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Abstract

In rapidly urbanizing cities of developing nations like Dhaka, implementing metro rail systems is increasingly
viewed as a solution to urban congestion and rising travel demand. This study aims to collect and compare
stated and revealed preference data for MRT users and to prioritize socioeconomic, demographic, and trip
characteristics of MRT users by machine learning (ML) approach focusing on the forecasting of commuter
behavior for Dhaka’s MRT Line-6, the city’s first metro system. To address these objectives, a systematic
methodology was followed. The study carried out both stated preference (SP) and revealed preference (RP)
surveys, collecting data from respondents across diverse socioeconomic and geographic contexts by home
interview survey (HIS) using a structured questionnaire survey. Using the collected data state-of-art ML models,
such as, tree based ensembled models including Random Forest (RF), boosting models including AdaBoost,
XGBoost, LightGBM, single classifier method including Support Vector Machine (SVM), were utilized for
analysis, with RF demonstrating superior accuracy. Additionally, feature importance based on best performing
RF models are determined. Features such as: Rapid Pass/ MRT Pass for MRT, travel time MRT total, fare MRT
total, travel time private vehicles emerge as the critical determinants of MRT adoption. The study explores
factors influencing mode choice, particularly the trade-offs between cost, time, and convenience, in a context
where private vehicles and buses dominate transportation and provides valuable insights for policymakers to
ensure strategic development of rail-based transit systems in developing cities, ensuring their long-term viability
and acceptance.
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1 Introduction
1.1 General

Implementing metro rail systems in developing countries offers a promising solution to urban traffic congestion
and rising travel demand. MRT Line 6, Bangladesh’s first rapid transit line, is poised to improve mobility and
connectivity in Dhaka. However, transitioning to public transportation faces cultural resistance from individuals
accustomed to private vehicles. Accurate travel demand forecasting is essential to anticipate public response and
socio-economic impacts of MRT adoption. The feasibility of implementing Mass Rapid Transit (MRT) remains
debatable, primarily due to the pronounced fare differential between conventional bus services (2.15 BDT/km)
and MRT (5 BDT/km). Forecasting of Ridership becomes increasingly difficult to ascertain due to the change of
household income, demographics evolve and travel options. Linear models can not reflect the diversity of
commuter decisions in this condition where Machine Learning (ML) methods demonstrate a stronger
alternative. More so, Machine Learning methods process large and heterogeneous datasets identifying factors
which strongly influence travel choices. Random Forest (RF) and Gradient Boosting are significantly prominent
to capture complex interactions among variables that Traditional Discrete Choice Models (DCMs) often miss
out.

Literature Review

Recent days research shows that accuracy in machine learning methods is far better than traditional models,
predicting people choose in selecting the mode of transport. Support Vector Machine, Random Forest and XG
Boosting have given better results than traditional models like discrete choice models. Dahmen et al. (2024)
showed in his research that Random Forest, XG Boosting worked well with revealed preference data.
Traditional models like DCM are very much useful to explain travel behavior clearly in days also. This was the
advantage of such modeling approach comparing to other models. Partial Dependence Plots (PDP), SHAP
values and feature importance analysis are few tools that are presently using to understand the machine learning
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in the similar way to Discrete Choice Model. As per suggestion of some researchers, blending of two
approaches may give best result where DCMs provide theoretical base and ML gives stronger prediction power.
On the other hand, use of large-scale data makes efficiency important. In this research work, Random Forest and
Gradient Boosting have been shown to perform well as they combine accuracy with manageable computing
time.

2 Methodology

In this study, a mixed method approached is used to collect data and develop models. Four MRT stations i.e.,
Pallabi, Kazipara, Bijoy Sharani and Motijheel were chosen to represent Industrial, Residential, Institutional and
Commercial areas where Home Interview Surveys (HIS) were carried out to capture travel patterns. Total 2175
responses were collected covering user attitudes, travel behavior and socio-demographic details. Questionnaire
were refined and Data was cleaned by conducting a pilot survey. In total 1533 responses were used for analysis.
Variables like travel time, fare differences between MRT and other modes, holding rapid pass or not were
prepared by doing feature engineering. RF and SVM models were applied to pre MRT stated preference (SP),
Post MRT SP and revealed preference (RP) datasets. To ensure balanced performance, model settings were
adjusted using grid search with cross validation. Shapley Additive Explanation (SHAP) valus and feature
importance measures were utilized for explaining the results. Methods helped to identify the most important
factors influencing commuter decisions. Kashifi et al. (2022) and Zhao et al. (2020) adopted similar approach in
their research work.

