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A B S T R A C T   

Mode choice models play a pivotal role in transport demand modelling and help transport planners, engineers 
and researchers with policy and infrastructure investment evaluation. Recent mode choice studies primarily use 
revealed preference (RP) data to reflect individuals’ true behaviour. However, this may not be the best practice, 
given the lack of information in RP data. This study uses a nonlinear utility specification for a multinomial logit 
mode choice model development using high-quality travel data collected by a GPS-based smartphone application 
complemented by stated preference (SP) data. The model results highlight the impact of sociodemographic 
variables on mode choice behaviour and individuals’ willingness-to-pay (WTP) when the model is jointly 
developed compared to stand-alone SP and RP models. The main message of this study is that in addition to 
collecting RP, which is a reliable and unbiased source of data, collecting complementary SP data is beneficial as it 
provides information that is not otherwise available in RP data. This may include a proper variation in the public 
transport cost variable as demonstrated in this study. Moreover, to better understand the travellers’ behaviour 
regarding the trade-off between time and cost a mixed multinomial logit (MMNL) model in the willingness to pay 
space is developed on the SP data. capturing the unobserved heterogeneity within the estimated WTPs, the 
MMNL model outputs reveal a higher variation in WTP of car in-vehicle travel time compared to bus in-vehicle 
travel time.   

1. Introduction 

Estimating mode choice models are an inseparable part of a transport 
demand modelling project. They are of great importance to researchers 
and policymakers to gain insights into individuals’ travel behaviour and 
their willingness to pay for various travel attributes. This information 
allows authorities to understand travellers’ choices more accurately by 
assisting them in identifying effective transport policies. 

Many mode choice models have been developed so far. Most of them 
studied the effect of sociodemographic characteristics on individuals’ 
travel behaviour for different trip purposes. Examples include com-
muters (Aziz et al., 2018; Bhat, 2000), non-workers (Manoj and Verma, 
2015), women in developing countries (Arman et al., 2018), bicycling 
obstacles for women (Abasahl et al., 2018), and school-goers mode 
choice (Assi et al., 2018; Badri, 2013; Müller et al., 2008). Research has 

also explored influential factors on active mode choice behaviour (Aziz 
et al., 2018) when competing with other travel modes (Gurumurthy and 
Kockelman, 2020). 

Among mode choice studies, a considerable number of them have 
focused on the willingness-to-pay (WTP) estimation and model param-
eter estimation. As an abstract concept, the WTP is a critical input in 
transport investments and policy evaluation. Being an abstract concept 
that does not exist in the real world and is subject to extensive personal 
perceptions, it allows researchers to quantify travel demand and human 
behaviour (Small, 2012). Moreover, the WTP measures individuals’ 
willingness to pay to reduce their travel time. Therefore, it allows travel 
behaviour modellers to have a realistic understanding of the trade-off 
between time and cost of travellers. There is heterogeneity in in-
dividuals’ WTP (Brownstone and Small, 2005) and it can depend on 
various factors, including contextual variables, sociodemographic 
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characteristics, attitudinal factors, and modal attributes (Hossan et al., 
2016; Small et al., 2005). It is argued to vary over different geographical 
areas. Therefore, it is important to estimate it for each area based on the 
data collected from that specific area. 

In the transport literature, there have been mode choice models 
developed based on SP data (Catalano et al., 2008; Patterson et al., 
2005); however, a large part of the recent literature is focused on using 
RP data for mode choice modelling purposes (Abasahl et al., 2018; 
Arman et al., 2018; Habib and Weiss, 2014; Malokin et al., 2019; Manoj 
and Verma, 2015; Ortúzar and Willumsen, , 2011; Parady et al., 2021) 
which could be due to their advantages in capturing actual travel 
behaviour of participants. In contrast, SP data are collected through 
hypothetical scenarios and may not accurately reflect real-life behav-
iour. Nonetheless, SP data have value in allowing researchers to explore 
scenarios and alternatives that may not be feasible in real life. RP data 
typically provide self-reported information, such as travel costs, but may 
suffer from limitations such as a lack of information on non-selected 
options. Methods such as the Google Maps directions application pro-
gramming interface (API) (Hillel et al., 2018) can extract information on 
these alternatives, but this process can be complex, time-consuming, and 
prone to errors. Therefore, it is beneficial to use both RP and SP datasets 
in mode choice modelling to obtain the advantages of each dataset and 
mitigate the limitations of the other. 

Through the development of mode choice models using SP and RP 
datasets and the analysis of travel behaviour and the value of time 
among various socio-demographic groups, this study conducts an 
empirical investigation to emphasise the importance of incorporating SP 
data in the design phase when planning to collect RP data, as it leads to 
improved model estimates. 

2. Literature review 

Two of the first studies, which used the joint SP-RP data instead of RP 
or SP data to develop a mode choice model, were conducted by Bradley 
and Daly (1991) and Hensher & Bradley, (1993). They defined generic 
time and cost parameters, and the only mode-specific parameters were 
the utility alternative-specific constants associated with SP and RP data 
in the context of an MNL model. In a vehicle fuel preference study, 
Brownstone et al., (2000) also highlighted the importance of combining 
SP and RP datasets within the mixed logit context. Brownstone et al. 
(2000) developed an intercity travel mode choice model based on joint 
SP-RP data with psychometric attributes introduced in SP data and 
entering the choice model as latent variables. 

Several recent studies have also used mixed SP-RP data. Developing 
MNL mode choice models on mixed SP-RP data, Anta et al., (2016) have 
explored the impact of weather conditions and traffic congestion on 
travellers’ mode choices with a focus on motorised vehicles. They found 
that rail-based transport is more resilient to weather conditions than 
buses and cars, and car mode attained the most negative utility to traffic 
congestion and weather conditions. In a recent study, Lizana et al., 
(2021) developed several joint mode-departure time choice models with 
different specifications (MNL, nested logit (NL), and mixed MNL 
(MMNL), each with three different time intervals including 15, 30, and 
60 min) using SP-RP travel data from Santiago workers to analyse the 
impact of congestion pricing on workers’ travel behaviour. Their 
model’s output shows that the value of travel time varies as the time unit 
of the analysis is altered. Cherchi & Ortúzar (2006) extensively dis-
cussed the approaches regarding considering alternative-specific con-
stants for newly introduced options in SP experiments and the related 
formulation and interpretation for demand prediction using joint SP-RP 
data. In general, a combination of both RP and SP data can assist the 
researcher in incorporating the advantages of both types of data into 
modelling estimation (Ahern and Tapley, 2008; Ben-Akiva and Mor-
ikawa, 1990), therefore, may lead to more robust models in terms of 
reflecting individuals’ travel behaviour (Guzman et al., 2021). 

