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Abstract

The implementation of Bike-Sharing Systems (BSS) is expected to lead to modifications in the travel habits
of transport users, one of which is the choice of travel mode. This change could depend on various factors, and
hence, it is pertinent to identify them. Especially, given that cities aim to reduce private car use to achieve
sustainable mobility, the study of factors for the mode shift from private car to BSS is of great significance.
Therefore, this research focuses on the identification of factors influencing the shift of private car users to
BSS, based on a stated preference survey data from the city of Alexandroupolis, Greece. A binary logit
model is employed for this purpose. The estimation results indicate the impacts of gender, income, travel
time, travel cost and safety related aspects on the mode shift. Based on these factors, policy measures are
suggested under the following categories: (i) Finance, (ii) Regulation, (iii) Infrastructure, (iv) Campaigns
and (v) Customer Targeting. In addition, a secondary objective of this research is to obtain insights from
the comparison of the specified logit model with a machine learning approach. Therefore, a random forest
classifier is also developed. This comparison shows a coherence between the two approaches, although a
discrepancy in the feature importance for gender and travel time is observed. A deeper exploration of this
discrepancy highlights the hurdles that often occur, when using mathematically more powerful models, such
as the random forest classifier.

Keywords: Bike-sharing; Shared mobility; Sustainable urban mobility; Bicycles; Mode choice; Machine
learning

1. Introduction

Bike sharing is defined as the shared use of a bicycle, in which a user accesses a fleet of bicycles offered
on public space (Büttner & Petersen, 2011). Bike-Sharing Systems (BSS) have a long history, with the first
known scheme launched in 1965 in Amsterdam (Shaheen et al., 2010). Thanks to advances in Information
and Communications Technology (ICT), modern BSS are characterized by wireless pick-up, drop-off, and5

a real-time GPS tracking of the bicycles (Shaheen et al., 2013). Furthermore, today, around 2000 BSS
stations are found around the world (Meddin et al., 2021). The growing popularity of BSS is supported
by the associated social, economic, and environmental benefits, such as decrease of private car ownership,
reduction of energy consumption and emissions, lowering of travel costs, lessening of congestion, improvement
in public health and creation of environmental awareness, and thus, helping the cities to move towards a10

sustainable mobility (Bakogiannis et al., 2019; Shaheen et al., 2013; Zhang & Mi, 2018). Furthermore, BSS
act as an efficient choice for first/last-mile trips (Chen et al., 2020; Lu et al., 2018), thereby increasing transit
ridership.
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Although there is a growing popularity, not all BSS deployed around the world are successful (Hamann
et al., 2019). Hence, for effective planning, there is a need to understand the conditions under which a BSS15

will be used, especially with a focus on the influence of socio-demographic characteristics of local citizens.
In addition, several studies have hypothesized that the shift towards BSS comes mainly from sustainable
modes of transport, rather than from private car (Campbell et al., 2016; Fishman et al., 2013), although
reduction in car ownership is found to be an impact of BSS in literature (Basu & Ferreira, 2021). Therefore,
the perceptions and attitudes of private car users towards BSS have to be further studied. Thus, the primary20

research objective of this paper is to identify the factors that influence the shift of car users towards bike-
sharing, based on a discrete choice model, with a focus on the city of Alexandroupolis (Greece). A secondary
objective of this research is to compare the discrete choice model with a machine learning approach, namely
the random forest classifier. The contributions of this research work are the following:

• Identification of factors affecting the shift of car users towards bike-sharing25

• Comparison of a discrete choice model with a machine learning approach

• Formulation of relevant insights for policymakers

The identified factors can support the design of BSS and the comparison can help to find the similarities
and differences between the two modelling approaches as well as the related implications. Finally, the insights
can aid the shift of car users towards a BSS. The remainder of this paper is structured as follows: a summary30

of the existing literature is presented in Section 2. Subsequently, the methodology (i.e., data collection and
model estimation) is presented in Section 3, followed by Section 4 on the data collection and the descriptive
statistics of the collected research sample. After that, the modelling results are consolidated in Section
5, along with Section 6 discussing the implications of the modelling results. At last, the conclusions are
elucidated in Section 7.35

