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ABSTRACT 

BACKGROUND 

With urbanization and aging increasing in coming decades, societies face the challenge of keeping 

aging populations active. Land use mix (LUM) has been associated with cycling and walking, but 

whether changes in LUM relate to changes in cycling/walking is less known.   

 

OBJECTIVES 

Our objective was to study the effect of LUM on cycling/walking in two Dutch aging cohorts using 

data with 10 years of follow-up.  

 

METHODS 

Data from 1,183 respondents from the Health and Living Conditions of the Population of Eindhoven 

and Surroundings (GLOBE) study and 918 respondents from the Longitudinal Aging Study 

Amsterdam (LASA) were linked to LUM in 1000-meter sausage network buffers at three time-

points. Cycling/walking outcomes were harmonized to include average minutes spent 

cycling/walking per week. Data was pooled and limited to respondents that did not relocate between 

follow-up waves. Associations between LUM and cycling/walking were estimated using a Random 

Effects Within-Between (REWB) model that allows for the estimation of both within and between 

effects. Sensitivity analyses were performed on smaller (500-meter) and larger (1600-meter) 

buffers.  

 

RESULTS 

We found evidence of between-individual associations of LUM in 1000-meter buffers and walking 

(β: 11.10, 95% CI: 0.08 ; 21.12), but no evidence of within-associations in 1000-meter buffers. 

Sensitivity analyses using 500-meter buffers showed similar between-associations, but negative 

within-associations (β: -35.67, 95% CI: -68.85 ; -2.49). We did not find evidence of between-

individual associations of LUM in any buffer size and cycling, but did find evidence of negative 

within-associations between LUM in 1600-meter buffers and cycling (β: -7.49, 95% CI: -14.31 ; -

0.66).  
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DISCUSSION 

Our study found evidence of positive associations between LUM and average walking time, but 

also some evidence of negative associations between a change in LUM and cycling/walking. LUM 

appears to be related to cycling/walking, but the effect of changes in LUM on cycling/walking is 

unclear.   

 

Words: 300  
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INTRODUCTION 

In the coming decades, the global population of older adults is projected to increase substantially 

[1]. As older age is often associated with physical frailty, sustaining good physical functioning is 

essential. Physical inactivity has been identified as the fourth leading risk factor for global mortality 

[2] and increasing physical activity (PA) has been marked as a top-priority intervention to reduce 

death rates of non-communicable diseases [3]. Regular PA contributes to several beneficial health 

effects for older adults, such as lower risk of cardiovascular disease, diabetes, and cognitive decline 

[4]. To promote PA among older adults, it is important to foster residential environments that 

encourage PA as older adults might be especially susceptible to residential factors that discourage 

an active lifestyle, due to a decline in overall mobility and comparatively more time spent in the 

neighborhood [5-6]. Multiple studies have shown positive associations between PA and measures 

of urban form, such as urban green spaces, public open spaces, residential density, and land use 

mix [7-9]. Changes in the built environment, such as increased investment in green spaces and 

pedestrian and cycling infrastructure, as well as transforming cities towards more compact, mixed-

used environments can potentially aid in promoting PA [8, 10]. Furthermore, modification of the 

built environment for health-related purposes could gain more traction in the coming years as a co-

benefit of structural urban changes, such as climate control efforts.  

One commonly studied physical-environmental exposure with regards to PA is that of land use 

mix (LUM). LUM represents how evenly different types of land uses are distributed within a 

specified area [11]. Mixed-use areas contain a variety of different land uses and are believed to 

encourage PA because they include a larger number of destinations [12-13]. A systematic review 

on the neighborhood environment and active travel in older adults found moderate-to-strong 

evidence of positive associations between LUM and older adults’ total walking [6], while a recent 

study from Finland found strong evidence in support of the hypothesis that increasing neighborhood 

density, mixed land use, and access networks may enhance regular walking and cycling [14]. 

However, much of the evidence linking varying land uses to PA is cross-sectional, which makes it 

difficult to establish a causal relationship. Many studies adjust for confounding factors, but it 

remains unclear which factors should be included. Furthermore, selection bias remains an issue 
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as individuals may choose to live in areas based on lifestyle preferences and socioeconomic factors 

[15]. A physically active person may deliberately choose to live in a PA friendly area, inflating the 

possible relation between LUM and PA. 

Various methods have been applied to account for these methodological shortcomings, such as 

adjustments for proxy indicators of preferences, as well as applying fixed effects (FE) models that 

control for time-invariant characteristics, assuming that they remain stable over time. A few studies 

to date exist that apply such models to analyze how environmental factors relate to PA, but the 

results are inconclusive. A study conducted in Brisbane, Australia found that any walking for 

transport versus no walking for transport was increased in association with LUM, but minutes 

walking per week was not [12], while a Dutch study found weak evidence of associations between 

changes in green space areas and changes in walking in middle-aged and older adults, but no 

evidence for cycling [16]. While FE models provide valuable tools for assessing the effects of 

temporal changes, they disregard between-individual variability. As the method solely relies on 

within-individual changes, it might not be the best fit for LUM measures, as it is debatable how 

much LUM changes over time. The primary alternative – the random effects (RE) model – makes 

use of between-individual variability, but in turn does not remove the effects of time-invariant 

causes, and assumes that the unmeasured causes are uncorrelated with measured causes. The 

latter is often a difficult assumption to make and, if violated, will result in omitted-variable bias [17]. 

