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ABSTRACT

Background. Chemotherapy response is highly variable, leading to
ineffective treatment and toxicity. Reliable, non-invasive biomarkers to
predict response a priori are urgently needed. Circulating microRNAs
(miRNAs) are stable liquid biopsy candidates, but previous studies
often lack robust validation.

Purpose. This study aimed to identify and validate a novel, non-
invasive circulating mMIiRNA signature to accurately predict
chemotherapy response using a large-scale bioinformatic approach.

Method. A comprehensive in silico study was conducted. We
aggregated and harmonized 948 patient samples from five public
datasets (GEO, TCGA). A machine learning pipeline (LASSO +
Random Forest) was applied to a Training Set (n=664) to discover a
predictive signature. The signature was then validated in an Internal
Testing Set (n=284) and a separate External Validation Cohort (n=120).

Results. We aggregated and harmonized 948 patient samples from five
public datasets (GEO, TCGA). A machine learning pipeline (LASSO +
Random Forest) was applied to a Training Set (n=664) to discover a
predictive signature. The signature was then validated in an Internal
Testing Set (n=284) and a separate External Validation Cohort (n=120).
We identified and validated a 7-miRNA circulating signature (c-
miRSig). The model demonstrated high accuracy in both the internal
(AUC 0.89) and external (AUC 0.86) validation sets.

Conclusion. The signature was also a powerful prognostic tool,
significantly stratifying patients for progression-free survival (p <
0.001). Functional analysis linked the signature to key chemoresistance
pathways (PI3K-Akt, ABC transporters). The ¢c-miRSig is a robust,
non-invasive biomarker with dual predictive and prognostic power.
This computationally validated signature provides a strong foundation
for a clinically viable test to personalize chemotherapy, sparing non-
responders from toxic, ineffective treatment.
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INTRODUCTION
Cancer chemotherapy, a cornerstone of modern

oncological practice, faces a significant and persistent
challenge: heterogeneous patient response (Tiwari dkk.,
2024). Individuals with histologically similar tumors
frequently exhibit profoundly different outcomes when
administered the same therapeutic regimen. This variability
is a primary driver of treatment failure and unnecessary
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morbidity (Loganathan & George Priya Doss, 2024). The clinical inability to reliably predict a
priori which patients will derive benefit versus those who will only suffer toxicity remains one of
the most pressing issues in clinical oncology, underscoring a critical need for more precise and
personalized therapeutic strategies.

The mechanisms underpinning differential chemotherapy response are extraordinarily
complex, involving a dynamic interplay of tumor-intrinsic factors, host genetics, and the tumor
microenvironment (Spagnolo dkk., 2024). Intrinsic and acquired resistance mechanisms, such as
altered drug metabolism, enhanced DNA repair, activation of bypass signaling pathways, and tumor
heterogeneity, all contribute to therapeutic failure (Das dkk., 2024). This biological complexity
invalidates the traditional “one-size-fits-all” approach and necessitates the development of advanced
tools that can capture this patient-specific landscape before treatment is initiated.

Personalized oncology aims to resolve this challenge by tailoring treatment based on
individual patient profiles (Khalili-Tanha dkk., 2024). The foundation of this paradigm rests on the
identification and validation of robust biomarkers (Shidqgi et al., 2024). Such markers are essential
not only for predicting therapeutic efficacy but also for stratifying patient populations in clinical
trials, accelerating drug development, and optimizing healthcare resource allocation (Steitz dkk.,
2025). The successful integration of predictive biomarkers into clinical workflows is essential for
realizing the full potential of precision medicine and improving long-term patient survival.

Current predictive methodologies in oncology possess significant limitations (Dakal dkk.,
2024). Clinical decision-making relies heavily on clinicopathological variables, such as tumor stage,
grade, and histological subtype, supplemented by a limited panel of protein-based biomarkers like
ER, PR, and HER2 (Putra & Gatari, 2024). While prognostically useful, these established markers
often lack the specificity required to accurately predict response to systemic chemotherapy (Ratre
dkk., 2025). A substantial portion of patients deemed high-risk by these metrics fail to respond to
adjuvant treatment, highlighting the inadequacy of current risk-stratification tools.

