
4. OPTIMIZATION TECHNIQUES FOR HANDLING MULTI DIMENSIONAL DATA 

AT THE ALGORITHMIC LEVEL 

Classification has a significant position in the field of machine learning and data mining. Most 

traditional classification algorithms work well in a condition of balanced sample distribution 

among the classes. However, when class division is imbalanced, classifiers often encounter 

performance degradation [63]. Conventional classifiers need to be changed or modified, to 

address the issue of imbalance class distribution problem (imbalanced dataset) in classification. 

A dataset is said to be imbalanced when there are more number of instances in at least one class 

compared to the others. The class with the maximum number of instances is considered as 

negative (majority) class, while a class with fewer instances is represented as positive (minority) 

class. [61]. 

4.1 INTRODUCTION 

In imbalance classification problem, positive (minority class) is frequently the class of interest, 

and the cost of misclassification is superior towards positive (minority) class than it is with the 

others [53]. For instance, in cancer diagnosis many more people will not have cancer in 

comparison to those who have it. If a patient suffering from cancer is mistakenly diagnosed as 

not having it, disaster may arise as treatment is not given. Class imbalance problems have paying 

attention by research community but a few works have concentrated on feature selection in an 

imbalanced datasets. To handle class imbalance problems, we developed a novel fitness function 

for feature selection using chaotic salp swarm optimization, an efficient meta-heuristic 

optimization algorithm that has been successfully applied in a wide range of optimization 

problems. We proposed an Adaboost algorithm with chaotic salp swarm optimization. The most 

discriminating features are selected using salp swarm optimization and Adaboost classifiers are 

thereafter trained on the features selected. Experiments show the ability of CSSA to find the 

optimal features with performance maximization of Adaboost classifier. 

 

 

 

 

4.2 BACKGROUND 



Classification of imbalanced datasets is a complicated problem that several researchers have 

discussed. Many methods have been suggested to work with imbalanced data and can be 

summarized into three categories: data level strategies, algorithm level strategies and cost 

sensitive algorithms.  

Strategies at the algorithmic level focus on changing existing classification algorithms to 

improve the capability of classifiers to learn from positive (minority) classes. The cost-sensitive 

and one-class learning are common techniques proposed in the literature [68, 90, and 104]. In 

order to increase the classifier learning potential, cost-sensitive algorithms adopts a cost matrix 

by assigning higher misclassification costs to minority samples while training the algorithm. 

Researchers have suggested many approaches in this respect, including the combination of data-

level approaches with cost-sensitive learning, the cost of indentifying important features before 

classification, and the cost of using class distribution prior to classification [90, 91]. 

The algorithm worked significantly well in identifying the important features. Li et al. [141] 

proposed an adaptive classifier to balance the skewed data distribution very competently. The 

algorithm employed feature selection and preprocessing to learn from multiple classifiers. Yung 

et al. [142] used graphic and math model to analyze the multi-class AdaBoost algorithm and 

proposed a new kind of multi-class classification method to decrease the accuracy of the weak 

classifier effectively. The Extreme Learning Machine (ELM) is an effective multi-classification 

learning algorithm but does not work for imbalanced datasets. By enclosing weighted ELM 

algorithms in the AdaBoost framework, the author [143] suggested AdaBoost weighted 

composite kernel ELM. For each sample, this architecture integrates spatial and spectral 

information into the composite kernel. The combination of composite kernel methods and the 

AdaBoost architecture with weighted ELM provided excellent performance in increasing the 

classification accuracy. An enhanced AdaBoost algorithm with a weight vector was presented in 

[145]. In order to represent the recognition power of the base classifiers, the weight vector 

assigns weight to each individual class. This algorithm greatly increases the precision of 

classification by preventing over fitting. For imbalanced data classification, an ensemble 

evolutionary algorithm was suggested by Kewen et al. [144]. For better classification, they 

applied genetic algorithms to the AdaBoost classifier. In [146] the author proposed four different 

algorithms based on exceeded threshold value of negative class samples. The algorithms are 

defined based on threshold growth such as A-AdaBoost, B-AdaBoost, C-AdaBoost and D-



AdaBoost. The algorithms provide effective results when handling imbalanced data. In the study, 

Particle Swarm Optimization (PSO) was used to sort out the problems of class imbalance, but the 

key difficulty of the PSO algorithm is that in high-dimensional space it may fall into the local 

optimum and has a low convergence rate in the iterative process. 

