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Evaluating car-sharing switching rates from traditional transport

means through logit models and random forest classifiers

Positive impacts of car-sharing, such as reduction in car ownership, congestion,
vehicle-miles-travelled and greenhouse gas emissions, have been extensively
analysed. However these benefits are not fully effective if car-sharing subtracts
travel demand from existing sustainable modes. This paper aims to evaluate
substitution rates of car-sharing against private car and public transport using
Random Forest classifier and Binomial Logit Model. The models were calibrated
and validated on a Stated-preferences travel survey and applied on a Revealed-
preferences survey, both administered to a representative sample of the
population living in Turin (Italy). Results of the two models were compared
obtaining that the predictive power of both models is comparable, albeit logit
model tends to estimate predictions with higher reliability. Random Forest
produces higher positive switches towards car-sharing, however results from both
models suggest that the substitution rate of private car is almost five times than

the one of public transport, on average.

Keywords: car-sharing, data mining, mode choice, multimodality, sustainability,

travel demand

Introduction

Car-sharing is an innovative alternative transport system where members pay to use a
shared-vehicle (Martin and Shaheen 2011), which is provided and maintained by a
company or private individual (Dill, McNeil, and Howland 2019). Through this service
users can benefit from affordability (Zhou and Kockelman 2011), like public transport
(PT), flexibility and privacy (D. Efthymiou and Antoniou 2016), like a private car,
without bearing the costs and constraints of vehicle ownership (Kim, Rasouli, and

Timmermans 2017; Shaheen, Cohen, and Martin 2011). In part because of these



advantages, the use of car-sharing has spread throughout the world (Shaheen, Cohen,
and Chung 2010). In particular, in Italy, from 2015 to 2018, the number of car-sharing
rents per year increased by around 100% for free-floating and by about 50% for station-
based (Ciuffini et al. 2019).

Furthermore several authors analysed car-sharing impacts on congestion and
environment (Clewlow 2016). In particular, they reported that car-sharing reduces car
ownership (Ko, Ki, and Lee 2019; Martin and Shaheen 2016; Becker, Ciari, and
Axhausen 2018), parking space (Millard-Ball et al. 2005) and related congestion
(Dowling and Kent 2015), and vehicle-miles travelled (Martin and Shaheen 2016);
moreover, if shared-cars are electric vehicles (EVs), they contribute to decreasing
emissions from fossil fuels (Hu et al. 2018), even fostering the acceptance of private
EVs (Schliter and Weyer 2019). However the effectiveness of these positive impacts
depends on where car-sharing travel demand is originated (Chapleau, Gaudette, and
Spurr 2019; Heilig et al. 2017). Specifically, in order to take advantage of these positive
aspects, car-sharing should not subtract travel demand from existing sustainable modes
(e.g. active means and public transport). Therefore, understanding how car-sharing
might complement or substitute existing travel means is useful for both policy makers,
whose target is to promote sustainable travels, and car-sharing providers, who aim to
maximize the use of car-sharing.

Indeed, changes in travel demand after the introduction of car-sharing are often
reported (Clewlow 2016), in particular for public transport, even if existing results are
often contrasting (Ceccato and Diana 2019). Beyond previous works in which these
variations are observed in before-after scenarios (Shaheen, Cohen, and Chung 2010;
Ko, Ki, and Lee 2019; Martin and Shaheen 2016), some authors developed models to

forecast car-sharing potential demand, predicting both membership (D. Efthymiou and



Antoniou 2016; Costain, Ardron, and Habib 2012) and future trips (Rotaris, Danielis,
and Maltese 2019; Heilig et al. 2017). However many studies were focused on a
specific sample of the population (e.g. students (Rotaris, Danielis, and Maltese 2019)),
therefore results cannot be generalized. Moreover predicted demand were not analysed
considering which travel modes were previously used (El Zarwi, Vij, and Walker 2017;
Kim, Rasouli, and Timmermans 2017; Li et al. 2018), thus without identifying
substitution relationships. Finally, modelling results sometimes are not used to quantify
car-sharing impacts in a given scenario (Heilig et al. 2017; Costain, Ardron, and Habib
2012).