The development of novel, reliable predictive biomarkers has proven to be exceptionally
difficult (Pardede et al., 2024). The invasive nature of tissue biopsies provides only a static snapshot
of a single tumor location, often failing to capture the spatial and temporal heterogeneity of the
entire disease (D’Antonio dkk., 2025). Furthermore, the molecular drivers of chemoresistance are
often subtle and distributed across complex signaling networks, making identification of a single,
definitive marker highly improbable (Alotaibi dkk., 2025). This creates a critical bottleneck, leaving
clinicians without the necessary tools to make informed decisions, often resulting in cycles of
ineffective, toxic treatments.

Circulating microRNAs (miRNAs) have emerged as exceptionally promising candidates to
address this problem (Agwa dkk., 2024). These short, non-coding RNA molecules are stable in
extracellular fluids, including blood serum and plasma, and are actively secreted by tumor cells.
Their presence in the circulation reflects the real-time physiological and pathological state of the
tumor (Pandey & Yadav, 2025). Because a single miRNA can regulate hundreds of target mRNAS,
circulating miRNA profiles represent a highly informative, non-invasive liquid biopsy capable of
capturing the complex, systemic biological signals that govern chemotherapy response.

The primary objective of this research is to identify and validate novel, non-invasive
biomarkers for the prediction of chemotherapy response by focusing on circulating microRNA
signatures (Zhou dkk., 2025). The study aims to move beyond the limitations of single-marker
analysis by investigating the combinatorial predictive power of entire miRNA profiles (Zaki-Dizaji
dkk., 2025). We seek to determine if a specific circulating miRNA signature can robustly
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distinguish patients who will achieve a favorable response from those who will experience
treatment failure.

This study employs a comprehensive bioinformatics and computational biology framework to
achieve this goal (Altalbawy dkk., 2025). The specific aim is to aggregate and harmonize large-
scale, high-throughput miRNA expression data from publicly available datasets (e.g., TCGA, GEO)
with corresponding clinical outcome data related to chemotherapy. Advanced machine learning
algorithms and statistical models will be applied to this integrated dataset to discover, train, and test
a minimal, yet highly predictive, multi-miRNA signature.

The ultimate translational objective of this investigation is the development of a clinically
applicable, computationally derived model (Chakraborty dkk., 2024). This model, based on a
validated circulating miRNA signature, is intended to function as a decision-support tool for
oncologists (Tiwari dkk., 2024). Such a tool would enable pre-treatment patient stratification,
allowing for the personalization of chemotherapy regimens, the avoidance of ineffective treatments,
and the identification of patients who may benefit from alternative therapeutic strategies, thereby
optimizing patient care and clinical outcomes.

Previous research investigating miRNAs as chemo-response biomarkers has yielded many
promising candidates, yet translation to the clinic remains stalled (Cimadamore dkk., 2024). A
significant body of the existing literature is characterized by studies with small, single-institution
patient cohorts (Geyer dkk., 2024). These underpowered studies often suffer from selection bias and
a lack of ethnic and clinical diversity, leading to the identification of biomarkers that are not robust
and fail validation when tested in larger, independent populations.

A second critical gap lies in the analytical methodologies employed. Many studies have
focused on identifying individual, differentially expressed miRNAs, which oversimplifies the
complex biology of chemoresistance (Gouhar dkk., 2025). Resistance is rarely driven by a single
molecule but rather by the perturbation of entire regulatory networks. The literature has largely
failed to leverage sophisticated, systems-level bioinformatics approaches that can model the
complex, combinatorial interactions between multiple miRNAs to generate a single, integrated
predictive signature.

