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Abstract 

For the big data field, optimization algorithms aid in exploring and categorizing 

the vast data that cannot be dealt with since it is unstructured data. Therefore, 

extracting (meaningful) data is valuable for various applications. For this goal, 

many studies were proposed. However, this article presents a strategy for fast 

classifying massive data with less processing time. The main aim is to obtain data 

with higher accuracy with fewer mistakes. An appropriate optimization algorithm 

is selected to classify the data, extract the relevant features, and exclude the 

unwanted. These steps are conducted according to a study of the data state and the 

located environment. Additionally, we utilized the smell bear algorithm and Xerus 

algorithm as a hybrid optimization algorithm based on (hybrid machine learning 

feature selection), which helps to make the classification process successful and 

get high-level results. The verification with some of our counterparts demonstrates 

the superiority of our proposal. 
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1. Introduction 
Because of the current technological development (such as the Internet of things, multimedia, educational 

universities, and electronic commerce) and other factors have prompted the increase in the amount of data 

in a threatening and frightening manner and at a high-speed rate. This increase in the number of data led 

to a new term known as (big data). Therefore, big data is unorganized, and unstructured data exceeds the 

typical capacity of storage. Therefore, this led to revealing four challenges: Data speed, data volume, data 

diversity and data change. Accordingly, managing or dealing with them is crucial. In many disciplines and 

applications, the goal here is how to process extensive data to reduce its size via extracting useful data and 

neglecting the [1-4]. The processing process is carried out by performing a data classification, which is a 

new statistical method for predicting user behavior in many areas of life. This classification process is 

carried out using an appropriate optimization algorithm based on (hybrid learning feature selection). 

Feature selection, which serves as the primary processing stage, selects subsets of characteristics from a 

big data collection and eliminates unnecessary or undesirable data. Exclusion of undesired elements (filter, 

embed, and cover) and inclusion of important features (as in [3] and [4]). Eventually, the principle of 
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feature selection with hybrid machine learning should achieve the following two goals:  

1. Reduces the amount of data  

2. Raises the performance and increases the accuracy of the outputs.  

Consequently, we achieve structured classified data with high accuracy and less error. 

   

Through our study, we can identify some points that contribute to the classification of big data, which are 

as follows:  

a) Finding an appropriate optimization algorithm for classifying big data to be structured and 

organized (more useful).  

b) Increasing the speed and reducing the processing time of extensive data and thus raising the 

performance level of the optimization algorithm for data classification.  

c) Obtaining valuable data for developing new statistical models, techniques and methods can be 

utilized in different disciplines.   

In the end, we can say that the aim of our study is thisprovide a service in the era of data inflation 

and information and data explosion. To achieve our aim, we explore and extract relevant data. Then, 

exclude unwanted ones by classifying data via an appropriate optimization algorithm to raise its 

performance.  

 

2. Literature Review 

In the literature, many researchers used hybrid optimization algorithms to classify data and raise the level 

of performance, as follows: 

Sathyaraj et al. [5] utilized the Chicken swarm foraging algorithm for big data classification using the deep 

belief network classifier. The process classification of big data was performed using the dimensionality 

reduction method, which works on a new optimization algorithm named as chicken-based bacterial search 

algorithm (CBF). The algorithm comprises two stages: Training and examination. The algorithm shortens 

the work methods and reduces the time by using the technique of lowering dimensions and initial 

processing.  

Awais et al. [6] proposed multilevel data processing using parallel algorithms for analyzing big 

data in high-performance prompting. The authors used the proposed algorithm with the improved 

dimensionality reduction method because it is further efficient than the Java iterator method. The 

experiments showed that it turned out that the algorithm used the HPC system to processing about 1 MB 

of data within half a second. Nevertheless, Java iteration steps spent significant periods processing the 

same data amount. Consequently, the data size has a significant role in any system. Still, the HPC system 

gives good results because, with the proposed algorithm, it takes a few seconds to process gigabytes of 

data. 

