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Abstract

Road traffic accidents (RTASs) pose a significant global challenge, particularly in Thailand. This study investigates the
impact of resampling techniques on machine learning (ML) models for classifying road accident severity in Thailand, utilizing
data from 31,817 road traffic accidents collected between January 1, 2021, and December 31, 2022. The primary challenge
addressed is class imbalance, where fatal accidents represent a small fraction of the dataset. Three popular ML models,
including Random Forest (RF), K-Nearest Neighbors (KNN), and Extreme Gradient Boosting (XGB), were evaluated with
four resampling techniques: Imbalanced (I1B), Under-sampling (US), Over-sampling (OS), and Combined Sampling (CS).
These resampling approaches generated 12 ML models, whose performance was evaluated under three different train/test split
ratios: 70/30, 80/20, and 90/10. Compared to the IB approach, the results demonstrate that all US, OS and CS techniques
significantly improved model performance, particularly in terms of F1 score, G-mean, and balanced accuracy. Among the
models, RF-CS, KNN-OS, and XGB-CS exhibited the best classification performance. Although these evaluation metrics
improved over the imbalanced scheme, KNN’s overall performance in detecting fatal accidents was weaker compared to RF
and XGB. Specifically, KNN struggled more with the imbalanced dataset, even after applying resampling techniques. These
findings suggest that choosing the appropriate resampling techniques is crucial for enhancing model performance in classifying
accident severity.
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1. Introduction

Thailand has the highest Road Traffic Fatality
(RTF) rate among ASEAN countries and ranks 9th
among 175 countries globally, with approximately
36.2 deaths per 100,000 population (WHO, 2018).
Since the ratio exceeds the global average, Thai
people are at quite high risk of dying from road
accidents, and road accident statistics continue to rise.
Notably, the incidence of road accidents is even

higher during festival periods (Lerdsuwansri et al.,
2022). One of the major challenges of road accidents
in Thailand is their severity. In other words, road users
must exercise caution to reduce the risk of fatalities,
injuries, and property damage.

Road Traffic Accidents (RTAS) can occur due
to various factors, including human errors (such as
drowsiness, intoxication, traffic violations, and lack of
road familiarity) and vehicle-related issues (such as
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operating an unroadworthy vehicle). Animals,
particularly those that wander too close to move vehicles,
can also contribute to accidents. Furthermore, a
multitude of factors, including road conditions, weather
conditions, driving duration, and geographical location,
might impact the likelihood of road accidents
(Simmachan et al., 2022; Taveekal et al., 2023). It is
critical to implement policies that aim to reduce RTA and
RTF rates from such accidents. Building a model to
classify RTA severity in Thailand is crucial. Accident
severity classification (i.e., non-fatal vs. fatal accidents)
often results in imbalanced data, where one class
significantly outnumbers the other. This issue has an
impact on the classification model’s performance. More
specifically, it reduces the predictive model’s accuracy
and effectiveness (Kotb, & Ming, 2021; Simmachan et
al., 2023). To improve model efficiency, class-balancing
techniques are essential before developing the predictive
model. Numerous techniques exist to enhance model
performance. To address Thailand’s urgent road safety
concerns in alignment with Sustainable Development
Goal 3, this study proposes a framework for predicting
RTA severity using multiple resampling techniques,
including  under-sampling,  over-sampling, and
combined sampling, across various Machine learning
(ML) models such as Random Forest (RF), K-Nearest
Neighbors (KNN), and Extreme Gradient Boosting
(XGBoost). This paper will provide deeper insights into
how these techniques can enhance the performance of

ML models, offering valuable recommendations for
future studies and applications in road safety.

1.1 Related Works

Over the past two decades, Thai road safety
research has primarily focused demography and human
behavior rather than road and environmental factors
(Chantith et al., 2021; Wisutwattanasak et al., 2022;
Phaphan et al., 2023). Motorcycles, young individuals,
intoxicated driving, and lack of helmet usage have been
the primary factors contributing to road traffic accidents,
fatalities, and injuries (Tanaboriboon, & Satiennam,
2005; Siviroj etal., 2012a, 2012b; Riyapan et al., 2018).
This trend highlights the limited effectiveness of road
safety programs and law enforcement efforts in
Thailand. Research focusing on road and environmental
factors contributing to RTAs remains limited. A
significant increase in RTA incidence was observed in
Thailand’s southern and northern provinces between
2012 and 2018, which can be attributed to increased
precipitation levels. The correlation between rainfall and
RTA frequency underscores the need for further
investigation into meteorological influences on road
safety in these regions (Boonserm, & Wiwatwattana,
2021; Sangkharat et al., 2021; Worachairungreung et al.,
2021). Thai highway data from 2011 to 2017 indicated
that segment length and average annual traffic volume
influenced accident rates. (Champahom et al., 2021).

Table 1 Recent studies on road safety in Thailand using ML approaches
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Many efforts have been made to reduce road
traffic fatality and injury rates using various
approaches. By analyzing the relationship between
motorization and RTFs per 100,000 people, the safety
status of Thailand and other Asian countries has been
studied (Klungboonkrong et al., 2019). Count regressions
models have been implemented to predict road traffic
injuries, fatalities, and their combined impact. Thai
RTAs from 2015 were used in the investigations
(Simmachan et al., 2022; Lerdsuwansri et al., 2022;
Taveekal et al., 2023). Several studies examined ML
framework for RTA severity prediction in Thailand.
Table 1 reviews recent ML-based works. Statistical
models for binary and multi-class classifications were
frequently applied (Champahom et al., 2023a, 2023b;
Mahikul et al., 2022; Mahikul et al., 2024). However,
anotable gap in these studies is the limited exploration
of resampling techniques and their effects on various
models. Most studies focus on traditional models like
logistic regression, decision trees, and random forests,
with gradient boosting being used more frequently in
recent years. However, advanced techniques such as
XGB and KNN are underrepresented. While over-
sampling techniques have been applied in several
studies under-sampling and combined sampling are
less frequently applied across studies. Interestingly,
there is a lack of detailed analysis on how these
resampling strategies influence model performance,
particularly with imbalanced datasets such as those
involving road accident severity in Thailand.

