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 The increasing importance of Meta-Heuristic Algorithms for Data Mining Problems has 

paved way for the emergence of a new era of computing algorithms that performs the 
functionalities of legacy algorithms using meta heuristic techniques. The occurrence of 

this change was due to the massive increase in the data that is used for analysis and the 

inability of the legacy techniques to either incorporate huge data, or the increase in the 
time consumed by these algorithms. This paper deals with probabilistic nature of PSO 

and to understand the error and how it helps in obtaining efficient solutions. A 

discussion on why PSO was selected as the base algorithm for our study, and its 
nuances are discussed in detail. The paper also deals with techniques to overcome the 

local optima and the scalability and parallelization options available in PSO. The 

discussion ends with metric wise comparisons of PSO with a variety of datasets and 
how PSO for classification provides better stability and accuracy on massive datasets 

rather than smaller ones justifying the study. 
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INTRODUCTION 

 

The rise of Meta-Heuristics can mainly be attributed to the increase in data generation. This is due to the 

increase in the information leveraging devices such as sensors, high resolution cameras and video recorders, 

satellites and user information generated from the internet. Hence a huge amount of data came to be available 

for the analyst. But the methods for accessing them were ancient, hence a huge increase in the processing time 

was observed. While the scenario for analysis depicted this observation, the requirement scenario portrayed an 

inversely proportional view. A fast and efficient processing system that provides accurate results online (in real 

time) was the requirement of the user. Hence the legacy data mining algorithms lost their scope and Meta-

Heuristic algorithms came into view.  

The major advantage of using a Meta heuristic algorithm is that it performs optimization. And it always 

promises to provide near optimal results. This method was built into them in order to provide the much needed 

time efficiency. This proves to be the catalyst for constructing conventional data mining techniques using meta 

heuristic algorithms. Further, the legacy techniques provided poor performance when dealing with noisy or 

incomplete data. Hence pre-processing became a mandatory first phase while using them. Even though the meta 

heuristics will work effectively while using preprocessed data, they also provide considerably good results even 

without data preprocessing. They also work incredibly well when dealing with intractable data mining problems. 

Another major lead a Meta-Heuristic algorithm provides is its inherently parallelizable nature. They lend 

themselves to parallelization with ease. The speed and accuracy of a meta heuristic algorithm can be boosted up 

by incorporating the parallelization capability and utilizing the multi core CPUs and the many core GPUs, that 

have become a de facto in the current hardware specifications. Further, most of the professional applications 

occupy their space in a distributed scenario rather than in a standalone system. Hence exploiting the parallel 

nature of these algorithms is guaranteed to bring about a huge improvement in the working of the data mining 

algorithms. 

The remainder of this paper is structured as follows; section II provides the review of literature, section III 

provides an overview of the available data mining techniques, section IV discusses the importance of meta 
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heuristics for data mining, section V presents a brief overview of the concept of error existing in evolutionary 

algorithms, section VI discusses the concept of PSO, section VII discusses the mode of usage and advantages in 

using PSO for classification, section VIII compares PSO with other meta heuristic approaches, section IX 

discusses PSO’s flexibility towards hybridization, section X presents the  results and discussion and section XI 

concludes the study. 

 

Literature Review: 

Ant Colony Optimization based Classification technique is proposed in (Martens et al, 2007). This method 

provides an overview of the available methods that perform classification and compares them with other data 

mining techniques. It also proposes a new ant-based classification technique called the AntMiner+. This method 

uses the Max-Min variant of the Ant System as opposed to the previous AntMiner algorithm. Hence it is 

claimed to operate efficiently on multiclass problems. Further, this method also automates the process of 

parameter setting. 

A survey on the accuracy provided by Particle Swarm Algorithms in the process of data mining is presented 

in (Sousa, Tiago, Arlindo Silva, and Ana Neves, 2004).  This paper used three different PSO variants and tested 

them against Genetic Algorithm and J48. This proved that PSO was a suitable algorithm for performing 

classification tasks. A PSO based Classifier for solving sequence classification problems is presented in (Tsai, 

Chieh-Yuan, and Chih-Jung Chen, 2014). This research stems from the recent interest in compound sequence 

classification methods integrating multiple data mining techniques. A two stage SPM based method is proposed 

to address the problems existing in the current scenario. This method mainly focuses on identifying and 

excluding redundant patterns and to determine sequence similarities. A similar method was proposed in (De 

Falco, Ivanoe, Antonio Della Cioppa, and Ernesto Tarantino, 2007), that solves Classification problems using 

PSO. It uses multiclass databases to perform the Classification process. This method constructs three fitness 

functions and investigates them using 13 test databases and selects the best fitness function according to the 

returned accuracy. 

