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Abstract

Analysis of microarray data is extremely complex and considered as a hot topic in recent research. Acute Myeloid
Leukemia (AML) prediction based on machine learning shows huge impact on prediction which automatically
diagnoses the disease severity and any malfunctions. It is important to design the relevant classifier that processes
the large data volume with large data size. Deep learning is an updated machine learning approach for mitigating
these issues. It is easy to handle the huge volume of data because of the large number of hidden layers. The
proposed classification methodology is used for understanding the training of the proposed Dense Polynomial
Dimensionality based Predictor Model (DPDPM). The hidden neuron numbers are large in a sufficient way where
the proposed DPDPM is elaborated to predict AML. AML and ALL samples are classified using five layers in the
deep network model. The data is partitioned as 20% data and 80% data testing and training in the network.
Compared with other classifiers, the satisfying outcome from the proposed DPDPM is higher and fulfilling. The
validation is done in three datasets: Kaggle, Gene expression and Bio GPS and it gives 96% accuracy, 94%
precision, 96% recall, 96% F1-score, and 98% AUROC while executing with Kaggle; then, 95.50% accuracy, 94%
precision, 95% recall, 96% F1-score, and 96% AUROC is achieved while executing with Gene expression and
finally 98% accuracy, 94.5% precision, 98.5% recall, 96% F1-score, and 94% AUROC is achieved while executing
with Bio GPS. Based on this analysis, it is proven that the model works well with the proposed DPDPM and
establishes a better trade-off.

Keywords: Acute leukaemia, prediction; deep learning; validation; dense network model

1. Introduction

These Human beings have the information about heredity commonly saved in the gene. This kind of disease
generates a disorder in the human body's expressions of the gene because of the mutation in one gene, a
combination of gene mutation, different gene mutations, different factors related to environments and damage to
chromosomes. Few mutations or genetic disorders are the reason for developing human body cancer [1]. In
addition, the gene mutation turns into a different new virus generation. This kind of change is mentioned in
hereditary cancer syndromes, which are transferred to the child from the parents. Due to the genetic disorder, this
kind of bone marrow cancer is called leukemia [2]. The leukemia risk is increased by the factors of the environment
and the human being's lifestyle. The stem cell leads to the cancerous cell and slowly multiples it uncontrolled at
the primary phase of leukemia. It has no factors which are aware. Cancer cells are not working in a relevant way
and use the healthy cells in the bloodstream and the bone marrow. Leukaemia is developed in the human body, is
the fundamental factor is the cell mutations in the bone marrow. The healthy cells are developed using the bone
marrow; this is thwarted. DNA mutation as deoxyribonucleic acid is detected, which is difficult for different
genetic diseases for the earlier diagnosis due to the many genes that have multiple areas from where the mutation
occurs [3]. One upgraded methodology is the DNA microarray that measures the expression level for the huge
volume of genes. The ability to evaluate if individual DNA has the gene of mutation or not using technology.
Various kinds of leukemia are used in microarray prediction and analysis technology [4].
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The difficult task is the earlier prediction in today's world for physicians and adopting automatic computer oriented
for disease diagnosis systems in the clinical phases. Various machine learning (ML) approaches are adopted to
model the intelligent diagnosis system for clinical datasets. A large volume of data is created from the clinical
sectors because of the upgrade and digital revolution in information technology. The large data is analyzed, and
different approaches are used to diagnose diseases called machine learning approaches [5] - [6]. Various data for
the diagnosis are used in medical records forms at different hospitals for the successful run of machine learning
algorithms. Microarray technology generates a large volume of DNA expression in hospitals. The data
classification and the automated analysis are important for decision-making and earlier diagnosis of genetic disease
[7]. One of the many famous regions is gene expression data in studies in the analysis related to biomedical data
based on machine learning. The data is analyzed for various algorithms of machine learning [8]. The proposed
DPDPM approach is employed for leukemia prediction. There are two kinds of leukemia with the assistance of
deep neural networks: AML as acute myelocytic and ALL as acute lymphocyte [9] - [10]. The suggested methods
have a classification performance that is satisfactory when compared with previous works described in the
conclusion section. The major research gap occurs due as the earlier prediction of leukemia is more challenging
for experts and it can be achieved effectually by the automated disease diagnosis system. Thus, there is a need of
huge gene expression dataset. Since, the provided AML dataset shows less number of labelled samples, there is a
need of suitable features for the smaller dataset which potentially learn better feature representation from data for
AML prediction. However, layer-level stacking for feature extraction generally provides superior representation
of learning models which motivates to design DPDPM to learn the higher level features. Also, it is proven that the
multi-modal data works well compared to single model data. Thus, it makes better prediction/classification
outcomes.

