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ABSTRACT

Despite various educational campaigns, public awareness concerning the safe consumption period of medications
remains inadequate. Consumers predominantly depend on the Expiration Date (ED) printed on the original
packaging, representing the manufacturer's shelf life. Yet, upon opening, the medication's validity shifts to the
Beyond Use Date (BUD). The BUD is dictated by several factors, including the medication category, duration of
exposure, physical state, odor, and discoloration. To address this issue, this study implements a hybrid approach
combining a Rule-Based Expert System (utilizing IF-THEN logic) with machine learning algorithms. Specifically, the
research evaluates the performance of Decision Tree (DT), Gaussian Naive Bayes (GNB), and K-Nearest Neighbor
(KNN) models. Experimental results indicate that the DT model achieved the highest accuracy at 95%, followed by
GNB (94%) and KNN (81%). These predictive models demonstrate significant potential in tracking medication
viability, thereby reducing pharmaceutical waste, improving patient compliance, and mitigating the risk of adverse
medication errors.
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1. INTRODUCTION

The practice of storing medicines is a common behavior within the community, leading to a relatively
high prevalence of drug storage at the household level [1]. The storage of medicines for self-medication
is strongly discouraged [2]. Drugs are often stored for emergency purposes, treatment of acute illnesses,
or chronic conditions. Non-compounded drugs are frequently perceived as safe to use without a
physician’s prescription [3] however, this does not imply that their use is entirely free from risk [4]. The
inadequate domestic preservation and administration of pharmaceutical products can generate
detrimental consequences for both ecological stability and community well-being, simultaneously
elevating the probability of medication misuse [5].

At present, the public still frequently makes mistakes in obtaining, using, storing, and properly
disposing of medicines [6]. This condition may lead to various negative consequences, such as
medication errors, suboptimal therapeutic outcomes, and reduced drug effectiveness [7]. Adverse
consequences in patient care frequently stem from medication errors, a specific class of medical
mistakes primarily driven by the improper administration of drugs [8]. Every year, these
pharmacological oversights are responsible for over 7,000 fatalities [9]. As a countermeasure to these
hazards, the Indonesian Ministry of Health obligates the implementation of rigorous pharmacy practice
guidelines throughout both medical institutions and public dispensaries. This regulation compels
pharmacists to demonstrate robust clinical proficiency and proper drug handling capabilities to
guarantee therapeutic efficacy and patient security [10].

Despite these regulatory frameworks, a significant number of dispensing pharmacists fail to
consistently deliver verbal counseling or affix labels regarding the Beyond Use Date (BUD) [11]. The BUD
designates the specific timeframe during which a medication remains chemically stable and safe for
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consumption once its original seal is broken [11]. Consequently, awareness and comprehension of the
BUD concept remain profoundly deficient among the Indonesian general public. According to research
on perceptions of expiration dates, approximately 97% of respondents were unaware of BUD, and
overall, 100% of informants had never received BUD information from pharmacists [12]. Additionally,
drug labelling is often inconsistently applied [13]. Some respondents perceive the Beyond Use Date
(BUD) to be the same as the Expiration Date (ED) [12]. The Expiration Date (ED) refers to the shelf life
indicated on the primary packaging of a drug [14]. This represents the period during which a drug
product may be used after manufacture by the pharmaceutical company [15]. However, few people are
aware that once the primary packaging of a drug is opened, the usage period is no longer based on the
ED [16]. However, several rules are associated with the concept of BUD. Among these, the rules consider
the drug type, form, aroma, and color, with the time period starting from when the drug packaging is
opened and generally having a shorter usage limit [17]. If multiple drugs have been opened, it becomes
increasingly complex to remember when their usage periods expire. Healthcare teams have made efforts
to educate the public regarding this issue [18] to improve knowledge regarding the usage period of drugs
[19]. Considering that health quality and status are individual responsibilities [20]. Health is one of the
most essential components of life [21].

Previous studies have developed mobile applications to detect drug expiration based on the ED
[22]. However, a significant limitation of prior research is its exclusive focus on the ED without
comprehensively considering the BUD. The methodologies previously employed typically relied on
simple rule-based systems lacking the integration of adaptive artificial intelligence. While various
machine learning-based studies have been utilized for data classification, they are generally not
combined with rule-based expert systems, which limits their ability to explicitly represent expert
knowledge. Furthermore, there is a scarcity of research that combines a Rule-Based Expert System
(RBES) approach with machine learning algorithms within a unified hybrid system to enhance accuracy
while preserving decision interpretability, particularly in the context of drug monitoring based on ED
and BUD.

