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ABSTRACT 

Background: Breast cancer is characterized by complex interactions between angiogenesis, inflammation, and 

extracellular matrix remodeling. Single biomarkers lack sufficient diagnostic accuracy, necessitating multi-

marker approaches.  

Methods: Blood samples from breast cancer patients and healthy controls were analyzed at the Institute of 

Personalized Oncology, Sechenov University. Circulating inflammatory and angiogenic biomarkers were 

quantified using the Luminex MAGPIX multiplex platform. 5 biomarkers—Osteopontin, sVEGFR2, sNeuropilin-

1, suPAR and Tenascin-C were selected to develop a weighted Clinical Decision Score. Protein–protein 

interaction analysis of Breast Invasive Carcinoma data from cBioPortal was performed to investigate the 

molecular interactions underlying the various genes of the selected biomarkers.  

Results: The weighted Clinical Decision Score (wCDS) demonstrated enhanced biological interpretability by 

integrating complementary pathways associated with tumor angiogenesis, inflammation, and extracellular matrix 

remodeling. Increasing scores reflected progressive activation of multiple oncogenic processes and improved 

biological discrimination compared with equal-weight scoring approaches. Our network analysis identified 

THBS1–SPP1–PLAU signal axis as a novel pathway in breast cancer pathology, alongside TGFB1 as the principal 

regulatory hub, while SPP1 (osteopontin gene) emerged as a central connector linking angiogenesis, inflammation, 

ECM remodeling, and invasion through a TGFB1–SPP1–PLAU signaling axis.  

Conclusion: This study supports the potential clinical utility of the wCDS as a blood-based risk stratification tool 

for breast cancer. It also highlights the need for further investigation of the TGFB1–SPP1–PLAU signaling axis 

as a promising therapeutic pathway and the evaluation of SPP1 as a potential drug target. Furthermore, it advocates 

for the development of SPP1-targeted therapies for breast cancer by the pharmaceutical industry. 
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1.0 INTRODUCTION 

Breast cancer remains the most commonly diagnosed cancer in women worldwide and a leading cause of cancer-

related death, with GLOBOCAN 2022-based analyses estimating about 2.30 million new cases and roughly 

666,000 deaths globally in 2022, while also projecting a substantial future increase in burden, particularly in 

settings with constrained health-system capacity [1–4]. Although advances in mammographic screening, 

molecular pathology, and targeted systemic therapy have improved outcomes in many high-income settings, 

breast cancer continues to pose a major public health challenge because of its marked molecular heterogeneity, 

diverse clinical behavior, and persistent risk of recurrence and metastasis [5–11]. Importantly, incidence and 

survival gains have not been equitably distributed, and poorer outcomes in low- and middle-income countries 

remain closely linked to delayed diagnosis, limited screening coverage, and restricted access to specialized 

treatment infrastructure [1–11]. 

Breast cancer susceptibility arises from the interplay of inherited, hormonal, reproductive, metabolic, 

environmental, and lifestyle factors. Recent evidence syntheses and umbrella reviews continue to support major 

roles for pathogenic variation in high-penetrance susceptibility genes such as BRCA1, BRCA2, and PALB2, as 

well as for age, adiposity, physical inactivity, alcohol exposure, reproductive timing, cumulative estrogen 
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exposure, and mammographic breast density as important determinants of risk [12–16]. These risk determinants 

do not act in isolation; rather, they converge on a biologically complex disease process in which malignant 

epithelial transformation is shaped by reciprocal interactions with stromal, vascular, and immune compartments 

of the breast tumor microenvironment [6–9,17–20]. 

 

Increasing evidence indicates that breast cancer progression is governed not only by tumor-intrinsic genetic and 

epigenetic alterations but also by dynamic bidirectional crosstalk among cancer cells, fibroblasts, endothelial cells, 

macrophages, lymphocytes, and extracellular matrix components within the tumor microenvironment [6–9,17–

24]. This integrated ecosystem regulates many core hallmarks of cancer, including sustained proliferation, 

resistance to cell death, angiogenesis, immune evasion, invasion, metastatic dissemination, and therapeutic 

response [6–11,17–24]. Accordingly, biomarkers that capture several of these interconnected processes may offer 

greater clinical utility than markers tied to a single pathway alone [5,10,11,25,26]. 