The proposed system has the below organizations. Section 2 presents the related literature. Suggested work is
offered in section 3. Section 4 presents the outcomes that are achieved via the suggested method. The conclusion
work is presented in work 5.

2. Related Works

Various approaches use authors' gene expression data analysis because of the latest machine learning and
enhancement in Al artificial intelligence. The important aim of the machine learning approaches is to enhance the
model's performance using the decrease in error and increase in accuracy. The researchers in [11] suit three various
algorithms for supervised machine learning to classify cancer from gene expression data. Because of the latest
enhancement in Al artificial intelligence and the authors uses various approaches and ML for the analysis of the
data in the gene expression, there are seven kinds of data by researchers. The machine learning approaches aim to
enhance the models' performance with increased accuracy and decreased error. There are three supervised machine
learning algorithms based on a tree used in [12] by authors from gene expression data to classify cancer. Seven
cancer data are classified with the help of boosted and bagged decision trees and the decision tree C4.5. Compared
with the other two classifiers, this is observed as the bagging decision tree classifier performs better. The original
data has the relevant feature selection, which is difficult work in the technique of machine learning, and this is
essential in biomedical data.

The researchers utilized the feature selection methodology based on null space in [13] to enhance the performance.
The null space-relevant feature selection method discards the redundant gene expressions in [14] via the scatter
matrices. There are three classifiers: Support Vector Machine (SVM), Naive Bayes (NB) and Linear discriminant
analysis (LDA) after successfully reducing feature dimension to perform the classification. The use of one class
of SVM classifier in the gene expression data in [9] is to find the samples of AML. The performance in the
proposed classifier is checked to have various kernel functions, and this is observed that better accuracy is achieved
with the linear kernel. The outcome is compared with a few early conventional classification models, and a better
outcome is obtained than another classifier. The higher dimension issue is obtained in [15] by using the approach
of chi-square feature selection. The anticipated model adopts ML approaches in the SAGE data. ELM algorithm
as Extreme Learning Machine has the performances determined by having the gene expression dataset in [16]. The
ELM algorithm is used to enhance the training time and eliminate the problems of over-fitting and local minima.
Various kinds of microarray data sets are performed in the multi-category classification. The authors select the
gene patterns with the help of a random forest algorithm [17]. The suggested method aims to identify the
considerable genes the accuracy is increased. The authors are concerned with various kinds of gene expression to
validate the ML model's performance.

The suggested hybrid model achieves an effective outcome when compared with conventional models. The gene
patterns suggested in [18] by using another hybrid method. The gene patterns are classified using the rough set
theory technique and hierarchical clustering. There are three-step structures used in the suggested technique.
Primarily, the hierarchical method is used to form the gene clusters. The primary clusters are classified into many
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clusters with the help of upper and lower approximation properties for the rough set algorithm. Hence, cluster
ranking and gene ranking are used for ranking the clusters to select the considerable genes. The SVM classifier
performs the classification after completing the pre-processing phases. The authors use the SSA as a salp swarm
algorithm and MOSHO as a multi-objective spotted hyena optimizer [19] to design the proposed system's
optimized classification model of gene data. The suggested approach of SSA handles the training information and
diversity compared with the real-time optimizing algorithm. Lower time for computation is considered by using
the MOSHO approach to maintain the essential data. There are four kinds of classifiers used in the proposed system
for classification. Then, the gene expression classifications are performed using the SVM classifier. The authors
develop the algorithm of gray wolf optimization in [20] for the classification of gene expression data for the
optimized data mining model.