2. State of the art

In this section, to support the primary research objective, the literature focusing on the factors influencing
the demand for BSS is examined initially. Subsequent to that, in view of the secondary research objective,
the findings from studies comparing logit models with random forest approaches, with a focus on mode
choice modelling, is summarized.40

2.1. Factors influencing the demand for BSS

In the pertinent literature, the influencing factors of the demand for BSS are explored using both revealed
and stated preference data. For example, based on a stated preference survey, travel time, trip purpose and
income are shown to influence the mode choice between private car and BSS in Thessaloniki by Politis et al.
(2020). Exploring the modal choice between walking, private car, E-Bikes, car-sharing and bike-sharing,45

Li & Kamargianni (2018) found out that travel time and travel cost are significant factors for choosing a
BSS. Based on a review of multiple studies related to BSS, Fishman et al. (2013) identify convenience and
cost to be major factors for using BSS. Cost is also found to be a significant factor in Ma et al. (2020),
whose conclusion is based on a binary logit model, with the dependent variable being whether or not a
survey respondent shifts his/her commuting mode to a BSS. With regards to socio-demographics, based on50

a survey of 3000 individuals, Raux et al. (2017) observed that the majority of BSS users in Lyon (France) are
male and hold higher social positions, when compared to the general population. Additionally, the authors
found that proximity to the nearest BSS station is a major factor for the use of BSS. However, based on a
stated preference survey conducted in Beijing (China), Campbell et al. (2016) conclude that BSS will draw
users from across the social spectrum.55

Based on an analysis of the trip records of a BSS in Oslo (Norway), Böcker et al. (2020) state that
gender and age play a significant role for the use of BSS. The system is found to be less used by women and
older age groups. Similarly, focusing on the difference between Millennials’, Gen Xers’ and Baby Boomers’
bike sharing ridership, Wang et al. (2018) also found that most of the bike share trips are made by older
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Millennials (born between 1979 and 1988). Furthermore, weather factors are shown to have less of an impact60

on younger Millennials’ BSS use. These findings are based on zero-inflated negative binomial models, which
are developed using New York’s Citi Bike system data. Tran et al. (2015) use linear regression models
to predict station level BSS demand in Lyon (France). The focus is on both long term and short term
subscribers. The authors conclude that long term subscribers use the BSS often together with trains for
commuting trips, whilst short term subscribers’ trip purposes are more varied. Furthermore, students are65

determined to be an important group among BSS users. Other factors that influence the demand for BSS
are traffic safety concerns and limitations in the existing cycling infrastructure (Bakogiannis et al., 2019).

To summarize, findings from the literature show that the demand for BSS is affected by socio-demographic
variables (age, income and gender), trip characteristics (travel time, travel cost and trip purpose), and
attitudes of the individuals (safety concerns). Therefore, this research will explore these variables for the70

mode shift from private car towards BSS, for effectively planning the implementation of a BSS in the city
of Alexandroupolis (Greece).

2.2. Existing comparisons between logit models and random forest classifiers

Looking at the existing literature on the comparison between the two approaches, Zhao et al. (2020)
conclude that random forest models perform significantly better (in terms of predictive accuracy) than75

multinomial and mixed logit models. Nevertheless, both approaches agree on several aspects of the be-
havioural outputs (i.e., variable importance and the direction of association between independent variables
and mode choice). However, the random forest model is found to produce behaviorally unreasonable arc
elasticities. Thus, there exists a trade-off between predictive accuracy and behavioral soundness, when
choosing between the two approaches. Hagenauer & Helbich (2017) compare seven different classifiers using80

a two year Dutch travel diary dataset, and state that the random forest classifier performs better than other
models, including neural networks and multinomial logit models. For estimating feature importance, the
authors use the permutation importance method described in Altmann et al. (2010) and observe that the
importance of several variables varies according to the classifier chosen.

