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Abstract
The introduction of innovative mobility services such
as car sharing leads to changes in travel habits of
users, inducing a shift of travel demand from
existing travel modes. An analysis of such changes
should be carried out in order to promote car
sharing, while managing travel demand effectively.
In particular, policies should be developed to induce
the switch only from private modes, like private car,
avoiding the shift from public transport and active
modes. In order to reach this aim, data from a
mobility survey carried out in the Turin
Metropolitan area (Italy) were used to study modal
choices. In particular, Decision Trees were adopted
to complement the analyses following an econometric
approach. One decision tree was estimated for each
mode used by respondents in a specific trip under
consideration, in order to identify trip attributes that
might affect the intention to switch to car sharing. In
this way, threshold values of each variable that
entice a modal shift are mode-specific, thus better
informing policies aimed at maximizing the social
benefit of car sharing.
Keywords: stated preferences; travel surveys; travel
demand; car sharing; SMOTE technique.

1 Introduction
After the introduction of car sharing, changes in travel
habits of users are often reported [1], both considering
private and public transport modes. Potentially car
sharing has several advantages, including the reduction
of car ownership [2] and vehicle miles traveled [3],
which contribute to decrease carbon emissions and
energy consumption [3,4], the diffusion of electric
vehicles [5] and an increase of the user’s attitude to
combine different travel means [1]. However, in order

to take advantage of these positive aspects in a suitable
and effective way, authorities have to carry out policies
to promote car sharing, avoiding competition with
existing sustainable modes (i.e. active modes and public
transport) [5], but complementing them. Hence, policies
should be targeted in order to shift travel demand from
private modes to car sharing [6]. In order to reach this
aim, this paper analyses factors affecting the choice to
switch to car sharing, developing separate models for
each currently adopted mode. In this way, the use of car
sharing can be promoted or avoided by varying modespecific factors.
Several authors identified variables affecting the
choice to use car sharing, even if their effects varied
according to the specific area of analysis. Concerning
socio-economic variables of travelers, car sharing
adopters tent to be young [7], with higher employment
rate [8], more educated [9], living in households with
higher income [1] and fewer cars [10]. Other authors
also considered household size [11] and composition
[12], the number of owned bikes [13], and spatial
information, such as working location [8] and the
presence of private parking near home [6]. Moreover,
characteristics of a specific trip performed by car
sharing were used: cost [14], travel time and distance
from the nearest vehicle [15], walking time to reach the
car [12], parking cost [13], trip purpose [16], weather
conditions [15] and potential alternative modes [6].
Finally, several authors adopted variables related to
travel habits, such as usage frequencies of car [12],
public transport and other non-motorized modes [1], and
related to personal believes, like environmental
awareness [11].
In this paper, we aim at studying which kinds of
trips are more conducive to a shift from a given travel
means to car sharing. Therefore, compared to the abovereviewed papers, only variables related to trip attributes
were selected (such as travel time, distance and cost of
car sharing trips), since policy makers can at least partly
manage them, in order to promote or not the shift to car
sharing. In particular, interventions to reduce travel time
can be carried out, for example, by giving free access to
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public transit reserved lanes. Moreover, the walking
time to reach the nearest vehicle can be decreased by
supplying a large number of shared vehicles. Lastly,
policy makers can also influence car sharing fares by
providing financial support (subsidies or tax cuts) [17].
The related research question is to understand to which
extent car sharing must outperform existing systems to
induce a switch. On the other hand, socio-economic
variables were not considered, since they are in general
out of control. In order to understand and simulate travel
behavior of users, starting from the work of McFadden
[18], models based on random utility maximization
theory have been extensively used [19,20], in particular
multinomial logit [21–24] (MNL). These models are
based on some statistical and mathematical assumptions
on data used to calibrate them [20,25]. For instance,
MNL requires independence of irrelevant alternatives
(IIAs) [19,22,24–26], i.e. the effect of attributes are
compensatory [20,22]. Several models were developed
in order to overcome these limitations, such as probit
models [27]. Furthermore, in order to introduce
correlation effects among alternatives, nested logit,
cross-nested logit, ordered generalized extreme values
and mixed logit models were implemented [28].
A different approach to analyze data to model mode
choice of users is data mining. In transportation
analysis, data mining techniques were mostly used to
reproduce existing scenarios [29,30], modelling users’
choice based on current conditions and options [20,31].
However, in this paper, exogenous variables in the
model are related to a hypothetical future scenario, thus
enhancing the predictive power of the adopted data
mining approach. Like traditional mode choice models,
that are based on random utility maximization theory,
data mining techniques were used to predict future
travel behavior of users, and in particular, mode choices
of travelers [32]. Following this approach, mode choice
can be defined as a pattern recognition task in which
multiple behavioral attributes described by explanatory
variables determine the prediction of the choice among
different alternatives [22,32]. Therefore, data mining
approach can be adopted for modal analysis and
prediction.
Unlike other methods, data mining techniques do
not require any statistical and mathematical assumption
on data structure [19,31,33,34]. Furthermore, they have
a flexible structure [19,20,22,35,36], extracting
significant patterns from the dataset and leading to a
deeper understanding of relationship among explanatory
variables [19,20,22,24–26,30,34,35]. Moreover, they
can be applied to large databases [28], even with high
unbalanced data [36]. On the other hand, results that are
quite useful for planning and forecasting purposes and
that are commonly derived through an econometric
approach, such as the Value Of Time and demand

