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We revisit the practice of combining revealed (RP) and stated preference (SP) data (i.e., the data enrichment, DE, paradigm) in
discrete choice models using secondary data obtained from emerging sources; these facilitate access to massive information about
travel choices and can be used to improve transport models. Even though the benefits of the DE paradigm have been known for
years, there is a large gap between the state of practice and the state of the art, particularly in Global South countries (but also in
many industrialized nations). We use a SP dataset considering two new transport alternatives (train and metro) and a RP dataset
based on a large mobility survey in Bogotá, Colombia, complemented with fairly precise level-of-service data obtained using GIS
utilities and the Distance Matrix API by Google. Our results allow us to discuss good practice, identify barriers and challenges to
the paradigm’s application, and draw recommendations for forecasting the demand for new alternatives using joint RP and
SP data.

1. Introduction

Emerging technologies and telematics offer tools to access
and collect new good-quality data that might improve
transport models. Many of these tools refer to nondisruptive
mechanisms that capture travel paths generated by elec-
tronic devices, such as smartphones, geographic positioning
(GPS), transactional data, and sensors [1], which are usually
characterized by a large number of near real-time obser-
vations (big data). Moreover, web-based experiments are an
alternative to gather active data, achieving representative
samples at a lower cost compared to traditional data col-
lection methods such as face-to-face and telephone surveys.
On the other hand, data disparity is particularly challenging
because it is necessary to group and homogenize informa-
tion of a different nature.

Revealed (RP) and stated preference (SP) data are two
types of data commonly used in transport research,

particularly for the estimation of discrete choice models to
analyze travel behaviour. RP data refer to actual choices
made by individuals in a specific context.(is information is
useful to understand preferences in existing markets, but it is
generally inappropriate to try and model preferences in the
case of new alternatives. SP data include a range of tech-
niques designed for gathering information about preferences
in hypothetical scenarios representing a market context
specifically designed by the modeller. SP data are useful to
understand individual behaviour in the presence of new
alternatives, grasp the importance of difficult-to-measure
variables, and estimate substitution patterns among attri-
butes [2].

Most passive emerging mobility data can be considered
RP information. For instance, public transport smartcard
validations, GPS records, or speed sensors enable to capture
the current user’s behaviour. In contrast, depending on the
design, active online surveys allow to collect of both RP and
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SP data. (ese are rich sources to gather information about
mobility patterns, preferences, choices, and operational
indicators that can be used to improve the capabilities of
transport models. However, there are some challenges to
their widespread use, especially in the Global South ((e
term Global South was coined some years ago in the context
of the North-South divide. It is made up of Africa, Latin
America and the Caribbean, Pacific Islands, and the de-
veloping countries in Asia, including the Middle East. It is
generally seen as home to Brazil, India, Indonesia, and
China, which, along with Nigeria and Mexico, are the largest
Southern states in terms of land area and population (source
Wikipedia).) context where data availability and quality are
issues to address. Also, big data from passive sources lack the
multidimensional disaggregate information necessary to
construct robust transport models, and web-based surveys
require a comprehensive design to reduce the risk of re-
sponse bias due to the self-response nature of the experi-
ment. In this context, how to combine these different data
sources remains a challenge [3, 4]. (erefore, improvement
of transport model implementation in Global South cities
should be approached with care. Preferences and travel
choices are likely to be significantly different, and proper
adjustments are needed.

In this context, we formulate a mode choice model for
the city-region of Bogotá, considering the combination of
RP data built from a large household mobility survey, GIS
utilities and travel time data from Google, and an existing SP
survey. Furthermore, a special requirement for the model
was that it should eventually be integrated into a Land-Use
Interaction (LUTI) model, as part of a project to support
local and regional governments’ decision-making processes.
In this context, the capacity to forecast new alternatives is
crucial. (e paper aims to provide some methodological
insights into joining information from emerging data
sources with SP data based on the well-established data
enrichment paradigm [2], by means of a case study.

(e rest of the paper is organized as follows. Sections two
and three review the current literature and the benefits of
combining data of a different nature. Section four presents a
brief description of the case study. Section five discusses the
data enrichment approach and reviews the theoretical
framework for estimating discrete choice models with mixed
RP-SP data. Section six summarizes our modelling ap-
proach, and specifications, while Sections seven and eight
include the results, discussion, and conclusions.

2. Literature Review: Benefits of Mixing
SP-RP Data

(e spatial and temporal detail of information from
emerging data sources can be used to enrich conventional
transport data when modelling transport behaviour [4–7].
On the other hand, social media and web platforms might
enhance traditional data collection methods [8]. Some ap-
plications show that modern passive data from smartphones
and smartcards have been successfully used in the estimation
of disaggregate origin-destination matrices [9, 10]. Phone
call records can be used to analyze the relations between

social networks and travel behaviour [11], while the com-
bination of GPS data, location of points of interests, and
street view imagery have a great potential in the analysis and
prediction of active modes’ preferences [12, 13].

RP data are mainly collected through mobility surveys;
these require high-quality and precision standards when
their intended use is to model discrete choices [14], leading
to high data collection costs. Unfortunately, in Global South
cities, these costs may not fit the resources available for the
studies and the analysts tend to redefine the project ob-
jectives or settle for less detailed information. On the
contrary, SP data collection is usually cheaper because there
is no need to measure in detail the travel attributes of all
competing alternatives and sadly because the careful design
steps required to make it a trustworthy data source are
usually ignored ([14], Section 3). In fact, and paradoxically,
the tradition for SP studies in the Global South has been to
allocate scarce resources to the experimental design stage,
focusing mainly on the in-field data collection process,
leading to less-than-ideal quality data.

Money and time constraints are not the only issues about
RP and SP data when used as stand-alone sources. Usually,
RP data do not offer enough attribute-level variability for
specifying robust models for evaluation and forecasting.
Also, observed choices may be dominated by a few factors,
making it hard to assess the relevance of secondary or latent
attributes. Finally, it is very hard to evaluate the imple-
mentation of new alternatives and policies with RP data.
However, even though some SP data features allow to
overcome some of the disadvantages of RP data, the ap-
proach also has some downsides [2]. RP data may be
considered less flexible since they provide information re-
garding specific market conditions at a specific time. In
contrast, SP data may lack realism due to the artificiality of
the choice scenarios or, in many cases, a bad design. Also, SP
data can have errors due to respondent fatigue, policy re-
sponse bias (in the case of new alternatives), or self-selec-
tivity bias [15]. (is is, sadly, a recurring case in the Global
South, because authorities refuse to share detailed infor-
mation, or there is not adequate expertise to properly design
and conduct SP studies.

