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ARTICLE INFO ABSTRACT

Article History: This study compares the performance of Decision Tree and Naive

. Bayes classifiers in classifying gliomas based on clinical and
Re%elvc_ad l\illzrcr: ig gggg molecular factors. The dataset consists of 839 patient records with
A ews{ed Apr!l 27’ 2025 features including Grade, Gender, Age, Race, and gene mutation
ccepted Aprit 27, status. The evaluation showed that the Decision Tree classifier
achieved 98% accuracy on the training data and 76% on the test data,

Keywords: while the Naive Bayes classifier obtained 74% and 71% accuracy,
o respectively. Both models demonstrated strong predictive ability, with
Clinical Factors feature importance analysis highlighting the IDH1 gene mutation as a
Decision Tree Classifier significant factor in glioma classification. This study aims to identify
Glioma Classification the most effective method for supporting clinical decision-making in
~ Molecular Factors glioma diagnosis. It contributes to the development of medical
Naive Bayes Classifier decision support systems and provides insight into the application of
machine learning models, particularly in utilizing molecular markers

such as IDH1.
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1. INTRODUCTION

Glioma is a type of brain tumor that has a high degree of heterogeneity, both in clinical and molecular
aspects (Barthel et al., 2022; Becker et al., 2021). Accurate diagnosis and proper classification are
essential for determining effective therapeutic strategies and improving patient prognosis (Mirbabaie
et al., 2021; Zubair et al., 2021). In recent years, machine has become a tool that has been widely
used in the field of health, especially in complex data analysis and classification. (Jayatilake &
Ganegoda, 2021; Saturi, 2023). Decision Tree and Naive Bayes methods are two approaches that
are frequently used in medical data classification due to their respective advantages in interpretability
and ability to handle probabilistic data (Kopitar et al., 2020; Vellido, 2020). However, the effectiveness
of these two methods in glioma classification that considers clinical and molecular factors
simultaneously still needs to be further investigated.

Although many studies have explored the application of machine learning in glioma
classification, there is no consensus on the most optimal method to use in a clinical context. Decision
Tree is known for its ability to generate models that are easy to interpret, but often lacks accuracy in
handling high-dimensional data (Syahputri & Hasibuan, 2024; Wang et al., 2020). Meanwhile, Naive
Bayes can handle probabilistic data well, but has limitations in managing correlations between
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variables (Wickramasinghe & Kalutarage, 2021). Therefore, this study aims to compare the
performance of both methods in glioma classification based on clinical and molecular factors.

Research conducted by Widya et al. (2023) shows that Decision Tree C4.5 algorithm for lung
cancer classification to aid early detection. The dataset consists of 309 samples with 16 symptom
attributes. The test results showed 89% accuracy, 70% precision, and 74.5% recall, indicating that
the algorithm is effective for lung cancer prediction. On the other hand, a study by Yang et al. (2020)
sdeveloped a neoadjuvant chemotherapy (NAC) response prediction model in breast cancer using
the Naive Bayes algorithm. Data from 287 patients were analyzed based on the expression of 17
candidate genes. The results showed that the model had a sensitivity of 84.5% and specificity of
62.0%, with a higher pathologic complete response (pCR) rate in patients classified as sensitive
(42.3% vs 7.6%). This model could potentially aid the prediction of NAC effectiveness for more
precise treatment. In addition, research by Reddy et al. (2022) which compared Decision Tree and
Naive Bayes algorithms in predicting cardiovascular disease using Heart Failure Dataset. The results
show that Naive Bayes has higher accuracy (86%) than Decision Tree (82%), with better precision
and recall. This proves that Naive Bayes is more effective for cardiovascular disease prediction,
aiding data-driven early diagnosis. Previous research has shown that Decision Tree and Naive Bayes
are effective in the classification of various diseases. Therefore, this study will apply both algorithms
to glioma classification, to assess their accuracy and effectiveness in supporting early diagnosis.

This study aims to compare the performance of Decision Tree and Naive Bayes methods in
classifying gliomas based on clinical and molecular factors. The comparison is based on evaluation
metrics such as accuracy, sensitivity, specificity and processing time. Thus, this study is expected to
identify the most optimal method in supporting the diagnosis and clinical decision-making process.
Most previous studies have only focused on analyzing clinical or molecular factors separately in the
classification of a disease. This has led to a lack of a thorough understanding of the interaction
between clinical and molecular factors in the context of prediction and diagnosis Meizoso et al.
(2021). In addition, there is no comprehensive study that directly compares Decision Tree and Naive
Bayes in the same study for glioma classification by considering both factors. Therefore, this study
contributes to filling the gap by exploring both methods simultaneously.

