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Factors Influencing Public Transport Patronage Trend

Executive Summary
The overarching aim of the study is to provide evidence to ensure that the public transport network
for Perth remains relevant, fit for purpose and functional. In brief, this study seeks to address the
following objective:
Develop models of Public Transport patronage that can explain ridership based on
social or economic trends subject to land-use and accessibility policies and
infrastructure decisions by producing a comprehensive understanding of factors that
have contributed significantly to reductions in public transport patronage in Perth over
the last decade, with specific reference to both bus and train patronage.
The study first examined factors influencing public transport patronage trends in Perth over the
period 2009 to 2019 (Draft Report, 20 May 2020, Milestone 2.1). This report presents the findings
of the second part of the research, examining the last five-year period in more detail. The purpose
of this second stage of the research project is to assess the spatial differences in public transport
patronage shifts in Perth between Jan 2015 and August 2019.
Based on an analysis of socio-economic and demographic trends in combination with network
conditions, this report provides evidence on the factors associated with changes in public transport
ridership in terms of spatial variation and variation across different user profiles. This spatial
analysis study includes a modelling (regression) section and a section on forecasting for: (1)
simplified fare structure and (2) re-distributing bus service km from ‘under-performing’ areas in
relation to journeys/service km to areas of new transport developments (METRONET projects).
The report includes complementary studies of demand trends at the: (1) customer level and for (2)
identified transport hubs within the network. As with the stage 1 report, the methods and results
for each study are each presented in their entirety (spatial analysis study in sections 2 and 3;
demand trend study in sections 4 and 5) with a remark on the summary findings offered in the
conclusion (section 6).

Spatial Analysis Study: Regression
Five years of patronage data were analysed in relation to the following factors:
•

Internal (to transport) – fares, extent of service (service kilometres), provision of park-and-ride
bays, road congestion, and journey distance (origin-destination O-D); and

•

External – socio-economic activity indicators (population density, unemployment, vacancy
rates), city-wide accessibility (travel time between O and D), as well as urban facilities present
within suburbs.

Spatial regression techniques were applied at the suburb level to understand and estimate public
transport demand relationships with its determinants in the period 2015-2019, considering
separately patronage from O and to D, daily.
The results of the analysis confirm the stage 1 results that patronage follows the trend of the
economic indicators, with significant spatial variation and differences by type of user. The main
influences on patronage were accessibility, quality of services and congestion conditions, although
fares also played a significant role. Special attention needs to be paid to journeys originated in the
‘Outer’ region, as the sensitivity to price increases and the overall door-to-door travel time is likely
to be a deterrent for riders. Across all ticket classes the general findings are:
•

Level of service as measured by bus service km is significant for all fare types. It should be
noted that the variable is endogenous, as the service provision is an active response by the
authority to provide services where they are demanded.
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•

The number of Park & Ride (PnR) bays at O-D stations is a significant explanatory variable
for standard fares. This is an indicator that railway stations on the Mandurah and Joondalup
lines act as significant sites for the first boarding or last alighting of a journey.

•

Destinations with good public transport accessibility – as measured by the average journey
time to reach the destination – are associated with higher demand. As with bus service km,
the accessibility measure is the authority’s decision to provide high levels of service to these
destinations and the variable is endogenous. The relationship between accessibility and
suburbs of O is not significant.

•

Congestion on the roads is significant for standard and concession fares and is stronger for
models of journeys completing at destinations. This is an indicator that continuous
improvement in the road conditions (additional lanes, widening, traffic signaling, etc.) has
increased driving on main arterials, while decreasing the public transport patronage.

•

Whilst some fare elasticities were sensible and consistent with findings in stage 1, the
elasticity estimates were unstable over the five years. This is an open finding in the use of
spatial models to estimate fare elasticities and requires more research. We recommend that
the -0.62 estimate from stage 1 time series analysis is a more reliable estimate and that an
adjustment for outer zones (longer and more expensive trips) only be applied to commuting
data and not all journeys.

Spatial Analysis Study: Forecasting and Scenario Models
The report presents a limited number of forecast studies to examine two policy suggestions.
Forecast case studies 1-3 evaluate potential effects on patronage when limiting the fare structure
on Perth’s public transport network. Forecast case studies 4-5 consider the impact of removing
services on underutilised areas within the network to fund feeder services on new METRONET
project (Forrestfield Airport link, Thornlie-Cockburn Central, etc.).
1. Three fares, charged irrespective of the distance travelled (inner suburbs $3.5, middle
suburbs $4.5, outer suburbs $6);
2. Capping the fare for public transport patrons from outer suburbs at $5.2;
3. Splitting the suburbs in three main regions based on the weighted average travel distance
of the riders, with distinct break points (10km, 12km, 15km), and three fares varying
between $3.2 and $6, depending on the region;
4. Removing 20% or 30% of bus service km from two main areas identified as having lower
utilisation (Northern suburbs, including Craigie, Carine, Duncraig, Sorrento, Karrinyup and
Southern suburbs, including Beeliar, Spearwood, Bibra Lake, Palmyra, etc.).
5. Re-allocating bus service km from underutilised areas to new areas of development around
METRONET projects. This extends point 4 above, by evenly assigning the bus service km
to adjacent suburbs traversed by the METRONET projects (e.g., a contiguous range of
suburbs between Thornlie and Cockburn Central benefitting from an additional 250 bus
service km).
The forecasting results show:
Studies 1-3: Limiting multi-zone fares, but raising the fares (marginally) for single and two zone
fares, leads to an overall decline of 1.5% in passenger journeys. Capping the outer zone fares at
$5.2 (current 3 zone fares) leads to a 0.8% rise in journeys, but this may have revenue implications.
A promising policy option is to look at distance-based fares that overcome some inherent
inequalities in the current zoning system and may lead to increases of patronage in the order of
1.5% - 1.7%.
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Study 4-5: Simply reducing 20% or 30% of bus service km in underutilised areas is associated
with a reduction in patronage of 0.5% to 0.76%. However, re-assigning these services to new areas
where METRONET projects are underway could increase the number of journeys by 0.64% (175k
journeys for weekdays) and 0.87% respectively (235k journeys for weekdays). This is a result of
applying advanced regression models for predicting patronage by all four categories of riders.

Demand Trend Study
Customer Churn
The research identifies four classes (C.A.L.T) of passengers over a three-year 2016-2018
observation of linked smart card episode data (episodes are counts of journeys with customer
identifying information removed). Continued passengers are active over the entire study
period. Acquired passengers appear within the study period and remain until the end. Lost
passengers discontinue use within the study period. Temporary passengers appear within the
study period but discontinue ridership within the study period.
Analysis of all smart card transaction indicated the ratio of new passengers was 27%; the
percentage of retained customers is 52% and the percentage of patrons lost to the system was
26%. The customer churn ratios are presented in Figure E1:

Figure E1: Passenger fluctuation diagram for a market of 0.954 million travel card
episodes in 2017 compared with 2016 and 2018

Trend analysis of hub activity: new method and application
The first stage of the study (Draft Report, 20 May 2020, Milestone 2.1) examined passenger trends
at transport hubs by segmenting fare classes (standard, student, tertiary and all concession). Here,
a new method is applied, making use of data mining to identify activities at the station based on
arrival time and length of stay (Cardell-Oliver and Povey, 2018). Figure E2 shows the hub activity
classifications for Armadale.
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Figure E2: Classification of Passenger Activity at Armadale Station
Reading the legend on Figure E2, the items on the left represent attraction activities (e.g., work or
education), the middle column list transfers, and items on the right are generated journeys. The
trends in demand for these hub-activity classifications are used to describe and compare stations.
A trend-clustering method identified 12 variations of trends in demand and these were further
refined into seven descriptive labels of demand: Fall, Rise, Stable, Disruption, Dip, Peak and
Big Rise. Armadale is chosen for demonstration purpose only.
The report on local trends in passenger demand uses the above trend classifications to describe,
compare and contrast transport hubs. In particular the study included an analysis of the passenger
trends at Bull Creek and Warwick stations having been identified as the nearest stations to the
targeted underutilised areas. Both stations have a high bus to rail transfer function (40% - 45%)
as well as being generators (30% - 40%) and relatively low activity at the hub (20% - 25%). The
contrast in trends is that Bull Creek has a stable overall patronage demand (+2%) with a stable
but rising trend in transfers (+3%), but Warwick is experience overall negative growth (-2%) being
dominated by its transfer function (-5%).
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1 Introduction
This project furthers understanding of the spatial differences in travel demand for public transport
(PT) services in Perth, investigating both external determinants (e.g., changes in economic growth
and demographics), as well as internal factors (e.g., changes in transport services and fares).
Micro-analysis follows public transport demand trajectories for individual (de-identified) travellers
to provide a descriptive analysis of customer types based on 2015-2019 SmartRider data.
Beyond the modelling work described in the reports, the project makes use of the RailSmart
Planning Support System (RPSS) to visualise transport, economic and social trends (the input
series). The data series required to undertake the modelling exercises have been collated by
PATREC and the steering committee (SC). Following model estimation and forecasting, insights
regarding parameters, errors and predicted values will be embedded in the RPSS system; along
with input data, to display changes in PT usage patterns, customer profiles and behavioural
sensitivities to land-use and accessibility changes for specified spatial units (i.e. hubs or regions
within Perth metropolitan area).
This report outlines the procedures undertaken and the results found in the two research streams:
Spatial Analysis Study - extensive modelling at the suburb level, capturing the distinct effects of
type of rider on the patronage, has been undertaken using the 2015-2019 monthly data,
incorporating more detailed temporal and spatial predictors (e.g., unemployment rate, population
density by relevant age groups, congestion). Six types of models (four included in the report) were
estimated, using the a-spatial Ordinary Least Squares (OLS) model as a baseline. Several
predictions were completed for various fares and distribution of Bus Service km.
Demand Trend Study - examines transport demand evolutions for 16 transport hubs, identifying
six different demand evolutions shifting the object of analysis from the hub (location) to the rider
(people) in a proposed model of passenger demand evolution.

1.1 Research Objective
The overarching aim of the study, reiterated here, is to provide evidence to ensure that the public
transport network for Perth remains relevant, fit for purpose and functional. In brief, this study
seeks to address the following objective:
Develop models of Public Transport patronage that can explain ridership based on
social or economic trends subject to land-use and accessibility policies and
infrastructure decisions by producing a comprehensive understanding of factors that
have contributed significantly to reductions in public transport patronage in Perth
over the last decade, with specific reference to both bus and train patronage.

The report presents detailed analyses of the changes in socio-economic trends and patronage in
Perth during 2015-2019.

1.2 Structure of the Report
This report includes six sections:
•
•
•

Section 1 introduces the project, addressing the overarching research objective;
Section 2 describes the data sources and spatial methods used in the spatial analysis
study;
Section 3 discusses the results of the spatial analysis study i.e. models and forecasting;
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•
•
•

Section 4 is a discussion regarding the approach to and results of the demand trend study
including passenger churn models and preliminary insights;
Section 5 presents the demand trends investigation of specific activity centres; and
Section 6 provides conclusions and recommendations.

2 Spatial Analysis Study Methods and Data
The aim of the second stage of the project is to identify spatial factors that affect PT ridership and
inform transport policy that is sensitive to social and economic trends. This section describes the
techniques and the data sources integrated in the research.

2.1

Modelling Techniques

Whilst it is broadly recognised that Ordinary Least Squares (OLS) regression can account for
spatial contributions to dependent variables (here patronage) through the inclusion of locational
dummy variables (e.g., 15 zones), geocodes, or distance measures that may also interacted with
other predictors (as in Casetti expansion models, see Olaru et al., 2017), it is possible that the
errors still keep/display some form of interdependence in space. A class of spatial models are
introduced to account for the spatial dependence that borrow from studies in time series analysis.
Spatial autoregression models (SAR) introduce spatial lags (correlations between neighbouring
dependent variables) which is an analogue to including the observation at time period minus one.
Spatial error models (SEM) account for lagged errors (i.e. unexplained variance is spatially
dependent) by specifying an error decomposition. The inclusion of both spatial modelling
techniques is referred to as the autoregressive combined model (SAC) specified as:
𝑃𝑃𝑖𝑖 = 𝛼𝛼 + 𝜌𝜌𝑾𝑾𝑃𝑃𝑙𝑙 + 𝑓𝑓(𝑭𝑭𝒊𝒊 , 𝑬𝑬𝒊𝒊 , 𝑨𝑨𝒊𝒊 ) + 𝜇𝜇𝑖𝑖 and

𝜇𝜇𝑖𝑖 = 𝜆𝜆𝑾𝑾𝜇𝜇𝑙𝑙 + 𝜀𝜀𝑖𝑖 ,

(1)

where patronage for suburb i, Pi (demand for travel reported as journeys) is a function of fares (𝑭𝑭𝒊𝒊 ),
economic indicators (𝑬𝑬𝒊𝒊) and accessibility measures (𝑨𝑨𝒊𝒊 ). Weights W are introduced to reflect the
area of influence (spatial window) around each origin/destination suburb. The weights may be
uniform in that all other properties in the location (𝑙𝑙) share the same influence. A common method
to specifying W is an indicator of contiguity in that Wij=1 if the suburbs share a boundary and zero
otherwise. Alternatively, weights may be specified by a kernel to reflect the area of influence is
decaying with distance. Here W refers to the matrix of distances between suburbs, or, for efficiency
of calculation, the six nearest neighbours from each O or to each D.
Lags: spatial parameter 𝜌𝜌 measures the intensity of the spillover effect, giving the degree to which
patronage in one area may be in part determined by the factors driving patronage in a neighbouring
region. For values greater than zero (positive spillover) 𝜌𝜌 indicates the degree to which provision
of services or economic factors in neighbouring areas are explaining patronage. The lagged
dependent variable is preferred to lagged independent variables (i.e. 𝑃𝑃𝑖𝑖 = 𝛼𝛼 + 𝛾𝛾𝑾𝑾𝑓𝑓(𝑭𝑭𝒊𝒊 , 𝑬𝑬𝒊𝒊 , 𝑨𝑨𝒊𝒊 ) +
𝜀𝜀𝑖𝑖 ; the spatial Durbin error model) because the spillover effects may also include unobserved
components not measured by 𝑓𝑓(𝑭𝑭𝒊𝒊 , 𝑬𝑬𝒊𝒊 , 𝑨𝑨𝒊𝒊 ). On the other hand, if 𝜌𝜌 < 0, then the ‘spillover’ effects
are measuring a degree of ‘competition’ between neighbouring suburbs. In the case of public
transport a negative may result from the geography of public transport supply being that services
traverse through some suburbs on main arterial routes and on rail lines.
Error components: spatial parameter λ is used to indicate that the 𝑓𝑓(𝑭𝑭𝒊𝒊 , 𝑬𝑬𝒊𝒊 , 𝑨𝑨𝒊𝒊 ) model may
under/over-estimate values in local areas, leading to spatially correlated errors. The error
component 𝜇𝜇𝑖𝑖 aims to separate the spatial error pattern from the random error 𝜀𝜀𝑖𝑖 . The importance
of including the error component is that mis-specified errors will lead to biases in the estimated
parameters on fares, economic indicators and accessibility measures, resulting in erroneous
forecasts for scenario modelling exercises (Kim & Zhang, 2005; LeSage & Pace, 2011; Golgher &
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Voss, 2016). If spatially autocorrelated residuals are left unaddressed, a large concentration of
unexplained error will remain in the model (Paez & Scott, 2005).
Figure 1 outlines the hierarchical relationships between the four models included in the report
(while spatial Durbin model SDM and the more general Manski model – Durbin with error
dependence – were estimated, the statistical tests indicated no significant difference from the
spatial models with spatial lag and autocorrelation described below, thus not further included). The
general, two spatial parameter model, SAC (1) nests the other three models and therefore standard
tests of significance (i.e. Student t-tests and Lagrange Multipliers) on spatial parameters 𝜌𝜌 and λ
may be used to justify the estimation of the higher level of complexity. The single parameter spatial
models, SEM and SAR, are estimated under the assumption that the complementing spatial
parameter is zero. SEM assumes no autocorrelation (i.e., 𝜌𝜌 = 0) and SAR assumes the spatial
errors are stationary (i.e., λ = 0). If both 𝜌𝜌 and λ are zero, SAC reverts to the OLS (a-spatial)
regression. The appropriate model is a matter of empirical inquiry.