(e methods and benefits associated with combining RP
and SP data have been widely reviewed in the academic
literature [2, 16–20]. Besides, improvements in computa-
tional capabilities and the availability of extremely powerful
and sophisticated free software [21, 22] have fostered an
increase in the number of applications of this nature in
different contexts in the last years. Combining data sources
has proven to be adequate to analyze the disruptions of new
alternatives [23, 24] and to evaluate user preferences and
policy scenarios [25, 26]. Other applications can be found in
the context of air transport [27], and the joint modelling of
mode and departure time [28, 29], among others. (e
combination of data sources to estimate discrete choice
models has also been applied to evaluate the preference for
food products [30].

(ere is an academic consensus that both RP and SP data
have complementary strengths, so it is not surprising that
combining them may allow overcoming the difficulties of
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using either type of data alone, enhancing the modelling
process.(is is especially relevant considering the increasing
availability of new data sources with massive information
potential. Nevertheless, joint RP-SP models are not common
in practical real-world projects. Additionally, standard
practice to estimate and use mixed data models is inade-
quate, especially in less industrialised countries. (en, it
appears convenient to re-examine the use of this powerful
technique. Furthermore, there are still some methodological
questions associated with using pooled data models, in-
cluding which set of parameters should be used when
forecasting, and how to specify the model structure to
guarantee that the data enrichment process yields unbiased
results [31].

3. Combining RP and SP Data in Discrete
Choice Models

(e estimation of discrete choice models is based on random
utility theory. (is theory states that individuals associate a
utility to each available alternative and then choose the
option with the highest utility [32]. (e modeller, who is an
observer, assumes that the utility of alternative i for indi-
vidual q(Uiq) is equal to a systematic or measurable utility
(Viq) and a random component (εiq) capturing unobserved
preferences and any measurement errors, such that:

Uiq � Viq + εiq. (1)

(e systematic utility is usually taken as a linear com-
bination of attributes of the alternatives i and characteristics
of the individuals q(Xiq), each weighted by parameters (βiq)
to be estimated (marginal utilities), including a set of al-
ternative specific constants ASCi. Depending on the struc-
ture of the error components, diverse model specifications
can be derived. If the error is assumed to be independent and
identically distributed (IID) Extreme Value Type I, the
Multinomial Logit (MNL) model is derived and the prob-
ability of an individual choosing an alternative is given by
equation (2), where λ is a scale parameter associated with the
unknown standard deviation of the residuals εiq ([14],
Section 7):

Piq �
e
λViq


i
i�1 e

λVjq
. (2)

Other popular specifications are the Nested Logit (NL)
model and the Mixed Logit (ML) model [33]. (ese com-
plementary specifications allow relaxing the less realistic
assumptions of the MNL (independence and homoscedas-
ticity). In fact, the ML model permits to specify a general
covariance structure allowing to treat random taste het-
erogeneity ([14], Section 7). (is formulation is suitable to
deal with panel data, by varying the utility across individuals
according to a density function f(β | θ) conditioned on
population parameters θ, but fixing it over the repeated
observations of each individual. In this case, the uncondi-
tional probability of choosing an alternative by an individual
is given by equation (3), where Piqk is the same as in equation
(2) but for each repeated choice k. (is multidimensional

integral can be estimated using simulated maximum like-
lihood methods [33].

Piq � 



k

Piqkf(β|θ)dβ. (3)

(e combination of RP and SP data is grounded in the
data enrichment (DE) paradigm [2]. RP data bring infor-
mation related to the equilibrium and tradeoff in a particular
context, while the SP data help to expand the information
regarding tradeoffs in new scenarios. In other words, the
objective of combining RP and SP data is to overcome the
disadvantage of each type of information.(e benefits of this
procedure are improvements in the efficiency of preference
estimation, bias correction, and identification of preferences
for new alternatives [17].

If the DE paradigm fully applies, all attributes of the
utility functions of the mixed model, excluding the ASC,
should have the same parameters (i.e., all parameters are
common). However, typically this is not the case. In this
situation, we have partial data enrichment. Just one common
parameter is sufficient to combine the data from various
sources and the remaining coefficients are specific to each
data source. Parameters might not be common due to many
reasons, including measurement errors, correlations be-
tween attributes, or limited variability [2].

Since the standard deviations of the random components
of the utility functions in the RP and SP datasets are likely to
differ (the data have different measurement errors), a scale
parameter μ (equal to the ratio of the scale parameters
corresponding to each dataset in isolation, see equation (2))
needs to be estimated. Best practice recommends normal-
izing the scale factor of the RP data to one, so μ is effectively
equal to the scale parameter of the SP dataset ([14], Section
8). (is framework allows combining not only two but N
sources of information, where N−1 of these should be scaled
with respect to a reference fixed to one.

In the context of the partial DE paradigm, the modeller
should apply the following methodology to assess which
attributes are common to both domains ([14], Section 8.7):

(1) Estimate models using each dataset alone and obtain
the parameters of their respective utility functions.

(2) As the coefficient of a given attribute in the SP set
should be equal to the coefficient of this same at-
tribute in the RP set multiplied by the scale factor μ,
graph the estimated parameters in both environ-
ments on a scatterplot, and expect the points to fall in
an elliptical region close to the line that passes
through the origin with slope equal to μ.

(3) (e parameters falling relatively away from this el-
liptical zone might not be treated as common (as
their difference is real, not just a scaling issue).

(4) In some cases, nonsignificant parameters falling far
from the line might still be considered as common
(i.e., if their value is fixed, the model does not
change). For this reason, the DE paradigm should be
tested using a likelihood ratio test (equation (4)),
where LogLikelihood refers to the log-likelihood at
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convergence of the three models considered (i.e., the
joint RP-SP model, the RP-alone model, and the SP-
alone model), and LR distributes asymptotically χ2
with degrees of freedom equal to the number of

parameters assumed to be common minus one. (e
null hypothesis is that the common utility param-
eters are equal [2].

LR � −2 LogLikelihoodJoint RP−SP − LogLikelihoodRP − LogLikelihoodSP . (4)

4. The Case of Bogotá

Bogotá, the capital city of Colombia, has an urban area of
around 380 km2, with a population of 7.42 million people in
2018. (e population distribution is heterogeneous through
the territory, resulting in some inequities in access to op-
portunities [34]. Housing and economic constraints of low-
income households have historically led to informal set-
tlements (some later regularised), mainly in the southern
and western peripheries, away from the main employment
centers [35]. (e densest areas in the city, which can reach
average values up to 56,000 inhabitants/km2, are associated
with the poorest neighborhoods and lowest socioeconomic
strata (SES) (A housing classification system (into six cat-
egories, according to its physical characteristics), commonly
associated with income levels in Colombia [36]. SES 1 and 2
are identified with poverty and are mainly located in the
south. In the centre, middle classes predominate, while
higher SES households, considered rich, are mainly located
in the northeast of Bogotá).

