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Abstract:

This study analyzes the effect of domain filtering on drug recommendation systems based on association rule mining using
the FP-Growth algorithm with Neural Collaborative Filtering (NCF) as a comparison. The dataset used was derived from
patient medical records containing attributes such as complaints, diagnoses, and drug therapies, with a total of 1,000 patient
transactions. To avoid data leakage, the dataset was randomly divided into 70% training data and 30% test data before the
modeling process was carried out. Domain filtering was applied by limiting the rule structure so that complaints and
diagnoses acted as antecedents and drugs as consequents. The performance of the recommendation system was evaluated
using the Precision@5, Recall@5, and Normalized Discounted Cumulative Gain (NDCG@5) metrics. The results of the
experiment show that the FP-Growth approach with domain filtering produces higher Precision@5 and NDCG@5 values
than the non-filtering approach. The Wilcoxon Signed-Rank test shows that the difference is statistically significant, while
effect size analysis using Cliff's Delta shows a practically meaningful impact. Furthermore, a comparison with Neural
Collaborative Filtering shows that the collaborative filtering-based approach is less effective on transactional clinical
prescription data with limited historical interactions. These findings indicate that integrating medical domain knowledge
into FP-Growth can improve the clinical relevance and quality of drug recommendation rankings.

Keywords: Association rule mining, FP-Growth, domain filtering, drug recommendation system; medical data.

Dataset Link: BPJS Drug Recommendation Dataset at the Bonto Perak Community Health Center, Pangkep Regency,
South Sulawesi.

1. Introduction

The use of Electronic Medical Record (EMR) data to support clinical decision-making continues to grow,
particularly in the context of drug therapy recommendations based on historical data [1], [2], [3], [4]. EMR data
containing information on complaints, diagnoses, and drug therapy provide a structured source of clinical data that
can be used to help medical personnel determine drug recommendations in a more consistent and data-driven manner
[5], [6]. However, the complexity and heterogeneity of clinical data means that the patterns generated can be difficult
to interpret if not processed using an approach that is appropriate to the clinical context [7], [8], [9].

Association Rule Mining (ARM) is one of the most widely used approaches for extracting patterns of association
from medical transactional data, with the FP-Growth algorithm often chosen for its efficiency in handling large-scale
data [10], [11]. This approach has been applied to medical and pharmaceutical data to identify patterns of drug use
and prescription. However, the application of ARM without domain restrictions on clinical data often results in a large
number of rules that are statistically valid but clinically meaningless (rule explosion), thereby limiting its direct use in
drug recommendation systems [12].
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In developing a clinical data-based drug recommendation system, transparency and consistency with medical
reasoning are important because the recommendations generated can influence clinical decisions [13], [14], [15].
Therefore, the association rules-based approach is still relevant due to its transparent and traceable nature, provided
that the rules generated are aligned with medical domain knowledge [16]. Restrictions on the structure of the rules,
such as defining complaints and diagnoses as antecedents and drugs as consequents, are necessary so that the drug
recommendations generated are more clinically relevant and can be used effectively in practice.

Previous studies have shown that Association Rule Mining (ARM) algorithms, particularly FP-Growth, have been
widely applied in the pharmaceutical domain to analyze drug purchasing patterns based on pharmacy sales transaction
data. Several studies have utilized FP-Growth to identify frequent itemsets of drugs that are often purchased together
to support stock management and drug layout planning [17], [18]. Meanwhile, other studies have applied FP-Growth-
based association methods to large-scale transaction datasets as a basis for procurement planning and decision-making
related to drug stocks [19]. Although effective in extracting statistical patterns from transaction data, most of these
studies still view drugs as commercial items in a shopping basket (market basket analysis), so that the resulting
association rules focus on the frequency of co-occurrence without considering the clinical context of patients or their
direct integration into medical needs-based drug recommendation systems.