Unlike previous works, this paper aims to evaluate the car-sharing impacts on
travel demand by analysing the switch from different existing modes, in order to
identify and quantify the relationship of substitution between car-sharing and public and
private means. In particular, two models were calibrated on a Stated-preferences travel
survey administered to a representative sample of the population living in Turin (Italy).
Results are generalized and then applied to another dataset with real trips performed in
the same area, in order to quantify the number of trips that might be carried out on car-
sharing.

On a methodological viewpoint, several models have already been adopted to
evaluate mode choice of users in presence of car-sharing. Models based on Random
Utility Maximization theory has been extensively used (Chapleau, Gaudette, and Spurr
2019; F. Wang and Ross 2018; Tang, Xiong, and Zhang 2015; Sekhar, Minal, and
Madhu 2016), in particular multinomial logit (MNL) (Liang et al. 2018). However these
models require statistical and mathematical assumptions (X. Wang and Kim 2019; Chen
et al. 2018), such as independence of irrelevant alternatives (I11As) for MNL (Lindner,

Pitombo, and Cunha 2017; Chen et al. 2018; Liang et al. 2018); moreover correlations



among explanatory variables are to be considered a priori (Chapleau, Gaudette, and
Spurr 2019). Other models were developed to overcome these limitations (e.g. probit,
nested logit, mixed logit) (Xie, Lu, and Parkany 2007), even considering non-linear
relationships among variables (Lee, Derrible, and Pereira 2018). On the other hand
several data mining techniques were adopted to evaluate travel mode choice of users (F.
Wang and Ross 2018), such as Decision Tree (Lindner, Pitombo, and Cunha 2017; Xie,
Lu, and Parkany 2007; Tang, Xiong, and Zhang 2015; Sekhar, Minal, and Madhu
2016), Artificial Neural Network (Lee, Derrible, and Pereira 2018; Xie, Lu, and
Parkany 2007), Extreme Gradient Boosting (F. Wang and Ross 2018) and Support
Vector Machines (Hagenauer and Helbich 2017). Unlike traditional logit models, these
algorithms are more flexible (Chen et al. 2018; Tang, Xiong, and Zhang 2015; Xie, Lu,
and Parkany 2007), since they do not require any particular statistical assumption (X.
Wang and Kim 2019; F. Wang and Ross 2018), and in some cases were more accurate
than econometric methods (Hagenauer and Helbich 2017). Moreover they extract
significant patterns from input data (Hagenauer and Helbich 2017; Lindner, Pitombo,
and Cunha 2017; Xie, Lu, and Parkany 2007) and they can easily manage large
(Chapleau, Gaudette, and Spurr 2019) and unbalanced datasets (F. Wang and Ross
2018), like the one introduced in the following where only a tiny minority of
interviewees declared a propensity to switch to car-sharing. Nevertheless, they often
lack of interpretability (Waddell and Besharati-Zadeh 2019), without providing
traditional parameters, such as demand elasticity and Value Of Time, which are useful
for policy applications (Zhu et al. 2018).

Among different data mining techniques to model mode choice, Random Forest
(RF) (Breiman 2001) often produces the highest classification accuracy (Chapleau,

Gaudette, and Spurr 2019; Hagenauer and Helbich 2017). This algorithm has been



mainly used for classification purposes (B. Wang, Gao, and Juan 2018; Ermagun,
Rashidi, and Lari 2015; Liang et al. 2018; A. Efthymiou et al. 2019; Lee, Derrible, and
Pereira 2018; Chen et al. 2018; Hagenauer and Helbich 2017; Sekhar, Minal, and
Madhu 2016). On the other hand, few applications to forecast travel demand in
presence of car-sharing are reported (Toque et al. 2018; Waddell and Besharati-Zadeh
2019; Chapleau, Gaudette, and Spurr 2019). Unlike these works, in this paper a classical
logit and a RF models were calibrated and applied to estimate mode switch from
existing modes to car-sharing. Results from the two models are compared and then

applied to a real dataset of trips, in order to obtain the number of trips on car-sharing.

Field activities

The study area is the Turin Metropolitan Area, which includes the Turin Municipality,
with about 900.000 inhabitants, and the municipalities surrounding the city, with about
544.000 inhabitants. Two free-floating car-sharing operators provide services within an
operational area by using conventionally fuelled cars, whereas a third free floating
operator has a fully electric fleet with charging stations. Car-sharing can thus be with a
viable alternative to existing public and private modes, at least for trips within the
operational area that is similar to the three services and roughly covers 45% of the

surface of the Turin municipality (130 km?), where about 750.000 inhabitants live.