elasticities, cannot be obtained from such techniques,
which are very sensitive to training data [28].
Furthermore they often lack of interpretability, indeed
they tend to focus more on predictive accuracy rather
than on counterfactual analysis [37]. Nevertheless,
recently, some authors were able to extract interpretable
economic information, such as elasticities, using a data
mining approach [38].
Among different data mining techniques, Decision
Trees were adopted to model mode choice of users
[19,39,40]. Decision Tree is a classification method [41]
that, trained on a base dataset, reproduces existing
relationship between dependent and independent
variables [24,30], without estimating any parameters
[30]. Moreover, the general structure of the algorithm
simulates the cognitive and decisional process of users
[33,42,43]. In this sense, Decision Tree can be
considered as a function that uses a vector of attributes
as an input variable, and it returns a decision value, after
a series of tests [26,44]. Therefore, unlike traditional
econometric theory-based models, this method directly
extracts information from data, with different
assumptions and interpretability, thus contributing to the
analysis and interpretation of travel behavior from a
different perspective.
In details, Decision Tree considers both continuous
and categorical variables [22,26], it evaluates the mixed
effect of more than one variable [25], and it produces a
visual representation of results to understand of the
effect of explanatory variables on the travel behavior of
users [19,20,26,34].
Several authors applied Decision Trees as a mode
choice model [39,45], embedding them in a 4-step [35]
or activity-based model [40]. Other authors used
Decision Trees as a part of a more extensive mode
choice model, to define groups of people with
homogeneous travel behaviors [31] or to identify the
most important variables for further analysis [32].
However, to the best of authors’ knowledge, the use of a
Decision Tree to define variables affecting car sharing
adoption is very limited. In particular, only Wang et al.
[46] adopted a Hierarchical Tree-based Regression to
identify the most important socio-economic attributes
and trip characteristics of users that might affect the
choice to adopt a car sharing electric vehicle. However,
they did not consider the mode that was previously
adopted by users. Moreover, data used to calibrate the
model were obtained from individuals that were not
representative of the overall population of the study
area.
Unlike previous works, in this paper, Decision
Trees were estimated to select trips attributes that might
affect the choice to perform a trip on car sharing,
diversifying the analysis according to the mode
currently adopted by users, in order to consider the
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effects of the original means. One of the most
interesting results is that trip attributes are also ranked
according to their importance in determining the modal
shift. Decision Trees were calibrated using data from a
mobility survey administered to a representative sample
of the population living in the study area; therefore,
results are reliable and can be effectively extended to
the universe of users, in order to have a sound basis for
policy makers to target mode-specific interventions to
promote car sharing.

paper, Decision Trees were generated adopting the
following parameters values (Table 1).

