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Abstract: Drug Recommender Systems (DRS) streamline prescription process and contribute to better healthcare. Hence, 

this study developed a DRS that recommends appropriate drug(s) for the treatment of an ailment using Peptic Ulcer 

Disease (PUD) as a case study. Patients’ and drug data were elicited from MIMIC-IV and Drugs.com, respectively. These 

data were analysed and used in the design of the DRS model, which was based on the hybrid recommendation approach 

(combining the clustering algorithm, the Collaborative Filtering approach (CF), and the Knowledge-Based Filtering 

approach (KBF)). The factors that were considered in recommending appropriate drugs were age, gender, body weight, 

allergies, and drug interactions. The model designed was implemented in Python programming language with the Flask 

framework for web development and Visual Studio Code as the Integrated Development Environment. The performance 

of the system was evaluated using Precision, Recall, Accuracy, Root Mean Squared Error (RMSE) and usability test. The 

evaluation was carried out in two phases. Firstly, the CF component was evaluated by splitting the dataset from MIMIV-

IV into a 70% (60,018) training set and a 30% (25,722) test set. This resulted in a precision score of 85.48%, a recall 

score of 85.58%, and a RMSE score of 0.74. Secondly, the KBF component was evaluated using 30 different cases. The 

evaluation for this was computed manually by comparing the recommendation results from the system with those of an 

expert. This resulted in a precision of 77%, a recall of 83%, an accuracy of 81% and an RMSE of 0.24. The results from 

the usability test showed a high percentage of performance of the system. The addition of the KBF reduced the error rate 

between actual recommendations and predicted recommendations. So, the system had a high ability to recommend 

appropriate drug(s) for PUD. 

 

Index Terms: Drug Recommender System, Peptic Ulcer Disease, Collaborative Filtering, Knowledge-based Filtering, 

Decision Support Systems. 

 

 

1.  Introduction 

Healthcare is a fundamental component of human society, striving to maintain and improve the well-being of individuals. 

Central to this endeavor is the practice of prescribing drugs to treat a multitude of health conditions. The prescription of appropriate 



Enhancing Drug Recommender System for Peptic Ulcer Treatment 

16                                                                                                                                                                         Volume 16 (2024), Issue 6 

medication is a crucial part of every consultation between patient and healthcare personnel [1], and the goal of physicians in 

prescribing drugs is to quicken patients' recovery and see them get well.  

People fall ill due to factors such as environment, genetics, weather, microbial infections, age, lifestyle choices, etc. These 

factors cause a number of ailments, one of which is Peptic Ulcer Disease (PUD). To put it simply, a peptic ulcer is a sore on the 

inner lining of the stomach or duodenum that is caused by peptic acid [2]. The two most common types of PUD are Gastric ulcer 

and Duodenal ulcer. These names refer to the locations where they are found, which are inside the stomach and the duodenum 

(upper part of the small intestine), respectively [3]. PUD is one of the most prevalent disorders of the digestive system and affects 

about 4 million people worldwide each year, with complications occurring in 10–20% of cases [4]. According to Ray-Offor and 

Opusunju (2020), PUDs are estimated to involve 5–10% of the world’s population [5]. Also, from a study of the global burden 

of PUD conducted by Xie et al. (2022), it was discovered that in 2019, there were about 8.09 million prevalent cases of PUD [3]. 

The majority of cases of PUD are caused by Helicobacter Pylori (H. Pylori) infection and Non-Steroidal Anti-Inflammatory 

Drugs (NSAIDs) [6-8]. Other factors identified by some researchers [3-5] as being associated with an increased risk of PUD are: 

gastric bypass surgery, alcohol consumption, smoking, starvation, stress, blood group O, and genetic traits. PUD that is untreated 

or inadequately managed can result in complications, which can in turn lead to the loss of life. The commonly known 

complications of PUD include perforation in the stomach or intestine, internal bleeding, penetration into a surrounding organ, and 

obstruction of the gastric outlet that prevents food from leaving the stomach [2,5,6,9,10]. So, PUD needs to be treated early and 

adequately to prevent it from becoming a complicated case. According to Umegbolu (2022) and the Japanese Society of 

Gastroenterologists, a number of factors, such as etiology (cause), presence of complications, recurring cases, etc., are considered 

in prescribing the right treatment for PUD [2,8]. These factors determine the drug(s) to be prescribed for patients. 

