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1. INTRODUCTION 

Brain cancer remains one of the most aggressive and lethal 
forms of cancer, posing a significant threat to global public 
health. According to the International Agency for Research on 
Cancer (IARC), approximately 330,000 new cases of brain and 
Central Nervous System (CNS) cancers were diagnosed 
worldwide in 2022, accounting for about 1.7 % of all cancer 
cases. These cancers are associated with high mortality, resulting 
in nearly 250,000 deaths annually. Malignant brain tumours, in 
particular, show some of the lower survival outcomes, with a 
five-year survival rate of only 36 %. Among them, glioblastoma 
is especially severe, with a median survival time of just 
15 months, even when standard treatment protocols are applied. 

Given the high mortality and limited effectiveness of current 
treatments, early detection plays a critical role in improving 

patient outcomes. Research shows that diagnosing brain cancer 
at an early stage significantly enhances the likelihood of 
successful treatment, thereby improving both survival rates and 
quality of life. However, traditional diagnostic techniques, such 
as Magnetic Resonance Imaging (MRI) and biopsy, are often 
time-consuming, costly, and reliant on specialised expertise for 
accurate interpretation. These challenges underscore the need for 
advanced computational tools, particularly those based on 
Machine Learning (ML) and Artificial Intelligence (AI), to 
streamline and improve the accuracy of early diagnosis. This 
study explored algorithmic approaches to clustering, 
classification, and the selection of informative features for the 
early detection of brain cancer. By leveraging data-driven 
methodologies, the research aims to identify key predictive 
biomarkers, enhance diagnostic precision, and develop effective 
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collaboration with medical experts, a dataset comprising 218 patient records and 82 clinical and symptomatic features was constructed. 
Through clustering analysis, the dataset was grouped into four diagnostic classes: (1) Anaplastic astrocytoma in the right frontal region, 
(2) Adenoma in the chiasmal-sellar region, (3) Glioblastoma in the right frontal lobe, and (4) Meningioma in the right frontal lobe. A 
feature selection algorithm was then applied to identify the most diagnostically relevant attributes. From the initial 82 features, 19 were 
determined to be strongly indicative of the disease classes. Further refinement using the proposed algorithm resulted in a subset of six 
highly informative features, which successfully differentiated the classes with a minimum object similarity threshold of 65 %. The 
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classification models that can be integrated into clinical 
workflows. The proposed approach addresses the limitations of 
traditional diagnostic methods and offers a foundation for future 
AI-assisted diagnostic solutions in oncology. 

Developing an effective algorithm for selecting a subset of 
informative features for early brain cancer detection involves 
multiple stages [1]–[5]. Existing literature highlights various 
methods and algorithms used to extract and select significant 
features, particularly those derived from MRI imaging, for the 
early classification of brain cancer. These studies explore a range 
of technical challenges, methodologies, and comparative 
evaluations that contribute to the accurate identification of 
relevant diagnostic characteristics. The following sections outline 
the general process and methodology employed in this research. 

1.1. Data collection  

A comprehensive dataset containing both brain cancer cases 
and healthy control samples is essential for the development of 
effective classification algorithms [6]–[10]. Numerous studies 
have emphasised the significance of data collection in brain 
cancer research, proposing various datasets that include clinical 
and imaging information from both affected and unaffected 
individuals. These studies provide valuable insights into dataset 
composition, including the number of samples, the types of 
features recorded, and the methodologies used for data 
acquisition, pre-processing, and interpretation. Each sample in 
such datasets is typically followed by a set of features that 
describe relevant characteristics of brain function, structure, or 
pathology, forming the foundation for reliable algorithmic 
analysis. 

1.2. Pre-processing of data  

The collected data must undergo purification and pre-
processing to ensure its quality and suitability for analysis [11]–
[15]. The referenced literature explores various techniques for 
cleaning and preparing brain cancer datasets, emphasising the 
importance of data integrity in achieving accurate analytical 
results. Key pre-processing steps include quality assurance, 
correction of inconsistencies, segmentation error detection, and 
normalisation of feature values. These processes address 
common issues, such as duplicate records, missing values, and 
data variability. The goal is to enhance the reliability and 
consistency of the dataset, thereby improving the effectiveness 
of subsequent classification and diagnostic modelling efforts. 

