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Executive Summary
The purpose of this research is to determine the systemic factors driving public transport patronage
shifts in Perth during the last decade in order to:
o

inform the enhancement of the public transport patronage forecasting model for the
improved prediction of fare revenues, operating subsidy requirements, levels of service
provision and service innovations; and

o

facilitate the development of a range of customer centric initiatives to optimise (public
transport related) travel behaviour.

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: the relative magnitude of the association for different factors, spatial variation
and variation across different user profiles. The period of estimation is from April 2009 through to
April 2019.
Approach
Patronage trends were analysed in relation to the following factors:
o

Internal – including fares, price of competing modes (e.g., car ownership and use, fuel
price, quality of service (service kilometres), journey distance (O-D); and

o

External - including economic activity indicators (unemployment, state national product,
wage index, transport price index, office vacancy rates, number of visa workers, CPI,
mining jobs), and city-wide accessibility (travel time between origins and destinations).

Three types of statistical technique were applied to understand and estimate public transport
demand relationships:
o

Regression analysis;

o

Latent growth and difference-in-difference analysis; and

o

Pattern recognition clustering.

Regression analysis is used to empirically derive estimates of the relative importance of the
association between patronage (dependent variable) and the various socio-economic and
demographic factors (independent variables) under consideration.
Latent growth analysis examines changes/growth over time and the relations among the factors
associated with the change. It represents repeated measures of dependent variables as a function
of time and other measures.
Difference-in-difference (DiD) models calculate the effect of an independent variable on an
outcome (i.e., patronage), in this case comparing the average change in patronage between 2009
and 2014, to the average change between 2015 and 2017.
Pattern recognition clustering considers changes in patronage at a fine temporal (daily) and spatial
(hub) scale, in this case identifying seven groups of activity hubs, based on the magnitude and
direction of change in the patronage, expressed as number of ‘arrivals’ at 25 transport hubs.
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Results
In the case of the dependent variable, Perth patronage follows an S-shape curve over the last
decade with three distinct periods of change evident: growth (2009-2013), decline (2013-2016),
and recovery (2016/17-2019) (Figure ES 1 a). A similar trend is found spatially for the inner (<15km
from CBD), middle (15-30km) and outer (>30km) metropolitan regions. For the inner and middle
zones, the peak occurred earlier and recovered later than in the outer zones (Figure ES 1 b).

Figure ES 1 Total number of public transport journeys made annually for all travel purposes; a) across the whole
city; b) to Perth CBD

The results of the analysis using the three approaches indicate that overall, patronage follows the
trend of the economic indicators variation (Figure ES 2), replicating the three periods of growth,
decline and recovery. There are, however, spatial variations and variations by type of user. Each
category of model employed contributes insights to the relative importance of factors in influencing
patronage and are summarised in Table ES 1.

Figure ES 2 Matrix of charts on economic conditions
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Table ES 1 Insights from the models
Attribute

Regression

Latent growth analysis

Pattern recognition
clustering

Model
descriptors

Dependent variable DV = Patronage: Standard
fare only for 1) all journeys and 2) AM
commute to Perth CBD and inner employment
area

DV = Patronage and rate of
change in patronage; changes in
patronage in period of growth vs
decline

DV = Daily patronage
as ‘arrivals’ at a
particular transport hub

Independent variables: fare, service
kilometres, transport price index,
unemployment, visa workers, office vacancy
rate

Independent variables: fare,
service kilometres, residential
vacancy rates, unemployment,
mining jobs, fuel price, distance,
weekday

Spatial and temporal details Three areas:
‘Inner’, ‘Middle’, ‘Outer’
108 months of data (2010-2019)

Spatial and temporal details
Whole city O-D pairs, ‘Inner’,
‘Middle’, ‘Outer’ destinations

User types – All, and Standard commuting

Yearly data (2009-2019)
User types – All, Standard,
Seniors, Student, Concession

Direction of
effect
(positive or
negative)

Relative
magnitude
and
significance
of the
effects

Positive effects:
• Fuel price
• Transport price index1
• Service km

Positive effects:
• Fuel price
• Accessibility
• Mining jobs

•
•

•

State national product
Visa workers

CPI

Negative effects:
• Fare
• Office vacancy
• Unemployment

Negative effects:
• Fare
• Distance

For commuting journeys:

For all journeys:

• Standardised regression coefficients:

• Ranges of unstandardised
coefficients:

•

Fare: -0.54

•

Fuel price: 0.20

•

Vacancy: -0.55

•

Bus service KM: 1.34

•

Not predictive models
Independent variables:
weekday, calendar
events
Spatial and temporal
details
25 transport hubs
Daily data (2015-2019)
User types – All,
Standard, Student (up
to y12), Tertiary
students, Concessions
Infrastructure and
service changes, and
calendar events
associated with
substantial and gradual
shifts in patronage

Unemployment
Most important: service
changes, then calendar

o Distance [-0.108, - 0.043]
o CPI [4.2, 5.5]
o Unemployment [-0.169, 0.107]

•

Fare (-ve) and vacancy rates +ve) of equal
importance

o Fuel price [0.721, 1.550]

•

Most important: Bus service km (2.6X
more important than fare and vacancy)

o Accessibility [0.066, 0.436]

•

Fuel price – half as important as fares

o Mining jobs [-1.37, - 0.008]
• Most important: Economic
conditions (CPI,
unemployment, fuel price)

1

The ABS Transport Price Index tracks a fixed set of transport related goods and services over time to determine how they
change in price, including both private and public transport.
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Attribute

Regression

Latent growth analysis

Pattern recognition
clustering

For spatial variation (inner,
middle, outer):
• distance and time accessibility
– equally important
For Standard journeys:
• mining jobs and vacancies of
less importance;
Fares not statistically significant
DiD:
•

Distance, accessibility, fares
- most important

Unemployment - less important
Spatial/

For commuting journeys:

temporal
variation

• Standardised regression coefficients

Stronger sensitivity to economic
conditions as distance increases
Decline more prominent for
Heritage lines

8 out of 25 transport
hubs with substantial
changes in patronage
(infrastructure and
service changes)

Significant slope differences for
the three periods of change –
which means that a single model
with a unique trend is inadequate

Six patterns of
evolution for the
remaining hubs with
gradual shift,
associated with
different types of
activities in the hub.

Distinct trajectories for the four
types of riders

Distinct variations by
type of rider

• Fare is relatively more important the longer
the commute
• Fare and vacancy are 4 times as important
for outer compared to inner.
• Inner zones are more responsive to changes
in vacancy
• Whilst there are statistically significant
differences across the three zones it is
difficult to argue that the magnitudes are
sufficiently different to affect policy

User/journe
y type
variation

Possible exception is for commuting to Perth
from outer zones, which is almost twice as
elastic as the inner suburbs market.
Commuting AM and all journeys confirm fare
elasticities of less than zero
Commuting trips are responsive to office
vacancy rates for Perth CBD.

Student and Senior journeys
have not decreased in the
decline period
The patronage recovery in 20172019 due to Standard riders

Magnitude
elasticities

Fare elasticities:

N/A

N/A

-0.62 all fares; -0.78 commuting
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Attribute

Regression

Latent growth analysis

Pattern recognition
clustering

Commuting elasticities higher for ‘Outer’ zones
Economic factors:
All fares with respect to unemployment rate %
-0.14
Commute with respect to office vacancy rate %
-0.09
Overall
conclusion

Out of pocket costs are more important to
commuters than all public transport users
The magnitude of fare elasticities for
commuting increases with distance from the
CBD.

Conclusion
Perth patronage follows an S-shape curve with three periods of change: growth, decline, and
recovery, consistent with the variation of the economic indicators.
Three main type of methods of analysis were applied, acknowledging that the complexity of the
data does not allow for an ‘all-inclusive’ spatial and temporal model. As regression and
econometric models prevail in the literature, we have also focused on predictive models, while
complementing findings from analysis that shows that various hub (as well as a various O-D pairs)
have different patterns of demand evolution. Our broad findings are convergent and highlight the
equally important role of external (employment, vacancies, fuel price) and internal factors (fare and
service level). The findings highlight the need for spatial differentiation and analysis by type of
rider.
The main influences on patronage were external factors, although accessibility, quality of service
and fares played a significant role. The role of these two factors is consistent with both the literature
(Bass Donoso, & Munizaga, 2011; Boisjoly, Grisé, Maguire, Veillette, Deboosere, Berrebi, & ElGeneidy, 2018; Leung, Burke, Cui, & Perl, 2019; Paulley, Balcombe, Mackett, Titheridge, Preston,
Wardman, Shires, White, 2006; Taylor, Miller, Iseki, & Fink, 2009) and intuition: good public
transport accessibility (frequent services, good station access and facilities) draw passengers,
whereas high fares drive them away. 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.
Demand elasticities with respect to fares have similar magnitude to previous studies [-1.1; -0.49].
Yet, the elasticity of patronage with respect to Bus KM (service) was substantially higher [0.68;
1.1] than in previous studies.
In terms of activity hubs, spatial, social and temporal context, each contributed to different patterns
of patronage change between 2015 and 2019. Across 25 activity hubs in Perth, eight displayed
major changes (infrastructure-led disruptions, with transferred load from one part of the network to
another, but in general an overall increase in patronage), but the majority showed a gradual
change, with distinctive spatial and calendar patterns, which were explored in detail for six case
study hubs.
Although the main focus of this report is public transport, it is vital to take into account private
transport modes. Understanding the changes in patronage on public transport do not tell the whole
story of transport utilisation, as trips may not have shifted from public transport to private vehicle,
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but may have shifted to modes such as walking and cycling (which can integrate well with public
transport), mixed-mode trips, new modes of transport (such as rideshare) or may not have
occurred at all, due to teleworking and job losses. Additional work will be undertaken using
machine learning, to assess the differences in the predictive power of the models. As these models
do not have an explanatory intent, they are best used to predict impacts of various factors on the
future patronage.
The next stage of this research comprises a more detailed look at the 2014-19 period, for which
more and better datasets are available. A full spatial analysis by year (at the suburb level), as well
as a temporal model by the 15 zones will be undertaken. The results of this in-depth analysis will
be incorporated into the final report.
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1 Introduction
Perth faces significant transport challenges; both in terms of the immediate challenge of
understanding the drop in public transport demand since 2012 and in the longer-term with an
uncertain transport future. New vehicle technologies, changes in transport infrastructure and landuse, possible policy changes in public health and sustainability, as well as demand-related
changes (socio-demographics, economic growth, new work and lifestyles) can all affect future
choices with respect to transport. Whist this project aims to give transport authorities sufficient
foresight to inform their planning and investment functions, as well as to apprise other agencies,
the objectives of this project is to explain the changes in patronage observed before, during, and
after the economic decline of 2013-2015. The project investigates both external determinants (e.g.,
changes in economic growth and demographics), as well as internal factors (e.g., changes in
transport services, fares, and spatial differences).
As shown in the report, external conditions played an essential role in understanding the evolution
of patronage. Despite the global financial crisis (GFC) of 2008-2009, the Western Australian
economy went through a second phase of growth over the years 2010 to 2013 due to the mining
sector’s heavy investment in construction (Downes, Hanslow, & Tulip, 2014). The strength of the
sector had a spill-over effect on the levels of population, immigration and economic activity within
Perth (Phillips, 2016). The construction phase for mining abruptly halted in mid to late 2012 which
was accompanied by sharp drop in the growth of WA’s gross state product (from 9% in 2011-12
to 3.5% in 2014-15, below the state’s long-term average growth rate of 4.7% - Duncan, Gao,
Nguyen, Ong, & Tarverdi, 2016). At the same time, levels of interstate migration “dipped from a
net inflow of 8,898 in 2012 to a net outflow of 3,005 in 2015” (Duncan et al., 2016). This period of
boom (2009-2012/13) and bust (2013 – 2019) provides a real experiment on which to explore
demand for public transport in a growing market as well as a market in decline.
Motivated by a surprising over-forecast of public transport patronage for the 2013-14 financial year
(FY)2, the WA Department of Treasury undertook an econometric modelling exercise in 2015
(Shareef & Lau, 2016). The modelling exercise took place soon after the peak period of demand;
too early to observe how public transport ridership levels adapted to a slowing economy. With the
advantage of time, the current modelling exercise analyses demand elasticities over the periods
of economic growth, decline and rebound (after 2017). The report provides evidence-based
methods that relate demographic and social trends – in combination with network conditions – to
public transport ridership at different spatial scales (including 15 spatial catchment regions of
Perth) and for targeted user profiles. The period of estimation is from April 2009 through to April
2019, and three types of models estimated demand relationships with fares, the price of private
vehicle ownership and use, economic activity indicators, and accessibility. The predictive models
were complemented by clustering techniques, identifying different patterns of patronage changes
over time.
The three different modelling techniques provide different perspectives on the same changes in
patronage over time; together, they help explain and understand the changes and how these are
affected by external factors over time.

2

In the years leading up to FY 2013-14 fare-paying public transport ridership had been increasing by 4.3% per annum (FY 200809 to 2012-13), but in the subsequent year demand declined by 0.5%, despite the forecast of a 5.8% growth.
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1.1 Research Objective
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 report presents detailed analyses of the initial increase in ridership (up to 2013), then the postboom decrease in ridership (up to 2017), as well as the recovery period (2017-2019). This was
combined with a detailed account of the changes in land-use and socio-economic trends in Perth.
Mobility is integral to a functional and liveable society. As indicated, the research explores three
distinct classes of methods to uncover factors that affect transport choices. The contribution of the
analysis is to estimate spatially disaggregated relationships between social and economic
indicators and the trends in ridership. In addition, the project develops different non-regression
based explanatory models and pattern analysis methods to offer explanations of trends in
patronage. The research methods are outlined in section 3.1.

1.2 Structure of the Report
This report is structured as follows:
•

Section 1 introduces the project and provided an explanation of the research objective
behind the project;

•

Section 2 provides a literature review into similar models worldwide, comparing and
contrasting their differences;

•

Section 3 describes the data sources and methodologies used within the development of
the models;

•

Section 4 discusses the results of the models generated from the data sources above using
the aforementioned methodologies;

•

Section 5 is a discussion regarding what the results of the models tell us about public
transport patronage and;

•

Section 6 is the conclusion of this report.

The report also includes a number of appendices with supporting information: literature review,
desire line, pattern of hubs.
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2 Literature Review
The Perth Metropolitan area has seen both a significant increase in the use of public transport from
the early 1990s, but also a sustained decline, which set in around 2013. This has been the trend
in many Australian cities, as shown by Loader (2020), and the reasons can be mainly ascribed to
the increasing road congestion (which increased the patronage) and economic changes following
the mining boom, which reduced overall demand.
This section aims to scan international literature to identify determinants of public transport
patronage, as well as the ways of analysing and modelling these factors, with a focus on cases
relevant to Australian cities and particularly to Perth, WA.
A review of numerous articles related to public transport provision reveals that the share of public
transport has seen a rapid decline in the second half of the 20th century, explained primarily by the
rise of car mobility in conjunction with urban sprawl and changes in lifestyles (BITRE, 2011;
Boisjoly et al., 2018). This was more prominent in low density environments such as North America
and Australia, compared to European and Asian cities. A resurgence of public transport utilisation
occurred in the 90s and the beginning of the 21st century, ascribed to increased congestion on the
roads, recognition of the environmental deleterious effects of transport and to the positive socioeconomic and health effects of public transport (Paulley et al., 2006; BITRE, 2011; De Gruyter
Currie, Truong, & Naznin, 2019).
In Australia, the share of public transport use has also changed after 2000. BITRE (2013) explains:
Across all major cities (in Australia), the private vehicle mode share declined by
1.5 percentage points between 2001 and 2011. This was accompanied by a 1.5
percentage point increase in the public transport mode share, a 0.5 percentage
point increase in the active transport mode share and a 0.4 percentage point
decline in working from home. The six largest capital cities — Sydney,
Melbourne, Brisbane, Perth, Adelaide and Canberra-Queanbeyan — share a
common trend of increased public transport and active transport use and
reduced private vehicle use. However, the smaller major cities all experienced
reduced active transport use and (apart from Geelong) increased private vehicle
use. From 2001 to 2011, the proportion of employed residents who worked from
home declined in all 18 major cities.
Since 2013, the share of public transport has again been in decline, mainly associated with the
economic downturn post GFC (BITRE, 2013; Duncan et al., 2016).
This literature review seeks to look for answers to two key questions:
1. What factors have been found to affect patronage trends?
2. What methods have been used to determine what factors most affect patronage?

2.1 Common Measures for Public Transport
There are numerous ways of measuring public transport activity in the literature. These range from
measures referring exclusively to supply (such as routes, stops, route sections available,
punctuality); to metrics on demand and its interaction with supply (passenger numbers, mode
share, distance travelled and revenue per kilometre). These measures are all influenced by
numerous factors, both direct and indirect, which makes predicting public transport a complex field.
Public transport may perform well in some metrics, such as passenger-kilometres; whilst
simultaneously showing a sustained decline in passenger numbers and revenue, which indicate
longer distances and lower profitability, thus poorer performance. Given the distinct aspects they
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cover and occasionally opposite effects, it is important to understand the vector of metrics used
for benchmarking public transport services. In this report we focus primarily on patronage levels.
Appendix A gives a list of the articles reviewed, the aim of the research, the method, the unit
measure used and the most important findings in each case. Considering the wide range of metrics
applied to characterise public transport and the importance of contextual factors, it is often difficult
to directly compare international experiences, however, broad trends do emerge. The review is
split into two parts: a) determinants of patronage; and b) state-of-the-art (best methods) for analysis
and prediction.

2.2 International Trends in Public Transport Patronage
The broad trend internationally is that the share of public transport mode saw a rapid decline in the
second half of last century, from around 70% of all trips, to around 10%, where it bottomed out in
most Western countries in the 80s (Balcombe, Mackett, Paulley, Preston, Shires, Titheridge, &
White, 2004). In the 90s, the process stagnated or reversed, and various economic conditions and
lifestyle changes shaped the role of public transport in urban areas around the globe.
The factors impacting on ridership can be broadly categorised in two groups: external,
macroeconomic factors (referring to economic cycles, land-use changes, population and
employment trends, investments in infrastructure, changes in lifestyles and cultural preferences);
and internal factors, specific to transport services and competition between modes (fare levels,
petrol and parking price, level of service of public transport, accessibility of various modes,
congestion). The most relevant studies, illustrating these associations are presented below.
Boisjoly et al. (2018) looked at a longitudinal study (2002 – 2015) of 25 transit authorities across
the USA and Canada trying to work out the determinants which explain public transport ridership.
The study noted that in the USA and Canada throughout the 90s and 2000s, transit ridership
steadily increased in most cities, although in many cities the patronage remained at the same level,
or slight decreased (Boisjoly et al., 2018, p.434). These findings are confirmed in Baum-Snow and
Kahn (2000) who explain that commuting by private car continues to grow in popularity due to
growing household incomes, suburbanisation of population and employment, and the rising quality
of cars combined with the declining price of petrol (Baum-Snow & Kahn, 2000).
Balcombe et al. (2004) produced an update to the British Public Transport Operators Manual which
began with a very useful overview of the trends in the British public transport sector, specifically
concerned with the demand expressed in vehicle kilometres. It was noted that in the UK, the
demand for public transport fell rapidly in the 80s. Operators realised that increasing fares,
reducing service levels, or reducing the network were not options to increase demand, instead
ever-increasing subsidies were requested. However, in the 2000s the demand for bus travel
appears to have stabilised at a higher level than would have been predicted using the 70-80s
trends, with a 21% decline. At the time, more vehicle kilometres were operated than any time since
the 70s, however, public expenditure on public transport declined by 16% in real terms. Similarly,
rail has seen a resurgence since 1995, which has been largely explained by economic growth,
constraints on car use, service improvements, and the fact that rail fares are subject to price
controls. The study makes the point that the fall in passenger numbers has not abated, that there
are less passengers travelling further, and that public transit profitability has improved. Public
transport has become the mobility choice of a reasonable minority, while the majority use private
vehicles. Thus, increasing public transport patronage requires a shift from car usage.
In the UK, buses account overall for 9% and rail for 5% of all journeys-to-work; however when split
by purpose, buses accounted for 23% of all education journeys, followed by shopping and then
work. This clearly illustrates that certain modes of travel are more appropriate for certain types of
trips, or put differently, the destination influences the public transport mode share, as well as the
type of users. In the UK, most of the railway routes radiate out from the metropolitan nodes and
thus are focused on the adult work journey. Commuting tends to be at longer distances compared
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to other trips and seems to have stabilised since the 70s at 60 minutes (Marchetti, 1994; Ahmed
& Stopher, 2014). Given the improvements in speed, the catchment area has expanded. Across
the various modes of public transport, the largest user group were of working age (17-59 year
olds). Buses and coaches were used most by under 17’s and over 59’s, indicating that these
modes tended to replace car trips for those who cannot drive. Short distance (or commuter) rail
use is dominated by working age commuters, whilst long distance rail trips have a more varied
composition (Balcombe et. al., 2004).
Buehler (2011) looked at international trends in levels of public transport use per capita. The study
found that, internationally, per capita numbers vary by roughly a factor of 10 between different
areas, ranging from 237 trips per year in Switzerland to only 24 trips per year in the USA. It may
seem surprising that the Netherlands has the second lowest number of trips per capita (51), but
that is due to the extraordinary importance of cycling, which accounted for 26% of all trips by the
Dutch in 2008. This is the highest bike share of any European country (Pucher & Buehler, 2010,
2012). It is noteworthy that Canada has more than twice the level of public transport use than in
the USA, probably due to more compact settlement patterns, lower car ownership, higher fuel
prices, and earlier public ownership, operation, and financing of public transport systems (Buehler,
2011).
Studies suggest that the greater demand for public transport in Europe than the USA is due to
higher density cities, much higher taxes on fuel and car purchases, less (and more expensive) car
parking, and a wide range of restrictions on car use in cities. In addition, European cities generally
offer more and better public transport services than the USA (Buehler, 2011; Cervero, 1998; Mees,
2010; Newman & Kenworthy, 1999; Pucher & Kurth, 1995; Vuchic, 1999).
Boisjoly et al. (2018) examined the relationship between operations (measured as vehicle revenue
kilometres, VRK), fares and transit ridership, in metropolitan areas over 1.5 million population (in
2015) that operate at least two modes of public transport (i.e. bus, streetcar, light rail and/or heavy
rail). The results of a regression model (controlling for other relevant variables) show that VRK is
positively and significantly associated with ridership. More specifically, a 10% increase in VRK is
associated with an 8.27% increase in ridership, while keeping all other variables constant at their
mean. This is by far the largest contributor to ridership, however it requires substantial investments
and operation costs. Conversely, higher average fares are significantly associated with a decrease
in ridership, where a 10% increase in fare is linked with a 2.19% decrease in ridership.
Interestingly, the presence of a privately-operated bus service leads to increased ridership for
transit agencies, suggesting that those services are complementary to the services directly
operated by the mass transit agency. Similarly, the presence of Uber and bicycle sharing systems
in a metropolitan area, although not statistically significant, are positively associated with the
ridership of a transit agency. The negative effect of fare increases, more prominent in the long-run,
are well documented, with evidence from many countries and different contexts: Wang and Skinner
(1984), Gkritza, Golias, & Karlaftis (2004) in Greece, Paulley et al. (2006) in the UK, Wijeweera
and Charles (2013 a and b) in Australia.
However, many studies demonstrate that the level of service is a stronger predictor of ridership
than fare and vehicle-kilometres (Bass et al., 2011; Bigerna & Polinori, 2011; Graham, Crotte, &
Anderson, 2009; Kuby Barranda, & Upchurch, 2004; Taylor et al., 2009; Tsai, Mulley, & Clifton,
2013; Wijeweera & Charles, 2013a, 2013b; Zheng, Wijeweera, Sloan, Washington, Hyland, To, &
Holyoak, 2013). Boisjoly et al. (2018) showed the differentiated association between ridership and
mode specific operations. The magnitude of the bus VRK coefficient is around five times greater
than the one from the rail VRK, suggesting that bus operations are more closely associated with
the changes observed in ridership; by contrast, an increase in rail operations alone is not sufficient
to sustain increases in ridership. The results of this study emphasise the need to invest in public
transport, especially bus operations, to support higher levels of overall ridership. To do so, transit
agencies and municipalities need to find additional sources of revenues. The study showed that
increasing fares to support investments in operations cannot result in large increases in ridership.
Alternate sources of revenue suggested the inclusion of petrol taxes, congestion and parking
pricing, public-private partnerships and land value capture. This implies that provision of a feeder
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bus service for the rail system does not fund itself, but needs to be funded from other sources in
order to sustain or maintain the rail commuter numbers and to achieve the other societal benefits
such as access to all income groups, lower carbon emissions, increased active travel etc. (Boisjoly
et al., 2018).
A substantial number of studies have shown that transit patronage increases when the car travel
becomes too costly, both in terms of money or cost and reliability of travel time (Buehler & Pucher,
2012; Taylor et al., 2009; Tsai et al., 2013). Thus, policies that make car use less attractive (e.g.,
petrol tax increases) are likely to substantially support/promote public transport. For example, in
the face of steep increases in the market price of petrol between 2005 and 2008, Americans
reduced their driving and made more trips by public transport, bike, and foot (APTA, 2010; FHWA,
2009, 2010). These changes in travel behaviour may not have been sustained, however, since
vehicle miles travelled increased and public transport ridership fell once petrol prices reverted to
the previous prices or started declining. Findings from this analysis cautioned US planners and
policy makers to adjust their expectations that changes in individual mode choices are quick and
lasting/enduring. Similar results, although of different magnitudes, were found by Gkritza et al.
(2004), Lane (2012), Nowak and Savage (2013), Smart (2014). Of note, Chiang, Russell, & Urban
(2011) showed non-significant results, but this may be related to the modest size of changes in the
fuel price.
Accessibility to transit station is positively associated with increased patronage (Kuby et al., 2004;
Weis & Axhausen, 2009), also supported by the finding that investing in feeder bus operations
supports higher levels of overall ridership (Boisjoly et al., 2018). In general, infrastructure
investments improve the position of mass transit (Baum-Snow & Kahn, 2000) and accessibility
gains are captured in higher real estate prices (Leung et al., 2019).
When comparing PT ridership in the USA and Germany, Buehler (2011) noted that population
density and public transport access have a reduced influence on mode choice—and many
Americans living close to public transport and in dense areas still drive for a significant share of
their trips. Thus, implementing policies that increase population density and promote public
transport access may initially have a more limited impact on the share of trips made by car. Over
time, as regional population densities increase and public transport networks become more
extensive, this may change, however.
However, a key determinant of patronage is the personal preference and attitudes to public
transport (Van, Choocharukul, & Fujii, 2014; van Lierop, Badami, & El-Geneidy, 2018) and many
cultural differences can be identified. Even after controlling for urban form and socio-demographics
(variables included in the regression analyses), Buehler, Pucher, Merom, & Bauman (2011) found
that Germans are significantly more likely to walk, bike, and use public transport than Americans.
This suggests that other contextual factors, other than socio-economic and demographic and
spatial development variables, influence travel behaviour. Their analysis provided evidence that
given the country differences, the levels of car or public transport use in the two countries will
remain different in the future. Transport policy differences that make inner city car use less
attractive and more expensive combined with policies that promote alternative modes that are
faster and more convenient in Germany may help explain the increasing trend of PT in Germany.
Conversely, in the USA petrol taxes and registration fees are lower; road construction and
maintenance are subsidised at a higher rate; highways penetrate most cities; car parking is cheap
and ubiquitous; public transport service is less frequent, rarely integrated, and less attractive; and
infrastructure for walking and cycling is less common (Buehler & Pucher, 2012).
Income and car ownership (BITRE, 2011, 2013; Holmgren, 2013; Odgers & Van Schijndel, 2011;
Paulley et al., 2006), employment (Odgers & Van Schijndel, 2011; Taylor et al., 2009; Zhao, Deng,
Song, & Zhu, 2013) and life cycle stage (Kasraian, Maat, & van Wee, 2018), also affect mode
choice and thus public transport ridership. In general, young travellers and those over 60, with
lower incomes, are likely to use public transport more frequently, because of their limited access
to private vehicles and fewer commitments, which require less planning for trip chains (Shen,
Corpus, & Hidas, 2015; Weis & Axhausen, 2009).
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A few studies have looked at the effect of weather (Stover & McCormack, 2012) on ridership,
highlighting that precipitation and extreme heat/cold are deterrents for people when using public
transport (or active travel).
However, when the shift from private car to public transport can be made, the benefits are multiple:
reduced congestion, improved air quality, reduced CO2 emissions, higher performance for the
transport operators (Lindsey, Schofer, Durango-Cohen, & Gray, 2010; Paulley et al., 2006; De
Gruyter et al., 2019; Leung et al., 2019).
The review of current literature highlights some broad trends. Some key points are:
Internal
1.
2.
3.

