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Abstract

Objective. This study aimed to identify differences and similarities in health behavior clusters for respondents with different educational
backgrounds.

Methods. A total of 9449 respondents from the 2002 wave of the Dutch SMILE cohort study participated. Latent class analyses were used to
identify clusters of people based on their adherence to Dutch recommendations for five important preventive health behaviors: non-smoking,
alcohol use, fruit consumption, vegetable consumption and physical exercise.

Results. The distribution of these groups of behaviors resulted in three clusters of people: a healthy, an unhealthy and poor nutrition cluster.
This pattern was replicated in groups with low, moderate and high educational background. The high educational group scored much better on all
health behaviors, whereas the lowest educational group scored the worst on the health behaviors.

Conclusion. The same three patterns of health behavior can be found in different educational groups (high, moderate, low). The high
educational group scored much better on all health behaviors, whereas the lowest educational group scored the worst on the health behaviors.
Tailoring health education messages using a cluster-based approach may be a promising new approach to address multiple behavior change more
effectively.
© 2007 Elsevier Inc. All rights reserved.
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Introduction

Smoking, unhealthy diet, excessive alcohol consumption
and poor physical activity levels are important determinants of
disease and mortality (WHO, 2000). Approximately three quar-
ters of the Dutch population eat too little fruit and vegetables.
Moreover, nearly half of the population does not meet the
recommendation for physical activity (Schuit, 2004), nearly one
third smokes (Willemsen, 2004) and 14% drinks too much
alcohol (Van Dijck and Knibbe, 2005). Although some be-
haviors are explicitly linked to certain health problems (e.g.
smoking to lung cancer), the interaction of multiple behaviors
determines whether or not many health problems related to
cancer and CVD develop (Doll and Peto, 1981; WHO, 2003).
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Studies suggests that smoking is accountable for 4.1% of the
global burden of disease, while alcohol, inactivity and poor
nutrition attribute 4%, 1.3% and 1.8%, respectively (Ezzati
et al., 2003). Additionally, data suggest that the adverse health
risks such as physical inactivity, obesity and smoking status,
translate into higher health care costs. This makes it relevant for
health insurance companies to consider strategic investments in
preventing these risks (Pronk et al., 1999).

Some studies have failed to show a relationship between
health-related behaviors (Kronenfeld et al., 1988; Coulson et al.,
1997;Wilcox et al., 2000) whereas others suggested associations
between physical activity and healthy eating habits (Simoes
et al., 1995; Johnson et al., 1998; Schuit et al., 2002;De Vries
et al., in press; Kremers et al., 2004), smoking and eating habits
(Larkin et al., 1990; Bolton-Smith et al., 1991; Palaniappan
et al., 2001), smoking and physical exercise (Emmons et al.,
1994; King et al., 1996) and smoking and alcohol consumption
(Perkins et al., 1993; Rust et al., 2001; Ruidavets et al., 2004).
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Studies on the association between alcohol consumption and
physical activity have shown mixed results (Smothers and Ber-
tolucci, 2001; Westerterp et al., 2004). Although strong rela-
tionships may exist between two behaviors (e.g. smoking and
alcohol consumption), the evidence for associations between
multiple health behaviors is still mixed andmay be dependent on
the choice of behaviors included (Langlie, 1979; Van Assema
et al., 1993; Wirfalt et al., 2000; Reedy et al., 2005).

Research identifying clusters of health risk behaviors is also
relevant because it enables us to analyze whether similar clus-
ters can be identified among respondents with different educa-
tional levels. Evidence of socioeconomic differences in health
in the Netherlands has been well documented (Mackenbach,
1992; Mackenbach et al., 2001; Van Lenthe et al., 2004). Se-
veral international studies also reported on inequalities in health
between socioeconomic groups (Franks et al., 2003; Drever
et al., 2004; Ferrer and Palmer, 2004) and the contribution of
lifestyle factors to these inequalities (Jacobsen and Thelle,
1988; Choiniere et al., 2000; Osler et al., 2000; Kilander et al.,
2001).

