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Abstract

Hospital transport services represent a vital alternative for addressing inequities in ac-
cess to medical care, particularly in countries where public transportation systems are
inadequate, such as Thailand. This approach enables equitable and widespread access to
healthcare services for residents in underserved areas. The objective of this study is to
analyze the factors influencing the choice of hospital transport travel mode by comparing
various machine learning algorithms. The findings reveal that the categorical boosting
model outperformed the other models across all performance metrics. The model results
indicate that waiting time, travel time, travel cost, and comfortability significantly influence
the decision to use hospital transport services. Furthermore, demographic data analysis
highlights critical factors such as age, gender, income, travel frequency, occupation, and
time of travel, all of which significantly affect the choice of hospital transport service. To
maximize the practical implications of this study, policy recommendations and implemen-
tation strategies are proposed to support decision-makers in promoting equitable travel
options and eliminating barriers to fair access to healthcare services.

Keywords: machine learning; travel behavior; travel mode choice; categorical boosting;
extreme gradient boosting; Shapley additive explanations

1. Introduction

Transportation is recognized as a critical factor influencing access to medical services,
particularly in remote areas distant from healthcare facilities. High-quality healthcare
institutions are typically concentrated in urban centers, which affects individuals’ choice
of travel modes and may lead to social exclusion [1,2]. The provision of mobile hospital
services represents a vital alternative for addressing healthcare disparities, enhancing
accessibility and equity in medical treatment for populations in underserved areas. Hospital
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transportation not only reduces transportation barriers but also influences future travel
decisions to healthcare centers. Recently, they have become a viable alternative to traditional
travel modes such as motorcycle taxis, public buses, and private vehicles. This emerging
competition holds the potential to shift patients” travel behaviors, as hospital transportation
are capable of reaching remote locations, operating 24 h a day, and is equipped with
essential medical equipment. Furthermore, they can deliver various forms of emergency
medical care in out-of-hospital settings prior to patient arrival at a medical facility, thereby
enabling more rapid medical intervention and improving patient outcomes [3-5]. These
advantages are key determinants in the shift toward alternative transportation choices
among patients, especially in countries like Thailand, where public transportation systems
are limited in coverage. As a result, individuals increasingly prefer travel options that offer
greater convenience, speed, and safety [6].

In 2024, the Ministry of Public Health approved a draft proposal for a transporta-
tion service system aimed at facilitating access to public health services. The initiative
is intended to ensure equitable access to healthcare for all individuals. To reduce spa-
tial disparities in healthcare accessibility, health service strategists must establish precise
and robust measures [2]. Understanding travelers’ attitudes and behaviors is crucial for
formulating effective policies and assessing future impacts [6-8]. However, prior studies ex-
amining attitudes or behavioral patterns related to mode choice in healthcare-related travel
remain limited. Therefore, gaining in-depth insights into such attitudes and behaviors is
essential for policymakers and relevant agencies. This understanding can help promote
fairness, equality, and efficiency in healthcare service accessibility.

A review of the existing academic literature reveals the absence of empirical studies
specifically examining the factors influencing hospital transportation mode choice. Only a
limited number of related studies have explored factors affecting travel mode decisions
for healthcare-related activities. For instance, one study investigated travel characteristics
and influencing factors on the mode choice of elderly individuals in both core area and
suburban areas of Fuzhou, China, focusing on travel distance, convenience, and personal
attributes [1]. Another study analyzed healthcare-related travel decisions of elderly people
in urban Kunming, China, considering personal attributes, family attributes, and travel
attributes [9]. Additionally, a study conducted in Beijing, China examined determinants of
healthcare transportation mode choice by incorporating attributes such as age, household
income, land use, urban development, and parking availability [10]. Furthermore, in the
context of Thailand, no studies have been found that investigate the factors influencing
hospital transportation mode choice. This significant research gap highlights the novelty
and contribution of the present study.

Machine learning techniques are increasingly utilized in travel behavior analysis. For
instance, Abulibdeh [11] examined subway mode choice prediction. Wang and Ross [12]
explored household travel surveys in the Delaware Valley region. Li and Shi [13] investi-
gated high-speed rail mode choice. Ganmin Yin et al. [14] examined active travel behavior
in Beijing, China, with the objective of predicting active travel volume and its associated
probability. Chinnakrit Banyong et al. [6,15,16] investigated the impacts of High-Speed Rail
(HSR) on the public transport market and evaluated the performance of machine learning
techniques in predicting travel mode choice. as well as examined travel mode choice
behavior in the context of Thailand’s HSR development. Jenny Diaz-Ramirez et al. [17]
analyzed transport mode choice preferences in a university district. And Dahmen et al. [18]
developed a mode choice model based on tracking-based revealed preference data. These
studies provide strong evidence that machine learning techniques often outperform tradi-
tional models in terms of accuracy and effectiveness when analyzing travel mode choice
behavior. However, challenges remain in addressing non-linear relationships and han-

https:/ /doi.org/10.3390/bdcc10030077


https://doi.org/10.3390/bdcc10030077

Big Data Cogn. Comput. 2026, 10, 77

30f24

dling large-scale datasets [6]. Techniques such as Categorical Boosting, Extreme Gradient
Boosting, and Light Gradient Boosting Machine have demonstrated the ability to manage
high-dimensional data, reduce data loss, and mitigate overfitting. Moreover, previous
research has shown that these methods are highly effective in accurately predicting travel
behavior [6]. However, a review of the existing literature reveals a lack of empirical studies
specifically focusing on the factors influencing transportation mode choice for accessing
hospital services an issue critical to promoting equity in healthcare accessibility.

Therefore, this study focuses on integrating a public health perspective with travel be-
havior by examining the determinants influencing individuals” decisions regarding hospital
transport mode choice, an area that has received limited attention in previous research. The
study conducts a comparative evaluation of various machine learning algorithms alongside
a traditional statistical model to identify the most appropriate and effective modeling
approach. Furthermore, the research integrates Machine Learning with Explainable Al
(Shapley Additive Explanations—SHAP) to interpret the influence of key factors affecting
transport mode choice. This approach provides both high predictive accuracy and strong
policy interpretability. The proposed framework aims to generate reliable and meaningful
insights that reflect real travel needs and the barriers individuals face in accessing health-
care services. In addition, the study seeks to provide policy recommendations and practical
guidelines to support policymakers and public health agencies in promoting equity and re-
ducing disparities in healthcare accessibility. Ultimately, the goal is to facilitate sustainable
and inclusive planning and decision-making that better responds to population needs.

