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In this paper, we investigate the dynamics of cycling demand for the population of Denmark. Using pseudo-
panels based on large-scale cross-sectional data, we analyse the temporal stability of cycling demand prefer-
ences for different age cohorts in combination with residential city sizes. Cycling demand is decomposed into two
effects. Firstly, a population ’selection’ effect that explains the probability of being a cyclist, i.e. engaged in
cycling activities. Secondly, the conditional demand for cycle mileage provided that the respondent is a cyclist.
The joint probability model is estimated as a Gamma Hurdle model. The study reveals several empirical findings,
of which three stand out. Firstly, overall cycling demand in Denmark over the period is in decline. Secondly, it is
shown that this is mainly a selection effect. Hence, the main driver of the observed decline is essentially a
shrinking cycling population rather than a decrease in trip distances for those who travel by bicycle. Thirdly, the
decline is strongest for younger generations, particularly those residing outside the larger cities. With Denmark
being an international forerunner for bicycling and with a cycling culture developed over many decades, we

believe these findings can be relevant to mitigate similar long-term changes in other countries.

1. Introduction

Internationally, Denmark is a successfully bicycle nation (the second
largest cycling population in the EU relative to its population ECF, 2017;
Harms et al., 2014) with a trip share between 14-18% seen over the
period from 2006-2019, see Table 1. However, despite continued efforts
to increase the cycling trip share, the demand for cycling in Denmark is
declining (Nielsen et al., 2016). With Denmark often mentioned as one
of the historical forerunners in promoting bicycling, it is of international
interest to understand why this decline is happening, for whom and to
what extent? It is interesting because it may allow us to foresee trends in
countries with a less developed cycling culture and potentially lead to
preventive measures for mitigating such development.

The aim of the present paper is the detection of cycle demand pat-
terns across age cohorts and a discussion of possible underlying reasons
for the observed trends. As part of the discussion, we also discuss future
research agendas that relate to possible policies.

In the paper, we analyse cycling preferences by applying a pseudo-
panel approach based on a large-scale national travel diary. In doing
S0, it is possible to throw light on whether individuals from a specific age
group observed, e.g. in 2006, behave differently from a corresponding
age group observed later. Methodologically, the paper decomposes

* Corresponding author.
E-mail address: rich@dtu.dk (J. Rich).

bicycle demand into two main components. Firstly, a selection compo-
nent measuring the proportion of the population that cycles, and sec-
ondly, a mileage component measuring the mileage for each cyclist.
These effects are estimated and measured in a Hurdle-type model across
pseudo-panels defined according to age groups and residential city size.
This approach allows us to investigate the relative importance of the two
effects and to examine the impact of various explanatory variables for
the selection and the mileage model.

As a research topic, bicycle demand has recently received increasing
attention in the scholarly literature. In part, because there is an
increasing awareness of the positive external effects related to bicycling
(Rich et al., 2021; Ekelund et al., 2015), especially its impact on well-
being (Mytton et al., 2016; Martin et al., 2014; Humphreys et al.,
2013; Synek and Koenigstorfer, 2019) and health (Mueller et al., 2015;
Jarrett et al., 2012; Kyu et al., 2016; Raza et al., 2020; Rezende et al.,
2018; Sommar et al., 2021). In part, because it is an obvious solution to
mitigate congestion in the increasingly denser and larger urban areas
worldwide. While micro-econometric models exist for cycling demand
(Hallberg et al., 2021; Rayaprolu et al., 2018) to measure mode and
destination substitution effects, there is a lack of attention to the
development of cycling demand over time. An exception, however, is
Nielsen et al. (2016) who study the drivers of cycling mode share for

1 Current address: Technical University of Denmark, Bygningstorvet Building 116B, Kgs. Lyngby, 2800, Denmark.
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Table 1
Time trends for number of trips per person for selected transport mode (popu-
lation between 10-84 years) with estimated level of confidence.

Year Walk Bicycle Car Public

8.2% + 0.6%
8.3% £ 0.4%
8.3% + 0.5%
7.7% £ 0.4%
8.2% + 0.3%
8.5% + 0.4%
7.9% + 0.5%
8.3% + 0.6%
7.6% + 0.5%
7.7% % 0.5%
7.5% + 0.5%
7.4% £ 0.5%
6.9% + 0.4%
7.7% £ 0.5%
4.7% + 0.3%
4.5% + 0.4%

