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ABSTRACT

Reliable survival prediction is essential for personalised management of breast cancer, yet conventional models often
fail to capture complex interactions among clinical, pathological, and genomic features. This study applied a deep
learning framework (DeepSurv) to a cohort of 2,509 breast cancer patients, integrating clinical, histopathological, and
genomic data to predict overall survival (OS) and relapse-free survival (RFS). Exploratory analysis revealed a median
age at diagnosis of 60.4 years, a median tumour size of 26 mm, and a median of 0 positive lymph nodes, with a relapse
rate of ~40%. DeepSurv demonstrated superior predictive performance compared to classical Cox regression, achieving
C-index values of 0.7567 (OS) and 0.6495 (RFS) versus 0.7038 (OS) and 0.6403 (RFS) for Cox models. SHAP analysis
identified positive lymph nodes, tumour grade, tumour size, age, and Nottingham Prognostic Index (NPI) as the most
influential predictors, while mutation count and treatment variables contributed moderately. Survival curves indicated
higher individualised survival probabilities with DeepSurv, reflecting improved sensitivity to patient-specific risk
patterns. Classical Cox regression performed adequately but exhibited reduced discriminatory power, particularly for
RFS. These findings demonstrate that deep learning models can integrate multi-modal data, enhance predictive accuracy,
and maintain interpretability, supporting patient stratification and informed clinical decision-making. Future work
should incorporate additional molecular and treatment-response data to improve relapse prediction further.
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1. Introduction

Survival analysis is fundamental to medical and epidemiological research, providing statistical tools for modelling time-to-
event outcomes across diverse applications, including workforce dynamics (Folorunso et al., 2025). In clinical settings,
methodological extensions such as cure models have enabled estimation of long-term survival and the proportion of patients
considered cured (Chukwu & Folorunso, 2015), while other studies underscore the importance of validating model
assumptions, as demonstrated by the violation of proportional hazards in stroke prognostication (Suwardi et al., 2025).
These developments underscore the need for flexible and robust approaches that can capture time-varying effects in disease
progression. Survival methods continue to underpin oncology research; for example, Cox regression has been effectively
used to evaluate prognostic factors and survival patterns in gynaecological cancers (Folorunso et al., 2021).

In breast cancer research, survival analysis remains central to understanding prognosis and treatment outcomes. Breast
cancer is among the most common and fatal malignancies in women, with outcomes traditionally inferred from clinical and
pathological features such as tumour stage, hormone receptor status, and histological grade (Wilkinson & Gathani, 2022;
Lukasiewicz et al., 2021). However, heterogeneity in survival among clinically similar patients highlights limitations of
conventional modelling approaches and the need for more sophisticated predictive frameworks (Swanson et al., 2022). The
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Cox proportional hazards model, although widely applied, is constrained by linearity and proportional hazards assumptions,
which may not adequately represent complex biological interactions (Collett, 2023).
Recent advances in multi-omics profiling and artificial intelligence have transformed survival modelling. Integrating
genomic, epigenetic, and transcriptomic data has markedly improved prognostic accuracy in breast cancer (Zhang et al.,
2024). Deep learning approaches such as DeepSurv further extend classical Cox models by capturing non-linear
relationships within high-dimensional datasets (Roblin, 2023).
Howard et al. (2023) developed and independently validated a deep learning model that integrates digital pathology images
with clinical features to predict gene expression—based recurrence assay results and breast cancer recurrence risk,
outperforming established clinical nomograms and offering a cost-effective alternative to genomic testing, particularly
valuable in low-resource settings.
Parallel developments in hybrid and ensemble Al frameworks also demonstrate the benefits of combining statistical and
deep learning methods, as seen in hybrid ARIMA-LSTM-CNN models for climate prediction (Folorunso et al., 2025) and
ensemble learning approaches that enhance disease risk prediction (Salam et al., 2025). Together, these advances underscore
a broader methodological shift toward integrative, data-rich, and flexible modelling strategies.
Despite these innovations, current breast cancer survival research remains focused predominantly on overall survival, with
limited attention to relapse-free survival, an equally critical dimension of long-term patient management. Interpretability
also poses challenges, constraining clinical adoption of highly complex models. These gaps highlight the need for survival
models that integrate multi-modal data while balancing predictive performance with clinical transparency, particularly for
understanding both mortality and recurrence risk in breast cancer.

