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 Breast cancer is the most frequent cancer in women and the second-leading 

cause of cancer-related deaths globally. The main problems in managing 

breast cancer are high heterogeneity and the formation of therapeutic 

resistance. White blood cells, omics and large Wisconsin diagnostic breast 

cancer datasets present the three-decade genomic revolution and advance the 

understanding of cellular function. The precision of cancer diagnosis has also 

increased over the past decades. High throughput sequencing, screening, and 

artificial intelligence technologies have significantly improved and increased 

the methodologies used for diagnosis, prognosis, and therapy. This paper 

follows several phases of breast cancer, studies datasets and evaluate many 

algorithms of machine learning (ML) used for analysis and feature selection 

i.e. k-means, similarity correlation, genetic algorithm, and principal 

component analysis, have been used to recognize the subset of proteins with 

the highest significance for breast cancer prediction by using different 

biomarkers. The best correlation, as determined by Pearson correlation, 

between copy number and protein is 0.014, and the accuracy achieved by the 

genetic algorithm is 93.5% using multi-omics datasets. 
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1. INTRODUCTION 

Breast cancer (BC) is the most well-known malignancy that drastically reduces the wellness of women 

throughout the world [1]. Uncertainty surrounds the contribution of exogenous female hormones to the 

emergence of BC. BC risk increases following menopause. According to DeSantis et al. [2], BC happens to 

approximately 17 million cases annually, which is a worrying increase. In the United States, there were 

approximately 268,600 new cases of BC reported in 2019; there were also 41,760 reported fatalities [3]. Cancer 

diagnosis has improved over the past few decades. Technology for high throughput sequencing and screening, 

as well as artificial intelligence (AI), have had a significant positive impact on the approaches used for 

diagnosis, prognosis, and therapy. As the top reason of death for women in industrialized countries, BC has 

exceeded all other malignancies [4]. However, BC's recurrence, metastasis, and quick spread have not yet been 

totally managed and have become a major challenge for clinical management. So, it is imperative to look for 

more reliable prognostic biomarkers as prospective targets to comprehend probable pathways, enhance 

therapeutic effectiveness, and decrease distant metastasis, all of which will increase the survival rate. Many 

biomarkers have been used to date for screening, diagnosing, and keeping track of BC recurrence. 

Biomarkers are molecules that indicate whether a physiological activity occurs normally or 

abnormally. They can also be signs of an underlying condition or illness. Different types of molecules, 
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including RNA (miRNA and mRNA), hormones, proteins, and DNA (genes), can act as biomarkers. 

Biomarkers are discovered to distinguish cancer via knowledge-based gene selection, gene expression 

profiling, or protein profiling. There are various factors that contribute to BC, the majority imply alterations in 

the expression of genes, like microRNAs (miRNAs). miRNAs can regulate signaling pathways, which has an 

impact on carcinogenesis and other aspects of cancer progression [5]. Numerous biomarkers have been 

employed in the detection, prediction, diagnosis, and monitoring of BC recurrence. For instance, human 

epidermal growth factor receptor 2 (HER2), which was discovered as a predictor of poor prognosis 25 years 

ago [6], is over expressed in 15% of BC patients. A crucial cell proliferation-related biomarker called antigen 

KI-67, which is encoded by the MKI67 gene, has been employed in clinical settings as a predictive indication 

of tumor recurrence and clinical prognosis [7]. 

Furthermore, co-transcriptional regulator miRNAs in BC are expected to interact with their target 

mRNAs in both favorable and unfavorable ways. miR-1307-3 p, miR-940, and miR-340-3 p were found to 

have negative effects on overall survival in BC patients [8]. The hsa-miR-503, hsa-miR-1307, hsa-miR-212, 

and hsa-miR-592 expression changes are significantly correlated with BC prognosis [1]. Due to the lack of 

consistency, the approximation of KI-67 and these miRNAs in BC has not yet been widely used as a biomarker 

in the clinic. So, to increase the precision of BC diagnosis, more precise biomarkers must be found. We have 

emphasized the value of omics datasets and biological information for enhancing the predictive capacity of 

various machine learning (ML) methods. Also, the benefits of ML in metabolic applications like protein 

engineering, designing gene circuits and pathways, and optimizing bioprocesses are presented. The challenges 

of developing ML techniques for growing designer microbes with enhanced production have also been 

emphasized. 

