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Abstract

Osteoporosis is a medical disease marked by a reduction in
bone density, which significantly increases the risk of fractures.
Osteoporosis patients do not always exhibit symptoms and
because current diagnostic techniques have limitations, early
detection is frequently needed. The osteoporosis dataset
consists of 1.958 records each containing 15 regular attributes
and 1 special attribute as the label. The attribute represented
as “1”for the presence of osteoporosis and “0” for its absence.
The primary objective is to predict an individual’s risk of
developing osteoporosis, including age, gender, bone density,
lifestyle factor, medical history, and nutritional intake of calcium
and vitamin D. To achieve this, Naive Bayes and C4.5 has
been employed. PSO is employed to identify the most relevant
features, thereby optimizing the efficiency and accuracy of the
classification models. The initial step in data preprocessing
involved handling missing values to ensure data integrity. After
implementing PSO, Naive bayes improved from 82,65% to
83,67%, while C4.5 exhibited an even greater increase, rising
from 91,07% to 96,17%. PSO significantly optimizes model,
with the most improvement in C4.5. PSO proves to be a
valuable tool for feature selection. Age and Hormonal Change
emerged as important for both models. Furthermore, Physical
Activity and Calcium Intake, which despite having varying
levels of influence, were consistently considered relevant. By
focusing on these significant attributes, enables us more
effectively monitor and recognize early signs of osteoporosis.
Identifying individuals at high risk, more effective early
detection and intervention, improving the potential for timely
management and prevention.
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INTRODUCTION

Collagen, calcium, and proteins make up
normal bone, which gives the bones their strength
[1]. Because bone resorption occurs more quickly
than bone production, bones may lose bulk and
become porous, brittle, and feeble[2].

Osteoporosis is the ternfdfor bone loss[3] and
medical disease marked by a reduction in bone
density and loss of bone microstructure quality,
significantly increasing the risk of fractures[4][5].
Over the past few decades, the prevalence of
osteoporosis has grown significantly worldwide
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and has become one of the health problems that
require serious attention[6]. Based on researcher
studies[7], the prevalence of osteoporosis in the
Asia-Pasific region shows that 10-30% of women
over the age of 40 are affected. In contrast, in the
European Union, the superiority of this medical
disease in man elderly 50 years or older is 6,6%,
increasing to 16,6% in guys aged eighty years
older. As bones become more porous and fragile
with age, osteoporosis predominantly affect the
elderly and is more prevalent in women than a
man[8].

Compared to men, women are likely to
acquire osteoporosis. Women go through phases
of pregnancy and breastfeeding, which is one of
the main causes of osteoporosis. In addition, there
are hormonal changes that occur throughout the
postmenopausal period. A considerable loss in
bone density might result from a fall in estrogen[9].
Slowly decreasing bone density is difficult for
people to recognize without a professional
medical evaluation is difficult to identify early
because do not show typical symptoms [10].
Osteoporosis must be detected early, facilitate
quicker and more efficient therapies, such as
dietary modification, vitamin D and calcium
supplementation, and medication use, to lower the
risk of severe bone fractures and other
complication[11]. However, because osteoporosis
patients do not always exhibit symptoms and
because current diagnostic techniques have
limitations, early detection is frequently
needed[12]. One of the me{fis for osteoporosis
early detection is the Dual Energy X-ray
Absorptiometry (DEXA) it is a current
technology to determine bone mineral density
(BMD)[13]. However, the DEXA method is not only
costly but also less accessible to remote
populations. In addition, when osteoporosis
patients also suffer from scoliosis, BMD dimension
the usage of power DEXA becomes less
accurate[14].

Data analysis techniques like clustering,
classification, and prediction are developing at a
faster rate than technology and data complexity,
which is creating new potential for innovation and
increased efficiency across a range of scientific
filed[15]. Researchers and practitioners are able
of make more informed decisions and more
accurate predictions using the data mining
techniques, which also aid in data classification
and p&F3rn recognition[16].

Classification methods like Naive Bayes
and Decision Tree C4.5 can be used as tffljdata
analysis techniques [17]. As we know Particle
Swarm Optimization (PSO) is employed for
optimization because it r@st, flexible, and
efficient algorithm[18]. The use Particle Swarm

Optimization (PSO) is to find the most optimal or
best value of the classification process, usually
indicated by an increase in accuracy when
compared to a model without optimization. Particle
Swarm Optimization (PSO) helps select the most
relevant features so that the model becomes
simpler and still effective[19].