The novelty of this study lies in incorporating ED and BUD parameters alongside changes in the
drug's physical condition-specifically color, shape, and odor-into a singular decision-making framework.
This research integrates an RBES with machine learning algorithms, namely DT, GNB, and KNN, to
monitor medication usage based on ED and BUD. This hybrid approach is designed to improve accuracy
while maintaining the transparency inherent in rule-based decision-making processes. This method is
employed due to the presence of a set of rules (IF-THEN) [23] involved in determining drug usage limits.
The application of expert systems in the healthcare domain [24], particularly in regulating the usage
limits of medicines, can provide patients or users with more objective and timely information. A rule-
based expert system requires knowledge representation [25], which can be developed by humans
through reasoning or as a result of changes that occur [8]. Operating under the broader umbrella of
artificial intelligence, a rule-based expert system utilizes predefined logical conditions to formulate
diagnoses and prescribe actionable guidance [26]. As a fundamental pillar of Al [27], this traditional
framework can be synergistically fused with machine learning algorithms. Such an integration yields a
hybrid methodology-often referred to as a mixed RBES approach-capable of optimizing overall
performance [28]. Consequently, the objective of this investigation extends beyond merely elevating
classification accuracy. It fundamentally strives to engineer a decision support architecture that is highly
interpretable and adaptable, ultimately safeguarding public health by advancing medication
management practices.

2.  RELATED WORKS

In 2021, a study was conducted on public perceptions of the Beyond Use Date (BUD) of medicines and
the role of pharmacists in providing relevant information, particularly in Jakarta, Indonesia, a principal
and developing city. Indonesia currently lacks data on the public’s awareness of this matter. Based on
responses from 60 informants, 97% were unaware of BUD, and 100% had not received this information
from pharmacists. Furthermore, 50% of respondents perceived that the expiration date printed on the
primary packaging is the same as the BUD, which is attributed to low awareness of BUD[12].

Utilizing a cross-sectional methodological framework, a 2023 investigation assessed the
practical execution of expiration-related counseling among Indonesian pharmacy professionals. The
research primarily scrutinized adherence to the mandatory provision of BUD details to consumers, an
essential practice for preserving pharmaceutical stability and elevating therapeutic safety. The sample
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comprised pharmacists with experience in patient care. The results showed that, among 221
respondents, between 32% and 54% acknowledged not consistently providing BUD labelling and verbal
information to patients. This indicates that not all pharmacists communicate BUD information orally to
patients [11].

Studies on Expiration Date (ED) have been conducted to develop a mobile application for
detecting medication expiration dates. The use of a mobile application is well-suited to daily activities,
making this medium an appropriate platform for detecting ED. Expiration date labels on medicines and
packaging are often prone to tearing, wrinkling, or fading. The mobile application is designed using QR
code technology to facilitate the detection process. This system identifies the expiration dates of
medications and alerts patients when medications have expired. Additionally, the application displays
other information, such as the medicine name, function, manufacturer, and price[22].

Clinical decision-making has also been conducted using rule-based methods. Decision Trees and
Decision Tables are employed to represent knowledge, as this approach is a primary focus in healthcare
services. It has been observed that this method can effectively generate accurate and efficient decisions
[25].

A rule-based expert system has also been implemented for real-time monitoring of criminal case
processing, with several rules based on time intervals. These rules are distributed among three
institutions: the police, public prosecutors, and district courts. The application of this rule-based expert
system facilitates the monitoring of criminal case resolution based on 17 implemented rules, thereby
enabling the accurate delivery of information regarding the case resolution process according to the
existing facts[26].

Further research involves developing a diagnostic system to predict the likelihood of diabetes
mellitus. To process the empirical data, this research introduced a framework that integrates decision
tree algorithms with criteria formulated by domain experts. Ultimately, a Rule-Based Expert System
(RBES) was constructed from a total collection of 1,800 records. To evaluate the model, the dataset was
partitioned by assigning 75% (1,350 instances) to the training phase, while reserving the remaining
25% to test its predictive performance. The results indicate that the hybrid RBES outperforms
traditional RBES, which relies solely on expert rules [28]. In addition, several studies have investigated
machine learning approaches or hybrid RBES methods, as summarized in Table 1.

