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Abstract 11 

Classification is one of the most important and widely used issues in machine learning, the purpose 12 

of which is to create a rule for grouping data to sets of pre-existing categories is based on a set of 13 

training sets. Employed successfully in many scientific and engineering areas, the Support Vector 14 

Machine (SVM) is among the most promising methods of classification in machine learning. With 15 

the advent of big data, many of the machine learning methods have been challenged by big data 16 

characteristics. The standard SVM has been proposed for batch learning in which all data are 17 

available at the same time. The SVM has a high time complexity, i.e., increasing the number of 18 

training samples will intensify the need for computational resources and memory. Hence, many 19 

attempts have been made at SVM compatibility with online learning conditions and use of large-20 

scale data. This paper focuses on the analysis, identification, and classification of existing methods 21 

for SVM compatibility with online conditions and large-scale data. These methods might be 22 

employed to classify big data and propose research areas for future studies. Considering its 23 

advantages, the SVM can be among the first options for compatibility with big data and 24 

classification of big data. For this purpose, appropriate techniques should be developed for data 25 

preprocessing in order to covert data into an appropriate form for learning. The existing 26 

frameworks should also be employed for parallel and distributed processes so that SVMs can be 27 

made scalable and properly online to be able to handle big data. 28 
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1. Introduction 35 

The rapid growth of digital data production and the rapid development of scientific computing, 36 

networking, data storage, and data collectors have enabled us to generate large data sets known as 37 

big data. The concept of big data is usually characterized by three characteristics: volume, velocity 38 

and variety. Big data is expanding rapidly in all areas of science and engineering. Beyond the 39 

characteristics of this type of data, the aspects of analyzing this data and extracting new insights 40 

are of special importance[1]–[3]. 41 

SVMs have notable advantages such as high generalizability, simple presentation through only a 42 

few parameters, and a strong theoretical foundation [4]. Nevertheless, the standard SVM algorithm 43 

has been proposed for batch learning and is not suitable for online learning. Unlike batch methods 44 

that make all training samples available at once, online learning is a classic learning scenario in 45 

which training is done via providing one sample at a time[5]. An important advantage of online 46 

algorithms is that they allow for additional training whenever data are available without restarting 47 

the training process [5]. The time complexity of an SVM ranges between Ο(𝑛2) and Ο(𝑛3) [6]. 48 

Increasing the number of training samples will intensify the need for computational resources and 49 

memory. Given the properties of big data generated rapidly in large amounts, it is necessary to 50 

develop certain algorithms that can hander these data properties. This paper reviews the previous 51 

studies of SVM compatibility with online learning and SVM scalability, which can potentially be 52 

used for big data classification. To the best of our knowledge, no systematic literature review 53 

(SLR) has been conducted so far. In fact, an SLR identifies, classifies and synthesizes a 54 

comparative overview of state-of-the research and transfers knowledge in the research community 55 

[7], [8]. This study aimed to systematically identify and classify the existing methods for SVM 56 

compatibility with big data properties (i.e., massive amount and rapid generation) in order to 57 

present future research areas. The study addresses the following questions: 58 

RQ1) What is the motivation for SVM compatibility with big data properties? 59 

RQ2) What are the existing SVM-based methods and techniques that support online learning? 60 

RQ3) What are the existing SVM-based methods and techniques that support large-scale data? 61 

RQ4) What are the necessary parameters for comparing big data classifications in volume and time 62 

complexity? 63 

RQ5) What are the shortcomings and problems of the existing methods and techniques? What are 64 

the future research areas? 65 

 66 

This paper is an SLR of the latest developments in SVMs for online learning and large-scale data. 67 

For this purpose, the existing methods are analyzed, identified, classified, and reviewed. The 68 

shortcomings and problems of these methods are then identified to describe a research environment 69 

for future works. This SLR provides researchers with a description of machine learning(Table 1 70 

contains some of the most widely used concepts in machine learning)  and data analysis. The rest 71 

of this paper consists of different sections. The research methodology is discussed in Section 2, 72 



whereas the SVM is reviewed in Section 3. Moreover, Section 4 addresses the research questions, 73 

and Section 5 draws a conclusion. 74 

Table 1:  Special terms in machine learning 75 

Explain Word 
A set of machine learning techniques that require sample label Supervised 

learning 
A group of machine learning techniques that do not require labeling of sample Unsupervised 

learning 
A class of machine learning techniques that use labeled and unlabeled examples. Semi-supervised 

learning 
Variable in learning model Feature 
The process of learning data patterns by model Learning 
Model evaluation process Testing 
A set of examples used for training Training set 
A set of samples used to evaluate a model Testing set 
The ability of the model to predict the labeling of new and unseen samples Generalization 
A model that is very relevant to the training suite and may not be suitable for new data Over-fitting 
Establish a rule for classifying data into a set of categories that already exist based on the set 

of training sets 
Classification 

Grouping is a collection of objects into different clusters Clustering 
A supervised classifier that wants to find the best Hyper plane for data separation Support Vector 

Machine (SVM) 

A tree with a set of hierarchical decisions that ultimately determines the final decision Decision Tree 
A type of sample-based learning, in which predictions are only locally approximated to k 

nearest neighbors 
K-Nearest 

Neighbors (KNN) 
Is a non-circular oriented graph that shows a set of random variables and how they relate 

independently. 

Bayesian 

Networks 
A computational model based on a set of nodes called artificial neurons, which model 

biological brain neurons 

Artificial Neural 

Network 
 76 

2. Research methodology  77 

This study comprises a three-phase process that includes planning the review, conducting the 78 

review, and documenting the review. The process was based on the SLR instructions [7], [8]. 79 

Figure 1 presents the phases in detail. 80 



 81 

Figure 1: Review process 82 

2.1. Planning Review 83 

2.1.1. Identify requirements 84 

This SLR aims to identify, classify, compare, and present instructions for future studies. To the 85 

best of our knowledge, no SLR has yet been conducted to review the SVM compatibility with big 86 

data. Springer, IEEE, ScienceDirect, and ACM were also searched for a similar SLR through the 87 

following strings; 88 

(Online Support Vector Machine OR Online SVM OR Incremental Support Vector Machine OR 89 

Incremental SVM OR Large-Scale Support Vector Machine OR Large-Scale SVM OR Distributed 90 

Support Vector Machine OR Distributed SVM OR Parallel Support Vector Machine OR Parallel SVM) 91 

AND 92 

(Systematic Literature Review OR Systematic Review OR SLR OR Systematic Mapping OR Research 93 

Synthesis) 94 

 however, no SLR of SVM compatibility with big data has been found. 95 

 96 

2.1.2. Research questions 97 

This subsection presents research questions and their motivations (Table 2), whereas the scopes of 98 

research goals are defined through PICOC criteria (population, intervention, comparison, 99 

outcomes, and context) according to Table 3. 100 

 101 

 102 

 103 

 104 



Table 2 : Research questions 105 

 Research question Motivation 

RQ1 
What is the motivation for SVM 

compatibility with big data properties? 

