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LEAKAGE-AWARE EXPLAINABLE FRAMEWORK FOR
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ABSTRACT. Breast cancer remains a leading cause of cancer-related mortal-
ity among women, necessitating reliable and interpretable prognostic models
for personalized treatment planning. This study developed a leakage-aware,
explainable machine learning framework for breast cancer survival prediction
using clinicopathological data from 4,024 patients in the SEER database. The
framework integrated feature engineering, leakage detection, hyperparameter
optimization, calibration assessment, and explainable artificial intelligence.
Among five evaluated algorithms, CatBoost achieved the best performance,
with a ROC-AUC of 0.725 and a five-fold cross-validated ROC-AUC of 0.746
(95% CI: 0.708-0.785). SHAP analysis identified Node Ratio, Age, Hormone
Index, Tumor Burden, and Grade as the most influential predictors. The pro-
posed framework provides transparent, reliable, and clinically relevant prog-
nostic predictions for breast cancer risk stratification.
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1. INTRODUCTION AND PRELIMINARIES

Breast cancer remains a major public health challenge worldwide. According to
global estimates, it was the most frequently diagnosed cancer, with approximately
2.3 million new cases and nearly 685,000 deaths reported in 2020 [17]. Despite
substantial advances in screening, early diagnosis, and treatment, breast cancer
continues to be the most common malignancy among women and one of the lead-
ing causes of cancer-related mortality globally [16]. The disease burden remains
particularly high in low- and middle-income countries, underscoring the need for
reliable prognostic tools that can support personalized treatment planning and
improve patient outcomes.
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Survival prediction plays a central role in breast cancer management by informing
treatment decisions, risk stratification, follow-up planning, and shared decision-
making between clinicians and patients [5]. Conventional prognostic approaches,
including the Tumor-Node-Metastasis (TNM) staging system and Cox propor-
tional hazards models, have demonstrated clinical utility but are limited in their
ability to capture complex nonlinear relationships and interactions among demo-
graphic, pathological, and molecular characteristics [5]. Breast cancer prognosis
is influenced by multiple interrelated factors, including tumor type, nodal involve-
ment, hormone receptor status, patient age, and treatment response [9].

Recent advances in artificial intelligence (Al) and machine learning (ML) have
provided powerful computational approaches for modelling complex clinical re-
lationships. Machine learning algorithms, including Random Forest, Extreme
Gradient Boosting (XGBoost), Light Gradient Boosting Machine (Light GBM),
and CatBoost, have demonstrated promising performance in breast cancer re-
currence prediction, treatment outcome assessment, and survival prediction [6,
9, 14]. These algorithms can automatically identify complex patterns within
high-dimensional clinical data and frequently outperform conventional statistical
models in predictive tasks [13].

Despite these advances, several methodological challenges continue to limit the
development of clinically reliable prognostic models. First, many published stud-
ies inadvertently include predictor variables containing information that would
not be available at the time of prediction, resulting in information leakage and
artificially inflated model performance [8]. Information leakage occurs when pre-
dictor variables contain information about the target outcome that would be
unavailable during real-world model deployment, thereby compromising model
validity and generalizability [15, 17]. Second, numerous studies focus primarily
on discrimination metrics, such as accuracy and the area under the receiver oper-
ating characteristic curve (ROC-AUC), while overlooking calibration assessment,
statistical comparison of competing models, and external validation [18]. Third,
the increasing complexity of modern ML algorithms has raised concerns regarding
model transparency and interpretability, thereby limiting clinicians’ confidence in
adopting these systems for routine clinical practice [2].

The emergence of explainable artificial intelligence (XAI) has provided practical
tools for addressing these limitations. Among these, Shapley Additive Expla-
nations (SHAP) quantify the contribution of each predictor to individual model
predictions, thereby improving transparency and facilitating clinically meaning-
ful interpretation of machine learning outputs. Such explainability is essential for
promoting clinician trust and supporting evidence-based decision-making.

Another important yet underexplored aspect of breast cancer prognostic mod-
elling is clinically guided feature engineering. Existing clinicopathological vari-
ables can be transformed into composite biomarkers that better represent disease
burden than individual predictors alone. For example, the lymph node ratio has
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consistently demonstrated superior prognostic value compared with conventional
nodal staging in several breast cancer populations. Similarly, composite measures
representing tumor burden and hormone receptor activity may provide additional
prognostic information beyond routinely recorded clinical variables.

Furthermore, recent reporting guidelines, including the Transparent Reporting
of a Multivariable Prediction Model for Individual Prognosis or Diagnosis Using
Artificial Intelligence (TRIPOD+AT) Statement, emphasize the importance of ex-
plainability, rigorous validation, calibration assessment, and transparent report-
ing when developing machine learning-based clinical prediction models [2, 10, 11].
Adherence to these recommendations is increasingly recognized as essential for
producing reproducible, trustworthy, and clinically applicable prognostic models.

Therefore, this study proposes a clinically guided, leakage-aware, explainable ma-
chine learning framework for breast cancer survival prediction using routinely
collected clinicopathological data from the Surveillance, Epidemiology, and End
Results (SEER) database. The proposed framework integrates data quality as-
sessment, information leakage detection, clinically guided feature engineering,
hyperparameter optimization, calibration assessment, statistical model compar-
ison, and explainability analysis within a reproducible modelling pipeline. Four
clinically engineered prognostic variables—Node Ratio, Tumor Burden, Hormone
Index, and Node Density—were developed and incorporated with conventional
clinicopathological variables to improve predictive performance and clinical in-
terpretability. Multiple machine learning algorithms were systematically evalu-
ated using stratified cross-validation and independent test-set evaluation. Finally,
SHAP-based explainability analysis was performed to identify the most influen-
tial prognostic predictors and provide clinically meaningful insights into model
behaviour.

