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Introduction 10 
 11 

Behavioral health risk factors are major causes of morbidity and mortality worldwide. The 12 

four main risk factors, the so-called SNAP-factors, relate to smoking, nutrition, alcohol 13 

consumption and physical inactivity. A consistent finding in health research is that these 14 

behaviors tend to cluster together, thereby resulting in patterns of healthy lifestyles and 15 

unhealthy ones. In research to date, physical (in)activity is typically included using broad 16 

categories relating to the total amount of physical (in)activity. As such, it is unknown to what 17 

extent active travel behaviors (i.e. walking and cycling) as specific forms of physical activity 18 

are related to the health lifestyles.  19 

 20 

Methods 21 
 22 

In this study this knowledge gap is addressed by performing a latent class analysis based on 23 

indicators related to active travel as well as the four SNAP-factors. Data are obtained from the 24 

LISS (Longitudinal Internet Studies for the Social sciences) panel, which is based on a true 25 

probability sample of Dutch households. In total, 2,050 participants are considered in the 26 

analysis. 27 

 28 

Results 29 
 30 

Five health lifestyles are revealed and labeled as follows: consistent healthy, active 31 

commuters, physically inactive, unhealthy eaters and consistent unhealthy. The results 32 

indicate that active travel (or lack thereof) indeed forms an integral part of the consistent 33 

healthy (and unhealthy) lifestyles. In addition, lifestyle membership is found to be 34 

significantly dependent on gender, age and level of education.  35 

 36 

Conclusion 37 
 38 

For most people (70%) active travel (or lack thereof) indeed forms an integral part of these 39 

consistent healthy and unhealthy lifestyles. 40 

 41 
Key words: active travel; walking; cycling; health behaviors; SNAP factors; latent class 42 

analysis 43 

 44 

1. Introduction 45 
 46 

Behavioral health risk factors are major causes of morbidity and mortality worldwide (Lim et 47 

al., 2012). The four main behavioral risk factors are smoking, poor nutrition (lack of fruit and 48 

vegetable intake), excess alcohol consumption and physical inactivity, the so-called SNAP 49 

factors. A consistent finding in health research is that these behaviors tend to co-occur or 50 
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cluster together, thereby resulting in patterns of healthy lifestyles and unhealthy ones (Noble 51 

et al., 2015; McAloney, 2013; Meader et al., 2016). This empirical finding suggests that an 52 

approach is needed which focuses on tackling multiple risk factors simultaneously, instead of 53 

strategies that focus on changing isolated behaviors (Prochaska et al., 2008). Such an 54 

approach is further support by evidence indicating that the risk factors have synergistic effects 55 

on health, i.e. combinations of risk behaviors are more detrimental to health than their 56 

individual effects (French et al., 2008; Poortinga, 2007). 57 

To support the development of a comprehensive strategy it is necessary to know which 58 

risk factors indeed cluster together in particular contexts and populations. Indeed, already a 59 

fair amount of research has been devoted to this subject (Noble et al., 2015; McAloney, 2013; 60 

Meader, 2016). Based on review of 56 studies, Noble et al. (2015) found that the majority of 61 

studies (81%) reported a relatively ‘healthy’ cluster, which is characterized by the absence of 62 

any behavioral risk factors. In addition, half of the studies revealed the presence of a 63 

consistent unhealthy lifestyle, in which all risk factors (smoking, poor nutrition, excess 64 

alcohol consumption and high physical inactivity) were prevalent (Noble et al., 2015). 65 

To date, physical (in)activity is typically included using broad categories relating to 66 

the amount of time spend sedentary and/or the amount of general physical activity. As such, it 67 

is unknown to what extent active travel behaviors (i.e. walking and cycling) as specific forms 68 

of physical activity are related to the different lifestyles. This study aims to address this 69 

knowledge gap and assess the extent active travel (or the lack thereof) is part of general 70 

healthy (or unhealthy) lifestyles. If active travel is indeed part of a comprehensive healthy 71 

lifestyle pattern(s), this has important policy implications, as it suggests that active travel may 72 

be increased by stimulating the more generic health lifestyles.  73 

To reveal the health lifestyles, a latent class analysis is performed based on indicators 74 

related to active travel as well as a general measure of physical inactivity and indicators 75 

related to the three other behavioral risk factors (smoking, alcohol and nutrition). Socio-76 

demographic variables (gender, age and education level) and the Body-Mass Index (BMI) are 77 

included as covariates to further profile the classes. The data used for the analysis are 78 

obtained from two surveys (related to health and travel behavior) conducted in the LISS 79 