This research’s RP data are travel diaries of great spatiotemporal 

precision as they are collected using GPS-based smartphone applications 
and capture travellers’ real choices. Hence, they let us develop models 
with more accuracy regarding travel choice predictions and policy 
evaluation, as the model’s quality depends on data quality. Moreover, 
GPS-based smartphone application data can be used to overcome the 
problem of underreporting trips which happens more frequently in 
conventional travel survey data (Bricka and Bhat, 2006). Further dis-
cussion regarding the benefits and challenges of app-based data, 
considered an emerging form of data in transport research, is provided 
by Gadziński (2018) and Harrison et al. (2020). However, it is suggested 
that relying merely on RP data may not be the best practice. 

As transport models and their associated outcomes are context-based 
and cannot readily transfer from one spatial or temporal point to another 
(Ortúzar and Willumsen, , 2011), our study provides another benchmark 
for what to consider as the Sydney residents’ WTP for travel time 
reduction during inner-city travels while emphasising on the impact of 
SP data on parameter estimation. This detailed information allows 
policymakers to assess inner-city transport regulations or investments in 
a more disaggregate approach, making the analysis more rigorous. 

Some previously estimated WTP for different trip characteristics in 
the Sydney Great Area are summarised in Table 1. The ranges of re-
ported WTP for both car and transit trips are not sufficiently small (even 
after correcting for inflation). For instance, in the research by Hensher, 
(2006), the WTP for car travel time saving is estimated to be 11.66AUD/ 
hour, while in another study two years later, it is reported to be 
24.88AUD/hour (Hensher, 2008). Estimating WTP by various methods, 
data sources, and studies can be beneficial in assisting with the selection 
of a reliable WTP value (or a range) for policy appraisal because a minor 
change in WTP value may have a considerable impact on the outcome of 
the analysis. Furthermore, different components of travel time in public 
transport may have different values to travellers, which are not 
considered in these studies except for Hensher & Rose, (2007). On top of 
that, all the studies in this table either used SP or RP data. However, we 
will present detailed WTP estimates for different modes and different 
segments of travel time for public transport users in Sydney using the 
joint SP-RP dataset and compare our results to these previously esti-
mated WTP. 

The primary contribution of this paper is to offer empirical evidence 

Table 1 
The willingness-to-pay reported for the Sydney Great Area.  

Study Trip characteristic Willingness-to-pay 
(AUD/hour) 

Dataset 
type 

Economics & Nut 
Farm, (2004) 

rail in-vehicle time 8.76 SP 

Hensher, (2006) car travel 11.66 SP 
Hensher & Rose, 

(2007) 
transit in-vehicle 
time 

17.69 SP  

car travel 20.53   
transit egress time 6   
transit access time 
(average) 

20.08  

Hensher, (2008) car commuter trip 24.88 SP  
car non-commuter 
trip 

19.88  

Dixit et al., (2014) carsharing trips 12.15 RP 
Legaspi and Forum, 

(2015) 
bus travel 7.73   

LRT travel 20.67 SP  
rail travel 13.49   
ferry 15.01  

Merkert & Beck, 
(2017) 

regional plane trips 126 SP  

regional car trips 37.5  
Douglas et al., 

(2019) 
car travel 14.63 SP  

public transport 
travel 

11.32  

Henn et al., (2011) rail commuters 16.76 SP  
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that incorporating a complementary Stated Preference (SP) dataset can 
enhance the parameter estimation of mode choice models, even when 
using high-quality Revealed Preference (RP) data. Furthermore, the 
paper investigates the estimation and comparison of travel time savings 
for various socio-demographic groups and trip characteristics within the 
city of Sydney. To accomplish this, the study employs a nonlinear utility 
specification for the Multinomial Logit (MNL) model on both separate SP 
and RP datasets, as well as a joint SP-RP dataset. 

The paper is structured as follows. Section 3 introduces the SP and RP 
datasets. Section 4 explains the nonlinear utility specification and the 
discrete choice modelling framework. Section 5 presents the empirical 
findings through two subsections, one for the estimated reference WTP 
parameters of travel attributes and another for the sociodemographic 
parameters estimated in the developed models. Section 6 presents a 
comprehensive discussion of the obtained results, accompanied by a 
comparison to existing literature. Finally, the paper concludes in the last 
section. 

3. Stated and revealed preference data 

We use the data collected by a travel study from September through 
December 2018. The travel study includes two parts: Part one called the 
“recruit survey”, collected general demographic information as well as 
stated mode choice preferences and introduced prospective participants 
to the rMove™ smartphone application (developed by Resource Systems 
Group (RSG)). The recruitment is conducted by Qualtrics, a market 
research company that invites participants via email based on their 
online consumer panel, to ensure that the sample is representative of the 
population. Using Qualtrics platform, 1772 respondents were asked to 
select the alternative they prefer the most among three available mode 
alternatives, each having different values for relating attributes in five 
different scenarios. We posit that a respondent chooses the alternative 
with the highest random utility, as is standard practice in discrete choice 
analysis (Ben-Akiva et al., 2019). The attributes associated with each 
alternative were distance, access, egress, transfer time, in-vehicle travel 
time, and total travel cost. The available modes for each scenario were 
randomly chosen among car, bicycle, walking, train, ferry, and bus 
modes (Rail was not introduced in SP options). It is important to note 
that ferries have a significant role in Sydney’s public transport network. 
It is interesting to know that 778,000 trips are made by ferry within the 
public transport network of Sydney during July 2022 (NSW Govern-
ment, 2022). 

While it would be valuable to investigate individuals’ preferences for 
different types of trips (such as work-related versus leisure-related), 
doing so would require additional context and framing that could 
potentially burden respondents. Therefore, we elected to use a simple 
stated preference task design in our survey to minimize the cognitive 
effort required of participants. This approach allowed us to collect data 
on individuals’ preferences for various trip attributes without over-
whelming respondents with unnecessary complexity. Fig. 1 demon-
strates one instance of the SP mode choice survey questions. 

Revealed preference data were collected through part two, also 
called the “travel diary”, which required participants to record their 
travel for one week using the rMove™ smartphone application. This 
smartphone application also was used to collect travel data in the UK 
and develop mode choice models to estimate the value of travel time 
saving across different modes (Tsoleridis et al., 2022). The rMove™ 
application collects travel data by using participants’ smartphone GPS. 
Whenever the smartphone’s GPS detects any movement, thus a potential 
trip, it starts to track the respondent’s trajectory. At the end of each day, 
respondents were asked to specify the mode of transport they used for 
each recorded route. This enabled us to collect high-quality RP travel 
diary data in this section of the study. Without GPS data, we would not 
have been able to show trip routes to participants and ask them to 
provide information about the mode they used for that trip. In addition, 
by knowing the routes taken by the respondents, we were able to extract 

travel time and cost for both chosen and non-chosen alternatives. We 
used Google APL to extract non-chosen alternative attributes, particu-
larly travel cost, which is not easily perceived or self-reported. For 
example, for a car trip made by a user, we calculated the trip cost 
including fuel and potential tolls based on the route and extracted 
alternative public transport modes with their associated time and costs 
for that route. 