This process of drug prescription is carried out by physicians who rely on their clinical experience, knowledge, and available 

guidelines to make informed decisions. However, the increasing number of available drugs, each with varying effectiveness and 

cost, has made this task increasingly challenging [11]. It has become more difficult for physicians to stay current with the wide 

range of drugs available, the exponential increase in medical literature, and the development of new drugs nearly on a daily basis 

[12,13]. Also, when physicians are faced with peculiar cases or unfamiliar cases, they search for information on appropriate 

medication to prescribe for such cases [14,15]. This can be time-consuming and strenuous, which can lead to complications and 

the indiscriminate use of drugs or seeking alternative cures by patients [12,13]. 

In order to assist physicians, this process of drug prescription is now being technologically implemented through the use of 

Drug Recommender Systems (DRS). A DRS is an information system that recommends appropriate drugs for patients based on 

their ailment [16,17]. The goal of a DRS is to suggest appropriate drugs to patients based on certain factors, which can be age, 

type of ailment, allergies, etc. They were developed to support healthcare professionals in performing their duties effectively, not 

to replace them [18]. In order to recommend appropriate drug(s), DRS employs a number of recommendation approaches, of 

which the most commonly used are Collaborative Filtering (CF), Content Based (CB), Knowledge Based Filtering (KBF) and 

the Hybrid recommendation approaches [12,19-21]. The CF approach recommends an item that might interest users based on 

items that similar users were interested in or items (drugs) that were beneficial to similar users (or patients) [22]. In the CB 

recommendation approach, items are recommended based on the item or the content or details of an item users were interested in 

in the past [12]. For instance, if a drug with certain components is effective for a patient, drugs with similar components are 

recommended for that patient. The KBF approach bases its recommendations on assumptions about a user's preferences and 

requirements [23]. It relies heavily on existing knowledge, and the necessary knowledges are: knowledge of the users, knowledge 

of the items (which can be drug), and knowledge of how to match an item with a user's need [12,19,21,23]. This knowledge 

comes from sources such as answers to a pre-set sequence of questions about users’ preferences, users’ profiles, etc. [24]. An 

important characteristic of knowledge-based systems is their high level of personalized recommendations [24]. Multiple 

approaches are combined in the hybrid recommendation approach to enhance performance in terms of recommendation accuracy 

[19,25,26]. According to [23], the hybrid technique provides recommendations that are more accurate than those from pure 

approaches such as the CF and CB. It combines a number of techniques to optimize their benefits and reduce their downsides 

[25,27]. 

With the aim of assisting healthcare professionals in making informed and personalized drug prescription decisions, 

this study developed a DRS that recommends the most appropriate drug for a patient by taking factors such as age, gender, 

body weight, allergies, and drug interactions into consideration. A DRS for PUD will aid in early and appropriate 

treatment by considering each patient’s features, and in return, it will prevent complications that might arise from delayed 

treatment. DRS is necessary in a country like Nigeria, which has a ratio of 1:2,500 doctors to patients [28]. This wide 

ratio results in physicians (especially specialists) not being easily accessible to patients. Patients join endless queues to 

access or consult a physician, especially in government-owned healthcare facilities. And the time spent in these queues 

before having access to a physician can worsen an ailment, especially in cases that need urgent attention. Some of these 

patients result in self-medication, failing to realize that certain factors are taken into consideration in drug prescription, 

thereby exposing themselves to preventable dangers. So, there is a need for a system that can assist in reducing these 

issues, directly or indirectly, as the adoption and use of technology in the healthcare sector in Nigeria has transformed the 

process of care delivery for patients [29,30]. So, a DRS will not only streamline the prescription process but also contribute 

to better patient care, reduced healthcare costs, and increase patient satisfaction.  

