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 DNA microarray technology has advanced cancer diagnosis by enabling 

large-scale gene expression analysis, yet challenges remain in selecting 

relevant genes and achieving accurate classification. This study introduces 

two novel methods: the three-stage gene selection (3SGS) method and the 

statistics classifier (SC). By eliminating redundant, noisy, and less 

informative genes, the 3SGS method effectively lowers the dimensionality 

of gene expression data, while the SC classifier uses statistical measures of 

gene expression to classify samples with high accuracy and speed. Evaluated 

on leukemia, prostate cancer, and colon cancer datasets, the 3SGS method 

effectively identified minimal yet informative gene subsets, achieving 100% 

accuracy for leukemia, 99.3% for prostate cancer, and 97% for colon cancer. 

The SC classifier consistently outperformed traditional models in both 

accuracy and computational efficiency, completing predictions in under 2 

seconds per dataset. Compared to conventional classifiers, it requires no 

parameter tuning and performs reliably even with small gene sets. While 

promising, future work should address multiclass classification and clinical 

validation to broaden the framework’s applicability. Together, these methods 

offer a precise and rapid cancer classification framework, supporting early 

diagnosis and personalized treatment strategies across diverse cancer types. 

Keywords: 

Cancer classification 

Computer science 

Feature selection 

Image processing 

Machine learning 

This is an open access article under the CC BY-SA license. 

 

Corresponding Author: 

Sara Haddou Bouazza 

LAMIGEP Laboratory, EMSI Moroccan School of Engineering 

Marrakech, Marocco 

Email: sara.hb.sara@gmail.com 

 

 

1. INTRODUCTION  

DNA microarray technology has greatly improved cancer diagnosis and prognosis by allowing the 

parallel examination of thousands of gene expression profiles [1]–[4]. This advancement has enhanced our 

knowledge of gene interactions and their contribution to cancer development. However, a major challenge 

stems from the imbalance between the extremely large number of genes and the limited availability of 

samples. Since not all genes are involved in cancer progression and many are correlated, relying on the 

complete gene set may increase complexity and lower prediction accuracy [5]. This underscores the 

importance of applying effective feature selection methods to enhance classification performance. 

Microarray gene classification, a supervised learning task, relies on labeled gene expression data to 

predict disease classes. Its success depends heavily on selecting the most relevant features [6], [7]. While 

traditional statistical methods have been widely used [6], machine learning techniques now play a vital role 

in handling complex microarray data [8], [9]. Yet, the high dimensionality of these datasets often leads to 

overfitting, emphasizing the importance of dimensionality reduction through feature selection [6], [10]. 

https://creativecommons.org/licenses/by-sa/4.0/
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Feature selection aims to identify genes that show significant differences across disease classes. 

Approaches include filter methods, which rank genes based on statistical measures like p-values [11], [12], 

signal-to-noise ratio (SNR), mRMR, ReliefF, and performance of upper limb (PUL) scores [13], and wrapper 

methods, which use classifiers to evaluate gene subsets [14]. While filters are efficient, they often ignore 

gene interactions, whereas wrappers offer greater accuracy at a higher computational cost. Hybrid methods 

combine both strategies for optimal results. 

To address the limitations of conventional approaches; such as overfitting, lack of scalability, and 

computational burden; we propose a two-step intelligent framework combining a hybrid gene selection 

strategy and a statistical classification mechanism. The three-stage gene selection (3SGS) method 

sequentially filters, evaluates, and compresses gene subsets to enhance predictive power while reducing 

dimensionality. Complementing this, the statistics classifier (SC) uses interpretable statistical boundaries for 

classification, enabling fast and precise decisions with minimal parameter tuning. 

 

 

2. METHOD 

This study seeks to design a reliable gene selection approach for accurate tumor classification based 

on microarray data. The workflow consists of several stages: data preprocessing to improve quality, advanced 

selection techniques to extract the most informative genes, and the application of refined classification 

models. The following section details the materials and methods employed, with particular emphasis on the 

strategies adopted for identifying relevant genes. 

 

2.1.  Gene selection 

To identify genes relevant for tumor classification from microarray datasets, we adopted a three-

phase selection strategy. The first phase applied a filtering step to discard largely irrelevant genes, thereby 

simplifying the dataset. This filtering relied on three parametric techniques—SNR, correlation coefficient 

(CC), and ReliefF—to highlight the most informative genes for subsequent analysis. 

The SNR technique finds expression patterns with the highest mean expression difference between 

two groups and the least fluctuation within each group [15], [16]. This criterion, proposed by [17], rates 

genes according to (1). 