Given the considerable advantages of SVMs matched 

with big data properties, the advantages can be used for 

classification and regression in big data. 

RQ2 

What are the existing SVM-based 

methods and techniques that support 

online learning? 

Identification, classification, and comparison of methods 

which can be used for big data classification 

RQ3 

What are the existing SVM-based 

methods and techniques that support 

large-scale data? 

Identification, classification, and comparison of methods 

which can be used for big data classification. 

RQ4 

What are the necessary parameters for 

comparing big data classifications in 

volume and time complexity? 

Identification of parameters to compare the existing 

methods and techniques 

RQ5 

What are the shortcomings and problems 

of the existing methods and techniques? 

What are the future research areas? 

Identification of existing gaps to develop the methods 

which can classify big data 

 106 

Table 3 : Scope and Goals of the SLR Criteria (PICOC) 107 

Criteria RQ1 RQ2 RQ3 RQ4 RQ5 

Population Motivation Comparing 

parameters 

Methods & 

Techniques 

Methods & 

Techniques 

Research 

Challenges & 

Future 

dimensions 

Intervention Characterization, Internal/External validation, Extracting data and synthesis 

Comparison Comparison study by mapping the primary studies in the field of large-scale and online learning 

Outcome Classification and comparison of Existing methods and hypotheses (directions) for future research 

Context A systematic investigation to consolidate the peer reviewed research in use SVMs to big data 

classification 

 108 

2.2. Conducting Review 109 

In this phase, studies are extracted in accordance with inclusion/exclusion criteria, and the resultant 110 

information is synthesized. 111 

2.2.1. Selection of studies  112 

The primary studies were selected by searching digital databases and using the snowball 113 

methodology, which act as supplementary techniques. The digital databases were ScienceDirect, 114 

ACM, Springer, and IEEE, and the search words were selected based on the instructions proposed 115 

by [8] and research motivations. The search words are presented below. Based on the needs for 116 

every digital database, different data entry styles were used. Several search attempts were made in 117 

the digital databases to reach the best compromise between recall and precision. The search was 118 

conducted on 11/05/2020. 119 

Online Support Vector Machine OR Online SVM OR Incremental Support Vector Machine OR Incremental 120 
SVM OR Fast SVM OR Incremental Learning OR Active Learning OR Online Classification OR Fast Training 121 



OR Distributed Support Vector Machine OR Distributed SVM OR Parallel Support Vector Machine OR Parallel 122 
SVM OR MapReduce SVM OR Large Scale Support Vector Machine OR Large Scale SVM OR Large Scale 123 
Learning OR Cluster Based SVM OR Scaling up SVM OR Scalable SVM OR Divide-And-Conquer SVM OR 124 
Reduced Support Vector Machine OR Reduced SVM OR Distributed Parallel SVM OR LASVM OR LSSVM 125 

 126 

In addition to searching the digital databases, the snowball methodology was used through forward 127 

and backward methods in accordance with [9], [10] so that it could act as a supplementary to the 128 

search process. For the snowball process, 11 primary studies(table 4) meeting the 129 

inclusion/exclusion criteria were used as the primary groups selected through the strategy for 130 

searching digital databases. 131 

 132 

Figure 2: Search summary and selection process of preliminary studies 133 
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Table 4 :  Selected primary studies. 141 

Paper ID Full bibliographic reference ID 
X. Wang and Y. Xing, “An online support vector machine for the open-ended environment,” Expert Syst. 
Appl., vol. 120, pp. 72–86, 2019 

1 

S. Agarwal, V. Vijaya Saradhi, and H. Karnick, “Kernel-based online machine learning and support vector 

reduction,” Neurocomputing, vol. 71, no. 7–9, pp. 1230–1237, 2008 
2 

Y. Liu, Z. Xu, and C. Li, “Distributed online semi-supervised support vector machine,” Inf. Sci. (Ny)., vol. 

466, pp. 236–257, 2018 
3 

Y. Zhang, G. Cao, B. Wang, and X. Li, “A novel ensemble method for k-nearest neighbor,” Pattern Recognit., 

vol. 85, pp. 13–25, Jan. 2019 
4 

Y. Ma, Y. He, and Y. Tian, “Online Robust Lagrangian Support Vector Machine against Adversarial Attack,” 
Procedia Comput. Sci., vol. 139, pp. 173–181, 2018. 

5 

X. J. Shen, L. Mu, Z. Li, H. X. Wu, J. P. Gou, and X. Chen, “Large-scale support vector machine classification 

with redundant data reduction,” Neurocomputing, vol. 172, pp. 189–197, 2016. 
6 

B. Xu, S. Shen, F. Shen, and J. Zhao, “Locally linear SVMs based on boundary anchor points encoding,” 
Neural Networks, vol. 117, pp. 274–284, 2019. 

7 

T. I. Dhamecha, A. Noore, R. Singh, and M. Vatsa, “Between-subclass piece-wise linear solutions in large 

scale kernel SVM learning,” Pattern Recognit., vol. 95, pp. 173–190, 2019. 
8 

F. Alamdar, S. Ghane, and A. Amiri, “On-line twin independent support vector machines,” Neurocomputing, 

vol. 186, pp. 8–21, 2016 
9 

J. Zheng, F. Shen, H. Fan, and J. Zhao, “An online incremental learning support vector machine for large-

scale data,” Neural Comput. Appl., vol. 22, no. 5, pp. 1023–1035, 2013. 
10 

X. J. Shen, L. Mu, Z. Li, H. X. Wu, J. P. Gou, and X. Chen, “Large-scale support vector machine classification 

with redundant data reduction,” Neurocomputing, vol. 172, pp. 189–197, 2016 
11 

 142 

The selection process includes two tasks, the first of which is to completely define 143 

inclusion/exclusion criteria, whereas the second one is to make real use of these criteria for 144 

selecting the primary studies [7]. Table 5 presents the inclusion/exclusion criteria: 145 

Table 5: Inclusion/ Exclusion Criteria 146 

Criteria 

Inclusion 

Quality scientific papers that have been reviewed and 

contain significant content on the compatibility of the 

support vector machine with large-scale data and online 

learning. 