Unlike previous studies that focused on analyzing drug sales transactions, this study emphasizes the application of
domain filtering in the FP-Growth algorithm to improve the clinical relevance of the resulting association rules. Rules
are structurally constrained by setting complaints and diagnoses as antecedents and drugs as consequents, thus
following the pattern of clinical reasoning in medical practice. The resulting rules are then implemented in a rule-
based drug recommendation system to generate Top-K drug recommendations that are appropriate for the patient's
condition. The system's performance is evaluated using Precision@K, Recall@K, and NDCG@K metrics and
compared with the Neural Collaborative Filtering (NCF) method as a baseline to provide performance context for
modern recommendation approaches. In addition, the evaluation is reinforced with non-parametric statistical tests to
ensure that the improvement in clinical relevance achieved maintains the quality of recommendations significantly.

Based on these issues, this study hypothesizes that the application of domain filtering in the FP-Growth algorithm
can improve the quality of drug recommendation systems, particularly in terms of recommendation accuracy and
ranking quality, without reducing the clinical relevance of the resulting association rules.

2. Method

This study applies an experimental approach to build and evaluate a drug recommendation system based on
association rules. The methodological flow includes processing medical transaction data, forming association rules
using the FP-Growth algorithm with two scenarios (non-filtering and filtering domain), implementing rule-based drug
recommendations, and evaluating performance using Top-K metrics and statistical analysis. Additionally, Neural
Collaborative Filtering (NCF) is used as a comparative baseline to provide performance context for modern
recommendation approaches. All stages are designed to ensure the validity of the results and avoid data leakage during
the modeling and evaluation processes. The research flow can be seen in Figure 1.
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Figure 1. Research flowchart




97 Indonesian Journal of Data and Science

a. Dataset and Preprocessing

The data used in this study was sourced from the medical records of BPJS participants at the Bonto Perak
Community Health Center, Pangkep Regency, South Sulawesi. Of all the attributes available in the medical record
data, this study only utilized the attributes of complaints, diagnoses, and drug therapy, as these three attributes are
directly relevant to the objectives of association rule analysis and the development of a drug recommendation system.
Other attributes not directly related to the formation of transaction items were not included in the analysis process..

Raw medical record data first undergoes preprocessing, which includes data cleaning, label normalization, and
filtering of incomplete or invalid data. Next, the data is represented in the form of transactions, where each patient is
treated as a single transaction that can contain more than one complaint, diagnosis, or drug therapy item. Transactions
that do not meet the format or criteria for item formation are excluded from the analysis process. The research sample
consists of all transactions that meet these criteria and is used as the basis for model formation and recommendation
system evaluation.

To avoid data leakage, the transaction dataset is divided into a training set and a test set before the modeling
process is carried out [20]. The data is divided randomly with a ratio of 70% training data and 30% test data [21]. The
training data is used for the association rule formation process using the FP-Growth algorithm, while the test data is
used exclusively in the recommendation system performance evaluation stage.

Table 1 shows examples of patient medical record data used in this study. Each row in the table represents one
patient, while the main columns consist of complaints, diagnoses, and drug therapies. The complaint attribute contains
the symptoms experienced by the patient, the diagnosis attribute contains the results of the diagnosis made by medical
personnel, and the drug therapy attribute records the drugs prescribed to the patient during that visit.

Table 1. BPJS dataset for the Bonto Perak Community Health Center, Pangkep Regency, South Sulawesi

No Keluhan Diagnosa Terapi Obat
['demam’, ‘pilek’, ['vitamin b kompleks',

1 'sakit_kepala' [hyperlipidaemia] 'simvastatin’]
2 ['batuk’, 'demam’, [fever] ['vitamin c', 'sefadroksil’,
‘pilek’] 'klorfeniramin', 'parasetamol’]
999 ['sakit_kepala' [‘essential (primary) hypertension’, *headache’] [amlodipin', ‘parasetamol,

'sianokobalamin vitamin b12']

['non-insulin-dependent diabetes mellitus without
complications', 'hyperuricaemia without signs of
inflammatory arthritis and tophaceous disease’,
‘pain in joint']

['omeprazole', ‘alopurinol’,
"ibuprofen’, 'vitamin b
kompleks']

1000 ['leher_tegang']

b. Transaction Encoding and Association Rule Mining

Transaction data in the training data is then represented in binary format using the one-hot encoding technique.
This representation allows each item in the transaction to be expressed as a binary value, so that it can be processed
by the association rule mining algorithm [22]. The encoding process is applied consistently to the training data, while
the test data is stored separately for the evaluation stage [23].