The rest of this paper is organized as follows. Section 2 presents the Materials and
Methods, including the stated preference survey, the statistical design of the choice ex-
periment, establishing the attributes, modeling approaches (Binary Logit, CatBoost, and
XGBoost), SHAP analysis, and measures for Performance Evaluation. Section 3 presents the
results and discussion. Section 4 provides policy recommendations and implementation
implications. Section 5 concludes the study, and Section 6 outlines the limitations and
directions for future research.

2. Materials and Methods
2.1. Stated Preference Surveys

The exploration of factors influencing the choice of hospital transportation services
will be conducted in areas with varying levels of infrastructure, hospital distribution,
and public transportation systems. A representative example is the Nakhon Chaiburin
region, which includes the provinces of Nakhon Ratchasima, Chaiyaphum, Buriram, and
Surin each exhibiting distinct economic conditions and infrastructural characteristics. In
Thailand, even provinces located within the same region often show significant disparities
in infrastructure development [6]. Examining areas with such diversity allows for a more
nuanced understanding of travel behavior and contributes to deeper and more contextually
relevant research findings.

The survey will be conducted among individuals aged 18 and above who have previ-
ously utilized transportation services to access healthcare facilities. All participants will
receive comprehensive information about the objectives of the study from field surveyors to
ensure accurate and complete responses. This study has obtained informed consent from all
participants, all of whom voluntarily provided written consent prior to their participation.
However, a total of 1200 questionnaires were distributed, proportionally allocated based
on the population size in each province as follows: 468 in Nakhon Ratchasima, 204 in
Chaiyaphum, 288 in Buriram, and 240 in Surin. This sample size is intended to ensure the
adequacy of data for effective machine learning model analysis. According to established
guidelines, the sample size should be at least 50 to 1000 times the number of prediction
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classes [6]. Given that this study involves two prediction classes, the proposed sample size
is deemed sufficient for machine learning analysis.

2.1.1. Statistical Design of the Choice Experiment

This study evaluated two modes of transportation: public buses and hospital vehicles.
The evaluation was based on four key attributes: travel time, waiting time, travel cost, and
comfortability. A full factorial design would yield 243 choice sets. The number of profile
combinationsis 3 X 3 x 3 x 3 = 81, and the total number of choice sets is 81 x 3 = 243 sets.
However, presenting all of these to respondents may be overwhelming. To ensure com-
prehensive data collection while minimizing respondent burden, an orthogonal fractional
factorial design was employed. This involved generating 243 choice sets, which were sub-
sequently grouped into 27 questionnaires, with each questionnaire containing 9 choice sets.
Consequently, each respondent was required to evaluate only 9 out of the total 243 choice
sets during the survey, in order to obtain comprehensive data while minimizing respondent
burden and time commitment [6,19].

2.1.2. Establishing the Attributes

The travel behavior assessment in this study was based on four key attributes: travel
time, waiting time, travel cost, and comfort, as presented in Table 1. These attributes are
considered influential factors in individuals” decision-making regarding mode choice. The
hypothetical scenarios used in the survey were based on a 50 km travel distance, which is
the minimum threshold set by national health security office for providing transportation
services to access public healthcare facilities [20]. As these transport services have not yet
been fully implemented, empirical data on actual travel time, cost, and waiting time are
currently unavailable. Therefore, the attribute values used in the study were derived from
national health security office sources, including estimations published through official
media and websites. Nonetheless, under the assumed scenarios, these estimations are
expected to align closely with projected real-world figures.

Table 1. Typical cards from stated choice (SC) sets.

Mode Choice
Attribute/Levels -
Bus Hospital Car
Travel time (min) 70 50, 60, 70
Waiting time (min) 60 50, 60, 70
Travel cost (baht) 45 300, 400, 500
Comfort (3 level) 3,2,1 3,2,1

Note: 3 = High; 2 = Medium; 1 = Low. Hospital car refers to a hospital-operated patient transport vehicle that
provides supportive facilities and basic assistance equipment for non-emergency travel.

The total travel cost for hospital vehicles was estimated based on criteria set by the
national health security office and private transport service providers. According to these
criteria, the cost of a 50 km journey ranges from 300 to 500 Baht [20-22]. In contrast,
the travel cost for public buses was derived from actual user data, reflecting real-world
expenditures [23].

The travel time for hospital vehicles was estimated based on Thailand’s highway speed
limit, set at 90 km/h. For a 50 km journey on a highway with minor delays, the estimated
travel time is approximately 50 min [24]. In contrast, the travel time for public buses was
estimated using empirical data from actual users and guidelines from the Department of
Land Transport. Slight delays are expected due to scheduled stops for passenger pick-up
and drop-off along the route [23].
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The waiting time for hospital vehicles was estimated similarly to the travel time,
assuming that users may wait for the vehicle to arrive from a 50 km distance, which takes
approximately 50 min. In contrast, the waiting time for public buses was based on the
official timetable provided by the Department of Land Transport, which indicates a service
frequency of one trip per hour [23].

The level of comfort was determined based on reasonable assumptions drawn from
real-world conditions. Comfort was categorized into three levels: Level 3 represents sitting
in an air-conditioned environment; Level 2 refers to either sitting in a non-air-conditioned
environment or standing in an air-conditioned environment; and Level 1 indicates standing
in a non-air-conditioned environment [25].

