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Article History: 
 Artificial intelligence has already been utilised in medical 

treatments for a while, but its progress over the past ten years is 

impressive. In medicine, both machine learning and deep 

learning approaches are becoming more popular since there is 

more health-related data available, these techniques are better at 

handling massive datasets, and computers are getting more 

powerful.  

      The purpose of this paper is to investigate how to use 

supervised learning, more specifically, classification machine 

learning and deep learning algorithms, to discover the best way 

to classify brain tumour therapy using K-Nearest Neighbour and 

recurrent neural network algorithms. Employed algorithms for 

machine learning, K-nearest neighbour, and the recurrent neural 

network to see how risk factors changed the way drugs were 

classified for patients. Both algorithms worked well. The results 

suggest that forecasting methods can group drugs and are useful 

for making decisions. This development is a step toward using 

machines and deep learning in medical treatment. 
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1. Introduction: 

The development and usage of Machine learning (ML) techniques in medicine have been limited 

over the past century. Reasons for this limitation include the initial focus on non-ML, AI approaches 

in medicine, and the need for large amounts of data to discover hidden patterns [3]. ML automatically 

identifies significant patterns in data. Making programs learn and adapt is the goal of machine 

learning [17]. The K-nearest neighbour (K-NN) algorithm is based on supervised learning. 

Supervised learning is a type of ML. Supervised learning can be understood as allowing a supervisor 

to act as a teacher. Supervised learning involves training the machine using the supervisor's data or 

labelled data [23]. 

 The K-NN algorithm is a widely used, simple, and straightforward non-parametric method used 

for classification and regression problems. It is a lazy learning algorithm that calculates distances 

between testing examples and training data to identify nearest neighbours and produce classification 

output [5]. Regulatory agencies have approved clinical tools that use algorithms based on machine 

learning to help physicians make treatment decisions, especially in imaging, radiology, and 

pathology. Because more experienced clinicians can use these tools successfully, their integration in 

healthcare depends on user endorsement and trust [27].  

Iqbal et al explained that artificial intelligence (AI) and machine learning can improve cancer 

detection and treatment, tackling challenges that traditional methods cannot. AI can analyse large 
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amounts of information and integrate biological data to find early-stage genetic alterations and 

abnormal protein interactions. It helps physicians interpret complex medical data and make real-time 

decisions, diagnosing cancer, forecasting progression, and customising therapies despite challenges 

like data confidentiality and the categorisation of over 100 cancer types [6]. To address growing 

expenses and diminishing research rates within the healthcare industry, in addition to speeding up 

production and cutting expenses, machine learning algorithms streamline protocol expansion, patient 

management, data analysis, and regulatory compliance [7].  

Alnuaimi and Albaldawi discussed ML, a crucial part of AI, including reinforcement learning, 

semi-supervised learning, supervised learning, and unsupervised learning. Understanding these 

techniques can help develop machine learning and its applications [1]. Maleki Varnosfaderani and 

Forouzanfar's study investigates the potential of AI in healthcare. To create solutions powered by AI 

that put human needs first, customised medicine and pharmaceutical development, however, require 

substantial stakeholders' involvement [12]. 

The objective of this study was to compare and evaluate the predictive models of the machine 

learning algorithm for classifying four types of drugs. This paper is mainly about the main issues that 

need to be solved to compare and analyse how well the k-nearest neighbour and recurrent neural 

network for therapy classification work for brain cancer disease. 
 

2. Machine Learning Algorithm: 
Machine learning (ML) is a branch of artificial intelligence that uses computer systems to analyse 

large datasets, identify patterns, and solve problems. It includes reinforcement learning, supervised 

learning, and unsupervised learning. Supervised learning uses input and outcome data to predict 

disease outcomes, while unsupervised learning uses input data to discover targets and illnesses. 

Python is the preferred program for statistical analysis in the medical field [4]. 

2.1. Supervised Machine Learning:  

A well-liked machine learning technique called supervised learning (SL) uses labelled data to 

train algorithms to forecast outcomes that experts determine. Algorithms, mathematics and employ 

configured functions, classifiers, and regressors. By combining model results, ensemble approaches 

improve accuracy [5], for clarity of the processes of supervised machine learning, as shown in Figure 

2. 

