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Introduction: Active travel (walking and cycling) is increasingly being recognised as a potentially
effective means of increasing physical activity levels and thereby contribute to physical and
mental health. To date, however, much of the empirical evidence related to the health benefits of
active travel is based on cross-sectional data. As such, the direction of causation remains un
certain, i.e. does active travel lead to improved health or vice-versa, are healthier individuals
more inclined to participate in active travel? This study aims to systematically assess the bidi
rectional relationships between active travel, on the one hand, and two relevant health outcomes
on the other, namely body-mass index (BMI) and mental health.
Method: To this end, random-intercept cross-lagged panel models are estimated using data from
10 waves (years) of the Longitudinal Internet Studies for the Social sciences panel, a panel that is
representative for the Dutch population. Active travel was assessed using a measure of walking
frequency and mental health was measured using the 5-item mental health inventory (MHI-5).
Results: The results indicate that active travel does not affect later BMI levels, but, vice versa, BMI
does negatively influence later levels of active travel, a pattern that is in line with earlier research
related to general physical activity and BMI. Regarding mental health, the pattern is exactly
opposite. In this case, the effect of active travel on mental health is significant, while the reverse
effect is not (at the 5% level of statistical significance).
Conclusion: Overall, the results underline the notion that cross-sectional estimates of the effects
between active travel and health outcomes should be interpreted with care, as they can be the
result of effects in either direction. In addition, the results suggest that the uptake of active travel
may be increased by decreasing BMI levels in the population, e.g. via dietary programs.