Stated-preferences dataset

The survey was administered to a representative sample of the population living in
Turin (4466 persons) and it collected socio-economic characteristics of the respondents,
their travel diary and activities carried out up to 24 hours before the interview. In
particular, locations were entered through Google Maps APIs to better estimate

distances covered by the reported transport mode. In the last part of the survey, Stated-



preferences experiments were carried out, where respondents had to express their
shifting propensity for a randomly selected trip chain from the travel mode it was used
to an alternative one (including car-sharing). Attributes of the current mode were
estimated by directly considering the trip characteristics reported by the interviewee,
whereas attributes of the alternative mode were evaluated using information on the trip
chain through Google Maps APIs, along with data from public transit operators, car-
sharing providers and fuel costs. In this way, questions were based on a real trip with
realistic attributes, increasing the realism and reliability of the answers. Respondents
had to answer using a 5-points scale ranging from “very unlikely” to “very likely” to
switch. A detailed description of the survey can be found in (Ceccato & Diana, 2019).
The same survey was administered through both CATI (Computer Assisted Web
Interviewing) and CAWI (Computer Assisted Telephone Interviewing) protocols 7 days
a week in three different 4-weeks periods (in 2016 and 2017). Given the aim of this
paper, only experiments in which the alternative mode is car-sharing are considered
here. Moreover only motorized trips performed by non car-sharing users living in the
Turin Municipality were considered, since the number of bike trips was low and it was
assumed that car-sharing cannot substitute walking trips. Finally, neutral answers were
discarded, thus obtaining 1050 observations, which were grouped in two alternative
answers: “stay with the current means” and “switch to car-sharing”. The sample is quite
unbalanced, since only 61 people took the switch option; the RF will therefore be used

beyond more commonplace econometric methods.

Revealed-preferences dataset

The Revealed-preferences survey was run in the cities of Milan and Turin between the
13th and the 28th of May 2019, as one of the activities of the European project STARS

(http://stars-h2020.eu/). The survey was aimed at understanding the differences between



car-sharing users and non-users in terms of mobility habits (e.g. frequency of usage of
different transport means, PT and bike sharing subscriptions), changing in car
ownership and in the use of different modes to perform within-city trips. Additionally,
interviewees were asked to provide information on the last trip performed with car-
sharing (users) or with any other mode (non-users). Detailed trip characteristics related
to the specific reported mode were derived from Google Maps API (e.g. distance, in-
vehicle and walking time, waiting time at transit stop), transit agencies and car-sharing
providers. Finally, socio-economic information at both the household (e.g. number of
members, workers, cars, income) and the individual (education, occupational status)
level were collected.

The survey was administered through both CAWI and CATI protocols to a
representative sample of licensed drivers living in the Municipality of Turin; the
weighted sample was stratified by gender and age to ensure representativeness. A total
of 1070 complete questionnaires were collected, 734 (68.5%) in the city of Milan and
336 (31.5%) in Turin; given our study area only the latter observations are considered in
the following. Additionally, since the aim of the paper is to investigate the switching
intention from the mode used to car-sharing in performing different within-city
motorized trips, only the 200 non-users interviews were considered.

Table 1 shows the main characteristics of the non-users sample both at
household and individual level. About 57% of interviews were collected through CATI,
the number of males and females is almost the same. The average age of the
interviewees is 52.4 years; the majority of the non-users has a mid-level education (56%
has a high school diploma) and works out of home (68.5%). The majority of households
have two members owning a driving license; the average household income ranges

between 2500€ and 3000€ per month. Most of these households have at their disposal



one car (47.5%). About 4 out of 10 persons interviewed have a PT subscription and 9%
of individuals are bike sharing members. Concerning the modal share, results showed
that most of the recorded trips were performed by car (about 65%), one third by PT
(35%)).