Figure (1): How supervised learning via machines works [17]. 

The preceding flowchart emphasises the categorisation of machine learning techniques as well as 

the identification of a highly effective method exhibiting optimal precision and accuracy. 

Additionally, this involves evaluating the efficacy of various approaches on large and small datasets 

to ensure accurate classification and provide knowledge about the construction of supervised machine 

learning algorithms [17]. By analysing the relationship between the variable in question and the 

available data, the statistical model known as logistic regression produces a discrete range with 

consistent probabilistic values, which is used in machine learning with supervision (SML) to predict 

problems with binary classification [8]. It is useful for classification problems and decision-making 

in various situations, as illustrated in Figure (2). 



Applied Machine Learning Algorithms to Determine Therapy 

Types for Brain Cancer Patients 

Nigar Abdulla Ghafur & Assi. prof. Dr. Abbas Gulmurad Beg Murad 

  

Journal of Administration and Economics                                             Vol. (50) \   No. 149 \ September \Year 2025 
123 

Figure (2): Image showing the output of the Logistic Regression algorithm [22]. 

Figure 2 classifies the investigation's results as geometry-based issues, indicating a 70% 

probability of failure. The next step is the history quiz, with a 30% probability of finding a solution. 

In detecting spam emails, logistic regression is not optimal due to constraints on classification. It can 

be divided into binary, multinomial, and ordinal types [22]. 

2.2. K-Nearest Neighbour Classifier in Supervised Machine Learning: 

The primary concept of the suggested approach involves determining the category labelling of 

the data based on K valid data points from the training set [18]. the KNN method is a straightforward, 

non-parametric classification technique. From the traditional length, the most widely used distance 

evaluation method, it forecasts choices regarding class based on distance measurements and nearby 

rewards [15]. There are different ways to measure how well an algorithm works, and hidden examples 

are often used during the training process, including "Precision, Specificity, Accuracy, 

Recall/Sensitivity, and F1-Score" to measure the performance of the algorithms. Thus, the higher the 

accuracy of an algorithm, the greater the chance of creating perfect predictions [23]. The steps in the 

classification of the KNN are: 

A. Enter the computed combined imaging quantity.  

B. Sets k (nearer surrounding areas).  

C. Determine how closely the Euclidean distance (E.D.) model fits, for example, between two 

points of the data using the following formula: 

E.D. (A and B) =√(𝑥₂ − 𝑥₁)² + (𝑦₂ − 𝑦₁)² (1) 

D. Sort ascending space outcomes from highest to lowest.  

E. Counting every class using the k-closest neighbours.  

F. The testing information uses almost every class. This study measured performance metrics using 

the confusion matrix to estimate the accuracy of both correct and incorrect classifications. 

Below is the confusion matrix procedure: 
A. Precision measures the accuracy of the system's equation in responding to the user's request. 

Precision = TP ÷ (TP + FP) (2) 

B. Recall measures the system's knowledge retrieval success in the equation as follows: 

Recall = TP ÷ (TP + FN) (3) 

C. Accuracy helps measure technique performance with this equation [14]. 

Accuracy = (TP + TN) ÷ (TP + TN+ FP+ FN) (4) 

D. The harmonic Mean of the (2) and (3) expressions defines the F1 score.   

F-1score =2 ∗
𝑃𝑟𝑒𝑐𝑠𝑖𝑜𝑛.𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                        (5) 

E. Some applications emphasize precision or recall. To achieve this during training, adjust Fβ as 

follows: 

Fᵦ = 
(1+𝛽²) 𝑇𝑃

(1+𝛽²) 𝑇𝑃+𝛽𝐹𝑁+𝐹𝑃
                            (6) 

Whereby, true positive, or TP for short, is the proportion of attacks that are correctly detected. 

The proportion of valid traffic that is categorised as such is known as the true negative. The proportion 

of valid traffic that is classified as an attack is known as a false positive (FP). The percentage of 

legitimate traffic that was categorised as intrusions—FN [21]. 

3. An Introduction to Cancer Disease: 
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Different organs and tissues harbour more than 100 types of cancer, rendering it a global disease. 

Precision and personalised healthcare (PPM) aims to address this heterogeneity by identifying genetic 

variations in tumours and correlating them with effective treatments [10]. 