1. Introduction
An abundant stream of research indicates that physical activity positively influences health; regular physical activity reduces the
risk of cardiovascular disease, diabetes, cancer, hypertension, depression, osteoporosis and premature death (Warburton et al., 2006).
Worldwide, around a third of all adults do not reach public health guidelines for recommended levels of physical activity (Hallal et al.,
2012). Based on such prevalence rates, it has been estimated that inactivity causes 9% of premature mortality globally, which, in 2008,
accounted for 5.3 million of the 57 million deaths in that year (Lee et al., 2012). In Western countries, physical inactivity is the fourth
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leading health risk factor (after high blood pressure, tobacco use, and high body-mass index) (Lim et al., 2013).
Active travel (walking and cycling) is increasingly being recognised as a potentially effective means of increasing physical activity
levels and thereby contribute to physical and mental health (Sallis et al., 2004; Frank et al., 2006; Pucher et al., 2010). Although some
studies found that people frequently walking and cycling might possibly compensate by engaging less in other forms of physical ac
tivity (e.g., Voulgaris et al., 2019), other studies found that the time spent exercising is not associated with time spent travelling by
active modes, and that active travel consequently adds to the total amount of daily physical activity (Cooper et al., 2003; Panik et al.,
2019; Panter et al., 2008). Much empirical research has been devoted to determining the health benefits of active travel. In this regard,
relevant potential outcomes include increased total physical activity, reduced obesity, increased fitness and increased psychological
well-being (see Oja et al. (2011), Wanner et al. (2012) and Saunders et al. (2013) for relevant reviews). Once incorporated in the daily
routine, active travel can easily become a habitual behaviour (because it is executed on a frequent basis) and there is generally much
potential for active travel to help people meet recommended physical activity levels. In the US, for example, 27% of all trips in 2009
were shorter than 1 mile, but only 36% of those short trips were made by walking or cycling (Buehler et al., 2011). Also in
cycling-oriented countries, like The Netherlands or Denmark, there is still considerable potential to increase active travel.
To date, however, much of the empirical evidence related to the health benefits of active travel is based on cross-sectional data. As
such, the direction of causation remains uncertain, i.e. does active travel lead to improved health or vice-versa, are healthier in
dividuals more inclined to participate in active travel? Theoretically, effects in both ways can be expected. For example, considering
the body-mass index (BMI) as a potential health outcome, the biological energy-balance explains why active travel may decrease
overweight (or help maintain weight). Yet, since physical activity is more strenuous for obese individuals than for normal-weight
individuals, a reverse effect may also exist. Regarding general physical (in)activity, evidence indeed suggests that this reverse ef
fect is actually greater than the original -more intuitive-effect from physical activity to obesity (Ekelund et al., 2008; Pulsford et al.,
2013).
Given this background, this study aims to systematically assess the bidirectional relationships between active travel, on the one
hand, and two relevant health outcomes on the other, namely body-mass index and mental health, as relevant indicators of the physical
and psychological well-being of humans respectively. To achieve this aim, a series of Random-Intercept Cross-Lagged Panel Models
(RI-CLPM) are specified and estimated, a model which is ideally suited to explore reciprocal relationships at the within-person level,
while controlling for stable individual characteristics (Hamaker et al., 2015). Data to estimate the models are drawn from 10 waves of
the Longitudinal Internet Studies for the Social sciences (LISS) panel. In the following, previous research findings will be discussed,
after which the empirical study will be presented.
2. Previous longitudinal research
2.1. Active travel, general physical activity and BMI
Cross-sectional studies have generally found that active travel is inversely associated with obesity (Flint and Cummins, 2016; Flint
€m, 2008; Millett et al., 2013). Evidence from longitudinal studies, however, is limited.
et al., 2014; Laverty et al., 2013, 2015; Lindstro
Only three studies could be identified in the existing literature, namely the ones of Martin et al. (2015), Mytton et al. (2016a) and Flint
et al. (2016). All three were focused on the prospective effects of active commuting (walking and cycling to work) on BMI, and all three
concluded that active commuting reduced obesity at follow-up. However, none of these focused on possible reverse effects of BMI on
active commuting.
This reverse relation has been considered in research focusing on the relationship between general physical (in)activity and BMI. In
this area, Petersen et al. (2004) were among the first to suggest and investigate the bidirectional effects between a physical activity and
BMI. Among a random sample of the population residing in Copenhagen (Denmark) they found that leisure time physical activity -over
the course of 15 years-predicted obesity, but found no evidence for a reverse relationship. Adopting similar prospective study designs,
Bak et al. (2004) and Mortensen et al. (2006) replicated this finding in a sample of Danish juveniles and a sample of middle-aged white
Americans respectively. Focusing on sitting behaviours in particular, Pulsford et al. (2013) found that prior obesity was prospectively
associated with time spent watching TV per week, but, in line with earlier findings, they found no relationship the other way around.
While the above-mentioned studies were based on self-report measures of physical activity and obesity, which may be unreliable
and therefore attenuate effects downwards, Ekelund et al. (2008) were among the first to use objective measures for both physical
activity and obesity. In the study, physical activity was assessed using heart monitors, while obesity was operationalised by (objective)
