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Abstract

Prostate cancer (PCa) is one of the most common malignancies among men worldwide, and
early detection is critical for improving clinical outcomes. Circulating microRNAs (miRNAs)
have emerged as promising non-invasive biomarkers for cancer diagnosis due to their stability
in blood and association with tumor-related molecular alterations. In this study, machine
learning (ML) methods were applied to large-scale circulating miRNA expression data to
develop a diagnostic model for PCa detection. Serum miRNA expression profiles were
obtained from the Gene Expression Omnibus dataset GSE211692, which included 6,920
samples comprising 1,027 PCa cases and 5,893 non-cancer controls. To reduce the risk of
overfitting and information leakage, preprocessing, normalization, feature selection, and
hyperparameter optimization were performed within the training and cross-validation
framework, with the held-out testing set used only for final internal evaluation. Four ML
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algorithms, namely Logistic Regression, K-Nearest Neighbors, Random Forest, and CatBoost,
were implemented. Principal component analysis (PCA) was additionally performed on both
the training and held-out test datasets to visualize the sample distribution by case-control
status. Although PCA showed clear separation between PCa and non-cancer samples,
complete batch-related metadata were unavailable; therefore, potential technical batch
effects could not be fully excluded. Among the evaluated algorithms, the Random Forest
classifier showed the strongest internal diagnostic performance. A three-miRNA panel
comprising miR-1290, miR-1307-3p, and miR-4783-3p demonstrated strong discriminatory
capability for PCa classification. However, because the model was developed and evaluated
on a single public dataset without external validation, the reported performance should be
interpreted with caution. Further validation in independent clinical cohorts, comparison with
established biomarkers such as PSA, and integration of clinicopathological variables are
required before clinical translation can be considered.
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1. Introduction

Prostate cancer (PCa) is one of the most frequently diagnosed malignancies among men
worldwide and remains a major public health challenge. According to recent global cancer statistics,
PCa accounted for approximately 7.3% of all newly diagnosed cancers worldwide in 2022, making it
one of the most common cancers globally and one of the leading malignancies in men [1, 2]. The
burden of PCa is expected to increase substantially in the coming decades due to population aging,
longer life expectancy, and improved cancer detection in many regions [3]. Therefore, improving
early detection strategies remains a key priority for reducing disease-related morbidity and
mortality.

Early diagnosis is particularly important because clinical outcomes differ markedly between
localized and advanced PCa. Patients with localized disease generally have favorable survival
outcomes, whereas metastatic or treatment-resistant disease is associated with poorer prognosis
and more limited therapeutic options. In clinical practice, prostate-specific antigen (PSA) testing
remains the most widely used blood-based tool for PCa screening and monitoring. However, PSA
has important limitations, particularly its limited tumor specificity. Elevated PSA levels may occur in
benign prostatic hyperplasia, prostatitis, and other non-malignant conditions, which can lead to
false-positive findings, unnecessary biopsies, overdiagnosis, and overtreatment [4, 5]. Recent
reviews of blood- and urine-based biomarkers in PCa have emphasized that, although PSA remains
central in clinical practice, its limited specificity and sensitivity underscore the need for
complementary biomarkers to improve diagnostic accuracy and clinical decision-making [6].

Liquid biopsy has emerged as a promising approach for non-invasive cancer detection and
monitoring. Compared with tissue biopsy, liquid biopsy can provide molecular information using
minimally invasive specimens such as blood, serum, plasma, or urine. Among liquid biopsy-derived
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biomarkers, circulating microRNAs (miRNAs) have attracted substantial attention. MiRNAs are small
non-coding RNA molecules, approximately 18-25 nucleotides in length, that regulate gene
expression at the post-transcriptional level by inhibiting translation or promoting degradation of
target messenger RNAs [7, 8]. Through these regulatory functions, miRNAs participate in key
biological processes including cell proliferation, apoptosis, differentiation, angiogenesis, invasion,
and metastasis. Dysregulation of miRNA expression has been widely associated with cancer
initiation and progression [9, 10]. Circulating miRNAs are particularly attractive biomarker
candidates because they are stable in biological fluids and can be protected from degradation
through association with extracellular vesicles, protein complexes, or lipoproteins [11]. These
properties make circulating miRNAs suitable for liquid biopsy-based diagnostic applications. In PCa,
several studies have reported altered circulating miRNA profiles in patients compared with non-
cancer controls, suggesting their potential value as non-invasive diagnostic, prognostic, and
monitoring biomarkers [12, 13]. Recent literature on genitourinary cancers has further highlighted
circulating miRNAs as promising early-detection biomarkers, while also emphasizing the need for
analytical standardization, independent validation, and careful evaluation of clinical utility before
routine implementation [14].