Based on the provide explanation, it is
important to investigate whether the application of
PSO leads to improved evaluation metrics trough
feature optimization. Several recent studies have
implemented PSO as an optim3tion model. Dedi
et al., [20] conducted PSO on the C4.5, SVM and
the Naive Bayes algorithm. Test result indicated
that optimization leads to impfivement in
accuracy. Comparison among the Naive Bayes
and Naive Bayes with PSO, the results showed a
slight increase in accuracy, from 94,07% to
95,56%. But the precision and recall value are
quite unusual with such large discrepancy[21].
The optimization of decision tree using PSO
demonstrated increase in accuracy fronf}7,53& to
97,78%[22). The research show that the Naive
Bayes algorithm achieved an accuracy of 93,24%,
whereas the Nai’® Bayes algorithm enhance with
PSO reached a higher accuracy of 98,16%
compared to the standard the Naive Bayes[23].
Other study from [24], in the classification 4
methods were employed: DT, NB, SVM, and KNN.
The result indicate there was increase in accuracy
across all algorithms experienced an increase in
accuracy. However, the most notable
improvement was observed in SVM and KNN, with
accurdezgs reaching 98,3%.

This Eflldy aims to compare the Naive
Bayes and C4.5 algorithm, with the addition of
Particle Swarm Optimization (PSO) to enhance
both algorithms optimization and features
selection. Combining Naive Bayes and C.45 with
PSO are highly suitable for predicting
osteoporosis risk due to their specific strengths in
handling a complex data. The Naive Bayes
provides probabilistic prediction that account for
uncertainly and variability in medical data, which
is valuable for assessing various risk factors
across different patient groups. C4.5 excels at
handling complex dataset and determining the
most relevance attribute for classification such as
age, bone density, and lifestyle factors for
classification. PSO further enhances these
methods by optimizing model parameter, ensuring
more accurate and reliable prediction. The
approach is expected to yield reliable predictive
results in accuracy, precision and recall, and
identifying key predictors of osteoporosis risk.
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METHODS AND MATERIAL

The research method is depicted in figure

| Research Methodology

This diagram outlines the structured approach used in the research process |

[Start

Data Collection

(Gathering and compiling data relevant to the study)

| Data Preprocessing

(Preparing and cleaning the data for further analysis)

’ Data Validation

(Split data testing & data training)

Model Development & Analysis
(Evaluating the performance of different models)

e N T

Model 1: Naive Bayes [ | Model 2: Decision Tree C4.5 l | Model 3: PSO and Naive Bayes | [ Model 4: PSO and Decision Tree C4.5

Figure 1. Researched Methodology

The research method is designed to ensure
a systematic and structure approach. It begins
with data collection trough data acquisition,
followed by data preprocessing to prepare data
analysigf)The data validation step is crucial to
ensure the accuracy and reliability of the data.
During the model deployment process, four
different models are tested to determinefeir
effectiveness. These models include Naive
Bayes; C4.5; PSO and Naive Bayes; PSO and
C4.5.
Data Collection

The data collection was carried out using
open data acquisition techniques. It is a data
collection that contains searching, downloading
and organizing datasets that are publicly and
openly available through the Kaggle that provides
datasets for analysis and predictive model
development. Data collection involved searching
for relevant datasets to ensure that the data used
are appropriate for predicting osteoporosis. For
access to the osteoporosis dataset in this
research, please refer to the following link :
https://www.kaggle.com/code/docxian/osteoporos
is-risk-prediction/input. The osteoporosis dataset
consists of 1.958 records with 15 regular attributes
and 1 special attribute as a label. The dataset
provides a sufficient foundation for building a
predictive model, as it offers a reasonable sample
size to capture pattern related to osteoporosis.

The osteoporosis dataset is valid as itis complete,
with no missing values, which ensures no
additional data cleaning required. Furthermore,
the dataset is relevant for préficting osteoporosis
as it includes key risk factors such as age, gender,
and other medical history, it can represent the
condition effectively. With established statistical
models, like Naive Bayes and C4.5, can perform
well with moderate-sized datasets, ensuring
reliable predictions deEfjite the dataset's size. The
details of dataset are described in table 1.

Table 1. Osteoporosis Dataset

No. Attribute Description
1. Id Unique Identifier
2. Age Individual age in years
3. Gender Male, Female
4. Hormonal Change Normal,
3 Postmenopausal
5. Family History Yes, No
6. Race/Ethnicity Caucasia, Africa-
Amerik ia,

7. Body Weight Normal, Underweight

8. Calcium Intake Low, Adequate

9. Vitamin D Intake Insulfficient, Sufficient

10. Physical Activity Sedentary, Active

11. Smoking Yes, No

12. Alcohol Consumption None, Moderate

13. Medical Condition Rheumatoid arthritis,
None,
Hyperthyroidism

14. Medication Corticosteroid, None

15. Prior Factor Yes, None

16. Osteoporosis 0,1
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Table 1 contains lifestyle data including
medical history, physical activity, smoking, and
alcohol intake[25], [26]. As well as demographics
information with and without osteoporosis. It is
intended to support research in analyzing and
predicting osteoporosis risk.