The first goal of this paper is to explore the existence of
clusters in the lifestyle behaviors smoking, alcohol consump-
tion, dietary behavior and physical activity. A second goal was
to analyze whether clusters differ within groups with a different
educational background. This analysis can identify specific risk
groups and thus facilitate targeted primary prevention strategies
(Schuit et al., 2002).

Methods

Participants and procedure

The present study is part of the SMILE study, a large ongoing prospective
study in the city of Eindhoven in the province of Brabant, the Netherlands. This
study is a joint project of Maastricht University and a Corporation of Family
Practices in Eindhoven (23 General Practitioners from eight health centers). All
patients over 12 years of age are requested to complete self-administered ques-
tionnaires at home every 6 months. Addresses of participants were obtained
from the General Practitioners. Respondents were eligible for participation after
having sent in an informed consent letter. The data from 2002 was used.

The questionnaire

Fruit consumption, vegetable consumption, smoking, alcohol consumption
and physical activity of adult respondents were assessed for this study. A
Table 1
Goodness-of-fit measures of the four investigated cluster models (total sample)

Npar
a L2 b df c p

One-cluster model 5 674.7433 26 1
Two-cluster model 11 112.6383 20 6
Three-cluster model 17 37.9660 14 0
Four-cluster model 23 12.7657 8 0
a Numbers of parameters in the model.
b Model Fit Likelihood ratio chi-squared statistic.
c Degrees of freedom in the model.
d p-value of the L2.
e Log likelihood.
f Bayesian Information Criterion, based on the log likelihood.
g Classification errors.
dichotomous variable that assessed whether or not respondents adhered to the
Dutch norm (0=not adhering to the norm; 1=adhering to the norm) was cons-
tructed for each behavior.

Fruit and vegetable consumption were assessed using a food frequency
questionnaire of nine items which had been validated and applied in several
previous studies (Lechner et al., 1998). Respondents were asked how many
times per week they ate a variety of different fruits and vegetables, on a 9-point
scale, ranging from 1—‘never, or less than once a month’ to 9—‘7 days a week’.
In addition, they were asked to indicate how many of each of these fruits and
how many ‘small portions’ of 50 g, or ‘spoonfuls’, of these vegetables they ate a
day. The average daily intake was computed. People who ate at least two pieces
of fruit a day were classified as behaving in accordance with the norm with
regards to fruit intake (Van Leent-Loenen and Van Leest, 2005). People who ate
at least 200 g of vegetables a day were classified as behaving in accordance with
the norm for vegetable consumption (Van Leent-Loenen and Van Leest, 2005).

Physical activity was measured by asking respondents to indicate on how
many days a week they engaged in various physical activities for at least 10 min
at a time using 15 items on an 8-point scale, ranging from 1—‘never, or less than
once a week’ to 9—‘7 days a week’ (Wendel-Vos and Schuit, 2002). A single
score as an average number of minutes per day was computed. People who
engaged in physical activity for at least 30 min, on at least 5 days a week, were
classified as adhering to the norm (Schuit, 2004).

Smoking behavior was measured by asking respondents if they smoked
daily, smoked occasionally or did not smoke at all (De Vries et al., 1998).
Respondents were assured of the confidentiality of their responses, thus opti-
mizing measurement conditions (Murray et al., 1987; Dolcini et al., 1996; Osler
et al., 2000). Non-smokers were classified as adhering to the norm (Schuit et al.,
2002).

Alcohol consumption was measured by the Dutch Quantity–Frequency–
Variability (QFV) Questionnaire (Lemmens et al., 1992). Respondents were
asked on how many days a week they drank alcohol and how many glasses they
usually consumed on a day when they did drink alcohol. Men who drank three
glasses a day or less, and women who drank two glasses a day or less were
classified as adhering to the norm (Schuit et al., 2002).

Demographic variables

Several questions assessed demographics, such as gender, age and level of
education (low—primary school or lower vocational education; middle—sec-
ondary school or intermediate vocational education; high—university education
or higher vocational training).