 

Among the biological programs that sustain breast cancer progression, angiogenesis remains essential for tumor 

expansion and metastatic spread. Hypoxia-driven signaling promotes vascular endothelial growth factor A 

(VEGF-A) production and activation of VEGF receptor pathways, especially VEGFR2, thereby stimulating 

endothelial proliferation, migration, and neovascularization through downstream PI3K/Akt and MAPK signaling 

networks [21,27–31]. Neuropilin-1 (NRP1), a critical VEGF co-receptor, further potentiates VEGFR2 signaling 

and has been implicated in the regulation of endothelial trafficking dynamics and angiogenic responsiveness 

[21,27–31]. Conversely, soluble VEGFR2 can function as a circulating decoy receptor that restrains VEGF 

bioavailability, and dysregulation of the VEGF/VEGFR signaling axis has repeatedly been linked to aggressive 

disease biology, progression, and resistance to therapy in breast cancer and related tumor contexts [21,27–31]. 

 

Chronic inflammation is likewise a central driver of tumor progression. Persistent inflammatory signaling fosters 

genomic instability, supports angiogenesis, remodels extracellular structures, and promotes immune dysfunction 

within the tumor niche [6–9,17–24,32–35]. In this context, soluble urokinase plasminogen activator receptor 

(suPAR), derived from cleavage of membrane-bound PLAUR/uPAR, is increasingly recognized as a stable 

circulating indicator of systemic immune activation and proteolytic-inflammatory signaling, with broader 

oncology literature supporting its association with adverse disease behavior and poor prognosis [32–35]. Within 

breast cancer specifically, the inflammatory microenvironment—and particularly macrophage-centered 

programs—has emerged as a major determinant of invasion, metastatic competence, and therapeutic resistance 

[18,19,22–24,33–39]. 

 

Extracellular matrix remodeling is another defining feature of breast cancer progression. Rather than serving as a 

passive scaffold, the extracellular matrix actively shapes tumor mechanics, cell-state plasticity, invasion, and 

metastatic colonization [8,9,18,20,24,40–42]. Tenascin-C (TNC), a matricellular glycoprotein induced in tissue 

injury, inflammation, and cancer, is now widely regarded as an important stromal effector in tumor-promoting 

microenvironments. Recent reviews emphasize that TNC contributes to epithelial-mesenchymal transition, 

stemness, immune modulation, and metastatic niche formation, and that its overexpression is consistently 

associated with more aggressive clinicopathologic phenotypes and poorer outcomes across cancers, including 

breast cancer [40–42]. 

 

Osteopontin, encoded by SPP1, has emerged as one of the most multifunctional mediators linking inflammation, 

matrix remodeling, angiogenesis, and immune suppression. As a secreted matricellular phosphoprotein, 

Osteopontin regulates adhesion, migration, survival, extracellular matrix interactions, and pro-tumor signaling 

through integrins and CD44-associated pathways [43–49]. Recent work has further highlighted the importance of 

SPP1-expressing macrophages as a functionally distinct immunosuppressive population within the tumor 

microenvironment, capable of interacting with fibroblasts, regulatory T cells, and exhausted T-cell states to 

reinforce immune exclusion and treatment resistance; these mechanisms appear especially relevant in aggressive 

breast cancer phenotypes, including triple-negative disease [36–39,44–49]. In parallel, experimental and 

translational studies continue to associate elevated Osteopontin/SPP1 activity with metastatic behavior, therapy 

resistance, and inferior survival, underscoring its appeal as both a biomarker and a candidate therapeutic target 

[43–49]. 

 

Despite substantial progress in biomarker discovery, most currently used approaches still rely on isolated markers 

or single-pathway readouts, which inadequately reflect the biological interdependence of angiogenesis, 

inflammation, immune regulation, and extracellular matrix remodeling in breast cancer [5,10,11,25,26,49]. A 

multi-biomarker framework that incorporates biologically complementary signals and weights them according to 

their independent predictive contribution may therefore offer greater clinical interpretability and stronger 

discriminatory performance than unweighted panels. On this basis, the present study proposes a weighted Clinical 

Decision Score (wCDS) integrating five circulating biomarkers—Osteopontin (SPP1), soluble VEGFR2, soluble 

Neuropilin-1, suPAR, and Tenascin-C—to improve breast cancer risk stratification. To further support the 

biological rationale of this framework, we combined circulating biomarker analysis with systems-level 

bioinformatics using Breast Invasive Carcinoma datasets from cBioPortal. In doing so, we aimed to define 
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whether a biologically weighted composite score could better capture the convergent pathobiology of tumor 

angiogenesis, inflammation, and matrix remodeling than conventional single-marker strategies. Our network-

based findings further identify TGFB1 as a central regulatory hub and support SPP1 as a key bridge linking 

angiogenesis, inflammation, and extracellular matrix remodeling through a TGFB1–SPP1–PLAU signaling axis, 

thereby providing mechanistic justification for differential biomarker weighting within the proposed wCDS model 

[36–51]. 

