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ABSTRACT

Numerous studies have explored associations between bicycle network characteristics and bicycle rider-
ship. However, the majority of these studies have been conducted in inner metropolitan regions and as
such, there is limited knowledge on how various characteristics of bicycle networks relate to bicycle trips
within and across entire metropolitan regions, and how the size and composition of study regions
impact on the association between bicycle network characteristics and bicycle ridership. We conducted
a retrospective analysis of household travel survey data and bicycle infrastructure in the Greater
Melbourne region, Australia. Seven network metrics were calculated (length of the bicycle network,
betweenness centrality, degree centrality, network density, network coverage, intersection density and
average weighted slope) and Bayesian spatial models were used to explore associations between these
network characteristics and bicycle ridership. We demonstrated that bicycle ridership was associated
with several network characteristics, and that these characteristics varied according to the outcome
(count of the number of trips made by bike or the proportion of trips made by bike) and the size and
characteristics of the study region. These findings challenge the utility of approaches based on spatially
modeling network characteristics and bicycle ridership when informing the monitoring and evaluation
of bicycle networks. Further efforts are required to be able to quantify network characteristics that
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reflect the myriad of factors that influence comfort and safety for people of all ages and abilities.

1. Introduction

To advance bicycling as an active and sustainable mode of
transport, cities across the world are increasing investment in
bicycling infrastructure (Kraus & Koch, 2021; UK
Department of Transport, 2020). The presence and quality of
bicycling infrastructure has a significant impact on bicycling
(Pucher & Buehler, 2017), and there is considerable scope for
increases in bicycling participation when high-quality and
connected infrastructure is provided (L. Pearson et al., 2022).
The length of bicycling infrastructure and the extent of newly
implemented bicycling infrastructure are commonly used in plan-
ning documents and academic studies to assess a city’s bicycling
network (Boisjoly et al., 2020; Buehler & Pucher, 2012). However,
there is growing recognition of the importance of how ‘connected’
the network is; that is, enabling people to use continuous, safe and
low-stress routes to access everyday destinations (Boisjoly et al.,
2020; Lowry & Loh, 2017; Winters et al., 2013). Fragmentation in
the network may force riders into mixed traffic, require lengthy

detours, and may discourage bike riding altogether, primarily due
to safety concerns (Handy & Xing, 2011; Schoner & Levinson,
2014). We acknowledge that there are a diversity of factors that
influence bike riding that extend beyond infrastructure, including
personal factors such as physical fitness, attitudinal factors such as
community perceptions of cyclists, and environmental factors
(Pearson et al., 2023; L. K. Pearson et al., 2022). However, consist-
ently across the world, the key barriers to increased bike riding
participation relate to riding on the road alongside motor vehicles
(Pearson et al., 2023; L. K. Pearson et al., 2022). Therefore, provid-
ing safe and connected networks of bicycling infrastructure is crit-
ical to enhance bicycling participation.

Understanding the role that bicycle infrastructure network
characteristics have on bicycling is therefore necessary to advance
knowledge of how to plan the implementation of safe and con-
nected networks, and to benchmark networks across jurisdictions.
Recent developments in measuring bicycle network connection
include the use of indicators developed using graph theory, such
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Figure 1. Map of (a) population density (persons per square kilometre); (b) total population per SA2. The borders represent SA2 boundaries in the Greater

Melbourne region.

as density, directness and centrality (Kamel & Sayed, 2021; Osama
etal,, 2017; Schoner & Levinson, 2014). Such approaches offer sys-
tematic methods for measuring network quality for comparison
within and between cities. For example, Schoner and Levinson
demonstrated that connectivity and directness were important
factors in predicting bicycle commuting (Schoner & Levinson,
2014), Osama et al. suggested more connected, dense, flat, con-
tinuous and off-street bicycle networks yield higher bicycling
(Osama et al., 2017), and Kamel and Sayed showed that network
centrality, assortativity, weighted slope, directness, length, com-
plexity and connectivity were associated with bicycle ridership
(Kamel & Sayed, 2021). While these studies have been important
in advancing knowledge on the role of various network character-
istics, they have commonly been conducted in inner metropolitan
regions, such as inner Vancouver (Kamel & Sayed, 2021; Osama
et al, 2017) or inner Seattle (Lowry & Loh, 2017), or have used
single city-wide network measures to contrast these factors
between cities (Schoner & Levinson, 2014). As such, there is lim-
ited knowledge on how various characteristics of bicycle networks
relate to bicycle trips within and across entire metropolitan
regions, and how the size and composition of study regions
impact on the association between bicycle network characteristics
and bicycle ridership.

Using population-weighted travel survey data and robust
measures of bicycle network characteristics, this study aimed
to: (1) quantify the association between bicycle network
characteristics and bicycle ridership across the metropolitan
region of Greater Melbourne, Australia, using Bayesian spa-
tial modes; and (2) explore whether these associations hold
or break down when the size of the study region is changed.

