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Abstract 
MicroRNAs (miRNAs) play a pivotal role in gene expression regulation and 
are closely linked to cancer development. In this study, we employ machine 
learning techniques to identify critical miRNA biomarkers for breast cancer 
diagnostics using a dataset of 941 patient samples with 1,882 miRNA features. 
By addressing class imbalance and applying robust feature selection, we devel-
oped an optimized Random Forest model that achieved a perfect classification 
accuracy of 1.0. Analyzing feature importance revealed 51 miRNAs as poten-
tial biomarkers, offering a valuable panel for precision diagnostics and per-
sonalized treatment strategies. 
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1. Introduction 

MicroRNAs (miRNAs) are small, non-coding RNA molecules, typically 18 - 25 
nucleotides long, that play crucial roles in regulating gene expression at the post-
transcriptional level. By binding to complementary sequences in messenger RNA 
(mRNA), miRNAs either degrade mRNA or inhibit its translation, effectively sup-
pressing gene expression [1]-[4]. They are essential in many biological processes, 
including cell proliferation, differentiation, apoptosis, and stress responses. In 
cancer, miRNAs can function as either oncogenes or tumor suppressors, depend-
ing on the genes they target. Aberrant miRNA expression can disrupt normal cel-
lular regulation, contributing to cancer initiation and progression. 

Breast cancer is among the most common cancers affecting women worldwide, 
accounting for a significant share of cancer diagnoses and mortality. Advances in 
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early detection such as mammography and in treatments, including surgery, chem-
otherapy, radiation, and targeted therapies, have greatly improved outcomes. 
However, breast cancer remains a complex disease with diverse molecular sub-
types, each requiring distinct prognostic and therapeutic strategies, emphasizing 
the importance of continued research for personalized treatments that improve 
survival rates and quality of life. The relationship between miRNA and cancers 
has been already established [5] [6]. Certain miRNAs, such as miR-21 [7], miR-
155 [8], and the let-7 family [9], are often dysregulated in breast cancer, influenc-
ing tumor growth, metastasis, and treatment response. For example, miR-21 is 
frequently overexpressed in breast cancer and is associated with a poor prognosis 
due to its role in promoting cell proliferation and inhibiting apoptosis. Studying 
miRNAs in breast cancer provides opportunities to identify new therapeutic tar-
gets and biomarkers for early detection, prognosis, and monitoring treatment re-
sponses. 

This study aims to harness machine learning to identify the most effective 
miRNA biomarkers for breast cancer detection. By using feature selection and 
random forest algorithms, we sought to identify a panel of miRNAs that could 
accurately distinguish breast cancer from normal tissues. Combining machine 
learning with miRNA profiling has the potential to enhance breast cancer diagno-
sis, prognosis, and treatment selection, contributing to the field of precision med-
icine by providing more accurate and personalized approaches to breast cancer 
management.  

2. Related Work  

Advances in computational methods, particularly machine learning (ML), have 
revolutionized the field of biomarker discovery. ML algorithms are adept at han-
dling large, high-dimensional datasets and identifying subtle patterns in miRNA 
expression profiles that differentiate cancerous from normal tissues. Techniques 
such as support vector machines, neural networks, and ensemble methods like 
random forests have been successfully applied to classify cancer types, predict pa-
tient outcomes, and identify potential therapeutic targets [10]. For instance, 
Rehman et al. validated miRNAs as breast cancer biomarkers using ML approaches, 
achieving significant accuracy in distinguishing tumor subtypes [11]. Similarly, 
Contreras-Rodrguez et al. systematically reviewed ML methods for miRNA clas-
sification, highlighting their potential to enhance diagnostic precision in breast 
cancer [12]. 

Feature selection methods are integral to these ML workflows, allowing re-
searchers to reduce data dimensionality and focus on the most relevant features. 
Techniques such as chi-squared tests and mutual information have been em-
ployed to identify key miRNAs from expression datasets, improving model inter-
pretability and performance [10]. Random forest models, in particular, have 
demonstrated robustness in processing high-dimensional data, offering insights 
into feature importance while mitigating overfitting [13]. These models have been 
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widely used in cancer diagnostics due to their ability to handle class imbalances 
and diverse data distributions effectively [14] [15]. 

In breast cancer research, integrating miRNA profiling with ML has shown 
great promise in developing non-invasive diagnostic tools with high sensitivity 
and specificity. By leveraging computational techniques, researchers have identi-
fied miRNA signatures associated with specific molecular subtypes, aiding in early 
detection and personalized treatment planning. For example, miRNA panels iden-
tified through ML have shown potential in distinguishing triple-negative breast 
cancer from other subtypes, facilitating targeted therapeutic strategies [11] [12]. 

3. Method  
3.1. Dataset and Preprocessing  

The study utilized a miRNA expression dataset from the National Cancer Insti-
tutes Genomic Data Commons (GDC) portal. The dataset included 941 samples 
873 tumors, 68 healthy, and 1 metastatic1, comprising 1882 miRNA features. Ini-
tial preprocessing involved removing low-expression miRNAs, resulting in 1603 
retained features. 

