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Abstract—Pedestrian Information Search
(PIS) has gained attention for its wide range of
practical applications. The main objective of
PIS is to find a matching object in a set of scene
images or videos. Early work on PIS focused on
image-based search. With the advent of deep
neural networks, PIS can be freed from the
limitations of the search source. Therefore,
a systematic study of PIS is necessary. In this
paper, we review the research results of PIS based
on different modalities in terms of the origin of
the PIS task, the development history of PIS, and
the methods of training and evaluation of PIS
models. We selected the better-performing
models for experiments. We summarize and
comparatively evaluate the experimental results.
Finally, we discuss some of the present problems
of PIS and some meaningful future research
directions.

Index Terms—Pedestrian Information Search,
Pedestrian Detection, Pedestrian Re-Identifica-
tion, Deep Learning, Neural Network Models

1. INTRODUCTION

Pedestrian Information Search (PIS) is an important
and challenging task in computer vision, especially
in human-targeted tasks. PIS aims to achieve an
effective search for target pedestrian information in
a variety of search scenarios. PIS has great potential
for application in real-world search scenarios of
surveillance videos. Therefore, this paper presents
a comprehensive survey of work related to PIS.

PIS is an end-to-end technique for Pedestrian
Detection (PD) [1] and Pedestrian Re-Identification
(PRel) [2] in panoramic images. PIS needs to
accurately derive the coordinate position information
and identity information of pedestrians in the image.
Considering the actual pedestrian information
retrieval function, the PIS can be divided into the joint
execution of PD and PRel tasks.

Since 2004, PD has received extensive attention
and research [3]. PD, as a kind of target detection,
mainly extracts features by manually designed feature

extraction methods [4]. For example, the study in
[5] achieved PD by designing a unified framework
approach. However, the research of Enzweiler and
Gavrila [6] showed that the accuracy of manual feature
extraction is not high. Meanwhile, the emergence
of deep neural networks has brought anew development
direction for PD technology. Liu and Stathaki used
CNN networks to complete the detection task in their
research [7]. The research results of Zhai et al. [8]
show that deep neural networks can greatly improve
accuracy.

PRel was proposed for this task as early as 1996
[9]. However, PRel gained widespread attention
after being reintroduced in 2006 at the CVPR
(International Conference on Computer Vision
and Pattern Recognition). PRel is a technique for
determining the presence or absence of specific target
pedestrian information in an image or a video
sequence [10]. PRel has been reintroduced for two
main reasons: 1) the lack of acquisition of pedestrian
information in the research conducted at that time [11]
and 2 the deep neural networks have been applied
so that higher-level features can be acquired [12].
PRel can acquire more and deeper pedestrian
information. In PD systems, pedestrian sample
information is always ignored. Therefore, better
accuracy and efficiency can be achieved by linking
PD and PRel tasks [13]. Researchers have indicated
that the combination of PD and PRel techniques
can indeed enhance the performance of pedestrian
information retrieval [14]. Unlike PD and PRel, the
main challenge of PIS is to query the gap between
people. PIS needs to deal with extra details. PIS
can be categorized into Image-based Pedestrian
Information Search (IPIS) and Natural Language-
based Pedestrian Information Search (NLPIS)
according to the search source.

Image-based Pedestrian Information Search
(IPIS) is performed using the detection image as the
search source. IPIS benefits from the fact that there
is the source for conducting the search is explicit.
In the study of Sun et al. [15], they successfully
implemented pedestrian information retrieval using
images by training a CNN model. However, IPIS
suffers from the limitation of search sources [15]. IPIS
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cannot be applied in many scenarios. When the search
source image is not available, free-form natural
language-based character search is very convenient
[16].

NLPIS is another major PIS category that uses
free-form natural language as a search query. NLPIS
is more challenging than the IPIS problem. In practice,
the effects of factors such as morphology, occlusion,
resolution, and background responsibility can make
the PIS task more challenging [17]. Therefore, NLPIS
requires that discriminative features need to be
learned first before text character matching.

The feature extraction methods of NLPIS are
mainly divided into manual feature-based methods
and deep feature-based methods. For handcrafted
feature-based pedestrian information retrieval
methods, a common approach will use handcrafted
features such as Histogram of Oriented Gradients
(HOG), Local Binary Patterns (LBP), and Color
Histograms [ 18] to obtain information such as shapes,
colors, and textures. Hand-designed features are
usually interpretable and understandable because they
are constructed based on domain expertise. However,
hand-designed features are relatively sensitive to
changes and deformations in the data and may be
less adaptable to changes in lighting, viewing angle,
and background. For deep feature-based approaches,
use deep learning models to learn higher-level feature
representations from images. The deep features can
be selected from the deep learning models suitable
for pedestrian information retrieval. Deep features
are acquired with more freedom compared to manual
features [19]. Deep neural networks commonly used
for deep features are Convolutional Neural Networks
(CNN), Recurrent Neural Networks (RNN) [20], etc.
The application of deep neural networks also foresees
the need for data preprocessing and training of deep
neural network models. The pre-processing workload
for deep feature extraction is relatively high.

While manual feature-based methods are still
effective in some scenarios [21], manual feature-based
pedestrian information retrieval methods do not
perform well when dealing with complex scenarios
and highly variable conditions [22]. Manually
designed features cannot capture all the variations and
information in the data. Deep learning models can
automatically learn the features in the data to better
adapt to different scenes and changes. The rise of
deep learning methods in recent years has gradually
replaced some of the manual feature-based methods.
The advantages of deep learning methods are more
significant when dealing with large-scale and complex
datasets [23]. Overall, deep feature-based PIS methods
have achieved significant results in many applications
[24].

NLPIS will also involve the matching relationship
between two modalities of information, text and

image. In the early stage of research on PIS, PIS
used unimodal learning. Single modality learning in
PIS refers to the process in which the model learns
information from image perception modalities only
[25]. Single-modality learning is relatively simpler
and intuitive because the model only has to process
data from one perceptual modality. Therefore, single
modality learning is computationally efficient and has
arelatively single task. With the improvement of PIS
requirements, PIS is no longer a simple determination
of whether there is a human or not. Therefore, the
necessity of cross-modal pedestrian information
retrieval has been emphasized in more studies [26].

Cross-modal refers to the process of information
interaction or learning between different perceptual
modalities. The cross-modal approach allows the
system to acquire rich information from different
perceptual modalities, which helps to improve the
comprehension and representation of the input data
by the system. Cross-modal learning helps to improve
the generalization ability of pedestrian information
retrieval models as it can learn more abstract and
generic representations from multiple modalities,
rather than just representations specific to one
modality. Overall, unimodal learning may not be able
to handle the complex relationships of multimodal
information in real-world applications involving
multimodal inputs, thus limiting its use in these
scenarios. Single-modality learning is suitable
for specific tasks and data contexts but has some
limitations in processing multimodal information
and improving generalization [27]. With the research
and development of multimodal learning, more and
more approaches are exploring how to effectively use
information from different modalities to improve
system performance.

Some relevant datasets and evaluation metrics are
also investigated. Common quantitative evaluation
metrics in the field of pedestrian information search:
Precision, recall, F1 score, rank-k accuracy, and Mean
Average Precision (MAP) score. Meanwhile, we
selected the latest PIS research projects for replication
[28]. We will use rank-k accuracy and mAP to evaluate
the existing models.

II. RELATED STUDIES

In this section, we introduced the tasks associated
with the PIS task.

A. Pedestrian Detection

Pedestrian Detection (PD) is the detection of
traveling people in the input image. PD needs to
locate the position of pedestrians. The application
scenarios of PD are extremely wide, including but
not limited to pedestrian retrieval in surveillance and
automated driving. The main step in the study of PD
as a target detection task is to select the region by
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traversing. Feature extraction is performed during PD
with manually designed feature extraction methods.
Finally, PD can be achieved by classifying the
extracted features. Cao et al. [29] proposed a detection
framework that relies on handcrafted features and
linear classifiers to achieve PD. Following the 2004
PD, the detectors were improved based on the research
of Ribeiro et al. [30], and ICF, ACF, LDCF, and SCF
were proposed [31].

However, the development of pedestrian detection
methods has also taken a turn for the worse with the
emergence of deep neural networks. The emergence
of deep neural networks has brought a new direction
to pedestrian detection techniques. Researchers have
combined artificial features with stronger classifiers.
Ribeiro et al. [30] used SCF as a detector combined
with a deep neural network as a classifier for the
detection task. Experiments have shown that access
to deep neural networks has improved the accuracy
of pedestrian retrieval substantially. Byeon and Kwak
[31]used an ACF detector and trained an R-CNN-type
neural network to generate pedestrian candidates. The
study of Sheng et al. [32] implements the subdivision
of pedestrian detection into pedestrian attributes
and scene attributes [33]. Combine filtered channel
features with CNN networks, following the traditional
idea of manually designing a feature convolution
kernel [34]. Propose an algorithm for learning
complexity-aware cascades by seamlessly integrating
manual and CNN features into a unified detector. Ma
and Gao [35] use LDCF detectors and CNN models
to construct part pools for local detection to deal with
occlusion problems. Cai et al. [34] achieve the best
trade-off between accuracy and speed. Meanwhile,
[36] shows that deep neural networks can automatically
learn high-level features of the target object without
relying on manually designed feature extraction
methods. Deep neural networks can extract robust
features that are independent of the environment,
increasing the robustness of detection.

In the early stage of pedestrian detection,
researchers use R-CNN to generate candidate
suggestions first, and then apply classification
and regression algorithms to filter the candidate
suggestions [37]. Based on R-CNN, Fast R-CNN,
proposed by Zhang et al. [38] achieves further
improvement in detection time and performance.

B. Pedestrian Re-Identification

Pedestrian Re-Identification (PRI) is also known
as Pedestrian Re-Identification. PRI is a technique
for determining the presence or absence of a target
pedestrian in an image or video sequence [10]. The
current research direction of the PRI technique can
be roughly divided into feature extraction and metric
learning.

In terms of feature extraction, most of the PRI
research uses a combination of manual features and

deep features. PRI researchers will first extract
distinguishable features using manually designed
feature extraction, and then learn higher-level
features through deep learning neural networks. More
PRIs innovate in structure to improve performance.
For example, [39] designed two new convolutional
layers to obtain the relationship between pairs of
pedestrian images whose inputs have been aligned and
cropped. Chen et al. [40] designed four convolutional
layers and 2 fully connected layers to extract feature
information from pedestrian images. In metric
learning, PRI solves the problem of PRI by learning
a distance metric [41]. Proposed KISSME, which
uses likelihood ratios to determine similarity using
statistical inference, proposed the null space to solve
the problem of small sample sizes encountered in
metric learning [42].

Traditional deep learning methods mainly use
pairwise or ternary distance loss functions to supervise
the training process [43], [39] input a pair of cropped
pedestrian images into the network. Utilized ternary
samples and managed to make the feature distances
between pedestrian samples of the same identity as
close as possible. Another approach is to consider
the PRI problem as a multiclassification problem.
Similarly, as the number of categories increases, using
the Softmax loss function for PRI makes the process
very slow or even fails to converge [44].

From the development history of PRI, we can find
that after 2014, deep learning-based PRI task models
have gradually gained the favor of most researchers.
However, due to the size and singularity of the
dataset, deep learning has not achieved as much
success in PRI as other computer vision techniques.
There is still much space for improving the
performance and scene applicability of PRI tasks.

C. Pedestrian Information Search

Pedestrian Information Retrieval (PIS) is an
end-to-end technique for detecting and recognizing
pedestrians in panoramic images. PIS outputs
information about the coordinates of the position
of pedestrians in the image, as well as information
about their identity. In terms of actual functionality,
PIS can be considered as a joint task of PD and PRI.
However, simply connecting the two tasks together
cannot obtain good accuracy and efficiency.

Xu et al. [45] achieved PIS by modeling the
common and unique characteristics of pedestrians
through a sliding window search strategy. However,
their research results show that simply connecting
the two tasks cannot achieve good accuracy and
efficiency. Proposed an end-to-end single CNN PIS
framework [46]. Xiao ef al. achieved simultancous
processing of two tasks in a single CNN. Meanwhile,
proposed an Online Instance Matching (OIM) loss
function to effectively improve the performance of
neural networks. Investigated the overall impact of
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the performance of the pedestrian detection component
in the pedestrian search task. Used a two-stage strategy
to implement PIS with a pedestrian detection network
cascaded with a pedestrian re-identification network
[46],[47]. Liuet al. [48] used arecurrent neural network
to correct the pedestrian position in the panoramic
image step by step and match the pedestrians.
In traditional PIS studies, the dataset only contains
manually cropped pedestrian frames. Contributed
anew large-scale dataset, PRW, for pedestrian search.
These works are aimed at making PIS applicable in
integrated scenarios. These works aim to incorporate
PD and PRI into a complete framework to reduce the
mutual influence of the errors of the two otherwise
independent networks [49].

The proposed PIS has made its application
scenarios to become more leading with higher market
requirements for PIS. PIS in severe non-aligned
scenarios is a typical scenario. The focus of severe
non-aligned scenarios is to utilize multiple features
of the pedestrian images to achieve a reliable search
of target pedestrians. Specifically, the facial features
of the target will first be used to expand the target
pedestrian samples to indirectly search for target
pedestrians with large differences in body shape and
appearance in the image. Then, the search results
will be used to reverse search the sample with face
information, and the similarity between the face
features of the sample and the target face features will
be used to filter the search results to obtain the final
search results. The non-aligned scenario is closer to
the actual application scenario, and the research is
very significant. For example, in the study of Zheng,
Gong, and Xiang, they proposed a Probabilistic
Relative Distance Comparison (PRDC) model to
reduce the distance between true matches and false
matches [50]. Used the Deformable Part Model
(DPM) to generate the Market-1501 dataset. Zheng
et al. proposed a BoW descriptor method to try to
bridge the gap between image searches [51]. Sun et al.
proposed a Part-based Convolutional Baseline (PCB)

to learn the features noted by parts. The PCB uses
a simple uniform partitioning method to assemble
some of the informative features into convolutional
descriptors. However, their research requires images
that have been used as a search source. It also makes
PIS limited in many scenarios. Therefore, free natural
language-based PIS is being seen in more and more
studies [52].

Lietal. [16] proposed a recurrent neural network
(GNA-RNN) with a gated neural attention mechanism
using a recurrent neural network structure to solve the
problem of affinity between textual descriptions and
images of people. Krizhevsky et al. [53]used 1.3 million
high-resolution images from the LSVRC-2010
ImageNet training set to train a large deep convolutional
neural network to implement image-based PIS [54].
Modified the pre-trained BERT network by introducing
Sentence-BERT (SBERT). BERT is a well-trained net-
work for NLP [55], [56]. Reimers et al implemented
text-based PIS by using concatenated and ternary
network structures. However, the effect of unimodal
PIS is limited. Then, a cross-modality-based feature
extraction approach was verified to enhance the
performance of PIS [57]. Multiple feature extraction
requires multiple types of information to be
concentrated in a single system [28]. Proposed an
end-to-end learning framework, TIPCB. Using
a multi-stage cross-modal matching approach, visual
and textual representations are matched at multiple
levels. Zhang et al. [58] proposed two losses,
Cross-Modal Projection Matching (CMPM) and
Cross-Modal Projection Classification (CMPC),
which achieve image-text cross-modal feature
extraction [57]. Proposed an end-to-end Simple and
Robust Correlation Filtering (SRCF) framework to
extract key information and adaptively align local
features without the need for auxiliary tools.
In summary, multimodal-based PIS performs better
than unimodal PIS. A schematic of a typical
cross-modal PIS model is shown in Fig. 1.
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Fig. 1. A typical deep neural network model for cross-modal pedestrian information retrieval

Meanwhile, the research of Ye et al. [57] shows
that a suitable sample set can effectively improve the
performance of PIS. Existing PIS large-scale image
datasets that are heavily used are the MS COCO
dataset, the ImageNet dataset, and the CUHK-PEDES
dataset. The MS COCO dataset was first created and
released by Microsoft Research in September 2014.
MS COCO, as a large-scale image dataset designed
for the task of computer vision, has become one of the
most important benchmarks in the field of computer
vision. One of the important benchmarks in the field
of computer vision. The data in the MS COCO dataset
is rich and diverse. The richness and diversity of MS
COCO make it an ideal data source for computer
vision tasks. At the same time, the MS COCO dataset
has gone through several updates to meet the evolving
needs of computer vision research. The MS COCO
dataset has been progressively added with more
images, detailed annotations, and support for different
tasks. The MS COCO dataset updating process not
only increases the size of the dataset, but also improves
the coverage of the dataset in terms of complex
scenarios and a wide variety of objects. The MS
COCO data offers researchers have more challenging
and varied data sources for computer vision tasks.
researchers with more challenging and practically
relevant data support [59].

The ImageNet dataset is a large-scale image
database created by Stanford University [60]. The
ImageNet dataset is designed to facilitate research in
the field of computer vision. The ImageNet dataset
contains more than 14 million images. The images
inthe ImageNet dataset cover more than 20,000 different
categories of objects. The categories of the ImageNet
dataset cover a wide variety of objects, ranging from
animals and plants to everyday objects. The image
annotation of the ImageNet dataset is the addition
of relevant labels and annotations to each image.
The categories of the ImageNet dataset cover a wide
range of objects, from animals and plants to everyday
objects. The image annotation of the ImageNet
dataset is the addition of relevant labels and
comments to each image. The labels of the ImageNet
dataset describe the main objects or scenes that appear
in the image. The comprehensiveness and the wide
range of applications of the ImageNet dataset have
made it an important part of the image classification
task.

The CUHK-PEDES dataset was created and
released by the Research Institute of the Chinese
University of Hong Kong [16]. The CUHK-PEDES
dataset is a rich pedestrian dataset with annotations.
The CUHK-PEDES dataset is the first dataset created
specifically for PIS. The CUHK-PEDES dataset
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aggregates images from five existing pedestrian
re-identification datasets, including CUHKO3,
Market-1501, SSM, VIPER, and CUHKO01, resulting in
a large dataset of 40,206 images containing more than
13,003 individuals. Each image in the CUHK-PEDES
dataset has been carefully annotated by staff [16].
CUHK-PEDES uses two textual descriptions to
provide exhaustive details on the appearance,
movements, and poses of the characters. The textual
descriptions are rich in information, making
the dataset more challenging and complex for
practical applications [61]. Overall, all the above
datasets play an important role in computer vision
research. Different datasets provide rich and
extensive data resources for model training and
evaluation for image classification, target detection,
and other related tasks.

The PIS research process is shown in Fig. 2.
All the experiments were conducted based on this
training-validation-testing division, which helps the
researcher to compare and evaluate in a standard

( Pedestrian Information Search )

A 4

Dataset: CUHK-PEDES

A4
Split Dataset into

experimental setup. For performance evaluation,
the researcher uses different metrics to evaluate the
performance of the PIS task. The PIS task acts as a
retrieval task. For a given target pedestrian image,
after comparing it with the features of the samples
in the candidate set, the similarity between the query
pedestrian image and all the samples in the candidate
set is calculated, and finally, all the candidate targets
are sorted according to the similarity from highest to
lowest. When the similarity between the query image
and the matching image is higher, it means that the
performance of the pedestrian search model is better.
In the field of PIS, the commonly used quantitative
evaluation metrics are Rank-K accuracy [62] and
mean Average Precision (mAP) score [63]. In our
study, we used Top1, Top5, and Top 10 in the training
model to evaluate the performance of the model. mAP
is the average of the mean accuracy of all samples in
the query set. This division provides researchers with
a balanced and diverse dataset for model training and
performance evaluation.

Train/Test
v
Train set |« No-
v
Text input Image input Train set
Jr v v
Text pre-training Image pre-training Update weights »  Verification » Log results
7'y I
v v
Text feature extraction Image feature extraction 100 epoch?
[ |
Yes
v
Similar loss End

Fig. 2. Training process of a deep neural network model for cross-modal pedestrian information retrieval

III. COMPARING MODEI METHODS

In this section, we have selected different models
and datasets for the training of PIS models. For the
PIS task, the main choices are the selection of the
PIS model and the selection of the training dataset.
For model selection, we chose the cross-modal
pedestrian information retrieval model, the Res50Bert
model. Res50Bert model is a combination of ResNet50

and bert-base-uncased. Res50Bert model will train
both natural language feature information and image
feature information to improve the performance of
PIS. Meanwhile, the performance of the Res50Bert
model is better than the performance of other models
in existing PIS research [28]. Therefore, we choose
the Res50Bert model as the basic model for our
validation. For dataset selection, we chose the
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CUHK-PEDES dataset as the dataset designed for
the PD task. The detailed description of pedestrians in
the CUHK-PEDES dataset helps the model to better
understand the semantic information in the images,
which in turn improves its performance in real
scenarios. The CUHK-PEDES dataset is divided
into three non-overlapping subsets, which are used
for training, validation, and testing, ensuring that
individuals with the same identity do not appear in
different sets. In addition, for performance evaluation,
we adopted top-k accuracy as the primary metric for
the person retrieval task. At the same time, we also
calculated the mAP to analyze the overall performance
of the model. Meanwhile, the study of Suo et al. [64]
shows that the CUHK-PEDES dataset has better PIS

performance. Therefore, we choose the CUHK-PEDES
dataset as the training dataset.

In the process of studying the PIS task, we found
that among the image neural network models, the
performance of the EfficientNet neural network is
improved in both efficiency and accuracy compared
to the ResNet neural network model. Meanwhile, in
the process of understanding text models, we also
found several text models applicable to pedestrian
information retrieval: paraphrase-multilingual-MiniLM
-L12-v2 [65], distiluse-base-multilingual-cased-v2
[66], bert-base-nli-mean-tokens [67], all-mpnet-
base-v2 [68], MiniLM-L12-H384-uncased [69].
Thus, we trained the base model and its different
combinations as shown in Table I.

TABLE I
CROSS-MODAL PIS MODEL TRAINING RESULTS
Pedestrian
Information Image Model Text Model Rank1 Rank$s Rank10 mAP
Retrieval Model
Res50Bert ResNet50 best-base-uncased 0.595992  0.800582 0.867647 0.507627
ResSOPMML12V2  ResNet50 paraphrase-multilingual-MiniL M-L 12-v2 0.577085  0.789754  0.860698  0.493230
Res50DBMCV2 ResNet50 distiluse-base-multilingual-cased-v2 0.584034  0.792178 0.863445 0.497706
ResSOBBNMT ResNet50 bert-base-nli-mean-tokens 0.573368  0.791370  0.864092  0.490792
ResSOAMBV2 ResNet50 all-mpnet-base-v2 0.588235  0.789916 0.868778  0.500985
Res50MLH384U ResNet50 MiniL M-L 12-H384-uncased 0.578539  0.786316 0.837750  0.497329
EB1Bert EfficientNet Bl  best-base-uncased 0.605992  0.805582 0.869647 0.509627
EBIPMMLI12V2 EfficientNet Bl  paraphrase-multilingual-MiniL M-L 12-v2 0.314156  0.554299 0.665482 0.264532
EBIDBMCV2 EfficientNet Bl distiluse-base-multilingual-cased-v2 0.526503  0.754848 0.840175 0.450074
EBIBBNMT EfficientNet Bl  bert-base-nli-mean-tokens 0.499199  0.742400 0.826811  0.425028
EBI AMBV2 EfficientNet Bl  all-mpnet-beste-v2 0.577085  0.789754 0.860698 0.493230
EBIMLH384U EfficientNet Bl ~ MiniL M-L 12-H384-uncased 0.080478  0.214447 0.316742 0.076245

From Table I, we found that the basic model
reaches about 60%. The experimental results indicate
that both different text models and image models
affect the performance of the PIS model. At the same
time, the experimental results also illustrate that there
is a possibility that the combination of different
text models and image models can enhance the
performance of PIS.