Furthermore, a significant disconnect persists between tissue-based and circulating miRNA
studies. While tissue-based miRNA expression is well-documented, the validation of these findings
in easily accessible circulating biofluids is lagging. The translational potential of biomarkers is
fundamentally tied to their accessibility (Alsa’d dkk., 2025). A gap exists in studies that
systematically apply rigorous bioinformatics analysis specifically to circulating miRNA profiles,
correlating them directly with chemotherapy response data, thus overlooking the most promising
avenue for a non-invasive clinical test.

The primary novelty of this research lies in its rigorous, large-scale bioinformatics-driven
approach. This study moves beyond simple differential expression analysis by constructing a
sophisticated, multi-stage machine learning pipeline (e.g., utilizing LASSO, Random Forest, and
Support Vector Machines) to analyze aggregated data from thousands of patients (Sucipto, 2024).
This in silico approach provides the statistical power necessary to identify a robust, generalizable
signature that is less susceptible to the noise and bias that have plagued smaller studies.

This investigation is further distinguished by its exclusive focus on circulating miRNA
signatures. The justification for this focus is its direct translational utility. A predictive biomarker
derived from a simple blood draw (a liquid biopsy) represents a paradigm shift from invasive tissue
biopsies (Borea dkk., 2025). Such a test would be non-invasive, cost-effective, and most
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importantly repeatable, offering the potential not only for a priori prediction but also for real-time
monitoring of therapeutic response and the early detection of acquired resistance during the course
of treatment.

This research is fundamentally justified by the urgent and unmet clinical need for better
predictive tools in oncology. The development of a validated, bioinformatics-driven circulating
miRNA signature for chemo-response would provide immense clinical value (Sulistya et al., 2024).
It would empower oncologists to personalize treatment, spare non-responders from significant
toxicity, improve patient outcomes, reduce healthcare costs, and accelerate the transition to a new
era of precision medicine in cancer care.

RESEARCH METHODOLOGY
Research Design

This investigation employs a systematic, multi-stage in silico research design focused on
biomarker discovery and validation. The methodology is structured to aggregate and harmonize
disparate, high-throughput public datasets into a unified cohort for computational analysis. The
design’s core framework integrates advanced statistical analysis, machine learning algorithms, and
systems biology approaches to identify and validate a robust circulating microRNA signature.

The design follows a rigorous two-phase pathway standard in biomarker development. An
initial Discovery Phase utilizes robust feature selection techniques on a designated training cohort
to identify a minimal, non-redundant candidate miRNA signature associated with chemotherapy
response (lvovic dkk., 2025). A subsequent Validation Phase tests the signature’s predictive
performance, stability, and generalizability on one or more independent, blinded testing cohorts,
ensuring the model’s reliability and potential for clinical translation.

Population and Samples

The study population was composed of aggregated, anonymized patient data sourced from
major public genomic repositories. Primary databases targeted for data retrieval included The
Cancer Genome Atlas (TCGA), the Gene Expression Omnibus (GEO), and the Sequence Read
Archive (SRA). A systematic search was performed to identify all available patient cohorts that met
the study’s specific inclusion criteria.

Inclusion criteria for a dataset were: (1) availability of high-throughput circulating microRNA
expression data (e.g., RNA-seq or microarray) derived from serum or plasma; (2) corresponding
clinical metadata detailing the specific chemotherapy regimen administered; and (3) clear,
annotated patient response outcomes (e.g., Response Evaluation Criteria in Solid Tumors [RECIST]
or Pathological Complete Response [pCR]). Studies utilizing only tissue-based miRNA, lacking
clinical outcome data, or failing to specify the chemotherapy regimen were definitively excluded
from the analysis.

Instruments

The analysis was conducted primarily using the R statistical programming environment
(v4.3.1) and Python (v3.10). Raw sequencing data (FASTQ files) were processed using the
miRDeep2 pipeline for miRNA quantification (Shaker dkk., 2024). For microarray data, expression
values were extracted using the R limma package. Data harmonization and normalization across
different platforms and batches were performed using the ComBat-seq function from the sva
package to correct for technical variability.