2. Methods
2.1. Study design

We conducted a retrospective analysis of household travel
survey data and bicycle infrastructure in the Greater
Melbourne region, Australia, using Bayesian spatial models

2.2, Setting

The State of Victoria, Australia, has a population of 6.7 mil-
lion people of which 67% reside in the Greater Melbourne
area.(Australian Bureau of Statistics, 2020) The Australian
Bureau of Statistics (ABS) define seven hierarchical classifi-
cations of functional areas in Australia, from mesh blocks
(the smallest unit) to the country level (the largest unit).
Within these is a functional area known as Statistical Areas
Level 2 (SA2), which are medium-sized general-purpose
areas, reflecting a community that interacts together socially
and economically. SA2s generally have a population range of
3,000 to 25,000 persons, with an average of approximately
10,000 persons. For this study, analyses were restricted to
the 309 SA2 areas within Greater Melbourne, reflecting an
area of 9,986 km? (Figure 1).

Greater Melbourne is a region with low bicycle mode
share (1.7% of all trips) (Beck et al., 2021). In 2018, of the
40,564 km of total street/path infrastructure, 1,165 (2.9%)
were classified as on-road bike lanes, 2,647 (6.5%) were clas-
sified as off-road paths, and 8 km (0.02%) were classified as
protected on-road bike lanes.

2.3. Travel survey data

Travel survey data were captured through the Victorian
Integrated Survey of Travel & Activity (VISTA), coordinated
by the Victorian Department of Transport. We used data
from three waves (2012-14, 2014-16, 2016-18) of the
VISTA. VISTA is a survey of day-to-day travel conducted in
the Greater Melbourne area and in a single regional center
in Victoria. Since 2012, 16,000 households and 66,000 peo-
ple have contributed to the VISTA survey. VISTA randomly
selects households to complete the VISTA travel diary for a
single specified day. VISTA employs a stratified, clustered
sampling methodology, with stratification based on ABS
Statistical Areas Level 3 (SA3), which are geographical areas
built from whole SA2s. The survey and resulting data are



weighted to generate population-representative data at the
SA3 level, with data representing an average day across one
or more of the three waves (2012-14, 2014-16, 2016-2018).
In this study, we employed a set of combined weights that
use the full data set from 2012-2018 to produce statistics
weighted to the 2017-18 population. The Australian
Statistical Geography Standard is used by the ABS for the
release and analysis of statistics. Mesh blocks are the small-
est geographical areas defined by the ABS, which then make
up the increasingly larger statistical areas of SAls, SA2s,
SA3s and SA4s (see Supplementary Material). We selected
SA2s as the study unit of area as it represented the best fit
for the various forms of data that were used in this study
and provided sufficient spatial variation in these characteris-
tics; use of data at a SA3 level would have led to crude esti-
mations of dependent and independent variables, losing the
nuances of spatial variation that exists at a SA2 level. As
robust weights for bicycling were not available at a SA2
level, SA3 weights were applied to SA2 level (i.e. that data
were collapsed to an SA2 level and person-level SA3 weights
were applied at an SA2 level). Weights were applied to the
SA2 in which the trip originated, and therefore, data reflect
where trips commenced and not trip routes or destinations.
Unless otherwise specified, data reflect trips made within
Greater Melbourne on an average day across the study
period. Eligibility for inclusion in this study were partici-
pants aged 18 years and older, and trips that had trip origins
and destinations within the Greater Melbourne region.

For the purposes of this study, we modeled counts of the
number of trips and the proportion of all trips that were
made by bike at an SA2 level. As described above, we used
combined weights for the full data set from 2012-2018, and
therefore the summary measures of bike ridership reflect an
average day over the period of 2012-2018.

2.4. Bicycle infrastructure data

In the absence of government data sets of bicycle infrastruc-
ture in Victoria, we used Open Street Map (OSM) data to
characterize bicycling infrastructure in the study region. We
captured infrastructure at a single time-point, which was the
final year of the study period (2018). 2018 OSM data was
downloaded for the Greater Melbourne region from
Geofrabrik (2021). Bicycle infrastructure was coded by OSM
contributors according to the OSM Wiki (OpenStreetMap,
2021) and stratified into: on-road bike lanes, protected on-
road bike lanes, and off-road paths (off-road dedicated bike
path, off-road shared path (shared with pedestrians), and
footways where bicycling is legal). Further information on
this method is described previously (Beck et al., 2021). In
some cases, the border lines of SA2 areas fell along roads
and paths. When classifying network characteristics for each
SA2, a road or path that fell along an SA2 border was
included in the analysis for both adjacent SA2s. Therefore,
in some situations, roads or paths have been double counted
as a result of their inclusion in multiple SA2s.
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2.5. Network characteristics

To explore characteristics of the network, we calculated
seven network metrics that have previous been demon-
strated to be associated with bicycle ridership (Kamel &
Sayed, 2021; Osama et al., 2017; Schoner & Levinson, 2014).
These seven metrics were the length of the bicycle network,
betweenness centrality, degree centrality, network density,
network coverage, intersection density and average weighted
slope. These were grouped under four headings (bicycle net-
work length, network centrality, connectivity and coverage,
and topography) and are described in detail below. These
are described in detail below.