2006 16.5% + 0.8%
2007 14.5% =+ 0.6%
2008 14.8% + 0.7%
2009 16.6% =+ 0.6%
2010 16.6% =+ 0.6%
2011 16.5% =+ 0.6%
2012 16.6% =+ 0.8%
2013 15.4% + 1.1%
2014 16.9% =+ 1.0%
2015 18.1% =+ 0.9%
2016 19.9% + 0.9%
2017 20.8% + 0.9%
2018 19.5% + 1.0%
2019 18.7% £ 0.9%
2020 26.7% + 0.8%
2021 31.3% + 1.0%

18.0% + 0.9%
17.4% + 0.7%
18.2% + 0.6%
17.6% =+ 0.6%
16.6% + 0.5%
17.2% + 0.6%
17.0% + 0.7%
17.7% + 0.8%
18.1% + 0.8%
16.2% + 0.8%
15.8% + 0.9%
15.8% + 0.8%
14.8% + 0.8%
14.4% £ 0.7%
14.4% + 0.7%
12.0% + 0.5%

57.2% + 1.0%
59.7% + 0.8%
58.7% + 0.9%
58.0% + 0.7%
58.5% + 0.6%
57.7% + 0.8%
58.5% + 0.9%
58.6% + 1.1%
57.3% + 1.1%
57.9% + 1.1%
56.8% + 1.0%
55.9% + 1.0%
58.7% + 1.1%
59.2% + 1.0%
54.1% + 0.9%
52.2% + 1.0%

Danes during the period 1996-2013 and point to increasing population
density and change of urban development as relevant drivers.

The lack of attention to the dynamic development of bicycle demand
is in stark contrast to other areas within the transport research domain.
One example is the dynamics of car ownership propensity, which over
the last decade has received increasing interest. This include traditional
panel studies, e.g. Nolan (2010), age cohort studies, e.g. Newbold et al.
(2005); Hjorthol et al. (2010) and Haustein and Siren (2012), and
pseudo-panel studies based on cross-sectional data, e.g. Dargay and
Vythoulkas (1999); Krueger et al. (2020), and Papu Carrone and Rich
(2020). A slightly different approach is presented in Papu Carrone et al.
(2021), which applies panel models to cross-section data (also TU data
as applied in this paper) by taking advantage of respondents being re-
sampled by chance. In this case, the panel is irregularly spaced, which
gives rise to interesting dynamics regarding how life-course events may
influence, e.g. car ownership. Unfortunately, the panel part of the data
set is limited in size and does not allow a cohort analysis as presented
here.

Hence, the main reason the dynamic aspects of cycling have been
largely unexplored in the research literature is not due to the lack of
proper methods. Rather, it is likely related to a lack of appropriate data.
It is rarely the case that longitudinal data for bicycle demand exist
coherently, particularly not as panel data where the same individuals
are tracked over time. The problem with monitoring bicycle use, as
opposed to car use, is that bicycle demand has more daily variation and
significant fluctuations across the year. Hence, a bicycle demand anal-
ysis would require a long tracking period of many days, complicating the
data collection process. Also, the baseline probability for engaging in
cycling activities is low for some segments, suggesting that a relatively
large panel would be required to investigate the dynamics of cycling
demand in a traditional panel model. However, without panel data,
there is the possibility of applying repeated cross-sectional data to un-
derstand preference changes for agents belonging to pseudo-panels
(Collet, 2012). Although attention should be directed to how cohorts
are formed to minimise aggregation bias (Lewbel, 1994; Granger, 1988)
and enable identification (Devereux, 2007), it does provide a way of
tracking if preferences for different age cohorts change over time. The
paper contributes to the literature in the following ways;

e The use of pseudo-panel methods to explore the demand for cycling
across age and city size cohorts,

e Decomposition of behavioural changes into a selection effect and
conditional mileage effect,

e Evidence that the decline in cycling demand is mostly a selection
effect, which is strongest for rural areas and younger generations.
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The paper is organised as follows. In Section 2, we describe the data
foundation of the study. In Section 3, we consider methodology, after
which, in Section 4, we present the empirical modelling and the results.
Finally, we offer a combined discussion and conclusion in Section 5.

2. Pseudo panel data

In Denmark, The Danish National Travel Survey (TU) (Christiansen,
2020) has been conducted since 2006 in its current format. The survey
collects information concerning the daily travel habits of approximately
11,000-14,000 Danish respondents per year. It constitutes a fairly
representative cross-sectional sample of the Danish population between
the ages of 10 and 84, where travel habits are revealed from a travel
diary for the day before the interview. The survey participants are
selected through stratified random sampling from the Danish Civil
Registration System to form a representative sample of the population.
Only a single respondent from each household participates.