2. MATERIALS AND METHODS

2.1. Study Design and Analytical Framework. This study proposes a clin-
ically guided, leakage-aware, and explainable machine learning framework for
breast cancer survival prediction using routinely collected clinicopathological data.
The framework was designed to address major methodological limitations com-
monly reported in breast cancer prognostic modelling, including information leak-
age, limited model interpretability, inadequate calibration assessment, and insuf-
ficient statistical validation. Rather than focusing solely on predictive perfor-
mance, the proposed framework integrates clinically guided feature engineering,
rigorous model development, explainable artificial intelligence (XAI), calibration
analysis, and statistical comparison to improve the reliability and transparency
of prognostic prediction.

The analytical workflow consisted of twelve sequential phases, namely: (i) data
acquisition, (ii) exploratory data analysis, (iii) data quality assessment, (iv) infor-
mation leakage assessment, (v) feature engineering, (vi) data preparation, (vii)
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machine learning model development, (viii) hyperparameter optimization, (ix)
model evaluation, (x) statistical comparison, (xi) explainability analysis, and (xii)
calibration assessment. Fach stage was designed to ensure methodological rigor,
reproducibility, and clinical interpretability.

The entire analytical pipeline was implemented in Python 3.12 using Google
Colaboratory. Open-source libraries including Pandas, NumPy, Scikit-learn, XG-
Boost, Light GBM, CatBoost, SHAP, Matplotlib, and Seaborn were employed for
data preprocessing, model development, evaluation, visualization, and explain-
ability analysis. Figure 1 illustrates the overall analytical framework adopted in
this study.

2.2. Phase I: Dataset Acquisition and Description. The study utilized the
publicly available Surveillance, Epidemiology, and End Results (SEER) Breast
Cancer database maintained by the United States National Cancer Institute. The
SEER program is one of the largest population-based cancer registries worldwide
and is widely used for prognostic modelling because of its standardized data
collection procedures, comprehensive clinicopathological information, and high-
quality follow-up records [3, 16, 15]. After data preprocessing, a total of 4,024
breast cancer patients were included in the analysis. Overall survival served as
the study outcome and was formulated as a binary classification problem, where
patients alive at the end of follow-up were assigned a value of 0 and deceased
patients a value of 1. The predictor variables comprised routinely collected de-
mographic and clinicopathological characteristics, including age, race, marital
status, tumor stage, nodal stage, histological grade, tumor size, hormone recep-
tor status, number of examined lymph nodes, and number of positive lymph
nodes.

2.3. Phase II: Exploratory Data Analysis. Exploratory data analysis (EDA)
was performed to understand the characteristics of the dataset before model devel-
opment. Descriptive statistics were computed for all study variables. Frequencies
and percentages summarized categorical variables, whereas appropriate measures
of central tendency and dispersion were calculated for continuous variables. The
distribution of the outcome variable was examined to assess class imbalance. Of
the 4,024 patients, 3,408 (84.69%) survived and 616 (15.31%) died during follow-
up, indicating substantial class imbalance. Pearson’s correlation coefficient was
computed to evaluate relationships among predictor variables and identify po-
tential multicollinearity. Strong positive correlations were observed between N
Stage and Sixth AJCC Stage (r = 0.882), and between N Stage and the number
of positive lymph nodes (r = 0.838). These relationships informed subsequent
feature engineering and interpretation of model outputs. Data visualization, in-
cluding class distribution plots and correlation heatmaps, was also employed to
support exploratory analysis and modelling decisions.

2.4. Phase III: Data Quality Assessment. A comprehensive data quality as-
sessment was conducted before model development. All variables were examined
for missing values, duplicate records, inconsistencies, and implausible observa-
tions. No missing values or duplicate records were identified; therefore, no data
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F1GURE 1. Overview of the proposed clinically guided leakage-
aware explainable machine learning framework for breast can-
cer survival prediction. The framework comprises twelve sequen-
tial phases, including data acquisition, exploratory data analysis,
data quality assessment, information leakage assessment, clinically
guided feature engineering, data preparation, machine learning
model development, hyperparameter optimization, model evalua-
tion, statistical comparison, explainability analysis, and calibration
assessment.

imputation or duplicate removal was required. Numerical variables were further
inspected to verify plausible ranges and consistency. The absence of major data
quality issues confirmed the suitability of the dataset for predictive modelling
without extensive preprocessing.

2.5. Phase IV: Information Leakage Assessment. Information leakage is a
major source of overly optimistic performance estimates in predictive modelling
because it allows models to exploit information unavailable during real-world pre-
diction [8, |. To mitigate this risk, all predictor variables were systematically
evaluated before model development. The variable Survival Months was identified
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as a leakage variable because it directly represents patient survival time and would
not be available when making prognostic predictions at diagnosis. Including this
variable would artificially inflate predictive performance and compromise model
generalizability. Consequently, Survival Months was excluded from all modelling
procedures. This leakage-aware strategy ensured that the developed models more
accurately reflected real-world clinical prediction scenarios.