The approaches of information gain are used in the proposed system to select the features. The colon and breast
cancer data of genes are utilized for classification. The selection of correlation-oriented features of the gene in [21]
is done for the classification. The TLBO algorithm as teaching-learning-based optimization is used in the proposed
system to choose the SVM classifier's optimized parameters. The new encoding approach is chosen in the proposed
system to convert the contiguous optimized parameter to the binary version. The other famous data mining method
is KNN, as the K-nearest neighbor is adopted for the classification of gene expression. The proposed combination
of the SVM classifier and KNN is used to classify cancer colon and leukemia data. K-NN and PSO as particle
swarm optimization are used in the proposed system [22] by researchers to classify the gene expressions of ALL
and AML.

The genetic algorithm obtains the various gene subsets classified using the k-NN. Researchers provide gene
expression analysis to deploy the neural network and its variations. The gene expression is classified using the
ANN as an artificial neural network. The authors use feature selection approaches and normalization to pre-process
the gene data [23]. The particular gene clusters are created by using the K-means clustering approach. The SVM
is used in the proposed system to lower the size of the feature. The ANN is used to classify the reduced selective
features. There are two kinds of tumor datasets to validate the suggested model. The AML and ALL data of genes
are classified by suggesting the technique of supervised machine learning that is suggested. A better outcome is
obtained by the classification using the ANN classifier when the comparison is done with other classifiers as it is
claimed. The RBFN, as a radial basis function network, classifies the gene sequences. A theoretical approach to
feature selection based on a rough set is given in [24] — [25].

The method is chosen with the merit of eliminating the clustering of gene expression. The roughest approach of
feature selection and RBFN is used in the proposed system to predict lung cancer, prostate cancer, and leukemia.
The outcome in the proposed system is validated by having two other kinds of classifiers from the outcome. It is
noticed that RBFN is given better outcomes when compared with naive Bayes and LSVM. The prediction accuracy
is improved in classifying a gene by using the generalized RBFN. The BIRS, FCBF, and BARS approaches are
used to choose the effective features. The RBFN and FLDA as Functional logistic discriminant analyses are
utilized for the gene expression analysis data presented in [26]. Another kind of neural network is called PNN, a
probabilistic neural network utilized for the classification and analysis of gene expression [27]. The classification
is performed with the help of PNN after choosing the efficient features of the gene. Compared with KNN, the
performance of PNN is better in classifying the three kinds of information. The upgraded approach of the neural
network is used in the various applications of biomedical called deep learning. In addition, the authors use various
deep-learning techniques in gene expression data analysis. The convolutional neural network (CNN) extracts the
essential gene features [28]. SVM is employed to categorize the extracted convolutional features. The image-
processing approaches rely on DL and are used to classify all kinds of leukemia [29].

After gathering the microarray image, the segmentation step is performed to enhance the performance. The seven
layers of the convolutional network are utilized after completing the segmentation phase for classification. The
hybrid technique uses the combination of SVM and CNN to classify the bone marrow expression images by
researchers. Leukaemia is classified using the deep convolutional neural network [30]. The pre-trained AlexNet
model is used in the proposed system to train the model successfully. CNN is used to classify the four kinds of
leukemia. Researchers in another research use the hybrid deep learning model to classify leukemia cells. The
suggested hybrid technique can extract effective features from the image of input. The global average pooling
technique is used in the proposed system to enhance performance. CNN is used to classify blood cell images.
Researchers use the similar seven-layer structure of CNN to classify leukemia. The authors develop the model of
the CNN classifier based on DCT as a discrete cosine transform. The DCT is used in microscopic images to extract
the features, and the performance in classification is obtained with the help of CNN. However, the issues in the
microscopy inspection of blood films are considered to be crucial for predicting the acute leukaemia predication.
The model consumes huge resource settings which is a time consuming process and inconsistency. The throughput
of the model is also reduced due to the lack of resource sufficiency and increases the cognitive human error [31]

147

Dot: https://doi.org/10.54216/FPA.120212
Received: January 27, 2023 Revised: April 24, 2023 Accepted: June 18, 2023


https://doi.org/10.54216/FPA.120212

Fusion: Practice and Applications (FPA) Vol 12, No. 02. PP. 145-158, 2023

—[33]. Much work is presented from the study to classify the gene expression data. Various algorithms of machine
learning are utilized to obtain satisfactory accuracy. The authors utilized the technique based on deep learning in
gene expression data to enhance accuracy and reduce the time in computation. Many works based on deep learning
are performed having the images of microarray. The attempts are taken in the proposed system to classify previous
records of gene features extracted and obtain a better outcome with the information when the comparison is done
with another classification model.