The novelty of this study lies in the comprehensive approach of comparing two
popular machine learning methods for glioma classification by considering clinical and molecular
factors simultaneously. The results of this study are expected to significantly contribute to the
development of medical decision support systems in glioma diagnosis, as well as provide new
insights into the effectiveness of Decision Tree and Naive Bayes methods in processing complex
medical data. The justification for this research is based on the urgent need for classification methods
that are not only accurate but also efficient and easy to interpret in clinical practice.

2. RESEARCH METHOD
In this study, the methods used are machine learning with Decision Tree Classifier and Naive Bayes
Classifier algorithms. The research flow is shown in Figure 1.
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Figure 1 Research Method

The dataset used in this study was obtained from a validated public medical database related
to diabetes risk factors from UC Irivine Repository (Tasci et al., 2022). The dataset consists of 839
patient data with relevant features for glioma classification.

Data Selection

The retrieved data was processed in the Python version 3.10.0. and Google Colab.
Snippets of data to be further processed are shown in Table 2 and Table 3.

Table 1 Pieces of Research Dataset

Grade Gender Age at diagnosis Race IDH1 TP53 ATRX PTEN EGFR CIC MUC16 PIK3CA
0 51.3 0 1 0 0 0 0 0 1
0 0 38.72 0 1 0 0 0 0 1 0 0
0 0 35.17 0 1 1 1 0 0 0 0 0
0 1 32.78 0 1 1 1 0 0 0 1 0
0 0 3151 0 1 1 1 0 0 0 0 0
Table 2 Continued Pieces of Research Dataset
NF1 PIK3R1 FUBP1 RB1 NOTCH1 BCOR CSMD3 SMARCA4 GRIN2A |IDH2 FAT4 PDGFRA
0 0 1 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0
0 1 0 0 0 0 0 0 0 0 1 0
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Data Pre-Processing

In the pre-processing stage, there is no need to make many changes to the data that will be
used in the machine learning model because the data is clean, neat, and ready to be processed in
the next stage. There are few changes made, namely to the Age at diagnosis variable which
previously had a float data type to int with age rounding. Then the Age_at_diagnosis variable is also
normalized using MinMaxScaler which produces a value between 0 and 1. After that, the next stage
the Grade variable is selected as the target, and the other variables become Features.

Table 3 Variable Description

Variable Name Role Description Interpretation
. . . 0="LGG"
Grade Target Glioma grade class information 1 = "GBM"
Gender Feature Gender 0 f "male N
1 ="female
Age_at_diagnosis Feature Age at diagnosis Years
0 = "white"
1 = "black or african
. . American"
Race Feature Excessive thirst 2 = "asian"
3 ="american indian or
alaska native"
P 0 =NOT_MUTATED
IDH1 Feature isocitrate dehydrogenase 1 = MUTATED
: 0 =NOT_MUTATED
TP53 Feature tumor protein p53 1 = MUTATED
. 0 = NOT_MUTATED
ATRX Feature ATRX chromatin remodeler 1 = MUTATED
! 0 =NOT_MUTATED
PTEN Feature phosphatase and tensin homolog 1 = MUTATED
f 0 =NOT_MUTATED
EGFR Feature epidermal growth factor receptor 1 = MUTATED
CIC Feature capicua transcriptional repressor 0= NOT_MUTATED
1=MUTATED
. . 0 =NOT_MUTATED
MUC16 Feature mucin 16, cell surface associated 1 = MUTATED
phosphatidylinositol-4,5-bisphosphate 3-kinase 0 =NOT_MUTATED
PIK3CA Feature catalytic subunit alpha 1=MUTATED
" . 0 = NOT_MUTATED
NF1 Feature neurofibromin 1 1 = MUTATED
L . . 0 =NOT_MUTATED
PIK3R1 Feature phosphoinositide-3-kinase regulatory subunit 1 1 = MUTATED
- . 0 =NOT_MUTATED
FUBP1 Feature far upstream element binding protein 1 1 = MUTATED
i 0 = NOT_MUTATED
RB1 Feature RB transcriptional corepressor 1 1 = MUTATED
0 =NOT_MUTATED
NOTCH1 Feature notch receptor 1 1 = MUTATED
0 =NOT_MUTATED
BCOR Feature BCL6 corepressor 1 = MUTATED
. . . 0 = NOT_MUTATED
CSMD3 Feature CUB and Sushi multiple domains 3 1 = MUTATED
SWI/SNF related, matrix associated, actin _
SMARCA4 Feature dependent regulator of chromatin, subfamily a, 0 : NOT_MUTATED
1=MUTATED
member 4
glutamate ionotropic receptor NMDA type 0 =NOT_MUTATED
GRIN2A Feature subunit 2A 1 = MUTATED
L 0 = NOT_MUTATED
IDH2 Feature isocitrate dehydrogenase 1 = MUTATED
. . 0 = NOT_MUTATED
FAT4 Feature FAT atypical cadherin 4 1 = MUTATED
. 0 =NOT_MUTATED
PDGFRA Feature platelet-derived growth factor receptor alpha 1 = MUTATED
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Table 3 menampilkan informasi mengenai variabel yang digunakan pada penlitian ini, terdiri dari
variabel target dan fitur-fitur pendukung. Variabel target adalah Grade, yang mengklasifikasikan
tingkat glioma menjadi LGG (Low-Grade Glioma) dan GBM (Glioblastoma Multiforme). Fitur-fitur
lainnya mencakup data klinis seperti Gender, Age_at_diagnosis, dan Race, serta berbagai fitur
molekuler yang menunjukkan status mutasi gen, seperti IDH1, TP53, EGFR, dan lainnya, dengan
nilai 0 untuk NOT_MUTATED dan 1 untuk MUTATED.

