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SUMMARY 
 

MODELING E-SCOOTER USER PREFERENCES USING 

MACHINE LEARNING METHODS 

 

Delays resulting from motor vehicle traffic, traffic accidents, and 
environmental pollution pose significant challenges in contemporary 
society. To tackle these issues, users of transportation systems are 
encouraged to engage in active transportation methods and 
micromobility options alongside public transit. Electric scooters have 
emerged as a popular micromobility solution, particularly following the 
introduction of vehicle-sharing companies in 2018, a trend that was 
further accelerated by the COVID-19 pandemic. 

This study explored the demographic characteristics, attitudes, and 
behaviors of e-scooter users in Istanbul through an online survey 
conducted between September 1, 2023, and May 1, 2024. A total of 462 
e-scooter users were surveyed on their preferred transportation mode 
across 24 various scenarios devised for the study. The responses from 
participants were analyzed using Artificial Neural Networks, Decision 
Trees, Random Forest, and Gradient Boosting methods. Among the 
models developed, Random Forest demonstrated the highest 
performance, achieving an accuracy rate of 96,51%, significantly 
exceeding the performance of discrete choice models reported in the 
literature. 

The models created in this study can serve multiple purposes for 
scientific researchers, central and local authorities, as well as shared e-
scooter service providers, aiding in their strategic and operational 
decision-making processes. Future research will seek to employ 
different machine learning methodologies and develop a model that 
better reflects individual preferences across various cities. 

 

 

Keywords: E-scooter, Micromobility, Machine Learning, Artificial Neural Networks, 
Decision Trees, Random Forest, Gradient Boosting 

Date: 24.01.2025 
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CHAPTER 1 INTRODUCTION 

One of the most significant challenges facing modern society is highway traffic and 

its associated issues, such as delays, traffic accidents, and environmental pollution. 

Every additional minute spent in traffic represents an irreversible loss of time in a 

person s life, significantly reducing overall quality of life. Traffic congestion-related 

delays a

city, with an official population of 15.655.

account for irregular migrants or individuals traveling for daily trips or tourism, which 

makes it unsurprising that traffic-related problems in Istanbul are pronounced. Despite 

various investments in rail systems, city traffic issues continue to escalate. Data released 

by INRIX indicates that the average delay experienced by a driver in Istanbul increased 

by 15,38% in 2024 compared to 2023, reaching a staggering 105 hours (Pishue, 2025). 

This statistic positions Istanbul as the global leader in traffic delays. 

In response to these challenges, individuals experiencing delays in road traffic are 

striving to develop innovative solutions. Various micromobility systems, such as 

bicycles, e-bikes, and e-scooters, have gained popularity in this context. E-scooters, in 

rental companies entering the market, the number of users has surged, making e-

scooters a viable alternative for various transportation modes, especially for short 

distances. However, the regulations surrounding e-scooter use in urban traffic are still 

und

Official Gazette (T.C. Resmi Gazete, April 14, 2021, Issue: 31454), and the Istanbul 

- IBB) has created an e-

scooter dir - UYM, 2021). Similar 

 

In recent years, e-scooters have become a popular last-mile transportation option in 

ople. However, regulations regarding the 

operating conditions and rules for e-scooters on highways have only recently begun to 



12  

be developed. As a result, many e-scooter users and other highway traffic stakeholders 

are operating vehicles without being fully informed about these regulations. The 

published regulations are often based on examining similar rules in other countries and 

conditions in each country are primarily influenced by driver behavior, they can differ 

significantly. Therefore, it may be appropriate to establish different operating conditions 

for e-scooters tailored to each country or city. 

It is crucial for central and local governments to comprehensively assess public 

attitudes, behaviors, and preferences regarding e-scooter usage. This evaluation can 

provide valuable guidance for planning effective regulations. Additionally, 

understanding user attitudes, behaviors, and preferences is equally important for 

companies that offer e-scooter sharing services. This understanding can help them 

develop strategic and operational policies, enhance service quality, and increase market 

share. As a result, well-regulated e-scooter services and improved service quality can 

lead to increased demand for e-scooters, helping to alleviate problems caused by 

motorized highway traffic. 

Within the scope of this study, various preferences of e-scooter users regarding their 

usage have been analyzed, and their mode choices under different conditions have been 

predicted using machine learning methods. An online survey was conducted with 462 

current or potential e-scooter users living in Istanbul. The decisions obtained from the 

survey results were modeled using Artificial Neural Networks (ANN), Decision Trees 

(DT), Random Forest (RF), and Categorical Boosting (CatBoost) methods. The high 

success rates of the developed models in comparison to discrete choice models 

demonstrate their potential as decision support systems for central and local authorities. 

Furthermore, the results serve as a valuable data source for shared e-scooter service 

providers, enabling them to refine their strategies and operations. Researchers can also 

utilize these model outcomes in traffic simulation studies to assess mode preferences in 

the population. 

The second chapter of the study provides a literature review of models used in mode 

choice and their applications in micromobility. The third chapter discusses the surveys 

and data collection process. The fourth chapter focuses on the machine learning 

methods employed in the study. The fifth chapter presents model development and a 
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comparison of model performances. Finally, the sixth and concluding chapter 

summarizes and discusses the findings of the study.  
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CHAPTER 2 LITERATURE RESEARCH 

In modern transportation planning, mode choice models are typically developed 

using discrete choice models. These models are applied to various aspects of 

transportation, including urban and intercity transportation (Ben-Akiva and Lerman, 

et al., 2021), route choice (Yang et al., 1993; Prato, 2009), and the growing interest in 

new transportation modes (Ilahi et al., 2021). The most commonly used discrete choice 

models are the Binary Logit (BL), Multinomial Logit (MNL), and Nested Logit (NL) 

models (Ben-Akiva and Lerman, 1985). However, since the early 2000s, Mixed Logit 

(ML) has also become widely adopted (McFadden and Train, 2000; Hensher and 

Greene, 2003). 

According to Ben-Akiva and Lerman (1985), discrete choice models are based on the 

theory of utility maximization by individuals. In the MNL model, coefficients for each 

variable are fixed across all individuals, whereas in the ML model, these coefficients 

vary among individuals. This variability reflects the differences in perception among 

individuals (Hensher and Greene, 2003). 

