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Abstract—In the digital era with a data explosion,
classification techniques have become a primary aspect of
machine learning, espe@' in Supervised Learning methods.
These techniques allow computers to learn from existing data
and apply their knowledge to classify neszla based on
patterns found in the training data. Although algorithms such
as Support Vector Machine (SVM) and Naive Bayes are
reliable in many cases, they are not always optimal due to data
plexity. This study I the performance of various
models and applies optimization techniques to enh: model
performance across different datasets. The y uses three
different datasets: academic data from the Faculty of
Engineering at Universitas Islam Riau (UIR), tweet data from
the social media platform X, and diabetes disease data from
Kaggle. Each model is tested with a 70:30 data split, employing
techniques such as SMOTE, Hyperparameter Optimization
with Optuna, and XGBoost to improve model performance.
The combination of SM@E with SVM or GNB shows
significant improvement in accuracy, precision, recall, and F1-
Score when optimization techniques are applied. For instance,
the use of SMOTE, SVM, and Optuna achieves 100% accuracy
on academic data, 97% on Twitter data, and 80% on diabetes
data. Similarly, the combination of SMOTE, GNB, and

XGBoost provides significant improvement. This study
ludes that the lication of optimizati b like
Optuna and integration with algorithms such as XGBoost

significantly enhance the performance of classification models
across various datasets. This opens up opportunities for the
d p of more ad d and effective classification
models in the future and makes a significant contril
understanding the use of classification algorithms in v,
practical applications.

Keywords—Machine SVM, GNB, Optuna,

XGBoost

Learning,

I. INTRODUCTION

In the digital era filled with an mjsiuu of data,
classification techniques have become one of the main
aspects of Machine Learning, especially ilmup:l‘\'issd
Learning methods [1] These techniques allow computers to
learn from existing data and therfiefiply their knowledge to
distinguish and classify new data based on patterns found
the training data [2]. The main goal is to empuwergralm
to distinguish and classify new observations based on
patterns hidden in the existing training data [3]. In the
classification process, algorithms learn from past experiences
and then apply their insights to classify new data into
predefined categories [4]
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Although classification algorithms such as Support
Vector Machine (SVM) and Naive Bayes have proven their
reliability in many cases, they do not always provide optimal
performance in all contexts.

Previous research, such hat conducted by [5], [6],
highlights the variations in the performance of SVM and
Naive Bayes, depending on the type of data used. For
example, when faced with the PeduliLindungi application
dataset on the Google Play Store, SVM provided an accuracy
of 80.5%, while Naive Bayes achieved 76.9%. Then, when
these algorithms were applied to the Twitter dataset, SVM
accuracy increased to 87% and Naive Bayes reached 83%
[7]. Additionally, both have been used to predict cable TV
payments, where Naive Bayes achieved an impressive
accuracy of 96%, while SVM only reached 66% [8].

However, fluctuations in this accuracy are often caused
by the complexity of the data faced [g]herefure, this
research aims to explore various models of Naive Bayes and
SVM algorithms, as well as apply techniques such as
SMOTE [10], Hyperparameter Optuna [11], and XGBoost
[12] to increase model performance. This st?milizzs three
different datasets: academic data from the Faculty of
Engineering, Islamic University of Riau (UIR), tweet data
from social media X, and diabetes disease data from Kaggle.
Each nﬂel is tested using a 70:30 data split.

The main goal of this research is to develop effective
classification models to improve accuracy across various
types of datases [@:umbining careful experiments with
the appli@u of state-of-the-art techniques in Machine
Learning, this study aims to provide a deeper understanding
of the performance of classification algorithms in diver§H
data contexts. Through this research, it is also expected to
pave the way for the development of more suphisrickmand
effective classification models in the future, and also make a
significant contribution to the understanding of the use of
classification algorithms in various practical applications.
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II. METHOD

In picture 1, the developed model for testing can be seen.