3 Results and Discussions
3.1 Model Performance Summary for MRT Ridership Prediction

This research work compared the performance of several Machine Learning Models including RF,
LightGBM(LGBMC), XGBoost(XGBC), SVM and Logistic Regression(LR).Models were tested on three
datasets: Pre-MRT SP, Post-MRT SP and Post — MRT RP. Random Forest gave best result in pre-MRT SP
dataset. RF achieved 88.9% accuracy with precision at 88.9%, recall at 91%, F1 score at 89.7% and AUC of
95.23%. From the above data, RF was reliable in separating likely MRT users from non OMRT users. Data set
was balanced with MRT users making up 47.56% of responses and non-users 52.44%. The high precision and
recall values mean the model identified most true MRT users correctly as well as kept false positive low. Here
this makes it well-suited for forecasting ridership in this context. The elevated F1 score further substantiates this
assertion. Ensemble models like LGBMC and XGBC also performed well, supporting existing literature on the
strength of tree-based models in handling complex transport data. In contrast, SVM and LR underperformed,
particularly due to their limitations with non-linear patterns and high-dimensionality. In Post MRT SP results
shown in Table-1, the findings remain consistent, with the RF model significantly outperforming the other
models. It achieved an accuracy of 95.00%, precision of 95.70%, recall of 97.50%, F1-score of 96.60%, and an
AUC score of 98.65%. Following closely are the LGBMC and XGBC, while SVM continues to be the least
effective individual machine learning model. Logistic regression still falls short, highlighting its limitations in
modeling complex choice behaviors after MRT implementation, which are influenced by various interacting
factors such as service quality, accessibility, and individual preferences.The Post-MRT RP data in Table 1,
which captures actual revealed choices, showed the RF model achieving its peak performance: 96.00%
accuracy, 92.80% F1-score, and 98.52% AUC. Interestingly, SVM performance improved in this real-world
scenario, while LR, despite some gains, still suffered from low recall—failing to correctly identify many MRT
users. In summary, the Random Forest (RF) model demonstrates the best performance in handling both real and
hypothetical scenarios, followed closely by LightGBM (LGBM) and XGBoost (XGBC). Overall, ensemble
methods, which include both tree-based and boosting models, outperform individual machine learning models.
Support Vector Machine (SVM) shows a significant weakness in predicting hypothetical scenarios related to SP,
but performs admirably when predicting real modes for RP. Logistic Regression (LR) has underperformed,
particularly in capturing non-linear complexities. While it does show improved performance in the RP scenario,
it still struggles to accurately identify many actual MRT users, who are incorrectly classified as non-MRT users.
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Table 1. Comparative State of Models SP data.
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Figure-1: ROC Curves of Models
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Figure-1 shows ROC curves of various models in pre-MRT and post-MRT SP, post-MRT RP scenario where
RF demonstrates the superior results.

Feature Importance Ranks (Post MRT SP)
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Note: Diff Bus MRT_Fare_BDT =Difference between current mode fare and MRT fare (in BDT),
Acc_Egr_Fare BDT= Total access and egress fare (in BDT), Acc_Egr_TT_min= Total access and egress
travel time (in minutes), RC_IVTT _min= Ride-Sharimg Car in-vehicle travel time in minutes,
Bus_IVTT_min= Bus in-vehicle travel time in minutes, MRT_IVTT_min= MRT in-vehicle travel time in
minutes, RC_WT_min= Waiting time for Ridesharing Car in minutes, Bus_WT_min= Waiting time for Bus in
minutes, MRT_WT_min= Waiting time for MRT in minutes, PV_WT_min= Waiting time for Private Vehicles
in minutes, RC_WKT_min= Walking time for Ridesharing Car in minutes, Bus_WKT_min= Walking time for
Bus in minutes, MRT_WKT_min= Walking time for MRT in minutes, PV_WKT_min= Walking time for Private
Vehicles in minutes, Exist_ WT_min= Waiting time in current travel mode (in minutes), Exist TT_min= In-
vehicle travel time of current mode (in minutes), TD_km= Total trip distance (in kilometers), Dist_Class=
Distance class, TD_Acc_Trip_km= Total distance of access trip (in kilometers), RC_TC_BDT= Ridesharing
Car travel cost in BDT, Bus_ TC _BDT= Bus travel cost in BDT,MRT_TC_BDT= MRT travel cost in BDT,
PV_TC_BDT= Private vehicle travel cost in BDT, Rap_Pass_MRT=Possession of a rapid pass for MRT,
Dist_500m=Proximity to station within 500 meters (binary indicator), Fam_Inc_BDT=Monthly family
income (in BDT), Per_Inc_BDT=Monthly personal income (in BDT), Driv_License Avail=Driver’s license
availability (binary: Yes=1, No=0), One_PV=0wnership of one private vehicle, Greater_1_PV=0wnership
of more than one private vehicle, H_Size=Household size (humber of members),Last Edu Deg=Last
educational degree attained, Op_Gar_Work=Occupation:Garments,Worker,Earning FM=Number of
earning family members Inflation_conc= Concern about inflation affecting travel choices,Work cen=
Workcentric Attitude During Commuting
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Feature Importance Ranks (Post MRT RP)
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Figure 2. Feature Importance Ranks by Models.
3.2 Key Findings on MRT Adoption Determinants

