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Abstract

The management of drug inventory still encounters issues related to unstable stock fluctuations, such as drug shortages and
overstocking. This condition has the potential to cause operational losses and degrade the quality of patient care. This study
aims to analyze categorized drug inventory using the K-Means Clustering and Naive Bayes algorithms. The K-Means algorithm
is employed to group drug data into three categories: low, sufficient, and excessive. The Naive Bayes algorithm is utilized to
classify and predict the status of drug inventory requirements. The dataset was obtained from RSUD Tualang over the past two
years, comprising 206 drug data points with variables including name, category, stock, price, demand, and expiration date. The
test results indicate that the K-Means algorithm successfully grouped the data into three clusters, namely Low (14 items),
Sufficient (125 items), and Excessive (67 items), while the Naive Bayes algorithm successfully classified the status of drug
inventory requirements with an accuracy of 95.63%. The findings demonstrate that the combination of Data Mining utilizing
K-Means and Naive Bayes is effective for drug inventory analysis at RSUD Tualang, thereby assisting management in
identifying inventory status and supporting more accurate, efficient, and timely procurement decision-making compared to
conventional methods previously employed.
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In previous research conducted by Medi et al., a
prediction system was developed utilizing Linear
Regression and Mean Absolute Percentage Error
(MAPE) calculations to forecast outgoing drug
quantities and drug procurement needs. The research
yielded a system with a MAPE value of 12.4% and a

1. Introduction

Rapid technological developments, especially in the
current digital era, have transformed our daily activities
and interactions [1]. This impact has become
increasingly apparent since the emergence of the Fourth

Industrial Revolution and the adoption of artificial
intelligence across various fields [2]. While technology
brings numerous conveniences, it simultaneously
introduces new challenges that require rapid adaptation
[3]. Prediction serves as a method to anticipate
unexpected future events and provide insights for
decision-making [4]. It offers a statement regarding
future occurrences, constructed not randomly or
intuitively, but based on historical data [5]. Drug
inventory prediction is a mechanism for estimating
when medications in a hospital will be depleted.
Predicting drug inventory helps determine whether
stock levels are adequate or nearing exhaustion, ensures
the appropriate quantity to treat patient conditions, and
prevents overstocking. Proper inventory management
can significantly reduce hospital financial expenditures
and minimize the disposal of expired medications [5].

system acceptance test score of 89.5% [6]. Another
study by Dhea Mei Sela and Abdul Halim Hasugian
applied the Simple Additive Weighting (SAW) method
within a web-based decision support system. Their
system was designed to assist in determining accurate
drug requirements using data obtained from the Bagan
Asahan Community Health Center[7].

Simulation results and real data analysis demonstrated
that the system provided more accurate
recommendations for drug inventory management,
alongside generating routine inventory reports that
hospital management can utilize for precise and
efficient procurement decision-making [7]1.
Furthermore, research conducted by Sarah and
Haryanto in 2024 detailed the design of a web-based
application employing the Statistical Parabolic
Projection method to estimate future drug product
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inventory quantities, aiming to address the limitations
of existing systems [8].

Data Mining is the process of extracting and processing
data containing vital information [9]. Data mining
methods encompass  various  approaches  for
comprehending and managing information [10],
extracting knowledge from databases by identifying
patterns through mathematical statistics, artificial
intelligence, and machine learning [11]. K-Means is a
prominent data mining method utilized for data
grouping or classification [12]. It is a clustering
algorithm that partitions data into K clusters based on
the shortest distance to the cluster center, or centroid
[13], with the objective of facilitating data analysis [14].
K-Means generates groupings from a dataset by
iteratively calculating the distance from each data point
to the group center [15]. A study applying K-Means,
conducted by Dudi Irawan et al., utilized a dataset
comprising 600 consumer records. The findings
indicated that segmentation with k = 2 and k = 4
revealed clearer patterns compared to k = 3, with each
cluster exhibiting distinct characteristics regarding risk
profiles, product preferences, and banking service
engagement levels [16].

