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 Type 2 diabetes mellitus (T2DM) is a chronic disease that requires 

effective long-term therapeutic management. Appropriate and 

continuous treatment is crucial for preventing complications and 

improving patients’ quality of life. In clinical practice, prescription 

patterns vary significantly and are influenced by demographic and 

clinical characteristics. This study aimed to analyze prescription 

patterns of T2DM patients based on demographic and clinical 

attributes, and to identify frequently co-prescribed drug combinations 

using the Apriori algorithm. A total of 3,500 prescription records 

were obtained from RSUD H. Damanhuri Barabai. The analysis was 

conducted in two stages: (1) association between demographic 

factors (age, gender, blood pressure) and prescribed drugs, and (2) 

association among drugs regardless of patient demographics. With a 

minimum support of 3%, confidence thresholds of 60% and 35%, and 

a lift greater than 1.5, fifteen valid rules were identified in the 

demographic-to-drug analysis, and nine rules in the drug combination 

analysis. Strong patterns were observed, such as the prescription of 

Empagliflozin and Insulin Degludec for hypertensive patients aged 

40–49, and the co-prescription of Acarbose and Glimepiride. These 

findings demonstrated that the Apriori algorithm was effective in 

identifying meaningful prescription patterns. Beyond methodological 

contributions, the results provide practical value for hospitals by 

supporting pharmacy managers in drug procurement planning, 

optimizing stock management, and designing distribution strategies 

that anticipate patient needs based on prescription trends. 
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1. INTRODUCTION  

Type 2 diabetes mellitus (T2DM) is a chronic metabolic disorder characterized by elevated blood 

glucose levels due to impaired insulin secretion or action, which may lead to serious complications in the 

eyes, kidneys, nerves, and heart [1]. Increasing risk factors such as high-calorie diets, low fiber intake, and 

physical inactivity have contributed to the global prevalence. The International Diabetes Federation (IDF) 

reported that 537 million adults were living with diabetes in 2021, and this number is projected to reach 783 

million by 2045 [2]. In Indonesia, the prevalence increased from 6.9% in 2013 to 8.5% in 2018 [3], , with 

hypertension and obesity further aggravating complications [4]. In clinical practice, prescriptions for T2DM 

patients often vary even when patients have similar conditions. A study at Sidoarjo Hospital found that most 

patients received oral antidiabetic drugs (OAD) as monotherapy, while others received combinations of OAD 

and insulin [5]. Another study also reported variations in the use of metformin, glimepiride, and 

combinations such as metformin–glimepiride–acarbose in Indonesian healthcare facilities [6]. 
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The long-term impact of T2DM requires comprehensive management, including lifestyle 

interventions and pharmacological therapy [3]. In practice, pharmacological therapy is often the primary 

treatment, particularly for patients who are unable to control their glucose levels through lifestyle 

modifications alone. However, prescription practices show considerable variability, influenced by patients’ 

clinical conditions, therapeutic responses, comorbidities, and institutional policies [7]. 

The wide range of pharmacological options indicates that no single therapy suits all patients. 

Metformin is generally used as the first-line therapy due to its effectiveness, while alternatives such as 

sulfonylureas, Dipeptidyl Peptidase-4 (DPP-4) inhibitors, alpha-glucosidase inhibitors, or Sodium Glucose 

Co Transporter-2 (SGLT-2) inhibitors are prescribed if metformin is unsuitable [6]. If HbA1c targets are not 

achieved, combination therapy is recommended, while insulin is administered in cases of severe 

hyperglycemia or advanced complications [8]. 

Variations in prescription practices pose challenges in establishing consistent and effective 

treatment patterns. The absence of structured information on commonly prescribed drug combinations also 

hampers the optimization of diabetes management [9]. Moreover, factors such as age, disease severity, and 

hospital pharmacy policies influence drug selection [10]. Therefore, data-driven analysis is required to 

identify prescription patterns and commonly used drug combinations in clinical practice. 

