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ABSTRACT

Due to its high performance and processing speed, the ensemble classifier is an excellent
classification model for real-time applications. Standard extreme learning methods cannot
anticipate the error rate since most conventional neural network models use a static weight
selection. Medical problems can be predicted using a new weighted extreme learning
machine (WELM). It is the fundamental purpose of the weighted extreme learner to define
high-dimensional data for disease prediction. To improve cancer prediction, the proposed
ensemble approach often uses high-dimensional data. A number of ensemble learning
models, including random forest, neural networks, ACO+NN and PSO+NN, were used to
evaluate the WELM model proposed in this paper's publication. Medical datasets, including
liver, diabetic, ovarian, and DLBCL-Stanford, are used to assess test outcomes. Medical
databases benefit from the WELM's computing efficiency, as measured by its true positive

rate, its error rate, and its accuracy.

Keywords: Weighted Extreme Learning Machine (WELM), ACO+NN, PSO+NN, Medical

Databases.
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1. INTRODUCTION

Using supervised learning, a sample of data is first sorted into a pre-existing set of categories.
New samples are assigned to an existing class or label by means of a classifier[8-11].
Numerous patterns, such as high-dimensional data analysis and natural language processing
as well as handwriting recognition and computer biology can all benefit from the
classification of data. Other applications for data classification include drug design and the
identification of disease in patients. During the training phase, the classification algorithm
generates a classifier that examines the training samples and their associated attributes and
labels. If you have access to class labels in advance, this is termed supervised learning. The
classifier's performance is evaluated again using the test samples in the second stage. The
training samples are used to generate the test samples, which are then drawn at random from
the entire dataset. The test result is evaluated using a variety of performance metrics. Filtering
strategies are used to pick a subset of features prior to selecting a classifier. embedded
approaches select functions that are typically unique to each learner within the integrated

process.

According to semi-supervised feature selection strategies, function importance is evaluated
based on the ability to retain specified information qualities, such as variance or locality
preservation capacity. Because of the usage of marked data, semi-supervised feature selection
strategies typically produce less efficient outcomes than unsupervised feature selection
methods [3].

To be sure, supervised procedures for picking features require appropriate marked
information that requires extensive knowledge and is expensive to acquire Label data and
data allocation information or the local mix of both marked and unlabeled data are used to
determine the function's relevance in semi-supervised decision procedures [4]. Semi-
supervised strategies for picking features have not yet been extensively studied. The majority
of traditional models go into great detail about semi-supervised methods of feature selection,
classifying them according to two unique criteria, summarising the data they give, and

outlining the benefits and drawbacks of each.

There has never before been a comprehensive study on semi-supervised function choosing

strategies that categorises them from two unique perspectives. As a result, semi-supervised
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education relies heavily on unlabeled data rather than marked information. Semi-supervised
learning [6] necessitates the use of smoothness criteria such cluster assumption [5] and
multiple hypothesis. Microarray data analytics has been studied for the past ten years using
machine learning approaches. Every one of these studies is aiming to produce physiologically
important interpretations of large data sets, which will be useful for further research. Studies
aiming to find genes with important biological ties to classifications necessitate feature
selection approaches in order to ensure researchers comprehend their data in high-
dimensional scenarios like this one. Filtering is the most common method for dividing input

characteristics.

It is possible to considerably improve the classification process by using a proper feature
selection method. Different statistical assessments are used to identify the subdivision of
features along with a suitable predicting ability in this procedure. First, a statistical evaluation
is conducted, and the final score for each feature is calculated. Pre-processing for
classification is incomplete without the feature selection procedure. In order to avoid the
problem of dimensionality curse, the selection of features is regarded the most critical process
[7-10]. In single-layer feed-forward networks, the extreme learning machine is now
considered the learning algorithm. It is possible to use a variety of extreme learning devices

in a variety of biomedical applications.

As a result of microarray data's infeasibility and complexity, predicting illness status is
difficult. In the process of converting the gene's DNA sequence into the necessary mRNA
sequences, gene expression is considered an important mechanism. Countless genes have
their levels of expression regulated by this complex molecule. Cluster analysis is the most

effective method for examining the complexities of medical conditions.