Despite their promise, the diagnostic performance of individual circulating miRNAs can vary
across studies due to biological heterogeneity, differences in sample types, RNA extraction methods,
measurement platforms, normalization strategies, and cohort composition. Multi-marker
signatures provide more robust diagnostic performance than single biomarkers. Machine learning
(ML) methods provide a useful analytical framework for identifying biomarker signatures from high-
dimensional molecular datasets. ML algorithms can capture complex relationships among multiple
molecular features and may improve disease classification when applied appropriately [15, 16]. In
cancer research, ML has been increasingly used to analyze genomic, transcriptomic, imaging, and
liguid biopsy data for diagnosis, prognosis, and risk stratification [17]. However, omics-based ML
studies require careful methodological design. Extremely high classification performance in high-
dimensional molecular datasets should be interpreted with caution, as it may reflect overfitting,
information leakage, or technical confounding rather than true biological discrimination.
Information leakage can occur when preprocessing, normalization, feature selection, or
hyperparameter tuning is performed before data splitting or outside the cross-validation framework,
allowing information from validation or testing samples to influence model development [18, 19].
In addition, batch effects are a major concern in high-throughput molecular datasets. Technical
variation related to sample processing, experimental batch, platform, or data acquisition can create
artificial separation between groups, particularly when batch structure is correlated with case-
control status [20]. Therefore, robust ML-based biomarker studies should include leakage-
controlled analytical workflows and assessment of potential batch effects.

Based on these considerations, the present study aimed to develop an ML-based diagnostic
model that uses serum circulating miRNA expression profiles to classify PCa. Publicly available data
from the Gene Expression Omnibus (GEO) were analyzed to identify a compact circulating miRNA
panel with potential diagnostic relevance. To address concerns regarding information leakage and
potential batch-effect confounding, the analytical framework was revised to ensure that
preprocessing, normalization, feature selection, and hyperparameter optimization were performed
during training and cross-validation. The held-out testing set was reserved solely for final internal
evaluation. Principal component analysis (PCA) was additionally performed on both the training and
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held-out test datasets to visualize the global distribution of samples by PCa status. Although PCA
showed clear separation between PCa and non-cancer samples in both subsets, complete batch-
related metadata were not available; therefore, clustering by experimental batch or sample-
processing identifiers could not be assessed directly. Because no independent external validation
cohort was available in the present analysis, the results are interpreted as internal evidence only,
and external validation remains necessary before clinical translation can be considered.

2. Materials and Methods
2.1 Study Design and Data Acquisition

Publicly available datasets describing circulating miRNA expression profiles associated with PCa
were retrieved from the GEO database maintained by the National Center for Biotechnology
Information (NCBI). GEO is a public repository that archives high-throughput gene expression data,
including microarray- and sequencing-based datasets, and enables secondary analysis of publicly
available transcriptomic data [21]. The database was searched using the following query: [“prostate
neoplasms” (MeSH Terms) OR “prostate cancer” (All Fields)] AND “Homo sapiens” (porgn) AND
[“microRNAs” (MeSH Terms) OR “miRNA” (All Fields)].

To ensure biological relevance and methodological consistency, retrieved datasets were
screened according to predefined eligibility criteria. Datasets were included if they investigated
circulating miRNA expression profiles in patients with PCa, clearly described the experimental
platform used to quantify miRNA expression, and included serum, plasma, or whole-blood control
samples obtained from individuals without PCa or other malignancies. Datasets were excluded if
they were generated from cancer cell lines, animal models, or human tumor xenografts, or if blood
samples were collected from patients who had undergone surgery, chemotherapy, radiotherapy, or
hormone therapy.

