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Abstract 
This study helps medical professionals to find out the genetic information related to five types of 

cancer. The information stored in RNA is characterized by its abundance, which is responsible for 

forming proteins in the human body. If there is any harm in this acid, this leads to the formation of 

cancerous diseases. The RNA contains huge numbers of genes so It is difficult for researchers to 

isolate the affected genes from the healthy genes. This paper presents a method for clustering the 

mutated genes for five types of cancer by using a novel feature extraction method with one of the 

traditional unsupervised machine learning algorithms (Self-Organized Map SOM). The proposed 

feature extraction method is called the Bi- directional Local-binary-pattern Signal (BLS), it is 

inspired from three traditional feature extraction methods named the Local Binary Pattern (LBP), 

Local Line Binary Pattern (LLBP), and Enhanced One-dimensional Local Binary Patterns (EOLBP) 

to extract the important textures for five types of cancer genes. This method finds the average for 

both direction features of a specific window in the RNA gene sequence and slides this window along 

the RNA to extract the features that are the most indicative features of cancerous genes. This study 

successfully clustered five types of cancer genes using the SOM classifier based on the features 

extracted by the proposed method. The study used a benchmarked dataset to test the proposed 

method. The accuracy for distinguishing the muted genes using the proposed method is 99.5%.  

Keywords: Ribonucleic Acid RNA, Self-Organized Map, Local-binary-pattern, Cancer Detection. 

1 Introduction  

The abnormal division behavior of cells is a disease called cancer that damages the surrounding human 

tissues (Clauwaert et al., 2025; Zhang et al., 2025). In many cases, this disease may cause the death of 
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the patient if the disease is diagnosed in its advanced stages (Ali et al., 2021) The early discovery of 

cancer may increase the chance of recovery (Sha et al., 2025; Han et al., 2025) For this reason, 

researchers try to find new methods for detecting this disease, but it is a complicated issue to find a new 

detection method and an efficient way to diagnose the existence of this kind of disease (Assegid & 

Ketema, 2023; Xiao et al., 2018; Alaidi et al., 2025; Zhang et al., 2025). One of them is by diagnosing 

the noncoding RNA, which plays a crucial role in cancer progression (Zhang et al., 2024; Mou & Harries, 

2025). All vital activities within the cell are the result of gene sequences in RNA (Zhou et al., 2024; 

Shaath et al., 2022; Chen et al., 2021). RNA is responsible for several activities within the cell, such as 

the production of proteins and transcription (Yang et al., 2024; Wang et al., 2018). However, RNA-seq 

data analysis is facing some challenges, such as a lack of gene labels, high dimensionality, noise, and 

sparsity (Khosroabadi et al., 2025). These issues degrade tasks such as biomarker vital signs and 

classification of cell-type (Panahi et al., 2025; Wang et al., 2025). 

Machine learning (ML) is a technique that allows a machine to develop its ability to learn without 

the need to be reprogrammed (Sarker, 2021; Gharibian & Ghorbani, 2007). It has enormous applications, 

such as target tracking, image recognition, face detection, etc (Hamad et al., 2024; Al_Airaji et al., 2025; 

Akshyaa Raaja Shri et al., 2023). ML usually needs a preprocessing stage that deals with and excludes 

unnecessary data  (Najeeb & Ali, 2021; Najeeb & Ali, 2021)  This reduces the computation time of the 

classifier. Also, it requires a feature extraction stage, which makes an ML classifier produce an accurate 

performance (Al-Dabag & Ozkurt, 2019; Lokman et al., 2018). ML includes a variety of algorithms that 

can be learned under a supervisor (supervised algorithms) or by itself (unsupervised algorithms) (Sun et 

al., 2024; Han et al., 2025).  

Jagadeeswara Rao and Sivaprasad suggested a ML system for determining pancreatic cancer. They 

proposed two methods; the first used a bunch of classifiers for efficient gene classification and the 

second method called weighted gene co-expression network analysis (WGCNA) to classify RNA gene 

sequences that cause cancer (Maghsoodi, 2014; Jagadeeswara Rao & Sivaprasad, 2024) Laiqa Rukhsar 

et al. proposed a method with three stages; the first converts the RNA values into 2D images then features 

are extracted using Deep Learning (DL), and in the last stage eight DL algorithms are used for 

classification. Convolution neural network CNN is found to have the best performance among the eight 

algorithms (Rukhsar et al., 2022). Elbashir et al., suggested a method to detect tumors from RNA (Faris 

et al., 2024; Fairmont-State-University, 2020). Images are constructed from RNA and then Array-Array 

Intensity Correlation (AAIC) with filtering is used to remove the outliers and artifacts from the RNA 

images. The resultant data are applied to a CNN with certain parameters for detecting tumors (Ganesh 