Methods exist that combine elements of both RE and FE models and take “the best of both worlds 

[17].” These models go by different names, such as random effects between-within models 

(REWB), Mundlak models, or simply hybrid models, and make use of centering of all individual 

units around their means [18-19]. Such models can be of great value for research considering the 

impact of LUM on PA as they not only explore the differences between individuals, but also how a 

change in LUM might influence a change in PA. However, these models have only been scarcely 

applied within the public health domain [19].  

Further complicating the evidence in the field of environment-PA research is a lack of 

consistency in both geographic units and scale used to define the residential environment [20-21]. 

To quantify environmental exposures, researchers traditionally relied on neighborhood-level data, 

such as pre-existing administrative units. A more refined method that is especially relevant for PA 
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comes with the use of network buffers that define buffers as areas accessible via a street network. 

The “sausage” or “line-based” buffering method selects roads within a certain distance of the 

individual and creates a buffer around these roads by a set distance (e.g. 25 meters). This ensures 

that only those features that are directly accessible from the street network are selected. This 

method has the key advantage that it is based directly on the road network where people travel 

[21-22]. Sausage buffers therefore offer an attractive alternative to more traditional Euclidian 

buffers – especially when PA is concerned – as these buffers represent areas that are actually 

accessible via the road network.  

Our study uses sausage buffers to define LUM within the individual’s residential environment 

and links these data to cycling and walking outcomes. We linked data from two Dutch cohorts with 

7 to 10 years of follow-up to a harmonized land use dataset, and explored both within-person and 

between-person associations of LUM on cycling/walking using a REWB model.  

 

METHODS 

STUDY POPULATION 

Data were obtained from two longitudinal cohort studies on aging in the Netherlands that are 

participating in the MINDMAP project [23]: the Health and Living Conditions of the Population of 

Eindhoven and Surroundings (GLOBE) study, and the Longitudinal Aging Study Amsterdam 

(LASA). The GLOBE study is a prospective cohort study on the role of living conditions for health 

in the Netherlands [24]. The 2004 sample of GLOBE participants who resided in the city of 

Eindhoven and surrounding areas was selected for the analyses (n=4,775) with follow-up data 

collected for the years 2011 and 2014. The LASA study is a longitudinal population-based study of 

the predictors and consequences of aging in the Netherlands [25]. The 2005/2006 LASA sample 

of participants who resided in the cities of Amsterdam, Zwolle, and Oss and their surrounding areas 

was selected for the analyses (n=2,165) with follow-up data collected for the years 2008/2009 and 

2011/2012. The residential addresses of these respondents were geocoded using geographical 

software package QGIS [26] and a geocoding plug-in developed by the Dutch National Spatial Data 

Infrastructure (PDOK) [27]. To maintain respondent privacy, addresses were extracted and 
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geocoded using a process previously described [23, 28]. Respondents whose addresses could not 

be geocoded, who did not participate in all three data collection waves, or who moved outside of 

the study area of the respective cohorts were excluded. The sample was limited to respondents 

that did not relocate during follow-up waves, resulting in a final sample of 1,183 respondents aged 

26 to 85 for GLOBE and 918 respondents aged 57 to 93 for LASA. Sensitivity analyses were 

performed on the total sample including respondents that moved between follow-up waves 

(Supplementary File 1).  

 

LAND USE EXPOSURE MEASURES 

Exposure measures were obtained using the dataset ‘Bestand Bodemgebruik’ (BBG) which is 

maintained by Statistics Netherlands [29]. The BBG database is a harmonized dataset based on 

‘Top10NL’ digital 1:10,000 topographic maps provided by the Dutch mapping agency Kadaster [30]. 

