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Abstract 
Cancer is currently one of the most threatening diseases.  The analysis of high dimensional microarray data 
is a method that is frequently used for cancer diagnosis. Multi category imbalance data analysis in the 
medical sciences plays crucial role. The growing number of cancer patients has made the necessity for 
cancer classification absolutely necessary. In this study, PE-SU-R-CNN and PE-ChS-R-CNN are employed 
as parallel ensemble feature selection based deep learning classifiers to address issues for multi-class cancer 
classification. The deep learning convolutional neural network with soft-max activation function at decision 
layer is used. The most well known nine cancer microarray gene expression datasets are used in the 
experiments. The proposed system's empirical findings are compared with deep learning techniques based 
on bio-inspired feature selection firefly and elephant searches. Finally, a one-way ANOVA statistical 
significance test with a post hoc Tukey's test is used to draw several inferences about the optimal classifier 
model to use. The proposed parallel model shows significant improvement over existing methods.  

Keywords: High dimensional datasets; imbalance classification; ensemble feature selection; deep learning; 
parallel computing. 

I. INTRODUCTION 

The significant challenge that could impact machine learning task like classification performance is 
dimensionality. Numerous applications in the sciences and engineering, including those in the domains of health, 
biology, business, sensor network, rely on high dimensional datasets containing hundreds or even thousands of 
features, some of which are irrelevant, redundant, or noisy [1]. The purpose of feature selection is to reduce 
irrelevant features from high dimensional datasets. Ensemble feature selections [2-5] are popular due to their 
accuracy and stability [6, 7]. Deep Learning [8-14] is a recent field of study in machine learning that has had 
remarkable success in high-level data abstraction and representation. Instead of using a single shallow "fat" 
structure, it employs numerous levels of non-linear operations to address the relevant machine learning problems.  

Most classifier learning techniques, which assume a generally balanced distribution, have found significant 
difficulties when dealing with data sets with imbalanced class distributions [15-19]. The imbalance data is 
described as  as having much more examples of some classes than others  like rare disease.  Despite the rarity of 
these occurrences, classification systems that foresee the small classes tend to be uncommon, unknown, or 
unnoticed; hence, test samples from the minor classes are misclassified more frequently than those in the 
majority classes. The proper classification of such samples instance is important in some of the applications like 
cancer prediction.  

In this study, we present a parallel ensemble feature selection for feature reduction for high dimensional 
imbalanced cancer datasets followed by deep learning frameworks recurrent neural network (RNN) and 
convolution neural network (CNN). More specifically, we are interested in parallel an asynchronous algorithm 
for feature selection, which overcomes the restrictions placed by synchronous barriers. Each processing unit is 
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responsible for finding the best features from each vertical partitioned data. Then combining these selected subsets 
into the final optimal subset. To apply this strategy to the ensemble feature subset selection (EFSS) algorithm, we 
must first break the general approach's intra-task dependency. The main contribution of this paper is parallel 
asynchronous approach for EFSS and deep learning RNN and CNN classifier at prediction stage. 

The following is how the rest of the paper is organized: We review the current state of the art in deep 
learning and EFSS parallel approaches in Sect. 2; we present our parallel EFSS method followed by deep learning 
RNN and CNN approaches for high dimensional cancer datasets in Sect. 3; we test the speedup of our strategies 
with a sequential approach in Sects. 4 and present and discuss the results; and we present and discuss the 
conclusions and future work in Sect. 5. 