2 Method and data

Decision Trees were calibrated and validated using
data from a mobility survey carried out in the Turin
metropolitan area, which includes the Municipality of
Turin, with about 800,000 inhabitants and 23 traffic
analysis zones, and the municipalities surrounding the
city, with about 544,000 inhabitants and 31 traffic
analysis zones. The Turin area has 6736 inhabitants per
square kilometer. About 20% of the trips are performed
during the morning peak period (from 8 to 10 o’clock)
and about 23% during the evening peak period (from 16
to 19 o’clock). Moreover, most of the trips are unimodal
trips (93%). About 48% of trips are performed by
private car, 24% by public transport, 23% on walking
and by bike, 3% by motorbike and 2% by taxi. The
public transport ticket cost is 1.70€ for the urban area;
the car sharing fare depends on the operator, and it is
about 0.21 €/min, on average. The survey was
administered to a representative sample of the
population living in the study area. This sample was
obtained through a stratified random sample technique,
where strata were created according to gender, age,
occupational status and traffic analysis zone where the
individual lives.
The survey was structured through the following
sections:
1. A brief introduction with preliminary
screening
questions
(gender,
age,
occupation and zone) to understand which
stratum the interviewee belongs to;
2. A travel diary and related activity patterns
spanning over the 24 hours before the
interview. Activity locations were entered
and geocoded through Google Maps APIs,
in order to better estimate duration of
activities, travel times and covered
distances, considering the specific
transport modes used to reach each place;
3. Detailed questions (e.g. travel times with
all means, walk and wait times, travel
contingencies, info on vehicles, on-trip
activities, and attitudinal questions) were
posed about a randomly selected trip
chain, among those reported by the

A Decision Tree is a tree-like classification model,
which predicts the value of a target attribute based on
input attributes. The output is a graph containing
different layers of nodes, where the first one is the root
node, which is split into leaves nodes. Each internal
node corresponds to a specific attribute, whereas
terminal leaves define the predicted class. The value of
the class is defined by the values of input attributes
following the path from the root node to the leaf.
Among different algorithms to build a Decision
Tree, in this paper, the C4.5 algorithm was adopted
[47], since it can produce more than two branches for
each node and it can manage both categorical and
continuous variables [22]. In this case, a Decision Tree
is generated using recursive partitioning, i.e., starting
from the root node, each leaf node is repeatedly split. In
particular, each node is split according to a defined
criterion measuring the homogeneity of the node, i.e.
only the most homogeneous attribute is considered for
the split. In this way, the node contains most of the
observations belonging to one predicted class. In order
to evaluate the impurity of a node, several measures
were proposed, such as accuracy, Gini index,
information gain and gain ratio. Moreover, the tree is
generated in such a way that each leaf node contains at
least the minimum leaf size number of observations. The
splitting procedure is repeated until one of the following
criteria is reached:
1. the node contains a number of observations
lower than a specified threshold (minimal size
for split);
2. the spit does not produce a gain, in terms of
impurity, greater than a fixed minimal gain;
3. the maximal depth of the tree is reached.
However, through this method, too complex Decision
Trees are often generated, or they might overfit data,
therefore pruning techniques are used [20,22,45].
Pruning is a strategy to simplify a tree and, in the
adopted algorithm, it follows a pessimistic method,
evaluating the range of expected error rates at each leaf
node, based on a specified confidence level [22]. In this

Table 1. Model parameters
Parameter
Values
Stopping criterion
Minimal size for split
Minimal leaf size
Minimal gain
Maximal depth
Confidence level

Gini Index
20
20
0.5
10
0.25
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4.