Naive Bayes is a data mining method applied to address
classification problems by leveraging the concepts of
Bayes' Theorem [17]. It is a popular strategy for text
classification due to its effective matrix assumptions,
rapid implementation, and straightforward procedures,
particularly for text categorization, sentiment analysis,
and spam detection [18]. Naive Bayes is widely
recognized for its exceptionally low error rate compared
to various other classification algorithms [19]. Research
incorporating Naive Bayes, conducted by Bahri et al.,
evaluated models using cross-validation, with results
visualized via ROC curves to assess discriminatory
capability. The evaluation demonstrated that the
accuracy and Area Under the Curve (AUC) values of
the Naive Bayes model surpassed those of Support
Vector Machines (SVM), reaching an AUC of 0.901 for
Naive Bayes compared to 0.818 for SVM [20].

The process of predicting drug stock begins with the
application of Data Mining to ensure that historical data
on medication usage has been successfully collected and
managed. This prepared data is subsequently processed
using the K-Means algorithm to categorize inventory
status into low, sufficient, or excessive levels. The
segmentation results from K-Means then serve as labels
or crucial inputs for the Naive Bayes model, which
performs advanced classification to forecast future
inventory patterns, thereby enabling management to
establish proactive and accurate drug procurement
priorities.

2. Methods

This research framework focuses on three core
elements: historical drug inventory records from RSUD
Tualang spanning the last two years (the data aspect),
the integration of the K-Means Clustering algorithm for
categorization and Naive Bayes for classification (the
methodological aspect), and the translation of these
analytical findings into practical insights for hospital
administration (the system aspect). Utilizing a
quantitative Data Mining approach, the workflow is
executed systematically through distinct phases—
beginning with problem formulation, data collection,
and preprocessing, followed by algorithmic execution
via K-Means and Naive Bayes, and concluding with
result generation. This methodology was chosen for its
proficiency in handling extensive pharmaceutical
inventories to yield measurable, objective patterns and
forecasts. The scope centers strictly on predicting
medication stock levels at RSUD Tualang using
parameters such as drug nomenclature, packaging units,
classifications, starting and ending stock volumes,
pricing, consumption demand, and expiry dates.
Ultimately, these factors are categorized into three
distinct inventory conditions—low, sufficient, and
excessive—to enhance overall inventory control
efficiency, with the complete stepwise procedure
outlined in Figure 1.

Figure 1 above illustrates the research framework is a
conceptual structure that defines the core elements of a
study, encompassing several essential components that
help organize and guide scientific investigation. With
this framework, researchers can ensure that all critical
aspects are systematically covered and integrated into
the research process.

The research workflow starts with problem
identification and data collection, which is followed by
data processing involving cleaning, transformation, and
validation. The refined data is then analyzed using K-
Means clustering beginning with optimal parameter
determination, centroid initialization, data assignment,
and centroid updates resulting in three clusters. The
resulting groupings are used as class labels in the
Classification process (Naive Bayes), which includes
input attributes and cluster labels, calculation of prior
and likelihood probabilities, computation of posterior
values, class prediction, and ultimately produces the
final 3 clusters. The next stage is Program
Implementation, concluding with the presentation of
Results and Discussion.
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Figure 1. Research Framework

2.1 K-Means

K-Means Clustering is an unsupervised learning
algorithm that groups data into several clusters based on
the similarity of their characteristics or features [21].
Another approach involves the development of a set of
functions that evaluate various characteristics of the
clustering based on a number of clustering parameters
[22]. The K-Means method falls under the category of
distance-based clustering algorithms that partition data

into multiple clusters, and this algorithm can only be
applied to numeric attributes [23]. K-Means is used to
group drug data based on usage patterns or categories,
whereas Naive Bayes predicts the appropriate inventory
level for the future based on existing transaction or stock
data [24]. The K-Means process yields a newly formed
dataset with an additional cluster column, and this
information is utilized to strengthen the input features.
The Naive Bayes algorithm processes this data to
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determine the final classification result [25]. The steps
of the K-Means algorithm according to [26] are:

1. Determine k as the desired number of clusters.

2. Determine random values for the centroid (initial
cluster) centers as many as k.

3. Calculate the distance of each input data point to each
centroid using the Euclidean Distance formula until the
shortest distance from each data point to the centroid is
found. The formula for the Euclidean Distance formula
is as follows:

De = |/(xi — sj)*(vi — t))? (1)

Xi is the criteria data and sj is the centroid of the ke-j
cluster.

4. Classify the data based on its proximity to the
centroid (shortest distance).

5. Repeat steps 3 to 5 if the members of each cluster
remain unchanged. Through these stages, the K-Means
algorithm is capable of objectively grouping drug data
based on its numerical patterns without requiring prior
class labels. The results of this grouping subsequently
serve as the basis (labels) for the Naive Bayes algorithm
to perform drug inventory status classification in the
next stage.