4.
5.

Fare increases almost always increase revenue in the short-run, but decrease it in the
long-run, as reflected by the differentiated price elasticities (Balcombe et al., 2004;
Gkritza et al., 2004; Paulley et al., 2006; Wijeweera & Charles, 2013a, 2013b);
Petrol price rises lead to an increase in public transport use, but there is a lag of 3–10
months and the magnitude of price change matters (Gkritza et al., 2004; Lane, 2012;
Nowak & Savage, 2013; Smart, 2014; Leung et al., 2019);
Smart ticketing systems increase ridership, but makes ridership more sensitive to
quality of service and service kilometers (Bass et al., 2011; Bigerna & Polinori, 2011;
Graham et al., 2009; Kuby et al., 2004; Taylor et al., 2009; Tsai et al., 2013; Wijeweera
& Charles, 2013a, 2013b; Zheng et al., 2013);
Buses and trains have very different markets and characteristics, however decreasing
bus services decreases rail use (Boisjoly et al., 2018);
The best way to get people into public transport is to ‘push’ them out of cars - so
congestion charging, high parking fees and congestion work best; public transport
works best in cities where all modes are handled together with both ‘push’ and ‘pull’
factors. This includes complete shift between modes and/or promoting multimodality getting people out of cars at transit hubs, via improved access to park-and-ride, kissand-ride (Kuby et al., 2004; Weis & Axhausen, 2009; Leung et al., 2019).

External
6.
7.

8.
9.
10.

11.
12.
13.

Buses are considerably used by the elderly and school children (i.e. those who can’t
drive);
When a household buys their first car, they remove more than one person’s ridership
from the system, as they tend to drive the children to school etc.; the second car has
less impact and is closer to removing only one public transit user (Balcombe et al.,
2004);
Once someone switches to a car, they rarely return to public transport (more so for
men than women) (Feng, Dijst, Wissink, & Prillwitz, 2017);
Substantial and sustainable mode shift changes usually occur in relation to lifecycle
changes or relocation (when individuals move to a new house or job) (Kasraian et al.,
2018);
In Europe, bus ridership is declining due to the aging population and reduced mobility
altogether; also, there is a substantial segment of young travellers who have grown
up with the car and are less likely to use public transit (Balcombe et. al., 2004;
Kasraian et al., 2018);
Rail is almost exclusively job-related commuter traffic in many countries (Buehler,
2011; Paulley et al., 2006; Zheng et al., 2013; Watkins, Berrebi, Diffee, Kiriazes,
Ederer, Georgia Tech Research Corporation, 2020);
Commuter traffic is linked to the number of jobs in the city (Odgers & Van Schijndel,
2011);
There are changes in home-based employment, telecommuting, and increasing
number of part-time employment, which affect travel in general, and thus public
transport as well;

16

Factors Influencing Public Transport Patronage Trends: Perth 2009 to 2019

14. There are limits for maximum accepted public transport commutes – they seem to be
around 60 minutes (Joly, 2004; Mokhtarian & Chen, 2004; Balcombe et al., 2014;
Ahmed & Stopher, 2014) and the catchment increases with speed.
These trends are confirmed by a content analysis of the articles and reports, undertaken using an
automated tool, called Leximancer. A conceptual map is presented in Figure 1. The map confirms
that ‘demand elasticities’ were at the core of the pool of papers examined for this research project,
as highlighted by the largest circle/theme on the map. ‘Buses’ and ‘Transport’ were the next
significant themes, directly connected to demand elasticities. Of note are the two distinct branches
(highlighted in red and blue), which represent:
-

Internal factors contributing to changes in ridership (focusing on the public transport
models and level of services);
External factors that are affecting ridership, starting with population and economic
changes, through to changes in the overall transport system, car ownership, and
prices of ownership and use.

Figure 1 Content analysis of the literature
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Leximancer is an analytical tool that has been applied in a wide range of qualitative research
projects (Cretchley, Gallois, Chenery, & Smith, 2010; Smith & Humphreys, 2016). It extracts the
most highly ranked lexical terms based on word frequency, tags them to the text segments where
they appear, then establishes co-occurrence with other concepts. This is depicted in a Leximancer
map by the proximity of circles to each other. The heat map presents the theme of greatest
frequency in the literature in warmest colours and the peripheral themes (less prominent) in cool
colours. Leximancer generates transcripts for each theme and notates the words/concepts within
the theme, which act as descriptors of the theme. Their density is also an indication of the
relevance of the theme. Lines linking the themes are called pathways and together with the
descriptors in each theme they are used to interpret the connections between salient concepts,
factors, and methods.

2.3 Modelling Approaches
The most common modelling approaches are regression-based models and econometric models.
Whereas the former use cross-sectional data and are focused on understanding general factors
associated with ridership across time and space, the latter analyse time series data with cointegration and error correction techniques, to address non-stationarity3 and to allow determining
short-term and long-term elasticities. This section critically assesses each of these models and
identifies benefits and limitations, providing a justification for the models used in this research.
Baek and Sohn (2016) explained that most public transport demand models use the traditional
four-step framework:
1.
2.
3.
4.

Generation – how many trips are generated?
Distribution – where do the trips go?
Mode choice – what travel mode is used?
Trip assignment – which route do they follow?

They highlight that the four step modelling system cannot easily explain the short-term variation in
passenger numbers across modes, nor can it easily be adapted to account for changes in the
overall system. For example, if one bus route is cancelled, other route demand cannot be
accounted for. Baek and Sohn (2016) experimented using deep learning to work out if the data
alone (with no specific theory) could better accommodate miscellaneous changes in activity and
transport systems on bus demand. They looked at modelling bus stops and stop-to-stop sections
of bus routes - the latter showed promise, but requires as much data as possible. This study is
unique in the literature, adopting a novel approach, however the objective was prediction and not
explanation of the determinants of patronage.
The major survey articles presented in section 2.2 reviewed results on the responsiveness of
demand to changes in fares, income, quality of service, the price of competitive modes, and other
factors. They show that there is a great deal of variation across studies in the magnitude of the
relevant public transport demand elasticity estimates. Graham et al. (2009) believes this is mainly
due to six key study characteristics:
1.
2.
3.
4.
5.
6.

type of data used (aggregate or disaggregate),
time frame analysed (month, quarter, year),
model structure (static vs dynamic),
econometric techniques used,
specification of the dependent variable (travel volume, modal choice or route choice), and
demand specification.

3

Non-stationary time series are those which have variances, covariances or means that change over time. As they are
unpredictable, they must be transformed into stationary time series before further analysis can take place.

18

Factors Influencing Public Transport Patronage Trends: Perth 2009 to 2019

The influence of these characteristics limits PATREC’s research ability to make direct comparisons
of results from one particular study to those of another. In fact, the survey articles show that
elasticity estimates can still vary substantially between studies, even when the six key elements
are consistent. This is due to the influence of certain country-specific characteristics, such as travel
distances or level of competitiveness between transport modes.
Thus, to some extent, a key message from the literature survey is that the evidence on the
magnitude of demand elasticities can be divergent and, consequently, benchmarking cannot be
achieved. That said, the reviews also point towards some basic generalisations about the
responsiveness of demand to changes in price, income, service quality and price of competing
modes. These are as follows:
1. With regards to fare elasticities, the difference between estimates can be largely explained
by three aspects: location, trip purpose, and mode of transport. First, rural areas in general
have greater fare elasticities than urban areas, reflecting greater feasibility of using a car
as an alternative mode, due to less congestion and cheaper parking. Second, public
transport choice or discretionary users that can choose to make a trip by car tend to be
more responsive to fare changes than captive users, who do not have the alternative of
the car. Third, non-commute trips such as shopping and leisure are more elastic than work
trips, while off-peak trips have larger fare elasticities than peak-time values, mainly
because peak-hour trips are work related. Finally, public transport fare elasticities depend
on the type of transit analysed. In general, train and metro seem to have less sensitivity to
fare changes than buses, possibly due to higher speeds and lower travel time, particularly
for longer journeys.
2. Regarding income elasticities, some studies estimate negative coefficients, perhaps
indicating that public transport is an inferior good (e.g. Dargay & Hanly, 2002), while some
studies show that the relationship is positive (e.g. Romilly, 2001) indicating that as incomes
grow and wealth increases, people engage in activities that require more transport
services. The literature shows that income elasticities are found to be positive when vehicle
ownership is included in the model, however, when it is excluded, income accounts for the
negative effect that passenger vehicle fleet has on public transport demand. In fact, not
many studies have included both variables in the same model due to multicollinearity
problems. Some authors believe that the inclusion of a time trend for car ownership can
improve estimation, arguing that if the trend coefficient is negative, it accounts for vehicle
ownership; while if it is positive it accounts for other unobservable or difficult to measure
factors, such as traffic, car journey times and other car costs. Consequently, the literature
surveys caution great care in interpreting the income elasticities since they depend on the
variables selected for inclusion in the model.
3. Some generalisations are possible with regards to quality of service elasticities. Quality of
service is difficult to measure and while there is no consensus within the literature on a
single appropriate proxy variable, we identified three types of metrics that are most
commonly used: (1) number of vehicles/trains in operation and train kilometres operated
(as these figures increase per passenger or per route length, service frequency also
increases and there is less crowding), (2) some measure of time or money (for instance
in-vehicle time + waiting time through a value of time factor), and (3) other quality factors
that are not directly measurable in terms of time or money (such as service reliability,
infrastructure quality, and ventilation). As with fare elasticities, the main factors that give
rise to variance in service quality elasticity values include city size, type of trip, type of user
and mode. For instance, larger cities tend to have higher service elasticities than price
elasticities, while smaller cities have comparable values. Rural areas have higher service
elasticities because improvements to a poorer service have a greater impact. Another
important point about the service quality variables is that they may be simultaneously
determined with demand, but their potentially endogenous nature is often not addressed
in empirical work.
4. With regards to cross elasticities no general guidelines can be drawn. Oum, Waters, &
Yong (1992) argue that the specification of the demand for public transport should include
prices and service quality factors of competing modes, to truly capture the effect of public
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transport markets. However, such cross elasticities are not directly transferable across time
and space because they depend on the relative size of the two markets represented (Acutt
& Dodgson, 1996). Oum et al. (1992), cited in Graham et al. (2009, p.788), showed that
the estimated cross-elasticity of transit with respect to fuel prices ranges between studies
from as little as -0.01 up to 1.32.
Broadly, the literature showed:
1. Distinct approaches have been applied, based on the type of data available and the main
purpose of the work (explanatory or prediction). The majority of the models are either
econometric or regressions, with some newer applications using artificial intelligence to
forecast patronage or to understand typologies of users and patterns of patronage across
areas.
2. Meta-analyses on demand elasticities show substantial variation, however long-term
elasticities (years and decades) are in absolute terms larger than short-term elasticities
(monthly, few years), and discretionary travel is more elastic than compulsory travel.
Different modes of public transport have different characteristics, so models for rail
systems are different from those for buses, and elasticities are larger for trains.
3. Different temporal and spatial scales are represented in the modelling, and econometric
models typically did not consider spatial dependence and heterogeneity.
4. The unit of measure used in modelling public transport is as diverse as the models.
5. The wider range of factors, which affect public transport patronage make it difficult to model
conclusively and multicollinearity affects explanatory models.
6. Public transport’s success depends largely on what your aim is; for example, the spread
of the public transit system has increased significantly in most countries, but the number
of passengers has fallen. Fewer people are travelling further. But without concerted efforts
to limit car driving while encouraging public transport and active travel, the increases in
patronage and market share remain modest.

2.4 Modelling for Perth
Previous studies for Perth used econometric models, including the BITRE (2011) report, which
described patronage for Australian capital cities using ordinary least squares (OLS) regressions.
Applying OLS seasonally differenced regression equation, Wallis and Lawrence (2016)
recommended fare elasticities of -0.37 for both bus and rail (Table 3, p.16). The estimates related
to the dependent variable: total per capita fare-paying boardings over the period July 2000 to May
2015. In addition, they noted positive elasticities with respect to employment levels and to state
gross demand. The regression coefficient with respect to petrol price was not significant in either
the regression for train or bus demand and service KM appeared only in the estimate of bus
demand. Wallis and Lawrence’s results are reproduced in Table 1.
Table 1: Public transport demand elasticities Perth 2000–2015
Demand for PT with respect to:
Fare (composite fare)

Bus

Train

-0.38

-0.36

NA

NA

State Gross Demand

0.26

0.28

Employment (jobs per capita)

0.32

0.81

Services KM

0.33

0.82

Annual trend

-0.018

0.001

0.56

0.82

Real Petrol Prices

2

Adjusted R

Source: Wallis and Lawrence (2016) Table 2
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The modelling exercise undertaken by the WA Department of Treasury in 2015 (Shareef & Lau,
2016) identified non-stationarity in the patronage data and the estimating equations were based
on the differences between successive months. Thus, the specified models were Auto Regressive
Distributed Lag (ARDL) models. The aim of the project was to obtain valid fare elasticities and the
final specification for each submarket was chosen based on a minimising error search algorithm
with a constraint that the fare elasticity is less than zero. A consequence of this strategy meant
that there was little commonality in the specification of economic factors or non-fare transport
variables across markets. The fare elasticities from Shareef and Lau (2016) are presented in Table
2.
Table 2: Fare Elasticities for public transport demand FY2000-01 to FY 2013-14
ARDL Model Patronage Segment
Total

Bus

Train

Concession

Standard

2
Sections

1
Zone

2
Zones

3
Zones

Other
Zones

Short
Run

-0.52

-0.66

-0.87

-0.54

-1.04

-0.83

-0.64

-0.96

-0.97

-1.07

Long
Run

-0.62

-0.78

-0.86

-1.16

-1.32

-0.84

-0.80

-1.05

-1.12

-1.24

Source: Shareef and Lau (2016), Table 15

Piotrowski and Wallis (2018) examined trends in the common explanatory variables such as fares,
service KM, economic indicators and traffic conditions. They used reported elasticity values to
impute possible quantitative impacts of these trends on the declining public transport demand level
seen over the period of 2012 to 2018. Whilst the paper did not present new estimates of elasticities
it provided a qualitative summary of the relative magnitudes of impact (see Table 3).
The main contributing factor to the fall in demand was the rise in public transport fares, coupled
with the fall in real petrol price. This effect was to a large degree counterbalanced by the additional
service kilometres added to the network. Whilst there are currently no estimates for the substitution
between public transport and demand responsive services, a minus 2-3% value is substantially a
guess based on observed growth in the demand for the new services and survey evidence from
the US. Piotrowski and Wallis (2018) did not have an estimate for the elastic of demand with
respect to office vacancy, and an estimate of -0.04 was reported in equation 1 (all journeys) to
impute a contributing measurement of approximately 1.0%.
Table 3: Public transport changes in demand for Perth 2000 – 2015
Indicator

Change demand between
2012/13 and 2016/17

Demand for Public Transport

Bus -8% and Train -11%

Contributing factors contributing to the fall in
demand

Affecting Public transport
demand by a factor of

Real Fares increased by 19%

-3% to -5%

Parking charges at rail stations

~ -2% on rail

Real petrol prices fell by 21%

-4% to -5%

Demand responsive services (Uber)

-2% to -3%

CBD office vacancy increased by 20%

~ -1%

Vehicle ownership

Negligible

Lower congestion

Negligible
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Indicator

Change demand between
2012/13 and 2016/17

Contributing factors counterbalancing the fall
in demand

Affecting Public transport
demand by a factor of

Economic Growth (rate of growth decreases
but remains positive over the period)

Small +ve effect

Service KM (increased provision of public
transport services)

+5% to +8%

Source: Piotrowski and Wallis (2018), Table 2

2.5 Conclusion
Public transport is a key contributor to urban sustainability. Effective networks that integrate public
transport within the transport system of the city achieve better accessibility, lower per capita carbon
footprint and are more liveable, while satisfying the mobility and transportability needs of the city.
Boisjoly et al. (2018), p.434 indicated that: “Most major cities in North America aim to increase
transit ridership in order to achieve multiple societal goals, such as reduction in congestion and
greenhouse gas emissions (Adler & van Ommeren, 2016; Beaudoin & Farzin, 2015; LaBelle &
Stuart, 1996)”. There are thus complex motives involved in the provision of public transport, beyond
both the logistical route and passenger numbers planning or the revenue it generates.
For a long time, increasing car and truck traffic volumes have gone hand in hand with increasing
economic activity. This development has led to increased traffic congestion, as well as to wider
environmental problems and threatens to further do so. Despite this, the private car continues to
gain market shares at the expense of public transport in most urban areas of the industrialised
world (Holmgren, 2013).
There are two categories of factors, external and internal, of PT patronage. In compact cities, with
higher densities, PT offers a high-quality alternative to other modes. In low-density cities, it is a
challenge for planners, transport agencies, and authorities to maintain adequate services while
having a financially viable operation. This is critical, when empirical evidence shows that ridership
depends partly on fares, but much more on service quality.
There are cultural differences and attitudes towards public transport (often considered ‘inferior’ to
the car) that play a significant role in modal shift (Choo & Mokhtarian, 2004; Steg, 2005). Literature
points to the fact that public transport is the mode of choice for a minority (Bass et al., 2011;
Buehler & Pucher, 2012; Feng et al., 2017; Holmgren, 2013; Shen et al., 2015; Taylor et al., 2009).
It is in direct competition with private car use and, as such, works best in countries where transport
is dealt with holistically and policy looks at both ‘push’ and ‘pull’ factors. Increased traffic
congestion, expensive parking and increasing jobs in the city centre increase public transport
uptake.
Furthermore, public transport cannot be modelled in isolation as many of the goals such as
reduced carbon emissions, increased social access and sustainable development do not have
easily applied monetary values.
Methods of analysis are varied, but regression and econometric models prevail. Time structure of
time series, availability of data on predictors, possibility to account for spatial differences, the main
objective of the modelling exercise (describing effects or prediction), as well as the existing
modelling capabilities, dictated the most fitting modelling approaches. Broad findings are
convergent (Shareef & Lau, 2016; Piotrowski & Wallis, 2018), however quantitative benchmarking
(e.g., elasticities, standardised effects) is difficult, if not infeasible.

22

Factors Influencing Public Transport Patronage Trends: Perth 2009 to 2019

3 Methods and Data
The aim of the project was to identify factors that affect PT ridership and inform transport policy
that is sensitive to social and economic trends. The research presented here provides findings
from spatially and user-type disaggregated time series regression and latent growth models. In
addition, the project explored non-regression models, such as clustering, pattern identification and
deep-learning techniques, using individual SmartRider records, to offer additional findings to the
patronage modelling. This section describes the techniques and the data sources integrated in the
research.

3.1 Modelling Techniques
Given the two different types of patronage sources (aggregates over time and SmartRider
individual transactions), multiple techniques are required to answer the questions raised in Section
1.1. They can be classed in three categories (regression-based, latent growth, and unsupervised
learning to cluster users and nodes), enumerated below and described in detail in Sections 3.3 to
3.5.
•

MT1 Regression-based behavioural models undertaken at different scales. These models
will represent an extension of the models previously used by PATREC in the project
“Addressing Future Uncertainties of Perth at 3.5 Million: ‘What-If’ Scenarios for Mass
Transit”, accounting for temporal changes in patronage, land-use, and sociodemographics. Differences-in-differences, models +/- spatial dependence and
heterogeneity were also tested.

•

MT2 Latent growth models (LGM). These multivariate models estimate trajectories for the
patronage at the transport node, origin-destination (O-D) pair, or corridor level based on
changes on socio-economic factors over a period of time. The models examine the
correlations between the series and may be thought of as a dynamic variation to structural
equation models.

•

MT3 Pattern discovery (unsupervised learning) techniques will be applied at the level of
route, hub and user typology. The methods extend PATREC Travel Behaviour Patterns–
Micro Analysis (2017). The earlier project used pattern recognition methods for a crosssection Smart-Rider data set. The current project aims to uncover dynamic patterns in the
patronage data by transport hub.