(Longitudinal Internet Studies for the Social sciences) panel1. This panel is based on a true 80 

probability sample of Dutch households. 2,050 individuals completed both surveys and are 81 

included in the analysis.  82 

In the following, relevant empirical findings and theoretical mechanisms will be 83 

discussed. After that, the empirical study will be introduced and its results discussed. In the 84 

final section, the conclusions are summarized and several policy recommendations are 85 

formulated. 86 

 87 

2. Empirical and theoretical background 88 
 89 

Active travel (walking and cycling) is increasingly being recognised as a potentially effective 90 

means of increasing physical activity levels and thereby contribute to physical and mental 91 

health (Sallis, 2004; Frank et al., 2006; Pucher et al., 2010). Active travel can often easily be 92 

incorporated in the daily routine. In addition, there is much scope for active travel to help 93 

people meet recommended physical activity levels. In the US, for example, 27% of all trips in 94 

2009 were shorter than 1 mile, but only 36% of those short trips were made by walking or 95 

cycling (Buehler et al., 2011).  96 

Research related to active travel is largely driven by two questions: (1) what are the 97 

health effects of active travel? and (2) what are the causes of active travel? Multiple 98 

                                                            
1 www.lissdata.nl  
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disciplines are involved in answering these two questions and the resulting literatures are vast. 99 

Relevant potential outcomes include increased total physical activity, reduced obesity, 100 

increased fitness and increased psychological well-being (see Oja et al. (2011), Wanner et al. 101 

(2012) and Saunders et al. (2013) for relevant reviews). Research related to the determinants 102 

of active travel has focused on the role of the built environment (e.g. residential density) and 103 

available bicycle and pedestrian infrastructure (a review of reviews is provided by Ding & 104 

Gebel (2012)). Also psychological factors (perceived environmental characteristics or 105 

attitudes and preference) have been considered, albeit to a lesser extent (Panter & Jones, 106 

2010; Heinen et al., 2011). 107 

Given that active travel is important health behaviour, it is relevant to know whether 108 

and to what extent it clusters with other health behaviours. As discussed above, the literature 109 

regarding the clustering of health behaviors is already quite extensive. In the health domain, 110 

many studies adopt an empirical perspective and focus on revealing the existing behavioral 111 

patterns. In this regard, consistent healthy and unhealthy clusters have been reported (Noble et 112 

al., 2015; McAloney, 2013; Meader, 2016). Moreover, it has been observed that some 113 

behaviors are more strongly correlated than others. For example, excessive alcohol use and 114 

smoking are typically found to cluster together, and the same holds for physical inactivity and 115 

poor diet (Meader et al., 2016). Other combinations are less common. For example, no 116 

association is generally found between excessive alcohol intake and physical inactivity (Noble 117 

et al., 2015).  118 

Research has also focused on the determinants of profile membership. Here, the most 119 

consistent finding is that lower socio-economic status in terms of education level, income or 120 

type of occupation is associated with membership of more risky clusters. Regarding other 121 

socio-demographic characteristics the evidence is mixed. Males tend to have a higher 122 

probability than females of being a member of an unhealthy cluster, but in general gender is 123 

found to be a weak predictor of cluster membership. For age, the effects are also inconsistent. 124 

Although some studies report that younger age is associated with multiple risk behaviors (see 125 

e.g. Poortinga, 2007), most studies report non-significant findings (Noble et al., 2015) and 126 

some even indicate that older age is associated with riskier clusters (see e.g. Lee et al., 2012). 127 

The theoretical mechanisms which supposedly underlie the clustering of health 128 

behaviors are still poorly understood. In the literature at least three categories of theoretical 129 

mechanisms have been identified, namely biological, psychological and sociological. 130 

Examples of biological mechanisms include notions that smoking (nicotine) may counteract 131 

the depressant effects of alcohol use or that heavy smoking may reduce lung function and 132 

thereby discourage physical activity. These biological explanations can account for the 133 

observation that some health behaviors are more strongly correlated than others.  134 