1.3. Feature extraction (selection of a set of informative features) 

Relevant features must be extracted from the pre-processed 
data to enable accurate classification and prediction tasks [16]–
[20]. The referenced literature discusses a range of techniques for 
feature extraction in brain cancer analysis, including statistical 
analysis, texture-based descriptors, machine learning methods, 
and deep learning architectures. These approaches aim to 
identify the most informative characteristics that differentiate 
between disease types or stages. Feature extraction may involve 
dimensionality reduction techniques, such as Principal 
Component Analysis (PCA), as well as feature selection methods 
based on correlation analysis, cross-validation, or statistical 
significance testing. Given its critical role in improving model 
performance and interpretability, the development of robust 
algorithms for feature selection remains a highly relevant and 
active area of research in medical data analysis. 

2. GENERAL CONCEPTS, DESIGNATIONS AND DEFINITIONS 

Brain cancer, also known as a brain tumour, refers to the 
abnormal and uncontrolled growth of cells within the brain. 
These cells multiply rapidly, forming masses that interfere with 
normal brain function. Brain tumours can be classified into two 
broad categories: primary tumours, which originate in the brain, 
and metastatic tumours, which spread to the brain from other 
parts of the body. 

The symptoms of brain cancer vary depending on the 
tumour’s location, size, and type. Common symptoms include: 

1) Headache: persistent or severe headaches that worsen 
over time; 

2) Seizures: sudden, uncontrolled electrical activity in the 
brain; 

3) Cognitive and memory issues: difficulty concentrating, 
memory loss, confusion, or impaired problem solving; 

4) Personality or mood changes: irritability, depression, or 
noticeable changes in behaviours; 

5) Vision and hearing problems: blurred or double vision, 
partial or complete hearing or vision loss; 

6) Problems with arm and leg movements: weakness in 
limbs, difficulty with movement, balance, or 
coordination; 

7) Nausea and vomiting: often accompanied by other 
symptoms such as headaches; 

8) Fatigue: persistent tiredness or lack of energy; 
9) Speech difficulties: trouble speaking, finding words, or 

understanding language; 
10) Appetite or weight changes: unexplained weight loss or 

gain, or reduced appetite. 
It is worth noting that many of these symptoms may be 

caused by other, less serious medical conditions. However, 
persistent or worsening symptoms warrant prompt medical 
evaluation and diagnosis. 

In this study, an initial review of 541 medical records of 
patients diagnosed with brain cancer was conducted. Following 
a thorough assessment in collaboration with specialists from the 
Republican Scientific and Practical Medical Center of Oncology 
and Radiology of the Republic of Uzbekistan, 238 records were 
deemed suitable for inclusion in the study. Further collaboration 
with medical professionals from the Surkhandarya branch of the 
same institution and the Tashkent Medical Academy led to the 
identification of 19 key symptoms relevant to the diagnosis and 
classification of brain cancer (as listed in Table 1). 

Table 1. Acceptable values of sympathocomplexes in brain cancer. 

Features 
Symptoms of brain 

cancer (name of 
features) 

Acceptable values of features 

𝒙𝟏 Headache 
1 - no headache 
2 - headache 
3 - strong headache - constant headaches 

𝒙𝟐 Dizziness 
0 - no dizziness 
1 - vertigo 

𝒙𝟑 Nausea (vomiting) 

1 - nausea, no vomiting 
2 - there is nausea 
3 - there is vomiting 
4 - there is vomiting and nausea 

𝒙𝟒 Convulsions 

1 - no convulsions  
2 - the convulsion occurred once 
3 - the convulsions occurred once or twice 

a week 
4 - the convulsions occurred once or twice 

a day 
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𝒙𝟓 

Standing in the 
Romberg pose 
(standing in the 

pose) 

1 - can stand in the Romberg pose 
2 - swings in the Romberg pose 
3 - can’t stand in the Romberg pose 
4 - deviates to the right in the Romberg 

pose 
5 - deviates to the left in the Romberg 

pose 

𝒙𝟔 
General weakness 

(helplessness) 
0 - no 
1 - yes 

𝒙𝟕 Rapid fatigue 
0 - does not get tired 
1 -gets tired 

𝒙𝟖 

Lack of strength 
(weakness) in the 

arm and leg 

1 - hands and feet are healthy 
2 - insufficient strength in the left arm and 

left leg 
3 - insufficient strength in the right arm 

and right leg 
4 - insufficient strength in the arms and 

legs 
5 - insufficient strength of the left hand 
6 - insufficient strength of the right hand 
7 - insufficient strength in the left leg 
8 - insufficient strength in the right leg 