These three main types of models are preceded by descriptive statistics (MT0) of the patronage
data, as well as the most relevant drivers of patronage, as identified in the literature.
The insights from the four sets of analysis (undertaken in parallel) are compared and integrated,
with the objective of validation and offering complementing information. Whereas some models
are best suited for prediction, with limited ability to explain the structural changes underlying the
changes in patronage; others are offering a rich explanation of the complex phenomena, but with
poorer forecasting performance and substantial uncertainty around predictions. They are visually
presented as pieces of a jigsaw that fit and complete each other, forming an integrated modelling
package, as presented in Figure 2.
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MT0: Descriptive
statistics

MT1:
Regressionbased models

MT2: Latent
growth models

MT3: Pattern
discovery for
transport hubs

Figure 2 Modelling framework

3.2 Data Sources
For the purposes of econometric regression and latent growth modelling, a variety of data sources
were gathered to generate indicators which were candidates to be used as independent variables,
at a variety of temporal and spatial resolutions. Where possible, data was obtained from
authoritative sources, such as the Australian Bureau of Statistics (ABS), the Department of
Transport (WA), the Department of Mines, Petroleum, Industry Regulation and Safety (WA), the
Public Transport Authority, Transperth, Landgate, the Reserve Bank of Australia and the Bureau
of Meteorology. Where this was not possible, data was sourced from reputable third parties such
as SQM Research, the Property Council of Australia and Roy Morgan Research.

3.2.1 Dependent Dataset - Patronage Data
Patronage data, detailing the number of trips and journeys between origins (O) and
destinations (D), has been provided by the Public Transport Authority (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 origin and destination of a public transport user.
There are differences between these datasets for many reasons; some of these differences
are a matter of coverage (for example, the inclusion or exclusion of cash tickets), some are a
matter of the choice of business rules (how journeys are calculated) and others are caused by
differing methods of aggregation.
The patronage data was received in seven separate datasets, as listed below:
1. Bus and train boardings per month by bus contract area or train station: this dataset
details the number of boardings (analogous to trips) for each month from January 2014
onwards, for all ticket sources (excluding rail replacement and special events) for
buses and trains. In the case of buses, this is aggregated for each bus contract area,
of which approximately 15 cover Perth. In the case of trains, this is aggregated for each
of the 70 train stations throughout the Transperth Trains network, growing over time to
72 with the opening of Butler and Aubin Grove stations.
2. ‘Ian Wallis’ passenger forecasting model boardings: this dataset supports the
passenger forecasting model developed previously by Ian Wallis and Associates. The
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data details boardings (both initial boardings, analogous to journeys, and total
boardings, analogous to trips) for financial years between 1983 to 1998 inclusive and
monthly records for July 1998 to June 2014. The data is not spatially disaggregated,
but separated by payment type of fare (types of cash and prepaid tickets, as well as
free travel) for each transport mode (bus, train, ferry).
3. Route boardings by month: for each train line and each bus route, the total number of
boardings (trips) per month is recorded for each month from Jan 2009 onwards.
However, the train boardings could only be separated by line from April 2015 onwards.
4. Transperth website patronage: for the bus, ferry, and train system (overall) and for
each train line separately, the total number of patrons per month is detailed. This
includes rail replacement and some special event tickets.
5. SmartRider O-D journeys: for each suburb within Perth, this includes the number of
journeys for each of the four categories described below and for each type of day
(Weekday, Saturday, Sunday) and time of day (Off-Peak, AM-Peak, PM-Peak). The
categories used for the type of tickets are:
•
•
•
•

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.

Correspondingly, the time periods are:
•
•
•

AM-Peak: between 7AM and 9AM (weekdays only);
PM-Peak: between 4:30PM and 6:30PM (weekdays only);
Off-Peak: all other times.

6. Journeys by month and ticket type: for each month from Jan 2009 onwards, the total
number of journeys and trips, based on the transport mode (bus, ferry or train) as well
as the granular payment type is detailed, such as cash, type of ticket machine and
SmartRider, including manual and automated adjustments.
7. SmartRider transactional data: the existing dataset of SmartRider transactions
between May 2009 and April 2019 was used for the pattern analysis component. This
dataset includes each trip as a separate record, detailing the exact stop and time that
the user ‘tagged on’ and ‘tagged off’ with a SmartRider smartcard. This is then linked
to the transport service which was taken by the user and also includes fare data such
as the fare charged and the type of ticket (standard, concession, etc.) As this dataset
only contains SmartRider data, it does not include Free Transit Zone trips in the CBD
(such as the Perth CATs) as well as most special event and cash tickets.
As seen above, these datasets vary significantly between them in what public transport usage
is counted and how it is counted. Without adjustment, they cannot be directly compared. Some
aggregation was undertaken for some analyses to match the resolution of the dependant
variables or to understand trends on a higher level, which is explained in detail further in this
report.
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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, whereas the fares were gathered from historical extracts of the
Transperth website. One use of these road network distances was to estimate the distance
travelled by each passenger.
A model 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. 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 and hence used this information to estimate
the ticket required, based on the number of zones. Due to this methodology and the
aggregation of the data, it is only an estimate.

3.2.2 Spatio-Temporal Resolution
The data resources are organised into temporal (time series) and spatial categories. Most spatial
data collected by the project is from the Australian Census conducted by the Australian Bureau of
Statistics (2020) in 2006, 2011 and 2016. Given their low frequency, it is not possible to fully
incorporate them in to the forecasting models. The only complete spatial-temporal data is the
SmartRider. Having a robust dependent variable would seem on the face of it an opportunity to
test spatial differences in the trends of public transport use through a system of panel equations.
However, without frequently updated population and business activity data at an appropriate
spatial scale (i.e. at the level of a suburb or SA2) the models are estimated with respect to
economic indicators that apply to the whole of metropolitan Perth. The inquiry into spatial
differences to factors that affect public transport demand was then undertaken by estimating
separate models for spatial segments of the market and analysing Wald tests to determine if there
is spatial variation.
Occasionally, analysis was also completed at the suburb level, which was the natural format of the
O-D data and predominantly used in the MT2 models. Most of the independent data sets were
gathered or calculated at the postcode or larger spatial resolution due to limitations with the original
data. For example, some data was originally provided by the Australian Bureau of Statistics (2020)
at Statistical Area, Level 2 (SA2) resolution and thus it was unfitting to convert these to the suburb
level, as most suburbs are smaller than a single SA2. However, postcodes are generally larger
than SA2 areas and as such aggregation was performed in this manner.
The postcode level of spatial resolution was chosen with the objective to harmonise and integrate
different data sets with distinct original spatial resolutions. The geography of postcodes provided
a balance of between small and large regions, such that spatial trends were differentiated between
regions. The boundaries used for the suburbs and postcodes were from Volume 3 of the Australian
Statistical Geography Standard (ASGS) 2016, as developed by the Australian Bureau of Statistics
(2020). As such, there may be minor differences around the edges of some suburbs. Where data
was not available at a specified spatial resolution, population or area-weighted aggregation was
undertaken to convert the indicator to the required level of resolution. Where indicators were
available only at the city (metropolitan area) or state level, they were used in a non-spatial manner,
as spatially invariant predictors.
Another form of spatial aggregation used was the generation of ‘regions’ throughout Perth. A set
of approximately 15 regions was generated for use in spatial analysis, designed to represent
catchments to each railway line.
Firstly, the metropolitan area was divided using a Voronoi algorithm, as described by Burrough,
McDonnell, & Lloyd (2015), to determine which point in space was closest to which railway station
and hence railway line. These areas were then aggregated such that polygons were created from
the spatial union of these regions for each railway line. From here, each postcode was allocated
to the railway line upon which the largest percentage of the postcode’s area intersected the

26

Factors Influencing Public Transport Patronage Trends: Perth 2009 to 2019

catchment region. This resulted in six regions – one for the ‘Inner City’ stations and one for each
remaining railway line (Armadale, Midland, Mandurah, Joondalup and Fremantle).
These were further divided into three – the ‘Inner’, ‘Middle’ and ‘Outer’ – based on the road distance
between the CBD and the centroid of each postcode. ‘Inner’ corresponded to less than 15km,
‘Middle’ between 15km and 30km, and ‘Outer’ for any distance greater than 30km. Due to the
length and geographic location of the Fremantle railway line, there was no ‘Outer Fremantle’. The
‘Inner City’ region was augmented by adding the boundaries of the Free Transit Zone to the region
through the use of a spatial union operation. The map below, Figure 3, shows each of these regions
overlaid on an OpenStreetMap extract of Perth for reference.

Figure 3 Perth ‘regions’ used for analysis overlaid on OpenStreetMap, the Outer boundaries end at either the
ocean or the edge of the ABS's Perth Greater Capital City Statistical Area, an area that contains Perth, Mandurah
and Pinjarra.
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The estimation of each forecasting equation made use of the time series data, where possible,
recorded monthly. However, most datasets were not at the required temporal resolution, hence
cubic spline interpolation was undertaken to estimate the value of each indicator for each month.
Where there were only three or less observations, linear interpolation was instead used.
The independent variables were limited to the economic measures outlined in section 3.2.3.

3.2.3 Investigations of Dependent Data at ‘Region’ Level
Once the O-D pairs had been grouped into the catchment regions detailed above, the data was
graphed to understand changes over time with the number of journeys being undertaken. Figure
4 details the number of journeys from ‘Inner’, ‘Middle’, and ‘Outer’ zones to the CBD, for standard
ticket holders during the AM Peak – considered to be representative of commuter behaviour. This
data has had seasonality removed through decomposition using the Seasonal and Trend Loess
(STL) process.

Figure 4 AM Peak Standard Journeys to City (trend from STL seasonal decomposition)

It is noted that despite being geographically the largest areas, the Outer regions have the least
commuter traffic of all three zones. However, the zones are not normalised by population. In all
three zone groups, the same pattern is observed – a steady increase, a steady decrease and then
another increase at a slower rate. In the case of the ‘Inner’ and ‘Middle’ zones, the peak occurred
in early 2013. In the ‘Outer’ zones, the peak occurred later towards the end of 2013, however
recovered more quickly by mid-2015. Recovery only occurred in the ‘Inner’ and ‘Middle’ zones in
mid-2016. In the ‘Middle’ zone, the rate of growth before the peak was greater than that in the
‘Inner’ zone – that is, the number of journeys per month in the Inner zones stayed at a similar value
to the peak for a greater amount of time.
Figure 5 displays a similar pattern of change, when including all journeys to the city, not just
standard ticket holders, in AM Peak. The shape of the curve in all three areas are similar to those
above, with the changes in growth and fall occurring at the same timeframes.
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Figure 5 All Journeys to City (trend from STL seasonal decomposition)

While much travel in the public transport system is undertaken to the city, there are also many
journeys undertaken to other areas of Perth for other purposes, such as recreation and study.
Figure 6 shows the number of standard ticket journeys originating from all regions (including Inner
City) for all of the 15 catchment regions throughout Perth. Journeys originating from the Inner City
have been removed as they are approximately four times the volume of the largest region below.
While only Standard ticket journeys are shown, not all students are entitled to Student SmartRider
tickets.
What is of note below is that the pattern over time differs between areas. The shape and timing of
the peak differs in the different areas of Perth. The inner Armadale and Fremantle areas peak
earliest, while the middle and outer Joondalup areas peak later than the other areas. The return of
the peak as well differs per area. Some areas, such as Middle Joondalup, do not fall as far back
as others, such as Middle Mandurah. Areas such as Middle Mandurah show a pronounced ‘double
peak’ in early 2014 and mid-2014. The Outer Mandurah and Inner Joondalup areas also show
characteristics of this double peak whereas the areas show an increase, a decrease and then
another increase with a single peak, albeit differing in the size of the decrease and the rate of the
second increase and hence ‘time to recovery’ of the peak.

Figure 6 All standard ticket journeys by catchment region (excluding Inner City, STL trend)
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Figure 7 presents the entirety of journeys throughout the network over time, originating from each
of the catchment areas, excluding the Inner City area, and again decomposed with the STL
method. The colours used in the legend are the same as those for standard journeys above such
that they can be compared.
While the shape of the trends are similar, the volume is approximately twice that of only standard
tickets and also shows some differences. The Middle Mandurah region has a second peak in mid2014, when other tickets are added, likely explained by concession and school users. In the same
manner, the drop-off of the Inner Armadale area has also been reduced and is less pronounced
when considering other types of tickets. In the same manner, the Inner Midland area also has a
longer period of decline. Compared to only standard tickets, the ‘drop off’ is less prominent when
considering all tickets, perhaps due to inelastic demand from school students and concession card
holders.

Figure 7 All journeys by catchment region (excluding Inner City, STL trend)

Figures 8 and 9 present the same information as Figures 6 and 7, but inclusive of the Inner City
stations. These journeys contain, but do not solely consist of, commuter journeys back to the
suburbs in the afternoon. As such, the above graphs were explored as they show the distribution
of trips throughout Perth in more detail and capture the ‘morning’ journey into the city.
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Figure 8 All standard ticket journeys by catchment region (STL trend)

Figure 9 All journeys by catchment region (STL trend)

3.2.4 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 regression (MT1) and latent growth/diff-diff models (MT2) for
this project. 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.
ABS Census
The following data has been calculated using the Australian Bureau of Statistics (2020) Census
data from 2006, 2011 and 2016. Various data series from the Census have been used, and
because only three temporal observations were available, the data has been interpolated to
generate a series with monthly values that cover the date range between 2009 and 2016.
On a spatial scale, these have been delivered in 2016 postcode or suburb where available. Some
have been acquired at 2011 and 2016 Statistical Area, Level 2 (SA2) scale and have been adjusted
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to 2016 postcode or suburb boundaries. These have been further spatially aggregated to the
‘fifteen regions’ where required. Suburb boundaries are used in the MT2 task whereas postcode
boundaries are used in both MT1 and MT2 tasks.
They represent factors influencing patronage and are as follows:
1. Demographics: population demographics by age group (0-21, 22-35, 36-59, 60+) and sex
have been extracted and aggregated per suburb for the three census time periods, with an
indicator for each group for each Census time period.
2. Labour Force Time Series: labour force data has been included based on Census data,
with spatial factor, but with only three temporal observations (2006, 2011, 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)
over time, with an indicator for each type for each Census time period.
3. Mining Jobs: the number of mining jobs supplemented by a spatially linked table detailing
the percentage and volume change for each postcode between the 2011 and 2016
censuses.
4. Population: total population has been spatially extracted and joined from the three census
periods (2006, 2011, 2016) and then projected as per ABS Table 3220.0.
5. SEIFA: the change in the index of relative advantage and disadvantage (IRSAD) over the
three censuses (2006, 2011, 2016) for each postcode has been calculated from the ABS,
through ABS TableBuilder.
Demographics
Demographic data has been extracted from Australian Bureau of Statistics (2020) tables for nonCensus time periods at the SA2 scale, which has then been projected into the working geographic
scales of suburbs and postcodes (which are then used to form the fifteen regions). These datasets
are:
1. Population: total population has been spatially extracted as total/by-sex population from ABS
Table 3101.0 for each quarter from December 2008 for Western Australia.
2. Population Density: Population Density was calculated from ABS Population Estimates
(Table 3218.0) and statistical/suburb geographies, accounting for changes in boundaries over
time.
Economic conditions
Spatially variant economic data has been gathered regarding residential property from SQM
Research (2020). They are:
1. Residential Property Prices: the asking prices for units and houses have been scraped from
the SQM Research webpage for each month from April 2009 onwards.
2. Residential Property Vacancy Rates: spatial residential vacancy rates and volumes have
been scraped from the SQM Research website for each month from April 2009.
Transport
Some data sets included within the MT1 and MT2 models contained transport-related data that
was both spatially and temporally variant, the scale of which is described below. Some of these
are temporally invariant. These data sets are:
1. Average Commuting Distance (Road): the road network distance between each O-D pair
has been calculated for use within the analysis, using Openrouteservice (2020) and
OpenStreetMap data. This has been calculated and used at the Postcode and Suburb level,
however is not variant through time.
2. Average Fare: The minimum, maximum and average fare for each monthly O-D pair in the
patronage dataset has been modelled alongside the total revenue from the pair, considering
time-of-day and ticket type. 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 were collated from historical extracts of the
Transperth website.
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3. Average Travel Time (PT): Data using PATREC’s ADAPT tool between regions has been
gathered for this analysis. It is also only available for the GTFS time horizon, from 2013
onwards. Travel time is more appropriate as a measure of PT access, as it includes transfers
and accounts for frequency of services. In the absence of congestion conditions, distance
accessibility is deemed suitable for car travel. An index for a representative day, for both AM
and PM peaks, has been generated for each year, starting with 2013, detailing the travel time
between each O-D suburb pair.
4. Commuting Trips to CBD: this data can be extracted from the patronage data; further detail
can be acquired from highway ‘tube’ data which is explained in the next section.
5. Direction of Commuting Flows: the directionality of commuting, in the sense of percentage
each way between O-D pairs, is included within the O-D patronage data.
6. Fares: fare data, including fare type (Standard, Student, Senior, and Concession) and ticket
type (SmartRider, cash etc.) has been collated from historical snapshots of the Transperth
website. This is per each Fare Zone listed below.
7. Fare Zones: the Transperth network zones have been derived based on nearest stop and as
per the ‘visual guide’ published by Transperth (2020a). This has been used in modelling with
the patronage data.
8. Fare Price Index: this index is using the quantity-weighted method, applied for each regionbased O-D pair for each month.
9. Location (edge/border vs inner city): this has been 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).
10. Long-Distance Commuting Trips: these were extracted from the patronage data based on
the regions chosen, alongside the road network distance used with the O-D data.
11. Timetable factor (number of transfers/journey): The average number of transfers per
journey for each monthly O-D pair in the patronage dataset have been calculated.
12. Vehicle Registration and Drivers Licence: the number of licenced vehicles (motor cars) and
active and suspended driver licences (standard C class) over time were calculated from data
provided by the Department of Transport (WA)’s Driver and Vehicle Services, at the postcode
level.

3.2.5 Independent Data Sets – Spatially Invariant
Other data series have been included in the analysis which differ only in time – the spatial scale is
of the metropolitan area as a whole or larger (such as the State of Western Australia or the entirety
of Australia) and hence are not analysed at a spatial level; the same data is used for all differing
regional analyses. In some cases, the data only refers to the Perth CBD, however it is investigated
for its applicability to all areas.
Demographics
1. Overseas Migration: the total overseas migration per year for WA has been extracted from
Australian Bureau of Statistics (2020) Table 3412. Figure 10 shows the trend from this data.
Initially, the rate decreases towards mid-2010 of 30,000 migrants per year before then
increasing to a peak in mid-2012 of approximately 50,000 migrants per year. This number then
rapidly decreases during the next two years to approximately 15,000 migrants per year and
then continues to decline to stay in a roughly steady state around 12,500 migrants per year
thereafter.
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Figure 10 Migration rate between 2008 and 2018

Economic conditions
1. Consumer Price Index: the quarterly Consumer Price Index (CPI) for Perth was extracted
from Australian Bureau of Statistics (2020) Table 6401.0 for December 2008 onwards. As can
be seen in Figure 11, the index increases in a roughly linear fashion (when considering a trend)
although the rate of change decreases over time, notably past mid-2011 and then further again
past the beginning of 2016.

Figure 11 Cost Price Index over the 2009-2019 period

2. Employment (Unemployment Rate): the monthly unemployment rate (trend) for WA was
extracted from Australian Bureau of Statistics (2020) Table 6202.0 for January 2009 onwards.
Figure 12 indicates that the rate reached a minimum of approximately 4% in early to mid-2012,
having declined from approximately 5.5% in the middle of 2009. This then steadily increased
again before reaching a peak of approximately 6.25% in mid-2016, before dropping to 5.75%
in mid-2017, then increasing again thereafter.

34

Factors Influencing Public Transport Patronage Trends: Perth 2009 to 2019

Figure 12 Unemployment Rate between 2009 and 2019

3. Employment (Percentage of Casual Workers): the percentage of casual workers within
Western Australia was calculated from the total and ‘without paid leave entitlements’ data
within Australian Bureau of Statistics (2020) Table 6330.0 from January 2009 onwards, with
data recorded annually. This data shows the lowest rate over the time period of interest being
in 2013 at just over 22% of employees being employed casually. This increases over the next
few years before peaking at around 24.5% of employees in early-2016, which stays relatively
steady until mid-2017 when this number decreases. (Figure 13).

Figure 13 Casual Employment between 2009 and 2019

4. Employment (Percentage of Self-Employed Workers): the percentage of the total workforce
in Australia that is an “owner manager” of either an incorporated or unincorporated “enterprise
without employees” was calculated from Australian Bureau of Statistics (2020) Table
6291.0.55.003, for each quarter since February 2009. Figure 14 shows rapid changes by
quarter, however the general trend is a decrease from the peak value around 2009 to 2010
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(when it reached 11.8%) to a value of 10.4-10.6% over 2013-2014, then varying between 10.3
and 11%.

Figure 14 Self-Employment between 2009 and 2019

5. Food Prices and Transport Prices: the quarterly Food and Transport Consumer Price
Indexes for Perth have been extracted from Australian Bureau of Statistics (2020) Table 6401.0
for December 2008 onwards. The transport price index includes public transport fare data as
part of the calculation of the index. Figure 15 shows the transport price index which increases
steadily between 2009 and 2014, before decreasing over the next two years. After this, the
index rises again from 2016, generally at a higher rate than the earlier years.

Figure 15 Transport Price Index between 2009 and 2019

6. Gross Domestic Product: the seasonally adjusted Gross Domestic Product (GDP) has been
extracted from Australian Bureau of Statistics (2020) Table 5206.0 for each quarter from
December 2008 onwards.
7. Hours of Strikes: the number of working days lost in WA per 1,000 employees and per quarter,
has been extracted from Australian Bureau of Statistics (2020) Table 6321.
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8. Income: an index of hourly rates of pay for Western Australia has been extracted from
Australian Bureau of Statistics (2020) Table 6345.0 for each quarter, from December 2008
onwards.
9. Labour Force Time Series: labour force data is based on the Australian Bureau of Statistics
(2020) Table 6202 (but only at the State level). Jobs are categorised by occupation code into
White Collar and Blue Collar jobs, with the same categorisation as per the Labour Force
Census data above.
10. Mining Jobs: the number of mining jobs and total jobs within Greater Perth has been extracted
from Australian Bureau of Statistics (2020) Table EQ03 as a quarterly measure.
11. Office Vacancy Rates: office vacancy rates within the Perth CBD and surrounds, including
absorption (volumes), have been acquired from the Property Council of Australia (2020). As
indicated in Figure 16, this increases notably from approximately 5% in the beginning of 2012
to a peak of 22% vacancy in mid-2016. The office vacancy rates decreased during 2011 and
also after 2017, albeit the value in 2019 remained at approximately 17%.

Figure 16 Office Vacancy between 2009 and 2019

12. Petrol Price: the average monthly price for unleaded petrol throughout the Perth metropolitan
area has been extracted from data provided by Department of Mines, Industry, Regulation and
Safety (2020)’s FuelWatch and then deflated by the CPI index (mentioned above). Figure 17
shows the monthly average price for the cost per litre of fuel (in real terms) over the time
horizon between 2009 and 2019. Notably, there is a large decline between 2014 and 2016
after a relatively steady and slightly upward trending period between 135 and 145 cents from
2009 onward. From 2016 onwards, the price increase until the beginning of 2018, when it
begins falling again.
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Figure 17 Cost of unleaded petrol between 2009 and 2019

13. Production (business investment and gross state final demand): the seasonally adjusted
quarterly State Final Demand (chain prices) and Business Investment have been extracted for
WA from Australian Bureau of Statistics (2020) Table 5206.0 from December 2008 onwards.
The state final demand increased with a generally increasing rate between 2009 and 2012,
before staying relatively flat between $55 billion and $57.5 billion until mid-2015, then
decreasing over the next year to a value between $50 billion and $52.5billion, which stays
relatively steady over the next two years (Figure 18).