Previous studies have demonstrated the effectiveness of the Apriori algorithm in analyzing 

prescription data. Saputra and Sibarani [11] applied it to pharmacy sales data and identified high-confidence 

association rules useful for stock planning, while Nola et al. [12] used it on hospital medical records to 

generate association rules relevant to healthcare policy recommendations. The Apriori algorithm identifies 

frequent itemsets and generates association rules based on support and confidence metrics [13]. Besides 

Apriori, the Frequent Pattern Growth (FP-Growth) algorithm is also widely used; however, testing in this 

study showed that Apriori produced rules of identical quality to FP-Growth while achieving faster execution 

times and simpler interpretation. This makes Apriori more suitable for clinical analysis and validation by 

medical professionals. Its application is expected to uncover trends and effective drug combinations, thereby 

supporting clinical decision-making and hospital inventory planning [14]. This study is also expected to 

provide practical benefits for hospital management and pharmacy inventory units in understanding 

prescription patterns for T2DM patients. Such information can serve as a basis for drug procurement 

planning, stock management, and distribution strategies that are more efficient and targeted, thereby 

strengthening hospital pharmaceutical logistics policies in anticipating future drug needs according to 

prescription trends. 

 

2. RESEARCH METHOD 

The research method employed in this study adopted the Cross Industry Standard Process for Data 

Mining (CRISP–DM) framework, which consists of six stages: Business Understanding, Data Understanding, 

Data Preparation, Modeling, Evaluation, and Deployment. The overall research procedure is illustrated in 

Figure 1. 

 

 

Figure 1. Research Procedure Using the CRISP–DM Methodology 
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2.1 Business Understanding 

T2DM is a chronic disease with a high prevalence that requires long-term therapeutic management. 

Variations in prescription practices often occur due to differences in patient conditions and clinical 

considerations, making it difficult to identify consistent prescribing patterns. In the CRISP–DM framework, 

the Business Understanding phase is intended to align data mining objectives with business or organizational 

goals, ensuring that the analysis is relevant and problem-oriented [15,16]. Therefore, this study aims to 

discover prescription patterns based on patients’ demographic and clinical attributes using the Apriori 

algorithm, as well as to identify the most frequently co-prescribed drug combinations. The findings are 

expected to support data-driven clinical decision-making and hospital pharmacy inventory planning, in line 

with the emphasis of CRISP–DM that outcomes must contribute directly to operational needs [17]. 

 

2.2 Data Understanding 

The data understanding stage aimed to provide an overview of the research dataset. The dataset was 

obtained from the medical records of T2DM patients at RSUD H. Damanhuri Barabai during the period 

January 2023–December 2024, consisting of 3,500 prescription transactions. The initial extraction from the 

medical record system included patient identity and medical history. From this source, a research dataset was 

derived, including demographic attributes (gender, age), clinical attributes (blood pressure), and prescribed 

drugs. 

To ensure consistency, drug names initially recorded by brand were standardized into their generic 

forms. Standardizing drug names is an important step to reduce duplication and maintain data quality [18]. 

The dataset was then converted into binary format using the one-hot encoding technique, where a value of 1 

indicates that a drug was prescribed and 0 indicates otherwise. One-hot encoding is a common method in data 

mining for representing categorical attributes in numerical form so that they can be processed by analytical 

algorithms [19]. The final output of this stage was an integrated dataset prepared for the data preparation 

phase and subsequent analysis using the Apriori algorithm, in line with the CRISP–DM principle that 

emphasizes initial data exploration to understand characteristics and potential quality issues [17]. 