The FP-Growth algorithm is used to extract frequent itemsets from transaction data without the need to explicitly
generate itemset candidates [24]. Based on the frequent itemsets obtained, association rules are formed by considering
statistical measures commonly used in ARM [25]. In this study, two FP-Growth scenarios were applied. The first
scenario is non-filtering FP-Growth, where all item combinations in transactions are considered without rule structure
restrictions. The second scenario is FP-Growth with domain filtering, where rules are structurally constrained based
on clinical logic, i.e., only complaints and diagnoses are allowed as antecedents and drugs as consequents. This
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approach aims to reduce the number of clinically irrelevant rules and improve the interpretability of the generated
rules.

Table 2. Results of One-Hot Encoding of Medical Transaction Data

No d_"abdc_)mina d_"absce d_"acute 0_'vitamin ~ o 0_
| _pain” ss" _abdomen™' _b_kompleks’ 'vitamin_¢'  ‘zinc'
1 0 0 0 0 0 0
2 0 0 0 0 1 0
3 0 0 0 0 0 0
4 0 0 0 0 0 0
5 0 0 0 0 1 0
698 0 0 0 0 0 0
699 0 0 0 0 0 0
700 0 0 0 0 0 0
701 0 0 0 0 0 0
702 0 0 0 0 0 0

Table 2 shows the results of transforming medical transaction data using the one-hot encoding technique, in which
categorical data is converted into binary representation. The rows in the table represent patient transactions, while the
columns show the normalized complaint, diagnosis, and medication items. This encoding process is applied to the
training data to support the formation of frequent itemsets in the FP-Growth algorithm.

c. Rule- Based Drug Recommendation

The association rules generated from FP-Growth are used as the basis for a rule-based drug recommendation
system [26]. For each transaction in the test data, the system matches the patient's condition with the available
antecedent rules. Drugs that appear in the corresponding consequent rules are collected as recommendation candidates.
Next, these drug candidates are ranked based on the strength of the underlying rules.

The recommendation system generates a list of drug recommendations in the form of Top-K, where the value of
K indicates the maximum number of drugs recommended for each patient case. This approach is applied consistently
in both FP-Growth scenarios, namely non-filtering and filtering domains, thereby enabling a fair comparison of
performance between the two approaches in generating drug recommendations.

In the non-filtering approach, association rules can generate consequences that are not always drugs because all
items in the transaction are considered without domain restrictions. This condition reflects the basic characteristics of
association rule mining, which extracts all patterns of association in the data. Conversely, in the domain filtering
approach, the consequences are limited to only drug items so that the rule structure is more in line with clinical logic
and more suitable for use in drug recommendation systems.

d. Evaluation and Comparison with Baseline

The performance of the recommendation system was evaluated using the Top-K approach commonly used in
recommendation system research [27]. The evaluation was performed on test data to assess the quality of drug
recommendations generated by each approach. The evaluation metrics used include Precision@K, Recall@K, and
Normalized Discounted Cumulative Gain (NDCG@K), which are widely used to evaluate the relevance and ranking
of recommendations [28].

To analyze the performance differences between the non-filtering and filtering domain FP-Growth approaches, the
Wilcoxon Signed-Rank Test non-parametric statistical test was used. In addition, the effect size was calculated using
Cliff's Delta to measure the magnitude of the influence of domain filtering application. As a comparison, Neural
Collaborative Filtering (NCF) was used as a modern recommendation system baseline, which is part of a
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recommendation system approach that models interactions between users and items to generate predictions based on
historical data [29]. The recommendation results generated by NCF were evaluated using the same metrics and
compared with the FP-Growth-based approach to provide performance context for neural network-based
recommendation methods.