Figure 18 State Final Demand between 2009 and 2019

14. Savings Interest Rates: the average retail deposit rate for an online high interest savings
account (commonly known as a HISA) with a $10,000 balance has been extracted from the
Reserve Bank of Australia (RBA, 2020) data for each quarter from December 2008 onwards.
15. Work Visas: the number of Temporary Resident Skilled Visa Holders (‘451’s) within WA each
quarter was extracted from the data provided by the Department of Home Affairs (2020). This
excludes ‘secondary’ applications for family members. As shown in Figure 19, this peaked in
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early 2013, during the boom, before steadily decreasing to a minimum of approximately 8,000
in late-2018. This was because the State had a net outflow of overseas temporary visa holders.
Accompanying the decline in Visa holders was a sharp decline in New Zealand Citizens
migrating to Western Australia for work - from 9,330 in 2012 to 650 in 2014 and interstate
migration which peaked at 8,100 in 2012 but fell rapidly after 2013 with net outflows occurring
from 2014.
Headline Employment Figure and Total Visa Holders within Western Australia
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Figure 19 Skilled Visa holders between 2009 and 2019

Calendar and Environmental
1. Calendar: a calendar has been provided by the Public Transport Authority detailing
whether each day is a Weekday, Public Holiday, Saturday or Sunday, alongside whether
each Weekday is a School Day or not. For consistency with other data sets, this has been
aggregated to a total of each type of day per month.
2. Weather: the monthly average rainfall and maximum temperature for Perth have been
obtained from historical records provided by the Bureau of Meteorology (2020). The ‘Perth’
weather station located near West Perth has been used as the number of weather stations
covering the metropolitan area (approximately ten) would require specialist interpolation
for determining values for each postcode.
Transport
1. Service kilometres: vehicle kilometres travelled data has been provided for both the bus
and train networks by the Public Transport Authority. Total kilometres travelled per month
have been included in the model for MT1. As seen in Figure 20 (a and b), monthly
kilometres have generally increased over time for both Bus and Rail, from approximately
4 million kilometres in 2009 to 6 million in 2019 for buses and from 1.2 million to
approximately 1.9 million kilometres for rail. Both rail and bus kilometres show seasonal
effects.

39

Factors Influencing Public Transport Patronage Trends: Perth 2009 to 2019

a)

b)
Figure 20 Service Kilometres for bus and rail between 2009 and 2019

3.2.6 Independent Data Sets – Investigated but not Included
1. Availability of other modes (rideshare etc.): data has been acquired from Roy Morgan
surveys on rideshare and taxi usage, however it is sparse and differs slightly in
methodology over time.
2. Home Loan Rates: a dataset of average home loan variable interest rates has been
compiled by the ABS, however this has only occurred in its current form since July 2019.
3. Length of Highway: the total length of highway within the Perth Metropolitan area has
been calculated from WA Main Roads geographic road line data, however this data is
currently not available over time.
4. Provision of Major Transport Infrastructure: while this data could have been provided,
to quantify each piece of infrastructure is a resource-intensive process and instead
kilometres and stop numbers were used as a proxy for changes in transport provision. The
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data does not currently exist in any structured and quantitative format and would also have
required manual redaction for each change by the Public Transport Authority.
5. Provision of New Railway Stations (and Bus Stops): this data has been extracted based
on business rules inferred for determining the type of stop within GTFS data, and is limited
for the GTFS data horizon of 2014 onwards. It was extracted at each date when GTFS
data changed.
6. Road Volume Indicators: road volume indicators have been calculated from ‘tube’ data
provided by WA Main Roads after much manual analysis and modelling. More work is
required before these indicators are of a reliable level to be used. Further investigation has
also been undertaken using the IRIS system for more granular indicators, however more
work is required to ensure quality of these indicators which will only be available for
approximately 2014 onwards.

3.2.7 Exploratory Data Analysis
Initial exploration of the patronage data detailed above yielded knowledge of the pattern of
patronage growth and decline. Broadly, the time period from 2009 to 2019 can be divided into
three:
-

period of growth from 2009 to 2013;

-

period of decline from 2013 to 2016; followed by

-

period of (lesser) growth from 2016/2017 to 2019.

Alongside this, it was noted from exploration of the independent datasets, as well as discussions
with their custodians, that most WA Government data increased in its reliability and availability
from 2014 onwards.
As such, it was determined to investigate models over two timeframes: the entirety of 2009 to 2019,
as well as 2014 to 2019 only. Some analysis, such as LGM was undertaken for 2014-2019,
however a detailed spatial analysis is included in phase 2 of the project. This allowed the ability to
integrate more datasets available only over that latter time period within the models. It also allows
an examination of the more recent time period where patronage has ‘recovered’ to understand
what factors have affected this. Details of these models will be provided in further sections.
Line charts and mapping are used to depict the general trends in the patronage data between 2009
or 2014 to 2019. Overall, the average monthly number of trips amounted to 4.948 million, including
2.526 million trips by Standard fare riders, 1.581 million Students, 0.503 million Seniors, and 0.338
million Concession fare riders. Figure 21 shows that the average daily number of journeys per OD pair has not varied substantially over time, however standard riders have an average of 27
journeys, twice as much as the students undertake and 3-4 times more than the seniors or
concession riders. There is a spike in 2012 for concession and drop for student riders, which could
not be ascribed to general socio-economic trends or special events. This is using patronage
Dataset 5, consisting of 39,885,286 (40 million) records: by ticket type, they are 28.8% standard,
31.4% student, 20.7% senior, and 19% concession.
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Figure 21 Number of journeys by type of passenger

As anticipated, patronage on weekdays is four time larger on a weekday compared to weekends
and public holidays (Figure 22).

Figure 22 Number of journeys by type of day

When comparing main road travel distance (Figure 23), this has increased all four categories of
riders, with the largest increase for standard riders (about 1.3km) and the lowest for seniors
(0.5km) (Figure 23a). While travel distance for Sunday and public holidays remained stable, the
weekday and Saturday travel distances increased by about 1km (Figure 23b).
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a)

b)
Figure 23 Distance of the trip by type of ticket and day

Figures 24 and 25 display the seasonal variation by type of ticket and type of day. Consistent with
a priori expectation, student category shows the most prominent seasonal variation (Figure 24),
according to the calendar of activities and holidays. The least variation is for the seniors’ travel.
The seasonal patterns are maintained when comparing weekday travel (Figure 25), with April and
December-January showing the lowest patronage.
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Figure 24 Seasonal variation for the mean number of journeys per O-D pair by type of ticket

Figure 25 Seasonal variation for the mean number of journeys per O-D pair by type of day

The distribution of journeys indicates a small number of O-D pairs that represent more than 75%
of the total journeys. They correspond to the travel to and from the CBD, with the top O-D pairs
being: Perth-Murdoch, Perth-Cockburn Central, Perth-Joondalup, Perth-Cooloongup, BatemanPerth, and Stirling-Perth. All of them registered a decline after 2014, as illustrated in the set of 10
desire line maps presented in Figures B1 to B10 (Appendix B). Most notable are the peaks around
2012, which are most pronounced in the north-south corridor, whereas patronage in the east-west
corridor stays relatively stable. Also, of note is the reduction in patronage at Clarkson Station when
Butler Station opened in 2014.
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3.2.8 Summary Data Used in Each Analysis
Data used in Regression Models
•

SmartRider Region Origin-Destination Data including Ticket Type and Time of Day (20092019);

•

Transperth Fare Modelling (2009-2019);

•

Transperth Cash Fare Share (2009-2019);

•

Total Number of Jobs;

•

ABS Cost Price Index;

•

Unemployment Rate;

•

Casual Employment Rate;

•

Full-Time Employment Rate;

•

ABS Transport Price Index;

•

ABS Wage Index;

•

Perth Metro Monthly Average Unleaded Petrol Price (Nominal and Real);

•

Office Absorption Volume;

•

Office Vacancy Rate;

•

Total Migration;

•

Total Business Investment;

•

Number of skilled visas granted;

•

State Final Demand (“state national product”);

•

Total Bus Kilometres;

•

Total Rail Kilometres.

Data used in Latent Growth / Diff-Diff Models
•

SmartRider Suburb and Region Origin-Destination Data including Ticket Type and Day of
Week (2009-2019);

•

Transperth Fare Modelling (2009-2019);

•

Region to Region Road Distance (as at 2019);

•

Residential Vacancies;

•

Change in Mining Jobs;
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•

Blue Collar Jobs (Census 2011 vs Census 2016);

•

White Collar Jobs (Census 2011 vs Census 2016);

•

Number of Young People – Age Demographics (Census 2011 vs Census 2016);

•

PT Travel Time Accessibility (2013 vs 2016 from ADAPT).

Data used in Pattern Discovery Model
•

SmartRider transactional data (May 2015 to April 2019).

3.3 Regression Models
Empirically derived estimates of demand elasticities and accurate forecasts of future demand are
important for planning and policy making in many domains. In transport, the sensitivity of demand
to changes in any of its determinants helps transport professionals and policy makers evaluate
decisions related to service delivery and infrastructure needs. In a broader policy context, models
of demand are important policy tools for assessing future urban growth, managing congestion or
reducing emissions. Accurate forecasts can provide information on future levels of usage for
various transport modes, assist in the appraisal of transport related projects and set contractual
and other budgetary measures.
Econometric models can not only forecast future demand, but can also explain economic
phenomena and increase our understanding of relationships among predictors of the demand (in
this case, patronage). A starting point for an econometric model is a regression model that
assumes that data is stationary and there are no error correlations:
!" = $ + &' + ("

[1]

where !" is patronage in year or month t, '" may be fare or service KM during the current and
(possibly) previous time period, and (" is the error term measuring the extent to which the model
cannot fully explain the response variable. The objective of the analyst is to obtain estimates of the
parameters α, β, (; these estimated parameter values enable predictions for future values of
patronage, contingent on the selected predictors at the two time periods.
Time series data is often non-stationary. Non-stationarity is when the mean (level) and the variance
of a series changes over time. The challenge to multivariate regression analysis (i.e. a dependent
variable with two or more independent variables) is that the non-stationarity will affect the
inferences on the parameters of interest and may lead to spurious claims on significance levels.
At a basic level, time series econometric models aim to first transform the variables such that they
are stationary and secondly run the regression on the stationary dependent and independent
series. Non-stationary processes include trends (ongoing growth or decline in the mean), cycles
(typically long and unpredictable waves of growth then decline), seasonal patterns (predictable
periods of high and low demand) and a random walk (demand in the subsequent period is equal
to the current demand, plus or minus some unpredictable change). Any combination of these
underlying processes will lead to serial correlation in the series. This is problematic because if any
of the independent variables share the same non-stationarity process, the two series can appear
to be associated when they are not (Granger & Newbold, 1974).
A unit root exists if the series can be identified as each value in the series being equal to the
previous value +/- a random error (Relation 2). The presence of a unit root indicates that data
exhibits serial correlation at least to the first order:
!" = !")* + (" ,ℎ./. (" ~1(0, 5)

[2]
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The Dickey-Fuller tests for unit roots are based on regression (Equation 3) where by the presence
of a unit root 78 : (: − 1) = 0 is tested under the three assumptions that both the constant $ and
the parameter = associated with a trend (t) equal zero, only = equals zero and neither $ nor =
equal zero. The tests are undertaken for the levels !" and the first differences ∆!" as in Equation
4.
∆!" = $ + (: − 1)!")* + =? + ("

[3]

∆(∆!" ) = $ + (: − 1)∆!")* + =? + ("

[4]

Estimation of Equations 3 and 4 confirmed a unit root for the levels of demand for public transport
(Y) and the endogenous independent variables of fares and service kilometres. However, the null
hypothesis (that the series has a unit root) was rejected when examining the first differences. This
is consistent with Shareef and Lau (2016)’s examination of boarding data for the period 2007 to
2014. Whist they found some ambiguity in the unit structure for the exogenous series, the series
that measured the level of economic activity and transport prices other than fares exhibited the
same structure (see Shareef & Lau, 2016: Appendix H). The practical outcome of this examination
meant that equations have been estimated for the first differences in the dependent and
independent variables. Furthermore, the exogenous level of economic activity (State Final
Demand or unemployment rate) and the demand for public transport move together over time. This
process is known as cointegration. To estimate unbiased and efficient parameters the authors
adopt the autoregressive distributed lag model ARDL (Miller, 1988):
!" = $ + &'" + @'")* + A!")*

[5]

The long-run trends move subject to an equilibrium constraint:
!∗ =

C
(*)D)

+

EFG
(*)D)

'∗

[6]

If the equations are expressed in double-log form, where the logarithm of both dependent and
independent variables enter equation [5], the short-term elasticity is given by & and the long-term
EFG
elasticity is (*)D). Typically, one would expect the long-run elasticity to be larger in magnitude that
the short-term, reflecting travel behaviour. In terms of transport this implies that longer-term
substitutions such as investing or divesting in a car or moving residence are typically on top of
short-term solutions, such as to switch modes. An extension to the ARDL model is the conditional
error correction model, in which the short-term effects are measured in the differences in
independent variables and long-term effects are associated with lagged levels (not differenced).
N
∆!" = $ + ∑L
JM* IJ ∆!")K + ∑KM8 &K ∆'")K + @'")* + A!")*

[7]

If Equation [7] is double-log, the short-run elasticity is given by &O and the long-run elasticity is the
G
ratio D .
A preliminary approach to investigating the structure of the demand models is to estimate linear
equations of the form [1] with heteroscedastic and autocorrelation consistent (HAC) estimators, as
developed by Newey and West (1987). The estimator includes a correction term to the OLS
variance-covariance matrix. In simple terms, the regression is expanded to estimate parameters
for the serial correlations in the errors, and this enters the calculation of standard errors on the
regression coefficients. Importantly, the estimates of parameters & are not affected by whether
OLS or Newey-West estimator is used, but the consistent (i.e. asymptotically normal) standard
errors are typically smaller after correcting for autocorrelation and heteroscedasticity.
Finally, in addition to the econometric models, a set of “differences-in-differences” (DiD) models
were estimated, with the objective to capture in detail the spatial dependence and heterogeneity
(section 4.3).
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3.4 Latent Growth Models
Longitudinal data can yield invaluable information on trends in socio-economic and natural
phenomena, as well as specific differences (across individuals, clusters, groups) in aspects of
change over time.
Initially developed in psychology (to model development of vocabulary in children), and then
extended to education (e.g., growth of science achievements and attitudes) and health research
(for evaluation of clinical interventions), Latent Growth Models (LGM) represent a broad class of
statistical methods that permit expressing an outcome as a function of a predictor variable that
captures the passage of time (Bollen & Curran, 2006; Duncan, Duncan, & Strycker, 2006). LGM
permits straightforward examination of intra-individual (within entity - either person, public transport
station or train corridor/line in this project) change over time, as well as inter-individual (between
entities – persons, destinations, zones) variability in individual trajectories. LGM is appealing not
only because of its ability to model change, but also because it allows investigation into the
antecedents and consequents of change (Duncan et al., 2006; McArdle, 2009).
A selection of the types of inquiries/questions that can be answered using LGM include:
1. What is the shape of the mean trend of patronage over the 11 years, between 2009 and
2019 at various spatial levels (e.g., journeys O-D pairs, overall corridor patronage)?
2. Does the initial level of patronage (2009) predict the rate of change?
3. Is any significant between (station, O-D pair, corridor) variability in the shape of the
trajectories? And related to it:
- Do we identify different groups of types of trajectories?
4. What variables are systematically associated with change in patronage over time? (macroeconomic indicators, such as changes in economic growth, LU/transport investments,
petrol price, fares, as well as travel distance)
5. Is patronage change over time related to change over time in other socio-economic
variables spatially varying (e.g., employment)?
LGM can be estimated using two distinct approaches: multilevel and SEM, with specific benefits
and limitations. They are compared in Table 4 below:
Table 4 Comparison LGM models
Criteria

Multilevel Model

Structural Equation Model (SEM)

Data structure

Long, easier to setup

Wide (each time period represents a variable)

Time invariant covariates
Spatially invariant covariates
Functional form

þ
þ
linear

þ
any

Presentation

path diagram

Extensions

multiple parallel processes, free error
variances

þ

Investigate antecedents and
consequents of change
Evaluate model adequacy
using SEM goodness-of-fit
(GOF)

To a lesser extent

þ

This brief description highlights the higher flexibility of the LGM – SEM structure, which is
predominantly applied in this project; although multilevel models were also estimated to describe
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the effect of macroeconomic variables of CPI, unemployment, etc. which are spatially invariant and
thus cannot be part of a SEM model (their variance is 0 over the set of O-D pairs, stations, or lines).
To assist with model description, Appendix C presents the structure of the data.
Historically, LGM – SEM is rooted in the exploratory factor analysis (EFA) and principal
components (PCA) literature as covariances between time periods are the common elements of
the change or chronometric unobserved factors or aspects of change (Duncan et al., 2006;
McArdle, 2009). Consequently, the loadings may be interpreted as parameters representing the
dependence of the repeated measures. The change is set as a series of loadings representing
time in a linear, quadratic or other fashion.
Figure 26 presents a typical LGM – SEM model, including intercept, slope and some predictors.
By SEM convention, circles/ovals represent latent variables, squares/rectangles represent
measured variables (patronage over time), single headed arrows represent regression weights
and double headed arrows represent covariances.

Figure 26 Example structure LGM model

Figure 26 shows the two main variables of interest: intercept I and slope S, modelled as latent
variables. I captures information about the starting point of patronage, representing the history,
whereas S captures information about the rate of change over time. This yearly model uses 11
indicators for the latent constructs (a monthly model uses 132 indicators for change), and the time
loadings (arrows from s to the squares y9 to y19) delineate the strength and direction of an average
pattern of change (i.e., linear, quadratic, cubic).
The model also includes one predictor (distance) affecting the rate the change (arrow from the
square ‘dist’ to the circle marked with ‘s’) and one moderator (weekday), indicating that separate
models are estimated for weekdays and for Saturday, Sundays, and public holidays.
Loadings (numbers on the arrows), means, and variances are interpreted to understand dynamics.
Variances are particularly important because if there is no variance in the intercept, every
line/route/O-D pair has the same starting point and if there is no variance in the slope, every
line/route/O-D pair follows the same trajectory, which is not the case with the patronage data.
Covariances between I and S are also estimated to identify +ve/ or –ve relations between starting
points and acceleration/deceleration of the trajectories over time. More advanced models also

49

Factors Influencing Public Transport Patronage Trends: Perth 2009 to 2019

included arrows between successive time periods, to capture the autoregressive aspect of the time
series. Also, models have been estimated with free parameters, along with models that have a
pre-set functional form (linear, piecewise linear, quadratic trajectories).

3.5 Evolution of ‘Arrivals’ at Activity Centres/Hubs
SmartRider records of all trips taken between May 2015 and April 2019 (ticket log data) were
analysed to understand how demand evolves over a long time period, but at a fine-grained level.
The approach adopted was clustering/identifying patterns observed in the data. This type of
modelling is labelled as data-driven because it describes the evolution of ridership by activity centre
or hub, without attempting to link the patronage patterns to an underlying cause. The analysis
focuses on ‘trips attracted’ to the hub.
Measuring and understanding change in long-term movement time series poses challenges
because of the large number of all possible combinations of trips making it difficult to detect the
real-world hidden contexts behind trip data.
Typically, smart card analysis uses short-term data of weeks to a few months, assuming
stationarity, that is, the context for demand is uniform throughout the analysis period. However, for
long-term analysis (over several years) the underlying contexts change. These changes occur at
multiple time scales: weekdays vs weekends, public holidays vs school terms, seasons, and
annual cycles. In addition, major infrastructure projects can cause sudden step changes in
demand, whereas recurring special events can cause short-time spikes in the demand.
This analysis draws on a hub typology proposed by Cardell-Oliver and Povey (2018) examining
the durations between SmartRider journeys. Spatial hubs are the major feature used for
partitioning patronage, to explain how evolution of PT demand differs from location to location.
Each activity hub has a certain land-use profile and its own unique mix of the four passenger types:
Standard, Tertiary students, School students, and Concessions (all other ticket types including
Seniors, Health cards and Veterans). These groups contribute to the evolution of demand in unique
ways. The analysis has three steps: 1) discover major shifts in demand; 2) trace gradual drifts in
demand; and 3) analyse demand according to location (hub), passenger type, and calendar
contexts.
Travel by train, bus and ferry to 25 hubs (20 being railway stations, four bus stations, and one for
ferry), excluding the CBD, were analysed.
The change in patronage was measured by the histogram distance (Hdistance) between the
distribution of arrivals in the year prior to or following the disruption date. Hdistance is a robust
metric for change in non-Gaussian distributions (Cha & Srihari, 2002). Hdistances are similar to
the change in the mean arrivals per day, but allow for the dual peaks (weekend vs weekday) seen
in most distributions of daily arrivals.
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4 Results
The results are presented in the same order of the modelling packages: MT1
(regression/econometric models), MT2 (latent growth models), and then MT3 (pattern
discovery/clustering models).

4.1 Econometric Model Results
The Econometric modelling contribution to this paper is to examine Standard fare trips. The primary
questions examined here are:
1) Is there evidence that fare elasticities differ over periods of growth and decline?
2) Are there spatial variations in fare elasticities?
Addressing the first point, whether the series exhibits any series breaks, Figure 27 illustrates the
number the standard fares (seasonally adjusted) plotted against time. From a visual examination
of the series the period of growth ends sometime early to mid-2012, a decline follows until 2016
and the last two years of the series is (relatively) flat. Tests for structural breaks in this series, as
well as spatial segments of this series and for the commuting market were undertaken, and a
number of series breaks were revealed. All tests showed April 2015 as a break point, but differed
on whether there were two or three break points. This month was also the month that the Public
Transport Authority introduced new methods to assign journeys by train. Two other breakpoints
were identified for most series: August 2011 and April 2013. The month for the first varied a little
over different markets and different spatial segregations, but most series identified August 2011
(between August 2011 and March 2012) and the other was consistently April 2013. Given that the
inquiry is to identify if fare responses change in periods of growth or decline, the two break points
April 2013 and April 2015 were chosen as the period of decline for which a separate fare parameter
was estimated.

Journeys by Standard Fares 2010 to 2019

Journeys

4,000,000
3,000,000
2,000,000

Series break 2: April 2015. After
this time PTA used new
methods to allocate journeys by
rail

Series break 1: April 2013
roughly coincides with the
beginning of the decline

1,000,000
0

2010

2011

2012

2013

2014

2015

2016

2017

2018

Trend Series
Standard Fare (combined Smart Card and Cash Fares)
Figure 27 Evolution of Journeys and their trend (Standard Fares, 2010-2019)
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The second question on whether the elasticities vary across space was explored by estimating
separate equations and applying Wald tests of parameter equality for each of the ‘Outer’, ‘Middle’
and ‘Inner’ catchment areas shown in Figure 3. A specification of a panel model that estimates
demand functions for separate locations simultaneously was applied. However, the data gathered
for the project – whilst comprehensive – did not uncover detailed statistics at the local level that
were recorded by month (or quarter). Most spatially variant data sources were collected from the
national census, which has time points separated by five years.
The Wald statistic measures how close unrestricted estimates come to satisfying a set of
restrictions under the null hypothesis H0 that the restricted and unrestricted estimates are equal.
In econometric studies, Wald statistics are used to test whether two or more parameters meet
some theoretical property is met by the empirical observation (the data). However, it is also a useful
statistic to test whether the data collected from two markets can be pooled, i.e., there is no
statistical difference between the demand functions for each market. The econometric modelling
undertaken here estimated first a demand function for the aggregated all of Perth sample and then
tested whether this demand function is statistically reflective each of the sub-markets: ‘Inner’,
‘Middle’, and ‘Outer’ catchment areas. The Wald Tests were applied to ascertain whether there is
a structural difference in fare elasticities or demand responsiveness to the changing state of the
Western Australian economy.
For all these models, the dependent variable is total journeys by month extracted from the
SmartRider O-D journeys (section 3.2.2, Dependent Variable source 7). The original data was
received as monthly counts between suburb O-Ds. These were aggregated into the 15 regional
origin and destination pairs as shown in Figure 3, and further into ‘Inner’, ‘Middle’, and ‘Outer’
zones. The regression models MT1 examine the number of monthly trips from origin zones, rather
than for O-D pairs (origin destination is examined in the spatial latent growth models and the diffdiff estimation equations).
Endogenous Independent Variables include a composite fare index for journeys over differing
zones and ticket class. The research did not receive actual fares paid for each journey and
estimation of fares were performed by overlaying the O-D pair and Perth’s public transport zones,
as indicate in section 3.2.4. The resulting estimation for the required ticket was matched with a
database of historical fares. Composite fare indices were computed as the market share
weighted averages for journeys originating at the identified zone. The method produces a
Laspeyres Price Index as used by Shareef & Lau (2016).
The second endogenous independent variable is the level of service provided measured in total
kilometres. The data is not spatially identified and the observations are aggregate bus kilometres
and rail kilometres for each month of the estimating period (section 3.2.5).
Other exogeneous variables included the unemployment rate (vs full-time and casual employment
rate), total number of jobs, ABS Cost Price Index, Transport Price Index and Perth Metro monthly
average petrol price (real) (Figure 28), ABS Wage Index, Office Absorption Volume/Office Vacancy
Rate (Figure 29), total migration and number of skilled visas granted, as well as Total Business
Investment.
Figure 28 shows that the two indicators follow similar trends, but petrol price fluctuations were
stronger.
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Figure 28 Cost of private vehicle (petrol price and ABS Transport Index between 2010 and 2019

The office occupancy trend curve (see Figure 29, smoothed curve) is akin to the previous economic
indicators and consistent with the three-period patronage evolution.

