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Abstract: Lung cancer is among the most frequent cancers in the world, with over one million deaths per year. Classification is required for lung cancer diagnosis and therapy to be effective, accurate, and reliable. Gene expression microarrays have made it possible to find genetic biomarkers for cancer diagnosis and prediction in a high-throughput manner. Machine Learning (ML) has been widely used to diagnose and classify lung cancer where the performance of ML methods is evaluated to identify the appropriate technique. Identifying and selecting the gene expression patterns can help in lung cancer diagnoses and classification. Normally, microarrays include several genes and may cause confusion or false prediction. Therefore, the Arithmetic Optimization Algorithm (AOA) is used to identify the optimal gene subset to reduce the number of selected genes. Which can allow the classifiers to yield the best performance for lung cancer classification. In addition, we proposed a modified version of AOA which can work effectively on the high dimensional dataset. In the modified AOA, the features are ranked by their weights and are used to initialize the AOA population. The exploitation process of AOA is then enhanced by developing a local search algorithm based on two neighborhood strategies. Finally, the efficiency of the proposed methods was evaluated on gene expression datasets related to Lung cancer using stratified 4-fold cross-validation. The method’s efficacy in selecting the optimal gene subset is underscored by its ability to maintain feature proportions between 10% to 25%. Moreover, the approach significantly enhances lung cancer prediction accuracy. For instance, Lung_Harvard1 achieved an accuracy of 97.5%, Lung_Harvard2 and Lung_Michigan datasets both achieved 100%, Lung_Adenocarcinoma obtained an accuracy of 88.2%, and Lung_Ontario achieved an accuracy of 87.5%. In conclusion, the results indicate the potential promise of the proposed modified AOA approach in classifying microarray cancer data.
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1  Introduction

Classification is one of the most active areas of ML [1]. It entails training a predictive model using a collection of samples containing a target output, such that, after training, the model could predict the output for data that has not yet been seen. The field of biomedicine has recently become quite prominent in ML due to the vast quantity of data that can be derived from genetic tissue [2–4]. Specifically, the rise of microarray datasets has led to the establishment of an active research area in the domains of bioinformatics and ML.

Lung cancer detection has seen significant advancements in recent years, thanks to the integration of machine learning and deep learning techniques. Recent meta-heuristic algorithms and methodologies have played a pivotal role in improving the accuracy and efficiency of image segmentation including the CT scans of lung cancer detection models. These algorithms include Hunger Games Search (HGS) [5], Slime Mould Algorithm (SMA) [6], Moth Search Algorithm (MSA) [7], Grey Wolf Optimization (GWO) [8], Runge Kutta Method (RUN) [9], Monarch Butterfly Optimization (MBO) [10], Weighted Mean of Vectors (INFO) [11], and Harris Hawks Optimization (HHO) [12]. By incorporating these innovative approaches, researchers have significantly enhanced the performance of machine learning and deep learning models in classification of lung cancer, ultimately contributing to more accurate diagnoses and better patient outcomes. This integration of cutting-edge techniques has brought about a paradigm shift in the field of lung cancer detection [13–18].

Lung cancer is among the most prevalent cancers in the world, causing over one million deaths each year. Cancer is the greatest cause of death globally, with 10 million deaths in 2020, the most prevalent in 2020 (new cancer cases) being the lung (2.21 million cases). Lung cancer (1.80 million deaths) was the leading cause of death for cancer patients in 2020 [19–21].

Successful cancer diagnosis and therapy depend on accurate and reliable classification. Therefore, attention has increased due to advancements in cancer classification [22]. Lung cancer classification depends on clinicopathological characteristics. Gene expression microarrays have provided a high-throughput platform for identifying genomic biomarkers for cancer diagnosis and prognosis [23,24].

The microarray data utilized by the classification algorithms may be shown as a matrix composed of samples (rows) and features (columns) that describe the microarray data. Classification algorithms need a sufficient number of samples since a limited number of samples might result in overfitting and decreased generalizability. For lung cancer classification, microarray data is considered structured data, described by the fact that it contains very few samples (often less than a hundred) yet comprises a large number of features (often numbering in the thousands). Dealing with such many features with few samples presents a machine learning research challenge, primarily due to the chances of “false positives” being elevated in feature-rich microarray data (during the construction of the predictive model or the gene selection process) [25]. Feature selection is an important and essential technique used in data filtering to improve machine learning models in large databases and for dimensionality reduction, where important features are chosen and unnecessary and redundant features are rejected [26]. A decrease in input dimensionality may boost performance by reducing either the learning speed and complexity of the model or increasing the generalization capacity and precision of the classification. Selecting suitable characteristics may also lower measurement costs and enhance comprehension of the problem.

The work presented by [27] showed that only a part of this significant number of genes or features present on the microarray is important for solving certain classification problems. Feature selection is required in this situation for two reasons. It removes extraneous and redundant functions and helps experts identify key associations between specific diseases and gene expression. Fig. 1 is an illustration of a common feature selection method used on microarray data.
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Figure 1: A typical feature selection process applied to microarray data. Reprinted with permission from [27]. Copyright © 2024 Elsevier Ltd.

Different feature selection models were developed in the literature, each using a feature score measure to extract feature subsets from the same databases [27]. Training classification models with all their high-dimensional features can lead to serious performance and scalability issues [28–30]. Selecting features that form a subset of the original features is useful where interpretability and knowledge retrieval are important, like in medicine, although this sometimes results in some loss of precision. Our approach focuses on feature selection since it is focused on medical issues. Feature selection techniques may use individual scoring (also recognized as feature ranking) or feature subset assessment, depending on the outcome. In the first case, the attributes are evaluated individually with a weight that exhibits their relevance. In the latter case, the subsets of candidate traits are assessed using some measures to choose the best trait.