IV. CONCLUSION AND FUTURE WORK

Our study focuses on a systematic review of
pedestrian information retrieval. Firstly, we introduce
the pedestrian search task and the pedestrian
re-identification task. After the introduction of
pedestrian search and pedestrian re-identification
focus is on the pedestrian information retrieval task,
which is a combination of the two tasks. In this paper,
we focus on the feature extraction method, modality,
and dataset of PIS. We summarize the performance
of unimodal and multimodal pedestrian information
retrieval tasks. Existing research shows that
multimodality is fully capable of implementing

free-form natural language-based PIS. The imple-
mentation of natural language-based pedestrian
information retrieval also heralds the possibility of
a higher degree of freedom in human-computer
interaction. Meanwhile, we validate the current best-
performing model using experimental replication.
The experimental results show that although the PIS
performance has been improved, the accuracy still
cannot reach a high level. Therefore, natural language-
based PIS still deserves more time and effort.

Atthe same time, the existing studies are incomplete.
First of all, the existing studies have been conducted in
English. There is a lack of research on other languages.
Other languages, such as Chinese, which has a large
number of speakers in the world, and Thai and
Japanese, which are widely spoken, are also small
languages that are worth studying. Correspondingly,
the existing datasets are all labeled and annotated in
English. There are differences in the way languages
are expressed and used in practice. It is also
meaningful to establish exclusive pedestrian
information retrieval datasets for different languages.
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Secondly, existing research is realized by strong
research teams and companies. The implementation
of low-performance hardware to train high-
performance models can be an important research
direction in the future. We can consider how we can
utilize the extreme performance of computers. This

will make Al reachable.
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Abstract— This study investigates the issue
of rear cushion wrinkling in a pickup truck seat
production line using the Lean Six Sigma (LSS)
methodology. By applying the DMAIC framework,
we identified that excessive tension in the extruded
listing fleece caused deformation, particularly in
curved seat sections. To resolve this problem, we
redesigned the fleece by incorporating rectangular
slots (15 x 5 mm) spaced 80 mm apart. As a result,
wrinkling defects were reduced by 60%, from 312
to 187 pieces, lowering the overall defect rate from
4.05% to 1.61% over six months. This exceeded
our initial goal of reducing defects to less than
2.0%. Additionally, this improvement led to
estimated cost savings of 852,500 THB, primarily
due to a reduction in rework and material waste.
Beyond cost benefits, the new design helped
streamline the production process, cutting cycle
time by 20% and improving customer satisfaction
by a similar percentage. While these results
demonstrate the effectiveness of Lean Six Sigma in
quality improvement, certain limitations remain.
Factors such as operator variability and material
inconsistencies were not fully controlled in this
study. Future research could explore real-time
defect detection systems or adaptive tension
control mechanisms to enhance process stability.

Index Terms—Lean Six Sigma, DMAIC, Wrinkle
Defects, Defect Reduction, Automotive Manufac-
turing

1. INTRODUCTION

In the automotive manufacturing industry,
balancing high product quality with efficient
production processes is a constant challenge. To
address inefficiencies and maintain competitiveness,
we applied Lean Six Sigma (LSS), a methodology
that combines Lean manufacturing’s principles

of waste reduction with Six Sigma’s emphasis on
reducing process variability. Using the DMAIC
(Define, Measure, Analyze, Improve, and Control)

Framework, we systematically identified key
process inefficiencies in our production line,
particularly those affecting defect rates and cycle
time. For instance, variations in material handling
and assembly techniques contributed to inconsistent
quality levels. By integrating data-driven analysis
with Lean methodologies, we were able to pinpoint
root causes and implement targeted improvements
that enhanced overall production efficiency [1].

Previous studies have highlighted the effectiveness
of LSS in automotive production, with studies
reporting defect reductions of up to 50% and cost
savings exceeding 40% in similar projects [2]. In
this study, we applied the LSS DMAIC framework
to address a critical quality issue—rear cushion
wrinkling—in a specific production line at a sample
company in the automotive industry, focusing on
a seat model for a pickup truck. The wrinkling
issue, primarily caused by excessive tension in the
listing fleece at the seat’s curved sections, not only
compromised aesthetic quality but also increased
rework costs and impacted customer satisfaction.

Our objective was to systematically investigate
this issue, identify its root cause, and implement
effective corrective actions. Several approaches were
explored, including modifying the fleece design,
refining sewing techniques, and utilizing Statistical
Process Control (SPC) tools to monitor and maintain
quality standards. We then tested these solutions to
determine whether the defect rate could be reduced
below 2.0% and whether defect-related costs could
be decreased by at least 40%. It is important to note
that this study focuses solely on a single production
line and specifically on the wrinkling defect in pickup
truck seats, without extending to other production
lines or defect types.
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II. OBJECTIVE

The objective of this study is to reduce wrinkling
defects in the MMTH 4P00 seat production line using
Lean Six Sigma methodology.

III. LITERATURE REVIEW
A. Six Sigma Theory and Principles

The implementation of Lean Six Sigma in
automotive manufacturing has been extensively
studied to improve process efficiency, defect
reduction, and quality control. George [3], Lean Six Sigma
integrates Lean principles with Six Sigma’s statistical
tools to enhance production capabilities and eliminate
non-value-added activities [2]. Further emphasized
the impact of LSS in reducing operational costs
and increasing process reliability in automotive
component manufacturing [2].

B. DMAIC Methodology

The DMAIC (Define, Measure, Analyze,
Improve, and Control) framework is widely used in
automotive seat manufacturing to enhance production
efficiency and minimize defects. It helps
manufacturers systematically analyze issues such as
fabric misalignment, stitching errors, and assembly
inconsistencies. In practice, the Measure phase
involves collecting defect data from seat cushion
inspections, allowing engineers to identify common
quality concerns. During the Analyze phase, they
investigate root causes, such as uneven fabric tension
contributing to wrinkles. Research has shown that
integrating DMAIC into seat production can lead
to measurable improvements, including reduced
defect rates, greater process stability, and lower
manufacturing costs [4].

C. Related Research Studies

Several studies have investigated improvements in
car seat manufacturing quality across different contexts
[4],[5]. For example, Tsou and Chen [4] proposed an
integrated model combining the Economic Production
Quantity (EPQ) framework with Six Sigma’s DMAIC
methodology. This model aimed to reduce production
costs and defect rates in automobile seat assembly
lines. In addition, Purba and Sunadi [5] carried out
fine feature Quality Function Deployment (QFD)
within the automobile seat industry, aligning
production approaches with customer necessities to
improve seat pleasant and personal pride.

Wrinkle reduction in cloth and leather packages
Preceding research on wrinkle reduction in car seats
has explored numerous techniques, specifically
for leather substances, that are at risk of tension-
associated wrinkling in the course of assembly.
As an instance, adjusting material tension and
applying warmth remedies were recognized as

powerful strategies to minimize wrinkles while
keeping the sturdiness and appearance of leather-
based seats. These techniques informed our approach,
guiding us to focus on structural modifications to
deal with the wrinkling difficulty. Cloth amendment
strategies in the Seat production

In the Thai manufacturing sector, research has
focused on enhancing manufacturing performance
within the automobile industry. Research like [6]
displays how Statistical Procedure Control (SPC)
tools, together with manage charts and technique
mapping, can effectively reduce defects and hold
fine consistency. Moreover, Thai researchers have
explored how lean manufacturing concepts, paired
with Value Engineering, can help streamline car seat
manufacturing with the aid of boosting efficiency and
reducing fabric waste [7].

IV. RESEARCH METHODOLOGY
A. Define Phase

The rear cushion wrinkling issue in the MMTH
4P00 production line, identified as a critical quality
defect impacting both efficiency and customer
satisfaction, prompted a Lean Six Sigma initiative
following data analysis from April to June 2023. Out
of 25,408 units produced, 1,028 exhibited wrinkles
(4.05% defect rate), with Pareto analysis attributing
30.3% of total defects to this issue, primarily caused
by excessive tension in the extruded fleece material,
particularly in the seat’s curved sections. To address
the problem peaking in May 2023, the project aims
to reduce defects by at least 50% (lowering the rate
to below 2.0%) within six months through structural
design modifications, standardized sewing/assembly
processes, and tension protocol adjustments.
Leveraging the DMAIC framework, the initiative
also targets a 40% cost reduction by minimizing
material waste and rework expenses, while enhancing
product durability and customer satisfaction through
improved aesthetics and consistency.

B. Measure Phase

The Measure phase established a defect baseline
for the MMTH 4P00 production line, focusing on rear
cushion wrinkling and other quality issues. Over three
months (April-June 2023), data were systematically
collected through visual inspections by trained QC
teams using standardized checklists to identify
defects such as wrinkles, scratches, and assembly
errors. Defective units were tagged, recorded in the
digital quality management system, and verified
against production logs for accuracy. Based on
manufacturing data, 1,028 defects were detected
among 25,408 parts, yielding a defect rate of 4.05%.
This baseline analysis provided a reference point for
identifying critical problem areas and monitoring
improvements throughout the production process.
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Table I summarizes production and defect data
from April to June 2023. In April, 7,745 units were
produced with 319 defective units (4.12% defect
rate). May saw increased output (9,601 units) but
recorded the highest defects at 380 units (3.96% rate).
June produced 8,062 units with 329 defects (4.08%
rate). Fig. 1, a vertical bar chart, visualizes monthly
defect counts (April: 319, May: 380, June: 329)
and the cumulative 1,028 defective units. The chart
underscores May’s peak defect count, indicating
potential fluctuations in production conditions or
material quality during that period—a trend to be
investigated in the Analyze phase [8].

To further analyze the defect profile, the 1,028
defective units were categorized into 22 distinct
types during inspections. Fig. 2 presents a horizontal
bar chart illustrating the ten most common defects
observed in production. “Wrinkled Seat” dominated
with 312 cases (30.3% of total defects), followed
by “Scratches/Scrapes” (143 units, 13.9%), “Foam
Debris Inside” (74 units, 7.2%), “Unusual Testing
Noise” (72 units, 7.0%), and “Headrest with Vaseline
Stains” (67 units, 6.5%). Additional defects ranked
in the top ten were “Incorrect Foam Coverage” (51
units), “Incomplete Label” (47 units), “Loose Wiring”
(41 units), “Stain Marks” (38 units), and “Visible
Needle Holes” (34 units). Together, these defects
accounted for 65% of all reported issues, highlight-
ing ‘“Wrinkled Seat’ as the primary concern requiring
corrective action. This analysis provided key bench-
marks for identifying root causes and monitoring
improvement efforts in subsequent project phases.

TABLE I
PRODUCTION AND DEFECT DATA FOR MMTH 4P00
PRODUCTION LINE (APRIL-JUNE 2023)

Month Total Defective Defect Rate
Production Units (%)
April 7,745 319 4.12
May 9,601 380 3.96
June 8,062 329 4.08
Total 25,408 1,028 12.00
Month Defective Units
1200
8 900
L
S 600
g
2 300 l
. [] []
0
April May June Total
Month

Fig. 1. Vertical bar chart depicting monthly defect counts in the
MMTH 4P00 production line (April-June 2023, Total: 1,028 pieces),
with May showing the highest defect count at 380 units.

Pareto Chart of Defect Types

Frequency
Percent

2N

Defect Type
Fig. 2. Pareto Chart of the Top 10 Defect Types in the MMTH
4P00 Production Line (April-June 2023).

C. Analyze Phase

Environmental factors, particularly humidity and
fabric tension, have been shown to critically influence
material behavior during automotive seat production
[9].

To better understand the root causes of rear
cushion wrinkling in the MMTH 4P00 production
line, we applied Lean Six Sigma tools, including the
Fishbone Diagram (Cause-and-Effect Diagram) and
the 5 Whys method. Data from the Measure phase
indicated that “Wrinkled Seat” was the most frequent
defect, with 312 recorded cases, accounting for
30.3% of'total issues. The Fishbone Diagram (Fig. 3)
categorized potential causes into six key areas:
Material, Process, Equipment, Environment, People,
and Measurement, and a team of production operators,
quality control personnel, and process engineers
collaboratively examined factors such as material
tension inconsistencies, deviations in sewing
procedures, and ergonomic difficulties during
assembly. By identifying these factors, the team
was able to prioritize corrective actions that directly
targeted the primary defect. The findings helped
develop standardized sewing protocols and
improved material handling procedures, ensuring that
improvements aligned with Lean Six Sigma principles
for defect reduction and process optimization.

The root causes of rear cushion wrinkling were
systematically categorized into six key areas:

1) Material: The extruded fleece’s excessive
stiffness from plastic reinforcement reduced flexibility
around curved seat sections, creating stress points.

2) Process: Inconsistent sewing techniques and
improper fleece cutting introduced localized tension,
worsening wrinkles in high-stress zones.

Equipment: Hog ring tension imbalances and
needle misalignment in stitching machines produced
uneven seams, amplifying fabric stress.

3) Environment: Humidity fluctuations com-
promised material elasticity, causing unpredictable
contraction/expansion, while poor lighting hindered
defect detection.

4) People: Operator handling variability (e.g.,
inconsistent stretching and pressure application) and
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lack of specialized training led to assembly incon-
sistencies.

5) Measurement: Inadequate quality checks
allowed defects to pass undetected, and tolerance
deviations in fleece dimensions occasionally exceeded
specifications.

[ Machine | I Method ] [ Material I

Hog Ring Tension\, Improper Sewé\ Rigid Plastic

Tensile Resistance

Needle Incorrect Fleece

Misalignment Cut

. Arancelssues / tor Techni /
Inconsistent Quality Check perator Technique

'Humidity Variation

Rear Cushion
Wrinkle

Training issues Workplace Lightis

| Measurement | | People | | Environment ‘

Fig. 3. Fishbone Diagram illustrating potential causes of rear
cushion wrinkling in the MMTH 4P00 production line.

To further investigate the root causes of rear
cushion wrinkling, the 5 Whys method [1] was
applied to the key factors identified in the Fishbone
Diagram: material stiffness, improper stitching
techniques, and machine-related issues. This iterative
approach involved repeatedly asking “Why?” to trace
surface-level problems to their underlying causes.
The cross-functional team collaborated to validate
responses using production data, operator feedback,
and machine logs. For instance, questioning why
material stiffness occurred revealed inadequate plastic
reinforcement specifications, while repeated “Whys”
on stitching errors exposed outdated training protocols.
The results, summarized in Table II, mapped the causal
chain for each factor, providing actionable insights
to address systemic gaps in material design, process
standardization, and equipment calibration.

TABLE I1
WHY-WHY ANALYSIS FOR PRIMARY CAUSES OF REAR CUSHION WRINKLING
Factor Why 1 Why 2 Why 3 ‘Why 4 Why 5 Root Cause
Material Stiffness Q: Why does the Q: Why is the Q: Why was this Q: Why wasn’t Q: Why wasn’t Insufficient cross-
fleece cause fleece too stiff? material chosen? flexibility priori- curvature functional
wrinkling? A: The Plastic A: It met the cost tized? considered? collaboration during
A: The plastic reinforcement was and longevity A: The material A: There was a material specifi-
reinforcement selected for requirements specification the lack of collabora- cation led to the
makes it too stiff to  durability, not during supplier process did not tion between design  selection of an
flex around curved  flexibility. selection. account for curva- and procurement overly stiff
sections. ture demands of the  teams. fleece material.
MMTH 4P00
design.
Improper Sewing Q: Why do Q: Why is stitching ~ Q: Why do Q: Why isn’t there ~ Q: Why wasn’t Lack of operator
Techniques improper sewing inconsistent? operators use a standardized this addressed in input in process
techniques A: Operators use varying techniques?  procedure? documentation? documentation
cause wrinkling? varying techniques  A: There is no A: Process A: The process resulted in the
A Inconsistent for curved sections.  standardized documentation was developed absence of a

stitching creates
stress points on the
fleece.

sewing procedure
for curved areas.

does not address
curved stitching
challenges.

without input from
experienced
operators.

standardized sewing
procedure for
curved sections.

Machine Issues

Q: Why do hog ring
tension and needle
misalignment

cause wrinkling?
A: They Produce
uneven stitching,
increasing material
tension.

Q: Why are hog
rings and needles
misaligned?

A: The machines
have not been

calibrated regularly.

Q: Why haven’t
machines been
calibrated?

A: There is no
scheduled
maintenance plan
forstitching equip-
ment.

Q: Why is there no
maintenance plan?
A: Maintenance re-
sponsibilities were
not clearly assigned
during production
setup.

Q: Why weren’t
responsibilities
assigned?

A: Management
overlooked the
need for a formal
maintenance
protocol.

The absence of a
formal maintenance
protocol resulted

in uncalibrated
machines, which in
turn caused incon-
sistent stitching.

The 5 Whys analysis (Table II) identified three
root causes driving rear cushion wrinkling:

1) Material Stiffness: Overly rigid fleece material,
selected due to poor collaboration between the design
and procurement teams.

2) Process Gaps: Inconsistent sewing techniques
caused by incomplete process documentation and
training.

3) Equipment Neglect: Uncalibrated stitching
machines resulting from the lack of a preventive
maintenance protocol.

These findings validated the initial hypothesis of
excessive tension in the extruded fleece while exposing
systemic flaws in cross-departmental coordination,

process standardization, and equipment management.
The tabular presentation of the 5 Whys (Table II)
clarified causal chains—from surface defects to
organizational weaknesses, enabling stakeholders
to prioritize targeted interventions. For the Improve
phase, solutions will focus on material redesign (e.g.,
flexible fleece alternatives), standardized sewing
workflows, and calibrated maintenance schedules to
address root causes holistically.

D. Improve Phase

Modifying the listing fleece to improve flexibility
aligns with recent research on optimizing seat structure
for both comfort and manufacturability [10]. Building
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on the root causes identified in the Analyze phase—
specifically, material stiffness, improper sewing
techniques, and machine-related issues—the Improve
phase focused on developing and testing solutions to
mitigate rear cushion wrinkling in a pickup truck seat
production line. The primary intervention targeted
the extruded fleece strip, which was found to exhibit
excessive tension due to its plastic reinforcement,
particularly in curved sections. The team proposed
modifying the fleece strip design (length: 370 mm) by
cutting rectangular slots to reduce plastic resistance.
This adjustment was designed to achieve the project
objectives, cutting wrinkle defects by 50% and
bringing the defect rate below 2.0%. The redesign
prioritized enhancing material flexibility while
maintaining structural integrity, ensuring compatibility
with standardized sewing processes and calibrated
equipment.
1) Cutting the Listing Strip into Rectangular Slots
The intervention began by modifying the listing
strip design, incorporating rectangular slots (15%5 mm)
to reduce plastic resistance. Two configurations were
tested: slots spaced at 60 mm intervals and those
at 80 mm intervals. A total of 30 samples—15 for
each configuration—were prepared to evaluate their
effectiveness in minimizing wrinkling in curved seat
sections. Fig. 4 provides a visual comparison of the
original and modified listing strips, emphasizing
the design adjustments aimed at enhancing material
flexibility while maintaining structural integrity. The
60 mm and 80 mm slot spacings were selected based
on preliminary design trials and sewing ergonomics.
While 60 mm aimed to enhance stress relief, 80
mm offered a better balance between flexibility and
material strength. Both values were evaluated under
real-world conditions without modifying existing
production tooling.

4 o

Fig. 4. Comparison of the original listing strip (a) and the modified
strips with rectangular slots at 60 mm and 80 mm intervals (b).

2) Sewing Integration
The modified listing strips were integrated into
the stitching system, with the 60 mm slots aligned
at mark 2 and the 80 mm slots positioned between
mark 2 and mark 3—areas susceptible to wrinkling
due to material tension. Stitching operators reported

that the slotted strips were easier to handle around
curves, reducing stitching time. Fig. 5 illustrates this
process.

60 mm 80 mm

=

mz ﬁ \\\\\\\\\\\ﬂ “g

Fig. 5. Sewing integration of the modified listing strips with
rectangular slots at 60 mm and 80 mm intervals.

Preliminary observations of the trim’s display
side showed wrinkling in all configurations (original
(a), 60 mm (b), and 80 mm (c)); however, definitive
results were deferred until the foam covering stage.
Fig. 6 presents these initial observations.

(a) (b)

Fig. 6. External appearance of the trim’s show side for the original
and modified listing strips at 60 mm and 80 mm intervals.

3) Foam Covering
The stitched trims were then attached to the
foam cushion to assess the effectiveness of the inter-
vention. Fig. 7 depicts the foam covering process.

Fig. 7. Foam covering process for trims with modified listing strips.

The cushions were evaluated in comparison to
the customer’s master sample to ensure compliance
with quality standards. The original strip exhibited
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excessive wrinkling, leading to a non-conformance
(NG status) due to failure in meeting aesthetic and
structural requirements. The 60 mm configuration
demonstrated a reduction in wrinkling; however,
the defect level remained beyond acceptable limits,
resulting in an NG status. Conversely, the 80 mm
configuration effectively mitigated wrinkling, achieving
compliance with quality standards and receiving an
OK status. Fig. 8 presents a comparative analysis of
the results.

(@)

Fig. 8. Comparison of rear cushions after foam covering, using
the original listing strip (a) and modified strips at 60 mm (b) and
80 mm (c) intervals.

4) Validation of the 80 mm Configuration

A follow-up trial with 30 additional samples
using the 80 mm configuration confirmed its
effectiveness, with nearly all samples meeting
quality acceptance criteria, aligning with customer
specifications, and successfully addressing the
wrinkling issue in curved sections. Table III
summarizes the initial trial results, showing that all
15 samples with the 60 mm slot spacing failed (100%
NG), whereas the 80 mm slot spacing performed
significantly better, with 13 out of 15 samples passing
(86.67% OK) and only 2 failing (13.33% NGQG).

TABLE IIT
INSPECTION RESULTS FOR WRINKLING ACROSS 60 MM AND
80 MM CONFIGURATIONS

Slot Spacing OK NG Total OK NG
Configuration (Pieces) (Pieces) (Pieces) Percentage Percentage
60 mm 0 15 15 0% 100%

80 mm 13 2 15 86.67% 13.33%

Note: OK, the sample meets the customer’s master sample
standards with no visible wrinkling; NG: The sample fails to meet
standards due to visible wrinkling.

Atotal of 30 samples were tested, with 15 samples
for each slot spacing configuration (60 mm and 80
mm).

Although the difference in performance between
the 60 mm and 80 mm configurations was visibly
substantial, a two-proportion Z-test was performed
to statistically confirm the significance of this
improvement. The result (Z = -4.79, p < 0.001)
validated that the 80 mm slot spacing significantly
improved the proportion of acceptable parts, supporting
the selection of this design for implementation.

E. Control Phase

After successfully implementing the 80 mm
slotted listing strip in the Improve phase, the Control
phase was implemented to sustain improvements
and to prevent rear cushion wrinkling from
recurring. Several control measures were implemented
to maintain reduced defect rates and cost savings.

1) Standardization of Processes

The 80 mm slotted listing strip design was
standardized for the pickup truck seat production
line. Process documentation was updated to detail the
cutting and sewing procedures for the modified strip,
including precise slot measurements (15 x 5 mm)
and alignment points (between mark 2 and mark 3).
Sewing operators were trained in the updated
procedure to ensure consistency, mitigating the
improper sewing techniques identified in the Analyze
phase. An SOP manual was distributed to all rele-
vant personnel, and regular audits were scheduled to
ensure adherence to the new standard.

2) Equipment Maintenance Protocol

To mitigate machine-related issues, a structured
maintenance protocol was implemented for stitching
machines. A scheduled monthly calibration plan
was introduced, with designated maintenance
responsibilities assigned to a specialized technician
team. Calibration checklists were introduced to
monitor maintenance schedules and ensure hog rings
and needles met specified tolerances, preventing
uneven stitching, which could lead to wrinkling
defects.