To identify the most influential factors determining individuals’ mode choice behavior, this study conducted a
feature importance analysis using two advanced ensemble learning algorithms: Random Forest (RF) and Light
Gradient Boosting Machine (LightGBM) which is shown in Figure 2. These models were selected due to their
strong predictive performance, robustness to non-linearity and multicollinearity, and their ability to provide
reliable estimates of feature importance. This study also applied SHAP (SHapley Additive exPlanations) to
validate and interpret model decisions at both global and individual levels.

Pre-MRT SP (Stated Preference before MRT Implementation): Before MRT was operational, fare
difference between MRT and existing modes emerged as the most influential factor in mode choice. Other
critical predictors included total travel distance, travel time (both existing and MRT), access/egress fare, and
perceptions related to safety and satisfaction with current transport. Socioeconomic attributes—family income,
personal income, and household size—also played a significant role. SHAP analysis confirmed that users value
cost-effectiveness, safety, and the door-to-door experience, not just in-vehicle time.

Post-MRT SP (Stated Preference after MRT Implementation): After MRT's launch, priorities shifted from
basic service attributes to psychological and perceptual factors. Key determinants included concern about
inflation, work-centric commute behavior, perceived reliability and safety, social media influence, and family
opinions. Although income and household size remained important, users’ attitudes and perceptions—especially
regarding economic conditions and service quality—became dominant in shaping their MRT usage intent.
SHAP validated these findings, identifying Inflation_conc, Work_cen, Reliability, Safety, and Social_media as
top influencers.
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Post-MRT RP (Revealed Preference after MRT Use): In real-world MRT usage, fare difference between
MRT and bus, access/egress travel time, total travel distance, and actual travel times of bus, MRT, and PV were
significant. New practical factors, such as proximity of workplace to station (within 500m) and ownership of
rapid pass cards, gained importance—emphasizing the role of accessibility and system integration after MRT
operations began. Fare advantage (Diff Bus_ MRT_Fare), first/last-mile connectivity (Access EgressTT), and
station proximity (distance_500m) were critical, with both Random Forest and LightGBM models and SHAP
analysis supporting these insights. Across all three phases, MRT adoption is shaped by a dynamic interaction of
cost, convenience, perception, and accessibility.

e Pre-MRT (SP): Focused on fare, travel time, and safety perceptions.
e Post-MRT (SP): Psychological and perceptual factors dominate.
e Post-MRT (RP): Real-world behavior reflects integrated access, fare savings, and practical usability.

Policy efforts should thus address both objective service improvements and subjective commuter perceptions to
maximize MRT ridership.

4 Conclusion

This study draws the attention to the effectiveness of machine learning (ML) in forecasting urban metro
ridership with a specific focus on Dhaka’s MRT Line -6. In this study, it was found that ensemble method
especially Random Forest (RF) showed the highest predictive accuracy and consistent interpretability. Both
stated and revealed preference datasets were analyzed to bring the result mentioned above. Results highlighted
that a shift in factors influencing the commuter decisions over time. Fare difference, safety perceptions and
travel time were the most significant determinants before MRT operation whereas perceptual factors like
reliability, public acceptance and inflation concerns became more prominent after implementation. In actual
usage, practical aspects including proximity to station, last mile connectivity and possession of rapid pass
proved decisive. Study findings suggest that MRT ridership is shaped by the combination of cost, accessibility,
commuter perception and convenience. This study demonstrates important implication for the Policymakers. To
be more specific, technical aspects like fare competitiveness and reliable service need to be improved to address
commuter concerns. A commuter focused strategy, driven by dataset is therefore essential for strengthening
public transport adoption in Dhaka and other growing cities in Bangladesh.
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