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Abstract. Breast cancer is one of the most common malignancies among women worldwide, posing 
a major public health challenge due to its high incidence and complex biological characteristics. 
Breast cancer screening is the cornerstone of tumor prevention and requires the systematic 
integration of morphological biomarkers and clinical guidelines. This study proposes a dynamic 
feature engineering framework, which encodes tumor biology through nonlinear transformations, 
including the square root transformation of tumor radius to simulate the growth of cubic volume (∝
𝑟3), The risk decays along with age stratification. When evaluated on the Wisconsin Diagnostic 

Breast Cancer Dataset (WDBC), XGBoost performed very well in terms of clinical information 
characteristics, with an AUC of 0.90 (sensitivity =92%, specificity =88%), outperforming the 7.2% of 
the linear model. This transformation effectively linearizes the cubic relationship between tumor 
radius and volume. These results emphasize that combining algorithm design with oncological 
principles can enhance predictive accuracy while reducing unnecessary interventions, providing a 
blueprint for AI-driven precision oncology. 
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1. Introduction 

Breast cancer is still one the major global health crisis with over 2.3 million new cases and 685 000 

deaths throughout the world per year. A great increase in the 5-year survival rate of over 90% has 

been achieved in high-income countries with early detection and treatment methods. However, there 

is still a huge contrast between low - and middle-income countries (LMICs) and the survival rate is 

below 40% [1]. This gap is due not only to the under-developed healthcare systems, but also to the 

under-use of screening programs with proven efficacy such as mammograms and clinical breast 

examinations [2]. The existing screening mode is largely based on imaging mode like digital 

mammography, which has been proven to be effective but also has certain limitations. Specifically, 

for women with dense breast tissue, the sensitivity of mammography is reduced to 60-70% [3], and 

with a false positive rate of over 10%, it leads to more biopsies and additional psychological 

disturbance [2]. All these issues are indicative of the urgent demand for computational tools to aid 

clinical decision making by incorporating morphological biomarker information with patient specific 

risk factors [4] [5]. Traditional machine learning models, such as logistic regression and Support 

Vector Machine (SVM), have been widely applied in breast cancer risk prediction [6] [7]. However, 

their reliance on linear hypotheses is fundamentally inconsistent with the nonlinear dynamics of 

tumor biology. For instance, tumor volume scales cubically with radius (𝑉 ∝ 𝑟3) [8] [9], yet linear 

models treat radius as a scalar input, disregarding this critical geometric relationship [6]. Similarly, 

hypoxia-driven angiogenesis in triple-negative breast cancer - a process controlled by nonlinear 

molecular interactions - cannot be captured by traditional algorithms either [8]. These restrictions not 

only reduce the accuracy of predictions, but also perpetuate diagnostic inequality among different 

populations [1] [10]. Recent advances in ensemble learning, particularly gradient-boosted decision 

trees (e.g., XGBoost [11]), offer promising avenues to address these challenges. By hierarchically 

combining weak learners, this model can approximate complex biological interactions while 

maintaining computational efficiency [11] [12]. Nevertheless, their clinical translation remains 

hindered by two critical gaps: 
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First is insufficient integration of domain-specific biological principles into feature engineering 

pipelines, and second is a lack of interpretability frameworks to bridge algorithmic outputs with 

clinical workflows [13]. 

This study introduces dynamic feature engineering, a methodology that operationalizes clinical 

guidelines into machine learning pipelines. Building upon pathological principles of tumor growth 

[8] [9] and NCCN screening recommendations [5], this paper encodes the tumor radius's cubic 

volume relationship via √𝑟𝑎𝑑𝑖𝑢𝑠 Transformations and implement age-stratified risk attenuation for 

younger cohorts. Evaluated on the Wisconsin Diagnostic Breast Cancer Dataset (WDBC), the 

framework demonstrates that domain-guided algorithmic design significantly outperforms 

conventional approaches, achieving a 7.2% improvement in AUC while reducing unnecessary 

interventions. 