Our RP dataset consists of complete data from 447 participants who 
fulfilled the study’s base-level completion criteria, which represents 
approximately 25% of the total number of recruited survey participants. 
The criteria require participants to specify the mode of transport used for 
all their daily trips on at least one day during their participation. The 
final project dataset includes six distinct survey data tables. These tables 
contain all user-input survey variables, passively collected GPS and 
location data, specific survey metadata, and derived variables to support 
data analysis. 

A summary of sociodemographic characteristics of data used in the 
modelling procedure as well as the distribution of each variable ac-
cording to the Sydney Greater Area 2016 census data (ABS, 2021) is 
provided in Table 2. For modelling purposes, some numeric variables 
were categorised into different groups. After removing invalid data and 
data pre-processing, the dataset consists of 1,732 individuals and their 
responses to the five-mode choice SP tasks and sociodemographic at-
tributes. The RP trip data is provided for 328 out of those 1,732 in-
dividuals. The SP dataset contains approximately the same percentage of 
female (56%) and male (44%) participants which are aligned with 
census distribution. Around 28% of participants in SP data collection 
belong to the age category of 18–25, 31% belong to 26–35, 9% belong to 
36–45, 19% belong to 46–55, 9% belong to 56–65, and only 4% of 
participants in this study were aged 65 or more. The age distribution of 
the SP sample is representative of the census data except for having 
fewer participants aged over 65 and more participants aged 18–35 by 
around 10%. Most participants (26%) have a bachelor’s degree, while 
3% completed a doctoral degree. The education distribution in the SP 
data is largely representative of the Sydney population, except for the 
senior secondary school education level, which is underrepresented by 
approximately 24%. The AUD1,200–1,599 per-week income category in 
SP data has the most frequency amongst the participants. Moreover, the 

Fig. 1. An example of SP mode choice survey questions.  
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income distribution aligns with the census data. 
Table 2 presents information on the distribution of participants in the 

RP data across different sociodemographic variables. The results show 
that the gender distribution among RP participants is slightly skewed 
towards females. The age distribution in the RP data is more similar to 
the census data compared to the SP data, however, similar to the SP data, 
individuals aged over 65 are also underrepresented in the RP data. 
Moreover, there is the same issue of underrepresentation of individuals 
with a senior secondary education level in both the RP and SP data. In 
terms of income distribution, individuals belonging to the AUD300 to 
AUD399 per week category is slightly underrepresented in the RP data. 

The modal share of the trips collected via the smartphone GPS-based 

application is shown in Fig. 2. The numbers in this figure represent the 
total number of trips (and the corresponding percentage) made by each 
mode of transport within the RP data. As can be seen from Fig. 2, car is 
the most popular means of transport, accounting for 73.3% of recorded 
trips. Walking is the next most popular mode, followed by transit, 
including rail and bus. The bicycle was the least popular method of 
travel in this survey’s statistics, with only 64 journeys. 

It is worth mentioning that this research hypothesises that SP and RP 
data are complementary. In other words, we aimed to use SP data to 
capture the general mode choice preferences of individuals, which could 
help fill gaps in RP data when estimating models. For example, if re-
spondents did not make enough trips by public transport during data 

Table 2 
Participants’ sociodemographic attributes of joint data.  

Variable name  Frequency in SP 
sample 

Percentage in SP 
sample  

Frequency in RP 
sample  

Percentage in RP 
sample 

Percentage in census 2016 
data 

Gender Male 765  44.17 116  35.37  49.33  
Female 967  55.83 212  64.63  50.67 

Age category 18–25 477  27.54 57  17.38  14.46  
26–35 544  31.41 91  27.74  21.15  
36–45 161  9.30 81  24.70  18.58  
46–55 330  19.05 48  14.63  16.38  
56–65 150  8.66 36  10.98  13.32  
65-more 70  4.04 15  4.57  16.10 

Education 
level 

1 (Secondary school) 192  11.09 24  7.32  7.96  

2 (Senior secondary 
school) 

175  10.10 28  8.54  34.17  

3 (Certificate I, II) 68  3.93 13  3.96  0.07  
4 (Certificate III, IV) 180  10.39 45  13.72  13.24  
5 (Diploma) 180  10.39 31  9.45  5.85  
6 (Associate degree) 72  4.16 11  3.35  4.86  
7 (Bachelor’s degree) 452  26.10 102  31.10  22.95  
8 (Graduate Diploma) 99  5.72 32  9.76  2.11  
9 (Master’s degree) 249  14.38 36  10.98  7.72  
10a(Doctoral degree) 48  2.77 6  1.83  1.07 

Income 
interval 

$199b per week or less 120  6.93 8  2.44  4.94  

$200 - $299 per week 63  3.64 4  1.22  7.79  
$300 - $399 per week 68  3.93 2  0.61  8.98  
$400 - $599 per week 103  5.95 19  5.79  13.88  
$600 - $799 per week 158  9.12 20  6.10  11.14  
$800 - $1,199 per week 210  12.12 35  10.67  18.37  
$1,200 - $1,599 per week 233  13.45 60  18.29  12.41  
$1,600 - $1,999 per week 212  12.24 41  12.50  8.77  
$2,000 - $2,499 per week 184  10.62 42  12.80  4.52  
$2,500 - $2,999 per week 156  9.01 44  13.41  3.34  
$3,000 - $3,999 per week 119  6.87 34  10.37  4.09  
$4,000 per week or more 106  6.12 19  5.79  1.75 

a17 people (0.9 % of the SP sample) reported “other” as the level of their education, which is not considered a variable in modelling. 
bIncomes are stated in Australian dollars (AUD)  

Fig. 2. Modal share in rp data.  
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collection, their preference could still be captured by their responses to 
the SP tasks. 

4. Multinomial logit mode choice modelling framework 

Several multinomial logit and mixed multinomial logit models have 
been developed during this study. A fundamental premise in discrete 
choice modelling is that all decision-makers are assumed as rational 
individuals who seek to maximise the utility obtained from their choice 
(Train, 2002). In this study, the utility specification is such that in 
addition to alternative attributes, it can take account of sociodemo-
graphic variables with a nonlinear structure. The nonlinear specification 
is selected since it can highlight the true error terms distribution and 
better model the travel mode choice behaviour in our data (Cherchi and 
Ortúzar, 2002). The utility obtained by individual n from selecting 
alternative j in choice situation t in willingness-to-pay space, in an SP or 
RP experiment, is defined as equation (1). 