Split Data and Training Data

Before performing data training, training and test data are performed with 80% of training
data, i.e. 671 data records and 20% of test data, i.e. 168 data records, i.e. 671 data records and 20%
of test data. Next, use the Naive Bayes Classifier - algorithm to run the training process for the
training data to obtain the classification patterns that are applied to the test data.

Decision Tree Classifier

Decision Tree could be a tree-shaped demonstrate utilized for classification and choice
making (Nikita & Nikitas, 2020; Suresh et al., 2020). Nodes represent the test data, branches show
the results, and leaf nodes are the output classes (Buntine, 2020). The root node is the main node
of the tree. This algorithm calculates the entropy value of each attribute to measure uncertainty, and
then compares the Gain value to select the best attribute to split the data (Priyanka & Kumar, 2020;
Thomas et al., 2020).

Entropy is calculated by :

n
Entropy(S) = z —pi * log, pi Q)

i=1

The higher the entropy, the more disorganized the data, meaning that the data is evenly spread
across the various classes. Conversely, if the entropy is low, the data is more concentrated in one
class (Abrori & Fatah, 2025).
While Gain is formulated as:

Gain(S,A) = Entropy(S)

n
S
—Z%* Entropy(S;) 2)
i=1

Gain indicates the effectiveness of attribute A in dividing the data. The larger the Gain value, the
better the attribute is at reducing uncertainty. The attribute with the highest Gain is selected as the
node in the Decision Tree (Abrori & Fatah, 2025).
Naive Bayes Classifier

Naive Bayes classification uses the principle of maximum likelihood estimation to classify
samples into the most likely category (Chen et al., 2021; Ren et al., 2022). The following are the
steps in training the model and making predictions using naive bayes. For each class P(C;), the prior
probability is calculated based on the proportion of classes in the training data (Jogo et al., 2023):

Number of data in the C; class

P = Total number of data )
The likelihood for data X=(x1,x2,....xn)X = (x_1, x_2, ..., Xx_n)X=(x1,x2,...,xn) given class C; is
calculated by assuming that each feature x,, is independent. Then:
n
Pxicy =] [Pacico @)
k=1

For Gaussian Naive Bayes, P(x; | (;) is calculated using a normal (Gaussian) distribution for each
feature x; in class C;
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1 2
P(x, | C) = —exp (—T %)
ik

Description:
WUir is the mean of feature x; in class C;,
o is the variance of feature x, in class C;.

The posterior probability for class C_i, given the data X, is calculated using Bayes' Theorem:
_P(X1C)HP(C) 6

P(CiIX) = =505 (6)

Description:

P(X | C;) is the likelihood (as calculated above),

P(C;) is the prior probability for class C;,

P(X) is the evidence (probability of X), which is the same for all classes and is often ignored when

comparing between classes.