This study addressed some gaps in existing study. One of these is that, many DRS failed to take into account 

underlying medical conditions and allergies in DRS development. [31] recognized this oversight, explicitly 

acknowledging the exclusion of factors such as allergies and underlying medical issues. Additionally, several other studies 

omitted these factors without explicit acknowledgment. Investigating the impact of such patient-specific information in 
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DRS are important. This study also included a user-centric evaluation of the system through a usability test, which was 

conducted subsequent to users' interactions with the system. While some studies briefly touched on user-based evaluations, 

there is a lack of comprehensive investigation into the usability, user satisfaction, and effectiveness of the DRS models 

in real-world scenarios. Understanding how patients and healthcare providers perceive and interact with these systems is 

essential for successful implementation. In addressing these knowledge gaps this study aims to contribute to the 

development of more adaptive, user-friendly, and effective DRSs, ultimately improving patient outcomes and satisfaction 

in healthcare settings. 

The next section, which is ‘Methodology’, discusses the methodology used for data collection and analysis and the 

development of the DRS. The ‘Results’ section describes the results of the system implementation, and the ‘Discussion’ 

section discusses the implications of the results. The last section, ‘Conclusion’, concludes the paper and gives 

recommendations for future research. 

2.  Methodology 

This section discusses the methodology used for data collection and analysis, model formulation and implementation 

of the DRS. 

2.1.  System Design 

This study followed the hybrid recommendation approach. This is necessary in order to get the best recommendation 

and to minimize the weaknesses of the individual recommendation approach. 

The system, as depicted in Fig. 1, takes the details of patients (age, gender, weight, existing medical conditions, and 

current drug being taken) and then checks to determine which cluster the patient falls into. Patients in the database are 

already grouped into six clusters based on their information using the k-means clustering algorithm. From the cluster, the 

five closest patients to the new patient in the database are identified using the K Nearest Neighbour (KNN) algorithm, 

and the drug(s) that were prescribed to those patients are extracted and form the ‘Initial Drug(s) Recommendation’ (IDR). 

The drugs in the IDR are then used for the knowledge-based filtering of the DRS. This part was implemented using rules. 

Each drug is checked for allergies and drug-drug and drug-disease interactions based on the drug information in the 

database. The drug(s) that do not have the tendencies of allergic reactions and interactions then make the ‘Final Drug 

Recommendation’.  

 

 

Fig.1. Framework of developed drug recommender system 

2.2.  Dataset Acquisition 

The data used for this study were in two categories: clinical data and drug data. The clinical datasets were elicited 

from Medical Information Mart for Intensive Care – IV (MIMIC-IV) [32,33]. MIMIC-IV is a database which contains 

the de-identified data for patients who were admitted to the BIDMC (Beth Israel Deaconess Medical Center) emergency 

department or one of the Intensive Care Units (ICU), which were extracted from respective hospital databases. In order 

to protect patients’ identities, patient identifiers such as name were removed as stipulated by HIPAA (Health Insurance 

Portability and Accountability Act) and replaced with deidentified integer identifiers (Subject_id). Also, Date and time 

were randomly pushed into the future using a days-based offset.  The MIMIC-IV dataset is divided into two modules: – 

the hosp and the icu modules. The hosp module was used for this study. In order to gain access to the datasets, the 

requirements involved getting credentialed, completing CITI’s training on ‘Data or Specimens Only Research’ and 

signing a ‘data use agreement’. All these were carried out by the authors. The choice of MIMIC-IV dataset is because, it 

provides access to a wide range of electronic health records, including medications, diagnoses, lab results, and clinical 

notes. It also has relevant details about patients such as, age, weight, BMI, type of PUD, medical history, etc., and these 
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are some of the important factors considered in PUD drug prescription. In addition to these, MIMIC-IV offers data on a 

large and diverse patient population, which is essential for developing a robust and generalizable DRS. 

After preprocessing, the dataset used for this research consist of 85,740 records of patients with PUD, comprising of 

16 variations of PUD. Each record had seven attributes – subject_id, gender, age, ICD code, disease name, drug name, 

and body weight value. These records made up the data points used in this study. For the drugs Data, a total of five PUD 

drugs namely; Omeprazole, Pantoprazole, Famotidine, Ranitidine, and Glycopylorrate, were gotten from the MIMIC-IV 

database. Each of these drugs was checked for information (allergies, drug-to-drug interaction, and drug-to-disease 

interaction) in the drugs database, Drugs.com [34]. The choice of drugs.com is, Drugs.com is the largest, most widely 

visited, independent medicine information website available on the Internet [34]. The site provides accurate and 

independent information on more than 24,000 prescription drugs, over-the-counter medicines and natural products [34]. 