Fateme et al. [7] suggested a new wrapper–filter methodology based on Hybrid genetic particle 

feature selection (GA-PSO) for feature subset selection. The combination of GA-PSO procedures tried to 

balance screening and consumption, yielding the best outcome. The authors named the algorithm as Smart 

HGP-FS Ave-Acc dataset. They proved that Smart HGP-FS outperformed its counterparts (wrapper 

approaches filtering techniques). As a dependable and active measure, the procedure helped explain 

advantage selection issues. The reason is that the hybrid approaches have shown the high efficiency of the 

presented algorithm in getting rid of irrelevant features. Additionally, improve the classification accuracy 

for the tested data. Consequently, the stability of the developed approach has been demonstrated. 

Saba et al. [8] proposed a novel feature selection Method for classifying medical data using filters, 

wrappers, and embedded approaches. This study’s primary goal was to investigate and identify a 

compelling feature selection. The classification was then carried out on the individual characteristics of 

the data using the support vector machine (SVM) classifier. The new framework employed several 

techniques for choosing features from filters, wrappers, and built-in algorithms. It is preserved from the 

university of California (UCI) data repository and uses two widely accessible standard datasets: the 
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Microarray and Cleveland datasets. The work utilized each technology’s intersection of features with 

common characteristics to obtain outstanding performance, and SVM is then performed on the 

standard/shared attributes to provide the performance worker that further assesses the suggested model.  

Masurah et al. [9] proposed an improved big data feature selection using a combination correlation-

based feature selection. The paper introduced a different data mining technique, the correlation-based 

feature selection and dominance-based rough set approach )CFS-DRSA( hybrid approach. CFS-DRSA 

hybrid approach combines the CFS scheme with the BFS procedure and DRSA. The outcomes 

demonstrated that the hybrid CFS-DRSA approach is applicable to large data mining. Only the optimal 

attribute would be preserved and used in the decision-making since CFS-DRSA could identify unrelated 

and irrelevant characteristics throughout the result investigation process. Any researcher, or a decision 

worker, can cope with big data sets using the combination of CFS, DRSA, and the complete procedure, 

especially when there are hardware and software constraints. The findings revealed the necessity of 

creating and selecting an appropriate strategy for efficient decision-making.  

Jianjiang et al. [10] proposed a map-balance-reduce and an improved parallel programming model 

for load balancing of MapReduce. It is a type of parallel programming that balances the load of the method 

of reducing dimensions and loses sight of experimental results when comparing this type of programming 

with the dimension reduction programming method. The possibility of a significant improvement in 

efficiency if programming was used Map-balance reduce (MBR) type with distributed standard data and 

abnormal. 

Mahboubeh et al. [11] suggested an improved cost‑sensitive representation of data for solving the 

big imbalanced data classification. In the study, a hybrid algorithm was proposed for the following goals. 

Reducing the data volume combines two methods, namely, identifying features. Additionally, taking 

related features to determine a solution to optimization problems without performing data processing. The 

results showed the superiority of the proposed hybrid algorithm method compared to other methods. 

Laouni et al. [12] proposed analogous handling of the significant education base with the option 

of improving the final result of the expectation. From the findings, it turns out that our proposed method 

solved the obstacles to the prediction of large data, including the number and speed of extensive data. 

However, our process works negatively when the number of data is enormous, reaching thousands of 

totals, and this means illumination Learning that our strategy is working at total capacity. Therefore this 

makes it challenging to perform data processing through the computer.  

Waad et al. [13] presented distributed evolutionary feature selection for big data processing. The 

authors used a new method for feature selection that depends on a genetic algorithm through parallel 

processing. The approach in this research works on dividing the data sets into sub-parts called islands that 

they work on using the dimensionality reduction method and the possibility of scaling the method GA 

with Amazon. 

Loris et al. [14] proposed programming big data analysis: principles and solutions. They presented 

an analysis and match of the most used programming types for significant data analysis and the attributes 

of the leading program frames that work with them. In fact, these systems were matched based on more 

than a scale about three things: their characteristics, method of spread, advantages and disadvantages. 