In addition to this, it will improve the method of prognosis. It is necessary to select a method
for selecting particular parameters in all traditional clustering methods [11-14]. To put it
another way, classification is a method for sorting items of interest into discrete groups
according to previously established categories. Non-linear feature selection based semi-
supervised learning model on high dimensional datasets to improve the error rate and true

positivity are shown in this part of the paper.
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RELATED WORKS

A tremendous amount of data may be collected quickly and easily using a DNA microarray
analysis, which generates thousands of measurements of gene expression. More objective,
accurate, and dependable than standard diagnostic methods are gene expression profiles.[15]
However, when using this data for data mining, there are a number of issues. The sheer scale
of these databases is one of their most significant flaws.

As a result, there is not enough data to train and test the models. Despite the vast number of
genes, only a handful are significant and the rest is either redundant, noisy, or less important.
The presence of these genes lowers classification and diminishes prediction performance,
while increasing the rate of errors. We require human experts to pick a collection of data
most importantly. When it comes to unlabeled information, though, it's generally copious,
straightforward, and inexpensive to obtain. A few issues, however: for unlabeled data or a
test set, the procedure of creating data may differ from that for labelled data or an instructor's
training data.

Using "semi-supervised teaching” methodologies, researchers have been able to build more
robust classifications that can be utilised beyond the "out of pockets” level of research (i.e.
test sets). Our model uses both tagged and unlabeled data to learn. A learning parameter[16]
controls the rate at which the brain learns from unlabeled material. To estimate the learning
parameter, we also present a Bayesian technique to maximise marginal probability.
Classifications of this type were chosen since they fall within a variety of categorization

categories and are well-known for their accuracy[17-20].

For this specific form of data gathering in training, multiple categorization algorithms are
used, and one is obviously more effective than the others. The J48 (decision tree
classification) classifier is one of the most often used. Classifiers IB1 and IBKk, known as
"lazy" classifiers, construct their classification models by looking at the data from the closest
neighbours. Support vector machines, a concept found in support vector machines, are used
in SMO's classification technique. The Bayes classifier group includes NaiveBayes, which
employs calculator classes for categorization. NaiveBayes[21-22] and if-then rules[21-22] are
used in NNge, a rules-based system that shares certain characteristics with the Bayes

classification.
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3. PROPOSED MODEL

The overall architecture of the proposed model is represented in fig 1. Initially, each
microarray gene disease dataset is processed to find the synonym of the gene feature for

efficient gene-symbol to gene-name mapping.

Micro-array Datasets

Kernel Normalization

Semi supervised feature
selection

Ranked features list

Semi-supervised learning

model

PSO+ACO PSO+ACO PSO+ACO

Non-linear neural
network framework

Microarray training data is pre-processed using data transformation functions to remove any
volatility in data distribution. Data transformation functions using kernels are employed to
standardise training data for clustering and wrapper feature ranking in the mapper phase of

the proposed study.
Kernel based Data Pre-processing

Input : Training microarray dataset D, F(D): Feature space of D, Max similarity MaxSim[],
Threshold T.

Output: Kernel Filtering or Transformed data KD.
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1. Read input data D.

2. For each pair of feature F[i].F[j] in feature space F(D)
3. Do

4. Apply Kernel transformation on I as

1

5 GeneKerel Transform (F[i].F[j]) = 2 2 o
5. 1+n” / cos(max(S 1. SFp;))

Procedure:

Where n= Z*ZFeat[i].Feat[j] - Z(Feat[i] + Feat[j])2

. If{ GeneKemelTransform(F[iLF[i) = T)
. Then
. Normalize Feat[i] and Feat[j] within [0, GeneKemelTransform(Feat[i]Feat[j])] using Min-max

normalization as KD

. Else
. Normalize F[i] and F[j] within [0,1] using Min-max normalization as KD
v-min
V= —‘1 (new_max —new _min )+ new_min
max ,—min 4 4 4
. End if

¢ Compute Similarity between gene symbol and gene name using the similarity measure.