Reck et al. (2021) applied mode choice models to e-scooters, utilizing MNL and ML 

to analyze user preferences for e-scooter and e-bike types in Zurich. Their results 

indicated that micromobility solutions with parking facilities were more likely to be 

preferred during peak hours, suggesting that such modes could help reduce motor 

vehicle trips. Beyond this study, there is limited research specifically applying mode 

choice models to the e-scooter field. However, Zuniga-Garcia et al. (2021) 

recommended developing a model for selecting infrastructure types conducive to e-

scooter usage. Zuniga-Garcia et al. (2022) examined how individuals integrate e-

scooters into their transit trips, while Cao et al. (2021) utilized ML models in Singapore 

to compare e-scooters with rail transit services for short-distance trips. Their findings 

revealed demographic differences such as those based on gender and age in 
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preferences for rail transit versus e-scooters, and indicated that e-scooter usage 

increased when access to rail transit became more difficult. Similarly, Psarrou Kalakoni 

et al. (2024) created a choice model to evaluate preferences between e-scooters and 

public transit in France, finding that e-scooters were more popular than public transit for 

trips under 15 minutes, although public transit remained the more cost-effective option. 

-Kiss et al. (2022) employed 

MNL, ML, and NL models to explore preferences among automobiles, e-scooters, 

public transport, and bicycles across five cities. Their research highlighted differences 

in e-scooter usage efficiency, with Barcelona showing the highest efficiency. They also 

identified variations in sensitivity to e-scooter fees and travel times due to differences in 

model coefficients across cities. However, traditional discrete choice models have 

struggled to adequately capture the mode choice preferences of e-

et al., 2024). 

Studies have explored the types of users who prefer e-scooters over other modes of 

transportation. Findings indicate that young men, particularly those with higher 

education levels, primarily favor e-scooters (Laa and Leth, 2020; Abouelela, 2021; 

-Kiss and Lizarraga, 2021). 

However, regional differences in the transportation modes that e-scooters replace have 

and Mostofi, 2021). According to their study, e-scooters and e-

bikes can substitute for other transportation modes on trips shorter than 8 kilometers, 

which account for approximately 50-60% of total trips in the EU, USA, and China. 

Research by Laa and Leth (2020), Christoforou et al. (2021), Kopplin et al. (2021), 

Luo et al. (2021), and Nikiforiadis et al. (2021) has shown that e-scooters are often 

preferred over walking and public transportation for specific trips. When considering 

-scooter usage, a notable focus is on the 

elements that users prioritize when selecting this mode of transportation. In this regard, 

Reck et al. (2021) developed specific mode choice models for e-scooters, examining 

preferences for e-scooters and e-bikes in Zurich. Their study found that micromobility 

solutions with dedicated parking facilities were more frequently chosen during peak 

hours, helping to reduce motor vehicle trips. Similar findings were reported by Leger et 

al. (2018) in the UK and the Netherlands and by James et al. (2019) and Lee et al. 

(2021) for ride-sharing and taxi trips in the US. While there is still limited literature 
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specifically focused on mode choice models for e-scooters, recommendations for 

developing infrastructure choice models for e-scooter usage have been made by Zuniga-

Garcia et al. (2021) and Polat et al. (2023). Further research on user profiles is needed. 
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CHAPTER 3 DATA COLLECTION 

An online survey was conducted using Google Forms as part of the study, which 

received approval from the Ethics Committee of Istanbul Okan University during 

meeting number 158 on September 21, 2022. The survey was carried out between 

September 1, 2023, and May 1, 2024, and involved 512 participants. However, due to 

from individuals outside of Istanbul were excluded, resulting in a final sample size of 

462 participants. 

This number exceeds the required sample size of 384 for a population of over 

500,000 in a heterogeneous universe, as established by Fox et al. (2007) and Meyer 

(1979). Although there is no definitive data on the total number of e-scooter users in 

Istanbul, one of the leading e-

-scooters, it is 

estimated that the total population exceeds 500.000. Therefore, the sample size of 462 is 

regarded as sufficient for this study. 

3.1. Survey Design 

The first section of the survey collected demographic information about e-scooter 

users, including details such as gender, age, income level, education level, and car 

ownership.  

The second section focused on questions related to e-scooter usage, which addressed 

the following aspects: 

 Whether there is a bike lane within 250 meters of their residence. 

 Their primary mode of transportation for daily travel. 

 The main purpose of their trips (e.g., work, school, health, shopping). 

 Their preferred type of infrastructure for riding e-scooters (e.g., roads, 

sidewalks, bike lanes). 
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 Whether they currently use or would consider using e-scooters on sidewalks. 

 The transportation modes they replace or would consider replacing with e-

scooters. 

 The traffic conditions under which they prefer to use e-scooters (e.g., light, 

moderate, congested). 

 The maximum duration, in minutes, they prefer for a one-way e-scooter trip. 

 Their perception of the safety of using e-scooters. 

 Their opinions on the use of e-scooters on sidewalks. 

 Whether they currently use or would use e-scooters on roads with one-way or 

two-way traffic. 

 Their views on parking locations for e-scooters. 

 Whether they currently park or would park e-scooters in designated parking 

spots. 

 Their level of compliance with traffic rules. 

 Whether cost or safety is the primary factor influencing their preference for e-

scooters. 

 The maximum hourly cost (in Turkish Lira) they find acceptable for using e-

scooters. 

In the third and final section of the survey, respondents were presented with 

scenarios that included varying travel times and costs for private cars, public 

transportation, taxis, and e-scooters. For each scenario, participants were asked to 

indicate their preferred mode of transportation. These scenarios were based on a 4-

h was prepared in Turkish, was 

completed by the participants and is provided in Appendix A. 

Since the participants were unfamiliar with traffic engineering terminology, traffic 

conditions were categorized into three verbal levels: light, moderate, and congested. The 

travel times for these conditions along the specified 4 km route were measured using 

Google Maps. Figure 3.1 shows a screenshot of these measurements, and Table 3.1 

displays the travel times defined for the four transportation modes. 
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 Figure 3.1. 

 (Google Maps, 2025) 

 
Table 3.1. Travel Times of Modes (minutes) 

  Light Traffic Moderate Traffic Congested Traffic 

Private Car 9 20 30 

Public Transport 15 29 45 

Taxi 9 20 30 

E-scooter 16 16 16 

 

Two levels have been established for travel costs across four modes of 

transportation: the current costs and the increased costs. The increase has been set at 

65%, reflecting the inflation rate for 2023. The calculation of fees for a 4 km journey 

has been conducted as follows: 

For Private Car:  

 (3.1) 

In Equation 3.1, Fprivatecar represents the travel cost for using a private car. The 

variables involved are as follows: BF is the price of one liter of gasoline in Turkish Lira 

(TL), BS is the average fuel consumption in liters per kilometer, and P is the average 

parking fee for a round trip per hour. In 2023, BF was set at 34.48 TL (source: OPET, 
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2023), BS was 8 liters, and P was 52 TL (source: NTV, 2023). 