Untj = − βcj
(
Cntj − β WTPref ,j(eθjYn )Xntj

)
+ kj + εntj, (1) 

where βcj is the cost parameter associated with alternative j, Cntj is the 
cost of alternative j in choice situation t for individual n, Xntj denotes 
observed alternative-specific variables of alternative j in choice situation 
t for individual n except for cost, and β WTPref ,j is the parameter vector 
associated with Xntj in willingness-to-pay space. In this equation, Yn is 
the vector of the case-specific variables and θj is its associated vector of 
coefficients, e is Euler’s number approximately equal to 2.72, kj is the 
alternative-specific constant of alternative j, εntj is a random variable 
capturing the unobserved component of utility, and Untj is the total 
utility that individual n received from selecting alternative j in choice 
situation t. For alternatives without monetary cost, like walking, equa-
tion (1) simplifies to equation (2) where βref ,j is the parameter vector 
associated with Xntj in preference space. 

Untj = βref ,j(e
θjYn )Xntj + kj + εntj (2) 

Specifying utility like equation (1) allows alternative-specific pa-
rameters to be estimated directly in the willingness to pay space. That is, 
the distribution of the WTP for travel time and the number of transfers 
can be estimated directly from this specification in MMNL models. This 
approach can lead to more reasonable WTP estimates although it may 
cause some inconvenience for the model to fit the data (Train and 
Weeks, 2005). Although for simple MNL, the WTP estimation in WTP 
space would not directly add extra information as it tends to be identical 
to its estimation in preference space, nonetheless, it allows direct esti-
mation of the significance of the WTP parameters, which obviates the 
need to post-estimate the standard errors. 

Assuming each unobserved utility term is independently, identically 
distributed type I Extreme Value, the Logit choice probabilities can be 
computed using equation (3). 

Lntj(β) = eUntj/
∑

j
eUntj (3) 

Where Lntj is the Logit choice probability which in the MNL context 
equals the probability of alternative j being chosen by individual n in the 
choice situation t (Pntj = Lntj(β)), and Untj is the utility that individual n 
obtains from selecting alternative j in the choice situation t which is a 
function of utility parameters β. On the other hand, within the MMNL 
model, the choice probability is the integral of Lntj(β) over all possible 
values of β as in equation (4). 

Pntj =

∫

Lntj(β)f (β)dβ (4) 

Where f(β) is the distribution of parameters vector β. 
A maximum likelihood estimator is used for parameter estimation. 

The likelihood function of the joint SP-RP estimation comprises of 
multiplication of two components: the SP component and the RP 

component as presented in equation (5). The SP or RP components of the 
joint likelihood function will be used for separate estimation of SP or RP 
data. 

L(βcj, βref ,j, βWTPref ,j, θj, kj) =
∏NSP

n=1

∏TSP

t=1

∏

j∈Jnt,SP

(Pntj)
yntj ×

∏NRP

n=1

∏Tn,RP

t=1

∏

j∈Jnt,RP

(Pntj)
yntj (5) 

In equation (5), yntj equals one if individual n selected alternative j in 
choice situation t, and zero otherwise. L denotes the likelihood function, 
NSP is the total number of participants in the SP experiment and NRP is 
the total number of participants in RP data collection, TSP is the total 
number of tasks in the SP experiment, and TRP,n is the total number of 
tracked trips for individual n. TRP,n is different for each individual as they 
made a different number of trips during the data collection period while 
TSP is constant for all individuals and equal to five. As individuals may 
face a different set of alternatives in each choice situation t, Jnt,SP defines 
the choice set of the individual n in situation t in the SP experiment 
context, while Jnt,RP is the available alternatives to individual n in the 
choice situation t in the RP data. The estimated parameters of the model, 
namely βcj, βref ,j, βWTPref ,j, θj, kj are the values that maximise the natural 
logarithm of the likelihood function in equation (5). In MMNL, the pa-
rameters of the distribution f(β) are estimated. The readers are referred 
to for an extensive discussion regarding the derivation of probability and 
likelihood functions (Train, 2002). 

In the joint estimation, a scale parameter, namely σ2, is also intro-
duced to capture the difference between SP and RP data regarding the 
variance of the unobserved component of utility (Hensher & Bradley, 
1993). The scale parameter is multiplied by the utility of SP data; 
Therefore, it can be defined as equation (6). The interpretation of the 
scale parameter will further be investigated in section 5 where we 
analyse the joint estimation outputs. 

σ2 =
Var(εntj,RP)

Var(εntj,SP)
(6)  

5. Empirical findings 

The research outputs are presented in this section. An extensive 
manual specification search is performed to find the models that best fit 
the data. The estimated parameters of the final models are provided in 
this section. These models are developed in the willingness-to-pay space; 
therefore, the value of travel time savings and the impact of socio-
demographic attributes on them are estimated explicitly. The time unit 
is considered minute, and the costs are in Australian dollars (AUD). The 
Biogeme package runs the maximum log-likelihood optimisation to es-
timate parameters (Bierlaire, 2020). The impact of sociodemographic 
variables is considered in the utility specification by multiplying an 
exponential term by the associated reference alternative-specific attri-
butes. The index in the exponential term is a linear combination of 
sociodemographic variables. This exponential term serves as an adjust-
ment factor to the estimated reference parameters. The positive or 
negative estimated parameters for the sociodemographic attributes 
indicate that those specific sociodemographic characteristics can 
strengthen or weaken the influence of the associated alternative attri-
bute on the utility, respectively. The models’ outputs are discussed in the 
following subsections. 

6. Reference parameters of travel attributes 

Table 3 presents the estimated reference parameters and their cor-
responding t-statistics in parenthesise for the MNL models applied to SP, 
RP, and combined SP-RP data, as well as the MMNL model on SP data 
while assuming a lognormal distribution of costs and a normal distri-
bution of willingness-to-pays. It is important to note that some param-
eters are specific to a particular dataset, for instance, parameters related 
to rail are RP-specific because rail mode is only available in RP data and 
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is not included in the SP tasks. On the other hand, ferry and train are 
only introduced in the SP dataset. The ‘NS’ value in the table stands for 
Not Significant and indicates that our data could not reveal a significant 
relationship between that variable and the utility of the associated 
alternative. 

Furthermore, the positive and intuitive sign of the travel cost 

Table 3 
Estimated reference parameters of MNL models on SP, RP, and joint SP-RP data 
and the MMNL model on SP data where costs are assumed to be lognormally 
distributed and WTP parameters are assumed to be normally distributed.  