measurements of BMI, waist circumference and percentage body fat. Still, the pattern of findings was the same; BMI, fat mass, and
waist circumference were found to predict future sedentary time (5 years later), but sedentary time did not predict future obesity.
Another study using objective measurements was conducted by Golubic et al. (2015) who used accelerometers to measure physical
activity. In line with the findings above, they found an effect of body fat on later physical activity, but they also found a significant, yet
smaller, effect in the other direction. Hence, in line with common intuition, physical activity in this study was found to decrease body
fat.
In sum, studies focusing on the health benefits of active travel have focused on active commuting in particular and consistently
found negative effects of active commuting on obesity, but have not explicitly considered a reverse effect. Bidirectional effects have
been explored with respect to the relationship between general physical activity and BMI and have (with one exception) concluded that
BMI influences physical activity but not vice versa. This study aims to add to the available evidence base regarding the relation be
tween active travel and BMI, focusing on general active travel and explicitly taking into account bidirectional effects.
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2.2. Active travel, general physical activity and mental health
Regarding the relation between active travel and mental well-being, several cross-sectional studies, which were focused on ado
lescents and children, have found positive effects of active modes on mental well-being (Humphreys et al., 2013; Roberts et al., 2011;
St-Louis et al., 2014; Sun et al., 2015). Other cross-sectional studies focusing on travel satisfaction – i.e., the experience of emotions
during travel and a cognitive evaluation of travel – found that active trips are being experienced more positively compared to trips with
motorised modes (De Vos et al., 2016; Morris and Guerra, 2015; St-Louis et al., 2014). Although it remains rather unclear why travel
satisfaction levels differ according to various travel modes, the high levels of satisfaction of cyclists and pedestrians could be explained
by the release of dopamine during physical activity, which affects arousal and attention, and can improve mood and reduce anxiety
(Paluska and Schwenk, 2000; Penedo and Dahn, 2005). On the other hand, the high satisfaction levels might be explained by relatively
positive attitudes towards active travel (compared to attitudes towards motorised travel), or short travel durations of active trips,
which both can positively affect how people experience active travel (Anable and Gatersleben, 2005; De Vos, 2018).
Satisfying walking and cycling trips might directly contribute to subjectively experienced well-being since experiencing positive
emotions stimulates elements such as original thinking, fostering skills, and liking of self and others (Lyubomirsky et al., 2005).
Furthermore, satisfying (active) trips might also indirectly improve well-being as it can positively affect the satisfaction with – and
performance of – activities at the destination of the trip (Bergstad et al., 2011; De Vos, 2019; Loong et al., 2017). Although some studies
have suggested that people with a good mental health are more likely to experience positive emotions during travel (De Vos, 2019), a
positive effect of mental health on choosing to travel actively has never been analysed.
Evidence from longitudinal research regarding the effects of active travel on mental well-being is again limited. Here, two studies
could be found, namely the ones of Mytton et al. (2016b) and Martin et al. (2014). Based on a two-wave panel analysis of British
commuters, Mytton et al. (2016b) found that the maintenance of cycling to work was also associated with better mental health over
time. Similar results were obtained by Martin et al. (2014), who – using 18 waves from the British Household Panel Survey – found that
commuting mode influenced psychological well-being over time; compared to use of the car, active travel and public transport were
found to increase well-being. In addition, wellbeing was found to increase significantly after a switch from car (or public transport) to
active travel. In both these studies, however, a possible reverse effect (from mental wellbeing to mode choice) was not investigated.
Zooming out to the relationship between general physical activity and mental health, cross-sectional research indicates a positive
association between the two and intervention studies generally indicate that increasing physical activity lowers the likelihood of
depression (Teychenne et al., 2008). Similar to the relation between active travel and BMI, several observational studies have
examined bi-directional effects between the two outcomes. Based on a large British cohort study, Da Silva et al. (2012) found that
physical activity was associated with reduced likelihood of depressive symptoms at follow-up, yet participants with anxiety and
depression symptoms at baseline also had higher odds of not meeting the recommended levels of physical activity at follow-up,
suggesting that the association between physical activity and symptoms of anxiety and/or depression is bidirectional. The same
conclusions were reached by the studies of Stavrakakis et al. (2012) and Pereira et al. (2014), who also relied on prospective cohort
data.
In sum, similar to the relation between active travel and BMI, cross-sectional evidence indicates a positive association between the
two which may be explained by various causal mechanisms. Moreover, longitudinal studies have found that active travel positively
influences mental health, yet reverse effects have not explicitly been considered in these studies. Reciprocal effects have been
considered in research focusing on general physical activity and mental health and these studies have consistently reported positive
bidirectional influences between the two.
2.3. Research contributions
As stated before, the main contribution of the present study is that we assess the bidirectional influences between active travel, on
the one hand, and BMI and mental health, on the other. In addition to this, a second contribution is that we apply a model to assess