2.6. Phase V: Feature Engineering. Clinically guided feature engineering was
performed to derive composite prognostic variables from routinely available clin-
icopathological data. Four engineered features were developed. Node Ratio was
calculated as the ratio of positive lymph nodes to the total number of exam-
ined lymph nodes, providing a standardized measure of nodal involvement. 7Tu-
mor Burden was computed by multiplying tumor size by the number of positive
lymph nodes to capture both tumor extent and metastatic spread. Hormone
Inder combined estrogen receptor and progesterone receptor status into a single
variable representing overall hormone receptor positivity. Finally, Node Den-
sity was calculated as the ratio of positive lymph nodes to tumor size, reflecting
metastatic burden relative to tumor volume. These engineered variables demon-
strated substantial variability across patients and provided additional prognostic
information beyond conventional clinicopathological variables.

2.7. Phase VI: Data Partitioning and Class Imbalance Management.
The dataset was divided into training (80%) and testing (20%) subsets using
stratified sampling to preserve the original class distribution. Because mortal-
ity cases constituted only 15.31% of the study population, class imbalance was
addressed during model training using class weighting. For the CatBoost clas-
sifier, class weights were automatically assigned according to class frequencies
to improve minority-class recognition while minimizing bias toward the majority
class.

2.8. Phase VII: Machine Learning Model Development. Five supervised
machine learning algorithms were developed and compared: Logistic Regression,
Random Forest, XGBoost, Light GBM, and CatBoost. These algorithms were
selected to represent both conventional statistical learning and modern ensem-
ble learning approaches that have demonstrated strong performance in clinical
prediction studies. All models were trained using identical training and testing
partitions to ensure a fair comparative evaluation.

2.9. Phase VIII: Hyperparameter Optimization. Hyperparameter optimiza-
tion was performed to maximize predictive performance while reducing overfit-
ting. For the CatBoost classifier, Bayesian optimization identified the optimal
hyperparameter configuration consisting of 875 boosting iterations, tree depth of
4, learning rate of 0.0103, and an L2 regularization coefficient of 16.726. These
parameters provided the best balance between model complexity and predictive
accuracy.
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2.10. Phase IX: Model Evaluation. Model performance was evaluated on the
independent test set using multiple discrimination and calibration metrics. Dis-
crimination was assessed using accuracy, precision, recall, specificity, Fl-score,
and the area under the receiver operating characteristic curve (ROC-AUC). Cal-
ibration performance was evaluated using the Brier score and calibration curves
to assess agreement between predicted probabilities and observed outcomes. The
optimized CatBoost model achieved an accuracy of 0.773, recall of 0.553, F1-score
of 0.426, and ROC-AUC of 0.725. Model robustness was further assessed using
five-fold stratified cross-validation, which yielded a mean ROC-AUC of 0.746
(95% CI: 0.708-0.785), indicating stable predictive performance across validation
folds.

2.11. Phase X: Statistical Comparison of Models. Statistical comparison of
model performance was conducted using pairwise comparisons of cross-validated
ROC-AUC values. The CatBoost classifier demonstrated statistically significant
improvements over Random Forest, XGBoost, and Light GBM, whereas no sta-
tistically significant difference was observed between CatBoost and Logistic Re-
gression. This analysis provided additional evidence supporting the robustness
of the selected model.

2.12. Phase XI: Explainability Analysis. Model explainability was investi-
gated using SHapley Additive exPlanations (SHAP), which provide both global
and local interpretations of machine learning predictions. SHAP values quanti-
fied the contribution of each predictor to the predicted survival outcome. Global
feature importance analysis identified Node Ratio, Age, Hormone Index, Tumor
Burden, and Histological Grade as the most influential predictors. SHAP sum-
mary plots, dependence plots, and waterfall plots were generated to visualize
feature effects and facilitate clinical interpretation of model behaviour.

2.13. Phase XII: Calibration Assessment. Calibration analysis was performed
to evaluate the reliability of predicted probabilities. Calibration curves and the
Brier score were used to assess agreement between predicted mortality risk and
observed outcomes. Accurate calibration is essential for clinical decision sup-
port because it ensures that predicted probabilities closely reflect true patient
risk, thereby improving risk stratification and supporting individualized treat-
ment planning.

3. METHODOLOGY FRAMEWORK AND INTERPRETABILITY ARCHITECTURE

To bridge the critical gap between high-capacity predictive modeling and rig-
orous interpretability, our theoretical framework integrates a primary gradient-
boosted decision tree ensemble (CatBoost) with an inherently interpretable, basis-
expanded Generalized Additive Model (GAM). While post-hoc attribution meth-
ods such as SHAP (SHapley Additive exPlanations) provide valuable local instance-
level heuristics, they lack global structural guarantees and exact mathematical
fidelity bounds.



8 T. O. AJOSE, C. P. IGIRI, O. K. NARAIN, AND A. MAHARAJ

In this section, we formally define our engineered feature space, construct an
inherently interpretable GAM architecture over this domain, and establish a rig-
orous mathematical framework bounding the approximation error between the
black-box ensemble and the interpretable surrogate.