5.

respondent in the travel diary. This chain
was generated as a sequence of activities
in order to help the respondents in
focusing on a trip chain that makes sense
to them [48,49];
Stated-preference
experiments
were
administered
to
investigate
mode
switching attitudes for the selected trip
chain, where the alternatives were “stay
with the current means” and “switch to the
proposed new means” if the same trip
chain had to be performed in the future. In
particular, following the approach
presented by Diana [48,49], each
respondent had to express her shifting
likelihood on a 5 points scale ranging from
“very unlikely” to “very likely”, and the
switching mode was one among car as
driver, car sharing, bike, bike sharing,
public transport, and a kind of shared taxi.
Each respondent faced six binary choice
tasks. The trip attributes of each mode
were: costs (public transit ticket or
subscription, tolls, fuel and parking fares),
in-vehicle time, walking time to reach the
public transit stop and waiting time at the
stop (for public transport modes), or
walking time to reach the parked vehicle
(for car, car sharing and bike sharing).
Attributes of the current mode were
estimated by directly considering the
characteristics of the trip reported by the
interviewee in the previous sections (“RP
attributes” in the following). Attributes of
the alternative mode (“SP attributes” in the
following ) were evaluated by processing
information on the trip chain (e.g.
geographical locations, departure/arrival
times) through Google Maps APIs,
additionally
integrating
information
related to public transit operations, car
sharing and bike sharing services (namely,
fares and subscription costs), along with
average cost of fuels. Thus, the experiment
is based on a real trip with realistic
characteristics of the switching mode, thus
increasing the realism and, therefore, the
reliability of the answers. For each
attribute, an upper, base and lower level
were calculated for SP experiments. An
orthogonal fractional factorial design with
18 questions in 3 blocks was generated;
Socio-economic questions both at
individual and household level.

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, to control for seasonal effects. Data obtained
from the three waves were aggregated obtaining 3280
valid interviews.
Since the algorithms predict the switch from the
current mode to car sharing, only SP experiments in
which one of the alternative is car sharing were retained.
Furthermore, for each of them, neutral answers were
discarded; the remaining observations were grouped in
“shift” and “no-shift” answers.
Then, five Decision Trees were generated, one for
each current mode (car as driver, car as passenger,
public transport, bike and walking), which predict
switching intention towards car sharing. Since the
number of observation in the two classes of answers
was highly imbalanced towards the negative switch, a
SMOTE
(Synthetic
Minority
Over-Sampling
Technique) was adopted [19,50,51], which oversamples
elements belonging to the minority class introducing
synthetic examples [50]. In order to calibrate, validate
and calculate model performances, a cross-validation
procedure was applied [52]. In order to evaluate the
performances of each Decision Tree, three indexes were
considered:
1. Confusion matrix, i.e. a matrix containing
counts of observations belonging to predicted
and actual classes (class precision and class
recall);
2. Model accuracy, i.e. the relative number of
correctly classified observations;
3. Area Under the Curve (AUC) of the Receiver
Operating Characteristics (ROC), plotting the
True Positive Rate versus False Positive Rate
in order to evaluate the distance between model
classification output and random guess.
Variables considered in the switch models were:
starting time of the trip (START_HOUR), and travel
time
(DELTA_TIME
in
minutes),
distance
(DELTA_DIST in kilometers) and cost (DELTA_COST
in Euros), which were calculated as the difference
between the SP attribute of the alternative mode (i.e. car
sharing) and the RP attribute of the current one.

3 Results
Results from all five Decision Trees are presented, but
only two figures are reported for the sake of brevity. In
each node of a Decision Tree, a value of 1 indicates a
shift result, whereas 0 indicates a no-shift. Colored bars
show the distribution of outputs in each node, where the
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blue and red parts represent the number of observations
with a positive and negative shift, respectively.
Performance measures for each Decision Tree
obtained from the calibration procedure are reported in
Table 2.
Table 2. Model performances
Precision
Recall