2.2 Naive Bayes

Naive Bayes is a data mining method applied to address
classification problems by leveraging the concepts of
Bayes' Theorem [17]. It is a classification method used
to solve multi-class classification problems, termed
"Naive" because the calculation of probabilities for each
created class is simplified, thereby facilitating its
implementation [27]. This method operates by
calculating the posterior probability for each category
based on the attribute values within a dataset. Once the
calculation process is complete, each data sample is
classified into the category that possesses the highest
posterior probability [28]. The Naive Bayes method is a
popular strategy for text classification due to its
effective matrix assumptions, rapid implementation,
and straightforward procedures, particularly for text
categorization, sentiment analysis, and spam detection
[18]. Naive Bayes is widely recognized for its
exceptionally low error rate compared to various other
classification algorithms [19]. The application process
of Naive Bayes becomes more structured and
reproducible on other datasets. The stages of Naive
Bayes consist of [29]:

1. Divide the data into training and testing sets.
2. Calculate Prior Probability: The initial probability of
each class is calculated using the following formula:
s:

PCi:—l (2)

N

. Calculate

P(Ci) is the amount of training data from category
Ci, and N is the total amount of training data.

. To calculate the likelihood probability, the model

determines the probability for every attribute or
feature across each individual class. Given that these
attributes consist of numeric data, the mean and
standard deviation derived from formulas (3) and (4)
are applied in the calculations:

p=—3, x )
u is the mean, x; is the i-th data value, N is the total
number of data points (sample size), and ) is the
summation of all data values

0= |30 —w? @

where ¢ is the sample standard deviation, x; is the i-
th data value, u is the previously calculated mean, N
is the total number of data points (sample size), and
Y. is the summation of all squared differences
between the data and the mean.

Posterior  Probability: Use Bayes'
Theorem to obtain the probability of each class with
the following formula:

flx) = ﬁexp (— M) (5)

202
where f(x) is the normal distribution probability
density function, x is the random variable value, u is
the population mean, ¢ is the population standard
deviation, e is Euler's constant (approximately

2.71828), and m is the pi constant (approximately
3.14159).

. Determine the Classification Class: Choose the class

with the highest posterior probability. This
represents the final result of the drug status
classification.

P(B|A)-P(4)

P(a|B) = 22 ©)

where P(A|B) is the probability of event A given
that event B has occurred, P(B|A) is the probability
of event B given that event A has occurred, P(A4) is
the prior probability of event 4, and P(B) is the prior
probability of event B.

The Naive Bayes algorithm is capable of
probabilistically classifying drug data based on the
statistical patterns of the training data. The
combination of K-Means clustering results and
Naive Bayes classification yields a more accurate
drug inventory status prediction system, thereby
assisting RSUD Tualang in transitioning from a
reactive inventory management approach to a
proactive and data-driven one.
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3. Results and Discussions

This section provides a comprehensive description of
the data, the results of both methods, the analysis of the
constructed classification model, and an in-depth
discussion of the findings obtained from the research
stages that have been conducted.

The data utilized in this study consist of historical drug
inventory data over the past two years, totaling 206 data
points. Data collection in this research was conducted
through direct observation at RSUD Tualang, Tualang
District, Siak Regency, Riau, as well as interviews with
the hospital's pharmaceutical management regarding
drug inventory management patterns. The initial sample
dataset is presented in Table 1.

3.1 Dataset
Table 1 dataset
No Drug Name Unit Category Initial Final Drug Demand Expiration
Stock Stock price(Rp) Date

1 Betahistine tablet vertigo 5000 3000 565 6000 01/11/2026
Mesylate 6 mg

2 Dexamethasone 0,5 tablet Anti-inflamasi 2000 500 105 6000 01/12/2026
mg dan anti-alergi

3 Natrium diklofenak  tablet Pereda nyeri dan 5000 5000 195 200 01/05/2030
50 mg salut anti-inflamasi

enterik

4 ipratropium ampul Bronkodilator 2000 1650 4.995 6000 01/08/2027
bromida 0,5 untuk asma atau
mg-+salbutamol 2,5 PPOK
mg

5 Levofloksasin inf  botol 100  Antibiotik 40 0 37.550 2500 01/06/2029
500 mg/100MI mL golongan

kuinolon

The table above presents a sample of the first five data
points representing the characteristics of the drug
dataset used in this study. The dataset contains various
important attributes related to pharmaceutical inventory
management, including sequence number, drug name
and dosage, packaging unit, functional category or drug
classification, initial and final stock quantities, unit drug
price, demand level, and the expiration date of each
product. This raw data will subsequently undergo
preprocessing and advanced analysis stages to optimize
drug inventory management.