Psychological mechanisms generally relate to the idea that health behaviors (at least 135 

partially) are the outcomes of a rational choice process, which, for example, is assumed by 136 

psychological theories such as the Health Belief Model (Janz and Becker, 1984) or the Theory 137 

of Planned Behavior (Ajzen, 1991). Clustering would be expected if individuals, via such a 138 

rational process, consistently reach the same (bad/good) decisions regarding whether to adopt 139 

certain health behaviors or not.  140 

Finally, sociological studies draw attention to broader institutional/structural 141 

explanations. An example is the health lifestyle theory developed by Cockerham (2005). This 142 

theory postulates that particular health lifestyles originate from the interplay of life choices 143 

(agency) and life chances (structure). The life chances are, amongst others, determined by 144 

class circumstances and living conditions, which may operate as either constraints or enablers 145 

of certain health lifestyles, resulting in consistent healthy or unhealthy behavioral patterns. 146 

Hence, sociological theories (like the health lifestyle theory) emphasize the fact that some 147 

groups in society have fewer life chances than others (due to a lack of resources, time, or 148 
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access to healthy food and exercise opportunities) and can therefore be expected to engage in 149 

multiple health risk behaviors.  150 

While empirical research so far has shed little light as to which theory (or combination 151 

of theories) actually explains the clustering of health behaviors, it concluded that various 152 

mechanisms can be identified that may be responsible. Yet, in future work, it would be 153 

interesting to try and uncover which mechanisms are actually most relevant. This issue will be 154 

returned to in the discussion. 155 

Both psychological and sociological theories ascribe an important role to the level of 156 

education as a determinant of engaging in multiple health behaviors. Within psychological 157 

models, it may be expected that higher educated people have more knowledge of health 158 

behaviors (and can also more easily acquire new knowledge), which arguably will result in 159 

better (healthier) decisions. In sociological models, the level of education is an important 160 

indicator of class (in postmodern societies) which, as discussed above, may enable or 161 

constrain certain health behaviors. For example, higher educated people may engage in 162 

healthy lifestyle, because it is perceived as the class norm, thereby also allowing them to 163 

distinguish themselves from other (‘lower’) classes.     164 

This study contributes to the health literature by empirically assessing to what extent 165 

active travel (or lack thereof), as a specific form of physical (in)activity, is part of (un)healthy 166 

lifestyles. Typically, broad measures of physical activity are considered, relating to the total 167 

amount of sedentary time or general physical activity. As such, it is as of yet unknown to what 168 

extent forms of active travel are related to health lifestyles.  169 

This study also aims to contribute to the transportation literature. In transportation 170 

research, active travel is often (implicitly) conceptualized as an ‘environmentally friendly’ 171 

behavior, as opposed to a ‘health-enhancing’ behavior. As such, research typically considers 172 

psychological constructs related to environmental attitudes or beliefs to explain active travel 173 

(see e.g. Bamberg and Möser, 2007). While correlations between such attitudes and active 174 

travel are typically found, it might be that (some) individuals also engage in active travel as a 175 

means to stay fit and healthy.  176 

One way to test this idea is to measure both of these psychological motivations and 177 

assess their effects on active travel. Empirically, however, as shown by the research of Heinen 178 

et al. (2011), motivations related to environmental and health benefits are highly 179 

intercorrelated (both motivations were actually found to load on the same factor). Hence, it 180 

has proven difficult to assess the (unique) contribution of health motivations in explaining 181 

variation in active travel. In addition, the motivations may also be adopted post-hoc, as a way 182 

to justify the behavior (Kroesen et al., 2017). Hence, the direction of causation always 183 

remains uncertain.  184 

By assessing the extent to which active travel is part of healthy lifestyles this problem 185 

can be addressed to some extent. More specifically, should active travel (indeed) occur mainly 186 

within comprehensive healthy lifestyles, this would suggest that health motivations indeed 187 

play a relevant role (in addition to the possible role of environmental motivations). While 188 

such evidence does not prove that health motivations do play a role, any lack of clustering of 189 

active travel and other health behaviors would quite definitively prove that health motivations 190 

do not play a role. So the present study should be regarded as another relevant piece of the 191 

puzzle with regard to the role of health motivations in determining level of active travel.  192 

 193 

3. Method 194 
 195 

3.1 Data and measures 196 
 197 
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The data used for the analysis are drawn the LISS (Longitudinal Internet Studies for the 198 

Social sciences) panel, which is based on a true probability sample of Dutch households.2 199 