Hypermaramator Tuning
Labsiing (Opuuna)

Support Vector Machine (SVH] Gaussisn Haive Bayes (GNB)
SMOTE + SVM Linier SMOTE + GNB Linier
SMOTE + SVM + Optuna SMOTE + GNB + Optuna
SMOTE + SV + XGBoost SMOTE + GNB + XGBoost
SMOTE + SVM + XGBoost SMOTE + GNB + XGBoost
+ Optuna +Optuna

Fig. 1. Maodel Development

A. Dataset

The dataset in this study cumts of 2 datasets. The first
dataset is academic data from the Faculty of Engineering,
Islamic University of Riau in 2016. Dataset 1 comprises
1282 records of students who have completed their thesis
courses. Dataset 2 is sourced from social media X and
includes 10,001 records. Dataset 3 is obtained from diabetes
disease data on Kaggle, containing 768 records.
B. Labelling

Labeling data in dataset 1 involves 4 categories: DropOut
(DO), Graduated On Time, Graduated Late, and Stopped.
The labeling process follows these rules:

1. A student is labeled as DropOut (DO) if they exceed
the specified time limit of 14 semesters or if they commit
a serious violation.

2. A student is labeled as Graduated On Time if they
graduate in semester 7, 8, or 9.

3. A student is labeled as Graduated Late if they graduate
after 9 semester
4. A student 1s labeled as Stopped if they do not register
for a thesis or if they discontinue their studies in a
specific semester.

Dataset 2 cons of Twitter data categorized into 3
labels: positive, negative, and neutral sentiments. Dataset 3
is divided into 2 labels: diabetes and non-diabetes. In the

eling process of this study, each label is not balance, so
data balancing is performed using the SMOTE method.
SMOTE (Synthetic Minerity Over-sampling Technique) is
an oversampling technique where new minority class
instances are generated to match the number of majority
class instances [13].

C. Preprocessing

Dataset 1 and 3, after being labeled, the data
standardization is taking place using the Standard Scaler.

The Standard Scaler is applied to ensure data has a
consistent scale and range. Additionally, the Standard Scaler
has another benefit which is more stable handling of outliers
compared to some other normalization methods. Outliers
can heavily influence other normalization methods, but the
Standard Scaler relies on mean and standard deviation,
which are less affﬂed by extreme values. Meanwhile,
Dataset 2 wuses data cleaning, case folding, text
normalization, tokenizin, filtering, and stemming [14].

D. Model

Then this research conducted several test with
various models, table 1 represent the model that constructed

in this research
TABLE L EXPERIMENTS CONDUCTED IN THIS RESEARCH
No | Researcher Trial Accuracy
1 [15] Support Vector Machine 85.40%
(SVM) Algorithm
2 [16] SVM + Hyperpameter 63.81%
(Random Search)
3 [17 SVM + XGBoost 79%
4 - SVM + XGBoost + -
Hyperparameter
5 [18] Gaussian Naive Bayes 96%
(GNB) Algorithm
3 [19] GNB + Hyperparameter 93.2%
(Genetic Algorithm)
7 [12] GNB + XGBoost 81.55%
8 - GNB + XGBoost + -
Hyperparameter

Table 1 presents the experimental results from some
studies applying various combinations of classification
algorithms  and uptimi@m techniques  on  different
datasets. From the table, 1t can be seen that research using
the Gaussian Naive Bayes (GNB) algorithm achieved the
highest accuracy at 96%. However, there is vafEfon in
accuracy results among other studies. For instance, using the
Support  Vector Machine (SVM) algorithm  with
Eperparameter  optimization  (Random  Search) only
achieved an accuracy of 63.81%, which is significantly
lower compared to GNB. This finding highlights the
importance of selecting appropriate classification algorithms
and optimization techniques to achieve optimal accuracy in
cation tasks. However, there are 2 models that
have not been found from previous research that combine
this, namely SVM + XGBoost + Hyperparameter and GNB
+ XGBoost + Hyperparameter. This research will use
Opala as the hyperparameter used in this research

Optuna is a library that can automate the process of
parameter tuning. Not only that automate this process, but
Optuna also includes effective search algorithms that make
the search process more efficient [11].