It offers detailed descriptions of medications, including uses, side effects, interactions, contraindications, warnings and 

dosage. All these information is necessary for in drug prescription process and some of this information were utilized in 

the DRS development for this study. 

2.3.  Drug Recommender Model Formulation   

The recommendation phase was based on a hybrid recommendation approach consisting of clustering, collaborative 

filtering, and knowledge-based filtering. The features from the datasets used for this phase were age, gender, body weight 

value, name of disease, and drug name. The model formulations for each of the approaches are explained below. 

A.  Clustering  

Clustering of data was carried out using the K-means clustering algorithm. The following steps were followed in the 

clustering phase of the drug recommender model formulation: 

 

Encoding of textual values: The MIMIC-IV dataset used, is a mix of numerical and textual feature values and the K-

means algorithm can only be applied on numerical data so, encoding was carried out on the textual values to convert them 

to numerical values. The textual features were encoded using a one-hot (one-of-K or dummy) encoding scheme. This 

creates a category for each text and then create a binary column for each category and returns a sparse matrix or dense 

array (depending on the sparse output parameter). The textual values in the relevant data fields from MIMIC-IV namely, 

medications, gender and ICD_Codes were converted to numerical values in order to make it easy for clustering to take 

place. Table 1 shows the result of encoding for the first 10 rows of the dataset. 

 

Standardization/Normalization of Data: When performing clustering on a dataset, it is important to have more normally 

distributed data because clustering depends on the relative distance of the observations. Standardizing, or normalization, 

therefore transforms the features of the dataset so that they have a mean of 0 and a standard deviation of 1. The goal is to 

ensure that all features have the same scale, so they contribute equally to the clustering algorithm because, if the features 

have different scales, the algorithm may give more importance to features with larger scales, leading to biased results. 

Normalization of values were carried out before clustering using standard scaler. The standard score of a sample x is 

calculated as: z = (x - u)/s. Where u is the mean of the training samples and s is the standard deviation of the training 

samples. A sample of the result gotten after the standard scaling is shown in Table 2. 

 

Optimal Number of Clusters: the elbow method was used to determine the optimal number of clusters to use for this 

study. This method calculates the Within-Cluster Sum of Squares (WCSS) for various values of K, with lower values 

generally being better. The plot for this method is shown in Fig. 2. Usually, the point at which the first bend occurs in the 

plot is picked as the optimal number for the clusters. From figure 2, a bent occurred at point 4 and 6 but 6 was chosen 

because it has a higher silhouette score of approximately 0.48. 

The clustering phase for this study is represented as follows: 

 

i. Data Representation: Patient data was represented as data points in a feature space. 

Patient 1: X1 = [age1, gender1, weight1, ICD_code1] 

Patient 2: X2 = [age2, gender2, weight2, ICD_code2] 

. 

. 

. 

Patient N: XN = [ageN, genderN, weightN, ICD_codeN] 

ii. Selection of number of Clusters:  

The optimal K number of clusters of 6 was chosen using the elbow method. 

Centroid 1: `C1` 

Centroid 2: `C2` 

. 

. 

.
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Centroid 6: C6 

Table 1. Result of text encoding 

Medication Sex Age (Yrs) 
ICD_ 

code 

Weight 

(Pounds) 

0 1 34.00 3 250.300000 

1 1 62.48 11 212.415965 

4 1 57.53 12 236.880565 

0 1 62.00 11 178.200000 

1 1 60.00 12 183.866474 

3 0 77.00 12 110.254026 

3 0 67.33 12 112.667095 

2 0 22.00 11 199.800000 

0 1 34.00 3 232.397493 

2 0 66.00 5 175.800000 

Table 2. Result of normalization of values 

0 1 2 3 4 

0.009993 0.004997 0.249836 0.059961 0.966365 

0.013388 0.000000 0.254381 0.053554 0.965527 

0.019938 0.000000 0.199380 0.059814 0.977892 

0.015289 0.003822 0.217861 0.045866 0.974774 

0.022288 0.000000 0.572067 0.089153 0.815043 

0.007392 0.002464 0.115813 0.029569 0.992800 

0.019769 0.004942 0.311368 0.059308 0.948218 

0.005648 0.005648 0.333257 0.062133 0.940752 

0.023588 0.005897 0.324332 0.070763 0.942980 

0.000000 0.000000 0.332117 0.061314 0.941243 

 