Table 1. Previous Research

Author Dataset Approach Accuracy Precision  Recall % F1-Score
% % %
Mustafa,etal ~ Heartdisease dataset Decision Tree 100 100 100 100
2023[29] (DT)
Gaussian 98 97 100 98
Naive Bayes
(GNB)
Breast Cancer DT 83 88 81 82
Coimbra Dataset GNB 75 78 75 74
Early-stage diabetes DT 96 95 96 95
risk prediction GNB 94 86 97 91
dataset
WISDM smartphone DT 86 84 83 84
and smartwatch GNB 76 70 69 68

activity and
biometrics dataset

Maduri, et al Cropyield prediction DT 98 - - -
2024[30] GNB 99 - - -

KNN 98 - - -
Aldi, et al Drug/Pharmaceutical KNN 98 99 96 97
2022[31] dataset

Building on prior studies, this work proposes an innovative approach to monitor medication
usage deadlines based on expiration and beyond-use dates by integrating RBES with machine learning
techniques (Decision Tree, Gaussian Naive Bayes, and K-Nearest Neighbors), which have proven
effective for classifying real-world data. In this work, a rule-based system is used to determine initial
constraints. At the same time, machine learning models are employed to improve classification accuracy
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in the monitoring of safe-to-use and expired medicines. The three methods used in this work are

presented as follows:

1. DT is employed to monitor the medication usage deadlines based on expiration and beyond-use
dates. Historical data are processed together with rule-based expert systems to improve
classification accuracy. This approach ensures transparency in the validation process, which is
essential for ensuring medication safety.

2. GNB is employed to provide a probabilistic approach for monitoring drug usage deadlines based on
expiration and beyond-use dates. The model leverages historical data to estimate expiration
probabilities based on the recognized patterns within the dataset.

3. KNN The KNN algorithm measures the similarity between current expiration data and existing
historical records, thereby assisting in determining the safety and suitability of the medication. KNN
can identify patterns in the dataset that may be difficult to discern with alternative methods.

Building upon previous research, this study introduces an innovative approach to
pharmaceutical management and enhances medication safety by implementing more adaptive models.

3. METHODOLOGIES
A. Non-Compounded Drugs

Non-compounded medicines are those sold in prepackaged forms, mass-produced by pharmaceutical
manufacturers, and do not require a special prescription from a doctor [32]. These medicines already
have standardized dosages and have been approved by the relevant drug and food regulatory
authorities. Non-compounded medication can be purchased at pharmacies or drugstores without a
prescription. However, some specific medicines may still require recommendations or advice from
healthcare professionals to ensure proper use in accordance with the individual’s health condition. Non-
compounded medicines include:
Pain relievers
Cough medicines
Allergy medications
Vitamins and supplements
Topical medications such as ointments or creams

The advantage of non-compounded medicines lies in their accessibility and convenience, as
consumers can purchase and use them without complicated procedures. However, it remains essential
to follow the usage instructions on the packaging label or consult a healthcare professional if necessary.
In this study, non-compounded medicines refer to those commonly stored at home by the public, with
examples provided in Table 2 [17], [33].

i wiNe

Table 2. Drug [34]

No Drug Type of Drug Expired BUD
1 Amoxsan Dry Syrup (reconstitution) 14 Day
2 Sanmol Non-reconstituted Syrup 90 Day
3 Omeprazole Repackaged tablets/capsules 180 Day
4 Betamethason Cream (ointment) 90 Day
5 Rohto Multidose eye drops 28 Day

B. Rule-Based Expert System

By integrating professional expertise into a series of explicit 'IF-THEN' parameters, this computational
model successfully mirrors the analytical reasoning typically demonstrated by human practitioners.
[25]. For the purpose of this research, the core of the system is built upon a comprehensive medication
database coupled with expiration guidelines sourced directly from pharmacy professionals.
Consequently, specific temporal limits are assigned to each medication category through tailored logical
constraints. The architectural design of this proposed system is visually detailed in Fig. 1.
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Expert System
EXPLANATION WORKING MEMORY
FACILITY (RULES IF-THEN)
/ KNOWLEDGE

ENGINEER
USER <:> INTERFACE <:—>
\ EXPERT |
KNOWLEDGE KNOWLEDGE BASE|
ACQUISITION (FACTS)

Fig 1. Expert System Structure [35]

Based on Fig. 1, this study focuses on three components: working memory, knowledge base, and
inference engine, which are developed by the knowledge engineer in collaboration with the expert. This
focus stems from the study’s emphasis on rule construction and testing. The three components are
described as follows[36]:

1. Working memory acts as a temporary repository, holding the factual data required while the
conditional rules are actively processed.