On the other hand, based on an exploration of mode choice between car-sharing system and traditional85

modes, Ceccato et al. (2021) conclude that a binary logit model results in a more reliable prediction than
a random forest classifier. Nevertheless, the significant variables in both models are found to be same.
Liang et al. (2019) perform a comparison of a logit model, a support vector machine model and a random
forest classifier using a large-scale household mobility survey data collected in Milan. The authors observe
that the support vector machine model and the random forest classifier perform marginally better than the90

multinomial logit model on the full dataset of over 20,000 samples, while the results fluctuate significantly
when the sample size is less.

Summarizing the existing literature on the comparison between logit and random forest approaches, one
can clearly see that prediction performance is highly dependent on the analysis context (i.e., the dataset
and the classification problem type). Therefore, it is impossible to formulate a general conclusion that one95

approach is superior to the other. Given the above finding and that the application of machine learning
models, such as the random forest classifier in the field of transportation is increasingly observed (Hillel et al.,
2021), this research will explore how a binary logit model will perform against a random forest approach for
the modelling of mode choice between private car and BSS.

3. Methodology100

The overall methodological framework is outlined in Figure 1 and described in the following subsections.
Data collection through a stated preference survey is performed initially, followed by a descriptive analysis
to understand the research sample. Then, a binary logit model is estimated, followed by the development
of a random forest classifier. Subsequently, a comparison is performed between the binary logit model and
the random forest classifier.105

3

Electronic copy available at: https://ssrn.com/abstract=4176171



Figure 1: Methodological framework

3.1. Discrete choice model

A binary logit model is selected due to its mathematical simplicity and widespread use in mode choice
modelling. The estimation is carried out using the “mlogit” package (Croissant, 2020) in the R statistical
computing software (R Core Team, 2021). The model specification is developed in a stepwise fashion.
The decision to keep an independent variable is based on the p-value (significance level of 0.10) of the110

corresponding variable, log-likelihood test and the statistical parameters ‘AIC’ and ‘BIC’. Besides, the
selection of variables is also based on a 5-fold cross-validation (James et al., 2013), with classification
accuracy (Hossin & Sulaiman, 2015) being used as the scoring metric. This implies that, each time, the
model is estimated on 80% of the data (train data), and the accuracy is computed on the remaining 20%
test set. The procedure is repeated five times to ensure that each data point is present at least once in the115

test set. The accuracy is computed as an average of all five runs.
At first, a binary logit model with generalized coefficients for travel cost and time is estimated, and

then another model with alternative specific coefficients is estimated. This is done to ascertain whether the
individuals perceive the cost and time differently for car and BSS. Following the estimation of a discrete
choice model, a machine learning model is developed using the same data.120

3.2. Machine learning model

A random forest classifier is selected, which utilizes many decision trees as an ensemble method, along
with a bagging approach to ensure that the individual trees have low correlation (Dietterich, 2000). The
result is that the approach is relatively stable with respect to noise. Additionally, random forest classifiers can
approximate any function to a certain error, meaning that they are capable of handling complex interaction125

effects between the input variables.
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For training the random forest classifier, SciKit-Learn (Pedregosa et al., 2011) is used in a Python en-
vironment. Based on cross-validation, the number of trees is selected to be 100 and the maximum depth
of each tree is set to 5 to avoid overfitting. All other parameters are kept to their default values, as a
change in them does not improve the prediction accuracy. The selection of input variables is based on the130

importance of the variables for the given classification problem. To extract the importance of the input
variables, also called feature importance, the permutation importance method (Altmann et al., 2010) is
employed. To make the results more stable and obtain less biased results, for each feature, this method is
run ten times on a test data set. It is to be noted that, although the random forest classifier does not suffer
from correlation issues, the permutation importance method may split importance between two variables if135

they are correlated. Hence, if the highly correlated variables are found to be important, only one of them is
included, and for this, the accuracy based on cross-validation is used.