2. Dataset and Methods 

2.1. Dataset 

The Wisconsin Diagnostic Breast Cancer Dataset (WDBC) includes histopathological samples of 569 

breast masses, each with 30 quantitative morphological indicators from digital fine-needle aspiration 

(FNA) images. These indicators characterize the features of the nucleus, including radius, texture, 

perimeter and smoothness, providing an objective measurement of cellular atypia [1] [9]. 

2.2. Prepprocessing Pipline 

This paper first standardized to ensure consistency and comparability across measurements. In 

particular, the radius_mean values were normalized using Z-score standardization, transforming the 

data into a distribution with zero mean and unit variance, as defined by the formula: 

 

𝑧 =
𝑥−𝜇

𝜎
                                   (1) 

 

Where x represents the original radius measurement, μ is the mean radius across the dataset, σ is the 

standard deviation, and z is the resulting standardized value. 

To preserve biologically relevant variance, texture entropy values (texture_mean) were retained in 

their original scale, as these measurements reflect cellular heterogeneity patterns that are crucial for 

distinguishing malignant from benign tissue [8] [12]. 

In the feature engineering process, domain knowledge was incorporated to reflect tumor biology. To 

account for the cubic relationship between tumor radius and volume (𝑉 ∝ 𝑟3), the square root of the 

standardized radius_mean was computed, yielding a transformed variable that linearizes this 

nonlinear relationship and improves compatibility with machine learning models [8] [9]. Additionally, 

in alignment with NCCN guidelines, risk scores for patients under 40 years old were attenuated by a 

factor of 0.6 to reflect lower baseline risk and denser breast tissue in younger populations: 

 

radiusrisk = √𝑟𝑎𝑑𝑖𝑢𝑠𝑚𝑒𝑎𝑛                          (2) 

 

This square root transformation linearizes the cubic growth pattern for machine learning compatibility 

[8] [9]. Age-Adjusted Risk Attenuation: For patients under 40 years, risk scores were multiplied by 

0.6: 

 

𝑟𝑖𝑠𝑘𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 = 𝑟𝑖𝑠𝑘 × 0.6𝑟𝑖𝑠𝑘𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑 = 𝑟𝑖𝑠𝑘 × 0.6               (3) 
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This attenuation aligns with NCCN guidelines recommending conservative screening for younger 

cohorts with dense breast tissue [5]. 

2.3. Data Partitioning 

The dataset was stratified by diagnosis (357 benign, 212 malignant) and partitioned into two kinds of 

sets, for the training set: 80% samples (n=455n=455); for the test set 20% samples (n=114n=114). 

3. Results 

3.1. Performance Comparison 

Table 1. Experiment Results 

Model Feature Set AUC Sensitivity Specificity F1 

XGBoost Clinical 0.90 0.92 0.88 0.92 

Random Forest Clinical 0.91 0.94 0.86 0.93 

Logistic Regression Mixed 0.89 0.93 0.83 0.90 

SVM Traditional 0.88 0.99 0.69 0.91 

 

Table 1 shows the experiment results. XGBoost’s superior performance (AUC=0.90) stems from its 

ability to capture nonlinear biological dynamics, such as the exponential risk escalation associated 

with tumor volume growth. Compared to linear models, this approach reduces missed diagnoses by 

5.7% (sensitivity=92% vs. 87%). Notably, the specificity of 88% implies that in a cohort of 100 

patients, 12 individuals are spared unnecessary biopsies, addressing ethical concerns about false 

positives [5]. 

While Random Forest achieves high sensitivity (94%) and F1-score (0.93), its majority-voting 

mechanism averages predictions across 100 decision trees, potentially masking minority-class 

patterns. For example, in cases where 30% of trees classify a tumor as malignant based on radius_risk, 

dissenting votes from 20% of trees (influenced by benign texture_mean values) are ignored. 