3) Monitoring and Control Chart

A control chart was introduced to systematically
monitor defect rates after the intervention. Daily defect
counts for wrinkling were recorded and plotted
against established control limits, with a target defect
rate below 2.0%. This enabled the team to promptly
identify deviations and implement corrective measures,
such as re-inspecting listing strips or recalibrating
machinery.
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Fig.9. p-Chart for Wrinkling Defect Rate (October 2023, Sample
of 10 Days)

This control chart illustrates the daily proportion
of wrinkling defects after implementing the 80 mm
slot design. The defect rates remained within the
control limits (UCL and LCL), indicating that the
process was statistically stable during the post-
improvement period. Quality control personnel
underwent training to effectively utilize the control
chart, ensuring continuous monitoring and process
stability.

V. RESULTS AND DISCUSSION
A. Results

Successful Lean Six Sigma projects require robust
change management and training strategies, especially
when introducing new work processes [11].

The Lean Six Sigma project targeting rear cushion
wrinkling in the MMTH 4P00 production line at a
sample company in the automotive manufacturing
industry led to notable enhancements in both quality
and financial performance, as evaluated using the
DMAIC framework. The following sections outline
the project’s outcomes concerning defect reduction
and cost savings, validated through production data
and quality inspection reports

Baseline defect rate was established at 4.05%
during the Define and Measure phases, with 1,028
defective units identified out of 25,408 produced
between April and June 2023, averaging 342.7 defective
units per month. The primary cause was excessive
tension in the extruded listing fleece, particularly
in curved seat sections, leading to rear cushion
wrinkling. Through root cause analysis and targeted
process improvements—specifically, modifying the
listing fleece design with rectangular slots (15 % 5 mm)
at 80 mm intervals—the defect rate was lowered
to 1.61% by October 2023. This marks a 60.27%
reduction in the defect rate (from 4.05% to 1.61%),
exceeding the project objective of achieving a rate
below 2.0%. Specifically for wrinkling defects, the
count decreased by 40%, from 312 pieces to 187 pieces
over the intervention period.

Table IV compares the monthly defect counts
before (April-June 2023) and after (July-October
2023) the intervention. Before the intervention, the

average monthly defect count stood at 342.7 pieces.
After the intervention, this number dropped to 171.5
pieces, reflecting a 50% reduction in overall defects.
Statistical Process Control (SPC) tools, including
control charts and Pareto analysis, confirmed process
stability, with the sigma level improving from 3.2
(66,807 DPMO) to 4.1 (6,210 DPMO) according to
standard conversion values [1], indicating enhanced
process capability. Furthermore, cycle time was
reduced by approximately 20%, enhancing overall
production efficiency.

TABLE IV
DEFECT COUNTS IN PRODUCTION LINE BEFORE AND AFTER
IMPROVEMENT
Total Defect Defect
Period Month Produced Count Rate
(Pieces) (Pieces) (%)
Before April 8,469 319 3.77%
Improvement /. o 8.469 380 4.49%
June 8,470 329 3.88%
April-June 25,408 1,028 4.05%
After July 10,652 204 1.92%
Improvement st 10,652 189 1.77%
September 10,652 157 1.47%
October 10,653 136 1.28%
July - October 42,609 686 1.61%

Reducing the number of defects in the
manufacturing process directly results in cost
reduction, with the unit cost of the rear seat production
being 6,820 baht (During April to June 2023). There
were 312 cushions with wrinkles found, representing
a cost of 2,127,840 baht (312 x 6,820 baht). After
improving (During July to October 2023), the number
of cushions with wrinkling defects decreased to 187,
reducing costs to 1,275,340 baht (187 x 6,820 baht).
The cost savings of 852,500 baht, or 54.81%,
exceeded the original target of 40%. This was
primarily achieved through reduced rework and more
efficient material usage. In addition, the reduced cycle
time made the production process more agile and
flexible. Additionally, customer satisfaction increased
approximately 20% according to Voice of Customer
(VOC) surveys, reflecting improved product quality.
And consistency with Critical to Quality (CTQ)
requirements.

B. Discussion

Successful Lean Six Sigma projects require
robust change management and training strategies,
especially when introducing new work processes
[11]. This Lean Six Sigma project demonstrated the
effectiveness of integrating Lean’s waste-reduction
principles with Six Sigma’s data-driven methodology
in addressing defects in automotive seat production.
Root cause analysis was conducted using tools such
as the Fishbone Diagram and Why-Why Analysis,
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which systematically identified key contributing
factors. To mitigate this issue, the listing fleece design
was modified by incorporating rectangular slots
(15 x 5 mm), spaced at 80 mm intervals. This
modification yielded a 60% reduction in wrinkling
defects, decreasing from 312 to 187 pieces.

As of October 2023, the overall defect rate has
decreased to 1.61%, exceeding the target of 2.0%.
This result is consistent with past research, which
has shown that Lean Six Sigma methods can reduce
defect rates in automotive part manufacturing by
50-70% [2]. The results of this research study truly
demonstrate the effectiveness of a Lean Six Sigma
problem-solving approach.

However, some important issues should be further
considered in future research, especially during the
improvement process. The sewing workers had to
adapt to the new process at first, which felt unfamiliar
and uncomfortable. Therefore, to solve this problem,
additional training, including practical training, was
provided to make the workers more confident and
able to follow the new steps correctly and efficiently.
This data reflects the importance of effective change
management in Lean Six Sigma projects [12].

Another challenge was the lack of real-time
defect tracking, which resulted in delays in identifying
issues. Additionally, limited data on cycle time and
operator efficiency restricts in-depth analysis. These
gaps highlighted the need for future improvements,
such as implementing automated systems to monitor
cycle time and operator performance in real time.

During the Control phase, the defect rate was
maintained at 1.61% through regular audits and SPC,
ensuring process stability. However, environmental
factors such as humidity, identified through the
Fishbone analysis, could pose future challenges,
necessitating continuous monitoring and adjustments
as needed.

VI. CONCLUSION
A. Summary

This Lean Six Sigma project addressed rear
cushion wrinkling in a production line at a sample
company in the automotive industry, demonstrating
significant improvements using the DMAIC
methodology. Wrinkling defects were reduced by
60%, from 312 to 187 pieces, lowering the overall
defect rate from 4.05% to 1.61% within six months,
surpassing the target of reducing it below 2.0%.

Identifying excessive tension in the listing
fleece as the primary issue was crucial. Several
modifications were implemented, including adding
rectangular slots (15 x 5 mm, spaced 80 mm apart),
standardizing sewing procedures, and incorporating
SPC tools to ensure process stability.

The cost savings from wrinkling totaled 852,500
THB, whichrepresented a 54.81% reduction, surpassing
the original target of 40%. The process resulted in a
20% cycle time reduction while customer satisfaction
increased by 20%, maintaining adherence to
Critical to Quality (CTQ) like dimensional accuracy.
The study by [2] presents clear evidence that Lean Six
Sigma methods can lead to substantial improvements
in quality, efficiency, and profitability within automotive
seat production facilities.

B. Recommendations

To ensure the sustainability of these improvements,
the following best practices should be adopted:

Continuous Training Programs: Conduct structured
and ongoing training for operators on updated work
standards and quality control procedures to ensure
process consistency and minimize variability,
mitigating initial operator resistance observed in the
Improve phase.

* Real-Time Monitoring and Audits: Establish
a structured system for regular quality audits and
real-time defect tracking using SPC tools, such as
control charts, to detect deviations early and maintain
long-term stability, a proven practice in Lean Six
Sigma implementations [1].

¢ Culture of Continuous Improvement: Embed
a culture of continuous improvement within the
organization to reduce resistance to change and support
adherence to Lean Six Sigma principles, promoting
long-term commitment from all stakeholders.

Future research could focus on predictive
analytics to predict defect trends by leveraging
historical control chart data to forecast wrinkling
occurrences. Additionally, future studies could assess
the scalability of these findings to other automotive
components, such as front seat assemblies, to extend
the applicability of Lean Six Sigma across various
production processes.

C. Future Improvements

Future work could integrate Al-based real-time
defect monitoring to further enhance quality control,
consistent with current trends in industrial process
monitoring [13]. The success of this project paves the
way for expanding Lean Six Sigma methodologies to
additional defect categories in the 4P00 production
line, such as stitching inconsistencies, material
delamination, and assembly misalignments. Utilizing
the DMAIC framework, beginning with root cause
analysis using tools such as the Fishbone Diagram,
could achieve similar defect reductions and cost
savings while enhancing overall product quality.

Furthermore, automation presents a significant
opportunity for defect detection. IoT sensors combined
with machine learning algorithms enable real-time
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tracking of fabric tension and sewing precision while
monitoring environmental humidity, which was
determined as a key factor in Fishbone analysis [14].
IoT sensors enable identification of excessive tension
in listing fleece during production, which allows for
real-time adjustments to prevent wrinkling.

Pilot studies could evaluate automated vision
systems for real-time detection of wrinkles and other
defects, with the potential to elevate the sigma
level beyond 4.5 (e.g., reducing DPMO below 1,350),
thereby establishing a new quality benchmark in
automotive manufacturing.
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Abstract—Thai rice farmers face significant
challenges accessing timely and accurate
information for crucial decisions regarding
variety selection, soil management, and adapting
to climate change. While Retrieval-Augmented
Generation (RAG) systems aim to provide
information, traditional RAG often struggles
with complex queries requiring interconnected
knowledge and can yield generic or less relevant
answers in specialized domains like agriculture
due to its reliance on the semantic similarity
of isolated text chunks. This paper introduces
and evaluates GraphRAG, a knowledge graph-
enhanced RAG approach, designed specifically
to overcome these limitations and improve
query assistance for Thai rice cultivation. The
methodology involves constructing a knowledge
graph from key Thai rice farming documents
and integrating it with a large language model to
provide context-aware responses, comparing its
performance against a traditional RAG baseline.
Results demonstrate GraphRAG’s superior
effectiveness; user preference tests showed
participants favored GraphRAG responses
(52.9%) significantly more than traditional
RAG (35.3%), particularly for complex queries
requiring nuanced understanding. Quantitatively,
GraphRAG showcased enhanced efficiency,
reducing the average query response time by nearly
3 times (from 1.43 seconds for RAG to 0.41 seconds)
and decreasing memory usage by over 50% (from
457.42 KB for RAG to 213.09 KB). This study
concludes that GraphRAG offers a valuable
approach for enhancing information retrieval
accuracy, contextual understanding, and system
efficiency in specialized, low-resource agricultural
domains, highlighting its significance for providing
better decision support to farmers.

Index Terms—GraphRAG, LLM, Thai Rice,
Knowledge Graph, Retrieval-Augmented
Generation

1. INTRODUCTION

Rice (Oryza sativa L.) is the main food for more
than half of the world’s population. Mostly grown
in tropical zones, rice is full of carbohydrates,
proteins, and healthy compounds, which greatly help
with various health benefits. Recent improvements in
rice science, especially in Androgenesis, have made
breeding methods better, but issues like dependence
on the type of plant still exist. Besides its role in food
security, rice’s nutrition, which includes important
vitamins and minerals, makes it a key part of many
food items and health supplements [1]. Also, farming
actions, like when planting is done, greatly affect how
much rice is produced, highlighting how important
it is to make growing methods as good as possible
[2]. Using technology, such as machine learning to
identify seed types, in rice farming is also causing big
changes [3]. These points together show how rice is
important in many ways for both farming and public
health, which will be talked about more in the next
parts. Growing rice is very important in Thailand,
as both a major economic product and a cultural
symbol. Thailand is one of the top countries selling
rice worldwide, with types like Jasmine rice (Oryza
sativa var. Indica) becoming known around the world
for their special smell. However, rice farmers have
many problems, including picking the best rice types,
managing their soil, and adapting to climate change.
Normal ways of sharing information, like agricultural
extension services, are often slow and not very
effective, which stops farmers from getting timely and
useful information [4]. To fix these problems, ways
that use knowledge and rely on Artificial Intelligence
(AI) and Machine Learning (ML) are becoming more
and more needed in farming [5].

Indexed in the Thai-Journal Citation Index (TCI 1)



20 INTERNATIONAL SCIENTIFIC JOURNAL OF ENGINEERING AND TECHNOLOGY, Vol. 9 No. 1 January-June 2025

The rise of Large Language Models (LLMs) has
played a very important role in natural language
processing, demonstrating remarkable capabilities
in generating coherent text, answering complex
questions, and even producing creative content. Their
ability to learn from massive datasets has positioned
them as powerful tools across diverse applications.
However, despite their impressive general
knowledge, LLMs inherently suffer from a critical
limitation: a lack of up-to-date, specialized, and
contextually relevant domain knowledge [6]. This
deficiency becomes particularly pronounced when
addressing tasks requiring precision and deep
understanding within specific fields, especially in
agriculture.

Traditional methods of fine-tuning LLMs on
domain-specific datasets can be computationally
expensive. Practically, Retrieval-Augmented
Generation (RAG) systems offer good answers
by mixing the ability to find documents with the
language power of Large Language Models (LLMs)
to create correct and relevant responses by retrieving
relevant documents or information snippets at
runtime [7]. However, normal RAG systems often
have trouble with questions about specific topics
because they are not very good at understanding
complex relations between pieces of data and
entities [8]. To overcome this problem, systems
like GraphRAG use knowledge graphs to produce
a graph-structured knowledge representation that
depicts domain hierarchies and entity interactions [9].
The design of these knowledge-based solutions will
be looked at closely throughout this paper.

The GraphRAG system is designed to solve these
issues by including a knowledge graph. This organizes
data into connected items and links, thus helping to
give more thoughtful and helpful answers to questions
[10]. In this paper, the Llama 3 8b model is utilized
as the Large Language Model (LLM), and Neo4;j is
used as a graph representation, which has shown it is
good at understanding and creating natural language.
GraphRAG can make more precise and contextually
suitable answers. Furthermore, we use LangChain to
help the system’s ability to take out useful data from
PDF documents, adding to the knowledge graph and
allowing for more complete handling of questions [11].
This paper introduces GraphRAG, a knowledge
graph-based extension of Retrieval-Augmented
Generation (RAQG), designed to enhance the retrieval
and generation of Thai rice-related information.

We compare GraphRAG with traditional RAG
models in this specific task. The remainder of this
paper is organized as follows: Section II reviews
related work in knowledge graphs and RAG systems,
Section III details the proposed GraphRAG
methodology and experimental setup, Section IV
presents and discusses the results of our comparative

analysis, and Section V concludes the paper with key
findings and future research directions. The results
demonstrate that GraphRAG not only outperforms
standard RAG systems, particularly when handling
complex queries and extracting useful insights from
unstructured data sources, but also remains effective
even in low-resource settings within the Thai rice
domain.

II. RELATED WORK

Past research has demonstrated the value of
incorporating knowledge graphs (KGs) to enhance
information searching and Question-Answering (QA)
systems across various domains. However, traditional
QA systems and even standard Retrieval-Augmented
Generation (RAG), which retrieves text chunks based
on vector similarity to augment Large Language
Models (LLMSs), can face limitations in handling
complex queries requiring deep contextual
understanding or reasoning over interconnected
information [8].

Recent advancements have led to the development
of GraphRAG, an approach that specifically integrates
KG construction and querying within the RAG
framework to address these limitations [9].
GraphRAG has been explored in various contexts,
such as improving accuracy in complex domains
like healthcare support [12] or enhancing document
analysis through structured knowledge extraction
[13]. Unlike standard RAG, GraphRAG typically
involves dynamically extracting entities and
relationships from the source documents themselves
to build a knowledge graph, which then provides
richer, interconnected context for the LLM’s response
generation.

While GraphRAG offers a novel integration,
other research has focused on leveraging pre-existing
or separately constructed KGs. For example, the
UCKG-Why-QA system demonstrated the utility
of a cause-and-effect KG for diagnosing plant
diseases, including rice sicknesses, showing improved
accuracy for complex questions through visualiza-
tion [15]. However, it encountered challenges with
fine-grained farming details. Similarly, Xie e al. [16]
utilized Neo4j and BERT-CRF to build a dedicated
TCM knowledge graph (with over 2,200 entities and
5,100 relationships), enhancing specialized searches
but facing limitations due to data availability.

Comparing these approaches, GraphRAG differs
significantly. While UCKG-Why-QA and the TCM
system rely on potentially pre-defined or separately
curated KGs, GraphRAG often constructs its
knowledge graph directly from the input text corpus
used for retrieval. This tight integration aims to
provide context that is highly relevant to the source
documents and potentially offers greater scalability
and adaptability compared to methods requiring
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extensive manual ontology engineering or facing the
data completeness issues noted by Xie et al. [16].
Furthermore, GraphRAG’s emphasis on relationship
traversal within the generated graph provides
a mechanism for deeper reasoning compared to the
semantic chunk retrieval of standard RAG. While
other methods also exist to enhance RAG, such as
sophisticated re-ranking algorithms applied after
initial retrieval [14], this study focuses specifically
on the potential of the integrated knowledge graph
construction offered by GraphRAG.

Therefore, this research investigates the application
and effectiveness of the GraphRAG approach within
the specific, low-resource domain of Thai rice farming,
comparing it against a standard RAG baseline to
evaluate its benefits in addressing complex farmer
queries.

III. METHODOLOGY
A. Knowledge Graph Visualization

To illustrate how different parts of the Thai
rice system are linked and function together, we
have constructed a knowledge graph. This graph is
essentially a visual representation that utilizes nodes
and relationships to organize information. In this
paper, we built the knowledge graph as shown
in Fig.1 from our data collection, which will be
explained later. However, it is hard to view in detail
because of its size. We show some of the chunks as
follows:

Fig. 2 is the Thai rice industry knowledge graph;
the nodes and edges in this graph are:

* Business People: The main part is the Thai Rice
Business; the lines connect it to important groups
that research Thai Farmers and groups that study rice
selling.

e Countries: Thailand is shown along with
countries that are its neighbors and also sell rice
(Cambodia, Myanmar, Vietnam, India, and Pakistan).
This shows who competes with whom and who trades
with whom.

Types of Connections: The lines (with labels)
show different kinds of connections. Here’s an example
of the connections:

* EXPORTS TO: This Shows where Thai rice is
exported.

* COMPETITO: Points out which countries are
competitors with Thailand in selling rice.

* COMPARED TO: Shows when Thai rice is
being compared to or studied against something.

This graph helps us understand better how the
Thai rice business is set up, how rice flows in trade,
and who the competitors are.

Fig. 3 is the Thailand Agricultural Knowledge
Graph. The nodes and edges in this graph are:

* GOVERNMENT AND TEAMS: The main part
is the Agriculture Ministry, and the lines connect it

to important teams like the Agriculture Department,
Trade Department, and the Bank for Agriculture. This
shows the government teams that help and manage
Thai farming.

* MAIN FARM PRODUCT & NATION: Thai
Rice is the main product; it’s connected to Thailand,
showing rice is grown there. Thailand is in the middle,
linked to all parts of its farming, showing it runs and
helps farming overall.

Types of Connections: The lines (with labels)
show different connections. Here are some examples:

* HAS BANK: Shows the Agriculture Ministry
links to the Bank for Agriculture, like it’s in charge
or related.

* HAS AGENCY: Shows the Agriculture Ministry
is in charge of Thai Rice.

« PRODUCES: Show what’s made in Thailand,
like Thai Rice is made in Thailand, and Farming
makes food in Thailand.

This graph helps us see how Thai farming is set
up, showing how government teams, offices, banks,
and farm products are all linked in the country.

Fig. 4 is the Rice Processing Knowledge Graph;
the nodes and edges in this graph are:

* RICE COMPONENTS: Milled Rice is the main
focus, with related parts around it, such as Rice Husk,
Rice Bran, Sticky Rice, and White Rice Seed. These
show the different types of rice or materials used
when processing rice. This describes the various rice
materials involved.

* STEPS IN RICE MAKING: You can see Pro-
cessing and Contamination. Processing is the way rice
is changed from its seed to what we eat. Contamina-
tion refers to when rice becomes unclean or contains
unwanted substances. These points out the important
actions and possible problems during rice production.

Types of Connections: The lines with labels show
different kinds of relationships:

* CONTAMINATION: Indicates Milled Rice and
Sticky Rice can experience Contamination, meaning
they can become impure.

* PROCESSING: This shows that Milled Rice is
made through Processing, which changes it to White
Rice Seed.

* CONTAINS: Suggests Professor CONTAINS
information about Milled Rice, implying experts
milled rice.

This graph gives a structured overview of rice
processing, covering the rice materials, the steps
involved, the knowledge sources, and potential
quality issues, all in simple terms.

Fig. 5 is the Rice Disease Knowledge Graph; the
nodes and edges in this graph are:

* RICE DISEASES: The main point is that Rice
Diseases, Bakanae, Fusarium Moniliforme, and
“Virus” are neighbors. These are examples of
different sicknesses that can affect rice plants. This
shows the types of diseases rice can get.
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* CAUSES OF DISEASE: Fusarium Moniliforme
and Virus. These are things that CAUSE or
CONTRIBUTE TO the Rice Disease happening in
rice plants. This tells us what makes rice become
diseased.

* SPREADING DISEASE: There is an Insect
Vector. This shows how a Virus can be transmitted
by insects. Insects can move the “Virus” around
to different rice plants. This shows how some rice
diseases can spread.

Types of Connections: The lines with words
explain the links between them:

« CAUSED BY: Shows that Rice Disease is
CAUSED BY Fusarium Moniliforme—this fungus
makes the disease happen.

* CAUSES: Shows that Fusarium Moniliforme
CAUSES Bakanae—this fungus leads to another
disease called Bakanae.

* CONTRIBUTES TO: Shows that Virus

* CONTRIBUTES TO Rice Disease—Viruses are
also part of the rice disease problem.

This graph helps to understand rice diseases, what
causes them, how they spread, and the different kinds
that can affect rice crops.

Fig. 1. The knowledge graph for Thai rice that includes hundreds of chunks with nodes and edges visualization using neo4j graph database
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Thai Rice Industry Knowledge Graph
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Fig. 2. Thai rice industry knowledge graph. It shows the important people involved, who sells rice to whom, how they compete, and compares
them with other countries in Southeast Asia. Dots in the picture are things like Thailand, Thai Farmers, and Vietnam. Lines show connections
like EXPORTS TO, COMPETITOR, COMPARED TO.
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Fig. 3. Thailand Agricultural Knowledge Graph. It depicts key entities within the Thai agricultural domain, such as government ministries,
agricultural sectors (like Thai Rice), and stakeholders (e.g., Farmers). Relationships (e.g., HAS BANK, HAS AGENCY, PRODUCES) between
these entities are also visualized.
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Rice Processing Knowledge Graph
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Fig. 4. Rice Processing Knowledge Graph. It visualizes the knowledge graph focused on rice processing stages and related entities. Entities
include Rice Husk, Milled Rice, Sticky Rice, Rice Bran, and White Rice Seed, as well as concepts like Processing and Contamination. The
Relationships shown are CONTAINS, PRODUCES WHITE RICE, INFECTED BY, and CONTAMINATION.

B. How the Knowledge Graph is Set Up

The GraphRAG system uses a knowledge graph,
which we can think of as G = (V, E). Here, V' is like
a list of nodes (or things), such as different kinds
of rice, types of soil, and ways of growing rice.
And E is like a list of edges (or relations) that show
how these things are connected. These lines have
labels to say what kind of connection it is. For example,
a line e = (v;,PART_OF,v ) could mean that a type
of rice V; is part of a certain group or has a special
feature linked to Vv, [17].

This setup lets GraphRAG use Neo4j’s labeled
lines to create and follow connections easily. This
helps it understand complex information about Thai
rice. We can also think of the knowledge graph
using a table called an adjacency matrix, where each
element is:

_J1 if there is the line from thing v, to thing v,
700 otherwise

This helps GraphRAG find connected pieces of
information that are needed to answer questions,
especially when questions are about specific topics
where connections are very important for giving good
answers [17].

C. Using Cipher Language for Math

To make GraphRAG better at understanding
connections in the knowledge graph, we use Neo4j’s
Cypher language to do some math on the graph.
Cypher lets GraphRAG find complex connections,

gather information together, and do calculations on
the dots and lines in the graph [14].