E. Performance Evaluation

The performance evaluation in this study involves
assessing various classification models such as SVM and
GNB, as well as combinations of optimization techniques
B: Optuna and XGBoost, across three distinct datasets.
Metries including accuracy, precision, recall, and F1-Score
are employed to comprehensively cvaluate model
effectiveness. Accuracy measures the overall correctness of
predictions relative to the total number made. Precision
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gauges @ accuracy of positive predictions, indicating how
many correctly predicted positives exist among all positive
predictions. Recall as s the cumpltterﬂs of positive
predictions by determining how many actual positive
instances were correctly identified by the model. The F1-
Score, being the harmonic mean of precision and recall,
provides a balanced measure that considers both metrics.
This evaluation framework aims to understand each model's
capability to handle diverse datasets and identifies optimal
combinations of optimization techniques to enhance
performance. Additionally, analyzing prediction errors helps
uncover scenarios where models struggle and identifies
underlying data patterns contributing to these errors. Such
insights contribute to refining classification models for
future applicaty across varied data contexts.

III. RESULT AND DISCUSSION

The results of the research are as follows:

platform using t Support Vector Machine (SVM)
algorithm. The results show that usingnthe SMOTE
technique alongside linear SVM achieves an accuracy of
94%, with precision, recall, and F1-Score all at the same
level. Furthermore, combining SMOTE with SVM and
mluying the Optuna optimization algorithm increases the
accuracy to 96%, with optimal precision, recall, and FI-
Score. Next, employing mOTE with SVM and the
XGBoost algorithm results in an accuracy of 93%, with
consistent precision, recall, and F1-Score rates. Finally,
using a combinat of SMOTE, SVM, Optuna, and
XGBoost achieves the highest accuracy of 97%, with
optimal precision, recall, and F1-Score rates. From the table,
it can be concluded that utilizing optimization techniques
such as Optuna and integrating them with the XGBoost
algorithm significantly enhances the performance of
classification models on Twitter data.

TABLE IV DATA DIABETES
TABLE L. SVMDATA AKADEMIK Model Accuracy | Precision Recall F1-Score
Model Accuracy | Precision | Recall F1-Score SMOTE + SVM 8% T8% 8% 78%
SMOTE + SVM 91% 91% 91% 91% Linier
Linier SMOTE + SVM + 80% 80% 80% 80%
SMOTE + SVM + 100% 100% 100% 100% Optuna
Optuna SMOTE + SVM + 3% T3% 3% 3%
SMOTE + SVM + | 95% 96%% 95% 95% XGBoost
XGBoost SMOTE + SVM + % T8% 1% 7%
SMOTE + SVM + 100% 100% 100% 100% Optuna +
Optuna + XGBoost
XGBoost

Table 2 presents the evaluation results of varifiB3
classification models applied to academic data using the
Support Vector Machine (SVM) algorithm. The finding
shows that usirnthe SMOTE technique alongside linear
SVM achieves an accuracy of 91%, with corresponding
precision, recall, and Fl-Score all at the same level
Furthermore, combining SMOTE with S}l and using the
optimization algorithm Optuna results in perfect accuracy of
100%, along with precision, recall, and Fl-Score also
reaching 100%. anver, employing SMOTE with SVM
and XGBoost yields an accuracy of 95%, with precision at
96%, recall at 95%. and F1-Score at 95%. Finally, utilizing
cﬂmbinmiun of SMOTE, SVM, Optuna, and XGBoost
also achieves perfect accuracy of 100%, with optimal
precision, recall, and Fl-Score rates. From the table, it can
be concluded that employing optimization techniques such
as Optuna and combining them with the XGBoost algorithm
significantly enhances the performance of classification
models on this academic dataset.