Figure 1: Hierarchical Structure of the Four Main Spatial Regression Models

2.2

Forecasting with Spillover

Forecasting results with OLS and SEM are relatively straightforward. The specification of the model
means that the estimated impact from a change in the transport system in one geographic region
(suburb or group of suburbs) applies only to the affected areas. For example, if additional services
were added to one or more suburbs the estimate changes to patronage apply only to those
suburbs. As mentioned, the inclusion of a spatial error decomposition (SEM) serves to provide
unbiased parameter estimates for the independent variables (social and transport factors). The
inclusion of a spatial lag matrix (SAR, SAC) adds additional complexity to forecasting and scenario
modelling (Kim & Zhang, 2005; Golgher & Voss, 2016).
Estimating the impact of transport policy includes a direct effect and an indirect effect. As with OLS
and SEM – the direct effect applies only to the geographical areas where the policy takes effect.
The indirect effect applies to all neighbouring suburbs that belong to the spatial connectivity (or
distance) matrix W. The indirect effect (spillover) is usually a degree of magnitude smaller than the
direct effect, but ultimately the relative magnitudes are determined (estimated) by the spatial
coefficient 𝜌𝜌.

The weight matrix W has normalised elements such that each row adds to one. When forecasting,
the estimate 𝜌𝜌� determines the total magnitude of indirect effects that is to be applied to all suburbs
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with a non-zero row element. The important issue is that these indirect effects also have a feedback
process, such that if 𝜌𝜌� > 0, then the total effect is greater than the direct effect as indicated by
attribute parameter β. For 𝜌𝜌� > 0.5 the spillover effects can be quite large comparative to the direct
effects. Because the method includes an inverse of 𝜌𝜌𝑾𝑾 , estimates of 𝜌𝜌� → 1 lead to indirect effects
being of an order of magnitude much larger than the direct effects and are unlikely in an empirical
setting.
In summary, to account for the influences of proximity/distances on patronage, our research
applies an Ordinary Least Squares (OLS) model (benchmark) and three forms of spatial models:
the spatial autoregressive lagged (SAR) model, spatial error (SEM) model and a combination of
the two, or spatial autoregressive combined model (SAC).
As OLS and SEM do not include spillover effects, they will differ in forecasting and scenario
modelling only in the presence of spatial correlations in the errors (i.e. the parameters will be
different between the two estimating models). SAR and SAC include spatial lag terms and
therefore forecasting and scenario modelling will also include a spillover process. If the estimate
𝜌𝜌� > 0 then impact of policy implemented in one area will see a positive impact on neighbouring
areas (i.e. same direction as the sign of the attribute parameter β ) and by way of a feedback loop
the effect on the targeted area will be larger than indicated by β.

2.3

Predictions Using Supervised Machine Learning

To benchmark the effectiveness of the spatial regression models in determining patterns between
patronage and other factors over space and time, an alternative modelling methodology was
chosen to compare predictions.
The field of machine learning was examined to determine suitable algorithms to be used to
benchmark the previous results. Murphy (2012, p.1) suggests that machine learning can be
considered as “automated methods of data analysis”, describing it as a set of methods which can
use patterns automatically found from within data to make predictions or decisions.
Artificial neural networks (ANN), also known simply as neural networks, are a set of algorithms
within the field of machine learning. Fundamentally, these algorithms attempt to model the brain
through modelling neurons – an element of which when connected together allows humans to think
and learn.
The original modelled neurons by McCulloch and Pitts (1943) passed a weighted sum of inputs
through a threshold function to estimate an output. A threshold (or activation) function can be
thought of as a function where the output is zero below a certain point, but is a function of the input
above that point. In many cases, a sigmoid function is applied. The original model was limited by
the fact that only linearly separable inputs could be classified.
Later work by Rumelhart, Hinton and Williams (1986) as well as by others developed the
feedforward-backpropagation algorithm, where one or more hidden layers of neurons sit between
the input and output layers.
Murphy (2012) described the feedforward neural networks as “a set of logistic regression models
stacked on top of each other… with the final layer being either another logistic regression or linear
regression model depending on whether we are solving a classification or regression problem”. (p.
563). These networks can contain one or more hidden layers where a function of the input is
passed through an activation function.
Our spatial regression models were further explored using neural networks which can model
(estimate, predict) multiple outputs. We used here simultaneously inputs for all years as our input
layer of the neural network and the 2015 to 2019 patronage by O and D as the output layer, with
a number of variable hidden layers. This allows us to assess influencing factors of the patronage
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over all five years, using the differences between predictions of the network and output as the
‘teacher’, with ways to adjust the weights of the hidden layers of neurons feeding back into the
learning of the network.
This means that a pseudo-lag effect from previous years can be introduced for the output in future
years. Conversely, the effect of future years can theoretically contribute to the previous years. This
likely represents the underlying characteristics or ‘inertia’ that does not change from year to year
within the contributing factor.
We used the ‘nnet’ package for R software, with hyper parameters tuned in ‘caret’ and training
70% of the data. The MSE of the model and the contribution factors assessed the goodness-of-fit
of the models.

2.4

Data Sources

Continuing from the previous econometric regression and latent growth modelling (Draft Report,
20 May 2020, Milestone 2.1) a variety of data sources were combined and independent variables
included in the yearly spatial models.
For this second stage, data obtained from the Australian Bureau of Statistics (ABS), the
Department of Transport (WA), the Public Transport Authority (PTA) were included in the models.

2.4.1 Dependent Dataset - Patronage Data
Patronage data, detailing the number of trips and journeys between origins (O) and destinations
(D), was provided by the PTA. In this context, a trip is defined as the boarding and alighting of a
single service; whereas a journey consists of one or more trips and details the O and D of a public
transport user.
The patronage data was received in two separate datasets, as listed below:
1. SmartRider O-D journeys: for each suburb-to-suburb pair within Perth. This includes the
number of journeys by time of day (Off-Peak, AM-Peak 7-9AM, PM-Peak 4:30-6:30PM)
and day of the week (Weekday, Saturday, Sunday), for each of the four categories
described below:
•
•
•
•

Standard: all users who use a Standard SmartRider;
Senior: all users who use a Senior SmartRider – corresponding to persons who
are eligible for the Seniors Card;
Student: all users who use a Primary SmartRider, Secondary SmartRider and
Tertiary SmartRider – corresponding to primary and secondary school students,
plus full-time tertiary students;
Concession: all remaining categories, except those used internally by the PTA.
This includes Veterans and those who hold a Centrelink card.

This research considers only full day and AM-peak, weekday and weekend in the spatial models.
2. Journeys by month and ticket type: for each month from Jan 2015 onwards to Sep 2019,
the total number of journeys and trips, based on the transport mode (bus, ferry or train), as
well as the granular payment type, is provided, such as cash, type of ticket machine and
SmartRider, including manual and automated adjustments.
These datasets were enriched with other datasets, for example road network distances and fares.
The road network distances between the centroids of each area were calculated with
OpenRouteService, to estimate the distance travelled by each passenger; whereas the fares were
gathered from historical extracts of the Transperth website.
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As the fare paid by the SmartRider holder is not available in the aggregated O-D journeys data, a
procedure was developed to estimate the type of fare paid for each type of journey, to then allow
allocation of the fare to the journey. This enabled derived statistics such as passengers per service
kilometre and revenue per service kilometre to be extracted. Based on the O-D suburbs, the
number of suburbs crossed between them in a straight-line Cartesian path, determined whether
the passengers were likely to transit through Perth. This information was used to estimate the fare
required, based on the number of zones. Due to this methodology and the aggregation of the data,
the weighted fare is only an estimate.

2.4.2 Independent Data Sets – Spatially Variant
The following data sets were gathered and processed with the aim of using them as independent
variables being incorporated in the spatial regressions. The datasets in this section below are
spatially variant – they are captured for different geographic areas, however at different scales and
at differing time scales. Spatially invariant variables, such as price indices, mining jobs, visa
workers, included in the previous latent growth and econometric time series models, are not
considered in this detailed yearly spatial analysis.
ABS Census
The following data has been calculated using the Australian Bureau of Statistics (2020) Perth
Census data from 2016. On a spatial scale, these have been delivered in 2016 postcode or suburb
where available. They represent factors influencing patronage and are as follows:
1. Demographics: population demographics split by age group (0-21, 22-35, 36-59, 60+)
were extracted and aggregated per suburb for the last three census time periods, with an
indicator for each group for each Census time period. They were then interpolated for the
years without Census (2015, 2017-2019) to derive population density. Median household
income and unemployment were extracted from the 2016 Census for Perth by suburb.
2. Labour Force Time Series: labour force data was included based on Census data, with
spatial variation (2016). The number of jobs are categorised by occupation code into White
Collar (Managers, Professionals, Clerical and Administrative, Sales) and Blue Collar
(Technicians and Trades, Community and Personal Service, Machinery Operators and
Drivers, Labourers).
Economic conditions
Spatially variant economic data, gathered for residential properties (SQM Research, 2020),
includes the monthly Residential Property Vacancy Rates for postcodes in Perth.
Transport
The analysis includes the following data sets:
1. Average Commuting Distance (Road): the road network distance between each O-D pair
calculated at the suburb level using Openrouteservice (2020) and OpenStreetMap data.
2. Average Fare: The minimum, maximum and average fare for each monthly O-D pair in the
patronage dataset was modelled alongside the total revenue from the pair, considering the
time-of-day and four types of ticket/riders (Standard, Student, Senior, and Concession). Zone
boundaries were derived from maps published by Transperth (2020a), with an algorithm
developed to estimate the journey taken between two regions and to calculate two-section
tickets. The number of zones traversed was determined based on the likelihood of the journey
crossing the Perth CBD, which influences the number of zones and hence ticket price.
Historical ticket prices/fares were collated from historical extracts from the Transperth website.
3. Fare Zones: the Transperth network zones were derived based on nearest stop and as per
the ‘visual guide’ published by Transperth (2020a). This was used in modelling with the
patronage data.
4. Average Travel Time (PT): Data using PATREC’s ADAPT tool between regions has been
gathered for this analysis, making use of the GTFS travel time data, which includes transfers
and accounts for frequency of services. An index for a representative day, for both AM and PM
peaks, was generated for each year, detailing the travel time between each O-D pair of
suburbs.
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5. Commuting Trips to CBD: this data were extracted from the patronage data; further detail
can be acquired from highway ‘tube’ data which is explained in the next section.
6. Location (edge/border vs. inner city): this was incorporated by using the 15-region system
used to divide Perth into ‘Inner’, ‘Middle’ and ‘Outer’ areas, by road network distance from the
CBD (and further by rail line catchment).
7. Points of Interest: dummy variables were included to describe whether a particular type of
urban infrastructure is present within the suburb. Points of interest used included Transperth
train station, Transperth bus station, Transperth bus/train interchange, major (‘regional’)
shopping centre, major hospital, major university campus.
8. Congestion: vehicle-kilometres travelled and average speed during peak were provided by
Main Roads WA for each major road segment for the time period of investigation. These
indicators were then allocated to the '15 zones' and then averaged by road length for each
zone and year. The regression models use the average speed as the congestion indicator.
9. Bus and Rail service kilometres: the number of kilometres travelled by scheduled services
and the quantum of such services was calculated for each suburb throughout Perth for both
rail and bus services. The source of data is the historic GTFS, used to model the timetable and
path of each scheduled service throughout a Wednesday, Saturday and Sunday four times
throughout the year and then averaged for the weekend and weekdays.

2.4.3 Independent Data Sets – Investigated but Not Included
Length of Highway: the total length of highway within the Perth Metropolitan area was calculated
from WA Main Roads geographic road line data, however this data is currently not available over
time.
Provision of Major Transport Infrastructure: the data does not currently exist in any structured
and quantitative format, requiring manual redaction for each change by the Public Transport
Authority. Instead, kilometres and stop numbers were used as a proxy for changes in transport
provision.
Provision of New Railway Stations (and Bus Stops): this data was extracted based on inferred
rules, for determining the type of stop within GTFS data; it is limited for the GTFS data horizon of
2014 onwards and it was extracted at each date when GTFS data changed.