 

Fig.2. Screenshot of the plot for the elbow method 

B.  Collaborative Filtering 

To implement the collaborative filtering phase of this study, the K Nearest Neighbour algorithm was used. The value 

for K used was 5. The features considered at this stage were gender, age, weight and ICD code of PUD. This is represented 

as follows: 

 

i. Load datasets 

The datasets were represented as:  

D = {(x₁, y₁), (x₂, y₂), ..., (xn, yn)} 

Where: 

D is the dataset (MIMIC-IV) for the collaborative filtering  

x represents patient's feature vector (this contains elements for gender, age, weight and ICD code) 

y represents the drug(s) prescribed for patient x in the dataset. 
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ii. Input new patient data 

For new patients, their features were represented as x_new, where: 

x_new[1] is the gender (0 for male, 1 for female). 

x_new[2] is the age. 

x_new[3] is the weight. 

x_new[4] is the ICD code. 

 

iii. Calculate the distance between patient x and patient x_new 

 The similarity measure, Euclidean distance was used in calculating distance between x_new and all data points in D 

using the formular;  

d(x, x_new) = √(x1 –  x_new1)2 + (x2 –   x_new3)2 + (x3 –   x_new3)2 + (x4 –   x_new4)2 

where: 

d(x, x_new) is the Euclidean distance between two patients x and x_new 

x1 and x_new1 are the values for gender for patients x and x_new respectively 

x2 and x_new2 are the values for age for patients x and x_new respectively 

x3 and   x_new3 are the values for weight for patients x and x_new respectively 

x4 and   x_new4 are the values for ICD code for the type of PUD for patients x and x_new respectively. 

 

iv. Display the drugs prescribed for the nearest neighbours for the value of K = 5. 

The results of the above were stored and sort, and the drugs were displayed by selecting the k-nearest neighbours from D 

based on the smallest distances to x_new. 

C.  Knowledge-based Filtering 

This phase of the DRS takes as input, the drugs from the CF phase then, check each drug for interactions and allergies. 

These drug features (interactions and allergies), were added to the system using the ‘dictionary()’ function. This phase of 

DRS design for this study is represented as follows: 

 

Notation: 

Let D represent the set of all available drugs. 

Let P represent the set of patients. 

Let A represent known allergies 

Let I_d represent the set of known drug-drug interactions. 

Let I_dd represent the set of known drug-disease interactions. 

Let R represent the set of recommended drugs for a patient. 

 

i. Patient Profile: 

P = {CD, MC, AR}  

Where: 

CD = current drugs 

MD = Medical Condition 

AR = Allergic Reaction 

 

ii. Drugs: 

D = {d₁, d₂, ..., d5} 

where di is a drug. 

 

iii. Allergy and Drug Interaction Knowledge: 

 allergic_reaction(drug, allergy) 

 drug-drug_interactions(drug1, drug2)  

 drug-disease_interactions(drug, disease). 

 

iv. Recommendation Rule: 

Given a patient's information P and the set of all drugs D, a subset of drugs D was recommended such that: 

R = {di | di ∈ D and not (allegic(di, AR) > 0)  and not (Interact(di, CD) > 0) and not (DiseaseInteract(MC, di) > 0)}  

where: 

 ‘di | di ∈ D’ represents di being element(s) of D 

 allegic(di, AR) measures allergy between drug di and patient’s allergic reactions 

 Interact(di, CD) measures the interaction between the drug di and the patient's current drugs. 

 DiseaseInteract(MC, di) measures the interaction between the patient's disease and the drug di. 
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v. Recommendation Process: 

For a patient p: 

Initialize an empty set Rp for recommended drugs. 

Iterate through all drugs in D. 

For each drug d: 

- Check for potential allergic reaction between d and the drugs in AR using A. 

- Check for potential interactions between d and the drugs in CD using I_d. 

- Check for potential interactions between d and the patient's medical condition MC using I_dd. 

- If no interactions are found, add d to Rp. 

- Return Rp as the set of recommended drugs for patient p. 

 

vi. Output: 

For each patient in P, the system outputs their recommended drug set R, which consists of drugs that they are not 

allergic to and do not interact with their current drugs or medical condition based on the knowledge base.  