2.5.1. Bicycle network length

The length of the bicycle network was calculated for each
SA2. This was categorized as bicycle infrastructure that was
off-road (off-road dedicated bike path and off-road shared
path) and on-road (on-road bike lanes and protected on-
road bike lanes).

2.5.2. Network centrality

Two measures of centrality were calculated for the bicycle
network (combined for both on-road and off-road infra-
structure): betweenness centrality and degree centrality.
Measures of centrality, such as betweenness and degree cen-
trality, are firstly calculated at a node-level and describe how
‘central’ or important each node or link is within a network
(Freeman, 1978). Specific definitions of node-level
betweenness and degree centrality are provided below. These
node-level centrality measures can be aggregated to reflect
networks containing multiple nodes and links, such as at a
suburb level, city level or any appropriate spatial area (which
in our case was at the SA2 level). These area-level centrality
measures are known as ‘network centrality’, where network
centrality is defined as “the average difference between the
relative centrality of the most central point and that of all
other points” (Freeman, 1978). Therefore, higher values of
network centrality reflect a network that has a greater num-
ber of streets/paths that serve as the only connection to
other streets/paths (Zhang et al, 2015). Conversely, a
gridded network tends to have a lower value of network
centrality because all streets/paths in such a network are
equally important and have the same possibility of connect-
ing to others.

Betweenness centrality quantifies the number of times a
node acts as a bridge along the shortest path between two
other nodes, and is based on the idea that a node is central
if it lies between many other nodes. Betweenness centrality,
C?, is calculated as:

B 1 GGk ., .
@ D22 g P

where gji(;) represents the number of node pairs j and k that
contain point i on the shortest path connecting them and gj
represents the number of node pairs j and k.
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Degree centrality measures to what extent a node is con-
nected directly to other nodes, and is based on the idea that
important nodes have the largest number of ties to other
nodes in the graph. Degree centrality, CP, is calculated as:

D 1 -
c = i=1) J:Zl ai
where a;; = 1 only if node i and node j are connected by a
link or more, and is equal to zero otherwise, and » is the
number of nodes in the network.

Because the aim of this study was to explore the association
between network characteristics and bicycle trips at an SA2
level, betweenness centrality and degree centrality were aggre-
gated to SA2s, as per Zhang et al. (2015). The following equa-
tion was used to calculate aggregate measures of betweenness
centrality and degree centrality (C*) at an SA2 level:

Z?:I[Cz?i_ sz]
max » i [CL— Cf]

where CX is the centrality of SA2 i and CJ is the largest
possible value of CX for the SA2.

ctf =

2.5.3. Coverage

Three measures of connectivity and coverage were imple-
mented in this study: network coverage, network density
and intersection density (Kamel & Sayed, 2021; Osama &
Sayed, 2016). Network coverage was calculated as the ratio
of the number of bicycle network links to the number of
street network links in the SA2. Network density was calcu-
lated as the ratio of the total length of bicycle network links
in the SA2 to the SA2 area. Intersection density was calcu-
lated as the ratio of the number of intersections to the area
of the SA2, including intersections between bicycle network
links, and between bicycle network and street network links.

2.5.4. Topography

Topography was measured using the average weighted slope of
the bicycle network within the SA2. Elevation data was sourced
from the Victorian Government ‘Vicmap Elevation’ product,
which includes a Digital Elevation Model (DEM) at 10m grid
resolution.(Victorian Department of Environment Land Water
& Planning, 2021) The elevation data was applied to the OSM
data using the ‘slopes’ package in R (ITS Leeds, 2020). The
average weighted slope was then calculated by computing the
bicycle network link slopes (s;), multiplying the slope by the
length of the link (J;), and then applying the following formula:

Average weighted slope in SA2

ll X 8§14+ lz XS+ ...+ ln X Sy
h+L+ ..+ I

2.5.5. Calculating network metrics

In order to calculate network metrics, one needs to charac-
terize the bicycle network as a graph. The links represent
the bicycle network infrastructure (e.g. off-road path or on-
road bike lane) and the nodes represent the intersections
between network links (e.g. street and bicycle network

links). Street and path networks, such as those represented
in OSM data, are commonly represented by points which
are effectively arbitrarily located, such as scenarios in which
a curved path between two intersections is represented by a
series of intermediate points (Gilardi et al., 2020). In these
scenarios, it is necessary to ‘contract’ the network and
remove these artifacts such that the network contains only
edges that directly connect junctions. Following the guidance
of Gilardi et al. (2020), we used the R package ‘dodgr’ to
contract the OSM network data and employed the ‘igraph’
package to calculate the aforementioned network metrics.

Data were prepared using the statistical software package
R v4.0.3 (R Core Team, 2023) and the integrated develop-
ment environment RStudio (RStudio 2020, Boston, MA,
USA), using the ‘srvyr, ‘tmap’, ‘survey’, ‘srvyr, ‘dodgr’,
‘igraph’ and ‘slopes’ libraries (Posit team 2023).

