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Abstract- Machine learning is one of the widespread domain in the modern world. It deals with different kinds of data
and mainly is the most encouraging sector of Big data. As good as all kinds of disciplines are available machine learning
helps to resolve the complications and assist to make best pre-eminent results. Optimization is an iterative method. It
compares many solutions until the best solution is reached. The decision-making process in machine learning will be done
by optimization algorithms. In this paper we analyze different types of classification and clustering algorithms along with
optimization techniques.
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I. INTRODUCTION
Machine learning is popular because of its quick adoption of trends and patterns. Human support is not needed once
we developed the algorithm. By experience, we can improve the learning skills of the machine, all types of data and
all dimensional can be examined during the dynamic background. Even though it has some flaws, accession of
data, leads to inefficient methods, Time complexity of the algorithm, need good resources to implement the
algorithms, the exploitation of results is a very big challenge and more error vulnerable. If we do not find the errors
it will be continuous and affects the accuracy. To reduce that flaws many researchers have given different methods
with the combination of more optimization methods. Classification and clustering with regards to structured and
unstructured data is the major focus in machine learning. Before classifying or clustering the data undergoes preprocessing for more efficiency. We have many pre-processing methods in which the feature selection method [1] is
more observant which is categorized into two category wrappers and filters. Wrappers use the existing classification
algorithm in the search activity for the evaluation of the selected feature subset while the filters will select feature
subset based on the performance evaluation metrics applied on the data. Filters are rapid than wrappers despite
wrapper are efficient than filters. We have many classification algorithms [2] in which KNN, Naive Bayes, and
decision tree are favoured and in clustering k-means, neural networks, Evolutionary computing, deep neural
network, Agglomerative Hierarchical algorithm, DBSCAN, Expectation-Maximization (EM) are well-liked.
Optimization [3] is the branch of applied Mathematics. Optimization encompasses three main integrant which are
objective function, constraints, and decisions. The definition of optimization is according to the problem description,
to find the feasible solution of the problem we have to maximize or minimize the objective function by satisfying all
the required constraints within the search space. The standard form of Mathematical optimization is
Minimize g0(t)
Maximize g 0(t)
Subject to gi(t) ≤ di, I = 1, 2... n
Subject to g i(t) ≥ di, I = 1, 2 … n
Here t=(t1, t2 … tn) is the optimization variable of the problem, g0(x) is the objective function, gi(x), i= 1, 2 … m are
the constraint function and both the objective function and constraint function are mapped from Rn to R and the
constants d1, d2 … dn are the bounds for the constraints. The vector x* is called the optimal solution of the problem.
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The optimization algorithm is a process of iteratively comparing the numerous solution until the optimum solution is
reached. There are many types of optimization problems. The optimization problems are constrained or
unconstrained, problems can have none, one or more objective function and the variables can be discrete or
continuous, some problems are static and some are dynamic and the decision variables can be integer, real-valued,
deterministic or stochastic and the equations can be linear, nonlinear, quadratic or polynomial. Numerical methods
of optimization [4] are Linear programming, Integer programming, Quadratic programming, Non-linear
programming, Stochastic programming, Dynamic Programming, Combinatorial optimization, Constraint satisfaction
etc. Advanced optimization methods are Hill Climbing, simulated annealing, Genetic algorithm, Ant Colony
Optimization, etc. Optimization algorithms are employed to emphasize the efficiency of the classification and
clustering algorithms. Optimization is a part of Machine Learning (ML). ML looks over the real-world problems and
encoding into models by investigating and resolving the problem. ML needs the support of the optimization because
of its best generalization, large problems scalability. The performance execution time and memory requirements are
good, easy to implement, efficient manipulation of the model, fast convergence, handling complex problems with
numerical stability. In ML the adaptability of an optimization plays an important responsibility. Like SVM,
Bayesian Networks, Association rule, and DBN,we have different optimization techniques like swarm intelligence,
bio-inspired algorithm, physics, and chemistry-based algorithms all of which contained in the nature-inspired
algorithm. ML interplay with nature-inspired optimization algorithm to improvising stability, scalability, and
accuracy. Some simulated nature-inspired algorithms [5] are Genetic algorithm (GA) [6], [7], Particle swarm
optimization (PSO) [8], [9], Ant colony optimization (ACO) [10], [11], Whale optimization (WO) [12], [13], Bee
colony optimization(BCO) [14], [15] , Bat optimization [16], [17], Grey Wolf Optimization (GWO) [18], [19],
Cuckoo Optimization Algorithm (COA) [20], [21], Firefly Algorithm (FA) [22], Differential Evolution Algorithm
(DE) [23], [24] etc.