Many machine learning algorithms are not designed to tackle broad characteristics and issues 

with class imbalance suffer from high dimensionality of features. [134]. Most of the methods 

proposed feature selection in efficient manner, widely identified as curse of dimensionality. The 

selection of features is categorized into two methods 1. Filter methods 2. Wrapper methods. In 

filter-based methods the features are selected based on the properties of the data without using 

learning algorithms whereas, wrapper method uses learning algorithm to select the optimal 

feature subset. In compared to filter methods, the wrapper methods are more accurate but 

computationally expensive. Many studies realized the significance of feature selection but most 

approaches have been proposed for extremely skewed class distribution using wrapper method 

[134,141, 143]. 

In this work, we proposed a novel fitness function based on feature selection using Chaos Salp 

Swarm Optimization (CSSA) using AdaBoost classification. It provides a solution to poor local 

optima in optimization problems, particularly when the labeled training data is limited. 

Performance evaluation is done using AUC (Area Under Curve) which is mainly used for 

evaluating imbalanced data trained on the classifier. Further, using of chaos salp swarm 

optimization to avoid the inertia in local optima and also to avoid low convergence rate while 

selecting the features. The SSA algorithm has good convergence acceleration process with 

excellent solution. It is pretty good for any kind of optimization problems. SSA provides 

adaptability, robustness, and scalability in solving any kind of problem. It is straightforward to 

implement and takes reasonable time for execution. AdaBoost algorithm works very well with 

weak classifiers and different classification algorithms can be applied as weak classifiers. 

AdaBoost show a high degree of precision for any kind of problem. 

 

4.3 METHODOLOGY TO HANDLE MULTI DIMENSIONAL DATA AT THE 

ALGORITHMIC LEVEL. 

Evolutionary and swarm-based algorithms have recently been frequently used for the problem of 

selecting features. By applying agents to reach an optimal solution, these algorithms adaptively 



check the feature space. The bio-inspired optimization algorithms have been widely used in 

attribute (feature) selection namely Ant Colony Optimization (ACO), Particle Swarm 

Optimization (PSO), Artificial Bee Colony (ABC), Ant Loin Optimizier (ALO), cuckoo search 

algorithm, Salp Swarm Algorithm (SSA). The above algorithms have been broadly used for 

attribute/ feature selection but our study focus more on imbalanced dataset feature selection. We 

present a novel fitness function based on attribute selection using Chaos Salp Swarm 

Optimization (CSSA) using AdaBoost classification. 

The Salp Swarm Algorithm (SSA) is a meta-heuristic algorithm based on nature was proposed in 

2017 by Mirjalili [136]. SSA emerged from the swarming behaviour of heavy oceans. For 

optimum locomotion based on foraging in the oceans, they form a swarm recognized as salp 

chain. The population in SSA is divided into the leader and the followers groups. The leader 

occupied the front role of the swarm, followed subsequently by the remaining swarms as 

followers. The salp location is represented in the n-dimensional search space, where the number 

of dimensions or characteristics is 'n'. On a two-dimensional matrix called x, the positions of all 

salps are denoted. In the target search space, 'F'denotes the food source. 

The mathematical model for updating the leaders' positions is as follows (Eq:1): 

 

Where xi1 represents the salp position known as i -1th dimension of leaders, upn and lwn denotes 

the upper and lower boundaries respectively at the i-1th dimension. The food location at the i-1th 

dimension is Fi and the random numbers are represented as r1, r2, r3. The r1 mathematical 

definition is expressed as follows (Eq: 2): 

 

where ‘K’ represents maximum iterations and the current iteration is defined by k. The random 

number r2, r3 is generated in the range [0,1] uniformly.  A detailed description of Salp swarm 

optimization algorithm is presented in Algorithm as below. 

 

Algorithm: Salp Swarm Optimization Algorithm 



1. Initialize maximum number of iterations Maxit, upper boundary up, lower boundary lw, 

population size n, number of dimensions as dim,  fit be the fitness function. 

2. Randomly initialize the positions of salps x{i}
j corresponding to up and lw, where i=1, 

2,….., n and t = 1,2, ….. ,Maxit. 

3. Initialize t=1  

4. Repeat 

5. Evaluate the fitness function of each salp position fit(xi
j). 

6. Set the best salp position to xbest 

7. Update r1 according to Eq.(2)  

8. For each salp  

    (8.1) If j==1, update the leading salp position by Eq. (1)  

    (8.2) Otherwise, the follower salp position need to be updated  

      (8.3) Evaluate fitness function for every salp.  

