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Walking, cycling, and feeder bus/tram for first- and last-mile (FLM) train access are often considered to have better health
benefits, lower cost, and less environmental impacts than driving. However, little is known about the road safety impacts of these
FLM access modes, particularly at a network level.*is paper aims to investigate the impacts of train commuters’ access modes on
road safety in Victoria, Australia. Macroscopic analyses of crash outcomes in each zone (i.e., Statistical Area Level 1) were
performed using negative binomial (NB) and spatially lagged X negative binomial (SLXNB), accounting for potential indirect
effects of mode shares in adjacent zones. *is macroscopic analysis approach enabled the consideration of the safety effects across
the network. *e results showed that the SLXNB models outperformed the NB models. Commuting by train, either with walking
or car as FLM access mode, was negatively associated with both total and severe crashes. In addition, commuting by train with
feeder bus/tram access mode was negatively associated with severe crashes. Interestingly, commuting by train with cycling access
mode was negatively associated with total crashes, with a larger effect when compared to walking and car access modes. Overall,
the results suggested promoting active transport as FLM train access mode would lead to an improvement in road safety.

1. Introduction

Public transport is widely known as a sustainable trans-
portation mode that reduces congestion and air pollution
[1]. In recent research, public transport travel (bus, tram, or
train) has also been shown to have road safety benefits at a
network level [2, 3]. However, public transport travel often
includes a multimodal trip with a main public transport
mode and one or several access modes for first- and last-mile
(FLM) connections. *ose public transport access modes
may include walking, feeder bus/tram [4], cycling [5–7], or
driving (e.g., park-n-ride and kiss-n-ride) [8–10].

Improving these access modes may increase the use of
public transport, hence providing overall safety benefits.
However, these access modes may have different safety
implications. For example, unlike feeder bus/tram, walking
and cycling to public transport stops/stations may have
increased risks because active transport users are widely

known as vulnerable road users [11]. Yet, it remains unclear
as to what extent the promotion of active transport as FLM
public transport access mode would affect road safety at a
network level. Furthermore, in terms of public transport
access, walking, cycling, and feeder bus/tram are usually
promoted in place of car travel, due to their health benefits,
low travel cost, low energy consumption, less pollution, and
lack of parking requirements [5, 12, 13]. From a policy
perspective, it is essential to understand if promoting active
transport for public transport access can lead to a synergistic
effect on road safety, public health, the environment, and the
economy.

Many countries are facing road safety issues, including
developed countries such as Australia, in which the state of
Victoria is not an exemption [14]. Increasing public
transport use is one of the major road safety strategies,
especially in the state of Victoria, where the integration of
walking, cycling, and feeder bus/tram with public transport
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is strongly promoted [15–18]. Indeed, the Victorian Road
Safety Action Plan 2021–2030 [19] proposes to investigate
the safety issues associated with accessing public transport,
emphasizing a gap in understanding the safety of public
transport access modes.

In Victoria, the train system consists of two main net-
works, including the metropolitan train network and the
regional train network. *e metropolitan train network, i.e.,
Metro trains, includes 17 lines, connecting suburbs within
Melbourne metropolitan area. *e regional train network,
i.e., V/Line, includes 7 lines, linking Melbourne with other
Victoria’s regional areas and other states. Train commuting
has the largest share when compared to other public
transport modes, with a 10.1% share of the total commuting
trips in 2016 compared to 1.3% by bus and 2.3% by tram
[20]. Furthermore, FLM modes for train access have been
fairly diversified, with 68.93% walking, 16.13% using a feeder
bus/tram, 0.42% cycling, 12.67% driving, and 1.75% riding as
a car passenger. On the other hand, walking is the pre-
dominant FLM public transport access mode for bus and
tram, with 89.45% and 97.21%, respectively [20]. It is noted
that these figures were calculated from the aggregation of
mode share data at Statistical Area Level 1 (SA1). Due to the
perturbation process [21], the final results may have some
slight differences when using other zonal systems.

*is paper aims to investigate the relationships between
train commuters’ access modes, particularly by active
transport, and traffic safety, using a case study of Victoria,
Australia. Since variations in travel mode shares in one area
might affect traffic and thus safety in nearby areas and
potentially other parts of the network, it is essential that
safety analyses are conducted at a network level, using
macroscopic or zonal crash prediction models. Unlike
previous macroscopic studies that look at the direct safety
effect of mode shares in each zone, this study will utilize
spatially lagged X negative binomial regression (SLXNB) to
explicitly consider the indirect effects of mode shares from
neighboring zones on the safety of a particular zone.

*e paper is structured as follows. A literature review is
presented in Section 2, followed by descriptions of data and
methods in Section 3. Modeling results are then reported in
Section 4, followed by a discussion of key results and policy
implications in Section 5.

2. Literature Review

2.1. Public Transport’s AccessModes and Safety. Walking and
cycling are widely considered sustainable FLM access modes
for public transport. Walking is a common mode of short-
distance connection to train stations with a catchment size
below one kilometer [22]. Previous studies have shown that
walking would not only help to reduce travel costs, road
congestion, and environmental impacts but also would have
health benefits [23, 24]. For example, Cervero [5] argued that
converting train access trips from car to walking might
reduce vehicle-distance-travelled, air pollution, energy
consumption, noise level, and free up parking lot land for
infill development. Besser and Dannenberg [25] found that
the recommended daily physical activity duration for US

residents could be accomplished by walking to/from public
transport.

In terms of longer FLM connection distances, previous
studies have often promoted bicycles over cars [12, 13]. For
example, Replogle [13] found bike-and-ride to be a more
economical policy compared to park-and-ride in Japan, the
Netherlands, Germany, Denmark, and the US, because it
reduced energy consumption, reduced pollution, and had
less space requirement. Similarly, Martens [26] stated that
FLM access by cycling would bring several environmental
and societal benefits over car usage, such as reducing energy
consumption, noise pollution, air pollution (especially re-
lated to car’s cold starts), and road congestion, and may
strengthen the economic performance around public
transport. Additionally, previous research has found that an
increase in cycling activity for FLM public transport access
may create health benefits and more livable communities
[27]. Cycling for FLM public transport access was also found
to increase job accessibility for public transport users
[28, 29].

However, little research has directly looked at the re-
lationships between traffic safety and walking and cycling as
FLM public transport access modes at a network level.
Extant research has indicated that pedestrians and cyclists
are vulnerable road users [11], and active transport has a
higher risk of crashes than car travel. For example, based on
the road casualties data from French national police in 2007
and 2008, cyclists’ fatality risk was 50% higher than that of
car users [30]. Higher active transport mode share was also
associated with increasing road crashes in road safety an-
alyses at a macroscopic level [31, 32]. Previous studies have
also found clusters of pedestrian crashes around bus stops
[33, 34] or subway stations [35]. *ese findings might
suggest that increasing public transport access by active
transport may offset the safety benefits of using public
transport.

On the other hand, there is evidence that increasing the
use of active transport, as the main travel mode, could lead to
a positive marginal effect on traffic safety through the ‘safety
in numbers’ phenomenon [36, 37]. For example, Jacobsen
[38] reported the effect of ‘safety in numbers’ where active
commuting modes were associated with a significant re-
duction of pedestrian and cyclist casualty rates in California,
USA. Nevertheless, it remains uncertain as to what extent
the promotion of active transport as FLM access modes
would affect the road safety benefit at a network level.