3.3. Model comparison and validation

Finally, a comparison is made between the binary logit model and the random forest classifier to under-140

stand the similarities and differences. This comparison is interesting as the random forest classifier is usually
capable of handling more complex relationships than the logit model. For the comparison, the classification
accuracy of the final logit and random forest models, based on 5-fold cross-validation, is used. Thus, the
cross-validation technique is used for both variable selection and the comparison of the two approaches.

4. Data collection and results145

4.1. Data collection

As mentioned in Section 1, the primary objective of this study is to identify the factors influencing
the shift of car users towards BSS. To achieve this objective, a stated preference survey was designed and
disseminated to residents of the city of Alexandroupolis in Northern Greece. The survey is divided mainly
into two parts. The first part of the survey targeted respondents’ socio-demographics and travel behavior,150

focusing on the following three different activities: (i) most frequent destination, (ii) leisure and (iii) sports.
The second part of the survey is intended to capture the choice between the existing mode choice and the
BSS.

The survey was conducted online through Google Forms, in the month of September 2020. It was
launched under the title “Installing a bike sharing system in the city of Alexandroupolis”. Each survey155

respondent is provided with six or seven different scenarios (with different travel times and costs), in order
to quantify their intention to switch from their existing mode to BSS. A subsample of private car users
from the aforementioned survey is used in this study. A preliminary descriptive analysis is performed to
understand the sample distribution and the willingness to shift from the existing mode to BSS. Then,
a discrete choice model, with the dependent variable being the choice between private car and BSS, is160

estimated.

4.2. Descriptive Statistics

After cleaning the dataset for missing and inappropriate values, the research sample consists of a total
of 55 participants and 385 responses for the mode choice between private car and BSS. Table 1 summarizes
the descriptive statistics of the research sample. In this research sample, 44% of the respondents are female165

and 56% are male, with 7% having a monthly family income between 0 and 400 Euros, 11% between 401-800
Euros, 27% between 801-1200 Euros, 25% between 1201-1600 Euros, 11% between 1601-2000 Euros and 19%
over 2000 Euros per month. The distribution of the participants’ age is as follows: 2% of the participants
belong to the age group 18-24, 45% belong to the group 25-39, 44% belong to the group 40-54, 7% belong to
the group 55-64 and 2% are over 64 years old. Regarding the employment status, 31% of the participants are170

self-employed, 24% are state employees, 31% are private employees, 5% are unemployed, 2% are students,
and 7% belong to the category “other”. Overall, a good representation of gender and income is observed.
However, students and individuals aged below 25 and above 64 are not adequately represented.
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Table 1: Summary of descriptive statistics

Gender Female 44% Age 18-24 2%

Male 56% 25-39 45%

Household income 0-400 7% 40-54 44%

(Euros/month) 401-800 11% 55-65 7%

801-1200 27% >65 2%

1201-1600 25% Bike safety Very safe 5%

1601-2000 11% perception Safe 24%

>2000 19% Neutral 31%

Employment status Self-employed 31% Risky 22%

State employees 24% High Risk 18%

Private employees 31% No. of leisure Less than 2 31%

Other 7% trips per week At least 2 69%

Unemployed 5% Mode choice Car 53%

Student 2% BSS 47%

BSS is believed to be used (comparatively) more for leisure trips. Hence, the frequency of performing
leisure trips was enquired in the survey. 11% of the participants responded that they perform leisure trips175

every day, 58% two or three times a week, 22% once a week, 7% rarely and 2% never. When asked about
how safe the participants think a bike ride is in Alexandroupolis, 18% of the survey respondents stated that
it is a high risk, 22% stated that it is risky, 31% were neutral, 24% stated safe and 5% stated that it is very
safe. The participants were also asked about how likely they might use BSS for commuting trips. To this
question, 22% of the participants answered extremely unlikely, 18% stated unlikely, 20% were neutral, 9%180

stated likely and 13% answered extremely likely. A similar distribution is observed for sports and leisure
activities, as well as for the trip to the local market.