      (8.4) update xbest if superior solution found. \newline 

       9.   until (t < Maxit)  

      10.  Return the best salp position xbest. 

 

 

 

 

 

 

4.3.1 The Chaos Salp Swarm Optimization (CSSA)-Adaboost Model 

The AdaBoost algorithm combines multiple weak classifiers into one single strong classifier by 

adjusting its weights at each iteration. The ensemble algorithms focus more on difficult examples 

without class differentiation. But in class dominance problems, the negative (majority) class 

samples add more to the classifier’s accuracy. Therefore, it is simpler to strengthen the true 

negatives instead of enhancing the true positives, which is not desirable. However, to 

overcoming these limitations, ensemble algorithms need be changed or combined with another 

technique to deal with imbalance problem.  



In our approach, SSA algorithm is used to optimize the weights of the weak classifier while 

training using AdaBoost algorithm. SSA is one of the most popular and efficient meta heuristic 

optimization algorithm with a smaller number of parameters. However, suffers with slow 

convergence velocity and trapping in local optima [136]. Therefore, this paper proposes an 

improved CSSA with AdaBoost to boost the performance and to avoid falling into local optima. 

The logistic chaotic map provides high stability compared with tradition SSA. The logistic 

chaotic map with AdaBoost provides an optimal result in handle imbalanced dataset. The 

framework of our proposed approach is presented in Figure 4.1. 

 

 

Figure 4.1: The proposed CSSA-AdaBoost approach 

 

4.3.2 Data Set Applied 

The proposed algorithm is evaluated using 15 Keel repository data sets with different imbalance 

ratios (IR) (https://sci2s/ugr.es/keel/imbalanced:php). Table 4.1 shows the details of the 

imbalanced datasets with number of attributes /features and imbalance ratio. 

 

Table 4.1 Imbalanced datasets along with its description 



Dataset No. of Features No. of Samples IR 

Breast Cancer 9 286 2.36 
Elico 7 220 1.86 
Glass 9 214 1.82 

Harberman 3 306 2.78 
Iris 4 150 2 

Pageblock 10 5472 8.79 
Parkinsons 22 195 3 

Splice 60 3190 1.2 
Segment 19 2308 6.02 
Thyroid 5 215 5.14 
Vehicle 18 846 2.88 
Wine 13 178 1.2 
Yeast 8 1484 2.46 

Balance 4 625 1.6 
Zoo 16 101 1.1 

 

 

4.3.3 Performance and Evaluation: 

Our experiments were performed on a personal computer with an Intel (R) Core i5processor and 

8 GB of memory. With various classification algorithms using the Matlab tool, we have 

implemented our proposed algorithm. We have performed three main experiments to assess the 

efficiency of our proposed model. The first experiment aims to examine whether the 

performance of our model can be enhanced by combining feature selection with boosting. Our 

model compares single ensemble models such as C4.5, CSSA-C4.5 and AdaBoost-C4.5 with our 

model. The second experiment was conducted to contrast the performance of SSA and logistic 

chaotic SSA algorithm on 15 datasets. Finally, the CSSA model has been compared with three 

state-of-the-art ensemble methods used to deal with imbalance class distribution problems. 

 

4.3.4 Result Analysis 

Three key experiments were performed to test the proposed model, as described in the previous 

section. The first experiment aims to examine whether the performance of our   model can be 

enhanced by combining feature selection with boosting. Our model is compared with single 

ensemble models such as C4.5, CSSA-C4.5 and AdaBoost-C4.5. The second experiment was 



performed on 15 datasets to compare the SSA performance with logistic chaotic SSA algorithm. 

Finally, the proposed CSSA model was compared with three other state-of-the-art ensemble 

algorithms used to deal with problems of class imbalance. For the classification of the original 

data set, the standard AdaBoost algorithm is used. As the number of weak classifiers increases, 

AUC output continues to improve, but the increase in AUC slows down dramatically when the 

number of weak classifiers exceeds 10. The AUC can hardly strengthen by further increasing the 

number of poor classifiers. Thus, in this experiment, the number of weak classifiers was set at 

10. In the first experiment we observed whether it is feasible to maximize the accuracy of our 

model by integrating feature selection with boosting. Our model is contrast with single ensemble 

models such as the C4.5 classifier, CSSA using the decision tree classifier (C4.5), and AdaBoost. 

Secondly, on 15 datasets, we aim to measure the performance of the SSA and logistic chaotic 

SSA algorithm. Finally, our proposed approach was compared with three state-of-the-art 

ensemble algorithms used to address the class imbalance problem. In the first experiment, we 

investigated whether our model's performance can be enhanced by combining feature selection 

with boosting. Our model is compared with single ensemble models such as the C4.5 classifier, 

CSSA using the C4.5 classifier, and AdaBoost. We performed experiments to compare the 

CSSA-AdaBoost with a simple C4.5 classifier, CSSA with a C4.5 classifier and AdaBoost to 

verify the efficiency of the feature selection and AdaBoost used in our model. 