Feeder public transport service, particularly feeder bus
and tram, has been suggested as a solution to increase train
ridership [39–41] and also a sustainable feeder mode [42].
For example, compared to park-and-ride, Cervero [5] stated
that promoting bus-and-ride in the US, particularly in the
suburbs, could bring more economic and environmental
benefits such as less parking lot requirement, and thus saving
cost and land used. In addition, vehicle-miles-travelled could
also be reduced, hence, decreasing greenhouse gas emis-
sions, energy consumption, and noise level.

Previous safety research has often looked at bus and tram
as main travel modes. For example, Truong and Currie [3]
found the percentages of people commuting by bus and by
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tramwere negatively related to the total and severe crashes in
Melbourne at a zonal level. Among the limited research on
safety-related issues of public transport as a feeder mode,
Guo et al. [43] found that the perception of metro users
toward vehicle-related crash risks encouraged them to use
buses as a feeder mode, instead of walking access and egress
to/from the metro station in Shenzhen, China. Overall, the
associations between traffic safety and bus/tram trips as a
feeder link in multimodal train commuting travel have not
received enough attention in existing research.

2.2. Macroscopic Crash Prediction Models. Macroscopic
crash prediction models (MCPM) have been developed to
explore the relationships between the safety outcomes of a
zone and its zonal characteristics. Many zonal levels have
been considered, such as traffic analysis zones, counties, and
statistical areas [44–46]. *e numbers of total crashes and
fatal/serious injury crashes (severe crashes) have often been
used as safety outcomes in MCPMs [47, 48].

Transport mode shares have been used as explanatory
variables in MCPMs, including public transport and active
transport mode shares. For example, it was reported that the
proportion of commuting trips using public transport was
correlated with the increase in the expected number of
vehicular crashes, nonmotorized crashes, and fatal vehicular
crashes in Chicago, USA [49]. However, a recent multimodal
analysis, characterizing the safety benefits of all public
transport modes at a network level in Melbourne, Australia,
showed that commuting by train, bus, and tram might
decrease total and severe crashes [3]. In addition, a rise in the
active transport mode share for commuting would result in
more crashes for bicyclists and pedestrians [31]. Likewise,
Moeinaddini et al. [2] observed the negative effect of
motorcycling commuters on road fatality rates among
several European cities.

Since a single trip can go through multiple zones, there
may be spatial correlations between the mode shares in one
zone and crashes in neighboring zones. *ese spatial cor-
relations in MCPMs can be considered using spatial re-
gression models such as spatial lag Y models [50–52] or
spatial error models [52–54]. *e spatial lag Y model
considers the correlation of crashes between neighboring
zones and the spatial error model explores the spatial au-
tocorrelation effect. However, to capture the spatial corre-
lations of independent variables (such as travel mode share),
the spatially lagged X (SLX) model should be used [55].
*ere is limited research using the SLXmodels to explore the
relationships between traffic safety and mode shares.
*erefore, the SLX modeling approach was used in this
study to capture the spatial correlation (indirect effect) of the
mode share variables. Moreover, to account for data over-
dispersion, negative binomial regression was considered in
the SLX model.

A range of sociodemographic, road network, and land
use variables can be used as explanatory variables in
MCPMs. *e population has often been utilized as an ex-
posure variable, assuming that a higher number of people
would be associated with more travel activities [56, 57].

Sociodemographic variables such as the proportion of young
age group under 15 years old are negatively correlated with
the crash rate [58]. Besides, it was reported that a higher
unemployment rate would be associated with decreasing
crashes and crash severity [59, 60].

Among the road network characteristics, Tasic and Porter
[49] found that the percentage of expressways and arterial
roads in a road network was positively correlated with the
number of total vehicular crashes and fatal vehicular crashes.
Regarding the public transport stops’ safety, a positive cor-
relation between crashes and the amount of Seoul’s subway/
bus stops was observed [58]. In addition, a higher tram stops
density would result in more tram crash likelihood in Mel-
bourne, Australia [61]. Similarly, signalized intersections were
correlated with more crashes [62]. Land use was also found to
influence road crashes. For example, Pulugurtha, Duddu, and
Kotagiri [63] discovered a strong positive correlation between
crashes and mixed-use developments. In contrast, land use
entropy is negatively correlated with severe pedestrian crash
rates in Austin, Texas, USA [64].

3. Data and Methods

3.1. Data. Data were gathered from several public sources,
such as the Australian Bureau of Statistics (ABS) census data
[20] and Victorian government open data (DataVic) [65].
*e ABS census data are summarized by different statistical
areas based on the Australian Statistical Geography Standard
(ASGS) [66]. ASGS is a nested hierarchy where multiple
zones at the same level can be aggregated to the next level. In
this system, the smallest geographic unit is Mesh Blocks
which contain 30 to 60 dwellings. Mesh Blocks can be
combined to create the SA1 level, which has a typical
population of 200 to 800 people. *e next levels are SA2,
SA3, and SA4, where having populations range from 3,000 to
over 100,000 people. *e final levels are States and Terri-
tories level and the country level. *e SA1 level was selected
as the unit of this analysis to reduce the loss of information
due to the aggregation at higher levels and the noise from the
perturbation process compared to Mesh Blocks [21]. All
collected data were aggregated at the SA1 level. *e average
size of SA1 in Victoria is 15.2 km2, and in Greater Mel-
bourne (Melbourne metropolitan area) is 0.9 km2. *ere are
a total of 14,073 zones in Victoria. However, after removing
all offshore or zero population zones (e.g., airport, forest),
13,768 zones remained in the Victoria region, in which
10,059 zones belong to Greater Melbourne.

*e shares of commuting by different modes were de-
rived from the multimodal journeys of train commuters. In
this study, the main independent variables are the shares of
commuting by train with different FLM access modes
(walking, feeder bus/tram, cycling, and car). Note that data
on other commuting modes included bus, tram, walk, bi-
cycle, motorcycle, and car (including car as driver and car as
a passenger). It is also noted that motorcycles included
motorbikes, motor scooters, and mopeds. As there was no
information about electric cars, motorcycles, or bicycles, it
was not possible to consider these modes separately. Other
commuting modes such as ferry, truck, taxi were negligible.
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A list of zonal characteristics was selected or computed
from the census data based on the literature review. Census
data included the standard sociodemographic characteristics
such as population, proportion of young age group from 0 to
14 years old, proportion of unemployment, and land use
mixed entropy. Other transport networks and infrastructure
variables were obtained from DataVic, including the pro-
portion of freeway and arterial network, number of sig-
nalized intersections, number of train stations, and number
of bus and tram stops.

*e land use entropy was calculated from the mixture
level of five land types (commercial, civic, industrial, resi-
dential, and parkland) as follows:

LUi � −
􏽐

ni

c�1 picln pic( 􏼁

ln ni( 􏼁
, (1)

where LUi is the land use entropy in zone i, the percentage of
land use type c in zone i is pic, and ni is the count of land
types in zone i.*e land use entropy receives a value between
0 and 1. A land use entropy closer to one signifies a greater
mixed land use.

Crash data over the five years from 2014 to 2018 in
Victoria from DataVic were extracted from the database
containing the police-reported crashes that are available at
DataVic and mapped to the SA1 zones using ArcGIS 10.7
[67]. *e numbers and rates of total crashes and severe
crashes (including fatalities and serious injuries) were cal-
culated for each SA1 zone. Figures 1 and 2 show the average
annual total crash and severe crash rates per 1,000 residents
at SA1 zones in Victoria and Greater Melbourne,
respectively.

Regarding the commuting data, due to the concentration
of the population and jobs in Melbourne, most of the train
commuters use metropolitan train services. Figure 3 illus-
trates the distribution of train commuters across SA1 zones
in Victoria and Greater Melbourne. In general, train
commuters were concentrated around the Melbourne
metropolitan train lines.

