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The demand for public transport and commuter behaviour are evidently affected by a series of D-factors relating
to the built environment, including density, diversity, design, destination and/or demography. The effect of fare
policies, however, in conjunction with built and non-built environment features has not been assessed. Given the
2017 fare policy change introduced in South East Queensland, Australia, this study examines how the policy
reform (changes in fares, its structure and incentives) affects public transport ridership. Drawing on two like-forlike periods of transport smart card data before and after the policy reform, we compare the number of card
users, journeys, and travel costs under the two fare systems. Through a set of statistical analysis and spatial lag
regression, we examine the impact of the fare policy change on ridership, controlled by variations of built and
non-built environment features, including population density, land use diversity, demographic features of
commuters, distance to the central business district (CBD) and destination accessibility. Our findings show that
public transit ridership can be boosted by reducing the fare cost per journey which can then result in overall
revenue gain. However, such attraction by fare reduction varies substantially by user groups. Furthermore, the
influences of population density, destination accessibility, distance to CBD and demographic features of commuters on ridership are significant (p < 0.01); while the influences of land use diversity and fare change tend to
be insignificant compared to the other D-factors. We argue that in order to increase public transport usage policy
makers need to consider fare policy reform in conjunction with built environment and demographic factors in
order to increase service availability and ensure that services are accessible and affordable to the general public.
This study also offers a generic framework that employs big data analytics to assess public policy intervention in
the Australian context.

1. Introduction
The Australian government has been promoting the use of public
transport as a crucial component of functional cities in their capacity to
enhance accessibility, quality of life and environmental sustainability.
As an alternative to private vehicles, public transport is experiencing
higher demand due to its lower personal costs, less environmental
concerns, and more efficiency away from congestion in urban areas
(Tribby and Zandbergen, 2012). However, even with good public
transport services, the use of public transport in Australia remains small
in comparison to the use of private vehicles. In 2016, only one in eight
people use public transport for daily commuting in Australia (Heinen

∗

et al., 2018a, b) with 65 per cent of all distances travelled on public
transport occurring on heavy rail, 30 per cent on buses and 5 per cent
on light rail and ferry (Australian Government Department of
Infrastructure and Regional Development, 2016). In Brisbane, the capital city of Queensland, only 5.4 per cent of the population travelled by
bus in 2016 (Australia Community Profile, 2016). This is in part due to
the low-density development and dispersed urban spatial structure
across the metropolitan areas. Most of Australian capital cities have put
great effort into implementing integrated transit systems using smart
card technology, aiming to improve ridership, patronage and revenue.
An integrated transport system offers riders the opportunity to use the
entire public transport system across the local and regional area
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independent of transport modes, fares, schedules.
The evaluation of the impact of fare changes on ridership is thought
to be difficult as changes in ridership are usually triggered as a partial
result of a broader policy change, which is also influenced by the
complexity of various subjective and objective factors (Sharaby and
Shiftan, 2012). Existing literature has indicated some potential determinants associated with the utilisation of public transport, such as
travel time and distance (Nahmias-Biran et al., 2014), travel mode (Li
et al., 2015), travel fares and price elasticity (Morency et al., 2007),
climate and pollution (Wang and Liu, 2015), passenger's personal
profiles (Zhou, 2012) and features of the urban built environment
(McMillan, 2007; Jang, 2010; Ewing et al., 2015; Kamargianni et al.,
2015). In addition to a large body of research focus on subjectively
measured factors (such as travel preference, attitudes, living style and
self-selection) that influence individuals' travel mode choice and behaviour (Wang and Liu, 2015; Heinen et al., 2018a, b), a wide range of
objective factors, particularly the built environment factors, have also
been explored widely (Cervero, 2003; Schwanen and Mokhtarian,
2005; Cao et al., 2009; van Wee, 2011). As Cervero and Kockelman
(1997) concluded, the 3D variables (density, diversity and design of
urban environment) were thought to be strongly associated with mode
choice for work trips and travel demand. More recent literature has
extended these 3D to 5D or 6D variables by adding demographic
characteristics of travellers, destination accessibility and/or distance to
public transport outlets (Ogra and Ndebele, 2014; Munshi, 2016;
Manville, 2017; Mazumdar et al., 2018). However, there has been
limited research on the evaluation of fare policy change on ridership, in
particular with the consideration of multi-dimensional built environment and non-built environment factors.
To fulfil this knowledge deficit, this study builds on a unique opportunity where a major fare policy reform was implemented in SEQ,
Australia in 2017. Using a like-for-like comparison, our first goal is to
assess public transit ridership before and after the fare policy reform.
Our second and more important goal is to evaluate the extent to which
ridership changes can be attributed to fare policy reform, and how can
this policy reform together with demographic and urban built environment features impact ridership. The outcome of this study enables
us to evaluate whether or to what extent the new fare policy has
achieved its anticipated goal of attracting more commuters to use
public transport. It also offers a generic framework that employ big data
analytics to assess public transport policy intervention and its financial
and social impact.