𝒙𝟗 Memory weakening 
0 - memory is not weakened 
1 - memory is weakened can't remember 

𝒙𝟏𝟎 
Loss of 

consciousness 
0 - conscious 
1 - unconscious 

𝒙𝟏𝟏 Hearing level 

1 - hears in both ears 
2 - the ears are weak to hear 
3 - hearing loss in the right ear 
4 - hearing loss in the left ear 
5 - not audible in both ears 
6 - deaf from birth 

𝒙𝟏𝟐 Speech disorder 

1 - speech is not broken 
2 - speech is distorted 
3 - speech disorder (1 year before the 

onset of the disease or congenital) 

𝒙𝟏𝟑 
Numbness in the 

arms and legs 

1 - no numbness in the arms and legs 
2 - there is a numbness on the leg 
3 - there is a numbness on the right leg 
4 - the left leg has numbness 
5 - numb hands 
6 - the right hand becomes numb 
7 - the left arm becomes numb 
8 - the right arm and right leg become 

numb 
9 - the left arm and left leg become numb 
10 - both arms and legs become numb 
11 - both legs go numb 
12 - both hands go numb 

𝒙𝟏𝟒 

Restriction of 
movements in the 

legs and arms 

1 - there are no restrictions on movements 
in the arms and legs 

2 - limited movement of arms and legs 
3 - limited movement of the left hand 
4 - limited movement of the right hand 
5 - limited movement of the left leg 
6 - limited movement of the right leg 
7 - slightly limited movement of the right 

arm and right leg 
8 - slightly limited movement of the left 

arm and left leg  
9 - limited movement of the left arm and 

left leg 
10 - limited movement of the right arm 

and right leg 

𝒙𝟏𝟓 
Central facial nerve 

paralysis 

1 - the front area is unchanged 
2 - central facial nerve paralysis is 

diagnosed on the left side 
3 - central facial nerve paralysis is 

diagnosed on the right side 
4 - central facial nerve paralysis is detected 

on both sides 

𝒙𝟏𝟔 Somnolence 
1 - normal sleep 
2 - somnolence  
3 - from insomnia 

𝒙𝟏𝟕 
Change of 

consciousness 

1 - into consciousness 
2 - consciousness is dim 
3 - not conscious 

𝒙𝟏𝟖 
Ingestion and 

swallowing activity 

1 - the activity of swallowing is preserved 
2 - difficulty swallowing 
3 - can’t swallow 

𝒙𝟏𝟗 Reduced vision 

1 - visual acuity in both eyes is good 
2 - decreased visual acuity in both eyes 
3 - decreased visual acuity in the left eye 
4 - decreased visual acuity in the right eye 
5 - no vision in the left eye 
6 - no vision in the right eye 
7 - no vision in both eyes 
8 - darkening of the front of the eye 
9 - two eyes see things in a double image 
10 - vision in the left eye congenital 

blindness 
11 - vision in the right eye congenital 

blindness 

The first column of Table 1 presents the list of symptoms 
used in the study. Each symptom can be interpreted in the 
context of a feature vector representation of a medical record. 

For example, 𝑥18 denotes the 18th feature (or symptom) in the 

vector 𝑥 = (𝑥1, 𝑥2, … 𝑥18, 𝑥19), which corresponds to the 
symptom “Ingestion and swallowing activity.” The second 
column provides a detailed description of each symptom, while 
the third column includes the nominal values assigned to 
symptom severity or type, along with their textual interpretations.  

Table 2 outlines the classification of brain cancer types. It 
includes the disease class labels, corresponding tumour types, 
and their associated primary and auxiliary symptoms. 

The first column of Table 2 presents the classification of brain 
cancer into diagnostic classes. For example, the first entry refers 
to the class of diseases identified as “Anaplastic astrocytoma of 

the right frontal region of the brain”, denoted as 𝑋1. Each class 

𝑋p consists of a set of patient records (objects) 𝑥𝑝𝑖 ∈ 𝑋𝑝, where 

𝑝 ∈ {1, 2, 3, 4} indicates the class index and 𝑖 ∈ {1, … ,𝑚𝑝} 
represents the number of objects (or patients) within that class. 
The second column of Table 2 provides the textual descriptions 
of the disease types corresponding to each class. For instance, 

class 𝑋2 represents patients diagnosed with Adenoma of the 
chiasmal-sellar region of the brain. The third column of Table 2 
lists the primary symptoms and diagnostic features that define 

Table 2. Classification of symptom complexes for brain cancer diseases. 