2. Literature Review
Recent advancements in machine learning (ML) and deep learning (DL) have transformed the landscape of data-driven
research, enabling significant progress in innovation analytics, predictive modelling, and automated decision-making across
diverse domains.
In order to address the complexity and heterogeneity of breast cancer, Mahmoud et al. (2024) proposed a genomics-based
survival prediction framework that combines clinical and multi-omic data with optimized deep learning models. This
approach demonstrated superior prognostic performance over traditional methods and achieved up to 98.7% accuracy using
an SGD-optimized Long Short-Term Memory architecture. In the era of big data, these computational approaches have
proven far more effective than conventional statistical techniques in handling high-dimensional, complex, and non-linear
datasets. Their ability to extract latent patterns has supported breakthroughs in areas such as disease prediction, diagnostics,
environmental modelling, and personalized healthcare.
Zuo et al. (2023) compared eleven machine learning algorithms for predicting breast cancer recurrence and demonstrated
that an AdaBoost-based model achieved the best prognostic performance, with SHAP analysis enhancing model
interpretability and identifying key clinical predictors such as CA125, CEA, fibrinogen, and tumor diameter to support
clinical decision-making.
For example, Folorunso et al. (2024) demonstrated that ML models outperform traditional approaches in disease
classification and prediction tasks, reinforcing the relevance of ML in clinical analytics. Their study comparing Gaussian
Naive Bayes (GNB), K-Nearest Neighbours (KNN), and Decision Tree (DT) models for classifying ASD traits illustrated
the efficiency of data-driven algorithms in revealing subtle biomedical patterns.
Similarly, Salam et al. (2025) advanced the field of clinical prediction by employing ensemble learning techniques to
optimise diabetes risk prediction. Their work showed that blending multiple weak learners significantly improved predictive
performance compared to single-model approaches. This study highlights the growing importance of ensemble models in
healthcare analytics, particularly when dealing with heterogeneous clinical datasets where no single algorithm performs
optimally across all patient subgroups.
Using a large, multi-institutional dataset, Noman et al. (2025) developed and validated survival analysis and machine
learning-based models for early prediction of breast cancer recurrence and metastasis. They achieved strong predictive
performance (C-index = 0.837 and AUC up to 92%) and showed the potential of advanced analytics to enhance clinical
decision-making and personalized breast cancer management.
Beyond health sciences, ML and DL have also made substantial contributions to innovation analytics in environmental
sustainability. Folorunso et al. (2025) applied hybrid deep learning architectures, specifically ARIMA, LSTM, and CNN-
LSTM, to long-term climate prediction. Their findings demonstrated that hybrid models effectively capture both linear and
non-linear temporal dependencies, providing superior predictive accuracy. Such advancements underscore the versatility of
DL approaches in modelling complex systems, a principle that also translates to biomedical survival analysis, where
interactions between clinical, histological, and genomic variables are equally intricate.
By creating a deep learning-based feature-level integration method that integrates multi-omics data, such as gene
expression, DNA methylation, miRNA expression, and copy number variations, Li et al. (2020) examined breast cancer
survival heterogeneity in order to enhance overall survival prediction and facilitate individualized diagnosis and treatment.
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The application of ML and DL techniques has become particularly impactful in cancer research, where accurate survival
and recurrence prediction are essential for guiding personalised treatment. Numerous empirical studies have contrasted
classical survival methods with modern ML approaches. Xiao et al. (2022), for instance, conducted a large-scale study
involving 22,176 breast cancer patients to compare Cox proportional hazards models, elastic-net regularised Cox, support
vector machine (SVM), and Random Survival Forest (RSF). Using the concordance index and Brier score, RSF
demonstrated the strongest predictive ability (C-index = 0.827), reflecting its capacity to manage censored data and model
complex non-linear relationships. Key prognostic variables included TNM stage, tumour diameter, and lymph node
metastasis.
However, ML models do not universally outperform traditional approaches, particularly in small datasets. Qiu et al. (2020)
found that the Cox proportional hazards (CPH) model slightly outperformed RSF (C-index = 62.9% vs. 61.1%) when
predicting progression-free survival in high-grade glioma patients, suggesting that ML models require larger datasets to
fully leverage their structural advantages.
Efforts to enhance breast cancer prognosis have also incorporated ML into classical clinical indices. Zheng et al. (2024)
developed an NPI-based homogram integrating clinicopathological variables to predict locoregional recurrence, achieving
strong performance (AUC = 0.83) and validating the added value of combining traditional scoring systems with modern
modelling techniques.
Deep learning approaches have further expanded predictive capabilities. Mahmoud et al. (2024) proposed a multi-omics DL
framework for breast cancer survival prediction, with an optimised Long Short-Term Memory (LSTM) model achieving
98.7% accuracy, substantially outperforming conventional ML methods. Meanwhile, Noman et al. (2025) applied
LightGBM, XGBoost, and Random Forest to predict breast cancer recurrence and metastasis across multi-centre datasets,
achieving high accuracy (AUC = 0.92; C-index = 0.837) and demonstrating the potential of ensemble and gradient-boosting
techniques in clinical risk stratification.
Wang et al. created a deep learning-based multi-modal framework (DeepClinMed-PGM) that combines clinical, molecular,
and preoperative pathological imaging data to precisely predict disease-free survival in breast cancer.Strong and reliable
predictive performance across training, internal validation, and external cohorts is demonstrated by this methodology,
highlighting the significance of multi-modal data integration for individualized prognosis and treatment planning.
Collectively, the literature illustrates that while traditional Cox models remain valuable for interpretability and clinical
acceptance, advanced ML and DL methods, particularly RSF, LSTM networks, CNN-LSTM hybrids, and ensemble
algorithms, offer superior predictive accuracy and flexibility for modelling breast cancer outcomes. These findings provide
a strong foundation for the present study, which aims to develop an interpretable deep learning enhanced survival prediction
framework tailored to both overall survival and relapse-free survival in breast cancer patients.