(e average household size in Bogotá was 3.44 in 2015.
Most daily trips in the city were made by public transport
(39%) or active modes (35%). Specifically, the modal share
consisted of 31% walking trips, making it the most used
transport mode. Bogotá’s land-use patterns involve long
commuting trips, forcing low-income households (low-SES)
to make frequent complex multimodal trips, usually in-
cluding long travel distances, causing unequal accessibility
levels; therefore, tradeoffs between travel cost and travel time
are relevant for these segments [37].

For the last two decades, Bogotá has embarked on public
transport reforms aimed at improving and formalizing its
bus services. (ese efforts were initiated with the imple-
mentation of a BRT system in the year 2000 [38] and also
with the implementation of an integrated public transport
system (SITP by its acronym in Spanish). Recent policy
interventions consider the implementation of a regional rail
system, including the construction of the first metro line
connecting the southwest with the central business district.
(ese services should start operating within the current
decade. Also, a cable car line was implemented in 2018 to
provide an accessibility solution to a southern poor area.
Lastly, important efforts to expand cycling infrastructure
have been evident in the recent past [39].

Although public transport use remains high despite
increases in motorization and shifts in demand towards
walking and cycling, Bogotá faces several challenges re-
garding mobility [40]. (e modal share of public transport
has lost participation (from 57% in 2005 to 39% in 2015) but

still serves a big proportion of the travel demand in the city.
Of the current 14.9 million daily trips in Bogotá, 5.8 million
are made by public transport. If we focus on motorized trips,
the modal share of public transport reaches 61% of daily
travel demand.

Under this context, an update of the city’s Land-Use and
Transport model [41] is currently in progress.(is model is a
strategic model designed to simulate the dynamic interac-
tion processes between land-use and transport at an ag-
gregate level in Bogotá and its regions. (e model is being
updated to incorporate new areas and new transport modes
such as metro, regional trains, and active transport.(us, the
combined RP-SP model in this paper will be a crucial part of
the new strategic Land-Use and Transport model and used to
simulate the passenger travel demand on working days in
dynamic interaction with activity location models.

5. Data

For the analysis, we used two information sources. First, an
online SP survey was conducted during 2018; it was designed
by a local consultant firm contracted by the local authorities
in Bogotá. Second, an RP databank was constructed by the
authors, based on public trip information from the 2015
Bogotá Mobility Survey. We obtained trip characteristics for
the nonchosen alternatives from the Distance Matrix API of
Google (https://cloud.google.com/maps-platform). (e fol-
lowing sections present a more detailed description of each
dataset.

5.1. StatedPreference. (e SP data component was an online
survey with two sections. (e first included a series of
questions regarding individual socioeconomic data and trip
characteristics. (e socioeconomic attributes included age,
sex, income, education level, occupation, household size,
vehicle ownership, and SES. Trip characteristics included
information about trip origin and destination, trip purpose,
departure time, travel time, cost, and modes used in each
travel leg.

(e second section of the survey was a choice experiment
where each respondent faced eight hypothetical scenarios
where they had to choose between a set of transport modes
including car, motorcycle, bus, BRT (Transmilenio), bicycle,
regional train, and metro. All alternatives were described by
only two attributes: travel time and cost. Car and motorcycle
were available only if the respondent reported vehicle
ownership in the first section. Train and metro are new
alternatives; that is, they are not available at present in the
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city but are under design and expected to start operations
within the next decade.

(e sample size was estimated assuming a 5% error and a
confidence interval of 90%, considering a stratified sample
with four segments of the population according to SES (SES
1 and 2, SES 3 to 5, and SES 6). (e final sample size was
1,930 individuals with a total of 15,041 observations in the SP
dataset (Not everyone completed the eight choice scenar-
ios.). (e experimental design was allowed to vary according
to trip length (i.e., short, medium, and long) and transport
mode. (e online survey tool was programmed to calculate
travel distances from the origin and destination reported in
the first section, and then to present the SP choice situations
customized on the reported trip length. Trips less than
4.5 km long were considered short trips, while those longer
than 11.5 km were defined as long-distance trips (those
between 4.5 km and 11.5 km were considered medium
distance trips). (e survey instructions asked participants to
consider travel time and cost as representatives of the
conditions for the entire trip of each transport mode in the
experiment. Table 1 presents the attribute levels for each
version of the survey.

5.2. Revealed Preference. (e RP databank was developed to
complement the SP dataset and profit from the benefits of
combining both sources of information. We were interested
in estimating a model accounting for current transport
modes and new transport alternatives in the city. As an
important mode (walking) was excluded from the SP
component, applying a model estimated on SP data only
could lead to biased estimations of the potential mode
choices in a real context. Around 36.5% of the total daily
trips and 24.7% of the trips longer than 15min in Bogotá are
made on foot. Furthermore, Table 2 shows that train and
metro represented 62.3% of the total choices in the SP
dataset. (is aggregate modal share suggests that SP re-
sponses may be biased towards these new modes, so using
the SP data alone might not be appropriate.

(e RP dataset was constructed in two stages. First, we
selected a random sample of trips by zone ((e study area
was divided into 148 analysis zones) from the 2015 mobility
survey of Bogotá. (e number of sampled trips by zone was
proportional to the total number of trips originating in each
zone, so the final sample follows a similar spatial distribution
of origins to that observed in the mobility survey. (en, we
joined the trip information, the household characteristics,
and the individuals’ socioeconomic attributes from the
different components of the survey. (is procedure allowed
us to obtain a sample representing the modal shares similar
to the population.

From the 2015 Mobility Survey, we compiled the data
and chose the mode for each individual. (en, we computed
the trip attributes (i.e., cost and time) for the available al-
ternatives. Given that the dataset only included information
regarding the chosen mode, our first approximation to
impute trip attributes for the nonused alternatives was to
calculate the mean values reported in the survey by mode
between each origin and destination at the zone level.

Unfortunately, this turned out to be futile since the low
variability of the data did not allow to generate robust
enough travel times and costs matrices by mode ((e
seminal paper by Daly and Ortúzar [42] reported that while
using aggregate level of service, data at the zonal level was
inevitable in the case of destination choice modelling, and it
was essential to use disaggregate data, measured at the in-
dividual level (i.e., subject to less measurement error), in the
case of estimating appropriate mode choice models. Ribeiro
et al. [43] confirmed previous finding showing better
transport demand model estimates when using GPS mea-
surements instead of self-reported or simulated travel time
values). (erefore, we followed a different approach, where
attributes of all available alternatives were estimated with the
following procedure:

(1) We retrieved travel times and distances for car and
public transport from Google’s Distance Matrix API,
considering the departure time and the georefer-
enced origin and destination of each trip from the
mobility survey. Motorcycle travel time was equal to
the travel time by car multiplied by the ratio of their
average travel speeds according to the mobility
survey results. We estimated walking and bicycle
distances using GIS-based shortest path algorithms.
(en, we obtained travel times using the average
speeds for these modes from the mobility survey.