2.4.4 Data Used in the Spatial Regression Models
The estimated models (a-spatial and spatial) cover Standard, Concession, Senior and Student
(student includes tertiary and secondary) ticket types. Table 1 lists the dependent and independent
variables entering the equations. To offer an understanding of the factors that affect the generation
of public transport journeys within a spatial framework, the same structure (i.e. the composition of
independent variables) was used for each type/class or rider.
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Table 1: Variables Used in the Models
Variable
Entering the Equation
Dependent
Total journeys originating (first tag
Log (O_Journeys)
on) within suburb
Total journeys ending (last tag-off)
Log (D_Journeys)
within suburb
Independent
Public Transport Levels of Service and Fares
Transperth fare (Origin-Destination) Log (W_fare)

Average journey distance

Log travel distance (km)

Accessibility by public transport

Log accessibility (travel
time min)

Bus service km
Park and Ride bays at the stations
located within the suburb
Bus terminal within suburb

Log (Bus km)
Log (PnR)

Designated bus interchange at
railway station

Bus interchange (dummy)

Traffic congestion

Log congestion (average
am peak speed in km/h)

Demographics and Housing
Population density
Average weekly household income
(AUD)
Unemployment rate (%)
Residential vacancies (%)
Other Spatial Information
Presence of large shopping
complex
Presence of public hospital
Presence of tertiary campus

Bus terminal (dummy)

Explanation

Weighted average of all fares
origination (O) or terminating (D)
within suburb
The arithmetic average distance for
journeys origination (O) or
terminating (D) within the suburb
Accessibility is the average travel
time by public transport from a
suburb (O) to any other suburb in
the metro area or from all suburbs
to a suburb (D).

Indicator variable equals 1 if suburb
has a bus terminal.
Indicator variable equals 1 if
stations within the suburb have a
bus interchange
Average speed on main arterial
routes within 15 zones

Log (persons per km2)
Log (Income in AUD)
Log (Unemployment)
Log (Vacancies)
Shopping centre/precinct
(dummy)
Hospital (dummy)
Tertiary Education
(dummy)

Indicator variable equals 1 if suburb
has a large shopping complex.
Indicator variable equals 1 if suburb
has a public hospital.
Indicator variable equals 1 if suburb
has a tertiary education campus.

The dependent variable, journeys, as well as the predictors were transformed using the natural log
function, to reduce the violations of the linearity, normality and homoscedasticity assumptions
(many of the variables are highly skewed and kurtotic), and enable easier interpretation. The
results are comprehensive and provide an exploratory insight into the spatial dependence of public
transport demand in Perth.
As indicated, an Origin suburb is identified as where the first tag-on occurs and in the same way
the Destination suburb refers to the suburb of the last tag-off. Because we are using the whole
day, it is quite conceivable that over a day’s activity of one outbound and one return journey, the
endpoints will be both O and D. However, there remains a degree of directionality as indicated by
the parameters.
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3 Spatial Analysis Study Results
3.1

Descriptive Statistics

Extensive visualisation was undertaken for all predictors and patronage and the output will become
an integral part of the RPSS. For the purposes of this report, some examples of mapping of
indicators are provided. The mapping considers the observed (raw) data and not
modelled/predicted patronage data.
The project calculated the level of utilisation as the number of journeys originating O or ending D
within a suburb divided by the total service km operating within the suburb boundaries. Selecting
only one year (e.g., 2018), two maps are provided – one for originating and one for destination
suburbs. Figure 2 shows mismatches between service provision and patronage at the origin
suburbs. There is clear evidence that suburbs that contain a rail station have high relative levels
of utilisation. On the Mandurah and Joondalup lines where the freeway separates the suburbs
there is a notable boundary effect because all station activity is allocated to one of the two suburbs.
The interspersed dark-light areas show heterogeneity across the space of the metropolitan area.
.
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Figure 2: Utilisation level (journeys per service km) during weekdays (at origin suburbs O,
2018)

The ratios display a similar pattern at the destination suburbs, D (Figure 3). Dark areas illustrate
suburbs with good patronage, primarily along rail corridors, whereas light suburbs suggest an
‘excess’ of services for the patronage recorded.
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Figure 3: Utilisation level (journeys per service km) during weekdays (at destination suburbs
D, 2018)

Page 18

Factors Influencing Public Transport Patronage Trend

Appendices A and B present univariate and bivariate statistics on service predictors for Standard
riders for destination suburbs (Figures A1 to A5) and origin suburbs (Figures B1 to B5) during
weekday and weekend days. The summaries confirm the highly skewed and kurtotic distributions
of patronage and services and their heterogeneity across space. The multimodal appearance of
the congestion indicator is a result of its derivation and a reflection of the discrete categorisation
of roads. Not surprisingly, the strongest associations are for Standard ridership, followed by
Concession, Students, and Seniors. The correlations are also higher for weekday, compared to
weekend conditions.

3.2

Regression Results

The project applied a comprehensive, but standardised approach to estimation of models for the
four passenger classes across five calendar years, 2015 – 2019. The annual demand for public
transport for each passenger class is estimated by an a-spatial, OLS, model and spatial, SEM,
SAR and SAC, models. A total of 80 (4 types of rider x 4 models x 5 years) models were therefore
estimated for D suburbs and weekday. These models are called ‘generic’, as they have the same
predictors. A second set of 80 models was estimated for O suburbs. Weekend models (160) as
well as models for the AM-peak (160) were also derived, and based on feedback from the project
Steering committee, a final set of 160 models with specific predictors for each type of traveller was
estimated.
The R codes and results for all these models are provided in electronic format with detailed results
on SAC specific models for weekdays presented in the Appendices C and D, in the following order:
•

Concession fare travellers, destinations (Table C1);

•

Standard fare travellers, destinations (Table C2);

•

Senior fare travellers, destinations (Table C3);

•

Student fare travellers, destinations (Table C4);

•

Concession fare travellers, origins (Table D1);

•

Standard fare travellers, origins (Table D2);

•

Senior fare travellers, origins (Table D3);

•

Student fare travellers, origins (Table D4).

Across all ticket classes the general findings are:
•

Level of service as measured by bus service km is significant for all fares. It should be noted
that the variable is endogenous, as the service provision is an active response by the authority
to provide services where they are demanded.

•

The number of Park & Ride (PnR) bays at O-D stations (total supply of parking) is a significant
explanatory variable for Standard fares. This is an indicator that railway stations on the
Mandurah and Joondalup lines act as significant sites for the first boarding or last alighting of
a journey.

•

Destinations with good public transport accessibility – as measured by the average journey
time to reach the destination – was a strong predictor of demand (except for Students). As
with bus service km, the accessibility measure is the authority’s decision to provide high levels
of service to these destinations and the variable is endogenous. The relationship between
accessibility and suburbs of O is insignificant.
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•

Congestion on the roads is significant for Standard and Concession fares and is stronger
for models of journeys completing at destinations. This is an indicator that continuous
improvement in the road conditions (additional lanes, widenings, traffic signaling, etc.) has
increased the number of drivers (and vehicles) on the main arterial roads, while decreasing
the public transport patronage.

•

No significant demand effects were associated with bus terminals or interchanges. The
lack of association would indicate that these facilities act as transfer points for public transport
riders, rather than O-D points; also that some partial effects are covered by the population,
employment and accessibility variables.

•

The presence of a shopping complex appears to have no relationship on demand. However,
sites of major hospitals were significant attractors for Seniors travelling by public transport
and tertiary education institutions for Students.

•

Fare appears to play a significant role for the Standard riders (both at O and D) and partly for
Concession, but not for Seniors and Students, given their entitlements.

•

In terms of socio-economics, income is significantly associated with patronage for the
Standard riders, primarily at the D, and unemployment conditions with the number of journeys
recorded by Students. The latter may be explained by the substantial number of tertiary
students, who are also working part time while studying.

3.3

Specific Findings

3.3.1 Concession
Although models have a reasonably good explanatory power (over 90% of the variability in travel
to a destination and from an origin), the Moran’s I and Lagrange Multiplier diagnostics demonstrate
the spatial dependence and heterogeneity effects and the need to account for them.
All models (spatial and a-spatial) confirm the strong and significant effect of bus service km (+ve),
provision of PnR (marginally +ve), congestion (-ve), and population density (+ve), as well as the
positive effect with the travelled distance.
This is consistent with the benefits of public transport over car travel for longer trips (e.g., PT
offering better travel time than car, as it is less affected by congestion) and the access provided
by the PnR and feeder buses at the large mass transit rail nodes. Consequently, road traffic
congestion is pushing riders towards public transport, mainly train. The negative effect is
particularly relevant in the current conditions, where the Smart Freeway Kwinana Freeway
Northbound project substantially improved the speeds on the Kwinana Freeway.
(https://www.mainroads.wa.gov.au/projects-initiatives/projects/metropolitan/smartfreeways/)
Similarly, travel time accessibility is significant for destinations, but not at the origin O, emphasising
– together with the dummy variables for major employment locations - the role of accessibility of
the activity centres. The sign for fares is negative and increased in absolute terms in the last years
of the time period of investigation. Population density is also significant at O.
Examining the SAC models, the coefficient for fare (representing an elasticity in the log-log model)
varies between [-0.82, -0.38] for D and from [-0.50 to -0.33] for O. These values remain stable for
all spatial models.
Of note are the parameters λ and ρ for the spatial models, showing how the neighbouring values
of the patronage exert a direct effect on the value of the patronage from an O or to a D (spatial
dependence λ) and the correlated errors. As indicated, the spillover and correlation effects stem
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from factors not included in the systematic component of the model (e.g., special events, weather,
or price of competing modes) or not accounting for the spatial clustering.
Our spatial models used distinct weight matrices of spatial structure determined from the distance
to the neighbouring suburbs (kernel functions), with the currently reported models including the
closest six neighbours, for speed of calculation.
The patronage values ‘spillover’ to other destinations in the area is about 5-10%.

3.3.2 Standard
A similar trend is recorded for the Standard fare, with strong and significant effects of bus service
km, provision of PnR, travelled distance, and congestion.
The effect of travel time accessibility remains statistically significant only for D, with coefficients
that are larger than for Concession riders. The impact of travel time accessibility to D of activities
is a key finding, of relevance to the transport organisation/agencies which are in control of the
services provided. The positive effect of travel distance reiterates the competitive advantage of
public transport over car travel over longer trips, especially along the rail corridors. An example of
this could be the travel between Mandurah to Perth CBD, or from the city to Butler.
The elasticity of substitution (cross elasticity) with respect to car travel time is estimated using
average speeds from Main Roads performance data (congestion). The estimates range between
-.47 and -1.18 across both O and D data sets, suggesting elastic relationships.
However, the fare elasticities are quite stable overtime [-1.17, -0.73] for D, but less stable
[-0.60, -.0.34] for O, and we think the -0.62 estimate from phase 1 time series analysis is a more
reliable estimate. Note in that report that estimates on the commuter data indicated a more elastic
market in the outer suburbs of Perth. The explanation is that the commuter data only included AM
peak trips into the city. The spatial standard models are all day to all destinations. Income is
statistically significant for all types of models predicting patronage at D and partially for models of
patronage from O.
Population density also positively affects patronage at O, whereas presence of a major hospital
appears to have a marginal positive effect for D.
These effects seem to be diluted when accounting for the spatial effects. The spillover and
correlation effects are significant, varying between about 3 and 8% for origins, but are much
smaller for destinations (<3%).

3.3.3 Senior
As expected, for this category of public transport users (over 60 year olds, benefiting from the
Senior Card), the fare is of less importance, considering the free travel benefit during off-peak
weekdays and the weekends. The most significant predictors appear the travel distance, service
coverage and frequency, and road congestion. Also, origins with lower socioeconomic indicators
(measured by unemployment rates) had a spatially distinct influence on Senior ridership recorded
at the D suburbs. In contrast with the Standard and Concession fare travellers, the city-wide PT
accessibility is not a strong predictor, reflecting the time flexibility this groups benefits from. The
findings point out the similarity of the OLS, SEM, and SAC model results, with SAR presenting
weaker effects for distance and access, but stronger for services (bus service km and PnR) for the
O suburbs, but not for the D, where the effects remain consistent across spatial models. Notably,
neither the overall population density, nor the number of residents in the 60+ group had a
significant effect on patronage, suggesting a relatively even spread of the travel of this smaller
group of public transport riders.
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3.3.4 Student
Finally, for Student riders, the most significant predictors are travel distance, congestion, and bus
service km (D), followed by the unemployment rate (positive association both for O and D). The
travel distance seems to be a weaker predictor for patronage at D of this group, but stronger for
O. Conversely, larger parameters are noticed for services and unemployment at D. Population
density does not play a significant role, but neither does the age group under 25 years. Specifically
for Students, income plays a negative role in predicting journeys at D. Presence of tertiary
education institutions matters for patronage both at O and D.
The spatial effects are significant, yet unlike the previous categories with a positive ρ, here the
spillover effect is negative, suggesting potential negative externalities associated with the
presence of schools.
In terms of explanatory power, the models for Students has the lowest pseudo R2 measures.

3.3.5 Summary
All OLS and spatial models presented in this report explained at least 85% of the variability in
Journeys by O or D, with an average over 90% (models for weekend and AM-peak have lower
explanatory power). Spatial models have comparable explanatory power to the OLS models,
nevertheless the spatial effects are significant.
There is clear evidence that patronage models vary spatially in their effects/findings by type of rider
and by day of the week (not presented here).
While reducing fares may increase ridership (given the negative association), a more obvious and
solid effect on patronage is due to service levels (bus service km – connectivity and frequency),
accessibility levels, and the interplay between road conditions and access to the stations. The
endogeneity of bus service km (e.g., increased ridership on a route is increasing the frequency of
services on the route, thus the service km) and weighted fare (e.g., longer and more frequent
journeys weigh more in the overall fare from a particular O or towards a specific D) persists and
we recommend comparing results of models with and without service km.
Of particular interest is the congestion, measured as speed on the road, which is significant for
both O and D conditions, for all types of ticket/riders, excluding the Students.
With the exception of major hospitals and tertiary education establishments, the dummy variables
for various defining features of activity hubs did not play a significant role, nevertheless their impact
could have been captured in service (bus service km, PnR, as well as employment).