Feature selection approaches are categorized into filters, embedded approaches, and wrappers based on their correlation to the learning approach [26,31]. Filters are not dependent on learning methods since they concentrate on the fundamental properties of the data. They are not computationally expensive and have strong generalization capability due to their independence from the induction technique. To choose features, wrappers and embedded methods need a learning technique. An induction approach assesses feature candidate subsets for wrappers. Although interacting with the classifier makes it more computationally complex than filters, this strategy frequently produces better results. Because the search for the ideal feature subset is done during classifier training, embedded approaches, which fall between filters and wrappers, are computationally more effective than wrappers [27]. There is also a trend to blend algorithms, as with hybrid approaches, which often integrate two or more selection algorithms of characteristics with a distinct conceptual background. A common example is to first use a less calculated filter to delete certain functions, then use a mathematically expensive wrapper for fine nailing.

In hybrid methods based on filters and optimization methods, the dataset is filtered, and the optimization algorithm iteratively chooses a subset of gene features from the chosen subset until optimum classification accuracy is achieved. Such different algorithms are the brainstorming optimization algorithm [31], Particle Swarm Optimization (PSO) [32], Whale Optimization [33], Genetic Algorithm (GA) [34], and Moth Flam Optimization [35]. AOA was recently suggested by [30] and uses arithmetic operators, including multiplication and division, for exploring the search space and addition and subtraction operators for exploiting the search space, to discover the best solution for a given problem. In summary, the gene selection method based on AOA and the feature importance ranking method is proposed for the gene selection problem to work effectively on the high-dimensional dataset. Our goal is to decrease the number of genes and improve classification accuracy based on microarray datasets related to lung cancer. The contributions of this paper can be summarized as follows:

•   A novel gene selection method combining AOA and feature importance ranking for high-dimensional datasets is introduced.

•   A modified AOA (MAOA) is presented to effectively navigate high-dimensional feature spaces, addressing the exponential complexity associated with dimensionality.

•   MAOA incorporates an innovative initialization process and a local search strategy, improving the exploitation process of AOA and enhancing classification accuracy.

•   Novel neighborhood strategies are proposed to enhance the effectiveness of feature subset selection, further extending the adaptability and efficiency of the proposed approach

The structure of the paper is as follows: Section 2 offers a detailed literature review. Section 3 covers the methods and materials, including a discussion of AOA and MAO. Section 4 delves into the results and facilitates a comprehensive discussion. In Section 5, conclusion and future works are given.

2  Literature Review

Lung cancer is a type of cancer that begins in the cells of the lungs. It is one of the most common and deadliest forms of cancer worldwide [36]. The incidence and mortality rates vary by region, with higher rates typically seen in developed countries and regions with a higher prevalence of smoking. Besides smoking, other risk factors include exposure to secondhand smoke, occupational exposure to carcinogens like asbestos and radon gas, air pollution, and a family history of lung cancer. In addition, genetic and molecular studies have revealed various mutations and alterations associated with the development of lung cancer.

According to Planchard et al. [37], symptoms of lung cancer can vary and may include persistent coughing up blood, shortness of breath, chest pain, hoarseness, weight loss, and recurrent respiratory infections. Diagnosing typically involves a combination of imaging tests such as X-rays, CT scans, and PET scans, along with a tissue biopsy to determine the type and stage of the cancer. Staging helps determine the extent of the cancer’s spread and guides treatment decisions. Treatment approaches depend on the type, stage, and overall health of the patient, including surgery, radiation therapy, chemotherapy, targeted therapy, immunotherapy, and palliative care. Newer treatment options, such as immunotherapy and targeted therapy, have shown promise for improving outcomes for some patients [38]. The prognosis varies widely depending on the stage of diagnosis, the type of lung cancer, and the patient’s overall health. Early-stage lung cancers that are localized have a better prognosis compared to advanced-stage cancers that have spread to other parts of the body.

There are several job selection methods described in the literature [31,39]. Community optimization problems, feature selection, and intelligent optimization algorithms were suggested as efficient solutions to the feature selection problem [40]. The authors in [40] proposed a GA-assisted feature selection approach, including the ability to define subsets of features for recognition, to solve problems in computer-aided diagnosis of learned tumors (in dermatology). The process improves classification performance.

A multitude of optimization methods has been developed over the years. These methods can be broadly categorized into different classes, including mathematical optimization, heuristic and metaheuristic methods, evolutionary algorithms, and more. Some widely recognized optimization techniques include linear programming, genetic algorithms, simulated annealing, particle swarm optimization, and many others. Each of these methods possesses its unique characteristics, advantages, and applications. For example, the study of Yu et al. [41] presented a hybrid model called bERIME_FKNN, which combines the enhanced rime algorithm (ERIME) and fuzzy K-Nearest Neighbor (FKNN) technique. The model uses a triangular game search strategy and a random follower search strategy to enhance global exploration. Compared to 11 state-of-the-art algorithms, the bERIME_FKNN model achieved an accuracy and specificity of over 99% in PH classification. This makes it a valuable computer-aided tool for diagnosing and evaluating pulmonary hypertension, preventing disease progression and reducing complications.

A GA was also used in [23] where a GA is integrated with the closet neighbor technique to distinguish seeds through computer vision. The ‘invalid nearest neighbor’ approach determined that the number be increased as the correct classification percent. The best findings were found at generation 400 with an initialization probability of 0.1, resulting in a misclassification of 3.00% between four types of seeds. Zhang et al. [42] represented a binary “feature selection algorithm based on barebones particle swarm optimization” that was effectively used to address feature selection issues. The quantitative findings exhibit that the suggested approach attains the best mean classification accuracy for seven of the eight data sets utilized in the assessment. Yang et al. [43] suggested a method to characterize selection with MA (“Memetic Algorithms”).