(2) We obtained travel costs for car and motorcycle
considering the distance and the average operational
costs (USD 0.20 and 0.05 per km, respectively) used
in the socioeconomic evaluation of the first metro

Table 1: Travel time and cost levels in the SP experiment.

Trip length Short Medium Long
Attribute Time Cost Time Cost Time Cost

Motorcycle
10 1.00 25 2.50 40 3.90
15 1.40 40 3.50 65 5.60
20 1.80 55 4.60 90 7.30

Car
20 2.20 20 5.70 45 9.10
30 3.20 30 8.10 75 13.00
20 4.20 50 10.50 105 16.90

Bus
25 1.40 55 1.40 60 1.40
40 2.00 40 2.00 100 2.00
55 2.60 70 2.60 140 2.60

BRT
20 1.60 40 1.60 40 1.60
30 2.30 30 2.30 70 2.30
40 3.00 50 3.00 100 3.00

Metro
20 1.60 40 1.60 35 1.60
30 2.30 25 2.30 55 2.30
40 3.00 45 3.00 75 3.00

Train
20 1.60 40 1.60 40 1.60
30 2.30 25 2.30 65 3.00
40 3.00 45 3.00 90 3.60

Bicycle
20

—
40

—
75

—30 45 75
40 75 105

Units: time in minutes and cost in thousand Colombian pesos (COP, at the
time of the survey; 1 US$� 2,956 COP).
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line in Bogotá. In the case of bus and BRT, the cost
corresponded to the official fares reported by the
operators. Walking and bicycle were assumed to
have no cost.

Regarding availability, car, motorcycle, and bicycle were
considered available if the individuals reported their own-
ership in the corresponding section of the mobility survey.
Walking was only permissible for trips shorter than 5 km,
and bicycle for trips shorter than 10 km. We defined these
thresholds by analyzing decay functions using scatterplots of
the number of trips by distance for each mode.

(e availability of bus and BRT needed some additional
considerations since the Distance Matrix API provides the
information aggregated as public transport in general, so it
was not possible to disaggregate it into these two alterna-
tives. (erefore, if the chosen transport mode for a trip was
bus (or BRT) according to the mobility survey, this mode
was the only public transport alternative available, and the
other was not. If the mode chosen for the trip was different
than public transport, BRTwas assumed to be available if the
distance to a BRT station from the origin was less than
600m. Bus was considered to be always available since that
subsystem covers the study area thoroughly.

Table 3 shows that the sample size of the RP component
was 6,221 individuals. (ere are some differences between
the distribution of the attributes on the SP and RP com-
ponents. (e SP dataset mainly comprises young adults of
medium-high income and tertiary studies, while the RP data
reflect the conditions of Bogotá better, with more significant
participation of low-income individuals. Note that all at-
tributes were coded as dummy variables to explore possible
heterogeneity according to population segments.

6. Model Formulation, Estimation, and Use

Figure 1 describes the procedure followed to formulate,
estimate, and use a combined RP-SPmodel.(is section also
presents the methodology designed to make a forecast with
the model in the framework of a strategic Land-Use and
Transport Interaction model in Bogotá.

(e modelling process started with the construction and
processing of the databanks. We coded the socioeconomic
attributes as dummy variables to test for the presence of
preference heterogeneity through interactions of these with

the ASC, travel time, and cost attributes (i.e., systematic taste
variations). We then estimated separate models for the RP
and SP components, checked which attributes could be
taken as common to both environments, and specified the
combined RP-SP model following the procedure described
in the previous section. We estimated the models using the
Apollo package [22], available in the R software.

(e models were assessed considering the expected
parameter signs, significance level, and overall goodness of
fit. In the case of the combined model, we tested the hy-
pothesis of common parameters using the likelihood ratio
test (equation (4)). Due to the pseudo-panel nature of the SP
data, the probability of this component is given by a multiple
integral (equation (3)), which allows for a correct treatment
of the repeated observations by each individual; in the case of
the RP component, the preferred specification turned out to
be an MNL.

We also examined the potential correlation among alter-
natives by estimating NL and ML structures as shown in
Figure 1. Specifically, we tested for correlations among private,
public, and nonmotorized transport alternatives. However, we
could not find reasonable pooled models when we included
correlation among alternatives. In particular, it was impossible
to obtain meaningful correlations among alternatives in the SP
component, and we believe this is a consequence of its ex-
perimental design and, in general, poor data collection process.
For example, in the choice experiment, individuals had to face
eight choice situations but all scenarios presented over five
alternatives simultaneously; on hindsight, we believe that this
had a nonnegligible impact on the respondent burden (im-
posing excessive cognitive load onto some respondents), di-
rectly damaging the quality of the responses [44].

In the case of the RP component, the difficulties asso-
ciated with obtaining significant correlations when pooling
the models could be due to potential measurement errors in
the process used to generate the trip characteristics of the
nonchosen alternatives. (ese issues highlight the impor-
tance of using good-quality data, investing time and money
in the survey design; they also serve to show the capabilities
of using data enrichment techniques when working with
data that are not of top quality (which is, unfortunately, the
case in many applications, particularly in the Global South).

Equation (5) shows the combined RP-SP model’s sys-
tematic utility function, and Table 4 presents the definition of
the variables finally used in it. (e function includes all

Table 2: Sample share of observed choices by dataset.

Mode
SP RP

Times
available

Percentage chosen
overall

Percentage chosen when
available

Times
available

Percentage chosen
overall

Percentage chosen when
available

Motorcycle 2,355 2.4 15.3 864 5.1 36.7
Car 882 5.4 10.3 1,851 14.8 49.7
BRT 15,041 9.6 9.6 2,675 17.5 40.8
Bus 15,041 9.2 9.2 4,119 31.4 47.4
Train 15,041 17.1 17.1 — — —
Metro 15,041 45.2 45.2 — — —
Bicycle 15,041 11.2 11.2 2,239 3.1 8.7
Walking — — — 3,101 28.1 56.3
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systematic taste variations ([14], page 279) found to be sig-
nificant in our specification searches, for cost (with occupation
and household size), time (with three levels of income, con-
sidering the medium level as a base), and the ASC (with sex in

the case of public transport). All parameters are common to all
alternatives, except sex which was considered specific and was
included only in the public transport alternative. (e car ASC
was taken as reference (i.e., fixed to zero).

Vi � ASCi + βc + βcNO ∗NO + βcHS ∗HS( ∗Ci + βt + βtLI ∗ LI + βtHI ∗HI( ∗Ti + βWi ∗W∗TP. (5)

Table 3: Summary of main attributes of the individuals included in each dataset.