The rest of this paper contains survey of literature of a combination of ML algorithm with optimization techniques
and conclusion of the literature survey.
II. LITERATURE SURVEY
The observation in paper [25] is how the techniques of data mining are manipulated to identify the prediction of the
success rate of IVF (In-vitro Fertilization) treatment based on the high impact features. The proposed algorithm
helps gynaecologists to suggest the patients for specific treatment and it is also helpful to increase the confidence
level of the patients. Weka tool was used for evaluation. The IVF data sets were taken from the speciality test tube
hospitals and IVF research centres in Tamilnadu for this experiment which contains 250 records and 27 features. In
the data pre-processing feature selection have been made to remove redundant and irrelevant features which
improves mining accuracy and reduces computational time and enhances the result. mRMR filter approach was used
to select the high impact feature subset of four features among 27 features. Then the classification was carried out by
the method of multilayer perceptron neural network. To know the performance of the proposed model the crossvalidation was used to measure the confusion matrix and true pulse and false pulse which leads to the minimum
number of high dominating features to predict the success rate of IVF treatment.
In the next study [26] the data set of liver disease patients were analysed. It is not easy to identify the people who
are affected by liver disease. There may be people who are misled based on the symptoms. In this study, the
authors have given the best opinion to overcome this problem. The data set taken contains of 583 patients and 11
attributes. The weka tool was used for classification. Primarily to analyse the data set, the pre-processing has taken
place to remove the duplicates and filling the missing values then discretization was applied to convert the
continuous data into categorical data. Afterwards, the following three methods Decision tree, Naive Bayes and NB
Tree algorithm were used for classification. The accuracy and computational time was recorded for all the three
methods. Optimizing the NB tree algorithm gives more accuracy than others even though the computational time of
Naive Bayes was very less. Finally, they conclude that the NB tree algorithm gives the best liver disease
classification.
AIDS is a very dangerous disease in the world if we predict this in earlier stages we can increase the life span of the
affected patients. In this paper [27] the author proposed C4.5 classification algorithm to build a decision tree. The
experimental study was done on HIV data set it was taken from NACO and government hospital in Sivakasi which
contains 800 records and 9 attributes have been used. The R software was used for this experiment. Prior to
classifying the data pre-processing is carried out for replacing the missing values by median values of the
corresponding data. Then attribute selection was done using one-R and information gain by this only 6 attributes
were selected for further classification. After that C4.5 Decision tree algorithm was used to classify the first stage of
HIV or STD and other stages of HIV.