Statistical analysis

Latent class analyses (LCA) were performed using the five dichotomous
norm variables as observed indicators. All analyses were performed with the
statistical package Latent Gold (Vermunt and Magidson, 2005). In LCA, the
observed variables are considered to be indicators of an unobserved, latent
variable, with a limited number of mutually exclusive categories. The main
assumption of the model is that responses on these observed variables are
mutually independent given a person's class membership or, stated differently,
-value d LL e BIC (LL) f Class. Err g

.4e−125 −23587.4085 47219.6167 0.0000

.5e−15 −23306.3560 46711.2714 0.2130

.00053 −23269.0198 46690.3588 0.3355

.12 −23256.4196 46718.9182 0.3501



Fig. 2. Cluster-specific probabilities of adhering to the recommendations for the
three-cluster model in the low education sample. (A high score indicates a high
probability of adhering to the norm.)
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that the association between the observed responses can be fully explained by
the existence of a small number of latent classes or clusters. This assumption is
usually referred to as the local independence assumption (Goodman, 1974;
Magidson and Vermunt, 2004).

The unknown parameters to be estimated in LCA are two sets of probabilities:
a set of unconditional class membership probabilities and a set of class-specific
response probabilities. The former indicate the probability that a randomly
chosen individual belongs to a particular cluster and can thus be interpreted as
cluster prevalences. A class-specific response probability indicates how likely it
is that an individual belonging to a particular cluster gives a particular answer to a
question. In this case, response probabilities represent the likelihood of adhering
to the health norm for a particular behavior. A probability of 0.50 or less will be
considered as a low probability, probabilities in the range 0.50–0.75 as moderate
probabilities and probabilities of 0.75 or higher as high in order to facilitate
interpretation of the results of this study. To avoid local maxima as much as
possible, Latent Gold uses an estimation procedure with multiple sets of random
starting values.

Goodness-of-fit measures

The likelihood ratio-goodness-of-fit chi-squared statistic (L2) indicates which
part of the observed relationships between the response variables remains
unexplained by themodel. The smaller the value, the better the model fits the data
and the better the observed relationships are described by the specified model.
The associated p-value yields a formal assessment of the null hypothesis that the
specified cluster model is the true population model. Thus, pN0.05 indicates that
the model fits the data (Goodman, 1974; McCutcheon, 1987). The Bayesian
Information Criterion (BIC) weights model fit and parsimony by adjusting the
log likelihood (LL) value for the number of parameters (Npar) in the model. The
lower the BIC value, the better the model (Vermunt and Magidson, 2004, 2005).
Because the present analysis was an exploratory Latent Class analysis, no
restrictions were imposed on the forms of the clusters. Therefore, we used the
goodness of fit indices to determine the number of clusters and not the forms.

There is no fully automated procedure in LCA for determining the number of
clusters based on a single measure. Instead, one usually assesses the goodness-
of-fit of the estimated models using the above-mentioned measures, each of
which may point in a slightly different direction. Therefore, the interpretability
of the clusters plays an important role in the final model selection.

Results

Respondent characteristics

A total of 9449 respondents participated in this study.
The sample consisted of significantly more women (n=5454;
57.7%) than men (n=3995; 42.3%) (χ2 =225.28; pb0.001).
Furthermore, 45.4% (n=4286) of the respondents had a low
education level, 23.3% (n=2199) had an average level of
education and 29.2% (n=2757) of respondents had a high
level of education (χ2 =757.93; pb0.001). The education
Fig. 1. Cluster-specific probabilities of adhering to the recommendations for the
three-cluster model in the total sample. (A high score indicates a high probability
of adhering to the norm.)
level could not be assessed for 2.2% (n=207) of the respon-
dents due to missing values. The mean age was 51.11 years
(SD=17.7).

Of all respondents, 43.5% did not adhere to the norm with
respect to physical activity, 26.7% smoked, 24.2% drank too
much alcohol, 71.6% ate insufficient amounts of fruit and
69.3% ate insufficient amounts of vegetables. Non-adherence
rates for respondents with a lower, middle and higher education
were 46.2%, 39.8% and 40.2%, respectively, with regards to
physical activity, 29.3%, 28.8% and 21.2% for smoking, 23.1%,
30.4% and 21.6% for alcohol consumption, 71.4%, 70.9% and
71.9% for fruit consumption and 72.4%, 69.6% and 63.6% for
vegetable consumption.