Annual samples of the survey from 1992 to 2001 are also available.
These earlier versions of the data are suitable for aggregated analysis but
are not compatible with later data sets. As a result, the years predating
2006 are excluded from this study. The years 2020-2021 are also
excluded from the analysis to avoid the effects of the Covid-19 lock-
down. As can easily be verified from Tables 1 and 2 the years after 2019
are indeed quite different with respect to the overall mode share and
mileage per person, which suggest that these years should be excluded
from the analysis. The final data set for the study period (2006-2019)
includes a total of 175, 683 individuals. In the present study, we consider
only a limited number of variables, namely the number of cars available
to the household of the respondent, age of the respondent, gender of the
respondent, total cycled kilometres on the day of the survey, and the
urbanisation level of the residential location of respondents. Sample
statistics for the final sample are shown in Table 3.

2.1. Definition and illustration of age cohorts

We consider age-specific cohorts for the categories: 10-20 years,
21-30 years, 31-65 years, and 66 + years and older. The first cohort
primarily includes respondents who are economically dependent on
their parents and have a high likelihood of being in either school or an
early stage of higher education. The second cohort reflects students and
early labour market participants, who are likely to be less economically
dependent on their parents. The third cohort primarily represents the
active working population in Denmark, while the last cohort mainly
consists of retired people or people close to retirement.

To track cycle demand across levels of residential urbanisation, the
cohorts are further divided into city-size categories linked to the resi-

Table 2
Time trends for mileage per person for selected transport mode (population
between 10-84 years) with estimated level of confidence.

Year Walk Bicycle Car Public

82.4% + 1.4%
83.9% + 1.0%
81.7% + 1.0%
83.3% + 1.0%
81.7% + 1.1%
80.6% + 1.3%
82.7% + 1.4%
82.3% + 1.3%
82.8% + 1.3%
82.6% + 1.4%
82.7% + 1.3%
82.9% + 1.5%
84.2% + 1.2%
84.1% + 1.4%
85.5% + 1.0%
85.5% + 1.2%

11.2% + 1.7%
10.0% + 1.2%
11.9% + 1.2%
9.8% + 1.2%
11.3% + 1.2%
12.5% + 1.3%
10.5% =+ 1.6%
10.9% + 1.7%
10.0% =+ 1.4%
10.2% + 1.6%
10.5% =+ 1.6%
10.1% + 1.8%
9.4% £ 1.6%
9.6% + 1.6%
6.5% £+ 1.1%
6.4% + 1.3%

2006 1.8% + 0.1%
2007 1.7% + 0.1%
2008 1.7% + 0.1%
2009 2.1% + 0.1%
2010 2.1% + 0.1%
2011 2.0% + 0.1%
2012 2.1% + 0.1%
2013 2.0% + 0.1%
2014 2.1% £+ 0.1%
2015 2.2% + 0.1%
2016 2.3% + 0.1%
2017 2.4% + 0.2%
2018 2.1% + 0.1%
2019 2.1% + 0.1%
2020 3.3% + 0.2%
2021 4.2% + 0.2%

3.9% + 0.3%
3.7% + 0.2%
4.0% + 0.2%
4.3% + 0.3%
3.9% + 0.2%
3.8% + 0.2%
3.8% + 0.3%
4.2% + 0.3%
4.5% + 0.3%
4.0% + 0.3%
3.9% + 0.3%
4.0% + 0.3%
3.5% + 0.3%
3.3% + 0.3%
4.1% + 0.3%
3.5% + 0.3%
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Table 3
Descriptive statistics for the TU data for variables conditional on age groups.

Age classes

Variables Age: Age: Age: Age:
10-20 21-30 31-65 66+

Number of respondents 31507 18808 95598 30734
Female Gender share 48.8% 49.9% 51.5% 53.7%
Avg. No. household cars 1.3 0.8 1.2 0.9
CitySize: <200 17.3% 9.8% 16.4% 12.8%
CitySize: 200-25,000 15.2% 15.2% 14.7% 16.1%
CitySize: 25-100,000 43.4% 25.4% 41.7% 46.5%
CitySize: 100-500,000 7.8% 18.0% 7.7% 7.6%
CitySize: Copenhagen 16.4% 31.7% 19.5% 17.0%
Avg. cycling Mileage (km) 1.73 2.10 1.46 0.79
Percentage cycling (%) 31.2 24.7 16.3 10.7
Avg. conditional Cycling 5.55 8.51 8.95 7.38

mileage (km)