2010). Similarly, diversity of land use can reduce travel length and
frequency since people can access public facilities and utilities easily
when they are co-located without the need to commute. Following similar logic, the effect of design treatments, like bus routes and parking
lots, is considered to work in parallel with density and diversity. The
design of neighbourhoods can make public transport more accessible
and also rewards transit riders with amenities (like shade trees and rest
areas). Beyond these three core dimensions, later literature has extended to consider the effects of more built environment factors, such as
destination accessibility and distance to transit (railway, metro and
tram stations, bus stops), as well as other more complex influences of
the subjective variables (such as travellers' attitudes, living style and
residential self-selection) by utilising more sophisticated statistical
methods (Zhou and Kockelman, 2008; Bhat and Eluru, 2009; Cao et al.,
2009; Ewing and Cervero, 2010; Boarnet, 2011; Ewing et al., 2015).
Thus, as what the ‘smart growth’ and ‘new urbanism’ strategies proposed (Cervero, 2002: 265), establishing a compact, mixed-land-use,
energy-saving and walking-friendly city becomes the ultimate goal of
urban planning and sustainable development (Ewing and Cervero,
2017).
However, other scholars hold a conflicting belief regarding the effect of the urban built environment on travel behaviour. Their views are
more sceptical of the measurement of this relationship, suggesting that
the intensity of development of the built environment may appear to
somehow affect travel behaviour; however, the underlying causes of
this relationship are based on non-built environment factors, or commonly known as subjective factors (Adkins et al., 2017), such as residential preferences and travel attitudes (Cao et al., 2009) and demographic features of commuters and their socioeconomic status (Zhou,
2012). These non-built environment factors suggest that Cervero's 3D
factors may not indicate the causation for travel decisions, but rather
resemble as a host of other socioeconomic-related factors which essentially affect travel behaviour (Wang et al., 2011; van de Coevering
et al., 2016). For example, the hypothesis of residential self-selection
asserts that households choose their residential locations based on their
demographic and socioeconomic characteristics, congruent with certain
attitudes which are highly correlated with the built environment
characteristics. Consequently, if these subjective factors are not controlled for in the analysis, they would confound the estimation of the
built environment effects and lead to biased estimations of the impact
of the built environment on travel behaviour (Handy et al., 2005;
Chatman, 2009).
Beyond the discussion above, though less frequently, researchers
have also involved fare policy related factors into the mainstream study
of the built environment and travel demand, such as travel time and
cost (Guerra and Cervero, 2011; Zhou, 2012). On the one hand, the
travel-time related studies are often linked to the theory of constant
travel time budgets. Namely, stable travel time budgets reduce or may
even fully compensate the initial reductions in travel time due to landuse mixture. van Wee (2011) found that travel time budgets relate to
travel by all transport modes (including car, public transport, and nonmotor modes); while Schwanen (2003) revealed that the impact of the
built environment determinants on time spent on travel was small
based on his examination of the role of urban and sociodemographic
factors in travel and the activity patterns in the Netherlands. On the
other hand, the relationship between travel cost and travel demand
tends to be complicated especially with the consideration of the built
environment. Ewing and Cervero (2010) asserted that the aforementioned D-variables basically affect the accessibility of trip productions
to trip attractions, hence the generalised cost of travel by different
modes to and from different locations. For instance, destinations that
are closer to bus stations may be easier to reach by bus than drive as a
result of greater land use diversity and better public transit accessibility. As the values of the D-variables increase (except for distance to
transit or a city centre, with an inversed relationship), the generalised
cost of travel by alternative modes decreases and relative utility

2. Background
2.1. Conceptual framework
The impact of the built environment on travel demand and mode
choice has become one of the commonly researched subjects in urban
and transportation planning (van de Coevering et al., 2015). The theoretical foundation for the relationship between travel behaviour and
built environment can be found in the theory of utilitarian travel demand (van Wee, 2011). This utility-based theory postulates that the
demand for travel originates from the need to reach the locations where
activities take place, such as the dwelling, workplace, services and facilities. Volumetric studies have provided economic and behavioural
explanations of why urban form, neighbourhood design, and the overall
physical environment of cities and regions shape how people get
around (Boarnet, 2011; Cao et al., 2009; Cervero, 2003; Cervero and
Kockelman, 1997). The most common built-environment determinants
that have proved to be influential on travel demand and behaviour, as
summarised by Cervero and Kockelman (1997), include three principal
dimensions – density, diversity and design. These determinants influence travel demand individually and collectively. Density, for instance,
can shape travel demand by shortening trips, induce non-motorized
travel and boost the utilisation of public transport (Ewing and Cervero,
79
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Fig. 1. Conceptual framework of this study.

has revealed the benefit of different fare structures. For example, the
flat fare structures in Washington D. C., Paris, London and Barcelona
were thought to reduce barrier of public transport use and increase
transit ridership (Streeting and Charles, 2006). The distance-based fare
structure in Taipei, Taiwan (Chung and Chiou, 2017), in Seoul, South
Korea (Pucher et al., 2005), in Hong Kong (Tang and Lo, 2008) and in
Israel (Sharaby and Shiftan, 2012) have also achieved the goal of increasing ridership and revenue, reflecting its strength of fairness and
dominance amongst alternative modes.
Reducing the price of each trip or journey and providing free
transfers are often considered as significant factors in attracting transit
users (Sharaby and Shiftan, 2012; Wang et al., 2015). As Cervero
(2017) states, fine graduated and coarsely differentiated fare price
structures appear to be the most promising in equalising price disparities and improving transit system's financial posture. Fares differentiated by travel distance and time-of-day provide a balance of efficiency, equity and revenue benefits. The Netherlands Transport
Research and Training (2003) reported details about the level of fare
integration in European cities such as Manchester, Hamburg, Stockholm, Vienna, and Paris, resulted in rising ridership by 4% in Manchester and up to 33% in Vienna.
In the United States, studies show that the introduction of an integrated fare system in metropolitan areas such as Maryland and New
York has led to an increase in ridership (e.g. Hirsch et al., 2000;
Giuliano et al., 2000; Ungemah et al., 2006). This is also echoed in SEQ,
Australia, where the year-on-year patronage increased by around 10%
following the fare integration in 2004–2005 (Streeting and Charles,
2006). In these aforementioned cases the integrated system managed to
reverse the downward trend in transit ridership and therefore the revenue gain was anticipated even when lower fares per journey were
introduced. However, Guerra and Cervero (2011) examined 23 transit
systems in the U.S. and concluded that without coordinated built environment policy, expanding public transit tended to increase costs
with limited impact on ridership, and would consequently yield fewer
environmental, social, and economic benefits than the advocates had
anticipated. Nevertheless, it is oversimplified to attribute the change in
ridership and travel behaviour to a fare integration or fare level change
without considering built and non-built environment factors in a
boarder sense.
In Australia, except for two small-sized cities (Newcastle and
Canberra) which use a flat fare structure, large cities such as Sydney
and Melbourne use a zone-based fare structure with various forms of
incentives to encourage public transport usage (Australian Capital
Territory Government, 2015; Independent Pricing and Regulatory
Tribunal, 2016). The integrated fare system, relying on the smart card
technology, has been implemented in most Australian cities to support
higher level of complexity in fare structure and stronger equity of accessibility (Burke, 2016). The large volume of smart card data also
offers great potential for evaluating the effect of fare change on ridership (Wang et al., 2015). Travel information (such as the location of