3. Methodology

The suggested classification model of leukemia based on deep learning has three stages in Fig 1. The pre-
processing is taken place after the collection of data. Due to the hampering of the classification outcome, the
complete dataset is verified in the pre-processing step to detect the missing value. The value obtained in the
proposed dataset is present. The complete dataset is classified into two subsets after verifying the missing value.
The proposed DPDPM is used for prediction.

3.1 Data acquisition and pre-processing

The public data on microarray genes is available to gather leukemia datasets. The dataset has 72 samples of bone
marrow expression having the genes of 7128. The dataset has two kinds of leukemia classes. ALL class has forty-
seven samples, and the AML class has 25 having zero missing values. After verifying the missing values, the
complete data set is classified for testing and training. The training purposes have the separated data with nearly
58 samples, 80%, and the remaining 18 samples, 20%, are utilized for validation and testing purposes. Similarly,
the pre-processing is also done for successive datasets like Kaggle and Bio GPS.65. Some pre-processing steps
like augmentation are employed with sample rotation, changing the orientation and angle. Also, the noise over the
input samples is eliminated to enhance the model performance and quality. This step is substantially essential for
all the input samples to make better prediction. After pre-processing, the sample features are analyzed using the
proposed dense polynomial dimensionality based prediction model. The features are extracted by the intermediate
layers to perform better classification.

3.1.1 Kaggle dataset

The cells are segmented from microscopic images and the real-time image representation as the images contain
illumination errors and staining noise. These errors are fixed in course acquisition. The task intends to predict the
leukemic cell. There are 15, 135 images gathered from 118 patients.

3.1.2BIO GPS

It is a collection of dataset where thousands of samples are available which are related to chronic myeloid, myeloid
leukemia, genome, cell, bone marrow, cancer, class and so on. These are tags related to the dataset and the species
are included.

3.1.3 Gene expression

It includes the proof-of-concept which includes the new cancer cases which is classified by gene expression and
provides general approach for predicting the cancer classes and allocating tumours to known classes. The data is
classified to classify patients with acute myeloid leukemia and acute lymphoblastic leukemia.

3.2 Dense Polynomial Dimensionality based Predictor models network Units

In this work, the proposed DPDPM algorithm is anticipated and applied for multi-modal gene expression analysis
and diagnosis. The proposed model can effectually fuse and learning feature representation from multi-modal data.
The model is developed as a supervised algorithm to evaluate the quadratic and linear function and the learned
predictors are determined as the polynomial functions. The architecture of the deep network helps the proposed
algorithm for learning the polynomial predictors, which gives a better bias of approximation using the polynomials
for the obtained values across the training samples. Some existing investigator needs to be referred for further
information, and a brief introduction is to be given in the proposed system regarding the algorithm of DPDPM.
The DPDPM architecture with four network layers is shown in Fig 1 as the instance. The input is given to the
DPDM where the samples (n!,n?,n3 ..., n*) are considered and the outputs are extracted from every individual
block and finally the outcomes are accumulated to give the final outcome. Once the outcomes are accumulated,
the features are provided to the classifier where the final prediction outcomes are extracted.
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Figure 1: DPDPM

The m training samples are {(x;, yi)}i2;, the label's relevant value is y;, and the d —dimension sample is x;. The
definition of multivariate polynomials on RY is provided below:

PG) = T o B Wi T, 1)

Here, the degree of the polynomial is represented as the degree index is represented as i, the
d —dimensional index with YL, ol = i is presented as «, and the index weight of o' is presented as W.;. Then,
n}(.) is used in the proposed system in DPDPM for describing the j™ node in the layer of i™" inputs functions. The

function computed for simplifying every node is either linear or a product of two weighted inputs. The linear
polynomial as degree-1 polynomials function has the set of values across the training samples when establishing
the primary network layer in DPDPM that is provided below.