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In the smart cities maximum of the industries and the customers unfavourable component is Transportation. To
overcome this issue many of the researches invented many ideas but that did not have many economic benefits. By
investigating many of the previous research and inspired by the economic problem and real-time data problem, in
this paper [28] the researcher proposed a high-performance system for finding the correct location using lively
transportation network and the total cost was minimized using the optimal transportation network. On the basis of
the real-time big IoT data and GIS data, clustering centres were found using the k-means algorithm, before applying
this DBN model was used to get the pre-classification results which were used as initial centres in the K-means to
improve the clustering accuracy and computational performance. Traditional k-means does not converge faster so
improved k-means was used to find the new centroid, where the weight factor helped to converge faster. To get the
final optimal solution calculated minimum transportation cost between clustering centres and the supplier spots were
used in the algorithm target index model. The proposed model applied in the hotel service locations within the outring of Tianjin city to get the best configuration centres. The basic data and geocoded data of 618 hotels were taken
for this study which was observed from the internet. The DBN clustering algorithm were implemented 26 times and
independently divided the service centres from 5 to 30 with in the region which was taken as initial centres in the
improved k-means clustering in order to get the best amount of service centres with the minimal overall
transportation and ordering cost. According to different transportation network and clustering centres, the annual
transportation cost was calculated to get the optimal number of service centres with the lowest cost. To measure the
performance of the proposed model the computational speed of the three methods namely Traditional K-Means, KMeans with transportation cost as weigh for new centroid and KM using DBN to pre-process data with
transportation cost as weigh for new centroid according to the 5,15,20,25 service centres were compared. From these
three methods, KM using DBN to pre-process with transportation cost as target index method computational speed
was very faster than the other two. The optimal number of service centres implemented from the proposed model
within out-Ring of Tianjin city is 25 according to the minimum total cost. The author suggested that the proposed
model will give clear results when applying it to states, countries and continents. Further, when we applied this
proposed model on other transportation business models the parameters of the model should be customized as per
our requirement.
In the recent application sector, the data used were with multilevel learning and multi-label classification. According
to the earliest studies of the multi-label feature selection, the greedy method was used to get the optimal subset
selection. Here the score function was created which depends upon the dependency of the features. There were
enormous subsets and the method was easily trapped into local optima which proves to be inefficiency. To enhance
the efficiency of the multi-label classification the author [29] advocates the multi-label feature selection based on the
numerical optimization. The score function was build based on mutual information and surviving numerical
optimization to escape from the local optima. The different category of four datasets were used for experimental
calculation and which was compared with existing unconventional multi-label classification FIMF, QPMLFS, MFS,
D2F and PMU. The score function, search based evaluation and classification was evaluated with the multi-label Knearest neighbour (MLKNN). The k value was set to be 10 and the number of feature selection as 30. Even with
simplicity and excellence, it limited to time consumption and also it was not efficient all the time because of its firstorder dependency.
The shortcomings of the cellular networks when increasing high data services and heavy distributed traffics are
inefficient network capacity and the maximum coverage hole due to the imbalanced network configuration between
the traffic demands and radio resources and the traditional methods are not suitable to give the best results for the
dynamic changing wireless network. To fulfil the shortcomings the author [30] proposed a data mining approach,
Weighted KNN based on a large-scale measurement statistics analysis to record the dynamic characteristics of radio
resource demands and the value of “k” in KNN. The most accurate time series was determined. A greedy
optimization technique was used for reconfiguration of the dynamic radio resource. To know the efficiency of the
proposed study the statistical analysis was done over tens of thousands of cells for a duration of 15 months.
Efficient energy utilization is the major problem in the wireless Adhoc networks. The major pitfall is to control the
unpredictability. To handle the uncertainty the fuzzy constraints applied clustering optimization technique was
proposed [31]. The fuzzy constraints of the proposed model were, device energy, device position, device
movement/speed and device hop-count which decided the active state of the network. By fuzzy constraints, the
fitness value of each network node within the communication range of a maximum two-hop was calculated to select
a cluster head. In case of uncertainty, new cluster head selection was taken and the network activities continued. To
evaluate the new technique the network simulator, NS-2 was used. The size of the network was 1000 m * 1000 m
and the range of the nodes of network varied from 50 to 250. The simulation was registered to 50 different runs for
distinct nodes and clusters. The performance of the proposed technique had been compared with the methods
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LEACH, MPO, EDC and TCACWCA, the metrics used for performance evaluation were no of clusters formed,
network lifetime, average delay time and packet delivery ratio.