3.1. Brain Tumour: 

Malignant brain tumours represent a principal cause of mortality worldwide. Glioma is the 

primary variant, distinguished by restricted treatment options. Advancements in molecular biology 

have not significantly improved outcomes for cancer patients [11]. Different symptoms, location of 

the malignancy, and tumour size make it difficult to detect brain tumours in their early stages. 

Headaches, vomiting, and anorexia are common symptoms that should be looked into right away for 

possible brain tumours [24]. The blood–brain barrier (BBB) is made up of the walls of tiny blood 

vessels, along with their supporting membranes and nearby cells called glial cells and pericytes, as 

shown in Figure 3. 

 
Figure (3): A diagram of a BBB fill structure, showing the capillaries, blood vessels, tight junctions, normal 

lamination, pericytes, and also neurons, which are microglia, as well as interneurons [13]. 

The endothelium, which serves as a selective wall that keeps blood substances out of the brain, 

maintains the capillaries in the brain, also referred to as hem capillaries. While astrocytes help 

chemicals move between capillaries and neurons, microglia defend the immune system [13]. 

3.2. Risk factors of a Brain Tumor: 

This paper discusses four hypotheses regarding the pathogenesis of primary brain tumours. The 

first hypothesis is that the grade of cancer significantly affects patient outcomes. The next factor is 

the diagnosis subtype, followed by the patient's age, which influences the development of brain 

tumours; finally, understanding the size of the malignancy is crucial for determining the best 

treatment. 

3.3. Symptoms of a Brain Tumour: 

Brain cancer impacts motor skills, leading to convulsions, loss of feeling, and problems with 

mobility. Additionally, it impairs cognitive and emotional abilities, resulting in difficulties with 

speech, mood swings, focus, and hearing. Different symptoms make early detection difficult [20]. 

3.4. Treatments of Brain Tumour: 

There are types of treatment, such as surgery, chemotherapy, radiation therapy, targeted therapy, 

and immunotherapy [22]. 

4. The Development of Drugs:  
The creation of drugs is exhausting and uncertain, but big data has changed strategies in response 

to ongoing pharmaceutical difficulties. The collection of multiple omics data and the use of high-

throughput devices have enhanced the clinical translation of basic research [19]. Based on the study, 

creating a new medication costs more than $2.5 billion [21]. In this paper, drugs will be classified 

into five categories, which are: Temozolomide, Bevacizumab, Vincristine, Etoposide, and 

Temozolomide& Bevacizumab, as illustrated in Figure 4. 
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Figure (4): Bar chart for drugs. 

As shown in Figure 4, temozolomide is the most frequently used drug among patients compared 

to others. 

5. Descriptive Data and Data Collection: 

This paper includes a sample of 536 patients diagnosed with brain tumours, gathered from 2018 

to 2024 over a three-month duration. The statistics and IT unit at Hiwa Hospital in Sulaymaniyah, 

which assists both pharmacy and oncology physicians, collected this data. Each patient is required to 

possess five specific pieces of information as outlined in Table 1. 
Table 1 represents descriptive features of brain tumour patients. 

Variables Classes or Name Frequency Proportion 

Age 

<18 903 14.3 

19-40 1766 28 

41-60 2680 42.5 

>60 961 15.2 

Cancer Grade 

1 1008 16 

2 1953 31 

3 1639 26 

4 1710 27 

Diagnosis Subtype 

Chordoma 1581 25.1 

Ependymoma 853 13.5 

Glioblastoma 1000 15.8 

Medulloblastoma 938 14.9 

Oligodendroglioma 955 15.1 

Astrocytoma 983 15.6 

Tumor Size 

<2cm 1419 22.5 

2-5cm 1490 23.6 

5-10cm 2120 33.6 

>10cm 1281 20.3 

Drug 

Temozolomide 3344 53 

Bevacizumab 1450 23 

Vincristine 599 9.5 

Etoposide 331 5.2 

Temozolomide & Bevacizumab 586 9.3 

6. Statistical Data Analysis: 
The scikit-learn library in Python programming will be used for classification using the KNN and 

RNN algorithms, which considers four risk factors in brain tumor: age, gender, diagnosis subtype, 

and tumor size, along with the labeled variable drug, each risk factor will have a learning curve, test 

accuracy, and confusion matrix alongside explanations of them, respectively, as follows:  