 

2.3 Data Preparation 

 The data preparation stage aimed to transform the integrated dataset into a format suitable for 

modeling with the Apriori algorithm. Several steps were carried out sequentially, starting with data merging, 

in which demographic (gender, age), clinical (blood pressure), and prescription data were integrated using 

patient ID as the primary key. This process produced a single dataset containing all relevant attributes, in line 

with best practices for integrating heterogeneous healthcare data [20]. Next, data cleaning was performed to 

handle incomplete entries and check for inconsistencies in demographic and clinical information. Data 

cleaning is an essential step in ensuring data quality and reliability before modeling [20]. Attribute selection 

was then applied by focusing on gender (male, female), age groups (<30, 30–39, 40–49, 50–59, 60–69, ≥70 

years), blood pressure categories (normal, elevated, high), and prescriptions related to diabetes management 

and comorbidities (e.g., Metformin, Acarbose, Glimepiride, Sitagliptin, Vildagliptin, Canagliflozin, 

Dulaglutide, Empagliflozin, Liraglutide, and various types of insulin). Attribute selection improves 

prediction performance, reduces complexity, and enhances interpretability [21]. 

 To ensure consistency, prescriptions initially recorded using brand names were standardized into 

generic names. For instance, Metformin XR 750 mg and Metformin 500 mg were grouped as Metformin, 

Tresiba was standardized as Insulin Degludec, and Novorapid Flexpen as Insulin Aspart. This process aligns 

with recommended informatics frameworks for standardized medication data collection and analysis [22]. 

Finally, the dataset was transformed into a binary transactional format using one-hot encoding, where “1” 

indicates that a drug was prescribed and “0” indicates otherwise. One-hot encoding is a widely used 

preprocessing technique to represent categorical attributes in numerical form for data mining algorithms [19]. 

An example of the transformed dataset is presented in Table 1. 

 

Table 1. Example of Transformed Dataset 

Number Gender Age BP Acarbose Canagliflozin Dulaglutide … Vildagliptin 

1 F 50-59 Normal BP 0 0 1 .. 0 

2 F 30-39 Normal BP 0 0 0 .. 0 

.. .. .. .. .. .. .. .. .. 
3500 M 60-69 High BP 0 0 0 .. 0 

  

With this format, each row represented a patient along with demographic, clinical, and prescription 

attributes, enabling the Apriori algorithm to identify frequent itemsets and generate association rules. 
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2.4 Modeling 

 The modeling stage aimed to analyze prescription patterns in T2DM patients and identify drug 

combinations that are frequently prescribed together. The approach employed was association rule mining 

using the Apriori algorithm, which is widely recognized for its efficiency in identifying relationships among 

items in binary datasets [23,24]. 

 The research dataset included demographic attributes (gender: male, female; age: <30, 30–39, 40–

49, 50–59, 60–69, ≥70 years), clinical attributes (blood pressure: normal, elevated, high), and binary 

variables representing antidiabetic and comorbidity-related drugs such as Metformin, Acarbose, Glimepiride, 

Sitagliptin, Vildagliptin, Repaglinide, Canagliflozin, Dulaglutide, Empagliflozin, Liraglutide, and various 

types of insulin. Each row represented an individual patient, with a combination of demographic, clinical, 

and prescription attributes. A value of “1” indicated that a drug was prescribed, and “0” indicated otherwise. 

 The analysis was conducted through two main approaches. First, Demographic → Drug, in which 

antecedents consisted of patient characteristics (gender, age, blood pressure) and consequents were the 

prescribed drugs. This analysis aimed to identify correlations between patient profiles and drug utilization. 

Second, Drug → Drug, in which each drug was treated as an item, and Apriori was applied to identify co-

prescription patterns. Association rules were generated from frequent itemsets that met the thresholds of 

support, confidence, and lift, which are the standard measures for evaluating association rule quality [25]. 

Rules were then assessed for both statistical validity and clinical relevance, as recommended in medical 

applications of association rule mining [26]. 

 

2.5 Evaluation 

 The evaluation stage was conducted to ensure that the Apriori algorithm generated association rules 

that were both statistically significant and clinically relevant. Statistical validation was carried out using three 

main metrics: 

1. Support, which measures the proportion of transactions that contain a particular itemset. It is 

calculated as the ratio between the number of transactions containing the itemset X and the total 

number of transactions, as shown in equation (1) [18]. 