dential location of the household. That is, cities of size 1:< 200;
2:200 —25, 000; 3:25, 000-100, 000; 4:100,000—-500,000 and
5:> 500,000 citizens. Category 4 represents Denmark’s 2nd, 3rd and
4th largest cities, while Category 5 represents the capital region,
including Copenhagen, with more than 1.5 million inhabitants. While,
in principle, very detailed cohorts could be formed, it would reduce the
number of observations within these cohorts and could cause identifi-
cation problems (Devereux, 2007). Hence, in pseudo-panel studies,
there is a balance regarding the size of the cohorts, aggregation bias, and
the number of explanatory variables that can be identified as part of a
model applied to the age cohorts. Concerning explanatory variables, we
consider only a limited set: the gender, the exact age, and the number of
cars in the household. The number of cars per household is included
because it has been evidenced in previous Danish studies that car
ownership propensity differs across age cohorts and is known to be
correlated with the choice of mode (Papu Carrone and Rich, 2020).
Moreover, it is a variable strongly correlated with income and, in many
ways, represents a better and more useful proxy for the effect of income
on travel behaviour. To this end, it is worth noting that the income
measurement is often problematic in a questionnaire context, as illus-
trated by income missing for close to 30% of the households in the TU
data set.

3. Methodology

As a first analysis, we estimate the probability of cycling and the
corresponding average mileage conditional on cycling as weighted av-
erages for the various age cohorts. A rolling three-year time window is
used to ensure enough observations per cohort. Hence, we evaluate the
cycling behaviour for three years combined with t = {2006,2007,2008},
{2007,2008,2009},...,{2017,2018,2019}. This implies a smoothing of
the tendencies in the data similar to other studies, e.g. Rich and Vandet
(2019) that analyses value-of-time dynamics.

To estimate the variation for the average estimates, we use a 10%
leave out re-sampling for the data in the respective cohorts. This
approach corresponds to a 10-fold cross-validation (Jiang and Wang,
2017) and was chosen to reduce computation time in this context where
many observations are included in the analysis. However, it will slightly
overestimate the variance for the mean and thereby represents an upper-
bound estimate. For each sample, the process is as follows. Firstly, we
compute the mean cycling share and average mileage many times in an
iterative process. After this, inference concerning the variance for the
mean is calculated across these samples. This process is repeated for all
time windows.

From a statistical modelling perspective, the choice of ’selection” and
’mileage’ can be modelled in a combined setting. Estimating these ef-
fects across age cohorts makes it possible to examine parameter stability
over time. It also makes it possible to integrate explanatory variables
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into the model to identify the ’drivers’ of these two processes. In the
following, the probability of cycling on the day before the interview is
averaged across all trip purposes and all days over the year.

The problem can be tackled using Tobit-type models. The simplest
variant, the Tobit type 1, implies limited flexibility in that explanatory
variables affect both the probability of bicycle activities and the amount
of cycling in the same way. Specifically, it implies that the effect of a
variable x; on the selection probability Ply > O|xi,Xz,...,X;] and the
conditional expectation E[y|xi,Xz,...,X;,y > 0] have the same sign.
However, this is a strong assumption, which may not hold.

A slightly more flexible model is the Heckman selection model
(Heckman, 1979). However, while the Heckman model circumvents the
above shortcoming, it is suited to a different type of problem, namely
sample selection problems where part of the data is missing. In the case
of bicycle demand, data are not missing. Instead, demand is zero for
certain parts of the population.

A more suited model that applies to all distributions, is the Hurdle
model (Cragg, 1971). In this model, the selection part of the problem is
treated as a corner point of the joint distribution, e.g. demand is zero
rather than missing. The model typically gives rise to marginal effects
that differ from the Heckman model for the conditional regression
model. The standard application of the model of Cragg (1971) often
targets count data (Zeileis et al., 2008). However, as stated in Wool-
dridge (2002), the model can accommodate any distribution, continuous
or categorical. While normal and truncated normal distributions are
commonly applied in Hurdle models, these distributions appear not to
be natural choices in this context. This is because of the strict positive
nature of trip distances, suggesting that a log-normal distribution (Hsu
and Liu, 2011) or Gamma model is a more natural choice.

The model, which is also often referred to as a two-part model, can be
described by a two-equation system as shown in Egs. (1) and (2). The
first equation describes the selection process (or the hurdle) and the
second equation the measurement part. In our context, the selection
process is the probability of cycling, and the measurement is the cycled
mileage. As mileage is only measured if a person is engaged in cycling
activities, it is necessary to model cycling demand conditional on being
active. The selection process is estimated using a Probit regression as
shown in Eq. (1). In Eq. (1)y = 0 indicates that a person did not cycle,
whereas y > 0 indicates that the person engaged in cycling activities on
the day. In this paper, the set of explanatory variables for the selection
process and the conditional mileage model are the same and referred to
as x. The parameters for the explanatory variable in the selection
response are given by y, and @ is the cumulative distribution function of
the standard normal distribution. The conditional measurement equa-
tion is described by the relation shown in Eq. (2), where g(.) represents a
link function, and y is the cycling mileage in kilometres. On the right-
hand side, x represents the explanatory variables with a corresponding
parameter vector f, while u is a probability distribution with parameters
Oy