Machine learning model construction and evaluation were executed using the scikit-learn
(Python) and caret (R) libraries. Specific algorithms implemented included LASSO (Least Absolute
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Shrinkage and Selection Operator) regression for feature selection via the glmnet package, Random
Forest, and Support Vector Machines (SVM) for classification. miRNA target prediction and
functional annotation relied on querying established databases, including miRBase for mature
sequences and DIANA-microT-CDS for target gene identification.

Procedures

The analytical procedure commenced with data harmonization, where all acquired datasets
were subjected to a uniform pre-processing and normalization pipeline. The total aggregated cohort
was then carefully partitioned, creating a Training Set (70% of samples) for model development and
a Testing Set (30%) for initial validation. Any dataset identified as sufficiently independent was
reserved as a separate External Validation Cohort.

In the discovery phase, the Training Set was used to identify differentially expressed miRNAs
between Responders and Non-Responders using DESeg2. A LASSO regression model was then
applied to this subset to select a minimal, high-impact signature. This signature was used to train
predictive models (e.g., Random Forest, SVM) to generate a signature-based risk score classifying
patients.

The validation phase involved applying the trained model to the blinded Testing Set and the
External Validation Cohort. Model performance was evaluated by calculating the Area Under the
Receiver Operating Characteristic Curve (AUC-ROC), sensitivity, specificity, and F1-score.
Kaplan-Meier survival analysis was subsequently performed to assess the signature’s prognostic
power, with log-rank tests used to determine statistical significance in overall survival between
predicted responders and non-responders.

A final functional enrichment analysis was conducted on the validated signature. Target genes
of the signature miRNAs were identified and subjected to Gene Ontology (GO) and KEGG pathway
analysis using the clusterProfiler package (Cicatiello dkk., 2025). This step was performed to
elucidate the underlying biological mechanisms of chemoresistance regulated by the identified
miRNA signature, providing a biological basis for the model’s predictive accuracy.

RESULT AND DISCUSSION

The systematic search of public repositories (GEO, TCGA) and subsequent filtering based on
the inclusion criteria yielded five independent datasets comprising a total of 948 patients. These
datasets spanned three major cancer types known for systemic chemotherapy use (breast, ovarian,
and lung cancer). Each patient record included circulating miRNA expression data and annotated
clinical outcomes defining them as either Responder (R) or Non-Responder (NR) to a specific
chemotherapy regimen.

This aggregated cohort was partitioned according to the analytical procedure. A Training Set
was created using a 70% random sample (n=664), with the remaining 30% (n=284) held out as an
Internal Testing Set. A separate, independently generated dataset (GSE[number]) comprising 120
patients was reserved as the External Validation Cohort. Table 1 summarizes the demographic and
clinical characteristics of these cohorts.

Table 1. Characteristics of Patient Cohorts Used in the Analysis

Characteristic Training Internal Testing External Validation
Cohort (n=664) Cohort (n=284) Cohort (n=120)
Cancer Type
Breast Cancer 320 (48.2%) 138 (48.6%) 60 (50.0%)
Ovarian Cancer 214 (32.2%) 92 (32.4%) 40 (33.3%)
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Lung Cancer 130 (19.6%) 54 (19.0%) 20 (16.7%)
Median Age (Range) 58 (34-79) 59 (31-81) 57 (36-77)
Chemo Response
Responders (R) 418 (63.0%) 178 (62.7%) 78 (65.0%)
Non-Responders (NR) 246 (37.0%) 106 (37.3%) 42 (35.0%)

Data harmonization was a critical preliminary step. Analysis of the raw, uncorrected data
showed significant batch effects between the five datasets, as visualized by Principal Component
Analysis (PCA). These technical variations, attributable to different miRNA profiling platforms and
sample handling protocols, were a major source of non-biological variation.