A further question is related to the implementation of public bicycles in Alexandroupolis, to which 9%
of the participants strongly oppose, 9% somewhat oppose, 13% being neutral, 29% somewhat favor and 40%
strongly favor. Additionally, the survey participants were asked whether a public bicycle system will help in185

promoting sustainable urban mobility, and 82% of the respondents answered yes, whilst 18% answered no
to the question. The attitude of the research sample shows that the majority of the respondents generally
favor the implementation of BSS.

5. Estimation results

In this section, the estimation results for the logit and the random forest models are presented. First, the190

binary logit model results are described, and then the results of the random forest classifier are elucidated.

5.1. Binary logit models

As mentioned in the Methodology section, a binary logit model with generalized coefficients for travel
cost and time is estimated first, the result of which is shown in the left side of Table 2. On the right side of the
table, the estimation results for a model with alternative specific coefficients is shown. The likelihood ratio195

test shows that the latter model is better than the former. This result conveys that the individuals perceive
cost and time differently for car and BSS. Furthermore, although the time variable for the choice car has a
negative coefficient, it is found to be insignificant, and hence, removed from the final model specification.
This conveys the fact that, when comparing a car with BSS, the car users are not significantly influenced
by the time that they would require to travel by car, however, are sensitive to BSS travel time. The model200
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with alternative specific coefficients is considered as the best model (utility specification shown in Equation
1) and further exploration of the coefficients will be based on that.

Utility(Car) = Cost : Car

Utility(BSS) = Intercept + Cost : BSS + Time : BSS + Perception(Bike is not safe) +

Perception(Bike is safe) + Leisure trips ≥ 2/week +

Household income < AC 1200/month + Employed by state + Gender(Male)

(1)

Based on the coefficients shown in Table 2, it can be concluded that the respondents of the survey are
almost twice as sensitive to the cost of the BSS as they are to the car. Similarly, respondents are sensitive
to the BSS travel time, but not to the car travel time. It can also be seen that the negative perception205

of bike safety reduces the probability of using a BSS, whilst the opposite is true if an individual feels that
biking is safe, although the former has less impact. On the positive side, individuals, who make leisure
trips for at least twice a week, have a significantly higher odds of using the bike-sharing system. Likewise,
state employed car users are more likely to shift to BSS, when the system is introduced. However, having
a household income of less than 1200 Euros per month reduces the odds of using the BSS. Looking at the210

gender aspect, males are more probable to use the BSS.

5.2. Random forest model

The final model with the highest accuracy uses identical variables to the logit model. The average
accuracy is 74.8%, i.e. 2.4% higher than the logit model. The improved accuracy could be attributed to
the fact that the random forest classifier is capable of modelling non-linear effects in the dataset. However,215

considering that the accuracy only improves by 2.4%, it is possible that the non-linear effects are not
substantial.

In Table 3, the permutation feature importance of the variables in the best random forest classifier is
shown, together with the standard deviation across the permutation runs. The higher the permuted mean
in accuracy, the more important the feature is. On the other hand, the higher the standard deviation, the220

lower the confidence regarding that features importance.
Comparing the relative importance of variables in the random forest classifier and the logit model, one

can observe that the cost of the BSS and making leisure trips at least twice per week are highly important
variables in both the cases. Bike safety is also seen to be an important feature in both models, however, the
negative perception has a higher importance in the case of the random forest model. The cost associated225

with a car trip and having a monthly income of less than 1200 Euros per month are also important in both
models.