The harmonization of the BBG data ensures that observed changes are representative of actual 

changes in the environment and not related to changes in GIS processing or methodology. The 

total land use data was grouped into 11 land use categories based on the relevance for cycling and 

walking. More details on the land use classification can be found in Supplementary File 2. LUM 

was calculated using network buffers of 1000 meters as the main exposure with additional buffers 

of 500 and 1600 meters for sensitivity analyses. The Dutch ‘Nationaal Wegenbestand’ (NWB) 

database [31] was used for the calculation of the network buffers. The NWB is an open source 

database with all publicly available roads in the Netherlands with either a street name or a road 

number. Roads that are not available to pedestrians and cyclists, such as highways, were excluded 

to provide an accurate estimation of reachable destinations. Sausage buffers were created using 

line buffers with a radius of 25 meters [22, 32]. Land use mix was calculated for all buffer sizes 

using the following entropy formula:  

𝐿𝑈𝑀 =  − [∑ 𝑝𝑗𝑁𝑗=1 ln(𝑝𝑗)]ln (𝑁)  

whereby 𝐿𝑈𝑀 is an entropy score with a value between 0 and 1, 𝑝𝑗 the percentage of each land 

use class 𝑗 of the total buffer area, and 𝑁 the total amount of land use classes. The calculated 

entropy value represents a measure of heterogeneity, whereby 1 represents a perfect mix of land 
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use classes and 0 no mix of classes [33]. 𝑁 was set to 11 LUM classes to avoid measurement bias 

and to improve comparability of the changes in LUM over time [34]. The LUM entropy score was 

transformed in the analyses to represent a 10% change in LUM to improve interpretation. Cohort 

data from each wave was linked to both NWB and BBG data from a preceding year, keeping in line 

with an appropriate chronology of exposure preceding outcome (Figure 1). LUM exposure data 

was calculated for all respondents in the final sample.   

 

Figure 1: Overview of the land use measures and the cohorts included in this study  
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OUTCOME MEASURES OF WALKING AND CYCLING 

Walking and cycling outcomes were assessed using self-reported time spent walking and cycling 

and defined as average minutes spent walking and cycling per week. GLOBE uses the Short 

Questionnaire to Assess Health enhancing physical activity (SQUASH) tool, which was created by 

the Dutch National Institute of Public Health and the Environment to measure habitual physical 

activity levels in an adult population [35]. In accordance with the SQUASH guidelines, it was 

assumed that participants who filled-in hours or minutes per week, but omitted ‘days per week,’ 

had been active for at least one day. If the number of days was provided without a corresponding 

time frequency, the median minutes per day of all respondents was substituted. LASA uses the 

LASA Physical Activity Questionnaire (LAPAQ), which asks respondent how often and for how long 

they engaged in various activities, including walking and cycling in the last two weeks. LAPAQ has 

been validated against 7-day physical activity diaries and 7-day pedometer counts in a subsample 

of LASA participants [36]. A final measure of average minutes per week was computed for both 

cohorts.  

 

COVARIATES 

Time-invariant characteristics (as measured at baseline) that were included in the analyses include 

sex (male, female), and education as measured using the International Standard Classification of 

Education (lowest=ISCED 0-1, low=ISCED 2, middle=ISCED 3-4, high=ISCED 5-7) [37]. Education 

was considered to be time-invariant because of the relatively old age of the cohorts. Age, marital 

status (married/partnership, not married, divorced, widowed), household income (monthly; <€1200, 

€1200-1800, €1800-2600, >€2600), and employment status (employed, non-employed) were 

included as relevant time-varying confounders. All time-varying covariates for both studies were 

measured at all three time points, capturing changes that occurred during follow-up. Missing data 

on covariates were handled via multiple imputation using the covariates listed above as well as 

self-rated health (excellent, very good, good, fair, poor), smoking (yes, no), and BMI. Only the 

covariates education, income, and employment (GLOBE), and income and employment (LASA) 

had missing values, ranging from 2% - 11% for GLOBE and 5% - 12% for LASA.  
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STATISTICAL ANALYSES 

The imputed data of both cohorts was pooled, enabling us to observe more changes in the 

environment as well as increasing variation in environmental exposure, therefore strengthening 

both the between- and within-analyses. The analyses were restricted to non-movers to limit 

selection effects. Sensitivity analyses were performed on data from the separate cohorts as well 

as on the total sample including those who had moved between data collection waves 

(Supplementary File 1).  

We constructed a random effects within-between (REWB) model to conduct the analyses. This 

model decomposes the time-varying LUM variable into individual-specific means (between-

individual estimates) and deviations from those individual-specific means (within-individual 

estimates). The estimated between-individual regression coefficient represents how the exposure 

across all participant-observations is related to the outcome, and the within-individual coefficient 

represents how variation in exposure around the individual’s mean level is related to the outcomes. 

In addition, the model can include both time-varying and time-invariant covariates. A random 

intercept is added to account for the dependence of multiple measurements for each participant. 