Latent class cluster analysis

Models with one to four latent classes were estimated, where
the one-cluster model can be seen as a baseline model. It
assumes that the five lifestyle behaviors are independent of one
another. Goodness-of-fit measures are presented in Table 1.

The goodness-of-fit measures indicated that the three-cluster
model represented the most adequate solution for the data.
Although the p-value corresponding to L2 should formally be
greater than 0.05 to conclude that a model fits the data, in this
case a p-value of 0.00053 was considered acceptable, given the
very large sample size. Furthermore, the three-cluster model had
by far the lowest BIC value, which indicates that it is the
preferred model according to that criterion.

Fig. 1 shows the estimated probabilities of adhering to the
five health recommendations for each of the three clusters.
Fig. 3. Cluster-specific probabilities of adhering to the recommendations for the
three-cluster model in the middle education sample. (A high score indicates a
high probability of adhering to the norm.)



Fig. 4. Cluster-specific probabilities of adhering to the recommendations for the
three-cluster model in the high education sample. (A high score indicates a high
probability of adhering to the norm.)
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The results show that two groups of behaviors were identi-
fied: addictive behaviors (smoking and alcohol consumption)
and health promoting behaviors (being physically active and
consuming adequate amounts of fruits and vegetables). The
distribution of these groups of behaviors resulted in three clus-
ters of people: a healthy, an unhealthy and a poor nutrition
cluster. As can be seen from Fig. 1, the group of people per-
taining to cluster 1 is characterized by having low probabilities
of adhering to the norm for all five behaviors, with low pro-
babilities for physical activity and vegetable and fruit con-
sumption, and moderate probabilities of adhering to the norm
for alcohol consumption and smoking. Therefore, cluster 1 can
be characterized as an unhealthy cluster. Cluster 2 can be
characterized as a healthy cluster. People in this cluster have high
probabilities of adhering to the norm for physical activity, and
alcohol consumption, and moderate probabilities of adhering to
the norm for smoking, and vegetable and fruit consumption. The
profile of the respondents of cluster 3 shows a somewhat dif-
ferent pattern, with a low probability of adhering to the norm for
physical activity, high probabilities of adhering to the norm for
smoking and alcohol consumption and low probabilities of
adhering to the norm for vegetable and fruit consumption. Due to
the extremely low probabilities for vegetable and fruit con-
sumption, this cluster can thus be characterized as a ‘poor nu-
trition cluster’.

Latent class analysis per education level

A similar procedure was used in a separate analysis per
educational group. As in the overall sample, in each of the three
educational groups the three-cluster model represented the most
adequate solution, and a healthy, unhealthy and poor nutrition
cluster could be identified. Norm adherence probabilities for
low, middle and high education are shown in Figs. 2, 3 and 4,
respectively.

Discussion

The first goal of this paper was to explore the existence of
clusters of the lifestyle behaviors smoking, alcohol consump-
tion, dietary behavior and physical activity. The results of this
study suggest that a healthy, an unhealthy and a poor nutrition
cluster can be identified in our general Dutch population.
Our results pertaining to the second goal – the analysis of the
cluster structure within educational groups – revealed that the
same types of clusters were identified in all three educational
groups. However, the higher educated group showed higher
adherence levels to the health behavior norms than the lower
educated group. These results support findings from other
studies (Mackenbach et al., 2001; Louwman et al., 2004; Van
Lenthe et al., 2004). Hence, although the adoption pattern of
similar behaviors may concur in the same way as for the other
groups, their lower adherence levels clearly positions the lower
educational group at increased morbidity and mortality risks.
Adoption patterns for the high and low educational group were
very similar but differed somewhat from the middle educational
group. In both groups, the unhealthy cluster was the largest
cluster, followed by the poor nutrition and healthy cluster. The
poor nutrition group was the largest cluster in the middle edu-
cation group, with 71% of the respondents of this segment in
this cluster, while the unhealthy cluster was the smallest. An
interesting finding is that both the low education and high
education subgroups show high probabilities of adherence to
the norms with respect to alcohol and smoking. More research is
needed to detect whether the factors determining this similarity
are the same. It is for instance conceivable that price elasticity
may have a stronger impact on adults with a lower education
because of lack of disposable income to be spent, whereas for
higher educated individuals this factor may be of less influence.