 

 

2. LITERATURE REVIEW 

A thorough assessment of the literature on BC prediction is presented in this section. This section 

surveyed 28 papers published in similar domain. Taghizadeh et al. [5] used 762 BC patients and 138 solid 

tissue normal participants to investigate relevant BC characteristics. There were three categories of ML 

algorithms being used: feature selection techniques, feature extraction approach: principal component analysis 

(PCA), 13 classification algorithms along with automated ML hyper parameter adjustment. Ayoola and 

Ogunfunmi [9] found a model that is most suited for forecasting type of tumor cell. Genetic algorithm is used 

to choose the subcategories of input features that are most pertinent to the target variable on the Wisconsin BC 

dataset. 5 ML regression classifiers were compared including support vector regression, logistic regression 

(LR), random forest (RF), and decision trees (DT). 

In accordance with recent research by Nouira et al. [10] the performance of classifiers can be 

improved by removing noise and unimportant data during data preparation using a feature selection strategy, 

such as the genetic algorithm. The comparatively high accuracy of some ML regression approaches was also 

highlighted as a result. In this work, mRNA gene expression data were subjected to several feature 

selection/collection models established for cancer classification and medical outcome prediction. Research by 

Alcudia and Rodrigues [11], hybrid bioinspired models-based algorithms have been developed to choose a 

selection of relevant genes with cancer prediction performance relevancy. It blends instructional models with 

an artificial bee colony (ABC), first using a ranking approach to condense the available space and then using 

ABC to select the most relevant gene subset. 

Zenbout et al. [12] uses the protein-protein interaction (PPI) for correlating proteomics and the cluster-

based grey wolf optimization algorithm (CB-GWO) method for feature selection. To forecast clinical 

outcomes, use a deep stacked canonical relationship autoencoder. For feature selection, a CB-GWO and a deep 

stacked canonical correlation autoencoder (DSCC-AE) for clinical endpoint prediction are the essential 

components of this design. Isik and Ercan [13] employed the PPI system to find the maximum associated 

proteins and the coding genes of those proteins to predict the medical outcomes of patients, served as the basis 

for our reverse phase protein array (RPPA)-based omics biomarker identification method. 2018 put special 

emphasis on the ML model's classification technique for cancer prediction. They found good accuracy using 

support vector machines, linear regression, and k-nearest neighbors (KNN) on the Wisconsin BC dataset. Data 

source, data comprehension and preparation, feature training and selection, and classification methodology 

applied. Through BC survival prediction based on pathway activity inference, Kim and Tagkopoulos [14] 

explored biological methods and implications of learnt features. Omics dataset served as an inspiration for this 

effort. 

Recent decades have seen a thorough investigation of numerous artificially assisted systems for cancer 

analysis, whether through omics data analysis [15] or medical image analysis. Numerous studies have also 

been conducted to incorporate omics data to build models that can predict medical outcomes and enhance 

cancer-related medical decisions Biswas and Chakrabarti [16]. The integrative framework presented in this 

paper generates a finding model built on a bioinspired feature choice method, along with trained ML models 
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that could be used as cancer prediction tools. Table 1 presents an overview of past studies in the broad domain 

of BC prediction using ML techniques. 

 

 

Table 1. Comparison of ML based approaches 

Reference Technique used Experimental dataset Parameter 
Method summary and 

merits 
Remarks 

[4] ML (KNN, C4.5, 

SVM) 

WBC and fine needle 

aspirate (FNA) 