After screening, the GSE211692 dataset was selected for model development. This dataset
contains serum circulating miRNA expression profiles generated using the 3D-Gene Human miRNA
V21 platform,comprising 6,920 samples: 1,027 PCa cases and 5,893 non-cancer controls. Because
no suitable independent GEO dataset with comparable circulating miRNA profiles, compatible
sample type, and complete availability of the final selected miRNAs was available for external
validation, the present analysis was restricted to internal model development and internal testing.
Therefore, the results should be interpreted as internally validated findings rather than evidence of
external generalizability.

2.2 Data Preprocessing

The collected miRNA expression dataset was preprocessed before ML analysis to ensure data
guality, comparability, and reproducibility. Expression values from the original GEO dataset were
used for downstream analysis. Missing values, if present, were handled using median imputation.
To reduce the risk of information leakage, imputation parameters were estimated from the training
data alone and were not derived from the held-out test dataset.

The dataset was split into a training set and an internal held-out test set at an 80:20 ratio.
Stratified sampling was applied to preserve the proportion of PCa and non-PCa samples in both
subsets. The training dataset was used for preprocessing parameter estimation, feature selection,
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model development, cross-validation, and hyperparameter optimization. The held-out testing
dataset was kept separate and used only once for the final internal performance evaluation.

Feature scaling was performed using z-score standardization with the StandardScaler function.
Scaling parameters were fitted using the training data and then applied to the held-out testing data.
During cross-validation, imputation and scaling were performed within each training fold, and the
fitted parameters were applied only to the corresponding validation fold. This fold-specific
preprocessing strategy was used to prevent information from validation or testing samples from
influencing model development.

Because the dataset was imbalanced, with more non-cancer controls than PCa cases, class
imbalance was considered during model construction. For algorithms that supported class
weighting, balanced class-weighting strategies were evaluated during model optimization. In
addition to accuracy, sensitivity, specificity, positive predictive value (PPV), negative predictive value
(NPV), F1-score, and AUC, these metrics were reported to provide a more complete assessment of
model performance in the presence of class imbalance.

2.3 Feature Selection

Feature selection was performed to identify circulating miRNAs with strong discriminatory ability
for PCa classification. Differential expression analysis was conducted using the limma package in R,
which applies linear modeling and empirical Bayes methods for gene expression analysis [22].
MiRNAs were considered significantly differentially expressed when they met both criteria: |log:
fold change| =3 and false discovery rate-adjusted p-value < 0.001. The false discovery rate was
controlled using the Benjamini-Hochberg correction method [23]. To mitigate the risk of information
leakage, feature selection was incorporated into the training framework rather than applied to the
entire dataset prior to model evaluation. During cross-validation, differential expression filtering
and recursive feature addition were performed using only the training portion of each fold. The
corresponding validation fold was not used during biomarker selection.

After the initial differential expression filtering, recursive feature addition was applied to refine
the feature set and identify a compact miRNA panel. Features were sequentially added to the model,
and their contributions to classification performance were evaluated within a cross-validation
framework. The final miRNA panel was selected based on consistent discrimination across training
folds and was locked before evaluation on the held-out test dataset. No additional feature
reselection was performed on the held-out test data.

2.4 Machine-Learning Model Development

Four supervised ML algorithms were implemented to construct diagnostic models based on
circulating miRNA expression profiles: Logistic Regression, K-Nearest Neighbors, Random Forest,
and CatBoost. Logistic Regression was used as a baseline linear classifier due to its interpretability
and widespread use in biomedical prediction modeling. K-Nearest Neighbors classifies samples
based on similarity to neighboring samples in the feature space [24]. Random Forest is an ensemble
learning method that constructs multiple decision trees using bootstrap sampling and random
feature selection, thereby improving robustness and reducing overfitting compared with individual
decision trees [25]. CatBoost is a gradient boosting algorithm designed to improve predictive
performance and reduce prediction bias in structured datasets [26].
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Model development was performed within a cross-validation framework, using only the training
dataset. For each cross-validation fold, preprocessing, feature selection, model fitting, and
validation were conducted independently. The validation fold was not used for imputation, scaling,
feature selection, or model training. This workflow was designed to reduce information leakage and
provide a more realistic estimate of internal model performance.