In contrast to the logit model, the random forest model shows a low importance for BSS travel time.
Investigating this further, it was found that the random forest classifier can approximate BSS travel time
using the variables “cost:car” and “cost:BSS”. As “time:BSS”, “cost:BSS” and “cost:car” only have a few230

unique data points, the random forest classifier overfits to “cost:car” and “cost:BSS” and does not require
“time:BSS”. Thus, the importance of the feature “time:BSS” is very low. Although we are not able to
provide a certain explanation at this point, we postulate that the issue could be an artefact of the survey
design. The stated preference surveys are usually designed for discrete choice models, and not with a focus
on machine learning models, such as random forest classifier, and hence, the survey design might have caused235

the aforementioned issue. A similar approximation issue is also found for the gender variable. A separate
random forest model with gender as the output variable was trained, which shows that income, bike safety
perception and the dummy for conducting at least two leisure trips per week can be used to classify gender
with a 69% accuracy.

6. Discussion240

6.1. Insights for policymakers

Based on the coefficients of the logit model, which is supported by the results of the random forest
classifier, it can be concluded that individuals are more sensitive towards the cost of the BSS than the cost
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Table 2: Estimation results for logit models

Generalized coefficients for cost & time
Alternative specific coefficients for cost &

time

Variable Est.
Std.

Err.
P-Val. Variable Est.

Std.

Err.
P-Val.

Intercept -1.249 0.402 0.002 (**) Intercept 1.677 0.966 0.082 (.)

Cost -0.026 0.004
<0.001

(***)
Cost:BSS -0.032 0.005

<0.001

(***)

Cost:car -0.018 0.006 0.002 (**)

Time -0.035 0.017 0.042 (*) Time:BSS -0.184 0.060 0.002 (**)

Perception - bike

is not safe
-0.707 0.292 0.015 (*)

Perception - bike

is not safe
-0.726 0.296 0.014 (*)

Perception - bike

is safe
1.093 0.343 0.002 (**)

Perception - bike

is safe
1.111 0.346 0.002 (**)

Leisure trips

≥ 2/week
1.250 0.285

<0.001

(***)

Leisure trips

≥ 2/week
1.277 0.289

<0.001

(***)

Household

income <

AC 1200/month

-0.653 0.260 0.012 (*)

Household

income <

AC 1200 /month

-0.665 0.263 0.011 (*)

Employed by

state
0.965 0.318 0.002 (**)

Employed by

state
0.985 0.320 0.002 (**)

Gender - male 0.533 0.254 0.035 (*) Gender - male 0.544 0.256 0.033 (*)

Cross-validation

accuracy
72.1% 72.4%

R2 0.23 0.24

Log-likelihood -204.74 -201.87

AIC 427.48 423.75

BIC 463.06 463.27

Notes:

1. Car is the base alternative. For the perception variable, neutral is kept as the base category.

2. ‘Time:car’ has a negative coefficient, however, it is found to be insignificant.

3. (.) - p <0.1; (*) - p <0.05; (**) - p <0.01; (***) - p <0.001

of car trips. This implies that, for a successful implementation of a BSS, the user cost should be kept low. A
subsidization scheme, similar to the ones implemented for Public Transport (PT) in many cities around the245

world, would be beneficial. Especially, given that a BSS is shown to increase transit ridership in the existing
literature, the development of a subsidization scheme for PT pass holders is suggested. Nevertheless, with a
higher penetration, it might also be possible to lower the cost without subsidies in the future. On the other
hand, the cost for car trips could be increased by the implementation of road pricing schemes.