Perth City Area % Rate of Office Occupancy

Trend for Office Occupancy Rate for Perth CBD and Inner Business Districts
96%
92%
88%
84%
80%
76%

2010

2011

2012

2013

2014

2015

2016

2017

2018

Quarterly Data Series with interpolation

Figure 29 Office Occupancy Rate between 2010 and 2018

Table 5 shows the demand estimates for all journeys segmented by inner, middle and outer
catchment areas and Table 7 shows the demand relationships for commuting trips made to Perth’s
CBD on standard fares only.
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Table 5 Models for three zones including all types of riders (parameter and t-value in parenthesis)

Variable
All Areas
Inner
Middle
Constant
2.058 (1.1)
2.120 (1.06)
0.593 (0.31)
Log Fare
-0.616 (6.1)
-0.654 (5.94)
-0.614 (5.86)
Log Fare adjustment (April
0.023 (1.98)
0.000 (0.02)
0.062 (4.64)
2013 - March 2015)
Log Transport Index
0.508 (2.83)
0.602 (3.25)
0.505 (2.62)
Log Office Vacancy
-0.031 (1.65)
-0.053 (2.70)
-0.008 (0.40)
Log Unemployment
-0.144 (2.8)
-0.151 (2.84)
-0.110 (2.01)
Log Number of Visa Workers
0.085 (4.24)
0.076 (3.68)
0.092 (4.31)
Log Bus Service KM
0.738 (8.28)
0.685 (7.03)
0.734 (8.48)
D1 (2014 M8)
-0.145 (5.85)
-0.156 (6.12)
-0.139 (5.22)
D2 (2015 M4)
-0.143 (5.88)
-0.147 (5.89)
-0.147 (5.67)
D3 (2017 M1)
-0.044 (1.83)
-0.055 (2.18)
-0.021 (0.81)
2
R
0.89
0.91
0.86
Durbin-Watson statistic
1.89
2.05
1.64
Jacque-B Normality
10.67 (0.005)
10.05 (0.007) 0.460 (0.100)
Ramsey Linearity (F 1,96)
0.529 (0.468)
0.965 (0.324) 0.148 (0.701)
Breusch Godfrey F(1,96)
0.278 (0.600)
0.121 (0.726) 3.450 (0.066)
White
test
for 38.29 (0.116)
35.36 (0.175) 36.84 (0.150)
Heteroscedasticity 2(9)
Wald Test for Economic
4.222 (0.239)
8.28 (0.041)
Variables 3 d.f.
Wald Test for Fare Variables
3.932 (0.140)
8.44 (0.015)
2 d.f.
95 % confidence intervals for elasticity estimates
Fares
-0.82 to -0.42 -0.87 to -0.44 -0.82 to -0.41
Transport Index
0.15 to 0.86
0.24 to 0.97
0.12 to 0.89
Unemployment
-0.25 to -0.04 -0.26 to -0.05
-0.22 to 0
Bus Service km
0.56 to 0.91
0.49 to 0.88
0.56 to 0.91

Outer
-2.597 (1.41)
-0.486 (6.06)
0.054 (4.86)
0.063 (0.32)
0.014 (0.66)
-0.146 (2.54)
0.103 (4.70)
1.016 (12.75)
-0.116 (4.16)
-0.117 (4.32)
-0.058 (2.17)
0.87
1.55
8.08 (0.018)
0.173 (0.679)
5.804 (0.018)
42.34 (0.052)
11.98 (0.007)
10.84 (0.004)

-0.64 to -0.33
-0.33 to 0.45
-0.26 to -0.03
0.86 to 1.17

Note 1: Goodness-of-fit measures suggest more than 86% of the variance in patronage is explained by the
models, the highest being for the ‘Inner’ area (R2=0.91). Durbin-Watson (D-W) statistic and Breusch Godfrey (BG)
tests are examining autocorrelation and suggest that ‘Middle’ and ‘Outer’ patronage models do not meet the
condition of error independence (D-W much lower than 2, and BW significant or marginally significant). JacqueB Normality test is met only for the ‘Middle’ area model (p=0.100), whereas Ramsey Linearity and White’s test
of heteroscedasticity are met for all models (p>0.05). The Wald test is comparing the parameters for fare and
economic conditions in the three zones against the average and the conclusion is that the ‘Inner’ zone has the
similar parameters to the whole metro area, whereas ‘Middle’ and ‘Outer’ regions are significantly different.
Note 2: The significant parameters are highlighted in boldface.

Parameter estimates in Table 5 are estimated by way of a double-log equation and may be read
as demand elasticities with respect to the independent variable (except the dummy variables). The
fare elasticity, transport index, service kilometres and economic indicators are of the correct sign.
The fare elasticities should be considered as being compared to long-term elasticities because the
functions are estimated on levels, rather than changes from period to period. The expectations is
that the level of observed demand will have incorporated long-term decisions, such as residential
location or vehicle ownership.
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The estimate of -0.62 (elasticities will be rounded to two decimal places) for all travel is the same
as the parameter obtained by Shareef and Lau’s (2016). The similarity is coincidental because
even though both report examine the Perth’s public transport market the estimation occurs for
different years and with different model specifications. The fare elasticities are lower for the ‘Outer’
regions and this is mostly likely to be there is a higher proportion of journeys made on senior,
concession or student fares commencing from these areas. In addition, whist the interaction
between fare and the post boom period (Log Fare Adjustment) is significant for two of the three
catchment areas the magnitude of the adjustment is small and may not be a policy consideration
for the middle and outer catchment.
Of the economic indicators, the number of visa holders is the most important, but it would be wrong
to conclude that this is due to the visa holders making journeys, as they represent a small fraction
of the population. Instead, migration records may be a leading indicator for other economic
measurements such as unemployment and office occupancy. In the case of the latter two
economic series, there is a lag between changes (i.e. downturn in jobs) and the registration of
unemployment status or the cancellation of a lease agreement. However, if this was strictly the
case one would expect that visa numbers would be impacting on the commuter market. This was
not the case. On the basis of the evidence at hand unemployment headline figures would be the
best market indicator of public transport demand response to economic activity. This is significant
across all catchment areas.
Table 6 shows standardised regression coefficients and may be used to judge the relative
contribution of the demand factors. Service kilometres is the most important factor, followed by
fare. Ratios are used to report the relative importance of fare to economic indicators. The fare to
unemployment ratios indicate that fares are more important than economic indicators. This is not
unexpected because the journeys under consideration include non-work travel and discretionary
trips.
Table 6 Relative Importance of contributing factors, as given by standardised regression coefficients, all journeys
Factor
Fare

All

Inner

Middle

Outer

-0.57

-0.53

-0.55

-0.42

Transport Cost index

0.25

0.26

0.26

n.s.

Economic (Occupancy)

0.26

0.36

n.s.

n.s.

Economic (Employment)

0.31

0.28

0.23

0.29

Economic (Visa)

0.42

0.32

0.47

0.08

Bus Kilometres

0.70

0.78

0.70

0.99

Ratio fare to economic (Employment)

1.83

1.87

2.36

1.43

Ratio fare to economic indicator (Visas)

1.37

1.65

1.17

0.90

Table 7 details the parameter estimates for AM peak journeys to Perth CBD, East Perth, North
Bridge and Subiaco. The demand elasticities with respect to fare are higher than the estimates for
all journeys. Also, there is a clear pattern that the demand becomes more elastic for longer, more
expensive journeys. Both these results are reflected in the estimates from Shareef and Lau (2016),
who reported a standard fare elasticity of -1.32, much larger than their estimate of -0.62 for all trips.
In addition, they reported elasticities ranging from -0.8 for single zone travel to -1.02 for trips paying
for a three-zone ticket. The estimates of -0.64 for ‘Inner’ (single zone tickets) to -1.1 for ‘Outer’
zone (three or more zones) are also comparable in terms of magnitude. However, there is
insufficient evidence that the fare elasticities for ‘Inner’ and ‘Middle’ catchment areas are indeed
statistically different (a separate Wald test was found to have a p-value of 0.55).
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Table 7 Models for three zones including Standard riders commuting to Perth CBD (parameter and t-value in
parenthesis) - Table continues over page

Variable
Constant
Log Fare
Log Fare (April 2013 March 2015)

All Areas
-4.742 (5.67)
-0.778 (4.88)
0.029 (2.38)

Inner
-4.941 (5.59)
-0.639 (3.72)
0.001 (0.08)

Middle
-4.184 (4.13)
-0.751 (4.66)
0.046 (3.47)

Outer
-10.966 (12.9)
-1.068 (12.7)
0.035 (7.04)

Log Fuel Price
Log Office Vacancy
Log Bus Service KM
D1 (2014 M8)
D2 (2015 M4)
D3 (2017 M1)
D4 (2015 M4 to 2019 M4)
R2
Durbin-Watson statistic

0.129
-0.093
1.218
-0.067
-0.162
-0.074
-0.076

0.091
-0.143
1.182
-0.078
-0.168
-0.079
-0.079

0.170
-0.061
1.108
-0.061
-0.166
-0.061
-0.069

(3.98)
(2.08)
(16.1)
(4.62)
(13.4)
(4.83)
(2.24)
0.93
1.48

0.105 (2.87)
-0.061 (3.66)
1.537 (23.2)
-0.057 (16.2)
-0.137 (22.5)
-0.090 (20.1)
-0.081 (5.64)
0.936
1.38

Jacque-B Normality
1.74 (0.422) 11.91 (0.002)
1.11 (0.574)
Ramsey Linearity (F 1, 96) 0.120 (0.736)
0.12 (0.751)
0.27 (0.607)
Breusch Godfrey F(1,96)
8.67 (0.004)
5.57 (0.020) 11.07 (0.001)
White
test
for
27.1 (0.012)
24.6 (0.026)
31.5 (0.002)
Heteroscedasticity 2(9)
Wald Test for Economic
3.04 (0.218)
1.58 (0.455)
Variables 1 d.f.
Wald Test for Fare
1.78 (0.182) 1.186 (0.276)
Variables 2 d.f.
95 % confidence intervals for elasticity estimates
Fares
-1.09 to -0.46
-0.98 to -0.3 -1.07 to -0.43
Fuel Price
0.04 to 0.22
0 to 0.18
0.09 to 0.25
Office Vacancy
-0.15 to -0.03 -0.22 to -0.07
-0.12 to 0
Bus Service km
1.1 to 1.33
1.06 to 1.3
0.97 to 1.24
Note 1: Goodness-of-fit measures include significance level in parenthesis.

1.79 (0.406)
0.13 (0.719)
10.47 (0.002)
29.4 (0.006)

(2.75)
(3.01)
(20.9)
(5.61)
(13.5)
(5.75)
(2.44)
0.92
1.50

(1.97)
(3.79)
(19.4)
(5.69)
(11.7)
(5.31)
(2.04)
0.92
1.61

12.8 (0.002)
3.77 (0.052)

-1.23 to -0.9
0.18 to 0.03
-0.09 to -0.03
1.67 to 1.41

Note 2: The significant parameters are highlighted in boldface.

In terms of responsiveness to economic activity, it was found that office vacancy rate was the most
relevant explanatory factor. This is sensible on the grounds that it is a direct measurement of
employment within the CBD and nearby inner city suburbs. There is evidence (Wald test with 1 d.f
= 4.74, p-value = 0.029) that the journeys made by ‘Inner’ suburb residents are more responsive
to employment indicators for the city’s centre. This is born out in the relative importance measures
(Table 8): for ‘Inner’ zone residents, the fare is approximately half as important as the economic
opportunity. However, for residents in the ‘Outer’ catchment area fare is twice as important.
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Table 8 Relative Importance of contributing factors as given by standardised regression coefficients am
commuting trips to the CBD
Factor

Fare

All

Inner

Middle

Outer

-0.54

-0.39

-0.50

-0.67

Fuel Price

0.20

0.13

0.26

0.15

Economic (Office vacancy rate)

0.55

0.82

0.36

0.34

Bus service KM

1.34

1.24

1.22

1.59

Ratio fare to economic indicator (Employment)

0.97

0.47

1.39

1.96

Unlike all journeys, a statistically significant cross elasticity is found for public transport ridership
with respect to the price of fuel. In both Shareef and Lau (2016) and Wallis and Lawrence (2016)
no statistical relationship was found for the demand for public transport with respect to the price of
fuel. It is possible that the substitution between car and public transport based on the out-of-pocket
costs is more relevant to commuters who need to repeat this journey, more so than other forms of
travel. In a sense out-of-pocket costs is a real budget decision. Table 8 shows that fuel price
contributes least to explanation of public transport demand, but it is nevertheless substantive and
the estimate of 0.129 is in line with the imputed elasticity used by Wallis and Piotrowski (2018) on
the factors contributing to the decline in public transport demand in Perth.

4.2 Latent Growth Model Results
4.2.1 O-D Pairs
First, we examined the dynamic processes applying multilevel models. Despite their limitations,
the main motivation was to test the effect of CPI, unemployment and the price of petrol on the
number of journeys per O-D pairs over time. Models for all types of journeys and then separate by
type of SmartRider/ticket were estimated. For the sake of simplicity, we present here only models
for the Standard fare, where we found significant effects (Table 9). From the 40+ million records,
we selected the top 5% O-D pairs, with a min of 100 journeys per O-D pair (n=1,956,374). Results
should be interpreted by row, where a cell with parameters suggests the model tested that effect.
In all models, parameters statistically significant at 0.05 level where highlighted in boldface.
Whereas changes in the number of mining jobs between 2011 and 2016 were not significant,
macro-economic indicators were, particularly petrol price. When two macro-economic indicators
were used together, only one was significant, due to multicollinearity. As expected and consistent
with the prior literature on economic effects and travel mode choice (Gkritza et al., 2004; Lane,
2012; Leung et al., 2019; Milioti & Karlaftis, 2014; Nowak & Savage, 2013; Smart, 2014), CPI and
petrol price are having a positive effect on the overall patronage, whereas unemployment is
negative.
An interesting finding is the negative effect of distance on patronage (except for the model including
changes in mining, where the effect is reversed perhaps due the covariance of distance with jobs),
suggesting that shorter to moderate trips are preferred over long trips, requiring transfers,
especially when the frequency of the services decreases during off-peak period.
However, the main results show a positive slope (S), suggesting a modest increasing trend of OD journeys over the 11-year time period. They suggest that, on average, the number of journeys
per O-D pair increased by 16 (S = 0.016) to 56 (S=0.056) journeys each year, depending on the
predictors (Table 9).
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Table 9 LGM as Multilevel model for Standard fares (2009-2019) (daily journeys for top 5% O-D pairs)

Model

(n=512,517; 74,506 O-D pairs, 339 Origins/destinations)

1

2
3
4
5
6
7
8

Parameters and sig.
level
(DV = Journeys)

Predictors Between (varying
spatially) S ON predictor
Distance
Changes in
mining jobs

I: -32.285 (0.141)
S: 0.017 (0.116)
(S: 0.056 (<0.001) for
all O-D pairs)
I: -53.907 (0.001)
0.043 (<0.001)
-0.008 (0.281)
S: 0.028 (0.002)
I: -63.909 (<0.001)
-0.108 (<0.001)
S: 0.038 (0.006)
I: 42.301 (0.093)
-0.108 (<0.001)
S: -0.021 (0.106)
I: -81.334 (<0.001)
-1.182 (0.937)
S: 0.041 (0.057)
I: -50.368 (<0.001)
S: 0.026 (<0.001)
I: -42.777 (<0.001)
S: 0.022 (<0.001)
I: -32.553 (<0.001)
-1.370 (0.306)
S: 0.016 (<0.001)
(with petrol)
Note 1: I is the intercept; S represents the slope of the model.

Predictors Within (varying with time, but not
spatially) I ON predictor
CPI
UnPetrol price
employment

-0.169 (0.021)
4.558 (<0.001)

-0.107 (0.227)

0.721 (0.203)
1.230 (0.007)
1.550 (0.001)

Note 2: In bold we highlighted the significant parameters at 0.05 level.
Note 3: No significant correlations between I and S after controlling for various covariates.

The next step was to convert the data from the long format to wide, to enable estimation of LGM SEM models. The process was conducted using the two-step approach (recommended by Bollen
& Curan, 2006). First, separate unconditional LGMs for patronage as well as predictors such as
fares, vacancies were specified, to assess the change over time in the outcome of interest and in
its potential predictors. Linear and non-linear models were tested to find the best fit for the
observed data patterns in patronage, fares, and vacancies (considered proxy for changes in landuse). These models included only intercept and slope for the processes, as shown in the first two
columns of Table 10.
The results confirm that over the 11-year period the trend was of modest increase in the patronage,
driven by the ridership increases until 2013. The patronage decreased during the period 20142019, as demonstrated by the significant slope of -0.12. As illustrated by further models, the split
of the whole time period 2009-2019 into three periods, reflects more accurately the patronage
trends. The decrease for 2014-2019 represents the combined effect of a decrease in patronage
until 2016, then a slight recovery after 2016. In contrast, fares continuously increased over the 11year period, albeit at different rates. Unsurprisingly, the zonal fares reflect the distance gradient.
The findings are consistent with the multilevel model.
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Table 10 LGM as SEM model for patronage and Standard fares (daily journeys for top 5% O-D pairs) (n=8,353)

20092019

Parameters
patronage
I: 3.042 (<0.001)
S: 0.058 (<0.001)

20142019

I: 3.868 (<0.001)
S: -0.120 (<0.001)

Parameters fares

Distance

Ifares: 1.982 (<0.001)
Sfares: 0.044
(<0.001)

I ON d: -0.010 (0.452)
S ON d: 0.001 (0.237)
Ifares ON d:
0.066 (<0.001)
Sfares ON d:
0.001 (<0.001)
I ON d: -0.005 (0.752)
S ON d: 0.000 (0.743)
Ifares ON d:
0.069 (<0.001)
Sfares ON d:
0.002 (<0.001)

Ifares: 2.171 (<0.001)
Sfares: 0.057
(<0.001)

Correl I and S
Journeys:
0.398 (<0.001)
Fares:
0.893 (<0.001)
Journeys:
-0.782 (<0.001)
Fares:
0.912 (<0.001)

Note 1: I is the intercept; S represents the slope of the model.
Note 2: In bold we highlighted the significant parameters at 0.05 level.

Then, the best fitting unconditional growth models for these parallel processes were combined in
one model to examine whether the growth factors for predictors influenced the growth factors for
patronage (see for example Figure 30, where we present the model that examines to what extent
changes in fares predict changes in patronage).

ipatronage

S1patronage …

Distance

S2patronage

Chg mining jobs
…
Ifare

Sfare

….

Chg vacancies
properties

Figure 30 LGM – SEM structural model with parallel processes

This model also incorporates spatially-variant covariates (vacancies residential properties and
changes in the mining jobs between 2011 and 2016) and time-invariant covariates (weekday, type
of ticket, distance) and the results for 2009-2019 are provided in Table 11. Two sets of results are
presented side-by-side: All trips and only Standard trips. As indicated before, results should be
interpreted by row (each row presents a different model).
Models 1 and 2 reiterate the previous results in terms of positive trend until 2013 and then a decline
in patronage, primarily due to the decrease in Standard journeys.
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Table 11 LGM as SEM model for multiple parallel processes (daily journeys for top 5% O-D pairs)

Model

(n=28,287)

1

2

3

4

5

6

Parameters
All / Standard
Ijourneys: 1,096/1,913
(<0.001)
S1journeys (20092013):
339/689 (<0.001)
S2journeys (20142019):
-50/-116 (<0.001)
All / Standard
Ijourneys:
351/492 (<0.001)
S1journeys (20092013):
127/218 (0.032)
S2journeys (20142019):
-17/32 (>0.05)
All / Standard
Ijourneys: 405/483
(<0.001)
S1journeys (20092013): 127/218
(0.032)
S2journeys (20142019): -17/32
(>0.05)
All / Standard
Ijourneys: 393/432
(<0.001)
S1journeys (20092013): 123/200
(0.048)
S2journeys (20142019): -16/28
(>0.05)
All / Standard
Ijourneys: 412/400
(<0.001)
S1journeys (20092013):
130/200 (0.048)
S2journeys (20142019):
-6/19 (>0.05)

All
Ijourneys: 1,098
(<0.001)
S1journeys (20092013): 342 (0.001)

Distance

Changes in
mining jobs

Vacancies
residential

Weekday

I ON Weekday:
935/1,738
(<0.001)
S1 ON Weekday:
266/576 (<0.001)
S2 ON Weekday:
-42/103 (<0.001)
I ON d:
-4 (<0.001)/1
(0.729)

I ON d:
-4 (<0.001)/1
(0.731)

I ON Mining:
-3/-6 (<0.001)
S1 ON Mining:
-1/-2 (<0.001)
S2 ON Mining:
0.4 /0.3
(<0.001)

I ON d:
-3 (<0.001)/1
(0.547)

I ON Mining:
-3/-6 (<0.001)
S1 ON Mining:
-1/-2 (<0.001)
S2 ON Mining:
0.4 /0.3
(<0.001)

I ON d:
-6 (<0.001)

I ON mining:
0.2 (<0.001)

I ON ifares:
29 (0.295)

Controlling
for
Y9, Y10,
Y12, Y15,
Y16, Y17,
Y19 ON
vac9,
vac10,
vac12,
vac15,
vac17,
vac19
(<0.001)
Ivac ON d:
0.004
(<0.001)
Ivac ON
mining:

Correl I and S
S1 WITH I:
0.990/0.995
(<0.001)
S2 WITH I:
-0.816/-0.838
(<0.001)
S1 WITH S2:
-0.801/-0.819
(<0.001)
S1 WITH I:
0.995 (<0.001)
S2 WITH I:
-0.838 (<0.001)
S1 WITH S2:
-0.819 (<0.001)

I ON Weekday:
947/1,735
(<0.001)
S1 ON Weekday:
266/576 (<0.001)
S2 ON Weekday:
-42/103 (<0.001)

S1 WITH I:
0.990 (<0.001)
S2 WITH I:
-0.816 (<0.001)
S1 WITH S2:
-0.801 (<0.001)

I ON Weekday:
999/1,871
(<0.001)
S1 ON Weekday:
282/623 (<0.001)
S2 ON Weekday:
-46/113 (<0.001)

S1 WITH I:
0.990 (<0.001)
S2 WITH I:
-0.816 (<0.001)
S1 WITH S2:
-0.801 (<0.001)

I ON Weekday:
980/1,852
(<0.001)
S1 ON Weekday:
288/633 (<0.001)
S2 ON Weekday:
-47/120 (<0.001)

S1 WITH I:
0.990/0.995
(<0.001)
S2 WITH I:
-0.818/-0.838
(<0.001)
S1 WITH S2:
-0.803/-0.820
(<0.001)

I ON Weekday:
277 (<0.001)
S1 ON Weekday:
60 (<0.001)
S2 ON Weekday:

S1 WITH I:
0.990 (<0.001)
S2 WITH I:
-0.816 (<0.001)
S1 WITH S2:
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Parameters

Distance

S2journeys (20142019): -70 (<0.001)
Ifares:
0.889 (<0.001)
Sfares:
0.023 (<0.001)
Ivac: 1.172 (<0.001)
Svac: 0.313 (<0.001)

Ifares ON d:
0.036
(<0.001)
Sfares ON d:
0.001
(<0.001)

Changes in
mining jobs

Vacancies
residential
-0.002
(<0.001)
Svac ON d:
0.001
(<0.001)
Svac ON
mining:
0.001
(<0.001)

Weekday
9 (0.198)

Correl I and S
-0.801 (<0.001)
I WITH Sfares:
0.046 (<0.001)
S1 WITH Sfares:
0.079 (<0.001)
S2 WITH Sfares:
-0.051 (0.001)
Ivac WITH I: 0.079
(<0.001)
Ivac WITH S1: 0.079
(<0.001)
Ivac WITH S2: -0.051
(<0.001)

Note 1: I is the intercept; S represents the slope of the model.
Note 2: In bold we highlighted the significant parameters at 0.05 level.
Note 3: The 2014-2019 data is separated in these models using a piecewise linear development curve; separate
models were also estimated on 2014-2019 data only, but as the findings are not changing, for simplicity, the
results are not included here.

