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Abstract

Breast cancer recurrence prediction remains a critical challenge in oncological
surveillance and personalized treatment planning. Accurate temporal modeling
of recurrence risk requires sophisticated handling of longitudinal patient data
characterized by irregular time intervals, missing values, and complex
temporal dependencies. This study presents an attention-enhanced Long Short-
Term Memory (LSTM) framework optimized for breast cancer recurrence time
prediction. The proposed architecture integrates multi-head self-attention
mechanisms with bidirectional LSTM networks to capture critical prognostic
temporal patterns from electronic health records. We incorporate time-aware
position encoding and specialized loss functions combining survival analysis
metrics with cross-entropy objectives. Comprehensive experiments on
longitudinal breast cancer datasets demonstrate superior predictive
performance compared to traditional Cox proportional hazards models and
standard recurrent neural networks. The attention mechanism successfully
identifies key temporal biomarker changes and clinical events contributing to
recurrence risk, achieving an overall C-index of 0.891. Ablation studies
confirm the substantial contribution of attention-based temporal modeling,
with improvements of 7.3% in time-dependent AUC over baseline LSTM
architectures. The interpretable attention weights provide clinically actionable
insights for oncologists in developing personalized surveillance strategies. This
research advances temporal deep learning methodologies for cancer prognosis
and establishes a foundation for Al-driven recurrence monitoring systems in
clinical practice.

1. Introduction

Clinical Significance and Challenges in Breast

Cancer Recurrence Prediction

sustained recurrence potential extending beyond ten
years 2. The heterogeneous nature of breast cancer
progression  necessitates sophisticated predictive
frameworks capable of integrating diverse clinical,
pathological, and temporal features to stratify patients
according to individual recurrence trajectories.

Breast cancer represents the most frequently diagnosed
malignancy  among  women  globally,  with
approximately 2.3 million new cases reported annually
according to GLOBOCAN 2020 statistics . Despite
significant advances in treatment modalities including
surgery, chemotherapy, radiation therapy, and targeted
molecular therapies, disease recurrence remains a
substantial clinical concern affecting patient prognosis
and quality of life. Recurrence rates vary considerably
across molecular subtypes and staging classifications,
with hormone receptor-negative tumors exhibiting
higher risk within the first five years post-treatment,
while hormone receptor-positive cases demonstrate

Traditional — prognostic  assessment tools rely
predominantly on  TNM  staging  systems,
histopathological  characteristics, and molecular

biomarkers such as estrogen receptor, progesterone
receptor, and HER2 status. While these categorical
variables provide valuable baseline risk stratification,
they fail to capture the dynamic temporal evolution of
disease markers during post-treatment surveillance
periods. Oncologists currently lack precise temporal
predictions regarding when recurrence events might
manifest, limiting their ability to optimize surveillance
scheduling and intervention timing. The clinical utility
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of predictive models extends beyond binary recurrence
classification to encompass accurate time-to-event
estimation, enabling proactive rather than reactive
patient management strategies.

The application of machine learning methodologies to
breast cancer recurrence prediction faces several
fundamental challenges inherent to medical data
characteristics. Electronic health records contain
longitudinal measurements collected at irregular time
intervals determined by clinical protocols rather than
fixed schedules, creating temporal heterogeneity in
feature availability ). Missing data patterns reflect both
systematic factors such as test ordering practices and
random factors including patient compliance variability.
Class imbalance presents another significant obstacle,
as recurrence events typically affect only 15-30% of
early-stage breast cancer cohorts within standard
follow-up periods. These data characteristics demand
specialized preprocessing strategies and modeling
architectures capable of robust performance despite
sparse, irregular, and incomplete temporal sequences.

Deep Learning Advances in Medical Temporal
Prediction

Recent developments in deep learning architectures
have demonstrated remarkable capabilities for
processing sequential medical data and extracting
prognostic patterns from electronic health records.
Recurrent neural networks, particularly Long Short-
Term Memory units, address the challenge of learning
long-term temporal dependencies through specialized
gating mechanisms controlling information flow across
time steps . LSTM architectures have achieved
success in various medical prediction tasks including
heart failure onset detection, sepsis risk stratification,
and cancer progression modeling. The fundamental
advantage of LSTM networks lies in their capacity to
selectively retain relevant historical information while
discarding irrelevant temporal noise, a property
especially valuable when analyzing extended
surveillance periods spanning multiple years.

Attention mechanisms represent a transformative
advancement in sequence modeling, enabling neural
networks to dynamically weight the importance of
different temporal positions when making predictions
131, Unlike standard recurrent architectures that compress
entire input sequences into fixed-dimensional hidden
states, attention-based models maintain direct access to
all historical time points and learn adaptive weighting
schemes based on prediction context. This architectural
innovation addresses the information bottleneck
problem inherent to fixed-capacity memory cells,
particularly beneficial for long sequences characteristic
of cancer surveillance data. Self-attention mechanisms
further enhance modeling flexibility by computing
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pairwise relationships among all temporal positions,
capturing complex interaction patterns between clinical
events separated by extended time intervals.

Despite these architectural advances, existing deep
learning approaches to breast cancer recurrence
prediction exhibit several limitations constraining their
clinical translation. Many studies employ simplified
temporal modeling that treats patient visits as uniformly
spaced discrete events, ignoring actual temporal
intervals between assessments. The integration of
attention mechanisms often focuses exclusively on visit-
level importance weighting without considering within-
visit temporal dynamics or time-dependent biomarker
trajectories [, Model interpretability —remains
insufficient for clinical acceptance, as oncologists
require transparent explanations regarding which
temporal features drive recurrence risk predictions. The
optimization objectives used in training frequently
prioritize classification accuracy over survival analysis
metrics specifically designed for time-to-event data with
censored observations.

Research Contributions and Paper Organization

This research addresses these methodological gaps
through a comprehensive temporal modeling
framework specifically optimized for breast cancer
recurrence time prediction. The primary contributions
include: development of an attention-enhanced LSTM
architecture incorporating both visit-level and feature-
level temporal attention; implementation of time-aware
position encoding that explicitly represents variable
time intervals between clinical assessments; design of a
composite loss function combining survival analysis
concordance metrics with cross-entropy classification
objectives; creation of specialized data preprocessing
strategies handling missing values and class imbalance
while preserving temporal integrity; comprehensive
experimental validation on longitudinal breast cancer
datasets with rigorous ablation studies quantifying
individual component contributions.

The proposed attention mechanism operates at multiple
hierarchical levels, first computing self-attention across
temporal visit sequences to identify critical surveillance
time points, then applying feature-level attention to
determine which biomarkers and clinical variables
exhibit the strongest associations with recurrence risk at
each temporal position. This dual-attention architecture
enables both global temporal pattern recognition and
fine-grained feature importance assessment. The time-
aware encoding scheme transforms irregular temporal
intervals into learnable positional representations,
allowing the network to differentiate between closely
spaced assessments indicative of active monitoring
versus widely spaced visits during stable periods.
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The remainder of this paper proceeds as follows. Section
2 reviews related work on machine learning approaches
to breast cancer recurrence prediction and attention
mechanisms in medical temporal modeling. Section 3
presents the detailed methodology including problem
formulation, network architecture, and training
strategies. Section 4 describes experimental setup,
presents comparative results, and analyzes model
interpretability through attention weight visualization.
Section 5 concludes with discussion of findings,
limitations, and future research directions.

Related Work

Machine Learning Methods for Breast Cancer
Recurrence Prediction

Statistical survival analysis has long served as the
foundation for cancer prognosis modeling, with Cox
proportional hazards regression remaining the clinical
standard for time-to-event prediction. The Cox model
assumes that predictor effects on hazard rates remain
constant over time, an assumption frequently violated in
breast cancer where risk patterns differ substantially
across molecular subtypes and follow-up periods.
Extensions incorporating time-varying coefficients and
stratification techniques address some limitations but
maintain linear modeling assumptions restricting their
capacity to capture complex nonlinear relationships
among clinical variables 7. Kaplan-Meier estimators
provide non-parametric survival curve estimation useful
for population-level analysis but lack individualized
prediction capabilities essential for personalized
medicine applications.