3.4

Forecasting Examples

Patronage forecasting is useful not only for assessing the predictive capacity of the modelling
effort, but also to test likely impacts of measures taken on the wider transport network. This section
presents a small number of predictions using the latest models for Standard riders, both for O and
D, full weekday, testing fare proposals and also re-allocation of bus service km. The chosen year
is 2018 and the predictions considered a number of scenarios, merely as exemplifications. They
are not exhaustive, and perhaps not the most suitable scenarios that the spatial models can test.
The ‘historical’ data is used as a baseline, comparing OLS and SAC results for the following
situations/settings:
1. Three fares, charged irrespective of the distance travelled (inner suburbs $3.5, middle
suburbs $4.5, outer suburbs $6); this is called the ‘naïve forecast’;
2. Capping the fare for the public transport patrons from outer suburbs at $5.2;
Page 22

Factors Influencing Public Transport Patronage Trend

3. Splitting the suburbs in three main regions based on the weighted average travel distance
of the riders, with distinct break points (10km, 12km, 15km), and three fares varying
between $3.2 and $6, depending on the region; and
4. Reducing service km in areas of underutilised public transport and re-allocating bus service
km from underutilised areas to new areas of development (see section 3.3.1), around
METRONET projects.

3.4.1 Analysis of Utilisation (Journeys per Service km)
The project includes a forecasting scenario whereby bus service km are removed from
underperforming suburbs and positioned along the proposed METRONET suburbs (Bayswater
and Forrestfield, Thornlie to Cockburn Central, etc.). The target areas for removal of services need
to have substantial existing services because of the overall increases needed in services along
the Airport or other METRONET lines which are non-trivial (estimated at about 15-18%, according
to the SC calculations). Suburbs with higher than median bus service km (880 km) but lower than
median utilisation levels (0.41) were identified as potential target areas. These are listed in Table
E1 in Appendix E, and colour-coded by Inner, Middle and Outer regions.
Two main target areas were identified. The first area is the northern coastal suburbs west of the
Warwick station. The second target area also lies west of the freeway between Bull Creek and
Fremantle. Both areas have relatively high levels of service (top 30 percentile), but lower than
median levels of utilisation. Note that Karrinyup and Duncraig in the north and Kardinya in the
south were added to the list due to their proximities to the target areas.

3.4.2 Forecasting Results
Our OLS modelling produced forecasts that are likely to underestimate the patronage at origins
and overestimate patronage at destination suburbs. On average, the OLS results are about 8-10%
different from the 2018 patronage, whereas the SAC results, accounting for the spillover (indirect
effects) are closer to the real data (3.3% difference).
Some of the suburbs/areas where we notice overestimations of patronage at the O using the OLS
models are: Perth, Stirling, Joondalup, Bateman, Burswood, Mandurah, Fremantle and
Cannington. These models underestimate the patronage generated in Cockburn Central,
Greenwood, Maylands, Murdoch, West Leederville and Subiaco. The SAC model overestimated
Victoria Park and East Victoria Park, Joondalup, Stirling, Kingsley, while underestimating the
patronage for Perth, Maylands, Coolongup, Edgewater, Wellard.
Conversely, overestimations of patronage at the D using the OLS models are: Perth, Stirling,
Joondalup, Fremantle, Claremont, and Cannington. Similar to O, these models underestimate the
patronage generated in Cockburn Central, Greenwood, Edgewater, Maylands, West Leederville.
The SAC model overestimated Victoria Park, Joondalup, Stirling, Thornlie, Perth, East, and West
Perth, Success, while underestimating the patronage for Cockburn Central, Coolongup,
Edgewater, Wellard, Crawley and Nedlands.
The findings are important, because even if overall the patronage may be predicted to a higher
degree of accuracy, predicting a specific value is subject to higher uncertainties.
In the following we offer summaries for examples of forecasting number of journeys when changing
fares and allocation of service km. Table 2 provides forecasted values for D models, whereas
Table 3 is for O.
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Table 2: Example Forecasting Standard Fares (Destinations)

Predicted
SAC

Baseline
(forecast)

Three
zones,
irrespective
of distance
($3.5, $3.5,
$6) naïve

Capped
($5.2)

Three
zones
weighted by
distance
(<12km
$3.5, 12-24
km $4.7,
>24km $6)

Three
zones
weighted by
distance
(<15km
$3.5, 15-25
km $4.7,
>25km $6)

Three
zones
weighted by
distance
(<10km
$3.2, 10-25
km $4.5,
>25km
$5.8)

Three
zones
weighted by
distance
(<10km
$3.5, 10-20
km $4.5,
>20km
$5.5)

30,959,603

33,910,296

31,856,082

27,950,351

29,237,257

28,958,992

28,895,589

Diff (%)
from
observed

11.7

9.9

3.6

0.9

-0.1

-0.3

Diff (%)
from
baseline

9.3

2.9

-9.7

-5.6

-6.5

-6.7

The results from Table 2 suggest that the split for the three zones is important and that the lowest
fare zone should not exceed 12km. While applying the naïve fare structure may appear ‘efficient’,
there are equity issues, as the distance travelled is ignored.
Table 3 presents similar results, when the measures are applied for the O models. The three zones
with the split 12-24km and 10-20km present increased patronage compared to the baseline
(current fare structure). The lowest forecast is for three geographical zones, ignoring the travel
distance, which is in contrast with the predictions from the destination models. Another point to
make is that the two sets of scenarios do not achieve the balance of the journeys generated at the
O and attracted at the D suburbs. This reconciliation is needed before applying any policy
measures.
Table 3: Example Forecasting Standard Fares (Origins)
Baseline

Predicted SAC
Diff (%) from
observed
Diff (%) from
baseline

29,949,525

Three
zones,
irrespective
of distance
($3.5, $3.5,
$6) naïve

Capped
($5.2)

Three
zones
weighted
by
distance
(<12km
$3.5, 12-24
km $4.7,
>24km $6)

Three
zones
weighted
by
distance
(<15km
$3.5, 15-25
km $4.7,
>25km $6)

Three
zones
weighted
by
distance
(<10km
$3.2, 10-25
km $4.5,
>25km
$5.8)

Three
zones
weighted
by
distance
(<10km
$3.5, 10-20
km $4.5,
>20km
$5.5)

29,485,937

30,203,475

30,459,365

30,180,240

30,268,231

30,388,480

1.7

4.2

5.1

4.1

4.4

4.9

-1.5

0.8

1.7

0.8

1.1

1.5

Table 4 shows the expected changes in patronage at the network level, when bus services are
removed from some areas and re-allocated to new project areas. The results suggest that
reallocating services where needed the most and ensuring good integration with the skeleton train
network is likely to have a net positive effect for patronage.
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Table 4: Example Forecasting Standard Journeys Based on Service km (Origins)

Change Bus
km (absolute
and %)
Diff (%) from
observed
Diff
Journeys

Baseline

Reduce 20%
bus km from
identified
areas

Reduce 30%
bus km from
identified
areas

Reduce 20% bus
km from identified
areas and add 250
bus km to 13
suburbs
METRONET Areas

Reduce 30%
bus km from
identified areas
and add 250
bus km to 13
suburbs
METRONET
Areas

0

-3,290

-4,935

-3,290

-4,935

(-1.4%)

(-2.2%)

(-1.4%)

(-2.2%)

-0.5

-0.76

0.64

0.87

-137,937

-205,046

174,765

235,490

While these results are indicative of the potential changes in patronage, they do not include
confidence intervals and they may not respond to the policy changes envisaged by the main
stakeholder. The RPSS will be able to offer the ‘what-if’ tool for exploring the most appropriate
actions, but this requires input from professionals/practitioners.

3.5

Application of Machine Learning

To benchmark the effectiveness of the spatial regression models in determining patterns between
patronage and other factors over space and time, a machine learning approach was trialled.
Artificial neural networks (ANN), also known simply as neural networks, are a set of algorithms
within the field of machine learning. Fundamentally, these algorithms attempt to model the brain
through modelling neurons – an element of which when connected together allows humans to think
and learn. In the models presented here a feed forward network with two layers are trained on the
patronage for destinations (D) using a multi-layer feedforward neural network (MF-ANN).

Figure 4: Abstracted MF_ANN with a Single-Hidden-Layer
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Perhaps the easiest way to think of MF-ANN is a as “a set of logistic regression models stacked
on top of each other… with the final layer being either another logistic regression or linear
regression model depending on whether we are solving a classification or regression problem”
(Murphy, 2012). You may think of each layer as being ‘many’ ways to combine data (inputs) into
weighted regression equations of which some combinations contribute to final prediction more than
others. ANN’s have a threshold function in which good regression equations ‘fire’ a neuron and the
information within the regression equation is passed to the next layer (multi-layer). Having the final
layer being the output being output layer means that information the weights in combination with
the frequency in which a regression equation fires a neuron are determined by how accurately the
final value accurately predicts the outcome.
In Figure 4 an abstracted single hidden layer MF-ANN is presented. The input layer holds the
independent variables for estimation (training). Note that each input neuron is combined with all
other input variables using weights Vim with i representing the input and m being the specific
neuron in the hidden layer (hence, there are m regression equation being trained in the first layer).
The degree of information passed onto the next layer is determined by the weighted sum 𝑧𝑧𝑚𝑚 =
∑𝑖𝑖 𝑉𝑉𝑖𝑖𝑖𝑖 after it has passed through an activation function (see Figure 5). The threshold and rectified
linear activation functions mimic neurons in the brain that ‘fire’ once some minimum (threshold)
electrical impulse is reached. Whilst the threshold function the information is passed to the next
layer in an all or nothing fashion, the rectified linear function will pass on the value 𝑧𝑧𝑚𝑚 > 0. The
SoftPlus function smooths over the transition by using an exponential transformation on z. Finally
the logistic transformation ‘squashes’ the signal onto a range between zero and one.

Activation Functions
1.8
1.3
0.8
0.3
-2.5

-2

-1.5

Threshold

-1

-0.5 -0.2 0

Rectified Linear Unit

0.5

1

SoftPlus

1.5

2

Logistic

Figure 5: Activation functions for neural networks

3.5.1 Application of Neural Nets to Patronage Forecasting
As this research aims to estimate a quantity (patronage), a regression problem has previously
been explored in terms of the spatial models and continues to be explored in the use of neural
networks. The application of ANN is first used to compare the statistical fit to the data, i.e. accuracy
of prediction. Secondly, the flexibility of ANN will be used to combine the spatial data over the five
years to estimate the contributions of fares and service levels to all data. And lastly to undertake a
forecasting exercise that predicts the impact of fare strategies and removal of bus km at certain
locations.

3.5.2 A Neural Network Estimation for 2018 Standard tickets
The following prediction model is for Dependent Variable ~ 2018 Standard O. The set of inputs
are:
Suburb information: Unemployment percentage; average income; residential vacancy
percentages; population density
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Transport variables: Fares; average journey length; PnR bays; service km (bus); congestion
indicator (average am speed)
Partitioning the data set: A testing (validation) set of 25% of the data is used as a hold sample.
The optimal configuration of the neural network (i.e. Figure 4) is unknown. A grid search is used
to identify the number neurons in the hidden layers. Furthermore the decay function is an additional
parameter in the optimising function that penalises complexity. These are known as hyperparameters. The estimation results on the training data is given in Table 5.
The search algorithm further splits the training data into sub-test sets on which to assess the
appropriateness of the hyper parameters. In essence the 25% hold out sample now is treated as
a validation sample in which to confirm that the ANN is not overfitting and is effective for making
predictions. The best structure includes three neurons in the hidden layer, but with a high degree
of flexibility (interactions between the inputs) leading to higher complexity. It should be noted that
the independent data is in log form and then scaled [0,1] and the root mean square error (RMSE)
should not be read in terms of journeys, per se. An indicative error profile is presented in Figure 6
which plots the percentage errors on the transformed data. The key take-away is that the
percentage error is relatively low for suburbs that generate many trips (vertical axis). Percentage
errors that exceed 100% (not shown) typically correspond to outlying suburbs with fewer than 200
annual journeys.
Table 5: Grid Search for Optimal Neural Network Hyper Parameters
Decay (0.5 = 'less
complexity")
0.1

Number of
Neurons
3

0.1

RMSE

Rsquared

MAE

0.0787

0.7618

0.0552

4

0.0781

0.7635

0.0549

0.1

5

0.0780

0.764

0.0549

0.1

6

0.0779

0.7641

0.0548

0.5

3

0.1325

0.6125

0.0969

0.5

4

0.1323

0.6126

0.0968

0.5

5

0.1320

0.6131

0.0965

0.5

6

0.1319

0.6132

0.0965

The algorithm uses a method of further splitting the training data into sub-test sets on which to
assess the appropriateness of the hyper parameters. In essence the 25% hold out sample now is
treated as a validation sample in which to confirm that the ANN is not overfitting and is effective
for making predictions. The best structure includes three neurons in the hidden layer, but with a
high degree of flexibility (interactions between the inputs) leading to higher complexity. It should
be noted that the independent data is in log form and then scaled [0,1] and the root mean square
error (RMSE) should not be read in terms of journeys, per se. An indicative error profile is
presented in Figure 6 which plots the percentage errors on the transformed data. The key takeaway is that the percentage error is relatively low for suburbs that generate many trips (vertical
axis). Percentage errors that exceed 100% (not shown) typically correspond to outlying suburbs
with fewer than 200 annual journeys.
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Indicative Percentage Errors (transformed data)
Scaled Dependent Variable
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Figure 6: Indicative Error Profile for predictions based on 2018 Standard holdout sample
The root mean square errors RMSE in Table 8 indicate that the neural networks are not
outperforming the spatial regression models in terms of predicting observations in the hold out
sample. For illustrative purposes an OLS is estimated on the training data and the test set
predictions have a RMSE of 0.069 which indicates a slightly better overall fit than the best
performing ANN (RMSE = 0.0787). The salient point here is that the prediction statistics are based
on highly scaled dependent variables which includes a log transformation. The absolute errors are
relative to the magnitude of the dependent variable. For suburbs with high volumes of journeys
these errors can be substantive.
In the next section an application for forecasting is reported.