3.1. Engineered Feature Domain and Basis Function Construction. Let
X = [21,T2,...,724]7 € X C R? represent a feature vector defined over a com-
pact hyperrectangular domain X = Hle[ai,bi], where a;,b; € R with a; < b;.
To capture complex non-linear functional forms without sacrificing structural
transparency, we construct a normalized K-dimensional B-spline basis (or or-
thogonal Chebyshev polynomial basis) for each feature dimension i € {1,...,d}.
Let ®;(z;) = [¢i1(x;), dia(ms), ..., ¢ir(x;)]" denote the vector of basis functions
defined over a uniform grid mesh with knot spacing:

h = max max |z — Tigl. (3.1)

1<i<d 1<k<K—1

For paired feature interactions identified through domain-specific feature engi-
neering, let Z C {(i,j) | 1 < i < j < d} denote the set of active interaction
indices. The bivariate tensor-product basis for any pair (i, j) € Z is given by:

W15, 5) = Bi(ws) @ Bj(x5) = {dinl(@:) - Sjalrs) iy (3.2)

3.2. Theoretical Properties of the Engineered Features. The engineered
variables were designed not only to incorporate clinically relevant information
but also to satisfy desirable mathematical properties that improve representation
learning. Specifically, the Node Ratio provides a normalized measure of nodal
involvement that is invariant to proportional scaling of both examined and posi-
tive lymph nodes. Tumour Burden combines tumour size and nodal involvement
into a composite severity indicator, thereby reducing redundancy between highly
correlated predictors while preserving prognostic information. Hormone Index
aggregates receptor information into a bounded ordinal representation that fa-
cilitates stable nonlinear learning, whereas Node Density normalizes lymph node
involvement relative to tumour burden, reducing variability arising from hetero-
geneous tumour sizes.

These properties collectively reduce feature heterogeneity, improve numerical sta-
bility, and provide a lower-dimensional representation of clinically meaningful dis-
ease characteristics. Consequently, the engineered feature space provides a more
informative representation for supervised learning than the original clinicopatho-
logical variables alone.

3.3. Inherently Interpretable GAM Surrogate Architecture. Instead of
relying solely on post-hoc approximations, we define an inherently interpretable
model g(x) € G operating directly over the structured basis space:

Definition 3.1 (Engineered Basis-Expanded GAM). An inherently interpretable
Generalized Additive Model g : X — R with second-order interaction capabilities
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is defined as:

g(x) =B+ Zgl(%) + Z 9ij (i, ;) (3.3)

(4,9)€T

where By € R is the global baseline intercept, g;(z;) = Zszl w; ki k() =
w/ ®;(x;) represents univariate main effect components, and g;; (z;, x;) = W, W (z;, ;)
represents structured pairwise interaction components.

Because each component g;(-) and g;;(-, -) depends on at most two features, the
model g(x) can be exactly visualized via 1D curves and 2D heatmaps. Global
interpretability is thus built into the functional architecture by design.

3.4. Formal Mathematical Approximation Guarantees. Let f(x) : X — R
denote the black-box CatBoost model consisting of an ensemble of M decision
trees of maximum depth D:

M 2P

FE) =Y cmy - Ix € Ryy) (3.4)

m=1 j=1

where R, ; C X are disjoint axis-aligned sub-domains partitioning X, and ¢,, ; €
R are leaf values.

To evaluate how faithfully the interpretable model g(x) can replicate the de-
cision surface of f(x), we establish deterministic L, uniform error bounds and
empirical Lo sample bounds.

Theorem 3.2. Let f(x) be the M-tree CatBoost ensemble of depth D with L-
Lipschitz continuous relaxation over smoothed partition boundaries. Let g*(x) be
the optimal GAM projection in the Sobolev space H?*(X).

1. Uniform (L) Bound: For a knot mesh spacing h, there exist universal
constants C,Cy > 0 such that the mazimum approximation error over the entire
domain X satisfies:

d
£ = 0"l = sup | £(x) = 6" ()| < Cr- LD b Gy 3
XeE .

i=1

2 f

o (3.5)

Lo
2. Empirical Generalization Bound: Under the empirical measure P,
over n i.i.d. test samples, with probability at least 1 — 6 (§ € (0,1)):

M - 2P 2
I = 0 lracey < = [210g (5) Lo () (3.6)

Proof. Let X = H?Zl[ai, b;] C R? be a compact hyperrectangular feature domain.

(1) CatBoost Ensemble Model f(x): The tree ensemble consists of M
decision trees of depth at most D:

FOO=)"Y cmy - Ux € Ryy) (3.7)

m=1 j=1
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where {Rm,j}?zl constitutes an axis-aligned partition of X, and leaf out-
puts are uniformly bounded such that ¢,,; € [-B, B] for some constant
B> 0.

(2) Interpretable Basis Space G: Let ®;(z;) denote a normalized B-spline
basis of knot spacing h for feature i. The space G of second-order additive
models is defined as:

d
G=19x)=/p+ Zw;fpi'i(xl Z wW(x,25) (3.8)
=1

(4,5)€T

Derivation of the Uniform (L.) Approximation Error Bound. We aim
to bound || f — ¢*[|oc = Supxex | f(x) — ¢*(x)|. Because f(x) is piecewise constant
with step jump discontinuities along partition boundaries, we decompose the total
error using a smooth C'° approximation f.(x) via the triangle inequality:

1f=gllee< lf =Sl =9l (3.9)
—_—— —_———

Boundary Smoothing Error  Spline Projection Error

Continuous Boundary Relazation via Friedrichs Mollifier. Let n.(z) = 61477 (f)
be a standard Friedrichs mollifier kernel supported on the ball B(0,¢), satisfy-
ing [panc(z)dz = 1. We construct the continuous relaxation fc(x) by spatial
convolutlon

£00) = (f * ) (x) = / | SO (3.10)

Let I' = Ufle OR,, denote the union of all decision boundaries across the M
trees of depth D. The total boundary area scales as O(M - D). For points x at
a distance d(x,I") > €, f(x — 2z) is constant, yielding f.(x) = f(x). Within the
transition region X, = {x € X' | d(x,I') < ¢}, under an L-Lipschitz continuous
relaxation across tree boundaries, setting € = h yields:

If = fellow <Ci-L-D-h (3.11)

Sobolev Spline Projection Bound (Jackson-Favard Theorem). Because f. € H*(X),
we apply the Jackson-Favard Theorem for cubic B-spline representations over grid
mesh size h. The projection error onto G is bounded by:

Ife = g"lloe < Co - B* - [|D? fel o) (3.12)

Expanding the Sobolev semi-norm || D?f||1,(x) across univariate and interaction
components gives:

a? fe D*f.