Variable 
name 

MNL on 
SP 

MNL on 
RP 

MNL on 
joint SP- 
RP 

MMNL on 
SP (mean) 

MMNL on 
SP 
(standard 
deviation) 

Bus fare 0.116 
(-6.72) 

NS* 0.0471 
(-3.38) 

− 2.44 
(-8.98) 

1.07(5.94) 

Rail fare – NS NS – – 
Travel cost 

by car in 
SP data 

0.0345 
(-3.54) 

– 0.0262 
(-5.31) 

− 3.52 
(-20.8) 

2.16(11.6) 

Travel cost 
by car in 
RP data 

– 0.0688 
(-8.38) 

0.0529 
(-6.58) 

– – 

Ferry fare 
(SP- 
specific) 

0.176 
(-4.93) 

– 0.143 
(-3.63) 

− 2.13 
(-3.56) 

1.16(4.97) 

Train fare 
(SP- 
specific) 

0.106 
(-6.4) 

– 0.0815 
(-4.48) 

− 2.96 
(-9.64) 

1.85(9.34) 

WTP for in- 
vehicle 
travel time 
in car 

− 0.248 
(-2.89) 

− 0.334 
(-4.34) 

− 0.287 
(-4.92) 

− 0.301 
(-7.95) 

1.57(18.9) 

WTP for in- 
vehicle 
travel time 
in bus 

− 0.0893 
(-4.02) 

− 0.0242 
(-8.22) 

− 0.292 
(-2.77) 

− 0.174 
(-2.78) 

0.135 
(2.83) 

WTP for in- 
vehicle 
travel time 
in train 
(SP- 
specific) 

− 0.083 
(-4.14) 

– − 0.103 
(-3.93) 

− 0.0614 
(-2.33) 

− 0.0348 
(-2.24) 

WTP for in- 
vehicle 
travel time 
in ferry 
(SP- 
specific) 

− 0.0635 
(-2.76) 

– − 0.0784 
(-2.67) 

− 0.151 
(-1.18) 

− 0.117 
(-1.42) 

Rail travel 
time 
(RP- 
specific) 

– − 0.0264 
(-8.22) 

− 0.016 
(-4.03) 

– – 

WTP for 
access- 
egress 
travel time 
in bus 

− 0.0796 
(-2.52) 

− 0.0247 
(-3.62) 

− 0.172 
(-2.21) 

− 0.0774 
(-1.8) 

0.0605 
(2.59) 

WTP for 
access- 
egress 
travel time 
in train 
(SP- 
specific) 

− 0.0281 
(-1.25) 

– − 0.0173 
(-0.823) 

− 0.0684 
(-2.2) 

0.222 
(4.46) 

WTP for 
access- 
egress 
travel time 
in ferry 
(SP- 
specific) 

− 0.0803 
(-1.64) 

– − 0.0618 
(-1.67) 

− 0.383 
(-1.26) 

0.471 
(1.69) 

WTP for 
access- 
egress 
travel time 
in rail (RP- 
specific) 

– − 0.0281 
(-3.91) 

− 0.0157 
(-2.07) 

– – 

WTP for 
number of 
transfers 
in bus 

− 0.49 
(-1.86) 

− 0.289 
(-2.65) 

− 1.57 
(-1.89) 

− 1.03 
(-1.4) 

1.6(1.29)  

Table 3 (continued ) 

Variable 
name 

MNL on 
SP 

MNL on 
RP 

MNL on 
joint SP- 
RP 

MMNL on 
SP (mean) 

MMNL on 
SP 
(standard 
deviation) 

WTP for 
number of 
transfers 
in train 
(SP- 
specific) 

− 0.397 
(-1.7) 

– − 0.562 
(-2.02) 

− 2.76 
(-2.43) 

3.26(3.64) 

WTP for 
number of 
transfers 
in ferry 
(SP- 
specific) 

− 0.361 
(-1.3) 

– − 0.5 
(-1.49) 

− 2.69 
(-1.21) 

4.99(1.76) 

WTP for 
number of 
transfers 
in rail 
(RP- 
specific) 

– − 0.195 
(-2.45) 

− 0.175 
(-2.56) 

– – 

Bicycling 
travel time 

− 0.0327 
(-12.9) 

− 0.0256 
(-5.2) 

− 0.0226 
(-6.63) 

− 0.0352 
(-10.6) 

– 

Walking 
travel time 

− 0.00929 
(-10.2) 

− 0.00614 
( − 11) 

− 0.00532 
(-8.53) 

− 0.00833 
(-8.46) 

– 

Alternative- 
specific 
constant of 
alternative 
1 (SP- 
specific) 

0.153 
(5.47) 

– 0.131 
(3.58) 

0.212 
(6.09) 

– 

Alternative- 
specific 
constant of 
alternative 
2 (SP- 
specific) 

0.169 
(6.07) 

– 0.145 
(3.73) 

0.241 
(6.93) 

– 

Alternative- 
specific 
constant of 
bicycle 
(RP- 
specific) 

– − 4.39 
(-25.4) 

− 4.3 
(-31.8) 

– – 

Alternative- 
specific 
constant of 
bus 
(RP- 
specific) 

– − 2.46 
(-19.5) 

− 2.75 
(–23.2) 

– – 

Alternative- 
specific 
constant of 
rail 
(RP- 
specific) 

– − 2.17 
(-19.3) 

− 2.29 
(-19.3) 

– – 

Alternative- 
specific 
constant of 
walking 
(RP- 
specific) 

– − 1.78 
(–33.7) 

− 1.68 
(–32.6) 

– – 

The square 
root of the 
scale 
parameter 
(σ) 

– – 1.16 
(4.72) 

– – 

* Not 
significant       
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coefficients (see the specification of Equation (1) suggests that the utility 
for individuals decreases as the travel cost increases for each mode. The 
willingness to pay (WTP) for reducing in-vehicle travel time (IVTT), 
access-egress travel time (ATE), and the number of transfers in public 
transport are estimated to be negative. This implies an inverse rela-
tionship between travel time and travel cost while maintaining the 
mode’s utility for individuals constant. The estimated parameters for 
walking and bicycling travel time are not WTP as no cost attributes were 
associated with using a bicycle or walking. These coefficients are 
negative, indicating that longer walking or bicycling times have a 
negative impact on the utility individuals gain from these modes of 
transport. 

In the SP data, since there are three alternatives, two alternative- 
specific constants are defined for the first and second alternatives, 
with this coefficient being normalized to zero for the third option. As 
modes are randomly displayed to individuals and the first alternative 
could be associated with different modes in different tasks, we could not 
define mode-specific constants for the SP data. However, in the RP data, 
four alternative-specific constants are defined for rail, bus, walking, and 
biking, while this constant is normalized to zero for cars due to speci-
fication considerations. Lastly, the scale parameter is estimated in the 
joint estimation to capture the difference in the variance of the error 
term in the utility specification across the SP and RP datasets. 