II. LITERATURE REVIEW  

A deep learning method stacked denoising autoencoder [20] is used to extract the key correlations between gene 
expressions of breast cancer. After training, the layer with the lowest validation error and lowest dimension when 
compared to other encoder stacks is chosen. This validation data set is separate from the training and test sets. 
ANN , SVM and SVM-RBF are used in training phase.  
      Kumar, Ansuman, and Anindya Halder.[21] proposed active learning based fuzzy rough set based classifier 
for microarray cancer data. To enhance performance, unlabeled informative samples are incrementally added to 
the training set using Gauss-Seidel algorithm. A test pattern's fuzzy membership value for each class is assigned 
via the fuzzy k-NN algorithm. The algorithm determines which test pattern's class label information has the 
highest fuzzy membership value based on the final larger training set for a certain class. 
PCC-DTCV [22] is a hybrid feature selection process that uses Pearson's correlation coefficients (PCC) for feature 
reduction and Decision Trees (DT) as classification methods. Grid Search CV is used to optimize the settings for 
DT (max-depth tuning) and to choose the best feature subset. The best performance is obtained when PCC > 0.4. 
Accuracy is seen to decrease when PCC value increases to 0.5 and 0.6. 
In [23], a two-hybrid technique based on CNN and Relief-F was developed for the classification of cancer 
microarray datasets. To eliminate noisy features, a cascaded auto encoded deep neural network for feature 
extraction is used. Softmax function is employed for categorization in the last stage. Auto encoders have the 
drawback of being slower than other versions. The first method reduces dimensions using ReliefF, whereas the 
second method reduces features using auto encoders. For classification, SVM and CNN are employed. It has been 
shown that using the CNN model with reliefF for dimensional reduction produces the greatest results. 
Lin et al. [24] proposed two deep learning models: feature based and image based for identification of cancer 
subtypes. Optimal CNN model with three CNN and three dense layers with ReLU activation function are 
designed. The dataset has a size of 2q with n samples, where q is the number of genes and w is the filter's width. 
The first layer's filter has a size of 2w. 
Taking everything said above into account, it is clear that a successful gene selection strategy is required, together 
with unique methodologies and the creation of a promising classifier for more accurate gene prediction that is 
acceptable.  This inspired us to conduct additional research on employing a innovative parallel ensemble feature 
selection followed by deep neural network-based better classifier for diverse microarray with multi class 
classification datasets. 
Even though many studies have advocated using either filter-based, wrapper-based, or a hybrid of these two to 
find a subset of most informative genes for better clinical diagnosis, there is still much to be done in terms of 
performance with ensemble feature selection methods for gaining new insights into the clinical diagnosis,. For 
predictive accuracy, choosing the best gene from gene expression profiles is particularly difficult since gene 
selection is NP-hard [25]. 
We are thus motivated to address this issue by applying a parallel ensemble-based feature selection deep learning 
classifier. For further testing of the effectiveness of our suggested approach, we compared it to other established 
state-of-the-art deep learning approaches. A comparison with similar work by other authors concludes by 
supporting our proposal. 

III.    PROPOSED SYSTEMS 

The datasets and methodology used in this paper are discussed in this section.  
3.1 DATASET USED 

For the proposed research in this paper, we make use of publically available microarray datasets [26][27] and are 
listed in table 1. There are n samples, p features, and Ck classes.   These all are high-dimensional cancer micro-
array datasets. The n/p ratio is much lower than p, with values ranging from 0.006 to 0.036. The dataset is regarded 
as high dimensional and statistical analysis of it is difficult when the n/p ratio is smaller than 1 [28]. The binary 
datasets are Prostate, Leukemia, COLON, DLBCL, Ovarian and CNS. MLL, SRBCT and Lung are multiclass 
datasets. Table 2 gives class wise distribution of samples for each datasets. The datasets details are as follows: 
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Prostate: The Prostate dataset has two classes of normal has 50 samples and tumor has 52 samples. 
Leukemia:  This dataset includes bone marrow samples that were obtained using 7129 markers from 6817 human 
genes, of which 34 samples (20-ALL and 14 AML) were used for testing and 38 samples (27 ALL and 11 AML) 
were used for training. 

Dataset Name Ck 
Total number 
of Samples n 

Total number of 
Features p 

n/p ratio for high 
dimensionality 

Prostate 2 102 12600 0.008 
Leukemia 2 72 7129 0.01 

COLON 2 62 2000 0.031 

DLBCL 2 47 4027 0.012 

Lung 5 203 12600 0.016 

Ovarian 2 253 15155 0.017 

MLL 3 72 12582 0.006 

SRBCT 4 83 2308 0.036 

CNS 2 60 7129 0.008 

Table 1. Datasets details  description used for experimentation with  n/p ratio 

Dataset Name Ck 
Total number 
of Samples n 

No. of Samples in each class   

C1  C2 C3 C4 C5 

Prostate 2 102 52 50 - - - 

Leukemia 2 72 47 25 - - - 

COLON 2 62 40 22 - - - 

DLBCL 2 47 24 23 - - - 

Lung 5 203 139 21 20 6 17 

Ovarian 2 253 162 91 - - - 

MLL 3 72 24 20 28 - - 

SRBCT 4 83 23 28 12 20 - 

CNS 2 60 21 39 - - - 

Table 2. Datasets with class wise distribution of samples 

COLON: There are 62 samples in this dataset, of which 22 are positive and 40 are negative (tumor biopsies are 
taken from tumor). 