In distributed system accessing data at the correct time is predominant, it becomes difficult to generate a strong
association rule. To generate robust association rule the author [32] proposed the W-tabular algorithm which is a
combination of Weight assignment method and Quine-Mccluskey method. Weight assignment method removed the
unessential data and Quine-Mccluskey method converted the pre-processing data into binary expression and joined
the weights to get improved association of rule reduction rate and increased data processing time. This proposed
model evaluated by the computer system of Intel ® core TM i53230M CPU@2.60GHz processing units and 6.00GB
RAM with Windows XP in a distributed system by using a client-server model. The different transactional datasets
like Mushroom, Accidents, Connect, Pumps and Chess were taken from FIMI Repository for experimental study to
know the performance of the proposed model and the same datasets were used for comparing the proposed
algorithm with apriori algorithm to know the well-built model.
The author [33] proposed a synthesis algorithm of TLBO and Fuzzy C-means with elicit property for data clustering
(ETLBO-FCM). TLBO, a famous unconventional meta-heuristic algorithm which did not control any predominant
parameters were the main bonus in this model. The Fuzzy C-means was popular because of its class overlapped
property, this model was better than K-means and the elicit property was used to replace the duplicate solution with
best solution throughout the population which decreases and leads to the duplicate solution. For the experiment 14
datasets were used in which 11 were taken from the UCI repository and 3 were artificially created, and it was done
through MATLAB tool. To know the effectiveness and efficiency of the proposed model it was compared with Kmeans, GA –K means, PSO–K means, IPSO–K means, TLBO–K means, FCM, GA- FCM, PSO- FCM, IPSOFCM, TLBO- FCM.
To minimize the procurement cost of the global cruise ship supply, the author [34] followed the multi-item joint
ordering strategy. The objective function was combined to purchase, delivery and inventory based on the cruise
distribution centre and proposed the improved fireworks algorithm (i.e.) the fireworks algorithm with inertia weight
(WFWA), which speed up the convergence speed and not easily catch into the local optimum. The MATLAB
software was used to the experimental analysis. To know the performance of the proposed model, it was compared
with the existing models FWA, GA and PSO, for more accuracy each model ran 20 times, and the iterations were
500.
To enhance the accuracy of the classification the author [35] suggested an innovative shuffling based coaction of
optimization clustering algorithm which was COA-GA. It was applied in the cancer classification to get to know the
more supreme genes to classify using the shuffling method. The four microarray data sets were used taken from
public sectors and broad institute. Data Pre-Processing was done to remove the error data to be used for clustering.
The different types of optimization techniques like K-means, C-means, Hierarchical, GA, PSO, COA, COA-GA,
and no cluster were used to select the gene selection, by which the most dominant genes only selected for further
evaluation. Using SVM or MLP the genes were classified. The performance measures sensitivity, specificity, and
accuracy were used to estimate the proposed algorithm. When compared with other optimization methods the COAGA outperforms and also it reaches the optimum level in the minimum number of iterations, and SVM was given
best when compared with MLP, and for more accuracy, it was running 100 times.
We have many intelligence optimization algorithm to solve the many problems. The author implemented the Sine
Cosine algorithm with multigroup and multistrategy to conclude the optimization solution of the problems. To
realize more robustness the author [36] introduced multigroup and multistrategy in the existing SCA algorithm. In
the multigroup, each population had the same number of individuals, and the multistrategy had a different update
strategy, which is divided into two types. , First rand strategy, used to enhance the global optimization, and the
second-best strategy, used to stable the solution of the problem and convergence speed, and the population was
divided into two groups as odd and even and the two strategies were applied on it to get the best solution. The
programming tool MATLAB was used to get the experimental results. To test the performance of the MMSCA
model, 19 standard benchmark functions were used which contains unimodal, multimodal and composite functions
and also it was compared with the existing algorithm PPSO, PSO, DE, and each algorithm ran 30 times, a maximum
number of iterations was 1000 and each population size was set to 30. The proposed algorithm MMSCA was applied
in the real-time problem CVRP, in which the number of population in each group is 50, the algorithm ran 30 times
and the number of iterations was 10000 and also it was compared with PSO and GA to know the practicability of the
MMSCA algorithm.