According to the estimated WTPs for in-vehicle travel time (IVTT) in 
Table 3, individuals tend to pay higher costs to reduce their in-vehicle 
travel time in a car compared to public transport. Among public trans-
port options, the ferry appears to have a slightly less value of IVTT. This 
could be due to the individuals’ enjoyment while riding on a ferry. At a 
95% confidence interval, the WTP parameter for access-egress time 
(ATE) is significantly from zero for the bus and the negative sign implies 
the adverse effect of ATE on the utility of the bus. However, ATE pa-
rameters are significant and intuitive for train and ferry within a 90% 
and 80% confidence interval. The WTP for the number of transfers in 
public transport has an intuitive sign for all public transport modes with 
being statistically significant at a 95% confidence interval for the bus 
and train and 80% for the ferry. Moreover, the alternative-specific 
constants for the first and second alternatives in SP data have positive 
signs and are significantly different from zero, which suggests in the SP 
experiment, individuals have some positive attitudes towards selecting 
the first and second alternatives as their preferred mode for travel. This 
could be because individuals tend to choose the options introduced 
earlier (Hess et al., 2010). 

We could not estimate WTP for public transport travel time and the 
number of transfers in RP data as the corresponding cost parameters are 
statistically insignificant which means our data could not reveal any 
relationship between public transport fare and their utilities. This could 
happen because of the relatively small variation in transit cost in RP data 
(Louviere et al., 2000). However, the travel time and the number of 
transfer parameters are estimated in preference space which are nega-
tive and statistically different from zero. As can be seen in Table 3, the 
alternative-specific constants are all negative and significantly different 
from zero. This means individuals have a negative attitude towards 
public transport and active modes (walking and bicycling) compared to 
car. In other words, without concerning alternative attributes, car is the 
preferable mode among individuals who participated in this study. 

As Table 3 shows SP data enable us to estimate a cost coefficient for 
bus and therefore estimate parameters in WTP space in the joint esti-
mation. The scale parameter (σ2), which is defined in the joint SP-RP 
estimation to capture the variation between the random error terms 
variances across SP and RP datasets, is estimated to be 1.3456 and is 
statistically significant. This finding indicates that the variance of un-
observed factors in the utility of SP data is 34.56% higher compared to 
RP data. This could happen as the unobserved influential factors on 
utility may differ across different datasets, and it’s essential to consider 
it while conducting joint estimation. 

To capture the unobserved heterogeneity in WTP, MMNL models 

with normal, lognormal, and non-random cost parameters are estimated 
while the distributions of WTPs are assumed to be normal on SP data. 
The model with a lognormally distributed cost parameter best fits the 
data. According to Table 3, the estimated mean and standard deviation 
of cost parameters for all modes are statistically significant at a 95% 
confidence level, with the cost parameter of the car having the highest 
variance among the participants. Moreover, all estimated WTP means 
and variances are statistically significant at a 95% confidence level 
except for the means and standard deviations of the WTP of ferry in- 
vehicle travel time and WTP of the number of transfers of the bus 
(which are significant at about 80% confidence level). This result con-
firms the existence of unobserved heterogeneity in the WTP across in-
dividuals. The variance of WTP of travelling in car is estimated to be 
1.57, while for the in-vehicle and access-egress travel time in bus, the 
variances are 0.135 and 0.0605, respectively. The results suggest the 
variance of WTP for car travel time is higher than bus travel time. In 
addition, WTP for bus in-vehicle travel time is more widely spread 
around its mean than WTP for bus access-egress time. The number of 
ferry transfers is also valued in a wide range by individuals as it has a 
statistically significant estimated standard deviation. It is worth 
mentioning that we faced some empirical issues in the convergence of 
the MMNL models on RP and joint data, therefore, those models are not 
presented in this paper. 

6.1. Sociodemographic parameters 

Table 4 shows the estimated coefficients and their corresponding t- 
statistics in parenthesise for the sociodemographic variables that are 
presented in the index of the exponential term in the utility function. All 
parameters are significantly different from zero at a 95% confidence 
interval. It is worth mentioning that these parameters are not considered 
to be random in the MMNL estimation. Some abbreviations are used in 
this table as follows: B-IVTT-WTP denotes that the estimated socio-
demographic parameter modifies the reference coefficient of the will-
ingness to pay to reduce in-vehicle travel time, B-ATE-WTP means the 
same concept for access-egress time and B_NO_TRANSFERS indicates 
that sociodemographic is modifying the reference parameter for will-
ingness to pay to reduce the number of transfers in public transport. We 
will discuss each model’s estimates in the following subsections. Lastly, 
B_TIME indicates the corresponding sociodemographic is adjusting the 
reference parameter of walking or biking travel time. 

According to the estimated parameters in Table 4 for SP data, in-
dividuals aged 26 to 35 value their in-vehicle travel time more than 
other age groups. This might happen as individuals in this age interval 
may be at their maximum productivity regarding their job and income 
which then leads to greater WTP. Moreover, the results suggest that 
individuals with education code 4 corresponding to Certificates III and 
IV are more inclined to pay to reduce access-egress time. On top of that, 
decision-makers aged between 36 and 45 years and those with an 
educational background of codes 5 and 7 (corresponding to a diploma 
and bachelor’s degree) are more willing to pay to reduce the number of 
transfers in public transport indicated by the positive sign of their cor-
responding coefficients in Table 4. 

Gender, income, age, and education seem to be influential on the 
impact of walking and bicycling time on the utility individuals obtained 
from these modes in SP data. According to Table 3, walking and bicy-
cling time tend to influence the utility of these modes more negatively 
for women than men (Abasahl et al., 2018). In addition, individuals with 
a higher income level tend to experience a more negative impact on their 
overall utility when it comes to walking and bicycling time. Moreover, 
the travel utility obtained by younger individuals (aged between 18 and 
25) is less adversely affected by the increased walking and bicycling 
travel time compared to other age groups. In contrast, the elderly, who 
are aged 56 or older, experience more reduction in utility due to 
increased walking or biking time than other individuals. This is consis-
tent with previous findings (Handy et al., 2006; Kim and Ulfarsson, 

M. Tabasi et al.                                                                                                                                                                                                                                 



Travel Behaviour and Society 33 (2023) 100632

8

2004) and is intuitive as, generally, walking and bicycling are active 
travel modes that require engaging in some physical activity and 
therefore, with the increase in age, more extended walking and biking 
time seems more difficult to people, and more negatively influence 
associated utility. The results also indicate that higher education levels 
keep individuals’ utility less negatively influenced by walking and 
bicycling time maybe due to being more educated regarding the adverse 
environmental impacts of non-active transport modes (Villena-Sanchez 
et al., 2022). 