Attribute Levels Description SP (%) RP (%)

Age

<22 Under 22 years 11.21 23.13
22–40 Between 22 and 40 years 62.79 33.27
40–62 Between 40 and 62 years 25.83 32.39
>62 Over 62 years 0.15 11.19

Socioeconomic strata (SES)
High SES 5-6 15.83 2.43

Medium SES 3-4 27.97 45.59
Low SES 1-2 56.19 51.99

Sex — Woman 37.09 47.20

Income
Low <COP 366,000 (USD 124) 18.18 52.15

Medium COP 366,000–COP 2,000,000 71.15 45.43
High <COP 2,000,000 (USD 678) 10.66 2.40

Education level
None (e individual did not finish high school 3.10 39.87

Secondary (e individual finished high school 12.42 35.19
Tertiary (e individual has higher education studies 87.26 24.93

Occupation: nonoccupied — No work or study 8.34 26.62
Household size — >3 45.96 51.57
Car availability — Yes 52.70 29.49
Motorcycle availability — Yes 15.62 13.72
Bicycle availability — Yes 33.62 36.58
Trip purpose — Work or study related 78.23 29.64
Sample size: individuals 1930 6221
Sample size: observations 15,041 6221

Read SP
data

Construct
RP

database

Model
formulation

Expected
results?

†

Estimate
the SP model

Estimate
the RP model

Estimate the
mixed SP-RP

model

Define a set
of generic

parameters

Expected
results?

†

No

Meets
LR test?

Scenario
forecasting

Adjust the set
of common
parameters?

No

No

No Yes

Yes

Yes

Yes

Figure 1: Modelling approach flowchart.
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In the combined model, we set the ASC to be specific to
each alternative and dataset because both environments
represented different market conditions and we could not
impose correspondence between each market’s sample
shares.

Figure 2 plots the parameter values from the separate RP
and SP models, and shows a line passing through the origin
that should approximate the scale ratio between both
datasets (recall that we normalized the scale parameter of the
RP data to one). Based on this plot and testing with the LR
index (equation (4)), we concluded that to be consistent with
the partial data enrichment paradigm, the structure of the
combined RP-SP model should have specific parameters for
cost and for the time interaction with low income in each
environment.

Now, even though the approach to define common
parameters in the combined model appears clear, some
considerations are in order. First, the procedure is visual, so
defining what falls outside the elliptic region of acceptance
(i.e., away from the line) is subjective. Further, the plotted
linear regression curve between both sets of parameters is
conditioned by the magnitude of the attributes, which is the
primary determinant of the values of the estimated pa-
rameters. For instance, the difference between the systematic
variations of time could not be visually identified because its
values were close to zero, so they might seem to be located
inside the elliptical region around the curve.

For this reason, we decided to evaluate the difference
between the SP and RP parameters analytically, considering
that their ratio should be close to the value of the slope of the
fitted line. A large divergence between this ratio and the
slope (i.e., the scale) suggests that the parameter is a can-
didate to be specific in each domain. (is procedure
complements the graphical evaluation for the definition of
common parameters.

Moreover, if this procedure and the graphical evaluation
suggest that a pair of parameters should be considered as
specific, but one of the estimates from any domain is not
significant at the chosen confidence level, the parameter
might still be defined as common. In this case, the estimate

for the nonsignificant domain is assumed to be equal to its
counterpart. However, to be consistent with the data en-
richment paradigm, this assumption must be validated by
the likelihood ratio test (equation (4)).

7. Results and Discussion

7.1.ModellingResults. Table 5 presents the estimation results
for the combined RP-SP model and the separate models
estimated using the RP and SP datasets alone. In both cases,
the SP component was modeled using an ML structure to
consider the pseudo-panel effect. Nonsignificant ASC are
not shown in the table (and recall that the ASC for car was
used as a reference, and fixed to zero in both environments).

Most parameters of the combined RP-SP model were
significant at the 95% confidence level, improving the
performance of the separate RP and SP models. (e in-
teractions of occupation with cost and of low-income with
travel time were nonsignificant in the RP environment. In
the first case, the parameter was defined as common; in the
second case, it was not possible to assume equal preference
with the SP environment since the specification results failed
the likelihood ratio test.

(e ASC of train and metro were significantly different
from zero in both cases, suggesting a higher preference for
these new alternatives—ceteris paribus—over the car. (ese
results are consistent with the sample shares of Table 3, and
may evidence a potential policy bias in the SP responses (i.e.,
some respondents could have been inclined to choose train
or metro because they were in favour of the implementation
of these new alternatives); note that the train and metro
projects have been in public discussion for decades and have
generated great expectations among the Bogotá population.

Note also that as the scale parameter μ turned out to be
not significantly different from one, we can deduce that the
error variance in both environments is rather similar. Fi-
nally, the value of the likelihood ratio test (equation (4)) is
8.79 for five degrees of freedom; this value has to be
compared with the critical χ2 value for a 95% confidence
level (11.07). As the LR value is smaller, we cannot reject the

Table 4: Description of parameters and attributes in the utility function.

Parameter Name Associated
attribute Associated attribute description Expected sign

βc Cost Ci Travel cost (×COP 1000) −

βcNO
Cost interaction: nonoccupied

individual NO Dummy that takes the value of 1 if the individual does not
work nor study NE

βcHS Cost interaction: household size HS Dummy that takes the value of 1 if the household size is
larger than 3 NE

βt Time Ti Travel time (min) −

βtLI Time interaction: low income LI Dummy that takes the value of 1 if income is less than
COP 366,000 (124 USD) +

βtHI Time interaction: high income HI Dummy that takes the value of 1 if income is over COP
2,000,000 (678 USD) −

βWi Women W Dummy that takes the value of 1 for women NE

Public transport PT Dummy that takes the value of 1 if the alternative is bus,
BRT, train, or metro NE

NE�no expectations.
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null hypothesis of the partial data enrichment paradigm (i.e.,
that the combined RP-SP specification is appropriate) at the
95% confidence level.

7.2. Subjective Values of Time. We estimated subjective
values of time (SVT) for the separate and combined models
[45, 46], considering all systematic taste variations for cost
and time (Table 6). We also computed confidence intervals
at the 95% level following Armstrong et al. [47].

In the separate SP model, the point estimates of the SVT
range between USD 1.3 and USD 18.1 per hour (COP 3,720
and 53,400, respectively), while in the RP model they only
vary between USD 2.1 and USD 6.8 per min (COP 6,240 and
COP 20,040, respectively). Apart from the fact that the
individuals in the SP dataset have higher income and higher
education than those in the RP set (see Table 3), the upper
value in the SP case is much higher. It might be related to a
potential bias related to the hypothetical nature of the choice
scenarios and the aforementioned deficiencies in the design

Table 5: Model estimation results.