For example, to find the total strength of
connections between linked dots (showing how
strong or common connections are), we use this
Cypher command:

MATCH (n) - [r: RELATIONSHIP TYPE] -> (m)
RETURN n.name, SUM (r.weight) AS total Weight

This command adds up the strengths of all
connections between dots (n) and (m) for a certain
type of connection. This helps GraphRAG measure
and understand how important these connections are
when it makes answers [17].

Also, to find the average distance between dots in
the knowledge graph (which shows how close things
are, like how many steps between a rice type and its
features), we use this Cypher command:

MATCH p = (a)-[*] -> (b)
RETURN a.name, b.name, AVG (length (p))
AS avgPathLength

This command calculates the average distance
across different paths between dots. This helps
GraphRAG figure out how close and relevant things
are when it is answering complex questions that need
context [17].

The way we did this study is focused on making
and testing the GraphRAG system. GraphRAG is a
tool that uses knowledge to help answer questions
about Thai rice using a method called Retrieval-
Augmented Generation (RAG). The system uses
several advanced tools, including Neo4j to manage
the knowledge graph, LangChain to get text from
PDF files, and the Llama 3 8b Large Language Model
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(LLM) to create natural-sounding language. The parts
below explain the main pieces of this system and how
we tested how well it works.

D. Getting the Data

To create a strong information base, GraphRAG
used data from trusted sources for Thai farming
information. We got important details from PDF files.
These files gave us the key facts needed to answer
questions about Thai rice:

* Thai Rice Department: Gave basic info about
rice types, how to grow rice, and rules from the
government that affect the Thai rice business.

» Thai Agriculture Department: Gave data on
taking care of soil, controlling bugs and plant diseases,
and good farming methods that help the environment,
which are all important for growing rice.

» Kasetsart University, Agriculture Faculty:
Shared research from scientists on making better
types of rice, improving rice plants through genetics,
and getting the best rice harvests.

* Rice Disease Info Files: Gave specific help on
finding, handling, and stopping rice diseases.

* Other PDF Files: Had info on rules for selling rice
to other countries, how the rice market is changing,
and how to deal with climate change in Thai rice
farming.

We used LangChain to take the text out of these
files and then organized it into a knowledge graph
using Neo4j. This helps GraphRAG give clear and
correct answers about farming methods, rice plant
health, and money matters in Thai rice growing.

E. Examples for Testing

Besides the numbers, we also asked people what
they thought. People liked GraphRAG because it gave
short, focused answers, especially for hard questions
that needed to know how different things are connected.
However, for some simpler questions where people
expected more explanation, they liked the normal
RAG systems better because they gave more details.
Knowing this helps us make GraphRAG better in
the future. We need to find the right balance between
giving quick answers and giving enough information.

Example1 ‘ ‘

Question: fuiigndmilugifianegiilvu? (Where is
the largest rice-growing area?)

RAG Response: Thai rice is grown throughout
the country, but the largest rice-growing areas are in
the Central and Northeastern regions.

GraphRAG Response: India.

Feedback: GraphRAG is better—The user preferred
the concise answer from GraphRAG, despite it being
factually incorrect. However, the user’s preference
was likely due to the perceived directness of the
response.

Example 2

Question: wuliunsuandlulszinalneg? (Rice
production trends in Thailand?)

RAG Response: Between 1985 and 2020, rice
production per hectare of Thai farmers increased by
an average of 0.8.

GraphRAG Response: Thailand has a tendency
to increase rice production in 2022 with a rice
production volume of approximately 15.5 million
tons.

Feedback: RAG is better — The RAG system
provided a more detailed and contextually appropriate
definition, whereas GraphRAG’s response was too
brief and vague.

Example 3

Question: §1iifiaeiiug dnafusenils? (How many
varieties of rice are there? How are they different?)

RAG Response: There are about 40-50 types
of Thai rice. Each type of rice has different colors,
flavors, and characteristics.

GraphRAG Response: Rice has many species,
divided into 2 large groups: Oryza sativa group,
which is rice used for direct consumption, and Oryza
glaberrima group, which is rice used for making
glutinous rice. Rice used for direct consumption is
divided into 3 species: Sticky rice, which is sticky
and thick; Aromatic rice, which is fragrant and has
a sweet taste. Regular rice is a mixture of Sticky
rice and Aromatic rice. Each species has different
characteristics and properties. Glutinous rice is used
to make Sticky rice. It is useful for making Sticky rice.

Feedback: GraphRAG is better—The GraphRAG
System provides more descriptive and specific
species names than the RAG, which provides general
information.

Example 4 )

Question: mvesnzaunsiugnlunalduazioetinionds
#38nslesiunavguatilivasndouazliidevneniela?
(Red jasmine rice grown in the South that is flooded;
is there a way to protect and care for the rice so that
it is safe and not damaged?)

RAG Response: Yes, there are several ways to
protect and care for this red sticky rice, such as using
good drainage systems and controlling water levels
to the right level.

GraphRAG Response: Red jasmine rice planted
in the South that is flooded can be protected and
cared for safely and without damage by the following
methods: 1) Soil preparation before planting, prepare
the soil for rice planting by cleaning the soil from
weeds and other materials and adding fertilizer to
the soil to increase soil moisture and temperature.
2) Planting rice in a position higher than the water
level: Plant rice in a position higher than the water
level to prevent water from flooding. 3) Using a drainage
system: Use an appropriate drainage system to drain
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water that is stuck on the ground. 4) Caring for rice
after planting: Care for rice after planting by cleaning
the soil of weeds and other materials and adding
fertilizer to the soil to increase soil moisture and
temperature. 5) Monitoring for diseases and insects:
Monitor for diseases and insects that may occur with
rice and use appropriate methods to control diseases
and insects. Overall, preventing and caring for red

jasmine rice planted in the South that is flooded
requires caution and patience in caring for the rice
consistently.

Feedback: GraphRAG is better — The user found
GraphRAG’s response provides more useful tips and
methods in a step-by-step format, which makes it
more understandable to the user.

Rice Disease Knowledge Graph

Bakanae‘”_- -

Fusarium Moniliforme

e Disense

CONTRIBUTES TO

virus

T TRANSMITS

Insect Vector

Fig. 5. Rice Disease Knowledge Graph. It visualizes the relationships between different factors related to rice diseases. Entities include types
of diseases (e.g., Bakanae, Rice Disease), pathogens (Fusarium Moniliforme, Virus), and vectors (Insect Vector). Relationships depicted are

CAUSES, CONTRIBUTES TO, TRANSMITS, and CAUSED BY.

F. Limitation and Future Works

Even though GraphRAG is better than older
systems in some ways, it’s not perfect. Sometimes,
it has trouble with questions that need really deep
science knowledge or questions that are unclear and
can be understood in different ways. To make it better,
we will work on:

Making the Information Base Bigger: We will
add more information to the knowledge graph
so it knows more things. Getting Better at
Understanding Tricky Questions: We will teach the
system to be better at figuring out questions that are
not clear or have multiple meanings. Improving How
Answers Are Made: We will make the system better
at creating answers so it can handle many different
kinds of questions. Also, we want to use GraphRAG
for other types of farming, not just rice. This will
help us see if it can work well in different areas [9].

Market Trends and Economics: Questions in
this area addressed economic aspects of rice farming,
such as:

* What is the current market price for rice?

* What is the demand for organic rice?

Export and Trade Regulations: This category
covered the legal and logistical aspects of rice export,
including:

* What are the regulations for exporting rice to
different countries?

» What is the certification process for exporting
organic rice?

IV. SYSTEM ARCHITECTURE

The GraphRAG system was developed using
a modular architecture to ensure scalability and
flexibility in query handling. To effectively compare
GraphRAG with a traditional approach, we
implemented both GraphRAG and a baseline RAG
system, each leveraging distinct data storage and
retrieval mechanisms. The system architectures are
visualized as shown in Fig. 6 and detailed in the
following subsections.

1) LangChain for Text Extraction (Both Systems):
Both the GraphRAG and baseline RAG systems
utilize LangChain for extracting relevant textual
data from unstructured PDF documents related to
Thai rice. Specifically, we employed the PymuPDF
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module to process PDF documents and the Langchain
core.documents for chunking text. This ensures
consistent and effective text preparation across both
systems, focusing the comparative evaluation on the
impact of knowledge graph integration [11].

2) Neo4j Knowledge Graph Database(GraphRAG):
The GraphRAG system’s core innovation lies in
its Neo4j knowledge graph. This graph database is
optimized for managing and querying large-scale,
interconnected data. Neo4j structures the extracted
Thai rice data into entities and relationships, as
described previously, enabling GraphRAG to perform
graph-based retrieval for contextually rich information.
Cypher query language is used for efficient and
expressive interaction with the Neo4j database [17].

3) Pinecone Vector Database (Baseline RAG):
In contrast to GraphRAG, the baseline RAG system
utilizes Pinecone as its data storage and retrieval
mechanism. Pinecone, a vector database, stores
vectorized embeddings of the extracted text chunks.
For the baseline RAG, we employed sentence-
transformers/all-mpnet-base-v2 from Hugging Face
embeddings to generate these embeddings. Retrieval
in the baseline RAG system is performed using
a similarity search over these vector embeddings,
a common approach in traditional RAG pipelines.

4) Llama 3 8b Language Model via Groq API
(Both Systems): For response generation in both
GraphRAG and the baseline RAG systems, we

employed the Meta Llama 3 8b Instruct model,
accessed through the Groq API. Utilizing the Groq
API provides low-latency inference, crucial for
real-time query responsiveness and for facilitating
isolating the impact of the knowledge graph versus
vector database retrieval on response quality. Specific
prompting strategies were designed to guide the LLM
to generate informative and domain-specific answers
based on theretrieved context [18].

5) Gradio Interface for preference test and
System Evaluation: To facilitate user evaluation
and performance analysis, we developed a Gradio
interface. This interface enabled a side-by-side
preference test of GraphRAG and the baseline RAG
system, allowing participants to directly compare
the responses for the same queries. Furthermore, the
Gradio interface was instrumented to measure key
performance indicators, such as model response time
(latency) and memory usage for both systems. These
metrics were collected to provide quantitative data on
system efficiency alongside qualitative user feedback.
The process starts with taking Thai text from PDF
files about rice using LangChain. Then, the text is
broken into smaller pieces and put into a knowledge
graph using Neo4j. When someone asks a question,
the system finds the right information from the
knowledge graph and sends it to the Llama 3 8b model
through the Groq API. Then, the model creates an
answer that makes sense with the question.

Query

Response

GenAl Application

Response

Prampt + Question

F ©
LLM From AP|

Tel Extratin
m using LangChain
Thal Rice Data Source L2 ’ﬂ gradlo
{FDF) . /
LangChain
Text Chunking Krauedge
Retreval
D Data Pipeline
D Application Pipeline LY
Toxt Chus LangChain
Crwnks 1 | | Ehunks 2 Cormertta
Graphrag Pipeline l Aaintarahips J
Chunks N
D RAG Pipeline
HuggingFace
| e |

L Generation

Fig. 6. System Architecture for Thai Rice Assistant. The system is divided into four main pipelines: Data Pipeline, Application Pipeline,
GraphRAG Pipeline and RAG Pipeline. Each pipeline is color-coded to highlight its specific role in data processing and retrieval.

V. RESULTS

We performed preference tests on our two different
systems using 102 questions. We compared GraphRAG
with a basic RAG system. We got feedback from three
groups of people: Thai farming experts, researchers

studying for their Master’s degree at Tuxsa, and Al
students from the university. These people helped us
see how well GraphRAG worked in real situations.
The answer choices of this test are A was Better,
B was Better, both acceptable, or both unacceptable.
The results of what they thought are in Table I. This is

Indexed in the Thai-Journal Citation Index (TCI 1)



28 INTERNATIONAL SCIENTIFIC JOURNAL OF ENGINEERING AND TECHNOLOGY, Vol. 9 No. 1 January-June 2025

a blind evaluation. Users will not know the identities
of systems A and B. To see how well GraphRAG
worked, we tested it against a normal system for
getting information called Retrieval-Augmented
Generation (RAG). Normal RAG just finds information
from messy sources without much understanding. But
GraphRAG uses organized links between things like
rice types, farming methods, and weather conditions.
Because of these connections, they give answers that
are more correct and understand the situation better.
The results of this experiment are shown in Table 1.
To evaluate the effectiveness of the proposed
GraphRAG system against the baseline RAG, we
employed both quantitative performance metrics
and qualitative user-based assessment. Performance
was measured in terms of average response time and
system memory usage during query processing. For
qualitative evaluation, we conducted a user preference
test where participants rated the relevance, completeness,
and overall helpfulness of responses generated by
both systems for a predefined set of queries represent-
ing common information needs of Thai rice farmers.
While standard metrics like precision and recall
are challenging to compute without a large-scale,
manually annotated ground-truth dataset for this
specific domain, the user preference scores serve
as a practical measure of the system’s perceived
correctness and utility in addressing real-world
queries. Furthermore, the inherent structure of the
knowledge graph used in GraphRAG potentially
allows for greater explainability compared to standard
RAG, as the system can trace information back to
specific entities and relationships within the graph
[19].

TABLE 1
PREFERENCE TEST RESULTS: FEEDBACK ON SYSTEM

RESPONSE PREFERENCE

Result Percentage
RAG 35.3%
GrRAPHRAG 52.9%
BOTH ACCEPTABLE 6.9%
BOTH UNACCEPTABLE 4.9%

Here are some examples to show why people liked
GraphRAG better — because its answers were more
useful and right on point:

Question 1: nspivauiiviiisnislatdlaelidedldans
1pil? (What are some methods of controlling plants
without using chemicals?)

RAG: Good rice seeds will produce good results.
If the seeds are not good, have diseases, or are mixed
with a lot of weeds, the results will be less.

GraphRAG: Choose good rice varieties with
characteristics such as high yield, weather resistance,
soil resistance, water resistance, and beauty. The
normal RAG answer was not clear. It talked about

good seeds but didn’t say anything about controlling
plants without using chemicals. But the GraphRAG
answer was much better. It gave real steps that farmers
could take, so it fit the question better. People liked
this answer because it was easy to understand and
helpful.

Question 2: 41uglalvinandngsan? (Which rice
varieties produce the highest yields?)

RAG: Good rice varieties will produce good
results because good-quality rice seeds will produce
good results.

GraphRAG: Rice variety 105

The normal RAG answer kept saying the same
thing over and over and wasn’t very specific. But
GraphRAG was straight to the point. It said exactly
“Rice variety 105”, which was a clear and right
answer. People liked GraphRAG because it gave
direct and useful answers.

User Preference and Feedback

Overall, people thought the GraphRAG answers
were better because they were more specific and
helpful. Because GraphRAG has a knowledge graph,
it can use organized information and connections
about Thai rice. This means its answers give you
real information that you can use. This shows that
GraphRAG is better than normal RAG systems for
helping with questions about Thai rice.

TABLE I1
AVERAGE RESPONSE TIME AND MEMORY USAGE PER
QUESTION
. Memory Usage
System Response Time (s) (KB)
RAG 1.43 457.42
GraphRAG 0.41 213.09

Table I shows the comparison of average response
time and memory usage per question between the
traditional RAG system and GraphRAG. GraphRAG
demonstrates a significant improvement in efficiency,
with a response time approximately three times faster
than RAG (0.41 seconds compared to 1.43 seconds)
and a reduction in memory usage by more than half
(213.09 KB compared to 457.42 KB).

The results, particularly the strong user preference
for GraphRAG responses and its ability to handle
complex queries more effectively than the baseline
RAG system, align with the growing body of research
highlighting the benefits of incorporating structured
knowledge into generative Al systems [20]. Our
findings support the hypothesis that leveraging
explicit relationship information stored within a
knowledge graph allows GraphRAG to provide
more contextually relevant and accurate answers,
confirming the advantages observed in GraphRAG
applications in other domains and demonstrating its
effectiveness even within the specific constraints of
the low-resource Thai rice information ecosystem.
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VI. CONCLUSION

This research demonstrated the successful
application of GraphRAG, a knowledge graph-
enhanced RAG approach, to improve query assistance
for Thai rice cultivation. The system was developed
using a corpus of 6 key documents related to Thai
rice farming practices, resulting in a knowledge graph
comprising approximately 200 chunks, which consist
of 3000 maximum words per chunk. Our comparative
analysis showed that GraphRAG significantly
outperformed a traditional RAG baseline in user
preference tests, particularly for complex queries,
while maintaining reasonable performance efficiency.
This highlights the value of integrating structured
knowledge graphs to enhance contextual understanding
and information retrieval accuracy, especially in
specialized domains like agriculture.

The tests we did showed that GraphRAG is better
than basic systems, especially when dealing with
hard questions. These hard questions need a good
understanding of how farming works, how rice is
sold to other countries, and how different countries
compete. By using information from places where
there isn’t much data, GraphRAG has shown it can
be good at finding information even when it’s hard
to get data.

Future work will focus on several key areas.
Firstly, we plan to expand the knowledge graph by
incorporating a wider range of data sources, including
real-time weather data and market prices, to provide
more comprehensive and timely information. Secondly,
we aim to improve the system’s natural language
understanding capabilities to better handle ambiguous
or colloquial queries from farmers. Thirdly, enhancing
the generative component to produce more nuanced
and actionable advice is a priority. Finally, exploring
the adaptability of this GraphRAG framework to other
agricultural domains within Thailand represents a
promising avenue for future research.
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Abstract —The fresh-cut products market
has seen significant growth over the past decade,
expanding from foodservice to retail shelves,
convenience stores, and mobile fruit vans.
Controlling temperature, atmosphere, relative
humidity, and sanitation is crucial for maintaining
the quality, safety, and shelf life of fresh-cut
produce. The effect of different types of packaging
on the quality and shelf life of fresh-cut lettuce,
onion, and mixed cabbage with carrot was
investigated. All fresh-cut produce was packaged
in three types of packaging (A-Best®, Fresh &
Fresh®, Active Pak®, and A-Best® at 5°C) and
then stored at 4°C to simulate the refrigerated
shelf in convenience stores. The result found that
fresh-cut lettuce, onion, and mixed cabbage with
carrot in A-Best at 5°C showed the highest overall
acceptability both externally and internally,
significantly. On the other hand, A-Best® and
A-Best® at 5°C effectively retarded the rate of
browning symptom of the cut surfaces. The results
suggest that combined treatments showed better
results than those in the single treatment and have
commercial potential in improving the shelf life
and maintaining the quality of fresh-cut produce.

Index Terms — Quality Control, Fresh-Cut,
Postharvest Processing, Packaging, Modified
Atmosphere

1. INTRODUCTION

Fresh-cut produce is commonly sold in open-air
markets and food stalls across many Asian countries
and is increasingly available in supermarkets. In
particular, fresh-cut fruits have grown in popularity in
the region’s urban centers. When displayed without

refrigeration, these products generally do not remain
viable beyond the day of display.

Fresh-cut vegetables command a greater market
share than fresh-cut fruits in Thailand [1]. As
consumer demand for ready-to-eat products increases,
the fresh-cut market in Thailand is projected to experience
sustained growth. The range of fresh-cut vegetables
has expanded considerably, including items such as
carrots, celery, broccoli, lettuce, and various salad
mixes. Innovations in packaging and processing have
improved shelf life and quality, making these products
more appealing to consumers. For example, the
development of modified atmosphere packaging helps
maintain freshness by controlling oxygen (O,) and
carbon dioxide (CO,) gas within the package [2].

Fresh-cut produce generally exhibits higher
respiration rates than whole, unprocessed produce.
This increased respiration accelerates metabolic
activity, leading to rapid senescence. In addition, a
higher respiration rate contributes to an accelerated
loss of flavor, comprising acids, sugars, and other
important elements, as well as a decline in nutritional
value. Moreover, ensuring the quality and nutritional
stability of fresh-cut produce during storage is more
demanding than for its whole counterparts [3].

Packaging is effective in maintaining the quality
and extending the shelf life of fresh-cut vegetables by
reducing O, and increasing CO, in the package [4].
Modified Atmosphere Packaging (MAP) for fresh
products involves adjusting the internal atmosphere
of the package to optimize product preservation. This
is achieved through the natural interaction between
the product’s respiration rate and the gas exchange
properties of the packaging material. MAP can be
implemented using either active or passive methods
[5], [6]. However, postharvest problems of packaged
fresh-cut lettuce, onion, and mixed cabbage with
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carrot in the retail or convenience store include
browning, physiological disorders, non-optimal
storage conditions, and inappropriate packaging
materials.
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Fig. 1. Display of fresh-cut products in a modern trade in Thailand [7].

II. RESEARCH OBIJECTIVE

The present study aims to investigate the effect
of packaging materials on the quality and shelf life
of fresh-cut products.

III. MATERIALS AND METHODS
A. Plant Materials and Treatment Conditions

Plant Materials

Fresh lettuce, onion, cabbage, and carrot were
purchased from the wholesale market in Pathum
Thani province, Thailand. After purchase, all
commodities were brought to the laboratory at
the School of Bioresources and Technology, King
Mongkut’s University of Technology Thonburi (Bang
Khun Thian) within 2 hours of transportation.

Fresh-Cut Products are Prepared for Processing

Fresh-cut products were prepared by longitudinal
slicing using a sharp knife. Then, all fresh-cut vegetables
were immersed in 2% calcium chloride (CaCl,) solution
as a preservative and curing agent at 25°C for 15
minutes. Then, all fresh-cut were controlled in a
drain basket, dried, and 100 grams each were put
into different packaging as follows: A-Best®, Fresh
& Fresh®, Active Pak® at 25°C, and A-Best® with
5°C (Applying cold water at 5°C). After packaging,
all treatments were stored at a constant temperature
of 4°C and 65-80% relative humidity (RH) until the
end of the experimental period.

B. Gas Composition Analyses

At each sampling point, the levels of O and CO:
accumulation within the packages of fresh-cut were
monitored. Gas measurements were conducted using
a PBI-Dansensor CheckMate II (Denmark) by inserting
the instrument’s needle directly into the packaging.

C. Sensory Acceptance

Overall acceptability was rated by an untrained
panel of 15 judges using a 9-point hedonic scale
[8], with number 9 = “like very much” and number
1 = “dislike very much”.

D. Statistical Analysis

All statistical analyses were conducted using
JMP statistical software (SAS Institute Inc., Cary,
NC, USA). Data were analyzed using Student’s t-test
and Analysis of Variance (ANOVA). When ANOVA
indicated significant differences (P < 0.05), mean
separation was performed using the Tukey-Kramer
test.

IV. RESULTS AND DISCUSSION
A. Concentration of O, in Fresh-Cut Packaged

The O, concentration in the A-Best” and A-Best”
with 5°C package of lettuce (Fig. 2), onion (Fig. 3),
and mixed cabbage with carrot (data not shown)
gradually decreased throughout the experimental
period. While in Fresh & Fresh®, Active Pak® resulted
in slightly decreased O, concentration and higher than
that in A-Best® and A-Best® with 5°C package (Fig. 1
and Fig. 2). Low oxygen levels are a key strategy
for managing the shelf life of fresh produce in MAP.
In early MAP applications, the main objective of
reducing O, was to slow the respiration rate of fruits
and vegetables, thereby preserving quality and
extending shelflife [9]. However, low O, also suppresses
the growth of aerobic microorganisms [10].

Recent studies have indicated that low O,
conditions may inhibit the development of desirable
flavors in fresh melons [11] or contribute to undesirable
flavors in baby spinach [12]. This suggests that new
technologies utilizing low O, levels should be tailored
to the specific characteristics of each type of produce
to avoid triggering anaerobic respiration.