P(y =0lx) = 1 - ®(x) ¢))

8) =xp+u, u~f(6,) ()]

The log-normal Hurdle model appears when g(y) = log(y) and u ~ N(O,
oy), which give rise to the joint density distributions for y given x in Eq.
(3) below;

M} }‘ ®

1030) = 1 = ()" ooy M0

The second model tested is the Gamma Hurdle model with a log link.
It appears as a special case when g(y) = In(y) and u ~ Gamma(4,0). This
model gives rise to the joint density distributions shown in Eq. (4) below;

1ly=0
f(ylx;e):[l—@(xy)]“”:°{<I>(xy)wlu)y**‘er“/”} 06,4y>0 (4
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We can rewrite the Gamma density to be a function of the mean and
dispersion Gamma(y;,v), as opposed to the current shape and scale pa-
rameters. This we do by defining A = v~! and 6 = uv, where yu; = E(y;)
describes the expectation function and v the dispersion parameter. Thus
the joint density distribution is given by Eq. (5)

b1 1ly=0
fOlx6) =1 - d’(xr)}l)'(){q)(ﬂ)ﬁ </%) e } by

>0
(5)

where the expectation function u is given as In(u) = xp.

The best-performing model was the Gamma Hurdle model. Hence,
this is the model reported in Section 4. It is worth noting that we seek to
detect possibly small nuances regarding average cycling behaviour
across cohorts. Therefore, we should expect high standard deviations
and relatively low R? values for the models. In other words, models are
not prediction models but rather attribution models using the classifi-
cation from Efron (2020). Therefore, the main thing to look for is if
Hurdle model parameters are significantly different across cohorts and if
there is a systematic pattern in these parameters over time.

4. Results

This section presents the results of the descriptive cohort analysis
and the Gamma Hurdle analysis of parameter stability across age
cohorts.

4.1. Cycling probability and mileage for age and city size cohorts

The descriptive cohort analysis allows us to investigate if re-
spondents from similar age groups change cycling behaviour across
years. In Fig. 1, it is seen that for rural areas and small-sized cities below
25,000 inhabitants, there is an overall decline in the active cycling
population. The strongest tendency is observed for the youngest age
cohort. For this age cohort, the probability of cycling has declined over
the past 13 years regardless of the level of urbanisation. For denser areas
(25,000+), the results also indicate a decline in cycling over the entire

City size = <200

City size = 200-25,000
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period for the youngest group. However, for these segments, the decline
happened before 2012.

For the four largest cities in Denmark, here denoted as Ar, Od, Aa and
Copenhagen, the results appear relatively stable for the other age co-
horts, with minor increases for the oldest segment (66+) in Ar, Od, and
Aa and the working-age segment in Copenhagen.

Also, Fig. 1 reveals that in cities with less than 100,000 inhabitants,
the baseline probability of cycling for the youngest age cohort (10-20) is
much higher than for the other age groups. While for the larger cities,
younger inhabitants (10-30) cycle more often compared to older age
groups. However, for Copenhagen, it is noticeable that the working-age
cohort almost has similar bike shares as the youngest segment. Addi-
tionally, it is seen that for the four largest cities, older generations (66 +
years old) cycle much less compared to other age groups.

For the mileage driven by cyclists, we see a different pattern in Fig. 2
compared to the cycling probabilities in Fig. 1. The youngest cyclists
(10-20) cycle significantly less in terms of mileage than any other age
cohort. The only exceptions are the three large cities (Ar, Od, Aa) in
recent years. In this period, the mileage for the youngest group is similar
to that of cyclists aged between 20 and 30. This is also the only urban-
isation level where the mileage for the youngest group appears to have
increased.

Overall, the conditional cycling mileage is increasing for most of the
other age cohorts across the country when measured for the entire
period. The exceptions are the working-age cohorts in rural areas
(<200) and Ar, Od, and Aa, as well as young adults in small-sized cities
(200-25,000) and Ar, Od, and Aa. The only two urbanisation levels
where there has been a steady increase in cycling mileage across all
cohorts are Copenhagen (except the youngest age group) and the cities
with 25,000-100,000 inhabitants.

4.2. Gamma Hurdle model for selection and mileage

The Gamma Hurdle models are estimated for the various age cohorts
over the entire country for the respective time windows. We avoid
dividing the cohorts further by city sizes to have sufficient degrees of
freedom to estimate models for the various cohorts. Therefore, the city
size variable is split into four dummy variables in the Hurdle models,
with Copenhagen representing the reference level.