Exclusion 

Articles in languages other than English. 

Short research articles (less than 4 pages). 

Research articles that are not a primary research study. 

Articles that do not explicitly provide an online learning 

approach for SVM. 

Articles that do not explicitly provide a way to scale 

SVM. 

Any kind of gray literature (books, lectures, posters, 

prefaces, editorials, education, ...). 

Types of research theses or PhD, master's and bachelor's 

theses. 

 147 
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3. Support Vector Machine 150 

The classification problem includes a rule for grouping data into a set of predetermined categories 151 

based on the training set. Vapnik introduced the SVM as a kernel-based machine learning model 152 

for classification and regression problems. In fact, the SVM is among the most popular and 153 

promising classification algorithms [11], [12]  based on the VC dimension and developed through 154 

the statistical learning theory and the structural risk minimization principle [4], [11]. The success 155 

of an SVM lies in its good generalizability and convergence [13]. In addition to SVMs, there are 156 

many other good classification techniques such as the KNN algorithm [14], [15], Bayesian 157 

networks [16], [17], artificial neural networks[18], [19], and decision trees [20]. The KNN 158 

algorithm is very simple to implement but is slow to handle big data and is very sensitive to 159 

irrelevant parameters [14], [15]. The decision tree is a classifier that has widely been used. It is 160 

faster than other techniques in the training phase but is inflexible in parameter modeling [21], [22]. 161 

Neural networks have extensively been used in many applications; however, many factors such as 162 

learning algorithms, number of neurons in every layer, number of layers, and data representation 163 

should be considered in the development of neural networks [23], [24]. 164 

Using a training dataset, the SVM creates an optimal hyperplane which separates two classes with 165 

the maximum margin. This process is based on the structural risk minimization principle that 166 

reduces the model generalization error by minimizing the mean squared error in the training set. 167 

This is the same philosophy used often by empirical methods for risk minimization [25]. The 168 

maximum margin between two classes is equal to the minimum VC dimension[4], [26]. If this 169 

hyperplane is very appropriate for training data, the model starts learning training data instead of 170 

learning generalization, something which reduces the generalizability of the classifier. The SVM 171 

aims mainly to separate classes in a training set through a hyperplane that has the maximum margin 172 

between classes. In other words, the SVM allows for the maximization of generalizability. The 173 

SVM solution is obtained by minimizing the following objective function. 174 

)1( 
Min J(w, b, ξ) = 12 ‖W‖2 + C ∑ ξipℓ

i=1  s. t:     yi(𝐰. 𝐱i + b) ≥ 1 − ξi i = 1, … , ℓ 

 

 

Where 𝐰ϵℝn is an ordinary vector of the plane, and bϵℝ shows the offset. Moreover, ξi ≥ 0 is the 175 

slack variable that measures the classification error, whereas Cϵℝ is an error penalty coefficient. 176 

Finally, p is usually either 1 or 2. This problem is defined by introducing both coefficients αi and 177 μi in a Lagrangian formulation. The following equation is then minimized if μi, αi ≥ 0: 178 

)2( LP = 12 ‖w‖2 − ∑ αiℓ
i=1 (yi(𝐰. 𝐱i + b)) − 1 + ξi + C ∑ ξipℓ

i=1 − ∑ μiξiℓ
i=1   

Under the Karush–Kuhn–Tucker (KKT) conditions, the following equation will then be obtained: 179 

 180 



)3( ∂L∂𝐰 = 𝐰 − ∑ αiyi𝐱i = 0ℓ
i=1   

Where 𝐰 = ∑ αiyi𝐱iℓi=1 . Therefore, the estimation function can be defined as below: 181 

)4( f(𝐱) = ∑ αiyi𝐱. 𝐱i + bℓ
i=1   

Usually, 𝐱i is mapped onto a higher limited-dimension space (a feature space) through a nonlinear 182 

mapping Φ(𝐱) to improve the SVM distinguishability power. The SVM core is called the kernel 183 

function defined as K(a, b) = Φ(a). Φ(b), in which the boldfaced parameters show either a matrix 184 

or a vector, and the kernel dimensions refer to the feature space dimensions. The famous kernels 185 

are polynomial (with limited dimensions) and Gaussian (with limited dimensions). Equation 4 is 186 

rewritten as below: 187 

)5( f(𝐱) = ∑ αiyiK(𝐱. 𝐱i) + bℓ
i=1   

After LP is minimized, some of the αi parameters (in fact, most of them in practical applications) 188 

are equal to zero. The nonzero ones are called the support vectors (SVs) on which the SVM 189 

solution depends [27]. 190 

 191 

4. Review of research questions 192 

RQ1) What is the motivation for SVM compatibility with big data properties? 193 

Despite many advantages of SVMs, they have special weaknesses including high complexity, 194 

parameter selection, difficulty of online and multiclass classification, and efficiency in unbalanced 195 

datasets [25], [28]–[32]. The advent of big data has pressured many of the machine learning 196 

methods that have also been challenged by big data properties[33]. The most important challenge 197 

is to encounter the massive amount and high generation speed of data, which cannot be handled 198 

by many learning algorithms. The main flaw of an SVM might be its high computational cost in 199 

large-scale data classification. Since training an SVM needs a quadratic programming problem to 200 

be solved, the training process becomes slow and requires a massive amount of memory. The 201 

traditional SVM acts as a closed system. In other words, the SVM parameters are frozen after the 202 

training process ends. This strategy makes the SVM incompatible with online learning 203 

environments [34]. In some of the real-world problems, data might be made available sequentially 204 

but not completely all at once. Online learning is an important machine learning problem with 205 

theoretical characteristics and an interesting model. The advent of big data and its recent 206 

applications (e.g., bioinformatics and personal medicine), online learning has drawn a great deal 207 

of attention. Although online learning has been successful in many applications, it is necessary to 208 

improve such limitations as the low efficiency of online learning, high-dimensional disaster 209 

problems, instability of test accuracy in online learning, and effects of noise data [35]. Given its 210 

considerable advantages in conventional learning, the SVM is expected to be used as the main 211 

option for the process of online learning in order to achieve the best performance[36]. 212 