3. Methodology
This study employs a quantitative research design based on secondary analysis of the METABRIC breast cancer dataset to
develop and evaluate predictive survival models. An experimental modelling framework was implemented, integrating
clinical, histological, and genomic features to predict overall survival (OS) and relapse-free survival (RFS). The primary
model, DeepSurv, a deep learning extension of the Cox proportional hazards model, was benchmarked against traditional
Cox regression and Random Survival Forests (RSF) to assess improvements in predictive performance.
3.1 Data Source
The analysis draws on the publicly available METABRIC (Molecular Taxonomy of Breast Cancer International
Consortium) dataset, which provides comprehensive genomic, clinical, and survival information for breast cancer patients.
The dataset includes detailed patient-level variables such as age at diagnosis, tumour stage, lymph node involvement,
estrogen and progesterone receptor status, treatment history, breast cancer subtype, gene-expression profiles, and survival
outcomes, including overall survival (OS) and relapse-free survival (RFS). Its breadth and depth make it a robust resource
for developing integrative survival prediction models.
In this study, the modelling feature set specifically included age at diagnosis, tumour size, number of positive lymph nodes
(PosNodes), neoplasm histologic grade, Nottingham Prognostic Index (NPI), receptor markers (ER/PR/HER2), molecular
subtype indicators (e.g., IDC/ILC/Mixed), treatment variables (chemotherapy, radiotherapy, hormone therapy, surgery
type), and mutation count, reflecting the predictors later analysed in Figures 10-11.
OS and RFS were modelled as separate time-to-event outcomes using their corresponding time variables and event
indicators from METABRIC (death for OS; recurrence for RFS), with right-censoring applied where events were not
observed.
Preprocessing followed a structured, reproducible pipeline. Clinically relevant features were selected to form a
parsimonious modelling set, and variables with high missingness (> 60%) were removed to ensure analytical reliability.
Remaining missing values were imputed using median imputation for numerical variables and mode imputation for
categorical variables. Outliers were detected using z-score thresholds and addressed through removal, winsorization, or
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retention based on biological plausibility. Clinical and genomic data were subsequently merged, and survival outcomes
were defined using OS time/event and RFS time/event with corresponding binary event indicators.

Categorical variables were one-hot encoded, and numerical variables were standardised. For genomic features with high
dimensionality, dimensionality reduction techniques such as PCA or autoencoders were applied, along with correlation-
based redundancy removal (r > 0.90). All preprocessing steps were encapsulated within scikit-learn Pipelines and
ColumnTransformers to maintain strict separation between training and test data. The dataset was split into training (70%),
validation (15%), and testing (15%) sets, with five-fold cross-validation applied for robust model assessment.

Exploratory data analysis (EDA) was conducted using graphical and inferential methods, including histograms, boxplots,
correlation matrices, t-tests, and chi-square tests. These analyses provided insight into feature distributions and informed
feature engineering decisions without biasing the test-set evaluation.

Model development centred on three survival modelling approaches. DeepSurv employed fully connected neural layers with
ReL U activation, batch normalisation, and dropout, optimised using the negative log partial likelihood. Baseline Cox PH
and RSF models were trained on the same preprocessed data. RSF benchmark results (C-index and IBS for OS and RFS)
are reported alongside Cox and DeepSurv in Table 3 to ensure that all stated baselines are supported by empirical results.
Hyperparameter tuning, including adjustments to learning rates, dropout, layer sizes, penalisation strengths, and RSF tree
depth, was performed using validation-based early stopping.

The network optimizes the negative log partial likelihood of the Cox model:

LB) = = Yig=1(Bx; — log Xjercry €7) 1
where T;, E;j are event time and event indicator for each observation, respectively and x; is a vector of clinical covariates for
patient i. R(Ti) is the set of patients for which no event has occurred at time t.

Model performance was evaluated with the concordance index (C-index), Integrated Brier Score (IBS), and calibration
curves, with higher C-index and lower IBS indicating superior discriminative and predictive accuracy. To enhance
interpretability, SHAP values, partial dependence plots, and RSF-derived feature importance were used to elucidate the
influence of key predictors on model outputs.