1
0
1
0

CD
72.1%
67.3%
47.9%
85.3%

CP
69.1%
70.4%
68.7%
70.9%

PT
76.4%
74.2%
70.8%
79.3%

B
53.6%
64.5%
57.7%
60.6%

W
74.9%
80.9%
81.3%
74.6%

where discretionary activities take place are reached by
car drivers in the late afternoon or in the evening (i.e.
after 16 o’clock). In the whole tree there are some time
windows in which car sharing is preferred, above all
between 15 and 17 o’clock, in which trips to come back
home are often carried out. The second most important
variable is the walking time to reach the vehicle; in
particular, about 65% of respondents are willing to
adopt car sharing if vehicles are placed up to 5 minutes
far from the users. On the other hand, travel time is not
so important for the switching decision since this

Figure 1. Decision Tree for car drivers
Accuracy
68.7% 69.8%
75.2% 59.4% 77.8%
AUC
0.711
0.749
0.806
0.569
0.833
Notes: CD: car as driver; CP: car as passenger; PT: public
transport; B: bike; W: walking.

The first Decision Tree models the switch from car
as driver (Figure 1). The most important variable is the
starting time of the trip, with a threshold for the split of
the first leaf estimated at 16 o’clock. In order to better
understand the meaning of this threshold, the original
dataset was analyzed pointing out that this time value
divides the distribution of activities into two parts. In
particular, the majority of trips starting after 16 o’clock
(about 87%) are Home-Based trips, whereas trips
starting before 16 have a distribution of activities more
heterogeneous: 38% are Home-Based trips, 33% are
trips for mandatory activities (work or school) and 29%
for discretionary activities. This indicates that locations

variable appears only on the bottom part of the tree and
since negative switching intentions are reported even
when travel time on car sharing is lower than the one of
car. Moreover, concerning the cost of car sharing trips,
negative switches are obtained for most of the cases
(about 70%). In conclusion, car drivers might adopt car
sharing if interventions to reduce the walking time to
reach the vehicles are carried out. Other policies about
reducing either the travel time or the cost of car sharing
are likely to be not so effective.
The Decision Tree of switching intentions of people
travelling by car as passengers is quite simple and
similar to the one for car drivers. In particular, as for car
drivers, this tree shows that users are willing to switch
to car sharing if the walking time to reach the vehicle is
less than 5 minutes. However, unlike car drivers,
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passengers might adopt car sharing if the cost of the trip
is lower (about 63%).
The third Decision Tree considers public transport.
Like for car drivers, the time to reach the vehicle is the
most important variable that affects the switching
decision. Moreover, the same threshold of 5 minutes is
obtained, indicating that this is a common value for
mode choices among travelers. On the other hand, if the
travel time and cost of a car sharing trip are lower than
the corresponding ones of public transport, users are
willing to adopt the former mode, as expected. Some
users (about 57%) might switch to car sharing even if
the in-vehicle travel time is greater, but most of the
positive switches are reported only if the cost of the trip
is lower (about 75%). This suggests that travel cost is a
key factor that affects the switch from public transport
to car sharing, rather than travel time.
The fourth Decision Tree concerns cycling (Figure
2). Trips starting after 16 o’clock are more likely to be
performed on car sharing, probably because of the
higher comfort and safety provided by shared vehicles,
especially during evening hours. For the other trips, it is
possible to identify thresholds in terms of time and
distance for which bikers are willing to adopt car
sharing. In particular, trips longer than about 200 meters
and with a travel time reduction ranging from 2 to 10
minutes are going to be replaced by car sharing.
Furthermore, in this case, travelers are going to switch
towards car sharing independently on the cost of the
service, since the corresponding variable is not present
in the DT.

Figure 2. Decision Tree for cycling
The last Decision Tree evaluated the shift from
walking to car sharing. The most important variable is
DELTA_COST, since users are more likely to perceive
this factor, because of the null price for walking. Results
indicate that trips shorter than 100 meters cannot be
substituted by car sharing, as expected, since these trips
are likely to have a longer duration on shared car, due to
urban congested streets. Moreover, walkers are willing
to pay 0.3€ at maximum to reduce their travel time by at

least 4 minutes. Independently on the travel time, users
would pay up to 0.6€ for trips starting before 9 o’clock.
Furthermore, travellers are willing to pay and to accept
more travel time for trips starting after 17 o’clock,
suggesting that during evening and night periods
walkers prefer car sharing, probably because of comfort
and safety.