2.2. Methods

The research process is detailed as shown in Figure 1. The process begins with data
collection, including socioeconomic data, travel behavior, and decision-making situations
related to travel. The data is then prepared for model training, where the dependent
variable, representing the chosen travel mode, is assigned to y_train, while the independent
variables, consisting of socioeconomic data and travel behavior, are assigned to x_train.
Next, the data is analyzed using traditional statistical models, such as the Binary Logit
Model, and machine learning algorithms, including the CatBoost Model and XGBoost,
by using Python 3.12.7 via Jupyter Lab 4.x from Anaconda 2024.02. The are two part
of evaluating the model and need to do it simultaneously: (1) prevent overfitting or
underfitting (2) test the train model with best parameter on test set. During the hyper
parameter tuning, we train our model and evaluate it with the test set. First, we need to
make sure the accuracy (or loss) of on the train data and test data are close to each other,
thus making our model not overfitting or underfitting. After that, we can record the model
performance in the table below. Additionally, the performance of the model is evaluated
using six metrics: (1) Accuracy (ACC), (2) Sensitivity (SNS), (3) Specificity (SP), (4) Precision
(PRC), (5) F1-score, and (6) AUC. Finally, the key factors influencing travel mode choice are
identified using SHAP analysis, making it easier to interpret and rank the importance of
the factors that influence travel mode choice from the most effective model.

2.2.1. Binary Logit Model

The binary logistic model is one of the discrete choice models [6] commonly used
in situations involving only two alternatives [26]. Its primary objective is to predict the
probability that an individual will choose one option over the other. The model is based
on the principle that decision-makers (e.g., travelers) are assumed to select the alternative
that provides the highest utility. The utility of each alternative is determined by various
independent variables, such as travel cost, travel time, income, and other relevant factors.
The probability of an individual selecting a particular option is calculated using the logistic
function, as shown below:

P — exp(BXin) _ 1 _ 1 1)
nl exp(BXin) + exp(BXan) 1 + exp(BXan — BXin) 1 + exp(AU)

where

Py represents the probability that traveler n chooses the first alternative.

AX1n and BXp, denote the utility functions associated with traveler n for the first and
second alternatives, respectively.

The difference in utility (AU) between the two alternatives is given by:

AU = BXon — PXin = Y (aj —b)Z
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where

Z; is the ith explanatory variable,

a; is the coefficient of the ith variable in Xy,
b; is the coefficient of the ith variable in X5,

[

Data Collection
(RP,SP)

J

]

[ Use hospital car mode

Y

Not use hospital car J

Binary logit
model

Hyper-
parameter
Tuning

Figure 1. Model Development and Optimization Framework.

2.2.2. Categorical Boosting (CatBoost)

~
Model with optimized
Hyperparameter
%
¢
Specificity Interpretation of results
— <«---  Model Evaluation using SHapley Additive
Explanations (SHAP)
a N
_— Key findings of decision

CatBoost is an advanced Gradient Boosting Decision Tree (GBDT) algorithm that has

been enhanced to outperform traditional GBDT methods in both efficiency and predictive
accuracy [15,27]. One of its key strengths lies in its effective handling of categorical features
and its built-in mechanisms to prevent target leakage. It employs novel techniques to
improve learning performance and mitigate the risk of overfitting [28,29]. The CatBoost

algorithm initiates by assigning equal weights to all training examples, then gradually

adjusts the weights to place more emphasis on misclassified instances. It leverages random
permutations of the data and constructs multiple weak models to correct gradient bias.

Additionally, it is well-suited for handling imbalanced datasets, with key parameters such

https:/ /doi.org/10.3390/bdcc10030077


https://doi.org/10.3390/bdcc10030077

Big Data Cogn. Comput. 2026, 10, 77

7 of 24

as learning rate, tree depth, and number of iterations being tunable to optimize perfor-
mance [6,30]. A distinctive feature of CatBoost is its use of target-based statistical metrics,
such as mean target values per class, which enhance prediction quality. Each decision tree
is built based on the residual errors of the preceding tree, progressively improving the
model’s accuracy. The mathematical formulation of the algorithm is presented as follows:

9 =9 4 n(Xq) @

where
1 is the learning rank.

2.2.3. Extreme Gradient Boosting (XGBoost)

XGBoost is a Gradient Boosting Decision Tree (GBDT) algorithm that has been opti-
mized for efficiency and scalability [31,32]. Developed by Chen and Guestrin, it builds upon
the foundational concepts introduced by Friedman [33]. A key characteristic of XGBoost is
its ensemble learning approach, which combines multiple decision trees through a boosting
process [34]. In this approach, each new model is trained to predict the residual errors of the
previous models, thereby incrementally correcting mistakes and improving overall accuracy.
XGBoost is designed to make efficient use of hardware resources, incorporating techniques
such as data compression, optimized memory usage, and cache-aware computation. This
allows it to process large-scale datasets, including those with billions of samples [13,31,35].
The model construction begins with a regularized learning objective, which balances model
complexity and training loss to prevent overfitting [36]. Given a dataset D consisting of k
instances and m features, denoted as D = {(X;, Y;)}(|D] = k, X;eR™, Y;eR) XGBoost
predicts the outcome using an ensemble of N additive functions, where each function
corresponds to a decision tree [32]. The overall prediction is the sum of the outputs of these
individual trees, optimized through iterative learning.

Yi=o0G) = Yo a(X), fa €F, 3)

where

F = {f(x) = Wq(x) } (q R™ =T, weRT) represents the space of regression trees,
particularly Classification and Regression Trees (CART).

N denotes the number of trees in the ensemble.

F defines the function space encompassing all possible regression trees.

q represents the tree structure, which maps an input x to a specific leaf index in the tree.

T is the number of leaves in a tree.

Each function f, in the ensemble is defined by a specific tree structure q and a set of
leaf weights w.

q(x) corresponds to the leaf index that input x falls into based on the structure of
the tree.

The regularized objective function can be approximated and simplified as follows:

A(B) = Y 1(Y, Vi) + Y OQ(fn) 4)

where Q(fy) = yT + %AHwHZ.

lis a differentiable convex loss function that measures the discrepancy between the
predicted value Y; and the actual target ;.

The second term () penalizes the model’s complexity and consists of a function over
the regression trees.
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The parameters y and A are regularization terms used to control the model’s complex-
ity and prevent overfitting.

This additional regularization helps adjust the final learned weights to prevent overfit-
ting. However, the optimization of the tree ensemble model cannot be performed using
traditional Euclidean space optimization techniques. Instead, the model is trained in an
additive manner, following the structure of the objective function as described below.

