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Breast cancer (BRCA) is a heterogeneous tumour and is the most common cancer in the world, and
there is a need for strong biomarkers to enhance diagnosis and targeted therapy. We created a
combined bioinformatics and machine learning approach for identifying important molecular
biomarkers related to BRCA in this study. Two gene expression datasets were analyzed and 2,386
commonly dysregulated genes were identified. Enrichment analysis of functions indicated that
extracellular matrix organization and immune related pathways were significantly involved. Protein—
protein interaction (PPI) network analysis revealed that MT1F and CCNA2 were hub genes in the
network, and MT1F was consistently ranked among the most central genes by various topological
and machine learning techniques. The machine learning models (Random Forest, Gradient Boosting,
and XGBoost) showed high diagnostic performance, with the Random Forest model having the
highest discriminative ability (AUC = 0.990). It was found that MT1F was significantly upregulated
in many different malignancies by pan-cancer analysis and was epigenetically regulated by DNA
methylation analysis. Immune infiltration analysis also showed significant correlations between the
expression of MT1F and immune cell populations. The drug sensitivity analysis (DSA) with GSCA
datasets showed that MT1F expression was significantly correlated with sensitivity to several anti-
cancer drugs, suggesting its role as a potential predictive biomarker. To conclude, MT1F might be a
diagnostic biomarker and therapeutic target for breast cancer. This study highlights the value of
integrative computational methods in the discovery of biomarkers and precision oncology.
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2001). The use of high-throughput molecular profiling technologies,
such as microarray-based gene expression analysis, has led to the
identification of genes that are differentially expressed (DEGs) and
potential biomarkers to a higher degree of accuracy (Karim et al.,
2023; Schena et al., 1995) However, some of the limitations, including
small sample sizes, heterogeneous datasets, and methodological
inconsistencies, restrict the reproduction and clinical application of the
results (Perou et al., 2000; Slodkowska & Ross, 2009).

1 Introduction

Cancer is a multifactorial disease in which the proliferation of cells
becomes uncontrolled due to genomic and molecular changes that lead
to abnormal cell signaling, cell cycle regulation, and apoptosis. Breast
cancer is the most common cancer diagnosis globally, with around 2.3
million new cases and 685,000 deaths reported in 2020, representing
11.7% of all cancer cases (Mohanti et al., 2025). It is the most common
cancer in women in Bangladesh, accounting for 19% of cancers and

6.2% of cancer deaths (Organization, 2020). Although detection and Since the initial research that showed that gene expression signatures

treatment have improved, there are still survival differences, especially
in low and middle-income countries, and there is a need to develop
better diagnostic and therapeutic approaches (Khan et al., 2020).

Breast cancer is a highly heterogeneous disease with several molecular
subtypes, including Luminal A, Luminal B, HER2-positive breast
cancer, and triple-negative breast cancer (TNBC) with distinct gene
expression profiles and clinical outcomes (Network, 2012; Sotiriou &
Pusztai, 2009). Existing diagnostic tools include imaging and
histopathological examination, which are useful but open to variability
and interpretation issues (Makary & Daniel, 2016; Ramaswamy et al.,

could be used to distinguish cancer subtypes (Golub et al., 1999).
molecular profiling has made a significant leap forward as a diagnostic
tool for cancer, and Metallothionein 1F (MT1F) has emerged as a
promising biomarker for this purpose because of its association with
cell cycle and tumor progression. MT1F is consistently overexpressed
across multiple cancers, including breast cancer, and is associated with
proliferation, metastasis, and poor prognosis (Kanakkanthara et al.,
2016; Qian et al., 2021; Shi et al., 2019; Yam et al., 2002). Its
expression is further influenced by epigenetic mechanisms such as
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DNA methylation (Abd-Elnaby et al., 2021; Hossen et al., 2024).
Network-based analyses have

identified MT1F as a central hub gene in protein—protein interaction
(PPI) networks, supported by multiple computational and machine
learning approaches (Cao et al., 2024).