City size = 25,000-100,000

1 0.40
025 0.354
0.354
0.20 0.30
2 0.30
3 0.25
g 0157 0.25
S 0207 0.20
o i 20
010 0.15 D Sy
0.15
RS e e = L e A G
0.10 4
T T T T T T T T T T T Age
o1 © g’rp\'\ s 6’@\1 —— 10-20
City size = Ar, Od, Aa City size = Copenhagen AP o o o 21-30
0.45 Years —4— 3165
— —4— 66+

0.4 }/4\‘\

0.40
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|
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{
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Fig. 1. Empirical probability of cycling, conditional on city-size and age cohort over rolling three-year time windows after 2006.
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City size = <200

City size =

17.5

15.0 o

12.5

Mileage (km)

10.0

7.5+
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200-25,000 City size = 25,000-100,000
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Fig. 2. Mileage cycled among cyclists, conditional on city-size and age cohort over rolling three-year time windows after 2006.

The exogenous variables in both models are: number of cars avail-
able to the household, age (starting with O for the minimum age in the
cohort), gender and city size.

In Table 4, we show an example of estimated parameters for a spe-
cific age cohort and time window. The example illustrates the output
format of each model segment. For the particular cohort in Table 4, we
see how the number of cars available to the household is significant and
negatively associated with the selection probability at a 10% signifi-
cance level. Moreover, age and residential locations in rural areas are
negatively associated with the selection at a 5% significance level. For
the mileage model for this specific age cohort, we see that males cycle
further than females, as do people in small towns with a city size of

Table 4

200 —25,000 inhabitants. Meanwhile, increasing age in this cohort is
correlated with higher mileage. The parameter estimates for each cohort
and time window, along with the standard errors, are shown in Figs. 3
and 4. These figures thereby illustrate the stability of parameters for
cohorts over time.

Starting with the baseline cycling selection probability, described by
the Intercept variable, there is a decline in the age group 10-20 and a
slight increase for the age group 31-65. Other groups fluctuate without a
clear tendency. For the variable describing the effect of the number of
cars in the household, there seems to be more uncertainty than tendency
across age cohorts. Hence, while the impact of car ownership on the
selection probability is different across age cohorts, changes over time

Example output from a Hurdle model model for the age cohort 10-20 and time window 2006-2008. The table shown in the top section is the parameters for the Probit
selection model whereas the conditional Gamma regression model (y|y > 0) for distance is shown in the lower section.

Cragg’s Hurdle model

6341 observations (4074 censored and 2267 observed)
14 free parameters

Log-Likelihood: —10020

McFaddens’s Pseudo R-squared: 0.018

Probit selection equation:

Estimate
(Intercept) 0.1171
Cars in the household —0.0430
Female 0.0179
Age —0.0585
CitySize: Copenhagen -
Citysize: 100,000-500,000 —0.0050
Citysize: 25,000-100,000 —0.0511
Citysize: 200-25,000 —0.1212
Citysize: <200 —0.4416
Conditional distance (y—y > 0), gamma regression:

Estimate
(Intercept) 1.488
Cars in the household 0.0205
Female —0.094
Age 0.055
CitySize: Copenhagen -
Citysize: 100,000-500,000 —-0.011
Citysize: 25,000-100,000 —-0.0671
Citysize: 200-25,000 —0.162
Citysize: <200 0.1473

std err z P> |z] [0.025 0.975]
0.056 2.078 0.038 0.007 0.228
0.023 -1.871 0.061 —0.088 0.002
0.033 0.549 0.583 —0.046 0.082
0.005 —11.251 0.000 —0.069 —0.048
0.069 —0.073 0.942 -0.139 0.130
0.059 —0.861 0.389 —0.167 0.065
0.048 —2.533 0.011 —0.215 —0.027
0.059 —7.482 0.000 —0.557 —0.326
std err z P> |z [0.025 0.975]
0.070 21.243 0.000 1.351 1.625
0.029 0.698 0.485 —0.037 0.078
0.040 —2.359 0.018 —0.172 —0.016
0.007 7.999 0.000 0.041 0.068
0.080 —0.135 0.893 —0.168 0.147
0.070 —0.963 0.335 —0.204 0.069
0.070 —2.866 0.004 —0.272 —0.051
0.075 1.967 0.049 0.001 0.294
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Fig. 3. Evolution of parameter estimates for the selection process (i.e. the hurdle of the Hurdle model) for different age cohorts in Denmark.
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Fig. 4. Evolution of the parameter estimates for the cycling distance/measurement process of the Hurdle models for different age cohorts in Denmark.
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are minor and within the uncertainty intervals.