From this panel data from two surveys are combined, one survey on travel behavior 200 

conducted in July 20133 and one on health conducted in November 20134. For the travel 201 

behavior survey 2,980 panel members were invited and 2,370 responded (response rate 202 

79.5%) and for the health survey 6,217 were invited and 5,379 responded (response rate 203 

79.5%). In total, 2,050 individuals completed both of these surveys and are included in the 204 

analysis.  205 

Since (additional) selection bias may have been introduced by considering only people 206 

who participated in both surveys (although both individually have quite high response rates), 207 

several representativeness tests were conducted. Table 1 presents the sample distributions of 208 

three sociodemographic variables (gender, age and level of education) and Body-Mass Index 209 

(BMI) and the respective population distributions retrieved from Statistics Netherlands. The 210 

results indicate that the sample is representative for the population of Dutch adults with 211 

respect to gender and BMI (no significant differences). However, the mean age in the sample 212 

is 3.9 years higher than in the population, and also the level of education is (on average) 213 

higher in the sample compared to the population. The implications of these results with 214 

respect to the findings will be reflected upon in the concluding section.  215 

 216 

Table 1. Sample and population distributions of sociodemographic variables and BMI 217 
 218 

Sample Populationa Test of significance 

Gender (%) 
Male  47 49 χ2=2.3, df=1, p-value=0.127 
Female 53 51 

Age Mean 51.6 47.7 t=10.5, df=2049, p-value=0.000 

Level of education (%)   

Low 32 33 χ2=3.5, df=2, p-value=0.000 
Intermediate 36 40 
High 33 27 

BMI (kg/m2) (%)  

Underweight (<18.5) 2 2 χ2=6.5, df=3, p-value=0.090 
Normal weight (18.5-25) 48 50 

Overweight (25-30) 37 36 

Obese (>30) 13 12 
a Data retrieved from Statistics Netherlands (http://statline.cbs.nl/Statweb/) 219 
 220 

 Active travel was operationalized using three indicators: the distance travelled by 221 

bicycle in a regular week (measured on a 5-point ordinal scale), the number of days that the 222 

respondent spent at least 10 minutes walking in the past week and a dummy indicating 223 

whether the respondent is an active commuter or not (walking or cycling to work or school).  224 

 The SNAP-factors were measured as follows. Smoking was operationalized using a 225 

simple indicator whether the respondent currently uses tobacco (smoking cigarettes, cigars or 226 

pipes) or not. Excessive alcohol consumption was operationalized with the following 227 

question: how often did you have a drink containing alcohol over the last 12 months? 228 

Respondents could indicate their answer on an 8-point ordinal scale ranging from (1) not at all 229 

over the last 12 months to (8) almost every day. Only those falling in the highest category (8) 230 

were considered as excessive drinkers. Hence, the original scale was recoded into a binary 231 

variable indicating excessive consumption or not. The nutrition factor was operationalized 232 

using two questions relating to fruit and vegetable consumption. For these questions 6-point 233 

ordinal scales were used ranging from (1) never to (6) every day. Here, the last two 234 

categories, (5) 5 to 6 times per week and (6) every day, were considered as indicative of a 235 

                                                            
2 Details on the panel can be found at www.lissdata.nl  
3 See https://www.dataarchive.lissdata.nl/study_units/view/584  
4 See https://www.dataarchive.lissdata.nl/study_units/view/509  
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good diet. Hence, these two variables were also recoded into binary variables. Finally, in 236 

addition to the indicators related to active travel, a broad measure of physical inactivity was 237 

included, namely the number of hours spend on sedentary activities on a regular day. For this 238 

question a 4-point ordinal scale was used ranging from (1) 0-3 hours per day to (4) 10 or more 239 

hours per day. In total, eight indicators were used in the analysis.  240 

Note that the used indicators for active travel capture active travel for both 241 

transportation and leisure purposes. Given that general physical activity is operationalized as 242 

the time spend sedentary (as opposed to some form of physical activity), there is no overlap 243 

with this indicator. 244 

Unfortunately, the used indicators were not operationalized in such a way that general 245 

recommended thresholds for healthy (unhealthy) behaviors could be adopted. For example, 246 