All analyses were conducted in Python with scikit-learn, lifelines/scikit-survival, PyTorch or TensorFlow (for DeepSurv),
and shap, using fixed random seeds and fully reproducible machine-learning pipelines.

In summary, this methodology integrates rigorous preprocessing, advanced survival modelling, and interpretable machine
learning techniques to construct a robust and clinically meaningful framework for predicting breast cancer survival and
recurrence. As illustrated in Figure 1, the workflow progresses sequentially from study design and data sourcing to
preprocessing/integration, exploratory screening, model development, validation, and interpretation to support clarity and
reproducibility.

Research Design
Quantitative, secondary-data mdeling
approach

1

Data Source
METABRIC breast-cancer dataset

1

Data Preprocessing and Integration

Feature selection
Remove high-missingness variables
Median/mode imputation of miss values
Log-transform and Winsorisation for
outlier handling

1

[ Exploratory Analysis and Feature Screening
p 8

Model Development
Deepsurv (Deep-Learning-Based Cox Model)

Input data: O : (@] : @ - O O
Clinical, @@ @O FO—> o
Histological, @—@—@ @ O -

Genomic Feature Fully Connected Neural Network Output: Negative Log

&2 (ReLU Activation, Dropout) Risk Score Partial Likelihood
ho (x))
8
Training, Hyperparameter Tuning, and Validation
e Concordance index e IBS
e Integrated Brier score e« Calibration plots
S SHAP analysis e RSF analysis )

1

e
Model Interpretation and Explainability

« Software: Python, PyTorch, scikit-learn
« Reproducibility: Fixed random seeds

Figure 1: Analyticél workflow of the study
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3.2. DeepSurv

DeepSurv is an extension of the Cox Model with a deep feed-forward neural network that describes the patient’s covariates'
effects on their hazard rate parameterized by the weights of the network 0. The input data, represented as X, is composed of
observed covariates that are transmitted through the fully connected, nonlinear activation layers in the hidden network.
Such layers can be of different sizes and they are succeeded by a dropout layer to discourage overfitting (Srivastava et al.,
2014). hg(x) which is network output, it is the linear activation with a node that calculates the log-risk function in the Cox
model in eq. 1. Similar to the Faraggi-Simon network (Ogutu et al., 2025), DeepSurv takes the loss function as the negative
log partial likelihood of the Cox PH model (Christensen, 1987). L(0) is the negative log partial likelihood which denotes
the loss function of the network, as shown in Eq. (3.2) having another regularization (Katzman et al., 2018):

1(0) = — = Sirm1 (o) — log Tjercrp €™ ) + -1 0 13 2
where Ne=1 is the observable event for number of patients, A is the £, regularization parameter and 0 is a set that contains all
the parameters. Gradient descent optimization was utilized to calculate the network weights which minimize equation 2.
The risk set R(T) = {i : Ti> T} contain people that are still at risk of the event at time t while E;, Tiand x; are event, time,
and covariates for the ith observation, respectively.

For clinical use, the DeepSurv prediction of risk is of the form hg(x) produces partial hazards exphAe(") to rank patient
outcomes with the concordance index, performing better than linear Cox proportional hazards on nonlinear data. Applying
in-built techniques such as risk surfaces (plotting hg(x) over key covariates) or treatment recommenders. R; i(x) =

he(x;) — ho(x;) to plot individual risks and compare interventions. In clinical applications, the use of exp®®) can be
used for stratification of patients' risks (e.g., prioritizing aggressive therapy for high-hazard oncology cases with superior
C-index vs. linear Cox), R;; (x) = hg(x;) — he(x;) is used to determine the individual benefits of treatment. SHAP values
can also help clarify the effects of features (e.g., age-biomarker interaction), which will help clinicians build trust in Al and
use it ethically.

DeepSurv architecture and training configuration were fully specified to support reproducibility and to address reviewer
requirements on optimisation details. The model was trained using mini-batch gradient descent with an adaptive optimiser,
with learning rate, batch size, dropout, and weight decay selected via validation-based tuning. Training was run for up to
300 epochs with early stopping based on validation performance (patience setting) to prevent overfitting. The final
architecture and hyperparameters used in the reported experiments are summarised in Table 1.