-O- ABest -A- Fresh&Fresh {1 Active Pak - A Best(5°C)
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Day after storage at 4°C
Fig. 2. Levels of O, concentration in fresh-cut lettuce packed in
different material packages and stored at 4°C for 9 days. Each
symbol is the mean of three replicate measurements; vertical lines
represent SE. (o) A-Best®, (A) Fresh & Fresh®, (o) Active Pak®,
and (*) A-Best® at 5°C
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Fig. 3. Levels of O, concentration in fresh-cut mixed cabbage with
carrot packed in different material packages and stored at 4°C for
9 days. Each symbol is the mean of three replicate measurements;
vertical lines represent SE. (o) A-Best®, (A) Fresh & Fresh®, (o)
Active Pak®, and (*) A-Best® at 5°C

e Concentration of CO, in Fresh-Cut Packaged
The carbon dioxide concentration in the
package of fresh-cut lettuce was about 4%, then it
decreased slightly until the end of the observation,
and there was no significant difference between the
package A Best® and A-Best® at 5°C. However, the
lower CO, concentration of 1.5-2% was found in
Fresh & Fresh® and Active Pak® (Fig. 4). Similarly
with lettuce, the CO, concentration in fresh-cut mixed
cabbage with carrot showed higher in A Best® and
A-Best® with 5°C but the difference between treatments
was significant (data not shown).

Overall, there are many similarities between
the effects of low O, and high CO, on the suppression
of various metabolic processes in fruits and vegetables
[13]. Respiration is generally inhibited by low O, and
high CO, environments [14].

-0~ ABest -A Fresh&Fresh -® Active Pak -k A Best(5°C)

.
4 e *
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Day1 Dayé Day7? Days Day9

CO, content in Package (%)

Day after storage at 4°C

Fig. 4. Levels of CO, concentration in fresh-cut lettuce packaged
in different material packaging and stored at 4°C for 9 days. Each
symbol is the mean of three replicate measurements; vertical lines
represent SE. (o) A Best®, (A) Fresh & Fresh®, (o) Active Pak®,
and (*) A-Best® at 5°C

Initially, the respiration rate of the product is
much higher than the package permeation rates for
CO, and O,. This results in the accumulation of CO,
and depletion of O, within the package [10].

Reduced O, and increased CO, concentrations
must be stringent enough to slow metabolism, resulting
in reduced chlorophyll loss along with decreased
pigment accumulation and prolonged shelf-life [15].

® Overall Acceptance of Fresh-Cut

According to the consumer survey, consistent
appearance, freshness, and aroma are important quality
attributes for fresh-cut lettuce, onions, mixed cabbage,
and carrots. According to several researchers [16],
[17], in addition to a fresh appearance, an acceptable
texture of the fresh-cut items and nutritional value
are also important.

The initial scores for overall acceptability
outside of fresh-cut lettuce (Fig. 5), onion (data not
shown), and mixed cabbage with carrot (data not shown)
on a scale of 1-9 were 9 for all treatment materials.
The scores for A-Best® and Active Pak® drastically
decreased to 6.3 and 6.2 after 6 days of storage. For
lettuce, fresh-cut lettuce wrapped in A-Best® at 5°C
had the highest final score on the last day of storage
with 6, followed by A-Best®, Fresh & Fresh®, and
Active Pak® (Fig. 5).
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Fig. 5. Total acceptance both outside in fresh-cut lettuce packed in
different material packaging and stored at 4°C for 9 days.
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Fig. 6. Total acceptance both inside m fresh-cut lettuce packed in
different material packaging and stored at 4°C for 9 days.
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Similarly, with the overall acceptability outside,
overall acceptability inside, A-Best® with 5°C shows
earned the highest final scores on the last day of storage
with 5.8, but no difference between treatment and all
other treatments (Fig. 6).

Fresh&Fresh
SUNMUM®

Fig. 7. Overall appearance of fresh-cut onions packaged in A Best®,
Fresh & Fresh®, Active Pak®, and A-Best® at 5°C and stored at
4°C for 9 days.
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Package

Fresh&Fresh
SUNMUM®

Active Pak™

Package

Fig. 8. Overall appearance of fresh-cut onions packaged in A Best®,
Fresh & Fresh®, Active Pak®, and A-Best® at 5°C and stored at
4°C for 9 days.
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Fig. 9. Overall appearance of fresh-cut lettuce packaged in A Best®,
Fresh & Fresh®, Active Pak®, and A-Best® at 5°C and stored at
4°C for 9 days.

V. CONCLUSION

The quality of fresh-cut lettuce, onion, and mixed
cabbage with carrot is determined by a combination of
attributes, properties, and characteristics that influence
consumer value. Among these, “appearance” and
“freshness” have been identified as the most important
factors at the point of purchase. This study evaluated
the effectiveness of three packaging materials in
preserving these attributes in fresh-cut produce. The
results showed that A-Best® and A-Best® at 5°C were
the most effective in maintaining overall quality,
including appearance, cut surface color, and freshness.
Future research will explore the impact of adding
antioxidants, fungicides, and vitamins to improve the
nutritional value of fresh-cut produce.
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Abstract— This study aims to mitigate the
impact of imbalanced data through the use of the
oversampling technique and to develop supervised
learning models for assessing the physical fitness of
youth athletes. The dataset comprises the physical
fitness test results from 75 athletes aged 11 to 16
years. The dataset presents two major challenges: A
limited sample size and a significant class imbalance,
with certain fitness levels being underrepresented.
This class imbalance can substantially degrade the
performance of classification models, as it often
leads to biased predictions favoring the majority
class while failing to learn the characteristics of
minority classes, those that may be most critical
in practice.

To address this issue, the Synthetic Minority
Oversampling Technique (SMOTE) was employed
to synthetically balance the class distribution. Five
supervised learning algorithms were evaluated:
Light Gradient Boosting Machine, Decision Tree,
Random Forest, Neural Network, and Multinomial
Logistic Regression. The Light Gradient Boosting
Machine model yielded the highest accuracy at
87.76%, followed by Decision Tree, Random Forest,
and Neural Network models, each with an accuracy
of 79.59%. The Multinomial Logistic Regression
model achieved the lowest accuracy at 75.51%. On
average, the classification accuracy across all models
improved to 81.41%, representing a 12.23% increase
compared to using the original imbalanced dataset.
The results demonstrate that applying oversampling
techniques such as SMOTE can effectively alleviate
the effects of class imbalance and enhance the
predictive performance of machine learning models
in the context of physical fitness assessment.

Index Terms—Athletes, Data Imbalance,
Physical Fitness Performance, SMOTE, Supervised
Learning

1. INTRODUCTION

In recent years, the integration of data analytics
into sports has advanced significantly, enabling more
informed decision-making for both individual athletes
and teams. Two case studies highlight this trend. The
first involves a trainer for a women’s college soccer
team who utilizes wearable devices to collect internal
(e.g., heart rate, body temperature, respiration) and
external load data (e.g., running distance, speed,
acceleration). These insights are used to monitor
training intensity, prevent injuries, and ensure players
are physically prepared for competition. Additional
tools, such as single-leg squat tests, concussion
assessments, sleep tracking, and periodic brain scans,
contribute to a comprehensive understanding of each
athlete’s condition. The second case centers on a college
football team led by a head coach and supported by a
team operations expert. This team leverages annotated
game footage, decision tree models, heatmaps, and
time-series analytics to study opponents’ tactics and
optimize in-game strategy. Data-driven analysis is
also applied to recruitment, incorporating advanced
performance metrics such as reaction time, spatial
awareness, and route-running precision, moving
beyond traditional physical measurements. These
examples demonstrate how data-driven approaches
are transforming sports by enhancing athletic
performance, minimizing risk, and informing strategic
planning at both individual and organizational levels
[1].

Physical fitness is a vital component of health
and well-being, serving as the foundation for daily
activities [2], [3]. Enhancing physical fitness not
only improves quality of life but also serves as a key
indicator of physical development over time. In
athletic contexts, fitness assessments are commonly
used to evaluate health status, identify individual
strengths and weaknesses, and guide personalized
training strategies aimed at optimizing performance.
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This study aims to develop supervised learning models
for assessing physical fitness levels among athletes.
The dataset used was collected from physical fitness
tests conducted at Nakhon Phanom Sports School,
Thailand. As is common in real-world datasets, the
collected data in this study are imbalanced, with one
or more classes significantly underrepresented. Class
imbalance is a well-documented challenge in data
analytics, particularly in classification tasks, as it can
negatively impact the accuracy and generalizability of
predictive models. A relevant example is a previous
study that utilized real-world data consisting of a
small and imbalanced dataset to explore academic
performance among IT students. The study employed
Principal Component Analysis (PCA) and clustering
techniques, and despite having only 115 samples,
it successfully extracted meaningful insights. This
highlights the effectiveness of dimensionality
reduction and unsupervised learning methods in
constrained data environments [4]. Given that most
supervised learning algorithms assume balanced class
distributions, several techniques have been proposed
to address this issue [5]-[7]. In this study, the
Synthetic Minority Oversampling Technique
(SMOTE) is applied to augment the minority class,
aiming to improve model robustness and classification
performance.

The remainder of this paper is structured as follows.
Section II provides a review of supervised learning
techniques, the Synthetic Minority Oversampling
Technique (SMOTE), and related literature. Section
IIT describes the dataset, outlines the preprocessing
procedures, and explains the implementation of
SMOTE, as well as the models and evaluation metrics
employed in the study. Section IV presents and analyzes
the experimental results. Finally, Section V concludes the
paper by summarizing the key findings and suggesting
directions for future research.

II. LITERATURE REVIEW

A. State-of-the-Art Supervised Learning Techniques
for Classification

Classification is one of the most extensively
explored tasks in data analytics, aiming to categorize
input data into predefined classes or labels.
Supervised learning techniques form the foundation
of classification models by learning patterns from
labeled training data. Traditional methods such as
Logistic Regression, Decision Trees, and Support
Vector Machines (SVM) have been widely adopted
due to their interpretability and effectiveness on
structured datasets. More recent advancements include
Ensemble Methods like Random Forests and
Gradient Boosting Machines (e.g., XGBoost,
LightGBM), which combine multiple weak learners to
achieve higher accuracy and robustness. In addition,
Artificial Neural Networks (ANNs) and deep learning

architectures, particularly Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks
(RNNSs), have demonstrated exceptional performance
in complex, high-dimensional data such as images
and sequences. These state-of-the-art models offer
improved predictive power but often require larger
datasets and computational resources. The selection
of an appropriate classifier depends on factors such as
data characteristics, model interpretability, scalability,
and computational constraints. This section provides an
overview of commonly used techniques, highlighting
their strengths and state-of-the-art approaches.
1) Traditional Machine Learning Techniques

Logistic Regression (LR). Logistic Regression is
a simple yet effective method for binary classification.
It models the probability of a data point belonging to
a class using a logistic function. Despite its simplicity,
it performs well with linearly separable data and is
widely used in various fields such as healthcare and
finance.

Support Vector Machines (SVM): SVM is
a robust classifier that aims to find the optimal
hyperplane that separates data points of different
classes with the maximum margin. Kernel methods
allow SVM to handle non-linear data by transforming
it into higher-dimensional spaces.

Decision Trees (DT): Decision Trees are
hierarchical models that split data into subsets based
on feature thresholds. They are interpretable and can
handle both categorical and numerical data.

Ensemble Methods: Ensemble methods like
Random Forest and Gradient Boosting (e.g., XGBoost,
LightGBM, CatBoost) combine multiple weak learners
to improve predictive performance.

2) Neural Networks and Deep Learning

Artificial Neural Networks (ANNs): ANNs are
the foundation of modern deep learning. They consist
of layers of interconnected nodes (neurons) that learn
hierarchical representations of input data. ANNs
are versatile and can model complex, non-linear
relationships.

Convolutional Neural Networks (CNNs): CNNs
are specialized for image and spatial data classification.
They use convolutional layers to automatically extract
features from raw data, making them state-of-the-art
for tasks like object detection and image recognition.

Recurrent Neural Networks (RNNs) and Variants:
RNNs, including Long Short-Term Memory (LSTM)
and Gated Recurrent Units (GRU), are used for
sequential data like text, speech, and time series. They
capture temporal dependencies in data.

3) Emerging Techniques and Trends

Explainable Al (XAl) in Classification: Modern
classification tasks increasingly focus on interpretability.
Techniques like SHAP (Shapley Additive Explanations)
and LIME (Local Interpretable Model-agnostic
Explanations) help demystify complex models like
deep learning.
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Hybrid Models: Combining traditional machine
learning with deep learning is becoming a trend,
such as integrating feature engineering from domain
knowledge into neural network architectures.

Supervised learning techniques for classification
have evolved significantly, from traditional algorithms
like logistic regression and support vector machines
to advanced methods involving neural networks and
transformers. Each technique has its strengths and
limitations, making them suitable for specific types of
data and tasks. Emerging trends, such as explainable
Al, few-shot learning, and hybrid models, are paving
the way for more robust and interpretable classification
systems. As data continues to grow in complexity
and volume, leveraging the right combination of
techniques will be critical to advancing the field and
solving real-world problems [8]-[12].

B. Synthetic Minority Oversampling Technique

Synthetic Minority Oversampling Technique
(SMOTE) is a popular method for addressing class
imbalance in datasets. It was introduced by Chawla
et al. in 2002 [13]. The technique works by creating
synthetic examples in the feature space to increase
the representation of the minority class, rather than
duplicating existing instances. For each sample in the
minority class, it identifies its k-nearest neighbors
within the minority class. Typically, k=5 is used.
Then a random neighbor is chosen from the k-nearest
neighbors. A new synthetic sample is created by
interpolating between the original sample and the
chosen neighbor. The formula is:
=X,_+(Xj-Xi).7L (1)

synthetic

Where:

X, is the original minority class sample.

XJ. is the chosen neighbor.

A is a random number between 0 and 1.

This approach helps improve the performance of
machine learning models, particularly those sensitive
to class imbalance, like decision trees and neural
networks.

C. Related Work

Studies on imbalanced data classification span
diverse domains, employing advanced techniques to
address challenges associated with class imbalance.
One study focused on predicting osteoarthritis
conditions in elderly patients, utilizing a dataset of
370 records divided into four classes: No symptoms,
early symptoms, moderate symptoms, and severe
symptoms. The study applied ADASYN and SMOTE
to balance the data, using a 10-fold cross-validation
method along with one-vs-one and one-vs-all multi-
class classification approaches. The combination of
ADASYN and the one-vs-one method achieved an
impressive accuracy of 97.31% [14]. Another study
examined career path predictions for 2,005 university

graduates using employment status data. By leveraging
oversampling, undersampling, and SMOTE, alongside
decision tree and random forest classifiers, the study
found that random forests, applied to oversampled
data, yielded the best performance, achieving 67.17%
accuracy, with corresponding precision, recall, and
F-measure values of 0.66, 0.67, and 0.66, respectively
[15]. Another interesting study that addresses the
challenge of imbalanced datasets in predicting
first-year engineering students’ performance employs
oversampling methods—SMOTE, Borderline-
SMOTE, SVMSMOTE, and ADASYN—to balance
the data, followed by classification using models such
as Multi-Layer Perceptron (MLP), Gradient Boosting,
AdaBoost, and Random Forest. The findings indicate
that combining Borderline-SMOTE with various
classifiers enhances the prediction accuracy for minority
classes, thereby aiding in the early identification of
students at risk of underperformance. This research
underscores the effectiveness of integrating
oversampling techniques with robust classifiers to
improve predictive accuracy in educational settings,
particularly for imbalanced [16]. Another study on
educational data used the High School Longitudinal
Study of 2009 (HSLS: 09) dataset to classify students
into those likely to pursue higher education and those
expected to defer or drop out. Sampling methods like
ROS, RUS, SMOTE-NC, and hybrid techniques were
tested, with hybrid resampling performing best for
highly imbalanced datasets when paired with random
forest classifiers [17]. Lastly, a study on physical
fitness data classification analyzed relationships in
students’ physical fitness using a dataset of 812 records.
The data, which included six fitness-related attributes
such as BMI and exercise performance metrics, was
classified using decision trees, random forests, and
association rule mining techniques. The decision tree
technique achieved a maximum accuracy of 100%,
while random forests reached 99.8%. Additionally,
association rule mining via Apriority and FP-Growth
produced consistent patterns in the data. Collectively,
these studies underscore the importance of advanced
data balancing methods like SMOTE and hybrid
resampling, as well as robust machine learning models
such as random forests, in effectively addressing class
imbalances across various datasets and applications.
Tools like WEKA and Python were pivotal in
facilitating these analyses, enabling efficient
preprocessing, data balancing, and model evaluation
[18]. Collectively, these studies highlight the
effectiveness of data balancing techniques, particularly
SMOTE and hybrid methods, and machine learning
models like random forests in improving classification
performance. These findings emphasize the critical
role of advanced sampling methods and robust
algorithms in addressing imbalanced data challenges
across various domains, enabling more accurate
predictions and better insights into complex datasets.
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III. METHODOLOGY
A. Dataset

This section outlines the procedures used for data
collection, which were carefully designed to ensure
accuracy, consistency, and participant safety. The key
steps involved are as follows:

Participants:

The study involved 75 male football student-
athletes from Nakhon Phanom Sports School, Nakhon
Phanom Province, Thailand, aged between 11 and 16
years. The participants were selected based on the
following criteria:

* Being enrolled in the youth football training
program under the school’s athletic development
system

* Being in good physical health with no injuries
at the time of testing

* Having received informed consent from a parent,
guardian, or coach

Data Collection Procedure:

1) Preparation Phase

Participants were informed in advance about the
testing procedures. All athletes underwent a physical
condition check and were instructed to perform warm-up
exercises before each test. Testing environments
were arranged according to the requirements of
each physical test to ensure safety and measurement
accuracy.

2) Testing Phase

All physical fitness tests were conducted
individually. Each measurement was administered
by trained evaluators or members of the research
team. Data from each test was recorded immediately
using standardized forms and later entered into
a computer system for further analysis. The tests are
divided into four aspects, which include:

Flexibility: Measured using the Sit and Reach
test, with measurements recorded in centimeters to
evaluate forward trunk flexibility.

Leg Muscle Strength: Measured using a Leg
Strength Dynamometer, with results expressed in
kilograms per body weight (kg/BW) to account for
individual weight differences and provide a normalized
measure of lower limb strength.

Muscular Endurance and Strength: Assessed
using the 1-Minute Sit-Up test, with the number
of correctly completed sit-ups recorded within one
minute. The results were measured in repetitions.

Body Fat: Measured using a Body Composition
Analyzer (The ACCUNIQ BC-360). The results were
expressed as a percentage (%) of total body mass.

3) Data Cleansing

Collected data were verified for accuracy and
consistency. Outliers were identified by comparing
values against standard physical fitness benchmarks
set by the Sports Authority of Thailand, Region 3

[19]. In cases where anomalies or measurement
errors were detected, retesting was conducted for the
concerned athlete, if necessary.

The physical fitness test results (Fitness Level)
could be categorized into five levels: Very low (poor),
low (fair), average, good, and very good (excellent).
An example of the athletes’ physical fitness test data
is presented in Table I, while Table II summarizes the
basic statistical values across the four main components
of physical fitness.

TABLE I
EXAMPLES OF PHYSICAL FITNESS TEST DATA
Sit and Leg Strength Sit l‘Jp Body Fat
No. Reach (kg/BW) 1 min (%)
(cm) 2 (number) ¢

1 10.00 3.34 45 14.20

2 12.00 242 43 18.50

3 17.00 2.62 47 10.90

4 15.00 2.69 49 13.50

5 10.00 2.95 35 19.00
TABLE II

DESCRIPTIVE STATISTICS FOR PHYSICAL FITNESS TEST

RESULTS

Finess Test Min Max Average Deviation

Sit and Reach 3.00 28.00 15.60 5.51

(cm)

Leg Strength 1.38  4.54 2.48 0.61

(kg/BW)

Sit Up 1 min. 18.00 62.00  43.69 7.17

(number)

Body Fat 3.00 28.60 14.49 5.77

(%)

From the analysis and evaluation of the physical
fitness of 75 participants, it was found that 5 athletes
were in the excellent category, 17 athletes were in
the Good category, 23 athletes were in the Average
category, 22 athletes were in the Fair category, and
8 athletes were in the Poor category. These figures
represent 6.70%, 22.70%, 30.70%, 29.20%, and
10.70% of the total population, respectively. A bar
chart showing the number of participants categorized
by physical fitness test results is presented in Fig. 1.

Number of Athletes Categorized by Physical Fitness Test Results

23

Humber of Athletes

Paar Fair Auerage Good Excellent
Fitness Level

Fig. 1. Distribution of athletes by fitness level
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It can be observed that the sample size is relatively
small, and the proportion of data in each class varies
significantly. The approach to addressing the issue of
class imbalance will be discussed in the next section.

B. The Application of SMOTE to Handling
Imbalanced Data

Several sampling methodologies have been
developed to address class imbalance in supervised
learning, including both under-sampling and
oversampling techniques. Under sampling methods,
such as Random Under sampling and Tomek Links,
reduce the majority class size to balance the dataset,
but risk losing valuable information. Oversampling
approaches, on the other hand, expand the minority
class by duplicating existing data or generating synthetic
samples. Among these, SMOTE (Synthetic Minority
Oversampling Technique) and ADASYN (Adaptive
Synthetic Sampling) are widely used. While both
generate synthetic samples, SMOTE creates them
uniformly between minority class neighbors, whereas
ADASYN focuses more on difficult-to-learn areas
near the decision boundary. In this study, SMOTE
was preferred over ADASYN due to its stability and
balanced sample generation, which are especially
important when working with small datasets.
ADASYN, while effective in complex scenarios, can
amplify noise and increase the risk of overfitting in
limited or noisy datasets. Therefore, SMOTE was
selected to ensure more controlled and interpretable
oversampling outcomes [13], [20]. A total of 86 new
samples were synthesized, resulting in a total of 161
records. These were classified as follows: 30 records
for athletes with excellent performance, 32 records
with good performance, 34 records with average
performance, 33 records with fair performance, and
32 records with poor performance. This corresponds
to proportions of 18.60%, 19.90%, 21.10%, 20.50%,
and 19.90%, respectively. Table I1I shows the actual
data and synthetic data for each class. Fig. 2 presents a
bar chart showing actual data together with synthetic
data classified by class. Section 4 presents and
compares the experimental results.

TABLE III
THE NUMBER OF THE ACTUAL DATA AND SYNTHETIC DATA
IN EACH CLASS

Class Actual data Synthetic data  Total
Poor 8 24 32
Fair 22 11 33
Average 23 11 34
Good 17 15 32
Excellent 5 25 30
TOTAL 75 86 161

" Actual Data Together with Synthetic Data Classified by Class

35 34
a3 32

30

Number of Athletes
N
]

L]

Poor Fair Average Good Excellent
Fitness Level

Fig. 2. Actual and synthetic data classified by class

It can be observed that this study synthesized
a greater number of new data records compared to the
original dataset. From the review of related studies,
it was found that several studies have successfully
applied the Synthetic Minority Over-sampling
Technique (SMOTE) to generate synthetic samples,
often exceeding the number of original minority class
samples, to address class imbalance and enhance
model performance. Notable examples include: [13],
[21]-[23]. These studies collectively demonstrate the
successful application of SMOTE and its variants in
generating synthetic samples that exceed the original
number of minority class samples, leading to improved
classifier performance in imbalanced datasets.

C. Tools used for Data Analysis

This study utilized RapidMiner Studio 9.10 [24]
in conjunction with the Weka Extension [25] and
the Python Scripting Extension [26] for both data
preparation and developing models to evaluate the
physical fitness of athletes. RapidMiner Studio is an
integrated software designed to provide convenience
and efficiency for data science tasks such as data
mining and machine learning. It offers a wide range
of operators, categorized by problem type, allowing
users to select the most appropriate solution for their
tasks. It could also be seamlessly integrated with other
tools such as Weka Extension, Python Script, and
Jupyter Notebook.