2.6. Statistical analyses

We employed Bayesian spatial models to explore the association
between network characteristics and bicycle ridership. A variety
of methods have previously been used to explore associations
between network characteristics and bicycle ridership. Berrigan
et al. (2010) employed a multivariate regression model (model-
ing a binary component of whether a person reported any active
transport and a lognormal component for the number of
minutes of active transport), Handy and Xing (2011) employed
a logistic regression model (modeling a binary outcome of com-
mute mode), Marshall and Garrick (2010) employed a multi-
nomial logistic regression model (modeling four categories of
mode choice), Schoner and Levinson (2014) employed a linear
regression model (modeling the rate of bicycle commuters per
10,000 commuters), while Osama et al. (2017) and Kamel et al.
(2020) employed Bayesian hierarchical statistical models (model-
ing bike kilometers traveled). Model selection was largely driven
by the type of outcome (such as binary, nominal, continuous).
We chose to employ Bayesian spatial models as these models
borrow strength across neighboring spatial areas, can utilize
various distributions according to the outcome being modeled
and can provide more accurate measures of uncertainty on the
posterior distributions of the parameter estimates (Beck et al,
2022; El-Basyouny & Sayed, 2009).

We modeled two dependent variables: (1) the count of
the number of trips; and (2) the proportion of all trips that
were made by bike. These outcomes were spatially modeled
according to Besag-York-Mollie (Besag et al, 1991), as
described elsewhere (Blangiardo & Cameletti, 2015; Lawson,
2013).

Counts of the number of trips made by bike (y;) were
modeled as Poisson distributed with mean A;:

yi ~ Poisson(2;)
Then, the logarithmic transform of 4; is modeled as:
log (4) = Bo+ Bixi+ i+ v

Where f, is the main effect, §,x; is a vector of area-level
covariates, y; is the spatially structured effect (modeled using
the intrinsic conditional autoregressive specification), and v;



is the spatially unstructured effect (modeled as normally dis-
tributed with mean 0). Poisson regression is used when the
outcome variable represents count data, and the link func-
tion is the logarithm, as per Blangiardo and Cameletti
(2015).

The proportion of trips that were made by bike were
modeled as Binomial distributed (accounting for the ratio of
the number of trips made by bike y; over the total number
of trips #;). Then, the logistic transformation of 7; is mod-
eled as:

logit(n,-) = Bo+Pixi+ wi+ v

Where f, is the main effect, f5,x; is a vector of area-level
covariates, g, is the spatially structured effect (modeled using
the intrinsic conditional autoregressive specification), and v;
is the spatially unstructured effect (modeled as normally dis-
tributed with mean 0).

Similar to prior studies (Zhang et al, 2015), to inform
the selection of covariates in the models, we firstly used cor-
relation analyses to examine whether variables were highly
correlated with each other. If two variables were found to be
substantially correlated (defined as a Pearson’s product
moment correlation coefficient greater than 0.5), they were
not used in the same model. This left a total of 33 combina-
tions of eight covariates (see Supplementary Material). All
33 models were run and evaluated and model fit was eval-
uated using the Deviance Information Criterion (DIC). The
model with the lowest DIC was considered to have the best
fit and selected as the final model.

Models were fitted using the INLA library (Rue et al,
2009) through the statistical software package R v4.0.3 (R
Core Team, 2021) and the integrated development environ-
ment Rstudio (Rstudio 2020, Boston, MA, USA). The default
prior distributions in INLA were employed.

2.7. Exploring the impact of the size of the study area

To explore the impact of the size of the study area on model
covariates, we conducted sensitivity analyses by classifying
Greater Melbourne into three sub-regions and running the
aforementioned analyses in each of these sub-regions. Three
sub-regions were defined based on ABS Statistical Areas
Level 4 (SA4) areas. Specifically, ‘Inner Melbourne’ was
defined as the SA4 areas of ‘Melbourne—Inner’,
‘Melbourne—Inner East® and ‘Melbourne—Inner South’,
‘North and West Melbourne’ was defined as the SA4 areas
of ‘Melbourne—West’, ‘Melbourne—North West’® and
‘Melbourne—North East’, and ‘South and East Melbourne’
was defined as the SA4 areas of ‘Melbourne—Outer East’,
‘Melbourne—South East’ and ‘Mornington Peninsula’. These
areas are shown in Figure 2.

2.8. Ethical approval

Ethical approval for this study was provided by the Monash
University Human Research Ethics Committee (Project ID:
29210).
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3. Results

On an average day in Greater Melbourne, there were
180,393 trips made by bike, reflecting 1.7% of all trips. The
median number of bike trips across SA2s in Greater
Melbourne was 222 trips (Q1: 64, Q3: 505) and the median
proportion of trips made by bike was 0.8% (Q1: 0.3%, Q3:
1.6%) (Table 1). Spatial variation in the number of bike trips
is shown in Figure 3 and spatial variation in the proportion
of bike trips is shown in Figure 4. The median length of off-
road bicycle infrastructure per SA2 was 6.06 km (QI: 2.50,
Q3: 10.47) and the median length of on-road bicycle infra-
structure per SA2 was 2.34km (Q1: 0.22, Q3: 5.82). A map
of bicycle infrastructure is shown in Figure 5 and further
summary statistics of network characteristics are provided in
Table 1. Spatial variation in network characteristics is shown
in Figures 6 and 7. In general, on-road bicycle network
length, network density, and intersection density were higher
in the inner regions of Greater Melbourne, while off-road
bicycle network length, degree centrality and average
weighted slope were higher in the outer regions of Greater
Melbourne.