3.2 Variable Analysis

At this stage, the collected raw data undergoes a
transformation process, where expiration dates are
converted into numerical formats to enable further
processing by computer algorithms. Table 2 presents the
results of transforming non-numerical or complex
attributes into structured numerical variables (X;toX,).

Table 2 Data after transformation

No X1 X2 X3 X4
1 5000 3000 6000 5
2 2000 500 6000 6
3 5000 5000 200 47
4 2000 1650 6000 14
5 40 0 2500 36

Based on Table 2 above, these variables represent data
attributes that have been normalized or transformed,
where X1 represents the initial stock, X2 represents the

final stock, X3 represents the demand level, and X4
represents a derived variable or another conversion
result. This transformed data is subsequently ready to be
used as input in the clustering analysis process.

3.3 K-Means Classification Results

The findings from this clustering offer a transparent
overview of the medication inventory status at RSUD
Tualang, enabling healthcare providers and decision-
makers to design targeted drug stock forecasting
programs, with the complete data points comprising
initial stock (X1), final stock (X2), demand (X3),
remaining months to expiration (X4), and drug status
(YY) detailed in Table 3.

Table 3 K-Means Results

No X1 X2 X3 X4  Cluster(Y)
1 5000 3000 6000 5 Excessive

2 2000 500 6000 6 Excessive

3 5000 5000 200 47 Low

4 2000 1650 6000 14  Excessive

5 40 0 2500 36  Sufficient

Table 3 shows the results of drug grouping using the K-
Means method based on the attributes of Initial Stock,
Final Stock, Demand, and Remaining Months to
Expiration. It can be observed that drug inventory with
specific circulation characteristics tends to fall into the
same inventory status cluster. Medications with
extremely high inventory quantities but minimal
demand levels predominantly fall into the Excessive
Cluster. The visualization of K-Means is presented in
Figure 2.
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ExampleSet

cluster_2

cluster 0

cluster_]

Figure 2 K-Means Scatter Plot Graph

The scatter plot graph visualizes the distribution of the three
data clusters based on the Initial Stock and Remaining Months
to Expiration variables, demonstrating that cluster_0 (green)
is dominated by data with high initial stock, cluster_1 (orange)
features low initial stock but a long remaining expiration
period, while cluster_2 (blue) tends to lie within medium to
low levels of stock and remaining months to expiration.

3.4 Naive Bayes Classification Results

The highest classification result, or final probability,
represents the largest probability value derived from the
calculation of the posterior probability for each
analyzed class. This value serves as the test data based
on the Naive Bayes calculations. A sample of the test

ExampleSet

Cukup

data resulting from the Naive Bayes classification is
presented in Table 4.

Table 4 Naive Bayes Results

No X1 X2 X3 X4 Cluster(Y)
1 8 8 200 12 Cukup Obat
2 100 90 2500 11 Cukup Obat
3 100 60 2500 11 Cukup Obat
4 72 52 2500 12 Cukup Obat
5 72 52 2500 14 Cukup Obat

Berlebih

Based on Table 4, which presents the results of integrating the K-
Means Clustering and Naive Bayes methods, the model successfully
classified the drug inventory status into three main categories: Drug
Shortage, Sufficient Stock, and Overstock. The visualization of the
Naive Bayes results is presented in Figure 3.

Kurang
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Figure 3 Naive Bayes Scatter Plot Graph

The scatter plot graph visualizes the distribution of data based on the
Initial Stock and Remaining Months to Expiration variables with
category labels for Sufficient (blue), Excessive (green), and Low
(orange), demonstrating that the Sufficient category is concentrated at
low initial stocks, the Excessive category is widely spread up to high
initial stocks, whereas the Low category generally resides at medium
to high initial stock levels.