[Table 1 near here]

Method

Two alternative models were developed in order to understand variables affecting the
shift towards car-sharing and to predict the number of potential trips with this mode.
The first one is a binomial logit and the second one is a RF model, which were
estimated through Biogeme (Bierlaire, 2018) and RapidMiner (Hofmann &
Klinkenberg, 2013), respectively. The endogenous variable of both models has two
levels: “stay with the current means” and “switch to car-sharing” if the same trip had to
be performed in the future. Since one of the aims of the paper is to compare
performances and prediction results, both the models were calibrated, validated and
applied on the same Stated-preferences dataset and had the same specification (with
variables taken from the pool in Table 2), which considered trip attributes and socio-
economic characteristics both at household and individual level. In order to evaluate
models’ predictive accuracies the entire dataset was divided into two stratified random
samples: a training dataset with 70% of the observations and a testing dataset with the
remaining 30%. Then, the two estimated models were applied to a Revealed-preference
dataset carried out in the same study area.
[Table 2 near here]

Logit models are a standard method in travel demand studies and therefore they
are not formally introduced here (Ben-Akiva, Lerman, and Lerman 1985). On the other

hand, RF is a classifier that combines a set of many tree predictors (“forest”) (Breiman



2001; X. Wang and Kim 2019). Each tree is generated according to the following
procedure. From the training dataset, a sample is selected through the bootstrap method,
which minimizes model variance and avoids overfitting (X. Wang and Kim 2019). Then
the tree is built on this subsample. In particular, starting from the first node of the tree
and for each of the consecutive ones, the splitting into leaf nodes is performed
according to a defined criterion (e.g. Gini index) and considering only a random set of
explanatory variables; this approach is called bagging features technique (Toque et al.
2018) and it reduces the correlation among all the trees in the “forest”, generated by the
RF algorithm (X. Wang and Kim 2019). By applying this tree to the original training
dataset, each observation is classified, storing the results. Following this framework, a
specified number of trees are generated, obtaining many classification results for each
observation. Finally, using the majority voting strategy (Chen et al. 2018), the
classification outcome is obtained as the result that is predicted in most of the single

trees (Sekhar, Minal, and Madhu 2016).

Results and discussion

Models calibration

Binomial logit

Estimation results of binomial logit model are reported in Table 3.

Like in previous studies (Clewlow, 2016; Mishra et al., 2015), car-sharing is
adopted by households with high income (INCOME_AVG is positive) and with a low
number of cars per members owing a driving license (CARPERLICENCE is negative).
Furthermore coefficients related to monthly usage frequencies of other transport modes
are all positive (F_CAR, F_PT and F_BIKE), confirming that people with multimodal

travel habits are more willing to switch towards new transport solutions (Diana, 2010).



However, for the specific considered trip, car-sharing is less likely to substitute public
transport rather than private car (PT is negative). People reporting positive switch are
also bike sharing members (BIKE_SHARING), pointing out that the propensity to
sharing positively affects the use of other shared means.

All the coefficients of variables related to the occupational status (WOOH,
WAMH and RET) are negative, indicating that workers and retired people are less likely
to shift than students. Comparing the absolute values of these coefficients, as expected,
the willingness to switch is less negative for people working out of home, since they
need to perform more trips. Concerning the household composition, negative
coefficients of both HH_FAMNC and HH_COUPLE suggest that households with more
than one member have a lower propensity to switch toward car-sharing compared to
people living alone or without relatives (such as students).

Positive switch intentions are reported for trips performed during non working
days (NO_WORK_DAY is positive). Nevertheless there is no evidence that car-sharing
might be adopted for systematic or discretionary trips (HBO, HBW and NH are all
negatives). Finally mid-level of education (high school diploma) has a negative effect
(HS) and men tend to have a lower propensity to switch rather than women (GENDER
IS negative).

[Table 3 near here]

Random Forest

Unlike MNL, RF does not provide a readable output of model estimation parameters,
but only a measure of relative importance of variables. Figure 1 shows relative
importance measures of each explanatory variable, which was calculated as the total
amount of improvements that a variable provided at a node according to the splitting

criterion. As such, RF nicely complements the information that is provided by MNL and



helps in giving a more complete picture of the intertwined relationships between
predictors, both at the individual and at the trip level, and outcome. Since RF does not
consider different attributes for different alternative choices, differences of trip cost,
distance and time between car-sharing and the revealed current mode were computed.

Observing Figure 1 one can note that the most important variables are socio-
economic characteristics of household and individual, travel habits and trip attributes. In
particular, age, income and education level of the respondent are in line with previous
works (Rotaris, Danielis, and Maltese 2019). Moreover monthly use frequency of PT
and private car, as well as differences in cost and duration of trips have a great impact
on car-sharing adoption.