WHO’s recommendation regarding vegetable/fruit consumption consists of eating 400 grams 247 

of fruits and vegetables per day. In a similar fashion, regarding physical activity, WHO 248 

recommends that adults aged 18-64 should do at least 150 minutes of moderate-intensity 249 

aerobic physical activity throughout the week. Since the scales based upon which these 250 

thresholds are defined do not align with the answering scales used in the survey, the 251 

behavioral patterns (resulting from the analysis) cannot be interpreted in an absolute sense 252 

(i.e. based on the accepted guidelines), as being either ‘healthy’ or ‘unhealthy’. Instead, the 253 

resulting patterns should be interpret in a relatively sense, as being relatively more or less 254 

health than other patterns and/or the sample average.  255 

Next to the indicators, the socio-demographic characteristics and BMI were included 256 

as covariates in the model. To assess the significance of these covariates the 3-step procedure 257 

was applied (Vermunt, 2010). An advantage of this procedure over the 1-step approach 258 

(where covariates are directed included to predict class membership) is that the covariates will 259 

not interfere with the measurement part of the model, i.e. classification is solely based on the 260 

indicators (and not the covariates). The 3-step procedure basically consists of the following 261 

steps: (1) estimation of the model based on the indicators only, (2) probabilistic assignment of 262 

subjects to latent classes (the posterior membership probabilities) and (3) estimation of the 263 

effects of the covariates on latent class membership, corrected for the classification error to 264 

prevent bias. The procedure allows the researcher to establish the effects (and significance) of 265 

the covariates (corrected for measurement errors), while not letting the covariates interfere 266 

with the classification based on the indicators (Vermunt, 2010).   267 

3.2 Model estimation 268 
 269 

Latent class modelling has several advantages over traditional clustering techniques, such as 270 

K-means cluster analysis (Magidson and Vermunt, 2002). One particular advantage is that 271 

nominal and ordinal indicators can be used (in addition to continuous outcomes), which were 272 

also present in the current application. Within the model specification all indicators were 273 

specified as either nominal or ordinal. Latent Gold 5.1 was to estimate the latent class models 274 

(Vermunt and Magidson, 2013). 275 

The goal of the latent class analysis is to find the most parsimonious model, i.e. with 276 

the smallest number of latent classes, which adequately describes the associations between the 277 

indicators. To identify the optimal model, subsequent models were estimated with 1 through 8 278 

latent classes. Table 2 presents the fit of these models in terms of the Bayesian information 279 

criterion (BIC), a statistic which weighs model fit and model parsimony, and the sum of the 280 

bivariate residuals (BVRs), indicating the total amount of association remaining between the 281 

indicators after accounting for the latent class variable (Vermunt and Magidson, 2013).  282 

Based on the BIC statistic (being lowest in the 3-class model) the 3-class model 283 

should be considered optimal. However, in this solution, significant bivariate residuals 284 

(>3.84) remained between the indicators (note that since the bivariate residuals are chi-285 
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squared distributed with one degree of freedom, a value of 3.84 corresponds to the critical chi-286 

square value at the 5% level of significance (Vermunt and Magidson, 2013). These bivariate 287 

residuals were not reduced up until the 5-class solution. Since the 5-class solution also 288 

provided additional relevant substantive insights over the 3-class model, the decision was 289 

made to consider this solution as optimal. In the next section this solution will therefore be 290 

interpreted substantively. 291 

 292 

Table 2. Model fit of the latent class models 293 
 294 

No. of 
classes Npar LL BIC(LL) 

Sum of 
BVRs 

1 19 -15562.6 31270.0 492.4 

2 28 -15447.4 31108.3 261.9 

3 37 -15368.7 31019.6 85.7 

4 46 -15343.3 31037.3 63.8 

5 55 -15318.8 31057.0 26.1 

6 64 -15302.3 31092.7 25.5 

7 73 -15289.1 31134.8 13.8 

8 82 -15273.8 31172.9 7.6 
 295 
Npar = number of model parameters 296 
LL = final log-likelihood 297 
BIC(LL) = Bayesian information criterion (based on log-likelihood). 298 
Total BVR = sum of the bivariate residuals 299 
 300 