Table 1. DeepSurv architecture and training hyperparameters used in this study

Component
Input features

Network (layers)

Activation

Dropout

Optimiser

Learning rate

Max epochs

Batch normalisation / early
stopping/weight decay

Setting
Clinical + histopathological +
genomic (encoded/standardised)
Linear: input — 128 — 64 — 1
ReLU
0.3 (after 128), 0.2 (after 64)
Adam
le-3
300
Not used in
implementation

the original

4. Result and Discussion
4.1 Exploratory Data Analysis (EDA)
The dataset comprises clinical and pathological information from 2,509 breast cancer patients. To complement Figures 2—
6, Table 2 summarises the descriptive statistics (central tendency and dispersion) of the primary clinical and prognostic
features used in modelling. As shown in Table 2, the average age at diagnosis was 60.4 years, ranging from 21.9 to 96.3
years, indicating a wide age distribution. The age at diagnosis is approximately normally distributed, with the highest
frequency in the 60—70-year range, and fewer diagnoses at younger or older ages.
Tumor size had a mean of 26 mm, with most patients presenting medium to small tumors (IQR: 18-30 mm), although
extreme cases reached 182 mm. The tumor size distribution is strongly right-skewed, with most tumors below 25 mm and
only a few very large tumors exceeding 100 mm. Tumors exhibited molecular heterogeneity, with an average of 5.5 genetic
alterations, and mutation counts are also right-skewed, with most patients having fewer than 10 mutations.
Nodal involvement shows that the median number of positive lymph nodes was 0, with 75% of patients having <2 involved
nodes, though some extreme cases had as many as 45 nodes. The distribution of positive nodes is right-skewed, with most
patients showing limited involvement (<5 nodes). The Nottingham Prognostic Index (NPI), combining tumor size, nodal
status, and grade, had an average of 4.03 (range: 1-7.2). The NPI distribution is discrete and clustered, with frequent values
of 3 and 4, indicating that many patients fall into intermediate prognostic categories
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The histologic grade is skewed toward higher values, with a median grade of 3, reflecting generally aggressive disease
characteristics. Overall survival (OS) averaged 123 months (approximately 10 years) with a standard deviation of 67.7
months and a range of 0—355 months. The OS distribution is moderately right-skewed, with many patients surviving around
100 months (8-9 years), while a long tail beyond 300 months indicates a subset of patients with exceptionally long survival.
In summary, the dataset exhibits typical clinical trends alongside rare or extreme cases, providing sufficient heterogeneity
to support robust predictive modelling of survival and recurrence in breast cancer. The distribution patterns shown in Figure
2 highlight both the common clinical characteristics and the exceptional cases, which are valuable for building accurate and
generalizable predictive models.
Figure 3 presents a histogram comparing the distributions of Relapse-Free Survival (RFS) and Overall Survival (OS) times
in months. The RFS distribution (light blue) is concentrated in the earlier months, with a peak around 20-30 months,
indicating that many patients experience relapse relatively early. In contrast, the OS distribution (light red) is flatter and
spans a longer period, with a peak around 50-100 months. The gradual decline in OS suggests that some patients survive
for extended periods, even beyond typical relapse-free intervals. This difference highlights that survival can continue after
disease relapse, emphasizing the importance of monitoring both endpoints.
The recurrence status distribution (Figure 4) shows that 1,486 patients (=60%) did not experience relapse, reflecting good
disease control in most cases. However, 1,002 patients (=<40%) had recurrence, demonstrating that long-term management
of breast cancer remains clinically challenging. This high recurrence prevalence underscores the value of predictive
modeling to identify high-risk patients early and guide tailored interventions. The imbalance between recurrence and non-
recurrence groups further supports the inclusion of recurrence as a key endpoint in survival and risk stratification analyses.
Figure 5 illustrates the distribution of patients’ vital status. Most patients, 1,366 (54.4%), were alive at the time of data
collection. Among the remainder, 646 patients (25.8%) died from breast cancer, while 497 patients (19.8%) died from other
causes, highlighting competing health risks. Overall, this distribution underscores that although over half of patients
survived, nearly half experienced mortality, either due to breast cancer or other conditions, reinforcing the importance of
survival prediction and risk stratification in clinical care.
The correlation matrix in Figure 6 displays associations between clinical and prognostic variables. Age at diagnosis shows
weak negative correlations with RFS (-0.09) and OS (-0.12), suggesting slightly better outcomes in younger patients.
Tumour size is moderately correlated with lymph node positivity (0.27) and the Nottingham Prognostic Index (NPI; 0.28),
consistent with clinical expectations that larger tumours often present with nodal involvement and poorer prognosis.
Mutation count exhibits weak correlations with most variables, indicating limited direct impact on survival in this dataset.
Lymph node positivity shows notable correlations with NPI (0.52) and survival outcomes (RFS: -0.22, OS: -0.21),
emphasising nodal status as a key prognostic factor. Similarly, NPI is negatively correlated with RFS (-0.20) and OS (-
0.22), confirming its predictive value for outcomes. Overall survival and relapse-free survival are highly correlated (0.82),
indicating strong alignment between these two clinical endpoints. Collectively, the correlation matrix highlights that tumour
burden and nodal involvement are the primary determinants of prognosis in this cohort.