*e values of the mean, standard deviation, min andmax
for all selected variables for Victoria and Greater Melbourne
at the SA1 level are presented in Table 1.

3.2. Methods. *e variance inflation factor (VIF) was uti-
lized to inspect the multicollinearity between explanatory
variables. Severe multicollinearity may exist when the VIF
value exceeds 10 [68]. Multicollinearity was also checked
using the Spearman’s and Pearson’s correlation tests.

*e Moran’s I test [69] of spatial correlations among travel
mode shares in neighboring zones was conducted using spdep
package [70] in R [71].*e spatial weight matrices for Moran’s
I test were defined using standardized queen contiguity,
similarly to the spatial weight matrices for spatially lagged X
negative binomial regression models below.

Negative binomial models and spatially lagged X neg-
ative binomial models were used in this analysis. Eight
macroscopic crash prediction models were developed, in-
cluding four NB models and four SLXNB models, for total
crashes and severe crashes in the whole of Victoria and

Greater Melbourne. Akaike information criterion (AIC)
value and likelihood ratio test were used for model
comparison.

3.2.1. Negative Binomial (NB) Model. *e dependent vari-
ables in this model are count data and therefore, using the
Poisson models is appropriate. Poisson distribution, however,
assumes that the mean and variance of the crash frequency are
equal. Since overdispersion was detected in our data, the
negative binomial model [72] is applied in this study:

yi|λi ∼ Poisson λi( 􏼁,

Ln λi( 􏼁 � Xiβ + εi,
(2)

where yi is the observed number of crashes in zone i, and λi is
the expected number of crashes in zone i. Xi is a vector of
explanatory variables.Xi includes the log of the population used
as an exposure variable. It is noted that the use of the population
as an acceptable exposure variable was demonstrated in pre-
vious macroscopic safety analyses, incorporating mode shares
[2, 31]. Furthermore, β is a vector of the coefficient (direct effect)
associated with explanatory variables, εi is the model distur-
bance term, and exp (εi) is Gamma distributed with a mean 1
and a variance 1/ θ, where θ is the dispersion parameter.

3.2.2. Spatially Lagged X Negative Binomial Regression
(SLXNB) Model. *e SLXNB model is derived by extending
the NB model with a spatial lag component as follows:

Ln λi( 􏼁 � Xiβ + WiXΦ + εi, (3)

where Wi is a vector of spatial weights, Φ is a vector of the
spatial autoregressive parameter (indirect effect) for ex-
planatory variables, and X is a matrix of explanatory vari-
ables for all zones. *e spatial weight vector is defined using
standardized queen contiguity. All neighboring zones that
share at least a border or a corner point with zone i receive a
value of one divided by the number of neighboring zones
(1/number of neighbouring zones) and zero otherwise.

*e indirect effects of all mode share variables are explored
using SLXNBmodels. As the result of the SLXNBmodels, each
of these modes generated direct (local) effects and indirect (lag)
effects. *e total effects were then calculated considering both
effects. *e NB models and SLXNB models were developed in
the R programming environment [71]. *e NB model esti-
mation was performed using glm.nb function directly [73]. On
the other hand, the SLXNBmodels were estimated in two steps.
First, lmSLX function in spatialreg package [74] was used to
calculate the lag components for mode share variables. Next,
glm.nb function was employed for model estimation. *e
maximum likelihood fitting method was used for all models.
*e total effects of mode share variables were calculated using
multcomp package [75] in R.

4. Results

*e likelihood ratio test indicated that the two NB models
(Tables 2 and 3) and dispersion parameters were highly
significant (p< 0.001). However, lower AIC values
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implied that the SLXNB models (Tables 4 and 5) had a
better fit in comparison with the NB models. Indeed, the
likelihood ratio test showed that SLXNB models signifi-
cantly outperformed the corresponding NB models at
p< 0.001. *e likelihood ratio test also indicated that all
SLXNB models, as well as their dispersion parameters,

were significant at p< 0.001.*e better performance of the
SLXNB models was expected since the Moran’s I test
(Table 6) showed that all mode share variables are spatially
clustered in Victoria, with a high significance level of 0.001
(except for commuting by train with cycling access sig-
nificant at p < 0.05).

0 50 100 150 km

Average annual total crashes per 1000 residents
0 – 0.5
0.5 – 1
1 – 2
2 – 5
>5
No resident areas
Greater Melbourne boundary

(a)

0 50 100 150 km

0 – 0.5
0.5 – 1
1 – 2
2 – 5
>5
No resident areas
Greater Melbourne boundary

Average annual severe crashes per 1000 residents

(b)

Figure 1: Average annual crash rates per 1,000 residents at SA1 zones in Victoria. (a) Total crashes per 1000 residents. (b) Severe crashes per
1000 residents.
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Figure 2: Average annual crash rates per 1,000 residents at SA1 zones in Greater Melbourne. (a) Total crashes per 1000 residents. (b) Severe
crashes per 1000 residents.
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*ere were no multicollinearity issues. Table 7 showed
that all variables in the SLXNB models had VIF values of less
than 10, a commonly adopted VIF threshold. *is was also

confirmed by Spearman and Pearson’s correlation tests,
where most correlation coefficients were below 0.8 (Figures 4
and 5). In addition to the total and severe crash SLXNB

Number of train commuters

Greater Melbourne
Train Network

0 – 10
10 – 30
30 – 100
100 – 300
300 – 619

0 50 100 150 km

(a)

Number of train commuters

Greater Melbourne
Train Network

0 – 10
10 – 30
30 – 100
100 – 300
300 – 619

0 10 20 30 km

(b)

Figure 3: Number of train commuters at SA1 zones in 2016 (a) Whole of Victoria. (b) Greater Melbourne.

Table 1: Descriptive statistics at Statistical Area Level 1 (SA1)

Variables Unit Victoria Greater melbourne
Mean Std.Dev Min Max Mean Std.Dev Min Max

Number of total crashes from 2014 to 2018 Crashes 4.511 8.188 0 345 4.386 8.431 0 345
Number of severe crashes from 2014 to 2018 Crashes 1.369 2.74 0 99 1.217 2.570 0 99
Population in 2016 People 429.872 193.294 3 4,354 445.863 199.802 3 4,354
Proportion of 0–14 age group % 0.179 0.06 0 1 0.181 0.063 0 1
Proportion of unemployment % 0.066 0.043 0 0.549 0.068 0.042 0 0.549
Land use entropy Index 0.304 0.373 0 1 0.302 0.374 0 1
Proportion of freeway and arterial network % 0.208 0.222 0 1 0.224 0.239 0 1
Number of signalized intersections Intersections 0.245 0.84 0 33 0.280 0.877 0 33
Number of train stations Stations 0.023 0.156 0 2 0.024 0.163 0 2
Number of bus stops Stops 8.408 3.247 1 111 8.937 3.356 2 111
Number of tram stops Stops 0.118 0.56 0 16 0.162 0.650 0 16
Share of commuting by train with car access % 0.013 0.02 0 0.156 0.017 0.021 0 0.156
Share of commuting by train with walking access % 0.061 0.071 0 0.625 0.081 0.073 0 0.625
Share of commuting by train with feeder bus/tram % 0.014 0.023 0 0.301 0.018 0.025 0 0.301
Share of commuting by train with cycling access % 0.000 0.003 0 0.072 0.000 0.003 0 0.072
Share of commuting by bus % 0.012 0.025 0 0.292 0.014 0.027 0 0.292
Share of commuting by tram % 0.016 0.055 0 1 0.022 0.063 0 1
Share of commuting by walking % 0.037 0.065 0 1 0.030 0.061 0 1
Share of commuting by cycling % 0.011 0.027 0 0.455 0.013 0.030 0 0.455
Share of commuting by motorbike % 0.002 0.009 0 0.133 0.002 0.007 0 0.118
Share of commuting by car % 0.817 0.161 0 1 0.787 0.168 0 1
Total number of SA1 zones Zones 13,768 10,059
Note: std. dev� standard deviation.
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Table 3: Results of negative binomial regression for total crashes and severe crashes in Greater Melbourne