Concerning the urbanisation level, it is noted that for cities with
100,000 —500, 000 inhabitants, there is almost no statistical change in
the cycling probability compared to Copenhagen. The only age cohort
being significantly different is the oldest age cohort (66+), where the
dummy goes from significantly negative to positive but insignificant. For
the remaining city sizes, we see large uncertainties compared to
changes. The only exception is a decrease for the working-age cohort in
small- and medium-sized cities (200-100,000).

The effect concerning gender is generally inconclusive. For the age
effect within the cohorts, we see a tendency that increasing age for the
youngest age cohort is associated with a higher degree of cycling
activities.

Concerning the parameters for the mileage equation in Fig. 4, the
baseline cycling distances described by the Intercept variable are hardly
changing over the period for each age cohort. For the number of cars,
results are uncertain and focused around zero. It suggests that the
number of cars in the household may not significantly affect the cycling
mileage among cyclists having chosen to cycle. Also, for the city size
variables, we observed hardly any change in effect across the cohorts
over the period. For the gender effect we see a split between the two
youngest cohorts and the older cohorts, where the former two hardly
have any gender split in the mileage, while for the older cohorts, we see
that women cycle significantly shorter distances than men. For the age
effect we see that there is hardly any impact of increasing cyclist age.
The only exception is that increasing age within the youngest cohort
appears to have an increasing effect (absolute value) on mileage over the
period.

5. Discussion and conclusion

This study sets out to explore the dynamics of cycling demand in
Denmark. The analysis is based on pseudo-panels formed from a large
Danish trip diary, which allows tracking demand through time for age
groups and residential city size. By decomposing demand into a ’selec-
tion effect’ and a conditional mileage effect, we can analyse the cycling
uptake and how it develops. In particular, by using a Hurdle-type model
across the various age cohorts, we are able to examine parameter sta-
bility for the two effects and tie these effects to specific explanatory
variables.

The results from the descriptive cohort analysis show that the
probability of cycling in Denmark is in an overall decline seen over the
period 2006-2019. Two factors primarily drive this decline. Firstly, a
declining cycling uptake in smaller cities and the countryside. These
segments account for approximately half of the Danish population,
making them important drivers of the decline. Secondly, a declining
cycling uptake for the youngest generation. It is worth noting that for the
larger cities with more than 25,000 inhabitants, the decline for the
youngest generations can be attributed to the period before 2012.
However, the two effects point to an alarming tendency for younger
generations in rural areas whose demand for cycling has declined
steadily over the entire period.

The results also show that the cycling probability and conditional
mileage model work in opposite directions. The mileage is generally
increasing for most generations, while the likelihood of cycling trips is
generally decreasing. The Hurdle model shows that the impact of some
factors on the cycling probability and mileage vary significantly across
age cohorts and over time.

For the selection process, the number of cars in the household affects
the likelihood of engaging in cycling activities, and the age cohorts have
different parameters. While the selection of cycling activities for the
youngest age cohort (10-20) is mainly unaffected by cars in the
household, the age cohort from 21-30 years is significantly affected.
Hence, the more cars in the household for this group, the fever cycle
trips. The age cohort from 31-65 is slightly less affected than the age
cohort over 65. If we consider Tables 1 and 2 there are some indications
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that the demand for car transport remains fairly unchanged in the
period. It might suggest that the changes we see in demand for bicycling
is the result of other things than increasing demand for car traffic. Again
with reference to these figures, it seems as if walking has increased in the
period and this could be a potential source of substitution. On the other
hand, public transport has dropped by similar proportions as bicycles
and the substitution of the missing bicycle trips thereby leaves a ques-
tion mark which indeed is an interesting research question for the
future.

Another interesting finding is that the selection process indicates that
the decline in cycling is mainly a *small-town’ issue. This echoes the
finding in Nielsen et al. (2016) that geographical differences are
increasing. The smaller the city, the less likely people are to engage in
cycling activities. For example, in cities with 200-25,000 inhabitants,
almost all age cohorts are experiencing a declining selection probability.
The analysis also points to an interesting observation in that the age
effect for the youngest age cohort is becoming less negative over time. It
could suggest that, while fewer teenagers bike, those who do, keep doing
it further into their teenage years.

For the mileage effect, the variability over time is generally higher. It
points to the fact that the degrees of freedom for this conditional model
is significantly lower. The general conclusion regarding the mileage
effect is that people, who travel by bicycle, travel largely similar dis-
tances as before. Also, the distance effect is not strongly correlated with
other explanatory variables except for gender. For the gender variable,
however, it seems that males travel longer distances.