Every system’s analysis process is determined by investigating the type of programming and instructions 

to determine the advantages and disadvantages of each system. 

Miguel et al. [15] investigated some important approaches in parallel programming in 

bioinformatics. Bioinformatics enables many types of parallel programming and activities around parallel 

programming. In computer and biological information, the authors found many problems that are often 

affected by the processing of extensive data and the fullness of memory and capacity storage due to the 

large numbers of biological data and the many related problems. Biological information is one of the most 

exciting types of research in which parallel programming can apply all its properties. For example, green 

computing, assembly computing, and privileged computing, where the computing has more than one core. 

In this study, change vector analysis was performed through the area of the spectral angle graph and the 

black threshold to provide an excellent method for such a type of software In addition to active applications 
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for the departments that process graphics. Therefore, we note that it offers a set of solutions that facilitate 

the programming process, which takes advantage of the outstanding performance of the new parallel 

computing.  

Tassadaq et al. [16] employed the hybrid parallel processing/message transit interface parallel 

programming paradigms). On the Nord-III supercomputer, the authors created the serialized IPUM C 

program. On multiple distributed nodes of the Nord-III supercomputer at the Barcelona supercomputing 

facility, they tested the approach. They used comparable hybrid IPUM on a variety of processor cores to 

do that, making the performance and expandability of the strategy very flexible to a variety of required 

speeds. The authors plan to use a heterogeneous computing architecture with GPU and FPGA accelerators 

in the future to put IPUM into practice. The C co-estimation in the IPUM implementation process demands 

the greatest calculation and time. 

Marowka et al. [17] presented a special section on parallel programming. They demonstrated the 

use of parallel programming to resolve practical computing issues and described a novel method to stencil 

on a subscriber the synchronization of data flow in parallel accounts.  

Marouane et al. [18] studied the perspective of programming languages, MapReduce-depend on 

high level query language (HLQL) and offered insights like the ease of programming and customization 

to relate to Hadoop. They created a baseline for comparison to evaluate the expressiveness of MapReduce-

based HLQL and assess whether the performance cost of providing more abstract languages is worth it. 

The best way to integrate native Structured query language )SQL( query processing at the top of MR has 

actually been found to be Big SQL. Pig Latin, on the other hand, showed his expressive limitations. Pig 

and JAQL performed the same in most benchmarks when the input size was increased. Despite having the 

highest proportion of source lines for code size among the others, Hive provides more comparable 

performance to Big SQL. 

Majdi et al. [19] proposed three hybrid techniques in this research that perform noticeably better 

on the datasets than Grey wolf optimizer )GWO( and whale optimization algorithm )WOA(. They 

explained that the hybrid approaches could demonstrate a higher modified rapprochement than the 

essential procedures in many datasets. The serialization approach and adaptive switching can improve 

classification accuracy on the primary and randomized exchanging methods. 

Mushahhid et al. [20] presented the automation of global optimization and analog circuit design 

using a combination of the Whale optimization algorithm )WOA( and the metaheuristics grey wolf 

optimizer )mGWO( algorithms. They combined the strengths of the whale optimization algorithm and the 

modified gray wolf optimization algorithm, which yields the hybrid WOA-mGWO algorithm, intended to 

boost the algorithm’s exploratory capability. To boost confidence and show its deep participation in the 

current state of the art, the best, worst, and worst solutions to the analog IC scaling challenge are offered. 

A feature selection based on an improved artificial hummingbird algorithm using random 

opposition-based learning for Solving waste classification problems was proposed by Mona et al., [21]. 

The results obtained from this study proved the superiority of the two algorithms over other evaluation 

algorithms. Using random learning, the waste classification algorithms AHA-ROBL and AHA-OBL 

provided the necessary and ideal number of selected characteristics with the highest accuracy [21]. 