8xi6xj

|D2f6 |L2

>

Ly (ij)ez

(3.13)

Lo
Combining both steps via the triangle inequality proves the uniform L., bound:

0 f

2| | (3.14)

d




LEAKAGE-AWARE EXPLAINABLE FRAMEWORK 11

Derivation of the Empirical Generalization Bound (Ls(P,)). We evaluate
the finite-sample error under the empirical measure P, = % Y pey Ox, over n iid.
test points. Define the sample loss function L(x) = |f(x) — g*(x)|?. Since both
f(x) and g*(x) are bounded in [—M B, M B], we have 0 < L(x) < (2MB)?* =
4M?B?.

Concentration via McDiarmid’s Inequality. Let S = (x1,...,x,) denote the sam-
ple set, and define the empirical error functional:

R(S) =|f - g*||%2(Pn) = %Z |f(xk) — 9*(Xk)|2 (3.15)
k=1

Replacing a single sample x; with x changes R(S) by at most:

. . ) 4M?B?
¢; = sup|R(S) — R(SW)| <

S,x!, n

(3.16)

Applying McDiarmid’s Bounded Difference Inequality, for any ¢ > 0:

~

P (R(S) ~ B[R(S)] > t) < exp (—%) — exp (—8]\3—530 (3.17)

i=1"1

Confidence Inversion and Final Bound. Setting the failure probability to § €
(0,1) and solving for ¢:

nt? 2M?B?%/210g(1/4)
0= — t= 1
P ( 8M4B4> NG (3.18)
Thus, with probability at least 1 — d:
. . 2M?2B?%,/21log(1/6)
If =" Iapny SEISf = 97lIZ,] + (3.19)

vn

Taking the square root and incorporating the expected projection error El|| f —
g*117,] = O(h*) derived in Section A.2 completes the proof:

M -2P 2
1f = g lLa(p) < 7 2log (5) +0o0(h*) = (3.20)

O

3.5. Integration of Global Structural Bounds with Local SHAP Attri-
butions. The inclusion of the GAM surrogate g(x) complements local SHAP
attributions by establishing a two-tiered interpretability hierarchy:

(1) Global Structural Tier (GAM Surrogate): Provides intrinsic visual
transparency and deterministic fidelity bounds (|| f — ¢%||~), guaranteeing
that global functional dependencies do not deviate beyond O(h) from the
underlying ensemble.

(2) Local Attribution Tier (SHAP): Computes local additive feature con-
tributions ¢;( f, x) for individual predictions, satisfying efficiency, symme-
try, and dummy properties.
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This dual formulation ensures both micro-level local explainability and macro-
level global structural guarantees without requiring any retraining or re-simulation
of the primary predictive pipeline.

3.6. Relationship Between the Theoretical Framework and the Empir-
ical Model. The theoretical approximation results presented above provide the
mathematical foundation for the empirical modelling framework developed in this
study. The CatBoost classifier is employed as the primary prediction model be-
cause of its ability to learn complex nonlinear relationships among heterogeneous
clinicopathological variables. The generalized additive surrogate is not intended
to replace the CatBoost model but rather to provide an interpretable approxima-
tion whose prediction error is theoretically bounded.

Consequently, the theoretical analysis establishes that the behaviour of the sur-
rogate model converges to that of the black-box predictor under the stated reg-
ularity assumptions. This relationship provides a formal justification for inter-
preting the CatBoost predictions through an inherently interpretable additive
representation while preserving predictive fidelity. The subsequent SHAP anal-
ysis therefore serves as an empirical explanation mechanism that complements,
rather than replaces, the mathematical interpretability guarantees established by
the approximation theorem.

3.7. Theoretical Justification for Leakage Prevention. Information leakage
occurs when predictor variables contain information that is unavailable at the
intended time of prediction. Let the predictor vector be partitioned as

X = (Xw Xl)7

where X, denotes clinically available variables and X; denotes leakage variables
that encode future information. Training a predictive model using the complete
feature set produces an empirical risk estimate

Ra(f) = 7 S LX) 0,

that is optimistically biased because the predictor implicitly exploits information
that would not be available during prospective deployment. Eliminating leakage
variables restores the consistency between the training and deployment distribu-
tions, thereby improving the validity of empirical risk estimation and enhancing
the expected generalization performance of the resulting prediction model.

4. RESULTS

4.1. Dataset Characteristics and Class Distribution. The final study co-
hort comprised 4,024 patients diagnosed with breast cancer. Of these, 3,408 pa-
tients (84.69%) were alive at the end of follow-up, whereas 616 patients (15.31%)
had died (Table 1). The substantial imbalance between the two outcome classes
indicated that the dataset was heavily skewed toward survivors. Consequently,
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class-weighting strategies were incorporated during model development to im-
prove the identification of minority-class (deceased) patients. The distribution of
the outcome classes is presented in Figure 2.