6.1. Age:  

Figures 5-1 and 5-2 show the K-Nearest Neighbours (KNN) classifier; the learning curve for age 

classification shows that the performance of the model increases with the size of the training set. The 

accuracy of the test is 96%, and that is a good generalisation. For the confusion matrix, the model 

predicts most accurately, especially in (19-40 and 41-60). Alongside misclassification are low rates, 
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which means strong performance. The classification report shows precision, recall, F1-score, and 

support for four classes that have high scores, indicating a reliable and accurate model for classifying 

age. The model displays strong learning and generalisation capabilities for age group classification, 

with high accuracy, and the confusion matrix indicates most predictions are correct across all age 

categories. 

 
                           Figure (5-1): learning curve.                                  Figure (5-2): confusion matrix. 

      For RNN classifier, accuracy and loss over epochs demonstrate the accuracy of the validation, 

testing, and training records over time. It shows that the training accuracy continues to improve and 

levels out at about 0.85, while the validation accuracy rises and levels off at about 0.82. The test's 

accuracy is roughly 87.48%. As training goes on, losses for both groups go down, showing that the 

system is learning efficiently, and an ambiguity matrix shows the accuracy of the model's predictions 

for the various age groups. It demonstrates that most of the expectations were correct for each group, 

especially the 41–60 age group. The classification report shows the model is successful at separating 

items due to its high recall and precision scores, especially for the 41–60 group. The technique works 

effectively for people of all ages along with various parameters, with high accuracy, plus an 

appropriate compromise between precision and recall. 

6.2. Cancer grade: 

       Figures 6-1 and 6-2 display a learning curve and categorisation for the KNN model used to 

classify cancer grades. Larger training sets result in higher accuracy curves, with testing accuracy 

reaching 0.95, validation accuracy increasing to 0.92, and training accuracy approaching 0.96. The 

classifier, grade 2, has the most accurate predictions with 382 correctly classified samples. Despite 

frequent misclassifications between adjacent grades, the model accurately classifies cancer grades, 

with learning curves suggesting it may stabilise with more data. Its predictions are vital across all 

grades, and the KNN classifier is effective, although there is some confusion between adjacent grades. 

 
Figure (6-1): learning curve.                                       Figure (6-2): confusion matrix. 

The RNN model's ability to generalise is demonstrated by the training accuracy approaching 1.0 

and the validation accuracy remaining high. The loss passes rapidly during training, resulting in the 

model learning faster and working better in the long run. A majority of the estimates are correct, 

especially for groups two and four. But there are some mistakes at close levels, like first and second 

grade, getting mixed up. The categorisation report says that the general outcome was good, with an 

accuracy rate of 88.91% on the test. The algorithm does a fantastic job at estimating cancer levels, 

with only a little bit of uncertainty within classes that are close to each other. 
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6.3. Diagnosis Subtype:  

Figure (7-1 and 7-2) shows that the KNN model's efficiency is measured by an average of weights 

and a macro average with 93% accuracy. The model works well since there are significant numbers 

along the whole diagonal, which means that the classifications are correct. Diagonal values, like 296 

for chordoma, show cases that were correctly classified. Most of the diagnoses have high diagonal 

values, which means they were correctly classified. There is substantial uncertainty over the exact 

rates of classification between subtypes, especially between glioblastoma and medulloblastoma. 

More samples may increase the model's performance, according to learning curves. The classification 

report confirms the accuracy of predicting diagnosis subtypes. Even with occasional inaccuracies 

from comparisons or overlaps across subtypes, the confusion matrix reveals that the model correctly 

identifies diagnosis subtypes. 

 
                    Figure (7-1):learning curve.                                                   Figure (7-2):confusion matrix. 

Both the validation and learning accuracy increase throughout epochs before plateauing in RNN 

algorithms. The validation accuracy closely follows this instruction accuracy. The framework's 

prediction improves with learning, as evidenced by the accuracy of the loss, and this decreases over 

epochs across the training and validation sets. The diagnostic findings for six distinct diagnoses are 

displayed in an ambiguous matrix. While entries off the diagonal display incorrect classifications, 

entries on the diagonal reflect correct classifications. For example, glioblastoma and ependymoma, 

having the same type, are occasionally misclassified, but real chordoma is correctly identified 265 

times. Overall, the model's accuracy is 93.99%. Each subtype's precision, recall, and F1 score are 

likewise high, typically above 0.88, indicating that the classes are performing better and the model is 

still successful in classifying this diagnosis in RNN algorithms. 