The emergence of ensemble machine learning methods
introduced powerful nonlinear modeling capabilities to
recurrence prediction tasks. Random forests, gradient
boosting machines, and support vector machines
demonstrated improved discriminative performance
compared to traditional statistical models in numerous
breast cancer cohorts ¥l XGBoost and LightGBM
algorithms achieved particularly strong results through
iterative boosting procedures and optimized tree-
splitting strategies. These methods effectively handle
high-dimensional feature spaces and automatically
capture interaction effects without explicit specification.
Their primary limitation lies in processing temporal
sequences, as standard implementations require manual
feature engineering to summarize longitudinal
measurements into static predictors, discarding
potentially informative temporal dynamics in the
process.

Recent investigations explored deep learning
architectures specifically designed for temporal breast
cancer data. Several studies applied standard LSTM
networks to sequential clinical records, demonstrating
improved recurrence prediction compared to static
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feature approaches. One investigation utilized three-
layer LSTM architectures trained on electronic health
record sequences, achieving 89% recall for recurrence
detection. Another study compared LSTM, GRU, and
convolutional neural networks on Wisconsin breast
cancer data, with deep learning models consistently
outperforming traditional machine learning baselines.
These initial explorations validated the potential of
recurrent architectures but typically employed relatively
simple network designs without attention mechanisms
or survival analysis optimization objectives.

Attention Mechanisms in Medical

Modeling

Sequence

The introduction of attention mechanisms to medical
prediction tasks marked a paradigm shift in temporal
modeling capabilities and model interpretability. The
RETAIN architecture pioneered reverse-time attention
for electronic health records, computing attention
weights that identify influential past visits contributing
to current predictions . By processing patient histories
in reverse chronological order, RETAIN mimics
physician cognitive processes when reviewing records
and generates interpretable attention scores highlighting
critical clinical events. This architectural innovation
demonstrated that attention mechanisms could
simultaneously improve predictive performance and
provide transparent explanations suitable for clinical
decision support applications. Subsequent
implementations adapted RETAIN principles to various
medical prediction tasks including heart failure onset
and adverse event detection.

Bidirectional attention architectures further enhanced
temporal modeling by processing sequences in both
forward and backward directions before computing
attention weights. BILSTM-based models with attention
mechanisms achieved superior performance on disease
prediction tasks using MIMIC-III intensive care data [1%],
The bidirectional processing enables networks to
consider both preceding and succeeding clinical events
when determining temporal importance weights,
particularly valuable for retrospective analysis where
future events inform understanding of past risk factors.
Multi-head attention mechanisms introduced additional
modeling flexibility by learning multiple parallel
attention patterns, allowing networks to simultaneously
capture different types of temporal relationships such as
short-term fluctuations and long-term trends.

Time-aware attention represents a critical refinement
addressing temporal heterogeneity in electronic health
records. Standard attention mechanisms treat all
temporal positions equally regardless of actual time
intervals separating clinical events. Advanced
architectures incorporate explicit temporal distance
encoding, allowing attention weights to account for both
event ordering and absolute timing !, Parametric
functions mapping time intervals to attention

Vol. 6(1), pp. 80-98, January 2026

(82]



Journal of Advanced Computing Systems (JACS)

modulation factors enable networks to learn appropriate
temporal decay patterns, recognizing that recent events
typically exert stronger influence on current risk
compared to distant historical observations. Graph-
based attention mechanisms model temporal medical
data as structured graphs with time-dependent edge
weights, capturing complex relationships among
diagnoses, treatments, and outcomes across extended
surveillance periods 1.

Survival Analysis in Deep Learning Frameworks

The integration of survival analysis principles into deep
learning  architectures  addresses the  unique
characteristics of time-to-event data including right-
censoring and time-varying hazards. DeepSurv
pioneered neural network implementations of Cox
proportional hazards models, replacing linear predictor
functions with multi-layer perceptrons capable of
learning nonlinear hazard relationships [*). This
approach maintains the interpretable hazard ratio
framework of Cox regression while gaining the
representational flexibility of deep learning. DeepHit
extended these concepts to handle competing risks
scenarios common in cancer studies where patients face
multiple potential outcomes. The architecture employs
softmax output layers representing discrete time interval
hazards, trained using likelihood functions accounting
for censored observations.

Recurrent neural network adaptations of survival
analysis specifically target temporal sequence data. The
RNN-SURYV architecture processes longitudinal patient
records through LSTM layers before computing time-
dependent hazard predictions Y. This approach
naturally handles time-varying covariates by
incorporating updated measurements at each time step
rather than requiring static feature summaries.
Conditional variational autoencoders combined with
LSTM encoders enable joint learning of survival
prediction and longitudinal trajectory reconstruction,
providing regularization benefits and enhanced
robustness to irregular sampling patterns. Multi-task
learning frameworks simultaneously optimize survival
prediction alongside related clinical objectives,
improving overall model performance through shared
representations.

Recent methodological advances explored specialized
neural network architectures for recurrent event
prediction, particularly relevant for cancer contexts
where patients may experience multiple recurrence
episodes. The LSTM-Cox model applies Cox regression
to LSTM-derived temporal representations, achieving
concordance indices exceeding 0.90 on bladder cancer
recurrence data 3!, Copula-based activation functions
incorporated into convolutional-LSTM hybrids model
complex dependency structures among multivariate
survival endpoints. These sophisticated approaches
demonstrate the ongoing convergence of classical
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survival analysis methodology with modern deep
learning techniques, creating powerful frameworks
capable of handling the full complexity of longitudinal
cancer data while maintaining statistical rigor
appropriate for clinical applications.

Methodology

Problem Formulation and Data Preprocessing
Mathematical Problem Definition

The breast cancer recurrence time prediction task
involves learning a mapping from longitudinal patient
records to continuous-time survival distributions.
Formally, consider a cohort of N patients indexed by 1 =
1, ..., N. Each patient's temporal record consists of a
variable-length sequence of clinical visits Vi = {vI/i,
v2M, ..., vTi*i} where Ti denotes the total number of
visits for patient i. Each visit vt" occurring at time Tt
contains a feature vector xt"i € R"d representing clinical
measurements, laboratory values, imaging results, and
treatment information. Model Output Definition: The
model produces a continuous risk score yi € [0, 1]
representing the predicted hazard function value at the
current time point, which can be interpreted as
recurrence probability within a specified prediction
window. This risk score serves dual purposes: (1)
ranking patients by relative recurrence risk for
concordance-based survival analysis, and (2) binary
classification when thresholded to distinguish high-risk
from low-risk cases. Formally, for survival analysis
evaluation, we treat i as a continuous risk score where
higher values indicate greater hazard. For classification
metrics, we apply a learned threshold t to convert risk
scores into binary predictions yi = 1(yi > 1).

The objective function combines survival analysis
concordance metrics with classification accuracy. The
Harrell's C-index quantifies the proportion of patient
pairs for which the model correctly orders predicted risk
scores relative to observed event times. For patients i
and j with event times ti < tj where both experience
recurrence (6i = 1, §j = 1), concordance requires that the
model assigns higher risk score to patient i compared to
patient j. The optimization objective combines three
complementary loss components: (1) survival
concordance loss Lconcordance that enforces correct
risk ordering among patient pairs based on observed
event times, (2) binary cross-entropy loss Lbce that
encourages  discriminative  separation  between
recurrence and non-recurrence cases using time-
dependent labels derived from survival status at specific
prediction horizons, and (3) regularization term
Lregularization controlling model complexity. The
complete loss function is: L(0) = aLconcordance(0) +
BLbce(6) + yLregularization(d) where weighting
hyperparameters a, 3, y are tuned via cross-validation to
balance the multiple objectives while maintaining focus
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on survival analysis performance as measured by C-
index. This multi-objective formulation ensures that the
trained model excels at both accurate time-ordering of
events and discriminative separation between
recurrence and non-recurrence cases.