As expected, the number of journeys is substantially higher during weekdays and the rate of
change (S slope) is also positively linked to weekdays, except for all trips during the period 20142019, which suggests an increasing role of patronage during weekends.
Overall, these combined models indicate a decreasing trend with distance, which suggests that
shorter distance travel by public transport ‘suffered less’ than longer trips. The change in the
number of mining jobs had a negative effect on the rate of change (‘speed’) for patronage in the
period 2009-2013, but positive afterwards (models 4 and 5). Negative effects on the speed of
developmental processes usually reflect plateauing effects, which here are explained as the peak
of the economic cycle/boom. After 2014, the reduction in mining activity made the decrease in
patronage even more prominent.
Finally, model 6 includes fares, vacancies, and weekdays. The negative and significant relation
between the starting point (intercept I) of patronage and the intercept of fares suggests that high
fare levels are a deterrent for PT patronage, confirming the long-term sign of the price elasticities.
Also, of note is the rate of change in patronage positively associated with the rate of fare change
between 2009 and 2013, but negatively correlated with the rate of fare change after 2014. This
indicates a stronger effect of fares before 2014, but less intense after 2014.
A separate set of models was estimated using the type of ticket as moderator. As suggested by
the average trajectories for Standard, Student, Senior, and Concession types from Figure 2, there
are distinct change processes that cannot be accurately described by a single trajectory. A Wald
test (significant at 0.001 level) confirmed the superiority of the free model, by type of rider, and the
results are presented in Table 12. Another feature of this model is the piecewise trend, accounting
for the three distinct periods of patronage change. The three statistically significant slopes of
change, S1, S2, and S3 confirm the solid increase of patronage until 2012 for all types of patrons,
then distinct trajectories. Whereas Standard and Concession journeys decreased between 2013
and 2016, the Student and Senior categories had modest increases. The patronage recovery in
the last three years of the time-series is due to Standard riders. All the other categories recorded
negative slopes for the period 2017-2019.
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Table 12 LGM patronage only with Type as moderator (2009-2019)
Ticket type
Standard

Parameters
I: 2,270 (<0.001)

Distance
I ON d: -0.010 (<0.001)

Correl I and S
I WITH S1: 0.934 (<0.001)
I WITH S2: -0.668 (<0.001)
S1: 486 (2009-2012) (<0.001)
S1 ON d: -0.001
I WITH S3: 0.139 (<0.001)
S2: -71 (2013-2016) (<0.001)
S2 ON d: 0.002 (0.003)
S1 WITH S2: -0.614 (<0.001)
S3: 73 (2017-2019) (<0.001)
S3 ON d: 0
S1 WITH S3: 0.160 (<0.001)
S2 WITH S3: -0.049 (<0.001)
Student
I: 1,274 (<0.001)
I ON d: -0.025 (<0.001)
I WITH S1: 0.126 (<0.001)
I WITH S2: 0.117 (<0.001)
S1: 26 (2009-2012) (<0.001)
S1 ON d: 0
I WITH S3: -0.757 (<0.001)
S2: 50 (2013-2016) (<0.001)
S2 ON d: -0.002
S1 WITH S2: 0.002 (<0.001)
S3: -151 (2017-2019) (<0.001)
S3 ON d: 0.003
S1 WITH S3: -0.019 (<0.001)
S2 WITH S3: -0.033 (<0.001)
Senior
I: 618 (<0.001)
I ON d: -0.006 (<0.001)
I WITH S1: 0.387 (<0.001)
I WITH S2: 0.088 (<0.001)
S1: 183 (2009-2012) (<0.001)
S1 ON d: -0.001 (0.001)
I WITH S3: -0.059 (<0.001)
S2: 9 (2013-2016) (<0.001)
S2 ON d: 0
S1 WITH S2: 0.338 (<0.001)
S3: -159 (2017-2019) (<0.001)
S3 ON d: 0
S1 WITH S3: -0.052 (<0.001)
S2 WITH S3: -0.352 (<0.001)
Concession I: 388 (<0.001)
I ON d: -0.002 (0.088)
I WITH S1: 0.764 (<0.001)
I WITH S2: -0.388 (<0.001)
S1: 202 (2009-2012) (<0.001)
S1 ON d: 0.001 (<0.001)
I WITH S3: -0.7 (<0.001)
S2: -18 (2013-2016) (<0.001)
S2 ON d: 0
S1 WITH S2: -0.334 (<0.001)
S3: -129 (2017-2019) (<0.001)
S3 ON d: 0
S1 WITH S3: -1 (<0.001)
S2 WITH S3: 0.047 (0.113)
Note 1: Aggregated patronage adjusted for daily work days, school days prior to analysis.
Note 2: In bold we highlighted the significant parameters at 0.05 level.
Note 3: Models using as clustering O-D pairs running for at least 3.5-4 hours, models using as clustering the
destination running for 20-30 min (Bayes estimator, 50,000 iterations, 4 processors).

The final set of models using O-D pairs is an extension of models with type of rider as moderator
presented in Table 13, testing autoregressive effects. All of them were statistically significant at
0.05 level. Notably, the effect of mining jobs on the rate of change for Standard journeys was
significant only for the first period (negative). The effect was opposite for the Student journeys,
where changes in mining were positively associated with the rate of change of patronage for the
first two periods, but not after 2016. The effect of distance is also distinct across the four types of
riders: distance has a positive effect on the rate of patronage change for Standard and Concession
during the period of decline (2013-2017), but negative for Students. During the last period of
recovery (2017-2019), there is a positive relation between distance and increase in patronage for
Students and Seniors. The conclusion is that while Standard journeys represent about 60% of the
total journeys, the overall effects may be masked by the other three categories, which have distinct
patterns and predictors.
Table 13 LGM patronage only with Type as moderator (2009-2019) and including auto-regression
Ticket type
Standard

Parameters
I: 0.700 (0.052)
S1: (2009-2012)
0.239 (0.010)
S2: (2013-2016)
-0.054 (0.071)
S3: (2017-2019)
0.149 (0.038)

Distance

Weekday

I ON d: 0.015 (0.109)

I ON W: 2.195
(<0.001)

S1 ON d:
-0.004
(0.106)
S2 ON d:
0.003 (0.003)
S3 on d: 0

S1 ON W:
0.547 (<0.001)
S2 ON W: 0.103 (<0.001)
S3 on W: 0.368 (<0.001)

Changes in
mining jobs
I ON m:
-0.007 (<0.001)
S1 ON m:
-0.002 (<0.001)
S2 ON m: 0
S3 ON m: 0

Correl I and S
I WITH S1: 0.988 (<0.001)
I WITH S2: -0.702 (<0.001)
I WITH S3: -1 (<0.001)
S1 WITH S2: -0.625
(<0.001)
S1 WITH S3: -1 (<0.001)
S2 WITH S3: 0.552 (<0.001)
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Ticket type
Student

Parameters
I: 0.793 (<0.001)
S1: (2009-2012)
0
S2: (2013-2016)
0.034 (<0.001)
S3: (2017-2019)
-0.101 (<0.001)

Senior

I: 0.502 (<0.001)
S1: (2009-2012)
0.064 (<0.001)
S2: (2013-2016)
0.022 (<0.001)
S3: (2017-2019)
-0.107 (<0.001)

Concession

I: 0.454 (<0.001)
S1: (2009-2012)
0.012 (0.048)
S2: (2013-2016)
0.026 (<0.001)
S3: (2017-2019)
-0.079 (<0.001)

Distance

Weekday

I ON d: 0.029
(<0.001)

I ON W: -0.030
(<0.001)

S1 ON d: 0
S2 ON d:
-0.002
(<0.001)
S3 on d:
0.004
(<0.001)
I ON d: 0.005
(<0.001)
S1 ON d:
-0.001
(0.001)
S2 ON d: 0
S3 on d:
0.001
(<0.018)
I ON d: 0.003 (0.016)

Changes in
mining jobs
I ON m: 1.125
(<0.001)

S1 ON W: 0
S2 ON W: 0
S3 ON W: 0

S1 ON m: 0.012
(<0.001)
S2 ON m: 0.056
(<0.001)
S3 ON m:
-0.114 (<0.001)

I ON W: 0.475
(<0.001)

I ON m:
-0.001 (<0.001)

S1 ON W:
0.060 (0.001)
S2 ON W: 0
S3 on W: 0.068 (<0.001)

S1 ON m: 0
S2 ON m: 0
S3 ON m: 0

I ON W: 0.318
(<0.001)

I ON m:
-0.001 (<0.001)

S1 ON d:
0.001
(<0.001)
S2 ON d: 0
S3 on d: 0

S1 ON W:
0.015 (0.002)
S2 ON W:
-0.012 (0.005)
S3 on W: 0.012
(0.037)
Note 1: I is the intercept; S represents the slope of the model.

S1 ON m: 0
S2 ON m: 0
S3 ON m: 0

Correl I and S
I WITH S1: 0.327 (<0.001)
I WITH S2: 0.097 (<0.001)
I WITH S3: -0.844 (<0.001)
S1 WITH S2: -0.045
(<0.001)
S1 WITH S3: -0.452
(<0.001)
S2 WITH S3: -0.266
(<0.001)
I WITH S1: 1 (<0.001)
I WITH S2: 0.336 (<0.001)
I WITH S3: -1 (<0.001)
S1 WITH S2: 0.479 (<0.001)
S1 WITH S3: -1 (<0.001)
S2 WITH S3: -0.546
(<0.001)

I WITH S1: 0.754 (<0.001)
I WITH S2: 0.028 (<0.001)
I WITH S3: 0
S1 WITH S2: -0.655
(<0.001)
S1 WITH S3: 0
S2 WITH S3: 0

Note 2: In bold we highlighted the significant parameters at 0.001 level.

4.2.2 Rail Lines and Bus Routes
A similar analysis was undertaken on trips at the line and route level for the period 2014-2019
(Table 14). The main result is the distinct effect for the North-South (Joondalup and Mandurah)
and Heritage (remaining) rail lines, although a clear decrease in rail patronage, whereas a nonsignificant effect for bus routes. The decline of rail patronage on the Heritage lines was stronger
than on the North-South lines.
Table 14 LGM as SEM model for Rail lines and Bus Routes n=694
Parameters patronage
Rail North - South
20142019

Parameters patronage Rail
Heritage Lines

Parameters patronage
Bus Routes

I_NS: 0.971 (<0.001)

I_EW: 0.679 (<0.001)

I_bus: 0.971 (<0.001)

S_NS: -0.396 (<0.001)

S_EW: -0.507 (<0.001)

S_bus: -0.396 (0.064)

S WITH I: -0.794 (<0.001)
S WITH I: -0.925 (<0.001)
Note 1: I is the intercept; S represents the slope of the model.

S WITH I: -0.423 (<0.001)

Note 2: In bold we highlighted the significant parameters at 0.001 level.
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These findings are in line with the previous findings and indicate that patterns should be examined
in more detail and not as overall patronage. However, due to reduced number of observations, no
covariates were found significant in the relation with the rate of change. Given the level of
aggregation of the data, these models could not be differentiated by type of patron/type of fare.
Yet, the general patterns hold for models estimated at the station and corridor level, with three
periods of evolution: before 2014, between 2014 and 2017, with a recovery after 2017.

4.3 Difference-in-Differences Models
Drawing on the results from LGM, additional ‘difference-in-difference’ (DiD) models were built to
evaluate the changes in patronage between 2009 and 2014 versus changes in patronage between
2015 and 2017, as a function of changes in fares and other socio-economic indicators. The model
considered the clear and significant ascending or descending trends for patronage during these
periods, and considers the continuous increase in the fares, CPI and population. The demand
elasticity with respect to price/fare (the change in travel demand by PT as a result of a change in
the service's price) is measured as the coefficient for fare change, after controlling for changes in
economic growth, employment, vacancies in residential real estate, fuel prices, etc.
While the elasticity is a proportional change of patronage in response to a change in fare, most
commonly this sensitivity is the change in price relative to changes in other factors. In business
and economics, elasticity refers to the degree to which individuals/consumers change their
demand in response to price or income changes, accounting for substitution with other
good/services/travel modes as well (Balcombe et al., 2004; Gkritza et al., 2004; Holmgren, 2013;
Paulley et al., 2006; Tsai et al., 2013).
An elastic variable (with an absolute elasticity value greater than 1) is one which responds more
than proportionally to changes in other variables. In contrast, an inelastic variable (with an absolute
elasticity value less than 1) is one which changes less than proportionally in response to changes
in other variables. A variable can have different values of its elasticity at different points in time.
The definition of elasticity applied here is the proportional change in patronage per O-D pair
(considering the 95% percentile of the O-D pairs, representing more than 70% of the total journeys)
in relation to the proportional change in fare per O-D pair:

.=

∆PQ"RONQSTUV /PQ"RONQSTU
∆XQRTUV /XQRTU

[8]

where ∆YZ?/[\Z].K^ represents the change in patronage between years i and j, YZ?/[\Z].K is the
patronage in year i. and ∆_Z/.K^ represents the changes in fare between years i and j, with _Z/.K
being the fare in year i.
The two elasticities for the two time periods (free parameters) are compared against a global
model, assuming the symmetry of elasticities in times of ‘boom’ and ‘bust’, thus constrained. The
significance level of the Chi-squared test of difference between the nested models is applied to
judge whether the elasticities are similar in absolute value or otherwise (Wald test statistically
significant at 0.001 level). Figure 31 presents the assumptions and the structure of the model,
using the timeline 2009-2019. The changes before and after the two inflection points were
considered in a spatial model.
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Figure 31 Assumptions and structure of the DiD model

The results of the multilevel model with two groups (2009-2014) and (2015-2017) are provided in
Table 15. The estimation was also done for two broad areas, the Inner city and Outer region, in
order to capture some spatial differences. As suggested by the parameters of the models, the
demand was less elastic in the period 2009-2014, but more elastic in the second period, 20152019. The positive sign of the fare parameter, especially for the second period, of decline in
patronage, should be interpreted with caution. Nevertheless, findings such as the significant and
positive effects of travel distance and of city-wide accessibility are relevant for policy and practice.
Similarly, the negative and marginally significant effect of the number of total jobs highlights the
role of economic conditions; the positive and significant parameter for the number of Blue Collar
jobs in the period 2009-2014 underscores the economic changes in WA post GFC.
Table 15 DiD model results for changes in patronage (parameter estimate and significance level)

Predictor

2009-2014
(period of increase)
Destinations =
Destinations =
‘Inner’ city
‘Middle’ +
‘Outer’ regions
0.007 (<0.001)
0.000 (0.815)
-0.863 (<0.001) 1.227 (<0.001)
0.111 (<0.001) 0.057 (<0.001)

2015-2017
(period of decline)
Destinations =
Destinations =
‘Inner’ city
‘Middle’ +
‘Outer’ regions
0.000 (0.807)
0.005 (<0.001)
2.191 (<0.001)
2.228 (0.001)
-0.042 (0.027)
0.029 (0.418)

Distance O-D (km)
∆`QRT ($)/Farei($)
Blue collar jobs 2011
vs 2016
White jobs 2011 vs
-0.066 (<0.001) -0.033 (<0.001)
0.024 (0.045)
2016
Young people 2011
-0.007 (<0.001)
-0.004 (0.553)
-0.002 (0.738)
vs 2016
Weekday
0.067 (0.013)
-0.135 (0.001)
0.053 (0.069)
Accessibility (travel
0.436 (<0.001)
0.065 (0.023)
0.085 (0.021)
time – h - 2013 vs
2016)
Note 1: The dependent variable is the relative change in patronage per O-D pair.

-0.017 (0.427)
-0.039 (0.005)
0.222 (<0.001)
0.066 (0.346)

Note 2: In bold we highlighted the significant parameters at 0.001 level.
Note 3: The free models using period and destination zone as treatments were significantly superior to the
constrained model with all parameters set to be equal across treatment conditions. The models include some
multicollinearity in the relation between accessibility, distance and zone.

Additional models (not shown here) were estimated, testing the association between changes in
patronage and predictors at one ‘switch point’ in time (between growth and decline 2012-2013 and
between decline and recovery 2016-2017), but accounting for spatial dependence and
heterogeneity models. The results show a significant and negative spillover effect (lambda
between -0.662 to -0.189), depending on the time period and the spatial resolution (suburb origins
or destinations, or the 15 zones).
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Taken together, the LGM and DiD models, attest the following:
•
•
•
•

There are three clear periods of patronage evolution up to 2013, 2014-2016, and after
2017;
The changes vary by type of rider and by day of the week and overall trends may
hide/conceal the effects at the group level;
There are also significant spatial differences by route, line, region, which require detailed
analysis;
Whereas effects of external economic conditions dominate (CPI, number of jobs), internal
factors such as accessibility, O-D distance and fare are significant.

4.4 Pattern Discovery Results
This section presents results of modelling long-term demand using SmartRider ticket logs for
measuring daily arrivals by train, bus and ferry at 25 activity hubs. We identified major infrastructure
disruptions that affected eight of the 25 hubs, causing sudden shifts of demand. Triangulation with
local online news validated the accuracy of the identified change points. These events included
the opening of a new hospital and major station car-park upgrades. The remaining hubs in our
sample had gradual changes in demand. Six distinctive patterns of gradual demand evolution were
identified capturing peaks, dips and different rates of change. Drilling down to the passenger type
and calendar context identified further unique patterns of changing demand. We have also
considered six hubs in detail and found that each showed a mix of rising and falling demand
patterns depending on the passenger type and calendar context. Trends for the six highlighted
hubs are presented in Appendix D.
A data-driven algorithm was used for learning hubs from the SmartRider log data, considering to
what extent temporal (hidden) contexts for demand are associated with particular calendar dates
(Cardell-Oliver & Povey, 2018). One or more calendar labels are associated with every date.
Labels include weekdays, weekends, public holidays, school and university terms, or one-off local
events such as open days. Calendar labels were sourced from common knowledge, online
calendars, and news items. Clusters or anomalies in daily arrival counts were also used to suggest
dates for which a label may not have been identified and then trigger a search for a possible label
for such dates.
Each of the passenger types has distinctive calendar-based patterns of travel: office days for
Standard travellers, university semesters or school terms and exam periods for Students, and
seasonal summer and winter patterns for Concession passengers.
The selected hubs comprise 20 hubs based at rail stations, 4 bus-only hubs (marked b) and one
ferry terminal (marked f). The hubs for analysis (in alphabetical order) are: Armadale, Aubin Grove,
Bassendean, Cannington, City West, Claremont, Cockburn Central, Curtin Universityb, Edgewater,
Fremantle, Glendalough, Joondalup, Leederville, Mandurah, Mends St Jettyf, Midland, Morleyb,
Murdoch station, QEII Hospitalb, Rockingham, Shenton Park, Stirling, Subiaco, University of WAb.
Warwick. Arrivals at the two Central Business District (CBD) hubs (stations and bus stops)
comprise the majority of trips in the network: 60% of all arrivals including transfers for our set if
hubs. Over the analysis period, standard and concession arrivals increased by 266 and 147
thousand trips respectively. Tertiary and student arrivals at the CBD hubs decreased by -139 and
-108 thousand trips. However, these large changes represent only 1 to 2% of all arrivals. None of
the changes were statistically significant (t-test p >0.05).

4.4.1 Major Infrastructure Changes
Major infrastructure upgrades to public transport services are intended to increase patronage. Our
approach is to mine for significant step-changes in the arrival patterns of individual hubs, and then
to triangulate these change points with news items.
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Figure 32 Hubs with sudden shifts in demand likely linked to infrastructure changes.
Note: The blue time series shows the number of arrivals per day for each hub over a 4-year period. Red lines
indicate the date of the major shift and the annual anniversaries of that change From top: Aubin Grove, Cockburn
Central, Edgewater, Joondalup, QEII, Leederville, City West, Mend St Jetty, Murdoch.
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A change point is defined as a sudden and persistent change in patronage occurring at a
particular date. Change is measured by Hdistance, a robust metric for shift between the distribution
of year on year arrivals for non-normal distributions (Cha & Srihari, 2002). Change points are
detected automatically by searching for Hdistance outliers. That is, for dates at which the Hdistance
between arrivals in the year preceding and succeeding that date is at a maximum. We hypothesise
that change points in the pattern of arrivals correspond to a major change in the environment.
Examples of changes include infrastructure changes, such as a new station or amenities such as
park-and-ride, introduction of a new service such as a high frequency route, new amenities at an
activity hub or a major community disruption such as the 2020 closures caused by the COVID-19
pandemic. Figure 31 shows the change points identified at eight (of our 25) hubs. A 9th hub,
Murdoch Station, is also shown. Murdoch had major infrastructure works throughout the period
2015-2019, but no sudden change in demand was observed.
Table 16 shows the detected change point dates, the major environment changes corresponding
to those dates and the effect on passenger numbers of the change. Change is measured by
Hdistance, a robust metric for shift between the distribution of year on year arrivals for non-normal
distributions (Cha & Srihari, 2002). Cases where Hdistance was calculated for partial years at the
edge of the dataset are marked with an asterisk in the table.
Table 16 Context shifts, infrastructure changes and resulting patronage changes in arrivals per day
Date

Ground Truth Events

Hubs

Change

2016-01

Opening of the Elizabeth Quay Jetty city
recreation area with ferry link

Mends St Jetty

+203∗

2016-02

Edgewater car park closed for major
works

Edgewater

−191∗

Joondalup

+649∗

Edgewater car park reopens with 1450
new bays

Edgewater

+233

Joondalup

−162

Aubin Grove station opened to the public
with 2000 park and ride places.

Aubin Grove

+1,092

Cockburn Central

−532

Transfer of Princess Margaret Hospital to
the QEII hospital site

QEII

+259∗

City West

−116∗

Leederville

−164∗

(Year-Month)

2017-01
2017-04
2018-06

Note: Table 16 Change points, corresponding environment changes and resulting Hdistance arrivals per day for
year on year patronage change at the change point. Cases where Hdistance was calculated for partial years at
the edge of the dataset are marked with an asterisk.

The dates where changes occurred were validated in two ways: 1) From the data we performed
change point detection and found hubs and dates with major context shifts; 2) We then searched
online news and announcements for events that matched the date and location.
At the same time, we identified reported events that would be expected to cause a step change in
public transport use, in order to check for false positives: opening of the Wellington St Busport in
the Perth CBD on July 2016; and major works on the Murdoch mixed use precinct in progress
since 2016. In both these cases there has been a gradual increase in demand, but no sudden shift
(see bottom graph in Figure 32).
The new rail station serving Perth Stadium opened during the study period. This station has very
large patronage but only for special events and so it was considered outside the scope of this work.
Short-term shifts caused by temporary activities, such as maintenance works, were treated as one-
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off events rather than disruptive change points. After maintenance, behaviour returns to normal
once the short-term disruption has finished.