increases (van Wee, 2011). However, whether this generalised cost by
the built environment would be overweighted or offset by travel fare is
the key to decide the shift of travel mode from car use to the use of
public transport. Compared to the vast investment on changing the built
environment, an adjustment of travel fare is relatively easier to achieve
and primarily a function controlled by transport authorities (NahmiasBiran et al., 2014). Reviewing across past literature, however, there has
been limited study on how fare change can moderate the impact of the
built environment on public transport ridership – a question this study
aims to address.
Integrating the three dimensions of factors discussed above, our
study utilises a comprehensive conceptual framework (Fig. 1) reflecting
built and non-built-environment factors as the literature suggested and
adding a new factor on fare policy change to the model. It should be
admitted that a wide range of literature also take consideration of the
weather-related effects on travel demand. For instance, Cools et al.
(2010) assessed the effect of weather conditions on daily traffic intensities (the number of cars passing a specific segment of a road). Their
study show that snowfall, rainfall, and wind speed diminish traffic intensity, and high temperatures increase traffic intensity; Tao et al.
(2016) studied the influence of weather on local geographical patterns
of bus usage using smart card data in Brisbane, Australia. Their findings
show no significant influence on bus usage at the system level (the
whole city scale) while some remarkable influence of rainfall, wind
speed and relative humidity on ridership at a sub-system level (Tao
et al., 2016). Koetse and Rietveld (2009) reviewed the impact of adverse weather conditions on the transport system performance and
capacity, and reported that snow, heavy rain or high-speed wind might
reduce drivers’ travel speed, which indirectly reduce road capacities
and corresponding traffic intensities; it can also cause a direct decrease
in traffic intensity resulting from people cancelling their trips. Our
study, however, does not involve weather conditions as a factor affecting public transport ridership because March in SEQ is in the mid of
autumn and the weather is usually stable without encountering any
adverse occasions. Its temperature ranges from 20 to 29 Celsius with
minor and moderate rainfall of 126 mm in 9 days in March 2016 and
111 mm in 13 days in March 2017 (Australian Government Bureau of
Meteorology, 2018).
2.2. Fare policy change
Transport fare policy has pervasive implications for a city from an
economic, financial, social, political and environmental perspective,
particularly when a fare policy change is associated with changes in
fare structure. As a component within the transit system, fare structure
refers to the spatial structure reflecting the relationship between fare
levels and distance travelled (Streeting and Charles, 2006). There are
four types of fare structures commonly used in the public transport
system: flat, distance-based, time-based, and zonal structure (Streeting
and Charles, 2006). A wide range of studies in the current scholarship
80
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boarding and alighting, travel time and zones) can be collected at the
smartcard system's entry and exit points (i.e. terminals commonly described as ‘tap on – tap off’ or ‘swipe in – swipe out’). In SEQ, an integrated ticketing system was initially introduced in 2004 by TransLink
Division, a division of Queensland Government Department of Transport and Main Roads and the smart-card transport system was fully
constructed for the usage of general public in 2012. A 23-zone fare
structure with concentric rings from the central business district (CBD)
had been implemented until a major fare reform in 2017 that changed
the 23-zone to an 8-zone structure, with also an average 4.5% fare
reduction per journey from the fare level in the previous year, aiming to
promote ridership and patronage (Tao et al., 2014a, 2014b).
This study offers an Australian-based empirical evidence by comparing the before and after situation of the recent fare policy reform in
the public transport system in South East Queensland (SEQ). It adds to
the limited research on the evaluation of fare change policy together
with built and non-built-environment features and how these affects
public transport ridership. In doing this, it seeks to overcome the deficiency in the current literature which simply attribute changes in ridership and travel behaviour to a fare integration or fare level change
without considering other factors in a broader sense.
Our study draws on two like-for-like periods of the smartcard data
before and after the fare policy reform, together with census of population and housing data, and data quantifying built-environment features, such as land use types and access to transport services, and
comprehensively explores the impact of the intervening factors in six
dimensions (fare change, demography, density, diversity, destination
and distance) on ridership of public transport within the confined urban
built environment in SEQ. It offers an Australian-based empirical validation in the cross-sectional research of travel demand, built environment and policy evaluation, providing evidence to what the Australian
government proposed for patronage and revenue gains in public
transport. The following section provides more details about the fare
reform in SEQ, and data and methods utilised in this study. This is
followed by an assessment of our findings, along with discussions on
policy implications, limitations of the current work and potential avenues for future study.