Different metrics such as precision, G-mean, F-score and AUC have been evaluated. Moreover, 

in terms of precision, the algorithm with feature selection performed better, which means that 

CSSA-AdaBoost is better than AdaBoost and C4.5. From our observation, these findings 

confirm that by eliminating redundant and unrelated features, CSSA optimization improves 

accuracy. We also note that in assessing the output of imbalanced data, both CSSA and 

AdaBoost are successful in terms of accuracy and AUC. Secondly on 15 datasets, we have 

evaluated the performance of the SSA and logistic chaotic SSA algorithm. The main intention of 

this experiment is to examine the AUC, F-Measure and G-Mean metric performance of SSA and 

logistic CSSA algorithms. Finally, we compared our proposed model with other three state-of-

the-art ensemble algorithms used to deal with imbalanced data problems. Finally, our proposed 

method was compared with three state-of-the-art ensemble algorithms used to deal with 

problems of class imbalance. In this comparison, we select three previously suggested ensemble 

algorithms, i.e., SMOTE-Boost, EasyEnsemble, and RUSBoost. All these methods are based on 



sampling and boosting techniques, in which SMOTEBoost uses SMOTE for minority class over-

sampling, while EasyEnsemble and RUS-Boost use random majority class under-sampling 

techniques. All of these algorithms choose various base classifiers (we prefer C4.5 as the base 

classifier), such as SVM, Ripper, CART, etc. In terms of AUC, table 4.2 presents the 

performance of CSSA-AdaBoost along with the three algorithms.  

 

Table 4.2:  Performance Evaluation of CSSA-AdaBoost. 

Dataset SMOTEBoost EasyEnsemble RUSSMOTE CSSA-Adaboost 

Breast Cancer 0.9577 0.9277 0.9177 0.9577 

Elico 0.785 0.864 0.8124 0.8996 
Glass 0.759 0.986 0.9816 0.9917 

Harberman 0.9134 0.9267 0.9367 0.5132 

Iris 0.5142 0.5212 0.5256 0.9576 
Pageblock 0.828 0.878 0.8128 0.9368 
Parkinsons 0.9672 0.9634 0.9734 0.8723 

Splice 0.616 0.623 0.623 0.6944 
Segment 0.9023 0.612 0.612 0.9032 
Thyroid 0.813 1 1 0.9289 
Vehicle 1 1 1 0.9067 
Wine 0.916 0.853 0.853 0.9084 
Yeast 0.674 0.654 0.654 0.6654 

Balance 0.679 0.946 0.946 0.7898 
Zoo 1 0.771 0.771 1 

 



 

Figure 4.2: Performance Comparison of CSSA-AdaBoost with three state-of-the-art algorithms 

in terms of AUC 

 

Overall results of the proposed CSSA method, demonstrated finest results on breast cancer, ecoli, 

glass, iris, pageblock, splice, segment and zoo datasets using AUC metric. The experimental 

results show 95.77%, 89.96%, 99.17%, 95.76%, 93.68%, 69.44%, 90.32% and 100% 

respectively. Further, figure 4.2 indicate that all four algorithms are equivalent, as all of them 

have obtained the best results relative to each others on different datasets. Overall, 

EasyEnsemble and CSSA-AdaBoost are marginally better than the other algorithms, whereas the 

handling of imbalanced datasets with different IRs is more usual with CSSA-AdaBoost. 

 

4.4 SUMMARY: 

Swarm algorithms are commonly used to tackle complex problems with optimization. In this 

chapter, to address class imbalance issues, a novel chaos salp swarm algorithm with AdaBoost 

techniques (CSSA-AdaBoost) was suggested. In this study, logistic chaos mapping along with 

the AdaBoost algorithm was used to improve skewed distribution performance. To select the 

most discriminating function using SSA, the suggested CSSA-AdaBoost algorithm was used. As 

a fitness function, we used AUC, making the CSSA-AdaBoost classifier focus more on minority 

class accuracy. The experimental results demonstrated 99.17% using Area Under Curve using 

C4.5 classifier and perform better than state-of-the-art techniques. Our proposed CSSA approach 

has been compared with state-of-the-art algorithms and the results indicate superior performance. 



In the future, multiple strategies such as preprocessing and cost sensitive method will be 

explored with CSSA-AdaBoost for learning binary and multi-class imbalance classification. 

 