Recent advances in bioinformatics and machine learning have
facilitated the integration of large-scale genomic data for biomarker
discovery. Techniques such as LASSO regression, Random Forest, and
support vector machine recursive feature elimination (SVM-RFE)
enable robust feature selection and predictive modeling, improving
diagnostic accuracy (Khan et al., 2020). Nevertheless, the integration
of multi-algorithm machine learning with network-based approaches
for identifying reliable biomarkers in breast cancer remains limited.

In this study, we developed an integrated bioinformatics and machine
learning framework to identify key biomarkers in breast cancer. We
used publicly available gene expression datasets to identify the
differentially expressed genes, build protein—protein interaction (PPI)

networks and used several machine learning algorithms for feature
selection and classification. The diagnostic performance and
therapeutic relevance of the identified biomarkers were further
evaluated, highlighting MT1F as a potential diagnostic biomarker and
therapeutic target. This study is unique in its multi-layered integrative
approach that integrates complementary feature selection techniques
with network analysis and assesses the biomarker in a variety of
biological dimensions, such as pan-cancer expression, DNA
methylation, immune cell infiltration, and drug sensitivity. The use of
an independent external dataset further enhances the robustness and
replicability of the results.

2. Methods and Materials

Overall methodologies of this study have been schematized in Figure
1
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Figure 1: Schematic overview of the integrated workflow employed in this study, illustrating the bioinformatics and machine learning pipeline for
biomarker identification, along with downstream network-based systems analysis.

2.1. Data collection and preprocessing
The NCBI Gene Expression Omnibus (GEO) and the GREIN (Genes

Relevant for Information) repositories were used to get the gene
expression data (Yu-Jing et al., 2020). Datasets were selected based
on specific criteria (availability of both breast cancer and control
samples, sample number, and uniformity in the platform). Two
datasets (GSE106694 and GSE108693) were kept for further analysis
after the screening. Standard bioinformatics workflows were used to
process the raw data: Background correction, Quantile normalization,
and Log2 transformation to achieve normalization of samples. For
batch effects, correction was done with ComBat from the sva package
when it was applicable, and for HSOV, the estimation was achieved

using surrogate variable analysis (SVA) (Leek et al., 2012). Lowly
expressed (or lowly-varied) genes were removed to reduce the noise.
The Probe IDs were mapped to gene symbols using the platform
annotation files, and duplicate probes were merged by calculating the
median expression. An external data set (GSE123631) was
additionally used to validate the primary dataset. This dataset was
chosen to assess the generalizability and reproducibility of the
identified biomarkers.

2.2. Identification of differentially expressed genes (DEGs)
To identify DEGs, the criteria used were: The criteria used for
identification of DEGs were: The Limma R package was used for



differential expression analysis. Genes were then determined
statistically significant with an absolute log2 fold change (|log2FC|) >
analysis was used to find common DEGs across the datasets and
presented in a Venn diagram.

2.3. Functional enrichment and pathway analysis

To understand the biological functions and molecular mechanisms
associated with the differentially expressed genes (DEGs), functional
enrichment analysis was performed. ClusterProfiler R package was
used to perform Gene Ontology (GO) enrichment analysis for
biological processes (BP) and cellular components (CC), with values
P<0.05 corrected were used as significant (Hossain et al., 2025).
Pathway level changes were then evaluated using EnrichR for various
curated pathway sets such as KEGG, MSigDB Hallmark (Ali et al.,
2025), Reactome (Gillespie et al., 2022), and WikiPathways (Slenter
et al., 2018). Pathways with p-values < 0.05 were deemed significant
(Kuleshov et al., 2016). This integrative approach enabled the
identification of main pathways and molecular functions involved in
disease progression.