In the implementation of Neural Collaborative Filtering, patients are represented as users and drugs as items in the
user-item interaction matrix. Interactions are recorded when a drug is prescribed to a patient in historical data. The
NCF model is trained using an embedding layer followed by a multilayer perceptron to model the non-linear
relationship between users and items [30]. The training process uses a binary cross-entropy loss function with an
Adam optimizer and negative sampling techniques to form negative interaction pairs from drugs that are not prescribed
to patients.

e. Evaluation Metrics and Statistical Formulation

The evaluation of the drug recommendation system's performance in this study focused on the system's ability to
generate a list of drugs relevant to the patient's clinical condition. Since the recommendation system generates a set
of items in the form of a ranked list, the evaluation approach used must be able to assess the accuracy, completeness,
and quality of the recommendation rankings [31]. Therefore, this study uses Top-K-based evaluation metrics
commonly used in recommendation system research, namely Precision@K, Recall@K, and Normalized Discounted
Cumulative Gain (NDCG@K).

Precision@K is used to measure the accuracy of recommendations by calculating the proportion of relevant drugs
among the top K recommended drugs [32]. In a clinical context, this metric is important because it reflects the extent
to which the system is able to minimize irrelevant drug recommendations, thereby potentially reducing the risk of
medication errors.

Recall@K is used to measure the system's ability to cover all relevant drugs that should be recommended to
patients [33]. This metric is important to ensure that the system does not ignore relevant therapies based on historical
data. By considering Precision@K and Recall@K together, this study can analyze the trade-off between the accuracy
and completeness of drug recommendations.

In addition, NDCG@K is used to evaluate the quality of recommendation rankings [34]. This metric considers the
position of relevant items in the recommendation list, where drugs that appear higher up in the list have a greater
contribution. The use of NDCG@K is relevant in this study because drug recommendation systems are not only
required to produce the correct drugs, but also to place the most relevant drugs at the top of the list so that they can be
easily interpreted by medical personnel.

To ensure that the difference in performance between the non-filtering and filtering domain FP-Growth approaches
did not occur by chance, the Wilcoxon Signed-Rank Test [35]. non-parametric statistical test was used. This test was
chosen because it does not assume a normal distribution and is suitable for comparing two approaches evaluated on
the same data pairs. In addition to statistical significance, Cliff's Delta effect size was used to measure the magnitude
of the effect of domain filtering on the practical quality of drug recommendations [36]. Cliff's Delta was calculated
based on a comparison of paired values from the two methods being compared.

In addition to the Top-K evaluation metric, this study also uses the Average Clinical Relevance Score (ACRS) to
assess the clinical relevance of drug recommendations at the individual case level. ACRS measures the strength of the
relationship between a patient's clinical condition and the recommended drug by aggregating the association rules that
support the recommendation.
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3. Result and Discussion

This section presents the results of evaluating the performance of a drug recommendation system based on
association rule mining using the proposed FP-Growth algorithm. The evaluation was conducted to compare non-
filtering and filtering approaches in the medical domain, as well as to place its performance in the context of machine
learning-based recommendation approaches through comparison with Neural Collaborative Filtering (NCF). Testing
was performed on test data separate from the training data to avoid data leakage. System performance was evaluated
using the Precision@5, Recall@5, and Normalized Discounted Cumulative Gain (NDCG@5) metrics, which
represent recommendation accuracy, recommendation coverage, and the quality of recommended drug rankings,
respectively.

a. Performance Results of the FP-Growth-Based Recommendation System

Evaluation The performance of the recommendation system was evaluated to compare the FP-Growth approach
without filtering and FP-Growth with domain filtering at various minimum support values. The testing was conducted
using test data that was separate from the training data to avoid data leakage. The evaluation was conducted using the
Precision@5, Recall@5, and NDCG@5 metrics, which represent the accuracy of recommendations, the coverage of
recommendations, and the quality of the recommended item rankings, respectively. The results of the FP-Growth-
based recommendation system performance evaluation are presented in Table 3.