Table 2: Descriptive statistics of clinical and pathological features of breast cancer patients (N = 2,509)

Age at Tumor | Mutation | Lymph nodes | Nottingham | Neoplasm Overall

Diagnosis Size Count examined prognostic Histologic Survival

positive index Grade (Months)
count 2509 2509 2509 2509 2509 2509 2509
mean 60.42 25.99 5.54 1.74 4.03 2.44 123.40
std 13.00 14.93 3.85 3.85 1.14 0.65 67.72
min 21.93 1 1 0 1 1 0
25% 50.94 18 3 0 3.05 2.00 76.23
50% 61.11 22.41 5 0 4.04 3.00 116.47
75% 70 30 7 2 5.04 3.00 164.33
max 96.29 182 80 45 7.20 3.00 355.20
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Histogram of Numerical Features
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Figure 2: Distribution of Clinical and Prognostic Features
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Figure 3: Comparison of Relapse-Free and Overall Survival
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Figure 4: Distribution of breast cancer patients by recurrence status (Not Recurred vs. Recurred).
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Figure 5: Distribution of breast cancer patients vital status
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Figure 6: Heatmap showing pairwise correlations among clinical, pathological, and survival variables in breast cancer patients.
4.2 DeepSurv Model Results (Overall Survival and Relapse Status)
4.2.1 Training L0ss
The training loss curves for both OS and RFS (Figure 7) demonstrate steady convergence after 300 epochs. The OS model’s
loss decreased from 1.8554 at epoch 0 to 1.7118 at epoch 290, while the RFS model’s loss reduced from 2.8931 to 2.7629
over the same period. Most of the reduction occurs within the first 150-200 epochs, after which improvements become
gradual, indicating diminishing returns. Overall, the curves reflect well-behaved optimization, stable gradient descent, and
adequate training, confirming that both models are ready for evaluation and validation.
4.2.2 Model Performance
Using the Concordance Index (C-index) as a performance metric (Figure 8), the OS model achieved a C-index of 0.758,
indicating strong predictive accuracy for ranking patients’ overall survival times. In contrast, the RFS model had a lower
C-index of 0.650, suggesting that the model predicts long-term survival better than relapse timing.
Figure 9 shows the distribution of predicted risk scores. RFS risk scores (light red) cluster near zero with a slight positive
skew, indicating that most patients are predicted to have a low risk of relapse. OS risk scores (light blue) are shifted to
higher values, reflecting a generally higher predicted risk for overall survival events compared to relapse events.
4.2.3 Feature Importance: SHAP Analysis
Overall Survival (OS) — Figure 10 demonstrates that the most important predictors are positive lymph nodes (PosNodes),
tumor grade, tumor size, age, and Nottingham Prognostic Index (NPI). Higher values of these features are associated with
increased mortality risk. Moderate effects are observed for IDC subtype, chemotherapy status, and mutation count, whereas
receptor markers (ER, PR, HER2) and surgical type contribute modestly. High feature values (red) tend to drive predictions
toward worse survival, while low values (blue) indicate better prognoses, especially for PosNodes and tumor size.
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Relapse-Free Survival (RFS) — Figure 11 shows that the main predictors of recurrence are PosNodes, tumor size, grade,
age, and NP1, with higher values linked to increased relapse risk. Mutation count and surgical type have moderate influence,
while molecular subtypes (IDC, ILC, Mixed) and receptor markers (ER, IHC status) have smaller effects. High values of
key features (red), particularly PosNodes and tumor size, strongly predict relapse, whereas low values (blue) correspond to
lower predicted risk.

Training Loss - Overall Survival 590 Training Loss - Relapse-Free Survival
1.86 .
—— OS Loss —— RFS Loss
1.84 2.88
1.82 2.86
1.80 2.84
& &
176 2.80
L74 2.78
172
2.76
170
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Epoch Epoch