{(<w,[1,%]>,...,<w,[1,x,] >):w e RI*? )

Here the dimensional linear subspace of Ry, is presented as (d + 1), Where the inner product is presented as (-,-).
The singular value decomposition performs the basis for the linear dependent set. The W matrix is presented in
the proposed system to simplify the model that maps the [1 X] to the basis of construction. Here, all one's vectors
are presented as 1, and the samples' matrix is presented as X. The first layer is formed in DPDPM using the columns
of W, which means the d + 1 linear functions. The j™* node of the primary layer is the function forallj = 1,...,d +
1.

n (x) =< W[1X] > ©))
; d+1 L.
The fundamentals for all the obtained values are presented as {(n]1 (%1), wer) njl (xm))} over the training samples
j=1
by the linear polynomials as degree-1 polynomials, the m x (d + 1) matrix having F}] = n]-1 (x;) be FL.
Implementing the one-layer network is done with the pan of all the output values achieved on the training samples

using the linear functions. Any degree-2 polynomial is defined below using the polynomials decomposition
theorem.

% oc® 0l () (35 < 0l 0) + (55 o< nf () =

S (h @)
Zijnj (Ong (%) (Z,‘ °<i(g‘)°<§h‘)) + (Zjnj® (oci(k)))

Here, a scalar is represented as o, g; represents the superscripts, and the degree 1 polynomial having g;(x) =
% oci(gi) nj1 (x) and hi(x) = ¥ ocghi) nl (x) is represented as h; accordingly. The degree-2 polynomial is used to
achieve the vector of values that spans the vector of values using the nodes present in the primary layer. Every two
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nodes in the primary layer have the products of the outputs. Further, F2 is defined in the proposed system as below.

F? = [(Fi © F1) . (F1 © Flg,p) = (Flg,y © Flg))] (5)

Here, the Hadamard product is presented as o, the number of columns of matrix F; is denoted as |F, |, and the it"
column vector of matrix F is presented as F;. Thus, [F F?] is the concatenation of a new matrix that occurs in the
span of all the essential obtained values using the degree-2 polynomials. The basis is constructed by performing
the single value decomposition again. The subset of the columns of F2 is presented as F?, the basis for the degree-
2 polynomial is generated as F2, and the decomposition method is used to choose the linear independent columns
from F2. The F? columns are specified as the second layer of the network. Hence, every column is presented the
F{ o F; related to the node in the second layer, which computes the product of the node as n{ () and nj" () in the
primary layer. Here, F is defined again as the [F F'] as an augmented matrix for the simpler notation. Thus, the
matrix F is maintained at every iteration t with the columns to form the basis for all the obtained values using the
polynomials of degree < (t — 1). The representation of the new matrix is defined below.

F = [(Fi7" 0 F1) . (FI7" 0 Fley) o (FR} © Firy)] 6)

Here, [F F*] columns create the basis for the [F F] columns. A network is implemented using the addition of the
newly implemented layer with the outputs to create the basis for the achieved values over the training samples
using all polynomials of degree < t. Then, Ftis converted to F* through the matrix W of size |[F*1| x |F!| for
maintaining the stability of numbers that are presented below:

Fis: Wi Fie © Fjg) wheres = 1,2, ..., |F'| )

Here, i is a function of s. It is represented as i(s), and the matrix projection is presented as W that maps to the basis
F* of degree t polynomials from F* obtained using the procedure of Gram-Schmidt or more alternate methodologies
in the stable form. The process is similar to constructing W in the primary layer. After A the — 1 iteration, a
matrix F is finished with the columns to create the basis for all values across the training samples using the
polynomials of degree < (A — 1). Fig 2 represents the mentioned processes needed to implement the network in
DPDPM. It is identified that DPDPM includes the architecture of feed-forward that creates DPDPM, which is very
simple. Here, two DPDPM modules are considered where the input from the datasets and the corresponding
samples are provided for simultaneous process. The training and testing can be done in these DPDPM blocks
where the accumulated outcomes are provided for further classification. The proposed blocks are made of
independent layers where the errors are extracted and the errors are eliminated to make better classification.