 213 

Figure 3: Scaling methods for SVM 214 

 215 

RQ2) What are the existing SVM-based methods and techniques that support large-scale data? 216 

Different strategies have been proposed for SVM training in large-scale datasets so far. They can 217 

be categorized as five classes: reduce samples, decomposition, using parallelization, improving 218 

solvers, and incremental learning. 219 

 220 

Table 6: Number of methods for scaling 221 

Method used Number of Papers 

Reduce samples 36 

Decomposition 12 

Parallelism 18 

Improved Solvers 20 

Incremental Learning - 

 222 

 Reduce samples 223 

This approach aims to select a subset of training samples to scale down the training data before 224 

the process of training the SVM[37]. The training dataset size is decrease in this method by 225 

eliminating the samples playing no roles in the definition of the separating hyperplane. Simple 226 

random sampling (SRS) is among the first techniques for scaling down the training set by selecting 227 

a subset of training samples to train the SVM. The Reduced SVM algorithm was proposed in [37] 228 

to use SRS and employ a subset containing 1–10% of training samples. In fact, SRS has a low 229 

computational cost and is considered an appropriate selection scheme in terms of several statistical 230 

criteria; however, the standard offset of classification accuracy is often large in this technique[38]. 231 

SRS was employed in [38]–[40] to select a subset of training samples. Sampling was performed 232 



in [41]–[43] by determining the selection probability for every sample to train the SVM with the 233 

selected samples. The probabilities were then updated, and the probability of false classification 234 

increased. This process was iterated several times. The Systematic Sampling Reduced SVM 235 

algorithm was proposed in [44], [45] to select informative data points to create the reduced set. 236 

Unlike the reduced SVM [37] which employs the random selection scheme, the process starts with 237 

a small set first in this method. Some of the falsely classified points are then added iteratively to 238 

the reduced set based on the linear classifier. This process continues until the validation set 239 

accuracy is large enough. 240 

Other methods of dataset reduction use the distance between samples and the optimal hyperplane 241 

through such metrics as Euclidean distance[46], Hausdorff distance[47], [48], and Mahalanobis 242 

distance[49]. These methods try to select the samples that are closer to the opposite class and 243 

probably have higher chances of being selected as the support vector. 244 

Another class includes data size reduction techniques which use active learning[50]–[52]. A set of 245 

training samples was employed in [53] to increase the classifier scalability. The samples were 246 

selected heuristic. 247 

Other techniques include clustering-based sample reduction. In [54], the core vector machine 248 

(CVM) was proposed to select a kernel set by solving a minimum enclosing ball (MEB) problem 249 

regarded as a simple version of MEB. Nevertheless, both CVM and MEB provide the appropriate 250 

solutions when there is a small number of support vectors in terms of the training set; otherwise, 251 

training will be very time-consuming. In [55], an extension of CVM [54] was proposed by keeping 252 

the ball radius constant; therefore, it was not necessary to minimize it. The cluster base SVM (CB-253 

SVM) was proposed in [56] to manage massive datasets. In fact, the CB-SVM applies a 254 

hierarchical micro-clustering algorithm that scans the entire dataset only once to propose an SVM 255 

with high-quality samples having statistical summaries of data. The cluster-SVM algorithm was 256 

introduced in [57] by dividing the clustering data into several clusters first and then using the 257 

cluster representatives for training the SVM in order to nearly identify SVs and non-SVs. The 258 

support cluster machine (CSM) algorithm was proposed in [58] by adopting a compatible kernel-259 

probability product kernel, which can manage similarity not only between clusters in the training 260 

phase but also between a cluster and a vector in the test phase. The clustering reduced SVM 261 

algorithm was introduced in [59] by developing the SVM model through the RBF. In this method, 262 

the clustering algorithm is employed to create the cluster centroids of every class in order to create 263 

the reduced SVM working set. Like most of the clustering-based method, the paper reviewed by 264 

[60] tried to find the boundary points between two classes which would be the most qualified 265 

samples for training. In this method, the dynamically growing self-organization tree algorithm was 266 

used for clustering. The MEB was used in [61] to propose a classification method for dividing the 267 

training data through the proposed method to use the cluster centroids for classification. After that, 268 

classification was performed by using either the clusters whose centroids were SVs or other 269 

different classes. Most of the data were eliminate in the second step. A combination of SRVM and 270 

K-mode clustering KMO-SVM was proposed in [62] to classify big datasets. The C2LSVM 271 

algorithm was proposed in [63] by developing the local SVM algorithm based on cooperative 272 

clustering. Other algorithms can be found in [64], [65]. 273 



Some techniques use the neighborhood characteristics of SVs to reduce the training dataset size. 274 

For instance, the neighborhood entropy was employed in [66]; however, only the models existing 275 

around the decision boundary were used in [67]. The same procedure for fuzzy C-mean clustering 276 

was employed in [68] to select samples on class distribution. The clustering-based SVM training 277 

was used in [69] to eliminate the data that were farther from SVs. The data points existing in the 278 

inner layer of a cluster were considered non-SV points and were then eliminated; however, the 279 

data points scattered in the external layer were regarded as the SV points and were then retained. 280 

In this method, the Fisher ratio and cluster data point distribution were employed to determine the 281 

boundary between the cluster data points and the data points scattered in a cluster. 282 

Basic functions were used in [70] to develop a classifier. The independent linear vectors were used 283 

in [31] for SVM training; moreover, this method was extended in  [71] to use the twin SVM instead 284 

of the SVM. 285 

In [72], an algorithm was proposed to identify and remove the unnecessary SVs that would have 286 

no effects on the solution. A method was proposed in [73] to select a subset of vectors that would 287 

operate directly by creating a vocabulary of vectors; however, this formulation was not convex. 288 

 289 

Figure 4: Number of papers submitted for SVM scalability 290 

 Decomposition 291 

The decomposition methods are based on the fact that the training time can be reduced if the active 292 

limitations of the quadratic programming (QP) problem are considered [66]. A similar idea of 293 

active methods is also employed for optimization in decomposition techniques; however, two sets 294 

(a working set and a set of constant variables) are used in the active set method, and optimization 295 

is performed only on the working set. In the SVM problem, the working set usually consists of the 296 

items which violate the KKT conditions. An advantage of the decomposition method is that it 297 

needs memory in proportion to the number of linear training sets [25]. These methods are sensitive 298 

to the selection of the working set because only a fraction of variables is considered in every 299 

iteration. If these elements are not selected accurately, the process will be time-consuming[29], 300 