DLBCL: There are 47 samples in the diffuse large B-cell lymphoma (DLBCL) data collection, 24 of which are 
from the "germinal centre B-like" group and 23 from the "activated B-like" group. Each sample is represented by 
the expression of 4026 genes.  

Lung: There are five different classes in the multi-class Lung dataset for categorization. This contains 203 
samples of lung tumors, each containing 12,600 genes, including 139 samples of lung adenocarcinomas (labeled 
as ADEN), 21 samples of squamous cell lung carcinomas, 20 samples of pulmonary carcinoids, 6 samples of 
small-cell lung carcinomas, and 17 samples of normal lung tissue (labeled as NORMAL).  

Ovarian: The ovarian dataset aids in our comprehension of the circumstance in determining whether or not the 
proteomic patterns in serum indicate the presence of ovarian cancer symptoms. The women with similar family 
histories are those who are most affected by the cancer. The dataset was created using 253 samples (162 ovarian 
and 91 normal), which were used to create the proteome spectra.  

MLL : The MLL dataset included 28, 20, and 24 samples of each of the three classifications of leukemia: acute 
myeloid leukemia (AML), myeloid lymphoid leukemia (MLL), and lymphoblastic leukemia (ALL). 

SRBCT: The SRBCT sample had four different cancer types. The four classes had samples of 23, 28, 12, and 20 
for Ewing sarcoma (EWS), non-Hodgkin lymphoma (NHL), neuroblastoma (NB), and rhabdomyosarcoma 
(RMS). 
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CNS: The central nervous system (CNS) dataset shows the prognosis of patients with embryonal tumours. This 
has a total of 60 samples with 7129 genes, of which 21 are survivors and 39 are failures. 

3.2 THE METHODOLOGY 

The parallel feature selection and deep learning classification techniques used in this paper are presented in this 
section. 
For dimension reduction in a large dataset, the feature selection is of extreme significance. The use of the fewest 
effective features from the whole feature set in the dataset may result in a fast solution with appropriate accuracy. 
For supervised learning tasks, great generalization ability can be attained via ensemble approaches [29] [30]. The 
challenges of parallelizing computing techniques fall into two categories. (1) The high-dimensional nature of the 
cancer microarray dataset. (2). Parallel algorithms speed up processing, but at the cost of decreased prediction 
accuracy [31]. These two challenges are the focus of this study work, which suggests the following solutions. (1) 
To make the process of data parallelism easier, initial phase is applied on complete data and in the second phase 
vertically dividing them along the features. (2) Using the Parallel Ensemble Feature Selection (PE-FS) algorithm, 
the best and most significant features are chosen to improve the categorization of cancer subtypes.  
The methods used for high dimensional cancer data classification is shown in Figure 1. Here, Parallel Ensemble 
Feature selection (PE-FS) SU-R is used in the initial stage of feature selection. Convolutional neural network 
(CNN) deep learning training and testing are carried out on a reduced feature set X that was chosen in the initial 
stage. In first stage symmetric uncertainty measure is calculated as per equation 1. Symmetric uncertainty (SU) is 
a normalized value measure of Mutual Information (MI) obtained using the formula in Eq (2) 

𝑆𝑈ሺ𝑋, 𝑌ሻ ൌ
ଶ∗ெூሺ௑,௒ሻ

ுሺ௫ሻାுሺ௬ሻ
                                                  (1) 

As per information theory mutual information MI (X; Y) is the level of uncertainty in X resulting from the 
knowledge of Y [31]. Mutual information in mathematics is given by equation 2. 
 