A study on how PSO can improve the process of Classification by improving the results of well knows 

machine learning approaches is discussed in (Cervantes, Alejandro, Inés M. Galván, and Pedro Isasi, 2005). A 

binary PSO is used for the process, which provides a set of logical rules to perform mapping to the available 

classes. Well known problems were analyzed and the results were compared with machine learning techniques 

to show that PSO is an effective candidate for the problem of classification. 

A hybrid method that uses both the filter and wrapper techniques of feature selection to solve Classification 

problems based on Support Vector Machines(Unler, Alper, Alper Murat, and Ratna Babu Chinnam, 2011). The 

filter model provides feature relevance and the wrapper model uses the modified discrete PSO algorithm. It 

asserts the usage of efficiency provided by filters and the greater accuracy provided by wrappers. A multi swarm 

optimization technique (MSPSO) was proposed in (Liu et al, 2011), that was designed to solve discrete 

problems. This method uses multiple sub swarms to implement PSO. It also uses a multi swarm scheduler to 

control the swarms. An enhancement to this technique, the Improved Feature Selection was proposed by 

integrating MSPSO, SVM with F-score method. 

A fuzzy classification system with dynamic parameter adaptation is proposed in (Melin et al, 2013). This 

method uses the concept of fuzzy logic in determining the classified set. This method proposes to improve the 

convergence and diversity of swarm in PSO. A distributed hybrid PSO SVM system is proposed in (Huang, 

Cheng-Lung and Jian-Fan Dun, 2008). It provides mechanism to improve the classification accuracy of the 

system with a small and appropriate feature subset. It combines the discrete and the continuous valued PSO to 

perform simultaneous optimization of the input feature in a distributed architecture. 

 

Data Mining Techniques: An Overview: 

Data mining refers to the process of identifying interesting and useful patterns from a large set of data. Data 

mining techniques can be used to identify a variety of patterns and can also be used for future prediction. Some 

of the common functionalities of data mining include; clustering, classification, regression, association rule 

mining, outlier analysis, pattern matching, dependency modeling etc. These functionalities can actually be 

performed in two varieties; supervised or unsupervised. Supervised methods tend to contain two phases, the 

training and the test phase. The training phase includes labeled data that can be used to provide patterns to the 

data mining system for future reference. These patterns and then be used to identify the class to which a 

particular new entity belongs to. They are descriptive methods that do not have labeled data to perform the 

training process. This paper mainly concentrates on the Classification technique while analysis is carried out for 

the rest of the techniques. 

 

Classification: 

Classification is basically a partitioning problem that acts on a group of data, trains itself by dividing the 

feature space into regions or classes, and then utilizing the patterns followed by each of these divisions to 
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identify the class in which a particular new item will belong to. The process of classification may not be always 

supervised, i.e. the training set might not contain labels or identifiers to begin with. While trained classifiers can 

be grouped according to their labels and then pattern recognition or association between attributes of the same 

labels can be evaluated, unsupervised classifier systems initially clusters the data and then performs the pattern 

matching. 

Formal statement of the classification problem is as follows. Given an unknown function g X Y   that 

maps the input set x X to the output labels y Y  for the training dataset 

1 1 2 2{( , ), ( , ),.......( , )}n nD x y x y x y  use the training dataset that contains appropriate samples for all the 

probable patterns.  This learning set provides the boundaries for the data. Some of the mostly used classification 

algorithms are Naïve Bayes Classifier (Murphy and Kevin P, 2006), Nearest Neighbor classifier (Altman and 

Naomi S, 1992), Support Vector Machines (SVM) (Cortes, Corinna and Vladimir Vapnik, 1995) and Neural 

Networks (NN) (McCulloch, Warren S and Walter Pitts, 1943). 