Using the enhanced grey wolf optimizer and SVM algorithms for breast cancer detection based on 

feature selection were proposed by Sunil et al. [22]. It is encouraged to utilize machine learning techniques 

to aid in the early detection of breast cancer tumors since early detection of breast cancer can minimize 

mortality. The employment of multiple techniques has further increased the precision of categorization. 

To achieve better classification results with less noise, this work introduces the improved GWO-SVM 

method, which utilizes the pros of the enhanced GWO algorithm to select a subset of the features [22]. 

Improved fruit fly optimization algorithm incorporating tabu search for optimizing the selection of 

elements in trusses presented by Yancang et al. [23]. The drosophila optimization algorithm was applied 

as a more efficient optimization technique. Although the drosophila optimization algorithm outperforms 

more widely used algorithms, it has a critical flaw for which we suggested a superior solution depends on 

dynamic search. The tube-type carrier structure is optimized using the Drosophila optimization algorithm 
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discussed above. The Drosophila optimization algorithm’s stability and efficiency have increased 

according to the optimization and comparison results with other evaluation algorithms [23]. 

This article presents the Sandpiper Optimization Algorithm (SOA), a novel bio-inspired algorithm. 

This method has been primarily inspired by the sand bird’s migration and attack patterns. It combines 

another method, a decision tree machine learning algorithm, with this approach to address practical 

applications. The testing outcomes demonstrated that the suggested method outperforms the most recent 

optimization algorithms and can solve challenging local optimization issues [24].  

Beetle swarm optimization and an adaptive neuro-fuzzy inference system for analyzing large 

datasets for several diseases have been proposed by Parminder et al. [25]. They employed a strategy 

combining beetle swarm optimization with an adaptive ambiguous neural inference system to 

comprehensively study the interplay between many cardiovascular diseases and health care costs. BSO-

ANFIS is compared to HODBNN, HRFLM, v2 DNN, and ICA to determine which method offers the best 

results (MH). Their findings show that BSO-ANFIS is superior to other approaches already in use [25]. 

Hongwei et al. [26] proposed a novel hybrid algorithm based on Particle swarm optimization PSO 

and FOA for target searching in unknown environments. A method called the hybrid multi-swarm FOA-

PSO (MFPSO) was submitted in this paper to search for the target by the robot. To confirm MFPSO’s 

optimal performance, several experiments are carried out in four sections. With several swarms of robots 

and expansive areas, MFPSO performs noticeably better than previous techniques (A-RPSO and RPSO). 

In most situations, the suggested method is more effective, more successful, and requires les s repetition. 

Future research on issues with numerous goals is something the authors try to investigate. 

Malik et al. [27] studied the capuchin search algorithm as a novel meta-heuristic search algorithm 

for solving optimization problems. The study discussed a new meta-search strategy for resolving well-

known optimization issues inspired by nature. The suggested method drew a significant amount of 

inspiration from the foraging habits of capuchin monkeys. The authors confirmed that CapSA has 

numerous benefits over other optimization algorithms and is best used to address other common and actual 

issues with complicated search spaces based on simulation results, results, analysis, and statistical testing. 

The suggested optimization technique offers a fundamental foundation for rather low-dimensional 

optimization problems, which may be expanded to address significant local optimization situations. 

Hybrid annealing krill heerd and quantum-behaved particle swarm optimization (QPSO) suggested 

by Cheng et al. [28]. Since QPSO performs better in exploitation and AKH performs better in exploration, 

AKQPSO suggested improving population diversity based on these findings, and it performs better in 

exploitation and exploration. The best local value allows the algorithm to be improved [28]. 

Chitrakant et al. [29] presented an analysis of Bayesian optimization procedures for big data 

classification based on the map-reduced framework. In this work, a Correlative naïve bayes )CNB( 

classifier was employed as the foundational method, supplemented with optimization techniques like 

cuckoo search and gray wolf optimization. Compared to CNB and CGCNB classifiers, adopting fuzzy 

theory with a CNB classifier that incorporates an organic degree of qualities into the data set leads to 

performance advancements. The authors stated that in the future, classifier performance would be 

evaluated using log loss and training loss utilizing models like the FCNB, HCNB, and CGCNB. 