2. Knowledge Base is the database within the expert system that stores facts related to ED and BUD, as
well as rules used for reasoning to solve problems, allowing specific conditions to be inferred.

3. The Inference Engine functions as the analytical core, applying predefined logical directives from the
knowledge base to deduce final outcomes or formulate recommendations. Forward chaining is
applied as the reasoning method.

A working memory is constructed, which is then tested against the knowledge base connected
to the inference engine to produce the appropriate output—the knowledge base searches for conformity
with the rules established as a guideline for expert reasoning in decision-making[27]. Fig. 2 illustrates
the knowledge base.

EXPERT SYSTEM

KNOWLEDGE BASE

Fig 2. Representation of the knowledge base[35]

The integration of Clinical Decision Support Systems has become highly indispensable, most
notably within the medical domain. Furthermore, the exponential daily growth of information
necessitates robust administrative frameworks capable of organizing and analyzing these massive
datasets to extract actionable insights [25].
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Fig 3. Knowledge graph [37]

In Fig. 3, Premise 1 represents Non-reconstituted Syrup; Premise 2 represents Time <=90 days;
Premise 3 represents Color does not change; Premise 4 represents Unchanged Form; Premise 5
represents Smell Doesn’t Change; Conclusion 1 represents Safe; and Conclusion 2 represents Expired.
The generated sequence of rules is as follows:

IF Premise 1 AND Premise 2 AND Premise 3 AND Premise 4 AND Premise 5 THEN Conclusion 1
IF Premise 1 AND Premise 2 AND Premise 3 THEN Conclusion 2

A premise refers to a fact that must be true before a particular conclusion can be drawn. Rules
regarding the usage period of non-compounded medicines are formulated using logical operators,
specifically the AND operator.

C. Decision Tree (DT)

Decision Tree (DT) is a machine learning algorithm that falls under the category of supervised learning
[38]. The creation of a decision tree is performed through training using a dataset [39]. Architecturally,
this classification model originates from a primary root node, which subsequently splits into distinct
pathways denoting the target categories for the analyzed problem [25]. Consequently, a decision tree
can be regarded as an accumulation of acquired information. The creation begins by identifying the
feature with the highest correlation to the class label. The most relevant feature is selected at the root
node, followed by iteratively selecting subsequent features based on their relevance. During inference,
new instances traverse the tree path according to their feature values to predict the final class label. In
this work, the Decision Tree is configured to have a minimum sample size of 1 for leaves and a split of 2.
The maximum depth of the tree was not set to make the model more flexible in finding the optimal depth.
The Gini function was used to determine the quality of the split. A random state of 1 was set to guarantee
the randomness of the generated decision tree.

D. Gaussian Naive Bayes (GNB)

Serving as a specialized iteration of the standard probabilistic model, Gaussian Naive Bayes (GNB) is
exclusively engineered to accommodate continuous data attributes. It operates on the assumption that
features (x;) within each class (C,) are independent and follow a normal (Gaussian) distribution[40]. As
a probability-based classification algorithm, By analyzing the training instances, this algorithm
computes the statistical mean and variance for every distinct attribute across the target categories [41].
The only configuration used in this work regarding the usage of GNB is the variance smoothing, which
was setto 1x10°.

E. K-Nearest Neighbor (KNN)
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The K-Nearest Neighbors (KNN) method uses both the training and test datasets to compute pairwise

distances between data points. The algorithm operates by measuring spatial proximity between

instances, using a specified distance threshold to determine the similarity between the test sample and

the training data. If all identified neighbors belong to a single class, the instance is classified into that

class according to the established data parameters. The mathematical formulation of the KNN algorithm

is as follows [42]:

1. z = (x, y’): where x’ represents the attribute vector of the test instance, and y’ denotes the unknown
class label of the test instance

2. d (X, ¥'): The current phase entails computing the spatial proximity separating the unclassified
sample z from every existing data point, the training dataset, with the results stored in the set D

3. Neighborhood selection: select the subset Dz € D, consisting of the K samples with the smallest
distance to z. The final classification y’ is derived from the majority class among the neighbors.