Comparing the variable significance values of binomial logit in Table 3 and the
RF importance ranking in Figure 1, frequency of private car, income and cost are
among the most important parameters in both models. However, other variables, like
age and occupational status, play different roles on the outcomes of the two models,
which might be due to the linear formulation of the MNL systematic utility or to the
unbalanced sample.

[Figure 1 near here]

Models validation

In order to have a comparison between the two calibrated models, performance
measures were estimated and summarized in Table 4. Overall binomial logit and RF
have similar performances in terms of model accuracy and classification error.
However, due to the unbalanced prediction classes, recall and precision were analysed.
Considering these indicators, binomial logit still has the highest performances except
for the recall of “SWITCH” class.

[Table 4 near here]



Trip-level switching probabilities

By applying both models to the Revealed-preferences dataset, switching probabilities
towards car-sharing were obtained for each reported trip. In order to estimate the
substitution rate of car-sharing respect to existing travel modes, trips were grouped
according to the current reported mode. However only motorized means were
considered (private car, public transport), since analysing data it was observed that
nobody selected car-sharing as an alternative to walking. In order to evaluate the
substitution ratio of car-sharing respect to existing modes, percentage of positive
switches among trips performed with a specific mode, considering different switching
probability lower thresholds obtained with binomial logit and RF, are respectively
reported in Figure 2 and Figure 3. For the sake of visualization only results with a
threshold greater than 50% (thus switching is more likely than staying with the current
mode) are shown.

As expected, both the figures below show that generally if the threshold
increases, the switching rate decrease for all the modes and is never above 7%,
confirming the general inertia to keep on using their current mode. However in Figure 2
there is a slight increase in the switching rate of car trips between the threshold of 75%
and 85%, since in this range the number of positive switches is constant while the
number of negative switches decreases. Furthermore in both the outputs, switching rates
for car trips are greater than the ones for public transport trips, confirming that car-
sharing is more likely to substitute private car rather than transit. However, binomial
logit produces positive switches up to 95% of probability, whereas RF up to 60%,

suggesting that logit model tends to estimate predictions with higher reliability.



In addition, comparing the number of trips with positive switch for car and
transit, it was estimated that the substitution rate of private car is almost five times than
the one of public transport, on average.

[Figure 2 near here]
[Figure 3 near here]

In order to estimate the total number of trips which might be performed on car-
sharing and to compare them with the actual number of trips carried out by inhabitants in
the study area, estimated results of both the models were expanded to the trip universe of
Turin. These results are summarized in Table 5 considering different used modes.
Observing this table one can note that the two models provided different outcomes, in
particular RF produces a number of trips on car-sharing higher than the one of binomial
logit, even if both models predict a higher number of car trips substituted by car-sharing
rather than public transport trips.

[Table 5 near here]

Conclusions

In this paper two models were developed to predict the number of potential trips on car-
sharing considering the travel mode that this new service is likely to substitute.

In particular, a classical binomial logit model and a Random Forest (RF)
classifier were calibrated and validated on a Stated-preferences travel survey, and then
applied to a Revealed-preferences travel survey. Both surveys were administered in
Turin, Italy. In this way, the switching propensity towards car-sharing was estimated
and then expanded to the whole universe of population and trips.

Models performances and results were compared. Performance indicators show
that binomial logit and RF have similar predictive power. However, only the former

provides a deep understanding of the effect of explanatory variables. In particular, this



model confirms that car-sharing is adopted by households with high income and with a
low number of cars per members owning a driving license. Furthermore, results point
out that people with multimodal travel habits are more willing to switch towards new
transport solutions, even if for the analysed trips, car-sharing is less likely to substitute
public transport rather than private car. The average effect of exogenous variables in the
RF model is simply ranked considering their importance. The analysis shows that the
some of the most important variables are those with high significance values in the
binomial logit model. Moreover, binomial logit produces positive switches up to 95% of
switching probability, whereas RF up to 60%, suggesting that logit model tends to
estimate predictions with higher reliability.

Car-sharing potential trips were analysed considering switching probabilities
provided by both models. Results of both models indicate that car-sharing substitution
rates of private car are greater than the ones of public transport. In particular, the
substitution rate of private car is almost five times than the one of public transport, on
average. Nevertheless, binomial logit predicts lower shifting values with higher
probabilities rather than RF. Overall, the former model estimates that car-sharing might
substitute about 20% of car trips and 12% of public transport trips, whereas the latter
predicts 36% and 33%, respectively.