Siyu et al. [30] presented Multi‑kernel optimized relevance vector machine for probabilistic 

prediction of concrete dam displacement. The authors used main service life metrics obtained from a 

massive-height concrete arch dam in this research. The sample is integrated with Relevance vector 

machine )RVM(, multi-core technology, hydrostatic season time )HST(, and parallel java algorithm )PJA( 

statistical models. It was established that the suggested parameter optimization approach helps RVM 

provide reliable and high-accuracy forecasts. Developing ORVM and testing the impact of several kernel 

functions on predictive performance, such as Gaussian kernel, Laplace kernel, Polynomial kernel, and 

multi-kernel for their weighted blend. The proposed ORVM model has good performance in both training 

and test sets, making it ideal for predicting the non-stationary and nonlinear displacement of concrete 

embankments, regarding the model’s endurance and predictive power [30]. 

Fei et al. [31] proposed hyperspectral image classification based on multiple reduced kernel 
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extreme learning machines. This work presented a technique for categorizing hyperspectral pictures 

depending on a scaled-down multi-core extreme learning machine. The proposed MRKELM has the 

benefit of both mini-kernel severe machine learning and multi-core learning compared to the present 

reduced kernel powerful learning technique machine, which achieves the multi-kernel stage when multi-

kernel learning is added. The intricate link between the threatened groups and the hyperspectral picture is 

modeled using MRKELM. The outcomes show how successful the suggested MRKLM-based 

hyperspectral image categorization approach [31]. 

Shankar et al. [32] suggested an optimal feature-based multi-kernel SVM approach for thyroid 

disease classification. Any person’s therapeutic science must include the classification of the thyroid 

gland. Rely on IGWO approach features have been chosen, built-in feature selection and classification 

approaches have been superiorly demonstrated in the thyroid data set. A data classification process was 

used to improve medicine, decision making and disease detecting. This study used an improved uti123 

technique based on multicore SVM features to classify perturbations, 98.65% is MKSVM’s accuracy 

compared to another classifier. The performance evaluation showed higher specificity, greater accuracy, 

and other metrics. Compared to previous works, the MKSVM classifier’s use for data sets on thyroid 

disorders produces the most significant results [32]. 

Wasiat et al. [33] presented stock market prediction using machine learning classifiers and social 

media news. The model presented in this study used news and social media as external inputs to forecast 

future stock market patterns. Additionally, the authors demonstrated that after the third day, most 

classifiers’ overall accuracy improved while the highest accuracy declined due to a mix of financial news 

and social media mood. They provided many data kinds and forecasting techniques in this paper. When 

they looked at how feature selection and spam reduction impacted the performance of the algorithms used 

for prediction, the authors discovered that they positively impacted the majority of the classifiers we chose. 

Additionally, they found that RF consistently produces accurate results, making it a good choice for 

forecasting stock trends. 

Yao et al. [34] proposed an efficient hybrid Kernel extreme learning machine approach for early 

diagnosis of Parkinson’s Disease. To solve the issue of PD diagnosis, the authors developed a practical 

mRMR-KELM hybrid approach in this work. A KELM classifier with feature selection technology, 

specifically an mRMR filter that boosts the performance of a KELM classifier with much fewer features, 

is the main component of the suggested strategy. The positive results from the PD data set have shown 

that the proposed hybrid technique may successfully identify the difference between people with 

Parkinson’s and healthy individuals. It has been demonstrated that mRMR-KELM can classify objects 

with an accuracy of 96.47%. Empirical research has shown that the suggested diagnostic approach can 

help doctors make correct diagnostic decisions. 

Multiple composite kernel extreme learning machine for hyperspectral images were studied by 

Ugur et al. [35]. This study utilized a novel approach utilizing an ELM-based MKL algorithm to combine 

CKs and HKs. Here, the authors contrasted the technique with some contemporary CK and MKL methods. 