1.2 Problem Formation

To evaluate the effect of resampling techniques
on ML model performance in classifying road
accident severity in Thailand, two main tasks were
undertaken: (1) balancing the dataset by ensuring an
equal number of class instances and (2) optimizing
ML model performance using Thailand’s RTA data.
Let D represent the dataset, consisting of N instances
(road traffic accidents) and k features or predictors
related to each accident, such as road section, weather
condition, crash type, etc., along with a target variable
Y. The dataset can be  written as
D={(X,,X,,....,Xy),Y} where their descriptions are
given in Table 2. Given the imbalance in the dataset,
where the number of non-fatal accidents (Y=0) is
practically much greater than fatal accidents (Y=1),
we will firstly apply resampling techniques to balance
the dataset. Employing the resulting data in the
training set, the classification performance was
evaluated in the testing set. Subsequently, the
optimizations were conducted as follows:

1.2.1 Resampling

To minimize the class imbalance between fatal
and non-fatal accidents by selecting the appropriate
resampling technique, the objective is to achieve class
balance by minimizing the difference between the
number of samples in the two classes after resampling,

i.e., min|N{’-N"|where r denotes the replication. The
r

constraint for each resampling technique is described
in section 3.4.

1.2.2 ML Performance

To minimize the classification error while ensuring
that the model achieves acceptable performance metrics,
the least classification error of the model M was
considered via rrlbi[nError(M). By training the ML model

on the resampled data and ensuring it generalizes well,
the better classification performance of the model M can
be determined by evaluation metrices such as F1-score
or G-mean. Thus, maximizing the evaluation metrics,
e.g., ml\z%xF 1-score(M) or mﬁxG—mean(M), is more

convenient and utilized instead of nbin Error(M) in this

study. Each evaluation metric is explained in section 3.7.

2. Objectives

The goal of this research is to compare
resampling techniques for class-balancing. Under-
sampling, over-sampling, and both are used to
resample imbalanced data. The work combines three
popular and efficient ML algorithms: RF, XGB, and
KNN, a basic nonparametric distance function-based
method. ML models and resampling are used to
classify RTA severity in Thailand. Thai Ministry of
Transport open data website includes 2021-2022 road
accident data (Open Government Data of Thailand,
2023). The research aims to assist government
agencies in establishing guidelines for managing
traffic accident injuries and fatality guidelines. The
nation’s economy and society will lose less.

3. Methodology

Classifying RTA severity is essential for
preventing RTAs. Figure 1 presents the RTA severity
prediction framework. The methodology encompasses
a comprehensive range of processes, spanning from
initial dataset acquisition and description through
rigorous data pre-processing, strategic data splitting,
the implementation of three distinct techniques to
address imbalanced data, the application of diverse
machine learning algorithms, and thorough evaluations
of their respective performance metrics. The predictive
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models were constructed using various resampling
techniques to achieve the study’s goal. ML algorithms
and a data-driven approach were used. Data on RTA
factors, including accident causes, road sections, and
incident regions, was presented first. Then, data
quality and analytical readiness were ensured by data
pre-processing. Train-test splits were utilized to split
data. ML algorithms were implemented to develop
and operate classification models in training sets to
discover accident severity patterns that predict accident
severity. Finally, test sets generated evaluation metrics
for forecasting models.

3.1 Dataset and Description

This study utilizes a dataset including
information on RTAs that occurred in Thailand
between January 1, 2021, and December 31, 2022.
The dataset includes a total of 31,817 accidents. Table
2 demonstrates relevant variable descriptions and
their descriptive statistics. The accident severity is the
binary dependent variable, i.e., 0 indicates non-fatal
accident while 1 represents fatal accident. Accidents
resulted in 28,634 injuries (89.99%), and 3,183 deaths
(10.01%). It is evident that the number of fatal
accidents was significantly lower than the number of
non-fatal accidents, indicating imbalanced data. In

Test sets

30, 20, 10 (%)

this case, a fatal accident represents a positive class
whereas a non-fatal accident denotes a negative class.
The other nine variables are categorical features used
to establish predictive models. The bold face
represents the top value.

3.2 Data Pre-Processing

Thoroughly, data pre-processing is essential
before integrating data into prediction models. This
essential stage involves ensuring data meets ML
models, processing parameters and methodically
correcting missing values. Firstly, the dataset was
checked to see if there was any missing data. If there
is missing data, it will be removed before further
analysis. Moreover, data transformation or data
encoding is necessary. This procedure transforms raw
data into an appropriate format for analysis,
improving the capacity to understand models,
optimizing computational speed, and reducing the
impact of outliers (Aksoy, & Haralick, 2001; loffe, &
Szegedy, 2015). Dummy variable encoding was used
for categorical features. This method, which
represents each category using binary vectors of 0s
and 1s, overcomes the constraints of numerical input
models.