The model will predict the class that has the highest posterior probability. In other words, the model
chooses the class C; that maximizes the value of P(C; | X ):

max
G [P(X | C)P(C)] (7)

Carg

Classification

After training the data with the Decision Tree Classifier and Naive Bayes Classifier algorithms
and obtaining a classification model, the next step is to perform classification using both algorithms
on the test data.

Evaluation

After completing the classification process, the next step is to evaluate the classification
results. At this point, the accuracy, accuracy, recall, and F1 score values are calculated using a
confusion matrix. A confusion matrix is a matrix that shows the actual and predicted classification
results of LXL size, where L is the number of labels or classifications, and L is the number of classes
(Rayhan & Setyohadi, 2021). In this study, a 2x2 confusion matrix is used because it contains two
(2) lettering/classes The terminology for the 2x2 confusion matrix is shown in Figure 2 below.

A

TRUE | FN TP

ACTUAL

FALSE| TN FP

FALSE | TRUE

PREDICTED

Figure 2 Confusion Matrix 2x2

The values for accuracy, precision, recall, and f1-score can be calculated using the
following equations (Maulana et al., 2024) (8) - (11).

| _arw
ACCUraCy = (TP+TN+FP+FN) (8)
Precision = (TP+FP) (9)
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_ TP
Recall. — m (1 O)
F1-Score =2*Preaswn*Recall (1 1 )

Precision+Recall

To identify the most influential features in classifying glioma disease, we use Feature
Importance and Feature Impact graphs. The Feature Importance graph, generated by the Decision
Tree algorithm, measures how often a feature is used in decision-making (Saarela & Jauhiainen,
2021). Features frequently used for data splitting play a greater role in prediction. The contribution
of each feature is evaluated based on how much the tree's uncertainty decreases with each split.
Gini impurity can be calculated by the formula (Arya Darmawan et al., 2023):

Gini(t) = 1 — Z p? (12)

Where p; is the proportion of samples for each class i. After the split is performed, the
impurity reduction is calculated by comparing the impurity before and after the split, and then this
reduction is summed up for all nodes where the feature is used. The importance of a feature is then
obtained from the total impurity reduction multiplied by the proportion of samples affected at each
node (Scornet, 2023).

The Feature Impact graph, generated by the Naive Bayes algorithm, measures each
feature's impact on classification (Wickramasinghe & Kalutarage, 2021). Features with higher impact
values play a more significant role in influencing the model’s predictions. This impact is calculated
using the average parameter (8), which represents the distribution of feature values across different
classes.

Assuming feature independence, the impact of a feature is determined by the absolute
difference in the mean values of that feature between classes:

ImpaCt(f) = |.uflclass:1| _:uflclass=0|| (13)

The larger this difference, the greater the feature’s impact on distinguishing between
classes in the Naive Bayes model. This approach highlights how much each feature’s distribution
varies between the two classes, making it easier to identify the most influential features for
classification

3. RESULT AND DISCUSSIONS

As shown in Figure 3, the data training process performed on train data of

16 data records using the decision-making tree classifier and naive Bayes classification led
to test data of 10 data records using one classification.

Accuracy Comparison of Decision Tree and Naive Bayes Models
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Figure 3 Accuracy Comparison of Decision Tree and Naive Bayes Models
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Figure 3 shows that the classification of training data and test data with the Decision Tree Classifier
algorithm shows quite good results with the achievement of accuracy on training data of 98% and
test data of 76% and with the Naive Bayes Classifier algorithm shows quite good results with the
achievement of accuracy on training data of 74% and test data of 71%. Below is a confusion matrix
for evaluating classification results performed by two algorithms, as shown in Figure 4 and Figure 5.

Confusion Matrix of Decision Tree Confusion Matrix of Naive Bayes
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Figure 4 Confusion Matrix of Decision Tree Classifier Figure 5 Confusion Matrix of Naive Bayes Classifier

Based on the 2x2 confusion matrix in Figures 4 and 5, the prediction to determine the
classification is done on 168 records. For the Decision Tree classifier (Figure 4), the prediction results
for class 0 are 81 true negatives and 17 false negative, while class 1 has 44 true positives and 26
false positives. For the Naive Bayes classifier (Figure 5), the prediction results for class 0 are 52 true
negative and 46 false negative, while class 1 has 68 true positives and 2 false positives.