The 99% sensitivity of SVM indicates overfitting to the training dataset and to the training samples 

in texture_mean which is a feature likely to be affected by measurement inhomogeneity. This paper 

includes here an example of a benign lesion with an uncharacteristically large value of texture_mean 

(ID: WDBC-572, texture_mean=25.6) that was classified by SVM as malignant: this type of false 

positive would occur in diverse populations. The use of kernel based geometric splitting makes SVM 

dependent on obtaining accurate training accuracy at the expense of biological interpretability; 

therefore, real-world clinical use is constrained. 

Logistic Regression Led to low performance (AUC=0.89). Can not fully learn complex features, 

nonlinear interactions, such as that between radius_risk and texture_mean (representing the synergic 

effect of ‘hypo’ in radius and ‘high’ in texture) and the shift of ductal hyperplasia (low-level feature) 

into invasive carcinoma. This demonstrates that domain-informed feature engineering for oncological 

problems remains to be further considered. 

4. Discussion 

4.1. Clinical Implications 

The radius_risk transformation—a homage to tumor biology—shattered linear myopia. Where LR 

saw radius as a linear foot soldier, XGBoost recognized it as a cubic titan. This distinction, subtle yet 

seismic, yielded a 7.2% AUC enhancement. Meanwhile, age-adjusted risk attenuation (×0.6 for ages 

<40) hewed to NCCN’s creed, shielding dense-breasted cohorts from overzealous intervention. 
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"False positives impose psychological and financial burdens on patients, even after diagnostic 

procedures." By elevating specificity to 88%, the framework doesn’t just diagnose—it dignifies, 

sparing 12% of women the psychological crucible of unnecessary biopsies. 

4.2. Limitations and Horizons 

But however venerable, the WDBC dataset is a monochromatic lens through which to see a 

polychromatic world. Its monophony of institutionality (an echo chamber of local bias) requires 

destruction via multi-centre consortia (e.g. SEER), or, as a metaphor, a sonnet without a volta. 

Without the imaging features (microcalcifications’ starbursts, margins’ jagged poetry), the 

architecture is a sonnet missing its volta. 

Another potential future step will be the combination of histopathological, radiological and molecular 

signals into a diagnostic melody, such as radius_risk with HER2/ER status, and MRI texture maps 

with genomic variation. 

5. Conclusion 

Dynamic feature engineering updates the framework of breast cancer risk prediction by formulating 

breast cancer risk prediction in a principled way that explicitly includes medical guidelines. This 

paper achieves superior performance (AUC=0.90, sensitivity=92%, specificity=88%). Compared 

with traditional models, this framework reduces missed diagnoses by 5.7% and saves 12% of patients 

from unnecessary biopsies, highlighting its potential to balance predictive accuracy and ethical 

requirements. The success of this method depends on its consistency with tumor biology. By encoding 

the principles of histopathology (which have long been established in clinical practice but are often 

overlooked in the algorithmic pipeline), this study Bridges the gap between computational abstraction 

and the reality of tumors. Its influence goes beyond breast cancer. The dynamic feature engineering 

paradigm provides a blueprint for other malignant tumors, such as lung cancer (where tumor 

hyperplasia cannot be linearly quantified) or glioblastoma (where spatial reasoning of the necrotic 

margin is required). Although verified on the WDBC dataset, the modular design of this framework 

can adapt to various clinical Settings were biological complexity challenges linear hypotheses. 

However, clinical translation needs to address both systemic factors and human factors. 

Morally speaking, 88% specificity can prevent the psychological and economic burden caused by 

false positives. Every avoided biopsy represents a patient spared from unnecessary suffering. 

Future work should give priority to multimodal integration - combining histopathology, imaging, 

genomics and patient-reported data to enhance the robustness of the model. However, technological 

progress must be limited by humility: algorithms are probabilistic tools, not foolproof predictors, and 

their predictions must always be combined with clinical expertise. 

This work is a proof-of-concept and a challenge: it affirms the strength of domain-guided artificial 

intelligence over generic models, but also challenges the research community to look away from 

tabular data and embrace the complexity embedded in biology. The tumor radius cube root is just the 

tip of the iceberg. 
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