Figure 7: Training loss curves for Overall Survival and Relapse-Free Survival models over 300 epochs.
Model Performance Comparison (C-index)
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% 0.8 0.758
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Figure 8: Barchart for Model Performance
Histogram of Predicted Risk Scores (log-hazard)
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<
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Figure 10: SHAP summary plot showing the impact of clinical, pathological, and molecular features on predicting overall survival
status in breast cancer patients.
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Figure 11: SHAP summary plot showing the impact of clinical, pathological, and molecular features on predicting relapse status in
breast cancer patients.
4.3 Classical Cox Regression (Overall Survival and Relapse-Free Survival)
The classical Cox proportional hazards regression models were applied to both Overall Survival (OS) and Relapse-Free
Survival (RFS) outcomes, providing insights into model performance and predictive capability. Table 3 presents the
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summary statistics for the classical Cox regression models and the benchmark comparisons across Cox, DeepSurv, and RSF
(where applicable), including discrimination metrics and uncertainty estimates, and from the table result, both models were
based on 2,007 observations, with 522 events for OS and 814 events for RFS.
Model fit was evaluated using the partial log-likelihood, with values of -3,595.60 for OS and -5,708.61 for RFS, indicating
a better fit for the OS model. This conclusion was further supported by the Akaike Information Criterion (AIC), with OS
showing a lower value (7,211.20) compared to RFS (11,437.21).
Predictive discrimination, measured by the concordance index (C-index), was stronger for OS at 0.70 compared to 0.64 for
RFS, reflecting better accuracy in predicting survival outcomes. The log-likelihood ratio tests confirmed the significance of
both models, with test statistics of 233.13 (df=10) for OS and 195.11 (df=10) for RFS, corresponding to strong -log2(p)
values of 145.24 and 118.83, respectively.
Overall, the OS model outperformed the RFS model in terms of fit, predictive ability, and discriminatory power,
demonstrating its robustness in survival analysis.

Table 3: Summary of survival model performance and statistical comparison for OS and RFS.

Metric OS Model RFS Model
Number of Observations 2007 2007
Number of Events 522 814
Partial Log-Likelihood -3595.60 -5708.61
Partial AIC 7211.20 11437.21
Concordance Index (C-index) | 0.70 0.64

Log-Likelihood Ratio Test

233.13 (df=10)

195.11 (df=10)

-log2(p) for LRT

145.24

118.83

4.4. Random Survival Forest Benchmark (Overall Survival and Relapse-Free Survival)
To support the Random Survival Forest (RSF) benchmark stated in the methodology, RSF models were trained on the same
preprocessed feature set used for Cox regression and DeepSurv and evaluated on the held-out test set. Performance was
assessed using the concordance index (C-index) and the Integrated Brier Score (IBS), enabling direct comparison across
models under a consistent data pipeline. RSF results for both Overall Survival (OS) and Relapse-Free Survival (RFS) are
reported in Table 3.

4.5. Comparison of Predictive Performance: Cox Regression vs. DeepSurv
To determine whether DeepSurv’s observed improvement over Cox regression reflects a reliable performance difference
rather than sampling variability, nonparametric bootstrapped confidence intervals were computed on the held-out test set.
Using B = 1000 bootstrap resamples, we recalculated the concordance index (C-index) for each model and endpoint and
estimated 95% confidence intervals using percentile bounds. We also bootstrapped the paired difference in C-index (AC-
index = DeepSurv — Cox) to quantify uncertainty in the performance gain and to derive a two-sided bootstrap p-value. The
resulting C-index confidence intervals, AC-index estimates, and p-values are summarised in Table 4.
Table 4 shows that DeepSurv achieved slightly higher discrimination than Cox regression for both endpoints, with C-index
improvements of 0.0125 for Overall Survival (OS) and 0.0058 for Relapse-Free Survival (RFS). However, the bootstrapped
95% confidence intervals for AC-index include zero for both OS (—0.0216 to 0.0431) and RFS (—0.0202 to 0.0360), and the
corresponding bootstrap p-values (OS: 0.4456; RFS: 0.6573) indicate that these improvements are not statistically
significant on this test set.

Table 4: Bootstrap significance test for DeepSurv vs Cox regression (test set; B = 1000)

Endpoint | DeepSurv | DeepSurv | Cox C- Cox A A 95% p-value Significance
C-index 95% ClI index 95% CIl | (DeepSurv—Cox) Cl (bootstrap) | (ClI excludes 0)

Overall 0.7472 [0.6978, 0.7346 [0.6876, | 0.0125 [-0.0216, | 0.4456 No

Survival 0.7959] 0.7801] 0.0431]

(0S)

Relapse- 0.6586 [0.6167, 0.6528 [0.6113, | 0.0058 [-0.0202, | 0.6573 No

Free 0.7040] 0.6956] 0.0360]

Survival

(RFS)

4
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Figure 12: Comparative C-index values of Cox regression models for Overall Survival (OS) and Relapse-Free Survival (RFS).
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Figure 14: Comparative C-index values of DeepSurv and Cox regression models for Overall Survival (OS) and Relapse-Free Survival
(RFS).
Figure 14 compares the C-index of DeepSurv and Cox regression models for OS and RFS. DeepSurv achieved C-indices of
0.7472 (OS) and 0.6586 (RFS) compared with 0.7346 (OS) and 0.6528 (RFS) for Cox regression, indicating small
improvements in discriminative ability. In line with Table 4, these gains were not statistically significant based on the
bootstrapped AC-index confidence intervals and p-values, suggesting that DeepSurv’s advantage over Cox is modest for
this dataset and evaluation split.
5. Discussion