The findings show that MCKELM is uniquely situated concerning the others. Contrary to traditional CK 

techniques, it does not necessitate extensive optimization activities, making it a more affordable option. 

Additionally, the spatial and spectral components do not require manual arrangement because the two 

domains are connected automatically by the MCK-ELM [35].  

  Yu et al. [36] investigated multi-kernel extreme machine learning for EEG classification in brain-

computer interfaces. In this research, the authors categorized EEG in BCIs using an ELM-depend multi-

core technique. The double non-linear feature spaces are integrated into two kernel variations with multi-

core learning to produce a more accurate EEG classification. The MKELM approach is a leading choice 

for creating an upgraded MI-based BCI due to its higher performance, as evidenced by testing data. 

Additionally, our suggested technique may be easily adapted to various applications and is not just 

restricted to BCI [36]. 

Deterministic Multi-kernel based extreme ML for pattern classification proposed by Bhawna et al. 

[37]. Through the development of a multi-core learning dependent on ELM with multimodal feature 
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extraction utilizing GLCM, this paper explores current time pattern recognition issues. Analytically, the 

input weights and biases were determined to solve this problem. The authors employed multimedia feature 

extraction to improve the precision of evaluating the suggested technique. It is evident from the data 

analysis that the kernel version of ELM is more effective than ELM. OMKELM produces findings that 

are more precise than those of single kernel methods. The given DMK variations are superior to ELM, 

KELM, and OMKELM, according to our analysis of the experimental findings. The proposed algorithms 

aim to get beyond ELM’s non-deterministic character and increase its accuracy and efficiency by working 

with upgraded kernels [37]. 

Farnood et al. [38] proposed Xerus Optimization Algorithm (XOA) as a novel nature-inspired 

metaheuristic algorithm for solving global optimization problems. The findings demonstrated the XOA 

algorithm’s incredible performance, flexibility, and competitiveness on this broad range of criteria. The 

work can be expanded to address issues in optimization’s discrete and synthesis areas. Also, the XOA 

technique can be applied to address the problems in those areas.  

  Ibrahim et al. [39] introduced an effective parallel reptile search procedure and snake optimizer 

method for feature selection. The proposed filtering solutions showed that increased walking in RSA is 

more efficient than SO. Additionally, the latest 25 iterations show that the RSA fishing support approach 

fully utilizes candidate solutions more than SO. The new RSA-SO had the lowest value for the OFS 

specified For nine out of 12 sets of data sets, making belly walking exploration and exploitation utilizing 

the RSA hunting style ineffective. This attested to the effectiveness of the suggested RSA-SO in getting 

rid of an undesired characteristic.  

A survey on parallel clustering algorithms for Big Data was conducted by Zineb et al. [40]. This 

research showed that most methods discussed are related to aggregation algorithms, including K-Means, 

DBSCAN, and OPTICS. In fact, these algorithms are suitable for parallelism. Large data platforms have 

decreased their number in aggregation, such as one-to-one networks, due to advances in parallelism and 

computing [40].  

Advances in significant data programming, system software and HPC convergence were 

investigated by Ching et al. [41]. This study explained the handling of technical problems in big data gates, 

information design, or proposing new strategies in data departments and HPC fields. It also led to a lot of 

related research. This study is a good learning example and reference for anyone interested in big data and 

HPC system [41]. 

  Noha et al. [42] investigated feature selection in big data preprocessing based on a hybrid cloud-

based model. The proposed method shows an excellent job compared to other concurrent methods. The 

proposed method combines the measurement of the unusual distance with the average measurable distance 

used for k, which Bohr has approximated. The results gave a new insight into how time and features are 

used compared to the nearest neighbors. It has been shown that there is a 12% improvement in the 

classification process compared to the other convergence algorithm because this method reduces the 

processing time. 