& Siva Kumar, 2021). This method achieved optimal performance (98% accuracy) (Elbashir et al., 2019; 

Wang et al., 2018). Tehnan et al. proposed a combination of CNN with the Ebola Optimization Search 

Algorithm (EOSA) to detect breast cancer based on the cancer genome atlas dataset. This dataset was 

first preprocessed before being fed to the proposed method. This method provides good performance 

(Mohamed et al., 2023). Erkan Bostanci et al. used more than one ML, and DL algorithm to recognize 

colon cancer based on healthy RNA-seq and colon cancer patients (Kumar et al., 2024; Mehta & Reddy, 

2024). All algorithms achieve good performance above 95% and the best algorithm (Bidirectional Long 

Short-Term Memory BiLSTM) achieves 98% (Bostanci et al., 2023) Comitani et al. utilized a CNN for 

clustering RNA childhood cancer. They applied their method to 13,313 transcriptomes and this method 

successfully diagnosed the disease in about 85% (Comitani et al., 2023). García-Díaz et al. proposed a 

Grouping Genetic Algorithm (GGA) with an ML algorithm as a fitness function to cluster five types of 

cancer based on an RNA-seq dataset. The proposed method shows optimal performance with 98% 

accuracy (García-Díaz et al., 2020). Kim et al. express more than ML algorithms to identify 21 types of 

https://www.nature.com/articles/s41598-023-41731-z#auth-Tehnan_I__A_-Mohamed-Aff1
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tumors using RNA-seq. They explore neural network (NN), support vector machine (SVM), k-nearest 

neighbors (kNN), and random forest (RF) algorithms. They found that NN provides the best performance 

with 94% accuracy (Kim et al., 2020). Nojima et al. used three ML algorithms (SVM, eXtreme gradient 

boosting and random forest (RF)) to predict drug-tolerant persister (DTP) in patient-derived organoids 

(PDOs) based on single-cell RNA sequencing (scRNA-Seq) data. The study shows an effective 

identification for DTP cell based on scRNA-Seq data for familial adenomatous polyposis (FAP) and 

provides candidate treatments (Nojima et al., 2025). 

The organization of this paper is  as follows; sec.II provides a brief description of the related 

theoretical subjects. Sec.III explains the prediction system used to classify cancer. It also includes a 

detailed explanation of the proposed method for extracting features from RNA. Sec. IV illustrates the 

experimental results of the proposed system. The last sec. provides the conclusions drawn from this 

research. Theoretical background  

A. Local Binary Pattern  

This method was originally used to analyze the texture of an image. It is a simple and effective technique 

for labeling image pixels by thresholding each pixel in a given window according to a focal pixel. First, 

the image is divided into 3 × 3 sub-windows. The center value of each sub-window is compared to the 

neighboring values starting from the upper left corner and in a clockwise manner, see Figure. 1 (Al-

Nima, 2017; Arora et al., 2025; (Momani & Kóczy, 2025). 

 

Figure 1: Evaluating the LBP Example (Al-Nima, 2017) 

Local Line Binary Pattern (LLBP) is a modification of LBP. This modification extracts features in 

the same way as LBP but it takes two vector windows (vertical and horizontal windows) rather than 2D 

windows (Nanni & Lumini, 2009) Enhanced One-dimensional Local Binary Patterns (EOLBP) is 

another modification of LBP and this modification is used to cover 1D signals and analyze the signal 

texture for one direction (Hussein et al., 2023).  

B. Self-Organizing Map SOM 

SOM is one of the artificial neural algorithms that can be trained without any previous supervision. This 

mean there is no teacher for learning the algorithm. The main goal of this algorithm is to transform the 

high dimensional space into low dimensional space. SOMs utilize a competitive learning rule where its 

output node contend with themselves to represent a certain patterns within the input space. SOM 
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architecture is composed of a completely connected weighted link between the input layer nodes and the 

output layer nodes, see Figure 2 (Han & Kamber, 2006; Franklin et al., 2025)  

 

Figure 2: The Architecture of the SOM (Han & Kamber, 2001). 

2 Methodology 

This study presents a method for clustering five types of cancers. This method consisted of two 

stages; the proposed feature extraction method and a traditional SOM classifier. Figure shows the block 

diagram of the RNA prediction system. 

 

Figure 3: Block Diagram of the Prediction System 

Proposed Method (Bi-directional LBP) 

This method is designed to extract classifiable features from the RNA sequence. It is derived from 

the LBP method which finds the distinctive texture pattern for an image. It is inspired by LBP technique 

to identify texture patterns in an image. This method adapted the LBP concept to the 1D domain to 

extract the Bi-directional features from the one-dimensional RNA-seq. the key idea is to slide a fixed-

size (nine samples) window along the RNA-seq samples with one sample stride and extract the context 

pattern bi-directionally relative to the center of the window. The proposed method is illustrated in the 

following steps: 

1. Utilizing a window with 9 samples from the signal. The center of the window (the 5th sample) is 

denoted as Xc and the remaining samples are denoted as Xn for n=0 to 7 

2. For each window, two-dimensional binary codes are evaluated using equations 1 and 2 with the 

thresholding function (equation 3). 