 

Feature Selection: 

Feature selection is the process of selecting the set of optimal features for clustering or classification from 

the available features in a dataset. The process of feature selection is usually carried out as a preprocessing 

technique. But it cannot be tagged as a technique with lower importance. This mechanism indeed has a very 

large impact on the results obtained from the data mining techniques.  The major advantage of this approach is 

that it removes the attributes that do not have an impact in the process of clustering and classification; hence the 

algorithm has lesser data to process. Further, some of these data might even have the probability to bias the 

results adversely. This results in meaningful data analysis. In general, the feature selection problem (Ω,P) can be 

defined as an optimization problem. To determine the feature set F*, 

 

( ) min ( , )FP F P F X             (1) 

 

Where Ω is the set of possible feature subsets, F is a single feature subset, P denotes the quality 

measurement which is used to determine the importance of a feature subset. Feature selection can be performed 

as either supervised or unsupervised. Further, two methods are available using which feature selection can be 

made; filter and wrapper. In case of a supervised scenario, the filter method selects features based on the 

discriminatory power, while the wrapper methods is calculated by analyzing the accuracy of the obtained 

classifier results. In case of unsupervised approaches, the accuracy of the filter method is obtained by the 

distribution of the values in the set, while the wrapper methods use the performance of clustering algorithms to 

determine the features. 

 

Regression: 

Regression is the process of predicting the category of a new data from the already existing labeled data. 

This process is similar to classification, but the distinction here comes from the fact that regression deals with 

continuous data rather than categorized data. The training set and the results in regression are not categorized 

into distinct classes, instead they are provided with continuous values as labels. The process of regression 

predicts the results using these continuous values and the pattern of value change. 

 

Clustering: 

Clustering is a process of unsupervised grouping technique that analyzes a set of patterns and groups the 

data such that data within a single cluster will have high intra cluster similarities and very low inter cluster 

similarities.  

Clustering in a d-dimensional space can be referred to as the process of dividing a set of points(n) into K 

clusters based on a similarity or a dissimilarity measure. The number of clusters may or may not be known in 

advance, and so does the structure of the clusters. All the defined methods are a combination of these, providing 

one from each category.  

Two categories of partitioning were observed in reality; hard or strict partitioning and fuzzy partitioning. In 

case of hard partitioning, the probability of selection of a point xi into a cluster Ck can be defined as, 
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              (2) 

 

In case of fuzzy partitioning, it can be defined as, 
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Several clustering methods exist in literature, some of the broad classifications are K-means (Lloyd and 

Stuart, 1982), Max-Min Clustering (Amis et al, 2000), fuzzy C-means (Pal, Nikhil R., and James C. Bezdek, 

1995) etc. 

 

Association Rule Mining (ARM): 

The process of Association rule mining (Klemettinen et al, 1994) refers to finding the intensity of 

relationships among data items. The items that occur together frequently are given more weights. The principle 

of working of ARM actually lies in the market basket or transaction data analysis. Let  1 2 3, , ,.... nI i i i i  be 

the set of items and X be the item set, where X I . Then the transactions are defined as 

 
11 1 2 3 3( , ),( , ),( , ),......( , )m mT t X t X t X t X , where m is the total number of transactions and n is the total 

number of items. 

Two basic terminologies dominate the process of ARM; the support and the confidence. 

 

support cover( , )X T            (6) 

 

Where  

 

 cover( , ) ( , ) ,i i i iX T t t X T X X           (7) 

 

 

The support of X can be defined as the number of transactions containing all the items of the item set X. A 

min_support is defined, which defines the threshold below which the item sets are not considered for the next 

processing phase.  

support( , )
( , )

support( , )

X Y T
confidence X Y T

X T


           (8) 

 

Confidence denotes the percent of transactions containing the item sets X and Y. This defines the 

importance of an item in the transaction list when considered as a whole. A min_confidence is defined such that 

any item containing the confidence value less than the minimum defined threshold is eliminated from moving to 

the next phase. 

Support and confidence serves as the basic criteria for evaluating the data. The item sets are increased 

starting from 1 to n. The sets satisfying the defined criteria are considered for the next phase of processing. The 

item set that is generated in the last phase is considered to be a group of highly cohesive elements. 