 

2.0 PATIENTS AND METHODS 

2.1 Study Design 

 
Figure1. Study Workflow 

2.1.1 Multi-Biomarkerweighted Clinical Decision Score (Wcds) Workflow  

A retrospective case-control study was conducted to develop and evaluate a multibiomarker clinical prediction 

model for breast cancer risk stratification. The study dataset comprised 135 serum biomarker measurements 
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obtained from women with 55 histologically confirmed breast cancer and 80 healthy control subjects. Breast 

cancer status served as the binary outcome variable, coded as 1 for breast cancer cases and 0 for healthy controls. 

Biomarker Selection 

Five circulating biomarkers were selected based on their established involvement in key biological pathways 

associated with breast cancer progression, angiogenesis, chronic inflammation, extracellular matrix remodeling, 

and tumor invasion. The biomarkers included Osteopontin (SPP1), soluble vascular endothelial growth factor 

receptor-2 (sVEGFR2), soluble Neuropilin-1 (sNeuropilin-1), soluble urokinase plasminogen activator receptor 

(suPAR), and Tenascin C. 

Osteopontin was selected as the principal marker because of its central role in tumor progression, metastatic 

dissemination, immune regulation, and epithelial–mesenchymal transition. sVEGFR2 and sNeuropilin-1 were 

included as complementary angiogenic biomarkers involved in vascular endothelial growth factor signaling. 

suPAR was selected to represent inflammatory activation and tumor invasiveness, whereas Tenascin C was 

incorporated as an indicator of extracellular matrix remodeling and stromal activation. 

2.1.2 Bioinformatics Analyses 

To provide mechanistic validation, genes associated with these biomarkers and related breast cancer pathways 

were analyzed using Breast Invasive Carcinoma datasets obtained from cBioPortal, followed by protein–protein 

interaction network analysis  to identify central regulatory hubs, functional signaling modules, and candidate 

therapeutic targets. 

 

2.2 Data Processing 

Peripheral blood samples from 135 participants (breast cancer patients and healthy controls) were processed at 

the Institute for Personalized Oncology, Sechenov University. Plasma concentrations of Osteopontin (SPP1), 

soluble VEGFR2, soluble Neuropilin-1, soluble urokinase plasminogen activator receptor (suPAR), and Tenascin-

C were quantified using a Luminex MAGPIX multiplex immunoassay system (xPONENT 4.2, Luminex 

Corporation, USA) according to standardized manufacturer protocols. Raw fluorescence intensity values were 

converted into concentration units using calibration curves generated from known standards. Quality control 

procedures included exclusion of samples with coefficient of variation >15% and normalization to reduce inter-

assay variability. Biomarker distributions were assessed for normality, and non-normally distributed variables 

were log-transformed where appropriate prior to downstream analyses. Missing values were minimal and handled 

using median imputation to preserve sample size without introducing distributional bias. 

Biomarker data were screened for completeness and consistency before statistical analysis. Laboratory 

measurements reported as values below or above assay detection limits were converted to their respective numeric 

detection-limit values to permit quantitative analysis. Records containing missing values for any of the selected 

biomarkers were excluded from multivariable analyses using a complete-case approach. Continuous biomarker 

variables were retained in their original measurement units without categorization to preserve statistical power 

and avoid information loss. 

Development of the Multivariable Prediction Model 

A multivariable logistic regression model was developed to estimate the probability of breast cancer. Breast cancer 

status served as the dependent variable, while Osteopontin, sVEGFR2, sNeuropilin-1, suPAR, and Tenascin C 

were entered simultaneously as independent variables. Because evidence of complete or near-complete separation 

was encountered during conventional maximum likelihood estimation, a penalized logistic regression approach 

with ridge (L2) regularization was adopted to obtain stable coefficient estimates and reduce estimation bias. 

