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1 Introduction 
Shared micro-mobility is a type of transportation option that become a trend in recent years. It 
was usually used for short trip distances and aimed to reduce short car trips (Yan et al., 2023). 
Shared micro-mobility has been found to improve accessibility among people without owning 
a car, as they could access further areas by transiting to public transport stations using shared 
micro-mobility transport (OECD, 2021). By using shared micro-mobility, the traffic congestion 
problem could also be reduced, and it was also found that it could benefit the environment due 
to the reduction of carbon dioxide emissions (OECD, 2021). Moreover previous studies stated 
that micro-mobility might be the solution to the first-mile and last-mile connectivity problem as 
it helps users access the first-mile or last-mile of the public transport station (Hosseinzadeh et 
al., 2021). 
Following the new transportation global trend, shared micro-mobility is adopted by the local 
council authorities as one of the new transportation options in Malaysia. To assist in smooth 
adoption, the infrastructures and facilities guidelines for the micro-mobility were proposed and 
implemented by the Town and Country Planning Department (PLANMalaysia) in March 2023 
(Guidelines on Micromobility Vehicle Route Plan Finalised, 2023). According to Road Traffic 
Rules 2021 Malaysia, micro- mobility users share the lanes with bicycle users, and micro-
mobility vehicles are not allowed to travel on the main road in Malaysia (Nik Anis, 2022). 
Hence, road infrastructure, such as bicycle lanes, must be designed and constructed based 
on the guidelines to support micro-mobility usage. However, high cost is required in the 
construction and maintenance of the bicycle lanes and it would be costly to construct bicycle 
lanes on each road (Bao et al., 2017). Therefore, a route choice model to predict the route 
choice preferences of the micro-mobility user is proposed in this research project to help the 
local council authorities to prioritize the improvement of road infrastructure in a certain area 
with a limited budget. 
In previous studies, discrete-choice models, which explain how a rational decision-maker 
selects an option from a set of alternatives based on each alternative's attributes and the 
individual's characteristics, were used to predict the route choice in most of the research. 
However, they often fall short of accurately interpreting the relationships among covariates 
and responses, leading to various studies aimed at addressing this limitation. Several studies 
have explored the application of machine learning models in choice modeling scenarios, 
highlighting the similarities and differences between data-driven (machine learning) and 
theory-driven (multinomial logit) approaches. The findings suggested that machine learning 
models can achieve higher goodness of fit as compared to theory-driven models. Thus, in this 
research project, machine learning methods, such as the Random Forest algorithm and 
XGBoost algorithm, would be used to predict the route choice of the micro-mobility users on 
the roads connecting the origins and destinations.  
Besides, a few factors are required to consider for the route choices model, such as the 
distance along the path, the micro-mobility demand, and the road features (Steinacker et al., 
2022; Zou et al., 2020). Moreover, the land uses and the built environment would also affect 
the micro-mobility demand and the route choice of the micro-mobility users (Heumann et al., 
2021). Hence, the miro-mobility demand in Klang Valley will be analyzed using the individual 
micro-mobility user’s trajectory data provided by the local shared e-scooter operator. 
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The project aims to develop a route choice for shared micro-mobility by considering micro-
mobility trip patterns and associated factors that might contribute to these patterns.  
To achieve the aim the objectives for this research project are stated below: 
1. To assess the spatial-temporal analysis for shared micro-mobility in Klang Valley. 
2. To investigate the factors affecting the route choice for shared micro-mobility users 
3. To develop the route choice model according to the relevant criteria. 

2 Methodology 

This research project is separated into 4 main stages following the flow as stated in Figure 1.  
Figure 1: Quantitative methodology 
 

 
In the first stage, the data processing stage, the shared micro-mobility trip data is collected 
from a local shared e-scooter operator in Malaysia such as BEAM e-scooter. The data that 



ATRF 2024 Proceedings 

3 

are provided by the operator include the origin-destination micro-mobility trip data and the 
individual trajectory trip data in Cyberjaya, Petaling Jaya, Shah Alam, and Kuala Lumpur, 
Malaysia. The data provided contains the user ID, start and end travel time, trip duration, trip 
distance, latitude, and longitude of the start and end points of each user. Besides, the latitude 
and longitude of a point at each timestamp along the user’s route are provided to show the 
user’s trajectory. The accuracy and hdop are also provided for each point in the trajectory 
data. Next, data cleaning processes are required to carry out to filter the unused or not relevant 
data, extract each of the trajectory points in a trip from the data and rearrange the data 
following the formats that are required for future data processing. This process is carried out 
using Python code as large data and iteration processes are involved. All-trajectory data are 
then map-matched to Open Street Map (OSM) road links. In the second stage, the analysis of 
the descriptive statistic is carried out using the origin and destination points data. A basic and 
simple analysis such as the spatial-temporal analysis was conducted by investigating the trip 
pattern of shared micro-mobility vehicles to get the descriptive statistic. Consequently, some 
simple assumptions can be made such as the trip purpose of the micro-mobility users at the 
study area based on the peak periods and the popular spots.  
 