Class Type of disease Primary symptoms 
Auxiliary 

symptoms 

𝑿𝟏 
Anaplastic astrocytoma of 
the right frontal region of 
the brain 

𝑥1, 𝑥2, 𝑥4, 𝑥5,  
𝑥6, 𝑥7, 𝑥8, 𝑥9,  
𝑥19 

𝑥10, 𝑥11, 𝑥12, 𝑥13, 
𝑥14, 𝑥15, 𝑥16, 𝑥17, 
𝑥18 

𝑿𝟐 
Adenoma of the chiasmal-
sellar region of the brain 

𝑥1, 𝑥2, 𝑥4, 𝑥5,  
𝑥6, 𝑥7, 𝑥10, 𝑥11  
𝑥12, 𝑥13, 𝑥19 

𝑥8, 𝑥9, 𝑥14, 𝑥15, 
𝑥16, 𝑥17, 𝑥18 

𝑿𝟑 
Glioblastoma of the right 
area of the forehead of 
the brain 

𝑥1, 𝑥2, 𝑥4, 𝑥5,  
𝑥6, 𝑥7, 𝑥10, 𝑥13 

𝑥8, 𝑥9, 𝑥11, 𝑥12, 
𝑥14, 𝑥15, 𝑥16, 𝑥17, 
𝑥18, 𝑥19 

𝑿𝟒 
Meningioma of the right 
area of the forehead of 
the brain 

𝑥1, 𝑥2, 𝑥3, 𝑥4,  
𝑥5, 𝑥6, 𝑥8, 𝑥14,  
𝑥15, 𝑥16, 𝑥17, 𝑥18, 
𝑥19 

𝑥7, 𝑥9, 𝑥10, 𝑥11,  
𝑥12, 𝑥13 
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each disease class. The fourth column of Table 2 includes 
auxiliary symptoms that may support or supplement the main 
diagnostic indicators. 

To aid interpretation, a brief explanation of key medical 
terms related to brain cancer is provided below: 

Malignant: Refers to cancerous tumours capable of invading 
nearby tissues and spreading to other parts of the body. 

Benign: Non-cancerous tumours that do not invade 
surrounding tissues or metastasise. 

Metastasis: The process through which cancer cells spread 
from the original tumour site to other areas via the bloodstream 
or lymphatic system. 

Glioma: The most common type of brain tumour, 
originating from glial cells that support and protect neurons. 

Astrocytoma: A subtype of glioma arising from astrocytes—
star-shaped glial cells in the brain. 

Meningioma: A typically benign tumour that develops from 
the meninges, the protective membranes surrounding the brain 
and spinal cord. 

Biopsy: A medical procedure involving the extraction and 
microscopic examination of tissue to determine if a tumour is 
benign or malignant. 

Radiation therapy: A treatment method that uses high-
energy radiation to destroy or shrink cancer cells. 

Chemotherapy: The use of drugs to eliminate or control the 
growth of cancer cells throughout the body. 

Surgery: The physical removal of a tumour through 
operative techniques. 

Treatment decisions for brain cancer depend on various 
factors, including the tumour’s type, size, and location, as well as 
the overall health of the patient. A multidisciplinary team, 
typically composed of neurosurgeons, radiation oncologists, and 
medical oncologists, collaborates to provide the most effective 
care. 

3. PROBLEM STATEMENT 

Let 𝑁 denote the number of features (symbols) that 

characterise each object 𝑥𝑖 ∈ 𝑋, where 𝑖 = 1,𝑀̅̅ ̅̅ ̅̅ , and 𝑋 is the set 

of all objects in the dataset. Each object 𝑥𝑖 is represented in the 

𝑁-dimensional symbolic feature space as: 

𝑥𝑖 = (𝑥𝑖
1, 𝑥𝑖

2, … , 𝑥𝑖
𝑁). (1) 

The goal is to construct training subsets (classes) from the 

general dataset 𝑋. These classes are defined as 

𝑥𝑝1, 𝑥𝑝2, … , 𝑥𝑝𝑚𝑝
∈ 𝑋𝑝, 𝑝 = 1, 𝑟̅̅ ̅̅ , and each class contains 𝑚𝑝 

objects. Each object 𝑥𝑝𝑖 in class 𝑋𝑝 is represented in the 𝑁-

dimensional symbolic space as: 