Parameter
SP RP Mixed RP-SP

Estimates t-test Estimates t-test Estimates t-test
ASC train (SP) 0.941 5.52 — — 0.820 4.66
ASC metro (SP) 2.097 12.19 — — 1.919 8.37
ASC motorcycle (RP) — — −1.312 −12.30 −1.304 −12.26
ASC BRT (RP) — — −0.974 −10.37 −0.925 −10.48
ASC bicycle (RP) — — −2.409 −22.09 −2.424 −22.24
ASC walking (RP) — — 0.305 3.37 0.272 3.02
Cost (SP) −0.060 −3.28 — — −0.059 −3.61
Cost (RP) — — −0.145 −8.06 −0.141 −8.97
Cost interaction: nonoccupied −0.082 −1.94 −0.018 −0.80 −0.035 −1.89
Cost interaction: household size −0.055 −3.24 −0.058 −3.08 −0.055 −4.48
Time −0.025 −31.30 −0.025 −12.65 −0.024 −13.11
Time interaction: low income (SP) 0.012 10.31 — — 0.012 8.59
Time interaction: low income (RP) — — 0.002 1.03 0.001 0.55
Time interaction: high income −0.028 −11.46 −0.023 −2.99 −0.027 −8.87
Women: BRT −0.834 −5.23 −0.367 −3.26 −0.507 −5.64
Women: bus −0.899 −5.67 −0.599 −7.71 −0.649 −9.33
Women: train (SP) −0.994 −6.90 — — −0.815 −6.16
Women: metro (SP) −0.626 −4.70 — — −0.468 −4.09
Panel effect std. deviation 1.811 56.96 — — 1.723 12.42
µ — — — — 1.051 12.56
Log-likelihood −17,393.37 −3,960.05 −21,357.81
Adj. rho2 0.331 0.180 0.3076

Cost: nonoccupied

Time

Time: high
income

Time: low
income

Women: BRTWomen: bus

Cost

Cost: household
size

–1.0
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Figure 2: Comparison of potentially common parameters, SP vs. RP.
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of the SP experiment. Previous studies have estimated SVT
for Bogotá with an average value of USD 5.2 per hour (COP
15,480) [48], and for public transport and car users between
USD 1.4 and USD 5.5 per hour (COP 4,020 to COP 16,140,
respectively), depending on the level of crowding inside the
vehicle [49]. Although all point estimates fall inside the
confidence interval of the SVT for each segment, the in-
tervals for the RP environment have less variability.

7.3. Forecasting with the Models. Using a mixed data model
for forecasting purposes requires selecting the parameters
that will be used to estimate the probability of choosing each
alternative. If all attributes included in the mixed RP/SP
model are common, the forecasting process should not
involve particular problems in this sense, since the pa-
rameters are estimated using data from both environments.
However, if this is not the case and some parameters are
estimated separately (i.e., are specific) for each dataset, the
modeller needs to select which values should be used for
forecasting purposes.

Cherchi and Ortúzar [50] discussed the role of ASC
when forecasting with combined RP-SP models under the
light of reliability and model specification. (eir general
guidelines suggest that if there are no new alternatives, the
RP-ASC should be adjusted to the base year market shares. If
there are new alternatives, however, the SP-ASC may be
adjusted and used only if there is the certainty that the
dataset correctly represents the population market shares. If
this is not the case, or if the population market shares are
unknown, the estimation results might be used if the model
estimates satisfy the microeconomic and behavioural con-
ditions of the modelling framework, such as negative
marginal utilities for travel time and cost [50].

Likewise, if specific parameters for each environment are
estimated in the joint RP-SP model, to choose the most
appropriate values for forecasting purposes, the modeller
should prefer those that provide more reasonable and

consistent values (i.e., those that represent more appropri-
ately the observed behaviour of users and market shares).

In our case study, the ASC from the SP domain is ob-
viously incapable of reproducing the observed market shares
because of the existence of two new alternatives, namely,
metro and train (see Table 2). For this reason, we decided to
use the ASC from the RP environment for forecasting
purposes. However, for predicting scenarios where metro
and train are indeed available, there is no other option than
to rely on their ASC from the SP environment, which must
be scaled by the factor µ [2].

Regarding the specific parameters associated with
variables of the individual, mode, or trip, the most reliable
estimates should be selected based on signs, significance,
marginal rates of substitution, and how sensitive the
forecasting results are to each domain-specific parameter.
In this sense, willingness to pay and elasticities could be
validated with findings from similar studies and their
magnitudes contrasted in the light of the socioeconomic
characteristics of the study population. Different situations
might occur when forecasting with mixed RP-SP models, as
follows:

(i) If specific parameters to both domains have ade-
quate signs and significance, the RP parameters
should be preferred since they consider real market
situations.

(ii) If specific parameters for the same attribute are
estimated, but one is not significant or the sign is not
consistent with theory, the significant parameter
with the appropriate sign should be chosen, re-
gardless of the domain. As in the case of the ASC, if a
SP-specific parameter is selected for forecasting, it
should be scaled by µ as forecasting always refers to
the RP environment [50]. (is also applies if a
specific parameter is included in only one domain
and its marginal utility is consistent with micro-
economic and behavioural conditions.

Table 6: Subjective values of time (USD/hour).

Systematic variations SP model RP model
Mixed SP-RP model

SP-specific cost
parameter

RP-specific cost
parameter

Income Occupation Household size Point
est.

Confidence
interval∗

Point
est.

Confidence
interval∗

Point
est.

Confidence
interval∗

Point
est.

Confidence
interval∗

Low Occupied ≤3 4.2 2.6–10.1 3.2 2.8–4.7 3.6 2.3–7.5 1.6 1.1–2.2
Low Occupied >3 2.2 1.6–3.1 2.3 2.1–3.1 1.9 1.4–2.6 1.1 0.9–1.5
Low Nonoccupied ≤3 1.7 1.1–4.2 2.9 2.8–4.7 2.3 1.5–4.3 1.3 0.9–1.8
Low Nonoccupied >3 1.3 0.9–2.3 2.1 2.1–3.1 1.5 1.1–2.1 1.0 0.7–1.3
Medium Occupied ≤3 8.4 5.4–20.0 3.5 2.8–4.7 7.6 5.1–16.0 3.4 2.7–4.4
Medium Occupied >3 4.3 3.4–6.2 2.5 2.1–3.1 4.1 3.2–5.5 2.4 2.0–2.9
Medium Nonoccupied ≤3 3.5 2.2–8.8 3.1 2.8–4.7 4.9 3.3–9.2 2.7 2.1–3.6
Medium Nonoccupied >3 2.5 1.8–4.6 2.3 2.1–3.1 3.1 2.4–4.5 2.1 1.7–2.6
High Occupied ≤3 18.1 11.5–43.8 6.8 4.5–9.8 16.3 10.7–34.4 7.2 5.6–9.4
High Occupied >3 9.4 7.1–13.7 4.9 3.2–6.8 8.7 6.7–12.0 5.2 4.2–6.3
High Nonoccupied ≤3 7.6 4.7–19.2 6.0 4.5–9.8 10.4 7.0–19.9 5.8 4.4–7.7
High Nonoccupied >3 5.5 3.7–10.9 4.5 3.3–6.9 6.7 5.0–9.7 4.4 3.4–5.5
∗95% confidence interval.