Table 4 presents the evaluation results of various
claﬂaﬁﬂn models applied to diabetes-related data using
the Support Vector Machine (SVM) algorithm. The results
indicate that uffle the SMOTE technique alongside linear
SVM achieves an accuracy of 78%, with precision, recall,
and Fl-Score all at the same level. Furthermore, combining
SMOTE with SVM and employing the Optuna optimization
ngurithm mncreases the accuracy to 80%, with optimal
precision, recall, and Fl-Score. However, using SMOTE
with SVM and the X(@Joost algorithm results in slightly
lower accuracy at 73%, with consistent precision, recall, and
F1-Score rates. Finally, using a comlnation of SMOTE,
SVM, Optuna, and XGBoost achieves an accuracy of 77%,
with relatively stable precision, recall, and F1-Score rates.
From the table, it can be concluded that utilizing
optimization techniques such as Optuna and integrating
them with the XGBoost algorithm improves the
performance of classification models on diabetes data,
although the accuracy levels vary depending on the
combination used.

TABLE LI SVM DATA TWITTER TABLE V. GNB DATA ACADEMIC
Model Accuraey | Precision Recall F1-Score Model Accuracy | Precision Recall F1-
SMOTE +SVM 94% 94% 94% 94% Score
Linier SMOTE + GNB 90% 90% 0% 90%
SMOTE + SVM + 96% 96% 96% 96% SMOTE + GNB + 91% 91% 1% 91%
Optuna Opiuna
SMOTE + SVM + 93% 93% 93% 93% SMOTE + GNB + 95% 96% 95% 95%
XGBoost XGBoost
SMOTE + SVM + 97% 9% 9% 97% SMOTE + GNB + 9% 9% 1% 91%
Optuna + Optuna +
XGBoost XGBoost
Table 3 presents the evaluation results of various Table 5 shows the evaluation results of various

classification models applied to data from the Twitter
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Gaussian Naive Bayes (GNB) algorithm. From the table, it
is observed lh using the SMOTE technique alongside
GNB achieves an accuracy of 90%, with precision, recall,
and F1-Score all at the same level. When combined with the
Optuna  optimization algorithm, rhaccul'acy slightly
increases to 91%, maintaining optimal precision, recall, and
F1-Score. Furthermore, employing SMOTEN with GNB and
the XGBoost algorithm yields the highest accuracy of 95%,
with precision at 96% and recall and Fl-Score at 95%.
However, using a combination of SMOTE, GNB, Optuna,
Efid XGBoost maintains accuracy at 91%, with consistent
precision, recall, and Fl-Score rates. From the table, it can
be concluded that utilizing optimization techniques such as
Optuna and integrating them with the XGBoost algorithm
significantly enhances the performance of classification
models on academic data. The accuracy levels vary
depending on the combination used, highlighting the
importance of selecting appropriate techniques for specific
datasets.

TABLE VL. GNB DATA TWITTER
Model Accuracy | Precision Recall F1-Score
SMOTE + GNB 68% T4% 69% 67%
SMOTE + GNB + 50% 7% 50% A44%
Optuna
SMOTE + GNB + B1% 85% 81% B0%
XGBoost
SMOTE + GNB + 54% T8% 54% 50%
Optuna +
XGBoost

Table 6 depicts the evaluation results of several
ssification models applied to Twitter data using the
an Naive Bayes (GNB) algorithm. The results show
nat using the SMOTE technique alongside GNB achieves
an accuracy of 68%, with precision at 74%, recall at 69%,
and F1-Score at 67%. However, when this combination is
supplemented with the Oplol optimization algorithm, the
accuracy decreases to 50%, with precision at 77%, recall at
50%, and Fl-Score at 44%. Furthermore, employing
n/IOTE with GNB and the XGBoost algorithm improves
accuracy to 81%, with precision at 85%, recall at 81%, and
Fl-Score at 80%. However, using a combination of
SMOTE, GNB, tuna, and XGBoost results in lower
accuracy at 54%, with precision at 78%, recall at 54%, and
F1-Score at 50%. From the table, it can be concluded that
utilizing optimization techniques such as Optuna and
integrating them with the XGBoost algorithm can enhance
the performance of classification models on Twitter data,
although there 1s variation in accuracy levels depending on
the combination used.