For the number of trips made by bike, the model with
the lowest DIC included measures of degree centrality, off-
road bicycle network length, on-road bicycle network length,
and network density (Table 2). Off-road bicycle network
length (mean: 0.08; 95% credible interval: 0.04, 0, 12) and
on-road bicycle network length (mean: 0.14; 95% credible
interval: 0.07, 0.22) were positively associated with the num-
ber of trips made by bike. Degree centrality (mean: 0.86;
95% credible interval: —3.29, 5.00) and network density
(mean: —0.26, 95% credible interval: =0.54, 0.03) were not
statistically credible at the 5% level.

Inner Melbourne
North and West Melbourne

South and East Melbourne

Figure 2. Map of Greater Melbourne region with black borders depicting SA2
boundaries and the colored regions depicting the three sub-regions of Inner
Melbourne, North and West Melbourne, and South and East Melbourne.
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Table 1. Summary statistics of bicycle ridership and network data across SA2s. Data presented for Greater Melbourne and for Inner Melbourne.

Greater Melbourne

Measure [median (Q1, Q3)]

Inner Melbourne
[median (Q1, Q3)]

South and East Melbourne
[median (Q1, Q3)]

North and West Melbourne
[median (Q1, Q3)]

Bicycling data

Count of the number of
trips made by bike
Proportion of trips made

by bike (%)

Network data

Off-road bicycle network
length (km)

On-road bicycle network
length (km)

Betweenness centrality

Degree centrality

Network density

Network coverage

Intersection density
Average weighted

222 (64, 505)

0.8 (0.3, 1.6)

6.06 (2.50, 10.47)
234 (0.22, 5.82)

0.044 (0.017, 0.085)
0.036 (0.020, 0.068)
1.19 (0.50, 1.97)
4.16 (1.99, 6.31)
6.16 (2.49, 11.57)
1.85 (1.15, 2.84)

576 (283, 2219)

1.7 (0.8, 3.6)

4.21 (1.83, 7.16)
3.35 (1.46, 6.23)

0.049 (0.024, 0.094)
0.040 (0.025, 0.078)
1.69 (1.03, 2.95)
5.13 (2.54, 7.03)
9.98 (4.63, 18.72)
1.70 (1.13, 2.51)

184 (10, 353)

0.6 (0.0, 1.4)

8.23 (4.53, 13.48)
291 (0.61, 7.23)

0.042 (0.014, 0.083)
0.028 (0.017, 0.046)
1.38 (0.41, 2.02)
4.88 (2.90, 7.50)
7.36 (2.62, 11.99)
1.51 (1.06, 2.77)

165 (39, 299)

0.5 (0.1, 0.9)

7.20 (2.06, 12.07)
0.64 (0.00, 3.63)

0.043 (0.015, 0.082)
0.039 (0.024, 0.079)
0.64 (0.22, 1.19)
2.90 (1.14, 4.51)
3.48 (0.70, 6.45)
2.23 (1.36, 3.38)

slope (%)

Note: Q1 = quartile 1; Q3 = quartile 3.

Count of the number of bike trips

0to 50

50 to 100

100 to 200

200 to 300

300 to 500

500 to 1,000
1,000 to 5,000
5,000 to 10,000
10,000 to 20,000

Figure 3. Count of the number of bicycle trips (per SA2 area). Data reflect where trips commenced (the origin).

For the proportion of trips made by bike, the model with
the lowest DIC included measures of intersection density
and averaged weighted slope (Table 3). Neither of these
measures were statistically credible at the 5% level.

Model fit parameters for all models are provided in
Supplementary Material.

3.1. Sensitivity analysis

We conducted sensitivity analyses to explore the impact of
the study area on model selection and model covariates.
Comparisons of bicycle ridership and network characteristics

between the overall study area of Greater Melbourne and
the three sub-regions of Inner Melbourne, North and West
Melbourne, and South and East Melbourne are presented in
Table 1. In summary, median values of the count of the
number of trips made by bike, the proportion of trips made
by bike, the length of on-road bicycling infrastructure, net-
work density and intersection density were higher in Inner
Melbourne relative to North and West Melbourne and
South and East Melbourne, while the length of off-road
bicycling infrastructure was higher in North and West
Melbourne and South and East Melbourne.

For the number of trips made by bike, variation was
observed in model covariates, as well as the strength and
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Figure 4. Proportion of all trips that were made by bike (per SA2).