Block 2
> m:N

Classifier

Figure 2: DPDPM Block

Algorithm 1:

1. Set empty matrix with F;

2. Evaluate the single decomposition for predicting W;
3. Generate the initial layer:

4. Construct the linearly independent layers;

5. if the error is small, then

6. Compute F* and construct bias value;
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7. Design the linearly independent layers;
8. F = [FF;

[loutput layer design;

9. Evaluate w;

10. Evaluate n°utPut(,);

11. Evaluate the error rate;

12. Return (n®“tPut(,), error)

The feature output layer n°“*Put (+) gives the learned features on the network's top. The standard L2-regularized
hinge loss depends on the simpler linear classifier, like the output of the final decision resolved on the hinge loss
function using the stochastic gradient descent optimization. In addition, other classifiers are also utilized for
DPDPM. The mentioned methodology constructs DPDPM. Moreover, the current algorithm is utilized with
restricted nodes for small datasets. The width of the network, that is, the number of created nodes in every layer,
is also very huge, which results in a huge network having higher complexity in computation when using the
DPDPM to the larger training samples. The altered solution is explicitly suggested for the network constraint width
in every iteration to mention this problem that utilizes the small partial basis for creating the smaller nodes in the
layer. In particular, the proposed system gives up on the spanning of F in DPDPM yet asks for the "approximately
span™ with the help of a small partial basis for the size bounded r, which gives in the width layer r. Hence, the
generation of the network is done by having sparse connections having most of the nodes based on the two nodes'
inputs, which creates fast computation in the network. Hence, the new solution is merged having the sparse node’s
connection which creates the DPDPM works well for the data of large scale with no loss in the merits of efficiency
and less complexity in the computation for the smaller data.

The primary network layer calculates the linear transformation, which converts to top k leading singular vectors
from augmented data matrix [1 X] for the supervised DPDPM using the PCA as principal component analysis. The
next networks layer chooses the standard orthogonal least squares process to pick the Ft columns greedily for the
most related to predict. The least-square has the supervised technique that iterates the pick up of the Ft column in
the proposed system with the residual after the projection of the previous basis F that is more correlated having
the prior residual labels.

3.3 Dense stacking network model (DSNM)

The one RBM has the output to enhance DBN's representation as input to other RBM is discussed by Hinton et al.
Posterior RBM provides a more complicated input presentation. The DSNM algorithm as DPDPM is suggested in
the proposed system using the inheritance of the stacked technique to handle the problem utilized in deep learning.
Different fundamental DPDPM is stacked on one another in DSNM to create the deep hierarchy, which is the output
of fundamental DPDPM wired to the input for the next fundamental DPDPM at the consecutive stage. The two-
level DSNM approach is the example in Figure 3 extended to the m level. The original input of the feature vector

to the primary stage fundamental block of DPN having the n layers of networks for creating the output of learned

feature as nf“tp“t (+) utilized as the input to the successive stage of fundamental DPDPM for the m level DSNM.

The n"P"* (+) output is given to the next level of fundamental DPDPM to train once the present fundamental
DPDPM completes the training. Every fundamental block of DPDPM has a simpler and easier for learning the
module, which is stacked to create the complete deep networks. Every fundamental DPN in the block-wise fashion
is trained with no requirement for the backpropagation that varies from another famous architecture of deep
learning. Hence, DSNM is much simpler, having less computation complexity than other deep learning algorithms
with the backpropagation technique. It is essential to learn the primary layer of a network of every fundamental
DPDPM is computed by the linear transformation, which converts to top k leading singular vectors from augmented
data matrix [1 X] using the PCA.

3.4 Modality Analysis

An easy solution is concatenating all the vectors of various modalities to combine and learn the representation of
features using DSNM from the multi-modal data. Moreover, the easy concatenation technique eliminates the
different modalities' diversity to a particular extent, which needs to be explored better. The complementary nature
and the high non-linear correlations are presented between many modalities. Hence, the modality algorithm is used
in the proposed system, which depends on the two-phase DSNM presented in Fig 3. Each data of AML is given to
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the relevant module of DSNM in the primary phase for learning the higher-level representation of the feature.
Every particular modality has a higher level of features that reflects its attribute with no correlation data between
various modalities. Complete learned features are given to the new module of DSNM in the second phase for the
association of complete modalities. The last learned greater level of features has both the properties of intrinsic of
every modality and the correlations between the modalities as the outcome. Hence, DSNM learns the features
which are robust and more discriminative.
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Figure 3: DSNM Block Diagram