In this work, the number of neighbors used to determine the class of unknown or new data was set to 5,

and the metric used to compute distances between data instances was the Minkowski distance with a

power parameter of 2, yielding Euclidean distance.

F. Data Collection

Data on the usage period of non-compounded drugs, based on the Expiration Date (ED) and Beyond Use
Date (BUD), were collected from various sources, including pharmaceutical literature and experts in
pharmacy, to ensure the accuracy and completeness of the information. Based on the collected data, the
rules for the Expired Date before the package is opened refer solely to the Expiration Date indicated on
the primary packaging. The Expiration Date is translated into the MaximumTime constraint. The system
employs two distinct knowledge representations:

IF Time Passes < MaximumTime THEN Safe
IF Time Passes 2 MaximumTime THEN Expired

Once the original seal is breached, the safety evaluation shifts to the Beyond Use Date (BUD)
framework, wherein the expiration timeline is calculated commencing on the exact day the container is
unsealed. Based on the collected data, the rules constructed for Beyond Use Date consist of 16 rules, two
conclusions, and 45 types of knowledge representations. The rules and conclusions are presented in
table 3.

Table 3. Rule And Conclusion [34]

No Rule Variable Rule
1 Dry Syrup (reconstitution) Type Of Drug
2 Non-reconstituted Syrup
3 Repackaged tablets /capsules
4 Cream (ointment)

5 Multidose eye drops

6 Time < 14 days Maximum Time
7 Time <90 days

8 Time < 180 days

9 Time < 28 days

10 Opening Date Time Passes
11 Production Date
12 Color does not change -

13 Unchanged Form -

14 Smell Doesn’t Change -

15 Expired Date (ED) Type
16  Beyond Use Date (BUD)

No Conclusions
1 Safe
2 Expired

Based on Table 3, the parameters are defined as follows:
1. Type of Drug: Determine the expiration limit, as it may vary according to the specific drug category.
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2.

3.

5.

MaximumTime: represents the maximum duration for which the medication is considered safe for
use.
Time Passes: an incremental time metric relative to MaximumTime. It is calculated from the
Production Date for Expiration Dates (ED) or the Opening Date for Beyond-Use Dates (BUD). This
metric assesses whether the threshold is exceeded and computes the remaining safety duration.
Physical Stability (Color, Form, and Odor): Factors such as “Color Does Not Change,” “Unchanged
Form,” and “Smell Doesn’'t Change” are critical monitoring indicators. If any of these physical
properties change, the medication is classified as expired, even if the MaximumTime has not yet been
reached.
Type: Classified into ED and BUD to distinguish whether the monitoring applies to sealed or opened
packaging.

This study utilizes a dataset of 300 records. The collected dataset was divided by allocating 70%

of the records to train the algorithms, while the remaining 30% served as an independent holdout
sample to validate the model's predictive accuracy on unseen data. This split ensures the model learns
from diverse data patterns and is evaluated objectively. The dataset was generated through expert-based
rule simulations conducted in this study. The current sample size of 300 instances is deemed sufficient

to

adequately represent the model's performance. The characteristics of the utilized dataset are

illustrated in Fig. 4.

Different Types Of Drug

Cream (ointment) 59
Non-reconstituted Syrup 60
o
=
% Multidose eye drops 60
D
=9
=
Dry Syrup (reconstitution) 60
Repackaged tablets/capsules 61
) 10 20 30 40 50 60 70
Count
(a)
Beyond Used Date vs Expity Date Distribution Safe vs Expired Class Distribution
ED 50 Expired 132

g H

2 2

Qo

5

BUD 250, ©

Safe 168
0 5 10 150 200 250
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Count

(b) (c)
Fig 4. Data Characteristics
(a) Type Of Drug (b) ED vs BUD (c) Conclusion

Count

Fig. 4(a) illustrates the distribution of data across the five types of medications used. Fig. 4(b)

delineates the characteristics of ED versus BUD; ED applies to medications that rely on the expiration
date to determine shelf life, indicating that the primary packaging remains intact or unopened.
Conversely, BUD dictates the allowable timeframe-determined by the specific type of medication-used
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to establish the expiration limit for drugs whose primary packaging has been opened. Finally, Fig. 4(c)
displays the data distribution based on the final classifications of “expired” and “safe”.