Handling
imbalanced data
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Figure 1 Framework for classifying RTA severity
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3.3 Data Splitting

To evaluate the efficacy of ML models in
predicting road accident severity in Thailand, rigorous
data validation techniques are imperative. Given the
substantial sample size (n = 31,817), a train-test split
was deemed appropriate. To mitigate potential bias
and ensure equitable representation of both positive
and negative classes in the training and test sets,
stratified random sampling was initially employed.
Subsequently, three widely accepted train-test split
ratios were implemented, i.e., 70/30, 80/20, and 90/10
percent. This approach enables a comprehensive
assessment of model performance across different
data distributions, thereby enhancing the robustness
and generalizability of predictive models. The
stratification process is crucial for maintaining the
original class distribution in both subsets, thus

preserving the dataset’s inherent characteristics
(Moon et al., 2019; Na Bangchang et al., 2023;
Simmachan et al., 2023). Varying the train-test split
ratios in ML classification tasks, such as classifying
road accident severity in Thailand, serves several
important purposes. First, it allows for the exploration
of model performance stability under different
training data sizes. A smaller training set (e.g., 70%)
might lead to a model that has not learned the full
complexity of the data, increasing the likelihood of
underfitting, while a larger test set ensures a robust
evaluation of model performance. Conversely, a
larger training set (e.g., 90%) helps the model capture
more patterns in the data but may leave insufficient
data for a rigorous test set evaluation. Thus, data
splitting provides insights into the amount of data
required for the model to achieve optimal performance.

Table 2 Variable descriptions and their descriptive statistics of Thai RTAs in 2021-2022

Variable role Variable name Description RTAs (Percentage)
Dependent variable/ Accident severity (Y) 1: Fatal accident 3,183 (10.01)
Target variable 0: Non-fatal accident 28,634 (89.99)
Independent variables/ Cause of accident (X1) 1: Caused by a person 27,876 (87.61)
Predictor variables/ 2: Caused by a vehicle 1,323 (4.16)
Features/ Attributes 3: Others 2,618 (8.23)
Road section (X2) 1: Straight 25,654 (80.63)

2: Curve 5,482 (17.23)

3: Others 681 (2.14)

Region of incidence (Xs) 1: North 7,594 (23.86)

2: Central 9,333 (29.33)

3: East 4,176 (13.13)

4: Northeast 6,432 (20.21)

5: South 4,282 (13.45)

Crash type (X4) 1: Overturned 18,869 (59.30)

2: Collision 9,703 (30.50)

3: Others 3,245 (10.20)

Road type (Xs) 1: National highway 31,762 (99.83)

2: Rural road 55 (0.17)

Weather condition (Xs) 1: Clear 26,909 (84.57)

2: Rain 4,679 (14.70)

3: Others 235 (0.73)

Time of incidence (X7) 1: Day 18,448 (57.98)

2: Night 13,369 (42.02)

Day of incidence (Xs) 1: Weekdays 22,574 (70.95)

2: Weekends 9,243 (29.05)

Month of incidence (Xo) 1: Festive month 10,582 (33.36)

2: Others 21,235 (66.74)
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3.4 Handling Imbalanced Data

Imbalanced datasets, where there is a
disproportionate ratio of training samples in each
class, pose a fundamental challenge in machine
learning (Polvimoltham, & Sinapiromsaran, 2021;
Zhaetal., 2022, Arockia Panimalar, & Krishnakumar,
2023). Practical applications often encounter this
scenario, such as the RTA dataset used in this study.
Since non-fatal accidents outnumber fatal accidents,
ML models favor the majority class, making them
untrustworthy (Kotb, & Ming, 2021; Simmachan et
al., 2023). Consequently, class-balancing techniques
are necessary for handling the imbalanced dataset. These
techniques modify the distribution of classes to boost
model performance. Classes can be balanced in many
ways. The basic class balancing approaches are data-
based and algorithm-based (Mathew, 2022). Both
approaches aim to reduce the effects of class imbalance,
but differently. The main distinction lies in whether the
emphasis is on modifying the data or the learning
algorithm. After data splitting, resampling techniques
under data-based approaches were applied to the training
sets. There were four different resampling techniques
employed in this study: one of which did not use any
resampling techniques, while the other three did.
Focusing on the binary target variable Y, where Y = 0
represents a non-fatal accident (majority class) and Y =
1 represents a fatal accident (minority class), the
resampling techniques aim to balance the number of
instances in these classes without considering the
features Xi. The details of the four techniques were
described as follows:

3.4.1 Imbalanced Scheme (1B)

The original dataset remains imbalanced, with
the number of instances of Y = 0 is much larger than
Y =1 leading to biased model predictions in its favor.
The class distribution can be written as
[Y=0[>|Y=1]. In other words, the original dataset is
directly assessed by classification model without any
modification.

3.4.2 Under-sampling (US)

Under-sampling is a technique that reduces
the number of observations in the majority class to
achieve a balanced dataset (Polvimoltham, &
Sinapiromsaran, 2021). This technique can mitigate
bias toward the majority class but may lead to the loss
of crucial information. The number of instances in the
majority class Y = 0 is decreased to balance the

dataset with the minority class Y = 1. Thus, the new size
of both classes after under-sampling is denoted by
nys=min{|Y=0],|Y=1|} . Under-sampling selects a
random subset of Y = 0 instance such that

Yys={Y;=0li€random subset, |Y=0|=nyg}U|Y=1].

As a result, the dataset becomes balanced, but crucial
information from the majority class Y =0 may be
lost.

3.4.3 Over-sampling (OS)

Over-sampling is a technique that involves
augmenting the number of observations in the minority
class to achieve a balanced dataset (Zha et al., 2022,
Pasangthien & Yimwadsana, 2022). To balance the
dataset by over-sampling, the number of instances in
the minority class Y =1is increased to be equal with
Y =0. Then, the new size of both classes after over-
sampling is ngg=max{|Y=0[,|Y=1|} Simple
duplication is used to balance the class sizes, ensuring
equal representation:

Y 05={ Y =0li€D myjority U{Y=1[i€ Dminority> randomely duplicate| Y=1|=nqs}

This strategy can augment the training data for the
minority class, but it may lead to overfitting due to
repeated instances.