The proposed system chooses the inputs as the multi-modality generally relies on AML prediction. The fusion
technique differs in modality from the multi-modal encoder-related algorithm for identifying the synergy. It is
important to note that the pre-training approach is chosen with the proportionate error inputs that include one
presented modality alone. In particular, the inputs are set for the random hide of one modality for the inputs as 0
and provide the remaining training samples having both modalities. The first level encoder has the hidden layer,
trained to reconstruct all the original inputs with hidden modalities from the mixed input. The corrupted inputs and
the original inputs are transferred to the greater layers of the network to obtain a clear presentation independently.
Since DPDPM is performed the feed-forward supervised learning in every layer of the network with no fine-tuning
during the proposed algorithm, this is complex for performing a similar learning technique for inferring the
correlations. Hence, the secondary level of DSNM is trained to concatenate features at the primary level to learn
the shared representation. It is the same as the simpler method of fusion.

4. Result and Analysis

This section provides the numerical outcomes of the anticipated DPDPM model, and the simulation is done with
MATLAB 2020a. Some metrics include accuracy, precision, recall, F1-score, AUROC and time (min). The
representation of the input data set is done with the x — by —y matrix. Here the total number of samples is
presented. The proposed model uses the separated data for the training of nearly 56 samples as 80% of data among
72 samples, and the remaining 16 samples as 20% is used for validation. The training data is used to train the
DPDPM network. The validation is done with the testing data after completing training. The loss and accuracy of
the suggested model having the testing data are shown. The suggested outcome is presented in Fig 4, and the
proposed outcome is compared with the other three kinds of classifiers. Fig 4 to Fig 6 and Table 1 present the
outcome. Compared with hybrid and standard CNN, the proposed model performance is better. The suggested
model has observed from the outcome has superior performance when evaluated with the other three classifiers.
The achieved outcome is compared with a few previous works in Table 1, and the observation is done with the
proposed deep learning model better predicting AML.

Table 1: Overall Comparison of training samples

Precision | Recall ) ;
Dataset Approaches Ao\ccuracy Fl T|r_ne AUROC
(%) (%) (%) score | (min)
Hybrid CNN | 92.5 75 72 88 0.10 | 93.8
Kaggle
dataset for itsrﬁard 87.8 78 70 |68 |010 |93.36
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Leukemia CNN with
classification | boosting 88.9 72 72 71 0.78 | 94.86
model
D-CNN with
data 86.7 75 73 78 6.80 | 92.40
augmentation
CNN with
Genetic 87.8 86 90 93 1.100 | 93.32
optimization
Standard
CNN 93.1 91 93 91 0.06 | 96.89
R-CNN 95.8 93 95 95 0.04 | 97.78
DPDPM 96 94 96 96 0.03 |98
Hybrid CNN | 90.1 74 70 89 0.05 | 92.50
Standard
CNN 91.1 76 69 69 0.08 | 92.14
CNN with
boosting 90.4 77 70 72 0.78 | 91.14
model
D-CNN with
Gene ) data 91.9 75 68 79 6.06 | 90.38
Expression augmentation
dataset
CNN with
Genetic 90.15 71 73 92 1.62 | 90.97
optimization
Standard
CNN 93.25 72 93 90 0.04 | 93.56
R-CNN 95.50 93 94 958 | 0.04 | 94.58
DPDPM 97 94 95 96 0.03 | 96
Hybrid CNN | 95 80 78 89.25 | 1.25 | 87
Standard
CNN 96 62 77 67 2.658 | 86.5
CNN with
boosting 93 84 78 72 456 |85
model
D-CNN with
data 94 82 77 779 | 356 |82
augmentation
CNN with
Genetic 94.50 92 96 94.24 | 457 | 80
optimization
Bio GPS
Standard
90.10 90 88 90 2.89 |90
Dataset CNN
R-CNN 97.30 94 98 95.65 | 0.04 | 92
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DPDPM 98 94.5 98.5 96 0.03 | 94
Kaggle dataset for Leukemia classification
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Figure 4: Performance Evaluation With Kaggle Dataset
Gene Expression dataset
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Figure 5: Performance evaluations with Gene Expression Dataset
Table 2: Overall Comparison of testing samples
Accuracy | Precision | Recall | 1. Time
Dataset Approaches 0 y . AUROC
(%) (%) (%) score | (min)
Hybrid CNN 92 75.1 725 88.2 0.10 93
Kaggle Standard
87 78.5 70.5 68.5 0.10 93
dataset  for | CNN
Leukemia -
classification CNN with
boosting 88 72.5 72.8 71.8 | 0.78 | 94.6
model
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D-CNN  with
data 86 75.2 73.5 78.2 6.80 92.6
augmentation
CNN with
Genetic 87 86.1 90.5 93.6 1.100 | 93.6
optimization
Standard
CNN 93 91.2 93.5 91.2 0.06 96.5
R-CNN 95 93.8 94 94 0.04 97.2
DPDPM 96.2 94.5 96.5 96.5 0.03 98.5
Hybrid CNN 90 75 72 90 0.05 92
Standard
CNN 92 75 70 70 0.08 92
CNN with
boosting 9 77.5 70.5 725 078 |91
model
D-CNN with
Gene data 91 75.4 68.5 |795 |6.06 |90
Expression augmentation
dataset
CNN with
Genetic 90 715 73.2 92.1 1.62 90
optimization
Standard
CNN 93 72.3 93.2 90.2 0.04 93
R-CNN 95 93 94.1 95 0.04 94
DPDPM 97.5 94.6 95.8 96.5 0.03 96.5
Hybrid CNN 95.5 80.5 78.5 89.30 | 1.25 87.5
Standard
CNN 96.5 62.8 78 68 2.658 | 87
CNN with
boosting 94 85 79 73 4.56 86
model
D-CNN with
data 95 83 78 78 356 |83
augmentation
CNN with
Genetic 94 93 97 94 457 81
optimization
Bio GPS Standard 90 91 89 92 289 91
CNN
Dataset
R-CNN 97.2 95.2 99 95.65 | 0.04 92
DPDPM 98 94.5 98.5 96 0.03 94