 

Support (𝑋) =
Number of transactions containing (X)

Total number of transactions 
            (1) 

 

2. Confidence, which measures the probability that the consequent Y appears in transactions that 

contain the antecedent X. It is defined as the ratio of support for X ∪ Y to the support of X, as 

shown in equation (2) [27]. 

 

Confidence (𝑋 → 𝑌) =
Support (X ∩Y) 

Support (X)
                  (2) 

 

3. Lift, which evaluates the strength of the relationship between antecedent X and consequent Y 

compared to random chance. It is expressed as the ratio of support for X ∪ Y to the product of 

support for X and support for Y, as shown in equation (3) [28]. 

 

Lift (𝑋 → 𝑌) =
Support (X ∪Y) 

Support (X)×Support (Y)
                  (3) 

 

 This evaluation was applied to rules linking patient characteristics with prescribed drugs 

(Demographic → Drug) as well as rules identifying drug combinations frequently prescribed together (Drug 

→ Drug). Threshold values for these metrics were determined through preliminary experiments to filter rules 

with meaningful associations. 

 In addition to statistical validation, clinical validation was performed through discussions with 

medical practitioners and comparison with established guidelines from the American Diabetes Association 

(ADA) [29], the Indonesian Society of Endocrinology (PERKENI) [8], and related literature. The resulting 

rules were presented in the form of tables, heatmaps, network graphs, and scatter plots to facilitate 

interpretation. These visualizations supported the identification of prescribing patterns consistent with 

clinical practice and provided additional insights for healthcare professionals in making more data-driven 

therapeutic decisions. 

 

2.6 Deployment 

 The deployment stage aimed to implement the research findings into a practical tool. A simple 

prototype was developed using Streamlit, which allows users to interactively explore association rules 

generated by the Apriori algorithm. Through this interface, healthcare practitioners can identify prescription 
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patterns based on patient demographics or view frequently co-prescribed drugs. This prototype demonstrates 

the potential application of the proposed model in supporting hospital pharmacy management and clinical 

decision-making. 

 The use of Streamlit for deploying predictive models in healthcare has been recognized as an 

effective approach to bridge the gap between research and practical implementation, offering clinicians 

access to interactive decision support tools without requiring advanced programming skills [30]. 

 

3. RESULTS AND ANALYSIS 

3.1 Dataset Description 

 The research dataset consisted of 3,500 prescription records of T2DM patients obtained from RSUD 

H. Damanhuri Barabai during the period of January 2023–December 2024. The integrated dataset included 

demographic attributes (gender, age), clinical attributes (blood pressure), and prescribed drugs. 

Patient age was grouped into six categories: <30 years, 30–39 years, 40–49 years, 50–59 years, 60–

69 years, and ≥70 years. Blood pressure (BP) was categorized into Normal BP, Elevated BP, and High BP 

according to the American Heart Association (AHA) standards. Prescriptions were standardized into generic 

names, covering antidiabetic and comorbidity-related drugs such as Metformin, Acarbose, Glimepiride, 

Sitagliptin, Vildagliptin, Repaglinide, Canagliflozin, Dulaglutide, Empagliflozin, Liraglutide, and various 

types of insulin, as summarized in Table 2. 

 

Table 2. Dataset Attributes and Categories 

Number Attribute Categories/ Types 

1 Gender Male, Female 

2 Age <30, 30–39, 40–49, 50–59, 60–69, ≥70 years 

3 Blood Pressure Normal BP, Elevated BP, High BP 
4 Drug Metformin, Acarbose, Glimepiride, Sitagliptin, Vildagliptin, Repaglinide, 

Canagliflozin, Dulaglutide, Empagliflozin, Liraglutide, Insulin (various types) 

 

The final dataset was then converted into binary format using the one-hot encoding technique, 

where each row represented a patient with demographic, clinical, and prescription attributes. An example of 

the converted dataset is shown in Table 3. 