Variables
Total crashes Severe crashes

Est. SE Est SE
Intercept −1.039 0.136 ∗∗∗ −1.926 0.168 ∗∗∗

Log of population 0.110 0.023 ∗∗∗ 0.127 0.029 ∗∗∗

Proportion of 0–−14 age group −0.900 0.208 ∗∗∗ −1.578 0.278 ∗∗∗

Proportion of unemployment 0.027 0.270 −0.497 0.351
Land use entropy 0.216 0.030 ∗∗∗ 0.153 0.039 ∗∗∗

Proportion of freeway and arterial network 2.103 0.047 ∗∗∗ 1.935 0.060 ∗∗∗

Number of signalized intersections 0.317 0.013 ∗∗∗ 0.236 0.015 ∗∗∗

Number of train stations 0.223 0.062 ∗∗∗ 0.282 0.074 ∗∗∗

Number of bus stops 0.112 0.004 ∗∗∗ 0.103 0.004 ∗∗∗

Number of tram stops 0.074 0.018 ∗∗∗ 0.067 0.021 ∗∗

Share of commuting by train with car access −2.581 0.568 ∗∗∗ −2.698 0.759 ∗∗∗

Share of commuting by train with walking access −0.486 0.170 ∗∗ −1.051 0.221 ∗∗∗

Share of commuting by train with feeder bus/tram −0.045 0.482 −1.128 0.638 +
Share of commuting by train with cycling access −1.467 3.495 −3.260 4.719
Share of commuting by bus −1.689 0.421 ∗∗∗ −2.444 0.555 ∗∗∗

Share of commuting by tram −0.976 0.254 ∗∗∗ −1.809 0.321 ∗∗∗

Share of commuting by walking 1.529 0.204 ∗∗∗ 1.515 0.244 ∗∗∗

Share of commuting by cycling 1.990 0.443 ∗∗∗ 1.150 0.574 ∗

Share of commuting by motorbike 3.384 1.525 ∗ 2.444 1.969
Dispersion parameter (θ) 1.254 0.027 ∗∗∗ 1.136 0.039 ∗∗∗

Log-likelihood −22,465 −13,286
AIC 44,970 26,611
Sample size 10,059 10,059
Note: + p< 0.1; ∗p< 0.05; ∗∗p< 0.01; ∗∗∗p< 0.001.Est.�Estimated; SE � Standard error; AIC�Akaike information criterion.

Table 2: Results of negative binomial regression for total crashes and severe crashes in Victoria

Variables
Total crashes Severe crashes

Est. SE Est. SE
Intercept −0.445 0.117 ∗∗∗ −1.087 0.146 ∗∗∗

Log of population 0.077 0.020 ∗∗∗ 0.061 0.025 ∗

Proportion of 0-−14 age group −1.631 0.184 ∗∗∗ −2.180 0.242 ∗∗∗

Proportion of unemployment −0.731 0.229 ∗∗ −1.905 0.304 ∗∗∗

Land use entropy 0.039 0.026 −0.130 0.034 ∗∗∗

Proportion of freeway and arterial network 1.851 0.045 ∗∗∗ 1.662 0.057 ∗∗∗

Number of signalized intersections 0.261 0.012 ∗∗∗ 0.175 0.014 ∗∗∗

Number of train stations 0.200 0.058 ∗∗∗ 0.238 0.071 ∗∗∗

Number of bus stops 0.133 0.003 ∗∗∗ 0.130 0.004 ∗∗∗

Number of tram stops 0.098 0.018 ∗∗∗ 0.101 0.022 ∗∗∗

Share of commuting by train with car access −5.559 0.537 ∗∗∗ −6.594 0.724 ∗∗∗

Share of commuting by train with walking access −1.663 0.157 ∗∗∗ −2.356 0.209 ∗∗∗

Share of commuting by train with feeder bus/tram −0.894 0.491 + −1.864 0.656 ∗∗

Share of commuting by train with cycling access −1.416 3.427 −2.479 4.644
Share of commuting by bus −2.939 0.405 ∗∗∗ −3.875 0.539 ∗∗∗

Share of commuting by tram −2.021 0.240 ∗∗∗ −2.856 0.311 ∗∗∗

Share of commuting by walking 2.988 0.156 ∗∗∗ 3.204 0.190 ∗∗∗

Share of commuting by cycling 0.801 0.428 + −0.668 0.568
Share of commuting by motorbike 7.906 1.067 ∗∗∗ 9.453 1.313 ∗∗∗

Dispersion parameter (θ) 1.126 0.020 ∗∗∗ 0.912 0.023 ∗∗∗

Log-likelihood −31,942 −19,720
AIC 63,924 39,480
Sample size 13,768 13,768
Note: + p< 0.1; ∗p< 0.05; ∗∗p< 0.01; ∗∗∗p< 0.001. Est.�Estimated; SE � Standard error; AIC�Akaike information criterion.
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models, minor crashes SLXNB models were also considered
(Tables 8 and 9). In general, the effects of mode share variables
on minor crashes are similar to those on total crashes.

Since the SLXNB models have a better fit than the NB
models, the following sections are based on the outcomes of
the SLXNB models. *e results of the total and severe crash
SLXNB models in Victoria and Greater Melbourne are
presented in Table 4 and 5, respectively, where the direct and
indirect effects of commuting mode shares were estimated.
*e total effects of commuting mode shares are reported in
Tables 10 and 11 for Victoria and Greater Melbourne,
respectively.

4.1. SLXNB Model for Total Crashes and Severe Crashes in
Victoria. As shown in Tables 4 and 10, while the proportion
of commuting by train with FLM active transport and feeder
bus/tram access direct effects was statistically insignificant,
some of their indirect effects and total effects were signifi-
cant. A rise in the proportion of train commuting with FLM
walking access in Victoria was correlated with fewer total

and severe crashes at a high significance level, considering
indirect and total effects. *e indirect and total safety effects
of train commuting with FLM cycling access were negatively
related and statistically significant in the total crashes
SLXNB model in Victoria. Commuting by train with feeder
bus or trammight correlate with a decrease of severe crashes
in Victoria when taking its indirect effect and total effect into
account. Only the coefficient of the proportion of train
commuting with car access was negative and significant for
all effects in both SLXNB models.

*ere was a lack of strong evidence of the bus and tram
mode share’s direct safety benefit. However, the share of
commuting by bus and tram’s indirect effects and total
effects were negatively correlated with the total and severe
crashes in Victoria’s SLXNB models at p< 0.001. *e direct
effects of the proportion of cycling to work were insignificant
in both models. However, its indirect effect and total effect
were significant and positively correlated with total crashes
in the total crash model. Both total crashes and severe
crashes tended to rise with increasing walking and motor-
cycling to work.

Table 4: Results of SLXNB model for total crashes and severe crashes in Victoria.