3.5.3 Forecasting 2019 Standard Tickets D
To mimic the decision environment of transport authorities, the application presented here will
predict 2019 patronage (Standard D) using only currently available information, i.e. independent
variables and patronage data from the current year will be used to forecast patronage for the
following year. The set of inputs are:
Suburb information (constant across 2015-2019): Fare zone (zones: 1; 2; 3 & 4; 5 or more);
Distance from the CBD, Average income (Census 2016); Unemployment percentage (Census
2016); Blue Collar Workers (Census 2016); presence of a bus interchange; number of PnR bays.
Temporal information (constant across suburbs) Office Vacancy percentage for CBD
Spatial & Temporal information (Location): Population Density at the suburb level
Spatial & Temporal information (Transport lagged by one year): Average Journey Distance;
Public Transport Accessibility; Congestion (am peak average speed); Bus Service km; Journey
Count
Spatial & Temporal information (Transport year of forecast): Journey Count; Weighted Fares
Partitioning the data set: Training data set 2016 – 2018; Prediction Data Set 2019.
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The results indicate that the optimal network has one hidden layer with two neurons. In Table 6
the weights matrix shows the estimated values along with a relative importance. It is clear that the
observed journeys from the current year is the dominant input (relative importance > 50%). Supply
measures PT accessibility, bus service km and journey distance in combination make up the bulk
of the remaining explanatory power of the model. The results confirm the inferences made on the
regression model results in that level of endogenous variables contribute most information when
estimating patronage.
Table 6: Estimated and Relative Weights for inputs for neural network forecasting model
Input

0.497

Relative
Weight
N1
12.5%

Relative
Weight
N2
8.2%

0.012

0.1%

0.2%

0.001

0.011

0.0%

0.2%

Fare Zone 3&4

0.017

0.012

0.3%

0.2%

DistCBD

-0.541

-0.760

-8.9%

-12.5%

Congestion (-1)

-0.150

-0.105

-2.5%

-1.7%

Journey Distance (-1)

0.551

0.681

9.1%

11.2%

Public Transport Accessibility (-1)

0.235

0.337

3.9%

5.5%

Bus Service km (-1)

0.075

0.081

1.2%

1.3%

Population Density (-1)

0.072

0.073

1.2%

1.2%

Office Vacancy Rate CBD (-1)

-0.377

-0.328

-6.2%

-5.4%

Presence of Bus Interchange

0.006

0.011

0.1%

0.2%

Count of PnR Bays

0.059

0.070

1.0%

1.2%

Bluecollar_2016

0.014

0.020

0.2%

0.3%

Journey (-1)

3.210

3.311

52.8%

54.5%

Weights
N2

Weights
N2

Fares

0.759

Fare Zone 1

0.008

Fare Zone 2

To examine the overall fit of the model a linear regression model is estimated on the 2016-2018
training data set which is presented in Table 7. The regression is based on the scaled data (log
transformation rescaled to a 0 (minimum) to 1 (maximum) domain). As with the neural net, the
scaling on the input data allows the reader to interpret the relative magnitudes of the estimates in
Table 7. The relative importance of the current year’s observed patronage constitutes ~57% of the
explanatory power of the model. Endogenous (service levels) variables are relatively important
when compared to variables other than lagged Journey. The notable difference is that Congestion
(-1) has a higher relative importance (~8.1%) in the regression model than in the neural network
(~1.7%).
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Table 7: Estimated Regression Coefficients and Statistics for OLS Forecasting Model
Input

Estimate

Std. Error

t value

Pr(>|t|)

(Intercept)

0.079

0.021

3.71

0.000

Fares

0.106

0.151

0.71

0.480

Fare Zone 1

0.013

0.005

2.45

0.015

Fare Zone 2

0.007

0.003

2.00

0.046

Fare Zone 3&4

0.007

0.002

3.06

0.002

DistCBD

-0.027

0.016

-1.71

0.088

Congestion (-1)

-0.130

0.069

-1.89

0.059

Journey Distance (-1)

0.090

0.039

2.32

0.021

Public Transport Accessibility (-1)

-0.103

0.086

-1.20

0.230

Bus Service km (-1)

0.046

0.014

3.34

0.001

Population Density (-1)

0.029

0.009

3.14

0.002

Office Vacancy Rate CBD (-1)

-0.084

0.079

-1.06

0.291

Presence of Bus Interchange

-0.001

0.004

-0.31

0.754

Count of PnR Bays

0.032

0.008

4.12

0.000

Bluecollar_2016

0.011

0.008

1.36

0.175

Journey (-1)

0.912

0.010

95.64

< 2e-16

The prediction statistics are presented in Table 8. All statistics are calculated using the raw
(untransformed) patronage data. Overall, the regression outperforms the neural network. The
mean absolute error is instructive on the relative size of the error, but caution should be exercised
because the dependent variable has a range from 10 million Journeys in Perth CBD to less than
ten for a number of suburbs on the urban fringe.
Table 8: Measure of Prediction Accuracy for Neural Network and OLS Forecasts

Model
Neural Network (1 layer, 2 Neurons)
OLS Regression

RMSE
13,749
12,373

MAE
5,603
4,664

MAPE
0.2328
0.2318
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Figures 7a and 7b provide a clearer insight into the differences between the models as well as the
magnitude of the errors with respect to the level of the transport function for each suburb. Both the
OLS and the neural network have high percentage errors for outlying suburbs with few journeys.
However, for the suburbs with a medium to high level of public transport activity, the percentage
errors are more likely to be under 10% than the percentage errors from the neural network. The
mean percentage error for suburbs with more than 10,000 is 11% for the neural network and 9%
for the OLS.

Figure 7a 2019 Prediction Errors ANN

Figure 7b 2019 Prediction Errors OLS

The conclusion from the exercise in machine learning is that the ANN do not outperform the linear
regressions in predictive accuracy. The statistical rigour undertaken for the spatial regression
models allows for inferences on the association between independent variables and patronage
without a loss in forecasting accuracy. As these models do not have an explanatory intent, they
are best used to predict impacts of various factors on the future patronage and making the findings
of interest available on the RailSmart Planning Support System. The results indicate that there is
no loss in prediction accuracy when using linear regression models and the RailSmart Planning
Support System can be populated with predictions based on the regression models.

4 Patterns of Long-Term Demand
Using evidence from individual SmartRider logs from May 2015 to April 2019, we found a high rate
of churn in patronage and that passenger behaviour often does not persist over a long-time.
Furthermore extensions to the hub models were requested for specific activity centers. Herein a
new method is developed to look at the trajectories of public transport demand at the activity center
level. Following the analysis of passenger trends presented in this section, Section 5 outlines
results for changing demand at specific activity centres using a richer classification of user types
than tokens (fare classes) alone.
This section addresses the following questions:
• How long do passengers remain in the public transport system?
• How do their travel behaviours vary over time?
• And year on year, how do their travel behaviours evolve?
The main findings of the passenger models to demonstrate that PT use is most often brief and
intermittent, with a high rate of passenger churn. Even regular commuters often do not persist with
commuting patterns for more than one year. Three particular groups were identified: 1) those with
a short lifetime in the PT network who contribute to a high rate of customer churn (Section 4.3); 2)
those who travel rarely with high variability, in short-term bursts (Section 4.4 entropy clusters E1
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and E2); and 3) regular commuters focusing on whether (and how) their habits change from year
to year (Section 4.5). Section 4.1 introduces these models by explaining the main concepts in the
model and the metrics derived from SmartRider logs to create these models.
In October 2020 PTA released a privacy-protected dataset in which customer identifiers
were linked with card IDs. This allows a more accurate study of customer churn and
behaviours than the original analysis using SmartRider ticket logs, which have only card
IDs. The analysis in this report has been re-run with the new customer-identified dataset.

4.1

Customer Models: Concepts and Data Mining

Almost all existing studies of passenger segmentation use short datasets of weeks or months. This
research complements that work by proposing passenger models for long-term demand over
several years. From a business perspective it is important to understand PT changes in the longterm (years) given the considerable cost of building and maintaining major infrastructure and
vehicles and the effects of such major changes. From a technical perspective, long-term time
series of human activities are usually non-stationary, while for short-term periods stationarity can
be assumed. Barabasi (2005) argued that the dynamics of many human activities follow nonPoisson statistics, with bursts of activity separated by long periods of inactivity. These intermittent
time series are typical of human activities, but they are difficult to analyse. This study makes use
of data-mining techniques to derive relevant features from SmartRider ticket logs. The following
features are used:
Ticket Log Dataset. The raw data for this study comprises 4 years of SmartRider ticket logs. Each
transaction comprises one tag-on and one tag-off event for a single trip with departure and arrival
locations and times, and the type of ticket. A trip record is usually a part of a longer journey, for
example, including multiple modes and transfers. The type of SmartRider determines (along with
distance and time-of-day) the fare to be paid. We group these into four classes: Standard, Tertiary
student, School student and all Concessions (Seniors, healthcare cards etc.). Note that this
classification differs from the split used in the preceding Spatial Analysis Study, where Seniors are
separated from Concessions and School and Tertiary students are in the same class.
Journey Count Vectors and Privacy. Privacy is an important consideration when analysing ticket
log data, because individuals can be identified from their unique trip records/movements, even
when the card data has been de-identified. Therefore, transport companies rightly restrict access
to card-linked data. On the other hand, the records contain many types of information which are
not needed for modelling long-term demand. For example, detailed location and time are not
necessary, therefore we suppressed features to protect passenger privacy, whilst also supporting
a rich model of passenger behaviour, adopting a privacy-utility trade-off.
For our model each passenger Pi is represented by a vector of the number of journeys cm they
made in each month m of the data collection period. A month is defined as the first 28 days of a
calendar month so that all periods have the same number of weekdays and weekends.
Cards and Passengers. A data-quality challenge with long-term ticket logs is how to track
individual passengers accurately over long periods. Passengers lose and replace their cards, or
simply discard them and obtain another. This report uses the dataset recently provided by PTA
comprising monthly journey count vectors each labelled with customer IDs. This dataset enables
us to link the same customer with different cards. The average number of cards per passenger is
1.248. However, there are still some cases, such as school students changing to a tertiary card,
where a customer applies for a new SmartRider without linking it to their old card. Therefore the
number of unique passengers is still slightly overestimated in our results.
Travel Episodes. Most cards are not active for the whole four-year period. New passengers join
or leave the network every year and some passengers have long periods with no travel. For each
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smart card we record the first and last time that the card was used. A travel episode is the sequence
of monthly journey counts from the first to the last month of use. In months between first and last
where the passenger did not travel we have cm = 0. Active months are those with cm > 0.
Travel episodes are a time series of monthly data. These series are intermittent and highly variable.
For such time series it is known that “clustering time series is meaningless” (or at least can be
misleading). Instead of clustering the raw series, we derive salient features of the time series and
use these to discover the different types of passenger that occur in the dataset. The following
features are used in this report:
Travel Years: To study the variability of demand we map journeys per month into travel
bands. A month is labelled as Zero, Low, High or Very High demand, based on thresholds
of 0, 8, 32 or more journeys per (4 week) month. A travel year is represented by a 4-tuple,
<Z,L,H,V>, that records the number of months a passenger’s demand falls within each
travel band. For example, travel year <1,1,3,7> represents one year of travel by a regular
commuter while travel year <10,2,0,0> represents an ad hoc traveller who only travelled
by PT, at a low rate, for 2 months of the year and not at all in the remaining 10 months.
Travel Year Classes: Considering all calendar years of travel (eg <1,1,3,7> as above)
that occur in the dataset, we have 4 full calendar years for each passenger. After excluding
years with zero travel there are 3.79 million years. Within this set of travel years we observe
regular patterns. In Figure 6 we show the 5 types of travel years learned by clustering:
ranging from almost no activity (E1) to years with regular commuting (E5).
Passenger Persistence: In this model we consider the set of travel years for each
passenger in order to determine whether and how passengers change their behaviour over
a long time period. There are several ways we can model a year of passenger behaviour.
In this report, for simplicity, we reuse the travel year classes (see Figure 6), that is E1, E2,
to E5. We consider only passengers who are active for 4 years in the dataset and count
how many passengers have consistent behaviours (e.g. always regular or always ad hoc)
and how many passengers switch between high or low levels of activity (e.g. some years
regular but some years ad hoc).

4.2

Analysis of Customer Churn

Customer churn is an important area in marketing, but Blake et al. (2017) highlighted that churn
has not yet been studied for public transport. They identified weaknesses with the traditional
market change model and proposed a new model for customer fluctuation, which holistically
measures the rate of customer acquisitions, defections and retention. Their model also includes
internal variability when a customer leaves and later re-enters the market.
Our model for customer churn is based on Blake et al. (2017), measuring the rate of customer
acquisitions, defections, and retention simultaneously. The model also captures internal variability
by recognising that defection can be temporary, because passengers may return to the network at
a later time. Churn rate is determined relative to a reference year (e.g. 2017) using the year before
(2016) and year following (2018). For each year, we determine whether a card was active in that
year. For active cards there are four possibilities over three years: NYY, YYY, YYN and NYN for
active (Yes) or not (No) in the last, this and next year respectively. Cards that are not active in the
reference year are excluded. The patterns are described as:
•

Acquired passengers (NYY) who start using public transport during the reference year and
continue in the following year.

•

Continued passengers (YYY) are active in all three years.
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•

Lost passengers (YYN) are active for more than one year, but their final use of public
transport occurs during the reference year.

•

Temporary passengers (NYN) use their cards for less than a year. They activate the card
for the first and last time during the reference year.

•

Repeat passengers have cards that are replaced during the reference year. Passengers
with these cards most likely appear twice (or more) in the data set.

The rates are then defined by:
MarketSize M = A + T + C + L - R

(2)

New Ratio = (A + T - R) / M

(3)

Retained Ratio = C / M

(4)

Lost Ratio = (L + T - R) / M

(5)

Repeat Ratio = R / M

(6)

The market is growing if New Ratio > Lost Ratio, shrinking if the reverse, or stable if they are
approximately equal. Market churn is defined by the ratio of incoming (New) or outgoing (Lost)
passengers to loyal passengers (Retained and Repeat). The higher the ratio, the more churn is in
the market.
We analysed the customer churn for Perth in 2017 using data from 2016, 2017 and 2018. The PT
market for 2017 is neither growing nor shrinking, since proportions of new and lost passengers are
almost the same. However, there is a substantial churn, since only 52% of the passengers were
retained (Figure 8).