  301 
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4. Results  302 
 303 

Table 3 presents the class sizes and the profiles of the five classes. To aid the 304 

interpretation the final column presents the sample distributions. Overall, the five classes 305 

represented well-interpretable patterns. Note that, although the estimation of the measurement 306 

model (model with only indicators) and structural model (model with covariates) occurs 307 

consecutively (in line with the 3-step procedure), the results of the third step are already 308 

included here. Hence, the distributions and tests of significance of the covariates are included 309 

in the profile output (at the bottom).  310 

 311 

Table 3. Profiles of the 5 latent classes and the sample distributions 312 

 313 
  1 2 3 4 5 Sample 
Cluster Size (%) N=2,050  41 19 18 11 10 
Indicators  
Distance (in kilometer) travelled 
by bicycle in a regular week (%) 

0 6 3 37 20 34 16 
1-10 24 14 46 43 46 30 
11-20 19 15 11 18 12 16 
21-40 23 25 4 11 5 17 
>40 28 44 2 8 2 21 

No. of days with more than 10 
minutes walking in past week 

Mean 3.4 3.9 1.9 2.4 1.9 3.0 

Active commuter (%) No  75 28 100 72 92 72 
Yes 25 72 0 28 8 28 

No. of hours sedentary on a 
regular day (%) 

0-3 21 11 9 23 18 17 
4-6 43 34 31 43 41 39 
7-9 20 25 26 20 22 22 
10 or more 16 29 34 14 19 22 

Currently smokes tobacco (%) No 95 83 95 90 4 83 
Yes 5 17 5 10 96 17 

Excessive drinking (drinking 
almost every day in past year) (%) 

No 84 90 83 97 70 85 
Yes 16 10 17 3 30 15 

Frequency of eating vegetables 
(5 times per week or more) (%) 

No 23 34 26 95 43 36 
Yes 77 66 74 5 57 64 

Frequency of eating fruit 
(5 times per week or more) (%) 

No 15 57 36 86 62 40 
Yes 85 43 64 14 38 60 

Covariates   
Gender (%) (Wald=28.4, p=0.00) Male  40 50 55 56 48 47 

Female 60 50 45 44 52 53 
Age (Wald 121.0, p=0.00) Mean 61.9 39.5 49.3 42.5 50.6 51.6 
Level of education (%)  (Wald 
56.9, p=0.00) 

Low 38 20 24 40 38 32 
Intermediate 29 44 32 44 40 36 
High 33 36 43 17 22 33 

BMI (kg/m2) (%) (Wald= 21.5, 
p=0.04) 

Underweight (<18.5) 1 5 0 1 2 2 
Normal weight (18.5-25) 45 60 41 45 51 48 
Overweight (25-30) 43 25 37 40 34 37 
Obese (>30) 11 10 22 14 14 13 

 314 
Note: some column values may not add up to 100% due to rounding  315 
 316 

The first two classes represent relatively healthy lifestyles. Subjects belonging to the first 317 

class (41% of the sample) cycle and walk above the sample average. A substantial portion of 318 

the subjects is also an active commuter (25%). Compared to the other classes, the time spend 319 

sedentary (on average per day) is among the lowest in this class. Relatively few engage in 320 

smoking (5%) and drinking (16%) and the frequencies of eating vegetables and fruit (5 times 321 

or more per week) are high (77% and 85% respectively). Overall, the first class represents a 322 

relatively consistent healthy lifestyle.  323 
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While the second class (19% of the sample) also represents a relatively healthy 324 

lifestyle, there are several distinct differences with the first class. Firstly, compared to the first 325 

class, levels of cycling and walking are higher in this class. In addition, 75% of the subjects 326 

are active commuters. At the same time, the amount of sedentary time is also higher. Thirdly, 327 

compared to the first class, smoking occurs relatively more frequently (17%), while drinking 328 

occurs less frequently (10%). Overall, however, these levels are still at the low end of the 329 

spectrum. A similar pattern occurs with respect to vegetable and fruit intake, which is still 330 

quite high, but again slightly lower than in the first class.  331 

The third class (18% of the sample) scores especially poor on the indicators of 332 

physical inactivity. Compared to the other classes, the levels of cycling and walking are 333 

lowest, while the time spent sedentary is the highest. The levels of smoking, drinking and 334 

vegetable/fruit intake are, however, comparable to the first (healthy) class. Hence, only in 335 

terms of physical inactivity does this pattern represent an unhealthy lifestyle. 336 