For Public Transport:  

In Ista  

For Taxi:  

 (3.2) 

In Equation 3.2, Ftaxi denotes the taxi fare, where A represents the starting fee, M is 

the charge per kilometer, Z is the hourly rate, x is the distance traveled in kilometers, 

and t is the travel time in hours. In 2023, the rates in Istanbul were set as follows: A was 

 

For E-scooter:  

 (3.3) 

In Equation 3.3, Fescooter represents the fare for e-scooter rides, where B is the starting 

fee, C is the per-minute usage charge, and d is the duration of usage in minutes.  

The average fare for a 4 km journey was determined by calculating the prices from 

three different companies. Based on this, a journey at the legal speed limit of 15 km/h 

would take approximately 16 minutes. In 2023, both Binbin and Hop companies 

was calculated to be 77 TL, was rounded down to 75 TL for simplicity in responding to 

the survey. The fares presented in Table 3.2 were derived from Equations 3.1 to 3.3. 

Table 3.2. Travel costs of the modes  

Base Fare (TL) Increased Fare (TL) 

Private Car 65 105 

Public Transport 15 25 

Taxi 75 125 

E-scooter 75 125 
 

When calculating the number of scenarios, it is impossible to take into account the 

combinations of travel time levels for the various modes of transportation. This is 

because the car, taxi, and public transit modes will be similarly affected at each level of 

traffic speed. In other words, while one mode may be traveling quickly, the others 

cannot be moving very slowly at the same time. The speed of the e-scooter is considered 

constant across all congestion levels, set at 15 km/h, which is the legal speed limit for 

these vehicles in the country. As shown in Table 3.1, the travel time remains the same 

for all traffic conditions and is calculated to be 16 minutes. 
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However, combinations between modes are possible when considering travel cost 

levels. Using a full factorial experimental design for each travel time (Hensher et al., 

2005), the total number of scenarios would be calculated as 24 x 1 = 16. Therefore, the 

total number of scenarios would then be 16 x 3 = 48. However, this high number would 

overwhelm respondents, so an alternative experimental design was utilized to reduce 

this total. 

In this case, a fractional factorial design was applied, which resulted in a calculated 

total of 24 scenarios for respondents to answer. The fractional factorial design is 

commonly used when a full factorial design yields too many scenarios to manage. It 

preserves the orthogonality feature of the full factorial design while reducing the 

number of total combinations. 

half of the variable combinations from the full factorial design were utilized. The 

scenarios that were prepared for participants to answer in the survey are presented in 

Table 3.3.  
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Table 3.3. The prepared scenarios 

  
Private Car Taxi E-Scooter Public Transport 

Fare 
(TL) 

Time 
(min) 

Fare 
(TL) 

Time 
(min) 

Fare 
(TL) 

Time 
(min) 

Fare 
(TL) 

Time 
(min) 

1 1-Light 105 9 125 9 125 16 25 15 

2 1-Moderate 105 20 125 20 125 16 25 29 

3 1-Congested 105 30 125 30 125 16 25 45 

4 2-Light 105 9 125 9 75 16 15 15 

5 2-Moderate 105 20 125 20 75 16 15 29 

6 2-Congested 105 30 125 30 75 16 15 45 

7 3-Light 105 9 75 9 125 16 15 15 

8 3-Moderate 105 20 75 20 125 16 15 29 

9 3-Congested 105 30 75 30 125 16 15 45 

10 4-Light 105 9 75 9 75 16 25 15 

11 4-Moderate 105 20 75 20 75 16 25 29 

12 4-Congested 105 30 75 30 75 16 25 45 

13 5-Light 65 9 125 9 125 16 15 15 

14 5-Moderate 65 20 125 20 125 16 15 29 

15 5-Congested 65 30 125 30 125 16 15 45 

16 6-Light 65 9 125 9 75 16 25 15 

17 6-Moderate 65 20 125 20 75 16 25 29 

18 6-Congested 65 30 125 30 75 16 25 45 

19 7-Light 65 9 75 9 125 16 25 15 

20 7-Moderate 65 20 75 20 125 16 25 29 

21 7-Congested 65 30 75 30 125 16 25 45 

22 8-Light 65 9 75 9 75 16 15 15 

23 8-Moderate 65 20 75 20 75 16 15 29 

24 8-Congested 65 30 75 30 75 16 15 45 

3.2. Survey Analysis 

Table 3.4 displays the percentage distribution of survey participants based on gender, 

driving license ownership, income, preferred infrastructure for e-scooter use, and their 

perceptions of e-scooter safety. The gender distribution among participants is nearly 

equal. A significant majority hold a driving license, while only about 30% of 

respondents own a car. Regarding income, most participants report having no income or 

earning at a minimum wage level, largely due to the fact that 60% of the survey 

participants are students. When asked about their preferred infrastructure for e-scooter 

use, the majority (68,3%) prefer bike lanes. 
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Table 3.4. Demographic Data 

Age 

Min  16 

Max  66 

Mean  25,74 

Standard Deviation  7,84 

  Number Percentage 

Gender 

Female 228 49,35 

Male 233 50,43 

Does not wish to specify 1 0,21 

Automobile License Ownership 
Yes 352 76,19 

No 110 23,81 

Automobile Ownership 
Yes 137 29,65 

No 325 70,35 

Income Level 

0 TL 138 29,87 

1- Minimum wage 101 21,42 

Minimum wage -20000 TL 40 8,65 

20001-30000 TL 54 11,69 

30001-40000 TL 51 11,04 

40001-50000 TL 31 6,71 

More than 50000  49 10,61 

Which infrastructure would you use the 
e-scooter on? 

Bicycle Path 317 68,61 

Sidewalk 51 11,04 

Road 94 20,35 

How safe do you find the e-scooter? 

Very Safe 3 0,65 

Safe 33 7,14 

Moderate 186 40,26 

Slightly Safe 138 29,87 

Not Safe at All 102 22,08 

 

However, survey responses indicate that e-scooters are not perceived as very safe, 

with only about 8% of participants considering them safe or very safe. This perception 

is likely influenced by the lack of bike lanes in Istanbul, as e-scooters have no 

designated lanes apart from main roads and sidewalks, which may lead to concerns 

about safety. Additionally, Polat et al. (2023) have noted the deficiency of bike lanes in 

Istanbul. 

modes chosen by survey participants under various conditions were modeled using 

traditional discrete choice models. The variables presented in Table 3.4, along with their 

counts and percentages, were entered as categorical variables into these models. Each 
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sublevel of each variable was treated as a dummy variable, assigned a value of 1 if 

applicable to the participant and 0 otherwise. For each variable with k sublevels, k-1 

dummy variables were created. 