Temporal Data Preprocessing and Feature Engineering

Longitudinal breast cancer surveillance data exhibits
substantial heterogeneity in temporal sampling patterns,
measurement completeness, and feature availability
across patients and institutions. Preprocessing strategies
must address these complexities while preserving
temporal information critical for accurate recurrence
prediction. The temporal alignment procedure
transforms variable-length sequences into fixed-length
representations suitable for batch processing. Rather
than truncating or padding to a maximum sequence
length, the framework implements adaptive pooling that
samples key time points from each patient's follow-up
trajectory. Specifically, the algorithm identifies critical
temporal landmarks including surgery date, treatment
completion, and milestone follow-up assessments at 6
months, 1 year, 3 years, and 5 years post-treatment.
Additional intermediate visits are sampled to achieve
uniform temporal resolution within available
surveillance periods.

Missing value imputation for temporal medical data
requires careful consideration of missingness
mechanisms and temporal dependencies. Simple
strategies such as forward filling or mean substitution
fail to account for temporal trends and clinical context.
The proposed approach employs a two-stage imputation
procedure combining domain knowledge with data-
driven learning. Stage one applies clinical guidelines for
normal ranges and typical trajectories, using
knowledge-based rules to fill missing laboratory values
with clinically appropriate defaults based on patient
demographics, treatment regimens, and concurrent
measurements. Stage two trains a temporal imputation
network using LSTM autoencoders that learn to
reconstruct  missing  values  from  observed
measurements in the temporal neighborhood. The
autoencoder architecture comprises bidirectional LSTM
encoders processing available features forward and
backward in time, followed by decoder networks
generating imputed values conditioned on encoded
temporal context.

Class imbalance mitigation employs a hybrid strategy
combining data-level and algorithm-level techniques.
At the data level, synthetic minority oversampling

generates  additional recurrence cases through
interpolation in feature space, with temporal
consistency constraints ensuring that synthetic

sequences maintain plausible clinical trajectories rather
than creating impossible temporal patterns. The
SMOTE algorithm operates separately within each
molecular subtype to preserve biological heterogeneity
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patterns. At the algorithm level, the loss function
incorporates class-balanced weighting that amplifies the
contribution of minority class samples during training.
The weights are computed as wi =N/ (C x ni) where C
represents the number of classes and ni denotes the
sample count for class i, ensuring that rare recurrence
events receive proportional representation in gradient
updates despite numerical underrepresentation in the
training cohort.

Attention-Enhanced LSTM Network Architecture
Bidirectional LSTM Foundation

The foundational component of the proposed
architecture consists of multi-layer bidirectional LSTM
networks processing temporal visit sequences. Each
LSTM unit maintains a cell state ct and hidden state ht
updated according to gating mechanisms controlling
information flow. The forget gate ft determines which
information from previous cell state ct-1 should be
discarded: ft = o(Wf - [ht-1, xt] + bf) where ¢ denotes
the sigmoid activation function, WT represents learned
weight matrices, and bf denotes bias terms. The input
gate it controls which new information gets stored: it =
o(Wi - [ht-1, xt] + bi), while the candidate cell state
computes potential updates: ¢t = tanh(Wc¢ - [ht-1, xt] +
bc). The cell state update combines forget and input
gates: ct=ft © ct-1 + it © ¢t where (© denotes element-
wise multiplication. The output gate ot determines
which portions of the cell state get exposed: ot = 6(Wo
- [ht-1, xt] + bo), generating the hidden state: ht = ot (O
tanh(ct).

The bidirectional architecture processes sequences in
both forward and backward directions before
concatenating hidden states. The forward LSTM
processes the sequence from t = 1 to t = T, computing
forward hidden states h—t at each time step.
Simultaneously, the backward LSTM processes from t
=T to t = 1, generating backward hidden states h«t.
The combined representation at time t is obtained
through concatenation: ht = [h—t; h<t], creating a
comprehensive encoding that captures both preceding
and succeeding temporal context. This bidirectional
processing proves particularly valuable for retrospective
analysis where the full temporal trajectory informs
understanding of risk factors at intermediate time points.
The network employs a stacked architecture with three
bidirectional LSTM layers, each containing 128 hidden
units per direction, totaling 256-dimensional hidden
states after concatenation.

Multi-Head Self-Attention Mechanism

The attention mechanism operates hierarchically, first
computing self-attention across temporal positions to
identify critical time points, then applying feature-level
attention to determine important clinical variables. The
temporal self-attention implements a scaled dot-product
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attention architecture processing the sequence of LSTM
hidden states H=[h1, h2, ..., hT]. Query, key, and value
projections are computed as Q = HWQ, K=HWK, V =
HWV where WQ, WK, WV represent learned
projection matrices. The attention weights are calculated
as A = softmax((QKT) / Vdk) where dk denotes the
dimensionality of key vectors, with the scaling factor
preventing saturation in the softmax function for long
sequences. The attention output is computed as Z = AV,
producing a weighted combination of value vectors
where the weights reflect the importance of each
temporal position for the prediction task.

Multi-head attention extends this mechanism by
learning H parallel attention patterns, allowing the
network to simultaneously attend to different temporal
relationships. Each attention head h operates with
separate projection matrices WQ”h, WK”h, WV"h,
computing independent attention outputs Zh. The final
multi-head attention output concatenates all head
outputs: MultiHead(H) = [Z1; Z2; ...; ZH]WO where
WO performs a final learned projection. This multi-head
design enables the model to capture diverse temporal
patterns such as short-term fluctuations in tumor
markers, medium-term treatment response dynamics,
and long-term surveillance trends within a single unified
architecture. The implementation employs 8§ attention
heads with 64-dimensional projections per head,
maintaining a total dimensionality of 512 that matches
the LSTM hidden state size.

The feature-level attention mechanism operates within
each time step to identify which clinical variables most
strongly influence recurrence risk. Given the feature
vector xt containing measurements for multiple
biomarkers, laboratory values, and clinical indicators,
the attention module computes importance weights for
each feature dimension. The feature attention employs a
learned context vector u that represents an idealized
high-risk profile, computing similarity scores between
each feature and this context through an attention
network: at,j = exp(f(xt,j, u)) / Zk exp(f(xt,k, u)) where
f represents a learned similarity function implemented
as a two-layer feedforward network. The attended
feature representation combines original features
weighted by attention scores: Xt = Xj at,j xt,j. This dual-
attention design enables the model to simultaneously
learn which time points and which features within those
time points drive recurrence predictions.

Time-Aware Position Encoding

Standard position encoding schemes developed for
natural language processing assume uniformly spaced
sequence eclements, inappropriate for medical data
where actual time intervals between visits vary
substantially. The proposed time-aware encoding
explicitly represents temporal distances between
clinical assessments, allowing the network to
differentiate between frequent monitoring periods and
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extended surveillance gaps. The encoding function
maps the actual time interval At between consecutive
visits to a learned positional representation. A
parametric function computes temporal embeddings
using sinusoidal basis functions with learnable
frequency parameters: PE(At) = [sin(w1At), cos(m1At),
sin(m2At), cos(w2At), ..., sin(wD/2At), cos(mD/2At)]
where i represent learned frequency parameters and D
denotes the embedding dimensionality.