Early-stage 

prediction 

BC diagnosis and 

prognosis 

Classification 

accuracy better than 

clustering 81% 

[17] Support vector 
classifiers, RF, 

KNNs, and LR 

Wisconsin Hospital 
dataset from 

Kaggle.com 

Breast 
temperature 

monitoring, MRI 

Historical image analysis 
and use of haematoxylin 

and eosin 

96.23% in KNN, 
96.28% in RF, 

98.11% in SVM, and 

98.18% in LR 

[18] SVM, decision 

tree, RF, and LR 

Wisconsin BC dataset Summary and 

description 

Vessals of plasma and 

lymph vessals 

Highest accuracy 

given by RF 98.24% 
[19] ML algorithms 

with IoT 

WDBC Summary and 

description 

Age, glucose and resistin 

effective biomarker for 

BC 

As compared to LR 

and RF, MLP 

produces greater 

accuracy with lower 

fault rate 
[20] RF, LR, SVM, 

and Gaussian 

process (GP) 

classifiers 

Novel biomarkers Summary and 

description 

The complexity of genes 

and the interconnections 

between them need for 

advanced AI models 

GP performed =90% 

[21] SVM, LR, RF, 
and Bayesian 

classification 

Cohort comprised 302 
patients 

Summary and 
description 

Human epidermal growth 
factor receptor 

To forecast BC 
metastases at least 

three months in 

advance, use a RF 

model 
[22] ML Raw data Summary and 

description 

combining radiomic 

variable, clinical data, and 

pathological data on MRI 

most accurate 

prediction was made 

by RF 

[23] ML algorithm 

(RF, LR, ANN, 
and SVM) 

GSE20271 and 

GSE22093, used 134 
genes as diagnostic 

indicators 

Summary and 

description (correct 
discrimination of 

patients) 

Gene wise eigenvector Cancer staging 

prediction 
SVM performed 

accuracy 92.21% 

[24] ML Gene expression, 

DNA, miRNA 

expression, multi-
omics data 

Summary and 

description 

ML pipeline survival 

predictions in comparison 

to single-modality data-
based forecasts 

AUC accuracy 87% 

 

 

3. ROLE OF miRNA IN BREAST CANCER PREDICTION  

One of the most researched molecules with the potential to serve as cancer biomarkers is miRNA. 

Deregulated miRNA expression is a hallmark of all cancer types, and it has been linked to the onset, 

progression, and response to treatment. Moreover, miRNAs are stable, brief, and their expression in tissues 

and body fluids may be easily found. These features of miRNAs have made them potentially useful biomarkers 

for cancer research, including diagnostic, prognostic, and predictive purposes. Although differential expression 

is the method used in many cancer research biomarker studies to identify biomarkers, there is an increasing 

tendency towards the usage and use of ML techniques for predictive modelling and data mining. Yet, some 

miRNAs that have been linked to BC have been found to have dysregulated expression, which may have an 

impact on the onset and spread of the disease. These include, among others, miR-21,  

miR-155, miR-10b, miR-210, and miR-146a. miRNAs have received substantial research as potential 

indicators for the diagnosis and prognosis of BC. Little non-coding RNA molecules known as miRNAs are 

crucial for post-transcriptional gene control, and deregulation of these molecules has been linked to several 

illnesses, including cancer. 

The development of ML algorithms that can predict outcomes of metabolic engineering depends 

heavily on experimental datasets and omics data. ML offers statistical techniques for data exploration that can 

be used to train computers to predict the outcomes of genetic therapy. The three paradigms of reinforcement 

learning, unsupervised learning, and supervised learning are typically used to categorize ML research. In the 

last ten years, various interactive databases have been created for organizing biological data in such enormous 

quantities [25]. Finally, miRNAs have the potential to be important components of BC predictive modelling. 

To translate miRNA research into clinically useful applications, it is imperative to solve the difficulties related 

to their usage as biomarkers. For better BC diagnosis, prognosis, and treatment planning, ongoing research 
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attempts to improve experimental strategies, validate miRNA-based predictive models, and improve data 

processing techniques. 

 

3.1.  Applications of machine learning for biological functions 

Various ML techniques covered in the preceding section produce tools to solve diverse difficulties in 

creating biological systems. ML models can be used to create system-level cells by employing quantifiable 

input and output variables. Because they are trained using experimental data, these data-driven models possess 

predictive ability without necessitating a thorough grasp of mechanisms. A well-framed model might foresee 

the effects of future in silico trials, which could upgrade experimental approaches for optimum bio system 

design in a way that is both economical and labor-intensive [26]. Models are often trained and verified using 

existing information and data gathered from experiments. Yet choosing the best model to use is a critical 

undertaking that mostly depends on domain knowledge and an assessment of alternative promising models. 