In the developed discrete choice models, the total number of observations was 

calculated as 462 participants multiplied by 24 scenarios each, resulting in 11.088 

observations. In all models, e-scooter was used as the reference mode of transportation, 

with the utility function including only travel time and cost. Demographic variables 

were included for other transportation types. Travel time, travel cost, the number of cars 

in the household, and household size are treated as continuous variables, while other 

variables serve as dummy variables representing the sublevels of categorical variables. 

Initially, a pooled model that disregarded car ownership was developed. 

Subsequently, two separate preference models were created for car owners and non-

owners. The pooled model had a performance rate of 54% in correctly predicting the 

type of transportation chosen. For non-car owners, the performance rate was also 54%, 

whereas for car owners, it dropped to 40%. These performance levels may be attributed 

to the higher prevalence of public transportation users with varying demographic 

characteristics. The models suggested some preferences for private vehicles and 

classified e-  

Since the models developed did not achieve the targeted 70% accuracy rate outlined 

in the project proposal, we implemented the backup plan that involved using machine 

learning methods with at least 70% accuracy. In this context, we employed machine 

learning models, the theoretical framework of which is detailed in Chapter 4 of this 

study, to achieve better prediction performance. The details of the models and their 

performance results are presented in Chapter 5. 
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CHAPTER 4 MACHINE LEARNING MODELS 

In this study, four different machine learning models have been utilized to analyze e-

scooter user preferences: Artificial Neural Networks (ANN), Decision Trees (DT), 

Random Forest (RF), and Categorical Boosting (CatBoost). This section presents the 

theoretical foundations of these models. 

4.1. ARTIFICIAL NEURAL NETWORKS 

ANN are a modeling technique inspired by the fundamental working principles of the 

human brain. Similar to how the human brain can learn, recall, generalize, improve with 

new information, and memorize, ANN simulate these capabilities within a software 

environment. ANN consist of interconnected units called neurons, which are organized 

into layers. Typically, ANN include an input layer, one or more hidden layers, and an 

output layer. The number of neurons in the input and output layers is determined by the 

specific data of the problem being modeled, while the number of hidden layers and the 

neurons within them are usually decided through trial and error in order to optimize the 

model s performance. However, increasing these numbers raises the computational 

demands of the network, creating a trade-off between training speed, operational 

 

In ANN, a black-box modeling technique, learning occurs by adjusting the numerical 

values, or weights, of the connections between neurons. Consequently, the primary goal 

of an ANN is to ensure that the given input data can generate the desired output values. 

The specific mathematical operations performed to achieve these outputs are not as 

critical; rather, the focus is on how accurately the ANN can produce the targeted output 

values. This accuracy is what defines the network's performance. 

Various network structures have been developed in the literature to address different 

problems. In this study, we utilized a Feed Forward Back Propagation (FFBP) network 

structure to predict which mode of transportation participants would prefer under 

varying price and traffic conditions. In this supervised learning method, input 
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information is transmitted forward through the network, allowing it to generate one or 

more output values. The structure of the FFBP network is illustrated in Figure 4.1. 

 
Figure 4.1. FFBP network structure (Varol  

 

 The difference between the output value produced by the network and the actual 

(target) output value is referred to as the error. This error propagates backward through 

the network, leading to updates in the weight values that connect the neurons. When this 

process is completed for all input-output data pairs provided to the network, a training 

step is considered concluded. By repeating these training steps, the network is 

effectively trained. A trained ANN can successfully generate (predict) output values for 

data it has not encountered during training. This capability allows trained networks to 

predict which mode of transportation different users will prefer based on various price 

levels and traffic conditions. 

In ANN, determining when to stop training is crucial for the network s performance. 

While various rules or algorithms exist for training, many are based on gradient descent, 

which ensures that the error decreases with each step compared to the previous one. As 

a result, the error metric being evaluated becomes smaller with each training iteration. 
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However, a significant challenge in ANN is overtraining, which can lead to 

memorization or overfitting. When the network begins to memorize, the error may 

decrease for the training data, but when it encounters new data not used during training, 

the error often increases. This reduces the network s ability to generalize. Therefore, 

deciding when to stop training is critical for the network s success. 

To address overfitting, the available data is usually divided randomly into three 

subsets: training, testing, and validation sets. During the training phase, the training set 

is used to learn, while the error for the test set is monitored. Training is stopped when 

the error in the test set starts to increase. The validation set is then utilized to assess the 

success of the training process. Various studies explore the appropriate distribution 

ratios for these subsets, and in this study, 70% of the data was allocated to the training 

set, while the testing and validation sets each received 15%. An example illustrating 

underfitting and overfitting in ANN is shown in Figure 4.2. 
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Figure 4.2. Underfitting and overfitting examples  

4.2. DECISION TREES 

DT form the foundation of classical machine learning algorithms such as Random 

Forests, Bagging, and Boosting. Leo Breiman, a statistician at the University of 

California, Berkeley, was the first to propose them. Breiman s key idea was to represent 

data in a tree structure. In this structure, each internal node represents a test or condition 

on an attribute, each branch represents the outcome of that test, and each leaf node 
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(terminal node) represents a class label. DTs are widely used in predictive models for 

both classification and regression tasks and are often referred to as CART (Classification 

and Regression Trees). 

DT operate as sequential models that logically combine a series of simple tests. Each 

test either compares a numerical attribute against a threshold value or compares a 

nominal attribute against a set of possible values. These symbolic classifiers provide an 

advantage in interpretability over -  models like neural networks. The logical 

rules followed by a DT are much easier to interpret than the numerical weights of 

connections between nodes in a neural network. Consequently, decision-makers often 

feel more comfortable using models they can understand (Kotsiantis, 2013). 

When performing classification with DT, a dataset is progressively divided into 

smaller subsets, gradually developing the tree. The resulting tree consists of decision 

nodes and leaf nodes. In the constructed DT, a decision node can have two or more 

branches, while leaf nodes represent a class or a decision. The primary goal when 

building a DT from a dataset is to create a tree with as few nodes as possible (Torun, 

2022). An example of a DT is illustrated in Figure 4.3. 

 
Figure 4.3. Illustration of DT regression (Yazdani et al., 2023). 

 

Tree-based algorithms are a popular family of non-parametric, supervised methods 

used for classification and regression tasks. Supervised learning involves training 
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models with data that includes both input and output labels. A DT resembles an inverted 

tree, beginning with a  node that contains a decision rule and branching down 

with additional rules. For example, a decision rule might determine whether a person 

exercises. Some nodes may not contain decision rules; these are referred to as 

nodes.  