[74]. The convergence of these methods was also proven[75]. Chunking is among the earliest 301 
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decomposition methods [76]. It obtains the maximum margin from a number of samples and then 302 

creates a new chunk with the SVs of the previous solution and some of the new samples. The 303 

sequential minimum optimization (SMO) was proposed in [77] to convert the main QP problem 304 

into a series of smaller QP problems, each of which would optimize only a subset of size 2. This 305 

algorithm is faster than the chunking algorithm. Using the boost SMO algorithm[78], the Platt’s 306 

SMO algorithm can become faster. The LIBSVM[79] is an SMO-based algorithm with advanced 307 

improvements in the working set selection mechanism through the second-order information 308 

method previously proposed in [80]. The SVMLight is another advanced method of decomposition 309 

proposed in [81]. A parallel optimization phase was introduced in [82] by using the diagonal matrix 310 

block estimate the original kernel matrix in order to divide the SVM classification into hundreds 311 

of sub-problems. A superior recursive and computational mechanism was proposed in [83] as the 312 

adaptive partitioning technique which would operate based on the piece-wise linear decision 313 

function. This method uses a non-Gaussian criterion for extracting the subclass of data and also a 314 

new formulation of the optimization problem obtained from the subclass information. In [84] the 315 

Cluster SVM (CSVM) algorithm is introduced which controls the data in the form of division and 316 

conquer. This algorithm groups the data into several clusters, in each of which a linear SVM is 317 

trained. A local classification was proposed in [85] to achieve efficiency based on coding the 318 

boundary anchor points. The LLBAP (Locally Linear SVMs model based on Boundary Anchor 319 

Points) divides the linear inseparable data into nearly dividable segments by scanning the boundary 320 

points and local coding. A linear SVM is then used in each segment of data to solve the problem. 321 

The subclass reduced SVM (SRS-SVM) algorithm was proposed in [86] to select the subclass 322 

structure of data to effectively estimate the set of candidate SVs. Since SVs account partially for 323 

the training set cardinality, the training set reduces with no change in the decision boundary. This 324 

method depends on the input data domain knowledge, i.e., the number of subclasses. The 325 

hierarchical SRS-SVM algorithm was proposed to decrease dependency on the domain knowledge 326 

and also sensitivity to the subclass parameter. It is a hierarchical and improved model of SRS-327 

SVM. Since both methods divide the original optimization problem into several optimization sub-328 

problems, both can be parallelized. The SVMTroch algorithm [87] used the working set and 329 

shrinking to improve the training time in regression problems. Basically considered a stochastic 330 

sub-gradient descent optimization algorithm, the Pegasos algorithm [88] employed the 331 

decomposition technique to reduce the training time. 332 

 333 

 Parallelization 334 

Some other techniques use parallelization or distributed computation to handle large-scale data. It 335 

is difficult to perform the parallel and distributed implementation of a QP problem, for there is 336 

great dependency between data [30]. Most of the parallel methods of SVM training divide the 337 

training set into independent subsets for training the SVM in different processors. A method was 338 

proposed in [82] to estimate the SVM kernel matrix through a block of diagonal matrices to convert 339 

the original optimization problem into hundreds of sub-problems, which can easily be solved 340 

through parallelization methods. The training set was divided into m random subsets which were 341 

then trained separately in [89]. The data were divided into several subsets on which the 342 

optimization operations were performed in [6]. The results of each subset were then combined and 343 



filtered in a cascade of SVMs. This method can be distributed on multiple processes with the 344 

minimum communication overhead because the matrices are small and require low memory. A 345 

distributed incremental algorithm was proposed in [90] for nonlinear kernels. In this method, LS-346 

SVM[91] was employed to develop the algorithm. Moreover, a distributed algorithm (as opposed 347 

to parallelization) of SVM was proposed in [92]. It was assumed that the training data followed 348 

the same distribution and were locally stored in different spots that could be processed. For this 349 

purpose, two approaches were employed. The first approach benefited from a distributed naïve 350 

chunking technique in which SVs were exchanged, whereas the second approach used a distributed 351 

semi-parametric SVM to reduce the interactions between machines for privacy retention. In [93], 352 

the distributed parallel SVM (DPSVM) algorithm was proposed in a configurable network 353 

environment for distributed data mining. The main idea is that SVs should be exchanged in a 354 

strongly connected network so that several servers can work simultaneously with distributed 355 

datasets at a limited communication cost but a high speed. A parallel SVM algorithm was proposed 356 

in [94]. The authors claimed that it increased the SVM speed unprecedentedly. This algorithm 357 

decreased the SVM time complexity to O(np/m) in which p indicates the dimensions of a reduced 358 

matrix after factorization p is much smaller than n, whereas m refers to the number of machines 359 

used. The distributed parallel SVM algorithm was proposed in [90] to distribute data among 360 

different nodes which were prevented from communicating with the central processing unit (due 361 

to communication complexity, scalability or privacy). The MapReduce SMO algorithm was 362 

proposed in [95]. The MapReduce SMO algorithm divides the training suite into m random subset 363 

of same size, and each partition is assigned to a Map task. Each Map function is trained on a 364 

partition and its output is a partial weight vector and a value of b. Finally, the algorithm calculates 365 

the total weight vector and mean of b. The resource-aware SMO (RASMO) algorithm was 366 

introduced in [96] to optimize the SVM in a parallel framework based on the MapReduce model 367 

by dividing the training set into smaller partitions and using a cluster. In this algorithm, the load 368 

balancing scheme is based on the genetic algorithm designed for the algorithm performance 369 

optimization in heterogeneous environments. The paper reviewed by [97] adopted a similar 370 

procedure to [96]. The parallel algorithm to SVM was proposed in [98] to divide the dataset into 371 

K clusters by using the K-means algorithm and then develop the nonlinear SVM model on local 372 

data. After that, it labels the decision trees of SVMs to the terminal nodes. A combination of SVM 373 

and decision tree was proposed in the semi-supervised SVM (S3VM) in [99] for labeled and 374 

unlabeled data in a network of interconnected agents, in which data were distributed on machines. 375 