4 Conclusions
In this paper, values of trip attributes that affect the
choice to switch from a transport mode to car sharing
are estimated through Decision Trees. Models were
calibrated with data from a mobility survey carried out
in the Turin Metropolitan area (Italy). In this survey,
respondents had to face with Stated-preference
experiments, where they had to declare their intention to
perform a real trip with car sharing. In order to consider
the effect of the currently adopted mode, one model was
estimated for each of the current mode, i.e. car as driver,
car as passenger, public transport, bike and walking.
Results are helpful to authorities who can target
specific interventions to promote the switch from
private modes to car sharing, avoiding the shift from
public transport and active means (bike and walking).
Considering private car drivers, the corresponding DT
shows that the shift can occur between 15 and 17
o’clock for returning home trips. Therefore local
authorities can foster the adoption of car sharing by
providing reserved parking near activities location,
where users can easily find available shared vehicles to
come back home, for example. Moreover, results
indicate that drivers are willing to walk up to 5 minutes
to reach a shared car, with flexibility similar to the one
of a private car. Consequently, policy makers should
promote targets about the capillarity of shared vehicles,
to ensure a walking time to reach the vehicle at least
similar to that of private cars. On the other hand, travel
time is found to be not important for the shift, therefore
interventions to reduce the trip duration for car sharing
(such as giving free access to public transport reserved
lanes) are not essential. Furthermore the majority of car
drivers reports negative switching intentions even if the
cost of car sharing is lower, thus policies to reduce car
sharing costs do not produce strong effects on them.
On the contrary, public transport users are found to
be more likely to switch if the cost of car sharing is
lower, independently on the travel time. From this
perspective, policy makers should pay attention before
providing subsidies or tax cuts to car sharing operators,
especially if these benefits would reduce the fares of the
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service compared to those of public transport.
Moreover, as for car drivers, even public transport users
are willing to walk up to 5 minutes. Therefore
interventions to promote the diffusion of shared vehicles
could induce shifts also from public transport. In order
to compensate for this negative effect, local authorities
should pay specific attention to the accessibility of
public transport to increase the attractiveness of public
transit respect to car sharing.
The Decision Tree for bike trips suggests that users
can switch if car sharing travel time is lower (from 2 to
10 minutes), or for trips starting after 16 o’clock.
Moreover, their switching intentions are independent of
travel costs. Results for walking trips indicate that no
shift could occur for short trips (up to 100 meters). In
addition, travelers are willing to pay to reduce their
travel time, and positive switching intentions are also
reported for limited car sharing fares (up to 0.6€).
By analyzing these results, the previously explained
interventions can positively manage the shift from bike
and walking. In particular, taking no actions to reduce
travel time, which is ineffective for both drivers and
public transport users, also allows preventing switches
from bike and walking to car sharing. Moreover, like for
transit, policies to induce operators to decrease car
sharing costs could increase the shift from walking and,
therefore, they should be avoided. Furthermore,
thresholds provided by the Decision Tree could be
useful to set quantitative targets to policies on car
sharing. Lastly, the public transport system should be
strengthened during the evening and in night hours, in
order to compete with car sharing in these periods, thus
reducing the adoption of car sharing for both bikers and
walkers.
To sum up, though this approach, sound basis for
policies to manage the shift towards car sharing are
derived. In this way, policy makers can adopt coherent
interventions to promote the switch from private car,
simultaneously preventing the switch from public
transport and active means.
The present research should be extended on some
points to give a better overall picture. In particular,
socio-economic characteristics of users are an obvious
determinant of modal choices but were not considered
so far. However such analysis was not yet developed,
since at the present stage the variables under
investigation were selected according to the perspective
of the decision makers, who can control only some of
the modal attributes of a trip to properly address travel
demand.
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