Figure 8: Passenger fluctuation diagram for a market of 997 thousand passengers active 2017
compared with 2016 and 2018 (left) and time series of change in churn categories during the
analysis period (right).
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Have the churn variables changed over time? Yes, as illustrated in Figure 8 (right). Over a period
of 3 years, the proportion of lost passengers has increased from 10.5% to 12.6%, while the
proportion of acquired passengers has fallen from 18.3% to 13.1%. The proportion of retained
passengers has remained steady between 57.7% and 60.8% during this period.

4.3

Analysis of Long-term Travel Patterns

A common feature of many human activities is to have intense bursts of activity separated by long
periods of inactivity (Barabasi, 2005). As explained in 4.1 the variability of passengers’ travel years
(a single calendar year of travel by an active passenger) is measured by the mix of monthly
demands in that year. We generate the Travel Mix tuples for all passengers’ active (non-zero)
calendar years in the data set (a total of 3.8 million travel years). This data set has some strong
patterns of commonly occurring Travel Mixes. In particular we identified five main types active
year. Figure 9 illustrates the discovered patterns: E1 and E2 are ad-hoc users who only travel a
few months of the year, while E3, E4 and E5 are regular travellers with increasingly high demand.
The table in Figure 9 shows the contributions of E1 to E5 for the whole population in terms of the
number of travel years of each type (as % of 3.8 million travel years), and the number of journeys
associated with those years, for each type (as % of 4.7 million journeys).

E1
(%)

E2
(%)

E3
(%)

E4
(%)

E5
(%)

Ad Hoc
(%)
(E1,E2)

Regular
(%)
(E3,E4,E5)

Counts
(million)

Passenger
Travel Years

45.8

22.0

13.7

13.6

5.0

67.8

32.3

3.79

Journeys

21.8

20.9

19.6

25.9

11.8

42.7

57.3

242.49

Figure 9: Five patterns of travel year
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4.4

Persistence

Passengers who regularly using PT for travel to work or education are the main contributors to
overall demand. Using our travel year model, we say that passengers with travel years in
categories E3, E4 or E5 are regular passengers, while those with travel years E1 or E2 are ad
hoc passengers.
We ask the question: do passengers persist with the same travel year pattern year on year, or do
they change?
Importantly, do regular passengers continue as regular passengers, or do they drift away from PT
to other modes of transport. Regular passengers are an important group because they generate
the majority of journeys (85.4% of journeys are from E3,E4 or E5) and revenue for PT, however,
they make up only a small proportion of all passengers (41.3% of passengers’ travel years are
from E3,E4 or E5).
To study persistence of long-term regular users, we first select only those passengers who are
active in the network for at least 4 years. That is 20% of all passengers. We then record the
category of each of those 4 years as either ad hoc or regular. We also consider the categories low
or high (commuting) demand by splitting E1,2,3 vs E4,5. Commuting passengers have most
months with high or very high demand. Demand categories are defined in terms of the travel year
categories E1 to E5 above (Table 9).
Table 9: Demand Categories
Demand category

Symbol

Defined by regularity of patronage (see Fig 9)

Ad hoc

A

E1, E2

Regular

R

E3, E4, E5

Demand category

Symbol

Defined by level of patronage (see Fig 9)

Low

L

E1, E2, E3

High (commuting)

H

E4, E5

We now consider the combinations of R and A that occur. For simplicity we ignore the order of
occurrence, so the sequences RARR, RARR and RRAR etc. are all represented by the set AARR.
There are five possible combinations over 4 years: RRRR, ARRR, AARR, AAAR, AAAA. Counting
the number of passengers in each of these combinations gives a breakdown from persistently
regular passengers to changing patterns and persistent low demand, as shown in the following
Table 10. Recall that these categories are taken from the 20% of all passengers who are active in
each of 4 calendar years.
Table 10: Classification of PT Persistence as Measured by Patterns of Regular or Ad Hoc
Frequency

Travel Set

RRRR

ARRR

AARR

AAAR

AAAA

Passengers %

24.2

16.3

14.3

14.9

30.3

The analysis is repeated for a breakdown by high and low travellers (commuting).
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Table 11: Classification of PT Persistence as Measured by Patterns of High (commute) or Low
Frequency

Travel Set

HHHH

LHHH

LLHH

LLLH

LLLL

Passengers %

13.5

9.6

9.7

11.3

55.9

The main findings of this experiment are that commuters (regular or high) seldom persist with their
high demands for many years. Of the 20% of passengers (N=392 thousand) who are active in the
system for 4 years, only 24.4% of those travellers are regular for all 4 years, and only 13.5% of
them maintain a high (commuting) pattern of demand in most months of the year. For our dataset,
the HHHH category of persistent commuters has 52.9 thousand passengers from a PT population
of 1.97 million passengers (2.7%).

5 Changing Demand at Specific Activity Centres
This section examines long-term changes in demand in terms of hubs (activity centres in the
network), activities (that occur at hubs) and trends (change in demand over a long time period).
Section 5.1 explains the concepts of this model and how they are derived from SmartRider ticket
logs. The following sections present worked examples of how this model can be used to compare
and contrast hubs. These comparisons help to explain how and why some Perth hub locations
which have many similarities may perform differently. In Section 5.2 we compare two dormitory /
connector rail-based hubs: Bull Creek and Warwick . In Section 5.3 we compare hubs on two rail
lines: Armadale, Cannington and Oats Street on the Armadale line, which had many closure
disruptions during 2016, and Fremantle, Claremont and Subiaco on the Fremantle line which have
declining patronage.

5.1

Activity Centre Demand Methodology

This section explains our methods for analysis of hubs and their evolution. The main concepts are
Hubs, Activities, Tokens and Trends.
Hubs: A hub is a spatial region of the public transport network that attracts many people to visit
and carry out some activity there. Typical hubs comprise a railway station and the stops for
connecting buses. Additionally, there are bus-only hubs around attractors such as universities,
hospitals, shopping centres and bus stations. A data-driven algorithm is used for learning hubs
from the ticket log data (Cardell-Oliver, 2018a). Spatial hubs are the key feature used for
partitioning demand to explain how demand evolution differs from location to location.
Stays and Activities: Demand for public transport is driven by individuals' desire to perform some
activity. Therefore, we expect that identifying the types of activities performed at a hub will give us
insight into long term changes in demand. We use a data mining method for identifying activities
developed by Cardell-Oliver and Povey (2018). In this model, activities are characterised by
passengers' stays at a transport hub. A stay is the gap between one trip and the next one defined
by three features: the place of arrival (hub), the arrival time (of day) and the length of the stay
(hours before next trip). Figure 10 outlines the 12 activity classifications sorted by patrons who
connect to other services, engage in an activity, and those who stay overnight so are likely reside
nearby and commence their first journey of the day at the hub.
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Connect

Attract

Generate

AM peak
transfer

Work day

Sleep (1
night)

Daytime
transfer

School day

Sleep (<3
night)

PM peak
transfer

Short
ad hoc stay

Sleep (>3
night)

Night
transfer

Medium
ad hoc stay

Open (last
trip)

Figure 10: Types of public transport activities at a hub

Activity types: All activities are classified into 3 roles (connect, attract or generate) each
associated with four types of stays. The scatter plot of stays in Figure 11 shows how stays are
labelled given the arrival time-of-day and the length of stay time for activities.

Figure 11: Classification of public transport activities at a hub by arrival time and stay time

Tokens: The social dimension of demand is represented by the ticket types of travellers, called
tokens. Most smart card travel systems record the fare-basis of the traveller, be that a standard
fare or a reduced fare for students or concession holders. We merge some small fare categories
to give 4 main classes: Standard, Tertiary, (School) Student and Concessions (senior cards
and all other concessions). Comparing the mix of activities for each token type gives insights into
changes in demand.
Page 38

Factors Influencing Public Transport Patronage Trend

Activity Mix: bar charts show the breakdown of activity types for each hub. Activity types are
grouped by role (attractor, connector or generator) and the length of each bar shows the
contribution of that activity type to all arrivals summed over the entire trial period (April 2015 to Dec
2019). The activity mix bar chart gives the context for the following trend graphs showing change
in each activity during the trial period.
Activity Trends: Each graph shows the time series trends for per week demand after noise and
seasonality is removed. The trend series cover for 190 weeks from 2016 to 2019. Trends are
calculated for different types of activities each selection of arrivals at the hub. All arrivals are
partitioned in three ways: roles, tokens and activities.
• Role trends partition arrivals into generator, attractor and transfer activities.
• Token trends partition arrivals by the ticket type used: standard, school, tertiary or
concession (encompassing all other ticket types including seniors).
• Activity trends partition arrivals based on the type of activity undertaken at the hub.
Trends partitioned by activity type are important for understanding passenger demand because
they highlight which types of activities have fallen off or grown, giving insight into the possible
causes of changes in patronage.
Disruptions are sudden changes in demand usually caused by a major external event. Datadriven identification of disruptions helps to contextualise the shapes of long-term demand trends.
A short-term disruption is indicated by a day with anomalous demand for that hub.
We use a simple test of -2 or +3 standard deviations from the mean daily demand to identify
exceptional days. Some short-term disruptions occur on public holidays, and so are common to
most hubs. There are also hub-specific short-term disruptions caused by station closures for
maintenance or high demand for special events. We report the number of days and calendar period
of short-term disruptions. Long-term disruptions are caused by a major change in land use such
as closing or opening a park and ride facility, relocation of large businesses (hospital or
government department) or the opening of a new train or bus station or major new services or
routes. Such disruptions are rare but they have a large effect on patronage. Long-term disruptions
are indicated in arrivals data by a sudden rise or fall in demand at a particular date
Per-hub Passenger Churn This analysis partitions passengers who visit the given hub by their
persistence and intensity of travel. Persistence is represented by the span of travel that is the
number of months the card is active from the first month the card was used until the last.
Persistence is partitioned into 5 categories for the number of months as shown in the tables.
Intensity is represented by the average number of journeys per month. A passenger is classed as
regular if they make at least one journey per week (4 per 28-day month), on average. Passengers
with an average of less than 1 journey per week are classed as ad hoc passengers. The total
number of unique passengers (cards) and journeys made is indicated in the caption. Average
journeys per passenger is a metric for the loyalty of the hub: higher means more passengers use
PT for longer and with more journeys.
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5.2

Comparison of Warwick and Bull Creek

Trend analysis is applied to two stations along the North-South railway line, to complement the
journey over service km analysis in Section 3.2. Warwick and Bull Creek are chosen because they
share similar attributes and each are adjacent to underperforming bus utilisation areas to the West
of the stations. To the north, Carine, Duncraig, Hillarys, Karrinyup, Padbury and Sorrento and have
relatively high levels of bus service but have a lower level of patronage than would be expected.
A similar level of utilisation is found in the southern suburbs of Beeliar, Bibra Lake, Coolbellup,
Hamilton Hill, Kardinya, Munster, Palmyra, South Fremantle, Spearwood, Winthrop and
Yangebup.
Bull Creek and Warwick are mid-circle stations around 10km from the CBD with strong generate
(‘dormitory’) and connect (rail-bus transfers) activity. Table 12 summarises the main similarities
and differences between Warwick (North) and Bull Creek (South). These hubs have many
similarities, but Bull Creek’s demand is more robust than Warwick (which is declining).
The main findings are: 1) The hub activity evolution model can be used to drill down into the
sources of patronage changes at a given hub, and 2) Bull Creek and Warwick have many
similarities, except that Bull Creek is performing better and has a higher contribution of transfer
activities between trains and feeder buses; this may suggest that good connections make a hub
more robust to declines than those without good connections
Table 12: Similarities and Differences between Bull Creek and Warwick
Similarities
Property

Warwick

Bull Creek

Dominant roles

Connection
and
Generation

Connection
and
Generation

Overall trend

Stable -2%

Stable +2%

Generate trend

Stable +1%

Stable +2%

Standard Arrivals
per week
Student Arrivals per
week

12,000

11,000

3,000

3,000

Differences
Property

Warwick

Bull
Creek

Connection,
Activity and
Generation
mix
Connect
trend

38%,
19%,
42%

44%,
24%,
32%

Fall -5%

Stable
+3%

Attract trend
(<1k/w)

Fall -6%

Dip -4%

Concession
Arrivals
000s/week

3,000

2,000

School trend

Stable -5%

Stable -2%

Standard
trend

Dip -2%

Stable
+3%

Dominate Tertiary
Activity

transfer PM
and sleep

transfer PM
and sleep

Tertiary
trend

Fall -10%

Fall -5%

Dominate
Concession Activity

transfer day

transfer day

Concession
trend

Rise +9%

Rise
+17%

Place

13km CBD

11.7 km CBD

Transfer AM

Stable 3%

Rise
+11%

Type

Rail station

Rail station

Transfer Day

Stable 2%

Rise
+11%

Transfer PM

Fall -8%

Fall -2%
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5.3

Comparison of Hubs on Two Rail Lines

In this section we compare hubs on two rail lines: Armadale, Cannington and Oats Street on the
Armadale line, which had many closure disruptions during 2016; and Fremantle, Claremont and
Subiaco on the Fremantle line which have declining patronage.
This section shows how the hub-activity-trend model described above can be used to investigate
long term changes for some key hubs, in particular, providing insights about:
•

Perth Stadium construction on Armadale/Thornlie Lines.

•

Fremantle Line activity – this line has been in decline (while the rest of the network
grows) and is going to have service levels increased due to METRONET projects so it
would be great to get any insights on what’s happening here so we could work to address
it.