these reciprocal effects at the within-person level, namely the so-called random intercept cross-lagged panel model (RI-CLPM). This
model is recently developed by Hamaker et al. (2015). Basically, the RI-CLPM extends the traditional cross-lagged panel model (CLPM)
(Finkel, 1995), which has been a popular model to assess the lagged bidirectional influences between variables. For example, as
referred to above, Stavrakakis et al. (2012) have also used this model to examine the bidirectional influences between physical activity
and depressive symptoms.
Hamaker et al. (2015) show, however, that the CLPM confounds between-person and within-person co-variation, which is prob
lematic since the between-person relationship between two variables is not necessarily equivalent to the within-person relationship
(Hamaker, 2012). Yet, it is at the within-person level that the assumed causal processes actually operate. For this reason it is important
to also empirically establish the effects at this level. This is achieved by the RI-CLPM through specification of random intercepts which
capture the trait-like stability in the variables of interest. Consequently, the estimated cross-lagged effects only capture within-person
effects. The statistical model will be more elaborately discussed in section 3.2.
3. Method
3.1. Data and measures
To assess the bidirectional relationships between active travel and the two health outcomes, data are drawn from the LISS
3
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(Longitudinal Internet Studies for the Social sciences) panel,1 which is based on a true probability sample of Dutch households. Within
this panel an annual health survey is performed, which includes measures on active travel and the two considered health outcomes. In
total, 1548 respondents completed all 10 waves and are included in the present analysis. Table 1 presents an overview of the sample
distributions of socio-demographic characteristics at the first measurement occasion (in 2007).
Overall, the sample distributions match the population distributions, with age being a notable exception. In addition, the fact that a
pure stayer sample is selected might introduce biases in other variables including those considered in the present analysis. For
example, it might be that less healthy individuals have a higher chance of dropping out over time. To assess the effects of these po
tential biases, the analyses presented below were also run for the complete sample, i.e. based on all individual who completed at least
one wave (N ¼ 15,219). To handle the missing values in these models, the Full Information Maximum Likelihood (FIML) estimator was
used which imputes probable values for the missing data based on the model structure. This method has been shown to be least biased
compared to other methods to handle missing data (Enders and Bandalos, 2001). A comparison of the estimates of these models with
those presented in this study (Table 5) indicated that the deviations were generally small and did not lead to substantively different
conclusions.
To measure active travel, the following question was used: ‘If you look back on the last 7 days, on how many of those days did you
spend at least 10 min walking?’ (ranging from 0 to 7 days).2 Although straightforward, the measure is rather crude. For example, it
does not differentiate between utilitarian and leisure travel. In addition, it might be possible that people who walk infrequently in
terms of walking days, walk (on average) longer on the days they do walk compared to people who walk frequently (resulting in similar
overall physical activity levels). To provide some context and validation of this measure, we performed two additional analyses.
First, to assess the relative amount of utilitarian travel versus recreational travel, we used data from the Dutch national travel
survey. This is a nation-wide annual travel survey in which respondents (randomly selected from the population register) record all
their trips and activities for a single day. Using data from 2017 (38,127 respondents) we calculated that 75% of all walking trips had a
utilitarian purpose (and thus 25% a recreational one). Hence, most walking trips (indeed) relate to active transportation.
Secondly, we analysed the relation between walking frequency (in days) and average walking time using data from the Dutch timeuse survey. For this analysis, we made use of the survey conducted in 2006 which included 1875 respondents. The results indicated
that the average daily walking time (calculated by dividing the total walking time over the seven days by the number of days that at
least walking trip was made) increased with the number of days that at least one walking trip has been made. Hence, people who spend
more days walking, walk longer on any particular day, while people who walk less frequently also spend less time walking on the days
they do walk. This result shows that a higher score on our measure of walking frequency (in days) generally indicates that a respondent
actually spent more time walking, which of course is a desirable outcome.
The body-mass index was calculated using respondents’ self-reported height and weight. Compared to active travel and BMI,
mental health was more difficult to define and operationalise. Indeed, mental health can be defined broadly, as for example, in the
WHO’s definition of mental health as “a state of well-being in which the individual realizes his or her own abilities, can cope with the
normal stresses of life, can work productively and fruitfully, and is able to make a contribution to his or her community” (WHO, 2004)
or more narrowly focusing on specific aspects such as subjective well-being and/or specific mental disorders, such as general anxiety
disorder or depression. In this research, we used a narrow definition focused on subjective well-being and depression. In particular, we
used the 5-item Mental Health Inventory (MHI-5) (Berwick et al., 1991), a scale which has previously been validated as a measure for
depression using clinical interviews as the gold standard (Rumpf et al., 2001). The MHI-5 scale consists of five items related to re
spondents’ feelings over the past month to which they could respond using a 6-point scale ranging from never (1) to continuously (6):
1.
2.
3.
4.
5.