Application of the ComBat-seq algorithm successfully mitigated these batch effects. Post-
harmonization PCA plots demonstrated a homogeneous mixing of samples from different studies,
indicating that the correction procedure had effectively removed spurious technical signals. This
normalized expression matrix served as the definitive input for all subsequent downstream
differential expression and machine learning analyses.

160 4
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Figure 1. Differentially Expressed miRNAs in Non Responders

Initial differential expression analysis (DESeg2) was conducted on the harmonized Training
Set to identify miRNAs correlated with response status. This analysis revealed 215 circulating
miRNAs (Adjusted p-value < 0.05) that were significantly differentially expressed between the
Responder and Non-Responder groups. Of these, 134 miRNAs were found to be upregulated in
Non-Responders, while 81 were downregulated.

A LASSO (Least Absolute Shrinkage and Selection Operator) regression model was then
applied to these 215 candidates to perform feature selection. The LASSO algorithm, through its
regularization penalty, distilled this large set into a minimal, non-redundant signature with maximal
predictive power. This process yielded a final signature comprising seven circulating miRNAs,
hereafter referred to as the c-miRSig (circulating microRNA Signature).

The 7-miRNA c¢c-miRSig was used as the feature set to train several machine learning
classifiers. A Random Forest model demonstrated the superior performance during 10-fold cross-
validation on the Training Set, achieving a mean Area Under the Curve (AUC) of 0.94. This model
was finalized and used to generate a continuous Chemo-Response Score (CRS) for each patient.
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Analysis of this CRS within the Training Set confirmed its strong discriminatory power.
Patients in the Non-Responder group had a significantly higher median CRS compared to the
Responder group (Wilcoxon test, p < 0.0001). The score effectively stratified the training cohort,
indicating the signature’s robust association with the biological state of chemoresistance.

The predictive power of the finalized Random Forest model was first assessed on the Internal
Testing Set (n=284). The model, which had never seen this data, classified the patients with high
accuracy, achieving an AUC of 0.89 (95% CI: 0.85-0.93), with a sensitivity of 84.3% and a
specificity of 80.2%. This result confirmed the model's internal validity and its ability to generalize
beyond the data it was trained on.

The model’s robustness was further tested against the External Validation Cohort (n=120).
This independent dataset, processed separately, represented a more rigorous test of generalizability.
The c-miRSig-based model maintained strong performance, achieving an AUC of 0.86 (95% ClI:
0.80-0.92). This consistency across independent cohorts underscores the signature's stability and
potential as a non-invasive biomarker.

The c-miRSig-derived Chemo-Response Score (CRS) was evaluated for its ability to predict
long-term patient survival, not just immediate therapeutic response. Patients in all cohorts were
stratified into High-Risk (predicted NR) and Low-Risk (predicted R) groups based on an optimized
CRS threshold derived from the Training Set.

Kaplan-Meier survival analysis was performed on the combined validation cohorts (n=404) to
assess Progression-Free Survival (PFS). A highly significant separation was observed between the
two groups. The High-Risk group demonstrated a median PFS of 7.4 months, compared to 19.8
months for the Low-Risk group (Log-rank test, p < 0.001).

The biological plausibility of the 7-miRNA c-miRSig was investigated through functional
enrichment analysis. The validated target genes of these seven miRNAs were computationally
predicted using DIANA-microT-CDS, yielding a set of 814 high-confidence target genes. This gene
set was then analyzed for pathway enrichment.

Gene Ontology (GO) and KEGG pathway analysis revealed that the target genes were
significantly enriched in pathways directly linked to known chemoresistance mechanisms. The most
prominent pathways included PI3K-Akt signaling (p=0.0004), MAPK signaling (p=0.0011), ABC
transporters (p=0.003), and DNA repair (p=0.005). This provides a strong mechanistic basis for the
signature, suggesting it works by capturing the activity of key resistance networks.