Table 3. Results of the Evaluation of the FP-Growth-Based Recommendation System

min_ Precision@5 Recall@5 NDCG@5 Precision@5 Recall@5 NDCG@5
support _raw _raw _raw _domain _domain _domain
0.01 0.380333333 0.361444444 0.403612543  0.603833333 0.282 0.617513922
0.02 0.359944444 0.293944444 0.366544901  0.546111111  0.218222222  0.552988803
0.05 0.362888889 0.239777778 0.364099127  0.498888889  0.173944444  0.502784633
0.1 0.344055556 0.197722222 0.314920154  0.437222222  0.149944444  0.441699933
0.15 0.210555556 0.120555556 0.185150594 0.355 0.120555556  0.356885787
0.2 0.138333333 0.071666667 0.16963739 0.276666667  0.071666667  0.276666667

The domain filtering approach consistently produces higher Precision@5 and NDCG@5 values compared to the
non-filtering approach across all minimum support values tested. This shows that integrating medical domain
knowledge can improve the accuracy of drug recommendations and the quality of the resulting recommendation
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rankings. Conversely, the non-filtering approach tends to produce slightly higher Recall@5 values at some minimum
support configurations, indicating that this approach produces a broader range of recommendations, but potentially
reduces clinical relevance because it does not explicitly consider medical domain constraints..

To further illustrate the effect of minimum support on recommendation quality, the relationship between minimum
support and NDCG@5 is visualized in Figure 2. The visualization shows that the domain filtering approach
consistently maintains higher and more stable NDCG@5 values compared to the non-filtering approach across the
entire range of minimum support, indicating that the benefits of domain filtering are not limited to specific
configurations but remain consistent across various parameter settings.
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Figure 2. The Effect of Minimum Support on NDCG@5 Values
b.  Statistical Significance of Recommendation System Performance

Although the performance differences in Table 3 are evident numerically, they need to be further tested using a
statistical approach to ensure that the performance improvements obtained truly reflect real differences and are not
merely variations that occur by chance due to data characteristics. Therefore, a Wilcoxon Signed-Rank test was
performed on the Precision@5, Recall@5, and NDCG@5 values calculated for each transaction in the same test data,
so that the comparison was made in pairs (paired comparison) and was able to evaluate the performance differences
between the two approaches more accurately under identical test conditions.

Table 4. Wilcoxon Test Results for Recommendation System Performance

Metric p_value Decision
Precision@5 2.61E-21 Significantly different
Recall@5 9.05E-11 Significantly different
NDCG@5 9.39E-20 Significantly different

The results in Table 4 show that the difference in performance between the non-filtering and domain filtering
approaches is statistically significant across all evaluation metrics (p < 0.05), namely Precision@5, Recall@5, and
NDCG@5. This indicates that the application of domain filtering provides consistent performance improvements
across various test transactions and is not caused by random variations in the data. This improvement indicates that
the domain filtering mechanism is capable of improving the relevance of recommended items and enhancing the
quality of drug recommendation rankings generated by the system.

Although all metrics show statistically significant differences, the effect size analysis shows that the impact of
domain filtering on Recall@5 is relatively smaller than its impact on Precision@5 and NDCG@5. This indicates that
the main benefit of domain filtering lies in improving the accuracy of recommendations and the quality of
recommendation rankings, rather than expanding the coverage of relevant items recommended.
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The visualization of the Wilcoxon test results is shown in Figure 3, which shows a paired comparison of NDCG@5
values before and after applying domain filtering. This visualization provides an overview of the distribution of
performance value changes and reinforces the evidence that the domain filtering approach can consistently improve
the quality of recommendation rankings in most test transactions.
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Figure 3. Boxplot Comparison of NDCG@5 Before and After Domain Filtering

c. Effect Size Analysis

In addition to testing statistical significance, an effect size analysis was conducted using Cliff's Delta to assess the
magnitude of the impact of domain filtering on the practical performance of the recommendation system. This analysis
complements the significance test results because the p-value only indicates a difference, while Cliff's Delta shows
the strength of the effect of that difference.