AD =T (Y E0G) + 0(R) ©)

The equation described adds the function f; iteratively, which helps improve the model
according to Equation (5).

2.2.4. Shapley Additive Explanations (SHAP)

SHAP is a tool designed to help interpret predictions made by complex models, such
as machine learning models. Although these models may perform well during training,
their internal workings can be difficult to interpret. As models become more complex,
the need for effective interpretation increases [37,38]. SHAP is a combination of various
interpretability methods that are linked to Shapley values. The SHAP value is a global
measure of the importance of a feature for a given prediction, quantifying how much a
feature contributes to increasing or decreasing the predicted value compared to the model’s
average prediction. This approach aids in ranking the importance of features to explain the
model’s behavior. Consequently, this study applies SHAP to interpret the machine learning
model. Typically, the results of a SHAP analysis are visualized as a feature importance
ranking plot, where the horizontal position of each feature indicates its importance and
its impact on the prediction. The interpretation uses color coding to show the strength of
the relationship: positive observations (red) increase the predicted value, while negative
observations (blue) decrease the predicted value [6,37,39]. The SHAP value computation
can be expressed through the following equation:

oeval) = ¥y O g U 1)) — vals) ©

where

val represents the relevance of the feature to the algorithm’s target. @y(val) is the
weighted sum of the feature’s contribution to the model’s target outcome, including the
aggregation of features across all subsets |s|, where |s| and (n — |s| — 1)! represent the
weights of |s|, val(s) is the expected value of |s|, and n is the total number of features in the
dataset. The set s represents a subset of the model’s features, and the letter i denotes the
vector of feature values for the portion requiring interpretation.

g(x) =1(xg) = o+ Y, , Py 7)

where

@ is the baseline value for features that are not assigned,

n is the total number of features in the dataset. For a feature t;,

@t represents the SHAP value, and Xg is the vector of input variables that has been
reduced [6,40].

2.2.5. Measures for Performance Evaluation

This study evaluates the performance of machine learning models using various
metrics, including Accuracy (ACC), Sensitivity (SNS), Specificity (SP), Precision (PRC),
Fl-score, and AUC [41-43]. Among the evaluation criteria mentioned earlier, Accuracy
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is considered the overall performance measure of the classifier. Sensitivity assesses the
classifier’s ability to correctly identify positive labels, while Specificity measures its ability
to accurately recognize negative labels. The F1-score provides insights into the relationship
between the actual positive labels in the dataset and the labels predicted by the classifier.
To improve the evaluation process, the AUC metric offers a robust evaluation by assessing
the trade-off between true positive rate and false positive rate across different thresholds,
helping to highlight the classifier’s ability to minimize misclassification [44,45]. These
metrics can be calculated using the following equations:

TP + TN

ACC= Byt N < ®)
SNS = TPiiPFN )

SP = % (10)

PRC = % (11)

Fy =2 x % (12)

AUC = %(SNS + SP) (13)

The confusion matrix, which consists of: TP (True Positive) is the true positive rate,
TN (True Negative) is the true negative rate, FP (False Positive) is the false positive rate, FN
(False Negative) is the false negative rate [41].

3. Result and Discussion
3.1. Descriptive Analysis

This study collected data from 1200 travelers visiting healthcare facilities using a
self-administered questionnaire. This sample size was selected to ensure that it accurately
represents the target population of travelers. During the survey process, the enumerators
explained the study’s objectives to participants to promote understanding of the research
details and to obtain accurate and complete responses. Upon completion of data collection,
the completeness of the dataset was assessed prior to analysis to ensure data integrity.
Basic statistical measures such as frequency, percentage, mean, skewness, and standard
deviation were computed to detect any irregularities in the data distribution that could
potentially affect the modeling analysis. The results of the data quality assessment based
on these statistical indicators are presented in Table 2. Prior to model development, Pear-
son’s correlation coefficient was applied to examine the pairwise relationships among the
21 variables. The results suggest that the correlations among variables are not sufficiently
high to indicate potential multicollinearity. The correlation heatmap (Figure 2) illustrates
these relationships, where darker shades denote stronger positive correlations and lighter
shades represent negative correlations. To further assess multicollinearity, the Variance
Inflation Factor (VIF) was calculated for all independent variables. As presented in Table 7,
the VIF values range from 1.00 to 3.28, which are well below the commonly accepted
threshold of 10 reported in previous studies [46—48]. These results confirm the absence of
multicollinearity, and all variables were therefore retained for inclusion in the model.
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Table 2. A summary of the demographic characteristics of the respondents, based on fundamental
statistical measures.

Item Frequency Percent Skewness Kurtosis
(1) 18-25 years 655 19.38 0.197 —1.032
(2) 2640 years 1278 37.82
Age (3) 41-60 years 812 24.03
(4) More than 60 634 18.76
Total 3379 100.00
(1) Female 1831 54.19 0.168 —1.973
Sex (2) Male 1548 45.81
Total 3379 100.00
(1) <10,000 1589 47.03 1.351 1.952
(2) 10,000-20,000 1296 38.35
I (3) 20,001-30,000 330 9.77
neome (4) 30,001-40,000 116 3.43
(5) >40,000 48 1.42
Total 3379 100.00
(1) Student 371 10.98 0.048 —1.339
(2) Govgrnmgnt /State 696 20.60
enterprise officer
Occupation (3) Private company 664 19.65
(4) Private business 416 12.31
(5) Farmer 449 13.29
(6) Laborer 783 23.17
Total 3379 100.00
(1) Every month 285 8.43 —0.782 —0.615
Travel (2) Every 3 months 617 18.26
frequenc (3) Every 6 months 847 25.07
9 y (4) Once a year 1630 48.24
Total 3379 100.00
(1) 00:00-06:00 (Night Shift) 415 12.28 0.726 1.304
(2) 06:00-12:00
(Morning Shift) 2289 67.74
! (3) 12:00-18:00
Time (Afternoon Shift) 541 16.01
(4) 18:00-24:00
(Evening Shift) 134 3.97
Total 3379 100.00
Mode Hospital car (1) 65.10%
Choice Bus (0) 34.90%

