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Abstract: Colorectal Cancer (CRC) continues to be a significant cause of cancer-related illness and deaths worldwide. 

Single Nucleotide Polymorphism (SNP) identification and analysis can serve as a potential biomarker for early 

detection and personalized treatment. This study contributes to this ongoing discourse by employing bioinformatics 

methods, focusing on feature selection for SNP analysis related to CRC. Utilizing metaheuristic algorithms, 

particularly the Genetic Algorithm (GA), we implement a two-step feature selection method using Spatially Uniform 

ReliefF (SURF) and GA to identify key SNPs correlated with CRC, utilizing a dataset obtained from a prior study. 

Our comprehensive experiment successfully identifies previously established genes associated with CRC, while also 

revealing novel SNPs that warrant further investigation for validation. 
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1. INTRODUCTION 

Colorectal cancer (CRC) has emerged as a substantial global health challenge, ranking as the 

fourth most diagnosed and fatal cancer worldwide, following lung cancer, prostate cancer, and 

ovarian cancer [1]. Recent trends indicate a concerning shift in the age distribution of CRC 

diagnosis, with a notable increase in cases among individuals under 50 years old [2]. This alarming 

global pattern has been documented even in countries such as Indonesia, where instances of CRC 

diagnoses in individuals as young as 17 years old have appeared [3-6]. 

In tandem with this demographic shift, the urgency to address CRC is underscored by the 

absence of a known cure, especially for advanced stages, often culminating in prolonged and fatal 

outcomes [7]. The search for a cure for cancer, including CRC, is still ongoing through various 

research methods and approaches within the field of bioinformatics, aiming to broaden and 

improve the chances of finding an effective solution for this fatal disease [7-8].  

Traditional single nucleotide polymorphisms (SNP) identification with conventional statistics 

and clinical trials shows significant weaknesses, characterized by high costs, long time periods, 

and large resource allocation [16]. Meanwhile, bioinformatic approaches such as machine learning, 

deep learning, and metaheuristic algorithms offer more efficient and scalable alternatives. In recent 

years, various strategies and approaches in bioinformatics have been tried to reveal the complexity 

of colorectal cancer and other malignancies [9-10] such as machine learning, computer vision, 

polygenic risk scores, and comprehensive analysis of SNPs [11-15]. In cases like CRC where they 

identified significant SNPs and genes associated with cancer [18-20]. 

In the landscape of metaheuristic methods, the Genetic Algorithm (GA) emerges as a method 

of choice to do SNP analysis on. With its global search capabilities, GA is exceptionally adept at 

navigating intricate interactions among SNPs, especially where these interactions are complex and 

not fully understood. Its searching ability also allows it to easily discover global optima, instead 
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of being trapped in a local optima, thanks to its population-based search. Moreover, GA's synergy 

with other methods, such as the Hybrid Taguchi-Genetic Algorithm (HTGA), Genetic Algorithm 

with Ant Colony Optimization (GACO), FGSA, GASVeM, and various others that other studies 

have done, not only showcases its versatility but also underscores its position as a cornerstone in 

advancing state-of-the-art SNP analysis methodologies [20-23]. 

We also observed and tested that in most research, incorporating an extra step for selecting 

features before feeding the data into the GA significantly improves the algorithm's accuracy. This 

enhancement not only boosts the effectiveness of the GA itself but also opens up opportunities for 

refining and improving the overall feature selection process. Although prior algorithms have 

proven their ability to detect relevant SNPs, there is still room for combining the original GA 

approach with more biologically oriented statistical methods. One such avenue involves 

integrating feature selection methods specifically designed for biomedical data, like ReliefF-based 

algorithms including ReliefF, SURF, TURF, MultiSURF, and others [24]. 

In this study, we employ the Spatially Uniform ReliefF (SURF) technique to effectively 

reduce the number of features. The objective was to streamline the dataset before integrating it 

into the Genetic Algorithm. SURF has efficiently filtered relevant gene data and detected gene-

gene interactions [25]. Subsequently, we introduced a novel approach, termed SURF-GA, 

combining the strengths of SURF and GA. The research contributions encompass the following 

aspects: 

- Identified three genes that were identified within previous studies to be related to CRC by 

utilizing the proposed SURF-GA 

- Validation of the effectiveness of SURF-GA in pinpointing crucial SNPs associated with 

CRC. 