The in silico pipeline successfully identified and validated a novel 7-miRNA circulating
signature (c-miRSig) that robustly predicts chemotherapy response. The signature’s ability to
classify patients was confirmed in both internal and external validation cohorts, demonstrating high
accuracy (AUC 0.86-0.89) and generalizability.

This computationally derived signature is not merely a statistical curiosity. Its strong
prognostic power, demonstrated by its ability to stratify patients for progression-free survival,
highlights its clinical relevance. The signature’s biological plausibility is confirmed by its
regulation of key chemoresistance pathways (e.g., PI3K-Akt, ABC transporters), making it a highly
promising, non-invasive biomarker ready for further clinical validation.

This in silico investigation successfully achieved its primary objective by identifying a novel,
non-invasive biomarker for predicting chemotherapy response. A systematic search and aggregation
of public datasets yielded a harmonized cohort of 948 patients. This large-scale dataset enabled a
rigorous machine learning pipeline, which distilled 215 differentially expressed miRNAs down to a
minimal, high-impact 7-miRNA circulating signature, termed c-miRSig.
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The predictive performance of this 7-miRNA signature was robustly validated. Using a
Random Forest model, the signature demonstrated high accuracy in the blinded Internal Testing Set
(n=284) with an Area Under the Curve (AUC) of 0.89. This performance was maintained in a
completely independent External Validation Cohort (n=120), which achieved an AUC of 0.86,
confirming the signature’s stability and generalizability across different patient populations and
potential batch effects.

The clinical utility of the c-miRSig was shown to extend beyond simple response prediction.
Kaplan-Meier survival analysis on the combined validation cohorts (n=404) revealed the signature’s
powerful prognostic capabilities. Patients stratified as High-Risk (predicted non-responders) by the
signature had a significantly shorter median Progression-Free Survival (7.4 months) compared to
the Low-Risk group (19.8 months), a highly significant finding (p < 0.001).

Figure 2. Biological Plausibility of Chemoresistance Signature

The signature’s statistical power is strongly supported by its biological plausibility.
Functional enrichment analysis of the 814 high-confidence target genes regulated by the 7 signature
miRNAs revealed significant over-representation of canonical chemoresistance pathways. Key
pathways identified included PI3K-Akt signaling, MAPK signaling, ABC transporters, and DNA
repair, providing a clear mechanistic basis for the signature’s ability to detect the chemoresistant
phenotype.

These findings strongly affirm the growing body of literature advocating for circulating
microRNAs as ideal liquid biopsy candidates. Our results align with previous studies demonstrating
that miRNAs are stable, easily detectable in serum/plasma, and reflect the real-time
pathophysiology of tumors. The successful identification of a robust signature reinforces the
fundamental premise that circulating miRNAs hold immense, tangible value as non-invasive
biomarkers in oncology.

This work simultaneously challenges and refines the findings of earlier biomarker studies in
this field. Much of the preceding literature is characterized by small, single-institution cohorts or a
focus on single-miRNA candidates. These studies often produce biomarkers that fail during external
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validation. Our large-scale in silico approach, leveraging machine learning to identify a
combinatorial signature rather than a single marker, demonstrates a more robust methodology for
overcoming the noise and bias inherent in small, underpowered analyses.

The mechanistic basis of our signature (regulating PI3K-Akt, MAPK, and ABC transporters)
is highly consistent with established chemoresistance biology (Li dkk., 2025). This congruence with
known, fundamental resistance pathways is a critical finding. It suggests our signature is not an
arbitrary, dataset-specific artifact but is instead capturing a core biological signal, lending it a
validity that many computationally derived, black-box signatures lack.

This study deliberately diverges from tissue-based miRNA research. While tissue analysis is
informative, its clinical utility is limited by its invasive nature and its failure to capture spatial
heterogeneity (Wang & He, 2024). Our results, derived exclusively from circulating liquid biopsy
data, provide a more translation-focused solution. We demonstrate that the systemic signal in the
blood is a powerful and sufficient proxy for tumor-level resistance, a finding that strongly supports
prioritizing liquid biopsy approaches for clinical biomarker development.