Infrastructure type

Off-road dedicated bike path
= Off-road shared path
== On-road bike lane

Protected on-road bike lane

Figure 5. Map of bicycling infrastructure, stratified by infrastructure type. The grey borders reflect SA2 boundaries.

direction of associations, between the overall study region
and the three sub-regions (Table 4). For example, differences
were observed in the inclusion of measures of bicycle net-
work length, centrality and network coverage across all
models. Where covariates were included in multiple models,
there was some variation in the direction and strength of
associations. For example, degree centrality was included in

modes for both Inner Melbourne and North and West
Melbourne. However, degree centrality was negatively asso-
ciated with the number of trips made by bike in Inner
Melbourne (mean: —12.34; 95% credible interval: —18.39,
—7.04), but positively associated with the number of trips
made by bike in North and West Melbourne (mean: 22.14;
95% credible interval: 8.27, 36.49). Additionally, off-road



8 B. BECK ET AL.

10.000t00.013
[]0013100.032

A B
Off-road network length (km) On-road network length (ki
;)/"Lﬂ g - nnr:: network length (km)
d < ﬁ
, 50010
; L, B
o 15t0 20
201025
_ Exco
Lo
f g s
Iy \ %
E:
oy 4
) 3
. %D\\\LIY
TN
ﬂ\,;i* {
B . 4
F\q‘/
L
7 f\\'wj
C D
{["1 — Betweeness centrality [‘Jl Degree centrality

0.000t00.018
0.018100.028
0,028 100,045

0,045 100,076
0.076 t0 0.667

Figure 6. Network characteristics (per SA2). (a) Off-road bicycle network length; (b) on-road bicycle network length; (c) betweenness centrality; (d) degree

centrality.

bicycle network length was positively associated with the
number of trips made by bike for Greater Melbourne overall
(mean: 0.08; 95% credible interval: 0.04, 0.12) and for North
and West Melbourne (mean: 0.11; 95% credible interval:
0.05, 0.17), but was not associated with the number of trips
made by bike in South and East Melbourne (mean: 0.06;
95% credible interval: —0.02, 0.14) and was not included as
a covariate in the Inner Melbourne model.

For the proportion of trips made by bike, variation was
observed in model covariates, as well as the strength and
direction of associations, between the overall study region
and the three sub-regions (Table 5). For example, while
measures of off-road bicycle network length and on-road
bicycle network length were included in the models for
North and West Melbourne and South and East Melbourne,
they were not included in the overall model nor the Inner
Melbourne model. Further, as an example of differences in
the strength and direction of associations, on-road bicycle
network length was positively associated with the proportion
of trips made by bike in North and West Melbourne (mean:
0.17; 95% credible interval: 0.06, 0.28)), but was not

associated with the proportion of trips made by bike in
South and East Melbourne (mean: —0.01, 95% credible inter-
val: —0.16, 0.14).

Model fit parameters for all models are provided in
Supplementary Material.

4. Discussion

In this study of the bicycle network characteristics and
bicycle ridership, we demonstrated that bicycling rates were
associated with several network characteristics, and that
these characteristics varied according to the outcome (count
of the number of trips made by bike or the proportion of
trips made by bike) and the size and characteristics of the
study region. Given the sensitivity of these models to model
inputs, these findings challenge the utility of approaches
based on spatially modeling network characteristics and
bicycle ridership when informing the monitoring and evalu-
ation of bicycle networks.

Consistent with prior research, we demonstrated that the
length of the bicycle network was positively associated with
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Figure 7. Network characteristics (per SA2). (a) network coverage; (b) network density; (c) intersection density; (d) average weighted slope.

Table 2. Summary model outputs for the count of the number of trips take
by bike: posterior mean, posterior standard deviation (SD), and posterior 95%
credible interval for the fixed effects of the covariates. This model relates to
the Greater Melbourne region.

Table 3. Summary model outputs for the model of the proportion of trips
taken by bike: posterior mean, posterior standard deviation (SD), and posterior
95% credible interval for the fixed effects of the covariates. This model relates
to the Greater Melbourne region.

Credible interval

Credible interval

Mean SD 2.5% 97.5% Mean SD 2.5% 97.5%
Degree centrality 0.86 2.1 -3.29 5.00 Intersection density 0.02 0.02 —0.02 0.05
Off-road bicycle network length 0.08* 0.02 0.04 0.12 Averaged weighted slope 0.02 0.09 -0.15 0.19
On-road bicycle network length 0.14* 0.04 0.07 0.22 Intercept —5.90%* 0.28 —5.89 —5.33
Network density —0.26 0.14 —0.54 0.03 Note: * reflects variables that were statistically credible at the 5% level.
Intercept 3.67* 0.30 3.07 4.26

Note: * reflects variables that were statistically credible at the 5% level.

various measures of bicycle ridership (Kamel & Sayed, 2021;
Kamel et al., 2020; Osama et al., 2017). A surprising finding
was variation in the direction of association between degree
centrality and bicycle ridership. In the inner-city region of
Inner Melbourne, the finding of centrality being negatively
associated with bicycle ridership is logical; high network
centrality indicates low inter-connectivity and accessibility of
the network (Zhang et al., 2015). However, degree centrality

was strongly positively associated with bicycle ridership in
the North and West Melbourne region. The association
between low connectivity and bicycle ridership may be an
artifact of a focus on off-road bicycle infrastructure (particu-
larly rail trails; shared-use paths recycled from abandoned
railway corridors) in these regions that, while they are not
considered as connected and accessible using graph theory
approaches, are supportive of recreational bicycling.
Consistent with previous modeling approaches (Kamel &
Sayed, 2021; Lowry & Loh, 2017; Osama et al., 2017;
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Table 4. Summary model outputs for the count of the number of trips take
by bike: posterior mean, posterior standard deviation (SD), and posterior 95%
credible interval for the fixed effects of the covariates. Three separate models
are presented for Inner Melbourne, North and West Melbourne, and South
and East Melbourne.