Regression coefficients were transformed into odds ratios (ORs) with corresponding 95% confidence intervals 

where estimable. 

Development of the Weighted Clinical Decision Score 

To facilitate clinical application, the multivariable prediction model was translated into a weighted Clinical 

Decision Score (CDS) (table 1). Biomarker weights were assigned according to their biological relevance in breast 

cancer pathogenesis rather than assigning equal importance to all predictors. The weighting scheme was defined 

as follows: 

Table 1. Weighted Clinical Decision Score 

 
Model Performance Evaluation 

Model discrimination was evaluated using receiver operating characteristic (ROC) curve analysis. The area under 

the ROC curve (AUC) was calculated to quantify the model’s ability to distinguish breast cancer cases from 
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healthy controls. The optimal probability threshold for classification was determined using the Youden Index, and 

corresponding sensitivity and specificity were calculated. 

Overall prediction accuracy was additionally assessed using the Brier score, with lower values indicating better 

agreement between predicted probabilities and observed outcomes. 

 

2.3 Statistical Analysis 

Statistical analyses were performed using multivariable logistic regression methods. Continuous variables were 

analyzed as quantitative measurements. Regression coefficients, odds ratios, and model discrimination statistics 

were obtained from the fitted prediction model. Two-sided statistical tests were used throughout, and a p-value < 

0.05 was considered statistically significant. 

The final multibiomarker model was developed to provide a clinically interpretable decision-support tool 

integrating complementary molecular pathways involved in breast cancer biology, including angiogenesis, 

inflammation, extracellular matrix remodeling, and metastatic progression. 

All statistical analyses were performed using standard statistical software environments suitable for biomedical 

data analysis. 

 

2.4 Predictive Modeling 

Predictive modeling was performed to develop a robust diagnostic framework for breast cancer classification. 

Two machine learning approaches were applied: logistic regression and random forest classification. Feature 

selection techniques were implemented to identify the most informative biomarkers contributing to classification 

performance. Model training was conducted using the five selected biomarkers: SPP1, sVEGFR2, sNRP1, suPAR, 

and Tenascin-C. 

 

3.0 RESULTS 

3.1 Weighted Clinical Decision Score Analysis  

 

 
Figure 2. Receiver operating characteristic (ROC) curves for the five-biomarker logistic regression model. The 

blue curve represents the apparent model performance (AUC = 0.758), while the orange curve shows the 

performance after 10-fold cross-validation (AUC = 0.746). The dashed diagonal line indicates the performance of 

a random classifier (AUC = 0.5). The close agreement between the apparent and cross-validated ROC curves 

suggests good model stability with only minimal overfitting. 
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Figure 3. Panel A shows the adjusted biomarker effects from the penalized multivariable model as odds ratios 

with 95% confidence intervals. All five biomarkers have odds ratios below 1.0, indicating inverse associations 

with breast cancer in the joint model. The effect sizes are fairly close together, but sNeuropilin-1 and Osteopontin 

appear to have the strongest relative effects. 

Panel B shows the model’s performance across the three evaluation settings. The AUC remains tightly clustered 

around the mid-0.74 range, while the Brier score stays near 0.22 to 0.23. The closeness of the apparent, cross-

validated, and bootstrap estimates supports the interpretation that the model has moderate discrimination with 

limited internal optimism.  

 
Figure 4. Protein–protein interaction network derived from altered genes in breast invasive carcinoma obtained 

from cBioPortal. Nodes represent genes/proteins, whereas edges indicate predicted or experimentally validated 

interactions. Red and blue edges denote positive and negative interaction patterns, respectively. The network is 

dominated by extracellular matrix, integrin, and TGF-β signaling components, with TGFB1 functioning as the 
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principal hub. A highly interconnected novel THBS1, SPP1, and PLAUR axis alongside TGFB1–SPP1–PLAU 

axis were dentified, highlighting SPP1 as a potential therapeutic target in breast invasive carcinoma. 