- Discovery of 2 new SNPs, whose clinical significance remains unidentified. 

 

2. MATERIALS AND METHODS 

This section discusses in more detail the utilized SNP dataset, the developed two-step feature 

selection process named SURF-GA, and the conducted Analysis at the end. Where the proposed 
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SURF-GA consists of SURF, a pre-defined feature selection algorithm for genetic data [25], and 

an implementation of a Genetic Algorithm to identify SNPs that have an importance to CRC within 

our selected dataset. The following sections will then be discussed more as shown in Figure 1 

Research Workflow. 

 

 

Figure 1. Research Workflow 

 

2.1. DATASET 

The dataset was collected from seven hospitals in the Makassar region of South Sulawesi, 

Indonesia. It was approved by the Hasanuddin University Ethical Committee and then managed 

by the Bioinformatics and Data Science Research Center (BDSRC) at Bina Nusantara University. 

The dataset includes medical records of participants, involving blood samples subjected to DNA 

extraction for genotyping using the Smokescreen Genotyping Array. The SNP data consists of 173 

samples, 84 cases of CRC, and 89 cases of controls, along with the 446,395 SNP data collected. 

The following Table 1 displays a sample of the original SNP data displaying the case and control 

patient codes (C for Control, and CRC for Case) as the headers and the SNP locations as the rows. 

Table 1. Sample SNP Data 

index 0_C118 0_CRC18 0_CRC77 

1:828166 0.707 0.463 0.181 

1:830181 0.983 1.230 1.797 

1:831489 0.960 1.185 1.845 
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2.2. PREPROCESSING 

The initial dataset undergoes a preprocessing phase where we first restructure the data by 

transposing the data frame, creating a clearer format, showing clear correspondences between the 

columns and rows, and representing the SNPs, cases, and their respective values. Subsequently, 

each sample is assigned a target class based on pre-assigned class names, simplifying the format 

of the target column for enhanced clarity and simplicity. The following Table 2 displays the sample 

data that has gone through preprocessing. 

Table 2. Preprocessed Sample Data 
 

1:82166 1:830181 1:831489 CRC 

0_CRC26 0.146 1.856 1.946 1 

0_C184 0.081 1.909 1.924 0 

0_C148 0.012 1.985 1.989 0 

2.3. SURF 

Before feeding the preprocessed data into the Genetic Algorithm, a preliminary feature 

selection phase is undertaken to reduce the number of SNPs to 1000. This procedure is 

implemented to enhance the performance of the proposed GA. The feature selection process is 

conducted by using a pre-existing method, specifically tailored for identifying significant disease-

related SNPs, known as SURF (Spatially Uniform ReliefF). SURF, an enhanced iteration of the 

ReliefF algorithm, is recognized for its efficacy in discerning important SNPs and SNP-SNP 

interactions [25]. 

Within this study, we utilized SURF by using the preprocessed dataset before, and feeding it 

to the provided SURF library from skrebate [24] as shown in Figure 2. 

 

Figure 2. SURF Workflow 
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2.4. GENETIC ALGORITHM 

Utilizing the 1000 selected SNPs, a Genetic algorithm is then implemented to identify crucial 

SNPs within this reduced dataset. The proposed Genetic Algorithm leverages the Area Under the 

Curve (AUC) score obtained from the Logistic Regression model, fitted on the selected SNPs, to 

establish the fitness values of individuals within the generation. Additionally, we introduce a novel 

crossover method, the Weighted Uniform Crossover, which will be expanded upon shortly. The 

flow of the proposed genetic algorithm is illustrated in Figure 3 under the Genetic Algorithm 

Workflow. 

 

Figure 3. Genetic Algorithm Workflow 

The proposal of the Weighted Uniform Crossover method is motivated by a critical 

examination of previous studies, which predominantly rely on single, random, or simple uniform 

crossover techniques. Recognizing the potential for refinement in the crossover process, 

particularly to the uniform method, we advocate for the Weighted Uniform Crossover method. 