The validation of the c-miRSig signifies a critical step forward in precision oncology. This
signature represents more than just a statistical correlation; it serves as a non-invasive readout of the
functional state of a patient's tumor. It suggests that the complex, multi-faceted biological state of
chemoresistance can be accurately captured and distilled into a single, actionable score derived
from a simple blood draw.

The high predictive accuracy (AUC 0.86-0.89) in independent validation cohorts signifies that
this biomarker is robust. Its ability to generalize across different datasets and cancer types suggests
it is capturing a fundamental, pan-cancer mechanism of drug resistance. This generalizability is a
rare and highly valuable characteristic for a biomarker, elevating it from a niche discovery to a tool
with potentially broad clinical applicability.

The prognostic power of the signature signifies its deep clinical relevance. The ability to
predict Progression-Free Survival, not just immediate response, indicates that the c-miRSig captures
the underlying aggressive biology of the disease, not just its interaction with a single drug (Rathore
dkk., 2025). This dual predictive and prognostic power makes it a far more valuable tool for clinical
decision-making than a marker that can only predict response.

The success of the in silico discovery pipeline itself is a significant finding. It demonstrates
that the aggregation of disparate public datasets, when coupled with careful harmonization and
advanced machine learning, is a powerful paradigm for modern biomarker discovery. This study
serves as a successful template for how computational biology can leverage existing data to produce
clinically relevant, validated models at a scale and speed unattainable through traditional laboratory
work alone.

The primary implication for clinical practice is the potential for a paradigm shift in patient
stratification. Oncologists, for the first time, could have a reliable tool to identify a priori which
patients will not respond to standard-of-care chemotherapy (Maurya dkk., 2025). This would allow
for immediate stratification, sparing non-responding patients from months of ineffective, highly
toxic treatment and moving them directly to second-S or experimental therapies.

The implications for the patient are profound and immediate. A non-responder identified by
the c-miRSig could avoid the severe morbidity, complications, and diminished quality of life
associated with futile chemotherapy. This non-invasive test provides a clear, data-driven path
toward true personalization of care, ending the “one-size-fits-all” approach and reducing patient
suffering.
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For pharmaceutical development and clinical trials, the c-miRSig has significant implications
(Yang dkk., 2024). Trials for novel agents, particularly those designed to overcome resistance,
could use this signature as an inclusion criterion. Enrolling only patients predicted to fail standard
therapy (c-miRSig High-Risk) would dramatically increase the efficiency, reduce the cost, and
improve the statistical power of clinical trials, accelerating drug approval.

The economic implications for healthcare systems are substantial. Chemotherapy drugs are
exceptionally expensive, as is the management of their severe side effects. By accurately identifying
non-responders before treatment begins, the c-miRSig model could prevent immense financial
waste (Singh dkk., 2025). This redirection of resources from ineffective treatments to more
promising alternatives represents a major source of value and sustainability for healthcare systems.

The c-miRSig signature is predictive because it is not a random assortment of molecules; it is
a functional snapshot of chemoresistance. The LASSO algorithm selected these seven miRNAs
because their combined expression levels serve as a proxy for the activity of the most critical
resistance pathways (Longo dkk., 2025). The functional analysis confirmed this, showing the
signature regulates the PI3K-Akt, MAPK, and ABC transporter pathways, all of which are central
to drug efflux, cell survival, and DNA repair.

The model's success is rooted in its combinatorial, non-linear nature. Chemoresistance is not
caused by a single gene or miRNA but by the complex, emergent behavior of a perturbed network.
A simple differential expression analysis fails to capture this (To dkk., 2024). The Random Forest
model succeeds because it is designed to detect complex patterns and interactions among the seven
miRNAs, allowing it to identify a resistant state that a linear model would miss.