2.4. Protein—protein interaction (PPI) network and module
analysis

To analyze the protein—protein interactions of differentially expressed
genes (DEGs), protein—protein interaction (PPI) networks were
created. Interaction data were obtained from the STRING database and
further analyzed using NetworkAnalyst (Szklarczyk et al., 2019). To
guarantee reliable interactions, a threshold of > 0.4 was used for the
confidence score. The topology of the network was evaluated and
highly interconnected nodes were detected by applying a degree cut-
off > 15 to find key interaction hubs. These PPI networks were
visualized with Cytoscape software (Shannon et al., 2003), enabling
systematic exploration of molecular interactions and identification of
functionally relevant subnetworks.

2.5. Hub gene identification

The topographical properties of the PPI network were used to identify
hub genes. Gene importance was assessed by degree centrality (DC),
and genes with DC > 2 x median DC were selected as candidate hub
genes (Barabasi & Oltvai, 2004). Further prioritization was performed
using the CytoHubba plugin in Cytoscape (Chin et al., 2014), using
several algorithms such as Degree, Maximal Clique Centrality (MCC),
BottleNeck, DMNC and Edge Percolated Component (EPC) to ensure
that the selection is robust. In addition, modules with high interaction
levels were identified in the PPI network using the Molecular Complex
Detection (MCODE) algorithm with the following parameters: node
score cutoff = 0.2, K-core = 2, and degree cutoff =2 (Bader & Hogue,
2003; Morris et al., 2011). An integrative topological analysis allowed
the identification of hub genes and functional clusters that related to
disease mechanisms.

2.6. Machine learning—driven feature selection and model
development

The data set was first split into training/80% and testing/20% sets to
guarantee strong and unbiased model development, splitting the data
using stratified sampling to keep the class distribution. To avoid data
leakage, all preprocessing steps (such as normalization, SMOTE-
based class balancing, and feature selection) were applied only to the
training data set (Chawla et al., 2002). Three complementary methods,
namely LASSO regression, SVM-RFE, and the Random Forest, were
used to perform feature selection on the training data. LASSO with

1 and an adjusted p-value < 0.05 (Liu et al., 2021). Genes that were
upregulated and downregulated were identified. Intersection

ten-fold cross-validation is employed to shrink less informative
coefficients, and SVM-RFE is used to remove the least informative
features iteratively. Random Forest (500 trees) was used to estimate
feature importance (Tibshirani, 1996). The biomarker panel was built
by combining the features that were detected by all three classifiers.
The selected features were used to train machine learning models such
as Logistic Regression, Support Vector Machine, k-Nearest
Neighbors, Random Forest, Gradient Boosting, XGBoost, and
LightGBM (Guyon et al., 2002). Hyperparameter tuning was done
using grid search on the training data set. The performance of the
models was tested with a five-fold cross-validation on the training set,
and then tested on the independent test set with accuracy, precision,
recall, F1-score, and ROC-AUC (Breiman, 2001).

2.6.1. Evaluation metrics

Model performance was assessed based on the commonly used
classification performance measures such as accuracy, precision,
recall, Fl-score and receiver operating characteristic (ROC) area
under the curve (AUC). The statistics were computed with the help of
true Positive (TP), False Positive (FP), True Negative (TN), and False
Negative (FN).

The overall percentage of correctly classified instances is called
accuracy:

TP+TN

Accuracy = mm——————————
YZTP+TN+FP+FN
Precision is the ratio of true positive predictions to all positive
predictions:

TP

TP+ FP
Recall (sensitivity) describes how well the model has captured the

positive examples:

Precision =

TP

TP+ FN
In case of class imbalance, the Fl-score is a balanced measure,

harmonic mean of precision and recall:

Recall =

2XTP
2XTP+FP+FN
Further, the model's discriminative power for each classification
threshold was assessed using ROC-AUC.Specificity, which represents
the true negative rate, was calculated as:

Fl-score =

SpCCiﬁCity = m

Together, these metrics give an overall evaluation of the performance
of classifiers, especially when the data is potentially imbalanced.