Data Pre-Processing

The initial step of preprocessing in
predicting osteoporo@Fjusing Naive Bayes and
Decision Tree C4.5is data cleaning. To ensure the
accuracy and completeness of the data, the
osteoporosis dataset was analyzed. During the
initial stage of the analysis, it was confirmed that
there were no empty, missing, or incomplete
entries within the dataset. An overview of the initial
analysis indicates that the dataset in a good
condition for further analysis, as there are no
missing or incomplete data entries. This confirms
that no additional steps are necessary to address
missing data. The subsequent stage involves
building mod@ using RapidMiner, specifically
implementing Naive Bayes and C4.5 algorithm.

Data Validation

The data validation stage is¥Bsigned to
objectively assess the performance of the model
and its ability to generalize to unseen data. To
achieve this, the split data validation and cross-
validation methods was employed. The split data
validation, osteoporosis dataset comprising 1.958
records was divided into two subsets: 80% of the
data (1.566 records) was allocated for model
training, while the remaining 20% (392) fdcords)
war reserved for testing. This approach ensures
that the model’'s effectiveness is evaluated on a
separate test set, simulating its [Ekrformance in
real-world scenario. In contrast, cross-validation
divided the dataset into k equal folds, where the
model is trained on k-1 folds and tested on the
remaining fold. This process is repeated multiple
times to ensure that each fold used for testing at
least oncf] providing more comprehensive
evaluation of the model’s generalization ability.
Naive Bayes

As a machine leaffif}g algorithm, Naive
Bayes works according to Bayes’ theorem, which
relies on the conditional probability and maximum
probability of an event[27]. The Naive Bayes
calculation employed equation 1 as follows:

27
P(a/y) = P(y/a)P(a)

1
P(y) o

The Naive Bayes calculation employed
equation 1 as follows:

P(aly) : the probability of event a given that y is
true (posterior probability)

P(y/a) : the probability of eventy occurring given
that a is true

P(a) : the prior probability of event a

P(y) :the overall probability of event y
happening

This method allows us to update our beliefs
about event a based on the observation of y[28]
following Bayes’ theorem. Calculating probabilities
in Naive Bayes involved in five stages. The first
stage entailed reading the training data that has
been input into the database. The second stage
involves calculating the prior probability, which
represent the likelihood of class occurrence
without considering specific attributes. The third
stage computes the probability of each class,
assuming that each attribute is independent of the
other. The fourth stage involve selecting the class
with the having the greatest of likelihood which
indicates the likelihood of each class given the
attributes. The final stage is to derive the
classification result base on the probabilities[29].

C4.5

C4.5 workflow starts with building a
decision tree from the given training data. This
process involves selecting the most informative
attributes as nodes on the tree, the variable with
having greatest gain value will be selected as
the attribute that become the root of the tree[3@&)
Following attribute selection, smaller subsets of
the training data are created based on the attribute
values. Every data subset goes through this
recursive procedure until all the data subsets are
categorized into the same class or until a decision
tree is build and specified hagEl criteria are
satisfied[31]. In a decision tree, nodes represent
attributes, branches represent result, and leaves
represent decisions[32].

In C4.5, the calculation begins with
determining entropy using equations 2 and 3,
continues through to equation 6.

Entropy(S) = ¥n —pi * log2 pi (2)

Entropy(S) = Y¥n —pi * log, pi (3)

(4)

Entropy (S, A) = Etropy(S) - Z% » Entropy (S0)
S|
=1

. . N — Gain (s,])
RasioGain (s, j) Splitinfo(s))
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K
Splitinfo(s, j) = Z p(vlog,p(vils) (6)

i=1

Equation 4 calculates information gain, a
measure used to assess how effectively attribute
reduces uncertainty in dataset S. This measure
quantifies the reduction uncertainly (entropy)
when dataset S is partitioned based on attribute A.
First, we determine the entropy of dataset S, which
reflect the level of uncertainty or disorder within
the dataset. Next, dataset S is divided into n
subsets, Si, according to the values of attribute A
[33].

For each subset Si, we calculate its relative
size ISil/ISI and multiply it by its entropy, Entropy
Si, then sum these values cross all subset.
Information Gain is then computed as the
EAerence between the initial entropy of dataset S
and the weighted sum of the entropies of the
subset Si. Equation 5 represent the gen ratio,
which evaluated how well he attribute divides the
data while accounting for the number of resulting
divisions. Equation 6 calculated the split
information, which measures the extent to with
dataset S is partitionedZlto smaller parts based on
the values of attribute A.

Particle Swarm Optimization (PSO)

Particle Swarm Optimization (PSO) is one
of the efficacy methods influenced by the behavior
of a group in universe, especially the movement
and interaction of a group of partidE} in search of
the best possible solution. In particle swarm
optimization (PSO), a set of particles are
considered as agents moving within the range of
possible solutions. Each particle has a location
and velocity that changes over time, and they
move in the search space with goal of finding the
best solution. The interaction among particles in
Particle Swarm Optimization (PSO) is decides by
means of their ability to share information about
the location of optimal solution found by other
particles with the population[34]. In a very short
amount of time, PSO may effectively search the
targeted space and identify a close to ideal
solution [35].