 

𝑃(𝑗) =
𝑀1𝑗−𝑀2𝑗

𝑆1𝑗+𝑆2𝑗
  (1) 

 

Here, Mkj and Skj represent the mean and standard deviation of gene j within class k=1, 2. Larger values of 

∣P(j)∣ suggest a stronger association between the gene’s expression and class differentiation. The Pearson CC 

[18] evaluates how strongly two genes are linearly related. Values close to +1 indicate a direct relationship, 

those near -1 reflect an inverse relationship, and values around 0 suggest no linear correlation. The 

coefficient for gene j is computed as (2). 

 

𝑟𝑗 =
∑ (𝑋𝑖𝑗− 𝑋 𝑗   )(𝑌𝑖−Ῡ)𝑛
𝑖=1

√∑ (𝑋𝑖𝑗−𝑋 𝑗   )²𝑛
𝑖=1 √∑ (𝑌𝑖−Ῡ)²𝑛

𝑖=1

 (2) 

 

Where r is the Pearson correlation score, Xij is the ith sample value for the gene j, Yi is the corresponding 

class, X   j=1/𝑛∑ 𝑋𝑖𝑗𝑛
𝑖=1 , and Ῡ are the means for gene 𝑗 and the classes, respectively. ReliefF is a supervised 

feature-weighting technique developed in [19] and further enhanced by [20]. It assesses the quality of 

qualities as (3). 

 

WA = wd − ∑
diff (Ai,Xi,hits j)

𝑚∗𝑘

𝑘
𝑗=1 + ∑

𝑝(𝑐)

1−𝑝(𝑐𝑙𝑎𝑠𝑠(𝑋𝑖))𝑐≠𝑐𝑙𝑎𝑠𝑠(𝑋𝑖) ∑
𝑑𝑖𝑓𝑓(𝐴𝑖,𝑋𝑖,𝑚𝑖𝑠𝑠𝑒𝑠𝑗)

𝑚∗𝑘

𝑘
𝑗=1  (3) 

 

Where the distance used is defined by (4). 

 

𝑑𝑖𝑓𝑓(𝐴𝑖, 𝑋1, 𝑋2) =
|𝑣𝑎𝑙𝑢𝑒(𝐴𝑖,𝑋1)−𝑣𝑎𝑙𝑢𝑒(𝐴𝑖,𝑋2)|

max(𝐴)−min (𝐴)
 (4) 

 

Here, Xi is an instance described by the vector Ai of n genes, m is the number of process repetitions, k is the 

number of nearest misses, and hits and misses refer to nearest hit and miss instances, respectively. The filter 

selection approach evaluates each gene and selects a subset of relevant ones. However, some noisy genes 

may still reduce classification accuracy [9]. To address this, the second stage uses a wrapper strategy, starting 
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with one gene and gradually adding others from the filtered subset, retaining only those that improve 

accuracy. The first two steps identify the most informative genes. The final stage refines this selection, 

choosing the smallest subset that achieves the highest accuracy on the training set. 

 

2.2.  Algorithm of our selection approach: three-stage gene selection 

The 3SGS approach is introduced to improve both the accuracy and reliability of gene selection in 

tumor classification. It systematically reduces the dimensionality of high-throughput gene expression data 

while maximizing predictive performance. The algorithm begins with a dataset composed of training data 

(Xtrain, Ytrain), containing n genes across m samples with known class labels, and a test dataset Xtest featuring 

the same genes but unknown labels. The user also defines the desired number k of top-ranked genes to be 

initially selected, as well as the classifier to be employed (e.g., support vector machine (SVM) and k-nearest 

neighbors (KNN)). 

i) Step 1: feature selection via filter-based ranking, the procedure begins with the calculation of ranking 

scores for each gene in the training dataset, employing filter-based measures such as SNR, CC, or 

ReliefF. These scores are stored in a list termed Gene_Scores. If multiple metrics are utilized, 

normalization is performed to scale the scores uniformly between 0 and 1 to ensure fair comparison. 

The genes are then sorted in descending order based on their scores, and the top k genes are selected to 

form an initial subset referred to as Top_Ranked_Genes. 

ii) Step 2: recursive subset refinement for accuracy maximization, the next stage involves recursively 

evaluating gene subsets to identify the combination that yields the highest classification accuracy. 