In this method, communications are only limited to the neighboring agents, and there is no 376 

coordination reference. The distributed gradient descent algorithm and the NEXT framework were 377 

employed to find a solution based on sequential convexity of the main problem. A distributed 378 

online semi-supervised algorithm was proposed in [100] to use a series of anchor points adaptively 379 

through an online strategy. This method benefits from a random sparse mapping to estimate the 380 

map of kernel features. This mapping can estimate the model parameters without transferring the 381 

original data jointly between neighbors (to respond to privacy protection concerns). This algorithm 382 

is efficient in cases where data have limited labels. Other parallel implementations of SVM can be 383 

seen in [101]–[104]. 384 

 385 



 Improving Solvers 386 

Some of the SVM methods aim to accelerate the training process by improving the solver. A few 387 

of these techniques improve the SVM training time by losing a level of accuracy[74]. These 388 

methods make some changes to the original QP formula. An instance of these methods is the least 389 

square SVM (LS-SVM)[91]. This classifier transforms the objective function into a series of linear 390 

equations by changing the initial formulation. Introduced in [105], the proximal SVM also acts 391 

like the LS-SVM. 392 

In [59], a method was proposed to reduce the number of necessary SVs. The reduction process 393 

repeatedly selects and combines the two nearest SVs belonging to the same class. In [106], by 394 

adding a new constraint to SVM, the classification sparsity is controlled and a method for solving 395 

the formulated problem is proposed. Basically, the proposed approach finds a subspace that can 396 

be covered by a small number of vectors. This subspace separates different classes of data linearly. 397 

In [107], a new method was developed to solve the linear SVM through the L2 loss function using 398 

the Modified Finite Newton Method, which suits large-scale data mining tasks such as text 399 

classification. In [89], a cutting-plane algorithm was proposed to train a linear SVM. The proposed 400 

algorithm can perform classification with O(SN), in which S indicates the number of nonzero 401 

features. According to the authors, this method operates many times faster than the SVMLight in 402 

big data. In [108], a new method called the dual coordinate descent was proposed for the linear 403 

SVM with L1 and L2 loss functions. The authors claimed that the proposed method was faster than 404 

other solvers such as Pegasos, TRON, SVMPref, and the primal coordinate descent implementation. 405 

In [72], an algorithm was proposed to identify and eliminate unnecessary SVs without changing 406 

the solution. In [109], a local linear SVM was proposed with smooth bound and bounded curvature 407 

to obtain the classifier solution through local coding. In addition, the stochastic gradient descent 408 

can be adopted to optimize the model online with the same model convergence guarantee. In [110], 409 

the H-SVM algorithm was proposed based on an oblique decision tree, in which the nodes are split 410 

based on a linear SVM to reduce both the training and test time (it is necessary for cases purposes 411 

such as fraud detection and intrusion detection to reduce the test time). This method can also be 412 

parallelized. In [61], the PWL-SVM algorithm was proposed to implement a piecewise SVM 413 

method through the piecewise feature mapping. In [111], a method was developed to propose the 414 

piecewise-linear structure in a multiclass scenario based on the latent SVM formulation. In [112], 415 

a new version of the Frank-Wolf(FW) algorithm was proposed to accelerate the basic FW 416 

procedure convergence, in which the formulation focuses on the concavity maximization. Having 417 

a hierarchical structure with a linear SVM composite in every node, the HMLSVM(Hierarchical 418 

Mixing Linear Support Vector Machines) algorithm was proposed in [113]. 419 

The geometric methods of SVM are based on the calculation of the optimal separating hyperplane 420 

that finds the nearest points to the convex hull [114]. In addition to heuristic methods such as [115], 421 

[116], alpha seeding was proposed in [115], [116] to estimate the initial value of 𝛼𝑖 to start the QP 422 

problem. In [117], the decision tree was employed to propose an SVM decision boundary 423 

approximation method. In addition, the SVM was integrated with the decision tree to develop 424 

novel methods in [118], [119]. 425 

 426 



 427 

Figure 5: Type of papers submitted for SVM scalability 428 

 429 

 Incremental learning 430 

Laying the foundation for online learning, the incremental learning methods can also lead to 431 

learning scalability. Since the incremental learning techniques are employed to apply online 432 

incremental learning to the model, it is reviewed in the next subsection. 433 

 434 

RQ3) What are the existing SVM-based methods and techniques that support online 435 

learning? 436 

Many attempts have so far been proposed to apply online learning and incremental learning to the 437 

SVM. They can be categorized as three groups [71], i.e. 1) Unbounded: these methods make no 438 

attempt to reduce the solution, and the solution size expands by increasing the number of input 439 

samples. 2) Amender: these methods try to prevent the problem solution growth by decreasing the 440 

current problem dimensions. 3) preventive: these methods seek to prevent the new sample from 441 

being added to the problem solution if the new sample has no effect on the solution. 442 

 443 

Figure 6: Apply online learning on SVM 444 
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 Unbounded methods for online and incremental learning 445 

In [120]–[122], a method was proposed for the SVM compatibility with incremental learning by 446 

performing the learning process through data batches based on the batch SVM. In [123], online 447 

learning was considered with kernel reproduction in the Hilbert space. The classic SGD was also 448 

used in a feature space along with certain techniques to develop a simple but efficient algorithm 449 

for classification and regression problems. In [124], a similar algorithm was proposed by using a 450 

novel implicit updating technique. An incremental algorithm was also proposed in [5] where the 451 

authors claimed that it would accelerate the incremental SVM by 5 to 20 rates. The acceleration 452 

was based on the numerical storage operations. In [90], a distributed parallel incremental algorithm 453 

was developed based on the LS-SVM for big data classification. In [125], the Lagrangian SVM 454 

(LSVM) algorithm was introduced as an improved version of the linear SVM algorithm. The 455 

solution was obtained from an iterative scheme with linear convergence by using the previous 456 

calculations. The LSVM aims to look for a hyperplane in an (n+1)-dimensional space instead of 457 

an n-dimensional space. The SMO was employed in [126] to propose the LSVM algorithm, which 458 

is closer to the explicit solution yielded by the SVM. It also provides online learning. In this 459 

method, the working set is replaced in the SMO phases to improve speed and accuracy 460 

significantly. Moreover, a second-order greedy working set selection strategy is put in every step 461 

to increase progress. In [127], an online incremental SVM algorithm was proposed for large-scale 462 

data by using two LPs(learning prototypes) and LSVs(learning Support Vectors). The LPs learn 463 

the prototype, whereas the LSVs integrate LPs with previous SVs to create a new SVM. An online 464 

semi-supervised algorithm was proposed in [100] by using a series of anchor points selected 465 

adaptively through an online strategy. This algorithm is efficient in cases with a limited number 466 

of labeled data. Based on LSVM, an online robust algorithm was selected in [128] to make a simple 467 

change to the kernel matrix. This algorithm is useful when the new data points might be 468 

contaminated (i.e., the label is changed by an attacker). Since the online learning model is more 469 

sensitive to contamination; therefore, it is affected to a greater extent if it is exposed to a 470 

contaminated sample. Therefore, the algorithm is made robust to deal with such cases. 471 