The model with higher predictive power is utilized for experimental validation after selection procedure. The 

newly acquired data is incorporated into the model to improve it and give it better forecasting power. 

In numerous bacterial and yeast genera, ML has been used to precisely predict the RNA activities. On 

target movement predictors have been developed using a variety of ML methods, from straightforward linear 

regression to intricate, convoluted neural networks. Moreover, non-linear parameter SVM models with single 

guide RNA (sgRNA) scorer and clustered regularly interspaced short palindromic repeat DNA targeting 

(CRISPR-DT) [27] have been constructed. Genetic circuits are specialized groups of DNA sequences that 

enable intercellular communication to perform a specific purpose and code for a particular RNA or protein. 

These networks can control a variety of cell behaviors based on inputs from the surrounding environment. A 

conventional gene circuit design strategy involves putting forth a system, using computational methods to 

identify a workable role, and adjusting the parameters as necessary. In terms of ML, an ideal purpose can be 

created by iteratively examining the best fit from a library of potential system arrangements. 

 
3.2.  Protein engineering  

In human body, proteins perform a wide range of functions, such as preserving the physical integrity 

of cells, acting as energy storage units, assisting in the movement of molecules across membranes, and taking 

part in a variety of molecular processes like DNA replication and transcription. The amino acid components 

that make up the entire protein are contained within these complexes. Sequencer-based protein function 

predictions have been the subject of much study and have found widespread use in the scientific, technological, 

and medical fields [28], [29].  

 
 

4. DATA SOURCE 

Omics biomarkers dataset is a collection of data from different biological levels, such as genomics, 

transcriptomics, proteomics, and metabolomics. The molecular properties of BC can be thoroughly viewed 

using these databases, which can also be used to find possible biomarkers or treatment targets. The patterns 

that distinguish malignant tissue from healthy tissue can be found by examining omics data from BC patients. 

With this data, prediction models can be created to help identify individuals who are at a high risk for BC and 

to guide treatment choices. Omics datasets can be an effective tool for predicting the development of BC 

overall, and further study is expected to find further applications for these datasets that will enhance patient 

outcomes [13].  

The dataset contains 1937 features and a target variable. The dataset contains instances of 705 patients 

(611 patients survived, 94 died). Each feature has a prefix according to the data type: mu: somatic mutation 

(yes, no) [somatic mutation: a post-conceptional change in DNA. Somatic mutations can happen in any type 

of cell in the body, except for germ cells (egg and sperm), which are not transferred to progeny].cn: copy 

number variation as calculated by gistic (-2, -1, 0, 1, 2), rs: RNA (Ribonucleic acid) sequencing i.e gene 

expression, pp: phosphor-protein levels. The overall size of dataset is 705 rows *1941 columns.  

 
 

5. MACHINE LEARNING METHODS AND ALGORITHMS IN BC PREDICTION 

Algorithms that aid in prediction and classification can be created and assessed using ML techniques. 

Four processes form the foundation of ML: gathering data, processing it, training the model, and testing it. 

Four categories of algorithms were used in this investigation: protein similarity measured using Pearson 

correlation technique, feature extraction, feature selection, and clustering shown in Figure 1. 

ML is the study of programming computers to automatically learn from and adapt to new situations 

based on available data. By utilizing statistical correlations from any dataset, predictive models may be 

developed that can be trained to predict a variety of events [30], [31]. ML is a technique for optimizing several 
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metabolic engineering components, including gene circuit strategy, flux prediction, strain generation, target 

product yield enhancement, route proposal, and optimization. This is due to the easy availability of data on 

microbial metabolism in various cellular and physiological states. Thoughtful consideration of the particulars 

of the data, the nature of the problem, and the study objectives goes into choosing ML algorithms and 

evaluation criteria. When evaluating and contrasting the performance of various algorithms, cross-validation, 

relevant metrics, and domain expertise are essential components.  

Methodology 

− Recover all possible proteins (proteins list) from multi omics dataset.  

− Build the correlation interaction matrix of the proteins to identify protein biomarkers with the direct 
association to cancerous patients. 