Diverging from the conventional Uniform crossover, this method introduces weighted 

considerations in the selection of individuals (specifically SNPs in this context) based on their 

fitness value using the following formula (1): 

P(A) = F(A)F(A) + F(B) (1) 

Where F(A) and F(B) represent the fitness score of individuals A and B respectively, and P(A) 

is the SNP crossover ratio from individuals A and B. This allows for offspring that inherit more 

SNP features from either parent depending on their fitness values. This implies that individuals 
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with higher fitness values have a greater likelihood of passing on their SNP features to the next 

generation. 

Regarding the mutation and selection strategies, we adhere to well-established 

implementations, as they are already deemed acceptable in previous studies [27-28]. The selected 

Random Wheel Selection method favors individuals with higher fitness values, elevating their 

chances of transitioning to the subsequent generation and potentially persisting throughout the 

iterative process. Meanwhile, for mutation, we adopt the Fixed Mutation Rate method, with each 

SNP feature in each individual being able to change into other randomly chosen SNP based on the 

set rate. 

2.5. ANALYSIS 

Continuing the research process, after the Genetic Algorithm has found the important SNPs 

from the previously selected 1000 SNPs, we compare and validate the found SNPs' fitness to 

validate if the found SNPs were overfitted or could go through some other issues. At the start, we 

split the reduced dataset into two parts, train and test, for the analysis process itself, to validate the 

findings of the Genetic Algorithm proposed. Similar to the calculation of the fitness in the Genetic 

Algorithm, we also utilize a Logistic Regression model to which we then fit and validate the values 

of the top selected SNPs. 

 

3. EXPERIMENT RESULTS 

3.1. EXPERIMENT SETUP 

The following tables display the parameters utilized in executing the experiment, where Table 

3 displays the SURF parameters, and Table 4 displays the GA parameters. 

Table 3. SURF Parameters 

Parameter Value 

n_features_to_select 1000 

verbose 1 

n_jobs -1 



8 

SULISTYAWAN, JULIAN, ELWIREHARDJA, NUGROHO, PARDAMEAN 

Table 4. GA Parameters 

Parameter Value 

Generations 5000 

Initial Population Count 300 

Number of features / individual 4 

Mutation rate 0.01 

 

3.2. EXPERIMENT RESULTS 

The following Figure 4 displays the top 10 SNPs from the conducted SURF process before 

along with their feature importance scores and Table 5 shows the GA results and the top 5 

individuals or sets of SNPs along with their test and fitness values derived from the conducted 

experiment. This experiment was executed on a Mac Mini equipped with an M1 processor, 

requiring approximately 10 hours. The overall outcomes yield meaningful findings regarding the 

identified significant SNPs that are potentially associated with CRC. 

 

 

Figure 4. SURF Results 
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Table 5. GA Results 

Test Score Fitness Value SNPs 

84.2424 76.7399 [9:115495820, 5:4325504, 8:59894898, 18:5970704] 

82.4242 75.3836 [7:54614383, 18:5974982, 1:203204169, 15:98818642] 

80.0 75.3751 [7:54525340, 18:5965894, 12:718292884, 15:98818841] 

78.7878 76.2709 [18:5974982, 10:36974772, 10:132431229, 15:98818642] 

78.1818 78.1958 [18:5960165, 4:189633173, 19:39568654, 6: 98904572] 

 

4. DISCUSSION 

4.1. SNP FINDINGS 

The SNPs discovered by the Genetic Algorithm are detailed in Table 6, presenting the top 20 

sets of Single Nucleotide Polymorphisms (SNPs) generated by the GA. These SNPs have 

previously been associated with Colorectal Cancer (CRC) or other diseases, as documented in 

previous research and corroborated by the information available in the dbSNP from the National 

Library of Medicine site. 