4. RESULTS AND DISCUSSION

RBES is employed to establish the initial constraints for the machine learning models to optimize the
resulting outcomes [28]. However, the development of the RBES encountered significant data-
acquisition challenges, particularly the difficulty of obtaining expert knowledge due to their limited
availability and demanding schedules. This led to a prolonged knowledge representation process. While
the RBES defines the foundational boundaries, machine learning models (Decision Trees, GNB, and KNN)
are used to improve classification accuracy in monitoring the safety status and expiration of medications.

The machine learning models used in this work are DT, GNB, and KNN. In the DT model,
knowledge representation is implemented using rule-based Decision Trees, which are the primary focus
in healthcare services. Figure 5 depicts the knowledge representation in the form of a decision tree.
Representing the rules as a decision structure reduces the complexity of a large rule set and makes it
easier to interpret [43] To predict whether a product is expired or safe based on several contributing
factors, the Decision Tree classification model is employed, as illustrated in Figure 4. Each path from the
root to a leaf forms an IF-THEN rule whose conditions are value ranges of the input variables, defined
by the split thresholds selected during training [44]. The root node of this decision tree model is “Color
Doesn’t Change” (No < 0.5), which performs the initial splitinto two branches (True and False). The True
branch contains 210 samples and leads toward an “Expired” classification with a Gini index of 0.495.
This value indicates a higher degree of impurity, suggesting that the data in this branch is non-
homogeneous and requires further partitioning. Conversely, the False branch contains 51 samples, all of
which are classified as “Safe” with a Gini index of 0, indicating a pure class with zero impurity. The Gini
index is a metric for evaluating classification performance; a lower value, such as 0 in this “Safe” class,
indicates higher purity and greater accuracy.

The second split occurs within the True branch, where data is further partitioned based on the
feature “Smell Doesn’t Change” (No < 6.5). The True path at this node yields an “Expired” classification
with a Gini index of 0.4, accounting for a significant portion of the data (159 samples). The False path is
subdivided into two conditions, both of which result in a “Safe” classification, with Gini values of 0. The
Decision Tree continues to branch through conditions such as “Unchanged Form” (No < 8.5), “Time
Passed” (< 94.5), and “Maximum Time” (< 82.5). The majority of instances are classified as “Expired,”
whereas “Safe” classifications occur only when specific criteria are met. This is consistent with the way
a decision tree selects, at each node, the attribute that best separates the classes, so that attributes placed
near the root are those most strongly associated with the class label [45], [38] . In this model, the physical
stability attributes (colour, smell and form) are selected first, followed by the temporal attributes Time
Passes and Maximum Time. The terminal branches use finer conditions, such as Maximum Time < 98.5
or Time Passed < 184.5, to determine the “Expired” or “Safe” classification of the pharmaceutical
products. Combining thresholds learned from data with rules defined by experts can reduce inference
errors compared with relying on expert rules alone [28].

Fig. 5 presents the Decision Tree model, which is effective for this work. The model
demonstrates a robust classification performance, providing strong indications that a product will be
classified as “Expired” when specific conditions - primarily those related to temporal factors and drug
type - are met. The low Gini index observed across most “Safe” classifications confirms that the tree
successfully differentiates between safe and expired products with high precision.
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Fig 5. Decision Tree

The Decision Tree model demonstrates an exceptional ability to identify expired medications;
specifically, all 53 samples in the “Expired” category were identified perfectly. Regarding the “Safe”
category, 33 samples were correctly identified, while the remaining 4 samples were misclassified as
“Expired”. These findings demonstrate that the classifier exhibits a heightened responsiveness toward
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the safe usage boundaries. Despite this specific tendency, the system successfully preserves a robust
global prediction rate of 95%, as evidenced by the matrix depicted in Fig. 6 (a).

Confusion Matrix - Naive Bayes

Confusion Matrix - Decision Tree

Cnfusion Matrix - KNN

Safe 33 Safe Safe 24

] k] o

8 8 s
3

[ (=]

Expired Expired Expired
Safe Expired Safe Expired Safe Expired
Predicted label Predicted label Predicted label

(a) (b) (c)
Fig 6. Confusion Matrix
(a) Decision Tree (b) GNB (c) KNN

As for the GNB model, its performance is comparable to that of the DT model, achieving an
accuracy of 94%. All 53 expired medication samples were correctly identified. Within the “Safe”
category, 32 samples were correctly classified, while 5 samples were misclassified. These results
indicate that the model has a stronger ability to identify expired medications than those within the safe
usage timeframe, as illustrated in Fig. 6 (b).