Another important observation was that within the five
lifestyle behaviors assessed in our study, we identified clusters
with two different sets of behaviors. Two of the behaviors –
smoking and alcohol consumption – require restraining, re-
fraining or abstinence, while the other three behaviors – being
physically active and consuming adequate amounts of fruits
and vegetables – require actively engaging in health promot-
ing activities.

Multiple behavior change interventions are recognized as a
promising approach to enhance health, to increase efficiency of
health interventions (USDHHS, 2000) and to reduce health
costs (Glasgow et al., 2004; Goldstein et al., 2004; Orleans,
2004; Pronk et al., 2004; Prochaska et al., 2005). However,
addressing multiple risk factors will put high demands on the
participant who may loose attention or interest. Suggestions to
change several behaviors may result in discouragement or may
reduce a person's motivation and energy, a phenomenon also
referred to as ego depletion (Baumeister et al., 1998; Bau-
meister, 2003). Our findings may imply that a cluster-based
approach can have potential because related behaviors are
addressed. However, experimental research is needed to find out
whether addressing clusters of related behaviors will indeed
result in better effects and less demotivation and ego depletion
than interventions that focus on changing all risk behaviors
simultaneously.

A new approach that has shown to have potential to address
large segments of people is computer tailoring in which indi-
viduals obtain personalized feedback about their risk profile and
how to change the behavior(s). While some computer-tailoring
methods have shown promising results, the combination of
several behaviors may not always lead to successful multiple
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behavior change. For instance, a study by Prochaska and col-
leagues was successful in changing smoking, nutrition, skin
cancer and mammography screening behaviors (Prochaska
et al., 2005). However, another study – which used previously
tested and effective computer-tailored programs on smoking,
nutrition and physical activity – did result in changes in nutri-
tion and physical activity but was not successful in changing
smoking (Smeets et al., 2007). An implication of the results
could – again – be that one generic lifestyle approach targeting
all behaviors may not be the best strategy. It might be more
effective to use a cluster-tailored approach. A recent cluster
analyses approach that focused on colorectal cancer patients
found five different clusters (Reedy et al., 2005). In this study,
the effectiveness of the computer-tailored approach differed
per cluster. These results underline the relevance to target
different clusters with different tailored strategies. Our study
suggest that a different approach may be needed for people
engaging in addictive behaviors such as smoking and alcohol
on the one hand and for the poor nutrition group on the other
hand.

Study limitations and strengths

This study is subject to limitations. In general, results of
cluster analyses are difficult to compare since they are highly
dependent on the inclusion of the set of variables (Prochaska
et al., 2005; Reedy et al., 2005). Moreover, the variations in
techniques hinder the comparisons between the studies. Clear
guidelines for setting up these types of studies for public health
research are needed. Finally, body mass index (BMI) was not
included separately in our analyses. Further research is needed
to analyze whether BMI is encompassed within the product of
poor nutrition and inactivity, or whether it deserves to be in-
cluded in a research model separately.

Conclusions

First, our results show two groups of addictive behaviors –
smoking and alcohol consumption which require restraining,
refraining or abstinence and three health promoting behaviors –
being physically active and consuming adequate amounts of
fruits and vegetables – which require actively engaging in
health promoting activities. The distribution of these clusters
over people resulted in three groups: a healthy, an unhealthy and
poor nutrition cluster; this pattern was replicated in groups with
a low, moderate and high educational background. Tailoring
health education messages using a cluster-based approach may
be a promising new approach to address multiple behavior
change more effectively.
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