 472 

Figure 7: Number of articles submitted for online and incremental learning 473 
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 Amender Methods 475 

In [129], a recursive online algorithm was proposed by presenting one sample every time. The 476 

learning method is reversible; therefore, unlearning is also possible in this method. The multiple-477 

version of this method was also proposed in [130] to reduce the training time, learn, or unlearn 478 

multiple samples. In [131], an incremental SVM was proposed to learn and unlearn a single sample 479 

or multiple samples and adapt the current SVM by changing the configurations and kernel 480 

parameters. In [132], an incremental algorithm called the I-SVM was proposed to accelerate the 481 

training process and reduce the need for storage by throwing away some historical samples. In 482 

[133], an online SVM was proposed by reducing the number of previous samples used for 483 

prediction to minimize the need for memory. Previous algorithm was expanded in [134], It is also 484 

free of the presence of noisy samples and can also be used for batch cases. In [135], the LASVM 485 

algorithm was introduced to accelerate the training process by selecting active samples. This 486 

method benefits from the pairwise optimization principle for online learning. It also defines two 487 

direction operations called the PROCESS and the REPROCESS. The process tries to enter the new 488 

sample into the current set of SVs, whereas the reprocess aims to reduce the number of SVs. In 489 

online iterations, the algorithm switches between the single executions of these two operations. In 490 

[136], an incremental algorithm was proposed for the SVM by dividing the dataset into several 491 

segments, each of which was employed to select training samples through the K-means algorithm. 492 

After that, every sample was given a weight in the active query based on the sample coefficient 493 

and distance from the hyperplane. A criterion is developed to eliminate non-informative training 494 

samples incrementally. In [137], a TS-type fuzzy classifier called the ISVM-FC was proposed. 495 

This classifier can be employed when data are available sequentially. First, there is no fuzzy rule 496 

for learning the structure through the ISVM-FC. The rules are generated with respect to the 497 

distribution of training data. The ISVM is employed to regulate the parameters of rules to improve 498 

the classifier generalizability. The incremental learning can also be utilized to exclude the previous 499 

training data based on their distance from the hyperplane in order to improve the classifier 500 

efficiency. In [138], a single-class incremental classifier was proposed. In fact, the single-class 501 

classification is among the most challenging areas of machine learning in specific areas such as 502 

medical analysis. The proposed algorithm is called the ICOSVM(incremental Covariance- guided 503 

One-Class Support Vector Machine) which improves the classifier efficiency by relying on the 504 

low-variance direction. After the new sample arrives, previous SVs are controlled in this method, 505 

which can be implemented on large-scale stream data. 506 

 507 

Table 7: Number of articles for incremental and online learning 508 

Method used Number of Papers 

Unbounded 12 

Amender 10 

Preventative 6 

 509 

 510 



 Preventive Methods 511 

In [139], the OSVC(online support vector classifier) algorithm was proposed for sequential data. 512 

In this method, the SVM is first trained with the existing data to determine the decision boundary. 513 

If the new sample is classified correctly when it arrives, it means that it is not an SV; therefore, it 514 

will be ignored. If the new sample violates the KKT conditions, it is considered an SV; thus, the 515 

decision boundary is updated. In [140], the concept of span of SV was proposed by Vapnik to 516 

develop a classifier. In addition to meeting spatial and temporal constraints, it yields acceptable 517 

performance. The idea of using the span is that it can directly affect the bounded generalization 518 

error. In this method, there is a constraint on the number of SVs. Every sample that is classified 519 

wrongly should be verified for inclusion. After that, a previous SV should be excluded. The 520 

memory is free of SVs at first. In the SV set, the points are replaced if they have the maximum S-521 

span reduction. In [31], an online algorithm called OISVM(On-line Independent Support Vector 522 

Machines) was proposed. It converges nearly on the ideal solution to the SVM. Like the kernel-523 

based algorithms, OISVM generates a hypothesis through the samples which have been observed 524 

so far. These samples are called the base. The new samples can be placed in the base only if they 525 

are linearly independent of the current base set in the feature space. The method introduced in [71] 526 

is the extended version of OISVM that uses the twin SVM for training and improves the algorithm 527 

time complexity. In most of the online SVMs, the classifier is retrained with previous SVs and the 528 

newly arrived samples. The maintained system usually loses its performance due to the loss of 529 

much information on data. To solve this problem, an online algorithm was proposed in [34]. The 530 

proposed algorithm includes a representative prototype area (RPA) that represents the previous 531 

historical data. In the RPA, every class is retained by an online incremental feature mapping that 532 

includes a sample set of stream data automatically. 533 

 534 

Figure 8: Type of articles for incremental and online learning 535 

 536 

In [35], an accelerative model was proposed for online SVM learning based on the window 537 

technology of KKT conditions. It is not an independent online algorithm but can be considered a 538 
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facilitator for the other online algorithms. This algorithm develops a working set of SVMs with a 539 

fixed window including the samples that violate KKT conditions. As a result, not only does the 540 

model create the training samples of the same size, but it is also guaranteed that the samples are 541 

useful for updating the hyperplane and can mitigate the noise effect by adjusting the KKT window 542 

and penalty coefficients. 543 

 544 

Figure 9: Type of articles 545 

RQ4) What are the necessary parameters for comparing data classifications in volume and 546 

time complexity? 547 

According to the literature review, the common performance evaluation criteria include accuracy, 548 

CPU time, and the number of support vectors described as below. 549 

 550 

Classification Accuracy: 551 

The performance calculation criteria are employed to evaluate the classification algorithm 552 

performance (Table 8). 553 

 554 

Table 8: Confusion matrix 555 

 Actually Positive Actually Negative 

Predicted Positive TP FP 

Predicted Negative FN TN 

 556 

Moreover, evaluation criteria are defined as sensitivity (SN), specialty (SP), G-mean, and accuracy 557 

(ACC) for a binary classification problem. 558 𝑺𝑵 = 𝑻𝑷𝑻𝑷 + 𝑭𝑵                𝑺𝑷 = 𝑻𝑵𝑻𝑵 + 𝑭𝑷 559 
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 560 𝑮 − 𝒎𝒆𝒂𝒏 = √𝑺𝑷 ∗ 𝑺𝑵 561 