The temporal embeddings are added to LSTM hidden
states before attention computation, providing the
attention mechanism with explicit temporal distance
information. This encoding strategy enables the network
to learn appropriate temporal decay patterns,
recognizing that recent clinical events typically exert
stronger influence on current recurrence risk compared
to distant historical observations. The learnable
frequency parameters adapt during training to capture
domain-specific temporal dynamics characteristic of
breast cancer surveillance protocols. For instance, the
model may learn to assign high importance to
measurements taken at standard follow-up milestones
such as 6-month, 1-year, and 3-year assessments while
appropriately discounting intervening routine visits
without significant clinical findings.

Model Training and Optimization
Composite Loss Function Design

The training objective combines multiple loss
components designed to optimize survival analysis
performance, classification accuracy, and temporal
consistency. The concordance loss directly optimizes
Harrell's C-index by penalizing incorrectly ordered
patient pairs. For each pair of patients (i, j) where ti <t;
and both experienced recurrence events, the loss
contribution is Lpair(i,j) = max(0, 1 - (yi - ¥j)) where i
and ¥j represent predicted risk scores. This ranking loss
encourages the model to assign higher risk scores to
patients with earlier recurrence times. The full
concordance loss averages over all valid patient pairs:
Lconcordance = (1/Npairs) X(i,j) Lpair(i,j) where
Npairs denotes the number of comparable pairs.

The Dbinary cross-entropy loss complements
concordance optimization by encouraging
discriminative separation between recurrence and non-
recurrence cases: Lbce = -(1/N) Xi [yi log(yi) + (1-yi)
log(1-9i)]. This component ensures that the model
learns to effectively distinguish between patients who
will and will not experience recurrence events,
regardless of precise timing. The class-balanced
weighting scheme assigns higher importance to
minority class samples: Lbce-weighted = -(1/N) Zi wi[yi
log(yi) + (1-yi) log(1-§1)] where wi represents the class-
specific weight computed from training set statistics.
This weighting prevents the model from trivially
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minimizing loss by predicting the majority class for all
instances.

The temporal consistency regularization term penalizes
implausible temporal patterns in learned
representations. Consecutive time points should exhibit
smooth transitions rather than abrupt discontinuities,
reflecting the gradual evolution of biological processes
underlying cancer recurrence. The regularization
computes: Ltemporal = (1/T) Zt |ht - ht-1]2,
encouraging adjacent hidden states to remain similar
while allowing gradual changes across the full temporal
sequence. The complete composite loss function
combines these components: L = alLconcordance +
BLbce-weighted + yLtemporal + AL2 where the L2 term
penalizes large weight values and hyperparameters a, 3,
v, A balance the various objectives. Grid search over
validation sets determines optimal weighting values of
0=04,=04,y=0.151=0.05.

Loss Function Clarification: It is important to
distinguish between the continuous risk score Vi
produced by the model and its application in different
loss components. For concordance loss, i functions as
a continuous ranking score where only relative ordering
matters. For binary cross-entropy loss, we define time-
window-specific binary targets: for t-year prediction,
yi(t) = 1(ti <t A 81 = 1) indicates whether patient 1
experienced recurrence before time t. The model learns
to produce risk scores that simultaneously satisfy
concordance ordering constraints and probabilistic
calibration for these time-specific classification targets.

Training Procedure and Optimization Strategy

The training procedure employs the Adam optimization
algorithm with adaptive learning rate scheduling to
ensure stable convergence. The initial learning rate of
0.001 decreases according to a cosine annealing
schedule that gradually reduces the rate over training
epochs, allowing fine-grained optimization in later
stages. The batch size of 32 patients balances
computational efficiency with gradient estimate quality,
with batches stratified to maintain consistent recurrence
rate representation. Data augmentation applies to
training batches through temporal jittering that slightly
perturbs visit timing and measurement values within
clinically plausible ranges, improving model robustness
to data collection variability.

Regularization techniques prevent overfitting to training
data patterns that fail to generalize. Dropout with
probability 0.3 randomly deactivates network units
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during training, forcing the model to learn redundant
representations robust to individual neuron failures.
Layer normalization stabilizes hidden state distributions
across the depth of the network, facilitating gradient
flow in deep architectures. Early stopping monitors
validation set performance, terminating training when
C-index fails to improve for 10 consecutive epochs. This
strategy prevents excessive optimization to training set
idiosyncrasies while identifying the optimal model
checkpoint.

The k-fold cross-validation framework with k = 5
provides robust performance estimates accounting for
data partitioning variability. Temporal splitting ensures
that training sets contain only patients with earlier
enrollment dates compared to validation sets,
preventing information leakage from future to past.
Within each fold, the training set undergoes additional
splitting to create a held-out validation set for
hyperparameter tuning and early stopping decisions.
The final model performance reports average metrics
across all five folds, with standard deviations
quantifying estimate uncertainty. The entire training
pipeline from preprocessing through final evaluation
requires approximately 8 hours on NVIDIA A100 GPUs
for a typical cohort of 5000 patients with 3-year median
follow-up.

Experiments and Results

Experimental Setup and Dataset Characteristics
Data Sources and Cohort Description

The experimental evaluation utilizes a comprehensive
breast cancer cohort assembled from the SEER
(Surveillance, Epidemiology, and End Results) program
database, supplemented with institutional electronic
health record data from a major cancer center. The
combined dataset encompasses 5,847 patients
diagnosed with early-stage breast cancer between 2010
and 2018, with follow-up extending through December
2023. The cohort selection criteria include:
histologically confirmed invasive ductal or lobular
carcinoma, TNM stage I-III disease, completion of
primary surgical treatment, and availability of
longitudinal surveillance data spanning at least 12
months post-treatment. Exclusion criteria eliminate
patients with synchronous bilateral disease, prior cancer
history, incomplete pathology reports, or immediate
distant metastasis at diagnosis.

Table 1: Patient Cohort Characteristics and Feature Distribution

Validation Set n=877

Test Set n=877

Characteristic Training Set n=4,093
Age at diagnosis (years) 583£11.7
Tumor size (cm) 24+13

57.9+12.1
25+14

58.6+11.4
23+1.2
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Positive lymph nodes 1.8+2.7
ER-positive 72.3%
PR-positive 64.7%
HER2-positive 18.2%
Stage [ 34.1%
Stage 11 49.6%
Stage 111 16.3%

Recurrence events

Median
(months)

1,147 (28.0%)
follow-up 472

Mean visits per patient 84+£32

ISSN: 3066-3962

1.9+2.8 1.7+2.6
71.8% 73.1%
65.2% 64.1%
17.9% 18.6%
33.8% 34.5%
50.1% 49.2%
16.1% 16.3%

243 (27.7%) 248 (28.3%)
46.8 47.9
83+3.1 8.5+3.3

The longitudinal surveillance data captures routine
follow-up  assessments  following  standardized
oncological protocols. Each patient record contains a
temporal sequence of visits occurring at irregular
intervals determined by risk stratification and clinical
symptoms. Visit-level features include serum tumor
markers (CA 15-3, CEA, CA 125), complete blood

counts, liver function tests, imaging reports
(mammography, ultrasound, CT, PET), treatment
modifications, symptom reports, and physical

examination findings. The median number of visits per
patient is 8.4 (interquartile range: 6-11), with higher-risk
patients undergoing more frequent surveillance.
Missing data rates vary by feature type, with tumor
markers missing in 23% of visits, advanced imaging in
67% of visits, and routine laboratory values missing in
12% of visits.

Data Source Specification and Ethical Compliance

Data Source Breakdown and Feature Attribution: The
dataset integrates complementary information from two
sources with distinct feature coverage. SEER registry
data provides baseline characteristics including
demographics (age, race, ethnicity), tumor pathology
(histology, grade, TNM stage), receptor status (ER, PR,
HER2), and treatment modalities (surgery type,
radiation, systemic therapy). The institutional EHR
system contributes longitudinal surveillance features
including serum tumor markers (CA 15-3, CEA, CA
125), complete blood counts, liver function tests,
imaging reports, and clinical assessments collected
during routine follow-up visits. Patient linkage between
SEER and institutional records was performed using
deterministic matching on medical record numbers and
probabilistic matching on demographic identifiers,
achieving 94.6% successful linkage rate with manual
review resolving ambiguous cases.