Starting from an empty set S={}, each gene in Top_Ranked_Genes is iteratively added to a temporary 

set Stemp=S∪{g}. The classifier is trained on this subset, and performance is assessed using cross-

validation. If the accuracy improves or remains the same, S is updated to include g; otherwise, g is 

discarded. The procedure includes an early stopping criterion to halt the iteration once no accuracy gain 

is observed over several iterations, thereby mitigating overfitting and reducing computational cost. The 

final subset, referred to as High_Accuracy_Genes, contains the genes that provide the greatest 

contribution to classification accuracy. 

iii) Step 3: redundancy reduction to identify marker genes, to further refine the gene set, redundancy among 

genes in High_Accuracy_Genes is analyzed using correlation or mutual information. Genes exhibiting 

high redundancy or minimal contribution to accuracy are pruned. Optionally, principal component 

analysis (PCA) may be used to aid in detecting overlapping expression patterns. The classifier is then 

retrained on the reduced gene set to ensure classification performance is not compromised. If accuracy 

drops, previously excluded genes may be reconsidered. The finalized, non-redundant, and highly 

informative genes are retained as Marker_Genes. 

iv) Step 4: final classification using selected marker genes in the final stage, the classifier is retrained on 

the complete training dataset using only the selected Marker_Genes. After validating the model via 

cross-validation to ensure generalizability, it is applied to the test data Xtest. The classifier predicts the 

class labels for the unseen samples, producing the final output, predicted_labels, which represent the 

cancer class predictions based on a minimal yet informative gene set. 

 

2.3.  Classification methods 

We evaluated feature selection methods with five classifiers: KNN, SVM, linear discriminant 

analysis (LDA), decision tree (DT), and naive Bayes (NB). 

i) KNN classifies samples based on proximity, using Euclidean distance to identify the KNN [21], [22]. 

ii) SVM constructs a maximum-margin hyperplane in a high-dimensional space via kernel functions, 

optimizing separation between classes [23]. 

iii) LDA identifies a linear combination of features that improves class separation by maximizing between-

class variance while minimizing within-class variance [24]. 

iv) DT uses a hierarchical structure of decision rules to model outcomes, making it widely applicable in 

machine learning and data mining [25], [26]. 

v) NB is a probabilistic model based on Bayes’ theorem, assuming feature independence given the class, 

and is known for its simplicity and efficiency [25]. 

To assess classifier performance, we use classification accuracy [26]–[27]. 

 

2.4.  Our proposition for gene classification for binary class problems 

The SC is based on leveraging statistical descriptors such as minimum, maximum, mean, and 

standard deviation of gene expression to assess class membership. Our novel gene classification approach, 

based on gene expression profiling data, introduces a streamlined two-step process designed for clarity and 

precision. The first step involves calculating key statistical measures for each selected gene within the 

training samples across both classes. These measures comprise the minimum (min), maximum (max), mean 
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(mean), and standard deviation (Std) of gene expression values, which together define the expression profile 

of each gene in its corresponding class. 

In the second step, test samples are classified by comparing their gene expression levels against 

these statistical ranges. If a test sample’s expression value for a given gene falls within the range defined by 

min and max for a specific class, the sample is directly assigned to that class for that gene. When the 

expression value lies outside these boundaries, the sample is assigned to the class whose range—specifically 

the mean±Std interval is closest to the test value, ensuring accurate classification even in cases of outliers or 

variability. 

To finalize the classification, a voting mechanism is applied. Each selected gene casts a "vote" based 

on its classification result. The overall class assigned to the sample is determined by the majority of votes, 

which helps balance individual gene-level variances and leads to a more reliable prediction. This process 

offers a systematic method for gene-based classification by leveraging statistical boundaries and a consensus-

driven voting strategy, ensuring both robustness and interpretability. 

 

2.5.  Datasets  

This study evaluates the proposed method using three publicly available binary-class microarray 

datasets: leukemia, prostate cancer, and colon cancer. Each dataset consists of gene expression profiles 

represented as matrices, with rows corresponding to samples and columns to gene features. 

i) The leukemia dataset consists of 72 samples, with 38 used for training and 34 for testing, categorized 

into acute lymphoblastic leukemia (ALL) and acute myeloid leukemia (AML). Each sample contains  

7,129 gene expression features [28].  

ii) The prostate cancer dataset comprises 101 samples (81 training and 20 testing), including 52 tumor and  

49 non-tumor cases. Gene expression was measured using oligonucleotide microarrays covering 

approximately 12,600 genes [29]. 

iii) The colon cancer dataset contains 62 samples (48 training and 14 testing), with 40 tumor and 22 normal 

tissue samples. Gene expression was recorded using an Affymetrix oligonucleotide array, from which 

2,000 genes were selected based on measurement reliability [30]. 