𝑥𝑝𝑖 = (𝑥𝑝𝑖
1 , 𝑥𝑝𝑖

2 , … 𝑥𝑝𝑖
𝑁 ), 𝑖 = 1,𝑚𝑝

̅̅ ̅̅ ̅̅ ̅ . (2) 

The complete set of class samples is then expressed as the 
union: 

⋃𝑋𝑝

𝑟

𝑝=1

= {𝑥𝑝1, 𝑥𝑝2, … , 𝑥𝑝𝑚𝑝
}. (3) 

This formulation provides the foundation for defining 

similarity-based classification and clustering tasks within the 𝑁-
dimensional symbolic feature space [21]–[26]. 

Task 1. Based on the given 𝑋 of the general selection of the 

educational sample 𝑋𝑝 class, 𝑝 = 1, 𝑟̅̅ ̅̅  be formulated in such a 

way that the degrees of similarity of the resulting class objects are 

not less than a predetermined number of 𝛿.  

𝜆 = (𝜆1, 𝜆2, … , 𝜆𝑁), 𝜇 = (𝜇1, 𝜇2, … , 𝜇𝑁) are vectors; let 
their components take the values of zero or one. Here, the 

components of the 𝜆 = (𝜆1 , 𝜆2 , … , 𝜆𝑁) indicate which symbol is 

or is not involved in the calculations. If 𝜆𝑗 = 1, then the J-
component is involved in computational work, otherwise, if 

𝜆𝑗 = 0, then the J-component is not involved in computational 

work. There is, we must find such a vector 𝜆optimal =

(𝜆1, 𝜆2, … , 𝜆𝑁) that the objects of the class have a degree of 
similarity of at least 55 %. 

Here, 𝜆optimal = (𝜆1, 𝜆2, … , 𝜆𝑁) equal together components 

of the vector are understood as informative symbols, and values 
equal to zero as non-informative symbols. 

Similarly, we can define this vector 𝜇 = (𝜇1, 𝜇2, … , 𝜇𝑁). The 
components of this vector are counted as follows. Suppose we 

are given two 𝑥𝑖 , 𝑥𝑘 ∈ 𝑋 objects, then the components of the 

vector 𝜇(𝑥𝑖 , 𝑥𝑘) are calculated as: 

𝜇 𝑗(𝑥𝑖 , 𝑥𝑘)  = {
1 if |𝑥𝑖

𝑗
− 𝑥𝑘

𝑗
| = 0, 𝑗 = 1, 𝑁

0 else.

 (4) 

Here, 𝜇 𝑗(𝑥𝑖 , 𝑥𝑘) = 1 if the corresponding components of 

the two objects 𝑥𝑖
𝑗
= 𝑥𝑘

𝑗
 are mutually equal.  

There, vector 𝜇(𝑥𝑖 , 𝑥𝑘) will be 𝜇 𝑗 = 1 if the corresponding 

components of the two 𝑥𝑖 , 𝑥𝑘 objects are 𝑥𝑖
𝑗
= 𝑥𝑘

𝑗
, 𝑖 ≠ 𝑘. are 

mutually equal. 

Thus, it is possible to uniquely define the vector 𝜇(𝑥𝑖 , 𝑥𝑘) for 
two arbitrary objects of the training sample. Let us suppose that 

through the value 𝜘 = ∑ 𝜇 𝑗(𝑥𝑖 , 𝑥𝑘)
𝑁
𝑗=1  denote the similarity 

coefficient objects 𝑥𝑖 , 𝑥𝑘 . This value indicates the number of 

𝑥𝑖 , 𝑥𝑘 object components that are identical. 
Let us determine the degrees of similarity of these two objects 

through 𝜈(𝑥𝑖 , 𝑥𝑘) and calculate it as a percentage as follows: 

𝜈(𝑥𝑖 , 𝑥𝑘) =
𝜘 ∙ 100 %

𝑁
 (5) 

𝑋𝑝 = {∀𝑥𝑝𝑖 , 𝑥𝑝𝑘: 𝜈(𝑥𝑝𝑖 , 𝑥𝑝𝑘) ≥ 𝛿 , 𝑖 ≠ 𝑘, 𝑝 = 1, 𝑟̅̅ ̅̅ } (6) 

more than a number, that is 

{
 
 