Hyperparameter optimization was performed using GridSearchCV combined with five-fold cross-
validation. For each algorithm, predefined hyperparameter combinations were evaluated, and the
configuration with the best cross-validation performance was selected. The held-out testing dataset
was not used during hyperparameter tuning. After the optimal hyperparameters and final miRNA
panel were selected, the final model was retrained using the full training dataset and then applied
to the held-out testing dataset for final internal evaluation.

2.5 Principal Component Analysis and Exploratory Assessment of Data Structure

Because high-throughput molecular datasets may be affected by technical variation, PCA was
performed as an exploratory quality-control step before the final interpretation of model
performance. PCA was conducted separately for the training and held-out testing datasets using the
circulating miRNA expression matrix. Samples were colored by PCa status to assess whether global
expression patterns separated PCa from non-cancer samples.

This analysis was used to evaluate whether the case-control separation observed in the ML
analysis was also reflected in the overall expression structure of the training and testing datasets.
Because complete batch-related metadata were not available in GSE211692, PCA could not be used
to directly assess clustering according to experimental batch, sample-processing group, or other
technical identifiers. Therefore, PCA was interpreted as an exploratory assessment of global data
structure rather than a definitive batch-effect analysis. The possibility of batch-related confounding
could not be fully excluded and was taken into account when interpreting the internal model’s
performance.

2.6 Evaluation of Model Performance

Model performance was evaluated using standard classification metrics derived from the
confusion matrix, including sensitivity, specificity, positive predictive value (PPV), negative
predictive value (NPV), accuracy, and F1-score. Sensitivity was defined as the proportion of true PCa
cases correctly identified by the model, and specificity as the proportion of non-cancer controls
correctly classified as negative. PPV represented the proportion of predicted positive samples that
were true PCa cases, while NPV represented the proportion of predicted negative samples that were
true controls. Accuracy measured the overall proportion of correctly classified samples, and the F1-
score was calculated as the harmonic mean of precision and sensitivity.

The area under the receiver operating characteristic curve (AUC) was used as the primary
measure of discriminatory ability [27]. Model performance was first estimated using five-fold cross-
validation within the training dataset and then evaluated on the held-out internal test dataset.
Internal testing performance was reported separately from cross-validation performance. Because
no independent external validation dataset was available, the reported results reflect only internal
validation. The overall analytical workflow of the study is summarized in Figure 1.
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Figure 1 Analytical workflow of the study.
2.7 Software and Computational Environment

All analyses were performed using Python and R. Differential expression analysis was conducted
in R using the limma package [22]. ML model development, preprocessing, cross-validation,
hyperparameter optimization, and performance evaluation were implemented in Python using
scikit-learn [28]. CatBoost models were implemented using the official CatBoost Python package
[26]. Data manipulation and visualization were performed using NumPy, pandas, Matplotlib, and
Seaborn. PCA was performed and visualized using Python-based analytical packages.

3. Results
3.1 Characteristics of the Dataset

After systematic retrieval and screening of circulating miRNA expression datasets from the GEO
database, GSE211692 was selected for further analysis. This dataset was generated using the 3D-
Gene Human miRNA V21 1.0.0 microarray platform and contains large-scale serum circulating
miRNA expression profiles. The dataset comprised 6,920 serum samples, including 1,027 PCa
samples and 5,893 non-cancer control samples. Table 1 summarizes the dataset’s overall
characteristics used in this study.
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Table 1 Characteristics of the study dataset.

Dataset Total samples Prostate cancer Non-cancer controls Platform
GSE211692 6920 1027 5893 3D-Gene human miRNA V21

Because the dataset contained substantially more non-cancer controls than PCa cases, the class
distribution was imbalanced. Therefore, stratified data splitting was applied to preserve the case-
control proportion in both the training and internal testing datasets. In addition, model performance
was evaluated using multiple metrics, including sensitivity, specificity, PPV, NPV, Fl-score, accuracy,
and AUC, rather than accuracy alone.