Variables
Total crashes Severe crashes

Est. SE Est. SE
Intercept −0.562 0.118 ∗∗∗ −1.178 0.147 ∗∗∗

Log of population 0.081 0.020 ∗∗∗ 0.061 0.025 ∗

Proportion of 0–14 age group −1.391 0.184 ∗∗∗ −1.972 0.243 ∗∗∗

Proportion of unemployment −0.578 0.228 ∗ −1.654 0.301 ∗∗∗

Land use entropy 0.035 0.026 −0.125 0.034 ∗∗∗

Proportion of freeway and arterial network 1.855 0.045 ∗∗∗ 1.665 0.057 ∗∗∗

Number of signalized intersections 0.269 0.012 ∗∗∗ 0.179 0.014 ∗∗∗

Number of train stations 0.139 0.057 ∗ 0.156 0.070 ∗

Number of bus stops 0.141 0.003 ∗∗∗ 0.139 0.004 ∗∗∗

Number of tram stops 0.095 0.018 ∗∗∗ 0.101 0.022 ∗∗∗

Direct effects of mode share variables
Share of commuting by train with car access −1.812 0.589 ∗∗ −1.980 0.792 ∗

Share of commuting by train with walking access −0.330 0.308 −0.305 0.405
Share of commuting by train with feeder bus/tram 0.451 0.559 0.397 0.746
Share of commuting by train with cycling access −0.673 3.421 −0.947 4.645
Share of commuting by bus −0.629 0.569 −0.613 0.749
Share of commuting by tram −0.492 0.450 −0.701 0.562
Share of commuting by walking 1.075 0.214 ∗∗∗ 0.952 0.260 ∗∗∗

Share of commuting by cycling −0.513 0.627 −0.565 0.826
Share of commuting by motorbike 4.780 1.086 ∗∗∗ 5.490 1.341 ∗∗∗

Indirect effects of mode share variables
Share of commuting by train with car access −9.777 0.965 ∗∗∗ −11.700 1.300 ∗∗∗

Share of commuting by train with walking access −1.325 0.369 ∗∗∗ −1.923 0.488 ∗∗∗

Share of commuting by train with feeder bus/tram −1.135 0.920 −3.142 1.244 ∗

Share of commuting by train with cycling access −22.42 7.675 ∗∗ −8.498 10.21
Share of commuting by bus −3.721 0.730 ∗∗∗ −4.972 0.972 ∗∗∗

Share of commuting by tram −2.880 0.507 ∗∗∗ −3.383 0.642 ∗∗∗

Share of commuting by walking 2.806 0.283 ∗∗∗ 3.213 0.349 ∗∗∗

Share of commuting by cycling 2.843 0.817 ∗∗∗ 0.391 1.075
Share of commuting by motorbike 14.227 2.093 ∗∗∗ 17.764 2.572 ∗∗∗

Dispersion parameter (θ) 1.175 0.021 ∗∗∗ 0.975 0.025 ∗∗∗

Log-likelihood −31,751 −19,550
AIC 63,561 39,158
Sample size 13,768 13,768
Note: ∗p< 0.05; ∗∗p< 0.01; ∗∗∗p< 0.001, Est.� Estimated; SE� Standard error; AIC�Akaike information criterion.
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*e log of the population was positively associated with
the total crashes and severe crashes, as expected. *e per-
centage of the 0–14 age group and the proportion of un-
employment were negatively related to the crashes. In
addition, the proportion of the freeway and arterial network,

number of signalized intersections, amount of train stations,
amount of bus stops, and amount of tram stops were all
positively related to the total crashes and severe crashes at a
high significance level.*e land use entropy variable showed
a negative relationship with severe crashes.

Table 6: Moran’s I test statistics (Victoria)

Variables Moran’s I Z-Score
Share of commuting by train with car access 0.176 34.180 ∗∗∗

Share of commuting by train with walking access 0.902 175.498 ∗∗∗

Share of commuting by train with feeder bus/tram 0.397 77.260 ∗∗∗

Share of commuting by train with cycling access 0.009 1.712 ∗

Share of commuting by bus 0.068 13.169 ∗∗∗

Share of commuting by tram 0.071 13.811 ∗∗∗

Share of commuting by walking 0.079 15.451 ∗∗∗

Share of commuting by cycling 0.071 13.831 ∗∗∗

Share of commuting by motorbike 0.052 10.154 ∗∗∗

Note: ∗p< 0.05; ∗∗∗p< 0.001.

Table 5: Results of SLXNB model for total crashes and severe crashes in Greater Melbourne.

Variables
Total crashes Severe crashes

Est. SE Est. SE
Intercept −0.976 0.140 ∗∗∗ −1.767 0.174 ∗∗∗

Log of population 0.110 0.023 ∗∗∗ 0.115 0.029 ∗∗∗

Proportion of 0-−14 age group −0.858 0.209 ∗∗∗ −1.556 0.279 ∗∗∗

Proportion of unemployment −0.012 0.271 −0.508 0.354
Land use entropy 0.207 0.030 ∗∗∗ 0.146 0.039 ∗∗∗

Proportion of freeway and arterial network 2.089 0.047 ∗∗∗ 1.918 0.060 ∗∗∗

Number of signalized intersections 0.318 0.013 ∗∗∗ 0.234 0.015 ∗∗∗

Number of train stations 0.203 0.062 ∗∗ 0.246 0.074 ∗∗∗

Number of bus stops 0.113 0.004 ∗∗∗ 0.104 0.004 ∗∗∗

Number of tram stops 0.074 0.018 ∗∗∗ 0.076 0.021 ∗∗∗

Direct effects of mode share variables
Share of commuting by train with car access −1.783 0.606 ∗∗ −1.797 0.809 ∗

Share of commuting by train with walking access −0.340 0.311 −0.359 0.405
Share of commuting by train with feeder bus/tram 0.257 0.551 −0.001 0.727
Share of commuting by train with cycling access −1.262 3.506 −2.467 4.738
Share of commuting by bus −0.694 0.615 −1.003 0.803
Share of commuting by tram −0.562 0.442 −0.819 0.543
Share of commuting by walking 0.881 0.306 ∗∗ 0.730 0.368 ∗

Share of commuting by cycling 0.453 0.706 0.998 0.916
Share of commuting by motorbike 3.277 1.528 ∗ 2.710 1.972

Indirect effects of mode share variables
Share of commuting by train with car access −3.866 1.058 ∗∗∗ −4.179 1.413 ∗∗

Share of commuting by train with walking access -0.403 0.379 -0.957 0.496 +
Share of commuting by train with feeder bus/tram -0.114 0.909 −2.217 1.217 +
Share of commuting by train with cycling access −23.356 8.095 ∗∗ −12.562 10.726
Share of commuting by bus −2.038 0.782 ∗∗ −2.600 1.029 ∗

Share of commuting by tram −1.585 0.522 ∗∗ −2.240 0.654 ∗∗∗

Share of commuting by walking 1.395 0.377 ∗∗∗ 1.752 0.461 ∗∗∗

Share of commuting by cycling 3.383 0.898 ∗∗∗ 1.626 1.167
Share of commuting by motorbike −1.936 3.605 −3.477 4.754

Dispersion parameter (θ) 1.265 0.027 ∗∗∗ 1.151 0.039 ∗∗∗

Log-likelihood −22,437 −13,261
AIC 44,932 26,581
Sample size 10,059 10,059
Note. + p< 0.1; ∗p< 0.05; ∗∗p< 0.01; ∗∗∗p< 0.001. Est.� estimated; SE � standard error; AIC�Akaike information criterion.
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4.2. SLXNB Model for Total Crashes and Severe Crashes in
Greater Melbourne. Two SLXNB models for the total
crashes and severe crashes were developed for the Greater
Melbourne area. As shown in Tables 5 and 11, all effects
(direct, indirect, and total) of the share of commuting by
train with car access showed a negative relationship with
both crash types at a high significant level. In terms of
walking access to train, the indirect safety benefit in the
severe crash model was only marginally significant, while the

direct effects and indirect effect on the total crashes were
insignificant. However, its total effects were negatively and
significantly associated with crashes in both SLXNB models.
For the proportion of commuting by train with cycling
access, its indirect and total effects were negatively related
and significant in total crashes SLXNB models, while in-
significant in the severe crashes SLXNB models. *e direct
effects of train commuting with cycling access were insig-
nificant in both models. Additionally, the indirect effect and

Table 7: VIF values for explanatory variables in SLXNB models.