Travel fares are collected by tapping on and off the go card – a type
of travel smart card – when passengers board on and alight a public
transport service. There are different types of go cards used by different
users, including adults, children (under the age of 15), seniors, school
students, tertiary students, and other concession cards for pensioners,
job seekers and asylum seekers. There are also cards for tourists and
visitors and for business and other special events (TransLink, 2018).
Considering the impact of the travel incentives on different types of
users, we re-grouped the go card users into five categories: adults,
children, concessions (including school and tertiary students, and all
other type of concessions), seniors, and others (including one-day pass
for tourists or other types of fare for special events).
3.2. Data
We collected go card data containing trip transactions of all commuters using bus, train and ferry services in SEQ for two one-week
periods, 21–27 March 2016 under the old fare policy, and 20–26 March
2017 under the new fare policy (Table 2). These two weeks were selected and considered as ‘typical’ weeks comparable over the two years
due to the following reasons: 1) there were no interruption of public
holidays and special municipal events; 2) the selected periods fall
within a normal semester week in colleges/universities in Brisbane each
year, where university students consist of a larger portion of commuters
in the region; 3) there were no intervention of adverse weather conditions in the season in both years. Thus, these two weeks sufficiently
represent the typical pattern of public transport usage. Public transport
network data were collected in the form of the general transit feed
specification (GTFS) which defines a common format for public transport schedules and associated geographic information (Queensland
Government Data, 2018). The GTFS data contain the geographic coordinates of all transport stations in SEQ, which were used to match
with the location information of bus, train or ferry stops in the go card
data and provide spatial information for all trip transactions. We retrieved socioeconomic, demographic and employment data from the
Australian Bureau of Statistics (ABS) Census of Population and Housing
2016 at the Statistical Area level 2 (SA2) through its online data portal –
TableBuilderPro (Australian Bureau of Statistics, 2016a). The SA2 areas
are defined as the smallest spatial unit identified with specific names,
with each SA2 unit consisting roughly of population ranging from 3,000
to 25,000 inhabitants (Australian Bureau of Statistics, 2016b). The land
use data were also extracted from the 2016 Census of Population and
Housing at the mesh block level which is the smallest geographical area
where all other statistical areas (such as SA2) are built from (Australian
Bureau of Statistics, 2016c). It contains eleven types of land uses, which
were used to determine a land use diversity index. Table 2 summarises
details for each type of data we use in this study.

3. Data and method
3.1. Public transport system and fare policy reform in SEQ
The SEQ region comprises nearly 3.4 million inhabitants with nine
local government authorities, including the City of Brisbane and two
major tourist destinations on the Pacific Ocean — the Gold Coast and
the Sunshine Coast. It is one of the most important economic regions
and fastest growing region in Australia (Tao et al., 2014b). Between
2006 and 2016, Brisbane experienced a population increase from 1.67
million to 2.38 million with an annual increase rate of 3.61 per cent
(Australian Bureau of Statistics, 2016a). The low housing density and
dispersal of residential area have resulted in long commutes and traffic
congestion especially when combined with the concentration of employment within a relatively small CBD in Brisbane and a large volume
of daily commuters from surrounding regions and suburbs (Tao et al.,
2014a).
An integrated public transport system was introduced in SEQ by the
Queensland Government which includes bus, train and ferry services
(Tao et al., 2014b). A tiered pricing scheme was established with the
SEQ region being served by public transport under 23 approximately
concentric circular zones prior to 2017, and the travel fares were calculated based on the number of zones one passenger travels through
during each journey (TransLink, 2016). In 2016, a major fare policy
review was conducted by an expert-led committee, resulting in substantial changes in both fare structure and fare level. Table 1 summarises the key changes that has been implemented since January 2017
and the differences between the old and new zone structures.

3.3. Methodology
3.3.1. Reconstruction of journey trajectories and fare calculation
In SEQ, the public transport fare is calculated based on the number
of zones a passenger has travelled in a journey, which can consist of
multiple trips. Tapping on and off one service is recorded as one
transaction on the go card, provided that the following rules are satisfied: 1) there are no more than three transfers in a journey; 2) the
transfer time between the previous alighting time and the next boarding
time is within 1-h; 3) the total journey time (including transfer times) is
within 6 h; and 4) the final trip starts within 3.5 h of the first boarding
time. We commenced with data cleaning to remove invalid data records, including those with missing boarding or alighting information, a
common phenomenon that may be caused by technical issues of the onbroad devices, or by human mistakes such as simply omitting tapping
on or off. Upon the reconstruction of the journey data for both the 2016
and 2017 datasets, we calculated the total travel costs of each commuter for each week based on how many zones each journey passed
81
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where, ρ = the spatial autoregressive structure of the disturbance e; Wy
= spatial weight matrix of the dependent variable y; X = matrix containing a set of observed independent variables; β = coefficient of X;
and µ = the normally distributed error.
We run two separate SLR models, one with and the other without
considering the fare-policy factor, for five commuter groups – all
commuters, adults, concessions, children and senior cardholders – resulting in a total of ten models. The independent variables, as shown in
Table 3, contain one fare-related variable (fare per journey) and a set of
the 5D's variables commonly used to measure the built and non-built
environment features (Zhou and Kockelman, 2008; Bhat and Eluru,
2009; Cao et al., 2009; Ewing and Cervero, 2010; Boarnet, 2011; Ewing
et al., 2015).

Off peak discount
Incentives

1µ

Off peak times

(2)

Wy )

23
$3.35 for 1 zone
$21.35 for 23 zones
7PM-3AM (Mon to Fri)
8:30AM-3:30PM (Mon to Fri)
All day weekends
20 per cent off for off-peak
For all: “Nine and Free”: free travel after nine journeys within one week (Monday – Sunday)
For children, students, senior, pensioners and low income commuters: 50 per cent discount fares
For seniors and pensioners: free after two paid journeys within one day

e = (I

2016

(1)

Table 1
Comparison of fare policies and zone structures in 2016 and 2017 (Source: TransLink, 2018).