𝑀𝐼ሺ𝑋, 𝑌ሻ ൌ ∑௫ ∑ 𝑝ሺ𝑋, 𝑌ሻ𝑙𝑜𝑔
௣ሺ௑,௒ሻ

௣ሺ௑ሻ∗௣ሺ௒ሻ௬                    (2) 

Here the joint probability distribution function is denoted by P(x, y). P(x) and P(y) are the marginal probabilities 
of X and Y distributional functions respectively. We can also state MI as per equation 3. 
 

𝑀𝐼ሺ𝑋, 𝑌ሻ ൌ 𝐻ሺ𝑥ሻ െ 𝐻ሺ𝑥, 𝑦ሻ                                           (3) 
 

Where the conditional entropy H(X|Y) and the marginal entropy H(X) H(X; Y) is the combined entropy of X and 
Y. If H(X) here denotes the level of ambiguity regarding H(X|Y) quantifies what Y does not speak about X when 
Y is a random variable. The level of uncertainty in X following understanding Y, which supports the intuitive 
significance of mutual information as the total sum of knowledge e ach variable tells us something about the other. 
Marginal entropy H(x) can be defined as equation 4.  
 

𝐻ሺ𝑥ሻ ൌ െ ׬ 𝑝ሺ𝑋ሻ log൫𝑝ሺ𝑋ሻ൯ 𝑑𝑥                                     (4) 
 
Given that P(X, Y) and P(Y|X) are joint and conditional probability distributions, respectively, and that X and Y 
are two discrete random variables, the conditional entropy associated with these distributions is defined as per 
equation 5. 

𝐻ሺ𝑌| 𝑋ሻ ൌ െ ∑௫∈௑ ∑ 𝑃ሺ𝑥, 𝑦ሻ 𝑙𝑜𝑔ଶ 𝑃௬∈௒ ሺ𝑦|𝑥ሻ        (5) 
 
After calculation of SU score as per equation 1 , the non zero positive score features are taken for next step. These 
features are divided into l vertical partitions. Here the value of l  is set to five vertical partitions. Relief score as 
per equation 6 is computed parallel on each vertical partition. 
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Fig 1. Parallel Ensemble Feature selection (PE-FS) SU-R followed by deep learning CNN approach for high dimensional cancer datasets 
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𝑊 ൌ ሺ𝑊 െ 𝑑𝑖𝑓𝑓 ቀx୧୨, near୦୧୲୧୨ቁ
ଶ

൅  𝑑𝑖𝑓𝑓 ቀx୧୨, near୫୧ୱୱ୧୨ቁ
ଶ

 ሻ/m             (6) 

The number of sample is j, while the number of features is i and m is neighbor count. The ij samples are used to 
calculate near hits (NH) and near misses (NM). While determining the relief score, the feature Z is considered. 
The sequential time complexity of relief score computation is O(i*j*m) [32]. For high dimensional dataset with 
large number of features relief score computation takes more time. To reduce the time complexity of relief score 
computation we applied parallel approach with l vertical partitions. The positive relief score feature from each 
vertical partitions are merged to form final feature set. 
In our study [33], we discuss the significance of the SU-R and ChS-R [33] ensemble feature selection methods. 
For high dimensional data, the two techniques mentioned in this paper perform well. In [34], the stability analysis 
of the same methodology is covered. When choosing features, stability is a significant factor. The stability of 
feature selection becomes crucial to provide reliable classification results because even minor variations in data 
samples might radically alter feature selection. The parallel version of the same is devised here to deal with high 
dimensional dataset.  

One of the most popular deep learning architecture is a convolutional neural networks (CNN) [35,36]. After 
final feature subset from PE-FS phase training and testing is performed with CNN. CNN uses convolution 
layer and pooling layer to extract high-level features from 2D input, and integrate them. The biological model of 
mammalian visual systems is the one by which the design of the CNN is motivated by Hubel, H., et al.[37] where 
the minute cells that make up the cat's visual cortex are honed region of the visual field known as the receptive 
field.  