 

Table 3. Example of One-Hot Encoding Conversion 

Number Gender Age BP Acarbose Canagliflozin Dulaglutide … Vildagliptin 

1 F 50-59 Normal BP 0 0 1 .. 0 

2 F 30-39 Normal BP 0 0 0 .. 0 
3 M 60-69 High BP 0 0 0 .. 0 

4 M 30-39 High BP 0     

5 F 50-59 High BP 0 1 1 … 0 
.. .. … … … … … … … 

3500 M Under 30 
Elevated 

BP 
0 0 1 … 0 

 

With this format, the dataset was ready for analysis using the Apriori algorithm to generate 

association rules. 

 

3.2 Result of Demographic → Drug Analysis 
 The first stage of analysis explored the associations between patient demographic and clinical 

characteristics and the prescribed drugs. As described in the data pre-processing stage, prescription data were 

standardized into generic names, merged with demographic and clinical attributes, and transformed into a 

binary format using the one-hot encoding technique. This ensured that the generated association rules could 

be systematically traced back to the integrated pre-processed dataset (see Table 3). Based on this dataset, the 

Apriori algorithm was executed with minimum support of 3%, confidence of 60%, and lift > 1.5, resulting in 

a total of 15 valid association rules. Several representative rules with the highest support, confidence, and lift 

values are presented in Table 4 as examples of the discovered patterns. 

 From a statistical perspective, lift values indicate the strength of associations beyond random 

chance. Rule 5 (Female ≥70 years, Elevated BP → Insulin Detemir) shows the highest lift (9.080), meaning 

that the likelihood of prescribing Insulin Detemir in this group is nine times higher than by random 

occurrence, demonstrating a very strong association. Rule 1 (Empagliflozin) also indicates a strong 

relationship (lift 6.137), while Rule 2 (Insulin Aspart) has a weaker but still meaningful association (lift 

3.202). The support values ranging from 0.030–0.045 suggest that these patterns, while not dominant across 

the entire dataset, consistently emerge within specific demographic subgroups. 
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 Clinically, these findings align with established diabetes treatment guidelines. The frequent 

prescription of Metformin (Rule 4) is consistent with its role as the first-line therapy for type 2 diabetes 

[PERKENI 2021; ADA 2023]. The strong association between Empagliflozin (Rule 1) and female patients 

aged 40–49 with hypertension reflects the cardioprotective benefits of Sodium Glucose Co-Transporter-2 

(SGLT2) inhibitors, recommended for patients with cardiovascular risk factors. The prescription of Insulin 

Aspart and Insulin Degludec (Rules 2 and 3) for patients aged 40–49 suggests the need for tighter glycemic 

control involving both prandial and basal regimens. Meanwhile, the very strong association observed in Rule 

5 highlights the clinical practice of initiating long-acting insulin such as Insulin Detemir in elderly patients 

with poor glycemic control and comorbid hypertension. 

 From a practical perspective, these results emphasize that age and blood pressure are primary 

determinants in prescribing decisions, while gender further differentiates treatment tendencies among specific 

groups. For hospital pharmacy management, the relatively higher support values for Metformin and Insulin 

Detemir indicate the need to prioritize these drugs in inventory planning to anticipate demand from patients 

with similar demographic and clinical profiles. Thus, association rule mining not only reveals statistically 

significant patterns but also clinically meaningful insights that can support pharmacy logistics planning. 