 

Meta-Heuristics For Data Mining: 

Current approaches and Meta-Heuristic Approaches: a comparison: 

Efficiency of an algorithm is usually measured by the accuracy provided by it, and the time taken to provide 

the results. When considering from this aspect, it becomes a necessity for the algorithms to provide the final 

result with least dependency on the size of the database. But neither of the data mining algorithms exhibits this 

functionality. Independence from the data size, when computing the results is achieved by the heuristic 

approaches to a rather considerable extent. Even though complete independence is not achieved, experimental 

analysis shows that the dependency is low, hence the time of achieving the optimal result is mostly constant. 
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Another major drawback of the current data mining approaches is that the size of the data that can be 

handled by them is limited. In the current Big Data scenario, these algorithms do not scale well, and rather halt 

at certain levels due to the sheer size. The reason is due to the fact that the complexities of these algorithms go 

beyond linear scale. They were designed with smaller data sets in mind, hence scaling up is rather undesirable. 

No such constraint exists in evolutionary algorithms, hence they are scalable irrespective of the size of the data 

sets being used. 

Though many desirable qualities exist in meta heuristics, they only provide near optimal results. Result 

guarantees are never provided by them. Hence they cannot be used in applications requiring accurate results. In 

contrast, their data mining counterparts tend to provide accurate results in all situations. Hence meta heuristics 

are recommended for applications that can tolerate a small error rate (which encompasses a very large part of 

the available applications). 

 

Heuristic Vs Meta-Heuristic: 

Heuristics can be considered as problem-dependent techniques.  The problem at hand is analyzed in depth 

and heuristics are developed. Hence heuristics tend to take complete advantage of over a problem to determine 

the most effective solutions. But the problem with heuristics is that they are always developed as greedy 

algorithms, hence they tend to get struck in the local optima and fail to provide a global optimum solution. 

Meta-heuristics can be considered as problem-independent techniques. They are not developed with any 

specific problem in mind. Hence they can be used on a variety of problems. They are not greedy. This comes 

from the fact that they accept a temporary deterioration in the solution, in order for better exploration of the 

search space. This often leads to global optimal results. These techniques, being problem independent, cannot be 

used directly on problems. A level of fine tuning is necessary due to the generic nature of the method. Hence 

parameter tuning becomes mandatory when applying this class of technique to the real world problems.  

 

Necessity for Population Based Techniques: 

Evolutionary algorithms are basically population based algorithms that work on two mutually exclusive 

principles, with or without the mechanism of survival of the fittest. The mechanisms incorporating the survival 

of the fittest, such as Genetic Algorithms, tend to eliminate some of the solutions in the past generations and 

evolve. This might create problems in the future generations that might require certain links that are mandatory 

for the progress, but were eliminated in the previous iterations. The methods that do not consider the principles 

of survival of the fittest tend to sustain all the candidates till the end of the optimization process. Such methods 

work well in terms of all types of data and they have least probability of getting struck in the local optima. Eg. 

Ant Colony Optimization, Particle Swarm Optimization etc,. One of the major advantages of this approach is 

that it can scale well with dynamic data, while its counterpart does not lend itself towards dynamicity. 

Evolutionary algorithms work on the basic principle of near optimal results rather than providing best 

results. It has been alleged that evolutionary algorithms provide best results given sufficient amount of time. But 

the concept of sufficiency cannot be afforded by certain applications. Hence the tradeoff between accuracy and 

time always exists. Whether accuracy should be traded off or time is totally dependent on the application. This 

flexibility provided by the evolutionary methods is the major gain for the user, who tends to optimize the 

algorithm according to their application’s requirements. 

Analysis shows that these evolutionary methods are intrinsically parallel in nature. But, due to the 

implementation constraints, all the initial implementations are sequential. Even the recently developed parallel 

implementations are the modified sequential implementations and are not derived from the original algorithms. 

Hence providing clear parallel implementation of these algorithms can provide good insights on how the 

algorithm works. Due to the increase in massively parallel architectures and drop in cost of the hardware has 

opened up a new opportunity for parallelizing algorithms. Hence the parallelized implementations can be 

modified according to the architectures to leverage their complete potential.  

 

Discrete vs. Continuous Approaches: 

The approaches pertaining to Metaheuristics tends to be either discrete or continuous in their raw form. 