In the third stage, an exploratory analysis of the trajectory data is then conducted on the point 
of interests (POIs) that are affecting the shared micro-mobility route choice. The POIs of the 
road segments that had been used by the selected shared micro-mobility trip can be obtained 
from open sources such as Open Street Map (OSM) through Python (Altintasi & Yalcinkaya, 
2022). Finally, in the last stage, the modelling stage, a route choice model is developed using 
machine learning algorithms such as the random forest algorithm and the XGBoost algorithm. 
For the random forest algorithm, the model is developed using the RandomForestRegressor 
from the scikit-learn 

3 Main findings 
The results are carried out using an origin-destination dataset and trajectory datasets, 
which include 7909 trajectory data. The results for the spatial-temporal analysis are first 
presented. Then, the trip purpose of the shared micro- mobility trips is concluded from the 
spatial-temporal analysis. The point of interest (POI) analysis is then carried out to 
determine the location and number of POI around the road segments with the shared micro- 
mobility trips. After that, the route choice model is developed and the analysis on the route 
choice model is presented. Finally, the prediction of shared micro-mobility route choice 
using the developed route choice model would be presented. 
 
Spatial analysis and temporal analysis are carried out using the origin-destination data 
in Petaling Jaya as shown in Figure 2 and Figure 3. Based on Figure 2, the temporal 
pattern of a day in Petaling Jaya shows that the highest number of the shared micro-
mobility trip is happening at the off-work hour which is during 6 pm and the common 
shops, restaurants, shopping malls closing time in Malaysia which is during 10pm. 
based on Figure 3, the numbers of shared micro-mobility trips at each ending spot in 
Petaling Jaya are shown. The largest number of people end their shared micro-mobility 
trips at LRT Ara Damansara. An assumption could be made that the purpose of users 
using the shared micro-mobility is to take the LRT. This means that the shared micro-
mobility has been utilized in the first-mile and last-mile connection to public transport 
stations. These shared micro-mobility trip purposes would affect the route choice of the 
users and this factor might need to include when modelling the shared micro-mobility 
route choice model. 
 

Figure 2: Temporal analysis for all-trajectory data 
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Figure 3: Spatial pattern in Petaling Jaya 
 

 

By including all POIs, the shared micro-mobility has been developed using the machine 
learning algorithms such as Random Forest algorithm and XGBoost algorithm. A total of 
4832 road segments which show the shared micro-mobility usage are used in developing 
the route choice model which 3865 data are used for training (80%) and 967 data (20%) 
are used for testing. The model performance of the proposed algorithm has been 
compared using the full-trajectory data to indicate a better machine learning algorithm 
for further model development. The R2 score has been used as the indicator for the 
model performance which the model is better fit to the data if the R2 score is closer to 1. 
The results show that the R2 score for the XGBoost model is 0.67 and the Random 
Forest model is 0.43 which the model performance for XGBoost is better compared to 
the Random Forest model. Hence, the XGBoost algorithm is chosen to be used in the 
further route choice model development. 
 
Next, the relative importance of each POI for the developed route choice model using 
the all-trajectory data is determined and shown in Figure 4. 
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Figure 4: Relative Importance of POI for all-data model 

 
Figure 4. shows that the shops, restaurants, and public transport station are the first three 
important POI in models. Subsequently, a few POI combinations are formed and then used 
as the features in the XGBoost model, and the weightage of the road segments is used as 
the target value in the XGBoost model. After that, the model with the best model 
performance (R2 score equal to 0.72, see Table 1.) is further improved by tuning the 
hyperparameters of the model. After the hyperparameter tuning is applied, the R2 score of 
the model improved to 0.76 which is more accurate and reliable. Hence, a shared micro-
mobility route choice model with the 0.76 R2 score is developed. 
Table 1: Model performance for all-data model 
 

Features MAE MSE RMSE R2 score 
Restaurants, Shops, Public transport Stations 30.49 8561.26 92.53 0.71 
Restaurants, Shops, Public transport Stations, 
Recreational 
spots 

29.9 8308.1 91.15 0.72 

Restaurants, Shops, Public transport Stations, 
Recreational 
spots, Residential area 

30.62 8536.38 92.39 0.71 

Restaurants, Shops, Public transport Stations, 
Recreational spots, Residential area, Intersections 

30.39 9781.32 98.9 0.67 

Restaurants, Shops, Public transport Stations, 
Recreational spots, Residential area, Intersections, 
Office buildings 

30.27 9773.13 98.86 0.67 

 
 
In summary, the results show that the machine learning, such as the XGBoost algorithm, 
performs higher accuracy compared to the Random Forest algorithm as the model 
performance, such as the R2 score for the XGBoost model, is higher compared to the Random 
Forest model. Besides, for the all-data model, the model performance is highest when the 
restaurants, shops, public transport stations and recreational spots are included as features 
in the XGBoost model. Subsequently, the results show that the performance of the all-data 
model is better when more comprehensive data are used. Besides, the model performance, 
such as the R2 score, is further improved through hyperparameter tuning, and the best model 
performance is obtained. 
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From that, the shared micro-mobility route choice model with the 0.76 R2 score, which 
includes features such as restaurants, shops, public transport stations and recreational spots, 
is developed. This model could be used to predict the shared micro-mobility usage in an area. 

4 Discussion  

This study employed spatial-temporal analysis to model route choice of the shared micro-
mobility trips by utilising information of point of interest (POI). Based on the findings of the 
spatial and temporal analysis, the users use the shared micro-mobility around the shops, 
restaurants, office buildings, public transport stations and recreational spots. These POIs 
have been included in developing the route choice model. In developing the shared micro-
mobility route choice model, the following conclusions were made based on the findings. the 
accuracy of the XGBoost model is higher than the Random Forest model in predicting the 
weightage of the shared micro-mobility usage on the road segments. POIs such as 
restaurants, shops, public transport stations and recreational spots are the factors that affect 
the choice of shared micro-mobility routes. 

By using this developed model, the weightage of shared micro-mobility usage and the 
shared micro-mobility route choice have been predicted. This model can be used in Malaysia 
to help the local council identify the roads to construct the bike lanes for the shared micro-
mobility. 
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