− Selected best protein by using feature selection algorithm (genetic algorithm), PCA, and clustering 

algorithm. 

− The main objective of the projected method is to identify the subset of proteins with the highest relevance 

for prediction of BC. 

− Collect the genes corresponding to the K selected proteins from omics dataset. 

 

 

 
 

Figure 1. Workflow diagram for BC prediction 

 

 

6. RESULT AND DISCUSSION 

The two key parts of this suggested strategy are feature selection and clustering. The best features in 

the illness prediction dataset are found in the first step using clustering algorithm and using a ML classifier. 

One way to assess the model's performance is using the confusion matrix (CM). Some common measures used 

in ML studies to assess the effectiveness of models containing confusion matrices are: recall or sensitivity, 

specificity, F1-score, area under the curve (AUC) curve, accuracy, precision, and receiver operating 

characteristics (ROC) curve. 

Clustering using multi omics dataset: It is important to consider statistical significance in addition to 

correlation magnitude. If the sample size is large enough, a modest connection could nevertheless be 

statistically significant. To ascertain whether a connection deviates significantly from zero, statistical tests like 

p-values are usually employed. Table 2 shows the highest correlation between copy number and 

phosphoprotein expression in BC. This can provide valuable insights into the molecular mechanisms 

underlying the disease. Such correlations can help to understand how genetic alterations (CNAs) may influence 

the activation or inactivation of specific signaling pathways represented by phosphoprotein expression. These 

findings can potentially lead to the identification of biomarkers and therapeutic targets for more personalized 

BC treatments. Table 3 compares the accuracy of the various models/methods, providing a visual 

representation of their performance. The accuracy performance of each method is shown in the graph or chart 

either side by side or superimposed. This comparison shows that various models used in the study differ in 

their predictive ability.  
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Table 2. Correlation matrix 
 Phosphor-protein (PP) Ribonucleic acid (RS) Mutation (Mu) Copy number (CN) 

Phosphor-protein (PP) 1 -0.004 0.013 0.014 

Ribonucleic acid (RS) -0.004 1 -0.036 -0.136 

Mutation (Mu) 0.013 -0.036 1 -0.076 

Copy number (CN) 0.014 -0.136 -0.076 1 

 

 

Table 3. Feature selection approaches 
Algorithm Name Dataset Accuracy (%) 

Cluster based grey wolf optimization algorithm Multi omics (BRCA) 91 

Genetic algorithm Multi omics (BRCA) 93.5 

 

 

A PCA analysis of integrated copy number, protein expression, and somatic mutation data is probably 

depicted in Figure 2(a), which provides a visual depiction of the molecular landscape of BC samples. Based 

on the combined molecular characteristics of copy number variations and protein expression levels,  

Figures 2(b)-2(d) probably offers a thorough visualization of BC samples, using the knowledge from PCA and 

K-Means clustering analysis. In the context of BC research, this method helps to uncover patterns, subgroups, 

and possible therapeutic implications. 
 

 

  
(a) 

 

(b) 

  
(c) (d) 

 

Figure 2. PCA of (a) combined copy number, protein, and somatic mutation, (b) combined copy number and 

protein level with k-means clustering, (c) combined copy number and rna-seq data with k-means clustering, 

and (d) combined copy number and rna-seq data with k-means clustering 
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7. CONCLUSION AND FUTURE WORK 

The presented omics data must be standardized using an appropriate knowledge engineering technique 

to produce complete training datasets for ML. Hence, combining knowledge engineering with ML offers a 

setting that promotes ongoing learning for developing improved explanations for BC problem prediction. This 

review emphasizes the broad range of ML applications in several biological fields that have proven to be 

extremely helpful. Even the possibility of automated procedures involving robots being used in ML has been 

theorized. When compared to manual analysis, ML has shown to be effective at substantially reducing 

processing time and improving the accuracy of expected results. The best correlation, as determined by Pearson 

correlation, between copy number and protein is 0.014, and the accuracy achieved by the genetic algorithm is 

93.5% using multi-omics datasets. In the future, various feature selection techniques, such as variance threshold 

and whale optimization algorithm can be employed to further study the effect on predictions. 
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