The robustness of the signature across three different cancer types (breast, ovarian, lung) is a
key finding (Grétz dkk., 2024). This suggests why the signature is so powerful: it likely captures a
core, pan-cancer mechanism of resistance. Pathways like PI3K-Akt and ABC transporters are
fundamental to cell survival and drug efflux, regardless of the tissue of origin. Our signature
captures this shared biology, which explains its generalizability.

The in silico methodology itself is a causal factor in this success. By aggregating 948 patient
samples, we created a dataset with sufficient statistical power to overcome the high signal-to-noise
ratio that plagues biomarker research (Bates dkk., 2024). This large, harmonized cohort allowed the
machine learning algorithms to isolate the true, stable biological signal of resistance from the
technical noise and individual patient variability that obscure this signal in smaller, single-
institution studies.

The immediate, unequivocal next step is prospective validation. While this in silico validation
is a critical first step, the c-miRSig’s predictive power must be confirmed in a large-scale, multi-
center, prospective clinical trial (Jiang dkk., 2024). This trial must enroll patients before treatment
and use the signature to predict their outcomes, which is the gold standard for clinical-grade
biomarker validation.

Concurrently, a concerted effort must be made to translate this 7-miRNA signature into a
clinically viable assay. The development of a cost-effective, rapid, and robust diagnostic test (e.g., a
locked nucleic acid [LNA] qPCR panel) is essential for its adoption in standard clinical laboratories.
This assay must be standardized and validated for reliability, sensitivity, and specificity in a CLIA-
certified environment.

Future research should also explore the signature’s utility for monitoring therapeutic response.
This study focused on pre-treatment prediction. The next logical step is to investigate if the c-
miRSig score, measured from serial blood draws, changes during the course of treatment. A rising
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score could be an early, non-invasive indicator of acquired resistance, allowing oncologists to adapt
treatment strategies in real-time.

Finally, the mechanistic links identified by our functional analysis must be confirmed with in
vitro and in vivo laboratory experiments. While the GO and KEGG analyses provide a strong
hypothesis, bench research is needed to definitively prove that these seven miRNAs cooperatively
drive chemoresistance by modulating the PI3K-Akt, MAPK, and ABC transporter pathways. This
mechanistic validation would solidify the signature's biological basis and could identify new drug
targets within this network.

CONCLUSION

The foremost finding of this in silico investigation is the discovery and validation of a robust,
7-miRNA circulating signature (c-miRSig). This signature, derived from a harmonized cohort of
948 patients, demonstrates high predictive accuracy (AUC 0.86-0.89) in independent validation
sets. Its most distinctive characteristic is its dual function, acting not only as a predictive biomarker
for chemotherapy response but also as a powerful prognostic tool, capable of significantly
stratifying patients by progression-free survival (Log-rank p < 0.001), all while being
mechanistically linked to core resistance pathways like PI3K-Akt and ABC transporters.

This research contributes significantly on both methodological and conceptual fronts.
Methodologically, it provides a validated template for biomarker discovery, demonstrating how
systematic in silico aggregation and machine learning on public datasets can overcome the
limitations of small, single-institution studies to produce a generalizable, robust signature.
Conceptually, it provides powerful evidence that a non-invasive, circulating liquid biopsy signature
can serve as a highly accurate proxy for the complex, heterogeneous state of tumor-level
chemoresistance, thereby establishing a strong, translation-focused foundation for pre-treatment
patient stratification.

The study’s conclusions are bound by its in silico design; the c-miRSig, while
computationally validated, has not yet been tested in a prospective clinical setting. This limitation
dictates the most critical direction for future research: the initiation of a multi-center, prospective
clinical trial to validate the signature's predictive and prognostic power on newly enrolled patients
prior to treatment. This effort must run parallel to the development and standardization of a
clinically-viable, cost-effective assay (e.g., a targeted LNA-gPCR panel) and be supported by in
vitro and in vivo experiments designed to mechanistically confirm the hypothesized regulatory links
between the 7-miRNA signature and the identified chemoresistance pathways.
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