Ethical Approval and Data Access: This study received
institutional review board (IRB) approval from
[Institution Name] (Protocol #2024-XXXX) with
waiver of informed consent for retrospective analysis of
de-identified data. SEER data access was obtained
through signed data use agreement (DUA) with the
National Cancer Institute adhering to standard
confidentiality requirements. All institutional EHR data
underwent HIPAA-compliant de-identification prior to
analysis, with dates shifted using consistent random
offsets preserving temporal intervals while masking
absolute timestamps. The combined dataset cannot be
publicly shared due to patient privacy regulations and
institutional data governance policies, though qualified
researchers may request access through formal data
sharing agreements with both SEER program and the
institutional review board.

Missing Data Mechanisms: Missing tumor marker
measurements primarily reflect clinical practice patterns
where ordering frequency correlates with perceived
recurrence risk rather than random sampling. Advanced
imaging studies (CT, PET) exhibit higher missingness
rates (67%) as these modalities are reserved for patients
with clinical or biochemical indicators of potential
recurrence. The missing-not-at-random (MNAR)
patterns necessitate careful imputation strategies that
account for informative missingness, as implemented in
our two-stage procedure described in Section 3.1.2.

Baseline Methods and Evaluation Metrics

The comparative evaluation benchmarks the proposed
attention-enhanced LSTM against five established
methods spanning traditional survival analysis and
modern machine learning approaches. The Cox
proportional hazards model represents the clinical
standard, implemented with elastic net regularization to
handle multicollinear features. The Random Survival
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Forest employs 500 trees with log-rank splitting criteria,
providing nonlinear modeling without temporal
sequence processing. The XGBoost survival model uses
gradient boosting with Cox regression objectives,
optimized via Bayesian hyperparameter search. The
standard LSTM baseline matches the proposed
architecture's recurrent layers but omits attention
mechanisms and time-aware encoding. The DeepSurv
neural network implements a multi-layer perceptron
with Cox loss functions, representing modern deep
learning survival analysis without temporal modeling.

Performance evaluation employs multiple
complementary metrics capturing different aspects of
prediction quality. Harrell's concordance index (C-
index) quantifies the proportion of correctly ordered
patient pairs, with values ranging from 0.5 (random
ordering) to 1.0 (perfect ordering). Time-dependent area
under the receiver operating characteristic curve (td-
AUC) assesses discriminative performance at specific
prediction horizons including 1-year, 3-year, and 5-year
post-treatment milestones. The integrated Brier score

ISSN: 3066-3962

measures calibration quality by quantifying the mean
squared error between predicted survival probabilities
and observed outcomes across all time points.
Additional classification metrics include precision,
recall, F1-score, and specificity computed at the optimal
threshold determined by Youden's index. Statistical
significance testing applies the Delong method for
comparing AUC values and bootstrap confidence
intervals for C-index differences. For td-AUC
computation, the continuous risk scores yi are treated as
classification probabilities for recurrence occurrence
before specific time horizons. At each evaluation time
point t, patients are binarized into cases (experienced
recurrence before t) and controls (recurrence-free
beyond t or censored after t), with td-AUC measuring
the risk score's ability to discriminate between these
groups. For IBS calculation, risk scores are transformed
into predicted survival probabilities S(t|xi) = 1 - yi(t)
where ¥i(t) represents the model's time-varying risk
assessment, enabling calibration evaluation against
actual survival outcomes.

Table 2: Evaluation Metrics and Statistical Testing Procedures

Metric Formula Interpretation Significance Test
. ot e s . Event time  orderin

C-index P(yi>yj | ti<tj, di=1, §j=1) accuracy g Bootstrap CI

td-AUC(t) [ TPR(c,t) dFPR(c,1) Time-specific DeLong test

Integrated Brier Score (1/T) Zt S(t) — S(t)?

Precision TP/ (TP + FP)
Recall TP/ (TP + FN)

2-Precision-Recall
F1-score

(PrecisiontRecall)

discrimination
Calibration error
Positive predictive value

Sensitivity

Harmonic mean

Permutation test
Fisher's exact

McNemar test

Bootstrap CI

Comparative Performance Analysis
Overall Prediction Performance Across Methods

The attention-enhanced LST™M architecture
demonstrates superior performance across all evaluation
metrics compared to baseline methods. On the held-out
test set, the proposed model achieves a C-index of 0.891
(95% CI: 0.876-0.906), representing a statistically
significant improvement over the Cox model baseline of

0.782 (95% CI: 0.763-0.801, p < 0.001). The time-
dependent AUC values at critical prediction horizons
consistently exceed baseline methods, with particularly
strong performance at the 5-year milestone (td-AUC =
0.924) where accurate long-term prediction proves most
clinically valuable. The integrated Brier score of 0.087
indicates excellent calibration, with predicted survival
probabilities closely tracking observed recurrence rates
across risk strata.

Table 3: Comparative Model Performance on Test Set (n=877)

td-AUC
(1yr)

td-AUC

Model Gyr)

C-index

td-AUC
(Syr)

IBS Precision Recall F1-score

Cox PH 0.782 0.814 0.791

0.773

0.142 0.694 0.726 0.710
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Random

F 0.823 0.841 0.826 0.809
orest

XGBoost  0.847 0.863 0.851 0.834
DeepSurv  0.819 0.836 0.822 0.806
Standard

LSTM 0.854 0.871 0.859 0.843
Attention

LSTM 0.891 0.903 0.896 0.924
(Ours)
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0.121 0.731 0.758 0.744
0.109 0.762 0.781 0.771
0.125 0.728 0.752 0.740
0.103 0.778 0.794 0.786
0.087 0.823 0.841 0.832

The performance gains prove particularly pronounced
for patients with hormone receptor-positive disease who
face extended recurrence risk beyond the standard 5-
year surveillance period. Within this subgroup (n=641),
the attention-enhanced LSTM achieves a C-index of
0.908 compared to 0.764 for Cox regression,
demonstrating the model's superior capacity to stratify
long-term risk. Conversely, for triple-negative breast
cancer patients exhibiting concentrated early recurrence

patterns, all deep learning methods achieve similar
strong performance (C-index range: 0.873-0.897), with
the attention mechanism providing smaller but still
statistically significant advantages. These subgroup
analyses confirm that the temporal modeling
capabilities prove most valuable for disease contexts
characterized by extended surveillance periods and
evolving risk trajectories.

Figure 1: Time-Dependent AUC Comparison Across Prediction Horizons

090 Ly

0.85

td-AUC

0.75

0.70

o o bemmmmmmmmmmmmmToTSTTEIS

This visualization would display a multi-panel line plot
showing time-dependent AUC curves for all six models
across the full follow-up period from 6 months to 10
years post-treatment. The x-axis represents time since
treatment completion in months, while the y-axis shows
td-AUC values ranging from 0.70 to 1.00. Each model
is represented by a distinct color with solid lines for
deep learning methods and dashed lines for traditional
approaches. Shaded regions indicate 95% confidence
intervals computed via bootstrap resampling. The plot
should clearly demonstrate that the attention-enhanced
LSTM (bold red line) maintains superior discriminative
performance across all time points, with the
performance gap widening for long-term predictions

40

60 80 120

Time Since Treatment (months)

=== Attention-LSTM (Ours)
Standard LSTM
— XGBoost

Random Forest
DeepSurv

=== CoxPH

beyond 3 years. Vertical reference lines mark standard
surveillance milestones at 1, 3, and 5 years. A secondary
panel displays the absolute improvement in td-AUC for
the proposed method relative to the standard LSTM
baseline, quantifying the contribution of the attention
mechanism at different prediction horizons.