3.2. Model Fitting and Performance

Table 3 illustrates the hyperparameter optimization of machine learning techniques
using Bayesian Optimization. This process aims to reduce model overfitting by comparing
algorithmic loss between training and testing datasets [31,49,50]. Table 4 compares the
performance of the models, revealing that CatBoost outperformed both XGBoost and the
traditional Binary Logit Model in predicting the factors influencing the choice of hospital
transport travel mode. The comparative analysis demonstrates the superior predictive
accuracy of the CatBoost model, achieving high performance during the testing phase
with the following metrics: ACC = 0.8092, SNS = 0.9060, SP = 0.6333, PRC = 0.8178,
F1-score = 0.8596, and AUC = 0.7696. These metrics reflect the model’s strong capability
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in reliably identifying the influential factors in the selection of hospital transport travel
mode [51,52].
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|

Income?2 -0.39 Soh PRV 1.00 26-0415-0.19 -0.30-0.11-0.12-0.11

Income3 -0.12 0.105:10.03 Pl R Ky § A ¥10.09 -0.13-0.15
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Figure 2. The correlations of all variables.

Table 3. Hyperparameter values determined using Bayesian optimization algorithm.

CatBoost XGBoost

Parameter Value Parameter Value

depth 9.654 colsample_bytree 0.9822

iterations 230.1 learning_rate 0.2699

learning_rate 0.1309 max_depth 8.752
n_estimators 2379
subsample 0.9557

Table 4. Comparison of Model Performance.

Model Accuracy Sensitivity  Specificity Precision F1 Score AUC

Binarv logt Train 0.6674 0.6855 0.9040 0.2259 0.7797 0.6654
Y108 Test 0.6731 0.6966 0.8818 0.2839 0.7783 0.6851
CatBoost Train 0.9345 0.9609 0.8850 0.9401 0.9504 0.9229
atboos Test 0.8092 0.9060 0.6333 0.8178 0.8596 0.7696
CB Train 0.9478 0.9666 0.9127 0.9541 0.9603 0.9396
00st Test 0.7855 0.8716 0.6292 0.8102 0.8398 0.7504
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When considering the confusion matrices (Figure 3), the CatBoost model demon-
strates clearly superior classification performance compared with the Binary Logit and
XGBoost models. Furthermore, the 5-fold Cross-Validation results, shown in Table 5,
indicate clear differences in predictive performance among the models. The CatBoost
model exhibited the highest overall performance with Accuracy (ACC) = 0.7937 +£ 0.0020,
Sensitivity = 0.8623 4 0.0146, Specificity = 0.6658 + 0.0222, Precision = 0.8282 + 0.0072,
F1-score = 0.8448 =+ 0.0034, and AUC = 0.7640 = 0.0040.

Confusion Matrix (Binary logit )

350

Confusion Matrix (CatBoost)

350
2 2
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Figure 3. Confusion matrices of the three models on the test dataset.
Table 5. Cross-validation analysis of model performance.
Model Accuracy Sensitivity Specificity Precision F1 Score AUC
Binarv logit 0.6623 0.6830 0.8986 0.2214 0.7759 0.6565
y 108 +0.0087 +0.0036 +0.0294 +0.0339 £0.0098 £0.0275
CatBoost 0.7937 0.8623 0.6658 0.8282 0.8448 0.7640
£0.0020 +0.0146 +0.0222 £0.0072 +0.0034 £0.0040
XGBoost 0.7878 0.8500 0.6718 0.8289 0.8391 0.7609
£0.0130 +0.0178 +0.0364 £0.0150 £0.0100 £0.0164

In addition, the class-specific performance metrics of the three models were analyzed,
as presented in Table 6. The Binary Logit model exhibited a strong bias toward identifying
Class 1, with a very low recall of 0.284 for Class 0. In contrast, both the XGBoost and
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CatBoost models substantially improved the ability to identify Class 0 cases, achieving recall
values of approximately 0.63. Among the machine learning models, CatBoost demonstrated
the best overall performance, achieving the highest recall (0.906) and the highest F1-score
(0.860) for Class 1. These results confirm that the machine learning models provide a more
balanced classification performance for the analyzed dataset.

Table 6. Presents the per-class performance metrics.

Model Class Sensitivity (Recall) Precision F1 Score
Binarv logit Class 0 0.2839 0.5630 0.3775
Y108 Class 1 0.8818 0.6966 0.7783
CatB Class 0 0.633 0.7876 0.7021
atBoost Class 1 0.906 0.818 0.8596
\GB Class 0 0.6292 0.7295 0.7295
0ost Class 1 0.8716 0.8102 0.8398

Note: Class 1 = Hospital car and Class 0 = Bus.

3.3. Analysis Result of the Binary Logit Model

The results from the traditional model analysis, as presented in Table 7, indicate
that passengers are increasingly likely to utilize hospital transportation services when
confronted with the limitations of public transportation systems, such as extended travel
times and long waiting periods. This tendency is primarily driven by the inability of
public transport to provide immediate access and timely responses during emergencies [1].
Additionally, constraints related to service hours, frequency, and long walking distances
to bus stops further contribute to passengers’ preference for hospital transportation ser-
vices. Comfort is also a key factor influencing the decision to use hospital transportation
services. Passenger groups with a higher likelihood of utilizing such services include the
elderly, females, high-income individuals, students, and farmers. In contrast, higher travel
costs and increased travel frequency are factors that reduce the probability of choosing
hospital transportation services. This may be attributed to the fact that, in developing
countries such as Thailand, passengers are more cost-conscious regarding transportation.
As travel frequency increases, so do the associated expenses, prompting greater financial
awareness. Consequently, individuals may be deterred from using transport options that
entail unnecessarily high costs [6,53]. Moreover, nighttime (12:00 a.m.—6:00 a.m.: Time 1)
and late-evening (6:00 p.m.—12:00 a.m.: Time 4) travel are positively associated with the in-
creased use of hospital transportation services, owing to their superior capacity to respond
to emergency situations. In cases of severe illness or urgent medical needs, individuals
are more likely to choose transportation modes that can compensate for the inadequate
accessibility of regular public transport [1]. As a result, passengers may opt for hospital
transportation services that are better equipped to meet their specific needs.