A convolutional neural network has three different types of layers: convolutional layers, pooling layers, and 
fully connected layers. Feature maps and filters are the components of convolutional layers. The neurons of the 
layer are essentially the filters. They provide an output value like a neuron and have weighted inputs. A patch or 
receptive field is a fixed-size square that serves as the input size. The result of one filter applied to the preceding 
layer is the feature map. The pooling layers feature map is down sampled from the earlier layers. Following one 
or more convolutional layers, pooling layers are used to consolidate the learned and represented features in the 
feature map from the preceding layers. As a result, pooling may be thought of as a technique,  to reduce the 
model's over fitting of the training data and generally compress or generalized feature representations. The typical 
flat feed-forward neural network layer is made up of fully connected layers,  the layers could either a softmax 
activation or a nonlinear activation function to produce class prediction probabilities. After the convolutional and 
pooling layers have completed their work of feature extraction and consolidation, fully connected layers are 
employed to complete the network. They are combined to produce final nonlinear features, which the network 
then uses to make predictions. 

 

Hyper parameters Model 

Epoch 200 

Momentum 0.9 

Learn-Rate 0.001 

Batch-size 64 

Optimizer SGD 

Activation Function ReLU 

Output Function Softmax 
Table 3 Experimental hyper parameters of 

CNN model 

 
 
Table 3 shows experimental hyper parameters used for setting up our CNN model. Our CNN model has two fully 
connected layers, two pooling layers, and two convolutional layers. The input layer of the network includes 
neurons according to the amount of the input data. To reduce the size of the feature map by 85%, down sampling 
was accomplished using a concatenated average and maximum pooling method. The activation function in a 
neural network is in control of converting the node's summed weighted input into the activation of the node or 
output for that input. The rectified linear (ReLU) activation function is a piecewise linear function that outputs 
zero if input is 0.0 or neagtive otherwise the input directly. The vanishing gradient issue is solved by the rectified 
linear activation function, which enables models to learn more quickly and perform better. 

e-ISSN : 0976-5166 
p-ISSN : 2231-3850 Archana Shivdas Sumant et al. / Indian Journal of Computer Science and Engineering (IJCSE)

DOI : 10.21817/indjcse/2022/v13i6/221306034 Vol. 13 No. 6 Nov-Dec 2022 1827



The rectified linear unit (ReLU), which facilitates training of deep neural networks by stabilizing gradients on 
backpropagation, is used for all nonlinear functions [38]. In order to improve network training by stabilizing the 
loss landscape, batch normalization was also applied between the convolutional and ReLU layers [39, 40].  
 

𝐿𝑜𝑠𝑠 ൌ  െ ∑ 𝑥௜ log 𝑥ො௜
ை௨௧௣௨௧ ௌ௜௭௘
௜ୀଵ           (7) 

 
The error rate must be calculated in order to calculate the model performance.   We utilized the categorical cross-
entropy cost function as a loss function generated by equation 7 because this is a multiclass classification problem 
[41]. 
Here output size is the number of scalar values in the model output, 𝑥ොi  is the i-th scalar value in the model output, 
xi  is the associated target value. This loss is an excellent indicator of how easily two discrete probability 
distributions may be distinguished from one another. In this situation, xi denotes the likelihood that event i will 
take place, and the total of all xi equals 1, indicating that precisely one event might happen. 
The minus sign makes sure that when the distributions approach one another, the loss decreases. 
An iterative technique for optimizing an objective function with acceptable smoothness qualities is stochastic 
gradient descent, or SGD [42]. Since it uses an estimate of the gradient instead of the actual gradient (derived 
from the whole data set), it can be thought of as a stochastic approximation of gradient descent optimization 
(calculated from a randomly selected subset of the data). This minimizes the extremely high computational burden, 
especially in high-dimensional optimization problems, allowing for faster iterations at the cost of a reduced 
convergence rate. 
On the output layer, a softmax activation function 𝜎 as per equation 8 is employed to transform the outputs into 
probabilistic values and enable the model's prediction output to be chosen from among several classes. 
 

𝜎൫𝑌ሬ⃗ ൯
௜

ൌ ௘ೊ೔

∑ ௘ೋೖ
ೕసభ

                                             (8) 

 
The input vector is represented as൫𝑌ሬ⃗ ൯. Here  𝑒௒೔ is standard exponential function for input vector, 𝑒௒ೕ is standard 
exponential function for output vector and k is number of classes. 
The second proposed method PE-FS ChS-R followed by deep learning classifier CNN works same as shown in 
Figure 1. Here at first step chi-squared   score with equation 9 is computed to select positive score features from 
entire feature set. 