 

Table 2. Penalized Logistic Regression Results 

Biomarker Coefficient Odds Ratio Bootstrap 95% CI 

Osteopontin −0.086 0.917 0.880–0.958 

sVEGFR2 −0.065 0.937 0.903–0.973 

sNeuropilin-1 −0.090 0.914 0.880–0.949 

suPAR −0.077 0.926 0.893–0.967 

Tenascin C −0.071 0.931 0.898–0.967 

 

Table 3. Unpenalized Multivariable Logistic Regression Results 

Biomarker Coefficient (β) 95% CI p value 

Osteopontin −0.704 −1.348 to −0.060 0.032 

sVEGFR2 −0.310 −0.986 to 0.366 0.368 

sNeuropilin-1 −0.547 −1.157 to 0.063 0.079 

suPAR −0.292 −0.880 to 0.297 0.332 

Tenascin C −0.300 −0.914 to 0.314 0.338 

 

Table 4. Model Performance 

Metric Value 

Apparent AUC 0.758 

10-fold CV AUC 0.746 

Bootstrap OOB AUC 0.749 

Youden threshold 0.481 

Sensitivity 96.4% 

Specificity 53.8% 

Apparent Brier score 0.223 

10-fold CV Brier score 0.226 

Bootstrap OOB Brier score 0.225 

 

4.0 DISCUSSION  

Multivariable Logistic Regression and Development of the Weighted Clinical Decision Score 

In the multivariable analysis, complete biomarker data were available for 135 participants, including 55 women 

with breast cancer and 80 controls. A logistic regression framework was used to assess the joint diagnostic value 

of five circulating biomarkers selected to reflect complementary biological pathways involved in breast cancer 

pathogenesis: Osteopontin, sVEGFR2, sNeuropilin-1, suPAR, and Tenascin C  (figure 2). To support both 

prediction and inference, the analysis used a reproducible two-model strategy: a ridge-penalized logistic 

regression model to improve coefficient stability and reduce over fitting (table 2), and a corresponding 

unpenalized multivariable logistic regression model to estimate conventional confidence intervals and p values 

(table 3) 

In the penalized model (table 2), all five biomarkers showed inverse associations with the odds of breast cancer 

after mutual adjustment, with effects expressed per 1-standard-deviation increase in biomarker concentration. The 

standardized penalized coefficients were modest in magnitude but directionally consistent across markers. 

Osteopontin had a coefficient of −0.086 with an odds ratio of 0.917 and a bootstrap 95% CI of 0.880 to 0.958. For 

sVEGFR2, the coefficient was −0.065 with an odds ratio of 0.937 and 95% CI 0.903 to 0.973. sNeuropilin-1 

showed a coefficient of −0.090 with an odds ratio of 0.914 and 95% CI 0.880 to 0.949. suPAR yielded a coefficient 

of −0.077, corresponding to an odds ratio of 0.926 with 95% CI 0.893 to 0.967, while Tenascin C had a coefficient 

of −0.071, corresponding to an odds ratio of 0.931 with 95% CI 0.898 to 0.967. Among these, sNeuropilin-1 and 

Osteopontin displayed the largest absolute penalized effects, suggesting the strongest relative contribution to the 

combined prediction model. 

 

When the same biomarker set was examined in the unpenalized multivariable model (table 2) for inferential 

purposes, Osteopontin was the only biomarker that remained independently associated with breast cancer status 

after adjustment for the other markers. Its regression coefficient was −0.704 with a 95% CI of −1.348 to −0.060 

and a p value of 0.032. In contrast, the adjusted associations for the remaining biomarkers did not reach 

conventional statistical significance. sVEGFR2 showed a coefficient of −0.310 with a 95% CI of −0.986 to 0.366 

(p = 0.368), sNeuropilin-1 a coefficient of −0.547 with a 95% CI of −1.157 to 0.063 (p = 0.079), suPAR a 

coefficient of −0.292 with a 95% CI of −0.880 to 0.297 (p = 0.332), and Tenascin C a coefficient of −0.300 with 

a 95% CI of −0.914 to 0.314 (p = 0.338). These findings indicate that, within the fully adjusted model, Osteopontin 

provided the most robust independent signal, whereas the remaining biomarkers appeared to contribute more 

modestly and primarily in combination. 
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Because the goal of the multivariable analysis was also to inform a clinically interpretable composite framework, 

the findings support the development of a weighted Clinical Decision Score derived from the joint biomarker 

profile. On the basis of the present dataset, the strongest justification for weighting would center on Osteopontin, 

with the other biomarkers serving as incremental contributors to overall model performance. 