Class Distribution

3500

3000 +

2500+

2000 +

count

1500 -

1000

Status

Fi1GUuRE 2. Distribution of breast cancer survival status in the
SEER dataset.

TABLE 1. Distribution of survival classes.

Survival Status Number of Patients Percentage (%)

Alive (0) 3,403 84.69
Deceased (1) 616 15.31
Total 4,024 100.00

4.2. Correlation Analysis and Information Leakage Assessment. Pearson
correlation analysis was performed to evaluate the relationships among the clin-
icopathological variables (Figure 3). Strong positive correlations were observed
between N Stage and Sixth AJCC Stage (r = 0.882), N Stage and the num-
ber of positive regional lymph nodes (r = 0.838), and T Stage and tumor size
(r = 0.809). These associations are clinically consistent because increasing tu-
mor size and nodal involvement are established indicators of disease progression.
The variable Survival Months exhibited a moderate negative correlation with the
survival outcome (r = —0.477), indicating that it contained direct information
about patient survival status. Because this variable would not be available at
the time of prognosis, it was excluded from all predictive modelling to prevent
information leakage and ensure unbiased estimation of model performance.
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FiGUrReE 3. Correlation heatmap of clinicopathological variables
used in the study. Strong positive correlations were observed be-
tween N Stage and Sixth AJCC Stage, N Stage and the number of
positive regional lymph nodes, and T Stage and tumor size. The
variable Survival Months demonstrated a moderate negative cor-
relation with the survival outcome and was excluded to prevent
information leakage.

4.3. Characteristics of Engineered Features. Four clinically motivated fea-
tures were engineered to improve the prognostic representation of the original
dataset: Node Ratio, Tumour Burden, Hormone Indexr, and Node Density. De-
scriptive statistics for these engineered variables are presented in Table 2.

TABLE 2. Descriptive statistics of engineered prognostic features.

Variable Mean SD Median Minimum Maximum
Node Ratio 0.283 0.243 0.200 0.020 0.976
Tumour Burden 152.853 266.759  54.000 1.000 3120.000
Hormone Index 1.760 0.550 2.000 0.000 2.000
Node Density 0.165 0.290 0.089 0.008 11.000

The engineered variables exhibited substantial inter-patient variability, indi-
cating that they capture additional prognostic information beyond that provided
by conventional clinical staging variables.

4.4. Comparative Performance of Machine Learning Models. Five ma-
chine learning algorithms were evaluated for breast cancer survival prediction.
Their comparative discrimination performance is summarized in Table 3 and
illustrated in Figure 4. Among the evaluated models, the CatBoost classifier
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achieved the highest discriminative performance with a ROC-AUC of 0.725. Lo-
gistic Regression followed closely with a ROC-AUC of 0.710, while Random For-
est, XGBoost, and Light GBM achieved ROC-AUC scores of 0.679, 0.663, and
0.650, respectively.

TABLE 3. Comparative discrimination performance of machine
learning models.

Model ROC-AUC
CatBoost 0.725
Logistic Regression 0.710
Random Forest 0.679
XGBoost 0.663
Light GBM 0.650

ROC Curves of Machine Learning Models

CatBoost (AUC=0.725)
Logistic Regression (AUC=0.710)

Random Forest (AUC=0.679)
XGBoost (AUC=0.663)
LightGBM (AUC=0.650)

True Positive Rate

FiGUuRrRE 4. Correlation heatmap of the clinicopathological vari-
ables included in the study. Strong positive correlations were ob-
served between N Stage and Sixth AJCC Stage, N Stage and the
number of positive regional lymph nodes, and T Stage and tumor
size. The variable Survival Months demonstrated a moderate neg-
ative correlation with the outcome and was excluded from model
development to prevent information leakage.
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4.5. Performance of the Optimized CatBoost Model. The optimized Cat-
Boost model achieved an overall accuracy of 77.3%, with a precision of 34.7%,
recall (sensitivity) of 55.3%, and an Fl-score of 42.6% (Table 4). The model
attained a specificity of 84.3%, indicating strong performance in correctly identi-
fying patients who survived, while maintaining moderate sensitivity for detecting
mortality cases. Furthermore, the model achieved a ROC-AUC of 0.725 and a
Brier score of 0.190, demonstrating satisfactory discriminative ability and good
probability calibration.

TABLE 4. Performance metrics of the optimized CatBoost model.

Metric Value
Accuracy 0.773
Precision 0.347
Recall (Sensitivity) 0.553
Specificity 0.843
F1l-score 0.426
ROC-AUC 0.725
Brier Score 0.190

The Receiver Operating Characteristic (ROC) curve and Precision—Recall (PR)
curve for the optimized CatBoost model are presented in Figures 5 and 6, respec-
tively.

ROC Curve for the Final CatBoost Model

1.0 1

0.8 4

0.6 1

0.4 1

True Positive Rate

0.2 1

0.0 1 CatBoost (AUC = 0.737)

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

FIGURE 5. Receiver Operating Characteristic (ROC) curve of the
optimized CatBoost model.
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Precision-Recall Curve
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FIGURE 6. Precision-Recall curve of the optimized CatBoost model.

4.6. Internal Validation. Five-fold stratified cross-validation was performed
to evaluate the robustness of the proposed framework. The CatBoost model
achieved a mean ROC-AUC of 0.746 with a standard deviation of 0.021. The
corresponding 95% confidence interval ranged from 0.708 to 0.785 (Table 5), in-
dicating stable predictive performance across different data partitions.