Credible interval

Mean SD 2.5% 97.5%

Inner Melbourne
Degree centrality —12.34% 2.88 -18.39 —-7.04
Network coverage 0.06 0.06 —0.04 0.17
Intercept 6.71% 0.46 0.58 7.62
DIC 935.0777

North and West Melbourne
Degree centrality 22.14% 717 8.27 36.49
Off-road bicycle network length 0.11* 0.03 0.05 0.17
On-road bicycle network length 0.26* 0.07 0.14 0.39
Network density —0.35 0.26 —0.86 0.15
Average weighted slope 0.37* 0.15 0.08 0.68
Intercept 0.33 0.76 -1.23 1.78
DIC 865.4029

South and East Melbourne
Betweenness centrality 0.25 2.98 —5.62 6.11
Off-road bicycle network length 0.06 0.04 —0.02 0.14
On-road bicycle network length 0.09 0.10 -0.12 0.29
Network coverage —0.02 0.17 —0.36 0.32
Intercept 2.98 0.69 1.61 432
DIC 770.9272

Note: * Reflects variables that were statistically credible at the 5% level.

Table 5. Summary model outputs for the model of the proportion of trips
taken by bike: posterior mean, posterior standard deviation (SD), and posterior
95% credible interval for the fixed effects of the covariates. Three separate
models are presented for Inner Melbourne, North and West Melbourne, and
South and East Melbourne.

Credible interval

Mean SD 2.5% 97.5%

Inner Melbourne
Degree centrality -7.61% 2.25 -12.26 -341
Network coverage 0.09%* 0.04 0.01 0.18
Intercept —4.26* 0.36 —4.96 —3.54
DIC 936.9489

North and West Melbourne
Degree centrality 19.52% 6.63 6.71 32.84
Off-road bicycle network length 0.07* 0.03 0.02 0.13
On-road bicycle network length 0.17* 0.06 0.06 0.28
Intersection density —-0.03 0.03 —-0.09 0.02
Average weighted slope 0.43* 0.14 0.15 0.71
Intercept —9.06* 0.72 —10.52 —7.69
DIC 871.7408

South and East Melbourne
Off-road bicycle network length 0.10* 0.04 0.03 0.18
On-road bicycle network length —-0.01 0.08 -0.16 0.14
Network density -1.21* 0.54 -232 -0.17
Intercept —6.39* 0.44 -7.29 —5.54
DIC 777.3564

Note: * Reflects variables that were statistically credible at the 5% level.

Schoner & Levinson, 2014), we calculated network centrality
measures using the combination of both on-road and off-
road bicycling infrastructure. However, in our study region
of Greater Melbourne, 99% of on-road bicycle infrastructure
was painted bike lanes (with only 8 km of protected on-road
bicycle lanes), which are inadequate in providing safe spaces
for people on bikes and are likely only supportive of bicy-
cling for the most confident riders (Beck et al., 2019; L.
Pearson et al., 2022). Therefore, the network metrics used in
this study are likely biased toward only the most confident
riders, and may not reflect the needs of the diversity of bike
riders. Given that prior studies used a similar approach, the

influence of different types of bicycling infrastructure on
network structure and bicycle ridership is not clear and fur-
ther research is required to improve the quantification of
network characteristics that relate to the needs of a diversity
of bike riders. It is also important to consider the size and
composition of the spatial area when modeling bicycle rider-
ship. In this study, we modeled two outcomes: the count of
the number of trips by bike, and the proportion of all trips
made by bike. As depicted in Figure 1, there is variation in
both population density and the total population of each
SA2. Modeling the count of the number of trips or the
number of bicycle kilometers traveled, both of which are
common approaches in the literature (Kamel & Sayed, 2021;
Osama et al., 2017), is potentially confounded by the under-
lying population of the spatial area. For example, spatial
areas with larger population sizes may have a greater num-
ber of bike riders, and therefore potentially a greater abso-
lute number of bike trips and/or number of bicycle
kilometers traveled. Without accounting for this, one may
assume that an area has a greater rate of bike riding partici-
pation, when it may simply be an artifact of the underlying
population. Therefore, normalizing these measures, either as
a proportion of the population or as a proportion of all trips
(as we have done), is needed to account for this confound-
ing. Additionally, and similar to prior research (Kamel &
Sayed, 2021; Osama et al., 2017; Schoner & Levinson, 2014),
we explored the association between bicycle network length
and bicycle ridership. Measures of bicycle length suffer from
similar issues in that they may be related to the underlying
size of the spatial area. To address this limitation, we
explored normalized measures of bicycle infrastructure (net-
work density and coverage), but further research is required
to combine measures of both network coverage and network
connectivity.