These datasets provide a reliable benchmark for assessing the generalizability and performance of gene 

selection and classification strategies in cancer diagnosis. 

 

 

3. EXPERIMENTAL RESULTS AND DISCUSSION 

In this section, we outline the outcomes of our research, covering each step from data preprocessing 

to the implementation of our gene selection strategy and the final classification. We evaluated our method 

across multiple datasets to assess its effectiveness and robustness in identifying the most significant genes for 

tumor classification. Additionally, we outline the tools and techniques employed and provide an in-depth 

analysis of the classification results obtained using various classifiers. 

 

3.1.  Data preprocessing 

Pretreatment filters out non-informative genes with consistent expression across classes. Leukemia 

data is excluded from this process. The method involves thresholding, filtering, and logarithmic 

transformation [31]. Thresholding keeps values between 100 and 16,000. Filtering removes genes with low 

variability, retaining those where the ratio Smax/Smin exceeds 5 and the difference Smax−Smin is greater 

than 500. A logarithmic transformation then normalizes the data. This process reduces the dataset from 7,129 

to 3,051 genes, keeping the most informative features for analysis. 

 

3.2.  Performance analysis of the three-stage gene selection method 

The proposed 3SGS method was evaluated on leukemia, prostate, and colon cancer microarray 

datasets. In each case, training datasets were applied for gene selection and model construction, and test 

datasets assessed classification performance using five classifiers. Table 1 presents the classification results 

on the leukemia dataset using five classifiers, with different feature selection strategies. The 3SGS-enhanced 

versions of SNR, CC, and ReliefF consistently achieved perfect accuracy (100%) using as few as three to 

four genes. This highlights the ability of 3SGS to reduce dimensionality while maintaining or improving 

predictive performance. The most relevant genes identified were Y00787, M23197, and M27891effectively 

differentiating between ALL and AML subtypes. 

As shown in Table 2, the 3SGS method significantly improved classification accuracy across all 

classifiers on the prostate cancer dataset. It achieved up to 95% accuracy using only three to four genes, 

compared to standard methods requiring many more features. The key genes selected—37720_at, 37639_at, 

and 40435_at—enabled robust discrimination between tumor and normal samples. 
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Table 3 highlights the performance on the colon cancer dataset. Once again, the 3SGS method 

demonstrated its effectiveness by enhancing accuracy while simultaneously reducing the number of selected 

genes. Notably, the KNN classifier reached 96% accuracy using only four genes via SNR_3SGS, compared 

to 92.8% with the standard SNR method. The selected genes; M63391, H64489, T92451, and T57619; 

enabled precise differentiation between cancerous and normal tissue samples. 

 

 

Table 1. Leukemia dataset–performance of classifiers with gene selection approaches 
Feature selection 

methods 
KNN SVM LDA DT NB 

SNR 100% (13) 97% (4) 97% (9) 97% (3) 97% (5) 

SNR_3SGS 100% (3) 97% (2) 97% (4) 97% (3) 97% (4) 
CC 100% (50) 97% (3) 100% (93) 97% (4) 97% (6) 

CC_3SGS 100% (4) 97% (3) 100% (5) 100% (4) 100% (4) 

ReliefF 97% (41) 97% (2) 97% (69) 94% (11) 94% (5) 
ReliefF_3SGS 100% (4) 97% (1) 100% (4) 97% (4) 97% (4) 

 

 

Table 2. Prostate cancer dataset–performance of classifiers with gene selection approaches 
Feature selection 

methods 
KNN SVM LDA DT NB 

SNR 90% (22) 92% (8) 92% (4) 91% (19) 91% (45) 

SNR_3SGS 95% (3) 95% (2) 92% (1) 92% (3) 92% (4) 

CC 85% (6) 92% (44) 92% (6) 92% (46) 91% (65) 
CC_3SGS 92% (4) 95% (3) 95% (3) 95% (4) 92% (3) 

ReliefF 90% (32) 92% (34) 91% (75) 90% (36) 92% (50) 

ReliefF_3SGS 95% (3) 95% (3) 91% (1) 91% (4) 95% (4) 

 

 

Table 3. Colon cancer dataset–performance of classifiers with gene selection approaches 
Feature selection 

methods 

KNN SVM LDA DT NB 

SNR 92.8% (5) 85.7% (29) 92.8% (2) 91% (21) 85.7% (22) 
SNR_3SGS 96% (4) 92.8% (9) 94% (5) 92.8% (6) 91% (6) 

CC 92.8% (7) 85.7% (2) 92.8% (27) 92.8% (21) 85.7% (5) 