Variables
Victoria Greater melbourne

Total crash Severe crash Total crash Severe crash
Log of population 1.204 1.246 1.195 1.249
Proportion of 0–14 age group 1.384 1.414 1.475 1.532
Proportion of unemployment 1.126 1.146 1.156 1.182
Land use mix - entropy 1.078 1.086 1.087 1.088
Proportion of freeway and arterial network 1.206 1.212 1.205 1.202
Number of signalized intersections 1.407 1.461 1.513 1.609
Number of train stations 1.092 1.102 1.11 1.126
Number of bus stops 1.367 1.409 1.445 1.525
Number of tram stops 1.524 1.549 1.524 1.553
Direct effects of mode share variables
Share of commuting by train with car access 1.39 1.388 1.284 1.285
Share of commuting by train with walking access 5.66 5.683 4.664 4.689
Share of commuting by train with feeder bus/tram 1.917 1.956 1.687 1.707
Share of commuting by train with cycling access 1.047 1.047 1.047 1.049
Share of commuting by bus 2.192 2.159 2.352 2.316
Share of commuting by tram 7.875 7.519 7.693 7.383
Share of commuting by walking 2.604 2.619 3.712 3.792
Share of commuting by cycling 3.463 3.336 4.238 4.183
Share of commuting by motorbike 1.089 1.1 1.058 1.058

Indirect effects of mode share variables
Share of commuting by train with car access 1.634 1.642 1.485 1.491
Share of commuting by train with walking access 6.414 6.504 5.119 5.152
Share of commuting by train with feeder bus/tram 2.83 2.94 2.213 2.274
Share of commuting by train with cycling access 1.201 1.203 1.216 1.224
Share of commuting by bus 2.249 2.215 2.421 2.374
Share of commuting by tram 8.786 8.505 9.4 9.214
Share of commuting by walking 3.05 3.118 4.348 4.532
Share of commuting by cycling 4.482 4.297 5.455 5.376
Share of commuting by motorbike 1.155 1.164 1.266 1.272

Figure 4: Spearman’s rank correlation coefficients among explanatory variables (Victoria data) Note: + p< 0.1; ∗p< 0.05; ∗∗p< 0.01;
∗∗∗p< 0.001; Spearman correlation.
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total effect of commuting by train with feeder bus/tram
appeared to be positively associated with road safety im-
provement at a marginal significance level in the severe crash
model, but its other effects were not statistically significant.

With respect to other main commuting modes, the direct
effects of other transit modes (bus and tram) were insignificant.
However, their indirect effects and total effects were signifi-
cantly and negatively associated with both crash types. *e

Figure 5: Pearson’s correlation coefficients among explanatory variables (Victoria data) Note: + p< 0.1; ∗p< 0.05; ∗∗p< 0.01; ∗∗∗p< 0.001;
Pearson correlation.

Table 8: Results of SLXNB models for minor crashes.

Variables
Victoria Greater Melbourne

Est. SE Est. SE
Intercept −1.112 0.123 ∗∗∗ −1.421 0.147 ∗∗∗

Log of population 0.096 0.021 ∗∗∗ 0.112 0.024 ∗∗∗

Proportion of 0–14 age group −1.186 0.194 ∗∗∗ −0.666 0.222 ∗∗

Proportion of unemployment −0.156 0.238 0.103 0.287
Land usemix - entropy 0.111 0.027 ∗∗∗ 0.240 0.032 ∗∗∗

Proportion of freeway and arterial network 1.821 0.046 ∗∗∗ 2.033 0.05 ∗∗∗

Number of signalized intersections 0.295 0.012 ∗∗∗ 0.335 0.013 ∗∗∗

Number of train stations 0.116 0.059 ∗ 0.162 0.065 ∗

Number of bus stops 0.136 0.003 ∗∗∗ 0.113 0.004 ∗∗∗

Number of tram stops 0.087 0.019 ∗∗∗ 0.070 0.018 ∗∗∗

Direct effects of mode share variables
Share of commuting by train with car access −1.769 0.624 ∗∗ −1.809 0.649 ∗∗

Share of commuting by train with walking access −0.299 0.321 −0.308 0.328
Share of commuting by train with feeder bus/tram 0.375 0.583 0.250 0.582
Share of commuting by train with cycling access −0.690 3.573 −0.653 3.691
Share of commuting by bus −0.648 0.597 −0.611 0.652
Share of commuting by tram −0.572 0.459 −0.597 0.457
Share of commuting by walking 1.032 0.222 ∗∗∗ 0.842 0.319 ∗∗

Share of commuting by cycling −0.545 0.652 0.132 0.741
Share of commuting by motorbike 4.098 1.135 ∗∗∗ 3.295 1.607 ∗

Indirect effects of mode share variables
Share of commuting by train with car access −8.919 1.022 ∗∗∗ −3.725 1.133 ∗∗

Share of commuting by train with walking access −0.976 0.385 ∗ −0.143 0.401
Share of commuting by train with feeder bus/tram −0.106 0.959 0.915 0.96
Share of commuting by train with cycling access −29.047 8.136 ∗∗∗ −28.625 8.629 ∗∗∗

Share of commuting by bus −3.055 0.767 ∗∗∗ −1.762 0.83 ∗

Share of commuting by tram −2.302 0.518 ∗∗∗ −1.052 0.54 +

Share of commuting by walking 2.389 0.294 ∗∗∗ 1.173 0.394 ∗∗

Share of commuting by cycling 3.691 0.845 ∗∗∗ 3.895 0.939 ∗∗∗

Share of commuting by motorbike 11.708 2.197 ∗∗∗ −1.119 3.811
Dispersion parameter (θ) 1.195 0.024 ∗∗∗ 1.244 0.03 ∗∗∗

Log-likelihood −27,499 −19,693
AIC 55,055 39,443
Sample size 13,768 10,059
Note: +p< 0.1; ∗p< 0.05; ∗∗p< 0.01; ∗∗∗p< 0.001, Est.�Estimated; SE� Standard error; AIC�Akaike information criterion.
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proportion of commuting by walking had significantly positive
coefficients for all effects.*e total effects on the two crash types
and indirect effects on total crashes of commuting by cycling
were positively related and significant, while its other effects
were insignificant.*epercentage ofmotorbike commuters was
only positively correlated with total crashes when considering
the direct effect. Other safety impacts of the share of motorbike
commuting were insignificant. In addition to the commuting
modes, the study found that the effects of land use entropy were
positively correlated with both total crashes and severe crashes
at a high significance level. However, the proportion of un-
employment was insignificant. Other results in the SLXNB

models for Greater Melbourne were similar to those of the
Victoria SLXNB models (Table 4).