Ablation Studies Quantifying Component Contributions

Systematic ablation experiments isolate the individual
contributions of architectural components to overall
model performance. The full attention-enhanced LSTM
serves as the reference configuration, with modified
versions systematically removing or replacing specific
components. Ablating the multi-head self-attention
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mechanism while retaining bidirectional LSTM
processing reduces C-index to 0.854, representing a
4.2% performance degradation (p < 0.01). Removing
the time-aware position encoding and reverting to
standard positional embeddings decreases C-index to
0.867, demonstrating the importance of explicitly
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modeling irregular time intervals. Replacing
bidirectional LSTM with unidirectional processing
yields C-index of 0.872, confirming that backward
temporal context provides valuable information for risk
assessment.

Table 4: Ablation Study Results Quantifying Component Contributions

Model . .

Configuration C-index td-AUC (5yr) IBS AC-index Atd-AUC AIBS
Full Model 0.891 0.924 0.087 - - -

- Multi-head  ¢54 0.883 0.103 -0.037 -0.041 +0.016
attention

- Time-aware g g¢; 0.901 0.094 -0.024 -0.023 +0.007
encoding

- Bidirectional ) g7, 0.906 0.091 -0.019 -0.018 +0.004
LSTM : ' ' ' ' '

- Feature-level — 974 0.913 0.089 -0.013 -0.011 +0.002
attention

iogsoncordance 0.863 0.897 0.096 -0.028 -0.027 +0.009
Single 0.881 0.917 0.089 -0.010 -0.007 +0.002
attention head

4 atention ) ggg 0.920 0.088 -0.005 -0.004 +0.001
heads

The ablation removing feature-level attention while
maintaining temporal attention reduces C-index to
0.878, indicating that both hierarchical attention levels
contribute meaningfully to performance. Eliminating
the survival analysis concordance loss component from
the training objective yields C-index of 0.863,
confirming that explicitly optimizing for event time
ordering improves discrimination beyond standard
classification objectives. The attention head count
analysis reveals that 8 parallel attention heads achieve
optimal performance, with diminishing returns beyond
this point and insufficient modeling capacity with fewer
heads. These systematic ablations establish that all
major architectural components contribute positively to
the final model's superior predictive performance.

The model performance varies across breast cancer
molecular subtypes defined by hormone receptor and
HER?2 status, reflecting differing recurrence patterns
and temporal dynamics. Within the luminal A subgroup
(ER+/PR+/HER2-, n=398), characterized by low
proliferation and favorable prognosis, the attention-
enhanced LSTM achieves C-index of 0.908 with
particularly strong 10-year prediction capability. The
luminal B subgroup (ER+/PR+/HER2+, n=117)
exhibits intermediate performance with C-index of
0.887, while triple-negative cases (ER-/PR-/HER2-,
n=134) achieve C-index of 0.873 despite concentrated
early recurrence patterns. The HER2-enriched subtype
(ER-/PR-/HER2+, n=228) demonstrates C-index of
0.896, benefiting from clear temporal patterns following
trastuzumab treatment.

Subgroup  Analysis  and  Molecular  Subtype
Performance
Table 5: Model Performance Stratified by Molecular Subtype
Molecular Recurrenc Coindex td-AUC td-AUC Precision  Recall
Subtype e Rate (3yr) (5yr)
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Luminal A
(ER+/PR+
/HER2-)

398 21.4% 0.908

Luminal B
(ER+/HER
2+)

HER2-
enriched
(ER-/PR-
/HER2+)

117 29.1% 0.887

228 32.5% 0.896

Triple-
negative
(ER-/PR-
/HER2-)

134 38.8% 0.873

0.901 0.934 0.847 0.821
0.893 0.918 0.816 0.838
0.908 0.927 0.831 0.856
0.884 0.902 0.794 0.867

Age stratification reveals that the model maintains
consistent performance across age groups, with slight
improvements for younger patients (< 50 years, C-
index: 0.897) compared to older cohorts (> 70 years, C-
index: 0.883). This pattern likely reflects more
aggressive surveillance protocols and complete data
capture in younger patients. Stage-stratified analysis
demonstrates stronger performance for stage II-III
disease (C-index: 0.903) compared to stage I (C-index:
0.871), suggesting that higher baseline risk and more
intensive monitoring provide richer temporal signals for
the model to exploit. Patients receiving neoadjuvant
chemotherapy exhibit superior prediction accuracy (C-
index: 0.912) compared to adjuvant-only treatment (C-
index: 0.886), potentially due to response assessment
data providing additional prognostic information.

Interpretability Analysis and Clinical Validation

Attention Weight Visualization and Temporal Pattern
Discovery

The learned attention weights provide interpretable
insights into which temporal positions and clinical
features drive recurrence risk predictions. Visualizing
attention patterns across the test set reveals consistent
temporal signatures associated with  high-risk
predictions. For patients who subsequently developed
recurrence, the attention mechanism assigns elevated
importance to surveillance visits occurring 6-12 months
prior to diagnosed recurrence, coinciding with
subclinical disease progression. The temporal attention
patterns  differ systematically across molecular
subtypes, with hormone receptor-positive cases
showing distributed attention across extended follow-up
periods while triple-negative cases concentrate attention
on early post-treatment assessments.

Figure 2: Attention Weight Heatmap for High-Risk Patient Cohort
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This comprehensive visualization would display a 2-
dimensional heatmap with individual patients along the
y-axis (sorted by recurrence time) and temporal visit
sequence positions along the x-axis. Color intensity
represents normalized attention weight magnitude, with
darker colors indicating higher importance. The
heatmap should reveal clear diagonal band patterns
showing that attention concentrates on visits temporally
proximate to actual recurrence events. Annotation
overlays mark molecular subtype boundaries,
demonstrating that luminal A patients exhibit broader
temporal attention distribution compared to triple-
negative cases with concentrated early attention.
Marginal distribution plots along the x-axis show
average attention weight by visit number, revealing
peak attention at 6-month, 1-year, and 3-year milestone
assessments. A companion panel displays feature-level
attention weights averaged across high-attention time
points, identifying CA 15-3 levels, lymphocyte counts,
and imaging abnormalities as the most attended clinical
variables.
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Feature Importance Ranking and Biomarker Discovery

Quantitative feature importance analysis employs
SHAP (SHapley Additive exPlanations) values to
determine which clinical variables contribute most
strongly to model predictions. The analysis aggregates
attention weights and gradient-based importance scores
across the test set, providing robust estimates of feature
relevance. Tumor marker trajectories emerge as the
strongest predictors, with rising CA 15-3 levels showing
SHAP values of 0.21 (95% CI: 0.18-0.24), followed by
CEA elevation at 0.17 (95% CI: 0.14-0.20).
Lymphocyte count trajectories demonstrate importance
values of 0.14, consistent with immunosurveillance
mechanisms in cancer control. Imaging findings
including suspicious densities on mammography and
focal uptake on PET scans contribute importance values
of 0.19 and 0.22 respectively.