2.7. Pan-cancer gene expression analysis

To investigate the expression profile of MT1F in different cancers, a
pan-cancer analysis of expression was undertaken. The gene
expression analysis between tumor and adjacent normal tissues with
TCGA datasets was performed by comparing the gene expression level
by using the Gene_ DE module of the TIMER2 web server (Li et al.,
2020). Furthermore, GEPIA2 (based on TCGA and GTEx) was used
to create box and violin plots to evaluate MT1F expression in various
cancer types and stages (Consortium, 2020; Tang et al., 2019).



2.8. DNA methylation analysis

MTI1F methylation analysis was performed via the UALCAN portal
that offers TCGA level 3 RNA-seq and clinical data (Chandrashekar
etal., 2017). To assess epigenetic regulation and its possible influence
on gene expression and cancer development, methylation values in
tumor samples were compared to those in normal tissue samples.

2.9. Immune infiltration analysis

To explore the role of the tumor microenvironment in cancer
progression, the association between gene expression and immune cell
infiltration was assessed. Immune infiltration analysis was conducted
using the TIMER database, which allows systematic evaluation of
gene expression and the presence of immune cells in various cancer
types (Hossain et al., 2024). Correlation analyses were carried out to
investigate the connections between MTIF expression and the
infiltration of important immune cell subsets.

2.10. Drug sensitivity analysis

Using the GSCA platform, the association between MT1F expression
and response to anticancer agents was performed and named "drug
sensitivity analysis. Using the CTRP and GDSC pharmacogenomic
datasets, which combine gene expression profiles with compound
sensitivity data in cancer cell lines, correlation analyses were
performed. Spearman's correlation coefficients were computed to
assess gene—drug associations, and statistical significance was
evaluated by FDR correction (FDR < 0.05). Positive correlations
suggested increased sensitivity with higher MT1F expression, while
negative correlations indicated less sensitivity or potential resistance.
2.11. Statistical analysis
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All statistical analyses were performed using R software (version
4.3.2). Key packages included limma, clusterProfiler, sva, and glmnet.

3. Result

3.1. Gene Expression Analysis of Transcriptomic Data

36,863 genes were significantly differentially expressed (DEGs), with
1,295 genes being upregulated, and 1,091 genes being downregulated.
The intersection of genes indicated robust and consistent
transcriptional alterations associated with BRCA through cross-dataset
intersection analysis (2,386 commonly dysregulated genes; Figure
2A). Of these, 69 genes were found to be consistently over-expressed,
and 47 genes were consistently under-expressed in all datasets (Figure
2B-C). Notably, upregulated genes such as SLC2944, SIM2, ELFNI,
LOXL2, FSTL3, KIFIA, TIMP, CELF5, KRTAP5-ASI, FAMI131B,
RASDI, ARHGDIG, ALCAM, CERS1, KLRG2, TRIM47, MICAL2,
SYNGR3, XAFI, RTAP5-2, TENM1, LOCI100507156, SHC2, NBLI,
SYNPO, NUPRI, ZNF469, SCGBIAI, HTRAI, KRTAP5-1, CECR?2,
EDIL3, RBPMS2, LOCI107984862, CMPK2, SLCI747, F2R,
MUCSAC, NOVA2, ZNF532, and SERPINEI are implicated in
extracellular matrix remodeling, tumor invasion, and metastatic
progression. In contrast, downregulated genes, including ACP3,
BTN3A42, BTN3A1, TRIMS, LINC02518, KCNJ13, FRRSI, PPMIK,
LOCI105375784, ANKRD22, MGAT3, PALM3, THEM4, PKIB,
PLA2G4E, MCEE, MYZAP, SLC4A410, LOC105377123, CLEC7A4,
GRAMDIC, BLNK, FAM254, BNIPL, CRYBG2, SLC7A8, CALCR,
FREMI, ABCAI2, and DEPDCI, these were mainly involved in
immune regulation and metabolism. These together indicate a
conserved set of molecular signatures in the BRCA, which will serve
as a solid basis for downstream functional and network analyses.