D. The Supervised Learning Model for Evaluating
the Physical Fitness of Athletes

This study employed five supervised learning
models, including Decision Tree, Random Forest,
Neural Network, Multinomial Logistic Regression,
and LightGBM (Python Learner). These models were
implemented to evaluate datasets effectively, offering
unique advantages and trade-offs. The brief details
and working principles of these models are as follows
[24]-[27]:
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1) Decision Tree

The Decision Tree model is a simple yet powerful
algorithm for classification and regression tasks. It
works by splitting the dataset into subsets based on
feature values, forming a tree-like structure. Each node
represents a decision rule, and leaf nodes represent
outcomes. Decision Trees are easy to interpret and
visualize, suitable for datasets with mixed data types,
but are prone to overfitting, especially with noisy
data, unless pruned effectively.

2) Random Forest

Random Forest is an ensemble learning method
that builds multiple decision trees and combines
their outputs to improve accuracy and robustness.
It addresses the overfitting issue of single decision
trees by averaging predictions. Random Forests offer
high accuracy and robustness to noise, are effective
for handling large datasets and high-dimensional data,
but are computationally intensive compared to single
decision trees.

3) Neural Network

Neural Networks mimic the structure and
functionality of the human brain, comprising layers
of interconnected neurons. This model excels at
identifying complex patterns and relationships in
data. Neural Networks are versatile in handling
structured and unstructured data, deliver high
performance for large datasets with sufficient
computational power, but require careful tuning of
hyper parameters and may be prone to overfitting
without sufficient training data.

4) Multinomial Logistic Regression

Multinomial Logistic Regression is a statistical
model used for multi-class classification problems.
It extends logistic regression by modeling the
probability of each class as a function of input features.
This model is simple and easy to implement, performs
well with linearly separable data, but has limited
ability to capture non-linear relationships in complex
datasets.

5) LightGBM (Python Learner)

Python Learner in RapidMiner allows integration
with Python scripts, offering flexibility for implementing
custom algorithms. LightGBM (Light Gradient
Boosting Machine), a widely used model implemented
using Python Learner, is a high-performance gradient
boosting framework based on decision tree algorithms.
This model is fast, scalable, and efficient for large
datasets, supports both continuous and categorical
features, and is particularly effective for structured
data. Unlike simpler models, LightGBM captures
complex feature interactions and does not assume
feature independence, making it well-suited for a
wide range of real-world classification and regression
tasks.

E. Model Performance Evaluation

This study utilizes the Confusion Matrix, a widely
used tool for evaluating the outcomes of predictions
or estimations made by developed models [27]. An
example of a 2x2 Confusion Matrix is illustrated in
Fig. 3.

Actual Values
% Positive(1)  Negative (0)
> TP FP
B Positive (1)
=
B ) FN N
A Negative (0)

Fig. 3. Confusion matrix structure

Where:

TP: True Positive

FN: False Negative

FP: False Positive

TN: True Negative

The accuracy can be calculated by taking the
percentage of correct predictions out of the total
number of samples. Correct predictions are defined as
instances where the predicted attribute value matches
the actual target attribute value. The accuracy can be
calculated as follows:

Correct Predictions

Accuracy = ( ) * 100 2)

Total Samples

IV. EXPERIMENTAL RESULTS

For training and testing the model, the physical
fitness test data was divided into two subsets: 70%
was used to train the models, while the remaining
30% was reserved for evaluating model performance.
Although the data was initially shuffled, stratified
sampling was applied to ensure that the class distribution
in both the training and testing sets reflected that of
the overall dataset. It is important to note that the
performance evaluation in this study was conducted
solely on the test dataset.

This section presents the assessment results of
athletes’ physical fitness using both the original dataset
and the newly synthesized dataset.

A. The Assessment Results of the Original Dataset

The assessment results of physical fitness
assessment using Decision Tree, Random Forest,
Neural Network, Multinomial Logistic Regression,
and LightGBM techniques to classify the original
dataset consisting of 75 records, as shown in Tables
IV to VIII, respectively.
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TABLE IV
THE ASSESSMENT RESULTS USING THE DECISION TREE:
THE ORIGINAL DATASET
true true true true true class
Exellent  Good  Average Fair Poor precision
pred. o
Excllent 0 0 0 0 0 0.00%
pred. 0
Good 1 3 0 0 0 75.00%
pred. 0 1 5 0 0 83.33%
Average
pred. 0 1 2 6 0 66.67%
Fair
pred. 0 0 0 1 2 66.67%
Poor

class recall ~ 0.00% 0.60%  71.43% 85.71% 100.00%

Accuracy: 72.73%

TABLE V
THE ASSESSMENT RESULTS USING THE RANDOM FOREST:
THE ORIGINAL DATASET
true true true true true class
Exellent Good Average Fair Poor precision
pred. o
Excllent 0 0 0 0 0 0.00%
pred. o
Good 1 2 0 0 0 66.67%
pred. 0 3 5 1 0 55.56%
Average
pred. 0 0 2 5 1 62.50%
Fair
pred. 0 0 0 1 1 50.00%
Poor

class recall  0.00% 40.00%  7143%  71.43%  50.00%

Accuracy: 59.09%

TABLE VI
THE ASSESSMENT RESULTS USING THE NEURAL NETWORK:
THE ORIGINAL DATASET
(rue true Good true true Fair true Poor clgss

Exellent Average precision
pred. o
Exellent 1 1 0 0 0 50.00%
pred. 0
Good 0 3 0 0 0 100.00%
pred. 0 1 5 0 0 83.33%
Average
pred. 0 0 2 6 0 75.00%
Fair
pred. 0 0 0 1 2 66.67%
Poor

classrecall ~ 100.00%  60.00%  71.43%  85.71%  100.00%

Accuracy: 77.27%

TABLE VII
THE ASSESSMENT RESULTS USING THE MULTINOMIAL
LOGISTIC REGRESSION: THE ORIGINAL DATASET

true true true true true class

Exellent Good Average Fair Poor precision
pred. o
Excllent 0 1 1 0 0 0.00%
pred. 0
Good 1 3 0 0 0 75.00%
pred. 0 1 5 0 0 83.33%
Average
pred. 0 0 1 6 0 85.71%
Fair
pred. 0 0 0 1 2 66.67%
Poor

class recall 0.00% 60.00%  71.43%  85.71%  100.00%

Accuracy: 72.73%

TABLE VIII
THE ASSESSMENT RESULTS USING THE LightGBM:
THE ORIGINAL DATASET
true true true true true class

Exellent Good Average Fair Poor  precision
pred.
Excllent 0 0 1 0 0 0.00%
pred. 0
Good 0 3 1 0 0 75.00%
pred. 1 2 4 0 0 57.14%
Average
pred. 0 0 1 6 2 66.67%
Fair
pred. 0 0 0 1 0 0.00%
Poor
class recall 0.00% 60.00% 57.14% 85.71%  0.00%

Accuracy: 59.09%

B. The Assessment Results of the New Dataset

The Confusion Matrix tables present the assessment
results of physical fitness assessment using Decision
Tree, Random Forest, Neural Network, Multinomial
Logistic Regression, and LightGBM techniques to
classify the original dataset combined with synthetic
data, 161 records in total shown in Tables IX-XIII,
respectively.

TABLE IX
THE ASSESSMENT RESULTS USING THE DECISION TREE:
THE NEW DATASET

true true true true true class

Exellent Good Average Fair Poor precision
pred. o
Excllent 6 2 1 0 0 66.67%
pred. o
Good 3 8 0 0 0 72.73%
pred. 0 0 6 1 0 85.71%
Average
pred. 0 0 3 9 0 75.00%
Fair
pred. 0 0 0 0 10 100.00%
Poor

class recall 66.67%  80.00%  60.00%  90.00%  100.00%

Accuracy: 79.59%

TABLE X
THE ASSESSMENT RESULTS USING THE RANDOM FOREST:
THE NEW DATASET

true true true true o Poor class

Exellent Good Average Fair precision
pred. o
Excllent 6 2 0 0 0 75.00%
pred. o
Good 1 8 0 0 0 88.89%
pred. 0 0 7 2 0 77.78%
Average
pred. 2 0 3 8 0 61.54%
Fair
pred. 0 0 0 0 10 100.00%
Poor

class recall 66.67%  80.00%  70.00%  80.00%  100.00%

Accuracy: 79.59%

Indexed in the Thai-Journal Citation Index (TCI 1)



44 INTERNATIONAL SCIENTIFIC JOURNAL OF ENGINEERING AND TECHNOLOGY, Vol. 9 No. 1 January-June 2025

TABLE XI
THE ASSESSMENT RESULTS USING THE NEURAL NETWORK:
THE NEW DATASET
true true true true true class

Exellent Good Average Fair Poor precision
pred. o
Excllent 8 2 0 0 0 80.00%
pred. 0
Good 1 7 2 0 0 70.00%
pred. 0 1 7 I 0 77.78%

verage

pred. 0 0 1 9 2 75.00%
Fair
pred. 0 0 0 0 8 100.00%

Poor

classrecall ~ 88.89%  70.00%  70.00%  90.00%  80.00%

Accuracy: 79.59%

TABLE XII
THE ASSESSMENT RESULTS USING THE MULTINOMIAL
LOGISTIC REGRESSION: THE NEW DATASET

true true true true true class
Exellent Good Average Fair Poor precision

pred. o
Excllent 7 3 0 0 0 70.00%
pred. 0
Good 2 6 0 0 0 75.00%
pred. 0 1 9 0 0 90.00%
Average
pred. 0 0 1 8 3 66.67%
Fair
pred. 0 0 0 2 7 77.78%

Poor

classrecall ~ 77.78%  60.00%  90.00%  80.00%  70.00%

Accuracy: 75.51%

TABLE XIII
THE ASSESSMENT RESULTS USING THE LightGBM:
THE NEW DATASET
true true true true true class

Exellent Good Average Fair Poor precision
pred. o
Excllent 9 1 0 0 0 90.00%
pred. 0
Good 0 8 0 0 0 100.00%
pred. 0 1 9 0 0 81.82%
Average
pred. 0 0 1 2 2 75.00%
Fair
pred. 0 0 0 8 8 100.00%

Poor

classrecall  100.00%  80.00%  90.00%  90.00%  80.00%

Accuracy: 87.76%

C. Comparison of Results

The assessment accuracy of all five models on
the two physical fitness datasets is presented in Table
XIV.

TABLE XIV
A SUMMARY OF THE ASSESSMENT ACCURACY OF ALL FIVE
MODELS ON FIVE MODELS ON THE TWO PHYSICAL FITNESS

DATASETS
List E:::gg(i;:)l The New Dataset (%)

Decision Tree 72.73 79.59
Random Forest 59.09 79.59
Neural Network 77.27 79.59
Multinomial Logistic 72.73 75.51
Regression

LightGBM 59.09 87.76
Average 68.18 80.40

The table demonstrates that in the evaluation of
physical fitness using the original dataset, the Neural
Network model performed the best, achieving the
highest accuracy of 77.27%. It was followed by the
Decision Tree and Multinomial Logistic Regression
models, both with an accuracy of 72.73%. The
Decision Tree and LightGBM models showed the
lowest accuracy at 59.09%. For the dataset consisting
of 161 records, original data combined with 86
synthetic records generated using the SMOTE
method, the LightGBM (Python Learner) model
achieved the highest accuracy of 87.76%. The
Decision Tree, Random Forest, and Neural Network
models followed, with the highest accuracy being
79.59%. The Multinomial Logistic Regression model
showed the lowest accuracy in evaluating this dataset,
with an accuracy of 75.51%. As observed, the
evaluation of physical fitness using the original
dataset combined with the newly synthesized data,
totaling 161 records, showed improved performance.
The highest accuracy reached 87.76%, achieved by
the LightGBM (Python Learner) model, which had an
average accuracy of 81.41%. This represents an
increase of 12.23% compared to the average performance
of the evaluation using only the original dataset. The
analysis revealed that LightGBM outperformed other
supervised learning models due to its highly efficient
gradient boosting framework. Unlike traditional tree
construction methods, LightGBM builds trees in a
leaf-wise manner, resulting in greater loss reduction
and improved accuracy. Compared to other models
such as logistic regression, decision trees, or Support
Vector Machines (SVMs), LightGBM handles
large-scale and high-dimensional datasets with

Indexed in the Thai-Journal Citation Index (TCI 1)



INTERNATIONAL SCIENTIFIC JOURNAL OF ENGINEERING AND TECHNOLOGY, Vol. 9 No. 1 January-June 2025 45

superior speed and precision, thanks to its histogram-
based computation and advanced sampling strategies.
Moreover, it natively supports missing values and
categorical features, reducing the need for extensive
pre-processing. When implemented through the
Python Learner in RapidMiner Studio, LightGBM
offers flexible hyper parameter tuning and integrates
seamlessly into the analytical workflow, making it
a powerful and scalable solution for predictive
modelling tasks. While synthetic data generation
techniques such as SMOTE can effectively address
class imbalance and improve model performance,
they may also introduce certain biases. For instance,
synthetic samples are created by interpolating
between existing minority class instances, which can
lead to the over-representation of specific regions
in the feature space while neglecting others. This
may result in models that generalize poorly or are
overly confident in areas where no real data exists.
Additionally, if the original dataset contains noise
or mislabelled instances, synthetic sampling may
inadvertently amplify these issues. Therefore, careful
validation and data quality checks are essential when
using synthetic data to ensure that it enhances rather
than distorts the learning process.

V. CONCLUSIONS

This research collected physical fitness test data
from 75 student-athletes aged 11-16 at the Nakhon
Phanom Sports School. The tests were divided into
four aspects: flexibility, leg muscle strength, endurance
and muscle strength, and body fat. The collected
data underwent cleaning (Data Cleansing) to ensure
accuracy and was initially evaluated using the standard
youth athlete fitness test criteria of the Sports Authority
of Thailand, Region 3. The physical fitness test results
(Fitness Level) were classified into five levels: Poor,
Fair, Average, Good, and Excellent. Analysis revealed
that 5 students were in the Excellent category, 17
in Good, 23 in Average, 22 in Fair, and 8 in Poor,
accounting for 6.70%, 22.70%, 30.70%, 29.20%,
and 10.70% of the total population, respectively.
This dataset is imbalanced, which could affect the
performance of models used for data processing.
To address this imbalance and improve supervised
learning model performance, this study utilized
the Synthetic Minority Oversampling Technique
(SMOTE), a special oversampling method that
generates new synthetic data points instead of
replicating existing ones. The machine learning models
used for evaluating the student-athlete dataset
included Decision Tree, Random Forest, Neural
Network, Multinomial Logistic Regression, and
LightGBM (Python Learner). The findings revealed
that applying SMOTE to increase the dataset size to
161 records with SMOTE improved performance,
achieving a maximum accuracy of 87.76%.

The LightGBM (Python Learner) model demonstrated
an average accuracy of 81.41%, representing a 12.23%
improvement compared to the average performance
with the original dataset. In summary, the results
indicate that using oversampling techniques like
SMOTE can mitigate data imbalance issues and
enhance data classification or evaluation performance
when the additional data is generated in an appropriate
quantity. However, other factors may also influence
model performance and data classification efficiency.
In summary, these models, such as LightGBM
and other supervised learning techniques, could be
implemented in real-world athlete training programs
to monitor performance, predict injury risks, and
personalize training plans based on physiological
data. By leveraging predictive analytics, coaches
and sports scientists can make data-driven decisions
that optimize performance and reduce overtraining.
Future research could explore the integration of
real-time data from wearable devices and expand
predictive modelling to include psychological,
nutritional, and environmental factors for a more
holistic view of athlete development.
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Abstract—Predicting students’ academic
achievement in the initial stages is beneficial for
designing effective training programs to enhance
success rates. Extracting knowledge from student
data is a fundamental aspect of Educational Data
Mining (EDM). This study aims to analyze the
predictive factors influencing the outcomes of
graduates from the Information Studies program.
The results not only contribute to improving
student performance but also aid in constructing
a better curriculum. A dataset is utilized within
five classification models to categorize students
into four target classes. The datasets are grouped
into three types: Demographic information, course
grades, and early-stage GPA. This study addresses
the issue of the imbalanced dataset by applying
the Synthetic Minority Over-sampling Technique
(SMOTE). The findings indicate that early-stage
GPA (90.5%) is the most significant predictor,
particularly when applying the Naive Bayes
classifier on a balanced dataset. In contrast,
demographic information (58.0%) and core course
grades (87.5%) show lower predictive influence.
The findings support learning strategies and
enhancing curriculum design to improve final
academic outcomes.

Index Terms—Classification, Educational Data
Mining, Feature Selection, Imbalanced Dataset,
Machine Learning

1. INTRODUCTION

With the transition from paper-based documentation
to digital formats, educational institutions generate
vast volumes of electronic data. Transforming this
extensive data into meaningful knowledge is essential
in decision-making, improving learning quality, and
providing information for institutional planning to
maximize efficiency. The extraction of such knowledge
has been facilitated by advancements in computer
technology, particularly in Artificial Intelligence (AI),
Data Mining (DM), and Machine Learning (ML).

These progressions enable the application of predictive
modeling, clustering, and association rules mining to
identify patterns and correlations within educational
data. These techniques contribute to the refinement
of academic curricula, enhancement of teaching
methodologies, and improvement of student learning
outcomes.

The DM process encompasses a wide range of
techniques and algorithms that are applied in various
domains, including medicine, marketing, industry,
finance, and education. The specific application of
data mining to educational data is referred to as
Educational Data Mining (EDM) [1]. Baker and Yacef
identified five primary approaches within EDM:
Prediction, clustering, relationship mining, distillation
of data for human judgment, and discovery with
models. Recent works usually integrate a combination
of prediction, clustering, and data distillation for
human judgment.

EDM has emerged as a significant area of research,
driven by advancements in educational database
management systems. It emphasizes on developing
specialized and quantitative methodologies to analyze
large volumes of data collected from institutions
across various educational levels. By applying DM
techniques to student datasets, educators can gain
deeper insights into student behavior and performance.
While academic achievement is traditionally assessed
through metrics such as course grades and Grade
Point Average (GPA), demographic factors also
play a crucial role in shaping educational outcomes.
Consequently, the application of DM to academic and
demographic data enhances the program design at the
department, faculty, and institution levels.

Student academic success is a key indicator of the
teaching and learning quality of the institutions. Early
classification of students during the initial stages of
their study is an effective approach to minimizing
the possibility of dropout. Additionally, this strategy
contributes to improved academic performance
by facilitating optimal resource allocation within
institutions, ensuring that resources are utilized
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effectively. Furthermore, it supports the development
of potential students, enabling them to gain higher
academic achievements.

Although data obtained from the university’s Student
Information System (SIS) is increasingly utilized in
higher education, many institutions still face challenges
in developing effective predictive models. Normally,
static indicators such as course grades or test scores
are used to estimate the student’s learning outcome.
However, they cannot reflect the complexity and
dynamics of learning behavior influencing academic
success. As a result, opportunities for the timely
identification and support of low-performance
students are often missed. There is a critical need
for predictive models that are both data-driven and
interpretable, particularly those that leverage early
academic indicators such as demographic information,
course grades, and GPA. These models must provide
prominent levels of predictive accuracy and be
meaningful enough to enable educators to implement
early support and enhance instructional strategies.

This study investigates the application of machine
learning techniques to identify the key factors influencing
students’ final academic achievement during the
initial stages of their educational journey. The prediction
is conducted using five classification models within
the EDM framework. Experiments are performed
using undergraduate students’ data from the Information
Studies (IS) program, combined with the Synthetic
Minority Over-sampling Technique (SMOTE) to
address the imbalanced dataset. This research
contributes to enhancing students’ final academic
outcomes and assisting with the curriculum design.

The paper is organized as follows: Section II
reviews relevant literature. Section III outlines
the research methodology employed in this study.
Section IV presents the experimental results along
with explanatory analysis. Section V offers a detailed
discussion of the findings. Finally, Section VI
concludes the paper with a summary of key findings
and significant issues contributing to the learning
strategies.

II. LITERATURE REVIEW

Early prediction of student outcomes enables
educators and administrators to make informed,
timely decisions to enhance course effectiveness. It
facilitates the development of specialized training
programs aimed at increasing student success rates.
Advancements in EDM have shown the application
of DM techniques across various educational domains
[2]. Research objectives in this field can be defined
at multiple levels, including degree, academic year,
course, and examination levels. Studies in this area
commonly employ classification techniques, such
as predicting student outcomes as Pass or Fail, as
well as regression techniques, such as estimating the

Cumulative Grade Point Average (CGPA). Typically,
CGPA prediction utilizes students’ Grade Point
Averages (GPA) from their first two years to forecast
their final CGPA at graduation.

EDM plays a crucial role in uncovering patterns
and insights related to educational phenomena and
learning processes [5], as well as in understanding
students’ academic performance. EDM has been
widely applied to predict academic outcomes across
various domains, including academic performance
[4], student retention [5], study success [6], academic
satisfaction [7], and dropout rates [8].

Key factors influencing education, commonly
explored in EDM, include prior academic achievement,
student demographic characteristics, e-learning
activities, psychological aspects, and the learning
environment. A study [9] highlighted that 69% of
research in this field utilizes pre-university academic
performance and demographic characteristics of
learners. Among the most frequently used predictors
of academic achievement are student assessments
and cumulative Grade Point Averages (GPAs). Both
pre-university information and data collected during
the study period, such as semester grades and GPAX,
significantly influence the prediction of academic
achievement [10]. These elements, derived from
students’ academic journeys, are critical in forecasting
their overall academic success throughout their
educational tenure.

In this study [11], DM techniques were employed
to analyze the academic achievement of 210
undergraduate students. The authors developed
a predictive model to estimate students’ final academic
performance and explored the relationship between
their academic outcomes and progress during their
course of study. The variables utilized in the analysis
were exclusively related to scores or grades. A decision
tree algorithm was applied to construct a classification
model, which categorized the dataset based on four
information criteria: Information Gain, Gini Index,
Accuracy, and Gain Ratio. Additionally, the X-means
algorithm, using Euclidean distance and the Bayesian
Information Criterion (BIC), was employed to group
students into categories reflecting high and low
academic performance. The DM process was
implemented using RapidMiner. The findings
from this predictive model offer early intervention
opportunities for students identified in the low-
performing groups while also providing guidance
and opportunities for those demonstrating strong
academic performance.

In 2022, a study [12] conducted a comprehensive
review and analysis of emerging literature on the
application of Artificial Neural Network (ANN) to
predict academic achievement among university
students. The article highlighted that ANN techniques
are frequently combined with other data mining
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methods to identify patterns and assess academic
performance. EDM research focuses on the university
level, as most researchers are affiliated with universities
and have easier access to student data. Furthermore,
ANN often demonstrates higher accuracy in evaluating
model performance compared to other algorithms.
CGPA was identified as a commonly used predictive
factor, while other factors were found to have a minimal
impact on the model’s performance.

Reference [13] conducted a study on the academic
performance of 635 master’s degree candidates across
diverse faculties, such as Business Administration,
Engineering, and Information Technology. The study
employed six machine learning algorithms, utilizing
CGPA as the principal predictor. Evaluation of model
efficacy utilized Mean Square Error (MSE) and Mean
Absolute Error (MAE) metrics to gauge the disparity
between predicted and actual GPA scores. Findings
indicated that the Neural Network (NN) algorithm
exhibited superior performance, attaining the lowest
error rates and demonstrating heightened predictive
precision compared to other models.

A comprehensive survey and synthesis of 402
articles related to EDM and Learning Analytics (LA)
were examined in a review study [14]. The study
highlighted that EDM and LA techniques are effective
in addressing various learning-related challenges.
The application of DM techniques across these studies
included Classification (26.23%), Clustering (21.25%),
Image Mining (15%), Statistical Analysis (14.25%),
Association Rule Mining (14%), Regression (10.25%),
and Sequential Pattern Mining (6.5%), etc. These
techniques contributed to the development of
improved learning strategies for students. Additionally,
the review introduced researchers to appropriate
methodologies for conducting research in different
educational contexts and provided essential tools and
information to enhance university education systems.
Reference [15] evaluated the effectiveness of ML
techniques in predicting student performance using
various ML algorithms. The research considered
factors such as data quality, feature selection, and
model complexity. The findings demonstrated that
certain ML methods are particularly effective in
forecasting student performance, thereby offering
valuable insights for decision-making and academic
planning.