2.4.  Implementation Environment 

Visual Studio (VS) Code was the Integrated Development Environment (IDE) used for the implementation of the 

DRS developed. The back end of the system was designed using Python (version 3.6.3) programming language. Flask, a 

web framework, which has the ability to integrate results generated by the machine learning algorithms, was used for user 

interface design. 

3.  Results 

This section presents the results of the implantation of the DRS and the results of the evaluation of the implemented 

system. 

3.1.  Implementation Result 

Fig. 3 shows the interface for inputting the patient’s personal information. The information needed from user include 

Name, Weight, Age, Gender and ICD Code. Fig. 4 shows the interface for inputting existing medical conditions and 

current drugs being taken by a patient. These information aids the knowledge-based filtering part of the DRS by enabling 

the system to recommend only drugs that do not interact with a patient’s existing medical conditions or other drugs being 

taken by the patient. Fig. 5 shows that one drug (Pantoprazole) was recommended for a male patient, aged 54, with no 

existing medical condition and who is not taking any other drug. 

 

 

Fig.3. User interface (patient details)
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Fig.4. User interface (drug and existing ailment details) 

 

Fig.5. Drug recommendation for a patient 

3.2.  System Evaluation Result 

The CF aspect of the system was first evaluated within the system using Precision, Recall and Root Mean Squared 

Error (RMSE). Then the aspect that involved the Knowledge Based Filtering (KBF) was also evaluated manually using 

the aforementioned evaluation metrics including accuracy. These evaluation metrics were selected because, evaluating 

DRS involves assessing how well the system recommends suitable drug(s) for patients based on their features, and these 
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metrics provide insights into DRS’s performance. Also, these are the most widely used evaluation metrics for DRS. The 

evaluation is separated for each recommendation approach because, both used different datasets. The CF aspect of the 

DRS used clinical data from MIMIC-IV, while the KBF aspect used the output from the CF in addition to drug information 

gotten from Drugs.com. 

As already stated, the CF aspect of the DRS was first evaluated. Fig. 6. shows a screenshot of the generated evaluation 

metrics and their values. From the figure, it can be seen that the system had a precision score of 85.48%, a recall score of 

85.58%, and a RMSE score of 0.74. 

The second part of the evaluation process involved the KBF aspect of the DRS. This evaluated the overall system’s 

performance. The system was evaluated by considering a total of thirty different cases of patients which were obtained 

manually in conjunction with an expert who is a public health physician and a resident doctor.  The attributes which made 

up the factors considered for this phase of evaluation were age, gender, weight, ICD code, allergies, current drugs, and 

existing medical conditions. Considering each of the factors, the expert made recommendations on the most appropriate 

drug(s) he would prescribe. His recommendations were compared with the drugs that the system recommended after also 

taking the stated factors into consideration. 

 

 

Fig.6. Evaluation scores 

Using the expert's and system’s recommendations, the system was evaluated using equations 1, 2, 3 and 4 for 

precision, recall, accuracy and RMSE respectively. These calculations were carried out manually by using the following 

formulars: 

 

Precision =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                                           (1) 

 

Recall = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                                              (2) 

 

Accuracy = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                                     (3) 

 

Where; 

TP = True Positives 

FP = False Positives 

FN = False Negatives 

 

RMSE = √
∑ (𝑋𝑒𝑥𝑝,𝑖  − 𝑋𝑑𝑟𝑠,𝑖 )

𝑛
𝑖=1

2

𝑛
                                                                 (4) 

 

Where;  

n is the total number of drug recommendations. 

Xexp is the number of drugs recommended by expert. 

Xdrs is the number of drugs recommended by the system. 

The results obtained after the calculation are: 0.77, 0.83, 81% and 0.24 for precision, recall, accuracy and RMSE 

respectively.  

4.  Discussion 

From the overall results, it can be seen that the system has the ability to accurately recommend appropriate drugs for 

PUD by putting individual and drug factors into consideration. The precision of 0.77 shows that the system can 

recommend relevant drugs in 77% of the cases. That means that on an average, the expert agrees with 77% of the drugs 

recommended by the system. Though this value is lower than the values for the CF aspect of the DRS, the score is not 

bad as this percentage is above average. 