The KNN model demonstrated the lowest performance in identifying both expired medications
and those within the safe usage timeframe. Of 53 expired samples, 49 were correctly identified, and four
were misclassified. For the “Safe” category, 24 out of 37 samples were correctly identified, with 13
samples misclassified as expired. As a result, the KNN classifier recorded a general success rate of 81%,
a distribution visually mapped in Figure 6 (c). To offer a complete comparative perspective, Table 4
outlines the validation outcomes across all implemented algorithms using four fundamental indicators.
The general prediction validity (accuracy) represents the frequency of correct classifications across all
testing instances. Furthermore, the exactness metric (precision) highlights the reliability of positive
flags—specifically ensuring that pharmaceutical products labeled as expired are genuinely unsafe.
Meanwhile, sensitivity (or recall) gauges the system's capacity to successfully isolate all truly expired
samples without omission. Finally, to harmonize the trade-off between false positives and false negatives,
the harmonic mean (F1-Score) is utilized to reflect the structural equilibrium of the system. Collectively,
this multidimensional testing framework guarantees a rigorous and holistic appraisal of each model's
prognostic strength.

Table 4. Results RBES and Machine Learning
Approach Accuracy Precision Recall F1-Score

DT 95% 96% 95% 95%
GNB 94% 96% 93% 94%
KNN 81% 82% 78% 80%

As shown in Table 4, the DT algorithm achieved superior performance among the three methods
across all evaluation metrics. Yielding a 95% overall correctness rate, the Decision Tree algorithm
successfully pinpointed the true categories for ninety-five percent of the examined samples. GNB
performed closely, with 94% accuracy, maintaining good performance. Lastly, KNN achieved an efficacy
of 81%, indicating that it was less effective than DT and GNB in this case. High accuracy is imperative for
a drug expiration monitoring system; frequent misclassifications would render the model incapable of
reliably detecting medication expiration in real-world applications.

In terms of precision, both DT and GNB excelled with a score of 96%. This high precision
indicates that 96% of the positive predictions generated were accurate. In contrast, KNN yielded lower
precision (82%), indicating a higher rate of false-positive predictions. When a model exhibits a high
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precision is implemented within this framework, it ensures that the drug expiration monitoring system
can generate highly exact and reliable predictions.

Regarding recall, DT recorded the highest value at 95%, followed by GNB at 93%. KNN produced
a significantly lower recall of 78%, suggesting a tendency to miss a substantial number of positive
instances. Furthermore, a high recall rate ensures that the model deployed within this system can
effectively and accurately detect expired medications. The balance between precision and recall is
captured by the F1-Score, with DT leading at 95%. Robust model performance signifies an optimal
balance and high predictive accuracy. This is important for the proposed system: deploying the best-
performing model ensures the drug expiration monitoring system is highly reliable in practice. This
confirms that DT is not only precise in its positive predictions but also robust in identifying total positive
cases. GNB maintained a strong performance of 94%, while KNN dropped to 80%. Conducting a
comprehensive diagnostic of algorithmic efficacy is fundamental for validating the most capable system
prior to its practical implementation. This guarantees that the system not only accurately predicts
medication expiration but also safeguards users against the adverse consequences of inaccurate
predictions, thereby preventing critical errors in medication use. The operational schemes of these three
methods are illustrated in Fig. 7.

=]
G D
K-Nearest Neighbor (KNN)
ﬁ *  Expert Rules i
Databas RESULT
Kxperts atabase

Decision Tree
2 Rules

Fig 7. Scheme of the work

o S

DT demonstrated an excellent performance across all evaluation metrics. This indicates that DT
is more effective at producing accurate, precise classifications and has a stronger ability to capture true
positive cases. This is primarily because the DT algorithm's inherent interpretability offers significant
added value: the model's logic is easily explained and understood, making it an ideal choice for
applications that demand a transparent decision-making process. Furthermore, DT is a foundational
methodology in expert systems because of its hierarchical tree structure. Knowledge representation is
seamlessly organized within an IF-THEN rule-based framework, making this method particularly well-
suited to the specific data characteristics of this study. In the healthcare field, the 95% accuracy achieved
by the DT model in this study is considered highly acceptable.