I
I
I
I
I

felt very anxious
felt so down that nothing could cheer me up
felt calm and peaceful
felt depressed and gloomy
felt happy

While only consisting of 5 items this scale has been shown to have the same psychometric performance as the extensively validated
12 item General Health Questionnaire (GHQ-12) and can, as such, be used to measure and compare mental health in defined pop
ulations (McCabe et al., 1996; Hoeymans et al., 2004). In line with common practice, the items were recoded so that higher scores
indicated higher mental well-being and then summed, resulting in a scale which (theoretically) ranges from 5 to 30.
Table 2 presents the means and standard deviations for the three variables considered in the analysis. The results indicate that
active travel decreases over the period of 10 years (from 4.7 to 4.0 days per week), while BMI increases (from 25.2 to 25.9). These
trends are consistent with the known cross-sectional effects of age on these outcomes (see e.g. Martin et al., 1997). Regarding mental
health, no strong trend could be identified although it seems to be slightly increasing. It should be noted that the estimated models
takes the structural trends in the means over time into account. Finally, the 5-item mental health scale was found to be sufficiently
reliable across all waves (Cronbach’s alpha >0.8).
To obtain some initial insights into the extent the considered variables are interrelated Table 3 presents the correlations between

1

All data are freely available at www.lissdata.nl.
Unfortunately, no information was available regarding respondents’ cycling frequency. For this reason we used the number of days respondents
walked (for more than 10 min) as a proxy for active travel levels.
2
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Table 1
Sample distributions of socio-demographic characteristics (N ¼ 1548).
Variable

Categories

Sample (%)

Population (%)a

Gender

Male
Female

51
49

50
50

Age

15–34 years
35–44 years
45–54 years
55–64 years
65 years and older

13
17
26
30
14

29
17
18
16
20

Level of education

Primary school
Intermediate secondary education
Higher secondary education
Intermediate vocational education
Higher vocational education (college)
University

8
28
10
23
24
7

10
20
10
28
20
11

Occupational status

Paid employment
Freelancer or self-employed
Attends school or is studying
Takes care of the housekeeping
Pensioner
Other

52
6
4
12
18
8

53
6
11
10
13
7

Personal net monthly income

No income
EUR 500 or less
EUR 501 to EUR 1000
EUR 1001 to EUR 1500
EUR 1501 to EUR 2000
EUR 2001 to EUR 2500
More than EUR 2500
Missing

9
7
16
19
22
12
10
4

12
9
17
21
21
10
10

a

The population figures were retrieved from Statistics Netherlands (www.statline.nl).

Table 2
Means and standard deviations of the four dependent variables (N ¼ 1548).
Wave
1
2
3
4
5
6
7
8
9
10

Active travel (#days with >10 min walking)

BMI

Mean

SD

Mean

SD

Mental health
Mean

SD

Alpha

4.7
4.4
4.2
4.1
4.2
4.0
3.9
4.0
4.0
4.0

2.4
2.5
2.6
2.6
2.6
2.6
2.6
2.7
2.6
2.6

25.2
25.3
25.5
25.6
25.6
25.6
25.7
25.8
25.9
25.9

3.8
3.8
3.8
3.8
3.9
3.9
3.9
4.0
4.0
4.0

23.7
23.9
24.1
24.1
24.2
24.3
24.4
24.4
24.4
24.4

3.8
3.9
3.8
4.1
3.9
4.0
4.0
4.0
3.9
4.1

0.82
0.83
0.84
0.85
0.85
0.86
0.84
0.87
0.86
0.86

Table 3
Correlations between dependent variables.
Active travel
BMI
Mental health

AT

BMI

MHI

1
-0.091*
0.058*

1
-0.010

1

Sport

* Correlation is significant at the 0.01 level (2-tailed).

the three variables based on a pooled dataset (all person-waves stacked). These indicate that, as expected, active travel is negatively
correlated with BMI, while positively correlated with mental health. The correlation with BMI is stronger than the one with mental
health, yet both correlations can be classified as rather small. In addition, no association was found between BMI and mental health.
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Table 4
Model fit.
Model

χ2

df

p-value

RMSEAa

CFIb

SRMRc

1a
1b

3144.5
480.6

160
157

0.00
0.00

0.110
0.037

0.924
0.992

0.136
0.037

2a
2b

3997.9
498.5

160
157

0.00
0.00

0.125
0.037

0.741
0.977

0.198
0.029

3a
3b

3612.5
628.6

160
157

0.00
0.00

0.118
0.044

0.921
0.989

0.155
0.023

a
b
c

Root Mean Square Error of Approximation (<0.06 indicates good fit, Hu and Bentler (1999)).
Comparative Fit Index (>0.95 indicates good fit, Hu and Bentler (1999)).
Standardized Root Mean squared Residual (<0.08 indicates good fit, Hu and Bentler (1999)).