Table 1 depicts the overall comparison of various existing approaches with the proposed model. While analyzing
the Kaggle dataset, the proposed model gives 96% accuracy, 94% precision, 96% recall, 96% F1-score, and 98%
AUROC. The accuracy of the anticipated model is 96% which is 3.5%, 8.2%, 7.1%, 9.3%, 8.2%, 2.9% and 0.2%,
superior to other approaches. The precision of the anticipated model is 94% which is 19%, 16%, 22%, 19%, 8%,
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3% and 1%, superior to other approaches. The recall is 96% which is 24%, 26%, 24%, 23%, 6%, 3% and 1%,
superior to other approaches. The F1-score is 96% which is 8%, 28%, 25%, 16%, 3%, 6% and 1% higher than
other approaches. The AUROC is 98% which is 4.2%, 4.64%, 5.6%, 4.68%, 1.11% and 0.22%, higher than other
approaches. Also, Table 2 shows the testing data results.

5. Conclusion

The proposed DPDPM model attempts to perform the classification of leukaemia type with the help of a deep
learning technique. The deep network layer is developed to classify two kinds of leukaemia. The proposed model
gives better classification accuracy with less computational complexity compared to other classifiers. Based on
the experimental analysis, it is better than hybrid and standard CNN, CNN with boosting, D-CNN, CNN with GA,
and R-CNN classifiers. The proposed DPDPM model is tested using three datasets: Kaggle, Gene expression and
Bio GPS. The model gives 96% accuracy, 94% precision, 96% recall, 96% F1-score, and 98% AUROC while
executing with Kaggle; then, 95.50% accuracy, 94% precision, 95% recall, 96% F1-score, and 96% AUROC is
achieved while executing with Gene expression and finally 98% accuracy, 94.5% precision, 98.5% recall, 96%
Fl-score, and 94% AUROC is achieved while executing with Bio GPS. The major research constraint is the
computational complexity while executing all three datasets. Due to the complex analysis with the three diverse
datasets, the model shows some computational complexity and consumes huge processing time. These limitations
need to be addressed in the future. The technique is essential for automatic microarray data analysis in the machine
learning tool. The network structure is optimized to enhance accuracy. In the future, the research on the gene
recognition mutation will support the virology and the genetic authors as the present pneumonia situation is
diagnosed and detected earlier.
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