Yang et al. [43] stated that their suggested strategy can produce high grading accuracy with a limited number of characteristics and is superior to PSO and GA approaches in accuracy, especially for large problems. The given experimental findings demonstrate that this approach allows for greater search efficiency and can produce excellent classification accuracy while minimizing the number of features. Kabir et al. [44] represented a novel hybrid ant colony optimization algorithm for trait selection (ACOFS). It is argued that this method not only strikes an efficient balance between the exploitation and exploration of ants in research but also enhances the global research capabilities of optimizing ant colonies in realizing high-quality solutions to trait selection problems. The findings noted in the experimental tests demonstrate that ACOFS offers the notable capability to create subsets of smaller sizes of relevant features while providing substantial classification accuracy. Huang et al. [45] also addressed the feature selection problem with a nature-inspired solution. The suggested method uses a novel hybrid method based on PSO-SVM (“Particle Swarm Optimization and Support Vector Machines”) with feature selection as well as parameter optimization to address feature “subset selection” with kernel parameter tuning.

To reduce the computation time, a data mining system is used, which is implemented through a distributed design employing web services technology. The experimental findings demonstrate the suggested method’s ability to choose discriminating input characteristics accurately while obtaining high classification accuracy. Wang et al. [46] presented a new ACO (“Ant Colony Optimization”) approach to enable feature selection based on coarse sentences and PSO to categorize hand motion SEMG (“Surface Electromyography”) signals. The experimental findings imply that the recommended strategy may attain high classification levels in the SEMG motion classification job when compared to PCA (“Principal Component Analysis”).

An enhanced approach to IBPSO (“Binary Particle Swarm Optimization”) is suggested in [47] to execute trait selection, a KNN (“K-Nearest Neighbor”) that acts as an IBPSO evaluator for classification problems with data of gene expression. The experimental findings demonstrate that the approach efficiently simplified the selection of genes (traits) and decreased the total number of traits (genes) needed. Relevant research has shown that nature-inspired systems provide an efficient foundation upon which feature selection can be attained. In this study, we used our new extended SFLA [ISFLA] to select high-dimensional data of biomedical characteristics using a method that was inspired by nature.

Although optimization algorithms have been utilized in the feature selection process as filter or wrapper methods in the cancer classification task, it is still being investigated in recent studies. Furthermore, there is still a need to conduct more research to investigate different hybrid approaches and combinations of filter methods with optimization algorithms on different cancer datasets.

Several feature selection and machine learning methods were recently used on genetic datasets. For instance, Ali et al. [48] presented a hybrid filter-genetic feature selection approach to address high-dimensional microarray datasets. Elemam et al. [49] presented a highly discriminative hybrid feature selection algorithm for cancer diagnosis. In addition, Almazrua et al. [50] and Vahmiyan et al. [51] provided comprehensive reviews of feature selection and machine learning methods applied to cancer datasets, including lung cancer.

Accordingly, presented challenges or limitations in hybrid gene selection methods for high-dimensional lung cancer are the computational cost and complexity of hybrid methods; data imbalance and standardization; and of course, parameter tuning and overfitting control. However, related works discussed the concerns about some challenges of hybrid approaches when dealing with lung cancer, mainly handling (1) heterogeneity; (2) small sample size; and (3) noisy imbalanced data. To overcome these challenges, it is required to deeply understand lung cancer through gene selection methods. Hence, researchers need to customize hybrid approaches to specific characteristics of lung cancer data, and a comprehensive experimentation and clinical validation to validate the obtained results. Hybrid approaches must address the three main challenges.

Therefore, this study proposes a hybrid gene selection method with an arithmetic optimization algorithm (AOA). The AOA helps identify the optimal gene subset to reduce the number of selected genes. Which can allow the classifiers to yield the best performance for lung cancer classification. In this study, the AOA is chosen due to several advantages, which are presented in different related state-of-the-art applications and implementations, such as: (1) it can efficiently handle high-dimensional data using an exploration mechanism; (2) using an exploitation mechanism, it can identify the most relevant set of genes to class labels; and (3) it has few parameters to tune with a simple structure. Thus, the use of AOA will perform an effective feature selection that reduces the model’s overfitting and speeds up training.

3  Methods and Materials

3.1 Lung Cancer Microarray Dataset

In the current article, the lung cancer gene expression microarray dataset was chosen for the current study, We examined the known and publicly accessible microarray dataset, and Table 1 shows the data information used in this article.
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The details of each dataset are as follows:

Lung_Adenocarcinoma: One is a pre-processed dataset of 7129 genes that includes 86 patients with primary lung adenocarcinoma, 62 of whom were still alive and 24 of whom had passed away [23,39].

Lung_Michigan: Ten non-neoplastic lung samples are also included along with 86 primary lung adenocarcinoma samples. 7129 genes characterize each sample [40].

Lung_Harvard1: A total of 203 snap-frozen lung cancers and healthy lungs were examined. The 203 specimens consist of 139 lung adenocarcinoma samples (labeled as ADEN), 17 samples of normal lung tissue (labeled as NORMAL), 6 small-cell lung carcinoma samples (labeled as SCLC), 20 pulmonary carcinoids samples (labeled as COID), and 21 squamous cell lung carcinoma samples (labeled as SQUA). 12600 genes are used to characterize each sample [23].

Lung_Harvard2: MPM (“Malignant Pleural Mesothelioma”) and lung ADCA (“Adenocarcinoma”) are separated into several categories. There are 181 samples of tissues (150 ADCA and 31 MPM). 32 of them, including 16 ADCA & and 16 MPM, are in the training set. For testing, the remaining 149 samples were utilized. 12533 genes are used to characterize each sample [52].

Lung_Ontario: Data on gene expression from 39 different NSCLC samples’ tumor samples. 24 of the patients in these samples showed distant metastasis (labeled as “relapse”) or local relapses of their tumor. According to radiological and clinical testing (labeled as “non-relapse”), the remaining 15 individuals are disease-free. 2880 genes are used to characterize the processed data [53].

Fig. 2 presents the class distribution of the previously explained, which clearly shows an imbalance in the data and the difference in varieties.
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Figure 2: Class distribution for lung cancer datasets

Class distribution imbalance is a common issue in lung cancer datasets, impacting classification model performance. Medical datasets, including lung cancer data, often suffer from skewed class distributions where the number of instances belonging to different classes is significantly imbalanced. To address this issue, it is required to apply specialized techniques such as resampling, where the dataset is adjusted to balance class proportions. Methods like oversampling the minority class, undersampling the majority class, and synthetic data generation using, e.g., AOA can help balance the class distribution. Thus, it enhances the model’s ability to learn from both classes and improve its predictive accuracy.

