
by attending schools on the day we visited with the
computers or the day of the lesson, individuals who did
not attend these schools could not have received any
important component of the intervention. Individuals
who swapped to schools in the intervention arm would
have been allocated a new identification number and
completed the intervention, but they would only have

Table 3 Effect of transtheoretical model intervention relative to control group on smoking status for whole sample and subgroups (baseline smokers and
baseline non-smokers)

Characteristics of sample

Unadjusted analysis Odds ratio (95% CI)

% smokers in
control group

% smokers in
intervention

group
% difference

(95% CI) Unadjusted
Adjusted for baseline

smoking status Fully adjusted

All participants

All participants in comparison, those lost to follow up
counted as smokers

26.80 27.69 0.89 (−2.89 to 5.02) 1.05 (0.86 to 1.28) 1.08 (0.87 to 1.32) 1.02 (0.83 to 1.25)

All participants in comparison, those lost to follow up
counted as non-smokers

15.49 16.64 1.16 (−1.60 to 4.34) 1.09 (0.88 to 1.35) 1.14 (0.92 to 1.41) 1.10 (0.89 to 1.37)

All participants in comparison, those lost to follow up
assumed to have same smoking habit as at baseline.
(Unknown baseline counted as smokers)

18.32 19.56 1.24 (−1.74 to 4.62) 1.08 (0.89 to 1.33) 1.16 (0.96 to 1.42) 1.14 (0.94 to 1.39)

All participants in comparison, those lost to follow up
assumed to have same smoking habit as at baseline.
(Unknown baseline counted as non-smokers)

18.24 19.45 1.21 (−1.76 to 4.57) 1.08 (0.88 to 1.32) 1.16 (0.95 to 1.42) 1.14 (0.93 to 1.39)

Only those participants followed up and whose
smoking status was known included

17.48 18.76 1.28 (−1.87 to 4.89) 1.09 (0.87 to 1.36) 1.16 (0.93 to 1.43) 1.12 (0.89 to 1.39)

Only those participants followed up and whose
smoking status was known and whose answers
were completely consistent included

17.48 19.06 1.58 (−1.58 to 5.2) 1.11 (0.89 to 1.38) 1.19 (0.96 to 1.46) 1.14 (0.92 to 1.42)

Only regular smokers at baseline

All participants in comparison, those lost to follow up
counted as smokers

80.30 79.71 −0.59 (−5.80 to 3.78) 0.96 (0.72 to 1.30) Only smokers included 0.96 (0.69 to 1.32)

All participants in comparison, those lost to follow up
counted as non-smokers

59.00 57.74 −1.26 (−8.35 to 5.52) 0.95 (0.71 to 1.26) Only smokers included 0.91 (0.71 to 1.18)

Only those participants followed up and whose
smoking status was known included

74.93 73.94 −0.99 (−7.34 to 4.49) 0.95 (0.70 to 1.29) Only smokers included 0.92 (0.66 to 1.29)

Only those participants followed up and whose
smoking status was known and whose answers
were completely consistent included

77.66 75.99 −1.67 (−8.14 to 3.79) 0.91 (0.66 to 1.26) Only smokers included 0.89 (0.62 to 1.27)

Only participants not known to be regular smokers at baseline

All participants in comparison, those lost to follow up
counted as smokers

18.95 20.29 1.34 (−1.95 to 5.09) 1.09 (0.88 to 1.35) 1.09 (0.87 to 1.37) 1.02 (0.82 to 1.27)

All participants in comparison, those lost to follow up
counted as non-smokers

9.30 11.01 1.70 (−0.38 to 4.2) 1.21 (0.95 to 1.52) 1.22 (0.95 to 1.56) 1.17 (0.91 to 1.51)

All participants in comparison, those lost to follow up
assumed to have same smoking habit as at baseline.
(Unknown baseline counted as smokers)

9.38 11.14 1.75 (−0.35 to 4.28) 1.21 (0.96 to 1.53) 1.22 (0.95 to 1.56) 1.18 (0.93 to 1.52)

All participants in comparison, those lost to follow up
assumed to have same smoking habit as at baseline.
(Unknown baseline counted as non-smokers)

9.30 11.01 1.70 (−0.38 to 4.2) 1.21 (0.95 to 1.52) 1.22 (0.95 to 1.56) 1.17 (0.91 to 1.51)

Only those participants followed up and whose
smoking status was known included

10.32 12.16 1.84 (−0.51 to 4.66) 1.20 (0.95 to 1.53) 1.21 (0.94 to 1.56) 1.16 (0.89 to 1.50)

Only those participants followed up and whose
smoking status was known and whose answers
were completely consistent included

10.21 12.30 2.09 (−0.25 to 4.89) 1.23 (0.97 to 1.56) 1.26 (0.98 to 1.61) 1.20 (0.93 to 1.55)
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been included in the analysis as dropouts from their
original allocation; it is unlikely that there were more
than a handful of such people. Information bias is an
unlikely explanation, because drop out was low and
similar in both arms (10.7% for the intervention and
11.0% control). Sensitivity analysis that included the
dropouts and assumed a range of possibilities about
their smoking status did not alter our results.

Another cause of information bias is that some stu-
dents give wrong information about their smoking sta-
tus. It is unlikely that this was differential with respect to
the arms of the study. Follow up was by the
questionnaire alone, and standard instructions were
given to each class. The follow up data were collected at
least three months after the last intervention.