Compared with the study by Mustafa et al. [29], the Decision Tree classification results in the
current research (95% accuracy) fall within a consistent performance range. In their study, the Decision
Tree model similarly demonstrated high efficacy, achieving up to 100% accuracy on a heart disease
dataset and 96% in diabetes prediction. This corroborates the finding that Decision Trees tend to excel
when applied to rule-based datasets or structured features, particularly when integrated with
knowledge representations such as an RBES. Therefore, the current empirical findings substantiate the
Decision Tree architecture as an exceptionally resilient and dependable classification tool, particularly
when integrated into clinical expert frameworks governed by conditional logic.

Additionally, the 94% classification proficiency demonstrated by the Gaussian Naive Bayes
algorithm closely parallels the outcomes documented in the investigation by Maduri et al. [30], who
demonstrated that GNB could attain up to 99% accuracy in agricultural yield prediction. Although the
accuracy is marginally lower in the present study, the GNB algorithm’s performance remains consistent,
highlighting its effectiveness as a probabilistic model for handling datasets with specific underlying
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distributions. This indicates that GNB remains highly relevant for implementation in medication
monitoring systems, particularly when the dataset exhibits relatively stable statistical patterns.

Ranking at the bottom of the experimental results, the K-Nearest Neighbor (KNN) architecture
managed a comparatively modest success rate of 81%. This specific outcome strongly aligns with the
prior investigations conducted by Aldi et al. [31]. Their work highlighted that the prognostic capability
of this distance-based algorithm is intrinsically linked to the underlying spatial distribution of the
dataset and displays a significant vulnerability to data irregularities or background noise. In the present
study, KNN proved suboptimal because the characteristics of the ED and BUD data are inherently rule-
based and temporal; consequently, they are not entirely compatible with a distance-based learning
paradigm.

Parallel to these findings, the Gaussian Naive Bayes algorithm demonstrated highly
commendable efficacy. While its statistical outputs fell marginally short of the Decision Tree
benchmarks, the model maintained closely competitive results across all evaluated criteria,
encompassing the F-measure, recall capabilities, precision rates, and overall correctness. This model is
computationally simpler and is frequently used in scenarios where the independence assumption among
features is acceptable. Although GNB is not traditionally used in expert systems, its resulting accuracy is
highly commendable. This efficacy stems from GNB’s ability to support probabilistic inference by
analyzing attributes like a decision tree. The attributes are derived from historical data, and in instances
where information is missing for analysis, GNB can leverage expert knowledge to fill those gaps. GNB
offers advantages regarding training and prediction speed, making it well-suited for large-scale datasets.

Conversely, KNN exhibited suboptimal performance compared to both DT and GNB. While KNN
is recognized for being a simple and intuitive algorithm, its lower accuracy, precision, recall, and F1-
Score suggest it is less compatible with the dataset used in this study, particularly in the presence of
noise or high data complexity.

This lower accuracy is also attributed to the fact that the processed data does not significantly
influence spatial proximity. Consequently, this research data is inherently less suitable for KNN, which
relies on inter-data distance analysis rather than explicit rules. Furthermore, KNN suffers from high
computational complexity as the volume of data and the number of features increase.

Although the accuracy of GNB and KNN is lower than that of the Decision Tree (DT), their
performance remains commendable. These results suggest a significant opportunity for further
experimentation within more complex frameworks, specifically in the form of hybrid systems beyond
traditional rule-based models. By integrating rule-based expert systems with machine learning
algorithms, the accuracy and reliability of the resulting decision-making process are significantly
enhanced.

5.  CONCLUSION

The initial phase of establishing the Rule-Based Expert System (RBES) was successfully implemented to
monitor the usage periods of non-compounded medications. The results indicate that the Decision Tree
(DT) machine learning algorithm achieved the highest accuracy of 95%. These findings demonstrate that
the integration of RBES and machine learning is highly reliable for providing recommendations on drug-
use limits. This study acknowledges certain limitations, primarily the restricted dataset size of 300
instances and its exclusive focus on non-compounded medications across a limited variety of drug
categories. Future work will aim to expand upon this research by incorporating compounded
medications and utilizing a substantially larger, more complex dataset.
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