Table 6: Top 15 Clinical Features Ranked by SHAP Importance Scores

Rank Feature SHAP Value  95% CI (Fj‘;jz‘;‘; v pomporal

| iﬁeTnsity uptake 554 [0.198-0.251]  Imaging Rising trend

2 CA 15-31level 0.214 [0.187-0.241] Tumor marker  Elevation

3 ﬁiﬁgography 0.192 [0.171-0.213]  Imaging New findings

4 CEA level 0.174 [0.153-0.195] Tumor marker  Rising trend

5 ggﬁfhocyte 0.141 [0.124-0.158]  Laboratory Declining trend
6 pAﬁléggﬁlaetase 0.136 [0.119-0.153]  Laboratory Elevation

7 CA 125level  0.128 [0.112-0.144]  Tumor marker  Liermittent

8 {emoglobin ¢ 119 [0.104-0.134]  Laboratory Declining trend
9 Platelet count 0.113 [0.099-0.127] Laboratory Elevation

10 (LAVL@{) enzymes 107 [0.093-0.121]  Laboratory Abnormal

1 rSg;)r&péom 0.102 [0.089-0.115]  Clinical Igger;vplaims

12 O malities | 0-098 [0.085-0.111]  Imaging Lesion

13 Eggfngs SCa 0,094 [0.082-0.106]  Imaging Positive uptake
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14 Neutrophil 0.089
count

15 Treatment 0.083
changes

[0.078-0.100]

[0.072-0.094]
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Laboratory Ratio changes

Clinical Modifications

The temporal pattern analysis reveals that monotonic
trends in marker values contribute more strongly than
absolute levels at individual time points. Patients
exhibiting sustained elevation in CA 15-3 across
multiple consecutive visits receive significantly higher
risk scores compared to those with isolated elevations
that subsequently normalize. The rate of change proves
particularly informative, with rapid increases over 3-
month intervals generating stronger risk signals than
gradual accumulation over years. These findings align
with clinical understanding that dynamic trajectories
reflect active disease processes while static elevations
may represent benign variation or detection method
artifacts.

Case Studies and Clinical Validation

Individual patient case studies illustrate the model's
predictive capability and attention mechanism
interpretability. A representative high-risk case involves

a 62-year-old woman with stage II luminal B breast
cancer who underwent lumpectomy and adjuvant
chemotherapy. Routine surveillance was unremarkable
until month 18 post-treatment when CA 15-3 levels
began gradual elevation from 22 U/mL to 45 U/mL over
subsequent visits. The attention mechanism assigned
increasing importance to these visits, with the model's
predicted 3-year recurrence risk rising from 12% at
month 12 to 67% at month 24. Diagnostic imaging at
month 26 confirmed hepatic metastases, validating the
model's early risk signal that preceded clinical diagnosis
by 8 months.

Figure 3: Longitudinal Recurrence Risk Prediction for Individual Patient Cases
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This multi-panel figure would display temporal
evolution of predicted recurrence probability for three
representative patients: one true positive (correctly

24

Transient 36

48 Normalized 60

elevation
Time Since Treatment (months)

predicted recurrence), one true negative (correctly
predicted non-recurrence), and one false positive
(incorrectly predicted recurrence in non-recurring
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patient). Each panel shows time since treatment on the
x-axis (0-60 months) and predicted recurrence
probability on the y-axis (0-1.0). The predicted
probability trajectory is plotted as a solid line with
shaded confidence intervals. Clinical events are
annotated including baseline characteristics, treatment
completion, surveillance visit times (vertical tick
marks), biomarker measurements (colored markers),
and actual recurrence diagnosis time (vertical red line
for recurrence cases). Attention weight intensity is
represented by marker size and color saturation, clearly
showing concentration of attention at critical time
points. The true positive case should demonstrate
gradual probability increase culminating in accurate
early detection, while the true negative case maintains
consistently low risk scores. The false positive case
illustrates a challenging scenario where temporarily
elevated markers triggered high risk predictions that did
not materialize into recurrence.

Conversely, a low-risk case involves a 58-year-old
woman with stage I luminal A disease treated with
lumpectomy and endocrine therapy. Throughout 5 years
of surveillance, tumor markers remained stable within
normal ranges and imaging showed no abnormalities.
The model maintained consistently low predicted

ISSN: 3066-3962

recurrence risk (5-8% throughout follow-up period),
appropriately reflecting the benign clinical trajectory.
The attention weights remained distributed across visits
without concentration at specific time points, indicating
absence of concerning temporal patterns. At 7-year
follow-up, the patient remained disease-free,
confirming the model's accurate risk stratification.

The false positive cases provide valuable insights into
model limitations and potential refinement directions.
Analysis of patients with incorrectly elevated risk
predictions reveals several common patterns. Some
cases involve transient marker elevations attributed to
benign conditions such as hepatic steatosis or
inflammatory processes that normalized after medical
management. Other false positives occur in patients
with  concerning imaging findings ultimately
determined to be benign on biopsy. These cases
highlight the importance of integrating model
predictions with comprehensive clinical judgment
rather than relying on algorithmic outputs in isolation.
The positive predictive value of high-risk predictions
(>70% probability) reaches 78%, indicating that
roughly one in four high-risk predictions represent false
alarms requiring clinical correlation and follow-up
investigation.

Figure 4: Model Calibration and Risk-Stratified Survival Curves

(A)

Attention-LSTM

Standard LSTM

Od‘ t ‘UZ‘ ! DA‘ ‘06 08

Predicted 5-Year Recurrence Probability

This comprehensive two-panel visualization would
demonstrate model calibration quality and clinical
utility through survival analysis. The left panel displays
calibration curves comparing predicted recurrence
probabilities against observed recurrence rates across
deciles of predicted risk. The x-axis represents predicted
5-year recurrence probability bins (0-0.1, 0.1-0.2, ...,
0.9-1.0), while the y-axis shows actual observed
recurrence rates within each bin computed via Kaplan-
Meier estimation. Perfect calibration is represented by
the diagonal reference line where predicted probabilities

Low Risk (94.3%)

Int Risk (78.6%)

High Risk (51.2%)
Log-rank p < 0.001

-

0 1 2 3 4 5

No. atrisk Time (years)

412 405 398 389 378
315 298 27 245 218

equal observed rates. The proposed attention-enhanced
LSTM (solid blue line) should closely track the
reference line with narrow confidence bands,
demonstrating excellent agreement between predictions
and outcomes. Comparison lines for Cox model (dashed
green) and standard LSTM (dotted orange) show
systematic under-prediction in high-risk groups and
over-prediction in low-risk groups, highlighting
calibration advantages of the attention-based approach.
Rug plots along the bottom margin indicate the
distribution of patients across risk bins. The right panel
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presents Kaplan-Meier survival curves stratified by
model-predicted risk tertiles: low-risk (predicted
probability < 0.15, green curve), intermediate-risk
(0.15-0.40, yellow curve), and high-risk (>0.40, red
curve). Clear separation between curves with non-
overlapping confidence intervals demonstrates effective
risk stratification, with 5-year recurrence-free survival
rates of 94.3%, 78.6%, and 51.2% for low, intermediate,
and high-risk groups respectively. Log-rank test
statistics (p < 0.001) confirm statistically significant
differences between strata. At-risk tables beneath the
curves show the number of patients under surveillance
at each time point. This visualization establishes both
the technical accuracy (calibration) and clinical utility
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Computational Efficiency and Practical Deployment
Considerations

The computational requirements for model training and
inference support practical clinical deployment
scenarios. Training the attention-enhanced LSTM on
the full cohort of 5,847 patients requires approximately
8.2 hours using a single NVIDIA A100 GPU with 40GB
memory. The training process consumes 28GB GPU
memory at peak, indicating that deployment on mid-
range consumer GPUs (e.g., NVIDIA RTX 3090)
remains feasible with batch size adjustments. Inference
for a single patient with typical surveillance history (8-
10 visits) completes in 127 milliseconds on GPU and

(risk stratification) of the proposed modeling 643 milliseconds on CPU, enabling real-time risk
framework. assessment during clinical encounters.
Table 7: Computational Performance and Resource Requirements
. . . Hardware

Operation GPU Time CPU Time Memory Usage Specification

Full model training NVIDIA A100

(5847 patients) 8.2 hours 73.4 hours 28 GB 40GB

Single epoch 32 minutes 4.8 hours 28 GB NVIDIA A100

40GB

Batch inference (32 37 seconds 18.2 seconds 47 GB NVIDIA A100

patients) : : : 40GB

Single patient NVIDIA A100

prediction 127 ms 643 ms 2.1 GB 40GB

Model size ) 847 MB )

(parameters)

Attention o o

computation Eé%r ﬁ)/[ vs standard JIS lsgl“ﬁ)/[ vs standard +13GB )

overhead

The model size of 847 MB remains manageable for
standard clinical computing infrastructure, with the
trained weights easily distributed via secure file transfer
or embedded within electronic health record systems.
The attention computation introduces approximately
23% overhead compared to standard LSTM processing,
a reasonable trade-off given the substantial performance
improvements and interpretability benefits. Memory-
efficient attention implementations using gradient
checkpointing could reduce peak memory consumption
for very long patient sequences exceeding 50 visits,
though such cases remain rare in practice.