The following model was used for the analyses:  

 𝑃𝐴𝑖𝑡 =  𝛽0 +  𝛽1𝑊(𝑥𝑖𝑡 − �̅�𝑖) +  𝛽2𝐵�̅�𝑖  +  𝛽3𝑍𝑖 +  𝛽4𝛾𝑖 + (𝑣𝑖 +  𝜖𝑖𝑡) 

 

whereby 𝑃𝐴𝑖𝑡 indicates the PA outcome for individual i at time t, and 𝑥𝑖𝑡 is the time-varying land use 

mix variable. The relationship between 𝑥𝑖𝑡 and 𝑃𝐴𝑖𝑡 is decomposed into two parts with 𝛽1𝑊 

representing the average within effect and 𝛽2𝐵 the between effect. 𝛽3 represents the effects of time-

invariant measures 𝑍𝑖, and 𝛽4 represents the effects of time-varying measures 𝛾𝑖. 𝑣𝑖 is the model’s 

random effect for individuals I, and 𝜖𝑖𝑡 are the model’s level-1 residuals. More details on the 

modeling approach can be found in Supplementary File 3. All analyses were performed using R 

[38].  
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RESULTS 

Both cohorts consist of middle-aged and older adults with the mean age ranging from 53 (GLOBE) 

to 69 years (LASA) at baseline (Table 1). The respondents had an average LUM entropy score of 

0.30 (GLOBE) or 0.24 (LASA) on a scale from 0 – 1. Both the average cycling and walking time 

was higher for GLOBE with 177 minutes spent cycling per week and 176 minutes walking compared 

to 76 minutes of cycling and 169 minutes of walking for LASA.  

 

Table 1: Description of the baseline study samples for GLOBE and LASA  

 GLOBE 

n = 1,183 

LASA 

n = 918 

POOLED 

n = 2,101 

EXPOSURE Mean (SD) Mean (SD) Mean (SD) 

Land use mix in 1000-meter buffers, entropy score 0.30 (0.06) 0.24 (0.09) 0.30 (0.07)  

OUTCOMES    

Average cycling time per week, minutes 

 

177 (240) 76 (111) 133 (201) 

Average walking time per week, minutes 

 

176 (248) 169 (226) 173 (239) 

INDIVIDUAL CHARACTERISTICS    

Time-invariant characteristics 

Male, %  

Education, % 

   Lower secondary or less (ISCED 0-2) 

   Upper secondary (ISCED 3)  

   Post-secondary non-tertiary education or short-cycle 

tertiary education (ISCED 4,5) 

   Bachelor, master, doctoral, or equivalent (ISCED 6,7,8) 

 

Time-varying characteristics 

Age, mean (SD) 

Employment status, % 

 

48% 

 

21% 

19% 

 

25% 

35% 

 

 

56 (12) 

 

 

44% 

 

44% 

16% 

 

19% 

21% 

 

 

68 (8) 

 

 

46% 

 

31% 

18% 

 

22% 

29% 

 

 

60 (12) 
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Currently in paid employment 

Currently not in paid employment 

Income, % 

   < €1200 

   €1200 - €1800 

   €1800 - €2600 

   > €2600 

Marital status, % 

   Married or registered partnership 

   Never married 

   Divorced 

   Widowed 

51% 

49% 

 

8% 

24% 

32% 

36% 

 

80% 

9% 

6% 

5% 

21% 

79% 

 

17% 

32% 

51% 

n.a.* 

 

69% 

6% 

6% 

19% 

39% 

61% 

 

12% 

27% 

40% 

21%* 

 

75% 

8% 

6% 

11% 

* The highest income class for LASA consists of respondents with an income of > €2270. 

Within-individual changes in LUM were observed for approximately 44% of all person-observations 

(Table 2). The observed changes consisted of both decreases and increases in the LUM which 

corresponded to an average 5% decrease and an average 3% increase. Within-individual changes 

were also observed for both outcomes with approximately 18% (cycling) and 14% (walking) 

reporting no change in the average amount of minutes spent walking/cycling per week.  

 

Table 2: Within-individual changes in land use mix in 1000-meter buffers and average 

cycling and walking time per week between 2004 and 2014 using pooled data from 

respondents that did not relocate during follow-up 

 Decrease No Change Increase 

n = 6,303 person-observations Mean n Mean n Mean n 

Exposure 

Land use mix in 1000-meter buffers 

 

-0.05 

 

942 

 

0 

 

3513 

 

0.03 

 

1848 

Outcomes 

Average cycling time per week (minutes) 

Average walking time per week (minutes) 

 

-120 

-182 

 

2974 

2635 

 

0 

0 

 

1157 

905 

 

159 

180 

 

2172 

2763 
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REWB models provided no evidence of within or between associations between LUM in 1000-

meter buffers and the average time spent cycling (Table 3). Sensitivity analyses conducted on 

1600-meter buffers provided no evidence of between-associations, but did provide evidence of a 

negative association between a within-individual change in LUM and average time spent cycling 

(β: -7.49, 95% CI: -14.31 ; -0.66) (Supplementary File 1, table 5). These results suggest that a 10% 

change in LUM in 1600-meter buffers is associated with a decrease in cycling time per week of 

7.49 minutes.  