Omid et al. [43] combined the optimization approach and machine learning. The authors suggested 

a workbook optimal feature selection for SAR image classification using biogeography-based 

optimization (BBO), artificial bee colony (ABC) and SVM. The article classified the land cover using the 

suggested HBBOSVM classifier. The best features were chosen using the ABC method in conjunction 

with the BBO relay factor, and the pictures were then classified using an SVM classifier. The findings of 

the HBBOSVM algorithm were then compared to those of the BBOSVM, ABCSVM, and PSOSVM 

algorithms and methods from earlier studies. HBBO performance was evaluated in light of 20 accepted 

norms. The findings demonstrated that the HBBOSVM is also superior to the competition in terms of class 

accuracy and kappa coefficient. HBBOSVM also displayed high stability and affinity. According to the 

findings, the HBBO is a practical university resource for measuring issues. The study showed that using 

both machine learning and optimization techniques together increases power. 

A new hybrid PSO and parallel variable neighborhood search algorithm for flexible job shop 

scheduling with a get-together method were proposed by Parviz et al. [44]. This research provided a new 
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hybrid technique and mathematical model for the loose workshop scheduling issue with aggregation 

procedures. Each product is made by putting together a collection of various pieces. The new hybrid 

particle swarm has been enhanced, and the HPSOPVNS Neighbor Variable Parallel Search (HPSOPVNS) 

technique has been suggested because the task is not challenging. In this hybrid method, the (PVNS) 

procedure was utilized for local search close to solutions found in each iteration. Additionally, the PSO 

procedure is used for global search space exploration. The Taguchi technique was used to modify the 

metaheuristic algorithm parameters, PSO Algorithm, Variable Neighborhood Search Algorithm 

(HPSOVNS), Hybrid Genetic Algorithm, and Swarm Optimization. 

Asen Toshev [45] proposed using PSO and Tabu search hybrid algorithm for flexible job shop 

scheduling problem-analysis of test results. The work used a hybrid PSO-TS method to resolve a flexible 

JSSP. The results of the first, a PSO, and the second, a TAPU investigation, indicated that the error rate is 

a promising 0.044%. The authors observed a little delay until the findings were visible for a few seconds. 

The proposed algorithm can be put to the test in more scenarios with more dimensions so that it can 

perform better.  

Olatunji et al. [46] reviewed multiclass feature selection with metaheuristic optimization. To apply 

metaheuristic algorithms to overcome the multi-layer feature selection process issues, a shell-focused 

evaluation is done in this study. The authors searched for research on multi-layer feature selection 

challenges but were unable to locate any. There have been several methods proposed to enhance 

metaheuristic performance. Two or Larger binary strategies were found for addressing multi-layer issues 

from work performed on multi-layer feature selection. Specific metatheurism algorithms can answer high-

level feature selection problems more efficiently than others. 

Ali et al. [47] proposed using a novel nature-inspired metaheuristic procedure for optimization. 

The procedure was based bear smell search algorithm. The BSSA method was suggested for use in this 

investigation. Different types of standard careers and geometric problems are used to demonstrate and 

assess the effectiveness of the BSSA procedure. The BSSA algorithm’s outcomes have been compared 

with those of other optimization techniques. The types of indicators analyzed, such as pairs test, Wilcoxon 

rank, and statistical analysis. The numerical outcomes demonstrated that the suggested BSSA gives 

competitive and superior results (when compared to previous optimization methods).  

Sathish et al. [48] improved the black widow-bear smell search algorithm (IBWBSA) for optimal 

planning and operation of distributed generators in the distribution system. Submit this work with a mixed 

strategy for multi-objective planning and optimization of the operation of distributed generators (DGs) on 

a distribution system (DS). The IBWBSA technology mixes the Black Widow BWOA algorithm and the 

BSSA’s exclusive bear scent search method that accelerates convergence. The findings show that with the 

best DS planning and operation, the multi-objective strategy reduces generating costs, energy loss, and 

voltage variation.  