𝜒2 ൌ  ∑ ∑
ቀ  ை೔ೕ  

ି୉౟ౠ  ቁ
మ

୉୧୨
௖
௝ୀଵ

௥
௜ୀଵ                                       (9) 

Here Eij is the observed value, while Oij is the predicted value. It establishes a meaningful connection between 
two feature vectors. This technique evaluates a feature that predicts class relationships and computes a score. Chi-
squared attribute assessment determines a feature's value by computing the Chi-squared statistic's value in relation 
to the class. H0 is the initial hypotheses, and presumption that there is no connection between the two features and 
it is tested Chi-squared test. Then after selecting positive scored features from the first step with chi-squared score 
are divided into l vertical partitions. A parallel relief with equation 6 is computed on each l vertical partitions. A 
positive score features are merged into single set for deep learning training and testing with CNN. 

IV.      RESULT AND DISCUSSION 

The two devised systems parallel ensemble feature selection SU-R followed by deep learning CNN approach (PE-
SU-R-CNN) and parallel ensemble feature selection ChS-R followed by deep learning CNN approach (PE-ChS-
R-CNN) results are discussed in this section. 
The two methods used for comparison are Firefly search and elephant search for feature selection, followed by a 
deep neural network built on a stochastic gradient descent technique with a soft max activation function [43].  
The Elephant Search Algorithm is a highly nonlinear, multimodal global optimization method was developed in 
response to the biological behaviors of elephant herds. The intensification of the Elephant search in the local 
search space is regarded as an effective optimization approach for improved solutions. It offers universally optimal 
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solutions while adequately spanning the search space and avoiding local optima. 
Firefly search is a recent population-based global optimization technique that functions by imitating the flashing 
pattern of fireflies. There are about 2000 different types of firefly species, which are tiny insects with the ability 
to flash brief, rhythmic lights that draw other fireflies. The firefly can only be seen for a few hundred meters or 
so due to the fact that the light intensity attraction diminishes with increasing distance. The fluorescence light 
behavior of fireflies is related to the objective function utilized in the algorithm. If there are no fireflies that are 
brighter than it or the one it is following, the fireflies move randomly. 
To measure system performance accuracy is calculated as equation 9. Confusion matrix for classification task is 
calculated as in table 4.  
 

%𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 ൌ 100 ∗ ሺTN ൅  TPሻ/ሺTN ൅ TP ൅ FN ൅ FPሻ            (10) 
 

 

Class Actual :No Actual :Yes 

Predicted :No True Negative (TN) False Positive (FP) 

Predicted :Yes False Negative (FN) True Positive (TP) 

Table 4 Confusion matrix for accuracy calculation 

. 
 
 
Table 5 shows proposed parallel ensemble approaches followed by deep neural CNN model performance 
obtained. The proposed system performance is compared with existing two methods Firefly with deep learning 
and elephant search with deep learning. To compare proposed system accuracy with existing system accuracy we 
have calculated ∆ as per equation 11. 
 

∆𝐢ൌ  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑜𝑓 𝑝𝑟𝑜𝑝𝑜𝑠𝑒𝑑 𝑠𝑦𝑠𝑡𝑒𝑚 െ %𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑜𝑓 𝑒𝑥𝑖𝑠𝑡𝑖𝑛𝑔 𝑠𝑦𝑠𝑡𝑒𝑚                        (11) 
 