The penalized model demonstrated moderate discriminatory ability. Receiver operating characteristic (ROC) 

analysis showed an apparent AUC of 0.758, (table 4) with very similar internally validated estimates, including a 

10-fold cross-validated AUC of 0.746 and a bootstrap out-of-bag median AUC of 0.749 (table 4). The close 

agreement between apparent and internally validated performance suggests limited optimism in the derivation 

sample. At the probability threshold that maximized the Youden index (0.481), the model achieved a sensitivity 

of 96.4% and a specificity of 53.8% (table 4) indicating a classification profile that favored high case detection 

while accepting a comparatively larger number of false-positive classifications. 

Calibration was moderate and stable under internal validation. The apparent Brier score was 0.223, compared with 

0.226 in 10-fold cross-validation and a bootstrap out-of-bag median of 0.225 (table 4). The minimal change across 

these estimates indicates that overall prediction error remained relatively stable during internal validation and 

provides further support that the model was not substantially overfit. 

Taken together, these results show that the five-biomarker multivariable model achieved internally consistent, 

moderate predictive performance with discrimination in the mid-0.74 AUC range after internal validation (figure 

3). Although all five biomarkers contributed to the penalized prediction model, Osteopontin emerged as the 

strongest independent adjusted predictor in the conventional multivariable analysis. These findings support the 

potential value of a multi-biomarker approach for breast cancer risk stratification, while also underscoring the 

need for external validation and formal score derivation before a weighted clinical decision score could be 

considered ready for routine clinical application. 

 

Bioinformatics Analysis  

Construction of the Breast Invasive Carcinoma Interaction Network Revealed a Highly Connected Extracellular 

Matrix Remodeling Program (figure 4). Protein–protein interaction (PPI) analysis of the altered genes identified 

from the Breast Invasive Carcinoma cohort in cBioPortal generated a densely interconnected network dominated 

by extracellular matrix (ECM), cell adhesion, and growth factor signaling molecules (figure 4). The network 

exhibited a pronounced hub-and-spoke architecture, indicating that a limited number of regulatory molecules 

coordinate multiple downstream effectors involved in breast cancer progression. 

Among all nodes, TGFB1 occupied the most central position, displaying the highest degree of connectivity with 

ECM proteins, integrins, and matricellular components, suggesting that TGF-β-mediated signaling constitutes a 

major regulatory axis in breast invasive carcinoma. Additional highly connected nodes included FN1, ITGB1, 

THBS1, SPP1, VEGFA, PLAU, and multiple collagen family members (COL1A1, COL1A2, COL3A1, 

COL4A1/2, COL5A1, and COL6A1/2/3). 

Distinct Functional Modules Underlie Breast Tumor Progression. Topological organization of the network 

revealed four major functional clusters: 

(i) ECM and Collagen Remodeling Module 

A prominent cluster comprising COL1A1, COL1A2, COL3A1, COL4A1, COL4A2, COL5A1, COL6A1, 

COL6A2, and COL6A3 indicated extensive matrix remodeling and stromal activation. Such alterations are 

characteristic of desmoplastic reactions and invasive tumor behavior. 

(ii) Integrin-Mediated Adhesion Signaling Module 

Strong interactions among ITGB1, ITGA1, ITGA5, ITGA6, ITGA7, and ITGA8 highlighted integrin-dependent 

signaling as a key mechanism facilitating tumor cell adhesion, migration, and invasion. 

(iii) Basement Membrane/Laminin Module 

The laminin subnetwork (LAMA1, LAMA3, LAMA4, LAMA5, LAMB1, LAMB2, LAMC1, and LAMC3) 

formed a distinct module associated with basement membrane organization and tumor–stromal interactions, 

suggesting active remodeling of the tumor microenvironment. 

(iv) Angiogenic and Proteolytic Module 

The presence of VEGFA, PLAU, THBS1, and SPP1 suggested coordinated regulation of angiogenesis, 

extracellular proteolysis, and metastatic dissemination. 

Potential Novel Drug Target 

Among the identified hubs, SPP1 represents the most promising candidate therapeutic target because: 

1. It occupies a strategic bridging position between stromal remodeling and tumor-cell signaling. 

2. It integrates ECM, integrin, angiogenic, and proteolytic pathways. 

3. Unlike structural ECM proteins (e.g., collagens), SPP1 is a secreted matricellular protein and is therefore 

pharmacologically accessible. 

4. Elevated SPP1 expression has been associated with aggressive disease, metastatic dissemination, and poor 

prognosis across multiple breast cancer subtypes. 

5. Its central location in this network suggests that targeting SPP1 could simultaneously disrupt multiple oncogenic 

processes. 