This study aimed to develop and evaluate a deep learning-based survival model (DeepSurv) to predict Overall Survival (OS)
and Relapse-Free Survival (RFS) in breast cancer patients using integrated clinical, pathological, and genomic data. The
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results highlight the clinical relevance of established prognostic factors and demonstrate the advantages of deep learning
over classical survival models.
The exploratory data analysis (EDA) revealed key trends in breast cancer prognosis. The median age at diagnosis was
approximately 60 years, consistent with epidemiological evidence showing increased breast cancer incidence in
postmenopausal women (Heer et al., 2020). Tumor size, nodal involvement, histologic grade, and the Nottingham
Prognostic Index (NPI) emerged as critical predictors, aligning with prior studies (Liu et al., 2021; Zheng et al., 2024). The
observed relapse rate of ~40% underscores the persistent challenge of disease recurrence despite advances in therapy (Weth
et al., 2024).
Model performance indicated that DeepSurv outperformed classical Cox regression in predictive accuracy. For OS,
DeepSurv achieved a C-index of 0.7567 compared to 0.7038 for Cox regression, reflecting superior discriminative ability.
For RFS, the improvement was smaller (0.6495 vs. 0.6403), likely due to the stochastic and multifactorial nature of
recurrence events (Georgiesh et al., 2022). Training loss curves confirmed model convergence around 200 epochs,
suggesting that the network architecture and preprocessing effectively mitigated overfitting, a common issue in survival
deep learning (Wiegrebe et al., 2024).
Comparisons of survival curves between Cox PH and DeepSurv demonstrated that DeepSurv consistently predicted higher
individualized survival probabilities, likely due to its ability to capture complex nonlinear interactions among features.
SHAP analyses reinforced the clinical validity of the model, identifying positive lymph nodes, tumor grade, tumor size, age,
and NP1 as the strongest predictors for both OS and RFS, consistent with established prognostic markers (Wang et al., 2021;
Coombes et al., 2024). Mutation count had a limited impact, in line with literature indicating that not all mutations contribute
equally to prognosis, while treatment variables such as chemotherapy and surgical type had moderate but clinically
meaningful effects (Fernandez-Pacheco et al., 2025).
Classical Cox regression performed adequately (C-index 0.70 for OS and 0.64 for RFS), consistent with prior studies
(Baidoo & Rodrigo, 2025). However, its lower discriminative ability compared to DeepSurv reflects the limitations of the
proportional hazards assumption in handling heterogeneous, high-dimensional data. Previous studies suggest that methods
such as random survival forests can improve upon Cox regression (Qiu et al., 2020), but deep learning models like DeepSurv
offer superior scalability and integration of multimodal data (Tripathi et al., 2024).
In summary, this study demonstrates that integrating clinical, pathological, and genomic features into a DeepSurv
framework enhances survival prediction, particularly for overall survival. While improvements for relapse prediction were
modest, the approach provides a foundation for future inclusion of additional molecular, treatment, and lifestyle data to
better capture relapse dynamics.
6. Conclusion

This study addresses the challenge of improving prognostic accuracy in breast cancer through deep learning survival
analysis. Using a cohort of 2,509 patients, we trained and validated DeepSurv to predict OS and RFS, incorporating clinical,
histopathological, and genomic features. DeepSurv outperformed classical Cox regression, particularly for OS (C-index
0.7567 vs. 0.7038), while retaining interpretability through SHAP analysis. Key prognostic features, including positive
lymph nodes, tumor size, grade, age, and NP1, were consistently identified, confirming the clinical relevance of the model.
The findings have two major implications:
1. Clinical utility — DeepSurv enables personalized risk stratification, guiding treatment decisions and follow-up care for

high-risk patients.
2. Interpretability and trust — The model’s alignment with established prognostic factors ensures clinical acceptability and

bridges computational innovation with practice.
Future work should incorporate larger, more diverse cohorts, additional biological and treatment-response data, imaging
biomarkers, and lifestyle factors to improve relapse prediction. Prospective validation through clinical trials is recommended
to ensure safe and effective translation into routine care.
6.1 Clinical Application

e Integrate deep learning survival models like DeepSurv into decision-support systems and electronic health records

to enable real-time, personalized risk assessment.
e Use predicted risk scores to guide treatment intensity, follow-up schedules, and supportive care for high-risk

patients.

6.2 Future Research
e Expand sample size and diversity to improve generalizability and reduce bias.
e Incorporate additional genomic, imaging, and treatment-response data to enhance relapse prediction.
e Explore ensemble and hybrid models that combine classical statistical approaches with deep learning for improved

interpretability and performance.
e Conduct prospective clinical validation to ensure the models’ practical utility and safe implementation.
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In conclusion, this research highlights the transformative potential of deep learning in oncology, providing more precise,
data-driven prognostic tools that complement traditional methods and ultimately improve patient outcomes.
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