Previous research has demonstrated that predicting
student academic achievement can achieve high levels
of accuracy, particularly when EDM utilizes
classification techniques with a limited number of cate-
gories. For example, predicting binary outcomes such
as pass/fail status or categorizing students based on
satisfactory performance often results in even greater
predictive accuracy. However, the effectiveness
of these predictive models is influenced by several
factors, including the choice of algorithms, the

selection of variables, and the size of the dataset. In
addition, demographic attributes such as age, gender,
religion, place of residence, family background,
employment status, and past GPA have been identified
as significant contributing factors that enhance the
accuracy of academic achievement predictions [16],
[17].

Regarding the application of SMOTE, this
research [18] demonstrated that applying SMOTE
before splitting the dataset into training and testing
sets enhanced the accuracy of the ANN model.
Specifically, it yielded accuracy improvements ranging
from 1.94% to 3.98% across multiple datasets,
highlighting its capability to address class imbalance
and improve the overall performance of classification
models. This study [19] presented the improvement
in the accuracy of ANN on imbalanced datasets using
SMOTE by generating synthetic samples to balance
the class distribution. However, this process may
introduce noise into the dataset. The proposed method
addresses this limitation by incorporating an
Autoencoder, which helps filter out noise and enhances
the overall classification performance.

Despite the growing impact of EDM in improving
student outcomes across higher education, current
research disproportionately focuses on STEM (Science,
Technology, Engineering, and Mathematics)
disciplines and general education courses. In contrast,
specialized academic domains such as the IS program
remain significantly underrepresented, which presents
acritical gap in the literature. This program emphasizes
interdisciplinary knowledge, including critical thinking,
system analysis, information behavior, digital literacy,
and information retrieval. These competencies are
typically assessed through project work and
collaborative assignments rather than focusing only
on the numerical scores and exam-based evaluations
commonly used in STEM. As a result, existing EDM
models may not capture the detailed indicators of
academic success relevant to information studies
students.

Additionally, the demographic and academic
profiles of students in this program may differ from
those in traditional STEM fields due to diverse academic
backgrounds. This research explores this gap
by applying EDM methods to analyze academic
performance within the IS program. The findings are
expected to contribute to the growing body of EDM
literature while generating actionable insights for
improving teaching, learning, and student support in
the field related to information science. Consequently,
the use of predictive approaches on these types of
datasets is still limited, indicating a clear research
gap. This study aims to address this underexplored
area by analyzing this specific population, which
may yield novel insights to inform curriculum design
and enhance student support within these academic
domains.
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III. RESEARCH METHODOLOGY
A. Educational Data Mining Process

The EDM process [20] comprises six key stages
as shown in Fig. 1. The data collection phase involves
gathering information from multiple sources, including
pre-enrollment records, demographic details,
students’ learning environments, academic
performance, and psychological attributes. These data
are primarily obtained from the university’s Student
Information System (SIS), supplemented by student
surveys. Once collected, the data are prepared for
subsequent analysis.

During the initial preparation stage, the raw data
are transformed into a structured format through a
series of processes, including 1) Selection, 2) Cleaning,
and 3) Derivation of new variables. This phase is
particularly critical and often requires the most time
to complete. Following this, statistical analysis serves
as an initial exploratory step, offering an overview of
the dataset and assisting researchers in understanding
key characteristics before proceeding with data
mining. This analysis typically includes descriptive
statistics such as frequency, mode, median, mean,
standard deviation, variance, range, and correlation.

Data Initial Statistical
Collection Preparation Analysis
Y
Evaluation < Data < Data
vajuation Mining Preprocessing

Fig.1. EDM Stages Framework

The data preprocessing stage consists of two
essential components: Data transformation and fea-
ture selection. Feature selection focuses on identifying
a subset of relevant variables while eliminating less
significant or redundant ones. This process enhances
the accuracy of predictive models and optimizes
computational efficiency by reducing processing
time. The DM process involves creating various
types of models to evaluate and select the most
appropriate model to summarize the research results.
A confusion matrix is commonly used to determine
the performance of these models and provides
a detailed evaluation of their accuracy and
effectiveness.

Student Information Information Studies
System: SIS Curriculum

v v

Data Collection

v

Data Preparation

v v

Imbalanced Dataset Balanced Dataset

v v

Classification
[ kNN | [ NB || DT |[svwMm || ANN |
[ [ [ ]

10-Fold CroSs-validation

v

Model Evaluation

v

Results and Discussion

Fig.2. Research Framework

Fig.2 presents our research framework relevant
to the EDM process. In the DM step, we create a
model for predicting academic achievement using
supervised ML to estimate the expected values of
dependent variables based on the characteristics of
the independent variables. Classification is the most
popular method, and the most common classification
algorithms are the Bayesian method, Neural Network,
and Decision Tree. Apart from those three well-known
algorithms, this study also includes the K-Nearest
Neighbor and the Support Vector Machine for our
model formation. As for data mining tools, WEKA
is the most used tool for building predictive models
since it has the functionality to answer all types of
DM problems. RapidMiner is another widely adopted
tool, ranking as the second most popular in the field
[21].

B. Data Preparation

The volume of data is expanding rapidly, benefiting
various academic disciplines, particularly in decision-
making processes supported by computer technology
and information management. The IS program is
one of the key disciplines focused on information
management through the application of modern
technologies. It integrates the theories of information
management and information technology. The program
is designed to equip students with the knowledge
and skills required to work in information-centric
organizations, such as information agencies, libraries,
and the broader information technology sector. This
study utilizes data from the IS students of Burapha
University, in conjunction with the IS curriculum.
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Our study employs secondary data sourced from
the SIS. The dataset is categorized into three types of
variables: Demographic information, course grades,
and early-stage GPA from the first six semesters. It
includes data from 275 students who graduated from
the Department of Information Studies between 2020
and 2023. Demographic information encompasses
details such as students” home region, gender, number
of siblings, parents’ occupation and income, and high
school GPA (SGPA). These variables are analyzed to
identify patterns and factors influencing academic
achievement among IS students.

This study investigates students’ academic
achievement over their four-year study period. The
courses are categorized into three fundamental areas:
General Education (GE), Information Science (IS),
and Information Technology (IT). The IS and IT
courses are further divided into core and elective
courses, allowing a detailed analysis of students’
academic performance. The dataset includes 12 GE
courses, 18 core courses, and 10 elective courses, with
each category split equally between IS and IT courses.
The dataset is in its original form and prepared for
the initial data preparation phase. Table I presents the
variables used in the predictive models.

TABLE I
VARIABLES IN THE DATASETS
Type Variables Domain
SGPA {Excellent, Very Good, Good,
Fair}
Resion {North, South, Northeast, East,
& Central}
Gender {Male, Female}
Sibling {Yes, No}
o {High, Medium, Low, None,
g Father Income Undefine}
a {Government Officer, State
E Father Enterprise, Private Employee,
& Occupation Personal Business, Agriculture,
Undefined}
{High, Medium, Low, None,
Mother Income Undefined}

{Government Officer, State
Enterprise, Private Employee,

Mother Occupation . .
up Personal Business, Agriculture,

Undefined}

GE Courses {A, B+, B, C+, C, D+, D}
o IS Courses {A, B+, B, C+, C, D+, D}
£ IT Courses {A, B+, B, C+ C,D+,D}
<
% GPAL-GPAG {E?(cellent, Very Good, Good,
< Fair}

AGPA2-AGPAG égi)gellent, Very Good, Good,

Academic achievement upon graduation is
categorized into four classes based on the final GPA:
Excellent, Very Good, Good, and Fair, as shown in
Table II. After removing noise and missing values, the
dataset includes information from 263 students out of an
initial 275. This data cleaning improves the efficiency

of the classification model and simplifies the
computational process. Furthermore, to address class
imbalance, the Synthetic Minority Over-Sampling
Technique (SMOTE) was applied to generate additional
samples, expanding the dataset from 263 to 400
instances.

TABLE II
TARGET CLASSES
No. of No. of
GPA Classes Instances Instances
(Original (Balanced
Dataset) Dataset)
3.50 - 4.00 Excellent 35 100
3.00-3.49 Very Good 102 100
2.50 -2.99 Good 100 100
2.00-2.49 Fair 26 100
Total 263 400

Animbalanced dataset occurs when the instances of
the target class are not evenly distributed. In this study,
the dataset contains 35 samples for the “Excellent”
class, 102 for “Very Good”, 100 for “Good”, and 26
for “Fair”. The unequal distribution of instances in
these classes results in an imbalanced dataset [22],
[23], [24], which could potentially lead to inaccurate
results. To address this issue, the SMOTE is applied
to oversample the minority classes. As a result, the
original dataset of 263 instances is expanded to 400
instances, with each target class containing 100
instances, thereby ensuring a balanced distribution
across all classes.

Feature selection [25], [26] is a crucial pre-
processing step in the DM process, aiming to
identify and rank the importance of variables. Various
ranking techniques are classified into filter-based,
wrapper-based, and hybrid methods. In our study,
we adopted a wrapper-based method, using the best
classifier identified in our experiments to rank the
variables based on their classification accuracy.
The variable with the highest accuracy is considered
the strongest correlation with the final academic
performance.

C. Prediction Models

EDM models are broadly categorized into two
types: predictive and descriptive models. Predictive
models are employed to forecast outcomes using
supervised learning techniques, while descriptive
models aim to identify patterns that describe the
underlying structure and relationships within
unsupervised data. In this study, predictive models
are applied to the datasets, utilizing five widely
recognized ML algorithms: K-Nearest Neighbor
(KNN), Naive Bayes (NB), Decision Tree (DT), Support
Vector Machine (SVM), and Artificial Neural Network
(ANN). These algorithms are among the most used
in EDM research [27], [28]. The selection of these
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models for implementation is driven by the goal of
identifying the most accurate predictive approach.

1) K-Nearest Neighbor (KNN) — KNN is
amethod of classifying data by comparing the data with
sample data in the dataset. It refers to Instance-based
Learning, which means the learned data is stored as an
instance in the dataset. While classifying the new data,
KNN will find K samples of data in the dataset that
most resemble the new data (neighbors) and use them
together to decide what class of new data should be.
The principle behind this algorithm is to find the
similar characteristics of the new data with the nearby
dataset. Deciding the class of new data can be done
using a method called “Majority Vote”; that is, new
data will be the same class as the larger number of
the neighbor data. Euclidean distance is a common
measurement used to calculate the distance between
data points. Classification using the KNN method can
provide much accuracy depending on many factors,
such as the completeness of the sample data used to
represent the entire data or how much noise is in the
data. Selecting a small value of K, suchas K=1 or 2,
may cause misclassification because the closest data
may be noise. Therefore, the value of K should be
defined appropriately. This study has selected K = 5
for the experiments.

2) Naive Bayes (NB) — The NB method is a
fundamental classification technique that utilizes
probability theory based on Bayes’theorem. It classifies
data into predefined groups by applying probabilistic
principles. The NB algorithm assigns each data
instance to the class with the highest posterior
probability, ensuring optimal classification based on
the given probabilistic framework.

3) Decision Tree (DT) — The DT method is
a classification technique based on the concept of
divide and conquer. Initially, the dataset is divided
into smaller parts based on the values of the variables.
The collection of decision nodes is connected by
branches extending from the root node to the leaf
node. Each node contains a condition that uses one
of the data variables to decide on one child node.
Decision-making starts at the root node and then
moves on to the child nodes until reaching the leaf
nodes, which are class nodes. The depth of the trees
is related to how fast the model can make decisions.
The selection of variables and conditions must be
justified to obtain a tree that can classify the data
as accurately as possible. This study uses the C4.5
algorithm to build the DT model.

4) Support Vector Machine (SVM) —SVM is a
supervised learning algorithm designed for building
classification models, particularly well-suited for
datasets characterized by small sample sizes and a

high dimensionality of features. The fundamental
concept of SVM revolves around the creation of
decision boundaries, referred to as hyperplanes, which
partition the feature space to distinguish between
different classes. The primary objective of SVM is to
identify the optimal hyperplane by maximizing the
margin, which is defined as the aggregate of the shortest
distances from the hyperplane to the nearest data
points of each class. This approach ensures enhanced
generalization and robust classification performance.
Regarding the experiment, the SVM model is configured
with a regularization parameter C set to 1.0, balancing
the trade-off between maximizing the margin and
minimizing classification errors. A polynomial
kernel is selected to capture complex and nonlinear
relationships within the data. Normalization is
applied to ensure that the features are on a consistent
scale, which enhances the model’s convergence and
stability. The tolerance for the stopping criterion is
0.001, allowing the training process to terminate once
improvements fall below this threshold.

5) Artificial Neural Network (ANN) — ANN
represents a branch of Al whose structure and
functionality resemble the neural networks of biological
organisms. This technique is suitable for a non-linear
fitting method. The ANN Model adjusts itself in
response to the input associated with the learning
rules. The feed-forward network, which consists
of multiple layers of neurons, provides parameter
calculation in several iterations to get the best
configuration. The neurons’ connections between
layers are fully connected. Each neuron sends its
computation results to every neuron in the next layer.
Each link between neurons consists of a weight value
that magnifies the value and passes it over its link by
multiplying it by this weight. The result is transmitted
to the next layer of neurons. Repeat this process from
the input to the output layer.

In the experiment, the ANN model is initialized
using default parameters included in the mining
tool. The hidden layer is dynamically optimized by
automatically adjusting the number of neurons based
on the input data. A learning rate of 0.3 regulated the
weight updates during training, while a momentum
coefficient of 0.2 is incorporated to enhance convergence
speed and minimize oscillations in the gradient
descent process. The training process is conducted
over 500 iterations to ensure adequate learning and
model stability.

D. Models Evaluation

A common technique to evaluate the goodness of
the DM algorithm is to apply the confusion matrix
shown in Table III.
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TABLE III
CONFUSION MATRIX

Observation Positive Negative

True Positive False Positive
(TP) (FP)

False Negative True Negative
(FN) (TN)

Predicted Positive

Predicted Negative

The class value of True Positive (TP) has the
predicted class as YES and is YES, while the class
value of False Negative (FN) has the predicted class
as NO and is YES. Similarly, False Positive (FP) has
the predicted class as YES and is NO, while True
Negative (TN) has the predicted class as NO and is
actually NO. These terms (TP, FN, FP, TN) represent
frequency values and are used to construct a confusion
matrix, which is a valuable tool for evaluating the
performance of predictive models. The confusion
matrix enables the calculation of various performance
metrics, as shown in Table IV.

TABLE IV
MEASUREMENT
Performance
. Formula
Criteria

Accuracy (TP+TN) / (TP+TN+FP+FN)
Precision TP/ (TP+FP)
Recall TP/ (TP+FN)
F-Measure 2 x (Precision x Recall) / (Precision + Recall)

Model evaluation is a critical step in assessing the
effectiveness of a predictive model. To identify the
best-performing model, it is necessary to compare
multiple models using various evaluation metrics.
Accuracy is the performance criterion that is relevant
to all parameters. The higher the TP and TN rates,
the more accurate the prediction is, which means
better model performance. On the other hand, high FP
and FN rates present a signal of incorrect prediction.
Regarding precision and recall, the TP rate directly
affects the performance. Accordingly, we focus on
the TP rate and the classification accuracy to get the
optimal prediction.

IV. RESULTS

In the experiment, the dataset is partitioned into
two subsets: A training set and a testing set. Using
the training set to build models by applying various
algorithms, while the testing set is employed for
model validation. Our EDM process incorporates the
K-fold cross-validation technique, with the value of

K set to 10. This choice of K is widely used in EDM
research due to its effectiveness in balancing bias and
variance. Weka is selected as the primary tool due to
its comprehensive functionality for implementing and
evaluating data mining models.

A. Demographic Information

Table V illustrates that academic achievement
predictions based on demographic information have
minimal influence on overall performance across all
classifiers. The highest accuracy for the imbalanced
dataset is achieved using the DT model, highlighted
in bold, with an accuracy of 39.2%. Other models
yield slightly lower accuracies, with the NB model
performing the worst at 33.5% accuracy. When using
a balanced dataset, the impact of demographic
information on prediction accuracy remains limited,
regardless of the model applied. The best-performing
model in this case is the ANN model, achieving an
accuracy of 58%, while other models produce slightly
lower results. Similar to the imbalanced dataset scenario,
the NB model demonstrates the lowest accuracy,
at 51.8%. These findings suggest that demographic
data contribute minimally to academic performance
prediction, indicating that demographic attributes are
not a significant factor for effective classification.

TABLE V
PERFORMANCE BASED ON
DEMOGRAPHIC INFORMATION

Accuracy (%)

Classifiers
Imbalanced Balanced
KNN 36.9 52.3
NB 335 51.8
DT 39.2 56.3
SVM 35.4 57.5
ANN 35.7 58.0

In Table VI, the variable prioritization results for
demographic datasets are analyzed using a wrapper-
based technique. The DT classifier is applied to the
imbalanced dataset, while the ANN is used for the
balanced dataset, as both classifiers yield the highest
accuracy. The analysis reveals that the SGPA achieves
the highest accuracy, particularly on the balanced
dataset, with a score 0f45.8%. In contrast, the remaining
demographic factors demonstrate significantly lower
accuracy scores. Consequently, variables related to
demographic data are found to have minimal impact
on student performance and are deemed insignificant
in predicting academic outcomes.
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TABLE VI
VARIABLE IMPORTANCE BASED ON DEMOGRAPHIC
INFORMATION USING DT FOR IMBALANCED DATASET AND
ANN FOR BALANCED DATASET

o, 0,
Order Variables Accuracy (%)  Accuracy (%)

(Imbalanced) (Balanced)
1 SGPA 41.1 45.8
2 Father 40.7 28.0
Occupation
3 Mother 39.5 25.0
Occupation
4 Mother Income 38.8 345
5 Region 38.4 26.0
6 Father Income 37.3 26.3
7 Gender 37.3 27.5
8 Sibling 36.1 323

B. Grade Information

This section evaluates the classification performance
across three datasets: General Education (GE) courses
(12 courses), core courses (18 courses), and elective
courses (10 courses). Additionally, the final column
presents the classification results based on all courses
combined (40 courses), as shown in Table VII.

TABLE VII
PERFORMANCE BASED ON GRADES DATASETS
FROM EACH COURSE

Accuracy (%)
Classifiers
Core Elec. All
KNN 597 677 620 738
3 NB 67.3 814 745 844
5 pr 536 593 567 616
E SVM 63.1 688 658 768
ANN 61.6 745 68.1  80.6
KNN 680 763 743 780
5 NB 758 878 848 913
£ pr 6.0 745 725 750
& SVM 773 79.0 81.8 850
ANN 765 843 813 878

The reported results represent the estimated accuracy
of five models applied to both balanced and imbalanced
datasets. For the imbalanced dataset, the NB model
achieves the highest accuracy of 81.4% when applied
to core courses. However, the balanced dataset yields
improved accuracy, reaching 87.8% using the same
NB model. In contrast, elective and GE courses
exhibit lower predictive performance compared to
core courses. Among all the classification techniques,

the DT model demonstrates the lowest accuracy. The
implementation of the SMOTE enhances classification
accuracy, indicating its effectiveness in addressing
data imbalance. This suggests that institutions can
leverage this technique to classify students’ academic
performance and formulate policies for improvement.
The NB classifier consistently delivers optimal results
and outperforms other models when applied to the
balanced dataset.

Further analysis is conducted by separating core
and elective courses into Information Science (IS) and
Information Technology (IT) datasets. The datasets
are divided into IS core and IT core, each consisting
of 9 courses. Similarly, the elective courses are
split into IS elective and IT elective datasets, each
containing 5 courses.

TABLE VIII
PERFORMANCE BASED ON GRADES FROM IS
AND IT COURSE
Classifiers Accuracy (%)
IS Core IT Core IS Elec. IT Elec.

KNN 69.6 65.8 55.1 60.1
§ NB 75.3 74.5 61.2 68.4
LE DT 64.3 59.3 49.8 59.3
é SVM 70.3 65.0 64.3 65.0

ANN 72.6 63.9 55.9 63.9

KNN 71.5 73.5 66.5 72.3
2 NB 85.8 83.0 76.0 80.0
§ DT 71.5 74.0 68.8 74.0
& SVM 83.0 78.5 76.3 79.3

ANN 80.5 79.0 71.5 76.3

The results presented in Table VIII align with the
findings in Table VII, indicating that the NB model
achieves the highest accuracy of 85.3% when applied
to IS core courses using the balanced dataset. This
suggests that IS courses have a greater influence on
the target class compared to IT courses across all
classifiers. However, when considering only elective
courses, IT electives exhibit better predictive
performance than IS electives. Since elective courses
are typically taken in the later stages of study, greater
emphasis is placed on core courses. Experimental
findings suggest that core courses consistently yield
the highest classification accuracy for both balanced
and imbalanced datasets. Among all classifiers, the
NB model demonstrates the best performance, making
it the most effective classification technique for
predicting academic achievement based on course
performance.
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TABLE IX
VARIABLE IMPORTANCE BASED ON GRADE
FROM IS COURSES

Order Courses Accuracy (%)
1 Organization of Information Resources 63.5
2 Information and Reference Services 61.8
3 Library of Congress Classification 60.3
4 Library Automation Systems 59.8
5 Cataloging of Information Resources 59.3
6  Information Science 56.5
7  Reading for Information Professional 543
8  Collection Development 53.8
9  Management of Information Institutes 48.3

Additionally, Tables IX and X provide a ranking
of core courses using the NB classifier as an indicator.
The classification of IS and IT courses is based
on course descriptions. IS courses primarily focus
on information management, whereas IT courses
emphasize the application of modern technology to
information-related tasks, encompassing principles,
theories, and software tools. Among the IS courses,
Organization of Information Resources has the
highest predictive impact, achieving an accuracy of
63.5%. This is followed by Information and Reference
Services and Library of Congress, which yield
accuracies of 61.8% and 60.3%, respectively. These
findings highlight the significance of IS courses in
predicting academic performance, emphasizing their
role in shaping students’ overall achievement.

TABLE X
VARIABLE IMPORTANCE BASED ON GRADE
FROM IT COURSES
Order Courses Accuracy (%)

1 Research and Statistics in Information 70.3
Studies

2 Information Systems Analysis and 63.8
Design

3 Electronic Information and Record 61.5
Management

4 Programming in Information Work 55.8
Information Technology 53.8

6  Database Management for Information 51.3
Work

7  Web Design for Information Work 51.3

8  Seminar on Current Issues and Trend in 44.0
Information Science

9  Presentation and Training in Information 43.3

Work

On the other hand, the IT dataset includes 9
compulsory courses. Among them, Research and
Statistics in Information Studies and Information
Systems Analysis and Design demonstrate superior
predictive performance compared to IS courses,
achieving accuracies of 70.3% and 63.8%, respectively.
Our analysis suggests that individual IT courses exert
a stronger influence on academic achievement
prediction. However, when considering the entirety
of courses within each dataset, IS courses exhibit
a closer correlation with the target outcomes. This
indicates that while specific IT courses contribute
significantly to performance prediction, the overall
impact of IS courses remains more substantial in
determining academic success.