L NP NG |FS(D.) ~ GDIjl|

¥ 1GDGI | B TFS(D.5) GDGl| +o. [FS(D.i) ~GDIil | +5| GDG1-FS®H |

L Gsim[}:max{%{a(

e Done

In this case, the values within the provided range are normalised using minimum and

maximum scaling. High dimensional datasets are cleaned using this method.
Wrapper feature ranking based non-linear neural network classification

T-statistics, SAM, and SNR are used to rate the clustered features of k-means on microarray
datasets using traditional feature selection techniques. Using the wrapper technique to choose
appropriate genes from the high-dimensional feature space is a major drawback of these
feature ranking measures. These ranking metrics integrate classification accuracy and true
positive rate on the specified features (> 50) using t-test, SAM and SNR measurements. Each
attribute should be assigned a weighted value based on the maximum weights of (1), (2), and
(3). The T-statistical weighting metric is used to detect the variance in gene features based on
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the standard deviation of the class labels. The ratio of the class label to the maximum
standard deviation is called the class-to-standard deviation ratio.

Wie Bp—bx )
Jmax{c3/|Pl.ok/|N |}

Difference in class label to sum of positive and negative gene disease class standard
deviation is referred to as the class difference ratio. The genes with the highest signal-to-
noise ratio are given the most weight in this data classification.

[p— L.
W2=HSNR=—|H1 Ml (2)
2(cp +oN)
where pp and op are the mean and standard deviation of the cluster positive class samples

Ly and 6o are the mean and standard deviation of the cluster negative class samples.

W3 =MCTSNR =Max { Correlati on( ClusterFeatures : CF), Hp ~HN : [ —H |
Jmaxtod/ [P l.ok/ [N} 2 +Ox)

} )

It is the goal is to maximise feature correlation, hybrid t-test, and hybrid SNR ratios. This

ranking metric is used to identify the binary class in each cluster that performs at its peak.

N Logistic glz)= 1/(1+exp(-2))
(sigmoid)

Hyperbolic g(z) = exp(2z) - 1
:F tangent exp(2z) + 1
(sigmoid)

1155
E-mail: editor.jrla24@gmail.com



JRLA, 1(1), Dec 2024: 1149- 1160 Online ISSN: 3048-667X

4. EXPERIMENTAL RESULTS

Microarrays from the biomedical library were used to test the model's performance in
existing models. Table 1 provides a summary of the data sets used in the experiment. The
experimental results use 10% of the training data as test data for performance evaluation. The
genuine positive rate and accuracy of huge datasets are improved using the proposed
selection-based ensemble approaches.

Therefore, each cross validation tends to have a higher degree of accuracy than a standard
ensemble classification model, because the suggested model uses all of the training data. The
results of the experiments show that the suggested classification of the ensemble enhances the
true positive and negative rate in general. The suggested model's key advantage is that it

reduces the error rate on high-dimensional features.

Table. 1 Datasets and Its Characteristics

Micro array Datasets Gene sets Data-Type
Prostate 2136 Continuous/Numeric
Lymphoma 5000 Continuous/Numeric
DLBCL-Stanford 4000 Continuous/Numeric
Breast cancer 24481 Continuous/Numeric
Leukemia 7129 Continuous/Numeric

Using the proposed methodology, the true positive rate and accuracy of high-dimensional
microarray datasets can be improved significantly. As a result, each cross validation
prediction is more accurate than in standard ensemble classification models because the

proposed model employs the complete training data set for decision patterns.

1156
E-mail: editor.jrla24@gmail.com



JRLA, 1(1), Dec 2024: 1149- 1160 Online ISSN: 3048-667X

PROPOSED MODEL AND EXISTING MODELS
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Figure 2: Comparison of proposed model to existing models on average feature seleciton
5. CONCLUSION

Deep neural networks with weighted functions are used to identify the most important feature
sets from a wide feature space.. Using logistic and weighted functions to optimise the deep
neural network's weights allows it to effectively classify huge datasets with high
dimensionality. An algorithm capable of identifying trustworthy illness candidates utilising
current gene-disease connections that can be confirmed through biological experimentation is
therefore crucial for effectively resolving these issues As a solution to these challenges, a
semi-supervised learning approach based on non-linear feature selection is proposed. The
feature space is divided into k-correlated features using a hybrid correlation-based wrapper
technique. For the first time, a deep neural network architecture for disease prediction has
been devised and implemented. In terms of genuine positivity and receiver operating

characteristics, the current model outperforms the previous models (ROCs).
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