 ∆1 is computed to show improvement of proposed PE-SU-R-CNN with existing firefly with deep learning 
approach. The average improvement is 8.65 percentages. 
 ∆2 is computed to show improvement of proposed PE-SU-R-CNN with existing elephant search with deep 
learning approach. 10.25 percentages are improved on average by PE-SU-R-CNN. 
∆3 is computed to show improvement of proposed PE-ChS-R-CNN with existing firefly with deep learning 
approach. It is observed that 7.97 average percentage improvement in performance by PE-ChS-R-CNN over 
firefly + deep learning approach. 
∆4 is computed to show improvement of proposed PE-ChS-R-CNN with existing elephant search with deep 
learning approach. We observe improvements of 9.57 average percentages here. 
This analysis reveals that the suggested system outperforms the current elephant search + deep learning strategy 
and that PE-SU-R-CNN outperforms PE-ChS-R-CNN. 
It is observed that practically all datasets benefit from deep learning. The proposed system improvement over 
existing firefly+deep learning and elephant search + deep learning approach shows that parallel ensemble feature 
selection outer perform in feature selection than existing bio inspired feature selection firefly and elephant search 
for high dimensional data. It is also observed that less number of features is selected by parallel ensemble feature 
selection methods for all datasets. When compared system accuracy it is observed that proposed systems outer 
perform in almost all cases except elephant search+ deep learning achieves 0.3 percent improvement over PE-
ChS-R-CNN approach.  The highest improvement observed is with CNS dataset. The lowest improvement is 
observed with ovarian dataset.   
 
According to Tables 5, the proposed PE-SU-R-CNN is the fastest algorithm across all datasets and offers the best 
accuracy in the datasets for ovarian, leukemia, colon, and DLBCL cancer. It also offers adequate accuracy  
for other datasets. For each dataset, the top-performing approach is indicated with bold. The only exception is the 
leukemia dataset, where PE-SU-R-CNN and Firefly+ deep learning are tied for accuracy. 
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Sr.  
 No. 

Dataset 
Name 

Ck 

Total 
number 

of 
Samples  

n 

Total 
number 

of 
features   

p 

Proposed methods Existing Methods 
Improvement of        
PE-SU-R-CNN 

Improvement of         
PE-ChS-R-CNN 

PE-SU-R-CNN PE-ChS-R-CNN 

Firefly Algorithm 
with Deep Learning   

(A) 

Elephant Search 
Based Algorithm 

with Deep Learning   
(B) 

Compared 
with 

approach  
(A) 

Compared 
with 

approach  
(B) 

Compared 
with 

approach  
(A) 

Compared 
with 

approach  
(B) 

NoF 
Selected 

Accuracy 
NoF 

Selected 
Accuracy 

NoF 
Selected 

Accuracy 
NoF 

Selected 
Accuracy ∆1 ∆2 ∆3 ∆4 

1 Prostate 2 102 12600 927 88.42 796 100 5189 87.26 4267 88.24 1.16 0.18 12.74 11.76 
2 Leukemia 2 72 7129 62 100 80 99.7 2463 100 1044 92.11 0 7.89 -0.3 7.59 
3 COLON 2 62 2000 43 100 83 85.79 562 77.43 572 79.03 22.57 20.97 8.36 6.76 
4 DLBCL 2 47 4027 77 100 21 100 1805 89.36 1717 91.49 10.64 8.51 10.64 8.51 
5 Lung 5 203 12600 342 98.7 935 99.8 5304 93.11 4545 94.1 5.59 4.6 6.69 5.7 
6 Ovarian 2 253 15155 16 100 23 100 35 97.24 384 99.21 2.76 0.79 2.76 0.79 
7 MLL 3 72 12582 144 86.5 144 83.33 190 80.56 190 80.56 5.94 5.94 2.77 2.77 
8 SRBCT 4 83 2308 143 96.5 148 95.4 768 93.98 306 83.14 2.52 13.36 1.42 12.26 

9 CNS 2 60 7129 168 83.33 221 83.33 1526 56.67 1621 53.34 26.66 29.99 26.66 29.99 

Average 214 94.83 272 94.15 1982 86.18 1627 84.58 8.65 10.25 7.97 9.57 

Table 5. Proposed Parallel Ensemble Feature Selection approaches with deep learning classifier compared with existing Firefly and Elephant Search Based Algorithm with Deep Learning Classifier. Number of features 
selected by each algorithm is NoF. 

 

 

* NoF is Number of Features
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Fig  2. Number of Features selected percentage of proposed PE-SU-R-CNN, PE-ChS-R-CNN and Existing Firefly and Elephant search with 
deep learning approach. 

 
Figure 2 shows the percentage of selected features by proposed PE-SU-R-CNN, PE-ChS-R-CNN, and existing 
firefly and elephant searches using deep learning. It can be seen from this analysis and the accuracy in table 5 that 
our suggested method produces better accuracy with fewer features than existing systems. 