3.4.4 Combined sampling (CS)

Combined sampling combines under-sampling
of the majority class and over-sampling of the
minority class to create a balanced dataset. It
addresses the limitations of both methods: under-
sampling, which can result in loss of important data,
and over-sampling, which may lead to overfitting (He
et al., 2005; Polvimoltham, & Sinapiromsaran, 2021).
The technique uses a balance factor, a€[0,1], to adjust
the proportions of under-sampled and over-sampled data,
forming the new dataset. CS combines simplified versions
of US and OS, providing ncg=o-nyg+(1-0)-ngg. The new
dataset is formed asY cs=Y ysUY os, Which a=0.5is used
in this study. This approach balances the binary target
variable, Y, ensuring that the classifier generalizes better
and reduces bias toward the majority class. Regarding
four data handling techniques, Table 3 presents train
and test distributions for road accident severity
classification from four sampling schemes.
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Train/Test Class of Y 1B us 08 s
Train Test Train Test Train Test Train Test
70/30 1: Fatal accident 2,367 994 2,367 994 19,904 994 11,206 994
0: Non-fatal accident 19,904 8,552 2,367 8,552 19,904 8,552 11,065 8,552
80/20 1: Fatal accident 2,707 654 2,707 654 22,746 654 12,621 654
0: Non-fatal accident 22,746 5,710 2,707 5,710 22,746 5,710 12,832 5,710
90/10 1: Fatal accident 3,032 329 3,032 329 25,603 329 14,149 329
0: Non-fatal accident 25,603 2,853 3,032 2,853 25,603 2,853 14,486 2,853

Regarding four data handling techniques,
Table 3 presents train and test distributions for road
accident severity classification from four sampling
schemes. For IB, the original dataset is used with the
imbalance preserved, showing a significant difference
between non-fatal and fatal accident cases. In US,
non-fatal cases are under-sampled to match the
number of fatal accidents, resulting in a balanced train
set, but the test set remains imbalanced. OS applies
oversampling to fatal cases, balancing them with non-
fatal accidents for training while keeping the test set
unchanged. Lastly, CS combines both under- and
over-sampling, balancing fatal and non-fatal cases
within the train set, while the test set retains its
original distribution. Each approach addresses data
imbalance uniquely, ensuring more reliable model
training and improving the accuracy of predicting
fatal versus non-fatal road accidents.

3.5 Machine Learning Algorithms

To address the effect of resampling techniques
on ML models for classifying road accident severity,
several studies have explored various methods to
handle imbalanced datasets, which is a common issue
in this domain. Resampling techniques play a crucial
role in improving the classification performance of
machine learning models. Thus, this study utilizes
three efficient and widely used ML algorithms,
including RF, XGB, and KNN. These nonparametric
algorithms do not rely on explicit assumptions and are
user-friendly. The key details of each algorithm are
outlined below:

3.5.1 Random Forest

Random Forest (RF) was first presented by
Breiman (2001). It is a type of ensemble learning
algorithm called bagging or bootstrap aggregation
(Breiman, 2001). This algorithm comprises multiple
independent decision trees functioning cooperatively.
Initially, in bootstrap samples, n instances are
randomly selected from the training data to create n

decision trees. The prediction for each tree is based on
feature importance scores, such as Mean Decrease in
Accuracy (MDA) or Mean Decrease in Impurity
(MDI) (James et al., 2013). For each tree, a set of
features X;,X,,...,Xis randomly selected, and a
majority vote among the predicted values from all
trees determines the final prediction for a new data
point:

y=majority vote(¥,.9,,.-.¥,) »
where ¥, is the prediction from the i" tree, and i = 1,

2, ..., n. This method enhances the overall accuracy
of the model through aggregation (Kowshalya, &
Nandhini, 2018; Simmachan et al., 2023; Na
Bangchang et al., 2023).

3.5.2 Extreme Gradient Boosting (XGB)

XGB is a robust ML algorithm devised by
Friedman (2001) and has been implemented in various
fields (Friedman, 2001; Bentéjac et al., 2021). XGB is
another type of ensemble algorithm, specifically
boosting. Boosting is a technique that combines
numerous weak learners, such as decision trees, into a
single strong learner. Mathematically, XGB

minimizes the loss function L(8) over multiple trees,

each tree t making prediction y(t):

L(e>=i 1(v,59)+ ) o)
=1 T

where 1(+)is the loss function (e.g., squared error for
regression, log loss for classification), and Q(f}) is a
regularization term for controlling model complexity.
The goal is to iteratively correct the prediction errors
from previous trees by adding new trees that minimize
the current error, enhancing the model’s accuracy
(Bentéjac et al., 2021; Na Bangechang et al., 2023).

3.5.3 K-Nearest Neighbor
The K-Nearest Neighbor (KNN) algorithm is a
nonparametric, instance-based learning method that
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classifies observations based on proximity to other data
points in the feature space (Moulaei et al., 2022;
Pechprasarn et al., 2025). It operates by identifying the
k closest instances to a query point using a distance
metric, typically Euclidean distance. The Euclidean
distance D(pi,qj) between two data points p and q with k

features is computed as:

D(p;,q;)=

Classification is then performed by majority voting
among the k-nearest neighbors (Prasasti et al., 2020):

y=majority vote(y,,y,,-¥,)

where y,,Y,,....y, are the labels of the k nearest

neighbors. This approach leverages local information
and assumes that nearby data points likely share the
same class label, making it effective for many pattern
recognition tasks (Wang et al., 2007; Boonkrong, &
Simmachan, 2016; Mamdouh Farghaly et al., 2023).