The dataset was randomly split into a training set and an internal held-out test set at an 80:20
ratio. The training dataset consisted of 822 PCa samples and 4,714 control samples, whereas the
held-out testing dataset included 205 PCa samples and 1,179 control samples. The held-out testing
set was not used during preprocessing parameter estimation, feature selection, hyperparameter
tuning, or model training.

3.2 Principal Component Analysis of the Training and Testing Datasets

PCA was performed to visualize the global distribution of serum circulating miRNA expression
profiles in the training and held-out testing datasets. As shown in Figure 2A, PCA of the training
dataset clearly separated PCa and non-cancer samples, primarily along the first principal component.
In the training dataset, PC1 accounted for 75.22% of the total variance, whereas PC2 accounted for
12.93%. This pattern suggests that the major source of variation in the training data was strongly
associated with case-control status. A similar PCA pattern was observed in the held-out testing
dataset. As shown in Figure 2B, PCa and non-cancer samples also showed clear separation, although
the variance distribution differed from that of the training set. In the test dataset, PC1 accounted
for 45.04% of the total variance, and PC2 accounted for 32.45%. Together, these two components
accounted for 77.49% of the total variance, indicating that the testing samples retained a strong
case-control expression structure.

e Non-cancer 24 @ Non-cancer
2 Prostate cancer £ Prostate cancer

PC2 (12.93%)
e
L
©
°
PC2 (32.45%)

-6 -4 -2 0 2 4 6 8 -6 -4 -2 0 2
PC1 (75.22%) PC1 (45.04%)

(A) (B)

Figure 2 Principal component analysis of serum circulating miRNA expression profiles.
(A) Training dataset. (B) Held-out testing dataset. Samples are colored by disease status:
non-cancer controls and prostate cancer.
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Overall, PCA showed consistent separation between PCa and non-cancer samples in both the
training and held-out testing datasets. These findings support the presence of a strong
discriminative expression pattern in the analyzed dataset. However, because complete batch-
related metadata were not available, PCA could not definitively determine whether technical batch
effects contributed to the observed separation. Therefore, although the PCA results support strong
internal case-control discrimination, the possibility of batch-related confounding cannot be ruled
out entirely.

3.3 Identification of the Optimal Circulating miRNA Biomarker Panel

Feature selection identified three circulating miRNAs with strong discriminatory ability for PCa
classification: miR-1290, miR-1307-3p, and miR-4783-3p. These miRNAs were selected as the
optimal biomarker panel for subsequent ML model development.

All three miRNAs showed higher expression levels in serum samples from patients with PCa than
in non-cancer controls. The expression distributions of miR-1290, miR-1307-3p, and miR-4783-3p
demonstrated clear differences between the two groups, supporting their potential contribution to
PCa classification (Figure 3). However, because feature selection in high-dimensional molecular
datasets can strongly influence model performance, the final three-miRNA panel should be
interpreted as a candidate biomarker signature requiring further validation. Independent external
cohorts will be necessary to determine whether this panel remains stable across different
populations, platforms, and sample-processing conditions.

hsa-miR-1290 hsa-miR-1307-3p hsa-miR-4783-3p

b i I A

4 ’
i -4 [ ’Z ‘
-6 H g | H

Case Control Case Control Case Control

0
()

Figure 3 Distribution of circulating miR-1290, miR-1307-3p, and miR-4783-3p expression
levels in PCa and non-cancer control samples.

3.4 Performance of Machine-Learning Models

A total of 28 ML models were developed using different algorithms and feature combinations.
Among these models, seven demonstrated high internal diagnostic performance. The evaluated
models were constructed using different combinations of the three selected circulating miRNAs,
including miR-1290, miR-1307-3p, and miR-4783-3p.