3.2 Arithmetic Optimization Algorithm (AOA)

It is a newly proposed population-based algorithm, AOA utilizes the Arithmetic operators (Addition, Subtraction, Division, and Multiplication) for searching in search space to discover the best solution for a specific issue. One of the main advantages of AOA is the simplicity and considering both diversification (exploration) and intensification (exploitation) of the population [30].

AOA begins the search process with a random initial population with a specific number of solutions (population size). In the feature selection problem, the solution is represented as a vector of “binary values” (0 or 1) with length dataset diminution (total number of features in the dataset), where 0 denotes the not selected feature and 1 for the selected feature. Then the algorithm starts improving those solutions until the specified number of iterations is obtained. The improvement process contains two primary phases: The exploration phase aims to study the search space and determine the promising search regions, and the exploitation phase aims to deeply search in the explored search regions for the optimal solution. AOA determines whether to explore or exploit the search space by using the accelerated function, which is denoted as (AF); see Eq. (1) [30].

AFCrnt_Iter=(min+CrntIter)(max−minMaxIter)(1)

where AFCiter indicates the accelerated function calculated for the current iteration (Crnt_Iter), and Max_Iter signifies the total number of iterations, min and max are parameters to determine the value of AF that increased linearly from min to max to perform exploration and exploitation. where if a random number between 0 and 1 is greater than AF, then the exploration phase will be performed; otherwise, the exploitation phase will be performed. Algorithm 1 presents the AOA pseudo-code [30].
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AOA exhibits exploratory activity throughout the exploration phase. As per arithmetic operators, the mathematical computations employing either the D (division) or even the M (multiplication) operator produced highly scattered decisions or values (refer to several reigns), which commit to the exploratory search process. Nevertheless, owing to their significant dispersion compared to other operators (A and S), these operators (M and D) find it difficult to approach the objective. The impact of the distribution values of the various operators is shown using a function built on the foundation of four mathematical operations. Therefore, the scout research discovers a near-optimal solution that could be derived after multiple iterations. Moreover, the exploration operators (M and D) were used in this optimization phase to help the other phase (exploitation) in the research process via better mutual communication.

AOA’s exploration operators randomly determine the search area in different areas and get closer to discovering a better solution based on two primary search strategies (Multiplication and Division search strategy), which are expressed in Eq. (2). This search phase (exploratory search by performing M or D) is determined by the “accelerated function” (AF) presented in Eq. (1) for the condition that any number is greater than AF. The first operator (D) is determined by a random number (r1) less than 0.5 and 2nd operator (M) is neglected until this operator ends its present task. Otherwise, the 2nd operator (M) is activated to conduct the present task rather than D. A stochastic scale coefficient for the element is considered to create additional diversification paths and investigate different areas of the space of research. AOA envisions the following position update equations being offered for exploration games:

xi,j(CrntIter+1)={best (xj)÷(PF+ϵ)×((UBj−LBj)×µ+LBj),r2<0.5best (xj)×PF×((UBj−LBj)×µ+LBj), otherwise(2)

where the solution within the next iteration is denoted by xi,j(Crnt_Iter +1) which signifies the ith solution’s jth position at the present iteration, and best(xj) indicates the jth position in the best-obtained solution so far. ϵ indicates a small integer number, UBj & LBj signify the upper and lower bound value of the jth position, respectively. µ indicates the control parameter to modify the search process.

PF(CrntIter)=1−CrntIter1αMaxIter1α(3)

where probability function (PF) represents a coefficient, PF (Crnt_Iter) indicates the function value at the tth iteration, Crnt_Iter signifies the current iteration, and (Max_Iter) signifies the highest number of iterations. α represents a sensitive parameter and describes the accuracy of the exploitation across iterations.

In the exploitation phase, mathematical computations that either used addition (A) or subtraction (S) obtained high-density findings related to the exploitation search process. Nevertheless, these traders (A and S) may quickly reach the target owing to their low spread, unlike other traders. Therefore, despite the low spread of these traders (A and S), they are adept at rapidly approaching the optimal solution, which may be derived after multiple iterations [30]. Moreover, the exploitation operators (A & S) were operated in this phase of research (exploitation research by performing S or A) conditioned by the value of the function AF for the condition that r1 is not higher than the current AFCrnt_Iter value, as shown in Eq. (1). In AOA, the exploitation operators (addition (A) and subtraction (S)) of AOA examine the search area in different dense areas and converge to discover the best solution based on two primary search strategies (search by addition (A) and subtraction (S) strategy) modeled in Eq. (4).

xi,j(CrntIter+1)={best(xj)−(PF+ϵ)×((UBj−LBj)×μ+LBj),r3<0.5best(xj)+PF×((UBj−LBj)×μ+LBj),otherwise(4)

This phase utilizes the search space by executing a depth-first search. In this phase, modeled in Eq. (4), a random number (r3) conditions the 1st operator (S), less than 0.5, and the other operator (A) is neglected until this operator ends its current task. Otherwise, the 2nd operator (A) oversees performing the present task rather than S. These methods in this phase are like the partitions in the previous phase. Nevertheless, exploitative search operators (A and S) frequently try to avoid being stuck inside the local search perimeter. This approach supports exploration search methods to discover the best solution and keep the variety of candidate solutions. The parameter μ is designed to create a “stochastic value” at every iteration to maintain the exploration not only in the 1st iterations but also during the last iterations.

3.3 AOA for Feature Selection

A dataset consists of instances (rows), entities (columns), and classes. With datasets, the main problem is classifying the data or putting the invisible data into its proper class. The feature selection problem is the name provided for issues in this area. The main goal of the developed problem is the selection of the best dataset which will improve the classification precision or minimize the error rate. Some characteristics in the original dataset are unnecessary, irrelevant, or redundant, which has a detrimental impact on the classifier’s performance [54]. Therefore, feature selection issues are created to enhance the classifier’s performance and condense the size of the data collection.