Y = ρ Wy + βX + e

2017

3.3.2. Spatial statistical analysis
Following some descriptive statistical analysis on the number of
trips, journeys and travel costs under two fare policies, we conducted a
Pearson's correlation analysis to examine how fare reduction per
journey is associated with the change in ridership. We then employed
the spatial lag regression (SLR) to examine how fare policy changes
together with the built environment and socio-demographic factors
affect public transport ridership. SLR is a linear spatial autoregressive
method originated in the field of spatial econometrics. This regression
model possesses the advantage of capturing spatial dependency in regression analysis, avoiding statistical problems such as unstable parameters and unreliable significance test, as well as providing information
on spatial relationships among the independent variables (Anselin,
2013). This method works in a similar manner to the geographically
weighted regression (GWR) model. However, GWR is arbitrary in deciding a suitable benchmark or ‘window size’ in the local regression
(McMillen, 2004) while SLR overcomes this by constructing a spatial
weights matrix, defined by simply setting up the first-order rook's move
contiguity (that is, adjacent edges), and use the diagnostics from GeoDa
to determine the most appropriate weights matrix (Anselin et al., 2006).
As such, SLR is considered far simpler and offers a more global view on
the relationship between variables (Smith et al., 2018).
In our SLR model, the spatially lagged dependent variable Y (the
change in public transport ridership from 2016 to 2017) was pre-defined as a spatial lag on the idea that the decision to use public transport
by commuters in one suburb is affected by features of the built environment of the suburb the commuters reside and by features of their
neighbouring suburbs. The spatial lag model can be specified by
(Anselin, 2013):

Zones
Full fare by zones

under two types of zoning structure (23 zones in 2016 under the old
fare system and 8 zones in 2017 under the new fare system), for each
type of card users (adults, concessions, seniors, children, and others)
and for two types of travel time intervals (peak time and off-peak time).
It also took into account various incentives (Table 1). Then, we compared the total travel costs of all commuters for each week under the
two fare systems to assess the impact of fare change on ridership and
the resulting revenue. Furthermore, using the unique card ID, we separated data by commuters who travelled in both periods, and those
who only travelled in 2016 or in 2017. We also identified the travel
origin of each commuter as the most frequently used location of the first
boarding stop and last alighting stop in each day of their travel, assuming that each commuter would start and end a day's travel from a
location closest to their home, and these origins were geocoded using
the latitude and longitude derived from the GTFS data. Thereafter, we
aggregated the number of origins to SA2 and calculated the number of
users by card type, their total number of journeys in each week, the
average cost per user in a week and cost per journey by SA2. These data
were used for statistical and regression analysis at later stages.

8
$3.2 for 1 zone
$19.32 for 8 zones
7PM-6AM (Mon to Fri)
8:30AM-3:30PM (Mon to Fri)
All day weekends
20 per cent off for off-peak
For all: “Eight and Half”: 50 per cent discount after the eighth journey within one week (Monday
– Sunday)
For children, students, senior, pensioners and low income commuters: 50 per cent discount fares
For seniors: free after two paid journeys within one day
For children 5–14 years: free on weekends
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Table 2
Data used in this study.
Data

Units

Data details

Data Source

go card data

Individual-level

TransLink 2016, 2017

GTFS data

Individual-level

Transportation service of transport operator, operation date, run of vehicle, route, service-code,
direction, scheduled starting time, actual starting time, actual end time, and vehicle-code
Bus/train/ferry stops/stations, routes, schedules, and locations

Socioeconomic data

SA2

SEIFA score (the socioeconomic index of advantages and disadvantages for area)

Demographic data

SA2

The number of minorities by birthplace

Employment data

SA2

The number of jobs accessed by public transport in the workplace

Land use data

Mesh Block

Types of land use, total areas for each land use type

4. Results

Queensland Government Data
(2018)
ABS Census of Population and
Housing, 2016a
ABS Census of Population and
Housing, 2016a
ABS Census of Population and
Housing, 2016a
ABS Census of Population and
Housing, 2016c

respectively. After discounting the estimated population increase rate of
1.3% in SEQ (Queensland Government Statistician's Office, 2017), the
total number of trips increased by 8.23 per cent, and the number of
journeys increased by 10.5 per cent over the two like-for-like periods.
The number of commuters has also increased, but to a lesser extent by
1.34 per cent, with 157,304 commuters travelled in both years, 343,756
new users in 2017 and a slightly less number of users (330,787) no
longer using their cards in 2017. It should be noted that there may be
cases where one commuter uses more than one card to travel, or one
may have changed cards over the two-year periods. Nevertheless, the
number of commuters, journeys and trips have all increased in 2017,
which may be attributable to the fare policy change.
Table 5 summaries changes in ridership by card type. Adult users

4.1. Changes in public transit ridership before and after the fare policy
reform
We commenced by analysing the number of go card users, the
number of journeys (aggregated trips), the total travel costs and
average travel costs per journey and per user over each of the one-week
period in 2016 and 2017 (Table 4). A total of 2,785,965 valid trips were
recorded on go cards for the 21–27 March 2016 period and 3,054,508
valid trips for the period in 20–26 March 2017. Given that one journey
may contain several trips when transfer is needed, this results in
2,207,123 and 2,470,585 journeys for the 2016 and 2017 periods,

Table 3
Definition of the dependent and independent variables in the SLR model (data source indicated in the bracket underneath each variable).
Dependent Variable

Definition

Change in ridership

The change in the number of journeys from 2016 to 2017 by SA2 (TransLink, 2016, 2017)

Independent Variables

Definition

Fare Policy
Fare per journey

The change of average fare per journey from 2016 to 2017 by SA2 (TransLink, 2016, 2017)

Demography
SEIFA score

The SEIFA (socioeconomic index of advantage and disadvantage for area) score by SA2 (ABS, 2016a)

Diversity
Land use diversity

The Simpson's index (Nagendra, 2002) for land-use diversity at SA2 level calculated from Mesh Block unit (ABS, 2016c) as follows:

LUD =

Cultural diversity

ni 2
N2

, where ni = total number of areas by mesh block for land use type i; N = total area of all land use types, i = types of land

use classified into ten types, including commercial, education, hospital, industrial, parkland, primary production, residential, transport,
water and other land use).
LUD score ranges from 0 (maximum diversity) to 1 (minimum diversity)
We defined five cultural groups by birthplace (continental): Oceania; Europe; middle east and Africa; Asia, America, and used
Ethno–linguistic fractionalization (ELF) to measure cultural diversity (ABS, 2016a). ELF is a Herfindahl-based index defined as
(Rhoades, 1993): ELF =

n
2
i = 1 si

where si is the number of people belonging to group i (i = 5 cultural groups).