 

Table 4. Selected Association Rules (Demographic → Drug) 

Number Antecedent (Demographics) Consequent (Drug) Support Confidence Lift 

1 Female, 40–49, High BP Empagliflozin 0.030 0.684 6.137 

2 Female, 40–49, High BP Insulin Aspart 0.033 0.755 3.202 

3 Female, 40–49, High BP Insulin Degludec 0.033 0.735 4.054 
4 Male, 60–69, High BP Metformin 0.045 0.799 3.734 

5 Female, ≥70, Elevated BP Insulin Detemir 0.045 0.739 9.080 

  

3.3 Result of Drug → Drug Analysis 
 The second stage of analysis focused on identifying associations among prescribed drugs to uncover 

frequent co-prescription patterns independent of patient demographics. As described in the data pre-

processing stage, drug names were standardized into generic forms and transformed into a binary 

transactional format, allowing the Apriori algorithm to detect meaningful combinations. With minimum 

support of 3%, confidence threshold of 35%, and lift > 1.5, a total of nine valid association rules were 

generated, all of which are presented in Table 5. 

 

Table 5. Association Rules of Drug-to-Drug Combinations 

Number Antecedent (Drug) Consequent (Drug) Support Confidence Lift 

1 Acarbose Glimepiride 0.043 1 7.642 

2 Canagliflozin Insulin Glargine 0.078 0.508 1.583 
3 Canagliflozin Repaglinide 0.055 0.356 2.284 

4 Repaglinide Canagliflozin 0.055 0.350 2.284 

5 Empagliflozin Insulin Degludec 0.040 0.359 1.979 
6 Glipizide Insulin Lispro 0.039 0.368 2.484 

7 Insulin Degludec Insulin Aspart 0.083 0.457 1.937 

8 Insulin Aspart Insulin Degludec 0.083 0.352 1.937 
9 Repaglinide Insulin Glargine 0.078 0.501 1.560 

 

 From a statistical perspective, Rule 1 (Acarbose → Glimepiride) stands out with the highest lift 

value (7.642), indicating that these two drugs are very strongly associated and frequently prescribed together. 

The support value of 0.043 shows that this combination, while not dominant across all prescriptions, 

consistently appears within the dataset. Rules 7 and 8 (Insulin Degludec ↔ Insulin Aspart) demonstrate 

reciprocal associations with support 0.083, confirming the frequent use of basal–bolus insulin regimens. 

Meanwhile, Rule 6 (Glipizide → Insulin Lispro) has a moderate support but relatively high lift (2.484), 

highlighting its strength as a non-random combination. 

 Clinically, these results align with current treatment guidelines. The combination of Acarbose and 

Glimepiride (Rule 1) reflects the practice of combining alpha-glucosidase inhibitors with sulfonylureas to 

enhance glycemic control. The frequent pairing of Insulin Degludec and Insulin Aspart (Rules 7 and 8) 

illustrates the use of basal–bolus therapy, recommended for patients requiring intensive glycemic control 

[PERKENI 2021; ADA 2023]. The associations involving SGLT2 inhibitors (Empagliflozin, Canagliflozin) 

with insulin or secretagogues such as Repaglinide (Rules 2–5, 9) highlight their role in patients with poor 

control on oral therapy and additional cardiovascular risk factors. 

 From a practical perspective, these findings indicate that certain drug combinations, particularly 

insulin regimens and oral drug pairings, dominate prescribing patterns in T2DM management. For hospital 

pharmacy management, the relatively high support values of Insulin Aspart and Insulin Degludec suggest the 

need for adequate stock of both basal and prandial insulin analogs. Meanwhile, the presence of combinations 
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involving SGLT2 inhibitors underscores the importance of ensuring their availability in line with the growing 

clinical adoption of these medications. These insights reinforce the value of association rule mining in 

uncovering statistically robust and clinically meaningful prescription patterns, while also guiding strategic 

inventory planning. 

 

3.4 Discussion   

 The results of this study show that demographic and clinical factors significantly influence 

prescribing patterns in patients with T2DM. Rules derived from the demographic-to-drug analysis revealed 

that age and blood pressure were the strongest determinants, with gender acting as a secondary factor. For 

example, female patients aged 40–49 years with high blood pressure were more likely to receive 

Empagliflozin, Insulin Aspart, and Insulin Degludec, while male patients aged 60–69 years with high blood 

pressure had a strong association with Metformin prescriptions. These findings are consistent with the 

recommendations of the ADA [29] and the PERKENI [8], which emphasize the need for therapy tailored to 

patient profiles, cardiovascular risk, and comorbid conditions. 