In the RP data, education level seems to be effective on individuals 
with an education level of 4 (Certificate III, IV) are less sensitive to in- 
vehicle travel time, while those with an education level of 9 (Master’s 
degree) are more likely to be adversely influenced by the increase in in- 

vehicle travel time rather than others. Considering higher education as 
an income indicator, the results suggest individuals with higher income 
value their in-vehicle travel time more than others. 

7. Discussion 

As a result of our study on the effect of including SP data in the 
estimation of mode choice models for RP data, we were able to extract 
the WTP of Sydney residents for various modes of travel directly in the 
WTP space. It is important to note that WTPs are used in this study as a 
measure of individuals’ travel behaviour concerning their mode choice. 
Table 5 summarises the estimated reference WTPs from MNL models 
applied to SP, RP, and combined SP-RP data and their 90% confidence 
intervals in brackets. 

According to Table 5, the reference WTP for car travel time is esti-
mated to be 14.88 and 20.04 AUD/hour based on SP and RP data, 
respectively, while it equals 17.22 AUD/hour in joint SP-RP estimation. 
The car WTP that is estimated based on SP data is almost identical to the 
WTP estimated by Douglas et al., (2019) and close to the WTP estimated 
by Hensher et al., (2006). The estimated WTP for car travel time using 
RP data is aligned with previous literature (Hensher, 2008; Hensher and 
Rose, 2007) although they have used SP data for their studies. According 
to Table 5, the willingness to pay to reduce car travel time is lower in SP 
data compared to RP data which is consistent with the findings of pre-
vious studies (Isacsson, 2007; Wardman, 2001). This difference can be 
explained by the existence of hypothetical bias in SP data as we deviate 
from objective evidence by conducting experiments (Hensher, 2010). 
The ratio of the estimated WTP parameters for car travel time obtained 
through SP data compared to RP data is 0.743, which is in proximity to 
the value of 0.9 calculated by Li et al., (2020). A well-designed SP 
experiment can result in a WTP to RP ratio that is closer to one, indi-
cating that the experiment is better at capturing individuals’ true 
behaviour. 

The information presented in Table 5 demonstrates that a joint SP-RP 
estimation approach allowed us to estimate the WTP for bus in-vehicle 
travel time, which we could not accomplish by relying solely on RP 

Table 4 
Estimated coefficients and their corresponding t-statistics in parenthesise for the 
sociodemographic variables that are presented in the index of the exponential 
term in the utility function.  

Variable MNL on SP MNL on 
RP 

MNL on 
joint SP-RP 

MMNL on 
SP 

B-IVTT-WTP for 
individuals with 
education level 4 

NS* − 1.46 
(-2.98) 

− 0.882 
(-2.12) 

NS 

B-IVTT-WTP for 
individuals with 
education level 9 

NS 0.486 
(4.17) 

0.95(5.18) NS 

B-IVTT-WTP for 
individuals aged 
between 26 and 35 

0.855 
(5.41) 

NS 0.54(4.78) NS 

B_ATE_WTP for 
individuals with 
education level 4 

0.995 
(2.93) 

1.1 
(5.71) 

1.18(5.76) 1.13(5.71) 

B_ATE_WTP for 
individuals aged more 
than 65 

NS 1.18 
(3.3) 

1.78(3.93) NS 

B_ATE_WTP for women NS 0.436 
(2.52) 

0.841 
(2.15) 

NS 

B_NO_TRANSFERS for 
individuals aged 
between 36 and 45 

1.03(3.04) 0.688 
(1.9) 

0.947 
(3.63) 

NS 

B_NO_TRANSFERS for 
individuals with 
education level 5 

1.25(2.82) NS 0.907 
(2.49) 

NS 

B_NO_TRANSFERS for 
individuals with 
education level 7 

0.828 
(1.99) 

NS 0.552 
(1.71) 

NS 

B_TIME for women 0.334 
(7.35) 

NS 0.446 
(7.95) 

0.435 
(6.71) 

B_TIME for the amount of 
income in AUD 

0.0000673 
(3.87) 

NS 0.000103 
(5.37) 

0.0000663 
(2.77) 

B_TIME for individuals 
aged between 18 and 
25 

− 0.213 
(-3.61) 

NS − 0.161 
(-2.77) 

− 0.113 
(-1.58) 

B_TIME for individuals 
aged between 26 and 
35 

NS 0.324 
(3.63) 

0.362 
(3.55) 

NS 

B_TIME for individuals 
aged between 56 and 
65 

0.221 
(2.82) 

− 0.509 
(-5.2) 

NS 0.595 
(5.97) 

B_TIME for individuals 
older than 65 

0.961 
(8.84) 

NS 1.12(9.34) 1.46(10.7) 

B_TIME for individuals 
with education level 1 

0.195 
(2.88) 

NS 0.288 
(3.89) 

NS 

B_TIME for individuals 
with education level 2 

NS − 0.465 
(-2.94) 

− 0.628 
(-3.02) 

NS 

B_TIME for individuals 
with education level 3 

0.378 
(3.59) 

NS 0.533 
(4.63) 

0.421 
(3.35) 

B_TIME for individuals 
with education level 7 

− 0.151 
(-2.79) 

NS − 0.126 
(-2.16) 

− 0.309 
(-4.08) 

B_TIME for individuals 
with education level 9 

− 0.196 
(-2.94) 

NS − 0.177 
(-2.44) 

− 0.309 
(-4.08) 

B_TIME for individuals 
with education level 10 

NS 0.412 
(1.87) 

0.281 
(1.12) 

NS 

* Not significant      

Table 5 
The estimated WTP for travel time and number of transfers in MNL models 
applied to SP, RP, and combined SP-RP data and their 90% confidence intervals.  

Willingness-to-pay 
(AUD /hour) 

SP RP Joint SP-RP 

In-vehicle travel time (IVTT)  
Car − 14.88 [-6.42, 

–23.36] 
− 20.04 [-10.98, 
− 29.10] 

− 17.22 [-10.38, 
− 24.06] 

Bus − 5.36 [-3.17, 
− 7.55] 

NS* − 19.02 [-5.17, 
− 29.87] 