The fourth class (11% of the sample) has low levels of cycling and walking, but still a 337 

substantial portion of active commuters (28%). In addition, the amount of sedentary time is 338 

relatively low and smoking/drinking also occurs relatively infrequently. The distinct feature 339 

of this class is the low level of vegetable and fruit intake; 95% and 86% respectively does not 340 

meet the threshold of eating vegetables/fruits 5 times or more per week. Hence, people with 341 

this pattern can be described as unhealthy eaters. 342 

Finally, the last class (10% of the sample) represents a relatively consistent unhealthy 343 

lifestyle. Subjects in this class engage little in active travel. In addition, smoking and drinking 344 

levels are high (96% and 30% respectively), while the levels of fruit and vegetable intake are 345 

low. 346 

All four covariates were found to be significant (p<0.05). The results indicate that 347 

females are relatively more likely to belong to the first (‘consistent healthy’) lifestyle, while 348 

males are more likely to belong to the fourth (‘low level of vegetable and fruit intake’) class. 349 

Subjects in the first class (‘consistent healthy’) are on average relatively old (mean=61.9), 350 

while subjects of the second (‘active commuters’) and fourth (‘low level of vegetable and fruit 351 

intake’) class are relatively young (mean~40). Probably, the lack of active commuting in the 352 

first ‘consistent healthy’ class is (partly) due to the high average age in the class, resulting in 353 

the fact that relatively many in the class do not have to commute for work. Overall, the 354 

education level is higher in the healthier classes (1 and 2) compared to the unhealthier ones (4 355 

and 5). Interesting, however, the education level is highest in the third class (‘high physical 356 

inactivity’), which is probably due to the fact that people in this class are more likely to have 357 

an (sedentary) office job. In line with the level of physical activity, the BMI is highest in the 358 

third class (22% obese), followed by the relatively unhealthy classes (class 4 and 5, ~14% 359 

obese) and the healthier ones (class 1 and 2, ~10% obese).  360 

A more intuitive way to interpret the effects of the covariates, which is also more in 361 

line with the underlying conceptualization that the covariates influence class membership, is 362 

to calculate and assess the predicted class membership probabilities for various levels of the 363 

covariates (while holding the other covariates at their mean value). This is done for age and 364 

level of education, which have the strongest effects on class membership. Figure 1 plots class 365 

membership as a function of these variables.  366 

With respect to age it becomes clear that, over the life course, membership of the 367 

consistent healthy lifestyle (class 1) steadily increases. This growth occurs mainly at the 368 

expense of the active commuter lifestyle (class 2), but also of the other three lifestyles. Hence, 369 

with increasing age people mainly transition from the active commuter lifestyle to the 370 

consistent healthy lifestyle, thereby reducing their active travel but generally improving their 371 

health behaviors in terms of (not) smoking and their diet. This reduction in active travel is 372 

plausible given the increasing difficulty of traveling actively at older age.  373 
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The effects of level of education are somewhat inconsistent with previous research. 374 

Typically, higher education is found to be associated with healthier lifestyles (Noble et al., 375 

2015). Indeed, the findings here also show that the probability of being a member of the 376 

consistent unhealthy lifestyle is lowest (7%) when the level of education is highest. Yet, as 377 

discussed above, membership of the relatively unhealthy ‘physical inactive’ profile also 378 

increases consistently with the level of education. Another interesting finding is that the level 379 

of education strongly influences the class membership distributions of the first two classes, 380 

i.e. the consistent healthy and the active commuter lifestyle. Especially in moving from the 381 

low to the intermediate level of education a large shift in these classes can be observed, 382 

whereby the active commuter pattern strongly increases at the expense of the consistent 383 

healthy lifestyle. Hence, in the Dutch context, active commuting is strongly linked to the level 384 

of education.  385 

 386 

 387 
 388 

Figure 1. Predicted class membership probabilities conditional on age (left) and education 389 

level (right) 390 

 391 

5. Discussion 392 
 393 

Taken together the results of the research are in line with previous findings, although some 394 

particular unexpected results are revealed as well. Firstly, in line with previous studies, at both 395 

ends of the spectrum evidence of clustering is found. Around 60% of the sample (class 1 and 396 

2) has a consistent healthy lifestyle, while 10% has a consistent unhealthy lifestyle (class 5). 397 

In addition, in line with the main objective of the present study, it is shown that for most 398 

people (70%) active travel (or lack thereof) indeed forms an integral part of these consistent 399 

healthy and unhealthy lifestyles, i.e. with high engagement in the overall healthy lifestyles 400 