4.4.2 Gradual Drifts of Demand
We now consider the hubs that were not affected by major infrastructure changes, but instead
showed gradual changes in demand.
The underlying reasons for such gradual changes are examined in the regression and latent growth
models in Section 4.1 and 4.2. Our model aims to describe gradual change, and to identify the
different types of change that occur at different hubs in the network. Our research identifies how
much change occurs and what is the spatial distribution of the hubs affected by the gradual
decline? We are also interested in how long are such increases maintained for and how much
change is accounted for by this pattern.
In Figure 33 the same data is summarised by a curve showing the number of arrivals per day of
the year, sorted by the number of arrivals. The x-axis is day of the year and the y-axis is number
of arrivals per day. The Hdistance between 2 years is the earth mover’s distance (EMD) from one
distribution to another reported as change in arrivals per day (Cha, 2002). EMD defines the
dissimilarity between the histograms of demands per day from one year to another: a high
Hdistance indicates major changes in the pattern of demand, while low Hdistance shows the
distributions are similar from year to year. Hdistance is a more robust measure for the distance
between two non-normal distributions that, for example, the t-test for differences in means.
The 2016 arrivals are shown in black (solid), 2017 in red (dashed) and 2018 in blue (dotted). For
comparison the figure shows hubs with four different patterns of change. Morley’s arrivals
decreased by -25,000 from 16 to 17 and then a further -56,000 from 17 to 18. The shape of Morley’s
curves with about 100 days of low demand (weekends) and then distinctly higher demand for the
other 256 days is typical of a commuter hub. Disrupted hub Edgewater (also commuter shape)
increased by +77,000 in 2017 when the new car park opened and then a further increase of
+38,000 in 2018. Fremantle has two years of decreases, with a smoother distribution of days
typical of a leisure and work hub. Cannington’s demand in 2016 includes a period of closures
(maintenance?). Year 2017 shows a decrease, but this was recovered in 2018 with slightly higher
demand in both low (weekend) and high (weekday) seasons.
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Figure 33 Illustration of Hdistance changes in year on year demand modelled by number of days at each arrival
volume

Evolution sequences for each hub were calculated using the Hdistance between consecutive
years. This transition difference was calculated quarterly using a sliding window, for each hub and
by type of rider. These Hdistance sequences summarise the evolution of demand and the
cumulative sum of Hdistance sequence summarises the long-term change in demand. The
Hdistance sequences were cluster analysed, to group hubs with similar change histories. This
process revealed six patterns of evolution (Figure 34). Clusters 1 (Cannington) and 5 (UWA) are
special cases of hubs with a unique pattern of changing demand, increasing in both cases. Clusters
2 and 6 show stable demand during the 4-year period, whereas clusters 3 and 4 comprise hubs
with consistent decline in demand: moderate in cluster 3 and steeper decline in cluster 4. This
model reports evolution by the absolute change in demand from year to year and for these large
hubs, changes are in the order of +/- 50 to 100 arrivals per day. The amount of context drift (change
in demand) is highly variable amongst hubs. The biggest increases were for the University of WA
and Cannington and the biggest decreases were Curtin University, Fremantle and Morley.
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Figure 34 Evolution patterns given by cumulative sum of year on year Hdistance change in arrivals
Note: A quarterly sliding window was used. The changes are for arrivals by all passenger types.
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There are, however, strong differences between the evolution of passenger types. Figure 35 shows
clusters of demand trends for each of the four different types of riders. Demand by Standard and
Tertiary passengers at most hubs declined between 2016 and 2018. Demand by School students
in most hubs shows a rise to 2017 and then falls, with the exception of Glendalough, Shenton Park,
Claremont, Rockingham and Subiaco, which all had strong rises. Concession passengers have
shown rising demand at all the drift hubs except Fremantle. The strongest Concession rises were
for Mandurah and Morley.
Evolution patterns are shown as the cumulative sum of year on year Hdistance change in arrivals
using a quarterly sliding window for Standard, Tertiary, School and Concession tokens are shown
in Figure 35 over the following four pages. The discussion of all trends is presented in the following
section (Section 4.4.3).
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Figure 35 a Evolution patterns cumulative sum of year on year Hdistance change in arrivals using a quarterly
sliding window for Standard
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Figure 35 b Evolution patterns cumulative sum of year on year Hdistance change in arrivals using a quarterly
sliding window for Tertiary
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Figure 35 c Evolution patterns cumulative sum of year on year Hdistance change in arrivals using a quarterly
sliding window for Student
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Figure 35 d Evolution patterns cumulative sum of year on year Hdistance change in arrivals using a quarterly
sliding window for Concession
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Six hubs without major infrastructure disruptions were selected for detailed analysis of their
evolution. They display different types of evolution categories and different types of activity mix.
The selected hubs are: Morley, UWA, Rockingham, Stirling, Cannington and Armadale. The hubs
are profiled in terms of their social attributes of passengers and calendar-related travel purposes.
Different patterns of demand change exist at the same hub, depending on the traveler type and
the calendar. Figure 36 shows the evolution per type of rider for the case study hubs and the
variation in the patterns that occur at different hubs.

Figure 36 Evolution patterns by type of traveller for case study hubs

4.4.3 Discussion of Patronage Evolution at Selected Hubs

Morley (bus only)
Figure D1 (in Appendix D) presents Morley, a bus-only hub serving several schools and a large
shopping centre (Galleria). Morley is the terminus for the high frequency 950 bus to the city and
the University of WA. Its activity profile, based on the type of ‘stay’ has an Ad-Hoc & Leisure pattern
(work day 1,876, school 1,732, return home 7,905, ad-hoc stays 14,523+3,061) (RailSmart, Aug
2019) One-way trips were balanced (27,097 arrivals and 26,816 departures in August 2017) with
transfers accounting for 15,115 arrivals per month.
Morley is in the strongest group of hubs with declining demand (see Figure 34), however, the
changes in demand differ by passenger type. Similar to the findings from the LGM and DiD (MT2
analysis), Standard and Tertiary passengers show consistently strong declines, but there is a large
increase in Concessions. School student demand was steady until 2017, but then declined.
Demand by all passengers on Saturdays and Sundays (likely for shopping) is steady overall and
shows a peak in 2017. Unlike most hubs, Morley has roughly equal proportions of each of the
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passenger types, around 600 to 700 per day of Standard, Tertiary, School and Concession
(including Seniors) passengers.

UWA (bus only)
Figure D2 shows changes in demand by ticket and calendar types for the UWA hub, the 3rd largest
activity hub in the network with arrivals during semester (24 weeks per year) of over 4,000
passengers per day. It is another bus-only hub, serviced by the high frequency 950 bus, the
999/998 circle bus and many other services. Its demand has strong seasonal patterns
corresponding to its teaching weeks. First semester has significantly higher demand than second
semester and demand declines from the beginning to the end of each semester. Its ‘stay’ activity
profile is in the Ad-Hoc & Leisure pattern (work day 18,327, school 3,696 - includes Open Day,
return home 3,556, ad-hoc stays 28,121+26,367). One-way trips were 33,503 and 33,282 in
August 2017 and the transfers are reduced (3,174 arrivals per month).
Demand has risen in all types of riders, most strongly for Tertiary students and on weekends.
There was a slight decrease in Standard and Tertiary demand between 2017 and 2018, but this
was recovered in 2019.

Rockingham (rail)
Rockingham is a commuter rail hub serving a community of 10,283 (2016 Census), living near the
beach and commuting to work. It has rail station with a substantial provision of 1,950 parking bays
(Transperth, 2020b). Arrivals at this hub include arrivals via its feeder buses. Its ‘stay’ activity profile
fits the Dormitory pattern (work day 626, school 294, return home 14,197, ad-hoc stays 624+422)
(RailSmart, Aug. 2017) One-way trips are 17,483 arrivals and 19,778 departures in August 2017,
with only 802 transfers per month.
Figure D3 shows changes in demand by type of rider and calendar types at Rockingham. Standard
demand fell sharply until late 2017, but remained stable since. Concessions and school student
travel has been rising throughout the 4-year period. Demand on weekends and public holidays is
seasonal, yet stable.

Stirling (rail)
Figure D4 shows changes in demand by type of passenger and calendar types at Stirling, which
is an interchange rail and bus station 9 km from the CBD on the Joondalup line. It has some local
businesses, but primarily serves commuting activity. It has 1,042 parking bays (Transperth,
2020b). Stirling’s population is 12,375 (2016 Census), and similar to Rockingham, it has a
Dormitory profile (work day 2,940, school 81, return home 15,734, short ad-hoc stays 2002 and
long ad-hoc stays 749) (RailSmart, Aug. 2017) One-way only trips account for 22,610 arrivals and
23,921 departures in August 2017 and transfers account for 1,118 arrivals in the same month.
Standard patronage fell until 2018, but with signs of recovery in 2019. Tertiary and school student
demand was stable until late 2017, then declined, while Concession trips rose. Demand on
Saturdays and public holidays was seasonal but stable.

Cannington (rail)
Figure D5 presents Cannington interchange hub, located a few km from the city on the Armadale
railway line, which has 303 parking bays (Transperth, 2020b). It serves a mix of commuters
(outgoing) and local business (incoming) and a shopping centre (Westfield Carousel). Arrivals are
dominated by transfers to other services. Its activity profile, based on the type of ‘stays’ is combined
‘sleep and business’ (work day 2,455, school 1,109, return home 7,844, ad-hoc stays 2076+1409)
(RailSmart, Aug 2017). One-way trips included 16,431 arrivals and 17,471 departures in August
2017, and transfers accounted for 22,384 arrivals per month.
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The patronage changes for tertiary students were stable until late 2017, but then increased
strongly. Demand on Saturdays and public holidays also rose mid 2018. Government offices, such
as the Department of Communities (from a restructure in 2017) are based in Cannington.

Armadale (rail)
Finally, Figure D6 presents Armadale, a rail hub at the end of the Armadale line, with 251 parking
bays (Transperth, 2020b). Armadale’s population was 8,690 at the 2016 Census. It serves a mix
of commuters and businesses and its activity profile, based on ‘stays’, is combined ‘sleep and
business’: school 148, return home 5,253, commercial 596, ad hoc stays 3,220+1,064 (RailSmart,
for Aug 2017 trips) One-way trips included 8,254 arrivals and 8,466 departures in August 2017
and transfers accounted for 3,080 arrivals per month (similar to ad-hoc stays).
In terms of patronage evolution, Standard type showed a sharp decline until 2017, but then
recovery. School student trips were stable until 2017 and then dropped. Other demand categories
were seasonal, but stable overall.
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5 Discussion of the Combined Analyses
The three types of modelling, supported by the descriptive analysis of the data sets, complement
each other and converge towards some general findings presented below. They use data at
various temporal and spatial levels, according to their different specific objectives:
•

regression-based econometric models aimed at fully decomposing the time series, after
deseasonalising them to accurately capture trend and cyclical variation using lagged
variables for different regions of the metropolitan area;

•

the latent growth and differences-in-differences models aimed at understanding the
underlying growth trajectories for patronage at the O-D pair level, with a focus on the
explanatory external and internal factors, and spatial gradient;

•

pattern analysis of activity hubs highlighted the various types of evolution for 25 rail, bus,
and ferry hubs and linked their increase, decrease, and stable patronage to external
factors.

The explanatory power of the predictive models differs, with more complex models (moderators,
lagged effects) performing better than simpler models. The 2009-2019 period does not have a
single overall trend and three periods of evolution are distinguished: upward trend before 2013,
decline between 2013-2017, and recovery from 2017 onwards.
On the whole, the models confirm that external factors (economic conditions including petrol prices,
employment changes and vacancies in residential properties as indicators of the economic
downturn) had a prevailing effect on patronage. Service coverage and frequency, which are under
the control of the transit agency, and expressed as either service KM or accessibility, had a strong
effect for patronage variation. Also, fare change had a spatially distinct influence on ridership. Clear
elasticities were not obtained in the LGM models and DiD models, perhaps because of the
continuous increase in fare prices and the distinct spatial patterns. Model parameter transferability
is not achievable, but the findings point out that the analysis should be undertaken separately for
the four types of travellers: by day of the week, and for separate for suburbs in the close vicinity of
the CBD compared to outer suburbs, as distance is a significant predictor of patronage. Where
possible, the 15 regions were the unit of analysis, as the patronage had multiple patterns of
change. The DiD model presented in Section 3.7 looked specifically at the distribution of changes
in demand over two inter census periods.
When the detailed data of 2015-2019 patronage was analysed using machine learning algorithms,
eight out of the 25 SmartRider hubs showed abrupt change in patronage ascribed mainly to
infrastructure and service changes. Similar types of abrupt disruptions are likely to occur as
METRONET stations are opened. The remaining hubs, with gradual context shift, displayed six
patterns of evolution: two clusters (1 and 5) with a combined pattern of changing demand; two
clusters (2 and 6) with stable demand; and two clusters (3 and 4) with consistent decrease in
demand. These findings corroborate the predictive models in reinforcing the need for spatial
differentiation and analysis by type of rider.
The profiling of the clusters showed some similarities between activity hubs with similar patterns
of patronage change. For example, Curtin, Fremantle and Morley have the strongest declines, and
all have a high proportion of tertiary and/or school students. Most of the hubs with steady demand
(Cannington, Subiaco, Bassendean, Claremont, Glendalough, Shenton Park, Mandurah) are
TODs. These observations can be further investigated once more data is accumulated.
A summary of the findings is presented in Table 17.
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Table 17 General Findings
Type of model

Source of Data

Trends

Significant Predictors

Econometric

Monthly journeys
‘attracted’ to the
CBD 2009-2019

Three periods of variation,
with a decrease
corresponding to the
economic downturn and a
recovery since 2017

Bus KM, fare, vacancies,
unemployment

LGM

Yearly corridor
data 2014-2019

Two periods of variation,
decrease and then
recovery

N-S vs Heritage lines,
weekday

Monthly journeys
per O-D pair
2009-2019 and
2014-2019

Three periods of variation,
with a decrease
corresponding to the
economic downturn and a
recovery since 2017

Type of rider, weekday,
distance, petrol price, changes
in vacancies and mining jobs

DiD

Monthly journeys
per O-D pair
2009-2019

N/A

Type of rider, weekday,
distance, accessibility, Blue
Collar and White Collar jobs

Pattern discovery

Daily journeys
attracted by
activity hubs
2015-2019

Differentiated patterns:
combined, steady,
consistent decline

Infrastructure changes, new
services

Several hubs with sudden
context shift

Calendar of events, weekday,
type of rider

Source: Team’s elaboration, 2020

All models converge in their findings and offer additional insights (otherwise unattainable by
applying a single approach), depending on the temporal and spatial scale adopted and the model
features. There is evidence that external factors, outside of control of the transport agencies played
a substantial role in the evolution of patronage between 2009 and 2019.
While reducing fares may increase ridership, the joined effect of a wide range of variables (likely
collinear) makes it difficult to completely isolate one or even several factors. For example, fuel
price/transport index and parking may explain the differential effect of patronage changes in
various zones, but they are coupled with economic conditions such as state national demand,
changes in mining jobs, and vacancies. A strong effect on patronage is due to service levels
(primarily bus connectivity) and accessibility levels. Although models are ‘dissecting’/accounting
for simultaneous predictors, the endogeneity (e.g., increased ridership on a route is increasing the
frequency of services on the route, thus the service kilometres), and various spatial and typological
aspects (e.g., Standard ridership has distinct predictors from Student ridership), affect the
robustness and strength of the estimators. As a ‘universal’ model is infeasible, the modular
structure provides a better understanding of the patronage evolution.
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MT0: Three periods of
change; patronage
follows the economic
trends

MT2: Accessibility, fare,
mining jobs, petrol price
(differences by type of
rider, day and space)

MT1: Fare elasticities
consistent with past
studies; services and
economic conditions
are key factors

MT3: Six patterns for
hubs with gradual
change; calendar,
type of rider main
influences

Figure 37 Features of the models

5.1 Challenges
Solution inconsistencies can occur during integration and analysis of data from various sources,
where each source may represent the same information in a different manner. It often has its
origins in systematic differences or errors in the measurement processes and outliers may play a
considerable role. This is the situation with the patronage data for Perth 2009-2019, where
journeys and trips and the SmartRider, cash tickets, as well as the free transit zone riders, were
recorded in various ways, for distinct purposes. These are detailed above in Section 3.2.1 where
the seven different methods of recording journeys and trips on the Perth public transport system
are detailed. Not only is there a difference in the scope of recording – namely whether cash and
free tickets are included, or just SmartRider – but also in the spatial and temporal level of
summation or aggregation. While one of the data sets were available at the level of an individual
transaction – such that the exact time and location of each journey was known, the other datasets
included various levels of spatial aggregation including at the suburb level, train line level and in
some cases, a summary of the entire system. Temporal differences were less problematic, as most
data was aggregated monthly, if not at a transactional level.
Similarly, independent data used within MT1 and MT2 was available at different spatial scales due
to the processes and desires of those who observed the data. While the process of harmonisation
was not technically difficult, it was a complex and precise process that had to come to a decision
of a level of spatial detail that is useful but also did not remove too much detail and introduce error
in the original data. Further complicating this is the difference between the 2011 and 2016
boundaries used by the ABS; as such, in some cases two levels of adjustments were necessary.
Yet, by distinguishing between the sources of variation, it was possible to extract consistent
knowledge on the trends of patronage and their factors. The ‘unified view’ is that journeys have
not continuously decreased over the study period, but rather three periods could be identified.
Also, all models point towards the same overall finding that external factors played an important
role in patronage evolution and that spatial effects are significant, even after considering the type
of rider.
In terms of computing and software capabilities, many models required hours of estimation on a
PC, acknowledging the ‘big data’ feature of the undertaking that started with more than 40 million
records and estimating models with various components based on aggregation, (and most of these
running with tens of thousands of observations). Additionally, several spatial models failed to
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converge due to the size of the matrices inverted. Nevertheless, the partial cross-validation of the
findings gives us confidence in the findings, particularly the role of spatial disaggregation and the
need for treating separately the four types of SmartRider passengers.

6 Conclusions and Future Work
Considerable, yet largely unexpected changes in passenger rail demand has recently occurred in
all Australian capital cities (BITRE, 2011, 2013; Leung et al., 2019). Although there has been some
decline in Perth’s public transport patronage in the period 2013-2017, mainly a result of the
economic downturn (as substantiated by changes in CPI/unemployment/weekly wage, petrol price,
and vacancies), our analysis shows notable spatial differences, with areas of stable or even
increasing patronage.
Results differ by type of rider (no significant decrease for Students, marginally for Concession and
Seniors, but significant for Standard passengers, which represent the dominant category).
Changes were more prominent on weekdays, although weekend activity is substantial at many
destinations.
The main influences on patronage were external, although accessibility, quality of service and
fares played a significant role. The role of these two factors is consistent with both the literature
(Bass et al., 2011; Boisjoly et al., 2018; Leung et al., 2019; Paulley et al., 2006; Taylor et al., 2009)
and intuition: good PT accessibility (frequent services, good station access and facilities) draw
passengers, whereas high fares drive them away. 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.
Demand elasticities with respect to fares have similar magnitude to previous studies [-1.1; -0.49].
Yet, the elasticity of patronage with respect to Bus KM (service) was substantially higher [0.68;
1.1] than the values obtained by Shareef and Lau (2016), p.50, Table 17, suggesting a stronger
sensitivity of patronage with service level.
In terms of activity hubs, spatial, social and temporal context, each contributed to different patterns
of patronage change between 2015 and 2019. Across 25 activity hubs in Perth, eight displayed
major changes (infrastructure-led disruptions, with transferred load from one part of the network to
another, but in general an overall increase in patronage); but the majority showed a gradual
change, with distinctive spatial and calendar patterns, which were explored in detail for six case
study hubs.
Although the main focus of this report is PT, it is vital to take into account private transport modes.
Understanding the changes in patronage on public transport do not tell the whole story of transport
utilisation, as trips may not have shifted from PT to private vehicle, but may have shifted to modes
such as walking and cycling (which can integrate well with PT), mixed-mode trips, new modes of
transport (such as rideshare) or may not have occurred at all, due to teleworking and job losses.
Additional work will be undertaken using machine learning, to assess the differences in the
predictive power of the models. As these models do not have an explanatory intent, they are best
used to predict impacts of various factors on the future patronage.
Finally, considering the current circumstances of COVID-19, which created such a shock in
health, economy and transport, an investigation of the effect of unexpected crises could be
undertaken in future stages of the project, provided that data becomes available.
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Appendix A – Literature Sources
Author(s)

Reference
# (list)
14

Factors Measured

Measuring unit

Method

Findings

Analyse past PT trends in
Australian capital cities, to
allow for future prediction.

Passengerkilometres per
person (pkmpp)

PT patronage was
modelled using a two-step
process:
1. Total per-person travel
in each capital city; and
2. PT share of urban
travel.
Regression for PT
patronage (double log
models)

The demand for urban PT should grow by one-third over the
20 years from 2011 to 2030. More than 2 billion p/km in Perth
2028.
Mode share function of fares, pressures on household
budgets, petrol price, and various supply-side shocks.
Elasticities of real UPT fares varied from -0.0762 (Sydney) to
-0.6484 (Perth).
Elasticities of disposable income constraint highly significant
for all capital cities (p<0.001), except Darwin and Canberra
(p>0.05)

15

Socio-economic
characteristics population,
employment), commuting
flows, distances, in four
largest Australian capital
cities

Changes in
commuting (20012011)

Descriptives
Gravity model regressions

Baek, J &
Sohn, K

4

Ridership numbers at bus
stops and on stop-to-stop
sections of the route

Number of
passengers

Balcombe, R,
Mackett, R,
Paulley, N,
Preston, J,
Shires, J,
Titheridge, H,
Wardman, M, &
White, P

5

Demand for public transport
(PT) – commuter transport

Vehicle*kilometres

A data driven deeplearning model, i.e. an
Artificial Neural Network
with multiple hidden
layers
Derive elasticities (the
proportionate change in
demand after a
proportionate change in
some variable affecting it)

Findings vary by city, but demographic and economic
conditions were similar.
Travel distance is comparable, as well as the difference in
commuting time for Outer vs Inner residents.
Perth - PT share increased by 3.4%
Spatial distribution of residents and jobs explains 65–83% of
the commuting pattern in the four cities. Other identified
drivers are transport infrastructure and skill mismatch.
For stop-to-stop level forecasting, the test results showed
promise.
Stop-level forecasting yielded somewhat unsatisfactory
results.

Bureau of
Infrastructure,
Transport and
Regional
Economics
(BITRE),
Department of
Infrastructure
and Transport
Canberra,
Australia
BITRE,
Department of
Infrastructure
and Transport
Canberra,
Australia

In the short-term, fare elasticities are low, thus an increase in
fares will lead to an increase in revenues.
Increased fares always lead to decreased demand.
In the long-run, fare elasticities exceed -1, which implies that
increases in fares leads to a decline in revenues.
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Author(s)
Bass, P,
Donoso, P, &
Munizaga, M

Reference
# (list)
6

Factors Measured

Measuring unit

Method

Findings

The probability of shift
from public to private
transport at both
aggregated and
disaggregated levels
(Santiago, Chile)
Impact of new rail transit’s
impact on usage and
housing values, using
distance as a proxy for
transit access
Factors underlying the
performance of local public
transport; focus on

Rate of ‘migration’
away from Public
Transport

Discrete choice model,
comparing alternative
transport modes

Patronage number
and real estate
values at census
tract level

Regression analysis

In the case study in Santiago, there was more sensitivity to
the quality of service than to fare changes.
Additionally, low-income users receive poorer service, but
their modal shift is lower than for higher-income users.
On the other hand, higher evasion rates are observed for
low-income users.
Small behavioural response of incumbent residents toward
increased commuting by PT.
Small capitalisation of transit infrastructure into housing
prices and rents.

Number of trips

Regression analysis and
derivation of elasticities

Introduction of multi-trip tickets had a positive effect on PT
use.
Owners of travel cards are more sensitive to the quality of
service.

Vehicle
revenue kilometres
(VRK)

Longitudinal multilevel
mixed-effect regression
approach

The reduction in VRK contributed to a decrease in non-linked
passenger trips, in other words a decline in the bus serve had
a knock-on effect in terms of a decline in rail usage.
Increasing fares to support investments in operations cannot
result in large increases in ridership. Other revenue sources
are required to finance transit: congestion and parking
pricing, public-private partnerships and land-value capture.
Even after controlling for all relevant factors, Germans are
significantly more likely to walk, bike, and use PT than
Americans. This suggests that other contextual factors—
other than socio-economic and demographics—influence
travel behaviour. These contextual factors include transport
and land-use policies (spatial development), as well as
cultural preferences.
Trip purposes served by PT: work, school, shopping,
recreation, and visiting friends and family

Baum-Snow, N
& Kahn, M

7

Bigerna, S &
Polinori, P

8

Boisjoly, G,
Grisé, E,
Maguire, M,
Veillette, M,
Deboosere, R,
Emma Berrebi,
E & El-Geneidy,
A
Buehler, R

9

11

Two comparable national
travel surveys used to
investigate determinants
of transport mode choice in
Germany and the USA

Mode choice share
(car, PT, active
travel), car
ownership

Multinomial logit model
(MNLM)

Buehler, R &
Pucher, J

13

PT rider profile
(disaggregated by city size,
population density, urban
vs rural location, gender,
age, employment status,

Within each country,
adjusted odds ratios
(AORs) to describe
the population
subgroup’s

Two logistic regression
models—one for each
country—estimating the
likelihood of riding PT,

impact of the tariff reform.
Determinants of public
transport ridership

USA: Even $830 billion in government subsidies since 1975
have not succeeded in raising PT mode share, which
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Author(s)

Reference
# (list)

Factors Measured

Measuring unit

Method

Findings

income, car ownership) in
two countries: Germany
and the USA.

likelihood of riding
PT

while controlling for other
variables.

remains < 2% of all trips. Without the necessary policies to
restrict car use and make it more expensive, American PT is
‘doomed’ to remain a marginal means of transport, used
mainly by those who have no other choice.