An interesting finding of this study was the impact of the
size and characteristics of the study area had on model and
covariate selection. Specifically, our sensitivity analyses on
three sub-regions of the Greater Melbourne metropolitan
region demonstrated inconsistencies in model selection and
the strength and direction of associations between network
characteristics and bicycle ridership. This is, perhaps, unsur-
prising as bicycle ridership and network characteristics vary
vastly across large geographical regions, as we have demon-
strated. This issue has been highlighted previously; Gil
(2017) demonstrated the impact of varying sizes of study
areas on measures of street network centrality. Given that
the vast majority of prior research has focused on inner city
areas (Kamel & Sayed, 2021; Lowry & Loh, 2017; Osama
et al., 2017), the generalizability of such findings, particularly
to metropolitan areas outside of the inner city, must be
questioned. It also raises the question of how robust such
approaches are to defining important characteristics of
bicycle networks.

It is well established that connected networks of safe and
comfortable bicycling infrastructure, known as ‘All Ages and
Abilities (AAA) bicycle networks’, are needed to enhance
bike riding participation and safety, and thereby realize the
potential for substantial gains in population health, equity



and sustainability. Reflecting this, engineering guidance has
focussed on providing tools to measure bicycling infrastruc-
ture on individual street segments, intersections or corridors.
However, the absence of standardized definitions and sup-
porting metrics to measure AAA bicycle networks has hin-
dered the implementation of connected, safe and
comfortable bicycle networks that enable people of all ages
and abilities to get where they want to go. Certainly, the
development of measures of ‘bicycle level of service’ (similar
to ‘level of traffic stress’) has enhanced our understanding of
how the actual and perceived environment is conducive and
safe for bicycling (Kazemzadeh et al., 2020; Kellstedt et al.,
2021). These measures include such factors as the presence,
type and quality of bicycle infrastructure, topography, expos-
ure to and speed of traffic, bicycle volumes, lighting, per-
ceived and objective safety, and end of trip facilities
(Kazemzadeh et al., 2020; Kellstedt et al., 2021). However, as
previously described, these measures are often applied to
individual street/path segments and challenges exist as to
how to utilize these measures to defined AAA bicycle net-
works. Where the connectivity of networks has been consid-
ered, the measurement of connectivity has often been
limited to the use of graph theory approaches, such as that
employed in this study. The challenge with such approaches
is that they do not consider the myriad of aforementioned
factors that relate to comfort and safety. Our study is an
example of this. Measures of connectivity used in this study
included on-road bicycling infrastructure; the vast majority
of which was on-road painted lanes. During the study
period, only 8km of the 1173km (0.7%) of the on-road
infrastructure were protected bike lanes (Beck et al., 2021),
which are likely only supportive for the most confident
riders (Beck et al., 2019; L. Pearson et al., 2022). This also
reflects current ridership in our region in which the vast
majority of people who ride bikes are considered ‘Strong
and fearless’ (people who are comfortable riding with traffic
in any road environment) and ‘Enthused and confident’
(people who are comfortable riding in traffic, but prefer
bike lanes and like using segregated facilities) (L. Pearson
et al,, 2022). There has been some progress toward better
characterizing bicycle networks, such as the use of multi-
objective methodologies to assess bikeability between origin-
destination locations over an entire network (Reggiani et al.,
2022). However, it is evident that we need to advance the
science of measuring AAA bicycle networks to support the
implementation of such networks for health, sustainability
and equity benefits.

The strengths of this study include the use of population-
weighted travel survey data that enables robust evaluation of
bike riding across small spatial areas in Greater Melbourne,
and the evaluation of the association between network char-
acteristics and bicycling across a large metropolitan area.
However, there are a number of limitations to note. Firstly,
due to a low number of bicycle trips, robust survey weights
were only available at the SA3 level, and these were applied
to SA2 areas. As a result, there may be some errors in the
weightings applied the travel survey data. Further, survey
weights were applied to the SA2 in which the trip
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originated, and the data presented do not reflect trips that
occurred across multiple SA2s. Additionally, due to the rela-
tively low number of trips made by bike, we were unable to
stratify by trip purpose; it is likely that network characteris-
tics that are supportive of bicycling may differ between trip
types. In the absence of government data sets of bicycling
infrastructure in Victoria, we were reliant on Open Street
Map (OSM) data to characterize bicycling infrastructure.
There is variability in the accuracy of OSM data in inter-
national settings (Ferster et al., 2020), and the accuracy of
OSM data is unknown in our region. Additionally, as
described above, network characteristics may not reflect how
connected and comfortable a network is for all ages and
abilities. Further, we did not consider land use and other
parameters shown to be associated with bicycle ridership
(Nelson et al., 2021; Winters et al., 2013), as the primary
focus of this study was on the association between network
characteristics and bicycle ridership.

5. Conclusion

We have demonstrated that the association between network
characteristics and bicycle ridership varies according to the
measure of bicycle ridership and the size and characteristics
of the study area. These findings challenge the utility of
approaches based on spatially modeling network characteris-
tics and bicycle ridership, and highlight the impact of the
study area on associations between these characteristics and
bicycle ridership. While we employed robust measures of
network connectivity, these measures do not consider com-
fort and safety. There is a need to advance how we charac-
terize the connectivity and comfort of bicycling networks
that reflect the needs of people of all ages and abilities.
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