(class 1 and 2) and low engagement in the overall unhealthy lifestyle (class 5). Yet, two 401 

classes (3 and 4) are revealed for which this does not hold. Especially the third class stands 402 

out in this regard, as it represents an overall healthy lifestyle with the exception of physical 403 

activity (including active travel). 404 

The effects of the covariates are also in line with findings of previous studies, i.e. on a 405 

whole, the probability of being a member of one of the healthier classes increases with being 406 

female, level of education and age. Still, here as well, some unexpected findings are revealed. 407 

For example, the finding that the level of education is highest (on average) in the relatively 408 

unhealthy ‘physical inactivity’ profile (class 3). Another peculiar finding is that age does not 409 

strongly affect the probability of being a member of this class and an also the effect of the 410 

level of education is relatively weak. This somewhat contrasts previous research which 411 

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

16‐36 37‐49 50‐59 60‐67 68‐91

Consistent healthy

Active commuters

High physical inactivity

Low level of vegetable and fruit intake

Consistent unhealthy

Age

Class 
size

0%

10%

20%

30%

40%

50%

60%

Low Intermediate High

Consistent healthy

Active commuters

High physical inactivity

Low level of vegetable and fruit intake

Consistent unhealthy

Education level

Class 
size



11 
 

reported stronger relationships between health lifestyles and (especially) the level of 412 

education. It may be speculated that the level of education in general is quite high in the 413 

Netherlands and in this sample in particular (as the representativeness analysis has shown), 414 

thereby reducing variation in the variable and weakening the effect on the health lifestyles. 415 

Finally, some limitations of this study and related avenues for future research can be 416 

identified. The most important limitation is that the health risk behaviors are based on self-417 

report, which, due to social desirability bias, tend to underestimate the prevalence of health 418 

risk behaviors and overestimate healthy behaviors (Newell et al., 1999). Yet, in many cases 419 

they remain the only feasible method of collection (Noble et al., 2015). A related issue, is that 420 

the answering scales did not match those used in setting general guidelines as to what 421 

constitutes healthy behavior (or not), a point which was discussed in section 3. Given that this 422 

is the case, it is difficult to interpret the patterns in an absolute sense, i.e. as being either 423 

healthy or not. Ideally, future research should be based on more accurate and objective 424 

measurements of active travel and the SNAP factors. For example, including measurements 425 

on actual fruit and vegetable intake or on the actual time spend on active travel.  Considering 426 

the measurement of active travel in particular, in the transportation studies this is often 427 

measured using travel diaries.  Probably, this approach will yield more reliable estimates of 428 

active travel compared to general questions about (weekly) travel behavior by various modes. 429 

It would be interesting to use data from such studies in future health research. 430 

A second limitation relates to the sample representativeness and the generalizability of 431 

the findings. The representativeness analysis has shown that older and higher educated people 432 

are overrepresented in the sample compared to the population. Since age and education level 433 

positively influence the probability of being a member of the ‘consistent healthy’ class, this 434 

class is probably overrepresented in the sample compared to the population. At the same time, 435 

it is reassuring to see that no bias exists with respect to BMI, suggesting that no health-related 436 

selection mechanisms were at work (i.e. those with poor health being more inclined to deny 437 

participation).  438 

A third limitation relates to the cross-sectional nature of the data, making it impossible 439 

to draw causal inferences and/or assess intra-individual change over time. This limitation may 440 

be addressed in future work as data are available from multiple waves (years) in the LISS 441 

panel. Specifically, a latent transition model (Collins and Lanza, 2013) may be estimated to 442 

reveal how people transition between the different latent classes over time and assess which 443 

factors and/or events trigger transitions to (un)healthy lifestyles.  444 

Finally, similar to most studies in the health literature which adopt an 445 

empirical/descriptive approach, i.e. focused on revealing which clusters exist in the 446 

population, this study does not provide an answer to the question why these clusters exist. 447 

While qualitative research may shed light on this question, a quantitative approach would be 448 

to additionally include various (stated) motivations for engaging in the respective health 449 

behaviors in the latent class model. It may then be assessed what are the primary motivations 450 

for (not) engaging in multiple health behaviors. Yet, at this point, one (again) runs into the 451 

trouble that motivations may be adopted post-hoc instead of driving the behaviors.  452 

 453 
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