REWB models modelling the average time walking showed evidence of positive between-

individual associations between average LUM in 1000-meter buffers and the average walking time 

(β: 11.10, 95% CI: 0.08 ; 21.12), indicating that a 10% change in LUM in 1000-meter buffers is 

associated with an increase of minutes walked per week of 11.10 minutes. Sensitivity analyses 

conducted using 500-meter buffers showed similar between-individual associations, but also 

negative within-individual associations (β: -35.67, 95% CI: -68.85 ; -2.49) (Supplementary File 1, 

table 9), suggesting that a 10% change in LUM in 500-meter buffers is negatively associated with 

average time spent walking per week. 

 

Table 3: Within and between associations of land use mix in 1000-meter buffers and average 

minutes cycling and walking per week using pooled data on respondents that did not 

relocate during follow-up 

 

n = 6,303 person observations WITHIN EFFECTS 

REWB model*  β 95% CI p-value 

Land use mix in 1000-meter buffers 

Average cycling time per week (minutes) 

Average walking time per week (minutes) 

 

-5.55 

0.75 

 

-17.17 ; 6.07 

-14.31 ; 15.80 

 

0.349 

0.922 

 BETWEEN EFFECTS 

REWB model*  β 95% CI p-value 

Land use mix in 1000-meter buffers 

Average cycling time per week (minutes) 

   Average walking time per week (minutes) 

 

5.06 

11.10 

 

-4.91 ; 15.04 

0.08 ; 22.12 

 

0.320 

0.048 
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*adjusted for study, time-invariant individual characteristics sex and education, and time-varying characteristics 

age, employment, income, and marital status.  

DISCUSSION 

In the present study, we found evidence of between-individual associations of land use mix in 1000-

meter buffers and the average walking time per week. We also found comparable between-

associations in the smaller 500-meter buffers, adding to the robustness of these results. We did 

not find evidence of within-individual associations between LUM in 1000-meter buffers and walking 

nor did we find evidence of within- or between-individual associations between LUM in 1000-meter 

buffers and cycling. We did find evidence of a negative within-effect on cycling in larger 1600-meter 

buffers, and evidence of a negative within-effect on walking in 500-meter buffers.  

The 1000-meter network buffer is a commonly used exposure measure in PA research as it is 

believed to be a reasonable distance that people can walk [12]. The associations that we found for 

this buffer are in line with other studies on this subject. For example, a recent study using the 

GLOBE data found no evidence of within-associations of green spaces in 1000-meter buffers on 

cycling and walking outcomes [16]. Our study also found no evidence of within-associations 

between a change in LUM in 1000-meter buffers and cycling/walking. These findings raise 

questions if the observed changes in the 1000-meter buffers are large enough to observe a change 

in cycling/walking. A recent study conducted in Eindhoven, The Netherlands that used similar 

environmental exposures in 1000-meter buffers concluded that it did not find evidence for a change 

in green space exposure being related to a change in mental health [39]. This study did find some 

evidence of cross-sectional between-individual associations, and argued that there may have been 

too few observed changes in the environmental exposure in 1000-meter buffers. A study conducted 

in Brisbane, Australia in adults aged 40 to 60 found that results of estimates from random effects 

models indicated positive associations between any walking for transport and an increase in LUM 

of 10%, which is in line with the between-associations that we observed for walking [12]. This 

Australian study also found positive, if less pronounced, within-individual associations. While our 

study did not observe within-associations for our main exposure buffers, we did observe within-
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associations for the smaller 500-meter buffers, but these were the inverse of the between 

associations.  

Several issues may contribute to the explanation of the negative within-individual associations 

in our sensitivity analyses. It is important to note that little consensus exists about what buffer sizes 

to use when analyzing how LUM and cycling/walking relate, with other studies reporting both 

smaller and larger buffers [40]. Furthermore, a recent systematic review on the physical 

environment and active travel in older adults concluded that not much is known about the optimal 

mix and number of destination types that might promote active travel in this age group [6]. Several 

studies have concluded that associations between environmental exposures and health outcomes 

can vary greatly based on the size and type of the buffers used (“crow-fly” Euclidian buffers or 

network buffers) [21]. Some explanation might therefore be found in the definition of our exposure 

measures. A study conducted in the Netherlands among older adults found a mean distance of 

1,997 meters for cycling trips and 1,101 meter for walking trips [41]. As both the GLOBE and LASA 

cohorts include a large proportion of older adults, we included a larger buffers of 1600 meters (one 

mile) in our sensitivity analyses. The 1600-meter buffer is another commonly used buffer and can 

be especially relevant for cycling as larger distances can be covered compared to walking. We also 

included a smaller buffer of 500 meters in our sensitivity analyses to test whether LUM in this 

smaller buffer was associated with walking. This is especially important in a population of primarily 

older adults as their physical functioning might deteriorate over time, confining their PA to a smaller 

area. However, the results for the larger and smaller buffer sizes were contrary to what we expected 

based on the existing literature. For example, a study conducted in Perth, Australia in middle-aged 

adults found that an increase in access to destinations in the residential environment was 

associated with taking-up cycling, providing evidence that changes in the built environment may 

support the uptake of cycling among formerly non-cycling adults [42]. Our study did not find 

evidence that a change in LUM in the residential environment is associated with time spent cycling 

in our main exposure buffers of 1000 meters and some evidence of negative associations between 