Rung et al. [49] compared choosing critical features for data classification based on ML 

approaches. In this paper, four feature selection Techniques-Random Forest (RF), (SVM), (KNN), and 

(LDA) were compared. Based on the performance of each feature selection technique, the optimum feature 

selection technique is then chosen. The importance of feature selection for categorizing data has been 

proven through experimentation. The experiment outcomes demonstrated that random forest is the most 

accurate classifier. RFE and RF techniques are highly effective for feature selection.  

Nico et al. [50] proposed sleep stage classification using extreme learning machine and particle 

swarm optimization for big healthcare data. This study used three different types of algorithms, four 

different sets of categories, and two sets of characteristics to classify the different sleep phases based on 

the heart rate variability of the ECG data. The algorithm ELM, SVM, and ELM integration with PSO were 

utilized. The research demonstrated that ELM and PSO integration, followed by ELM and SVM 

integration, had the best accuracy. We may conclude that PSO integration enhances the ELM and SVM 

algorithm’s accuracy.  

Optimal placement and sizing of shunt capacitors in radial distribution system using polar bear 

optimization algorithm by Muhammad et al. [51]. Due to the rise in living standards, it is more difficult 



Journal of Advanced Sciences and Nanotechnology, Vol. 02, No. 02 (2023) 
 

234  

for distribution system operators to minimize energy losses while preserving the voltage profile. The 

system may work better by resolving electricity quality problems and strengthening numerous technical 

and financial factors. In this study, the placement of capacitors and optimal scaling in a radial distribution 

system (RDS) under various loading situations were solved using the optimization method (PBOA). 

Actual power loss (PLoss) expenses and different SC costs were included in this paper. This technique 

was tested on several IEEE standard bus systems with various loads. While preserving allowable voltages 

on the system buses, the proposed PBOA lowers AOC and P RDS losses [51].  

A hybrid optimization algorithm for water volume adjustment problem in district heating systems 

was proposed by Yi Han et al. [52]. In this research, the valve angle (VA) in each HES was improved 

using a hybrid polar bear optimization method in conjunction with chemical reaction optimization (HA-

PBO-CRO). Comparing HAPBO-CRO and a non-dominant genetic screening algorithm (NSGAII) 

revealed that HAPBO-CRO is superior to NSGAII with better Pareto limits. Additionally, it offers 

management in a CHP plant an essential reference to help management decide whether to reduce the 

energy consumed to meet customer requirements [52]. 

Diaz et al. [53] analysis work a comparative analysis of meta-heuristic optimization algorithms for 

feature selection and feature weighting in neural networks. In this work, the use of identification methods 

for advantages selection and advantages weighting has been demonstrated, along with the advantages of 

these algorithms for enhancing FFNN accuracy and shortening computation times. In various datasets, 

experimental results show that FFNN with advantages selection and advantages weight has higher 

classification accuracy than existing algorithms. The meta-optimization algorithms used for comparison 

are found to be efficient in advantages selection and advantages weighting processes [53]. Inam and Idress 

[54] proposed new strategy adopted is to create a new dataset that results from combining the two 

databases. The test testing revealed that training using a mixture dataset outperformed using individual 

datasets in terms of metrics values, particularly when inter-dataset evaluation was used to solve the 

generalization problem. 

 

3. Conclusion 

This paper investigated finding a suitable optimization algorithm that helps explore and classify the big 

data we cannot deal with (i.e., unstructured). Consequently, extracting (meaningful) data that is useful 

from it that we can use in many applications. In this study, we were able to find many previous studies 

related to our study. This study aimed to illustrate a method for classifying large data with high speed and 

less processing time to obtain data with more accuracy and less error. Using a hybrid optimization 

algorithm based on feature selection and a hybrid learning function, we studied the state of the data and 

the environment in which it is located. Additionally, the investigation was based on choosing an 

appropriate optimization algorithm to classify the data, extract the relevant features and exclude the 

unwanted. Then, compare the results obtained from the chosen algorithm with other optimization methods 

available. We noted a significant improvement in the performance of the algorithm. In the end, we 

recommend in the future to research and conduct studies on hybrid optimization algorithms with the use 

of the best properties to obtain the best results. 
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