GSE106694 GSE108693

GSE108693 Cc

Figure 2: Differential gene expression analysis of BRCA datasets. (A) Identification of significantly dysregulated genes. (B) Venn diagram showing
common upregulated genes. (C) Venn diagram showing common downregulated genes.

3.2. Functional enrichment and pathway analysis

Functional enrichment analysis was performed on 115 shared
differentially expressed genes (DEGs), including 68 upregulated and
47 downregulated genes (Supplementary File 2). Gene Ontology (GO)
analysis revealed significant enrichment in biological processes
related to extracellular matrix organization and signaling regulation.
Notably, terms such as collagen-containing extracellular matrix and
negative regulation of BMP signaling pathway were significantly
enriched (adjusted p-value < 0.05), highlighting their roles in tumor

microenvironment remodeling and cancer progression (Figure 3A).
Network visualization further identified a SERPINEI-centered
module involving genes such as COL17A41, EDIL3, TIMP3, LOXL2,
and FSTL3, which are associated with extracellular matrix remodeling
and invasion-related processes (Figure 3B). Downregulated gene
enrichment analysis revealed pathways associated with membrane
transport and immune regulation, including organic cation transport,
amino acid transport, and positive regulation of type Il interferon



production, suggesting alterations in metabolic and immune functions
(Figure 3 C-D).

Pathway enrichment analysis using EnrichR identified 55 significantly
enriched pathways (p-value < 0.05) across multiple databases. The

top-ranked pathways included epithelial-mesenchymal transition,
collagen formation, assembly of collagen fibrils, dissolution of fibrin
clot, and butyrophilin family interactions (Figure 3E). These findings
collectively emphasize the critical roles of extracellular matrix
dynamics and immune-related processes in BRCA pathogenesis.
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Figure 3: Functional enrichment analysis of shared DEGs. (A) GO enrichment of upregulated genes. (B) Network visualization of SERPINEI -
centered interactions. (C—D) GO enrichment and network analysis of downregulated genes. (E) Top 10 enriched pathways identified through

EnrichR analysis.

3.3. Protein—protein interaction network and hub gene
identification
This section introduces protein—protein interaction networks and the

concept of hub genes. This section introduces the idea of protein—

protein interactions network and hub genes. As shown in Figure 4, the
protein—protein interaction (PPI) network built from the overlapping
DEGs contained 136 nodes and 605 edges, and the average node
degree and clustering coefficient of this network were 8.9 and 0.624,



respectively. The network showed a very high level of enrichment (p
< 1.0 x 107'%), suggesting a high level of functional connectivity
among the identified genes. The CytoHubba plugin was used to
identify hubs in the network using several topological algorithms:
Degree, Maximal Clique Centrality (MCC), Maximum Neighborhood
Component (MNC) and Edge Percolated Component (EPC) (Figure
4B-E). In principle, at least three methods identified 16 hub genes,
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such as PRC1, TPX2, KIF4A, KIF2C, CENPE, CDC20, NUSAPI,
NCAPG, CEP55, CCNA2, MT1F. CCNA2 and MT1F were repeatedly
identified as the most central hub genes by all of the algorithms,
indicating their key importance in the regulatory network. These genes
are likely to play a key role in the progression of BRCA and could
serve as biomarkers and therapeutic targets.

Figure 4: PPI network constructed from shared differentially expressed genes (DEGs), illustrating the interactions among encoded proteins. Nodes
represent proteins, and edges indicate predicted or experimentally validated interactions. (B—E) Identification of top hub genes using CytoHubba
algorithms, including Degree, Maximal Clique Centrality (MCC), Maximum Neighborhood Component (MNC), and Edge Percolated Component
(EPC). Highly ranked nodes represent key regulatory genes within the network.