The Particle Swarm Optimization (PSO)
method begins by initializing the position (Ci) and
velocities (Vi) of the particles within the swarm.
Next step, it evaluates the objective function value
for each particle (f(Ci)). The algorithm then
determines the initial personal best p(best) and
global best (gbest). The velocity is updated using
a specific an equation, followed by updating the
position of each particle. The objective function s
re-evaluated. If the new value improves upon the

12
previous best, the personal best is updated. %s
process continues until the maximum number of
iterations reached, at which point algorithm
stop, otherwise it returns to the updating the
velocity in the particle[36].

Particle Swarm Optimization or PSO can be
applied to enhance performance of Naive Bayes
and C4.5 models in a several specific ways, one
of which is through feature selection. In C4.5, PSO
helps identify most relevant features to be used in
C4.5 algorithm, improving the tree’s structure and
reducing complexity. By selecting only the
significant feature, the model can achieve higher
accuracy and better interpretability. In Naive
Bayes model, PSO can be used to select features
that the most contribute to the classification
performance, enhancing the model predictive
power. The feature selection process using PSO
depicted in figure 2.

Particle Swarm
Optimization

Naive Bayes or C4.5

Train Naive Bayes or C4.5
parameter selection

Particle fitness value evaluation | ©

Update p best and g best .

Satistied the termination
condition?

Update position and velocity

Output optimal
parameters

Classification

Figure 2. PSO process for enhancing Naive
Bayes and C4.5 models

Figure 2 outlines the process of using PSO
to enhance model training for Naive Bayes and
C4.5. it begins with a set of training samples
followed by the initialization of a swarm of particles
representing potential parameter solutions. PSO
select parameters based on current particle
positions trains the model with these selected
values. The model's performance is then
evaluated using fitness function to determine
accuracy. The particles update their positions
based on both global §Fld personal best fitness
values. This iterative process continues until a
termination condition is met, at which point the
optimal parameters are outputted. Finally, the
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model’s is retrained with these parameters,
enabling improves predictions.

Confusion Matrix

A crucial technique for assessing model
performance in data processing is called
confusion matrix, containingfPhetrics used to
assess the effectiveness of a model’s predictions
with the true values of the observed data[37].
Confusion matrix has four cells that represent the
four posffble outcomes of the classification
process: the model correctly predicts the positive
class (TP); the model incorrectly predicts Ele
positive class when it is actually negative (FP); the
model correctly predicts the negative class (TN);
and the model incorrectly predict the negative
class when it actually positive (FN)[38].

Accuracy = TP+ TN (7)
Y TN +FP+FN+7TP

Precision = TP/(FP + TP) (8)

TP

Recall = ———
FN +TP

©)

Equation 7 calculates accuracy by dividing
the number of corrections (TP and TN), by the total
amount of observed @ta. Equation 8 calculates
precision to measure the ratio of correct positive
prediction (TP) to the sum of positive predictions
generated. Equation 9 calculates sensitivity to
measure how well the model detects all instances
that belongs to the positive class[39].

RESULTS AND DISCUSSION
1. Split Validation

The first method applied in this study was
split validation, where the perform of various
model was assessed, including ive Bayes,
C4.5, PSO and Naive Bayes, also PSO with C4.5
to determine which approach yielded better result
in predicting osteoporosis.

Naive Bayes Algorithm

The first model was conducted using Naive
Bayes, the osteoporosis dataset was taken for
processing into RapidMiner, as shown in figure 3.

Aoy Mot

-
(= p ™ =~ (=~ ) =) (v g ="
£ e ") (= * - B

Prtermance 8

Figure 3. The Naive Bayes process view

Figure 3 showcases the application of the
Naive Bayes algorithm using RapidMiner. It

involves retrieving osteoporosis dataset, this initial
step is crucial as it providdiithe data necessary for
the subsequent analysis. The data split fraining
set and testing set. To build the model, the Naive
Bayes algorithm is implemented to the training
data. Subsequently, the trained model is used to
make a predition on the testing data. Finally,
performance metrics such as accuracy, precision
and recall are calculated to assess the model’s
effectiveness. The Naive Bayes algorithmalues
presented on table 2. Three evaluation metrics
such as accuracy, precision, and recall derived
from calculation (1).

Table 2. The Naive Bayes test value

No. Description Naive Bayes
1. Accuracy 82,65 %
2. Precision 91.083 %
3. Recall 72,45 %

The Naive Bayes model demonstrates at
table 2 are solid performance. However, the recall
rate is lower, suggesting the model misses some
positive instance. Overall, the Naive Bayes proves
to be a reliable and efficient classifier with strength
in precision, though there is room for improvement
in recall[40].

C4.5 Algorithm
The second model was conducted using
C4.5 algorithm, as seen in figure 4.