Trip purposes for PT
Changes over time in user
profiles and PT share
Chiang, W-C,
Russell, R, &
Urban, T

21

Relevant factors that
influence transit use:
population, income &
poverty, petrol price, fare,
food stamps.

Bus ridership

Regression analysis (with
autoregressive error
correction), neural
networks, and ARIMA
models

In-vehicle time
(minutes)

Valuation methods
adopted included: stated
and revealed preference,
customer ratings, priority
evaluator, maximum
difference scaling and
benefit/value transfer.
Values (monetary)
converted to equivalent
units of in-vehicle time.
International monetary
values were first changed
to AUD. Values of time for
PT users were then
converted to in-vehicle
time.

To test and evaluate
alternative forecasting
models to predict transit
patronage
De Gruyter, C,
Currie, G,
Truong, L &
Naznin, F

25

Meta-analysis of factors
influencing ridership, a
review of valuation
methods and issues faced
in applying these methods,
and identification of gaps in
knowledge (57 papers).

Germany: Bus share 2.6 times greater than USA (3.6%
versus 1.4%); Rail share 8.2 times greater than USA (4.9%
versus 0.6%).
Share commuting stable 23.5%
A simple combination of these forecasting methodologies
yields greater forecast accuracy than the individual models
separately.
A stepwise selection process determined that operating funds
was the most significant variable. Bus fare had an expected
negative impact on ridership, and months of August and
October (seasonal factors) were associated with high levels
of ridership. Petrol prices were not statistically significant.
Scenario analysis was conducted to assess the impact of
transit policies on ridership and little change in ridership
noted.
The sheer number of possible amenities available to PT
travellers can pose considerable challenges for
understanding their contribution to the PT journey,
particularly in light of differing contexts and circumstances.
The salient features were: access, information, security and
environment for train; access, condition, security for buses.
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Reference
# (list)
31

Factors Measured

Measuring unit

Method

Findings

Main changes in travel
behaviour in Nanjing, China
(2008-2011) and what can
explain those changes

Daily travel distance,
mode share

Daily travel distance grew significantly (0.8km per person and
day). Both public and private transport increased by 4%. The
rates of cycling and walking decreased due to increases in
travel distances. Wealthier residents tended to use private
transport.
Urban form and the dominant transport mode share are
dynamically linked.

Gkritza, K,
Golias, J, &
Karlaftis, M

32

Trends in a city with three
PT modes: bus, electric
bus, and metro
Athens, Greece

PT patronage, Fares,
vehicle* kilometres,
car ownership, socioeconomic factors,
demographic trends

Regression techniques
and choice? modelling
Travel behaviour can be
described as: Y = (X, B,
µ) where Y = daily travel
behaviour, X = attributes
of the individual, B =
attributes of the built
environment and µ =
unobserved factors.
Regression equations
models, elasticities of a
multi-modal transport
system

Graham, D,
Crotte, A &
Anderson, R

33

Fares, income and quality
of service effects on
demand for metro (sample
of 22 urban metros around
the world)
Panel data used

Price elasticities

Dynamic panel
estimation, which
accommodates individual
system specific
heterogeneity,
endogenous regressors,
and measurement error.

Holmgren, J

36

How and to what extent, do
different factors affect PT
demand (trips per capita)
Effects of income changes
on local PT demand
Sweden

PT ridership
Predictors: fare,
veh*km, petrol price,
income, car
ownership

Regression (double log)
considering the two-way
relationship caused by the
joint effect of capacity and
quality

The quality of service elasticities are positive and
substantially higher than the absolute value of fare
elasticities.
This means that quality of service improvements, rather than
fare reductions, may be more effective in increasing metro
patronage.
The results distinguish between short and long-run demand
responses (price elasticity = -0.05 in the short-run and -0.33
in the long run)
A change in income is likely to affect travel behaviour in
several ways:
- higher income is generally associated with increased
mobility, and therefore the overall number of trips by all
modes of transport is likely to increase. However, given the
higher car ownership, high-income groups may have fewer
PT trips.
- lower income may reduce total mobility, but the dependence
on PT may be substantial.

Feng, J, Dijst,
M, Wissink, B,
& Prillwitz, J

Price elasticity values vary depending on the type of data
collected, the estimation methods, the country, and the
number of competitive modes included in the estimation.
Urban transport demand is inelastic with respect to fares.
PT demand in Athens is highly elastic with respect to car fuel
costs.
Differences in elasticities between modes.
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Reference
# (list)

Factors Measured

Measuring unit

Method

Kasraian, D,
Maat, K & van
Wee, B

38

Long-term (30 years)
trends on sociodemographics and travel
behaviour by three modes
to quantify the relationships
between locations,
individuals and travel
distance in Netherlands

Kilometres
travelled/day and
mode

A pseudo-panel analysis
conducted to investigate
the effect of various
indicators on average
daily distance travelled by
train, car and bicycle.
Econometric models
including pooled ordinary
least squares, fixed and
random effects and a
hybrid model were tested
to identify the best fit.
Multiple regression
applied to determine
factors that contribute to
higher light-rail ridership

Kuby, M,
Barranda, A &
Upchurch, C

39

Passenger numbers,
density, accessibility

Lane, B

40

Relationship between
housing density,
employment nodes and
access to stations via
walking, park-and-ride or
bus and light-rail passenger
numbers (USA)
Temporal aspects of the
relationship between PT
and petrol prices in 33 US
cities (January 2002 March 2009)

Transit ridership,
service, petrol price,
and price variability

Monthly data used in
time-series regression
models with lagged
effects of price and
service on transit
patronage

Leung, A,
Burke, M, Cui, J
& Perl, A

41

Systematic crossdisciplinary literature review
considering energy/fuel
price, transport and landuse in urban areas

Mode share (?), fuel
prices

Systematic literature
review targeted the fuel
price impacts on ridership

Findings
The total effect of income changes was calculated to be close
to zero.
The average daily travel distance rose until the mid-1990s
before witnessing a decrease till 2010.
Half of the Randstad inhabitants have been travelling ≤26
km/day over the past 30 years.
As people grow older, they increasingly travel more by train
and bicycle.
A rise in suburban inhabitants decreases the average
distance travelled by train and increases that of bicycle, while
a rise in rural inhabitants encourages higher distances
travelled by car.
The results showed the importance of land-use and
accessibility, employment, population, and percent of renters
within walking distance of a station. Bus lines, park-and-ride
spaces, and centrality, were significant predictors of
ridership.
Small, but consistently significant, amount of transit ridership
fluctuation is due to petrol prices.
Repeated lags of petrol prices of up to 13 months are
influential on ridership.
Every 10% increase in petrol prices can lead to ridership
increases of up to 4% for bus and 8% for rail.
There is considerable variability across cities in the
magnitude of the effect on transit ridership, the impact by
mode, and temporal variability.
The perspective and approach of studies into energy,
mobility, and urban development has varied considerably
over time, with an inconsistent focus on the problem to be
addressed and the methods used in pursuing solutions to
that problem.
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Reference
# (list)

Factors Measured

Measuring unit

Method

(literature from 1972 to
2017)

Lindsey, M,
Schofer, J,
DurangoCohen, P, &
Gray, KA

42

Proximity of rail stations to
trip origins/destinations
as a factor affecting mode
choice for work trips

State census
journey-to-work data
in a 1mile radius of
train station (both O
and D)

Descriptive statistics to
determine the JTW by
mode share, then
calculate how much CO2
reduction is achievable if
all car trips within a 1mile
radius of both O & D
could be moved to rail.

Milioti, C &
Karlaftis, M

46

Market shares for each PT
mode in total PT ridership
for the multimodal transport
in Athens, Greece (both the
short-term and long-term
effects)

Co-integration
(regression) and error
correction techniques in a
time series analysis
framework, since this
methodology allows for
treating non-stationary
data and for determining
short-term and long-term
elasticities.

Nowak, W &
Savage, I

49

Petrol price,
unemployment, revenue

Share of each of the
four PT modes
(metro, bus, electric
bus, and urban rail),
fares, dummy
variable for the
integrated ticket, and
macroeconomic and
demographic factors
(unemployment,
petrol price, GDP)
Ridership for bus and
rail, petrol prices

Regression with 12-month
difference in ridership
used to derive cross

Findings
Elasticity studies identify balancing supply and demand for
petroleum as the key problem and then apply quantitative
modelling to discover how to best achieve that balance. They
offer an empirical basis for price-based policies, such as fuel
taxes or incentives to spur fuel efficiency.
Inter-city studies adopt a spatial perspective and thus
recognise the impact of land-use, advocating for “compact
cities” to make PT and active transport more feasible.
For work trips having the O/D within 1mile from rail transit
stations, cars were still the dominant travel mode, capturing
as much as 61%, followed by rail use at 14%.
Some of the trips by car (private vehicle POV) may be
candidates for shifting to rail.
Shifting all work trips with both O/D within 1 mile of commuter
rail stations would potentially reduce the energy associated
with all work-related POV driving trips by a maximum of 24%.
This exceeds the CO2 reduction goals targeted in the
Chicago Climate Action Plan.
This mode shift could occur with current settlement patterns
and the use of existing infrastructure. However, changes in
traveller behaviour and possibly rail operation would be
necessary, making policy to motivate this change essential.
The long-term responses are mainly associated with
investment decisions, while the short-term responses are
associated with operational decisions.
Different predictors are identified for the shares of the four PT
modes: metro (fare, GDP and total ridership); bus (metro
fare, petrol price and total ridership); urban rail and electric
bus (fares, GDP and total ridership).
Fare and GDP are the main determinants of the PT mode
shares both in the short and long-run.
When petrol prices were less than $3/gallon, crosselasticities were small, <0.05. At $3/gallon, the elasticity
increases to 0.12–0.14 for the rail modes. When prices
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Reference
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Measuring unit

vehicle miles, fares, and
transit ridership in Chicago

Odgers, J, &
Van Schijndel,
A

50

Yearly train boardings in
the Melbourne metropolitan
area and six explanatory
economic and demographic
variables (ABS), over the
period 1983-84 to 2009-10.

Paulley, N,
Balcombe, R,
Mackett, R,
Titheridge, H,
Preston, J,
Wardman, M,
Shires, J &
White, P

53

Fares, quality of service,
income and car ownership
analysed as factors
affecting demand for PT in
UK

Train boardings/year,
population,
employment (both
full and part time),
income, petrol price
(lagged), housing
interest
paid/disposable
income (lagged)
PT ridership, fares,
quality of service,
income levels, car
ownership

Method

Findings

elasticities (while
overcoming seasonality)

exceeded $4/gallon (summer 2008), elasticities ranged
between 0.28–0.30 for city and suburban bus, and 0.37 for
commuter rail.
This considerable responsiveness is similar to (or even larger
than) the elasticities found during the oil crises of the 70s and
early 80s.
The upward trend in oil prices in the past decade has given
some hope to transit agencies that there will be a substantial
mode shift in their favour.
The three independent variables with the highest explanatory
power are in descending order: 1) annual average % of total
interest payments to household income (lagged 3 months); 2)
resident population in the Melbourne Statistical Division (X6);
and 3) estimated number of persons employed (both full and
part time) in Melbourne.

A series of univariate
linear regressions,
followed by several
multivariate regression
analyses of various
combinations
of independent variables
which explain yearly train
boardings
Meta-analysis and
systematic literature
review (‘distillation and
synthesis of identified
published and
unpublished information’)
on the factors affecting PT
demand
Elasticities of demand

Fare elasticities tend to increase over time, with bus fare
elasticities being about -0.4 in the short-run, -0.56 in the
medium run, and about -1.0 in the long-run. Similarly, metro
fare elasticities tend to be about -0.3 in the short-run and -0.6
in the long-run.
For quality of service, the mean value of time for commuting
by urban bus was 4.2p/min, whilst the value of leisure travel
was 2.6p/min (at 2000 prices), implying an elasticity of bus
demand with respect to in-vehicle time of around -0.4. As
incomes increase over time, trip lengths also increase.
The impact varies across trip purposes, but with elasticities in
the range 0.1–0.2, the long-run impact on
passenger*kilometres, if maintained, will be significant.
Income has a positive impact on car or PT demand; trip
length increases; offsetting negative impact of car ownership,
particularly in the bus market.
As car ownership growth slows and reaches saturation, these
negative effects will diminish.
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61

Factors Measured

Measuring unit

Method

Findings

Travel behaviour changes
in Sydney from 2001 to
2011, at a disaggregate
level, using available
repeated cross-sectional
data (i.e., HTS).

Number of
trips/person and
travel distance by
mode, derived
passenger and
vehicle kilometres
(PKT, VKT)

Estimation using the 95%
and 99% confidence
intervals. These were
constructed using data
that were weighted and
normalised.

Smart, M

62

Relationship between petrol
cost and stated willingness
to invest public money in
mass transit improvements

Variance decomposition

Stover, V &
McCormack, E

65

Changes produced by
adverse weather conditions
(rain, snow, fog, wind, or
extreme temperatures) on
demand for travel and
mode choice (Puget
Sound)

Taylor, B,
Miller, D, Iseki,
H & Fink, C

67

Relations between regional
geography, metropolitan
economy, population
characteristics,
auto/highway system
features, and transit system
characteristics

Fuel prices (gasoline
prices released by
the US Energy
Information
Administration, 2013,
adjusted for price
volatility) and the
public willingness to
invest in public
transport (social
survey)
Ridership,
Temperature, rainfall,
wind speed, and
snow variables, day
(using an absolute
level approach,
rather than historical
data)
Transit use

Several key indicators were significantly different between
2001 and 2011: the number of daily car trips are significantly
different for most groups (younger people travelled less and
older people travelled more); travel behaviour has not
significantly changed in terms of household types; highincome people travelled less, while low-income people have
not significantly changed their travel.
For PT, there were decreases in number of trips (about 4.7%)
The model results suggest that petrol price volatility is a
strong predictor of support for mass transit.

Shen, L,
Corpuz, G &
Hidas, P

Regression and
sensitivity analysis

Adverse weather conditions lead to lower transit ridership.
Each of the four weather variables had a significant effect on
ridership in at least one season. Winter was the season most
affected by weather, while summer was the least affected.
Policy should focus on appropriate shelters and mitigation
measures.

Two-stage simultaneous
equation regressions of
transit use on crosssectional data in 265 US
urbanised areas
Simultaneous estimation
accounts for feedback
between transit service
supply and consumption.

Most of the variation in transit ridership – in both absolute
and relative terms – can be explained by factors outside of
the control of PT systems: regional geography (area of
urbanisation, population density, and regional location in the
US), metropolitan economy (specifically, personal/household
income), population characteristics (e.g., % college students,
recent immigrants, car ownership, and Democratic voters in
the population), and auto/highway system (non-transit/nonSOV trips, commuting via carpools, active travel, etc.).
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Author(s)

Reference
# (list)

Factors Measured

Measuring unit

Tsai, C-H,
Mulley, C,
Clifton, G

70

PT demand in the Sydney
using monthly patronage
data from 2007 to 2011.
Elasticities
Pseudo panel dataset
constructed from the
Sydney Household Travel
Survey (1997 to 2009).

Train and bus
boarding data, fare,
socio-demographics,
level of service,
household travel
survey data

Wallis, I &
Lawrence, A

74

Forecasting patronage and
fare revenues for Perth's
PT services over the
medium term

Monthly patronage
(boardings) by bus,
train over the last 15
years
Main independent
variables = average

Method

Autoregressive Integrated
Moving Average (ARIMA)
model estimated using
monthly train & bus
boarding data.
Dynamic Partial
Adjustment Model (PAM)
estimates demand
elasticities with respect to
various PT determinants:
PT fare, sociodemographics of users,
level of service and landuse characteristics.
The two methods
compared to actual
demand observed in 2010
and 2011, to assess their
accuracy. PAM model
used to forecast future PT
demand, for a number of
policy scenarios.
An econometric (time
series) analysis using a
seasonal difference
(‘double-log’) modelling
methodology to derive
elasticities

Findings
While these external factors clearly go a long way toward
determining the overall level of transit use, policies also play
a role. The observed range in both fares and service
frequency could account for at least a doubling (or halving) of
transit use in a given area.
Controlling for the correlation between PT use and the size of
a city, about 26% of the observed variance in per capita
transit patronage is explained by service frequency and fare
levels.
Strong forecasting ability of ARIMA model: the overall
difference between the actual demand and forecast demand
in 2011 is only around 0.67%; prediction error in the monthly
forecast ranges between [-2.48,1.79] %.
PAM model constructs a causal statistical relationship
between PT demand and its explanatory variables, with
short-run and long-run demand elasticities identified. The
PAM forecasted demand appears to be overestimated by 57% in a single year. However, this difference is subject to the
way in which the PT demand is weighted to the total
population of the Sydney Greater Metropolitan Area in the
HTS report and a clear measure of the actual forecasting
power of PAM is unavailable since there is no actual demand
for comparison.

Fare elasticity estimates are very similar for both modes (0.38 bus and -0.36 train). Similar income elasticities (0.27)
Service elasticity for bus = 0.33
Employment (per capita) elasticity were 0.32 for bus, 0.81
train
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Author(s)

Reference
# (list)

Factors Measured

Measuring unit

Method

real fare levels,
service kilometres,
petrol price,
employment level
and average
incomes.
Transit ridership,
fares and petrol price

The response variable
(DV) was boardings per
population in a ‘standard’
month.

Wang, G &
Skinner, D

75

Impact of petrol price and
fares on patronage

Elasticities derived using
eight transit authority
models

Wang, Z, Li, X
& Chen, F

76

Ridership from transit card
data, to assess the impact
of fare increases

PT
demand/ridership,
time, distance
travelled and fares

Network analysis, linear
models to derive
elasticities

Weis, C &
Axhausen, K

77

Aggregate effects of
changed generalised costs
of travel on traffic
generation in Switzerland
since 1974

Wijeweera, A &
Charles, M

79

Annual data (1983-2008) of
passenger rail in Perth,
together with sociodemographics used to
examine the factors
potentially contributing to
growth in rail demand

Pseudo panel data
on the propensity of
participating in outof-home activities on
a given day, number
of trips and journeys,
the total time out-ofhome and distances
travelled
Rail patronage,
fares, sociodemographics

Structural equation
modelling SEM, using
pseudo panel data
(averages of cohorts from
cross sectional
observations over time) to
test for individual as well
as dynamic effects
Elasticities derived
Modern time series
econometrics:
cointegration approach
used to estimate long-run
elasticities and an error
correction model to
estimate short-run
elasticities.

Findings

The elasticities of monthly transit ridership with respect to
real fare are negative and inelastic.
The elasticities of monthly transit ridership with respect to
petrol price are positive and inelastic.
The most significant predictors of ridership were fare and trip
distances.
Range elasticities [-0.232 to -1.272], overestimated.
The model requires validation, checking forecasts after the
fare increases have been implemented.
Trip distance distribution of established metro networks show
a large % of trip distances around or > 10 km.
The generalised cost and accessibility elasticities, estimated
with an SEM, are surprisingly substantial, even after
correcting for age cohort and other socio-demographic
effects.

The study finds that a 10% cut in fares increases boardings
by about 8% in the long-run and 7.6% in the short-run, while
population exerts a significantly positive impact on demand.
Service kilometres operated and commuter perceptions are
the other two most significant variables.

Page 98

Factors Influencing Public Transport Patronage Trends: Perth 2009 to 2019
Author(s)

Reference
# (list)
80

Factors Measured

Measuring unit

Method

Findings

Factors contributing to
growth in passenger rail
demand in Melbourne,
Australia

Rail boardings, fares
and petrol price,
population, income

Zhao, J, Deng,
W, Song, Y &
Zhu, Y

81

Factors impacting on
ridership at 55 Metro
stations in Nanjing, China:
land-use within the
pedestrian catchment area
(PCA), external
connectivity, intermodal
connection, and station
context

Ridership,
population,
business/office floor
area, CBD dummy
variable, # education
buildings,
entertainment
venues and shopping
centres.

A cointegration approach
is used to estimate longrun rail elasticities, while
an error correction model
is used to estimate shortrun elasticities.
Multiple regression, using
predictors derived through
Geographic Information
System (GIS) analysis

Short-run rail elasticity is half the long-run elasticity, although
both are highly inelastic, which suggests that a fare increase
would not lead to a significant drop in boardings, and hence
may result in a rise in total revenue. In addition to fares,
population, petrol price and passenger income exert a
positive impact on passenger rail demand.
Six variables were found to be significantly associated with
ridership at 0.05 level: population, business/office floor area,
CBD dummy variable, presence of education buildings,
entertainment venues and shops.
Five variables were significant at the 0.01 level: employment,
road length, feeder bus lines, bicycle park-and-ride (P&R)
spaces, and transfer dummy variable.

Zheng, Z,
Wijeweera, A,
Sloan, K,
Washington, S,
Hyland, S, To,
H, Charles, M,
Webb, M,
Primerano, F,
Molloy, A,
Howells, L, Liu,
Y, Clarris, H &
Holyoak, N

82

Current Australian and
international best practice
analysed to develop and
estimate models of rail
patronage for Australian
capital cities.

Socio-economic
profiles, travel
experiences,
attitudes, from an
online survey of rail
riders and non-riders
for each of the state
capital cities
Stated preference
responses to a wide
range of urban travel
scenarios

Time series and crosssectional analyses

Rail fares, congestion and rail service supply all have a
strong influence on rail patronage, while a number of less
significant factors such as fuel price and access to a motor
vehicle are also influential.
Of note is the relative homogeneity of rail user profiles across
the state capitals. Rail users tended to have higher income
and education levels. They are also younger and more likely
to be in full-time employment than non-rail users.

Wijeweera, A &
Charles, M
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Appendix B – Desire Lines

Figure B 1 Desire lines for the O-D pairs with greater than 100,000 journeys between them (2009)
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Figure B 2 Desire lines for the O-D pairs with greater than 100,000 journeys between them (2010)
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Figure B 3 Desire lines for O-D pairs with greater than 100,000 journeys between them (2011)
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Figure B 4 Desire lines for O-D pairs with greater than 100,000 journeys between them (2012)
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Figure B 5 Desire lines for O-D pairs with greater than 100,000 journeys between them (2013)
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Figure B 6 Desire lines for O-D pairs with greater than 100,000 journeys between them (2014)
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Figure B 7 Desire lines for O-D pairs with greater than 100,000 journeys between them (2015)
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Figure B 8 Desire lines for O-D pairs with greater than 100,000 journeys between them (2016)
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Figure B 9 Desire lines for O-D pairs with greater than 100,000 journeys between them (2017)
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Figure B 10 Desire lines for O-D pairs with greater than 100,000 journeys between them (2018)
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Figure B 11 Desire lines for O-D pairs with greater than 100,000 journeys between them (2019)
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Appendix C - Data set-up for LGM Models (wide)
Type
rider

O

D

Ty
pe
day

Road
Dist

Journeys
Day9

… Journeys
Day19

Sch
9

… Sch1
9

CPI9

…

CPI19

Vac9

… Vac19

Petrol9
(cents)

… Petrol19
(cents)

Fare9
($)

… Fare19
($)

1 Std

Cockburn
Central

Perth

1

21.58

366.499

535.783

192

148

93.556

111.237

5.226

5.23

126.87

123.918

3.83

5.22

1 Std

Murdoch

Perth

1

16.32

342.946

643.884

192

148

93.556

111.237

5.226

5.23

126.87

123.918

3.06

4.41

Perth

Murd
och

1

16.06

334.645

400.643

192

148

93.556

111.237

1.685

3.132

126.87

123.918

3.06

4.41

1 Std

Joondalup

Perth

1

28.83

322.171

413.601

192

148

93.556

111.237

5.226

5.23

126.87

123.918

3.83

5.22

2 Sen

…

1 Std

Note: The four types of fares are Standard, Senior, Student, and Concession. The types of day distinguish between weekday, weekend, public holidays.
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Appendix D – Six Hubs

Figure D 1 Morley Hub

Figure D 2 UWA Hub
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Figure D 3 Rockingham Hub

Figure D 4 Stirling Hub
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Figure D 5 Cannington Hub

Figure D 6 Armadale Hub
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