 
 𝜈(𝜆, 𝑥𝑝𝑖 , 𝑥𝑝𝑘) ≥ 𝛿

𝜆 ∈ Λℓ = { 𝜆:∑𝜆𝑗
𝑁

𝑗=1

= ℓ , 𝜆𝑗 ∈ {0,1}, 𝑗 = 1, 𝑁̅̅ ̅̅ ̅} 
 (7) 

requires solving the problem.  
This condition requires that the similarity within each class 

must meet or exceed a predefined threshold 𝛿 ≥ 65 %, 
regardless of the number of object pairs in the class. Accordingly, 
the classes are constructed so that the degree of similarity 
between any two objects within the same class is not less than 

the specified threshold 𝛿. 

Task 2. Suppose that two 𝑋𝑝and 𝑋𝑞 criteria are given, 

providing the choice of components of the λ vector, which gives 

the difference between the objects of class 𝑱(𝝀, 𝑋𝑝, 𝑋𝑞). Let us, 

from a given 𝑁-dimensional feature space, pass into such an ℓ ≪
𝑁-dimensional space that, in the resulting feature space, objects 
of two classes clearly differ from each other. 
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To solve the second problem, we introduce the following 
notation: 

1) 𝐼(𝜆, 𝑋𝑝)- through this functional with respect to the 

vector λ, the average degree of all interobject similarities 
of the class; 

2) And through the functional 𝐼(𝝀, 𝑋𝑞)- relative to the 

vector 𝝀, the average value of the degrees of mutual 

similarity of all objects of class 𝑋𝑞;  

3) And using the criterion 𝐼(𝝀, 𝑋𝑝, 𝑋𝑞), we determine the 

average similarity of objects of classes 𝑋𝑝 and 𝑋𝑞.  

Consider the following optimisation problem: 

{
 
 

 
 𝐽(𝜆, 𝑋𝑝, 𝑋𝑞) =

𝐼(𝜆, 𝑋𝑝) + 𝐼(𝜆, 𝑋𝑞)

 𝐼(𝜆, 𝑋𝑝, 𝑋𝑞)
→ max

𝜆 ∈ Λℓ = { 𝜆:∑𝜆𝑗
𝑁

𝑗=1

= ℓ , 𝜆𝑗 ∈ {0,1}, 𝑗 = 1, 𝑁̅̅ ̅̅ ̅} .

 (8) 

The content of this optimisation problem includes the 
following. 

The sum in the figure of the functional, which gives in relation 

to the vector 𝜆 the tendency of the sums of the degrees of 
similarity of objects within each class to the maximum, and in 

relation to this vector 𝜆, which gives in the denominator the 
tendency of the degrees of similarity between objects of two 
classes to the minimum, is equal to 1 component of the vector 

𝜆, are understood as a set of symptoms indicating the differences 
between objects of two classes from each other, i.e. a set of 
informative features. Therefore, the solution of this optimisation 

problem provides a transition from an 𝑁-dimensional character 

space to such an ℓ ≪ 𝑁-dimensional character space. 

Task 3. Suppose an unknown object 𝑤 = (𝑤1 , 𝑤2, … , 𝑤𝑁) 
is given in an 𝑁-dimensional feature space. The task is to 

determine whether this object belongs to class 𝑋𝑝 or 𝑋𝑞. To 

make this determination, the following similarity function is 
used: 

𝐼(𝜆, 𝑤, 𝑋𝑝) . (9) 

This functional represents the average similarity between the 

unknown object 𝑤, projected onto the feature subset defined by 

the vector λ, and all objects in class 𝑋𝑝. Similarly, the same 

functional 𝐼(𝜆, 𝑤, 𝑋𝑞) is computed for class 𝑋𝑞. 

The classification rule is defined as follows: 

• If 𝐼(𝜆, 𝑤, 𝑋𝑝) > 𝐼(𝜆, 𝑤, 𝑋𝑞), then the object 𝑤 is 

considered to belong to class 𝑋𝑝; 

• Otherwise, if 𝐼(𝜆, 𝑤, 𝑋𝑝) < 𝐼(𝜆, 𝑤, 𝑋𝑞), then the object 

𝑤 is classified as a member of class 𝑋𝑞. 