Results are helpful for policy makers to understand how car-sharing might

substitute existing motorized travel means.
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Tables

Table 1. Demographic characteristics of the sample

Individual characteristics N (%) Household characteristics N (%)
Type of interview Household members
CAWI 114 57.0% 1 29 145%
CATI 86 43.0% 2 70 35.0%
Gender 3 54 27.0%
Male 97 48.5% 4 44 22.0%
Female 103 51.5% More than 4 3 15%
Age Household children
18-24 10 5.0% 0 117 58.5%
25-29 9 45% 1 38 19.0%
30-34 11 55% 2 39 19.5%
35-44 25 12.5% More than 2 6 3.0%
45-54 41 20.5% Driving licences
55-64 43 21.5% 1 50 25.0%
65-74 55 27.5% 2 112 56.0%
More than 75 6 3.0% 3 29 145%
Education level More than 3 9 45%
Not high school graduate 23 11.5% Household cars
High school graduate 112 56.0% 0 8 4.0%
Degree or Ph.D. 65 32.5% 1 95 47.5%
Occupational status 2 81 40.5%
Work out of home 137 68.5% 3 or more 16 8.0%
Work at home 16 8.0% Household income [€/month]
Student 9 45% Less than 1000 17  8.5%
Retired 32 16.0% 1000-1500 28 14.0%
Unemployed 6 3.0% 1500-2000 28 14.0%
PT subscription 2000-2500 33 16.5%



Yes
No

Bike sharing subscription
Yes

No

80

120

18

182

40.0%

60.0%

9.0%

91.0%

2500-3000
3000-4000
4000-5000
5000-10,000

More than 10,000

39 19.5%

26 13.0%

12 6.0%

9 45%

8 4.0%




Table 2. Candidate exogenous variables

Variable Description Type Level
AGE Age Metric Individual
BASE_COST Current mode trip cost [€] Metric Trip
BASE_DIST Current mode trip distance [m] Metric Trip
BASE_DUR Current mode trip duration [min] Metric Trip
BASE_LEG Current mode trip legs Metric Trip
BASE_WAIT Current mode waiting time [min] Metric Trip
BASE_WALK_DIST Current mode walking distance [m] Metric Trip
BASE_WALK_DUR Current mode walking duration [min] Metric Trip
BIKE_SHARING Bike sharing subscription Categorical  Individual
(Y: yes, N: no)
CARPERLICENCE Number of cars per driving licences Metric Household
CS_COosT Car-sharing trip cost [€] Metric Trip
CS_DIST Car-sharing trip distance [m] Metric Trip
CS_DUR Car-sharing trip duration [min] Metric Trip
CS_LEG Car-sharing trip legs Metric Trip
CS_WAIT Car-sharing waiting time [min] Metric Trip
CS_WALK_DIST Car-sharing walking distance [m] Metric Trip
CS_WALK_DUR Car-sharing walking duration [min] Metric Trip
Difference between CS_COST and
DELTA _COST Metric Trip
BASE_COST [€]
Difference between CS_DIST and
DELTA_DIST Metric Trip
BASE_DIST [m]
Difference between CS_DUR and
DELTA_DUR Metric Trip
BASE_DUR [min]
Difference between CS_LEG and
DELTA_LEG Metric Trip
BASE_LEG
Difference between CS_WAIT and
DELTA_WAIT Metric Trip

BASE_WAIT [min]



DELTA_WALK_DIST

DELTA_WALK_DUR

EDUCATION

EMPLOYEMENT_AGGR

F BIKE
F BS
F CAR
FPT

GENDER

HH_CAR
HH_CHILDREN_U
HH_DRIVLICENCE

HH_SIZE

Difference between CS_WALK_DIST

Metric
and BASE_WALK_DIST [m]
Difference between CS_ WALK_DUR
Metric

and BASE_WALK_DUR [min]
Level of education Categorical

(NE: no education, PRIM: primary

school diploma, SEC: secondary

school diploma, HS: high school

diploma, UNI: university degree,

master or Ph.D.)
Job status Categorical

(RET: retired, STN: student, UNE:

unemployed, WAH: work at home,

WOOH: work out of home)
Bike monthly use frequency Metric
Bike sharing monthly use frequency Metric
Car monthly use frequency Metric
Public transit monthly use frequency Metric
Gender Categorical