TABLEVIL.  GNB DATA DIABETES
Model Accuracy Precision Recall Fi-
Score
SMOTE + GNB 75% 75% 75% 75%
SMOTE + GNB + 73% T4% 3% 3%
Optuna
SMOTE + GNB + 73% 75% 3% 3%
XGBoost
SMOTE + GNB + 80% 81% B0% B0%
Optuna + XGBoost

Table 7 presents the evaluation results of several
classification models applied to diabetes-related data using
the Gaussian Naive Bayes (GNB) algorithm. From the table,
it can be seen nn using the SMOTE technique alongside
GNB achieves an accuracy of 75%, with precision, recall,
and Fl-Score all at the same level. However, when this
combination is supplemented with the Optuna optimiz§fiin
algorithm, the accuracy slightly decreases to 73%, with
precision, recall. and F1-Score remaining stable. Similarly,
using SMOTE with GNB and the XGBoost algorithm yields
similar results, with accuracy and other evaluation metrics
remaining relatively stable around 73%. However, the
combination of SMOTE, GNB, Optuna, and XGBoost
improves accuracy to 80%, with optimal precision, recall,
and Fl-Score. From the table, it can be concluded that
utilizing optimization techniques such as Optuna and
integrating them with the XGBoost algorithm can enhance
the performance of classification models on diabetes data,
although there is variation in accuracy levels depending on
the combination used.

Based on & evaluation results from those tables, it can
be concluded that the use of optimization techniques such as
Optuna and integration with the XGBoost algorithm
consistently improves the performance of the classification
model, regardless of the nature and type of data used.

To give more comprehensive analysis, this study include
several key aspects. Firstly, performance comparison
evaluations of various classification models such as SVM
and GNB, as well as combinations of optimization
techniques like Optuna and X ost, were conducted on
three different datasets. Model performance was measured
using metrics such as accuracy, precision, recall, and F1-
Score to iden which models performed best in the
context of each dataset. The findings indicate that the model
combining SMOTE, SVM, and Optuna achieved the best
results with lDlJ“/e:curacy on the academic dataset. On the
Twitter dataset, the combination of SMOTE, SVM, and
Optuna+XGBoost achieved the highest accuracy of 97%,
while on the diabetes dataset, the combination of SMOTE,
GNB, and Optuna+XGBoost achieved 80% accuracy.

The influence of optimization techniques was also
deeply analyzed. Optuna was utilized for hyperparameter
optimization, significantly increase the performance of the
classification models by helping to find the best parameter
sets that maximize accuracy and other evaluation metrics.
Additionally, the integration of XGBoost, known for its
ability to handle imbalanced data and improve model
performance, also showed significant performance
improvements in several datasets.

Error analysis was conducted to understand prediction
errors in the model, including false positives and false
negatives. This analysis helps in comprehending specific
conditions where the model fails and identifying patterns or
data characteristics that lead to these errors. It is crucial for
improving models in the future.

Performance variation based on datasets was also
analyzed. The classification models showed the best
performance on the academic dataset, achieving the highest
accuracy of 100%. Despite the Twitter dataset being more
complex and diverse, the optimized models also
demonstrated very good performance, indicating that the
optimization techniques used are effective in handling
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varied social media text data. On the diabetes dataset, model
performance showed greater variation, with the best model
achieving 80% accuracy. This suggests that medical data
may require specific approaches and more optimization to
achieve optimal performance.

With this much deeper approach, this research not only
provides performance evaluation results but also a
comprehensive analysis of how and why certain models
outperform others. It offers further insights into research
directions in the future as well.

IV. CONCLUSION

Overall, the evaluation results from the tables shows the
relative performance of various classification models in
processing different datasets. Meanwhile, the conclusions
provide an overview of the use of optimization techniques
and recommendations for future research.

Tln evaluation results provide concrete information
about the accuracy, precision, recall, and F1-Score from each
classification el on the datasets used. This helps 5
the relative perfurmance of each model and algorithm
combination with clear evaluation metrics.

On the other hand, the conclusions provide a summary of
E\iﬂ findings and explore further implications. This includes
recommendations for future research, such as the
development of more advanced optimization techniques or
exploring models on more diverse datasets. Conclusions may
also include a brief reflection on the key findings and their
relevance in wider research contexts.
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