This study explores the combined application
of three ML algorithms and four resampling strategies
to explore and enhance predictive performance.
Subsequently, 12 ML possible algorithms and their
descriptions are listed in Table 4.

3.6 Hyperparameter Tuning

Hyperparameter tuning is crucial in developing
ML models for several reasons. Proper tuning
hyperparameters can significantly enhance a model’s
performance by optimizing complexity and learning
rate (Geron, 2019). It helps prevent overfitting by
limiting model complexity and underfitting by
allowing more flexibility (Goodfellow et al., 2016).
Hyperparameters, such as regularization strength,
influence the bias-variance trade-off, enabling models
to generalize well (Hastie et al., 2009). Moreover,
tuning ensures models perform well on unseen data,
minimizing overfitting and maximizing generalization
performance (Kuhn, & Johnson, 2013). The grid
search technique, a popular tuning tool, was used to
optimize the parameters of the ML models. This
technique explores different combinations of
hyperparameters to find the set that yields the best
classification performance. Therefore, 12 ML models
across all data splitting ratios were trained using
different hyperparameter combinations. Table 5
shows parameter settings and the best values for the
ML model in classifying the RTA severity. The best
values, such as 800 trees for RF, 9 neighbors for KNN,
and 150 boosting rounds in XGB, were obtained
through the hyperparameter tuning process.

Table 4 Description of algorithms used for predicting RTA severity

Algorithm Description

RF-IB Random Forest without resampling techniques or under imbalanced data.
RF-US Random Forest with under-resampling technique.

RF-OS Random Forest with over-resampling technigue.

RF-CS Random Forest with combined resampling technique.

KNN-I1B K-Nearest Neighbor without resampling techniques or under imbalanced data.
KNN-US K-Nearest Neighbor with under-resampling technique.

KNN-0S K-Nearest Neighbor with over-resampling technigue.

KNN-CS K-Nearest Neighbor with combined resampling technigue.

XGB-1B Extreme Gradient Boosting without resampling techniques or under imbalanced data.
XGB-US Extreme Gradient Boosting with under-resampling technique.

XGB-0S Extreme Gradient Boosting with over-resampling technique.

XGB-CS Extreme Gradient Boosting with combined resampling technique.

Table 5 Machine learning models with their parameter settings

Model Hyperparameter Best Value
RF The number of trees € {100, 200, ..., 1000} 800
The maximum depth of each tree € {1, 2, ..., 5} 5
The number of features to consider when looking for the best split € {1, 2, 3} 3
The minimum number of samples required to split a node € {1, 2, ..., 10} 3
The minimum number of samples required to be at a leaf node € {1, 2, ..., 5} 3
KNN The number of neighbors (k) € {3, 5, ..., 31} 9
XGB Number of boosting rounds € {50,100, 150, 200} 150
Learning rate € {0.1-0.5} 0.1
The maximum depth of each tree € {1, 2, ..., 10} 3
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Figure 2 Confusion matrix for RTA Severity Classification

3.7 Model Evaluation

Assessing the performance of an ML model is
essential. A confusion matrix is a useful tool for
computing evaluation metrics. When selecting
evaluation metrics for RTA severity classification
model, it is critical to prioritize metrics that provide
the most insight into the model’s performance,
especially given the class imbalance.

3.7.1 Confusion Matrix

A confusion matrix is a commonly utilized tool
in classification tasks (Akarajarasroj et al., 2023;
Yilmaz, & Demirhan, 2023). In RTA severity binary
classification problems, we treat a fatal accident as a
positive class and a non-fatal accident as a negative
class. Four possible outcomes are used in the matrix,
which depicts predicted and actual counts as shown in
Figure 2. TP represents the model’s fatal accident
accuracy. TN denotes the model’s correct non-fatal
accident identification. FP indicates the number of
non-fatal accidents misclassified as fatal. FN shows
fatal accidents misclassified as non-fatal. To measure
how good the models have performed, all TP, TN, FP
and FN are necessary for computing evaluation
metrics.

3.7.2 Evaluation Metrics

Typically, road safety practitioners prioritize
raising awareness of fatal accidents (positive class)
over non-fatal accidents (negative class). In RTA
severity classification, missing a fatal accident (false
negative) could have severe consequences, making it

crucial to maximize the detection of fatal accidents.
However, this research considers both fatal and non-
fatal accident classes. Given this goal and class
imbalance characteristics of RTA dataset, therefore,
priority metrics include G-mean, balanced accuracy,
Fl-score, and accuracy. These metrics assess the
model’s ability to detect fatal accidents while
minimizing false alarms, optimizing safety and
resource allocation. The corresponding characteristics
and formulas of the metrics are provided as follows:
e Accuracy measures the proportion of correct
predictions (both true positives and true
negatives) out of the total predictions. It is often
used as the default evaluation metric but can be
misleading in imbalanced datasets. For this
reason, accuracy is often less prioritized in this
study. Generally, the accuracy is defined as
TP + TN

ACCUTaCY = I T TN + FP + FN

e Fl-score is the harmonic means of both recall and
precision. The F1-score achieves a balance
between precision and recall, offering a single
statistic considering both false positives and false
negatives, which is useful in situations when both
are costly. F1-score is given as

lcorer TP
OO TP + FP + FN
.. TP TP
where precision = —— and recall = .
TP + FP TP + FN

e  G-mean (Geometric mean) is the geometric mean
of sensitivity (recall) and specificity. G-mean
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provides an overall balance of the classifier’s
performance across both classes. G-mean is
particularly useful in imbalanced data because it
considers the balance between sensitivity (true
positive rate) and specificity (true negative rate).
G-mean is derived as

. TP ™
- = X
mean = TP T FN TN + FP

where specificity =

T
TN + FP’

e Balanced Accuracy adjusts the traditional
accuracy metric to account for class imbalance. It
is the arithmetic means of sensitivity and
specificity. It helps capture the overall
performance while accounting for both false
negative and false positives. Balanced Accuracy
is computed by

1/ TP TN
Balanced Accuracy = 2 (TP +FN + TN + FP) '

as the value of each evaluation metric rises, the
model’s performance improves.