For recall, the system had a score of 0.83. This shows that the system has an 83% ability in recommending all relevant 

drugs in its database after putting some appropriate factors such as gender, age, pre-existing medical condition/state and 

current drugs into consideration. 

From the result for RMSE, it can be seen that the average difference between the system’s recommendations and the 

expert recommendations is 0.24. This is lower than the score obtained when only the CF was applied. This value shows 

a low rate of error which can be said to be a good result. The CF aspects performed well in terms of precision and recall 

but, in terms of the error, the KBF had a very higher performance.
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When these values are compared with the DRS developed by Morales et al. (2022) [35], which was hybrid based 

(Kmeans and KNN), the DRS in this study can be said to have performed well. The DRS in [35] had a RMSE of 0.71 and 

an accuracy of 61% while the developed DRS had a score of 0.24 for RMSE and 81% for accuracy. It also outperformed 

the DRSs of [16] which had an accuracy of 80%. [16] is also hybrid based.  From these results, it can be inferred that the 

addition of the KBF enhanced the system’s performance 

A usability test was conducted in order to assess the user-friendliness and effectiveness of the DRS was conduction 

online via Google Forms. 16.7%, 5.5% and 16.7% of these responses were from doctors, pharmacists and other class of 

medical personnel respectively. The other percentage of responses (61.1%) were from non-medical personnel. 83.3% of 

the users agreed that the user interface of the DRS was easy to navigate. In terms of suitability of drug(s) recommended 

by the system after user details were inputted, 88.9% of the respondents agreed that the drug(s) recommended were 

suitable for the details inputted. In the same vein, in terms of relevance of drug(s) recommended, 88.9% of the users 

agreed that the drug(s) recommended were relevant. In terms of drugs that should have been recommended but were not, 

some users stated antibiotics, others herbs, and some, suggested drugs that would be easy to find by patients. Some of 

these categories of drugs were not recommended because the developed DRS is machine learning based and only drugs 

contained in the dataset used were recommended. The overall performance of the DRS was also evaluated and 77.8% of 

the users agreed that the system performed well. This was followed up by checking the likelihood of users in using the 

system in the future on a scale of 1 to 5. The responses gotten were; 0% for option 1; 27.8% for option 2; 50% for option 

3; 16.7% for option 4; and 5.6% for option 5. From all the responses, it can be concluded that the system is easy to use 

and gives relevant recommendations based on details entered. 

From all the evaluation results obtained, it can be concluded that the system has the ability to recommend appropriate 

drugs for PUD by taking individual and drug factors into consideration. 

5.  Conclusions 

This research presented the development of a DRS using the hybrid recommendation approach. The DRS was 

developed to aid in the process of making appropriate decisions regarding drugs by putting patient’s unique characteristics 

into consideration. From the results obtained after evaluation, it can be concluded that the addition of the extra layer of 

the KBF approach enhanced the performance of the DRS in making more appropriate drug recommendations.  

The system’s ability to make more accurate recommendations can be improved by taking the following factors into 

consideration: 

 

• The cost of drugs and the availability of drugs within a patient’s location. 

• The output of a system should also include information such as; 

 

- Instructions and warnings – this are one of the steps in the WHO’s guide to good prescribing. 

- Serious side effects that patients should look out for. 

 

• Also, according to the medical expert consulted, the drug recommendation should include other drugs to tackle 

the cause of the peptic ulcer. For instance, in drug recommendations for a PUD caused by H. Pylori Infection, 

there should be an inclusion of an antibiotic to tackle this infection. Also, the presence of coexisting symptoms 

like heartburn, bloating, bleeding, and pain might require the inclusion of other medications like antacids and 

anti-flatulents. These were not taken into consideration in this study due to the nature of the datasets used. 

 

In future research, we intend developing a DRS that gives more robust recommendations that will include warnings, 

potential serious side effects, price of drugs and availability of drugs. We would also make use of diversifying datasets 

that contains drugs that addresses the cause of a patient’s PUD and coexisting symptoms. More sophisticated machine 

learning and deep learning algorithms such as Neural networks, would be utilized to enhance the accuracy of drug 

recommendations. This study used 30 test cases in the final evaluation of the system, for future study, larger and 

diversifying test cases would be utilized.  

In general, the DRS performed well in recommending appropriate drug(s) for patients with peptic ulcer disease. 
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