Methods such as Ant Colony Optimization or Bee Colony Optimization are discrete, in the sense they move 

only through the set of defined points, while algorithms like Particle Swarm Optimization or Firefly Algorithm 

are continuous, in the sense they move through the continuous space. But, flexible is one of the major 

advantages of these approaches; hence they can be modified from continuous to discrete and vice versa. Various 

approaches can be used to convert the continuous variant into discrete format and vice versa depending on the 

problem being operated on. These range from simple ones to a more complex conversion mechanism. Some of 

the methods include, computing the difference of two positions and set the destination depending on the 

obtained velocity, multiplying a velocity by a constant, or by adding two velocities. 
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 Hence the user is not constrained by a certain property of an evolutionary algorithm while performing the 

selection analysis. The problem analysis is to be carried out and the algorithm that in its raw form that solves 

this problem can be preferred. 

 

Understanding The Error: 

Probabilistic Behavior and Convergence: 

It has been discussed earlier that meta heuristic evolutionary algorithms provide near optimal solutions at 

the stipulated time. They are also branded non greedy (algorithms that do not use the concept of survival of the 

fittest). This is made possible due to the increased exploration capabilities of the components in the system, 

which is made possible due to the introduction of “error” in the system. As soon as a particle (PSO) obtains a 

global best solution (the best solution found from the solution set so far), it does not travel in the direction of 

this best solution alone. Instead, it considers the local particle best, global best and random components to 

determine its velocity and the direction of movement. This error or diversion introduced into the system helps 

the system overcome the problem of local optima and travel into the search space further to determine a global 

optimal solution, if it exists. This error introduced due to the error and the combined local and global best 

solution acts as a diversifier when the system gets struck in local optima. 

Here the concept of error is discussed in terms of Particle Swarm Optimization (PSO), since major 

concentration of our paper is on this technique. On close inspection, it can be found that all the meta heuristic 

evolutionary algorithms have a component or mechanism built into it that introduces the much needed error into 

the system. 

 

Particle Swarm Optimization: An Overview: 

Particle Swarm Optimization (PSO) is an evolutionary computation method that optimizes a problem by 

improving the candidate solutions in a continuous manner. This optimization process is carried out by 

components called particles that are distributed in the search space in random. These particles tend to move in 

the search space towards the direction of the best solutions. This movement is determined by two components; 

position and velocity. Position refers to the current co-ordinate of the particle in the search space and velocity 

refers to the speed at which the particle moves in the search space. Velocity determines the distance and 

direction of movement of the particle. Initial velocity is generated in random using the border co-ordinates of 

the search space. Initial particle position is compared and the best knows solutions are recorded. The fitness 

function determines the quality of the solution. The process of optimization continues either until the fitness 

function is satisfied, or until stipulated time.  

 

Further iterations calculates the value of velocities by  

 

, , , ,, ( ) ( )i d p p i d i d p p d i dV Vi d P X g X                  (9) 

 

Where rp and rg are the random numbers, Pi,d and gd are the parameter best and the global best values, xi,d is 

the value current particle position, and the parameters  are selected by the practitioner . 

The velocity values determine the speed and direction of the particle’s movement. If the current position of 

the particle is better than the particle’s known best position, then it is replaced with the known best and similarly 

it replaces the global best if the obtained value is found to be better than the global best.  

 

Single vs. Multi-Objective PSO:  

Evolutionary algorithms are mostly single objective based, and PSO is no exception. However real life 

applications require multiple constraints to be satisfied. These might me multiple conflicting constraints that 

must be optimized to achieve the tradeoff. For example, an Association Rule Mining problem may require 

maximization of both support and confidence values, the process of clustering might be conducted on the basis 

of multiple parameters rather then a single known parameter etc. Hence it becomes mandatory for the system to 

incorporate multi objective rules in its decision making process. The major advantage of evolutionary 

algorithms is that they are flexible to incorporate multi objectivity in their fitness functions. Since it is the user 

who designs the fitness functions, they can incorporate the necessary objectives in it. But providing the 

appropriate tradeoff levels for each of these constrains is a complex task.  

In order to use multi objectives, each constraint is to be modeled as a different dimension in the search 

space. Hence they tend to be computationally more expensive. For example, when using the Iris data set 

(https://archive.ics.uci.edu/ml/datasets/Iris), the process of classification was to be performed on the basis of all 

the four attributes and the classifier label is present as the 5
th

 attribute. Hence our system for PSO classification 

that uses the Iris data set contains four dimensions in its search space. Parallel implementations and Scalability 

issues are to be considered and analyzed in these scenarios. 
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Discrete Vs Continuous PSO: 

Particle Swarm Optimization Technique is inherently continuous. The velocity defined in each iteration 

does not lead directly to the next (defined) co-ordinate in space, instead, it moves towards the direction of the 

local and the global best occupying an intermediate value. But it has an option for discretization of continuous 

values. After each iteration, the continuous values can be converted to its corresponding discrete counterparts.  