The solutions to feature selection are only available as binary values since it is a binary optimization problem. A binary version of AOA must be created so that it may be utilized for feature selection problems. The number of features within the dataset is used to determine the length of the vector used to describe a solution in this work, which is a one-dimensional matrix. “1” or “0” stand in for each value in the matrix. If the value is “1,” it means that the associated property is chosen; otherwise, it is “0”.

In AOA after calculating the xij using Eqs. (2) and (4) and limiting the UB and LB to 0 and 1, respectively, the transfer function is used to obtain the binary solutions. AOA was suggested over continuous search space; Thus, we proposed a transfer function for binary AOA which is called S-shaped transfer function [55] to resolve the issues into binary search space as in Eq. (5).

TF(xij(CrntIter))=11+exp(−xij(CrntIter))(5)

where xij(CrntIter) is the ith element in the dimension j and CrntIter indicates the current iteration number. Eq. (6) is used in AOA to update a solution for S-shaped transfer functions to acquire the subset of features.

xij(CrntIter+1)={0,  if  rnd>TF(xij(CrntIter))1,  if  rnd≤TF(xij(CrntIter))(6)

The minimization of the number of chosen features while reducing the classification error rate may be thought of as a “multi-objective optimization” problem for feature selection. Each solution is assessed in accordance with the suggested fitness function, which relies on three classifiers to determine the solution’s classification error rate and several features that were specifically chosen for the solution. Both the AOA and modified AOA algorithms assess search performance using the objective function in Eq. (7).

OF=γe+(1−γ)SFTF(7)

where OF is the objective function to be minimized, γ ∈ [0, 1] represents the importance of classification quality (1−γ) the importance of the number of features chosen and e indicates the error rate of a particular classier. Also, SF indicates the number of “selected features” and TF denotes the total number of features within the dataset [56].

3.4 Modified AOA (MAOA) Algorithm for Feature Selection

Working with a high-dimensional dataset requires a high search capability of the algorithm, where the complexity of the algorithm may grow exponentially with the dimensionality of the feature space. We present a modification of AOA to search effectively in high-dimensional feature spaces. The modified version of AOA is called MAOA.

In the initialization phase of MAOA, the features are ordered according to their weights and are utilized to initialize the population. The initialization process starts with ranking the features using one of the classifiers presented in Section 4.1 and saving them in the ranked list. Then, the solutions in the population are initialized based on the ranked list, and the features in each solution are set to 1 (selected) from the random features of the top 50% of the ranked list, and the rest are set to random 0 or 1.

The exploitation phase in the MAOA algorithm is supported by local search to enhance the performance by adding significant features and eliminating redundant ones from the features based on their feature ranking. As can be noted in the AOA, exploitation, as in Eq. (4) is based on calculating the subtraction and addition operators of the best position, then a transfer function is applied. We assume that using a local search with a neighborhood strategy around the best position will enhance the findings. Therefore, the neighborhood operators that are proposed to replace the subtraction and addition operators.

Let’s consider the solution is x = [1, 0, 1, 0, 1, 0].

NB Change neighborhood method is used instead of the subtraction operator, which chooses a random feature and modifies its value by the “Not operator”, For instance, assuming that the third feature in Sol, which was chosen at random and has a value of 1, will now be changed to 0 by the not operator. Therefore, the updated solution would be as follows: x* = [1, 0, 0, 0, 1, 0],

NBMove neighborhood method is used instead of the addition operator, which chooses a random feature and moves its location to a new position, For instance, assuming that the randomly selected feature is positioned at the first position in vector x (which equals 1), then it is relocated to a new random position” (let’s suppose the 4th position) as illustrated in Fig. 3.
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Figure 3: NBMove neighborhood

The updated solution would be as follows: x* = [0, 1, 0, 1, 1, 0].

These neighborhood strategies are applied during each iteration to a randomly selected set of RSN solutions, where RSN represents the number of solutions considered for the local search update. Then, these selected solutions are assessed using the classifier, and the best solution among the neighbors is chosen to progress to the next iteration.

4  Results and Discussion

4.1 The Performance of Different Classifiers on the Lung Cancer Dataset without Feature Selection

Since we intended to explore different types of machine learning models for microarray datasets, there are two significant processes for the prediction: The first step is to get the data ready for estimation, and the second is to compare the predicted models. The criteria used to compare the models include the average accuracy of 4-fold cross-validation, precision, recall, and F1_Score. The predictive classifying models used in this study are KNN (“K-Nearest Neighbor”). The machine learning models used for comparison are DT (“Decision Trees”), SVM (“Support Vector Machine”), RF (“Random Forest”), and Naive Bayes (NB) classifiers. These classifiers have been selected based on the time taken to train the model and the performance of the classifiers [57].

As shown in Table 2, the optimum findings were achieved with the K-NN and RF algorithms, and the NB algorithm shows comparable performance and has obtained good and best results in the Lung_Michigan dataset, while the worst results were found with the SVM and DT algorithms. For a clearer view, Fig. 4 shows the column chart for each classifier. The performance measure metrics are ordered from left to right as Average Precision, Recall, Accuracy, and F1_Score.
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Figure 4: Average cross-validation Accuracy, Precision, Recall, and F1_Score using different classification algorithms

Overall, Fig. 4 shows that KNN has obtained the highest accuracy for 3 datasets out of 5, followed closely in 3 datasets, and outperformed by RF in 2 datasets. In some cases, NB and DT have obtained competitive accuracy scores, while the SVM has shown inferior performance. However, across all 5 datasets, the KNN has obtained higher metrics across all datasets, meaning that it has proven its suitability for the lung cancer classification task, mainly presented by F1_Score and precision. The rest of the classification algorithms have obtained inferior metric scores.

Since we are targeting to perform feature selection and classification simultaneously, we have chosen KNN as the evaluator to assess the selected subset of features and to produce the error rate used in Eq. (7).