Document clustering is a big problem in the field of text mining and information retrieval. To enhance the clustering
accuracy the author [37] proposed the spectral clustering algorithm with particle swarm optimization (SCPSO).
Before using the algorithm pre-processing was done by tokenization, stop word removal and stemming, then from
the document Eigenvectors of the weighted undirected graph was derived by the spectral clustering algorithm.
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Particle swarm optimization was used to find the optimal cluster and check which gives the best result for high
volume documents. The standard datasets like Reuters, 20 Newsgroups, and TDT2 were used to test the proposed
model. To know the performance of SCPSO which was compared with EM, SK-Means, PSO and the performance
measures were Accuracy, NMI, ARI.
To give a more powerful and well-organized method of data clustering, the author [38] proposed the particle swarm
optimization with selective particle regeneration (SRPSO), in which an unbalanced parameter setting and particle
regeneration operation was applied in the basic particle swarm optimization. An unbalanced parameter setting was
permitted for the fast convergence but it was easily trapped into local optima. To run off from that issue the particle
regeneration was used, in which the particle that fell into the local optima was reassigned by the new position. The
hybrid algorithm was proposed which was a combination of K-means and SRPSO, in which the initial particles are
chosen by K-means and then SRPSO applied. The MATLAB tool was used to evaluate the proposed methods, for
experiment seven benchmark data sets, and two synthetic datasets were used. To know the outcome of proposed
models SRPSO and KSRPSO, it was compared with PSO, KNM-PSO, KGA, PSO+R1, PSO+R2.
According to the shortcomings of the various combination of PSO methods, the author [39] proposed the PSO
algorithm with kernel density estimation (KDE). This filled the imbalance between exploitation and exploration. In
the proposed algorithm first, the particles are initialized by uniform distribution with the semi-random process which
was useful to escape from the initial difficulties, secondly, the KDE was used to find the best position of the particle,
which ensured the non-early convergence and finally the multi-dimensional gravitational learning coefficient was
estimated by a universal gravity rule. Then the velocity of the particle was updated and the optimal solution found,
and the particle moved in all directions and distributed unequally in feature space. The different kinds of
experiments were done to test the proposed algorithm where MATLAB tool was used and the 11 standard datasets
were taken from the UCI repository. In the beginning, the comparison was done with variations in the proposed
algorithm with HPSO by normalized and un-normalized datasets, the comparison results contained the values of
Friedman Aligned Rank, Holm APV, and p-value. Then the proposed method was compared with the existing
methods PSO, PSO-K-Means, K-means++, FCM, PSO-KHM, in which Classification Accuracy, Standard deviation,
and Dunn Index were measured. The running time also measured, which given the best result when compared to
other methods. It consumed a shorter time only when applied on high-dimensional dataset.
In the modern world transportation traffic is one of the puzzling criteria. In addition to enhance an intelligent traffic
control system, the author [40] proposed ant colony optimization with the internet of vehicles (IoV) in which the
vehicle was dynamically communicated. In this study IoV data of the Vellore district, Tamilnadu, India, was used.
In the proposed method first, the street map was segmented into a small number of distinct maps and then the ant
colony optimization method was used in each map to get the optimal routes and to update the traffic intensity and
pheromone fuzzy logic was used. To evaluate the proposed method it was compared with the existing shortest path
methods Dijkstra algorithm, Kruskal's algorithm, Prim’s algorithm.