10 Journal of Advanced Transportation



Following these considerations, Table 7 presents the
selection of parameters used for forecasting in this paper.

With this, the systematic utility functions used to
forecast the set of alternatives originally available in the

study area are shown in equations (6)–(11), while the
functions used to forecast the new alternatives, train and
metro, are given by equations (12) and (13).

VCar � (−0.141 − 0.035∗NO − 0.055∗HS)∗Ci

+(−0.024 + 0.012∗ 1.051∗ LI − 0.027∗HI)∗Ti,
(6)

VMotorcycle � −1.304 +(−0.141 − 0.035∗NO − 0.055∗HS)∗Ci

+(−0.024 + 0.012∗ 1.051∗ LI − 0.027∗HI)∗Ti,
(7)

VBus � (−0.141 − 0.035∗NO − 0.055∗HS)∗Ci

+(−0.024 + 0.012∗ 1.051∗ LI − 0.027∗HI)∗Ti +(−0.649∗W∗TP),
(8)

VBRT � −0.925 +(−0.141 − 0.035∗NO − 0.055∗HS)∗Ci

+(−0.024 + 0.012∗ 1.051∗ LI − 0.027∗HI)∗Ti +(−0.507∗W∗TP),
(9)

VBicycle � −2.424 +(−0.024 + 0.012∗ 1.051∗ LI − 0.027∗HI)∗Ti, (10)

VWalking � 0.272 +(−0.024 + 0.012∗ 1.051∗ LI − 0.027∗HI)∗Ti, (11)

VTrain � 0.820∗ 1.051 +(−0.141 − 0.035∗NO − 0.055∗HS)∗Ci

+(−0.024 + 0.012∗ 1.051∗ LI − 0.027∗HI)∗Ti +(−0.815∗ 1.051∗W∗TP),
(12)

VMetro � 1.919∗ 1.051 +(−0.141 − 0.035∗NO − 0.055∗HS)∗Ci

+(−0.024 + 0.012∗ 1.051∗ LI − 0.027∗HI)∗Ti +(−0.468∗ 1.051∗W∗TP).
(13)

We used the cost parameter from the RP domain in
forecasting, as we believe it represents more appropriately
the subjective valuation of time of users than the SP-
specific estimate. We also selected the specific parameter
for low income (interacting with time) from the SP en-
vironment, as the result from the RP domain was not
significant. Note that this parameter was tested as com-
mon but the results failed the likelihood ratio test. In
contrast, although the parameter for nonoccupied
(interacting with cost) was nonsignificant in the RP en-
vironment, assuming equal preference between domains
was consistent with the data enrichment paradigm, so the

parameter was specified as common. As mentioned above,
all SP-specific parameters used in forecasting need to be
scaled when passed to the RP environment, including the
interaction of low income with time, as well as the ASC
and gender parameters for the new alternatives, namely,
train and metro.

(e combined RP-SP model was used to forecast the
modal choice impacts of a set of transport projects in line
with the public plans for the Bogotá region. In particular, the
four following scenarios were simulated using the model,
together with data, individual information, and expansion
factors from the 2019 Mobility Survey.

Table 7: Parameter selection for forecasting.

Parameter Situation Considerations
Cost Specific to both domains (e RP-specific parameter was used
Cost interaction: nonoccupied Common —
Cost interaction: household size Common —
Time Common —
Time interaction: low income Specific to both domains (e SP-specific parameter was used and scaled
Time interaction: high income Common —
Women: BRT Common —
Women: bus Common —
Women: metro Specific to the SP domain (e parameter was used and scaled
Women: train Specific to the SP domain (e parameter was used and scaled
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(i) Scenario 1: business as usual (BAU): there is no
introduction of new transport systems, or the
construction of regional roads, or any important
infrastructure changes. (e BRT network remains
the same as in 2019.

(ii) Scenario 2: BRT expansion: this scenario includes
only new BRT lines (phases 4 and 5,148 new km in
total).

(iii) Scenario 3: new rail infrastructure: this scenario
includes the first metro line (23.4 km) and two
regional train corridors (48 km of the northern line
and 39.6 km of the western line). (e BRT network
remains the same as in 2019.

(iv) Scenario 4: all changes: new public transport
infrastructures from scenarios 2 and 3 (BRT
lines + rail) are implemented. Also, there is a new
regional road network [39].

(e simulation of scenarios that include the expansion
of the BRT system assumed an improvement of 10% in the
average travel time, giving new corridors and connections.
(e average speed of train and metro was assumed to be
30% higher than that of BRT, following the considerations
of the operational design of the railway corridors. (e
availability of these new alternatives was determined using
GIS utilities, depending on the proximity of a station to the
origin and destination zones of the trips considered. Note
that forecasts were developed considering the simplifying
assumption of unchanged road travel times due to modal
shifts.

Table 8 compares the current modal split in the city
(using the trip data from the 2019 Mobility Survey), with
the results of the simulations for all scenarios using the
combined SP-RP model. To run the simulations, the cost
and travel times of the available alternatives came from
the 2019 Mobility Survey, following a similar procedure to
that used to construct the RP databank as described
earlier.

As seen in Scenario 1, the SPmodel fails to reproduce the
market shares observed in the 2019 Mobility Survey,
overestimating the share of the bicycle. Since the SP data did
not include walking, the model assigns a significant portion
of walking trips to bicycle, since this is the most similar
alternative. Most of these trips correspond to short-distance
trips for which travel time is similar in all modes, so zero-
cost alternatives are preferred.

In contrast, the RP model yields better forecasts, since
the conditions of Bogotá’s urban and transport system
between 2015 and 2019 were similar. (ere is an over-
estimation of the BRT market share in the RP data
compared to the mobility survey and an underestimation
of the trips made on foot. One possible explanation for
the above is that our model does not consider some at-
tributes that may be important in mode choice, such as
safety and comfort. Another possibility is that some
people are willing to walk long distances in Bogotá rather
than using BRT, which may be highly attractive in the
model but not in reality due to affordability issues [37].
Nevertheless, the mixed RP/SP model provides a better
representation of the observed market shares and, more
importantly, it allows forecasting the impact of new al-
ternatives in the market. (erefore, building the RP
dataset using emerging sources allowed us to enrich the
full dataset available, improving the forecasting ability of
the choice model to evaluate nonexisting modes in future
scenarios.