3.4. Factors Affecting Mode Choice in Transportation

Assessing the factors influencing travel mode choice is essential for understanding
the characteristics and behaviors of passengers that affect their decision-making processes.
The importance of each variable, as illustrated in Figures 4-6, is determined by calculating
the mean absolute Shapley values, with features ranked according to their significance
using SHAP values. Figure 4 presents the analysis results from the XGBoost model, while
Figure 5 shows the results from the CatBoost model. The variable rankings from both
models yielded similar results. The most influential factor in the choice of ambulance
services is waiting time, followed by travel time, travel cost, and travel convenience. Other
important factors include age, gender, income, travel frequency, occupation, and time of
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travel, respectively. Moreover, the findings derived from machine learning models align
well with those obtained from the Binary Logit Model.

Table 7. Model Parameter Estimates for Travel Mode Choice.

Variable Coefficient Standard Error Significance Variance Inflation Factor (VIF)
const 0.6692 0.043 0.000 * 54.637
Travel Time 0.1677 0.043 0.000 * 1.032
Waiting time 0.1272 0.042 0.002 * 1.027
Travel Cost —0.0886 0.042 0.037 * 1.011
Comfortable 0.1099 0.042 0.009 * 1.001
Age2 0.2777 0.072 0.000 * 3.226
Age3 0.3982 0.072 0.000 * 3.031
Aged 0.4630 0.075 0.000 * 3.277
Gen —0.0867 0.043 0.044 * 1.044
Income2 0.1868 0.064 0.004 * 2.417
Income3 0.2698 0.058 0.000 * 1.804
Income4 0.2533 0.058 0.000 * 1.336
Student 0.1929 0.070 0.006 * 2.954
Private company 0.0496 0.056 0.372 1.731
Private business —0.0548 0.056 0.324 1.771
Farmer 0.1495 0.068 0.029 * 2.550
Laborer —0.0060 0.067 0.929 2.563
Every month —0.1680 0.044 0.000 * 1.117
Every 3 months 0.0750 0.046 0.105 1.137
Timel 0.2538 0.049 0.000 * 1.093
Time3 0.0283 0.044 0.519 1.118
Time4 0.1896 0.046 0.000 * 1.067

Note: * = Statistically significant.

The comparison between models in predicting the key factors influencing mode choice
in transportation indicates that the traditional Binary Logit Model has the lowest predictive
performance due to several limitations, such as handling data imbalance, the complexity
of the data, and managing nonlinear relationships and low data variance [6,54]. These
limitations result in the traditional model’s performance being inferior to machine learning
models, especially when compared to CatBoost and XGBoost, which demonstrate signifi-
cantly superior predictive performance. Among these, the CatBoost model outperforms all
other models, offering advantages in reducing overfitting [28,29] and effectively handling
imbalanced and complex data. These advantages allow for more efficient predictions with-
out compromising the interpretability and accuracy of the overall model [6,55]. However,
predicting the factors influencing mode choice is critical to understanding traveler behavior.
The results from the most efficient model in this study, interpreted through the SHAP
method, are shown in Figures 4-6. This method focuses on linking the responses of each
data case with travel behavior patterns to provide more accurate insights [6,56].

The results from the most efficient model, CatBoost, suggest that Waiting Time has a
significant influence on the choice to use hospital transport. Specifically, shorter waiting
times positively impact passengers” decisions to opt for hospital vehicles. This finding
aligns with previous studies that have shown that modes of transportation with shorter
waiting times tend to attract more passengers [6,56]. Furthermore, previous studies have
indicated that longer waiting times and extended travel durations can delay treatment
and increase the risk of severe health outcomes. These factors may lead individuals to
prefer faster modes of transportation [57]. This insight can contribute to improving service
efficiency and providing a competitive advantage over other transportation modes, making
it a key factor that drives passengers to choose the service more frequently.
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Figure 4. The factors influencing the choice to use hospital transport, utilizing SHAP values in

conjunction with the XGBoost model.

Travel Time has a significant influence on the choice to use hospital transport. This
means that shorter travel times increase the likelihood of passengers choosing hospital
vehicles. This finding aligns with several previous studies, which indicate that passengers
tend to prioritize faster modes of transportation [6,58—-60]. A shorter travel time not only
benefits passengers but also reduces the duration of medical care [1,9,61]. Therefore,
shorter travel times represent a key competitive advantage that can motivate passengers to
increasingly opt for hospital transport services.

Travel Cost has a significant influence on the choice to use hospital transport. This
means that when travel costs decrease, passengers are more likely to choose hospital vehi-
cles. This finding is consistent with previous studies, which have shown that passengers
tend to prioritize travel costs; as transportation costs rise, passengers are more likely to
opt for alternative, cheaper modes of transportation [62,63]. In particular, for low-income
groups, transportation costs constitute a significant barrier to accessing healthcare ser-
vices [64]. Given this importance, to gain a competitive advantage, setting travel costs
lower than other transportation modes is a key factor in attracting more passengers to use
hospital transport services.

Comfort is an important factor influencing the choice to use hospital transport, es-
pecially in countries with overcrowded public transportation systems that do not meet
the demands of passengers, such as Thailand. As a result, comfort in travel becomes a
key factor or competitive advantage in attracting passengers who require medical care.
This finding is consistent with previous studies showing that, during major outbreaks,
passengers are more likely to opt for hospital transport services rather than public trans-
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portation due to reduced comfort and increased crowding, which poses a higher risk of
disease transmission [65].
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Figure 5. The factors influencing the choice to use hospital transport, utilizing SHAP values in
conjunction with the CatBoost model.
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Figure 6. The importance of factors influencing the choice to use hospital transport, based on
SHAP values.
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Age is a factor influencing the choice to use hospital transport, with the results of the
study indicating that as passengers age, they are more likely to opt for hospital transport
services. This finding aligns with several previous studies that have shown that older
passengers tend to choose more convenient modes of transportation rather than using
buses [1,66]. It is possible that, as people age, limitations in their ability to stand and wait
for long periods, as well as the difficulty of boarding and disembarking from public buses,
become more challenging. These factors lead older individuals to prefer transportation
modes that offer door-to-door service and minimize physical movement [67].