Figure 4. The C4.5 process view
23

Figure 4 showcases t?e implementation of
the C4.5 algorithm using RapidMiner. It involves
retrieving osteoporosis dataset, this initial step is
crucial as it provides the data necessary for the
Elbsequent analysis. The data divided into
training set and testing set. To build the model, the
method is utilized to the training data.
Subsequently, the trained model is used to make
a predictionfJon the testing data. Finally,
performance metrics such as accuracy, precision
and recall are calculated to assess the model's
effectiveness. The evaluation metrics of this
algorithm presented on table 3.

Table 3. The C.45 test value

No. Description Decision Tree
1. Accuracy 91,07 %
2. Precision 97,63 %
3. Recall 84,18 %
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The C4.5 algorithm are presented on Table
3 shows strong performance metric in the model
deployment model. It achieved an impressing
accuracy, indicating a high rate of correct
classification. The model is highly reliable when
predicting positive outcomes. The recall rate is a
significant improvement over Naive Bayes model,
suggesting that C4.5 algorithm is effectively
identified most positive instances. The C4.5 model
demonstrates high accuracy, precision, and recall.

PSO and Naive Bayes
PSO and Naive Bayes modelling show in
figure 5.

Retreve osmopores. oD

T —

Opeize veghs
(13 =
v {w =" =

Figure 5. PSO and Naive Bayes process view

The workflow begins with the retrieve
ensembles module for feature extraction, followed
by the split data module that divides the data into
subsets. The optimize weight module to optimizes
the model’s weight using PSO. The optimized data
is applied to the Naive Bayes for classification.
Finally, the performance module evaluates how
well performing models by computing various
metric. This process aims to optimize the Naive
Bayes model's accuracy tBugh weight
adjustment via PSO. Test results can be observed
in table 4.

Table 4. PSO and Naive Bayes test value

No. Description Naive Bayes
1. Accuracy 83,67 %
2. Precision 93,42 %
3. Recall 72,45 %

The provided data on table 4 involves that
after applying PSO for weight optimization, the
Naive Bayes models show improvement in
accuracy and precision, while maintaining the
same recall. This suggestfithat while PSO
optimization has enhanced the model’'s overall
correctness and precision, making it more
effective in identifying true positive cases while the
recall remains unchanged.

Table 5. Attribute weights test value

No. Description Weight Attribute
1. Most Influential 0,636 -  Gender, Smoking
1,000

2. Medium
Influence

0,242 -
0,586

Age, Hormonal
Changes, Physical
Activity
Medications,
Calcium Intake
Prior Fractures,
Medical Conditions,
Alcohol
Consumption,
Vitamin D Intake,
Body Weight,
Race/Ethnicity,
Family History

5. Irrelevant - Id

3. Less Influence 0,033 -
0,334

4. No Influence 0

Table 5 described the attribute weight
obtained from analyzing the osteoporosis dataset
using PSO and Naive Bayes. It shows that the
most influential attributes are gender and
smoking.

PSO and C4.5
PSO and C4.5 modelling show in figure 6.

PO,

Figure 6. PSO and C4.5 process view

In this workflow, data is first collected and
preprocessed. Then feature extraction is
performed to identify key attributes. The Particle
PSO is applied to efficacy the model's parameters.
Following this, C4.5 algorithm creates a model by
segmenting the data based on significEfl features,
leading to classification or predictors. The model's
effectiven@gl is assess using metrics such as
accuracy, precision, and recall. The test value can
be seen in table 6.

Table 6. PSO and C4.5 test value

No. Description C4.5
1. Accuracy 96,17 %
2. Precision 95,02 %
3. Recall 97,45 %
Table 6 demonstrates outstanding

performance in the model deployment model. By
performing this model, we seek to assess how a
feature  selection influences the model
performance and to establish the effectiveness of
the C4.5 in pinpointing the most critical attribute
for accurate prediction[41]. The attribute weights
of the test value are shown in table 7.
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Table 7. Attribute weights test value

No.  Description Weight Attribute
1. Most 0,939 - 1,000 Prior Fracture,
Influential Age, Hormonal
Changes
2. Medium 0,455 -0,684  Physical
Influence Activity,
Calcium
Intake,
Smoking,
Medical
Conditions
3. Less 0,200 - 0,280 Family History,
Influence Body Weight,
Race/Ethnicity
4. No Influence 0 Medication,
Alcohol
Consumption,
Vitamin D
Intake, Gender
5. Irrelevant - Id

Table 7 is described that prior fracture, age,
hormonal change are most influential attributes.
The comparison of attribute weight tables relative
to Naive Bayes and C4.5 reveals notable
differences. This difference is due to their distinct
methodologies. Naive Bayes assumes feature
independence, which can limit its performance
when features are correlated[42]. The C4.5 do not
rely on this assumption and are better at capturing
complex feature interactions. Additionally, the
C4.5 handled non-linier relationships more
effectively, making them more adaptable to varied
data pattern[43]. In addition to comparing
attributes weights, the evaluation matrix results
from model also compared. The results of each
modeltest are compiled into a table containing test
comparison values to facilitate analysis and
evaluation of model performances. The test
comparison values are displayed in table 8.