Table 5
Standardized parameter estimates.a.
Model

Direction

CLPM (a)

RI-CLPM (b)

Cross-lagged effect

Cross-lagged effect

Correlation RIs

Est.

t-value

Est.

t-value

Est.

t-value

1

AT → BMI
BMI → AT

-0.002
-0.051

-0.65
-6.84

-0.007
-0.021

-0.94
-2.10

-0.130

-4.59

2

AT → MHI
MHI → AT

0.018
0.022

2.85
2.97

0.020
0.016

2.26
1.69

0.086

2.89

3

BMI → MHI
MHI → BMI

-0.009
-0.006

-1.47
-2.47

0.001
0.001

0.07
0.11

-0.023

-0.85

a
The presented figures present the means of the standardized estimates across all waves. Note that, while the unstandardized estimates are equal
across all waves, the standardized estimates differ slightly from wave to wave, due to the time-varying variances of the variables.

3.2. Statistical model
To test the bidirectional relationships between active travel and the two health outcomes, the Random Intercept Cross-lagged Panel
Model (RI-CLPM) is used. In the following, the model will be briefly introduced (for a full description we refer to Hamaker et al.
(2015)).
Fig. 1 presents the structure of the RI-CLPM for three waves of data. Note that in the present application the model will be extended
to 10 waves. In the model, xt and yt are the observed variables which in the present case relate to active travel and the health outcomes.
These variables are assumed to exert bidirectional influences on each other. For each observed variable a respective latent variable is
specified, namely pt and qt for xt and yt . The paths linking these latent variables to the observed ones are set to 1. In addition, temporal
means are included for each respective point in time (μt and πt ). As such, the variables pt and qt effectively capture respondents’
temporal deviations from the time-varying group means, thereby accounting for population-wide structural change in the variables of
interest. Such structural changes are indeed present (Table 2).
Next, it is assumed that pt and qt have lagged relationships on their own respective versions over time. These influences are
captured by parameters αt and δt . In addition, in line with the main aim of the RI-CLPM, the variables pt and qt may influence each
other over time, as captured by parameters βt and γt . These ‘cross-lagged’ effects are of main interest as they indicate to which extent
causal effects exist in either direction. Finally, the error terms of pt and qt , ut and vt respectively, are allowed to be correlated as well as
pt and qt for the first point in time. These (dynamic) correlations account for possible synchronous effects between both variables as
well as the effects of (unmodelled) time-varying factors between the two variables (pt and qt ).
The above description applies to the CLPM. An important limitation of the model, as argued by Hamaker et al. (2015), is that, while
the CLPM is able to capture temporal stability (through the parameters αt and δt ), it does not account for stable trait-like individual
differences that endure over time (at least for the periods typically considered in panel studies). Indeed, this is a problematic
assumption, since physical and psychological variables are generally characterized by stable individual differences (Hamaker et al.,
2015).
These stable individual differences may be accounted for by including two additional latent variables, k and w for x and y
respectively, which can be interpreted as random intercepts. To capture the notion that they have a constant (time-independent) ‘traitlike’ influence on the observed outcomes, the paths linking these variables to the observed variables are set to 1. Essentially, since the
random intercepts capture variation between persons, stable ‘between-person’ variation is ‘factored out’. This has two benefits, namely
(1) the stability/cross-lagged relations (αt ,δt , βt and γ t ) now capture ‘within-person’ carry-over effects from one occasion to the next, i.
e. the level at which the causal processes are actually assumed to operate, and (2) all time-constant variables that may influence both
variables (xt and yt ) are controlled for. This also means that it is not vital to include socio-demographic variables, which are generally
(very) inert, as confounders in the model. Again, similar to the error terms of pt and qt , k and w are allowed to be correlated. This
6
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Fig. 1. A 3-wave random intercept cross-lagged panel model (Hamaker et al., 2015).