5. Discussion and Conclusion

Interpretations were made using incidence rate ratios (i.e.,
exponents of model coefficients) and marginal effects. Using
the incidence rate ratios, the percentage change in the
number of crashes in response to an increase of an ex-
planatory variable (e.g., one percentage point) can be cal-
culated. *e mfx package in R [71] was used to calculate the
marginal effects of the mean value of observations (showing

Table 9: Total effects of mode share variables on minor crashes.

Variables
Victoria Greater Melbourne

Est. SE Est. SE
Share of commuting by trainwith car access −10.688 1.077 ∗∗∗ −5.535 1.258 ∗∗∗

Share of commuting by trainwith walking access −1.275 0.212 ∗∗∗ −0.452 0.245 +

Share of commuting by trainwith feeder bus/tram 0.269 0.835 1.165 0.842
Share of commuting by trainwith cycling access −29.737 9.044 ∗∗ −29.278 10.091 ∗∗

Share of commuting by bus −3.703 0.619 ∗∗∗ −2.373 0.651 ∗∗∗

Share of commuting by tram −2.874 0.292 ∗∗∗ −1.649 0.343 ∗∗∗

Share of commuting bywalking 3.421 0.24 ∗∗∗ 2.015 0.279 ∗∗∗

Share of commuting by cycling 3.146 0.614 ∗∗∗ 4.026 0.649 ∗∗∗

Share of commuting bymotorbike 15.806 2.368 ∗∗∗ 2.177 4.485
Note: +p< 0.1; ∗∗p< 0.01; ∗∗∗p< 0.001, Est.� Estimated; SE� Standard error; AIC�Akaike information criterion.

Table 10: Total effects of mode share variables on total crashes and severe crashes in Victoria.

Variables
Total crashes Severe crashes

Est. SE Est. SE
Share of commuting by train with car access −11.588 1.063 ∗∗∗ −13.680 1.382 ∗∗∗

Share of commuting by train with walking access −1.655 0.204 ∗∗∗ −2.228 0.265 ∗∗∗

Share of commuting by train with feeder bus/tram −0.684 0.816 −2.745 1.092 ∗

Share of commuting by train with cycling access −23.098 8.551 ∗∗ −9.444 10.616
Share of commuting by bus −4.349 0.580 ∗∗∗ −5.585 0.656 ∗∗∗

Share of commuting by tram −3.372 0.287 ∗∗∗ −4.083 0.374 ∗∗∗

Share of commuting by walking 3.881 0.232 ∗∗∗ 4.165 0.260 ∗∗∗

Share of commuting by cycling 2.330 0.607 ∗∗∗ −0.174 0.794
Share of commuting by motorbike 19.006 2.312 ∗∗∗ 23.254 2.616 ∗∗∗

Note: ∗p< 0.05; ∗∗p< 0.01; ∗∗∗p< 0.001; Est.�Estimated; SE � Standard error.

Table 11: Total effects of mode share variables on total crashes and severe crashes in Greater Melbourne.

Variables
Total crashes Severe crashes

Est. SE Est. SE
Share of commuting by train with car access −5.649 1.254 ∗∗∗ −5.976 1.609 ∗∗∗

Share of commuting by train with walking access −0.742 0.240 ∗∗ −1.316 0.312 ∗∗∗

Share of commuting by train with feeder bus/tram 0.143 0.829 −2.218 1.138 +
Share of commuting by train with cycling access −24.62 9.849 ∗ −15.03 12.505
Share of commuting by bus −2.732 0.606 ∗∗∗ −3.603 0.707 ∗∗∗

Share of commuting by tram −2.147 0.343 ∗∗∗ −3.059 0.457 ∗∗∗

Share of commuting by walking 2.276 0.287 ∗∗∗ 2.482 0.340 ∗∗∗

Share of commuting by cycling 3.837 0.633 ∗∗∗ 2.623 0.808 ∗∗

Share of commuting by motorbike 1.341 4.523 −0.768 5.963
Note: + p< 0.1; ∗p< 0.05; ∗∗p< 0.01; ∗∗∗p< 0.001. Est.� estimated; SE � standard error.
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the change in the number of crashes per zone, on average, in
response to an increase of an explanatory variable).

*e results confirmed that a higher share of commuters
using public transport was correlated with fewer crashes (both
crash types). Particularly, a percentage point growth in the
percentage of train commuters with car access would be related
to a decrease of total crashes by 10.94 per cent and severe
crashes by 12.79 per cent in Victoria (or 0.36 total crashes and
0.13 severe crashes per zone according to the marginal effect).
*e mode shifting from car to train with car access tended to
relate to a smaller safety effect in GreaterMelbourne than in the
whole of Victoria, at 5.49 per cent and 5.8 per cent reduction for
total crashes and severe crashes, for each one percentage point
increase (equivalent to 0.16 and 0.05 crashes per zone, re-
spectively). *e reason may be that car travel in the whole of
Victoria state had a higher risk than in Greater Melbourne due
to the higher risks associated with longer distances and rural/
regional travel.*erefore, a modal shift from driving to riding a
train with car access in Victoria would reduce more crash
exposure and crash likelihood, thus, might have a higher impact
on road safety than in Greater Melbourne.

*e results on the safety impacts of commuting by train
with feeder bus/tram indicated that a percentage point rise in
the share of this mode might be associated with a reduction of
severe crashes in Victoria by 2.71 per cent (0.03 crashes), and in
GreaterMelbourne by 2.19 per cent (0.02 crashes). One possible
reason might be the speed of vehicle were reduced around bus/
tram stops [76]. *ere was no strong statistical evidence on the
safety impact of commuting by train with feeder bus/tram in
total crash models. Considering a multimodal trip of train
commuting with feeder bus/tram access, the commuter might
need to have an additional trip to connect bus/tram and train,
compared to commuting by train, bus, or tram only. *is
additional trip would include some walking that might also add
another risk, offsetting the safety benefit of commuting by train
with feeder bus/tram.

In addition, a modal shift from commuting by car to
commuting by train with FLM active mode (walking and cy-
cling) access might have a negative relationship with crashes in
both Victoria and Greater Melbourne. Particularly, when the
share of train commuting with walking access grows a per-
centage point, road safety tends to improve by 1.64 per cent in
total crashes (0.05 crashes) and 2.2 per cent in severe crashes
(0.02 crashes) in Victoria. Similarly, a one percentage point rises
in the share of rail commuters with walking access may be
related to a decrease of 0.74 per cent in total crashes (0.02
crashes) and 1.31 per cent in severe crashes (0.01 crashes) in
Greater Melbourne. Compared to car access and feeder bus/
tram, FLM walking access is associated with smaller safety
effects. An explanationmight be commuters weremore likely to
choosemotorized access mode over nonmotorized accessmode
(such as walking) to connect to train stations as the length of
commuting trips increased [77]. *erefore, a model shift from
commuting by car to commuting by train with walking access
might have less crash exposure reduction than to commuting by
train with car access or feeder bus/tram.

Likewise, a percentage point growth in the share of train
commuting with cycling access might correlate with signifi-
cantly fewer the total crashes’ number by 20.62 per cent (0.72

crashes) in Victoria and 21.82 per cent (0.7 crashes) in Greater
Melbourne. However, the proportion of commuting by train
with FLM cycling access was low at around 0.043% of all
commuting modes. *erefore, a one percentage point increase
will be a dramatic change for this access mode. *ese safety
effects tended to be significantly better compared to other access
modes.