In this study, Cliff's Delta values were calculated using the comparison convention (non-filtering — filtering).
Therefore, negative Cliff's Delta values indicate that the FP-Growth approach with domain filtering produces better
performance than the non-filtering approach.

Table 5. The Effect of Filtering Domain Size on System Performance

Metrics Cliffs_Delta  Effect

Precision@5 -0.326  Small
Recall@5 0.198 Small
NDCG@5 -0.338 Medium

The results in Table 5 show that the application of domain filtering has varying degrees of impact on each
evaluation metric. The Cliff's Delta value in Precision@5 shows a small effect, indicating a consistent improvement
in recommendation accuracy. The NDCG @5 metric shows a moderate effect size, indicating that domain filtering has
a stronger influence in improving the quality of recommendation rankings. Meanwhile, the Cliff's Delta value in
Recall@5 shows a small effect, indicating that changes in the coverage of relevant items recommended are relatively
smaller than the improvement in the accuracy and quality of recommendation rankings.

These findings reinforce the results of the previous Wilcoxon test, which showed that the performance
improvement achieved through the application of domain filtering is not only statistically significant, but also has a
meaningful practical impact, particularly in improving the accuracy and quality of recommendation rankings, which
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are important aspects in clinical recommendation systems to ensure that the recommendations provided are more
relevant, targeted, and can support the decision-making process more effectively.

d. Comparison with Neural Collaborative Filtering (NCF)

To provide context for the deep learning-based recommendation approach, a comparison was made between FP-
Growth without filtering, FP-Growth with domain filtering, and Neural Collaborative Filtering (NCF). This
comparison was performed using the best configuration based on the NDCG@5 value, and the results are presented
in Table 6. As shown in the table, the FP-Growth approach with domain filtering achieved the best performance on
the Precision@5 and NDCG@5 metrics, indicating higher recommendation accuracy and ranking quality compared
to other approaches. On the other hand, Neural Collaborative Filtering produced lower values on all evaluation metrics,
indicating that collaborative filtering is less effective for transactional clinical prescription data with limited historical
interactions.

Table 6. Comparison of Best Performance Between Recommendation Methods

Precision@5  Recall@5 NDCG@5
Non-Filtering  0.380333333 0.361444444 0.403612543
Filtering 0.603833333 0.282 0.617513922
NCF 0.160144928 0.20821256  0.2298014

The low performance of NCF indicates that the collaborative filtering approach is less suitable for transactional
clinical prescription data, which has infrequent interaction patterns and is prone to cold-start problems. Limited
historical interactions make it difficult for the model to learn stable relationships between patients and drugs, resulting
in recommendations that are less aligned with the clinical context. In contrast, the rule-based approach with domain
filtering is able to utilize the direct relationship between complaints, diagnoses, and drugs, resulting in
recommendations that are more relevant and consistent with the patient's condition.

The visual comparison in Figure 4 focuses on the Precision@5 and NDCG@5 metrics because these two metrics
represent the accuracy and quality of recommendation rankings. Although Recall@5 was also evaluated, this metric
is not shown in the main visualization because domain filtering produces more selective recommendations, so
improvements are more noticeable in accuracy and ranking quality than in recommendation coverage. This indicates
that domain filtering is more effective in improving the relevance of recommendations in a clinical context.
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Figure 4. Comparison of Recommendation System Performance on Precision@5 and NDCG@5

e. Case Study Analysis and Clinical Relevance

In addition to quantitative evaluation, a case study analysis was conducted to assess the clinical relevance of
recommendations at the individual level using the Average Clinical Relevance Score (ACRS). The ACRS value is
calculated based on the association rules that support drug recommendations in a patient case. This score reflects the
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strength of the relationship between the patient's clinical condition and the recommended drug, taking into account
the confidence and support values, as well as the suitability of the rules with the medical domain structure. A higher
ACRS value indicates that the drug recommendation has a stronger relationship with the patient's clinical condition
based on patterns found in historical data. The ACRS value can vary depending on the number and strength of the
association rules that support a drug recommendation. The more relevant rules there are and the higher the confidence
and support values of those rules, the higher the resulting ACRS value will be. Examples of recommendation results
and ACRS values are presented in Table 7.