6.4. Tumour Size: 

KNN on tumour size learning curve, Figure (8-1 and 8-2) illustrates training and validation/testing 

accuracy improving with training set size. When accuracy is 0.94, the model is learning and 

generalising well. The lines' closeness suggests excellent model performance concerning minimum 

overfitting. 94% accuracy with all metrics at 0.94, the macro average—an average of precision, recall, 

plus F1-score across classes—indicates constant performance across all categories—weighted 

Average: 0.94, including class support. The confusion matrix's diagonal cells (268, 283, 400, 238) 

indicate the number of correctly classified instances. The off-diagonal cells represented instances 

where the model predicted a different size category than the actual one. 268 tumours classified as less 

than 2 cm have the highest number of accurate classifications. Found 283 tumours measuring 2–5 

cm. The study has accurately classified 400 tumours that measure between 5 and 10 cm and found 

238 tumours larger than 10 cm. The model achieves an excellent test accuracy of 94.45% in 

classifying tumour sizes, the classification report shows accurate predictions for every size category, 

and the confusion matrix indicates most cases are correctly classified. The model's overall success is 

attributed to its ability to predict tumour sizes consistently. 
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                         Figure (8-1): learning curve.                                    Figure (8-2): confusion matrix. 

For RNN, a model's effective learning and strong extrapolation to new data are demonstrated by 

the increasing precision of both training and validation over time, which plateaus at extremely high 

values of about 0.9. The confusion matrix compares the model's predictions to the actual tumour size 

groups. The diagonal displays the correct classifications: 267 tumours were correctly classified as 

less than 2 cm, 305 as 2–5 cm, 401 as 3–10 cm, and 218 as larger than 10 cm. Incorrect classifications 

highlight a few similarities in size groupings, such as the assumption that six tumours with sizes 

ranging from 2 to 5 cm should be smaller than 2 cm. With a total accuracy of 94.37% along with 

excellent precision, recall, and F1-score for each class, the classification report indicates that the 

model has a strong ability to classify tumour sizes. For tumours under 2 cm, for instance, the F1-score 

is 0.97, the recall is 0.95, and the precision is 0.99. 

6.5. Drug:  

The Figure (9-1) illustrates model accuracy improving with training set size. High training 

accuracy (ranging from 0.75 to 0.87) indicates that the algorithm accurately matches the training data. 

Testing with validation accuracy increased to 0.75–0.78 with more data. Precision (0.81) plus recall 

(0.88) make temozolomide a useful predictor. In Figure (9-2), most items are correctly identified 

when the numbers on the diagonal are large (for instance, 591 temozolomide were correctly 

recognised as temozolomide, 177 bevacizumab were accurately predicted as bevacizumab, and so 

on). Misclassifications: Off-diagonal numbers indicate prediction errors. For instance, we mistakenly 

identified 86 real cases of bevacizumab as temozolomide. Mistakenly identified 47 cases of 

temozolomide as bevacizumab. Particularly, when a class called "Temozolomide, Bevacizumab" is 

likely an integrated or unclear class that predicts itself as other classes, confusion results; the 

performance of the KNN classifier improves as more training data is added. On unseen data, it 

achieves an accuracy of approximately 78%, and model performs reasonably well but has some 

misclassification, especially between closely related classes or ambiguous cases. 

 
                    Figure (9-1): learning curve.                                                    Figure (9-2): confusion matrix.     

The RNN model fits the training data and achieves a high accuracy rate (~90%). The loss plot 

shows a consistent decrease in training, validation, and test accuracy. In the confusion matrix, the 

diagonal is classified correctly, and misclassifications are such that vincristine has 689 true positives 

and temozolomide has 455. The model is nearly 87.7%. It also provides precision, recall, and F1-

score for individual classes, which reflect the model's ability to identify each class and its correctness 
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in predictions. The macro and weighted averages for these metrics are both around 0.88, 

demonstrating balanced performance across all the classes being analysed. The RNN algorithms 

execute well and have a balanced matrix that's reliable for classes.                         