Gender is a factor that influences the choice to use hospital transport, with the results
of the study indicating that female passengers are more likely to choose hospital transport
services than male passengers. It is possible that women are more aware of health-related
concerns and are more willing to seek medical assistance. Additionally, they may place
greater importance on safety and comfort during travel [6]. These key factors contribute to
a higher likelihood of women opting for hospital transport services.

Income has a significant impact on the choice to use hospital transport, with the
results of the study indicating that passengers with lower incomes are less likely to opt
for hospital transport services. This finding is consistent with previous studies that have
shown that passengers with lower incomes or those who must consider travel expenses
may find the higher costs of transportation that offer greater convenience and reliability
prohibitive [1,6,62]. In particular, for low-income groups, transportation costs constitute a
significant barrier to accessing healthcare services [64]. On the other hand, passengers with
higher incomes are more likely to use hospital transport services, as supported by previous
research indicating that individuals with higher incomes are generally more willing to pay
for transportation options that offer greater convenience, speed, and reliability [6,68-71].

The frequency of travel has a significant influence on the choice to use hospital trans-
port, with the results of the study showing that passengers with higher travel frequency are
less likely to opt for hospital transport services. This finding is supported by previous stud-
ies indicating that the frequency of transportation service usage is significantly associated
with the replacement of traditional transportation modes [65]. Passengers who travel more
frequently are accustomed to traditional modes of transport and are less likely to switch
to hospital transport, often choosing cheaper transportation options due to their higher
tolerance for travel [6,63]. This is especially true in developing countries, where passengers
are more likely to consider costs and choose lower-cost transportation modes [6,53]. In
contrast, passengers who travel less frequently are more likely to use hospital transport
services. This may be because their need to travel to the hospital is typically associated
with emergency situations. When such events occur, they may perceive their condition as
severe and in need of urgent medical attention, leading them to choose hospital transport
services more frequently [72].

Occupation plays a significant role in influencing the choice to use hospital transport
services. Passengers employed as farmers are more likely to choose hospital transport. This
insight highlights an important demographic factor, as in rural areas, owning a private
vehicle may be difficult for those with moderate to low incomes [73], and access to public
transportation services is often limited, especially in countries facing public transportation
system challenges like Thailand [6]. Therefore, hospital transport may serve as a more
convenient option for those living in remote areas. On the other hand, passengers in other
occupations, such as business owners, private sector employees, and laborers, are less
likely to use hospital transport. This could be due to time constraints, as these individuals
often work against the clock, and taking time off or utilizing vacation days may be difficult.
Additionally, their understanding of benefits and concerns regarding travel costs may lead
them to choose transportation modes that better meet their needs.
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Time of travel significantly influences the choice to use hospital transport services.
Passengers traveling between 12:00 a.m.—6:00 a.m. (early morning) and 6:00 p.m.-12:00 a.m.
(evening) are more likely to choose hospital transport services. This finding suggests that
other transportation modes, such as public transport, may have limited service hours [74].
Additionally, travel during late hours is often associated with medical emergencies. This is
consistent with previous studies, which found that during emergencies or when seriously
ill, passengers tend to choose transportation options that compensate for the limited access
of other modes [1]. Passengers may perceive hospital transport as a more convenient, faster,
and safer option compared to other modes. Conversely, passengers traveling during the
daytime are less likely to choose hospital transport services. This finding confirms that,
during regular hours, most passengers tend to opt for public buses, likely due to the higher
frequency and availability of service during these hours, as well as the lower cost of travel.

Figure 6 illustrates the importance of each factor’s attributes ranked according to the
average SHAP value, where higher values indicate greater importance. The results show
that the most significant factor in the choice to use hospital transport is Waiting Time,
followed by Travel Time, Travel Cost, and Comfort, in that order.

4. Recommendation and Implementation

To maximize the public health impact of this study, essential policy recommenda-
tions and practical guidelines have been proposed to support relevant public health and
transportation agencies. These measures are designed to promote inclusive and health-
supportive transportation options, reduce transportation-related barriers, and ultimately
ensure equitable, timely, and sustainable access to healthcare services, particularly for
vulnerable and underserved populations. The following strategic policies and recommen-
dations aim to guide the development of an integrated health and transportation system
aligned with the principles of universal health coverage and social equity.

Travel Time Policy: Promote the development of passenger confidence in the quick,
reliable, and punctual service provided for transportation. Allocate an adequate number of
hospital transport in each area to reduce waiting time and promptly respond to demands.
by reducing travel and waiting times, reducing travel and waiting times would encourage
passengers to make greater use of hospital transportation services for healthcare.

Travel Cost Policy: Promote the establishment of fair and transparent service charges
by adopting pricing based on travel distance and the type of hospital transport service
provided, while ensuring standardized and affordable rates. Service fees should also be
reduced for individuals who travel frequently for healthcare to encourage greater use of
hospital transportation. Furthermore, shared hospital transport services for non-emergency
patients should be promoted to help lower travel costs.

Comfort Policy: Promote the ergonomic design of hospital vehicles by ensuring an
appropriate number of seats to facilitate passenger mobility and support the effective
operation of medical personnel.

Target Group Promotion Policy

Promoting awareness and building confidence in hospital transport use among
younger passengers, as this group tends to be less inclined to choose hospital transport
services. Therefore, raising awareness can focus on organizing online campaigns to pro-
vide information about the advantages of using hospital transport services. Additionally,
publicizing that hospital transport is available for all age groups, will help demonstrate
the importance of hospital transport services to a broader audience. These approaches will
encourage this group to consider using hospital transport services more frequently.
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Promoting trust in hospital transport services for the elderly: Continuously promote
the trustworthiness of using hospital transport services among elderly passengers, as
this group tends to choose hospital transport more frequently. To enhance this trust, it
is important to focus on providing special equipment tailored to the needs of the elderly.
Additionally, training medical personnel to have the necessary skills in elderly care, such
as proper patient transfer techniques and effective communication, is crucial. This is
because the elderly often have mobility limitations, which leads them to prefer modes of
transportation that are more convenient and reduce the need for physical movement [67,75].