4. STAGES OF DIAGNOSIS OF BRAIN CANCER 

The diagnosis of brain cancer typically involves multiple 
stages, which may vary depending on the diagnostic approach, 
available technologies, and the individual condition of the 
patient. A general overview of the key stages involved in the 
diagnostic process follows below: 

Symptom identification: The initial stage involves 
recognizing symptoms that may suggest the presence of a brain 
tumour. These symptoms can vary widely depending on the 
tumour’s size, location, and growth rate. Common signs include 
persistent headaches, seizures, visual or auditory disturbances, 

cognitive impairment, mood or personality changes, balance and 
coordination difficulties, and episodes of nausea or vomiting. 

Medical history and physical examination: If brain cancer 
is suspected, the clinician begins by taking a comprehensive 
medical history to evaluate the nature, duration, and progression 
of the symptoms, as well as any relevant risk factors. A physical 
examination is then conducted, which typically includes a 
neurological assessment of reflexes, muscle strength, 
coordination, and mental status. 

Neuroimaging (neurovisualisation): One of the most 
critical diagnostic steps is neuroimaging, which provides detailed 
visualisation of the brain. Magnetic Resonance Imaging (MRI) is 
the most commonly used modality, offering high-resolution 
images that help detect the presence, size, and precise location of 
tumours. In certain cases, contrast-enhanced MRI is performed 
to better delineate tumour boundaries. Computed Tomography 
(CT) scans may also be employed, especially in emergency 
settings or when MRI is contraindicated. 

Biopsy: To confirm the diagnosis and determine the tumour 
type, a biopsy is often required. This involves surgically 
extracting a small tissue sample from the tumour, typically guided 
by MRI or CT imaging. The sample is then examined by a 
pathologist under a microscope, often supplemented by 
immunohistochemical staining and genetic profiling to identify 
specific tumour markers. 

Molecular testing: Following biopsy, molecular testing may 
be conducted to identify genetic mutations or molecular 
alterations in the tumour cells. These tests provide critical 
information for treatment planning and prognosis, particularly in 
the context of personalized or targeted therapies. 

Lumbar puncture (spinal tap): In some cases, a lumbar 
puncture is performed to collect Cerebrospinal Fluid (CSF) for 
analysis. This procedure can help detect cancer cells that have 
spread to the CSF, or identify other abnormalities that inform 
the diagnosis and staging. 

Additional diagnostic tests: Depending on the patient’s 
condition, further diagnostic tests may be necessary to assess 
tumour progression and its effect on brain function. These may 
include functional MRI (fMRI), Positron Emission Tomography 
(PET), Electroencephalogram (EEG), or cerebral angiography. 
Each test provides unique insights into the metabolic, electrical, 
or vascular characteristics of the brain. 

It is important to note that the sequence and selection of these 
diagnostic procedures are tailored to each patient’s clinical 
presentation and guided by the judgment of a multidisciplinary 
medical team. 

Based on the results of the first stage, Table 3 has been 
compiled to present the solution to the initial classification 
problem. The first column lists the diagnostic classes, while the 
second column specifies the corresponding disease types 
associated with each class. The remaining columns enumerate 
the symptom values for each object within the class. Although 
the table provides detailed numerical data on symptom 
distribution across different classes, the density of information 
makes it challenging to visually detect patterns. To address this, 
a heat map representation of Table 3 is provided in Figure 1, 
allowing for easier interpretation of symptom clustering and class 
differentiation. 

Table 4 presents the solution to the second problem, which 
involves the identification of a set of informative features under 

the conditions ℓ = 6 and 𝛿 = 65 %. The resulting informative 
feature set includes the following symbolic features: 

𝑥2, 𝑥6, 𝑥11, 𝑥12, 𝑥18, 𝑥19. In Table 4, the first column identifies 
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the diagnostic classes, the second column lists the corresponding 
disease types, and the third column outlines the most informative 
feature combinations that characterise each class. Additionally, 
representative diagnostic objects that contributed to the 
formation of these classes are specified, highlighting the features 
most relevant to class distinction. 

It was determined that the first class contained 10 
representative objects, the second class included 5, and the third 
and fourth classes each comprised 2 objects. 

5. CONCLUSION 

This study concludes that classification models based on 
informative feature selection offer a promising approach for the 
early diagnosis of brain cancer. Compared to traditional 
diagnostic methods, these models demonstrate advantages in 
terms of efficiency, cost-effectiveness, and scalability. The 
proposed method is currently being utilised at the Karakalpak 
branch of the Republican Specialised Scientific and Practical 
Medical Center of Oncology and Radiology for the diagnosis of 
new patients. Field specialists have reported diagnostic accuracy 
rates ranging from 86 % to 91 %. 