Table 6. Found SNPs with Clinical Importance 

Location SNP ID Overlapping Gene 

8:59894898, 8:59908664 rs79876400, rs115037695 TOX 

18:5970704, 18:5965894, 

18:5974982, 18:5960165, 

18:5968696, 18:5968319 

rs566559, rs692978, rs1106750, 

rs505559, rs950740323, rs1539807 

L3MBTL4 and 

LOC121725015 

7:54614383 rs2461636 VSTM2A 

3:56238195 rs9880422 ERC2 

8:47846757 rs7815490 LOC105375814 

Based on the result, several identified SNPs overlapped with two distinct genes previously 

linked with Colorectal Cancer. Two SNPs were identified to overlap with the TOX gene, located 

at 8:59894898 and 8:59908664 aligning with previous research that implicates TOX as an 
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enhancer for CRC development and a promoting factor for T cell exhaustion in human cancer [29- 

30] These findings suggest a potential regulatory role for these SNPs in influencing TOX gene 

function and contributing to CRC susceptibility. Furthermore, the identification of another SNP at 

7:54614383 within the VSTM2A gene adds to existing evidence supporting its role as a suppressor 

of CRC through immune response modulation [31-32]. 

Aside from the previously identified SNPs within the TOX and VSTM2A genes, our 

comprehensive SNP analysis also identified three genes L3MBTL4, LOC121725015, and ERC2, 

each with distinct implications in human diseases. ERC2, for instance, has been previously linked 

to Maffucci's Syndrome in conjunction with other genes [33], with the identified SNP located at 

position 3:56238195. This discovery prompts further investigations in future research to validate 

the experimental findings. Two other genes, L3MBTL4 and LOC121725015, both located on 

chromosome 18, were associated with six SNPs collectively. Previous research has correlated 

L3MBTL4 with breast cancer and LOC121725015 with pancreatic cancer [34-35]. The substantial 

number of identified SNPs within these two genes suggests a need for in-depth reviews to validate 

the significance of these genes and their respective SNPs.  

In addition to the aforementioned SNPs associated with known genes and diseases, our 

analysis identified several genes and SNPs that currently lack clinical evidence or association 

within the existing literature and dbSNP database [28]. Specifically, the gene LOC105375814, 

with the SNP at location 8:47846757, has yet to be clinically characterized. This gene presents an 

opportunity for further investigation to ascertain its potential relevance, particularly with colorectal 

cancer (CRC). Other notable SNPs discovered in our study, namely 8:47831255, 7:149010202, 

and 19:39567095, do not align with any known genes and lack clinical evidence in the current 

findings. Despite their unannotated status, these SNPs may represent novel genetic variations with 

implications for CRC or other diseases. Therefore, a more in-depth exploration of these SNPs is 

warranted in future research, as their discovery may contribute to expanding our understanding of 

genetic factors influencing disease susceptibility. The identification of these uncharacterized genes 

and SNPs underscores the potential for discoveries in the genetic landscape of CRC and highlights 

the importance of ongoing and comprehensive investigations in this field. 
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5. CONCLUSION 

In this study, we utilized the SURF-GA methodology, which combines feature selection and 

a genetic algorithm, to identify the important single nucleotide polymorphisms (SNPs) associated 

with colorectal cancer (CRC). The investigation revealed notable SNPs, such as 8:59894898, 

8:59908664, and 7:54614383, which align with past research linking them to the suppression or 

enhancement of colorectal cancer. Additionally, a cluster of SNPs on chromosome 18 emerged as 

significant, with previous findings suggesting associations with breast and pancreatic cancers. 

These results require further investigation to determine their correlation with CRC. Furthermore, 

novel SNPs, including 8:47831255, 7:149010202, and 19:39567095, were identified without 

precedent in existing research, potentially representing critical discoveries related to colorectal 

cancer. Nevertheless, these newly found SNPs require rigorous validation through further research 

and studies to substantiate their significance in CRC. Looking forward, the SURF-GA 

methodology, as a metaheuristic approach, holds promise, and future research endeavours should 

explore optimizations in selection, mutation, and crossover methods. Furthermore, the algorithm's 

applicability across various SNP datasets for different diseases should be systematically 

investigated to enhance its robustness and generalizability. This study lays the foundation for 

ongoing efforts in understanding the intricate genetic landscape of colorectal cancer and provides 

avenues for refining both methodologies and knowledge in other fields [36-38]. 
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