ELF score ranges from 0 (maximum diversity) to 1 (minimum diversity).
Density
Population density
Route density

The number of population divided by the land area of the SA2 (ABS, 2016a)
The total length of bus/train/ferry line segments within each SA2 divided by the total area of that SA2 (m/km2) (Queensland
Government Data, 2018)

Destination accessibility
Access to bus/train/ferry stops/stations
Job accessibility by public transport

The total number of bus/train/ferry stops/stations by SA2 (Queensland Government Data, 2018)
The number of jobs (in the place of work) accessed by public transport in the place of work (accounted per 1,000 jobs) (ABS, 2016a)

Distance
Distance to work

The weighted average distance to work place (ABS, 2016a) calculated as: DIS =

Distance to CBD

ni

Di
N

, where ni = total number of population

travelling to work in a certain distance range i; D = mean distance in each distance range i; N = total population by SA2; i = distance
range classified as 0–2.5 km, 2.5–10 km, 10–30 km, 30–50 km, 50–250 km, and 250 km+.
The Euclidean distance of the centroid of each SA2 to the pre-defined CBD calculated in ArcGIS (Brisbane City with SA2 code of
‘305011105’)
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Table 4
Change in the number of journeys and go card users for two one-week periods in March 2016 and 2017.
21–27 March 2016

20–26 March 2017

Increase

Increase in % (normalized by total population)

Number of trips
Number of journeys
Number of go card users

2,785,965
2,207,123
488,091

3,054,508
2,470,585
501,060

268,543
263,462
12,969

8.23
10.50
1.34

Users travelled in both years
New card users in 2017
Cards no-longer used in 2017

157,304
343,756
330,787

Table 5
Changes in go card users by card type for the two one-week periods in 2016 and
2017.
2016

2017

Change from 2016 to 2017

Number

%

Number

%

Number

%

Adults
Children
Concessions
Seniors
Others

227,747
35,034
181,829
35,217
8,264

46.7
7.2
37.2
7.2
1.7

255,673
37,104
162,901
37,660
7,722

51.0
7.4
32.5
7.5
1.5

27,926
2,070
−18,928
2,443
−542

12.3
5.9
−11.6
6.9
−6.6

All users

488,091

100.0

501,060

100.0

12,969

2.7

Fig. 2. A comparison of travel costs by commuters who travelled in both 2016
and 2017.

experienced the largest change in number (with an increase of 12.3 per
cent), followed by seniors (6.9 per cent) and children (5.9 per cent). On
the other hand, the number of concession card holders decreased by
11.6 per cent, followed by others (6.6 per cent). This variation indicates
that the policy change may have affected different types of card holders
in different ways, as the new policy has, in general, made substantial
absolute reduction in adult fares from 2016 to 2017, but to a lesser
extent in other card types, although the relative reduction scale remains
the same.
Given the relatively smaller number of commuters in the ‘others’
category, as well as the different discounts applied to this category of
commuters based on the nature of the events (such as a one-day or
three-day event may have different cost applicable), further analyses
exclude this card type and focus on the four main card types: adults,
children, concessions and seniors.
Furthermore, we examined changes in the number of journeys and
travel costs by card type and price elasticity (Table 6). The largest increase in the number of journeys taken appears in the adults category
(27.3 per cent), followed by children (26.3 per cent) and to a lesser
extent, the seniors (7.4 per cent). On the other hand, the average cost
per journey decreased substantially for seniors (16.5 per cent), followed
by adults (14.8 per cent) and children (6.5 per cent). For all users, the
increase in ridership by 12.1 per cent along with the decrease in the
average cost per journey by 6.7 per cent resulted in an increase of total
revenue by 4.8 per cent. We use the common definition of price elasticity (Nijkamp and Pepping, 1998; Paulley et al., 2006; Holmgren,
2007) to measure the percentage change in the total number of

journeys by the percent change in the total costs (or revenue). For
adults and children, the price elasticity is greater than 1, indicating that
the travel demand is elastic to price change, while for seniors and
concession cardholders, the price elasticity is less than 1 which indicates that their travel demand is not elastic to price change. Given
that the adult commuters constitute about 60 percent of all commuters,
the average overall price elasticity is 2.52, indicating that people in SEQ
are sensitive and responding to the fare change in public transport.
Fig. 2 compares the average travel costs in a week for those who
travelled in both periods, differentiated by card types. The average
travel cost per week for all users in 2017 was reduced slightly from
$18.30 to $17.20 (AUD), although the number of journeys they made
increased. It means that the 2017 fare reform has resulted in people
using public transport at a higher frequency and reduced cost per
journey, leading to an increase in overall revenue gains.
4.2. Correlation between fare reduction and ridership
We conducted Pearson's correlation analysis at two different scales
to evaluate the relationships between fare reduction per journey and
ridership change. At an aggregate level by SA2 unit we evaluated
whether the change in ridership by SA2 correlates with the reduction in
the average cost per journey by the same SA2. We also explored the
correlation at the individual scale, that is, using data for those who
travelled in both periods in 2016 and 2017. We evaluated whether the
change in the number of journeys made by individuals correlates with

Table 6
Change of journeys and total travel cost by commuter type, 2016 to 2017.
Number of journeys

Adults
Children
Concessions
Seniors
All users
a

Average cost per journey (AUD)

Total travel cost (AUD)

Price elasticitya

2016

2017

change (%)

2016

2017

change (%)

2016

2017

change (%)