4. Results and Discussion

This section presents a detailed analysis of
numerical outcomes, primarily focusing on the
performance of various machine learning models
under different resampling techniques. Additionally,
the discussion interprets these findings, emphasizing
key trends, potential limitations, and practical
implications for optimizing model selection in
imbalanced datasets.

4.1 Numerical Results

This work has effectively highlighted the
integration of ML methodologies and resampling
techniques to accurately predict the severity of RTAS
in Thailand. Three classifiers, including RF, KNN,
and XGB, were used in conjunction with four
resampling strategies, generating 12 predictive
models. Table 6 shows the overall performance of all
predictive models. Bold text indicates the best models
in each evaluation metric for each train-test split.
Model performance across the three train-test splitting
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options was consistent. For easier interpretation, the
graphical results are shown in Figure 3. The
evaluation metrics were averaged over all train-test
splits. Based on the main objective of the study, the
numerical findings were given as follows:

4.1.1 Classification without Resampling

Using different resampling techniques, Table 6
provides model performance metrics for RF, KNN
and XGB classifiers across three train/test splits
(70/30, 80/20, 90/10). The IB results demonstrate how
each model performs with the original data,
highlighting the challenges of predicting the minority
class (fatal accidents). For RF, 1B achieves the highest
accuracy at 89.59% for the 70/30 split, 89.49% for
80/20, and 89.53% for 90/10, but the F1-score and G-
mean are significantly low, indicating poor
performance in classifying the minority class. For
KNN, IB produces consistently high accuracy, but the
F1 score remains low (ranging from 17.63 to 17.64),
reflecting poor minority class performance. XGB’s IB
accuracy is similarly high, reaching 89.60% to
89.85%, but the F1 scores are low, particularly for the
fatal accidents class. While IB yields high accuracy,
this metric is misleading due to the class imbalance,
with non-fatal accidents dominating the dataset.
Accuracy alone fails to account for the performance
disparity between majority and minority classes. The
very low F1 scores, particularly for RF (0.20-0.60)
and KNN (17.63-17.64), demonstrate poor precision
and recall for fatal accidents. G-mean and balanced
accuracy, both of which consider performance on both
classes, are also much lower for 1B compared to the
other resampling techniques. This highlights the need
for improvement in IB, as models trained on
imbalanced data are biased toward the majority class,
leading to poor generalization in predicting fatal
accidents, which is critical in this scenario. To avoid
misleading conclusions in an imbalanced dataset, G-
mean and balanced accuracy were more suitable than
accuracy when considering both classes of RTA
severity. Meanwhile, the F1 score measured the
model’s capability in predicting the positive class
(fatal accidents). Clearly, the imbalanced scheme
resulted in an extremely low F1 score.
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Table 6 Model performance (%) along with different resampling techniques

Train/ Test RF KNN XGB

70/30 1B us 0s CS 1B us 0s CS 1B us 0s CS
Accuracy 8959 7338 73.88 73.79 89.72 | 62.95 6439 67.69 89.60 7136 7235 71.85
F1-score 020 3226 3253  32.67 17.63 | 26.63 26.57 25.94 831 3093 3172 | 31.92
G-mean 3.17 67.49 6754 67.80 3243 | 63.87 | 63.46 61.53 2122 66.81 67.37 | 67.95
Balanced Acc. 50.04 67.85 67.95 68.17 54.74 | 63.88 | 63.47 61.95 52.01 67.03 67.63 | 6811
Train/ Test RF KNN XGB

80/20 1B us [oF] CS 1B us 0os CS 1B us [oF] CS
Accuracy 89.49 7269 75.16 74.83 89.73 | 62.96 64.41 67.70 89.85 | 7159 7321 7241
F1-score 0.30 33.58 3258 33.82 17.63 | 26.64 | 2658 25.96 831 3093 | 3172 3192
G-mean 3.87 68.74 68.77  68.83 3245 | 63.87 6347 6154 2122 66.81 67.37 @ 67.95
Balanced Acc. 50.06 6894 69.23 69.12 54.75 | 63.89 6347 61.96 52.01 67.03 67.63  68.11
Train/ Test RF KNN XGB

90/10 1B us 0os CS 1B us 0s CS 1B uUs 0os CS
Accuracy 89.53 7454 7439 75.20 89.73 6299 6448 67.72 8957 7234 7410 73.82
F1-score 0.60 3227 3225 33.08 17.71 | 26.65 | 26.62 25.96 460 | 3213 32.00 31.36
G-mean 5.48 66.94 67.02 67.58 3245 | 6390 6351 61.60 1556 67.03 67.05 | 67.08
Balanced Acc. 50.13 67.52 6757 68.16 54.80 | 6391 6350 61.99 51.02 67.37 | 67.54 67.52

4.1.2 Effect of Resampling Techniques

Investigating the effect of different resampling
techniques across different train/test ratios and
classification models, Table 6 and Figure 3 compare
their performance in classifying the accident severity.