Table 8. Test comparison values on split
validation method

No. Model Evaluation Matrix

Accuracy  Precision  Recall

1. Naive Bayes 82,65% 91,03% 72,45%

2. C45 91,07% 97,63% 84,13%

3. PSO + Naive 83,67% 93,42% 72,45%
Bayes

4. PSO +C4.5 96,17% 95,02% 97,45%

In the term of effectiveness models based
on table 8, shows competitive result in data
classification. The C4.5 outperforms Naive Bayes
in accuracy, precision, and recall, both with and
without PSO. Without PSO, C4.5 achieved an
accuracy of 91,07% compared to Naive Bayes
82,65%. With PSO, C4.5’s accuracy increased to
96,17% while Naive Bayes improved slightly to
83,67%. Precision for C4.5 was 97,63% without
PSO and 95,02% with PSO, it still higher than

Naive Bayes precision, which increased from
91,03% to 93,42% with PSO. Recall for C4.5 was
81,48% without PSO, whereas Naive Bayes
remained consistent at 72,45%.

2. Cross Validation

The second method applied is cross-
validation. The testinfiirocess follows the same
steps as in split data validation, where the model
is trained on a portion of the data and tested on a
separate portion. In this experiment, four
combinations were evaluated: C4.5 with cross-
validation, Naive Bayes with cross-validElon,
C4.5 with cross-validation and PSO, and Naive
Bayes with cross-validation and PSO. These
combinations were used to access the
performance of each model and technique,
comparing their accuracy and generalization
capabilities on the osteoporosis dataset, while
ensuring that the model is not overly reliant on
single training-test split, which may be sensitive to
data distribution.

Naive Bayes with cross-validation§

The first model applied was Naive Bayes
with cross-validation. The data was tested starting
from k=1 and increasing up to k= 10. ThroughoE}
this process, different values of k were used to
evaluate the model's performance in term of
accuracy and generalization. The aim was to
identify the most suitable value of k that would
provide the best balance between training and
testing data. The test result displayed in table 9.

Table 9. Naive Bayes with cross-validation value

No. Description Naive Bayes
1. Accuracy 85,45%
2. Precision 94,04%
3. Recall 75,69 %

From table 9 shows that after testing each
fold, the model achieved its optimal performance
at k = 9, indicating that this value provided the
most reliable and accurate result for the dataset is
85,45%.

C4.5 with cross-validation

The second model applied was C.45 with
cross-validation. The test result displayed in table
10.

Table 10. C4.5 with cross-validation value

No. Description Naive Bayes
1. Accuracy 90,40%
2. Precision 97,94%
3. Recall 82,53%

Table 10 shows that when C4.5 with cross-
validation model was applied, the optimal result
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achieved at k = 8, yielding an accuracy of 90,40%.
This represents an improvement of 4,95%
compared to the Naive Bayes model. Additionally,
the precision and recall showed by the C4.5 model
were higher than those Naive Bayes model.
PSO and Naive Bayes with cross-validatiofg5)
The third model applied was PSO and
Naive Bayes with cross-validation. The test result
displayed in table 11.

Table 11. PSO and Naive Bayes value

PSO and
No. Description Naive Bayes
1. Accuracy 86,06%
2. Precision 95,37%
3. Recall 75,79%

Table 11 shows that when PSO was applied
to the Naive Bayes model, there was a noticeable
improvement in evaluation metrics, including
accuracy, precision, and recall. This optimal
performance was achieved at k = 4 and k = 5,
[Edicating that the integration of PSO enhanced
the model's ability to predict osteoporosis
effectively. From the test result, the attribute
weights are outlined in table 12.

Table 12. Attribute weights test value
No.  Description Weight Attribute
1. Most 1,000 EE3. Calcium

Influential Intake, Vitamin

D Intake,
Physical
Activity,
Alcohol
Consumption,
Prior Fracture

2. Less
Influence
3. No Influence 0

0,0092

Gender,
Hormonal
Changes,
Family History,
Race/Ethnicity,
Body Weight,
Smoking,
Medical
Condition,
Medication,

4. Irrelevant - Id

The table above presents a list of attributes
along with their corf§fponding weights. Key
attributes such as Age, Calcium intake, Vitamin D,
Physical activity, and Alcohol consumption all
have the highest weight of 1, indicating their strong
relevance in the model or dataset. Meanwhile,
Prior Fractures has a much lower weight of 0.092,
showing less significance in comparison. The
attributes 1d, Gender, Hormonal history, Family
history, Race/Ethnicity, Body weight, Smoking,
Medical history, and Medications all have a weight

of 0, suggesting that they were not considered
relevant or influential in this analysis.

PSO and C4.5 with cross-validation

The fourth model applied was PSO and
C4.5 with cross-validation. The test result
displayed in table 13.