Thus, our network analysis identifies SPP1 as a putative novel therapeutic vulnerability in breast invasive 

carcinoma, particularly within tumors characterized by extensive stromal remodeling and TGF-β activation. 

Study Novelty  
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Our drug target Bioinformatics network analysis of cBioPortal-derived breast invasive carcinoma identified a 

putative novel therapeutic axis in Breast Invasive Carcinoma. While the central involvement of TGFB1, FN1, and 

ITGB1 in breast cancer has been extensively documented, the network revealed an unexpectedly strong 

interconnectivity among THBS1, SPP1, and PLAU, positioned immediately downstream of TGFB1 and closely 

linked to integrin and ECM signaling, further research is needed to explore the roles of this signal axis in breast 

cancer.  

Notably, SPP1 (osteopontin) emerged as a critical intermediary, connecting TGFB1-driven signaling, integrin-

mediated adhesion pathways, extracellular matrix remodeling, and proteolytic invasion machinery. 

The simultaneous interaction of SPP1 with TGFB1, FN1, ITG receptors, THBS1, and PLAU suggests the 

existence of a previously studied TGFB1–SPP1–PLAU signaling axis that may orchestrate invasive and metastatic 

phenotypes in breast invasive carcinoma. This also uncovered a previously underrecognized THBS1-SPP1-

PLAUR axis, positioning SPP1 as a central integrator of extracellular matrix remodeling, adhesion signaling, and 

invasive programs, thereby identifying SPP1 as a promising therapeutic target in breast invasive carcinoma. 

 

CONCLUSION  

A key innovation of this study is the identification of the novel THBS1, SPP1, and PLAUR signaling axis in breast 

cancer patients and the overall integration of penalized and unpenalized multivariable modeling with network-

based Bioinformatics-systems biology analysis to translate statistical associations into a clinically interpretable 

scoring system. This approach enables the transformation of continuous biomarker signals into a tiered clinical 

decision tool for screening and referral guidance. Unlike conventional equal-weight scoring systems, the proposed 

model assigns greater weighting to Osteopontin because of its central involvement in multiple oncogenic pathways 

spanning angiogenesis, inflammation, extracellular matrix remodeling, and metastasis. Our result shows that 

Osteopontin showed the strongest association with disease presence, while combined elevation of multiple 

biomarkers increased diagnostic relevance.  

This study developed and internally validated a weighted Clinical Decision Score (wCDS) based on five 

circulating biomarkers and  systems biology analyses to improve breast cancer risk stratification. The 

multivariable biomarker model demonstrated moderate and internally consistent diagnostic performance with 

limited evidence of overfitting following internal validation. Among the evaluated biomarkers, Osteopontin (SPP1) 

emerged as the strongest independent predictor of breast cancer, while sVEGFR2, sNeuropilin-1, suPAR, and 

Tenascin C provided complementary predictive information within the penalized multivariable model, supporting 

the value of a multi-biomarker approach over reliance on a single biomarker. 

Protein–protein interaction network analysis provided biological validation of the proposed scoring framework 

by identifying TGFB1 as the principal regulatory hub governing extracellular matrix remodeling and SPP1 as a 

highly connected molecular bridge linking TGFB1 signaling with integrin activation, angiogenesis, extracellular 

matrix remodeling, and proteolytic invasion through interactions with FN1, PLAU, THBS1, VEGFA, and 

collagen family proteins. These findings highlight a biologically plausible TGFB1–SPP1–PLAU regulatory axis 

that provides mechanistic support for the weighting strategy used in the wCDS and identifies SPP1 as a promising 

candidate for future translational and therapeutic investigation in breast invasive carcinoma. 

Collectively, these findings demonstrate that integrating circulating biomarkers with systems biology can enhance 

breast cancer risk stratification while simultaneously providing mechanistic insight into the molecular pathways 

underlying disease progression. The proposed wCDS is intended to function as a clinical decision-support tool to 

assist in identifying women who may benefit from earlier diagnostic imaging, particularly those with dense breast 

tissue or younger women in whom conventional screening may be less sensitive. Importantly, the wCDS is 

designed to complement, rather than replace, established imaging modalities and clinical assessment. Further 

external validation in larger, multicenter, and ethnically diverse cohorts is required before clinical implementation, 

together with prospective evaluation of its diagnostic utility, clinical impact, and cost-effectiveness. 
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