𝑉𝐿𝑅 = ∑ 𝑠(𝑥𝑛 − 𝑥𝑐)2𝑛

7

𝑛=0

 (1) 

W11 Wn1 Wn0 W10 W01 W00 

C2 C1 

Xn X2 X1 

RNA prediction Proposed method SOM 
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𝑉𝑅𝐿 = ∑ 𝑠(𝑥𝑛 − 𝑥𝑐)27−𝑛

7

𝑛=0

 (2) 

𝑠(𝑥) = {
1 𝑥 ≥ 0
0 𝑥 < 0

 (3) 

3. The resultant final feature referred to the BLBPC code is obtained by combining the two directional 

binary values (VRL and VLR) using the Euclidean norm: 

𝐵𝐿𝐵𝑃𝑐 = √𝑣𝐿𝑅
2 + 𝑣𝑅𝐿

2  (4) 

4. Striding the window one stride along the signal. 

5. Repeat step 2 to 4 until the window scan the entire RNA-seq to obtain all BLBPC.  

Figure 3 illustrates the flowchart of the proposed method to extract features from the RNA. 

 

Figure 3: Flowchart of The Feature Extraction Proposed Method 

3 Experimental Results 

Dataset 

The dataset was provided by the SYNAPSE website which provides different datasets and projects 

shared by researchers. This data set, called TCGA-PANCAN-HiSeq, is one of the datasets provided by 

this website. It has profiles for 801 subjects which contain the gene expression with a cancer type. Each 

RNA sample contains 20531 genes and these genes represent the feature of the subject. “BRCA”, 

“KIRC”, “COAD”, “LUAD” and “PRAD” are the cancer types that are embedded in the subject RNA 

(Fairmont-State-University, 2020). 
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Training the System 

Since there are 801 subject RNA samples. 401 samples are used to train the proposed system while 400 

RNA samples are used to test the system. SOM was utilized for clustering the five genes that cause 

cancer disease so the topology of the SOM has five output topologies, see Figure 4. After training the 

system, MSE was used to evaluate the SOM clustering result during testing the system, because the 

testing cancer genes were known in advance. 

 

Figure 4: The SOM Topology 

The proposed method shows a significant performance of 99.5% accuracy during testing the system 

for all five cancers. Table 1 shows the actual and predicted sample counts for the five types of cancer. 

To summarize the system performance, Table 2 shows the confusion matrix for testing 400 RNA 

samples to cluster five types of cancer. This matrix illustrates the robustness of the proposed method 

since its accuracy for predicting the five types of cancer falls between 99%-100% and the system's 

overall performance is 99.5%.  

Table 1: The Actual and Predicted Sample Numbers of the Five Cancers After Testing the System 

71 73 145 72 39 TP samples 

71 75 146 71 37 Predicted samples 

4 Conclusion 

The experimental results show the proposed feature extraction method efficiently captures features 

generated from RNA-seq. These features significantly improve the traditional SOM classifier to identify 

the cancerous genes which achieving an interesting classification accuracy of 99.5%. The bidirectional 

RAN features obtained from the proposed BLBPc method enable the SOM classifier to categorize 

between five distinct cancer types. The overall system performance improvement is illustrated in the 

confusion matrix presented in the Table 2, which summarizes the classification of 400 RNA test samples. 

Figure 5 shows a visual comparison between the original RNA-seq and the extracted features. 



Ribonucleic Acid (RNA) Cancer Clustering Using 

Directional Local-binary-pattern and Self-Organizing 

Map Network (SOM) 

 Shaima Miqdad Mohamed Najeeb et al. 

 

131 

Table 2: Confusion Matrix for Testing 400 Samples Using the Proposed Method 

Expected  

0 2 0 0 398 

p
re

d
ic

te
d
 

0 0 1 399 0 

0 1 397 0 0 

0 396 1 0 0 

400 0 0 0 0 

This leads to the conclusion that when the correct features are extracted, this helps the classifier to 

predict the disease correctly. All the evaluation methods (recall, accuracy, … etc.) are driven from Table 

2 proves this conclusion.  

 

(a) (b) 

Figure 5: The Proposed Feature Extraction Method Rna-Seq Outcome, (A) The Original Rna-Seq 

Sample, (B) The Corresponding Blbp Code For The Rna-Seq  
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