LUM and cycling in larger 1600-meter buffers (Supplementary File 1, table 5). Explanations for 

these results may be found in age differences between the studies, cultural differences between 

cycling in The Netherlands and Australia, but also in the definition of the exposure and the 
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mechanisms between LUM and cycling outcomes. Whereas the study in Perth included 

respondents that moved to a new residential neighborhood, our study specifically only included 

respondents that did not relocate during follow-up. The within-changes are therefore indicative of 

changes in the residential environment and not the result of moving to a different residential 

environment. Different mechanisms may therefore be at play when compared to the effect that 

moving to a different neighborhood can have. As our study provides mixed results, more research 

is needed that explores how changes in the residential environment relate to cycling/walking. This 

is not only an important question from a scientific point of view, but also from a policy perspective 

as it provides policy makers with more insights how a change in the environment might relate to a 

change in cycling/walking. More longitudinal research on this topic is therefore urgently needed; a 

call that has been echoed by other authors in the field in recent years [43]. 

STRENGTHS & LIMITATIONS 

The present study adds to the literature on how the residential environment relates to cycling 

and walking by using data from two Dutch cohorts with 10 years of follow-up and linking this data 

to harmonized LUM exposures. By pooling data from two Dutch cohorts, we were able to both 

increase variation in environmental exposures as well as increase the statistical power of our 

analyses. Our study provides more evidence on how LUM and cycling/walking relate, by 

considering the effects of changes in LUM on cycling/walking in a Dutch socio-spatial context where 

cycling is a big part of everyday life, and for cities that are already very compact compared to those 

in other countries such as Australia or the United States. Evidence from such countries suggests 

that a move towards more compact cities with a mixed-use environment can have a positive effect 

on cycling and walking, but there is little evidence from cities that are already very compact and 

dense such as the ones in this study [13].  

Our study also fills an important methodological gap by exploring both between-individual and 

within-individual associations of LUM on cycling/walking. By applying the REWB framework to 

longitudinal data of respondents that did not relocate during follow-up, we gain more insight into 

how different levels of LUM affect cycling/walking and how a change in LUM can potentially 

influence the average cycling and walking time. The REWB model retains the advantages of the 
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standard FE model, but also incorporates between-individual variation, while allowing to control for 

measured time-invariant confounders. By retaining the virtues of the standard FE approach, it helps 

to infer potential causal relationships between changes in LUM and cycling/walking that have more 

potential for evidence-based action [19]. It also helps to answer a relevant (policy) question: is a 

change in LUM in the residential environment associated with a change in cycling/walking? As most 

of the research on LUM and cycling/walking is cross-sectional, answering this question can 

broaden the understanding of potential causal pathways between LUM and PA.  

The use of sausage network buffers offers numerous improvements over more traditional 

Euclidian or “crow-fly” buffers that do not consider if the street network allows or prevents access 

to specific locations. A study comparing different buffer types for PA research concluded that the 

sausage buffer method remains the most defensible method for creating network buffers as it 

increases both comparability and repeatability [21]. By including multiple individual-specific network 

buffers and by excluding roads that are not accessible to pedestrians and cyclists, we aimed to 

provide an accurate exposure measure that ensures that only those features that are accessible 

from the road network are included. By applying the buffers to a harmonized land use dataset, we 

ensured that changes observed in the data are representative of actual changes in the environment 

and not the result of changes in data processing of GIS methodology. 

Our study also has some limitations to consider. First, while individual-level network buffers offer 

great improvements in measuring exposure compared to more traditional neighborhoods, we were 

not able to control for other urban-environmental and social-urban factors, such as residential 

density, safety, or neighborhood socio-economic status. A study conducted in Amsterdam, The 

Netherlands found evidence that neighborhood safety was associated with cycling [45]. As we used 

individual-specific network buffers, we were not able to control for such effects in our analyses. 

Secondly, we were also not able to control for time spent away from the residential environment. 

However, it has been theorized that older adults may be particularly susceptible to environmental 

factors in the residential environment as they are likely to spend more time closer to home than 

younger adults [5]. Thirdly, all cohort waves are separated by three years with the exception of 

GLOBE waves 3 and 4, which are separated by 7 years (Figure 1). This longer follow-up period 

could potentially influence physical functioning and cycling/walking time. As our study population 
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has a large proportion of older adults, decay of physical functioning during follow-up could 

negatively impact cycling and walking time, possibly influencing the within-individuals estimates. 