Pertormance of Declsion Tree: Performance of Naive Bayes:
Accuracy: ©.7448476198476191 Accuracy: ©.7142857142857143
Classification Report: Classification Report:
precision recall fi1-score precision recall fl-score support

8.83 8.79 g - - 0.63
8.63 8.67 - 6 .S 8.74

accuracy 8.74 = accuracy 8.71
macro avg 8.73 68 macro avg : : 8.71
weighted avg 8.74 68 weighted avg . .7 8.71

Figure 6 Performance of Decision Tree Classifier Figure 7 Performance of Naive Bayes Classifier

To determine the performance of the algorithm in classifying glioma disease, an evaluation
was conducted by calculating accuracy, precision, recall, and fl-score. For the Decision Tree (Figure
6), the resulting accuracy was 74%, with average values for precision, recall, and f1-score of 74%,
74%, and 74%, respectively. For the Naive Bayes classifier (Figure 7), the resulting accuracy is 71%,
with average values for precision, recall, and fl1-score of 81%, 71%, and 71%, respectively. These
results show that the Decision Tree classifier performs slightly better in classifying glioma diseases
with higher accuracy and consistency compared to the Naive Bayes classifier.

Furthermore, to find out which features have the most impact on the classification of glioma
disease, we can look at two graphs, namely Feature Importance and Feature Impact. Both graphs in
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Figure 8 and Figure 9 illustrate how much each feature or variable contributes in classifying glioma
disease.

Feature Importance - Decision Tree
IDH1

Age_at_diagnosis -

Feature
Z
w

Pik3r1 I
RB1
PIK3CA
FUBP1 §
acq
SMARCAY
CcsMD3 |
NOTCHL 1
0.0 01 0.2 0.3 0.4 05
Importance

Figure 8 Feature Importance Decision Tree Model

In the graph in Figure 8, the IDH1 feature has the highest importance, followed by features
such as Age_at_diagnosis, IDH2, Race, and Gender. This shows that the IDH1 gene mutation is the
most influential factor in the classification of glioma diseases according to the Decision Tree model.

Feature Impact - Naive Bayes

53
Fusp1 -
noTcH1 -
re)
muc1c I
Gender -
Race -
Pik3R1 -
pH2
NF1 4
GRIN2A
SMARCA4
PDGFRA {
PIK3CA |
€5MD3 4
FAT4 4
BCOR 4
00 01 02 03 0.4 05 06 07
Impact

Feature

Figure 9 Feature Impact Naive Bayes Model

In Figure 9, IDH1 also takes the top spot, followed by features such as ATRX, PTEN, and
Age_at_diagnosis. This confirms that the presence of a gene mutation in IDH1 is very influential in
increasing the likelihood of someone being diagnosed with glioma.

By comparing the two models, the IDH1 feature is consistently the most influential factor in
glioma classification. In both the Decision Tree and Naive Bayes models, IDH1 always took the top
spot in terms of contribution to the prediction process. This confirms that the IDH1 gene mutation
plays a significant role in distinguishing patients diagnosed with low-grade glioma (LGG) from those
diagnosed with high-grade glioma (GBM). This feature suggests that IDH1 can be used as a key
indicator in detecting and predicting the likelihood of glioma. Therefore, further analysis of IDH1 gene
mutations is essential to deepen our understanding of the genetic factors that impact this disease.

4. CONCLUSIONS
This study demonstrates that the Decision Tree Classifier outperforms the Naive Bayes Classifier in

classifying gliomas, achieving higher accuracy (74%) and more balanced precision, recall, and F1-
score compared to the Naive Bayes model's 71% accuracy. This research contributes to the field by
highlighting the critical role of the IDH1 gene mutation as the most influential feature in distinguishing
between low-grade glioma (LGG) and high-grade glioma (GBM), suggesting its potential as a key
biomarker for glioma diagnosis and prognosis. The findings underscore the potential of the Decision
Tree Classifier to improve classification reliability in medical diagnostics, offering a more accurate
and consistent method for patient assessment. Furthermore, this study introduces a novel approach
by combining clinical and molecular factors for glioma classification, which could be directly applied
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in clinical practice to support decision-making in glioma diagnosis and treatment planning. However,
the study's limitations include the relatively small dataset and the limited set of features considered,
which may not fully capture the complexity of glioma classification. Future research should focus on
expanding the dataset, incorporating additional clinical and molecular features, and exploring
advanced machine learning models to further enhance classification performance and deepen our
understanding of glioma pathogenesis.
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