A possible explanation for the positive safety benefits of
commuting by train with FLM active transport access, given
pedestrians and cyclists are vulnerable road users, is that train
commuting tended to be a safe travelmode [2, 3].Moreover, the
environment surrounding Victoria’s train stations might be
relatively friendly for active transport, especially cycling. Also, as
the share of active access mode increased around train stations,
the “safety in number” [38] might occur that drivers might be
more aware of pedestrians and cyclists’ safety. *ese findings
suggested that promoting commuting by trainwith walking and
cycling for FLM access likely provides traffic safety benefits at a
network level in Victoria and GreaterMelbourne, in addition to
other benefits such as health, environment, and travel cost,
which were found in the literature [22].

In terms of other public transport modes, commuting by
bus might be associated with a more positive impact on traffic
safety compared to trams. One percentage point rises in the
share of bus commuters may be related to a drop of 4.26 per
cent in total crashes (0.14 crashes) and 5.43 per cent in severe
crashes (0.05 crashes) in Victoria. Tram transit also has a
positive relationship with road safety, since a percentage point
growth in the percentage of tram commuters is associatedwith a
decrease of total crashes by 3.32 per cent (0.11 crashes) and
severe crashes by 4 per cent (0.04 crashes) in Victoria. Similar
but smaller safety benefits in Greater Melbourne, compared to
the whole of Victoria, could be found in relation to the share of
bus commuting (2.7 per cent or 0.08 total crashes/3.54 per cent
or 0.03 severe crashes) and tram commuting (2.12 per cent or
0.06 total crashes/3.01 per cent or 0.03 severe crashes). *e
modal shift from car to public transport for commuting seemed
to relate to a relatively large safety benefit on severe crashes, as
public transport is known to have lower fatality rates in
comparison with other modes [78]. Besides, the relation to a
higher safety effect of the bus in comparisonwith the tram could
be partially explained by the operation of the tram as streetcars
in a large proportion of the tram network in Melbourne [79].
Tram users may be exposed to high crash risk when access or
egress to/from tram stops located on the road median.
Moreover, the complex environment around the tram lines/
stops might increase the crash likelihood of surrounding
vehicles.

Journeys to work by walking and cycling were mostly
positively associated with the number of total crashes and severe
crashes, except the journey to work by cycling was insignificant
in the severe crashmodel for thewhole of Victoria. Total crashes
and severe crashes may decrease by 3.96 per cent (0.12 crashes)
and 4.25 per cent (0.04 crashes), respectively, in relation to a
percentage point increase of the proportion of commuting by
walking in Victoria, whereas, in Greater Melbourne, a per-
centage point rise of commuting bywalkingmight relate to a 2.3
per cent (0.07 crashes) rise in total crashes and a 2.51 per cent
(0.02 crashes) rise in severe crashes. Regarding the effect of

Journal of Advanced Transportation 13



commuting by cycling, increasing a percentage point in its
proportionmight be related to a 2.36 per cent (0.07 crashes) rise
in total crashes in Victoria. *e figures for additional crashes in
Greater Melbourne were larger at 3.91 per cent of total crashes
(0.11 crashes) and 2.66 per cent of severe crashes (0.02 crashes).
A percentage point rise in the share of motorbike commuting
might be associated with a significant rise of 20.93 per cent (0.59
crashes) in total crashes and 26.18 per cent (0.23 crashes) in
severe crashes in Victoria. *e relationship of the percentage of
commuters using motorbikes in Greater Melbourne with
crashes seemed to be insignificant. *e above figures indicated
that Victoria andGreaterMelbournemight not provide enough
safe environment for active transport modes and motorbikes,
especially for cycling in the metropolitan areas and motorcy-
cling in Victoria. Overall, the results were consistent with crash
rates reported in Australia, which indicated motorcycling,
walking, and cycling in Australia were more dangerous than
driving [80]. Specifically, the fatality rate per 10 million kilo-
meters traveled was 1.39, 0.62, 0.2, and 0.04 for motorcycling,
walking, cycling, and driving, respectively [80].

*e effects of population, the proportion of the 0–14 age
group, and the proportion of unemployment variables were
consistent with other studies [56–59]. Similarly, the positive
correlations between crashes and the proportion of freeway and
arterial network, or the number of train stations, bus stops, and
tram stops, or the number of signalized intersections were in
alignment with previous studies [49, 61, 62]. In terms of land
use, a more mixed land use tended to be related to a rise in total
and severe crashes in Greater Melbourne, but a safety im-
provement in severe crashes for the whole Victoria state. *e
highly mixed land use in urban areas might attract more
population and active travel, hence increased crash exposure
[58]. However, it might also shorten travel distances [31], thus
reducing crash exposure. *ese two opposite effects might be
the reason behind the mixed safety effect of land use entropy.
Further research should be done to deeply understand the safety
impact of mixed land use.

Overall, taking the network as a whole, modeling results
show that train commuting tends to be associated with an
improvement of network-wide road safety, regardless of FLM
access modes (walking, cycling, car, or feeder bus/tram). An
important implication from the findings is that promoting
walking and cycling for FLM train access would create a
synergistic effect on public health, the environment, the
economy, and road safety. *is is particularly true for pro-
moting cycling as a train access mode, given its potential safety
benefits and larger catchment size compared towalking. Policies
that aim at improving walking and cycling infrastructure to
connect to train stations (e.g., walking paths, bicycle lanes, or
secured bicycle parking such as Parkiteer facilities in Victoria
[81]) around train stations should be given more attention.

In addition, improving train feeder modes by bus and tram
could lead to benefits (reduced severe crashes) beyond ridership.
To this end, policies that aim at enhancing timetable coordi-
nation and feeder service coverage should be encouraged to
attract more train users using bus/tram feeder access mode.
From a theoretical perspective, the findings confirm the ap-
propriateness of using macroscopic (network-level) safety
modeling to capture the system-wide relationships between

mode share variations and traffic safety. *e correlations be-
tween crashes in a zone and travel mode shares in its neigh-
boring zones have also been confirmed and quantified by the
SLXNB models.

Given a substantial contribution to road safety at the
network level, improving car access to train stations, especially
in outer zones, should also be considered. Public transport is
being promoted and its ridership is forecasted to grow in
Victoria. However, if the share of train access by car is un-
changed, and given the car parks at most stations have reached
their capacity [81], the lack of car parks at train stations may
become a significant issue. *e lack of car parks may lead to
overflow parking into neighboring streets, impacting residents,
traffic flow, and safety. *us, policies that aim at improving car
access to train stations, such as the Victorian government’s plan
to provide over 11,000 new and upgraded car parking spaces for
train commuters [82], would encourage park and ride activities
and generate substantial road safety benefits.

Micromobility, e.g., e-scooters, has great potential to be an
FLM train access alternative. Recently, e-scooter hire schemes
have been trialed in Melbourne’s inner councils. Since the ABS
census data and household travel survey data currently do not
capture information about e-scooter, it was not possible to
investigate the potential safety effects of e-scooters as an FLM
train access mode in this study. Future research should consider
the safety effect of e-scooters as an FLM alternative.

Another limitation of this study is that mode share data
were derived from a cross-sectional survey on only one
census day. Using other travel survey data may help to
address this issue. Moreover, future research should explore
the application of other models such as the spatial Durbin
model or spatial error model to capture the potential spatial
correlation of collisions on the border of SA1 or other
unobserved correlations. Random-parameter or bivariate
modeling may also be worth consideration to address po-
tential heterogeneity and interaction issues. In addition,
more dependent variables and independent variables should
be tested, such as public transport crashes, the number of
casualties, or vehicle kilometers traveled to account for all
traffics going through an area. Analyses can also be con-
ducted with other spatial units, such as traffic analysis zones.
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