At the very overall level, our study may point to the consequences of
not prioritising rural areas and small towns when seeking to grow and
maintain cycling as a relevant mode of transport.

5.1. Causes and limitations of the study

Since the model and the data indicates that children and younger
people cycle less frequently on average, particularly in rural areas, it is
relevant to ask the question if this effect could be related to the global
trend of people (and in particular young people) moving to urban areas.
We believe there is some truth in this but in some indirect way. First, the
rural areas and the smaller cities are those areas for which the bicycle
infrastructure is less developed and this could raise possible traffic safety
concerns for parents. With people moving away from these areas the
incentive to further invest in these areas is reduced. Hence, the observed
effect might point to a lack of infrastructure in these areas and could be a
focal point in the future for planners and politicians. Clearly, a relevant
question is how infrastructure has been maintained or improved during
the period and if such changes could influence the travel pattern.
Another relevant observation which is also related to the urbanisation
trend is that schools in Denmark, and in particular in rural areas, have
been centralised in the past 20 years. With the number of pupils being
reduced this is a logical consequence. However, it increases the cycling
distance to schools, which in the period has increased significantly. The
crow flight distance for school trips has increased from around 4 km in
2006-2008 to around 7-8 km in 2019 and has almost doubled. Although
it may not alone be the consequence of school centralisation (it could
also be the result of parents being more picky with schools in general) it
could induce a lower cycle uptake for this age segment.

In a longer perspective, it is relevant to examine if the reduction in
cycle uptake develops into long-term negative cycling habits when the
younger generations grow older. However, the confirmation of this
hypothesis would require panel-type data over a long period of time.

For older generations over 65, there has been a tendency of increased
distance in recent years (2012-2019). This could be due to the
increasing uptake of electric bikes and higher awareness of the health-
related benefits of cycling for these older generations. The fact that
the general health of older generations improves over time, with an
increasing life expectancy, could also play a role.

Finally, when considering the selection effect, it is relevant to
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acknowledge that this effect might not solely result from a declining
bicycle population but could result from less frequent bicycle use. In
other words, if younger generations are cycling on Monday and
Wednesday but skipping the Tuesday trip, this will emerge in the se-
lection process due to how data are collected. Because we do not have
panel data, we are not in a position to estimate the degree of this fre-
quency effect.

As a final statement, the most important conclusion of the paper is
that, while total cycling demand across the population declines only
slightly over time, we see a general decline across the country as a whole
for the youngest age group (10-20). Most noticeably, the cycling de-
mand for younger age groups living outside the cities is strongly
declining. The second most important conclusion is that the observed
decline is mainly a selection effect. Hence, the drop in cycling demand
essentially results from a decline in the general cycling uptake, not from
people cycling shorter distances.

5.2. Future research

An investigation of the causal relationship between the observed
trends over time, explanatory variables and policy initiatives is a
research area that is both relevant and largely unexplored. It would
require, however, that the various effects be disentangled appropriately,
which is often tricky. Ways to accommodate such investigation could be
to narrow in on specific areas or periods to assess the impact of changes
to the infrastructure (Skov-Petersen et al., 2017) or specific socio-
economic changes that happens locally or nationally. Likewise, it
could relate to changes in the public transport system or the diffusion of
new technology such as electric bikes. An overarching question relating
to the causality discussion is the question of where the missing bicycle
trips are substituted. It could be to other modes of transport or a more
inactive lifestyle?

As stated above, it is also relevant to investigate if age cohort effects,
as found in this paper, turn into more long-term attitudinal effects. In
other words, will a decline in the cycling uptake for specific age cohorts
translate into a long-term generational effect that will affect the life-long
cycling uptake for generations to come? Moreover, if this is the case,
what are the implied consequences of such development for the physical
and mental health of the population.

It is also of great interest to study if the Danish results are unique or
can be found in other countries. Although there are evidence that
bicycling in rural areas are declining in The Netherlands as well (Harms
et al., 2014) it still remains to be seen if this correlates with younger
generations. Clearly, similar findings are observed in other countries, it
would allow a comparison of how variables such as car ownership in-
fluence the development of cycling demand and if mitigating policies in
one country can be an inspiration for other countries.

Finally, it could be relevant to analyse how the selection and mileage
effects are distributed across more detailed cohorts to pinpoint specific
focus areas or socio-economic groups for which attention is required.
Previously, model-based machine learning has been used to examine
trends across detailed synthetic pseudo-panels (Borysov and Rich, 2020)
by modelling the entire joint data distribution. While this requires heavy
statistical machinery, it could represent a valuable addition in this
context by singling out specific groups with the highest reduction in
cycling uptake.

Data availability
The authors do not have permission to share data.
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