4.2 Feature Selection Algorithms

FS-wrapper method and the KNN classifier were both used in several studies, and evaluated using k-fold cross-validation (4 folds used) [58,59]. K-fold cross-validation uses various random subsets of the data set each time. The other parts are likewise randomly chosen for training, while one component is randomly chosen for testing. Each experiment was performed in 10 independent runs for every dataset and the mean of these 10 runs was noted in terms of precision (accuracy), the value of the objective function, number of chosen features, boxplot, the convergence of time, and curves to execution.

The performance of the suggested algorithms and other optimization algorithms are tested on 5 lung cancer datasets. AOA (MAOA) algorithm was evaluated to the original AOA and five well-recognized optimization processes [60], such as PSO (“Particle Swarm Optimization”) [61], GWO (“Grey Wolf Optimizer”) [8], MFO (“Moth-Flame Optimization”) [62], FA (“Firefly Algorithm”) [63] and WOA (“Whale optimization algorithm”) [64].

The parameters settings of AOA and MOA used are:

•   α (sensitivity of exploitation, Eq. (3)) = 5.

•   µ (Adjustment of the search process, Eqs. (2) and (4)) = 0.5.

•   min (range min of AF, Eq. (1)) = 0.2.

•   max (range max of AF, Eq. (1)) = 0.9.

•   RSN (the number of solutions to be considered for the update used for MAOA) = 10

To obtain a fair comparison, the algorithms under consideration have been applied with the same number of iterations along with population sizes of 100, and 20, respectively, with Accuracy where Max, Average Accuracy, and standard deviation are presented the Table 3 where the best-obtained results are bolded.

[image: images]

As shown in Table 3, MAOA performs well compared to other population-based algorithms; MAOA surpassed all other optimizers in terms of maximum classification precision across all 5 datasets. The outperformance of MAOA results from its capability to escape local optima with local search using the neighborhood strategy and improvements in initial solution diversity using the AOA solution initialization strategy.

To demonstrate the consistency of the outcomes produced by the suggested MAOA in terms of feature reduction, the boxplot is presented in Fig. 5. The datasets that show differences are plotted, including the Lung_Harvard2, Lung_Adenocarcinoma, and Lung_Ontario datasets. Notably, the Lung_Harvard2 and Lung_Michigan datasets are not included due to their similar results observed across various runs.

[image: images]

Figure 5: Boxplot of cross-validation accuracy

As shown in Fig. 5, MAOA is superior to the other algorithms, as can be seen in the line in the middle of the box, along with the upper and lower bounds for the three data sets used in the comparisons. The Wilcoxon statistical test was utilized to assess the importance of the reported findings. This test makes it possible to evaluate the importance and robustness of the MAOA compared to the original AOA and other optimization methods. The average classification accuracy across 10 runs was used to define the significance threshold for this test, which was set at 5%.

Table 4 shows the values of p achieved from the Wilcoxon trial of all competing methods. If the p-value in this test is below 5%, it means that MAOA shows significant enhancement over competing algorithms. Otherwise, there is no significant enhancement. The p-values for Lung_Harvard2 and Lung_Michigan are indicated as ‘-’ due to the uniform identity of outcomes across all comparators, where accuracy reached 100% (Table 3). This uniformity makes a t-test impractical. The findings in Table 5 show that MAOA shows an important enhancement over other algorithms in terms of average classification accuracy in most datasets. Table 5 shows the minimum, maximum, and mean number of features chosen.
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As shown in Table 5, MAOA outperformed AOA and other algorithms in all datasets because it chose significantly fewer features. The superiority of MAOA is validated by a clear variation in all data sets. These results obtained by MAOA emphasize that it perfectly initializes the solutions by choosing the most informative features using the ranking method. Moreover, MAOA highlights its stability to perform very well against high-dimensional datasets. Moreover, with each iteration, the MAOA improves the solutions by selecting the relevant functionalities while removing the irrelevant ones. This increased classification precision. It should be noted that the changes made to the AOA have enhanced its mining and exploration abilities and given it more ability to search on high-dimension datasets.

Table 6 provides a detailed breakdown of the proportion of features preserved under each approach, addressing the aspect of feature complexity reduction.

[image: images]

In Table 6, each cell represents the percentage of features reserved for each algorithm. These percentages show how different algorithms performed in the dimensionality reduction processes for each dataset. MAOA significantly reduces the number of features compared to other algorithms for most datasets.

Furthermore, the training accuracy and the number of selected features in each iteration are utilized to produce the outcomes of the objective functions, as shown in Table 7.

[image: images]

Table 7 summarizes the minimum, mean, and standard deviation. All competing algorithms’ values for the objective function show that the MAOA outperforms them all in terms of generating the minimum values for the objective function. As revealed in Table 7, MAOA outperforms other methods (the best findings are shown in bold). These findings demonstrate the repeatability and stability of the MAOA method on datasets with various degrees of dimension.

To further evaluate and scale the MAOA, Fig. 6 exhibits the mean convergence curves of the competing algorithms across the five data sets, offering a visual representation of how the optimization process evolves over iterations. MAOA continues to exhibit the best objective function values, having the lowest values after 100 iterations. These findings demonstrate the appropriateness of the incorporated amendment to the AIC. Therefore, from the experiments, MAOA always surpasses the original AOA algorithm. This outperformance of the MAOA compared to the AOA derives from the use of a local search algorithm based on two neighborhood operators to enhance the exploitation capacity of the MAOA and prevent it from stagnating in the local optima.
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Figure 6: Demonstrates the average convergence curves of the completed algorithms over the 5 datasets

Table 8 displays the average execution times of all competing methods to validate the impact of the improvements on the MAOA’s execution time. It should be observed that the MAOA performed better than all other algorithms in 4 out of 5 datasets in terms of average “execution time”. The MAOA execution time proves to be lower than other algorithms, also, employing the local search algorithm to reduce the selected features, leads to a reduction in the training time of the classifier, which makes MAOA outperform other methods in terms of objective function values, feature reduction, accuracy, and the statistical findings mentioned earlier. This combination of factors highlights the advantageous balance achieved by MAOA.