C. Early-stage GPA Information

Table X1 presents a comparison of the five models,
incorporating factors such as GPA from the first
semester to the sixth semester (GPA1-GPAG6) and the
average GPA (AGPA) from the second to the sixth
semester (AGPA2-AGPAG). Given that each academic
year comprises two semesters, the analysis considers
GPA information up to the end of the third year. The
results indicate that the NB classifier achieves the
highest accuracy of 76.8% for GPA4 when applied
to the imbalanced dataset. Additionally, GPAs and
AGPAs yield consistent performance across all
predictive models throughout the six semesters.
For AGPA datasets, classification accuracy steadily
improves from the end of the second semester to
the end of the sixth semester across all classification
techniques. Furthermore, in the balanced dataset,
GPAS achieves the highest accuracy of 77.8% using
the NB classifier. Therefore, the findings suggest that
the NB model provides the most effective prediction,
with GPA4 being the best predictor for the imbalanced
dataset and GPAS for the balanced dataset.
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TABLE XI
PERFORMANCE BASED ON EARLY-STAGE GPA FROM EACH
SEMESTER

Accuracy (%)
KNN NB DT SVM  ANN
GPA1 59.7 59.7 59.7 59.7 57.4
GPA2 64.3 64.3 64.3 64.0 64.3
GPA3 62.4 62.4 62.4 62.4 62.4
GPA4 71.1 76.8 71.1 71.1 71.1

GPA

§ GPAS 68.4 68.4 68.4 68.4 68.4
T% GPA6 64.3 64.0 64.3 64.3 65.8
E AGPA2 60.1 60.1 60.1 60.1 59.3
AGPA3 62.4 63.5 63.5 63.5 63.5
AGPA4 65.0 64.3 65.0 65.0 65.8
AGPAS 66.5 65.0 66.5 66.5 66.9
AGPA6 72.2 72.2 72.2 72.2 72.2
GPA1 57.5 57.5 57.5 56.0 59.5
GPA2 58.0 58.0 58.0 58.0 58.0
GPA3 63.5 63.5 63.5 63.5 62.5
GPA4 74.0 74.0 74.0 74.0 74.0
3 GPAS 77.8 77.8 77.8 77.8 77.8
E GPA6 76.0 76.0 76.0 76.0 76.0
S AGPA2 62.0 62.0 62.0 62.0 62.0

AGPA3 62.8 63.5 63.5 63.5 63.5
AGPA4 68.5 68.5 68.5 68.5 68.5
AGPAS 68.8 68.8 68.8 68.8 68.8
AGPA6 71.0 71.0 71.0 71.0 71.0

TABLE XII
VARIABLE IMPORTANCE BASED ON EARLY-STAGE GPA
USING NB CLASSIFIER

Imbalanced Balanced
Order Variables Accuracy (%) Variables Accuracy (%)
1 GPA4 76.8 GPAS 77.8
2 AGPA6 72.2 GPA6 76.0
3 GPAS5 68.4 GPA4 74.0
4 AGPAS 65.0 AGPA6 71.0
5 GPA2 64.3 AGPAS 68.8
6 AGPA4 64.3 AGPA4 68.5
7 GPA6 64.0 GPA3 63.5
8 AGPA3 63.5 AGPA3 63.5
9 GPA3 62.4 AGPA2 62.0
10 AGPA2 60.1 GPA2 58.0
11 GPA1 59.7 GPA1 57.5

The ranking of variables using GPA information,
as determined by the NB classifier, is presented in
Table XII. The GPA from the fifth semester, based
on the balanced dataset, yields the highest accuracy
compared to other variables. Factors related to GPA
and AGPA consistently align with previous findings,
demonstrating that as GPA or AGPA values approach
the completion of academic studies, the prediction
accuracy increases. This indicates that predictions
become more reliable closer to graduation. However,
this study’s objective is to provide institutions with

early insights into student performance before course
completion. The results suggest that academic
achievement can be estimated with an accuracy of
77.8% using GPA from the fifth semester (GPAY),
offering a valuable tool for early intervention and
support.

TABLE XIII
PERFORMANCE BASED ON THE INCREMENTAL INCLUSION
OF GPA FROM EACH SEMESTER

Accuracy (%)
KNN NB DT SVM  ANN
GPA1 59.7 59.7 59.7 59.7 57.4
GPA2  63.1 63.5 63.9 65.8 64.6

GPA

=

g GPA3 68.4 72.2 73.8 71.5 70.3

E GPA4 77.9 79.1 76.4 75.7 76.0

= GPAS 81.4 83.7 73.8 81.4 79.5
GPA6 83.3 85.6 75.7 84.4 82.1
GPAL1 57.5 57.5 57.5 56.0 59.5
GPA2 63.8 65.5 64.5 64.3 65.0

§ GPA3 74.0 75.3 76.5 71.5 76.3

<

r.‘TE GPA4 81.0 83.5 84.3 80.0 83.5

GPAS 83.5 86.5 82.3 84.5 81.5
GPA6 87.3 90.5 86.0 89.8 87.3

Table XIII presents the results obtained by
incrementally adding GPA datasets from GPA1 to
GPAG. For instance, GPA1 consists of a single factor,
while GPA?2 includes both GPA1 and GPA2. Similarly,
GPA3 comprises GPA1, GPA2, and GPA3, continuing
this pattern until GPA6 incorporates all preceding GPA
values. The results indicate that adding consecutive
GPAs leads to an improvement in accuracy. Especially,
the performance of the model on the balanced dataset
shows a steady increase in accuracy from GPA1 to
GPA®6, reaching a maximum accuracy of 90.5%. While
these outputs differ slightly from those of the AGPA
datasets in Table XI, both results follow a similar
trend, where predictive accuracy improves as the
dataset includes more GPA information. The NB
classifier achieved the highest accuracy, indicating
that its combination with SMOTE enhances prediction
performance.

V. DISCUSSION

The results reveal that student demographics have
a negligible impact on academic performance. The
most relevant factor is SGPA, which can be a useful
indicator. Among the least influential factors are
gender and siblings. Meanwhile, things like parents’
occupation and incomes, or the religion of the students,
have an even smaller effect. Hence, a student’s
background has little influence on their final academic
achievement.

Grade information for GE courses demonstrated
strong predictive accuracy, with the SVM model
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achieving 77.3% accuracy, followed by the ANN
model at 76.5%. Therefore, the GE course grade data
is valuable for prediction.

When analyzing courses in the fields of IS and
IT, we discovered that among the core courses, the
IS group demonstrated slightly higher predictive
accuracy than the IT group, with accuracy rates of
85.8% and 83%, respectively, using the same NB
model. Conversely, for elective courses, the IT group
performed slightly better than the IS group, achieving
80% accuracy with the NB model, compared to
76.3% accuracy with the SVM model. Overall, those
two groups exhibited similar performance, which is
beneficial to the curriculum design by considering
the courses between both IS and IT.

Early-stage GPA information provides highly
accurate predictions and is a valuable dataset for
forecasting final academic achievement. In the first
three years, the NB model achieved a prediction
accuracy of 90.5%, followed by the SVM model with
89.8% accuracy. This type of dataset is especially
useful because it covers the earlier stage of the
educational journey, unlike individual course grades,
which may vary depending on the semester in which
students enroll. Some courses are taken later in the
program making them less useful for early predictions.
When examining GPA per semester, the GPAS shows
the most promising results, with 77.8% accuracy.
Analyzing cumulative GPA over the first six semesters
further increases the accuracy score. Interestingly,
however, the accuracy of cumulative GPA predictions
is lower than that of semester-based GPA predictions.
This is likely because the GPA of the first year are
not a strong predictor for long-term academic success
since students were in the process of adapting to get
familiar with university life.

The reason that NB outperforms the other models
is due to its special characteristics. NB naturally
handles categorical features without complex
preprocessing, which may complicate other models.
In addition, NB works well with the independence
feature that has small datasets. Its probabilistic nature
and low complexity make it less prone to overfitting
than models like decision tree or neural network.
For instance, to predict whether a student will be
categorized into which class, NB may achieve higher
accuracy than more complex models when the dataset
is small, imbalanced, or contains mostly categorical
data like the dataset used in this study.

The predictive insights derived from student
performance data can serve as a foundation for
evidence-based educational interventions. For example,
if we can identify low-achievement students early
through the model, institutions can focus on supporting
mechanisms, such as tutoring or academic counseling,
to help that group of students. Furthermore, consistent
underperformance in specific courses can indicate

a weakness in the curriculum. Curriculum committees
may have to revise the prerequisite course structure
or integrate supplemental instruction into difficult
courses. At the strategic level, this knowledge
empowers institutions in making decisions for allocating
resources more effectively, prioritizing academic
support services, and implementing retention strategies.
This not only enhances student success rates but also
contributes to long-term outcomes such as graduation
rates and institutional accountability.

The five different ML models yielded varying
results. Some models performed well with certain
datasets but not with others, which is why we need to
apply multiple models to determine the most effective
prediction. Among the models, NB consistently
delivered the highest accuracy across most types of
datasets. Meanwhile, ANN and SVM performed well
but slightly lower than NB. DT and KNN models
showed minor accuracy compared to the others.
Therefore, regarding this particular case study, if
a single predictive model were chosen, NB would
be the best option for predicting the final academic
performance on graduation.

VI. CONCLUSION

This study has explored factors that affect the
students’ academic achievement using EDM
techniques. We applied various datasets, including
demographic information, course grades, and early-
stage GPA from each semester, in the experiments.
Course grades were categorized into three areas: GE,
IS, and IT. Moreover, we discovered the distinction
between core and elective courses within the area
of information science and information technology.

To address the imbalanced dataset, the SMOTE
technique was applied to balance the number of
instances across each class. We generated classification
models using five different classifiers: KNN, NB, DT,
SVM, and ANN. The results demonstrate that early-
stage GPA provides the highest predictive accuracy
among other factors. GPA from the fifth semester had
the most significant impact on the prediction. Among
the classifiers, the NB model outperforms the others.
Among the various types of datasets analyzed,
demographic information demonstrated a relatively
moderate impact on the performance. The highest
accuracy achieved using this data type was 58.0%,
obtained with the ANN algorithm, indicating its
limited effectiveness compared to other dataset types.
On the other hand, grades from core courses with the
NB algorithm produced a significant effect on the
learning outcomes by achieving an accuracy of 87.8%.
The IS core courses provide better predictions than
the IT core courses, while IT elective courses slightly
underperform compared to their IS counterparts.

The incremental inclusion of early-stage GPA
data from GPA1 to GPA6 on the balanced dataset
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yielded the highest accuracy, reaching 90.5%. This
indicates that having access to GPA information from
additional early semesters enhances the accuracy of
predicting academic achievement. The application
of the SMOTE technique to balance the datasets led
to improved performance across all dataset types.
Consequently, EDM offers meaningful insights
that facilitate early intervention, guide curriculum
enhancement, and support student counseling efforts
to raise final academic outcomes.

Future research is recommended to focus on
integrating additional data sources, such as
questionnaires, online learning activities, and other
educational engagement metrics, to enhance predictive
accuracy. Furthermore, exploring a wider range of
machine learning algorithms, including Random
Forest, Deep Neural Networks, Linear Regression,
and Evolutionary Algorithms, could provide deeper
insights and enhance the prediction models. These
suggestions are capable of improving student
performance prediction and supporting more effective
academic decision-making. This research approach,
which employs EDM techniques, can be applied
to educational datasets with similar characteristics
across various curriculum types.
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PAPER FORMAT
(IEEE Style)

I. FORMAT

* Your paper must use a paper size corresponding
to A 4 which is 210 mm (8.27 inch) Wide and 297
mm (11.69 inch)

* Your paper must be in two column format

 Articles not more than 15 pages in length, single-
sided A4 paper, margins (top, bottom, left, right)
are 1 inch (2.54 cm)

 Abstract and References and content set to double
columns,

* English font is Times New Roman, as follows:

TABLE 1
FONT SIZES FOR PAPERS
Content Font Size Labelling
Title (Single column) 18 (CT) bold
Authors (Single column) 11 (CT) bold
Authors Information 10 (CT) regular
(Single column)
Abstract 10 (LRJ) bold
Index Terms (Keywords) 10 (LRJ) bold
Content 10 (LRJ)) regular
Headingl 10 (CT) regular
(Capitalization)
Heading 2 10 (L)) regular
Table Title 8 (CT) regular
(Place above the Table)
Table content 8 (CT) regular
Figure caption 8 (L)) regular
(Place below the figure)
Reference Head 10 (CT) regular
(Capitalization)
Reference 8 (L)) regular
Author Profiles 10 (LRJ) |bold author name/
profile regular

CT=Centre Text, LJ=Left Justified, RI=Right Justified, LRJ=Left
& Right Justified

II. COMPOSITION OF THE ARTICLE

A. Article title
B. Authors information, Write (all) the author’s
name, affiliation, department, city, country and E-mail
(set to Single Column) all.
C. Abstract, Must be under 200 words and not include
subheadings or citations. Define all symbols used in
the abstract. Do not delete the blank line immediately
above the abstract.
D. Index Terms, Enter key words or phrases in
alphabetical order, separated by commas.
E. Content

1) Academic article, should include: Introduction,
Content, and Conclusion.

2) Research article, should include: introduction,
literature review, Materials methods, Results,
Discussion, and conclusion.

Clearly summarize the important findings of the
paper. It should contain such as objectives, methods
and major results.

F. Introduction

The Introduction section of reference text expands
on the background of the work (some overlap with
the Abstract is acceptable). The introduction should
not include subheadings.

G. Pictures, table, etc., Must be use in numerical
order in the article, provided the source correctly,
cannot use other people’ copyright.

Chart should be colored contrastingly or in black
and white.

H. Reference

1) Cited in the main text. Indicate the number in
the [ ] mark at the end of the text or the name of the
referring person. Let the numbers be in the same line
of content as [1].

2) Cited after the article. Put all bibliographical
reference after articles, and order according to the
author’s name, please refer [IEEE format. The footer
reference format is as follows.

III. RERERENCES

References in research articles and scholarly
articles. For academic and research journals,
INTERNATIONAL SCIENTIFIC JOURNAL OF
ENGINEERING AND TECHNOLOGY (ISJET).
The technology defines referrals according to the
IEEE format. All references should be listed at the
end of the paper using the following.

Basic format for books:

J. K. Author, “Title of chapter in the book,” in 7itle of His
Published Book, xth ed. City of Publisher, Country if not
USA: Abbrev. of Publisher, year, ch. x, sec. X, pp. XXX—XXX.

Examples:

[1]1 G. O. Young, “Synthetic structure of industrial plastics,” in
Plastics, 2nd ed., vol. 3, J. Peters, Ed. New York: McGraw-
Hill, 1964, pp. 15-64.

[2] W.-K. Chen, Linear Networks and Systems. Belmont, CA:
Wadsworth, 1993, pp. 123-135.

Basic format for periodicals:

J. K. Author, “Name of paper,” Abbrev. Title of Periodical,
vol. X, no. x, pp. Xxx-xxx, Abbrev. Month. year.

Examples:

[3] J.U.Duncombe, “Infrared navigation—Part I: An assessment
of feasibility,” IEEE Trans. Electron Devices, vol. ED-11,
no. 1, pp. 34-39, Jan. 1959.

[4] E.P. Wigner, “Theory of traveling-wave optical laser,” Phys.
Rev., vol. 134, pp. A635-A646, Dec. 1965.

[5] E. H. Miller, “A note on reflector arrays,” IEEE Trans.
Antennas Propagat., to be published.
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Basic format for reports:

J. K. Author, “Title of report,” Abbrev. Name of Co., City of
Co., Abbrev. State, Rep. xxx, year.

Examples:

[6] E. E. Reber, R. L. Michell, and C. J. Carter, “Oxygen
absorption in the earth’s atmosphere,” Aerospace Corp., Los
Angeles, CA, Tech. Rep. TR-0200 (4230-46)-3, Nov. 1988.

[71 J. H. Davis and J. R. Cogdell, “Calibration program for the
16-foot antenna,” Elect. Eng. Res. Lab., Univ. Texas, Austin,
Tech. Memo. NGL-006-69-3, Nov. 15, 1987.

Basic format for handbooks:

Name of Manual/Handbook, x ed., Abbrev. Name of Co.,
City of Co., Abbrev. State, year, pp. XXX-XXX.

Examples:

[8] Transmission Systems for Communications, 3rd ed., Western
Electric Co., Winston-Salem, NC, 1985, pp. 44-60.

[91 Motorola Semiconductor Data Manual, Motorola
Semiconductor Products Inc., Phoenix, AZ, 1989.

Basic format for books (when available online):

Author. (year, month day). 7itle. (edition) [Type of medium].
volume (issue). Available: site/path/file

Example:

[10] J. Jones. (1991, May 10). Networks. (2nd ed.) [Online].
Available: http://www.atm.com

Basic format for journals (when available online):

Author. (year, month). Title. Journal. [Type of medium].
volume (issue), pages. Available: site/path/file

Example:

[11] R.J. Vidmar. (1992, Aug.). On the use of atmospheric
plasmas as electromagnetic reflectors. IEEE Trans. Plasma
Sci. [Online]. 21(3), pp. 876-880. Available: http://www.
halcyon.com/pub/journals/21ps03-vidmar

Basic format for papers Qresented at conferences
(when available online):

Author. (year, month). Title. Presented at Conference title.
[Type of Medium]. Available: site/path/file

Example:

[12] PROCESS Corp., MA. Intranets: Internet technologies
deployed behind the firewall for corporate productivity.
Presented at INET96 Annual Meeting. [Online]. Available:
http://home.process.com/Intranets/wp2.htp

Basic format for reports and handbooks (when
available online):

Author. (year, month). Title. Comp any . City, State or
Country. [Type of Medium]. Available: site/path/file
Example:
[13] S. L. Talleen. (1996, Apr.). The Intranet Archi-tecture:
M anaging information in the new paradigm. Amdahl Corp.,
CA. [Online]. Available:http://www.amdahl.com/doc/
products/bsg/intra/infra/html

Basic format for computer programs and electronic

documents (when available online):
ISO recommends that capitalization follow the
accepted practice for the language or script in
which the information is given.

Example:

[14] A. Harriman. (1993, June). Compendium of genealogical
software. Humanist. [Online]. Available e-mail: HUMANIST
@NYVM.ORG Message: get GENEALOGY REPORT

Basic format for patents (when available online):

Name of the invention, by inventor’s name. (year, month
day). Patent Number [ Type of medium]. Available: site/path/
file

Example:

[15] Musical toothbrush with adjustable neck and mirror, by
L.M.R. Brooks. (1992, May 19). Patent D 326 189 [Online].
Available: NEXIS Library: LEXPAT File: DESIGN

Basic format for conference proceedings (published):

J. K. Author, “Title of paper,” in Abbreviated Name of Conf.,
City of Conf., Abbrev. State (if given), year, pp. XXXXXX.

Example:

[16] D.B.PayneandJ.R. Stern, “Wavelength-switched pas- sively
coupled single-mode optical network,” in Proc. I0OC-
ECOC, 1985, pp. 585-590.

Example for papers presented at conferences

(unpublished):

[17] D.Ebehard and E. Voges, “Digital single sideband detection
for interferometric sensors,” presented at the 2nd Int. Conf.
Optical Fiber Sensors, Stuttgart, Germany, Jan. 2-5, 1984.

Basic format for patents:

J. K. Author, “Title of patent,” U.S. Patent x xxx xxx, Abbrev.
Month. day, year.

Example:
[18] G. Brandli and M. Dick, “Alternating current fed power
supply,” U.S. Patent 4 084 217, Nov. 4, 1978.

Basic format for theses (M.S.) and dissertations
(Ph.D.):
J. K. Author, “Title of thesis,” M.S. thesis, Abbrev. Dept.,
Abbrev. Univ., City of Univ., Abbrev. State, year.
J. K. Author, “Title of dissertation,” Ph.D. dissertation,
Abbrev. Dept., Abbrev. Univ., City of Univ., Abbrev. State,
year.

Examples:

[19] J. O. Williams, “Narrow-band analyzer,” Ph.D. dissertation,
Dept. Elect. Eng., Harvard Univ., Cambridge, MA, 1993.

[20] N. Kawasaki, “Parametric study of thermal and chemical
nonequilibrium nozzle flow,” M.S. thesis, Dept. Electron.
Eng., Osaka Univ., Osaka, Japan, 1993.

Basic format for the most common types of
unpublished references:

J. K. Author, private communication, Abbrev. Month, year.
J. K. Author, “Title of paper,” unpublished.
J. K. Author, “Title of paper,” to be published.

Examples:

[21] A. Harrison, private communication, May 1995.

[22] B. Smith, “An approach to graphs of linear forms,”
unpublished.

[23] A.Brahms, “Representation error for real numbers in binary
computer arithmetic,” IEEE Computer Group Repository,
Paper R-67-85.

Basic format for standards:

Title of Standard, Standard number, date.

Examples:

[24] IEEE Criteria for Class IE Electric Systems, IEEE Standard
308, 1969.

[25] Letter Symbols for Quantities, ANSI Standard Y10.5-1968.
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First A. Author and the other
authors may include biographies
at the end of regular papers.
Biographies are often not
included in conference related
papers. The first paragraph may
contain a place and/or date
of birth (list place, then date).
Next, the author’s educational
background is listed. The degrees should be listed
with type of degree in what field, which institution,
city, state, and country, and year the degree was
earned. The author’s major field of study should be
lower-cased.

The second paragraph uses the pronoun of the
person (he or she) and not the author’s last name. It
lists military and work experience, including summer
and fellowship jobs. Job titles are capitalized. The
current job must have a location; previous positions
may be listed without one. Information concerning
previous publications may be included. Try not to
list more than three books or published articles. The
format for listing publishers of a book within the
biography is: title of book (city, state: publisher name,
year) similar to a reference. Current and previous
research interests end the paragraph.

The third paragraph begins with the author’s title
and last name (e.g., Dr. Smith, Prof. Jones, Mr. Kajor,
Ms. Hunter). List any memberships in professional
societies. Finally, list any awards and work for
committees and publications. If a photograph is
provided, the biography will be indented around it. The
photograph is placed at the top left of the biography,
and should be of good quality, professional-looking,
and black and white (see above example). Personal
hobbies will be deleted from the biography. Following
are two examples of an author’s biography.

Second B. Author was born
in Greenwich Village, New
York City, in 1977. He received
the B.S. and M.S. degrees in
aerospace engineering from the
University of Virginia,
Charlottesville, in 2001 and
the Ph.D. degree in mechanical
engineering from Drexel
University, Philadelphia, PA, in 2008. From 2001 to
2004, he was a Research Assistant with the Princeton
Plasma Physics Laboratory. Since 2009, he has been an

Assistant Professor with the Mechanical Engineering
Department, Texas A&M University, College Station.
He is the author of three books, more than 150 articles,
and more than 70 inventions. His research interests
include high-pressure and high-density nonthermal
plasma discharge processes and applications,
microscale plasma discharges, discharges in liquids,
spectroscopic diagnostics, plasma propulsion, and
innovation plasma applications. He is an Associate
Editor of the journal Earth, Moon, Planets, and holds
two patents.

Mr. Author was a recipient of the International
Association of Geomagnetism and Aeronomy
Young Scientist Award for Excellence in 2008, the
IEEE Electromagnetic Compatibility Society Best
Symposium Paper Award in 2011, and the American
Geophysical Union Outstanding Student Paper Award
in Fall 2005.

Third C. Author received
the B.S. degree in mechanical
engineering from National
Chung Cheng University,
Chiayi, Taiwan, in 2004 and
the M.S. degree in mechanical
engineering from National
Tsing Hua University, Hsinchu,
Taiwan, in 2006. He is currently
pursuing the Ph.D. degree in mechanical engineering
at Texas A&M University, College Station.

From 2008 to 2009, he was a Research Assistant
with the Institute of Physics, Academia Sinica,
Tapei, Taiwan. His research interest includes the
development of surface processing and biological/
medical treatment techniques using nonthermal
atmospheric pressure plasmas, fundamental study
of plasma sources, and fabrication of micro- or
nanostructured surfaces.

Mr. Author’s awards and honors include the Frew
Fellowship (Australian Academy of Science), the
L. I. Rabi Prize (APS), the European Frequency and
Time Forum Award, the Carl Zeiss Research Award,
the William F. Meggers Award and the Adolph Lomb
Medal (OSA).

Remark: More detail information, Pleases read
Preparation of Papers for INTERNATIONAL
SCIENTIFIC JOURNAL OF ENGINEERING AND
TECHNOLOGY (ISJET), https://ph02.tci-thaijo.org/
index.php/isjet/index
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