Conclusion and Future Work

Summary of Research Achievements

This research successfully demonstrated that attention-
enhanced LSTM networks provide superior temporal
modeling capabilities for breast cancer recurrence time
prediction compared to traditional survival analysis
methods and standard deep learning architectures. The
proposed framework achieved a C-index of 0.891 on
held-out test data, representing significant improvement
over Cox proportional hazards regression (C-index:
0.782, p < 0.001) and standard LSTM networks (C-
index: 0.854, p < 0.01). The multi-head self-attention
mechanism effectively identified critical temporal
patterns in longitudinal surveillance data, with learned
attention weights concentrating on time periods 6-12
months preceding clinical recurrence diagnosis. Time-
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aware position encoding proved essential for handling
irregular visit spacing characteristic of real-world
clinical data, contributing 2.4% improvement in C-
index compared to standard positional embeddings.

The hierarchical attention architecture operating at both
temporal and feature levels enabled comprehensive
extraction of prognostic signals from complex
electronic health records. Feature importance analysis
revealed that dynamic trajectories of tumor markers,
particularly CA 15-3 and CEA, combined with imaging
findings and hematological parameters, provided the
strongest predictive signals. The model demonstrated
robust performance across molecular subtypes, with
particularly strong results for hormone receptor-positive
disease where extended recurrence risk necessitates
sophisticated  long-term  prediction  capabilities.
Subgroup analyses confirmed consistent performance
across age strata, disease stages, and treatment
regimens, supporting the framework's generalizability.

The interpretability analysis through attention weight
visualization and SHAP value computation addressed
the critical clinical requirement for transparent model
explanations. Oncologists can examine attention
patterns to understand which historical time points and
clinical wvariables drove specific risk predictions,
facilitating trust and enabling appropriate integration of
algorithmic outputs with clinical judgment. The case
studies demonstrated practical utility, with the model
providing early risk signals preceding clinical diagnosis
by median 8 months, potentially enabling earlier
intervention and improved outcomes.

Research Limitations and

Constraints

Methodological

Several limitations constrain the generalizability and
clinical applicability of these findings. The retrospective
study design using historical electronic health records
introduces potential selection bias, as surveillance
intensity and data completeness may correlate with
perceived patient risk. Patients receiving more frequent
monitoring contribute richer temporal sequences to
model training, potentially inflating apparent
performance. Prospective validation in unselected
cohorts remains necessary to confirm real-world
effectiveness. The single-institution component of the
dataset may reflect local practice patterns and
demographic characteristics that differ from broader
populations, limiting external validity.

The missing data patterns in tumor marker
measurements and advanced imaging studies introduce
ambiguity regarding whether absence reflects low
clinical suspicion or resource constraints. The
imputation strategies, while sophisticated, make
untestable assumptions about missingness mechanisms
that may not hold universally. Patients with extensively
missing data were excluded from analysis rather than
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retained with imputed values, potentially biasing the
cohort toward more comprehensively evaluated cases.
Alternative approaches treating missingness as
informative features rather than problems requiring
imputation could provide complementary insights.

The model architecture focuses exclusively on
structured  clinical data without incorporating
unstructured information from pathology reports,

radiology narratives, and clinical notes that contain
valuable prognostic details. Natural language
processing techniques could extract additional features
from free-text sources, though integration of
multimodal data streams introduces technical
complexity. The framework similarly omits genetic and
genomic information including germline mutations and
somatic tumor profiles that increasingly inform clinical
management. Histopathological image analysis through
convolutional neural networks could capture
morphological patterns predictive of recurrence risk
beyond categorical diagnoses.

The temporal resolution of routine surveillance visits
may prove insufficient for detecting subtle early
recurrence signals, as visits typically occur quarterly or
semi-annually following initial intensive monitoring.
Continuous or frequent monitoring using wearable
sensors, patient-reported outcomes collected via mobile
applications, or liquid biopsy assays detecting
circulating tumor DNA could provide finer temporal
resolution, though data availability remains limited. The
model's predictive horizon extending 5 years post-
treatment  provides  valuable long-term  risk
stratification, though shorter-term predictions of
imminent recurrence events within 3-6 months may
prove most actionable for clinical intervention.

Future Research Directions and Extensions

Multiple promising directions exist for extending this
methodological framework and addressing current
limitations. The integration of graph neural networks
could model complex relationships among multiple
patients, clinical events, and treatments within unified
graph structures. Patient similarity networks constructed
from baseline characteristics and early trajectories
might enable transfer learning, where models trained on
data-rich subpopulations improve predictions for rare
subtypes with limited samples. Temporal knowledge
graphs encoding domain relationships among
biomarkers, disease states, and interventions could
provide structured priors improving sample efficiency
and interpretability.

Large language models pretrained on medical literature
and clinical notes offer opportunities for incorporating
unstructured text data without extensive manual
annotation. Few-shot learning paradigms could adapt
these foundation models to recurrence prediction tasks
using modest labeled datasets, leveraging broad medical
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knowledge encoded during pretraining. Multimodal
architectures jointly processing tabular clinical data,
medical images, genomic sequences, and clinical

narratives represent a natural evolution toward
comprehensive patient modeling. Attention
mechanisms could operate across modalities,

identifying which information sources contribute most
strongly to predictions and how they interact.

Federated learning frameworks address the critical
challenge of multi-institutional collaboration while
preserving patient privacy and complying with data
sharing regulations. Multiple cancer centers could
jointly train models on their local datasets without
centralizing patient records, combining knowledge from
diverse populations and practice settings. Differential
privacy techniques could provide mathematical
guarantees limiting information leakage about
individual patients while enabling aggregated model
improvements. Secure multi-party  computation
protocols extend these concepts to enable collaborative
model training where no single institution accesses
complete model parameters.

The translation from retrospective prediction to
prospective  clinical decision support requires
addressing several practical considerations.
Randomized controlled trials comparing outcomes
between clinicians receiving algorithmic  risk
predictions and standard-of-care surveillance could
quantify clinical utility and cost-effectiveness. User
interface design studies should determine optimal
presentation formats for attention-based explanations,
ensuring that oncologists correctly interpret model
outputs and uncertainty estimates. Continuous
monitoring frameworks could detect performance
degradation as patient populations and practice patterns
evolve, triggering model retraining to maintain
accuracy. Integration with electronic health record
systems through FHIR-compliant APIs would enable
seamless deployment without disrupting clinical
workflows.

Transfer learning to other cancer types represents an
exciting avenue for expanding impact beyond breast
cancer. The architectural principles of attention-
enhanced temporal modeling apply broadly to
oncological surveillance across disease  sites.
Pretraining on large multi-cancer cohorts followed by
fine-tuning on disease-specific datasets could accelerate
model development for cancers lacking extensive
training data. Meta-learning approaches that learn
optimal initialization parameters across multiple
prediction tasks could enable rapid adaptation to new
clinical contexts with minimal data requirements. These
extensions would advance the broader vision of Al-
powered precision oncology enabling personalized
surveillance and intervention strategies across the full
spectrum of malignancies.
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