TABLE 5. Internal validation results of the CatBoost model.

Metric Value
Mean ROC-AUC 0.746
Standard Deviation 0.021

95% Confidence Interval 0.708-0.785

These findings indicate that the proposed model generalized well across differ-
ent data partitions, suggesting that sampling variability had minimal influence
on its predictive performance.

4.7. Statistical Comparison of Algorithms. Pairwise comparisons of the
cross-validated ROC-AUC values were conducted to determine whether CatBoost
significantly outperformed the competing machine learning algorithms. As pre-
sented in Table 6, CatBoost significantly outperformed Random Forest, XGBoost,
and Light GBM. However, the difference between CatBoost and Logistic Regres-
sion was not statistically significant because the corresponding 95% confidence
interval included zero.

Overall, CatBoost demonstrated the highest predictive performance among the
evaluated algorithms. Although its improvement over Logistic Regression was
not statistically significant, it consistently outperformed the remaining ensemble
learning models.
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TABLE 6. Pairwise comparison of model discrimination performance.

Comparison Mean AAUC 95% CI Significant
CatBoost vs Logistic Regression 0.015 —0.010-0.043 No
CatBoost vs Random Forest 0.046 0.017-0.074 Yes
CatBoost vs XGBoost 0.062 0.035-0.090 Yes
CatBoost vs Light GBM 0.076 0.041-0.114 Yes

4.8. Explainability Analysis. Global explainability analysis based on SHapley
Additive exPlanations (SHAP) identified Node Ratio as the most influential pre-
dictor of breast cancer survival, followed by Age, Hormone Index, Tumor Burden,
and Histological Grade (Table 7 and Figure 7).

Survival Months
Hormone Receptor Score
Progesterone Status
Positive Node_ Percentage
Lymph_Node_Ratio

Node_ Burden
Tumor_Burden

Grade

Estrogen Status

Race

Marital Status

Tumor Size

Tumor_Age_ Ratio
Regional Node Examined
Age

Reginol Node Positive

6th Staae

Ficure 7. SHAP summary plot showing global feature importance.

TABLE 7. Ranking of predictors according to mean absolute SHAP values.

Rank Variable Mean Absolute SHAP Value
1 Node Ratio 0.291
2 Age 0.238
3 Hormone Index 0.180
4 Tumor Burden 0.153
5 Histological Grade 0.150

The prominent contribution of Node Ratio indicates that the proportion of
positive lymph nodes relative to the total number of examined lymph nodes
was the most influential predictor of breast cancer survival. As illustrated in
Figure 8, the SHAP dependence and waterfall plots further demonstrated how
the most important features contributed to individual model predictions, thereby
enhancing the transparency and interpretability of the proposed framework.
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FIGURE 8. SHAP dependence plot for Node Ratio (left hand side)
and SHAP waterfall plot (right hand side).

4.9. Calibration Assessment. Calibration analysis demonstrated good agree-
ment between the predicted probabilities and the observed outcomes (Figure 9).
The calibration curve, together with the relatively low Brier score, indicated that
the model generated reasonably accurate risk estimates and may therefore be
suitable for supporting clinical decision-making. Overall, the proposed leakage-
aware and explainable machine learning framework demonstrated stable predic-
tive performance, identified clinically relevant prognostic factors, and generated
interpretable predictions that could support breast cancer risk stratification and
individualized patient management.

Calibration Plot
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F1GURE 9. Calibration curve of the optimized CatBoost model.

5. DIscussioN OF RESULT

In this study, an explainable and leakage-aware machine learning framework
was developed and evaluated for breast cancer survival prediction using clinico-
pathological variables and engineered prognostic features derived from the SEER
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database. Among the evaluated algorithms, CatBoost achieved the best over-
all performance with a test ROC-AUC of 0.725 and a five-fold cross-validated
mean ROC-AUC of 0.746 (95% CI: 0.708-0.785). Although the discriminative
performance was moderate, the proposed framework demonstrated stable gener-
alization, good calibration, and clinically interpretable predictions through ex-
plainable artificial intelligence (XAI). These findings suggest that interpretable
machine learning models can provide clinically meaningful prognostic information
without sacrificing transparency.

CatBoost outperformed Random Forest, XGBoost, and Light GBM, likely be-
cause of its ordered boosting strategy and symmetric tree construction, which
reduce prediction shift and improve generalization on heterogeneous tabular clin-
ical datasets [12]. Statistical comparisons further confirmed that CatBoost signif-
icantly outperformed Random Forest, XGBoost, and Light GBM, while its perfor-
mance was statistically comparable to Logistic Regression. This finding indicates
that although nonlinear ensemble models effectively capture complex interactions
among predictors, well-designed conventional statistical models remain compet-
itive when clinically relevant predictors are carefully engineered. The predictive
performance observed in this study is consistent with recent population-based
breast cancer survival prediction studies, where gradient boosting and ensem-
ble learning methods generally achieve ROC-AUC values between 0.70 and 0.80
[9, 12]. The moderate performance may therefore reflect inherent limitations of
registry-based datasets rather than deficiencies of the modelling approach. The
SEER database lacks several important prognostic factors, including HER2 sta-
tus, Ki-67 proliferation index, genomic signatures, treatment adherence, and re-
currence information, all of which may further improve predictive performance.