Decision Trees can be categorized based on the type of target variable: 

1. Categorical Variable Decision Trees: In these trees, the target variable is 

categorical. For instance, when predicting the price of a computer as low,  

medium,  or high,  features such as monitor type, speaker quality, RAM, 

and SSD may be utilized. The Decision Tree learns from these features by 

passing each data point through the nodes and ultimately reaching a leaf node 

that corresponds to one of the categories: low,  medium,  or high.  

2. Continuous Variable Decision Trees: In this scenario, features (e.g., 

attributes of a house) are used to predict a continuous output (e.g., the price of 

the house). 

Every tree has a root node where the inputs are processed. This root node is then 

divided into decision nodes, where outcomes and observations are determined 

conditionally. The process of dividing a node into multiple nodes is called  

If a node cannot be split further, it is referred to as a leaf node  or  

Sections of a DT are known as branches or sub-trees. For example, the section enclosed 

in a box in a Figure 4.3 representing a DT illustrates a sub-tree. 

There is also a concept that is the opposite of splitting. If certain decision rules in a 

DT can be eliminated, they are removed from the tree. This process is called 

and is useful for reducing the algorithm's complexity. 

Several techniques are used to determine how the data should be split. The primary 

goal of a DT is to divide the data into the correct classes as efficiently as possible by 

making optimal splits between nodes. Achieving this depends on the application of 

appropriate decision rules, which significantly influence the algorithm's performance. 

Some key assumptions to consider include: 

 All data is initially considered the root node, which is subsequently divided 

into sub-trees using algorithms. 

 Feature values are assumed to be categorical. If the values are continuous, 
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they are transformed into categories before the model is built. 

 Records are distributed recursively based on feature values. 

 Features are ranked as root or internal nodes using a statistical approach. 

Commonly used splitting techniques include Information Gain, Gini Index, Chi-

Square Test, and Mean Squared Error. 

4.2.1. Information Gain 

This technique assesses how each split increases the Information Gain within the 

dataset. The Information Gain at a node is measured by the reduction in the entropy of 

the dataset. Splits that yield high Information Gain are preferred because this indicates 

that the feature is significant in terms of the information it provides. When constructing 

a DT, identifying the optimal splitting node is crucial for achieving high accuracy. 

Therefore, Information Gain focuses on locating the best nodes that offer the highest 

values of Information Gain.  

This calculation relies on a concept called entropy. Entropy defines the level of 

disorder in a system the greater the disorder, the higher the entropy. When a sample is 

completely homogeneous, its entropy is zero; conversely, if the sample is partially 

organized (for example, 50% organized), its entropy will be one. This measure is 

fundamental in calculating Information Gain. Together, entropy and Information Gain 

are utilized in constructing the Decision Tree, a process that employs the ID3 algorithm. 

To calculate Information Gain and subsequently build the Decision Tree, the entropy 

of the output feature (before the split) is determined using Equation 4.1. 

 (4.1) 

In this context, p represents the probability of success (e.g., Correct  outcomes), 

while q signifies the probability of failure (e.g., Incorrect  outcomes). For instance, if 5 

out of 10 data points are classified as Correct  and the other 5 as Incorrect,  then p = 

0.5 and q = 0.5. In this scenario, entropy can be calculated as follows: 

 

The next step involves calculating the entropy for each input feature. For instance, 

Associated with these values are  
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2/5 = 

0,4 and q =3/5 = 0,6.  

Using these probabilities, we can now calculate the entropy for the low value. 

 

For the high  value, where 4 out of 5 data points are Correct  and 1 is Incorrect,  

the probabilities are as follows: 

 

 
Then, we calculate the total entropy for the input feature Priority.  This is done by 

taking the weighted average of the entropies for each subset specifically, the Low  

and High  categories. Since there are 5 data points in the Low  category and 5 data 

points in the High  category within the dataset, both subsets carry equal weight. Thus, 

the total entropy is determined accordingly: 

 

The final step involves calculating the Information Gain: 

 

This process is repeated for each input feature, and the feature that provides the 

highest Information Gain is selected. Ultimately, the feature with the highest 

Information Gain is chosen as the split node in the decision tree. This procedure 

continues until the entire dataset is classified. A leaf node is defined as a node with no 

entropy, or zero entropy, meaning that no further splitting occurs at this node. Only 

those branches that require splitting specifically when entropy is greater than zero, 

indicating confusion will undergo this splitting process. 

4.2.2. Gini Index 

The Gini Index is a measure of impurity in a node. A low Gini Index indicates that 

the node is homogeneous, making it suitable for accurate classification. This method is 

commonly used, particularly in classification problems. 
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In an ideal scenario, if all elements are accurately divided into distinct classes, the 

split is considered  The Gini Index quantifies the likelihood of misclassifying a 

randomly selected instance at a given node. Impurity reflects how much the model's 

split deviates from a pure division. The Gini Index score ranges from 0 to 1:  

 A score of 0 means that all elements belong to a single class (a pure split). 

 A score of 1 indicates that elements are randomly distributed across different 

classes. 

 A Gini Index of 0.5 suggests that elements are evenly distributed among 

several classes. 

The mathematical representation of the Gini Index is provided in Equation 4.2. 

 (4.2) 

In this context, pi  represents the probability of a specific instance being classified 

into a particular category. To help clarify the concept of the Gini Index, we present a 

simple example. In Table 4.1, each instance (or row) is defined by two variables and is 

associated with a class label. 

Table 4.1. Classes and variables 
 

Class Variable1 Variable2 

A 0 33 

A 0 54 

A 0 56 

A 0 42 

A 1 50 

B 1 55 

B 1 31 

B 0 -4 

B 1 77 

B 0 49 

 

The splitting criterion for Variable1 indicates that out of 10 examples, 4 are equal to 

1 and 6 are equal to 0.  

For Variable1 == 1, we have the following distribution among classes: 

 Class A: 1 out of 4 examples belongs to Class A. 

 Class B: 3 out of 4 examples belong to Class B.  

The Gini Index for this group is calculated as:  
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For Variable1 == 0, the distribution among classes is as follows: 

 Class A: 4 out of 6 examples belong to Class A. 

 Class B: 2 out of 6 examples belong to Class B. 

The Gini Index for this group is: 

 

In this process, each split is assigned a weight and summed based on the proportion 

of data it includes. 

 

This process evaluates the effectiveness of each split by considering the proportion of 

data it represents in the dataset. A weighted average is calculated to determine the 

overall Gini Index, which helps assess which split results in a purer distribution. This 

method assists the decision tree in selecting the most optimal split at each step. 