Table 7. Case Study Example: Drug Recommendations and ACRS Values

Case Recommendation Clinical
Complaints Diagnosis Recommended Drugs  Relevance
ID Type
Score
139 Joint pain low back pain Filtering Domain manokobaLalnzun vitamin 42.4
nyeri sendi,
139 Joint pain low back pain Non-Filtering sianokobalamin vitamin 7.798
b12
acute nasopharyngitis, amlodipin, asetil
215 Cough essential (primary) Filtering Domain sistein, klorfeniramin, 6.104
hypertension parasetamol
Cough acute upper respirator amoxicilin,
37 fever gCO’Id ﬁﬁ‘ectior? y Filtering Domain klorfeniramin, 5.081
' parasetamol
L. essential (primary)
acute nasopharyngitis, .
215 Cough essential (primary) Non-Filtering hypertension, batuk, 4.186

amlodipin, asetil

hypertension sistein, klorfeniramin

The difference in ACRS scores between the domain filtering and non-filtering approaches shows that restricting
the structure of the rules can strengthen the relationship between the patient's clinical condition and the recommended
medication. The domain filtering approach produces higher ACRS values, indicating that the resulting drug
recommendations are more clinically relevant. In addition, this approach avoids the appearance of non-drug items in
the recommendation list, making the resulting recommendations easier for medical personnel to interpret.

f.  Implications of Domain Filtering Application in Clinical Decision Support System Development

Overall, the results of the study show that the integration of medical domain knowledge through the domain
filtering mechanism in the FP-Growth algorithm can significantly improve the quality of the drug recommendation
system, particularly in terms of the accuracy and quality of recommendation rankings. By limiting the structure of the
rules to align with clinical logic, the system can generate more relevant recommendations and reduce the occurrence
of medically meaningless rules. Furthermore, this approach maintains the interpretability of association rules, allowing
healthcare professionals to transparently trace and understand the relationship between a patient's clinical condition
and drug recommendations.

The association rule-based approach enriched with domain filtering is considered more suitable for clinical
settings, especially in conditions with limited historical data and the need for transparency in decision making. Unlike
the collaborative filtering approach, which relies on historical interaction patterns, this approach utilizes the direct
relationship between complaints, diagnoses, and drug therapies, making it more stable and relevant in a clinical
context. Therefore, the application of domain filtering has the potential to be integrated into clinical decision support
systems to assist medical personnel in obtaining more accurate, relevant, and clinically accountable drug
recommendations.
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4. Conclusion

This study analyzes the effect of domain filtering on drug recommendation systems based on association rule
mining using the FP-Growth algorithm with Neural Collaborative Filtering as a comparison. Domain filtering is
applied by limiting the rule structure so that complaints and diagnoses act as antecedents and drugs as consequents.
Evaluation uses Precision@5, Recall@5, and NDCG@5 metrics on separate test data to avoid data leakage.

The results of the experiment show that the FP-Growth approach with domain filtering consistently improves
Precision@5 and NDCG@5 compared to the non-filtering approach. The Wilcoxon Signed-Rank test shows that the
difference is statistically significant, while Cliff's Delta analysis shows the practical impact of applying domain
filtering. A comparison with Neural Collaborative Filtering shows that the collaborative filtering-based approach is
less effective on transactional clinical prescription data and has limitations in terms of historical interactions.

This study shows that the application of domain filtering on FP-Growth can improve the clinical relevance and
quality of drug recommendations. However, this study has limitations because the dataset used came from a single
healthcare facility. Further research could conduct cross-facility evaluations and involve direct validation by medical
personnel to improve the generalization and reliability of the proposed system.
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