In the IoV data, the interaction between vehicles and the control of the network is very complicated tasks in the fastmoving vehicles and the quickness of data delivery. The author [41] learned that if there is a need to increase the
efficiency of the method we need to regulate parameters and suggested to reconstruct ant colony optimization for
IoV for clustering (CACOIOV), which contained two stages, At the first stage this method chooses the initial node
intelligently in the search space which increases the reliability of the interactions between the network and at the
second stage introduced unfamiliar method to increase the convergence speed. One more method was proposed
together with CACOIOV was dynamic aware transmission range on local traffic density (DA-TRLD), which
sustained the network connectivity. The evaluation of the method was handed over through NS-2 simulations and
compared with ACO and AODV with regarded packet delivery ratio, drop ratio, delay, cluster number, throughput.
Decision support systems are used to analyze huge data from raw data, documents, personal knowledge, and
business models, and give useful information. Based on the addition of data in the relational database, we have to
reconstruct and reorganize the enormous and unordered data based on the decision. To get the optimal knowledge
from the database of the decision support system the author [42] expressed the coaction of information entropy and
ant colony optimization. This proposed model applied to the real database of website construction in the ecommerce field. The path analysis was done. The performance of the proposed method was recorded and it was
compared with the traditional method on the basis of misclassification error rate and number of iterations.
Identifying communities in social networks is challenging and important in the world. We have many methods to
solve the issues but for more efficiency, the author [43] proposed a new model. For this analysis, they have taken
Twitter self-centered social network dataset which contains 2000 users from the SNAP website. They have executed
and evaluated the proposed model using the MATLAB R2016a programming language. The similarity matrix of the
features communication topology and tweets between users using the different similarity methods is calculated. The
initial clusters using the different type of clustering algorithm are formed using matrix and finally using cuckoo
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optimization technique have been used to create final clusters. The clusters were evolved due to the integration of
several small clusters. The performance of the proposed model was compared with the existing models CC-GA and
MDCL, they have measured by metric, modularity, and silhouette criterion.
We have many data clustering methods but some methods failed for multi-dimensional data. The author [44]
proposed a fuzzy cuckoo optimization algorithm to overcome this problem. MATLAB tool was used for evaluation.
First, the algorithm gives random solutions to the large data sets, and for each solution cost value had been
calculated and then fuzzy logic is applied to get the optimal solution. The proposed algorithm was used in the seven
benchmark datasets and also it was compared with Blackhole, CS, K-Means, GSA and PSO to know the better
performance. For better result, it was executed 10 times for 200 iterations.
For data clustering, we have many methods but many of them are sensitive to the initial clustering center selection
and uselessness to deal with noisy, outlier, and imbalanced data. To overcome this issue the author [45] proposed
Magnetic optimization algorithm clustering (MOAC), where data points are applied to magnetic force directly to the
centroid particles to update the position to get the best centroid particle for clustering. When the force value is
reached to zero it had been concluded that the optimum position was obtained. The MATLAB tool was used for
experimental analysis. They have used twelve benchmark data sets for experimental study. Out of which, eleven
data sets taken from UCI repository and one synthetic data set aggregation. To know the performance of the
proposed algorithm MOAC, it was compared with HYBRID_DE, MIN_MAX, PSO, K-Means, KFCM and the
evaluation factors, Normalized mutual information(NMI), Rand index(RI), Purity, Accuracy were used, Each
algorithm ran 30 times and the maximum iteration was set to 200. The drawback of this MOAC need prior
knowledge of the number of Clusters.
The main drawback of the K-means algorithm is it easily traps into local optimization which is accompanied by
inefficient and incorrect initialization. This stimulated the author [46] to come up with Electromagnetic optimization
based clustering (ELMC) to overcome the drawback and it was a modified method of electromagnetic field
optimization (EFO). In the ELMC the attraction-repulsion was deployed to avoid the initial centroid difficulties. The
datasets were taken from the UCI repository and the MATLAB tool was handled for the statistical experiments. The
execution of the ELMC was compared with other meta-heuristic methods K-Means, MKFC, KFC, PCM, ACO by
manipulated the measures NMI, RI, Purity.