1,020,357
122,293
945,945
106,646
2,195,241

1,298,745
154,491
892,639
114,504
2,460,379

27.3
26.3
−5.6
7.4
12.1

4.5
2.0
2.0
2.3
3.2

3.9
1.9
1.9
2.0
3.0

−14.8
−6.5
−4.1
−16.5
−6.7

4,581,312
247,894
1876380
243,839
6,949,425

5,079,073
294,066
1700809
224,703
7,298,652

9.8
15.7
−10.3
−8.5
4.8

Price elasticity = (% change in number of journeys)/(% change in total travel cost).
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compared to the other 5D's factors.
Among the 5D's variables, access to bus/train/ferry stops/stations
and density of public transport routes are significant (p < 0.1) in affecting the public transport ridership for all types of commuters. This
indicates that people living in areas with better access to public transport services are more likely to use public transport. On the other hand,
jobs accessible by public transport in the work destinations appear to
only affect adult commuters and concession card holders significantly
(p < 0.01), which is understandable given that children and seniors do
not need to commute daily to work. Moreover, the magnitude of the
impact of job accessibility by public transport is larger for adults than
for all users and for concession cardholders. This indicates that enhancing job accessibility by public transport would increase the utilisation of public transport by adults, in particular those who need to
commute to their workplaces. Furthermore, population density affects
ridership significantly (p < 0.01, except for children where p < 0.1),
indicating that higher density areas (usually inner city or well-developed suburbs) would have more people using public transport.
Regarding two measures of diversity, cultural diversity shows significant (p < 0.01) impact on ridership only for concession and senior
cardholders. It might be explained by that suburbs with more minorities
and diverse cultural groups (such as Sunnybank, Sunnybank Hills, and
Macgregor in Brisbane) have relatively larger proportion of students
and senior immigrants living there, who may be more likely to use
public transport than using private vehicles. However, land use diversity does not show significant impact on ridership, which concurs
with other research reporting marginal effect of land-use mixture on
transport demand (Maat et al., 2005; Wang et al., 2011). With regard to
distance to CBD, its impact on ridership is significant for all users and
for adult cardholders; while the impact of distance to work on ridership
is insignificant for all user groups. This indicates that people living
further away from the city centre and in rural areas are less affected by
public transport, possibly due to the relatively higher reliance on private vehicles and lower utilisation of public transport in these areas.
Finally, the SEIFA score, indicating the socioeconomic status for
areas, is observed as significantly (p < 0.05) influential on ridership
for all types of users. People living in more advantaged areas use public
transport more often than those living in less advantaged areas. The
magnitude of this impact is strongest for adults, followed by concessions, children and senior card holders. Our findings somehow differ
from Lu and Pas (1999), who reported areas with higher socioeconomic

Table 7
Pearson's correlation between fare reduction per journey and ridership at SA2
and individual levels by card type.
Change in ridership

Change in fare per journey

Adults
Children
Concessions
Seniors
All users

SA2-level

Individual-level

0.135*
0.091
0.080
0.122*
0.119*

0.143**
0.062**
0.141**
0.138**
0.148**

Note: **: p < 0.05 *: p < 0.1.

the reduction in their travel cost. Table 7 shows that a correlation exists
across all card types, significant at p < 0.05 at individual scale, and
significant at p < 0.1 for all except children and concession card
holders at the aggregated scale, although the magnitudes of these correlations vary across different user groups. At the aggregate SA2 scale, a
decrease in fare per journey by 0.119 AUD attracts one more user, while
a decrease in fare by 0.135 AUD attracts one more adult and a decrease
by 0.122 AUD attracts one more senior commuter. Similarly, at the
individual scale, a fare reduction per journey by 0.148 AUD attracts one
more user to use public transport; a fare reduction per journey by 0.143
AUD attracts one more adult commuter, followed by 0.141 AUD with
one more concession card holder, and 0.138 AUD with one more senior
commuter (Table 7).
4.3. The impact of built environment and fare change on ridership
While correlations were observed between travel cost and ridership,
we question how this factor affects public transport ridership in conjunction with other factors of the built and non-built environment.
Table 8 presents results from ten spatial lag regression models, two
models for each card type – one with and one without the fare change
factor – together with the 5D's factors quantifying the built and nonbuilt-environment effects. Overall, the influences of demography, density, destination accessibility, and distance to CBD on public transport
ridership are significant (p < 0.05); while the influences of land use
diversity (and cultural diversity in certain card types) and the reduction
in fare cost per journey are insignificant and somehow marginal
Table 8
SLR coefficients for different types of go card users.
All users
Model 1
Fare Policy
Average fare per journey
Demography
SEIFA
Diversity
Land use diversity
Cultural diversity
Density
Population density
Route density
Destination accessibility
Access to bus/train/ferry stops/
stations
Job access by public transport
Distance
Distance to work
Distance to CBD
R2

Adults
Model 2

Model 3

91.55

Concessions
Model 4

Model 5

−26.04

Children
Model 6

Model 7

57.61

Seniors
Model 8

Model 9

−2.23

Model 10
8.66

308.717***

286.486***

134.60**

141.90**

48.76**

49.76**

26.19***

26.81***

23.23***

21.43***

46.61
45.14

51.09
57.90

7.82
−37.44

5.58
−40.23

28.39
101.31***

29.07
98.00***

1.20
−4.05

1.10
−4.36

15.89
3.31***

16.51
4.36***

−292.98***
320.18***

−298.08***
322.69***

−247.24***
45.63**

−246.45***
45.30**

−117.81***
222.76***

−111.56***
212.30***

−17.55*
−10.45

−17.60*
−10.46

−46.84***
20.21***

−47.30***
20.24***

275.27***

277.46***

387.27***

386.06***

−42.42*

−49.41**

43.99***

44.03***

−22.37***

−22.16***

74.94**

78.74*

788.67***

789.58***

376.56***

369.11***

−12.27

−12.26

11.23

11.26

−238.10**
−491.22***
0.27

−160.24
−630.88***
0.27

−112.80
−416.08***
0.61

−144.62
−362.55***
0.61

−64.15
−30.73
0.41

−67.45
−32.81
0.42

−18.01
−16.07
0.30

−19.83
−12.65
0.30

−10.82
2.13
0.23

−5.52
−8.72
0.24

Note: ***: p < 0.01 **: p < 0.05 *: p < 0.1.
Models 1, 3, 5, 7, 9 take built environment (5D) factors as independent variables.
Models 2, 4, 6, 8, 10 take both fare-policy and built environment (5D) factors as independent variables.
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status are more likely to house people with higher car ownership and
thus less interest in using public transport. We argue that, under the
integrated regional transport plan in SEQ, investment on public transport infrastructure was strongly aligned with regional economic development, and therefore prioritises areas with more job opportunities
and better socioeconomic levels (Department of Transport and Main
Roads, 2011). Compared to the 5D's variables, the impact of the change
in average fare per journey on ridership is insignificant, indicating that
the built environment and socio-demographic factors play more important roles in affecting public transport ridership than fare policy
change in SEQ.