Concerning travel time, the estimation results show that the car users are highly sensitive to BSS travel250

8

Electronic copy available at: https://ssrn.com/abstract=4176171



Table 3: Results for the random forest model

Variable

If permuted, mean loss in

accuracy (in percentage

points) - Relative importance

Standard deviation around

mean (in percentage points)

- Uncertainty of importance

cost:BSS 8.311% 3.242%

cost:car 1.792% 1.798%

time:BSS 0.675% 1.199%

Perception - bike is not safe 3.584% 2.752%

Perception - bike is safe 3.272% 1.127%

Leisure trips ≥ 2/week 4.935% 3.657%

Household income

<AC 1200/month
2.545% 2.031%

Employed by state 2.727% 1.966%

Gender - male 0.623% 0.474%

Cross-validation accuracy 74.8%

time. Hence, a substantial travel time difference between car and BSS (BSS being quicker) is a necessity.
This means that BSS will be preferred in areas, where there are access restrictions for cars (i.e., car users
have to detour significantly). The competitiveness of BSS can be improved by the introduction of shortcuts
for bicycles, e.g., cycle paths through parks. The positive impact of shortcuts for bicycles on travel time
difference between cars and cycles has already been shown in literature (Gruber & Narayanan, 2019).255

Perception of bike safety is an important factor for the mode choice between car and BSS. Therefore,
there is a need to establish a positive perception of bike safety among the citizens. Suggested measures
include improvement of cycle infrastructure (e.g., implementation of dedicated cycle lanes) and creation of
bike safety campaigns. Techniques from the field of growth hacking (Bohnsack & Liesner, 2019; Herttua
et al., 2016) can be helpful. Given that the state employees and individuals who perform leisure trips260

frequently are more probable to use BSS, they can be targeted for the early adoption, reducing the initial
reservation that usually exists for the introduction of any new system.

Since the individuals from households with monthly income below AC 1200 are less probable to switch to
BSS, a financial motivation scheme has to be designed to attract such individuals. An example of such a
scheme is to get paid for using BSS to commute to office. This scheme could be introduced by companies, and265

in fact, similar schemes (i.e., getting paid for cycling to companies) already exist (Hu, 2018). Nevertheless,
awareness campaigns may have to be carried out to disseminate the benefits of cycling and attract more
companies to initiate such schemes. Such financial schemes may also nudge more females to use BSS.

To have a better view of the insights discussed in this section, the influencing factors identified in the
previous section have been grouped and summarized according to policy measures in Table 4.270

6.2. Insights for modelers

It is common to use a generalized coefficient for cost, when estimating a logit model for mode choice.
The justification for such a use is the following: a Euro is perceived to be a Euro, be it for one mode or the
other. However, the results presented in Table 2 clearly show that the cost is perceived differently for car
and BSS. Hence, care should be taken by future researchers when modeling mode choice.275
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Table 4: Policy measures based on identified factors

Policy Measure Relevant Factors Recommendation

Finance
cost:BSS

BSS subsidization scheme, similar to the ones
implemented for PT, especially for PT pass holders.

Household income
<AC 1200/month,
Gender - male

Financial motivation scheme, e.g., monetary incentive
for using BSS to commute to office.

Regulation
cost:car Implementation of road pricing schemes for car use.

time:BSS
Access restrictions for cars, thereby making BSS more
competitive in terms of travel time.

Infrastructure
Perception of bike
safety

Improvement of cycle infrastructure, e.g., implementation
of dedicated cycle lanes.

time:BSS
Introduction of shortcuts for cycles, e.g., cycle paths
through parks.

Campaigns
Perception of bike
safety

Creation of bike safety campaigns. Techniques from
the field of growth hacking can be helpful.

Household income
<AC 1200/month,
Gender - male

Awareness campaigns targeted at companies, to
disseminate the benefits of cycling, thereby by
stimulating them to provide financial incentives to their
employees for using BSS.

Customer targeting
Leisure trips ≥
2/week, Employed by
state

Target state employees and individuals who perform
leisure trips frequently for early adoption.