This continuous nature of algorithms has certain advantages. This nature of the algorithms is the basis for 

bringing about the necessary error component into the optimization process. It can be observed that data mining 

algorithms like Clustering and Regression tend to work with continuous values. Hence analysis is to be carried 

out in terms of performance to determine their applicability in case of meta heuristic evolutionary algorithms. 

 

PSO For Classification: An Analysis: 

A major advantage of using PSO over Classification problems is that it is highly flexible in terms of its 

applicability. The following traits are the major cause of its enhanced applicability and flexibility. The Objective 

Function that is to be used for analysis is user defined, unlike other methods where the objective function is 

already defined. Shared memory is very less, and to be precise, PSO has only one shared location, the gbest 

(global best value) except for that, all other values are associated with particles and not shared. This also 

increases the computational efficiency by eliminating the synchronizing mechanism.  

The current generation applications require highly sophisticated data processing technologies, which 

becomes either costly or impossible to provide in a single system. Hence distributed architectures were used. 

But the major problem faced by this architecture is the portability of existing algorithms. PSO, being distributed 

in nature lends itself well for parallelization, hence is a good candidate for the current generation of distributed 

architectures. Inherent parallel nature of PSO and the low cohesive nature of the system with respect to data, 

makes it a valid candidate for exploring and exploiting both Data Parallelism and Task Parallelism. PSO also 

provides a head start in the optimization process by allowing for multi start and by incorporating randomness. 

 

PSO Vs. Other Metaheuristic Approaches: 

This section gives a comparison of the meta heuristic approaches with PSO and the motive for the authors 

to choose PSO over other algorithms. Here, comparison are carried out on ACO, Firefly and Stochastic Gradient 

Descent (SGD) with respect to PSO. Except for SGD, the other two algorithms (ACO and Firefly) are very 

similar to PSO. The difference comes from the fact that ACO works on discrete domain while PSO and Firefly 

operates in the continuous domain. Firefly is actually a special case of PSO. If the absorption co-efficient is set 

to zero and the firefly wise comparison is replaced with the comparison of global best, the Firefly algorithm 

functions exactly like the standard PSO algorithm. 

 

ACO, SGD and Firefly: A Comprehensive Analysis: 

The initial implementation of ACO (Dorigo, Marco, Vittorio Maniezzo and Alberto Colorni, 1996), Dorigo 

had provided a problem specific solution (TSP). Due to the unavailability of the generic ACO algorithm, a 

modification of the Ant System had been used extensively in various areas. Hence in ACO it can be observed 

that the objective function is defined and can only modified by the user. Further, the number of shared memory 

variables that are to be updated are quite high (the trail intensity of all the edges). Though the behavior of ants as 

suggested by Deneubourg (Deneubourg, Jean-Louis, Jacques M. Pasteels and Jean-Claude Verhaeghe, 1996), 

are inherently parallel, the Ant System proposed by Dorigo remained sequential. This is probably due to the 

unavailability of technologies when the method was proposed. Even if the algorithm is parallelized, the model 

of ACO requires task parallelization that tends to be a complex scenario in itself. 

Firefly algorithm, as described earlier, can be considered as a specialized version of PSO. PSO is observed 

to be computationally efficient and there is no requirement for particle level comparison in the technique of 

Classification. Further, particle wise comparison tends to have a very large impact on the scalability of the 

system when the data size becomes large. Hence this technique is not considered for our process of 

Classification. 

Stochastic Gradient Descent (SGD) is one of the most widely employed techniques for optimization. It is a 

discriminative learning of linear classifiers. Though this method was used in the machine learning methods, it 

did not receive quite the importance, until lately with the emergence of large scale learning. The technique of 

SGD has been claimed to provide effective results when used with huge data sets, rather than small datasets. 

Literature shows that this method is best utilized in the hybridized methods rather than being stand alone. 