 562 

𝑨𝑪𝑪 = 𝑻𝑷 + 𝑻𝑵𝑭𝑷 + 𝑻𝑵 + 𝑻𝑷 + 𝑭𝑵 563 

 564 

 565 

Number of Support Vectors: 566 

This criterion is the mean number of support vectors employed to develop the hyperplane. 567 

 568 

CPU Time: 569 

This criterion is the mean time required to create the hyperplane. 570 

 571 

RQ5) What are the shortcomings and problems of the existing methods and techniques? 572 

What are the future research areas? 573 

Big data are characterized mainly by volume, velocity, and variety. A characteristic of big data is 574 

the massive size of data produced heterogeneously in high dimensions. Information collectors use 575 

specific schemes and structures to record data, whereas different applications lead to the 576 

presentation of different data. In such conditions, heterogeneous features and data of different 577 

dimensions will result in different representations. This problem is a serious challenge to the 578 

collection and combination of data from different sources [141], [142]. The next problem is the 579 

presence of independent sources with decentralized distributions and control, something which is 580 

a major challenge to the applications of big data. Every source is independently able to generate 581 

and collect information without relying on a central control framework. In addition, the complexity 582 

of data relationships will intensify if big data expand. Therefore, it is necessary to consider the 583 

complicated relationships of data (nonlinear and many-to-many) along with the ongoing changes 584 

in order to extract useful models from big datasets [141]. Machine learning provides great potential 585 

and constitutes a necessary component for big data analysis [143]. The advent of big data has 586 

created many opportunities for machine learning. At the same time, big data features have 587 

challenged machine learning. The challenges posed to machine learning by big data include high 588 

dimensions, model scalability, distributed computation, data stream, compatibility, etc. 589 

In such conditions, classification algorithms must change effectively to encounter and classify big 590 

data. The first problem is the variety of data. Most of the classification algorithms can work with 591 

a specific type of data, whereas big data might include structured, semi-structured, and 592 



unstructured data. Hence, data should be transformed into an appropriate form for learning in an 593 

initial preprocessing step. For this purpose, it is necessary to perform the right preprocessing 594 

operations on data with respect to the input data. These operations might include feature selection, 595 

sample reduction, noise elimination, and data annotation. Therefore, the existing methods of data 596 

preprocessing should be evaluated with respect to their applications and then adopted to meet the 597 

need for desirable changes. For instance, the annotation of unstructured data can be employed in 598 

the classification process. 599 

The next problem includes massive size of data and high-speed data generation. In other words, 600 

data are continuously generated at a high rate. Therefore, the proposed learning algorithms should 601 

be both scalable and compatible with online learning conditions. Processing such massive data 602 

would require the use of parallel or distributed computation, for which MapReduce[144] and 603 

Spark[145] frameworks can be used. Google MapReduce provides an efficient and effective 604 

framework for parallel processing of big data. Moreover, the Google file system (GFS) [146] can 605 

be used along with this framework to provide distributed, reliable, and efficient data storage for 606 

big datasets. Furthermore, MapReduce can be employed to provide an abstraction of problems 607 

such as distributed programming and support effective and efficient parallelization. MapReduce is 608 

implemented by considering certain problems such as load balancing, network throughput, and 609 

error tolerance. The Apache Hadoop[147] project is among the most popular and widely used 610 

open-source implementations of MapReduce programmed by Java. The MapReduce model 611 

includes two separate steps called Map and Reduce. In fact, Map is an initial conversion step in 612 

which the input records are processed in parallel manner, whereas Reduce is a summarization step 613 

in which all of the related records are processed together [97]. 614 

Spark is a cluster computation technology implemented for rapid computation. Based on 615 

MapReduce, Spark develops this model to support all different types of computations. Spark is 616 

mainly characterized by the in-memory cluster processing which accelerates the processing speed. 617 

In fact, Spark supports a wide range of applications including batch applications, iterative 618 

algorithms, interactively query, and data stream. Moreover, Spark mitigates the difficulty of 619 

managing different maintenance tools. MLLIB[148] is one of the components of Spark, which is 620 

an open source distributed library for machine learning. This library provides functions for a wide 621 

range of learning applications and includes basic statistical primitives, optimization and linear 622 

algebra. MLLIB, along with Spark, supports several languages including Java, Scala, Python, and 623 

R, and provides high-level APIs.  624 

An important feature of Spark is the reuse of a working set of data among several parallel 625 

operations, something which is also necessary in many machine learning algorithms and also 626 

interactive tools of data analysis. In addition to supporting such applications, Spark maintains 627 

scalability and error tolerance of MapReduce. For this purpose, Spark introduces an abstraction 628 

called the resilient distributed datasets (RDD), which is a read-only set of objects partitioned 629 

among a set of machines and can be recreated if the partitions are destroyed. In machine learning 630 

applications, Spark can operate 10 to 100 times faster than Hadoop. 631 

The next problem is the large number of samples, all of which might not be necessary for the 632 

learning process. It might also be impossible to process all samples. Hence, dataset reduction 633 



methods such as selection of samples and preventive online learning methods can be useful. Given 634 

the high speed of data generation, using unlimited and corrective online learning methods will 635 

result in high costs of time and space; therefore, it appears to be more appropriate to use preventive 636 

online learning methods. 637 

 638 

5. Conclusion 639 

This study is an SLR of support vector machines in the era of big data. It includes three phases of 640 

planning, implementation, and documentation. In fact, an SLR identifies, classifies and synthesizes 641 

a comparative overview of state-of-the research and transfers knowledge in the research 642 

community. This study aimed to systematically identify and classify the existing methods of SVM 643 

by considering two features of big data, i.e., massive size and high speed of generation, and 644 

presenting the future research areas. 645 

Considering its advantages, the SVM can be among the first options for compatibility with big 646 

data and classification of big data. For this purpose, appropriate techniques should be developed 647 

for data preprocessing in order to covert data into an appropriate form for learning. The existing 648 

frameworks should also be employed for parallel and distributed processes so that SVMs can be 649 

made scalable and properly online to be able to handle big data. Therefore, data reduction methods 650 

such as sample selection as well as preventive online learning methods can be useful. Due to the 651 

high speed of data production, the use of unlimited online learning methods and modifiers will 652 

have a high time and space cost, so it seems that the use of preventive online learning methods is 653 

more appropriate for this purpose. 654 

 655 
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