(M: male, F: female)
Number of cars Metric
Number of children (<18 years) Metric
Number of driving licences Metric
Number of members Categorical

(HH_SINGLE: one member,
HH_COUPLE: two members,
HH_FAM: household with less than
six members and with underaged
children, HH_FAMNC: household

with less than six members and no

Trip

Trip

Individual

Household

Individual
Individual
Individual
Individual

Individual

Household
Household
Household

Household



HH_WORKERS

INCOME_AVG

MODE_USED

NO_WORK_DAY

PT_SEASON_TICKET

TRIP_PURP

ZTL_TO_AP

children, HH_BIG: household with
more than five members)
Number of workers
Average monthly income [1000€]
Current mode used
(CAR: private car as a
driver/passenger, PT: public transit)
Holiday
(Y: yes, N: no)
Public transit pass
(Y: yes, N: no)
Trip purpose
(HBW: home-based work, HBEd:
home-based education, HBO: home-
based other, NH: non home-based)
Destination within a limited traffic zone

(Y: yes, N: no)

Metric

Metric

Categorical

Categorical

Categorical

Categorical

Categorical

Household

Household

Trip

Trip

Individual

Trip

Trip




Table 3. Binomial logit estimation for switching intention

Name Value Std err t-test p-value
F_CAR 0.038 0.0102 3.77 0.000 ***
RET (ref. STN) -0.994 0.2920 -3.41 0.001 ***
CS_COST -0.352 0.1130 -3.13 0.002 **
INCOME_AVG 0.238 0.0782 3.04 0.002 **
HBO (ref. HBEd) -0.927 0.3540 -2.62 0.009 **
PT (ref. CAR) -0.569 0.2180 -2.61 0.009 **
WAH (ref. STN) -0.799 0.3060 -2.61 0.009 **
HH_FAMNC (ref. HH_SINGLE) -0.504 0.2090 -2.41 0.016 *
NO_WORK_DAY (ref. N) 0.584 0.2470 2.37 0.018 *
F PT 0.015 0.0067 2.32 0.021 *
HS (ref. NE) -0.328 0.1440 -2.27 0.023 *
BASE_COST -0.244 0.1100 -2.23 0.026 *
WOOH (ref. STN) -0.583 0.2660 -2.19 0.029 *
HBW (ref. HBEd) -0.788 0.3610 -2.18 0.029 *
F_BIKE 0.033 0.0154 2.13 0.033 *
CARPERLICENCE -0.493 0.2780 -1.78 0.076 ¥
NH (ref. HBEd) -0.783 0.4420 -1.77 0.076 +
BIKE_SHARING (ref. N) 0.975 0.5640 1.73 0.084 ¥
GENDER (ref. F) -0.246 0.1430 -1.72 0.086 T
HH_COUPLE (ref. HH_SINGLE) -0.304 0.1780 -1.71 0.087 ¥

Significance codes: *** p< (0.001; ** p< 0.01; * p< 0.05; } p<0.10

Statistics
Sample size:
Init log likelihood:

Final log likelihood:

Likelihood ratio test for the init. model:

Rho-square for the init. model:

1050

-898.32

-646.30

504.04

0.281



Rho-square-bar for the init. model:
Akaike Information Criterion:

Bayesian Information Criterion:

0.258

1332.60

1435.94

Table 4. Validation performance measures of binomial logit and RF

Performance measure  Class

Binomial Logit Random Forest

Cohen's kappa -
Accuracy -

Classification error -

Recall Switch
NoSwitch

Precision Switch
NoSwitch

0.124 0.146
75.1% 75.0%
24.9% 25.0%
12.2% 15.7%
96.9% 95.5%
58.1% 54.8%
76.1% 76.6%

Table 5. Number of trips switched and not switched (row percentage in brackets)

Binomial logit

Random Forest

Switch NoSwitch Switch NoSwitch Total
CAR 88020 (20%) 355384 (80%) 161699 (36%) 281706 (64%) 443405 (100%)
PT 27230 (12%) 208925 (88%) 77686 (33%) 158469 (67%) 236155 (100%)

Total 115250 (17%) 564309 (83%)

239385 (35%) 440175 (65%)

679559 (100%)
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