[image: images]

Lastly, to highlight the significance of the feature selection phase by the MAOA, Table 9 presents a comparison between the MAOA accuracy with feature selection and the accuracy without utilizing the feature selection produced by the best classifier taken from Table 2, which uses the full set of features. The reported findings identify the significance of the feature selection phase, as it has led to improved classification accuracy by reducing the dimensionality of such datasets and eliminating redundant and irrelevant features. Considering all the above findings, MAOA has proven to be a competitor when used to solve feature selection problems on high-dimension datasets.
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5  Conclusion and Future Works

A modified AOA is suggested in this work for lung cancer gene expression datasets. Working with high-dimensional datasets is challenging due to the high training time of the classifiers. The datasets have been compared using different classification algorithms, such as KNN, SVM, DT, RF, and NB classifiers, to show the effectiveness of each classifier in predicting lung cancer outcomes. The new MAOA was coupled with the KNN classifier in wrapper mode for feature selection problems. The original AOA algorithm was enhanced in two stages. The first stage is the use of an initialization method for producing a good initial population to improve the population quality at an early stage. The second stage entails the expansion of a novel local search method based on two neighborhood operators used to improve original AOA exploitation, gain a suitable balance between exploitation and exploration, and avoid falling into “local optima”. The suggested MAOA was assessed on five datasets and compared to the original AOA and five other recognized optimization algorithms, such as PSO, GWO, MFO, WOA, and FFA. MAOA findings are superior to all methods in terms of convergence rate, classification accuracy, number of selected features, and objective feature values. Furthermore, based on the results of statistical significance, MAOA outperformed and exhibited a substantial enhancement over the other competing methods. The effectiveness of the initialization process in the proposed MAOA depends on the ranking method, which can limit the algorithm’s performance. Exploring different ranking methods will be our future direction. Additionally, we will use the proposed modifications with other population-based algorithms and apply the new MAOA to various types of problems.
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Table 1: Information of lung cancer datasets

Dataset name Number of samples Number of features Number of classes
Lung Harvardl 203 12600 5
Lung_Harvard2 181 12533 2
Lung_Adenocarcinoma 86 7129 2
Lung_Michigan 96 7129 2
Lung_Ontario 39 2880 2
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Table 3: Min, Max, Mean, and Std classification accuracies MAOA with AOA and other compared

algorithms
Algorithm PSO GWO MFO WOA FFA AOA MAOA
Min 9024 9024  90.06 9024 9024 9024  92.68
Lune Harvard] Max  95.12  92.68 9512 92.68 95.12 97.12  97.56
Uig- Mean 93.17 9192 9197 91.52 9250 9341 95.61
Std 002 001 002 00l 002 002 002
Min 100 100 9722 9722 100 9722 97.22
Lune Harvarda Max 100 100 100 100 100 100 100
& Mean 100 100 99.07  99.07 100  99.07  99.07
Std 0.00 000 002 002 000 002 002
Min  70.59 7647 7059 7059 58.82 7059 76.47
Lune Ademocarcinome  M2X 8824 8824 8824 8824 8235 8824  88.24
& Mean 77.65 80.59  82.94 7941 75.88 7824  84.12
Std 005 004 006 006 008 006  0.05
Min 100 100 100 100 9474 100 100
Lune Michisan Max 100 100 100 100 100 100 100
gMhchig Mean 100 100 100 100 9825 100 100
Std 000 000 000 000 003 000 0.0
Min  75.00 75.00 75.00 75.00 75.00 75.00 75.00
Lune Ontatic Max 7500 87.50 8750 87.50 87.50 87.50 87.50
g~ Mean 75.00 8125 7625 8500 8125 8392 81.25
Std 000 007 004 005 007 004 007






OEBPS/Images/CMC_44065-fig-5.png
0.96

0.95

Accuracy

0.93

0.90

Lung_Adenocarcinoma

Lung_Harvardl
0.97
0.96 1
0.95 4
o
8 0.94
5
3
<
0.93 1
0.92 1
0.91 1
0.90
PSO GWO MFO WOA FFA AOA MAOA PSO GWO MFO
Method
Lung_Ontario
0.97
0.96
0.95
z
€ 094
S
B
0.93
0.92
0.91
0.90
PSO GWo MFO WOA FFA AOA MAOA

Method

Method

FFA






OEBPS/Images/table-8.png
Table 8: Comparison of Average execution time between the MAOA, AOA, and other algorithms

Algorithm PSO GWO MFO WOA FFA AOA MAOA
Lung_Harvardl 276.59  490.61 240.05 27397 284.54 31448 159.35
Lung_Harvard2 27438  480.57 231.20 270.82 27792 24442 159.33
Lung_Adenocarcinoma 126.84 271.65 91.98 127.92 13791 13798 87.15
Lung_Michigan 128.14  259.90 92.08 130.58  138.47 136.67 93.94
Lung_Ontario 50.80 102.84 51.21 58.84 57.59 55.22 37.39
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Algorithm 1: Pseudo-code of the AOA algorithm

Initialize population with N solutions
Crnt_Iter <0
while Crnt_Iter < Max_Iter:
for each solution in the population:
calculate the objective function
best < find the best solution
Update the values of AF and PF using Eqs. (1) and (3).
for each solution in the population:
for each feature in the solution:
rand1, rand2, rand3 < random value between 0 and 1
if rand1 > AF: /I Exploration phase
if rand2 > 0.5:
Division operator: Use Eq. (2) to update the solution
else:
Multiplication operator: Use Eq. (2) to update the solution
end if
else:  [[Exploitation phase
if rand3 > 0.5:
Subtraction operator: Use Eq. (4) to update the solution
else:
Addition operator: Use Eq. (4) to update the solution
end if
end if
end for
end for
Crnt_Iter < Crnt_Iter + 1
end while
Return the best solution (x).