4.2.3. Chi-Square Test 

This test is designed to assess the relationship between features and classes at each 

split, particularly when dealing with categorical data. It evaluates how features relate to 

the target variable by conducting an independence test. The chi-square method is 

effective when the target variables are categorical, such as success-failure or high-low 

classifications. The primary objective of the algorithm is to determine the statistical 

significance of the differences between the child nodes and the parent node. The 

mathematical formula used to calculate the chi-square statistic is presented in Equation 

4.3. 

 (4.3) 

Oi represents the observed frequencies, while Ei represents the expected frequencies. 

This formula calculates the sum of the squared standardized differences between the 

observed and expected frequencies of the target variable. One of the main advantages of 

using the chi-square test is that a node can perform multiple splits, leading to increased 

accuracy and precision.  
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4.2.4. Mean Squared Error 

A common technique for regression problems is to minimize the Mean Squared 

Error (MSE) at each node. This approach targets continuous variables and splits the data 

based on the differences between target values. The formula for calculating MSE is 

presented in Equation 4.4. 

 (4.4) 

Let n represent the number of data points. For each data point i, yi denotes the actual 

value of the target variable, while i represents the predicted value for that same data 

point.  

Please note that the section on decision trees is based on the source: Kurama (2019).  

4.3. RANDOM FOREST 

RF is an ensemble learning method that combines multiple DT to improve accuracy 

and reduce overfitting. It operates by constructing numerous DT during training and 

aggregating their predictions through majority voting (for classification) or averaging 

(for regression). 

RF creates multiple DT that are combined to provide more accurate predictions. The 

concept behind the RF model is that independent and uncorrelated models (individual 

DT) perform significantly better when grouped together than when operating alone. In 

classification tasks, each tree in the random forest produces a classification or vote.  

The overall classification is determined by the majority of these votes. In regression, the 

forest calculates the average of the outputs from all the trees. The key to this approach is 

maintaining a low (or ideally, no) correlation between the individual models, which are 

the DT that comprise the larger RF model. While individual DT may make errors, the 

collective output of the group is usually correct, guiding the overall result in the right 

direction (Meltzer, 2023). 

The most significant advantage of RF is their versatility; they can be applied to both 

classification and regression problems. Figure 4.4 illustrates a simple RF model 

consisting of two trees.  
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Figure 4.4. A two-tree random forest model (Donges, 2024). 

 
RF shares many hyperparameters with DT and boosting classifiers. However, it is 

unnecessary to combine a DT with a boosting classifier since the classification feature 

of the RF can be utilized independently. RF introduces additional randomness into the 

model while constructing the trees. Instead of identifying the most important feature 

during a node's split, it selects the best feature from a random subset of features. This 

approach often leads to greater diversity among the trees, resulting in a more robust 

model. Thus, in an RF classifier, only a random subset of features is considered when 

splitting a node. Additionally, trees can be further randomized by incorporating random 

threshold values instead of looking for the best threshold value for each feature. 

Although RF is fundamentally a collection of DT, some key differences exist 

between them. When a training dataset with features and labels is provided to a DT, it 

generates a set of rules for making predictions. For instance, to predict whether a person 

will click on an online advertisement, the model might analyze past ad clicks and 

various features that influence the person's decision. In contrast, the RF algorithm 

creates multiple DT by randomly selecting observations and features, followed by 

averaging the results of these trees. 

Another notable difference is that deep DT may suffer from overfitting. RF mitigate 

this risk by creating shallower trees using random subsets of features and then 

combining these smaller trees. However, this strategy does not guarantee success and 

can slow down computation, depending on the number of trees constructed in the RF. 
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To achieve more accurate predictions with RF, a greater number of trees is typically 

required, which can increase memory usage and slow down the model. While the 

algorithm is generally fast enough for most real-world applications, excessive trees can 

render the model too slow for real-time predictions. Additionally, although RF 

algorithms usually train quickly, generating predictions can be slower, which may lead 

to inefficiencies in scenarios where runtime performance is critical. In such situations, 

alternative methods might be more appropriate. 

It's important to note that RF models are primarily predictive tools rather than 

explanatory ones. They are designed to make predictions based on data patterns rather 

than elucidating the relationships among various factors. Different modeling approaches 

may be better suited for understanding these relationships.  

(Note: This section on Random Forest is based on the source Whitfield, 2024.) 

4.3.1. Algorithm 

Given a dataset , where xi represents input features and yi 

representes target values: 

1. Randomly sample (with replacement) from the dataset to create multiple 

bootstrapped trees. 

2. Construct a decision tree for each dataset, using a random subset of features 

at each split. 

3. Aggregate the outputs: 

 Classification: Use majority voting (Equation 4.5) 

 (4.5) 

 Regression: Compute the average prediction (Equation 4.6) 

 (4.6) 

Where T is the number of trees, and ht(x) is the prediction of the tth tree. 

RF effectively reduces variance while maintaining relatively low bias, making it 

robust to overfitting. 
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4.4. GRADIENT BOOSTING 

Gradient Boosting (GB) is a powerful machine learning technique for regression and 

classification tasks. It is particularly effective at handling complex and nonlinear 

datasets. GB is an ensemble learning technique that builds models sequentially, 

optimizing errors iteratively. Unlike RF, which builds trees independently, GB corrects 

the mistakes of previous trees by fitting new trees to residual errors. 

4.4.1. The Fundamental Components of Gradient Boosting 

In GB, the fundamental building blocks are DT. These models make predictions by 

splitting the data based on specific conditions. Unlike RF, which create trees 

independently, GB builds these trees sequentially. Each new tree aims to correct the 

errors made by the previous one.  

The term  is derived from the gradient descent algorithm, which 

is used to minimize errors. Gradient descent is an iterative method that moves toward 

the lowest point of a loss function this function measures the difference between the 

model's predictions and the actual values to find the best parameters for the model. 

The objective is to reduce the loss function, which quantifies the discrepancy between 

the predicted and actual values. GB effectively minimizes this loss function by 

continuously refining its predictions.  

4.4.2. Algorithm 

1. Initialize with a weak model (e.g., constant predictor) (Equation 4.7)  

 (4.7) 

2. For each iteration  

 Compute pseudo-residuals (Equation 4.8): 

 (4.8) 

 Fit a weak model hm(x) to residuals. 

 Update the model (Equation 4.9): 

 (4.9) 
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Where  is the learning rate. 

GB works well for both classification and regression tasks but requires careful tuning 

of hyperparameters to avoid overfitting. 

4.4.3. Gradient Boosting Trees 

Gradient Boosting Trees (GBT) is a machine learning algorithm used for both 

regression and classification problems. GBT relies on the gradient boosting approach, 

which is an ensemble method consisting of a series of DT. In this method, trees are 

created sequentially, with each new tree designed to correct the errors made by the 

existing ensemble of trees. GBT apply GB specifically using DT as base learners. 