To address class imbalance, we employed the Synthetic Minority Oversampling 
Technique (SMOTE) [14] [15], balancing the dataset to 873 samples per class. 
This approach mitigated bias, enhancing the classifier’s ability to identify patterns 
in minority-class samples. 

3.2. Feature Selection  

We applied the Chi-squared (CHI) test to identify miRNAs most relevant to breast 
cancer classification. Features with a p-value below 0.05 were retained, further re-
ducing the dataset to 1560 features. 

3.3. Model Development  

A Random Forest classifier was chosen for its robustness in high-dimensional 
spaces [13]. The models hyperparameters were optimized using grid search to 
achieve maximum classification accuracy. This ensemble method mitigates over-
fitting by aggregating predictions from multiple decision trees. 

4. Results  

The optimized Random Forest model achieved perfect accuracy (1.0) (Figure 1), 
demonstrating its capability to distinguish between cancerous and healthy sam-
ples.  

Since different thresholds give different number of miRNAs, we choose 0.0035 
to be the threshold to the feature importance (Figure 2) so as to get 51 miRNAs 
as the most discriminative biomarkers for breast cancer since this number is the 
minimum one that includes clinically validated biomarkers like miR-21, miR-145, 

 

 

1In the following we include this single metastatic sample in tumor samples since we are interested in 
considering just healthy and tumor cases. 
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and let-7c.  
 

 
Figure 1. The confusion matrix of the classifier model. 

 

 
Figure 2. The feature importances deduced from the random forest model. 

 
The identified panel includes several clinically validated miRNAs, such as miR-

21, miR-145, and let-7c, [11]. reaffirming their significance in breast cancer diag-
nostics. While computational analysis is valuable, experimental validation is cru-
cial for confirming the biological and clinical relevance of the identified bi-
omarkers, so the other miRNAs need experimental validation in future studies to 
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confirm the biological relevance of these biomarkers. These findings highlight the 
potential of integrating computational methods with molecular biology to ad-
vance precision medicine.  

hsa-mir-145, hsa-mir-196a-1, hsa-mir-483, hsa-mir-1258, hsa-mir-140, hsa-
mir-3677, hsa-mir-100 hsa-mir-139, hsa-mir-518c, hsa-mir-493, hsa-mir-4678, 
hsa-mir-329-2, hsa-mir-4802, hsa-let-7c, hsa-mir-218-2, hsa-mir-335, hsa-mir-
183, hsa-mir-584, hsa-mir-486-1, hsa-mir-337, hsa-mir-148a, hsa-mir-1468, hsa-
mir-4788, hsa-mir-21, hsa-mir-192, hsa-mir-6720, hsa-mir-224, hsa-mir-556, 
hsa-mir-3065, hsa-mir-2355, hsa-mir-193a, hsa-mir-365a, hsa-mir-375, hsa-mir-
934, hsa-mir-378d-1, hsa-mir-33b, hsa-mir-758, hsa-mir-381, hsa-mir-196a-2, 
hsa-mir-665, hsa-mir-6715a, hsa-mir-3199-1, hsa-mir-497, hsa-mir-215, hsa-mir-
4638, hsa-mir-200a, hsa-mir-592, hsa-mir-8072, hsa-mir-99a, hsa-mir-7706, hsa-
mir-548o-2.  

5. Discussion 

This study demonstrates the potential of combining computational methods with 
molecular biology to improve breast cancer diagnostics. Utilizing a miRNA ex-
pression dataset, we successfully identified a set of 51 miRNAs that hold promise 
as reliable biomarkers for breast cancer. The rigorous preprocessing pipeline, in-
cluding the removal of low-expression miRNAs and the application of SMOTE 
for class balancing, ensured a robust dataset for analysis. Chi-squared feature se-
lection further refined the dataset, isolating the most statistically significant miR-
NAs. 

By optimizing a Random Forest classifier, we achieved a model with perfect 
accuracy, underscoring the capability of machine learning to discern subtle pat-
terns in high-dimensional data. The analysis of feature importance not only vali-
dated the classifier’s effectiveness but also identified specific miRNAs that could 
serve as diagnostic markers. 

These results highlight the transformative role of miRNAs in precision medi-
cine, particularly for complex diseases like breast cancer. The 51 identified miR-
NAs provide a foundation for developing non-invasive diagnostic tools with high 
sensitivity and specificity. Future work should focus on validating these bi-
omarkers in larger and independent cohorts and exploring their biological roles 
in cancer progression. Such advancements could significantly enhance early de-
tection and personalized treatment strategies, improving outcomes for breast can-
cer patients worldwide. 

6. Conclusion 

In this study, we employed machine learning techniques to identify key miRNA 
biomarkers for breast cancer diagnostics, achieving a high level of accuracy using 
a Random Forest classifier. Our analysis identified 51 miRNAs with significant 
discriminatory power, some of which have known roles in cancer progression. 
While these findings demonstrate the potential of computational approaches in 
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biomarker discovery, further validation in independent datasets and experimental 
studies is essential to confirm their clinical relevance. Future research should fo-
cus on refining feature selection methods, integrating multi-omics data, and ex-
ploring the biological functions of these miRNAs to enhance personalized medi-
cine in breast cancer diagnostics and treatment. 
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