The benefits of feature selection decreases overfitting with training time and increases accuracy. To enhance this
benefits the author [47] implemented the unconventional method of hybridization whale optimization algorithm
(WOA) with simulated annealing (SA), which involves two hybridization model that was low-level teamwork
hybrid (LTH). Here the SA was placed as a local operator in WOA, this was denoted as WOASA-1 and high-level
relay hybrid (HRH), in this SA was applied to the best solution after the completion of all iterations in WOA,
denoted as WOASA-2. To reduce the selection of not robust solution tournament selection mechanism was used in
the proposed methods which was denoted as WOASAT-1 and WOASAT-2. For the experimental study, the
MATLAB tool was used and 18 benchmark datasets were taken from the UCI repository. The evaluation and
comparison was done based on the classification accuracy and average selection size on the four proposed models
and WOA, the outperformed model was WOASAT-2, which was compared with ALO, PSO, GA on the basis of the
mean, best and worst fitness value, in this also WOASAT-2 was balanced search and utilization.
Internet and big data are the fast-growing fields which contains high-dimensional and large-scale data. When
applying conventional feature selection on this it leads to inefficient and less classification accuracy. To get rid of
this the author [48] proposed the synthesis of WOA and parallel computing model of the spark environment, which
disseminate data across the cluster and process the data in parallel, this approach enhanced the efficiency of the
model. The experiment of the proposed model was applied on the 4 datasets grasped from UCI repository and it was
compared with GA, PSO and WOA on the support of run time and speedup ratio of the feature selection.
Previously many of the researchers implemented the effective unconventional feature selection methods for the
continuous space search and it may or may not work well for the binary space search from the inspiration of this the
author [49] invented synergist of Grey Wolf optimization and particle spam optimization of the binary type
(BGWOPSO) for the robust feature selection. The wrapper method of the KNN classifier with the Euclidean
separation metric was involved to find the best solution. The experiment was done on the 18 standard benchmark
datasets which contain small, medium and large data size and concluded that the proposed model gave the best
results when compared with other hybrid models BGWO, BPSO, BGA, WOASAT-2 regarded of the accuracy, an
average number of selected features and mean, best, worst fitness values. The proposed method controls the
difference between examination and utilization during the optimization iterations.
Many high dimensional and features of data are extremely surplus in the real time data. Dimensionality reduction
only won’t give the best result but we need to concentrate on the data reduction too. The author [50] suggested an
innovative feature selection method based on artificial Bee colony optimization and gradient boosting (ABCoGB).
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Primarily the unnecessary features were diminished using the artificial bee colony optimization and then the
resultant dataset involved in the gradient boosting decision tree to get the final best selection of features. The
proposed model implemented through python 3.5 software and applied on 8 benchmark datasets from the UCI
repository. According to the classification accuracy, the suggested method compared with GBDT, VT, SKB, RFE,
L12 and PCA to know the excellence.
When dealing with big data we concentrate on execution time and the difficulties faced by the use of large data. The
traditional methods are not applicable for the large data so the author [51] proposed artificial bee colony
optimization (ABC) method to minimize the execution time for large data and to optimize the clusters for all sizes of
data. The ABC method implemented on a single node and multi-node Hadoop environment using mapper and
reducer stages. In the mapper stage best fitness value was found by copying the use of bee behavior and in reducer
stage, the cluster was optimized using probability value based on the copying of involved and observer bee behavior.
The probability value was used to find the classification error. The glass benchmark data was taken from the UCI
repository which contains 10 attributes for the experiment. The evaluation was compared with ABC, PSO and DE
concerned with execution time and classification error. Finally decided that multi-node Hadoop environment given
the best result.