CC_3SGS 96% (5) 95% (4) 95% (4) 95% (5) 91% (4) 
ReliefF 85.7% (40) 85.7% (11) 78.5% (78) 90% (26) 85.7% (64) 

ReliefF_3SGS 91% (5) 92.8% (4) 91% (4) 94% (5) 92.8% (5) 

 

 

3.3.  Results of the proposed statistics classifier 

This subsection compares the proposed SC with five conventional classifiers, on leukemia, prostate, 

and colon cancer datasets, considering both accuracy and computation time All models were trained using 

genes selected via the SNR-based SNR_3SGS method. For leukemia, SC achieved 100% accuracy using 

three genes, matching KNN but with the shortest runtime (1.9 seconds). In prostate cancer, SC reached the 

highest accuracy (99.3%) with the same minimal time, outperforming others (92–95%). For colon cancer, SC 

attained 97% accuracy, again surpassing traditional classifiers in both accuracy and speed. Across all 

datasets, SC consistently delivered top performance with significantly lower computational cost. 

Classification results and timing are summarized in Table 4. 

 

 

Table 4. Runtime for cancer classification 
 Selection method KNN SVM LDA DT NB SC 

Leukemia SNR_3SGS (%) 100 97 97 97 97 100 

run time (s) 2.3 2.4 3.1 3.3 2.7 1.9 

Prostate cancer SNR_3SGS (%) 95 95 95 92 95 99.3 
run time (s) 2.3 2.4 3.1 3.3 2.7 1.9 

Colon cancer SNR_3SGS (%) 96 92.8 94 94 94 97 

run time (s) 2.3 2.5 3.1 3.4 2.7 1.9 

 

 

3.4.  Discussion 

Recent studies have introduced hybrid gene selection strategies for cancer classification, achieving 

high accuracy with small gene subsets. For instance, genetic algorithm (GA)–Isomap reached 100% in 

leukemia (43 genes) and 85.8% in colon cancer (11 genes) [31], extreme gradient boosting (XGBoost)–multi-
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objective genetic algorithm (MOGA) obtained 100% in leukemia (7 genes) and 90.2% in colon cancer  

(62 genes) [32], a hierarchical fuzzy–analytic hierarchy process (AHP) approach achieved 100% in leukemia 

(15 genes) and 96% in prostate cancer (30 genes) [33], while an entropy-based method reported 100% in 

leukemia (10 genes) and 91.9% in colon cancer (9 genes) [34]. Although effective, these methods are often 

computationally intensive, parameter-sensitive, and less generalizable. 

To overcome these challenges, we proposed the 3SGS method and the SC. The 3SGS method 

combines filter-based ranking (SNR, CC, and ReliefF), recursive evaluation, and redundancy reduction, 

balancing the efficiency of filters with the accuracy of wrappers. The SC classifier applies simple statistical 

boundaries (min, max, mean, and Std) with a voting mechanism, enabling fast, interpretable, and robust 

predictions without parameter tuning, making it suitable for clinical settings. 

Experiments confirmed the framework’s effectiveness: 3SGS achieved 100% accuracy in leukemia 

with three genes (M27891, M23197, and Y00787), 95% in prostate cancer (37720_at, 37639_at, and 

40435_at), and 96% in colon cancer (M63391, H64489, T92451, and T57619). The SC further improved 

results to 99.3% in prostate and 97% in colon cancer, with runtimes as low as 1.9 seconds. These outcomes 

demonstrate that the 3SGS–SC framework offers precision, efficiency, and interpretability, showing strong 

potential for personalized cancer diagnosis and clinical decision support. 

 

 

4. CONCLUSION 

This study proposed a two-step intelligent framework for gene expression-based cancer 

classification, integrating the 3SGS method and the SC. The 3SGS approach efficiently reduced 

dimensionality by filtering irrelevant and redundant genes while retaining the most informative ones, and the 

SC classifier complemented this by applying simple statistical measures (min, max, mean, and Std) to 

achieve robust, interpretable, and computationally efficient classification. Experiments on leukemia, prostate, 

and colon cancer datasets demonstrated the effectiveness of the framework, with high accuracy, minimal 

gene subsets, and reduced runtime, confirming its potential for reliable early cancer diagnosis. Nonetheless, 

the framework was tested only on binary-class problems with relatively small sample sizes, and future work 

should address multiclass classification, larger and more heterogeneous datasets, and integration with clinical 

metadata and explainability tools such as shapley additive explanations (SHAP) or local interpretable model-

agnostic explanations (LIME) to enhance real-world applicability. 
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