Non-differential misclassification may have affected
these results, however, which would tend to reduce the
apparent effect of any true differences between the
arms. Our outcome of smoking more than one
cigarette a week could be insensitive to changes
between the arms. For example, a participant who
smoked one cigarette of cannabis at the weekend is
unlikely to be touched by the intervention and was
included as a regular smoker under this definition.
Similarly, some individuals in both arms may lie about
their smoking status, but this is unlikely to have
obscured the effectiveness of the transtheoretical
model intervention for several reasons. The question-
naire did not include the participant’s name, and all
participants were assured that the questionnaire was
confidential. The questionnaire showed high test-retest
reliability. There was excellent agreement between the
smoking status recorded on the questionnaire and that
recorded on the computer for those in the intervention
arm (ê = 0.85, 0.82 to 0.87). In addition, our baseline
and follow up smoking rates are similar to national
data (smoking prevalence in year 9 at baseline was
13.2% (12.4% to 13.9%) compared with 10.5% (8.1% to
13.4%) in England1; in year 10 at follow up it was 19.0%
(18.2% to 20.0%) compared with 18.5% (15.4% to
21.9%) in England1). Finally, data from cotinine valida-
tion studies suggest that questionnaire data on adoles-
cents’ smoking is valid.25 All this reduces the likelihood
that non-differential misclassification obscured the
effect of the intervention.

It remains possible that confounding that was not
controlled by cluster randomisation or by measure-
ment and adjustment explains the apparent lack of
effect. We measured and controlled for some but not all
the factors related to smoking,4 but we controlled for
most of those that are unequivocally linked to smoking
in adolescents. It is unlikely that major uneven
distribution of unmeasured confounders across the
arms obscured the intervention effect.

Conclusions
Despite high rates of delivery of a programme that
teachers and students found interesting, it had no
effect on smoking prevalence among participants. The
expert system used in this study12 is in current use in
some parts of the United Kingdom, and it has been
claimed to be effective.26 However, this large trial
provides no justification for using it.
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Relation between income inequality and mortality:
empirical demonstration
Michael Wolfson, George Kaplan, John Lynch, Nancy Ross, Eric Backlund

Abstract
Objective To assess the extent to which observed
associations at population level between income
inequality and mortality are statistical artefacts.
Design Indirect “what if” simulation by using
observed risks of mortality at individual level as a
function of income to construct hypothetical state
level mortality specific for age and sex as if the
statistical artefact argument were 100% correct.
Setting Data from the 1990 census for the 50 US
states plus Washington, DC, were used for population
distributions by age, sex, state, and income range; data
disaggregated by age, sex, and state from the Centers
for Disease Control and Prevention were used for
mortality; and regressions from the national
longitudinal mortality study were used for the
individual level relation between income and risk of
mortality.
Results Hypothetical mortality, while correlated with
inequality (as implied by the logic of the statistical
artefact argument), showed a weaker association with
states’ levels of income inequality than the observed
mortality.
Conclusions The observed associations in the United
States at the state level between income inequality and
mortality cannot be entirely or substantially explained
as statistical artefacts of an underlying individual level
relation between income and mortality. There remains
an important association between income inequality
and mortality at state level over and above anything
that could be accounted for by any statistical artefact.
This result reinforces the need to consider a broad
range of factors, including the social milieu, as
fundamental determinants of health.

Introduction
Considerable debate surrounds the impact of socio-
economic circumstances on individuals’ health. Recent
results suggest that there is a link not only between
individual socioeconomic circumstances and health
but also between the socioeconomic milieu in which
individuals live and their health. Research has shown
that higher levels of inequality in income among

nations, states, or cities in the United States, or other
geographically defined populations, are associated
with higher mortality.1–4

Concerns have been raised by Gravelle, however,
that these results may be no more than a statistical
artefact.5 Gravelle points out, as others have noted pre-
viously,6 7 that a “diminishing returns” protective effect
of higher individual income on individual risk of death
is sufficient to account for differences in mortality
between populations if there are differences in the
extent of wealth and poverty, hence in the degree of
income inequality.

The logic of this argument is correct. At the
individual level, higher income (or some closely related
but unmeasured factor, such as social status, for which
income is a proxy) is causally associated with greater
longevity.8 Moreover, while an extra dollar or pound of
income is protective, the amount of protective effect
tails off as total income rises.8 9

At the level of a population there is always some
mixture of people with low, middle, and high incomes.
If one population has a more equal distribution of
income than another, this is equivalent to there being
fewer individuals with either very high or very low
incomes and more with incomes closer to the middle.
But if a poorer individual is £1000 better off in a
second population the beneficial effect on his or her
risk of mortality is larger than the adverse impact on
the risk of some richer person being £1000 worse off
because of the diminishing protective returns of addi-
tional income. Thus, a population with a more equal
distribution of income can have a lower mortality,
other things being equal, solely as a result of a generic
curvilinear individual level causal relation between
income and risk of mortality.

This logical possibility, however, is not a sufficient
reason to dismiss the potential importance of inequality
in income as an independent determinant of population
level mortality. This remains an empirical question.

We approached this question indirectly by first esti-
mating a generic individual level relation between
income and mortality. We then simulated the extent to
which variations in the distribution of income across
populations can account for the observed population
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