3.4. Identification and validation of hub genes

Using PPI network analysis along with CytoHubba, a number of
highly interconnected genes were found, including CCNA2 and
MT1E, which was consistently among the top genes, regardless of the
topological algorithm used. The candidate biomarkers were further

narrowed down using machine-learning—based feature selection.
LASSO and SVM-RFE consistently found the key features including
CCNA2, MTIF and EGFR and the Random Forest analysis (500 trees)
ranked MT1F as one of the most important genes based on feature



importance scores. The overlap of these methods identified MT1F as
the most robust and consistently selected biomarker.

Expression validation across the training and independent validation
datasets demonstrated significant upregulation of MT1F in BRCA
samples, supporting its potential as a diagnostic biomarker and a key
regulatory gene in disease progression.

3.5. Diagnostic model performance and feature importance
To evaluate the diagnostic potential of the identified biomarkers,
multiple machine learning models were developed and compared.
Among the evaluated classifiers, KNN, Gradient Boosting, and

XGBoost achieved the highest accuracy (93.47%), with corresponding
Fl-scores 0f 0.930, 0.937, and 0.937, respectively (Table 1). Random
Forest demonstrated the highest discriminative performance,
achieving an AUC of 0.990, followed closely by Gradient Boosting
(AUC = 0.989). Such ensemble models also showed good recall and
precision, demonstrating that they performed well in classification
tasks. In contrast, SVM and Logistic Regression showed
comparatively lower performance, with accuracies of 78.26% and
76.08%, respectively (Figure 5SA-B). Feature importance analysis
consistently identified MTIF as the most influential gene across
multiple models, highlighting its central role in classification
performance. To validate the robustness of the identified biomarker,
the independent dataset GSE123631 was analyzed. Consistent with the

discovery datasets, MT1F expression was significantly upregulated in
breast cancer samples compared to normal tissues. These results
confirm the reproducibility and diagnostic potential of MT1F across
independent cohorts. Collectively, these results demonstrate the
superior predictive capability of ensemble learning methods and
reinforce the potential of MTIF as a key diagnostic biomarker in
BRCA.

3.6. Pan-cancer analysis of MT1F expression

A pan-cancer analysis was performed to evaluate MT1F expression
across multiple tumor types using the TIMER database. Significant
differential expression between tumor and adjacent normal tissues was
observed in a wide range of cancers (Figure 6A). Notably, MTIF
expression was significantly upregulated (p <0.001) in BLCA, BRCA,
CHOL, COAD, ESCA, HNSC, KICH, KIRP, KIRC, LIHC, LUAD,
LUSC,PCPG,PRAD,

The moderate upregulation (p<0.01) of SKCM, STAD, and UCEC is
not considered to be significant. was seen in CESC, READ and THCA.
Overall, MT1F was highly expressed in 22 cancer types. It has the
potential to become a pan-cancer biomarker. Median expression.
These were corroborated by the levels across tumor and normal
tissues. As shown in Figure 6B, they discovered that the calcium in
this formula is absorbed by the skin as well. To confirm these
observations by, Integrated TCGA and GTEx was used for GEPIA2
analysis datasets. In line with the TIMER results, GEPIA2 confirmed.
Increased expression of MT1F in various types of cancer, including: It
was suggested that it has an additional role in tumorigenesis

Table 1: Performance comparison of machine learning models for BRCA classification

Model Accuracy Precision Recall F1-score ROC-AUC
Logistic Regression 0.7609 0.7394 0.7754 0.7456 0.9299
SVM 0.7826 0.7724 0.8154 0.7762 0.9738
KNN 0.9348 0.9253 0.9365 0.9301 0.9792
Random Forest 0.9130 0.8978 0.9247 0.9087 0.9903
Gradient Boosting 0.9348 0.9475 0.9365 0.9374 0.9894
XGBoost 0.9348 0.9475 0.9365 0.9374 0.9872
LightGBM 0.9348 0.9475 0.9365 0.9374 0.9883