correlation then indicates the extent in which the variables of interest are correlated at the ‘between-person’ level due to other factors
than the assumed causal effects that operate between the two variables at the ‘within-person’ level.
4. Results
Separate models were estimated for relationships between active travel and BMI (model 1), active travel and mental health (model
2) and mental health and BMI (model 3). For each relation a CLPM and a RI-CLPM was estimated (version a and b respectively). The
models were estimated using AMOS 25 using the maximum likelihood (ML) estimator.3
Table 4 presents the model fit of the 6 models. While the CLPMs do not fit according to conventionally used fit criteria, the RICLPMs all fit the data well. This indicates that the additionally added random intercepts indeed capture stable between-person in
dividual differences.
Table 5 presents the (standardized) parameter estimates of all six models. Although the CLMPs did not fit the data well, the results
of these models are still interesting for reasons of comparison. With two exceptions, the parameters of the CLPMs are all smaller than
those of the respective RI-CLPMs. This indicates that the CLPMs generally over-estimate the (within-person) effects, which is due to the
confounding of between-person and within-person co-variation. This illustrates the importance of discriminating and separately
identifying the between-person and within-person effects.
The results of the RI-CLPM for active travel and BMI indicates that the level of active travel in one year does not influence the level
of BMI in the next (β ¼ 0.007, p ¼ 0.348), yet, the reverse effect from BMI to active travel is significant (β ¼ 0.021, p ¼ 0.036). In
line with studies focusing on general physical activity and weight (Ekelund et al., 2008; Pulsford et al., 2013), this indicates that – over
time – more obese individuals tend to decrease their walking frequency, but walking does not lead to lower BMI over time. With respect
to the relation between active and mental health, the results of the RI-CLPM indicate that the level of active travel in one year has a
positive influence on the level of mental health in the next (β ¼ 0.020, p ¼ 0.024). Mental health also has a positive influence on active
travel in the next year, yet this effect was only significant at the 10% level (β ¼ 0.016, p ¼ 0.091). Despite contrasting research showing
positive bidirectional influences between the two (which would also be the conclusion when using the results of the CLPM), the present
study indicates that the effect of active travel on mental health is stronger than vice versa. Finally, with respect to BMI and mental