 
 

 
Fig 3. Accuracy analysis using box plot of proposed PE-SU-R-CNN, PE-ChS-R-CNN and Existing Firefly, Elephant search with deep 

learning approach. 
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In summary, Fig. 3 shows a graphical presentation using a box plot of the results of the Proposed PE-SU-R-CNN 
and PE-ChS-R-CNN technique with existing firefly +deep learning and elephant search+ deep learning as 
emphasized in Table 5 in terms of accuracy. According to Fig. 3, proposed PE-SU-R-CNN and PE-ChS-R-
CNN appears to perform better than existing systems. 

It is common knowledge that the feature selection procedure affects a deep learning model's accuracy.  Compared 
to two-class classification, accuracy for multi-class problems is low. Because there are fewer samples in the 
microarray dataset than there are attributes, even after reduction, it can be exceedingly difficult to achieve high 
accuracy. The statistical significance test and post hoc tests prevent a deeper understanding and the selection of 
the best model out of several options when compared with other previous studies. 
We validated our system using one-way ANOVA with post hoc Tukey HSD (Honest Significant Difference) test 
to have the statistical significance test in order to confirm the experimental data and to come to the correct 
conclusion. The next section discusses the findings from the statistical significance tests. 

4.1 CONCLUSIONS FROM SIGNIFICANCE TEST 

The importance of our proposed approaches is demonstrated by the results of a one-way ANOVA with post-hoc 
Tukey HSD Calculator, Scheffé, Bonferroni, and Holm multiple comparisons[44][45], which are presented in 
tables 6 through 10. 

 
Treatment Proposed Method Existing Method Pooled Sum 

Observations N 16 16 32 

Sum ΣXi 1,500.80 1,339.59 2,840.39 

Mean    93.8 83.7244 88.7622 

∑X2 141,547.17 114,629.51 256,176.68 

sample variance s2 51.4751 164.8783 130.8854 

sample std. dev. s 7.1746 12.8405 11.4405 

std. dev. of mean  1.7937 3.2101 2.0224 

Table 6 Statistical significance test calculations 

 

 

source sum of squares SS 
degrees of  
freedom ν  

mean square MS F- statistic p-value 

Treatment 812.1458 1 812.1458 7.5076 0.0102 

Error 3,245.30 30 108.1767   

Total 4,057.45 31    

Table 7 Statistical significance test with One-way ANOVA k=2 

The p-value corresponding to the F-statistic of one-way ANOVA is lower than 0.05 as shown in table 7, suggesting 
that the one or more treatments are significantly different. 

 

treatments Tukey HSD Tukey HSD Tukey HSD 
pair Q statistic p-value inference 

Proposed Vs Existing 3.8749 0.010246 Significant 

Table 8 Tukey HSD results 
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treatments pair Scheffé TT-statistic Scheffé p-value Scheffé inferfence 

Proposed Vs Existing 2.74 0.0102454 Significant 

Table 9 Scheffé test results 

 

treatments pair 
Bonferroni and Holm 

TT-statistic 
Bonferroni    p-value Bonferroni inference 

Holm                 p-
value 

Holm inference 

Proposed Vs 
Existing 

2.74 0.0102454 Significant 0.0102454 Significant 

Table 10 Bonferroni and Holm results: all pairs simultaneously compared 

The test shows the results are significant and from this we can prove significance of our proposed system.  

V. CONCLUSIONS AND FUTURE SCOPE 

If relevant features were chosen from a high-dimensional dataset during the feature selection phase, deep learning 
would perform better on the cancer microarray dataset. Additionally, because deep learning is expected to perform 
well with complicated issues, the network's depth plays a significant role in how it works. According to the results, 
PE-SU-R and PE-ChS-R ensemble feature selection were able to choose the most suitable genes from among the 
many redundant genes included in the dataset. The most promising, most recent deep learning classification 
method, CNN, is then identified as one of the most accurate and promising. The appropriateness of the 
proposed approaches is examined using an ANOVA and a post hoc Tukey HSD test, among other methods. The 
findings suggest that our suggested strategy is on par with the most effective approaches currently described in 
the literature. In the future, proposed approaches will be used to test the usefulness of our suggested strategy for 
high sample and also for less features datasets.    
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