3.7. DNA methylation analysis of MT1F

We used TCGA data to examine the epigenetic regulation of MT1F in
several cancer types via DNA methylation analysis. Promoter
methylation was significantly different between tumor and normal
tissues in 14 cancer types (Figure S1). Notably, statistically significant
alterations were identified in BRCA (p =2.27 x 107°), BLCA (p =5.80
x 107%), CESC (p =4.20 x 107%), HNSC (p = 4.08 x 107), KIRC (p =

5.77%107'%), PAAD (p=1.62 x 10'2), LIHC (p = 1.78 x 107'%), PRAD
(p=7.88x107'%), READ (p =3.08 x 10°*), SARC (p =1.32 x 109,
and UCEC (p =5.59 x 107®). There were also moderate differences for
CHOL and LUSC. The results here suggest that MTIF is
epigenetically regulated in several malignancies, and that this
epigenetic regulation may affect the expression of MT1F and may be
involved in the progression of the disease.
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Figure 6

(B) Validation of MTIF expression across cancers using GEPIA2, integrating TCGA and GTEx datasets, showing comparative expression levels

between tumor and normal samples.



3.8. Correlation between immune cell infiltration and MT1F
expression

TMTIF expression was correlated with immune cell infiltration in
various types of cancer. MT1F expression was significantly correlated
with levels of infiltration of B cells, CD4+ T cells, NK cells and T cell
subsets (Figure 7). Spearman's correlation analysis revealed mostly
positive correlations between MT1F expression and levels of immune
cell infiltration in various cancer types, suggesting a possible role of
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Figure 7: Depicts the relationship between MT1F gene expression and the levels of immune infiltration across various cancer type

3.9 Drug sensitivity analysis using GSCA datasets

Based on GSCA dataset, use it for a drug sensitivity analysis as
described in step 3.9. The drug sensitivity analysis showed that the
expression of MT1F had significant correlations with different anti-
cancer drugs (Figure 8) after searching the CTRP and GDSC datasets.
Expression of MTIF in the CTRP dataset was positively associated
with the sensitivity to many compounds, such as HDAC inhibitors
(entinostat, panobinostat) and cytotoxic agents (vincristine,
cytarabine), indicating that high MTI1F expression correlates with
increased drug sensitivity. In some cases, however, agents were

inversely correlated, suggesting possible resistance mechanisms, as
with dasatinib. The same trends were seen in the GDSC dataset, with
MTIF expression positively correlated with the sensitivity to targeted
therapies such as Bortezomib, Dabrafenib and Temsirolimus.
Altogether, these findings indicate a role of MT1F in the modulation
of several key oncogenic pathways such as proteasome, MAPK and
mTOR signaling pathways. Together, these results suggest that MT1F
could be used as a predictive biomarker for therapeutic response and
could be a target for precision therapeutic interventions in cancer.
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Figure 8: Correlation between MTIF expression and drug sensitivity across cancer cell lines. (A) The expression of MT1F in the CTRP dataset is
correlated with several different anticancer agents. (B) validation of the drug-sensitivity correlations in the GDSC dataset, in which relationships
between MT1F expression and response to targeted drugs are highlighted. Circle size represents statistical significance (—log10 FDR), and color

indicates the direction and strength of correlation.

4. Discussion

In this study, we have created an integrated bioinformatics and
machine learning approach to discover some solid tumor markers for
breast cancer and found that MTIF is one of the important markers
which might be playing an important role in diagnosis and therapy.
MTIF was found to be a stable, predictive biomarker when integrated
with DE analysis, network analysis and various ML models.
Functional enrichment analysis identified that dysregulated genes
were mainly involved in pathways related to extracellular matrix
(ECM) organization and immune system pathways, which are known
to play a role in tumor progression, such as epithelial-mesenchymal
transition (EMT) and remodeling of the tumor microenvironment.