OEBPS/Images/table-6.png
Table 6: The proportion of features preserved under each approach

Algorithm PSO GWO MFO WOA FFA AOA MAOA
Lung Harvard1 71.1%  50.1%  39.0%  49.0%  55.6%  58.1%  25.8%
Lung Harvard2 67.1%  48.6%  40.7%  49.1%  50.2%  49.4%  10.5%
Lung Adenocarcinoma  71.2%  49.1%  40.2%  49.1%  54.6%  59.1%  18.6%
Lung Michigan 66.3%  50.1%  36.3% 49.0% 49.1%  59.7%  12.8%
Lung_Ontario 69.3%  49.0%  39.6%  48.7%  54.3%  58.5%  21.4%
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Table 4: The p-values of the Wilcoxon test for MAOA and other competing algorithms in terms of the

Mean accuracy over 10 independent runs

Algorithm PSO GWO MFO WOA FFA AOA
Lung_Harvard1 0.0264  0.0020  0.0264  0.0020  0.0098  0.0473
Lung_Harvard2 — — — — - -
Lung Adenocarcinoma  0.0173  0.1552  0.7981 0.1138 0.0456  0.0744
Lung_Michigan — — — — — -
Lung_Ontario 0.0066  0.1128 0.0094 0.6733 0.1724  0.1718

Note: p > 0.05 are presented in bold font.
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Table 9: Mean accuracy using the full set of features of classification algorithms and with the MAOA

feature selection method

Dataset name

Full set features
(Best classifier)

Feature selection (MAOA)

Lung_Harvard1
Lung_Harvard2
Lung_Adenocarcinoma
Lung_Michigan
Lung_Ontario

KNN
KNN
SVM
NB
RF

92.59
100

72.09
98.95
69.64

97.56
100
88.24
100
87.50
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Table 7: The Min, Mean and Std values for the Objective function in the MAOA, AOA, and other

algorithms
Algorithm PSO GWO MFO WOA FFA AOA MAOA
Min 0.055 0.072  0.067 0.061 0.061 0.059 0.054
Lung_ Harvardl Mean 0.056 0.077  0.071  0.063  0.061 0.062 0.056
Std 0.000 0.004  0.003 0.003 0.000 0.003 0.004
Min 0.005 0.005 0.005 0.005 0.005 0.005 0.001
Lung_Harvard2 Mean  0.005 0.009  0.005 0.005 0.005 0.005 0.001
Std 0.000  0.004  0.001 0.000 0.000 0.000 0.000
Min 0.239 0267 0.268 0.223  0.224 0.239  0.210
Lung_Adenocarcinoma  Mean 0.248 0.277  0.272  0.229  0.234 0.254 0.225
Std 0.001 0.017 0.008 0.008 0.008 0.014 0.014
Min 0.005 0.018 0.005 0.005 0.005 0.006 0.002
Lung_Michigan Mean 0.006 0.018  0.013  0.005 0.005 0.006 0.006
Std 0.001  0.000  0.007  0.000  0.000 0.000 0.007
Min 0.196 0288  0.261  0.195 0.196 0.227 0.193
Lung_Ontario Mean 0.227 0.323  0.293 0.226 0.226 0.231  0.229
Std 0.207 0303 0.283 0.216 0.206 0.229 0.217
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Table 2: Average cross-validation Accuracy, Recall, Precision, and F1_Score using different classifica-
tion algorithms

Dataset name Classifier Mean accuracy Precision Recall F1_Score
KNN 92.59 88.38 82.76 83.91
SVM 68.48 13.70 20.00 16.26
Lung_Harvardl DT 86.17 71.86 74.09 71.37
RF 92.12 79.80 71.25 73.78
NB 89.62 77.62 79.22 77.50
KNN 100 100 100 100
SVM 82.88 41.44 50.00 45.32
Lung_Harvard2 DT 92.25 88.52 83.71 84.78
RF 98.90 99.68 98.57 99.07
NB 98.90 99.35 96.90 97.99
KNN 68.63 53.24 51.56 48.91
SVM 72.09 36.05 50.00 41.88
Lung_Adenocarcinoma DT 58.17 55.67 56.18 55.13
RF 72.09 43.36 52.40 46.68
NB 70.92 68.63 60.92 61.33
KNN 98.00 89.00 90.00 89.47
SVM 89.58 44.79 50.00 47.25
Lung_Michigan DT 95.89 96.67 99.41 97.70
RF 96.95 89.00 90.00 89.47
NB 98.95 99.44 95.00 96.38
KNN 66.79 67.83 65.00 64.24
SVM 61.43 30.71 50.00 38.04
Lung_Ontario DT 54.64 62.14 58.17 57.11
RF 69.64 72.98 68.83 66.75

NB 64.29 70.45 65.67 62.31
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Table 5: The Mix, Max, and Mean Number of selected features for the MAOA, AOA, and other

algorithms
Algorithm PSO GWO MFO WOA FFA AOA  MAOA
Min 8956 6309 4908 6172 7009 7325 3253
Lung_Harvard1 Max 9248 6341 5730 6285 7109 7789 5276
Mean 9136.0 6327.7 5305.0 6241.3 7055.3 7581.7 3982.3
Min 8411 6097 5102 6156 6290 6188 1318
Lung_Harvard2 Max 8649 6201 6171 6167 6942 7248 1925
Mean 8494.7 6148.0 5487.0 6161.0 6510.7 6549.7 1691.0
Min 5075 3502 2864 3502 3891 4215 1323
Lung_Adenocarcinoma Max 5196 3613 4343 4834 3968 4370 2975
Mean 5141.3 3546.3 35923 3974.0 3938.0 4314.0 2226.5
Min 4729 3574 2588 3493 3501 4258 911
Lung_Michigan Max 5080 3628 3165 3500 3920 4300 1364
Mean 4914.0 3602.3 2820.3 3497.0 3656.0 42843 1130.3
Min 1995 1410 1140 1403 1564 1684 615
Lung_Ontario Max 2118 1441 1686 1423 1614 1792 1158
Mean 2061.0 1427.3 1338.3 14103 1593.0 1751.7 910.3
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