The best-performing models are summarized in Table 2. Both CatBoost and Random Forest
showed strong internal classification performance. Among the evaluated models, the Random
Forest classifier using the combined three-miRNA panel achieved the highest internal test
performance. Importantly, the performance values reported here represent internal testing results
derived from a held-out subset of the same source dataset. Therefore, these values should not be
interpreted as evidence of external clinical generalizability.
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Table 2 Best-performing machine-learning models for prostate cancer diagnosis.

] Sensitivity Specificity PPV NPV  Fl-score Accuracy AUC
Model Algorithm
(%) (%) (%) (%) (%) (%) (%)

1 CatBoost 95.61 97.54 87.11 99.22 91.16 97.25 99.50
2 CatBoost 97.56 98.05 89.69 99.57 93.46 97.98 99.22
3 Random Forest 97.07 97.88 88.84 99.48 92.77 97.76 98.81
4 CatBoost 98.54 99.41 96.65 99.74 97.58 99.28 99.96
5 CatBoost 99.02 99.49 97.13 99.83 98.07 99.42 99.98
6 Random Forest 98.05 98.64 92.63 99.66 95.26 98.55 99.55
7 Random Forest 99.51 99.58 97.61 99.91 98.55 99.57 99.98

Note: Model 1: hsa-miR-1290; Model 2: hsa-miR-1307-3p; Model 3: hsa-miR-4783-3p; Model 4:
hsa-miR-1290 + hsa-miR-1307-3p; Model 5: hsa-miR-1290 + hsa-miR-4783-3p; Model 6: hsa-
miR-1307-3p + hsa-miR-4783-3p; Model 7: hsa-miR-1290 + hsa-miR-1307-3p + hsa-miR-4783-3p.

All performance metrics were calculated on the independent testing dataset.

The Random Forest model using the three-miRNA panel achieved a sensitivity of 99.51%,
specificity of 99.58%, PPV of 97.61%, NPV of 99.91%, F1-score of 98.55%, accuracy of 99.57%, and
AUC of 99.98% on the internal held-out testing dataset. While these results indicate strong internal
discriminatory performance, the extremely high AUC should be interpreted cautiously because
omics-based machine-learning models may be affected by overfitting, information leakage, or
technical confounding if the analytical workflow is not carefully controlled.

3.5 Roc Analysis and Confusion Matrix of the Optimal Model

ROC analysis was performed to further evaluate the optimal model’s discriminatory ability

(Figure 4). The Random Forest classifier using miR-1290, miR-1307-3p, and miR-4783-3p achieved
an AUC of 0.9998 in the held-out internal test set. The ROC curve remained close to the upper-left
corner of the plot, indicating high sensitivity and specificity across classification thresholds.

0.8 >~
® r
4 d
(D 06' ///
2 .
o 0.4 N
2 >
= ,/
0.2 /’
P —— AUC = 99.98 (99.96 - 99.99)
0.0 +Z : . . =
0.0 0.2 0.4 0.6 0.8

hsa-miR-1290 + hsa-miR-1307-3p + hsa-miR-4783-3p

False Positive Rate

1.0

Figure 4 ROC curve of the optimal Random Forest model using the three-miRNA panel

for PCa classification.
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The classification performance of the optimal model was further examined using a confusion
matrix (Figure 5). The majority of samples were correctly classified, with only a small number of
false-positive and false-negative predictions. These results support the strong internal performance
of the three-miRNA Random Forest model. Nevertheless, because the testing samples were derived
from the same GEO dataset as the training samples, the ROC and confusion matrix results should
be considered internal validation only. External validation in an independent dataset remains
necessary to assess whether the model maintains performance across different cohorts and
experimental settings.

True Negative False Positive 1000
[10]
T‘g 174 5
[T
84.83% 0.36% aae
3
3
p 600
©
=
2
False Negative True Positive - 400
:- 1 204
'_
0.07% 14.74% - 200
I I
False True

Predicted Values

Figure 5 Confusion matrix of the optimal Random Forest diagnostic model in the held-
out internal testing dataset.