3.5 Evaluation Results

The clustering process using the clustering procedure
successfully partitioned the 206 pharmaceutical
inventory records into three distinct categories—
namely the low cluster containing 14 items, the
sufficient cluster encompassing 125 items, and the
excessive cluster consisting of 67 items using initial
stock, final stock, consumption demand, and remaining
expiration months as the baseline attributes. The
centroid iteration process achieved convergence at the
third iteration, indicated by no changes in the number of
members within each cluster, thereby rendering the
grouping results stable and representative of the data
characteristics.  These clustering results  were
subsequently utilized as class labels in the classification
stage using the Naive Bayes algorithm.

During the classification phase, the Naive Bayes model
determined final class predictions for each record by
computing prior and likelihood probabilities derived
from the preceding K-Means clusters, subsequently
followed by posterior probability calculations. To

Accuracy Precision

99%

97%

95%

93%

91%

89%

87%

85%

validate these outcomes, the model's predictions were
cross-checked against the real-world operational
conditions of the pharmacy inventory, revealing that
197 out of the 206 evaluated records aligned accurately
as valid, while 9 items proved inconsistent or invalid, as
depicted in Figure 4.

Derived from the performance evaluation data, the
suggested model exhibits steady excellence across
every testing metric encompassing accuracy, precision,
recall, and the F1-score reaching a consistent
performance level of 95.63%. Accuracy is calculated by
comparing the number of correctly classified data points
to the total test data, yielding a value of 95.63%
(197/206). Because the classification in this study is
single-label multi-class with three mutually exclusive
categories (Low, Sufficient, Excessive), precision and
recall are calculated using a micro-average approach,
where total correct predictions at the aggregate level
become true positives while simultaneously eliminating
the need to separate false positives and false negatives
across classes. With this approach, a precision value of
95.63%, a recall of 95.63%, and an F1-score of 95.63%
are obtained. The equality of these four metric values is
a mathematical consequence commonly found in multi-
class classification evaluation using the micro-average
scheme, as also discovered in similar inventory
classification studies.

Recall F1-Score

Figure 4. Evaluation Graph

The evaluation results indicate that the combination of
K-Means Clustering and Naive Bayes is capable of
providing an overview of drug inventory status while
generating predictions with favorable performance. The
accuracy value of 95.63% proves that the model can
accurately classify inventory status (low, sufficient,
excessive), whereas the K-Means grouping results help
explain the relationships among initial stock, final

stock, demand, and remaining months to expiration
toward the inventory status categories. The findings of
this study can provide more structured information to
support RSUD Tualang in determining drug
procurement priorities and formulating more accurate,
efficient, and timely inventory management strategies.
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4. Conclusions

This research aims to analyze drug inventory at RSUD
Tualang through a combination of the K-Means
Clustering and Naive Bayes algorithms, and the results
demonstrate that this approach is capable of addressing
the stock instability issues previously faced by the
hospital. The K-Means algorithm successfully grouped
206 drug inventory data points based on the attributes of
initial stock, final stock, demand, and remaining months
to expiration into three clusters: the Low cluster
comprising 14 items, the Sufficient cluster comprising
125 items, and the Excessive cluster comprising 67
items, with a centroid iteration process that converged
and stabilized at the third iteration. These grouping
results were subsequently utilized as class labels for the
Naive Bayes algorithm, which was able to classify drug
inventory requirement status with equivalent accuracy,
precision, recall, and F1-score of 95.63%, where out of
206 test data points, 197 data points were found to be
consistent with actual field conditions. These findings
fulfill the research objective by showing that the
integration of clustering and classification methods can
yield an objective, measurable, and consistent drug
inventory prediction system. The main contribution of
this study lies in the application of a two-stage approach
utilizing K-Means clustering results as input labels for
the Naive Bayes classification model thereby producing
a more structured inventory status prediction system
compared to applying either algorithm separately or
using conventional methods previously relied upon.
Practically, these findings can be utilized by the
pharmaceutical management of RSUD Tualang as a
decision-support tool in determining drug procurement
priorities, preventing stockouts and overstocking, and
minimizing the risk of expired medications.
Theoretically, this study reinforces empirical evidence
that a Data Mining combination based on clustering and
classification is effectively applied to the healthcare
inventory  management  domain.  For  future
development, subsequent research is recommended to
expand data coverage across multiple hospitals and
integrate  additional variables to enhance the
generalization and accuracy of the prediction model.
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