 The integration of machine learning algorithms with medical 
diagnostic tools represents a significant advancement toward 
precision medicine and AI-driven healthcare. Moving forward, 
collaboration among clinicians, data scientists, and regulatory 
bodies will be essential to foster an interdisciplinary approach 
that supports the refinement and successful implementation of 
such systems in clinical settings. 

Table 3. Results of the first stage. 

№ Type of disease 𝒙𝟏 𝒙𝟐 𝒙𝟑 𝒙𝟒 𝒙𝟓 𝒙𝟔 𝒙𝟕 𝒙𝟖 𝒙𝟗 𝒙𝟏𝟎 𝒙𝟏𝟏 𝒙𝟏𝟐 𝒙𝟏𝟑 𝒙𝟏𝟒 𝒙𝟏𝟓 𝒙𝟏𝟔 𝒙𝟏𝟕 𝒙𝟏𝟖 𝒙𝟏𝟗 

1 

Anaplastic 
astrocytoma of the 

right area of the 
forehead of the brain 

2 1 1 1 2 1 1 1 0 0 1 1 1 10 1 3 2 1 2 

3 1 3 3 3 1 1 2 1 1 4 2 9 8 2 2 3 2 2 

3 1 2 4 5 1 1 3 0 1 1 1 8 2 1 2 3 2 1 

2 0 1 2 2 1 1 4 1 0 2 1 1 1 2 1 1 1 1 

4 1 2 3 4 1 1 3 0 0 1 1 10 3 1 1 2 1 1 

3 1 4 1 2 1 1 8 0 0 3 1 9 1 3 2 1 2 1 

2 1 1 4 2 1 1 5 1 1 5 2 7 6 1 1 2 2 2 

2 1 2 2 2 1 1 7 0 0 1 1 1 7 2 1 2 2 2 

2 1 4 2 5 1 1 2 0 0 4 1 5 9 1 1 2 2 1 

4 1 3 3 4 1 1 6 1 0 3 1 4 5 3 1 1 1 1 

2 
Adenoma of the 
chiasmal-cellular 

region of the brain 

4 1 2 2 2 1 1 1 0 1 2 2 10 1 1 1 1 1 2 

4 1 1 3 3 1 1 2 0 1 1 1 9 1 1 2 1 1 8 

4 1 1 3 2 1 1 2 0 1 1 1 8 1 1 1 2 1 2 

1 1 1 2 5 1 0 2 0 1 1 1 9 8 1 3 1 1 3 

4 1 2 2 2 1 1 3 1 0 1 1 8 1 1 3 2 1 2 

2 1 2 3 2 1 1 8 1 1 2 1 9 1 1 2 3 1 2 

2 1 2 2 2 1 1 1 0 0 1 1 8 1 1 2 1 1 2 

2 1 4 4 2 1 1 2 0 1 1 1 8 9 1 2 2 1 4 

2 1 2 3 2 1 1 2 0 0 1 1 11 6 2 2 2 1 2 

2 1 2 4 2 1 1 4 0 1 1 1 9 8 1 1 1 1 2 

3 
Glioblastoma of the 

right area of the 
forehead of the brain 

4 1 4 1 2 1 1 2 0 0 1 1 8 2 1 2 1 2 1 

2 1 2 1 2 1 1 2 0 0 1 1 9 8 1 2 1 1 2 

4 
Meningioma of the 

right area of the 
forehead of the brain 

4 1 2 2 2 1 0 2 0 0 1 1 9 8 1 2 1 1 1 

4 1 2 1 2 1 1 2 0 0 1 1 9 8 1 2 3 1 1 

4 1 2 1 2 1 1 2 0 0 5 1 10 8 2 2 3 1 1 

4 1 1 1 2 1 1 2 0 0 1 1 8 8 3 3 3 1 2 

4 1 2 3 4 1 0 2 1 1 1 1 11 3 3 2 3 1 2 

 

Figure 1. Heatmap of Table 3. 
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By addressing the identified limitations and enhancing the 
existing framework, this study lays the groundwork for the 
development of next-generation diagnostic tools with the 
potential to transform the early detection and treatment of brain 
cancer. 
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