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INTRODUCTION MATERIAL AND METHOD (continuing)

This study addresses health-related travel data, encompassing 

information on individuals, households, and regions, to construct a model 

for predicting travel mode choices. Despite the richness of the dataset, 

consisting of 12,480 trips, the distribution of travel mode choices is 

imbalanced, with 97% opting for private transport and only 3% for public 

transport. Thus, the direct application of a Logistic Model1,2, commonly 

used for mode choice modeling on this dataset is hindered by this 

imbalance. Because, during testing the model may erroneously allocate 

all instances to private transport, resulting in a misleading accuracy of 

97%, while predicting 100% private transport and 0% public transport. 

This discrepancy necessitates the exploration of alternative data 

regularization, manipulation, or modeling methods.

The primary objective is to construct a model with interpretable 

prediction parameters that effectively captures individual mode choices, 

all while achieving enhanced accuracy compared to the imbalanced 

dataset. The rationale for evaluating the Logit Model over classification 

methods such as Support Vector Machine (SVM)3 or Random Forest4, 

commonly encountered in the literature, is the importance of parameter 

estimation methods for scenario analyses. Through these analyses, it 

becomes possible to assess shifts in mode choices arising from rises in 

fuel costs or increasing ticket prices.

In this study, the dataset, comprising 19 independent variables (10 

dummy and 9 numeric), is partitioned into 70% for training and 30% for 

testing. The training and test datasets exhibit a similar distribution 

concerning the dependent variable. Post-separation, models are 

developed and compared with synthetic datasets obtained through data 

manipulation methods aimed at rectifying training data set imbalance. 

Over sampling, under sampling, and mixed (over and under) sampling 

methods5 are chosen over random sampling methods like Random Over

Sampling Examples (ROSE)6 and Synthetic Minority Oversampling 

Technique (SMOTE)7.
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OBJECTIVE
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The reason why random and unsupervised methods are not preferred 

lies in the nature of the dataset, which exclusively comprises positive 

values and dummy variables are constrained to assume only values of 0 

or 1.

The resulting models undergo thorough evaluation using test data, 

considering accuracy, sensitivity, and specificity. Despite achieving the 

highest accuracy on the original training data, precision is notably low, 

indicating a significant deviation in predicting public transport trips from 

the actual situation. Consequently, the Logit Model obtained using 

oversampled data emerges as the most suitable, supported by the 

highest number of statistically significant model parameter estimates at 

a 90% confidence level.

This study successfully develops and evaluates a Binary Logit Model to 

predict individual travel mode choices, addressing the challenge of 

imbalanced data. Future research avenues may explore the development 

of similar models using random sampling techniques aligned with 

variable structures. Additionally, specific machine learning techniques 

adapted for unbalanced data in preference modeling could be 

developed. This work holds significant potential to inspire research 

across various fields that confront imbalanced datasets. 
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