One major contribution of this work is the incorporation of clinically meaningful
engineered prognostic features. SHAP analysis consistently identified Node Ra-
tio, Age, Hormone Index, Tumour Burden, and Histological Grade as the most
influential predictors. The importance of Node Ratio is biologically plausible be-
cause it reflects both disease burden and the adequacy of lymph node assessment.
Previous studies have similarly demonstrated that lymph node ratio is an inde-
pendent prognostic indicator across multiple breast cancer subtypes [4, 3]. These
findings indicate that engineered variables integrating multiple clinical character-
istics can substantially enhance prognostic modelling.

Age was the second most influential predictor. Older patients generally experience
poorer breast cancer outcomes because of increased comorbidities, reduced physi-
ological reserve, and lower tolerance for intensive treatments [1]. Hormone recep-
tor status also showed strong predictive importance, consistent with evidence that
hormone receptor-positive tumours respond more favourably to endocrine ther-
apy and are associated with improved survival compared with receptor-negative
disease [9]. Tumour Burden and Histological Grade also contributed substan-
tially to prediction performance. Tumour size and nodal involvement remain
fundamental components of breast cancer staging because they reflect disease ex-
tent and metastatic potential [4]. Likewise, poorly differentiated tumours exhibit
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more aggressive biological behaviour and poorer clinical outcomes [14, 9]. The
agreement between SHAP explanations and established clinical knowledge sup-
ports the biological plausibility of the proposed framework and suggests that the
model learns clinically meaningful relationships rather than spurious correlations.

A notable methodological strength of this study is the explicit prevention of infor-
mation leakage. Although Survival Months showed a moderate negative correla-
tion with the outcome, it was deliberately excluded because it is a post-diagnostic
variable unavailable during clinical prediction. Preventing information leakage is
increasingly recognised as essential in clinical artificial intelligence, as leakage
can substantially inflate reported performance while reducing real-world general-
izability [8]. The systematic identification and removal of leakage-prone variables
therefore improve the reliability of the proposed framework. Beyond discrimina-
tion, this study also evaluated calibration and model explainability, two aspects
frequently overlooked in clinical machine learning research. Reliable probability
estimates are essential because clinicians rely on predicted risks when making
treatment decisions and counselling patients [9, 18]. The low Brier score and
well-aligned calibration curve demonstrated good agreement between predicted
probabilities and observed outcomes. Furthermore, SHAP explanations improved
transparency by providing both global feature importance and patient-specific
prediction explanations, thereby increasing confidence in the model’s clinical ap-
plicability.

The proposed framework has several potential clinical applications. It may fa-
cilitate early identification of high-risk patients, support individualized follow-up
strategies, and assist treatment planning. The engineered prognostic features re-
quire only routinely collected clinicopathological information and therefore avoid
expensive molecular testing. Importantly, the framework is intended to comple-
ment rather than replace existing staging systems by providing individualized risk
estimates while maintaining clinical interpretability. Despite these strengths, sev-
eral limitations should be acknowledged. The retrospective nature of the SEER
registry introduces the possibility of selection bias and residual confounding. The
absence of molecular biomarkers, genomic information, detailed treatment vari-
ables, and recurrence data may have constrained predictive performance. Ex-
ternal validation using independent multicentre cohorts was not performed and
remains necessary before clinical implementation. Finally, survival prediction was
formulated as a binary classification problem rather than a time-to-event analy-
sis. Future studies should investigate explainable survival modelling techniques
that explicitly account for censoring and temporal changes in risk.

Overall, this study demonstrates that an interpretable and leakage-aware machine
learning framework can provide reproducible breast cancer survival predictions
while maintaining biological plausibility and clinical transparency. The identi-
fication of Node Ratio, Age, Hormone Index, Tumour Burden, and Histological
Grade as dominant predictors further supports the value of clinically informed
feature engineering for improving prognostic modelling.
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6. CONCLUSION

This study developed and validated an interpretable and leakage-aware machine
learning framework for breast cancer survival prediction using routinely collected
clinicopathological variables from the SEER database together with engineered
prognostic features. The proposed framework addresses several methodological
challenges in clinical machine learning, including information leakage, class im-
balance, model calibration, and explainability.

CatBoost achieved the highest predictive performance, with a test ROC-AUC of
0.725 and a five-fold cross-validated ROC-AUC of 0.746 (95% CI: 0.708-0.785).
Statistical comparisons demonstrated significant improvements over Random For-
est, XGBoost, and LightGBM, while performance remained comparable with
Logistic Regression. Although discrimination was moderate, the framework pro-
duced robust, reproducible, and clinically interpretable predictions. Explainabil-
ity analyses consistently identified Node Ratio, Age, Hormone Index, Tumour
Burden, Histological Grade, and N Stage as the most influential predictors, all
of which are well supported by established clinical evidence. These findings rein-
force the biological plausibility of the proposed framework and demonstrate the
value of clinically engineered features in prognostic modelling.

The framework further enhances transparency by combining SHAP explanations
with calibration assessment, thereby supporting clinician trust and facilitating
integration into future clinical decision-support systems. Rather than replacing
existing staging systems, the proposed approach complements current clinical
practice through individualized risk prediction. Future work should incorporate
molecular biomarkers, genomic information, treatment characteristics, and lon-
gitudinal follow-up data to improve predictive performance. External validation
using independent multicentre cohorts and the application of explainable survival
analysis methods will also be essential before clinical deployment.

Overall, this study provides a transparent, interpretable, and methodologically
rigorous framework for breast cancer survival prediction that may contribute to
personalized risk stratification and precision oncology.
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