Finally, in order to pool the data from both cohorts, variables had to be retrospectively harmonized, 

which means that study variables are harmonized after they have been collected. While 

retrospective harmonization is a good way to make comparisons between cohorts possible, it does 

inherently come with the limitation that some detail is lost in the process. For example, income 

classes in both cohorts did not match well and therefore had to be generalized in order to be 

comparable. Harmonization choices like these inevitably lead to a loss in sensitivity and specificity 

of the data. More prospective harmonization would alleviate these limitations and therefore make 

better comparisons between cohorts possible.   

 

CONCLUSIONS 

The present study found evidence of between-individual associations of land use mix in the 

residential environment and the average walking time per week, as well as some evidence of 

negative within-associations between land use mix and the average cycling/walking time in 

respondents that did not move to a different residential address during follow-up. These findings 

advocate the use of research methods that combine both between- and within-individual analyses 

in order to gain more understanding of how land use mix in the residential environment can relate 

to cycling/walking. More longitudinal research is needed to explore how changes in land use mix 

over time can influence cycling and walking outcomes.  
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STROBE Statement—checklist of items that should be included in reports of observational studies 

 

 
Item 

No. Recommendation 

Page  

No. 

Relevant text from manuscript 

Title and abstract 1 (a) Indicate the study’s design with a commonly used term in the title or the abstract 1 Title: longitudinal study 

(b) Provide in the abstract an informative and balanced summary of what was done and what was 

found 

2/3 Our objective was to study the 

effect of LUM on cycling/walking 

in two Dutch aging cohorts using 

data with 10 years of follow-up. 

Our study found evidence of 

positive associations between 

LUM and average walking time, 

but also some evidence of 

negative associations between a 

change in LUM and 

cycling/walking. 

Introduction  

Background/rationale 2 Explain the scientific background and rationale for the investigation being reported 6-8 Lines 1 (page 6) to 8 (page 8) 

Objectives 3 State specific objectives, including any prespecified hypotheses 8 Lines 9-13: Our study uses 

sausage buffers to define LUM 

within the individual’s residential 
environment and links these data 

to cycling and walking outcomes. 

We linked data from two Dutch 

cohorts with 7 to 10 years of 

follow-up to a harmonized land 

use dataset, and explored both 

within-person and between-
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person associations of LUM on 

cycling/walking using a REWB 

model. 

Methods  

Study design 4 Present key elements of study design early in the paper 7/8,  Introduction discusses several 

key methodological 

advancements that make-up the 

study design of this paper (page 

7, line 4 – page 8, line 8). This 

advancements are discussed in 

more detail in the methods 

section.  

Setting 5 Describe the setting, locations, and relevant dates, including periods of recruitment, exposure, 

follow-up, and data collection 

8-10 Figure 1 has a detailed overview 

of the study setting.  

Participants 6 (a) Cohort study—Give the eligibility criteria, and the sources and methods of selection of 

participants. Describe methods of follow-up 

Case-control study—Give the eligibility criteria, and the sources and methods of case ascertainment 

and control selection. Give the rationale for the choice of cases and controls 

Cross-sectional study—Give the eligibility criteria, and the sources and methods of selection of 

participants 

8/9 The methods section ‘study 
population’ gives a detailed 
overview of the selection of the 

participants as well as references 

to papers with more details on 

this process.  

(b) Cohort study—For matched studies, give matching criteria and number of exposed and 

unexposed 

Case-control study—For matched studies, give matching criteria and the number of controls per 

case 

8/9 The methods section ‘study 
population’ gives a detailed 
overview of the selection of the 

participants as well as references 

to papers with more details on 

this process. 

Variables 7 Clearly define all outcomes, exposures, predictors, potential confounders, and effect modifiers. Give 

diagnostic criteria, if applicable 

9-11 All exposures are detailed in the 

section ‘land use exposure 
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measures’. Outcomes are 
detailed in the section ‘outcome 
measures of walking and cycling’, 
and the covariates in the 

‘covariates’ section.  
Data sources/ 

measurement 

8*  For each variable of interest, give sources of data and details of methods of assessment 

(measurement). Describe comparability of assessment methods if there is more than one group 

9-11 The supplementary files contain 

more details on the exposure 

variables as well as the 

harmonization of outcomes and 

covariates. The main text and 

supplementary files also contain 

references to papers with more 

details.  

Bias 9 Describe any efforts to address potential sources of bias 7-8, 12 Potential sources of bias are 

discussed early on in the 

introduction as well as in the 

section on the statistical analyses. 

Study size 10 Explain how the study size was arrived at 8-9 The section on the study 

population contains details on 

the sample size.  

Continued on next page   
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Quantitative 

variables 

11 Explain how quantitative variables were handled in the analyses. If applicable, describe which groupings 

were chosen and why 

9-11 The methods sections on exposures, 

outcomes, and covariates include 

details on how these variables were 

handled.  

Statistical 

methods 

12 (a) Describe all statistical methods, including those used to control for confounding 12 Details on the statistical methods can 

be found in the ‘statistical analyses’ 
section. 