This study supports some findings of previous studies that built
environment has differential impacts on the travel demand and utilisation of public transport (Kamruzzaman et al., 2014; Sun et al., 2017),
while the land use diversity was observed to be less influential on ridership as reported by Maat et al. (2005). It extends the literature
through the inclusion of a fare policy related factor, highlighting the
importance of considering fare policy reform in conjunction with the
built environment and socio-demographic features to ensure that public
transport services are available, accessible and affordable to the general
public.
The Australian government has strived to promote public transport
usage, with transport policy reforms being one of their key measures.
However, to achieve a significant impact would require decades of
commitment by the government. In the short term, reducing travel costs
and adjusting fare structure have been an easier and less costly strategy
to boost ridership. It remains a challenging task to improve transport
efficiency, to address service gaps and to avoid capacity constraints in
transportation services in the medium to long term. While the current
capacity of public transport services is yet to be used at full capacity,
overcrowding is still a problem during peak hours. In the long term,
investment in transport infrastructure and/or the built environment is
necessary and can be long-lived, capital intensive, and sometimes involving large change of land use. In the face of the expanding urban
space, an ageing population as well as increasing pressure on financial
budgets, the government needs to set up higher level policy goals, establish leadership by relevant sectors, and keep persistence over time in
policy action (Potterton, 2012).
Our study reveals the immediate short-term effect of the fare policy
reform with findings specific for SEQ, however, the conceptual framework and methodology used in this study have universal applicability
and can be replicated to research driven by big data analytics. In this
regard, we call for parallel studies of fare reforms in other cities or
regions to provide a more comprehensive understanding of how fare
policy affects the utilisation of public transport in the medium and long
term. More empirical studies are needed to make our cities smarter and
more creative for better transport services and to ensure its infrastructure and built environment are designed to adapt to the changing
demand.
There are a number of limitations in the current work, where future
research could expand. First, this study uses measures of the built environment at SA2 level; the size of this geographical unit varies substantially across the region in SEQ. Using more equalised spatial units
or smaller spatial units might improve the results of modelling. Second,
while the smart card data offers individual level travel transactions data
of all commuters, no data is available on the demographic and socioeconomic characteristics of these commuters. Therefore, we used the
aggregated data of socioeconomic index (SEIFA score) as representation
of the socioeconomic features of each SA2 area. Future research may
supplement this by a survey of commuters to measure their demographic and socioeconomic characteristics. Third, the smartcard data
used in this study was retrieved for two one-week periods in 2016 and
2017. Although these two like-for-like weeks are considered comparable and typical to represent a general week's travel flow in each year, it
is still likely to contain a potential selection bias and might not sufficiently represent the travel pattern of all public transport users in
longer term. Future work can expand the temporal window to months
or a year-long period to capture a more realistic picture of public
transport usage or prolong to same period across multiple years with
follow-up and longitudinal studies to assess the long-term social, economic and environmental impact of the policy reform.

5. Discussion and conclusion
The Australian government has made continuous effort in promoting the utilisation of public transport, aiming to enhance energy
efficiency, quality of life and environment quality, and to build sustainable and functional cities. With the prevalence of an integrated
public transport network in most capital cities in Australia, the use of
smartcard technology offers us a unique opportunity to examine public
transport ridership being affected by fare policy reform. It offers an
Australian empirical evidence on the relationship between fare change
and ridership with the consideration of the multi-dimensional factors of
the built environment and socio-demographic features.
With regard to the fare change policy in SEQ, our findings show that
the number of go card users, the number of journeys and trips they
make have all increased under the new fare system in 2017. Through
the restructuring of the fare zone system, the reduction of journey cost
as well as new incentive scheme to encourage more frequent use of
public transport services, the fare policy reform has resulted in a marginal increase of 1.32 per cent in users, but a 10.5 per cent increase in
the number of journeys they make. This indicates that the policy reform
has not managed to attract so many new public transport users. Rather,
it has encouraged higher usage by existing users. The high overall price
elasticity indicates that commuters, particularly adults and children in
SEQ are more sensitive and responding to fare change to use public
transport.
Among these built and non-built environment factors, the effect of
demographic features, population density, destination accessibility, and
distance to CBD on public transport ridership appear to be more significant than the effect of land use and cultural diversity as well as the
reduced fare cost per journey. It can be explained by the causal relationship where the built environment influences travel-related attitudes over time which in turn affects travel behaviour (Bagley and
Mokhtarian, 2002; Chatman, 2009). People adjust their travel-related
attitudes to appreciate the convenience of public transport after living
in an area with walking-friendly and compact urban space, mixed land
use, and better transport provision. Although reducing the average
travel cost sounds attractive, this attraction can be offset by the inconvenience and inaccessibility to public transport. Comparing to fare
policy change, the impact of the built environment is fundamental and
permanent on people's perception of travel modal choice. The decision
to use public transport is primarily based on whether there are services
available to them when they need it, and whether the service is accessible to them. Then if possible, they would prefer less expensive and
more affordable service. Thus, we argue that rather than focusing on
reducing fare cost, it is necessary to consider fare policy reform in a
broader scope and in conjunction with the built environment features
such as increasing urban density, strengthening the connection of the
transit service network, and designing urban areas to be more pedestrian friendly around public transit stations. In addition, policy makers
would also need to consider the socio-demographic features of the
population and their spatial variation when planning for the service
provision in order to ensure the public services are more equally accessible and affordable to the population, especially in those disadvantaged areas.
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