Most of the nature-inspired algorithms performed excellently in the low-dimensionality data. Come into the high
dimensional data need some improvement on the conventional algorithm. The author [52] proposed two methods
PCA-BA and PCA-LBA which is a combination of principal component analysis (PCA), bat algorithm (BA), and
golden section (GS) method. In the golden section (GS) method the two parameters correlation threshold and
generation threshold were initialized to enhance the performance of the proposed methods. The experiment was
done on the CEC’2008 benchmark dataset which contains two unimodal functions and five multimodal functions
and implemented with MATLAB tool. The performance of the GSPCA-LBA was compared with PSO, TVAC, CS,
CPCA-BA, CPCA-LBA and GSPCA-BA based on the different dimensions and using Friedman test and Wilcoxon
test which concluded that GSPCA-LBA outshined.
Internet of things is the most popular field in which we consider wireless sensor big data sensing system which
consumes more energy. Low energy adaptive clustering hierarchy (LEACH) method reduces energy consumption
even though by picking a random cluster center it has a chance to get a cluster center far from the base station. To
overcome this issue the author [53] established modified bat algorithm with weighted harmonic centroid (WHC)
which was used to improve the local optimization search and to know the performance of WHC five more centroid
methods arithmetic centroid, geometric centroid, harmonic centroid, weighted arithmetic centroid, weighted
geometric centroid were developed and compared. The reflection of the results among these methods showed that
WHCBA was supreme. Besides the combination of WHCBA with LEACH method excelled when compared to
LEACH and other algorithms based on the Friedman and Wilcoxon tests. The data was collected from CEC 2013
which contained 28 benchmark function for experimental analysis.
The author [54] proposed an adaptive cat swarm optimization (ACSO), which is a combination of CSO and APSO.
Some strategies were followed in the proposed model to improve the convergence speed and search capabilities,
which are, in the tracing mode the adaptive adjustment to its parameters and memory factor ‘y’ was introduced and
the radius range was added in the search position. The MATLAB software was used for the experimental study. The
experiment of the proposed model done in the 23 benchmark functions which contained unimodal, multimodal,
fixed-dimension multimodal functions and it was compared with the existing methods PSO, APSO and CSO to
know the performance of the ACSO based on the average and standard deviation of the methods and each algorithm
ran 10 times, the population size of each algorithm was 100 and the number of iterations was 500. The ACSO was
applied in the vehicle routing problem (VRP) to know the practicability of the method. The iteration of the method
was 300 times and it was applied to the different cases like different numbers of customers and vehicles. It was
compared with the methods like PSO, APSO and CSO based on the best cost and time.

III.CONCLUSION
In this paper, we have reviewed some literature and learnt from this review that the combination of the machine
learning and optimization techniques outperforms when compared with other trivial machine learning algorithms
and conventional optimization algorithms. We cannot conclude that the combination of ML and optimization will
not fix the problems of all disciplines. Despite the novel methods that give the best results for that specific cases
only. And so we need attention for all the cases and some of the methods can only be fit with small scale problems.
When we use the same method for large scale problems it may not be effective and efficient so we have to
concentrate on scalability when we creating the models. We are facing obstacles in the theoretical interpretation
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because we know how it’s working empirically and do not know the conditions prevailing. When we calibrate the
parameters it will affect the performance though we have to find how to adjust and adjusting value margin.
Mathematical framework should be done for more insights of stability, convergence, rate of convergence, and
robustness. We are applying most of the novel methods on benchmark sets only not on the real-time problems ,
sometimes it was not worked well for the real-time problems nevertheless it was worked well on the benchmark sets,
so need more attention when we choosing the benchmark sets. The majority of the methods use the performance
measures to evaluate the performances like accuracy, computational time, stability and success rate, for reasonable
and precise comparison we need unique performance measure structure. The resources for the implementation of the
algorithms are restricted and we have to consider all the resources when we model the machine. These learnings will
be useful for furthermore research.
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