Rail NA NS – 
Train − 4.98 [-3.00, 

− 6.96] 
– − 6.18 [-3.09, 

− 9.27] 
Ferry − 3.81 [-1.54, 

− 6.08] 
– − 4.70 [-1.26, 

− 8.15] 
Access transfer egress 

travel time (ATE)    
Bus − 4.78 [-1.66, 

− 7.89] 
NS − 10.32 [-1.19, 

− 19.45] 
Rail NA NS – 
Train − 1.69 [0.53, 

− 3.91] 
– − 1.04 [1.44, 

− 3.52] 
Ferry − 4.82 [0.01, 

− 9.64] 
– − 3.71 [0.65, 

− 8.07] 
Number of transfers  
Bus − 0.49 [-0.06, 

− 0.92] 
NS − 1.57 [0.06, 

− 3.20] 
Rail NA NS – 
Train − 0.40 [-0.01, 

− 0.78] 
– − 0.56 [-0.02, 

− 1.11] 
Ferry − 0.36 [-0.32, 

− 0.40] 
– − 0.50 [0.16, 

− 1.16] 
* Statistically significant coefficient could not be estimated using the provided data  
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data. Therefore, incorporating SP data’s additional information and 
variation into the mode choice modelling on RP data is recommended to 
travel behaviour modellers. The estimated willingness-to-pay (WTP) for 
in-vehicle travel time on the bus, as obtained through joint analysis, is 
close to the WTP for car travel, which is consistent with the findings of 
Hensher and Rose, (2007). However, in contrast to their study, the WTP 
for the bus is slightly higher than the car in our study. This may be due to 
the fact that they estimated the WTP for transit in general, rather than 
for the bus specifically. Moreover, Table 5 shows that WTP for bus in- 
vehicle travel time is higher compared to train and ferry unlike 
Legaspi and Forum, (2015) finding. Our results also indicate that WTP 
for reducing access-egress travel time associated with public transport is 
lower than the WTP for reducing in-vehicle travel time in public trans-
port. It is important to note that, no jointly estimated coefficient is 
available for rail WTP since it was not included as an alternative in the 
stated preference tasks. As a result, no additional information was 
available to assist with the parameter estimation for rail WTP using the 
RP data. 

Based on the values in Table 5, an increase of one transfer for bus 
travel may result in a negative impact on the utility that individuals 
obtain from bus travel, equivalent to an increase in bus fare of 1.57 AUD. 
The estimated WTPs for the number of transfers in public transport are 
generally higher in joint estimation compared to estimates on SP data. 
Based on these estimations, individuals exhibit a greater willingness to 
pay to reduce the number of transfers when travelling by bus compared 
to train or ferry. 

Some other exciting outputs were found in this research. This study’s 
outputs reveal that individuals’ WTP and travel behaviour are influ-
enced by their sociodemographic attributes and trip characteristics like 
trip mode (Börjesson and Eliasson, 2014). More specifically, the impact 
of age, gender, income, education, and trip mode on the WTP and travel 
behaviour is empirically investigated during this research and exten-
sively presented in the empirical findings section. For instance, results 
indicate that the elderly and individuals with higher income are more 
sensitive to walking or biking travel time and they prefer shorter 
walking or biking travel time compared to others (Kim and Ulfarsson, 
2004; Villena-Sanchez et al., 2022). These are important findings to 
understand the travel behaviour of individuals with different socio-
demographic characteristics. 

The results from the developed MMNL model on SP data in Table 3 
also reveal that the variance of WTP may be higher among car users 
compared to bus riders, which emphasises the necessity of considering 
the unobserved heterogeneity among car users’ WTP when evaluating 
relative transport policies or investment alternatives. In addition, the 
estimated means and standard deviations for WTP of different compo-
nents of bus travel time reveal that bus in-vehicle travel time is valued 
higher by riders and is subject to higher variance across the participants 
than the associated access-egress. Generally, the means of WTP esti-
mated from the MMNL model are higher than the corresponding esti-
mates from the MNL model in this study which aligns with previous 
research (Hensher, 2001). For instance, considering SP data, the WTP 
for bus in-vehicle travel time is estimated to be normally distributed 
with a mean of 10.44AUD/hour and a standard deviation of 8.1 from the 
MMNL model. At the same time, it is calculated to be 5.358AUD/hour 
from the MNL model. 

Defining a scale parameter (σ2), the difference between SP and RP 
data in terms of the variance of error term of utility specification was 
investigated. According to Table 3, the scale parameter was estimated to 
be 1.3456 and statistically different from zero, confirming that the 
variance of the random term of utility is 34.56% larger in SP data 
compared to RP data. Estimating the scale parameter during joint esti-
mation can avoid misinterpretation of the estimated coefficients based 
on two separate data sources (Train, 2002). 

8. Conclusion 

Using a mixed dataset of RP and SP data, we empirically investigated 
the effect of accommodating SP data in the estimation of mode choice 
models on RP data and compared the estimates across three MNL mode 
choice models on SP data, RP data, and joint SP-RP data. This study 
utilises high-quality travel data from a GPS-based smartphone applica-
tion called rMove™. GPS-based travel diary data helps researchers 
overcome the underreporting of trips by participants (Bricka and Bhat, 
2006). As an outcome of our investigation, the WTP of Sydney residents 
for several travel modes is extracted directly in willingness-to-pay space 
using those MNL models while accounting for the heterogeneity 
resulting from the sociodemographic attributes. Moreover, the unob-
served heterogeneity in WTP is captured by developing the MMNL 
model on SP data in the willingness-to-pay space, allowing the direct 
estimation of the significance level of the WTP. 

Based on the results of this research, it is highly recommended that 
travel behaviour modellers not only collect RP data for their research 
but also allocate some time and effort to collect complementary SP data. 
This would bring more benefits than its cost; in general, collecting SP 
data is more cost-beneficial than RP data (Bradley and Daly, 1991). 
Although SP data seems biased, it can carry information that cannot be 
gained from RP data. In other words, parameter estimation based on SP 
data is more potent than RP data due to the sufficient variation in in-
dependent variables in SP data (Louviere et al., 2000). This study shed 
light on an empirical instance of this statement, where the bus cost co-
efficient was insignificant in estimation using merely RP data. However, 
it became significant when we used SP data jointly with RP data for the 
analysis. In SP data, it is possible to define fares with more variation, 
allowing us to capture the impact of public transport cost on individuals’ 
mode choices. Therefore, incorporating SP data’s additional information 
and variation into the mode choice modelling on RP data is recom-
mended (Hensher and Bradley, 1993). The phenomenon that this 
practice will lead to the correctness of the parameters or not may be 
investigated in the future direction of this study. One other potential 
future direction of this study could be to examine whether the order of 
presenting SP and RP surveys to participants has an impact on the 
supplementary effect of SP data on RP data. 

It’s worth mentioning that in this study, a separate analysis of in-
dividuals’ preferences based on different trip purposes is not provided to 
avoid burdening respondents. However, conducting a travel behaviour 
analysis for each trip purpose would contribute valuable information to 
the literature. Furthermore, our RP dataset includes data from 447 
participants which is relatively smaller compared to the 1772 partici-
pants in the SP survey. In the SP tasks, respondents were asked to select 
their most preferred alternative among three randomly displayed mode 
alternatives. However, a better survey design approach would be to 
anchor available alternatives on a specific reference trip, such as the 
respondents’ latest trip. Additionally, designing an SP survey based on 
the choice set of RP data would be beneficial as having the same choice 
set in both surveys would facilitate the comparison. 
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