Activity trends on the Fremantle Line stations reveal changes in “all arrivals” (passengers per
week) as follows: Fremantle -1850, Subiaco -1087, Claremont -200. The Fremantle Line stations
are typically transit-oriented development hubs with leisure activities (medium and short ad hoc)
and strong work activities evident in Fremantle (Figure 12). Fremantle Line stations are attractor
and generator hubs with a low proportion of connections. Their declines are highlighted by specific
activities: short stays in Fremantle and work stays in Claremont and Subiaco. Claremont also has
a decline in sleep activity (i.e. overnight stays by commuters).
Activity trends at stations on the Armadale Line (change in “all arrivals” – passengers per week)
are as follows: Armadale -260, Cannington +269 and Oats Street -1520. Armadale, Cannington
and Oats Street stations are generator and connector hubs (with a small proportion of attractor
activities) (Figure 13). All three show a dip in demand after the period of day-long closures in 2016.
Demand recovers somewhat for Armadale and Cannington, but not for Oats Street. Although all
three have a similar number of journeys, Armadale has higher loyalty than Cannington and then
Oats Street (with a high tertiary cohort). Loyalty is measured by journeys per unique passenger,
and active journeys by long-term passengers.
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Figure 12: Fremantle Line hub activity trends
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Figure 13: Armadale Line hub activity trends
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6 Conclusions and Recommendations
Two types of analyses were conducted for this phase 2 of the research: 1) spatial analysis at the
suburb level, for O and D; 2) demand trends including customer churn and user profiling at specific
hubs/activity centres.
Three types of spatial models and OLS were estimated for each of the five years 2015-2019 and
for each of the four types of riders/classes (Standard, Concession, Senior, and Student, the latter
being distinct from the classification used in MT5). Models are expressed as double-log
regressions, where both journeys and predictors are transformed to assist with model assumptions
and enhance interpretability (the parameters can be judged as elasticities).
Results differ by type of rider and changes were more prominent on weekdays, although weekend
activity is substantial at many destinations (weekend models not included in the report). All models
have a relatively high explanatory power (more than 65%-85% for full day), yet the spatial effects
bring additional benefits. The spillover effect 𝜌𝜌 leads to ‘indirect patronage’ of at least 3-5%, much
higher for Standard than for Concession riders.
The main influences on patronage were quality of service, accessibility, travel distance and
congestion. Fares play a significant role, but varying across types of riders. The dominant feature
for patronage is the ability of accessing good PT services (frequent services, good station access
and facilities), which draws passengers, especially when the road congestion is spiking.
Demand elasticities with respect to fares are smaller in magnitude than those with respect to Bus
KM (service), accessibility, or speed on the main roads (proxy for congestion).
No significant demand effects were associated with bus terminals, interchanges or shopping
centres. Standard and Senior types showed some positive effects of the presence of a major
hospital, whereas presence of a tertiary institution was positively associated with Student
patronage.
Income had a significant association with Standard patronage (especially for D), whereas
unemployment with Student patronage.
A few examples of forecasting show that attention needs to be paid to the application of a simplified
fare scheme and that should account for the travel distance. A naïve oversimplification of the
scheme, ignoring how far (and where) travellers go to places, or arrive to the destinations, may be
detrimental. However, reallocation of underutilised services is an avenue that could be pursued.
The level of utilisation (journeys/service km) analysis has highlighted suburbs spread across the
metropolitan area where journeys/service km are substantially higher and therefore areas with low
patronage (e.g., Beeliar-Spearwood-Coogee-Bibra Lake-Palmyra or Craigie-Carine-DuncraigSorrento-Karrinyup). An observation is made here to caution the reader that a ‘blanket’ 20% or
30% was applied as an approximation for all services in a suburb, ignoring the underlying route
effect. A more detailed micro-analysis, at the route level, should be considered, if the measure is
fitting the operational plans of the WA Public Transport Authority.
Predictions from the spatial models was compared with approaches using machine learning. As
these models do not have an explanatory intent, they are best used to predict impacts of various
factors on the future patronage and making the findings of interest available on the RailSmart
Planning Support System. The results indicate that there is no loss in prediction accuracy when
using linear regression models and the RailSmart Planning Support System can be populated with
predictions based on the regression models.
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The analysis of demand trends identified three passenger types: 1) riders with a short lifetime in
the PT network, who contribute to a high rate of customer churn; 2) riders who travel rarely with
high variability, in short-term bursts (entropy clusters E1 and E2); and 3) regular commuters who
change habits from year to year. Nearly 70% of passenger travel years (groups E1 and E2) include
very little travel by PT. The small proportion of passengers who are regular commuters (travel
profiles 5 and 6) account for most of the journeys made, but overall less than 50% of these
passengers persist with commuting. Overall, the analysis points to a high rate of passenger churn
in the network (only 52% being retained) with most passengers having short or intermittent
engagements with PT. The analysis of long-term changes at specific activity centres shows that
while hubs may belong to the same cluster of overall activity or have similar trends in patronage,
they may display different levels of utilisation.
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Appendix A – Univariate and Bivariate Statistics (Standard
Destinations)

Figure A1 a): Destinations Standard rider 2015 (weekday)
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Figure A1 b): Destinations Standard rider 2015 (weekend)
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Figure A2 a): Destinations Standard rider 2016 (weekday)
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Figure A2 b): Destinations Standard rider 2016 (weekend)
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Figure A3 a): Destinations Standard rider 2017 (weekday)
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Figure A3 b): Destinations Standard rider 2017 (weekend)

Page 55

Factors Influencing Public Transport Patronage Trend

Figure A4 a): Destinations Standard rider 2018 (weekday)
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Figure A4 b): Destinations Standard rider 2018 (weekend)
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Figure A5 a): Destinations Standard rider 2019 (weekday)
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Figure A5 b): Destinations Standard rider 2019 (weekend)
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Appendix B – Univariate and Bivariate Statistics (Standard
Origins)

Figure B1 a): Origins Standard rider 2015 (weekday)
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Figure B1 b): Origins Standard rider 2015 (weekend)
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Figure B2 a): Origins Standard rider 2016 (weekday)
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Figure B2 b): Origins Standard rider 2016 (weekend)
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Figure B3 a): Origins Standard rider 2017 (weekday)
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Figure B3 b): Origins Standard rider 2017 (weekend)
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Figure B4 a): Origins Standard rider 2018 (weekday)
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Figure B4 b): Origins Standard rider 2018 (weekend)
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Figure B5 a): Origins Standard rider 2019 (weekday)
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Figure B5 b): Origins Standard rider 2019 (weekend)
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Appendix C - Destinations
Table C1 Spatial Autoregressive Combined (SAC) Models for Concession Fare (parameter and
significance level in parenthesis)

Variable

2015

2016

2017

2018

2019

Constant

5.348 (0.028)

5.701 (0.025)

5.27 (0.044)

2.791 (0.246)

5.594 (0.028)

Log Fare

-0.815 (0.043)

Demand
-0.377 (0.347)

-0.582 (0.18)

-0.674 (0.115)

-0.563 (0.221)

Log income

-0.294 (0.073)

-0.236 (0.172)

-0.288 (0.106)

-0.314 (0.068)

-0.233 (0.191)

Log unemployment

0.138 (<0.001)

0.164 (<0.001)

0.187 (<0.001)

0.129 (<0.001)

0.16 (<0.001)

Log population density
(persons/km2)

0.221 (0.001)

0.184 (0.005)

0.158 (0.019)

0.32 (<0.001)

-

Under 20

-

-

-

-

-

Over 60

-

-

-

-

-

Log Bus Km

0.861 (<0.001)

Supply
0.899 (<0.001) 0.962 (<0.001)

0.973 (<0.001)

0.952 (<0.001)

Log PnR

0.181 (<0.001)

0.159 (<0.001)

0.176 (<0.001)

0.162 (<0.001)

0.192 (<0.001)

0.495 (0.050)

0.547 (0.020)

0.545 (0.026)

0.434 (0.075)

0.455 (0.075)

-0.887 (0.014)

-1.053 (0.005)

Bus interchange
(dummy)
Log accessibility
(travel time to D, min)
Log travel distance
(m)
Log congestion speed
(km/h)
Hospital (dummy)
Tertiary education
(dummy)
λ

1.02 (<0.001)

1.03 (<0.001)

0.807 (<0.001)

1.072 (<0.001)

0.521 (0.014)

-

-

-

-

-

-

-

-

-

-

-

0.096

0.071

0.094

0.216

0.583
706.936
754.91

0.646
737.082
781.366

-

0.119

ρ
Adj
aic
bic

-1.202
(<0.001)

0.118
R2 (Pseudo

R2)

Journey
-1.377
-1.091 (0.004)
(<0.001)

0.517
669.797
717.727

Location
-

Regression Statistics
0.193
0.187
0.106
0.092
0.548
0.587
694.614
714.928
742.677
762.99

Note 1: Goodness-of-fit measures include significance level in parenthesis.
Note 2: The significant parameters are highlighted in boldface.
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Table C2 Spatial Autoregressive Combined (SAC) Models for Standard Fare (parameter and
significance level in parenthesis)

Variable
Constant

Log Fare

2015
13.848
(<0.001)
-1.091 (0.005)

Log income

0.507 (0.003)

Log unemployment

-

2016
13.799
(<0.001)

2017
11.306
(<0.001)

Demand
-0.73 (0.024) -0.874 (0.015)
0.575 (<0.001) 0.688 (<0.001)
-

2018
10.224
(<0.001)

2019
11.885
(<0.001)

-1.024 (0.007)

-1.168 (0.003)

0.78 (<0.001)

0.77 (<0.001)

-

-

Log population density
(persons/km2)

0.162 (0.009)

0.145 (0.006)

0.132 (0.022)

0.208 (0.001)

-

Under 20

-

-

-

-

-

Over 60

-

-

-

-

-

Supply
0.906 (<0.001) 0.957 (<0.001)
0.266 (<0.001) 0.286 (<0.001)

0.978 (<0.001)

0.986 (<0.001)

0.294 (<0.001)

0.282 (<0.001)

0.354 (0.158)

0.273 (0.282)

0.244 (0.383)

-2.894
(<0.001)

-2.663
(<0.001)

-3.185
(<0.001)

Log Bus Km

0.961 (<0.001)

Log PnR

0.267 (<0.001)

Bus interchange
(dummy)
Log accessibility
(travel time to D, min)

0.495 (0.050)

-3.463
(<0.001)

0.396 (0.087)

Journey
-3.282
(<0.001)

Log travel distance
(m)

1.262 (<0.001)

1.206 (<0.001)

1.067 (<0.001)

1.217 (<0.001)

1.181 (<0.001)

Log congestion speed
(km/h)

-0.474 (0.187)

-0.776 (0.016)

-0.796 (0.022)

-1.178 (0.002)

-0.724 (0.042)

-

-

-

-

-

-

-0.062

-0.211

0.164

0.238

0.646

0.782

737.924
785.899

800.549
844.914

Hospital (dummy)

-

Tertiary education
(dummy)

-

λ

-0.227

ρ
Adj R2 (Pseudo R2)
aic
bic

0.126
0.7
763.215
811.19

Location
-

Regression Statistics
-0.183
-0.176
0.126
0.15
0.533
0.625
686.194
738.695
734.256
786.845

Note 1: Goodness-of-fit measures include significance level in parenthesis.
Note 2: The significant parameters are highlighted in boldface.
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Table C3 Spatial Autoregressive Combined (SAC) Models for Senior Fare (parameter and
significance level in parenthesis)

Variable
Constant

2015
11.21 (<0.001)

2016
11.082
(<0.001)

2017
12.757
(<0.001)

2018
8.315 (0.001)

2019
10.824
(<0.001)

Demand

-0.488 (0.006)

-0.659
(<0.001)
-0.406 (0.01)

-0.737
(<0.001)
-0.314 (0.113)

0.166 (<0.001)

0.175 (<0.001)

0.17 (<0.001)

0.252 (<0.001)

-

-

-

-

-

Under 20

-

-

-

-

-

Over 60

0.358 (<0.001)

0.292 (<0.001)

0.278 (<0.001)

0.336 (<0.001)

-

Log Bus Km

0.778 (<0.001)

0.844 (<0.001)

0.928 (<0.001)

Log PnR

0.192 (<0.001)

Supply
0.771 (<0.001) 0.825 (<0.001)
0.194 (<0.001) 0.192 (<0.001)

0.207 (<0.001)

0.204 (<0.001)

0.558 (0.024)

0.496 (0.036)

0.488 (0.081)

-1.702
(<0.001)

-1.093 (0.001)

-1.752
(<0.001)

Log Fare

-0.27 (0.042)

-0.379 (0.001)

-0.322 (0.004)

Log income

-0.452 (0.014)

-0.461 (0.003)

Log unemployment

0.139 (<0.001)

Log population density
(persons/km2)

Bus interchange
(dummy)
Log accessibility
(travel time to D, min)

0.495 (0.050)

-1.511
(<0.001)

0.575 (0.011)

Journey
-1.369
(<0.001)

Log travel distance
(m)

-

-

-

-

-

Log congestion speed
(km/h)

-

-

-

-

-

0.658 (0.022)

0.745 (0.006)

0.699 (0.032)

-

-

-

-0.007

0.129

0.052

0.155

0.55

0.777

682.659
730.501

791.01
835.294

Hospital (dummy)
Tertiary education
(dummy)
λ

-

0.01

ρ
Adj R2 (Pseudo R2)
aic
bic

0.744 (0.018)

0.068
0.73
767.812
815.698

Location
0.721 (0.006)
-

Regression Statistics
0.04
0.16
0.04
0.025
0.508
0.606
663.654
723.667
711.585
771.729

Note 1: Goodness-of-fit measures include significance level in parenthesis.
Note 2: The significant parameters are highlighted in boldface.
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Table C4 Spatial Autoregressive Combined (SAC) Models for Student Fare (parameter and
significance level in parenthesis)

Variable
Constant

Log Fare

2015
24.688
(<0.001)
-

Log income

0.222 (0.473)

Log unemployment

0.258 (<0.001)

2016
20.411
(<0.001)

2017
18.673
(<0.001)

Demand
0.277 (0.332)
0.233 (0.405)
0.244 (<0.001) 0.236 (<0.001)

2018
17.08 (<0.001)

2019
25.692
(<0.001)

-

-

0.273 (0.342)

0.489 (0.115)

0.216 (<0.001)

0.292 (<0.001)

Log population density
(persons/km2)

-

-

-

-

-

Under 20

0.276 (0.011)

0.293 (0.003)

0.301 (0.002)

0.471 (<0.001)

-

Over 60

-

-

-

-

-

Log Bus Km

-

-

-

-

Log PnR

-

Supply
-

-

-

-

0.495 (0.050)

-

-

-

-

-3.161
(<0.001)

-2.864
(<0.001)

-4.574
(<0.001)

Bus interchange
(dummy)
Log accessibility
(travel time to D, min)
Log travel distance
(m)
Log congestion speed
(km/h)

-3.953
(<0.001)
1.442 (<0.001)

1.714 (<0.001)

1.559 (<0.001)

1.125 (<0.001)

1.535 (<0.001)