 The drug-to-drug analysis highlighted several important co-prescription patterns. The strongest 

association was found between Acarbose and Glimepiride, a combination previously reported as effective in 

improving glycemic control in dual oral therapy. Likewise, the reciprocal association between Insulin 

Degludec and Insulin Aspart reflects standard clinical practice of combining basal and prandial insulin in 

patients with advanced T2DM or poor glycemic control. Modern therapeutic patterns, such as Empagliflozin 

with Insulin Degludec and Canagliflozin with Repaglinide, were also identified, in line with current clinical 

guidelines that recommend combining SGLT2 inhibitors with insulin or secretagogues for patients at risk of 

cardiovascular complications. 

 In interpreting these findings, demographic and clinical attributes such as gender, age, and blood 

pressure play a central role in shaping prescribing behavior. Gender differences have biological and 

psychosocial impacts that influence disease progression, complications, and therapeutic response. Kautzky-

Willer and Harreiter (2017) [31] emphasized that men and women show differences in risk factors, therapy 

preferences, drug side effects, and adherence to lifestyle or pharmacological interventions. Therefore, 

considering gender differences in therapy is essential to improve the quality of care and clinical outcomes. 

Patient age was grouped into six categories for analytical purposes. This is consistent with the 

recommendations of the IDF [2], which highlights the importance of considering older age in diabetes 

management, as elderly patients often require more intensive regimens, including insulin. Blood pressure 

status was also a critical determinant, given that hypertension is the most common comorbidity in T2DM, 

and international guidelines from the World Health Organization [32] and the Joint National Committee [33] 

recommend maintaining blood pressure below 130/80 mmHg to prevent cardiovascular complications. 

 The emergence of strong associations between insulin combinations, particularly Insulin Degludec 

and Insulin Aspart, can be explained by the clinical need for tighter glycemic control in patients who fail oral 

therapy. Elderly patients or those with multiple comorbidities often cannot achieve adequate control with 

monotherapy or dual oral therapy, necessitating the initiation of basal–bolus insulin regimens. This finding is 

consistent with international guidelines such as ADA (2023) and PERKENI (2021), which recommend 

basal–prandial insulin combinations in advanced T2DM or cases with severe hyperglycemia. 

 Overall, the findings strengthen the clinical validity of the Apriori algorithm in identifying 

prescribing patterns consistent with medical guidelines and real-world practice. Moreover, the discovered 

association rules provide valuable insights for healthcare professionals to design more personalized, data-

driven treatment strategies and to support hospital pharmacy inventory planning. 

 

4. CONCLUSION 

 This study applied the Apriori algorithm to analyze prescribing patterns in patients with T2DM. The 

results showed that age, blood pressure, and gender significantly influenced prescribing behavior, while the 

drug-to-drug analysis revealed key co-prescription patterns such as Acarbose–Glimepiride and Insulin 

Degludec–Insulin Aspart, as well as modern combinations with SGLT2 inhibitors. The strength of this study 

lies in the use of real-world hospital data, systematic preprocessing steps, and the interpretability of the 

Apriori algorithm, which ensured the generation of clinically meaningful rules. However, some limitations 

should be acknowledged, including the use of data from a single hospital, the absence of key clinical 

variables such as HbA1c or Body Mass Index (BMI), and a restricted study period of two years. 

 Overall, the findings confirm the clinical validity of association rule mining in supporting 

personalized therapy design and hospital pharmacy inventory planning. Future research is recommended to 

include additional clinical parameters, expand to multi-center datasets, and explore alternative algorithms 

such as Eclat to strengthen the generalizability of the results. 
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