(b) Describe any methods used to examine subgroups and interactions 12 Details on the statistical methods can 

be found in the ‘statistical analyses’ 
section. Sensitivity analyses were 

applied to several subgroups and 

can be found in the supplementary 

files.  

(c) Explain how missing data were addressed 11 Missing data on covariates were 

handled via multiple imputation. 

(d) Cohort study—If applicable, explain how loss to follow-up was addressed 

Case-control study—If applicable, explain how matching of cases and controls was addressed 

Cross-sectional study—If applicable, describe analytical methods taking account of sampling strategy 

8-9, 12 The analyses were limited to 

respondents with multiple 

measurements. 

(e) Describe any sensitivity analyses 8-12 The results of the sensitivity analyses 

can be found in the supplementary 

files. They are also mentioned in the 

main text. 

Results 

Participants 13* (a) Report numbers of individuals at each stage of study—eg numbers potentially eligible, examined for 

eligibility, confirmed eligible, included in the study, completing follow-up, and analysed 

8-9, 13-14 The methods section on the study 

population has details on the 

selection of our sample.  
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(b) Give reasons for non-participation at each stage 8-9 We limited the sample to a specific 

subgroup of non-movers as part of 

our modelling approach. 

(c) Consider use of a flow diagram 10 Figure 1  

Descriptive data 14* (a) Give characteristics of study participants (eg demographic, clinical, social) and information on 

exposures and potential confounders 

13-14 Table 1, Figure 1, and the 

supplementary files on the exposure 

measures. 

(b) Indicate number of participants with missing data for each variable of interest  Detailed in the methods section on 

covariates.  

(c) Cohort study—Summarise follow-up time (eg, average and total amount)  Detailed in the methods section on 

the study population. 

Outcome data 15* Cohort study—Report numbers of outcome events or summary measures over time 14-15 Table 2 details changes over time.  

Case-control study—Report numbers in each exposure category, or summary measures of exposure   

Cross-sectional study—Report numbers of outcome events or summary measures   

Main results 16 (a) Give unadjusted estimates and, if applicable, confounder-adjusted estimates and their precision (eg, 

95% confidence interval). Make clear which confounders were adjusted for and why they were included 

14-16 Table 1-3 and accompanying text.  

(b) Report category boundaries when continuous variables were categorized  n.a. 

(c) If relevant, consider translating estimates of relative risk into absolute risk for a meaningful time 

period 

 n.a. 

Continued on next page   
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Other analyses 17 Report other analyses done—eg analyses of subgroups and interactions, and sensitivity analyses  Relevant sensitivity analyses and their 

outcomes are reported throughout 

the main text.  

Discussion 

Key results 18 Summarise key results with reference to study objectives 16 Lines 4-10: In the present study, we 

found evidence of between-

individual associations of land use 

mix in 1000-meter buffers and the 

average walking time per week. We 

also found comparable between-

associations in the smaller 500-meter 

buffers, adding to the robustness of 

these results. We did not find 

evidence of within-individual 

associations between LUM in 1000-

meter buffers and walking nor did we 

find evidence of within- or between-

individual associations between LUM 

in 1000-meter buffers and cycling. 

We did find evidence of a negative 

within-effect on cycling in larger 

1600-meter buffers, and evidence of 

a negative within-effect on walking in 

500-meter buffers. 

Limitations 19 Discuss limitations of the study, taking into account sources of potential bias or imprecision. Discuss both 

direction and magnitude of any potential bias 

18-19 Section on the discussion of 

limitations of the study.  

Interpretation 20 Give a cautious overall interpretation of results considering objectives, limitations, multiplicity of analyses, 

results from similar studies, and other relevant evidence 

16-18 Page 16, line 11 – page 18, line 11. 
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Generalisability 21 Discuss the generalisability (external validity) of the study results 16-20 Generalizability is discussed in the 

limitations section as well as in the 

interpretation of the main results, 

where we compare our results with 

studies from other countries.  

Other information  

Funding 22 Give the source of funding and the role of the funders for the present study and, if applicable, for the original 

study on which the present article is based 

4-5 Funding sources and the role of the 

funders are detailed in the ‘funding’ 
section.  

 

*Give information separately for cases and controls in case-control studies and, if applicable, for exposed and unexposed groups in cohort and cross-sectional studies. 

 

Note: An Explanation and Elaboration article discusses each checklist item and gives methodological background and published examples of transparent reporting. The 

STROBE checklist is best used in conjunction with this article (freely available on the Web sites of PLoS Medicine at http://www.plosmedicine.org/, Annals of Internal 

Medicine at http://www.annals.org/, and Epidemiology at http://www.epidem.com/). Information on the STROBE Initiative is available at www.strobe-statement.org



33 

 

 



Figures

Figure 1

Overview of the land use measures and the cohorts included in this study. Basemap: © Open street map
contributors
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