3
The ML estimator assumes that the variables in the model are continuous and follow a multivariate normal distribution, while, in our appli
cation, (some) variables are (non-normally distributed) ordinal measures. In such cases the use of an alternative estimator (instead of the usual
maximum likelihood estimator) is more appropriate. In AMOS, Bayesian estimation is a feasible alternative (although not widely known or used, see
e.g. Taylor, 2019). Using this estimation method we found nearly exactly the same estimates as with the use of the maximum likelihood estimator.
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health no effects -in either direction-were found, although the effect of mental health on BMI was significant in the CLPM. Note that, as
indicated by the results of the RI-CLPM, BMI and mental health are indirectly linked via active travel, i.e. BMI influences active travel
which in turn influences mental health.
In addition to the ‘within-person’ cross-lagged effects the RI-CLPM provides estimates of the correlations between the random
intercepts, which reflect the associations between the variables at the between-person level. The correlations show that, at this level,
active travel is associated with both BMI (negative) and mental health (positive). These correlations are likely due to unmodelled
‘third’ variables that influence the outcomes, such as unhealthy lifestyles (e.g. a high intake of energy-dense foods or frequent smoking
and alcohol use, see for instance Kroesen (2019)). The nature of the RI-CLPM does not require these variables (insofar as they are
stable) to be measured to account for them in the model.
5. Conclusion and discussion
The present study clearly illustrates the need for a longitudinal approach to study the health benefits of active travel. Results of this
study, using Random Intercept Cross-Lagged Panel Models of 1548 Dutch residents, indicate that especially BMI affects active travel
levels, while active travel mainly influences mental health. The results also show that cross-sectional estimates of the effects between
active travel and health outcomes should be interpreted with care, as they can be the result of effects in either direction. Given the
results it is likely that the effect from active travel to BMI has been overestimated in previous (cross-sectional) studies. Overall, it seems
that the role of active travel in creating desired levels of BMI is limited and might be more affected by, for instance, food intake or
genetic factors. Or alternatively, it might be possible that the effect of active travel on BMI is limited because high levels of active travel
might substitute - rather than compensate - other forms of physical activity (in line with Voulgaris et al., 2019). Since BMI significantly
affects active travel levels, more walking and cycling – which might not have direct positive effects on BMI but can improve air
pollution, congestion levels, etc. – could be realized by stimulating populations to have more healthy diets or non-transport related
forms of physical activity.
The strong effect of active travel on mental health is in line with studies indicating that walking and cycling result in the experience
of positive emotions (e.g., De Vos et al., 2016; Morris and Guerra, 2015; St-Louis et al., 2014). We also found a positive – though less
strong – effect of mental health on active travel levels, i.e., people who felt positive emotions over the past months are more likely to
walk in the future compared to those who did not. Although the effect of mental health on active travel seems somewhat hard to
explain, it might be possible that mental health and active travel positively reinforce each other. In particular, the increase in
well-being due to active travel may be hypothesized to function as a ‘reward’ for active travellers, which, in turn, shapes their
(intrinsic) motivations to obtain this outcome again in the future.
Although previous studies have found that health is often regarded as an important determinant of subjective well-being (e.g.,
Diener et al., 1999), and that high levels of satisfaction with life and good mood are beneficial to one’s physical health (Diener and
Wang, 2011), we did not find significant effect between BMI and mental health. Yet, the results do suggest the presence of an indirect
(spill-over) effect between BMI and mental health through active travel.
From a policy perspective, the fact that active travel does not seem to have an effect on (later levels of) BMI should not be taken as
evidence that active travel should not be stimulated for health-related reasons. The increase in physical activity as a result of active
travel is already an important health benefit, irrespective of any effect on body weight. Moreover, active travel does seem to have an
effect on (later levels of) mental well-being, so for that reason alone it seems wise to try and stimulate high levels of active travel in the
population. In this respect, it may even be considered as part of therapies to treat depression or other mental health diseases, in which
(leisure) physical activity typically already plays a role (Martinsen, 2008).
Since we used self-reported measures of active travel, BMI and mental health, the measures may not be entirely valid (e.g. due to
social desirable answering) and/or reliable (e.g. due to recall bias) (Newell et al., 1999). In addition, they do not cover all relevant
aspects of active travel, physical and mental health. For example, BMI is just one indicator of physical health. Other relevant aspects
include blood pressure, asthma, or diabetes. In addition, percentage body fat (and especially abdominal fat) is more relevant as a
measure of health, since it is more predictive of diseases than body weight (Shah and Braverman, 2012). In a similar fashion, it would
relevant to consider other aspects of mental well-being, e.g. focusing on other mental health problems (e.g. anxiety) or eudaimonic
aspects of well-being such as self-actualization or vitality. Regarding active travel, it should be noted that the measure covers a
relatively short time frame (seven days) and does not capture the use of the bicycle. Future studies should – in order to precisely and
objectively measure physical activity associated with active travel – use accelerometers along with travel behaviour diaries to enable
the registration of both walking and cycling trips and their exact durations. Nevertheless, even with the present crude measurements,
the analysis did reveal significant lagged (within-person) effects. Considering the potential unreliability in the measures, the reported
effects should be regarded as conservative estimates of the true effects, i.e. they are more likely underestimated than overestimated.
Finally, it should be emphasized that although the longitudinal approach used in this study provides valuable insights into the
extent and causality of links between active travel, physical health and subjective well-being, qualitative studies – performing in-depth
interviews or focus groups – can further disentangle these relationships and potentially uncover the assumed mechanisms underlying
the relationships. For example, it may be assessed to what extent physical activity, including active travel, is indeed more difficult or
strenuous for individuals suffering from obesity. Perhaps other mechanisms (e.g. social stigma) also play a role in this regard. Similarly,
qualitative research may potentially shed light on the mechanisms underlying the reciprocal relation between active travel and mental
health.
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