Instead of simple weak learners GBT uses deep DT to minimize loss function gradients. 

The trees in GBT, typically DT, are generated by partitioning the input space 

(features) to minimize a specific loss function. After each tree is added to the model, the 

algorithm computes the loss function to assess how much the predictions of the current 

ensemble differ from the actual values. Subsequently, the residuals representing the 

differences between the predicted values and the actual values are used to build the 

next tree. The objective of the new tree is to predict these residuals.  

The working mechanism of gradient boosted trees is illustrated in Figure 4.5.  

 
Figure 4.5. The architecture of Gradient Boosting Decision Tree (Deng et al., 2024). 
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Each tree in GBT is a DT that is created by dividing the data into branches based on 

specific thresholds for features. The choices made during these splits are aimed at 

minimizing the loss function for each segment of the data. In simpler terms, the 

algorithm chooses splits that effectively reduce the errors identified in the previous 

trees. 

The learning rate is a crucial parameter in GBT as it determines the contribution of 

each new tree to the overall ensemble. A lower learning rate means that the impact of 

each individual tree is more cautious. Consequently, this may require adding more trees, 

which often leads to a more robust model.  

4.4.4. Mathematical Formulation 

Using the same iterative boosting framework: 

1. Fit trees to residuals at each step. 

2. Update the model with weighted sum of tree predictions (Equation 4.10): 

 (4.10) 

Where Tm(x) is the tree predictor at step m. 

GBT models require tuning the depth of trees, learning rate, and number of boosting 

iterations for optimal performance. 

4.4.5. Types of Gradient Boosting Algorithms 

Gradient boosting algorithms are available in various types and customizations, each 

offering distinct advantages and applications. Among the notable gradient boosting 

algorithms are eXtreme Gradient Boosting (XGBoost), Light Gradient Boosting 

Machine (LightGBM), and Categorical Boosting (CatBoost). 

4.4.5.1. eXtreme Gradient Boosting 

XGBoost is an optimized distributed gradient boosting library known for its 

efficiency, flexibility, and portability. It implements machine learning algorithms within 

the gradient boosting framework. XGBoost is an optimized implementation of GBT that 

improves computational efficiency and regularization. It employs second-order Taylor 

expansion for loss approximation and introduces L1/L2 regularization for better 

generalization. Some key features of XGBoost can be listed as follows: 

 Speed and Performance: XGBoost is designed for speed and high performance. It 
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utilizes a more regularized model to help prevent overfitting, which leads to 

improved outcomes. 

 Scalability and Flexibility: XGBoost can handle billions of examples and 

performs effectively across various computing environments, including 

distributed systems. 

 Customizability: The library supports custom objective functions and evaluation 

metrics, allowing for greater flexibility in diverse applications. 

Mathematical Formulation 

For a given dataset (xi, yi), the objective function includes both the loss function and 

regularization term (Equation 4.11): 

 (4.11) 

where penalizes complexity of trees (Equation 4.12): 

 (4.12) 

XGBoost uses shrinkage, column subsampling, and spare-aware splits to improve 

efficiency and accuracy. 

4.4.5.2. Light Gradient Boosting Machine 

LightGBM is a gradient boosting framework that utilizes tree-based learning 

algorithms, specifically designed for efficient and distributed training on large datasets. 

LightGBM is a highly efficient GB framework designed to handle large datasets with 

lower memory usage. It introduces: 

 Histogram-based learning: Bins feature values into histograms to speed up 

computation. 

 Leaf-wise tree growth: Expands the most promising leaf first instead of 

level-wise expansion. 

Its key advantages include: 

 Efficiency with Large Datasets: LightGBM is faster than other gradient 

boosting implementations when working with extensive datasets. 

 Lower Memory Usage: It employs innovative techniques such as Gradient-

based One-Side Sampling (GOSS) and Exclusive Feature Bundling (EFB), 
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which significantly reduce memory consumption. 

 Handling Large-Scale Data: LightGBM performs exceptionally well with 

large datasets and can effectively manage numerous features. 

 Distinctive Features: Its primary distinction is its ability to handle large 

datasets with lower memory requirements, making it an ideal choice for 

scenarios with limited computational resources. 

Mathematical Formulation 

Like XGBoost, it optimizes (Equation 4.13): 

 (4.13) 

But uses a more efficient GOSS and FB to reduce computational cost. 

4.4.5.3. Categorical Boosting 

CatBoost is an open-source gradient boosting library that is particularly effective at 

handling categorical data. CatBoost is a gradient boosting algorithm optimized for 

categorical data. Unlike other boosting methods that require explicit encoding (e.g., one-

hot encoding), CatBoost efficiently handles categorical features using Ordered Target 

Statistics and Ordered Boosting to prevent target leakage. Some key features of 

XGBoost can be listed as follows: 

 Handling Categorical Data: Unlike other gradient boosting algorithms, 

CatBoost eliminates the need for extensive preprocessing to convert 

categorical data into numerical format. It automatically processes categorical 

features by using various statistics derived from the combinations of 

categorical features and the target variable. 

 Robustness and Accuracy: CatBoost minimizes the need for extensive 

hyperparameter tuning and reduces the risk of overfitting, resulting in more 

robust and accurate models. 

 User-Friendly: The library is user-friendly and can be easily integrated with 

deep learning frameworks. 

Mathematical Formulation 

Uses ordered target encoding for categorical features (Equation 4.14): 
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 (4.14) 

where is a somoothing factor to prevent overfitting. 

CatBoost also impements Ordered Boosting, which prevents overfitting by using 

permutations of data during training. 

In this study, since categorical data were utilized, gradient boosting was implemented 

using the CatBoost algorithm. For a comprehensive understanding of the algorithm's 

mathematical foundations, refer to Prokhorenkova (2016). 

Note: The section on gradient boosting is based on the source by Ibrahim (2024). 
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CHAPTER 5 MODEL DEVELOPMENT AND 
COMPARISON OF MODEL PERFORMANCES 

In this study, the input data for the developed models were derived from two sections 

of the survey: the  section (Part 1) and the 

and Preferences Regarding E-  section (Part 2). The survey is included in 

Appendix A. Additionally, travel times and costs defined in the scenarios under the 

 section (Part 3) (see Table 3.3) were also used as inputs for the models. 

Among the demographic characteristics, age was treated as a continuous variable. It 

was normalized to a range between 0 and 1 by dividing each participant's age by 100, 

represented by a single input neuron. Similarly, the number of household members and 

the number of cars in the household were normalized by dividing by 10, resulting in 

values between 0 and 1, with each represented by a single input. 