-

-

-

-

-

-

-

-

1.771 (<0.001)

2.058 (<0.001)

-

0.17

0.287

-0.098

-0.158

1.44

1.563

985.735
1022.806

1012.736
1042.419

Hospital (dummy)

-

Tertiary education
(dummy)

1.613 (0.001)

λ

0.395

ρ
Adj R2 (Pseudo R2)
aic
bic

Journey
-3.427
(<0.001)

-0.274
1.451
996.845
1033.916

Location
1.651 (<0.001)

Regression Statistics
0.309
0.225
-0.222
-0.108
1.321
1.339
973.731
977.456
1010.902
1014.66

Note 1: Goodness-of-fit measures include significance level in parenthesis.
Note 2: The significant parameters are highlighted in boldface.
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Appendix D – Origins
Table D1 Spatial Autoregressive Combined (SAC) Models for Concession Fare (parameter and
significance level in parenthesis)

Variable
Constant

2015
7.923 (0.002)

Log Fare

-0.076 (0.847)

Log income

-0.481 (0.004)

Log unemployment

0.076 (0.016)

2016
8.232 (0.002)

2017
6.166 (0.022)

Demand
0.284 (0.465)
0.205 (0.624)
-0.435 (0.014) -0.501 (0.006)
0.119 (<0.001)
0.085 (0.008)

2018
4.43 (0.072)

2019
7.061 (0.006)

-0.029 (0.942)

-0.434 (0.313)

-0.446 (0.011)

-0.327 (0.07)

0.038 (0.236)

0.126 (<0.001)

Log population density
(persons/km2)

0.316 (<0.001)

0.253 (<0.001)

0.339 (<0.001)

0.442 (<0.001)

-

Under 20

-

-

-

-

-

Over 60

-

-

-

-

-

Supply
Log Bus Km

0.904 (<0.001)

0.904 (<0.001)

0.944 (<0.001)

0.984 (<0.001)

0.972 (<0.001)

Log PnR

0.19 (<0.001)

0.174 (<0.001)

0.182 (<0.001)

0.175 (<0.001)

0.197 (<0.001)

Bus interchange
(dummy)

0.503 (0.038)

0.533 (0.029)

0.441 (0.077)

0.341 (0.166)

0.391 (0.136)

-0.933 (0.012)

-1.128 (0.003)

Log accessibility
(travel time to D, min)
Log travel distance
(m)
Log congestion speed
(km/h)
Hospital (dummy)
Tertiary education
(dummy)

-1.295
(<0.001)
0.672 (0.001)

0.628 (0.002)

0.542 (0.01)

0.747 (<0.001)

0.458 (0.038)

-

-

-

-

-

-

-

-

-

-

-

0.198

0.124

0.05

0.029

0.012

0.168

0.614

0.598

0.678

-

λ

0.053

ρ

0.004

Adj R2 (Pseudo R2)

0.576

aic
bic

Journey
-1.396
-0.969 (0.013)
(<0.001)

Location
-

Regression Statistics
0.152
0.031
0.589

700.451

715.001

728.129

714.351

750.198

748.382

763.063

776.191

762.325

794.482

Note 1: Goodness-of-fit measures include significance level in parenthesis.
Note 2: The significant parameters are highlighted in boldface.
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Table D2 Spatial Autoregressive Combined (SAC) Models for Standard Fare (parameter and
significance level in parenthesis)

Variable
Constant

Log Fare

2015
16.247
(<0.001)
-0.287 (0.495)

Log income

0.538 (0.005)

Log unemployment

-

2016
16.683
(<0.001)

2017
15.516
(<0.001)

Demand
-0.122 (0.735) -0.547 (0.162)
0.514 (0.006)
0.544 (0.006)
-

2018
11.803
(<0.001)

2019
16.3 (<0.001)

-0.601 (0.115)

-0.341 (0.378)

0.627 (0.001)

0.747 (<0.001)

-

-

Log population density
(persons/km2)

0.237 (0.001)

0.204 (0.001)

0.181 (0.008)

0.278 (<0.001)

-

Under 20

-

-

-

-

-

Over 60

-

-

-

-

-

Supply
Log Bus Km
Log PnR
Bus interchange
(dummy)
Log accessibility
(travel time to D, min)

0.99 (<0.001)

0.916 (<0.001)

1.044 (<0.001)

0.97 (<0.001)

0.997 (<0.001)

0.262 (<0.001)

0.269 (<0.001)

0.266 (<0.001)

0.293 (<0.001)

0.28 (<0.001)

0.263 (0.359)

0.308 (0.253)

0.204 (0.479)

0.224 (0.434)

0.161 (0.586)

-3.624
(<0.001)

-2.915
(<0.001)

-3.748
(<0.001)

-3.881
(<0.001)

Journey
-3.687
(<0.001)

Log travel distance
(m)

1.065 (<0.001)

0.999 (<0.001)

1.193 (<0.001)

0.98 (<0.001)

0.975 (<0.001)

Log congestion speed
(km/h)

-0.692 (0.093)

-0.862 (0.033)

-0.958 (0.026)

-1.047 (0.013)

-1.083 (0.008)

-

-

-

-

-

-

-0.024

-0.145

-0.046

0.079

0.15

0.161

Hospital (dummy)

-

Tertiary education
(dummy)

-

Location
-

λ

-0.099

ρ

0.03

Regression Statistics
-0.027
0.039

0.818

0.728

0.826

0.812

0.877

806.959

777.157

820.403

806.314

831.727

854.934

825.219

868.553

854.288

876.093

Adj R2 (Pseudo R2)
aic
bic

Note 1: Goodness-of-fit measures include significance level in parenthesis.
Note 2: The significant parameters are highlighted in boldface.
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Table D3 Spatial Autoregressive Combined (SAC) Models for Senior Fare (parameter and
significance level in parenthesis)

Variable

2015
13.461
(<0.001)

Constant

2016
12.807
(<0.001)

2017
13.431
(<0.001)

Demand
-0.554
-0.327 (0.016)
(<0.001)

-0.554
(<0.001)
-0.693
(<0.001)
0.098 (0.003)

-0.627 (0.001)

Log population density
(persons/km2)

2018
9.909 (<0.001)

2019
12.018
(<0.001)

-0.432 (0.002)

-0.956
(<0.001)

-0.626 (0.001)

-0.486 (0.006)

-0.283 (0.175)

0.116 (<0.001)

0.11 (0.001)

0.122 (<0.001)

0.19 (<0.001)

-

-

-

-

-

Under 20

-

-

-

-

-

Over 60

0.489 (<0.001)

0.391 (<0.001)

0.372 (<0.001)

0.419 (<0.001)

-

Log Fare
Log income
Log unemployment

Supply
Log Bus Km

0.807 (<0.001)

0.844 (<0.001)

0.846 (<0.001)

0.859 (<0.001)

0.967 (<0.001)

Log PnR

0.211 (<0.001)

0.205 (<0.001)

0.201 (<0.001)

0.211 (<0.001)

0.216 (<0.001)

0.502 (0.06)

0.512 (0.053)

0.491 (0.065)

0.454 (0.085)

0.383 (0.188)

-1.636
(<0.001)

-1.285 (0.001)

-1.97 (<0.001)

Bus interchange
(dummy)
Log accessibility
(travel time to D, min)

-1.634
(<0.001)

Journey
-1.551
(<0.001)

Log travel distance
(m)

-

-

-

-

-

Log congestion speed
(km/h)

-

-

-

-

-

Hospital (dummy)

-

-

-

-

Tertiary education
(dummy)

-

-

-

-

Location
-

0.143

-0.004

0.139

-0.05

Regression Statistics
0.105
-0.047

-0.035

0.012

0.073

0.704

0.688

0.696

0.677

0.841

aic

757.406

756.066

764.447

738.299

811.266

bic

805.293

804.04

812.51

786.052

855.51

λ

0.082

ρ
Adj

R2 (Pseudo

R2)

Note 1: Goodness-of-fit measures include significance level in parenthesis.
Note 2: The significant parameters are highlighted in boldface.
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Table D4 Spatial Autoregressive Combined (SAC) Models for Student Fare (parameter and
significance level in parenthesis)

Variable

2015
21.983
(<0.001)

Constant

Log Fare

-

Log income

0.007 (0.979)

Log unemployment

0.132 (0.008)

2016
22.708
(<0.001)

2017
22.057
(<0.001)

Demand
0.017 (0.954) -0.065 (0.821)
0.161 (0.001)
0.131 (0.009)

2018
16.999
(<0.001)

2019
28.132
(<0.001)

-

-

0.106 (0.694)

0.293 (0.346)

0.101 (0.038)

0.234 (<0.001)

Log population density
(persons/km2)

-

-

-

-

-

Under 20

0.403 (<0.001)

0.306 (0.002)

0.319 (0.002)

0.532 (<0.001)

-

Over 60

-

-

-

-

-

Supply
Log Bus Km

-

-

-

-

-

Log PnR

-

-

-

-

-

Bus interchange
(dummy)

-

-

-

-

-

-3.121
(<0.001)

-2.622
(<0.001)

-4.458
(<0.001)

Log accessibility
(travel time to D, min)
Log travel distance
(m)
Log congestion speed
(km/h)
Hospital (dummy)
Tertiary education
(dummy)
λ

aic
bic

1.056 (<0.001)

1.059 (<0.001)

0.922 (0.001)

0.875 (0.001)

0.962 (<0.001)

-

-

-

-

-

-

-

-

-

-

-

0.148

0.014

0.254

-0.085

-0.041

-0.166

1.563

1.481

1.696

-

0.148

ρ
Adj

-3.211
(<0.001)

-0.164
R2 (Pseudo

R2)

Journey
-3.268
(<0.001)

1.502

Location
-

Regression Statistics
0.173
-0.171
1.522

995.417

1009.583

1019.657

989.3

1033.307

1032.455

1046.72

1056.827

1026.337

1062.964

Note 1: Goodness-of-fit measures include significance level in parenthesis.
Note 2: The significant parameters are highlighted in boldface.
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Appendix E – Journeys and Service Km
Table E1: Journeys Over Service km (O, 2018)
Suburb

Area

Zone

Carlisle
Wilson
East Perth
Northbridge
Alexander Heights
Balga
Girrawheen
Marangaroo
Westminster
Karawara
Manning
Ascot
Dianella
Embleton
Carine
Craigie
Duncraig*
Hillarys
Karrinyup*
Padbury
Sorrento
Heathridge
Landsdale
Tapping
Wanneroo
Woodvale
Hamersley
Ferndale
Leeming
Beeliar
Bibra Lake
Coolbellup
Hamilton Hill
Kardinya*
Munster
Palmyra
South Fremantle
Spearwood
Winthrop
Yangebup
Ballajura
Whiteman
Maida Vale
Seville Grove
Merriwa
Quinns Rocks
Yanchep
Leda
Dawesville
Falcon
Greenfields

Inner Armadale
Inner Armadale
Inner City Stations
Inner City Stations
Inner Joondalup
Inner Joondalup
Inner Joondalup
Inner Joondalup
Inner Joondalup
Inner Mandurah
Inner Mandurah
Inner Midland
Inner Midland
Inner Midland
Middle Joondalup
Middle Joondalup
Middle Joondalup
Middle Joondalup
Inner Joondalup
Middle Joondalup
Middle Joondalup
Middle Joondalup
Middle Joondalup
Middle Joondalup
Middle Joondalup
Middle Joondalup
Middle Joondalup
Middle Mandurah
Middle Mandurah
Middle Mandurah
Middle Mandurah
Middle Mandurah
Middle Mandurah
Middle Mandurah
Outer Mandurah
Middle Mandurah
Middle Mandurah
Middle Mandurah
Middle Mandurah
Middle Mandurah
Middle Midland
Middle Midland
Middle Midland
Outer Armadale
Outer Joondalup
Outer Joondalup
Outer Joondalup
Outer Mandurah
Outer Mandurah
Outer Mandurah
Outer Mandurah

Inner
Inner
Inner
Inner
Inner
Inner
Inner
Inner
Inner
Inner
Inner
Inner
Inner
Inner
Middle
Middle
Middle
Middle
Inner
Middle
Middle
Middle
Middle
Middle
Middle
Middle
Middle
Middle
Middle
Middle
Middle
Middle
Middle
Middle
Outer
Middle
Middle
Middle
Middle
Middle
Middle
Middle
Middle
Outer
Outer
Outer
Outer
Outer
Outer
Outer
Outer

Journeys

393.8
496.8
2507.2
104.0
383.8
776.1
321.2
195.6
399.6
334.6
272.0
66.3
1393.2
272.2
280.5
256.2
665
407.1
456.0
206.5
296.2
135.1
308.6
243.0
417.9
379.4
182.6
183.2
832.5
197.5
269.5
385.9
766.9
701.8
284.6
456.8
259.2
632.5
393.1
406.6
743.5
94.6
131.7
186.8
196.1
186.7
179.7
121.9
251.2
161.5
210.2

Service km

597
1181
5156
910
844
1469
709
1001
1000
526
677
784
3132
504
933
535
1268
810
761
1679
810
668
800
605
1113
1006
1244
605
2091
611
722
741
2220
1132
857
770
1036
1270
1151
947
1496
762
684
613
573
655
800
525
572
684
652

Journeys/
service
km
0.311
0.327
0.348
0.08
0.362
0.4
0.362
0.149
0.29
0.394
0.336
0.06
0.336
0.401
0.233
0.235
0.456
0.385
0.467
0.094
0.312
0.121
0.332
0.328
0.294
0.279
0.101
0.23
0.321
0.256
0.244
0.379
0.23
0.449
0.285
0.392
0.168
0.345
0.274
0.338
0.408
0.084
0.178
0.25
0.255
0.216
0.17
0.099
0.37
0.173
0.214
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Factors Influencing Public Transport Patronage Trend
Port Kennedy
Safety Bay
Waikiki
Warnbro
Ellenbrook

Outer Mandurah
Outer Mandurah
Outer Mandurah
Outer Mandurah
Outer Midland

Outer
Outer
Outer
Outer
Outer

415.8
247.1
329.5
361.9
856.0

1339
648
1406
1328
1779

0.237
0.3
0.143
0.122
0.404

Note: * Higher than median utilisation levels but added because of proximity to the target zones.
Black text in boldface represent the two target zones for analysis.
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