MTIF was also indicated as a central hub gene by PPI network
analysis, indicating that it may play a role in coordinating important
molecular interactions. Protein—protein interaction (PPI) network
analysis identified various hub genes, such as CCNA2 and MT1F. The
role of CCNA2 in cell cycle control has been well documented, but the
role of MTIF is remarkable. Although the functions of
metallothioneins in the regulation of metal ion homeostasis and
oxidative stress are not yet fully understood, their role in cancer,
especially in BRCA has not been extensively studied. Based on the
results obtained in our study, MT1F could potentially be a connection
between cell-cycle regulation, metabolic adaptation, and
microenvironmental interactions. The relevance of MT1F got further
strengthened with



the implementation of machine learning. The ensemble classifiers
(Random Forest, Gradient Boosting) had high predictive accuracy
(AUC =~ 0.99). MT1F was identified by all three algorithms in the
LASSO, SVM-RFE, and Random Forest analysis, highlighting its
robustness as a predictive biomarker and the importance of using
multiple algorithms to ensure reliable biomarker discovery. MT1F was
found in all feature selection approaches, but no formal stability
analysis was done across repeated cross-validation folds, which is an
area for future study. The use of an independent validation sample adds
another layer of confidence to the validity and applicability of our
results. MT1F, a member of the metallothionein family, has been
mechanistically linked to control of metal ion homeostasis and
oxidative stress, which are essential processes for the survival and
adaptation of cancer cells (Diamant et al, 2025).
It is associated with upregulation in breast tumors, which may be
involved in the progression of these tumors by altering redox status,
increasing resistance to apoptosis and affecting major oncogenic
pathways, including PI3K/AKT and MAPK (Jiang et al., 2025). These
findings are consistent with previous studies linking metallothioneins
to cancer development and progression and extend existing knowledge
by demonstrating the consistent prioritization of MT 1 F across multiple
computational approaches (Yan et al., 2012).

The observed relations between the expression of MTIF and
infiltration of immune cells indicate its possible participation in
regulation of the tumor immune microenvironment. Positive
correlations with B cells, CD4+ T cells, and NK cells suggest that it
may play a role in immune regulation, and negative correlation with
cancer associated fibroblasts suggest that it may be involved in stromal
interactions (Dali et al., 2021). In addition, there are correlations with
sensitivity to HDAC inhibitors, proteasome inhibitors and
MAPK/mTOR-targeted therapy, indicating that MT1F could have an
impact on therapy response by epigenetic regulation, protein
degradation, and cell survival signaling pathways, respectively (Si &
Lang, 2018). The pan-cancer analysis provides supportive evidence in
support of the overall oncogenic relevance of MT1F; however, the
main findings of this study are breast cancer-specific. Although the
machine learning models showed a high predictive ability (AUC =
0.99), care should be taken in interpreting these results, as they were
based on a small number of observations which could lead to
overfitting. Moreover, MTIF was found in all feature selection
techniques and cross validated with an independent test set, but a
formal stability analysis over repeated cross validation folds was not
conducted. Other constraints are using public datasets and lack of
experimental validation. MT1F is found to be a promising biomarker
in breast cancer, with multi-layered computational evidence. The
results offer solid grounds for experimental validation in the future and
underscore the importance of integrative bioinformatics and machine
learning methods in precision oncology.

5. Conclusion

In this study, we used an integrated bioinformatics and machine
learning pipeline to discover biomarkers of breast cancer. MT1F was
consistently identified as a central hub gene with high diagnostic
potential from differential expression, network analysis and multi
algorithm feature selection, and was validated by ensemble machine
learning classifiers. The pan cancer expression and DNA methylation
analysis revealed extensive epigenetic modification and expression
changes in MT1F across the various cancers, demonstrating its broader
role in oncogenesis. An important link with immune cell infiltration

suggests a role in modulating the tumor microenvironment, while drug
sensitivity analysis suggests that MT1F could be potentially useful to
predict drug sensitivity to drugs targeting cell cycle and key signaling
pathways. In conclusion, MTIF is a potential candidate for breast
cancer diagnosis and therapeutic target. The results provide
justification for the use of integrative computational approaches to
discover biomarkers in the future and suggest further experimental
validation and clinical assessment.
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