Promoting trust in hospital transport services for women: Efforts should be made to
continuously strengthen confidence in patient transport services among female users, as
this group tends to utilize such services more frequently. Emphasis should be placed on
enhancing service safety, particularly during nighttime operations, and promoting shared
patient transport services can help address these concerns.

Promoting awareness and building trust in hospital transport services for male pas-
sengers: As this group tends to use patient transport services to hospitals less frequently,
emphasizing the importance of utilizing hospital patient transportation can help shift
these behaviors. Additionally, promoting positive role models [76,77] or individuals with
personal experiences of using hospital transport services can serve as a powerful tool in
creating a positive image and encouraging more men to use hospital transport services.

Promoting awareness and building trust in hospital transport services for low-income
passengers: As this group tends to consider travel costs [1,62] and is less likely to use
hospital transport services due to higher expenses. Therefore, promoting the benefits
of hospital transport services should focus on government support, such as expanding
benefits to cover hospital transport services for low-income individuals, making it clear
that they can access hospital transport services without excessive costs. Additionally,
setting reasonable and accessible distance-based service charges could serve as an effective
incentive to encourage this group to increase their use of hospital transport services.

Promoting confidence in hospital transport services for high-income Passengers: A
high level of service should be emphasized to meet users” expectations for convenience,
speed, and reliability [6,68-71]. These approaches help build trust in and increase the
attractiveness of hospital patient transport services for high-income passengers.

Promoting confidence in hospital transport services for high-frequency Travelers:
Efforts to continuously build trust in hospital transport services for high-frequency travelers
should focus on enhancing hygiene standards and improving safety and cleanliness within
the hospital transport. Additionally, elevating the skills of personnel and staff regarding
safe driving and passenger care is essential. These measures will contribute to strengthening
the confidence of frequent travelers in choosing hospital transport services, ensuring their
ongoing satisfaction and trust.

Promoting awareness and building trust in hospital transport services for low-
frequency travelers: For low-frequency travelers, who are more accustomed to traditional
modes of transportation and tend to choose cheaper alternatives, Efforts should focus on
providing information about the benefits of hospital transportation services, as well as
establishing appropriate pricing or discount schemes to encourage usage. Implementing
these strategies can motivate infrequent travelers to consider using hospital transport
services more regularly for healthcare in the future.

Promoting trust in hospital transport services for farmers: For farmers, who are more
likely to use hospital transport services, ongoing efforts should focus on building trust
and awareness. This can be achieved through local communication channels to highlight
the benefits of hospital transport services in rural or remote areas, ensuring that these
communities understand the importance of having access to such services. Government
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support in covering hospital transport travel costs for those in remote or rural areas is
essential. These strategies will motivate various professions, including farmers, to choose
hospital transport services more consistently, while also addressing issues of equitable
access to medical services in underserved areas.

Promoting trust in hospital transport services for passengers traveling between
12:00 a.m.—6:00 a.m. and 6:00 p.m.—12:00 a.m.: For passengers traveling during late-night
and evening hours (12:00 a.m.—6:00 a.m. and 6:00 p.m.—12:00 a.m.), who are more likely to
use hospital transport services, emphasis should be placed on building confidence in the
service during these periods by ensuring that hospital transport operates with sufficient
service frequency to meet demand and guarantee service readiness. In addition, offering
appropriately priced promotional schemes for passengers traveling during regular hours
represents another strategy to attract this group and encourage them to make greater use
of hospital patient transport services.

5. Conclusions

This study conducted a comparative analysis of machine learning algorithms to inves-
tigate the factors influencing individuals’ decisions regarding modes of transportation to
access hospital services, an issue central to healthcare accessibility and public health equity.
The analysis considered a range of influential variables, including travel time, waiting time,
travel costs, comfort, and demographic characteristics. These factors are recognized as
key determinants shaping individuals” healthcare-seeking behavior. Among the models
compared, the CatBoost algorithm demonstrated the highest predictive performance and of-
fered clear interpretability when applied in conjunction with the SHAP (SHapley Additive
exPlanations) technique. It outperformed both the XGBoost model and the conventional
Binary Logit model. The ability of CatBoost to accurately identify and explain influential
factors positions it as a highly effective tool for policy planning in both the public health
and transportation sectors, particularly in relation to healthcare service delivery.

The findings revealed that waiting time, travel time, travel cost, and comfort signif-
icantly influenced individuals’ transportation choices for accessing hospital services. In
addition, demographic factors such as age, gender, income level, travel frequency, occupa-
tion and travel time were also strongly associated with mode choice decisions.

From a public health perspective, these results highlight the existing barriers to health-
care access and underscore the need for targeted policies and interventions informed by
empirical data. The ultimate goal is to promote equitable and sustainable access to health-
care, particularly for vulnerable or underserved populations. The insights derived from this
study can be applied in joint planning efforts between the public health and transportation
sectors to improve service quality and reduce long-term disparities in healthcare accessibility.

6. Limitations and Further Research

This study provides valuable insights; however, several limitations should be acknowl-
edged. First, the research focuses on the Nakhon Chai Burin area, where variations in
infrastructure, hospital distribution, and public transportation systems may limit the gen-
eralizability of the findings. Expanding the study area and sample size in future research
would provide broader insights into travel behavior. Second, the study captures short-term
behavior, which may not fully reflect long-term travel patterns. Longitudinal research is
therefore recommended to better understand behavioral dynamics and changes over time.
Third, the study relies on stated preference (SP) data, which may be subject to hypothetical
bias, as respondents’ stated choices may differ from their actual behavior. Future research
should consider integrating revealed preference (RP) data to enhance external validity and
better reflect real-world travel behavior. Finally, some survey responses may still contain
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inherent biases, as real-world behavior can differ from stated preferences, potentially lead-
ing to inconsistencies in travel mode preferences over time. This uncertainty may influence
behavioral patterns and the overall conclusions of the study.
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