Table 13. PSO and C.45 value

No Description PSO and C4.5
1. Accuracy 91,16%
2 Precision 99,39%
3 Recall 82,84%

The table 13 described that when PSO and
C4.5 were applied, there was a slightimprovement
across all metrics, though the increase was not
particular significant. The most noticeable gain
was in precision, which rose by 1,45% from
97,94% to 99,39%. The optimal performance was
achieved at k 7, indicating a modest
improvement in the model's ability to correct
classify  positive cases, though overall
effectiveness showed only minor enhancement.
The attribute weights are outlined in table 14.

Table 14. Attribute weights test value
No. Description Weight Attribute
1. Most 0,714-1,000 Age, Body

Influential Weight,

Alcohol
Consumption,
Medication,
Prior Fractures
Physical
Activity,
nder
Hormonal
Changes,
Family History,
Race/Ethnicity,
Calcium
Intake, Vitamin
D Intake,
Smoking,
Medical
Condition,
4. Irrelevant - Id

2. Less
Influence

0,328-0,428

3. No Influence 0

The table 14 categorizes attributes based
on their weight and influence on the model
performance. It identifies age, body weight,
alcohol consumption, medication and prior
fractures as the most influential, with weights
ranging from 0,714 to 1,000, indicating their
significant impact on predictions. Physical Activity
and Gender fall into the less influential category,
with weights between 0.328 and 0.428,
suggesting a moderate contribution to the model's
predictive power. In contrast, other attributes
exhibit no influence, with weights of 0. Lastly, the
attribute Id is classified as irrelevant, indicating it
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does not contribute to the analysis. After applying
the four models, conclusions can be drawn from
the evaluation result present on table 15.

Table 15. Test comparison values on cross-
validation method

No. Model Evaluation Matrix

Accuracy  Precision  Recall

1. Naive Bayes 85,45% 94,04% 75,79%

2. C45 90,40% 97,94% 82,53%

3. PSO + Naive 86,06% 95,37% 82,53%
Bayes

4. PSO +C4.5 91,16% 99,39% 82,84%

The table summarizes the performance

metrics of each model, highlighting their
respective strengths and weaknesses in
predicting osteoporosis. When comparing

between table 8 and table 15, it can be concluded
that the C4.5 model, especially when optimized
with PSO, exhibits superior performance in
predicting osteoporosis. It achieved the highest
accuracy of 96,17 in split data validation and
91,16% in cross-validation compared to Naive
Bayes. In contrast, the Naive Bayes model
improved its accuracy slightly constantly showed
lower performance, with accuracy rates of 83,67%
and 86,06,45% in the respective validation
methods. Although incorporating PSO into Naive
Bayes model improves its accuracy slightly, it
remained inferior for both the standalone C4.5 and
PSO with C4.5 models. Additionally, combination
of C4.5 with PSO is more reliable in improving
model accuracy, precision and recall, providing
better predictive performance across different
validation methods compared to Naive
Bayes[44][45], there by confirming its
effectiveness in osteoporosis prediction.

In the context of osteoporosis detection,
Particle Swarm Optimization (PSO) proves to be a
valuable tool for feature selection. By efficiently
and optimizing relevant features, PSO enhances
model performance in identifying predictors of
osteoporosis risk. The ability of PSO to refine
feature selection allows for a more accurate
understanding of which attribute are most
influential. For instance, Age and Hormonal
Change emerged as important for both models.
Age is critical factor as bone density natural
decreases over time, increasing the risk
fractures[46]. Hormonal changes, particularly in
postmenopausal women, lead to a decline in
estrogen levels, which is essential for bone
health[47]. This suggests that both algorithms
agree that age and hormonal changes are
significant indicator in osteoporosis risk. In
addition, PSO helped recognize attributes such as

Physical Activity and Calcium Intake, which,
despite having varying levels of influence on each
model, were consistently considered relevant.
Smoking has been linked to reduced bone mass
and slower healing of fractures. Regularly physical
activity, on the other hand, is beneficial as it helps
strengthen bones and improve balance, thereby
reducing the risk of fails and fractures.

One possible reason for C4.5 performance
could be its ability to handle non-linier relationship
and complex decision boundaries more effectively
than Naive Bayes, which assumes independence
between features (the Naive Bayes assumption).
In real-world osteoporosis prediction, the
relationships between risk factors (e.g., age,
gender, hormonal changes) are often non-linear
and interdependent, making C4.5 better suited to
capture these interactions. Furthermore, PSO’s
role in optimizing the decision tree structure may
provide further advantages by enhancing feature
selection and tuning parameters to maximize
predictive performance. Based on the result of the
study conducted with the PSO and Naive Bayes,
PSO, utilizing he principles of Bayes’ theorem,
was able to reduce the initial 15 features to 7
significant features that influence osteoporosis. In
contrast, when PSO was combine with the C4.5
model, its successfully selected until 10 influential
features. This indicates that the approach of
integrating PSO with C4.5 may be more effective
A identifying risk of factors for osteoporosis
compared to the Naive Bayes algorithm.