6.6. Drug with four risk factors: 

As shown in Figures 10-1 and 10-2, the model's precision and recall metrics are balanced by the 

F1-score, which represents the harmonic mean of precision and recall. The weighted average, macro-

average, and overall accuracy scores reflect the model's overall performance. As training size 

increases, the model achieves a high F1-score on the training set, while the F1-score on the validation 

set improves as the dataset size increases. The confusion matrix's diagonal elements, represented by 

darker blue, indicate accurate predictions. For instance, vincristine and etoposide were correctly 

classified, with 95% and 94% accuracy, respectively. Bevacizumab and temozolomide showed high 

accuracy, with 76% to 82%, respectively. Misclassifications between bevacizumab and 

temozolomide are less common, and normalisation helps compare performance across classes, 

despite class imbalances. 

 
Figure (10-1): learning curve.                                                      Figure (10-2): confusion matrix. 

For the RNN model, the accuracy of the test, validation, and training has been steadily going up 

throughout 200 epochs. The accuracies for validation and testing stay close to each other, settling at 

a little over 0.78. The accuracy for training goes up to almost 0.80. The validity and test loss curves 

on the correct plot overlap and flatten below 0.5. The training, validation, and test losses are all going 

down at the same time. The normalised confusion matrix shows how well the model can distinguish 

between different types of drugs. The diagonal elements show instances that were correctly predicted. 

The accuracy of every drug type's classification is as follows: Vincristine: 91 per cent, Etoposide: 89 

per cent, Temozolomide: 59 per cent, and Bevacizumab: 70 per cent. 78% of people who took 

bevacizumab and temozolomide along most of the off-diagonal numbers are relatively low. However, 

there is considerable misunderstanding between vincristine and etoposide and between temozolomide 

and the mixture of temozolomide and bevacizumab (16 per cent). This report models performance 

for each class: Vincristine had the highest performance: Precision: 0.86, Recall: 0.91, F1-score: 0.89. 

Etoposide also performed well with an F1 score of 0.87. Temozolomide and bevacizumab had 

relatively lower scores (F1-scores of 0.65 and 0.70, respectively). Temozolomide + Bevacizumab had 

decent results: F1-score: 0.75. Overall accuracy across all drug classes was 0.77, with a macro and 

weighted average of 0.77 for all metrics. Finally, the RNN Works well most of the time, especially 

with drug interactions and time patterns. 

7. Conclusion: 
      The KNN classifier demonstrates exceptional accuracy and reliability, with a testing accuracy of 

92-94%, training accuracy of 94-96%, and validation 91-93%. And, the RNN learned well, with a 

testing accuracy of 78-93%, training accuracy of 80-100%, and validation accuracy of 78-94%. 

Particularly in classes that were adequately represented, models achieved high precision, recall, and 

F1-scores for specific groups, such as age and diagnostic subtype. This paper demonstrates how 

machine learning algorithms can accurately identify these trends and how medication prescriptions 

are strongly correlated with unique patient characteristics. Even if a few categories were identical or 
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close to each other (for example, cancer levels one and two or drug types that were comparable, such 

as temozolomide and temozolomide + bevacizumab), the most unique classes had few errors. The 

results reveal that two algorithms tend to manage unequal classes effectively, generalise well, and do 

so without overfitting. In general, the results confirm the notion that predictive algorithms taught 

regarding clinical trial risk factors can sort drug kinds and that these risk factors play a significant 

role in the process of making decisions. This gives us a powerful basis for employing machine 

learning in personalised healthcare and developing treatments. 

 

8. Recommendation: 
Incorporate the classification algorithm KNN and RNN into a hospital's electronic medical record 

system to help physicians with prognostic monitoring, treatment planning, and initial diagnosis—

particularly in situations where quick and precise classification is essential and using image 

classification techniques, such as CT scans and MRIs, for diagnosing brain tumours. Next, I 

recommend writing a history for every patient to make it easier for the doctor to avoid asking about 

treatment at each clinic visit. Additionally, I recommend taking another risk factor, such as the disease 

diagnosis history of patients. Finally, Patients should see one doctor; there's no need to switch if it's 

not necessary. 
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