Questions regarding ownership of a driving license, private car, and e-scooter were 

binary (yes/no) and represented as a single input value. A dummy variable was used, 

 

For questions that had more than two response options, such as education level, the 

number of inputs corresponded to the number of categories. For instance, if a participant 

was male, the first input for gender would take a value of 1, while the other two inputs 

would be 0. For female participants, the first and third inputs would be 0, and the second 

would be 1. If a participant chose not to disclose their gender, the first and second inputs 

would be 0, while the third would be 1. 

Due to numerous alternatives, variables such as the participant's district of residence 

and occupation were not included in the models. 

In the inions and Preferences Regarding E-  section, six questions with 

binary responses (yes/no) were represented by a single input. For the remaining 17 

questions, the number of inputs corresponded to the number of selectable answers for 

each question. 
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The study defined each of the eight scenarios with different traffic conditions (light, 

moderate, or congested) as a separate data point. Thus, for each participant, 3 traffic 

conditions multiplied by 8 scenarios resulted in 24 different scenarios, asking for their 

preferred mode of transportation (private car, taxi, e-scooter, or public transportation) 

under each condition. The costs and travel times for each transportation mode under the 

different conditions were also defined as the last eight input values and were normalized 

to a range between 0 and 1 by dividing the cost values by 200 and time values by 60. 

As a result, each of the developed models utilized 126 inputs. The model's output 

represents the mode of transportation that a user would prefer under the current 

conditions. Since there are four options for output, a separate output was defined for 

each option. The output corresponding to the chosen category is assigned a value of 1, 

while the others are assigned a value of 0. 

Therefore, the models were designed to predict four outputs based on 126 inputs. 

With 462 participants evaluating 24 scenarios each, a total of 11.088 data points were 

used. For all models, 70% of the total data was allocated for model training (training 

data), 15% for testing (test data), and the remaining 15% for validation (validation data). 

The study employed ANN, DT, RF, and GB algorithms to predict which mode of 

transportation (private car, taxi, e-scooter, or public transportation) survey participants 

would prefer under various scenarios and conditions. During the model creation process 

for all methods, the same division of data was maintained: 70% for training, 15% for 

testing, and 15% for validation. 

As shown in Table 5.1, models were developed for five different datasets, and the 

model with the highest performance was selected as the base model. The predictive 

performance of the models was evaluated solely based on the test set, while their overall 

accuracy in reflecting participants' preferences was assessed using all 11.088 data 

points. 

Table 5.1. Data set combinations used in determining the network architecture 
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The ANN model model consists of 126 input neurons and four output neurons. The 

number of hidden layers and the number of neurons in each layer were determined using 

a grid search method. One or two hidden layers, with each layer containing between 1 

and 50 neurons were tested. The architecture of the developed ANN is illustrated in 

Figure 5.1. 

 
Figure 5.1. The architecture of the developed ANN. 

 
A three-way data split method was employed to prevent overfitting and to identify 

the optimal network architecture. The flowchart illustrating this three-way data split 

method can be found in Figure 5.2. Initially, the data was randomly shuffled and divided 

into three sets: training (70%), testing (15%), and validation (15%). The investigation of 

the best network architecture was conducted based on the dataset combinations outlined 

in Table 5.1. The optimal architecture for each ANN model was selected based on the 

MSE performance metric. 
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Figure 5.2. Flow chart of the three-way data split validation method (Murat, 2006). 

 

The highest-performing architecture for the ANN model included 126 neurons in the 

input layer, two hidden layers with 50 neurons each, and four output neurons. Table 5.2 

presents a comparison of the performance metrics for the developed models. The 

accuracy of these models was calculated using Equation 5.1. 

 (5.1) 

Table 5.2. Performance values of the developed machine learning models 

Model Accuracy (%) 

Artificial Neural Networks 70,42 

Decision Trees 86,08 

Random Forest 96,51 

Gradient Boosting 94,92 

 

As shown in Table 5.2, the Random Forest method achieved the highest correct 

prediction rate at 96.51%. While all four methods demonstrated significantly better 

performance than the 54% success rate reported for the discrete choice models by 

rmed the other models utilized 

in this study. 
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CHAPTER 6 CONCLUSIONS 

Elektrikli 

project focuses on creating a choice model that reveals the attitudes and preferences of 

e-scooter users. In this context, traditional discrete choice methods were not employed 

to model user preferences, with the goal of achieving at least 70% accuracy. If this 

target was not met, the backup plan involved using various machine learning techniques 

to reach the desired accuracy. This approach laid the groundwork for the developed 

study. 

An online survey was conducted as part of the study, with responses from 512 

participants, of which 462 users living in Istanbul were included in the evaluation. The 

survey consists of three sections, outlined in Appendix A. The first section gathers 

demographic information about the participants, the second section focuses on e-scooter 

usage, and the third section contains questions about different scenarios and the 

transportation mode participants would choose in those scenarios. 

To develop predictive models for transportation mode choices based on demographic 

characteristics, e-scooter usage, and various scenario conditions, methods such as 

Artificial Neural Networks, Decision Trees, Random Forest, and Gradient Boosting 

were utilized. All developed models outperformed the 54% accuracy achieved by the 

project's target accuracy of 70%, with the Random Forest method achieving the highest 

performance at 96.51%. 

The Random Forest model is intended for use in traffic simulations that will be 

conducted in the project's second work package. It will help create synthetic populations 

and determine their distribution within those simulations. The model's output will 

predict which transportation mode different user types prefer under various conditions 

and be integrated into traffic simulation software. This integration will also facilitate the 
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evaluation of the effects of different future scenarios.  

With a user-friendly interface, the developed model can be made available to central 

and local governments, allowing decision-makers to anticipate public responses to 

strategic decisions regarding transportation or pricing policies. For instance, the model 

can predict how transportation choice distribution will shift with a price increase in 

public transportation. Additionally, the models can forecast the potential effects of 

measures aimed at increasing micromobility usage, especially e-scooters, to mitigate the 

negative environmental impacts of transportation. This capability positions the model as 

a valuable tool for decision-makers. 

Moreover, the user-friendly interface will assist companies that offer shared e-

scooter services in better predicting potential returns on investment. The model can also 

be utilized to develop policies that enhance customer satisfaction. 

In future studies, collecting survey data from users in cities outside of Istanbul could 

help generalize the developed models. By incorporating factors such as population 

density, demographic structure, land conditions, and climate into the models, it may be 

possible to create a universal model that provides accurate predictions for any city 

where user preferences are to be assessed. 
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