In Scenario 2, results show an increase in the pref-
erence for BRT, which depends on the capacity of the
system to reduce travel times. (us, the expansion of the
BRT system implies an increase of about 3% in the market
share of this alternative, but its capacity to attract private
mode users is limited. In Scenario 3, the new rail infra-
structure attracts a significant proportion of travel de-
mand in the city and seems to be more capable to attract
car and motorcycle users. (is is related to the higher
preference ceteris paribus of these new modes compared
to BRT and bus, as can be inferred from the differences in
their ASC. After the implementation of all the new
projects (Scenario 4), a decrease in the market shares of
car, motorcycle, bus, and walking was expected, as trips
transferred to the new alternatives BRT, metro, and train.
It is noteworthy, here, that even though train and metro
are indeed the preferred alternatives among all user
segments, according to the model, as their spatial coverage
is limited, they can only capture a portion of the total daily
trips made.

In summary, considering that the model will be part of
a dynamic Land-Use and Transport model to evaluate
urban development scenarios, its forecasting capabilities
appear to be robust enough to predict the mode choice of
users in future market conditions and different normative
contexts.

Table 8: Market shares by scenario.

Alternative 2019 mobility survey modal split (%)
Scenario 1 Simulations RP/SP

RP (%) SP (%) Scenario 1 (%) Scenario 2 (%) Scenario 3 (%) Scenario 4 (%)
Car 13.2 13.0 9.8 13.0 12.3 9.5 9.1
Motorcycle 4.2 4.0 5.8 3.7 3.5 3.0 2.8
Bicycle 5.7 6.2 45.4 5.9 5.7 4.7 4.6
Walking 38.0 34.2 - 34.5 34.3 29.8 29.7
BRT 12.6 17.4 19.8 16.5 19.3 13.1 15.3
Bus 26.3 25.2 19.2 26.5 24.9 20.8 19.5
Metro — — — — — 12.1 12.0
Train — — — — — 7.1 6.9
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8. Conclusions

Based on a case study for the city of Bogotá, we have shown
that data from emerging sources can be integrated efficiently
through the data enrichment paradigm to improve the in-
formation required to make strategic forecast in scenarios
including new alternatives, policies, or changes that affect
existing market structures. However, the formulation and
estimation of pooled RP and SP models under this paradigm
is not a straightforward process, and requires a series of
considerations and technical steps that must be strictly
followed by modellers to obtain valid results.

In particular, our case study confirmed that in the search
for common parameters to both environments, and in the
definition of which should remain specific, the graphic
approach and likelihood ratio test proposed by Louviere
et al. [2] are, indeed, unavoidable steps. Nevertheless, the
outcome of the graphic approach is sensitive to the values of
the attributes considered and, if followed simply, depends on
a subjective visual interpretation. For this reason, we argue
that the graphic method needs an analytical evaluation of the
proportional differences in the values of the scaled pa-
rameters as estimated independently for each domain. We
also provide some guidelines on which domain-specific
parameters should be used for forecasting when the values
for a given policy variable turn out to be not common after
the joint estimation and the evaluation of the LR test.

Our case study involved estimating a joint model using
two sources of information: an online self-respondent SP
survey (unfortunately not carefully designed and, thus, of
dubious quality) and a RP dataset based on a large mobility
survey complemented by the use of secondary information
and GIS utilities, taking advantage of new technological
resources like the Google’s Distance Matrix API. (ese tools
provide a valuable resource to construct and complement
data for discrete choice models, and we encourage re-
searchers to look for these alternatives to enrich discrete
choice datasets.

(e combined RP-SP model proved to be a more robust
tool for travel behaviour analysis and forecasting than the
individual RP and SP models. Subjective values of time were
also estimated for the independent and combined models,
including confidence intervals, finding that the SP com-
ponent produced noncredible, high values in some cases and
wider confidence intervals compared to those obtained from
the RP domain (and other related time valuations available
for Bogotá). We tested the model for several policy scenarios
showing its practical value as a strategic mode choice model
to be integrated in a larger Land-Use and Transport In-
teraction model.

(e procedures and implications for forecasting with
mixed RP-SP models are still subject to study. In particular,
the potential existence of parameters with different values in
the RP and SP environments requires the modeller to
carefully select which estimates should be included in the
forecasting model; this requires considering their reliability,
consistency with microeconomic and behavioural theories,
and sensitivity in evaluation. In this line, the RP component
is generally useful to analyze real conditions of preference by

the users, while the SP component usually allows evaluating
a wider range of taste heterogeneity and substitution
patterns.

However, what to do in the case of new alternatives is still
a matter of discussion. Our findings suggest that using the
RP parameters for current alternatives provides a good
approximation to represent the population market shares.
However, for new alternatives, the specific estimates for the
SP domain need some caution and could be trusted only if
the results are consistent with microeconomic conditions
and if the predicted market shares are consistent with ra-
tional expectations. At this stage, the expertise and criteria of
the modeller, the evaluation of previous experiences, and the
availability of similar studies for comparison may play a vital
role in the interpretation of results.
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[14] J. d. D. Ortúzar and L. G. Willumsen, Modelling Transport,
Wiley, Chichester, UK, 2011.

[15] J. J. Bates, “Econometric issues in stated preference analysis,”
Journal of Transport Economics and Policy, vol. 22, no. 1,
pp. 59–69, 1988.

[16] M. Ben-Akiva, M. Bradley, T. Morikawa et al., “Combining
revealed and stated preferences data,” Marketing Letters,
vol. 5, no. 4, pp. 335–349, 1994.

[17] E. Cherchi and J. d. D. Ortúzar, “On the use of mixed RP/SP
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constants in the presence of new options in RP/SP models,”
Transportation Research Part A: Policy and Practice, vol. 40,
no. 1, pp. 1–18, 2006.

[21] M. A. Bierlaire, Short Introduction to Pandas, Biogeme,
Ascona, Switzerland, 2020.

[22] S. Hess and D. Palma, “Apollo: a flexible, powerful and
customisable freeware package for choice model estimation
and application,” Journal of Choice Modelling, vol. 32, Article
ID 100170, 2019.

[23] A. M. Pnevmatikou, M. G. Karlaftis, and K. Kepaptsoglou,
“Metro service disruptions: how do people choose to travel?”
Transportation, vol. 42, no. 6, pp. 933–949, 2015.

[24] X. Yan, J. Levine, and X. Zhao, “Integrating ridesourcing
services with public transit: an evaluation of traveler responses

combining revealed and stated preference data,” Trans-
portation Research Part C: Emerging Technologies, vol. 105,
pp. 683–696, 2019.

[25] W. Li and M. Kamargianni, “Providing quantified evidence to
policy makers for promoting bike-sharing in heavily air-
polluted cities: a mode choice model and policy simulation for
Taiyuan-China,” Transportation Research Part A: Policy and
Practice, vol. 111, pp. 277–291, 2018.

[26] Z. Rashedi, M. Mahmoud, S. Hasnine, and K. N. Habib, “On
the factors affecting the choice of regional transit for com-
muting in greater toronto and Hamilton area: application of
an advanced RP-SP choice model,” Transportation Research
Part A: Policy and Practice, vol. 105, pp. 1–13, 2017.
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