It is observed that resampling techniques, including

US, OS and CS significantly improve performance

over IB in classifying road accident severity. Each

resampling technique affects the model performance
as follows:

e US: It is seen that non-fatal accident cases are
reduced to balance the dataset. While this method
lowers accuracy across models compared to 1B, it
improves the Fl-score, G-mean, and balanced
accuracy. For example, KNN sees F1-score rise
from 17.63% to 26.63% in the 70/30 split, and RF
achieves a G-mean of 68.74% for 80/20. This
indicates better performance in handling minority
classes (fatal accidents). However, under-
sampling risks discarding valuable information
from the majority class, potentially reducing
overall accuracy, which is why its F1-score, and
G-mean improvements must be carefully
weighed against accuracy drops.

e  OS: Increasing the number of fatal accident cases
to balance the dataset. It typically shows
performance improvements across F1-score, G-
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mean, and balanced accuracy. For example,
XGB’s Fl1-score increases from 8.31% in IB to
31.72% in OS for the 70/30 split, and RF’s G-
mean improves to 67.58% for 90/10.
Oversampling prevents information loss from the
majority class but can lead to overfitting,
especially in models like KNN. F1-score, G-
mean, and balanced accuracy are crucial in this
context, as they reflect how well the model
captures both fatal and non-fatal accidents,
regardless of class imbalance.

CS: Merging both US and OS techniques to
balance the dataset, this method achieves high
Fl-score, G-mean, and balanced accuracy
without sacrificing as much information as US or
overfitting like OS. For instance, RF in the 70/30
split achieves the highest balanced accuracy
(68.17%) and a significant  F1-score
improvement (32.67%). XGB also benefits, with
balanced accuracy rising to 68.11% for 80/20.
The combined approach provides a balanced
trade-off between handling class imbalance and
maintaining model generalizability. F1-score, G-
mean, and balanced accuracy are crucial in
evaluating CS’s performance, as they ensure the
model predicts both accident types effectively.
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Figure 3 Model performance over three train/test ratios
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Figure 4 The confusion matrices across four different samplings in three classification models with train/test ratio of 70/30:
(@) — (d) RF models; (e) — (h) KNN models; (i) — (I) XGB models.

As shown in Figure 3, the radar plots illustrate
model performance across three train/test splits
(70/30, 80/20, and 90/10) using Fl1-score, G-mean,
and Balanced Accuracy metrics. Each axis represents
the 12 ML algorithms generated by a combination of
the 3 main models (RF, KNN, XGB) and resampling
techniques (1B, US, OS, CS). Balanced Accuracy
(orange) consistently scores higher, whereas F1-score
(blue) and G-mean (sky blue) show greater variability
across models and techniques. Focusing on the 70/30
train/test split, the confusion matrices in Figure 4
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display classification results for 12 ML algorithms.
The 1st — 3rd rows respectively indicate the
performance of RF, KNN, and XGB models. The 1st
— 4th columns represent that of 1B, US, OS, and CS,
respectively. Most models perform better in non-fatal
accidents (class 0) but struggle with fatal accidents
(class 1). For instance, US and CS resampling
techniques slightly yield improved performance on
minority class predictions, particularly in XGB as
shown in Figure 4: (j)-(I). These techniques balance
the dataset and enhance F1-score, G-mean, and
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balanced accuracy by addressing the imbalance
between fatal and non-fatal accident predictions,
especially for models like XGB and RF. In
conclusion, the results indicate that resampling
techniques, particularly US, OS, and CS, significantly
improve model performance in classifying RTA
severity compared to 1B. The metrics F1-score, G-
mean, and balanced accuracy consistently show
improvements when these resampling methods are
applied, addressing the class imbalance challenge.
The CS method appears to offer a balanced trade-off
between handling class imbalance and preserving
overall model performance, making it a suitable
technique for improving classification outcomes in
road accident severity prediction.

4.2 Discussion

The numerical results obtained from our
analysis shed light on the critical role of resampling
techniques in addressing the challenge of imbalanced
data in road accident severity classification for
Thailand. This section delves into the implications of
these findings, discussing how different resampling
strategies influenced model performance. Furthermore,
we explore the practical implementation of these
insights in real-world scenarios, considering how
improved prediction accuracy can enhance road safety
measures, inform policy decisions, and ultimately
contribute to reducing the severity and frequency of
road accidents in Thailand.

4.2.1 Effect of Resampling Techniques

The comparative analysis of RF, KNN and
XGB models under three resampling techniques
reveals distinct performance patterns. Resampling
techniques play a crucial role in addressing class
imbalances in RTA severity prediction models. The
empirical results demonstrate that 1B often leads to
models that are biased toward the majority class (hon-
fatal accidents), resulting in poor detection of fatal
accidents (the minority class). US balances the dataset
by reducing majority class instances. While this
method improves minority class detection, it often
sacrifices overall accuracy due to the loss of valuable
data. For instance, KNN sees a substantial F1-score
increase from 17.63% (IB) to 26.63% (US) in the
70/30 split, but the overall accuracy decreases.
Oversampling (OS), on the other hand, balances the
dataset by increasing the minority class cases. This
method prevents the loss of information, enhancing
both Fl1-score and G-mean without significantly
compromising accuracy. XGB-0S, for example,
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delivers exceptional performance, with its F1- score
rising from 8.31% (IB) to 31.72% (OS) and its G-
mean increasing as well. However, oversampling may
lead to overfitting, especially in simpler models like
KNN. CS achieves high F1, G-mean, and balanced
accuracy across all models without losing as much
information as US or overfitting like OS. RF-CS in the
70/30 split, for example, achieves the highest
balanced accuracy (68.17%) with significant F1-score
improvements (32.67%). Thus, the choice of
resampling technique significantly influences the
model’s ability to classify RTA severity accurately.
The mechanism of resampling techniques affecting
the model performances are discussed as follows:

e RF performs well with CS because it relies on
aggregating multiple decision trees, each trained
on different subsets of the data. Thus, using a mix
of OS and US techniques can further enhance RF
performance (Ran, 2023; Sainin et al., 2017; Sun
et al., 2021). CS balances both the majority and
minority classes, reducing the likelihood of bias
in individual trees towards the majority class.
This balanced data allows RF to make better
splits at each tree level, improving the prediction
of both classes and vyielding higher overall
performance. CS ensures that valuable information
from both classes is preserved, enhancing RF’s
ensemble nature, which thrives on diversity in the
data

e KNN shows high performance with US because
it relies on the proximity of data points to make
predictions. When the dataset is heavily
imbalanced, the majority class dominates the
decision boundaries, making it difficult for KNN
to predict the minority class accurately. By under-
sampling the majority class, the dataset becomes
more balanced, allowing KNN to focus more on
identifying patterns within the minority class. US
eliminates the overwhelming influence of the
majority class, helping KNN to form clearer
decision boundaries, improving the detection of
the minority class. However, KNN struggles with
imbalanced datasets, which can lead to biased
results (Hao et al. 2008; Nair, & Kashyap, 2019;
Aryanti et al., 2023; Simmachan et al., 2025).
KNN’s sensitivity to class distributions makes it
susceptible to majority class bias. Under-
sampling and other preprocessing techniques
effectively address this issue, allowing KNN to
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focus more on class proximity and improve
classification performance.

e XGB’s strength lies in its ability to iteratively
improve upon the mistakes of prior models
(boosting). With CS technique, the dataset
becomes more balanced, allowing XGB to
correct errors more effectively for both classes
(Xu et al, 2014; Aggarwal, & Jacob, 2020; Sarac,
& Guvenis, 2023). In an imbalanced dataset,
XGB would focus primarily on the majority class,
but CS ensures that it pays equal attention to the
minority class. The improved class balance
enhances the model’s ability to optimize the loss
function, resulting in better predictions for both
the minority and majority classes. Therefore,
combining over-sampling and under-sampling
techniques with XGB classifiers can substantially
improve model performance across different
domains by effectively addressing class imbalance
issues.

4.2.2 Model Implementation

The research findings on classifying RTA
severity in Thailand offer valuable insights into
improving predictive model performance, particularly
when handling imbalanced data. For RF and XGB, the
OS and CS techniques significantly improve
performance in handling imbalanced data. RF with CS
achieves the best balanced accuracy, particularly in
the 70/30 split, while maintaining a strong F1 score,
making it effective for detecting both fatal and non-
fatal accidents. XGB consistently outperforms RF,
especially with OS, showing higher F1 scores, G-
mean values and balanced accuracy, indicating better
prediction of fatal accidents. XGB with CS also
achieves balanced accuracy, making it the most
effective approach for predicting road accident
severity in Thailand. Additionally, it prevents the
erroneous classification of non-fatal accidents as fatal,
thereby averting unnecessary panic and resource
misallocations. Therefore, XGB is treated as the most
effective algorithm based on the priority of evaluation
metrics, and this finding corresponds to the study of
Vanishkorn, & Supanich (2022). The proposed
models may guide road safety practitioners or
authorities to raise road safety planning or policies to
the RTAs in Thailand as well as fatality rate. Other
features, such as the festive period mentioned in
Lerdsuwansri et al., (2022) and the driver
demographic factors used in Phaphan et al., (2023),
should also be considered for more accurate model
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performance. Another limitation of this work is that
the features used are all categorical. These features
may not accurately reflect the actual patterns of RTA
severity. Therefore, the quantitative features, such as
the number of vehicles of various types utilized in
Vanishkorn, & Supanich (2022), should be looked on.
Due to the class imbalance in the dataset, where fatal
accidents represent a small number of observations
compared to non-fatal accidents, classification models
favor the majority class, leading to low performance.
Additionally, the limited feature set restricts the
model’s ability to capture key patterns or relationships
that could improve overall classification performance
in future research. Integrating additional quantitative
and environmental features, such as traffic density,
road quality, or driver demographics, could improve
model performance.

5. Conclusion

Addressing class imbalance issues, this study
highlights the critical role of resampling techniques in
improving machine learning model performance for
classifying road accident severity in Thailand. By
applying three popular models including RF, KNN,
and XGB to the imbalanced dataset using four
different resampling methods including IB, US, OS,
and CS, the results demonstrate that the resampling
methods significantly enhance the models’ ability to
classify the RTA severity. While models trained on
the imbalanced dataset showed high accuracy, they
performed poorly in terms of F1-score, G-mean, and
balanced accuracy, particularly in detecting fatal
accidents. Under-sampling (US) improved the
detection of minority class instances but led to a loss
in overall accuracy, but KNN showed its best
performance in this case. Oversampling (OS) showed
superior performance across all metrics without
information loss. Based on our numerical findings,
combined sampling (CS) balanced the benefits of both
under- and oversampling, achieving the highest
performance of RF and XGB across all metrics
without sacrificing data or overfitting. These findings
underscore the importance of selecting appropriate
resampling techniques customized to specific
performance objectives. Increasing RTAs is a critical
issue worldwide, especially in Thailand. Future work
should explore the integration of additional features,
other ML methods, and address data collection
challenges to further enhance model performance for
road traffic accident severity classification. Advanced
machine learning techniques, such as ensemble
methods and deep learning could be explored to
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enhance accuracy and robustness. Addressing data
collection limitations and utilizing external methods
to handle class imbalance more effectively should also
be prioritized. Expanding the dataset and
incorporating real-time data analysis could further
improve prediction capabilities and support better
road safety interventions.
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