 

Hybridization : PSO As A Part Of Classification Process: 

PSO not only lends itself for pure computational analysis, it also provides excellent results, when 

hybridized with other techniques. 
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Various approaches use the PSO algorithm for certain phases in their optimization process. Some of the 

most commonly used approaches that incorporate PSO to offer hybrid optimization techniques include; 

Artificial Neural Network (McCulloch, Warren S and Walter Pitts, 1943) and Support Vector Machines (Cortes, 

Corinna and Vladimir Vapnik, 1995). These approaches tend to blend well with PSO to provide effective 

results. 

 

RESULTS AND DISCUSSION 

 

PSO was implemented using C#.NET and simulations were carried out using the Iris dataset and Cancer 

dataset available in the UCI Repository (http://archive.ics.uci.edu/ml/index.html).  

The Iris dataset qualifies for a small dataset with 150 entries and four attributes. The results are divided into 

three classes; Iris Setosa, Iris Versicolor and Iris Virginica.  

The Breast Cancer Wisconsin dataset containing 699 entries with 10 attributes was used for the next 

simulation. The classified results identifies the presence of cancer, hence it acts as the candidate for binary 

classification. 

 

 
 

Fig. 1: Accuracy in Iris Dataset 

 

Figures 1 and 2 shows the accuracy and time obtained using the Iris Dataset. It can be observed that as the 

number of particles increase, the accuracy also increases. Hence it can be inferred that accuracy obtained is 

proportional to the number of particles used. It can also be observed that the time taken is also proportional to 

the number of particles. 

 

 
 

Fig. 2: Time taken to converge in Iris Dataset 
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Fig. 3: Accuracy in Cancer Dataset 

 

Figures 3 and 4 shows the accuracy and time obtained using the Breast Cancer Wisconsin dataset. They also 

show similar results. But the variation comes from the fact that as the size of the dataset increases, the initial 

accuracy starts from a very higher value. Figure shows an accuracy of 42% for 10 particles in the Iris dataset, 

while an initial accuracy of 67% was observed for the Cancer dataset. Similarly, the larger dataset exhibits better 

stability in terms of accuracy than smaller datasets. 

 

 
 

Fig. 4: Time taken to converge in Cancer Dataset 

 

 
 

Fig. 5: ROC for Iris Setosa 
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Figures 5, 6 and 7 show the ROC plots for each of the classes in the iris dataset. Even though the true 

positive rate looks promising, the false positive rates also increase alongside; hence the overall accuracy tends to 

decrease. 

 

 
 

Fig. 6: ROC for Iris Versicolor 

 

 
 

Fig. 7: ROC for Iris Virginica 

 

The Figure 8 shows the ROC plot for the Cancer dataset. It can be observed that the maximum plots are 

present in the top left area, hence it can be inferred that the accuracy using this dataset is higher. 

From the plots, it can be inferred that large datasets tends to lend themselves well rather than small datasets. 

Further, the number of pheromones plays a vital role in the optimization approach of small datasets, but their 

contribution is not very high in the case of large datasets. 

 

 
 

Fig. 8: ROC for Cancer Dataset 



37                                                       M. Balasaraswathi and Dr.B. Kalpana, 2015 

Advances in Natural and Applied Sciences, 9(5) May 2015, Pages: 27-38 

Conclusion: 

The current study discusses the possibility of using PSO for the process of Classification and Feature 

Selection. While it can be seen that from the current study itself, many inferences can be made, that suggests 

that PSO can be used for Regression, Clustering and Association Rule Mining. operating on the continuous 

domain, PSO has a high probability of performing well on Regression, which is its native domain. Further, the 

efficiency in the process of grouping suggests that it can also perform well in Clustering and Association Rule 

Mining. 

Classification requires us to modify or consider PSO to be discrete to a certain extent. Applicability has 

been verified by experimentation and overheads associated with this technique will be accounted for in future 

works. 

Other future works include analyzing the type of Preprocessing required, and also proposing a 

Preprocessing Framework that may include Feature Selection would also provide deeper analysis.  

This study deals with binary and multi class classification. Other varieties of datasets such as One Class, 

Imbalanced, Noisy etc. needs to be analyzed for further effectiveness study. 

The suitability of effectiveness of hybridization with other Machine Learning Methods needs to be 

evaluated and its scalability with respect to Big Data needs to be addressed. 
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