CONCLUSION

The comparative of test results indicates
that C4.5 algorithm is the most effectiffElpredicting
osteoporosis, as evidenced by its superior
accuracy, precision, and recall compared to the
Naive Bayes, this trend is consistent in both the
split data validation and cross-validation methods,
where C4.5 consistently outperformed Naive
Bayes across various metric. In additionally, the
use of PSO contributes to improving the reliability
and interpretability of the predictive models for
osteoporosis. This research concluded that age,
hormonal change, smoking, and physical activity
significantly influence develop osteoporosis.
These finding underscore the importance of
addressing these factors to mitigates the risk of
osteoporosis. This allows for preventive measures
to be implemented effectively. Preventive actions
include lifestyle modifications such as increasing
[Fsical activity to strengthen bones, ensuring
adequate intake of calcium and vitamin D, quitting
smoking to improve bone health, and managing
hormonal changes through medical consultation.
These step help in reducing the risk of developing
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osteoporosis, thereby improving overall bone [6]
health and preventing fractures.

To further enhance prediction accuracy,
one alternative method that could be imEE§mented
for predicting osteoporosis dataset is the use of
ensemble learning techniques such as Random
Forest or Gradient Boosting. These methods can
effectively handle complex interaction between
features, which may be present in osteoporosis
risk factors. Regarding PSO, the main difficulties
encountered may relate to time complexity, which  [7]
could be fFmitation, as PSO might require a
substantial number of iterations to find an optimal
solution, especially when working with more
complex models. Additionally, the study could face
limitatif# such as a small dataset size, which
affects the model’s ability to generalize to unseen
data. W) fewer data points, models are more [8]
prone to overfitting, where they perform well on the
training data but fail to generalize in real-world
applications.
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Kepada: Zulfi Anugerahwati <zulfi.2221210036@mail.darmajaya.ac.id>

Journal Name: SINERGI
Article Title: OSTEOPOROSIS PREDICTION USING NAIVE BAYES AND DECISION TREE C4.5

Dear Zulfi Anugerahwati:

We have reached a decision regarding your submission to SINERGI, "OSTEOPOROSIS PREDICTION USING
NAIVE BAYES AND DECISION TREE C4.5".

Our decision is: Revisions Required

Please revise your paper according to the reviewers’ comments. List down revision that you have done in a list
correction table. Send the revised paper and a list correction table file in Journal System and cc to
andi@mercubuana.ac.id.

We look forward to hearing from you soon.

Best regards,

Prof. Dr. Andi Adriansyah

(Scopus H-index: 10), Universitas Mercu Buana, Jakarta
Phone +62215871335

Fax +62215871335

andi@mercubuana.ac.id

Reviewer A:
The author needs to revise the comments in the attached file.

Pay attention to typos and equation errors.

Reviewer B:

+ This paper addresses osteoporosis, a condition that lowers bone density and raises the risk of fracture. To avoid
difficulties, early detection is essential, but the diagnostic tools available today are inadequate. In order to solve
this, the osteoporosis risk prediction algorithms Naive Bayes and Decision Tree C4.5 are utilised, and Particle
Swarm Optimisation (PSO) is applied to optimise feature selection and increase model efficiency and accuracy.

* The images presented in the Figure 1 are not sufficiently clear, which makes it difficult to fully interpret the data or
understand the methodology. It would be helpful to improve the resolution and clarity of the images to enhance the
reader's comprehension.

+» Does this study's dataset provide enough information to make an accurate osteoporosis prediction? Is 1,958
records a sufficient representation of the problem to build a trustworthy prediction model?

+ In what specific ways is PSO used with the Decision Tree C4.5 and Naive Bayes models? The authors should
give a more thorough explanation of how PSO chooses the most pertinent traits. lllustrative materials or graphics
might be included to better explain how PSO enhances model performance.

+ Do the authors explain the findings enough, especially in light of how they connect to the applicability of
osteoporosis detection in the real world? The reason Decision Tree C4.5 beats Naive Bayes (especially when
combined with PSO) might be explored in more detail by the writers. Additional investigation into the precise
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usually expect a minimum of 25 to 30 primarily references to recent journal articles (at least 5 (five) years)

2. Similarity report. The similarity rate should be checked using software such as iThenticate or Turnitin (the result
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3. Please attach proof of PROOFREAD LETTERS from an official language institution or pay proofread services
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qonita.azillatin@mercubuana.ac.id, cc: andi@mercubuana.ac.id within 4 (four) weeks.
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This journal is an OPEN ACCESS. The authors pay an open-access fee, or on their behalf to support the cost of
wide open access dissemination of research results, pay the deposit to CrossRef for each published articles have
a Digital Object Identifier (DOI), to manage the various costs associated with handling and editing the submitted
manuscripts, and the Journal management and publication in general.

Each accepted paper will be charged (based on the first author and first institution): USD 200 (IDR 2500K). This
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Bank Name: Bank Negara Indonesia (BNI)

Branch Office: MENTENG

City: Jakarta

Country: Indonesia



	LAMPIRAN