The comparison of the cross-validation accuracy of the logit and the random forest models show that
the latter perform only slightly better, which is also observed in Ceccato et al. (2021). Hence, the presence
of non-linear interactions is very low or nil, supporting the underlying linear assumptions of the binary logit
model. The logit model provides the key interpretable results, whilst the random forest classifier validates
that no complex effect that influence the mode choice is missed. While the application of machine learning280

models, such as the random forest classifier, are increasingly observed in the literature (Hillel et al., 2021),
the results from this research show that simple interpretable models, like the logit models, are still effective
for certain cases.

The discrepancy in the feature importance, for both gender and travel time, highlights the different
hurdles that often occur when using mathematically more powerful models, such as the random forest285

classifier. Stated preference surveys are usually designed with few levels of factors, aiming at the development
of discrete choice models and thus one should be careful, when using random forest classifier for such a data
set.

7. Conclusion

Bike-Sharing Systems (BSS), when properly implemented, can lead to positive impacts in cities and290

improve living conditions. While the popularity of BSS is growing, not all BSS deployed around the world
are successful. Furthermore, even though a reduction in car ownership is found to be an impact of BSS in
literature, there are also studies, which hypothesize that the shift towards BSS is mainly from sustainable
modes of transport, rather than from private car. Therefore, the perceptions and the attitudes of private
car users towards BSS have to be studied. Hence, this research identifies the factors that influence the295

shift of car users to BSS, based on a discrete choice model (binary logit model), with a focus on the city of
Alexandroupolis (Greece). In addition to that, this research also compares the discrete choice model with a
machine learning approach, namely the random forest classifier, to find the similarities and differences and
to ascertain the implications.
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Assessing the significant factors from the logit model, it can be concluded that the cost of BSS plays a300

major role in the (reluctance in the) shift from private cars. Therefore, subsidies for BSS use can be effective
in increasing the penetration of the system, which is a pull measure. Nevertheless, with higher penetration
levels, it might also be possible to lower the cost without subsidies in future. On the other hand, a push
measure could be to introduce road pricing schemes for car use. In addition to the cost of BSS, the travel
time also plays a major role. Hence, shortcuts for bicycles (e.g., cycle paths through parks) to decrease305

the travel time can be helpful. The positive impact of shortcuts for bicycles has already been shown in
literature (Gruber & Narayanan, 2019). In order to modify users’ habit of using private cars, vehicle access
restrictions can be implemented, thereby making the car users to detour significantly and experience higher
travel times.

Apart from the cost and travel time factors, the shift of car users towards BSS also depends on the310

perception of bike safety. Suggested measures in this regard include improvement of cycle infrastructure (e.g.,
implementation of dedicated cycle lanes) and creation of bike safety campaigns. To reduce the reservation
that may exist during the initial stages of BSS, state employees and individuals who perform leisure trips
frequently can be targeted as early adopters. To attract individuals from households with monthly income
below AC 1200, a financial motivation scheme may have to be designed. An example of such a scheme is to315

provide financial benefits for people using the BSS to commute to the office, which is already showed to be
advantageous (Hu, 2018).

With regards to the comparison between the logit model and the random forest classifier, the latter
performs only slightly better, which shows that the presence of non-linear interactions is very low, supporting
the underlying linear assumption of the binary logit model. This proves that simple interpretable models,320

like the logit models, are still efficient for specific use cases. A discrepancy in the feature importance
between the two models for gender and travel time highlight the different hurdles that often occur when
using mathematically more powerful models, such as the random forest classifier. Stated preference surveys
are usually designed with few levels of factors, aiming at the development of discrete choice models, and one
should be careful when using random forest classifiers for such data sets.325

Future research should include the exploration of impacts of the suggested measures on the penetration
of BSS. The examination of the influence of students is limited in this study, because of their lower repre-
sentation. Thus, further investigation is suggested. Another interesting direction for future research is the
comparison of logit models with other machine learning approaches. Finally, the existence of a distinction in
the the survey design requirements between discrete choice and machine learning models needs to be further330

investigated.
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