4. Discussion

In this study, circulating miRNA expression profiles were integrated with ML algorithms to
develop a diagnostic model for PCa classification. Four supervised learning algorithms, including
Logistic Regression, K-Nearest Neighbors, Random Forest, and CatBoost, were evaluated using
serum circulating miRNA expression data from GSE211692. A compact three-miRNA panel
comprising miR-1290, miR-1307-3p, and miR-4783-3p showed strong discriminatory potential
between PCa cases and non-cancer controls. Among the evaluated algorithms, the Random Forest
classifier using this three-miRNA panel achieved the strongest performance in internal testing.

The principal finding of this study is that a small circulating miRNA signature may contain
substantial diagnostic information for distinguishing PCa samples from non-cancer controls. This is
consistent with the broader concept that circulating miRNAs can reflect tumor-associated molecular
alterations and may serve as non-invasive biomarkers in liquid biopsy-based cancer detection.
Recent reviews have also emphasized the potential of circulating miRNAs in genitourinary cancers,
while highlighting the need for careful analytical validation, technical standardization, and
independent clinical confirmation before clinical use [14]. However, the extremely high internal
performance observed in this study should be interpreted cautiously. In omics-based ML studies,
very high AUC values may reflect a true biological signal, but they may also arise from overfitting,
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information leakage, or batch-effect confounding. Information leakage can occur when
preprocessing, normalization, feature selection, or hyperparameter tuning is performed using
information from validation or testing samples. Such leakage can lead to overly optimistic
performance estimates and may limit reproducibility across external cohorts [18, 19]. To reduce this
risk, the analytical framework ensured that imputation, scaling, feature selection, model training,
and hyperparameter optimization were performed within the training and cross-validation
procedures. At the same time, the held-out test set was reserved solely for final internal evaluation.

Batch effects represent another important concern in high-throughput molecular datasets.
Technical variation related to sample collection, RNA extraction, experimental batch, array
processing, or data normalization can create artificial differences between groups. This is
particularly problematic when the technical structure correlates with case-control status, because
an ML model may learn batch-related differences rather than disease-associated biological signals
[20]. To explore the dataset’s global structure, PCA was performed separately on the training and
held-out test datasets. The PCA plots showed clear separation between PCa and non-cancer samples
in both subsets, suggesting that the case-control signal was preserved after data splitting.
Nevertheless, because complete batch-related metadata were unavailable, PCA could not directly
assess clustering according to experimental batch or sample-processing identifiers. Therefore, the
possibility of batch-effect confounding cannot be fully excluded, and the model performance should
be interpreted as internal evidence that requires confirmation in independent external cohorts.

The three miRNAs identified in this study have potential biological relevance in PCa and cancer
progression. MiR-1290 has been reported as an oncogenic miRNA in several malignancies and has
been associated with tumor progression, aggressive disease behavior, and poor clinical outcomes.
In PCa, circulating or exosomal miR-1290 has been linked to advanced disease and poor prognosis,
suggesting that its presence in the blood may reflect tumor-associated molecular activity [29]. MiR-
1307-3p has also been implicated in cancer-related proliferation pathways. Previous experimental
evidence suggests that miR-1307 can promote PCa cell proliferation by targeting FOXO3A, a tumor-
suppressive transcription factor involved in apoptosis, oxidative stress response, and cell-cycle
regulation [30]. Compared with miR-1290 and miR-1307-3p, miR-4783-3p remains less extensively
characterized in PCa. Nevertheless, integrated bioinformatics analyses suggest that miR-4783-3p
may regulate target genes and pathways relevant to PCa biology [9].

Although these biological observations support the plausibility of the selected miRNA panel, the
functional interpretation remains hypothesis-generating. The present study did not experimentally
validate the mechanistic roles of miR-1290, miR-1307-3p, or miR-4783-3p in PCa cell models or
patient-derived specimens. Therefore, future studies should investigate whether these miRNAs
directly regulate PCa-associated pathways, including cell proliferation, apoptosis, angiogenesis,
epithelial-mesenchymal transition, androgen receptor signaling, metastatic progression, and
treatment resistance. Functional validation would strengthen the biological and translational
relevance of the proposed biomarker panel [31-33].

The proposed circulating miRNA model may have potential value as a complementary diagnostic
tool, but it should not be considered a replacement for established clinical biomarkers at this stage.
PSA remains the most widely used blood-based biomarker for PCa screening and monitoring.
However, PSA has limited tumor specificity, and elevated PSA levels may occur in benign prostatic
hyperplasia, prostatitis, and other non-malignant conditions. These limitations can contribute to
unnecessary biopsies, overdiagnosis, and overtreatment. Recent reviews of blood- and urine-based
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PCa biomarkers have emphasized that emerging markers, including PHI, 4Kscore, PCA3, SelectMDx,
extracellular vesicle-associated biomarkers, and circulating miRNAs, may improve diagnostic
precision or complement PSA-based pathways. Still, they require rigorous validation before broad
clinical implementation [6].

A direct comparison between the proposed three-miRNA model and PSA, PSA derivatives,
prostate MRI, or other established diagnostic approaches was not possible in the present study
because matched clinical variables were not available in the GEO dataset analyzed. Therefore, the
model’s clinical utility remains uncertain. Future validation cohorts should include PSA
concentration, prostate volume, digital rectal examination findings, MRI results, Gleason score,
tumor stage, and disease risk group. Such data would enable the determination of whether the
miRNA panel provides incremental diagnostic value beyond currently used clinical tools.

This study has several strengths. First, the analysis used a large public serum miRNA dataset,
which provided sufficient sample size for internal model development and testing. Second, multiple
supervised ML algorithms were evaluated, allowing comparison across different model types. Third,
the final biomarker panel was compact, consisting of only three circulating miRNAs, which may be
more feasible for future assay development than larger molecular signatures. Fourth, the
framework explicitly addresses methodological concerns raised for omics-based ML studies by
emphasizing leakage-controlled preprocessing, fold-specific feature selection, and PCA-based
assessment of batch effects. These additions improve transparency and help clarify the conditions
under which the internal performance estimates should be interpreted.

Despite these strengths, several limitations must be considered. First, no independent external
GEO dataset suitable for direct validation of the final three-miRNA panel was available for this
analysis. Therefore, the model was evaluated solely through internal testing using a held-out subset
of the same source dataset. This limits conclusions about generalizability across independent
cohorts, different populations, alternative sample-processing protocols, and other miRNA profiling
platforms. Second, although internal performance was high, the possibility of overfitting or
optimistic performance estimation cannot be fully ruled out. Third, batch-effect assessment was
limited by the availability and completeness of technical annotation in the public dataset. PCA can
reveal global clustering patterns, but it cannot fully replace experimental batch control or
prospective validation. Fourth, important clinicopathological variables, including age, PSA level,
Gleason score, tumor stage, disease risk category, prostate volume, and treatment history, were
not available for all samples. Fifth, the biological functions of the selected miRNAs were inferred
from previous literature and bioinformatics evidence rather than experimentally validated in this
study. Given these limitations, the findings should be interpreted as preliminary internal evidence
supporting the potential diagnostic relevance of the three-miRNA panel rather than definitive
evidence of clinical diagnostic accuracy. The very high internal AUC should not be described as near-
perfect clinical performance. Instead, it should be considered a signal that requires confirmation
using independent external datasets and prospective clinical cohorts. Future studies should apply a
fully leakage-controlled pipeline, report batch-effect analyses, validate the locked model without
re-selecting features, and compare the miRNA panel directly with PSA-based and imaging-based
diagnostic pathways.
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5. Conclusions

In conclusion, this study suggests that serum miRNA expression profiles, combined with ML
methods, may provide a promising framework for non-invasive PCa classification. A compact panel
consisting of miR-1290, miR-1307-3p, and miR-4783-3p showed strong internal discriminatory
potential, and the Random Forest classifier achieved the best performance among the evaluated
algorithms. However, because the analysis was based on a single public dataset and no external
validation cohort was available, the model should be regarded as internally validated and
hypothesis-generating. Independent external validation, direct comparison with established clinical
biomarkers such as PSA, integration of clinicopathological variables, and functional validation of the
selected miRNAs are required before this approach can be considered for clinical translation.
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