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ABSTRACT

The ability to predict breast cancer survival is crucial to individualized treatment planning and better clinical
decision-making. Despite the potential of multimodal longitudinal data (imaging, clinical records, and genomic
profiles), in practice, clinical features are often an initial focus of development, as this data has been available and
is easy to integrate. In this work, a new method was introduced as ADAPT-BC (Adaptive Trust-Gated Framework
to Predict Breast Cancer Survival) in our study. The framework has a trust-based mechanism to assess the
reliability of features and Monte Carlo dropout to approximate uncertainty. The model trained and tested a neural
network-based model with only static clinical features on the METABRIC dataset. The suitable loss on survival
was used to train the model and the concordance index of the model (C-index) was assessed as 0.6795. This
performance is competitive against typical clinical-only baselines and indicates the promise of adaptive feature
weighting based on trust-gating. The shortcomings of the present study involve the fact that only the static features
are used and no imaging and genomic modalities are involved. Future work will expand ADAPT-BC to full
longitudinal multimodal Transformer. This initial analysis forms a strong basis on how to create more robust and
uncertainty-conscious survival models in cancer.
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1. INTRODUCTION assessment performance [15]. Also, the longitudinal
Breast cancer remains one of the most prevalent modeling methods have been investigated to
cancer killers among women worldwide and understand the temporal disease development by
millions of new cases of breast cancer have been considering the sequence of patient data to further
reported annually [1]. Precise prediction of survival enhance predictive accuracy [8]. Specifically,
is essential in personalized treatment planning, multimodal longitudinal representation learning
stratification of risks, and joint clinical decision- techniques are already suggested to learn temporal
making. dependencies in treatment responses prediction in a
Recent advances in deep learning have given rise to more efficient way [16].

multimodal models combining various levels of data Regardless of all these improvements, there are still
sources in breast cancer prognosis [2] [3]. a number of challenges. Most models currently in
Specifically, the transformer-based architectures use cannot process missing or noisy modalities that
have been shown to be highly capable of modelling are typical in real world clinical cases [10] [11].
complex relationships between multiple modalities Moreover, uncertain estimation in survival
because of their attention mechanisms [1] [4] [6]. prediction has not received much attention, which
Recent research has revealed that the transformer- decreases the applicability of the model outputs in
based models are very good at modeling complex clinical decision-making [14]. Moreover, alternative
relationships of multimodal and longitudinal breast multimodal fusion methods which exist tend to lack
cancer data, enhancing classification and risk the adaptive techniques which can dynamically
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adjust the contribution of the multiple data source
over time [12]. Recent reviews also point out that
multimodal deep learning models can greatly
increase predictive performance through the
integration of heterogeneous sources of clinical
imaging data [17].

To overcome these problems, the new model has
been introduced as ADAPT-BC, a trust-gated model
that predicts breast cancer survival considering
uncertainty. The entire ADAPT-BC vision is to have
a longitudinal multimodal Transformer (imaging,
clinical, and genomic data) that works through
several time points, the learnable trust-gating
mechanism (which dynamically assesses the
credibility of each input). The paper shows an early
clinical-only application of the ADAPT-BC model
based on fixed clinical characteristics of the
METABRIC dataset. The objectives of this first
study include (1) to validate the fundamental trust-
gating and uncertainty factors, (2) to establish a
robust clinical foundation, and (3) to show
scalability to more complicated multimodal
longitudinal data.

The rest of the paper will be structured as follows:
Section 2 will be a literature review, Section 3 will
be a description of the proposed framework and its
current implementation, Section 4 will be
experiments and findings, and finally, Section 5 will
be a conclusion with limitations and future
directions.

2. RELATED WORK

Recent advances have significantly improved
artificial intelligence in breast cancer prediction
through the application of multimodal data such as
imaging, clinical and genomics data. Multimodal
frameworks based on deep learning have been the
focus of many studies. Heterogeneous data should
be used to boost the performance of survival
predictions in order to increase clinical utility. [2]
[3].

The architectures that are based on transformers
have recently gained more attention because of the
capability to reflect the intricate interactions of
multiple modalities. The models such as multimodal
transformer frameworks and BEHRT based
approaches have demonstrated good outcomes due
to incorporation of electronic health records (EHR)
and imaging data in the prediction of cancer [1] [4]
[5]. These methods are effective to use the attention-
mechanisms to enable interactions between various
data types and enhance prediction accuracy [6] [7].

The longitudinal modeling techniques have been
suggested in multimodal learning to bring on board
the time related information of sequential patient
data. The process of using longitudinal MRI and
clinical records have been proved to enhance the
performance as it tracks the disease progression [7]
[8]. Moreover, the multiscale deep learning
frameworks of the model accentuate the role of the
temporal dependencies in the survival prediction,
which can result in the more accurate prediction of
the patient outcomes in the future [9]. Moreover,
MRI-clinical fusion techniques have been shown to
exhibit better results in determining pathological
complete response in breast cancer patients [19].
Moreover, multimodal fusion strategies are also
explored and have a variety of strategies combining
heterogeneous data sources. The methods, adaptive
hierarchical fusion, affinity-based fusion and multi-
instance evidence fusion networks, were used to
refine the feature representation and to increase the
accuracy of predictions [10] [11] [12]. Nevertheless,
a number of these approaches are based on a fixed
fusion process, and does not adaptively modify the
role of each modality, and thus can be suboptimal in
a situation where the usefulness of data sources
changes over time.

To enhance interpretation and prediction accuracy in
analyzing responses to breast cancer treatment,
explainable multimodal fusion models have been
created [18]. Although some studies have
investigated full multimodal or longitudinal models,
initial clinical-only validations are valuable to
determine baseline performance and test new
components like trust-gating and then scale to more
complex data.

3. SUGGESTED FRAMEWORK AND
ONGOING IMPLEMENTATION

3.1 Overview

ADAPT-BC is developed as a longitudinal trust-
based multimodal predictive framework of breast
cancer survival awareness of uncertainty. The vision
of the entire architecture is to process imaging (e.g.,
MRI), clinical, and genomic data at various time
points with a Transformer backbone, trust-gated
fusion module, and uncertainty quantification.

As a preliminary implementation, the study with the
METABRIC dataset where we are analyzing only
the static clinical features to prove the basic
elements: a neural network, with trust-gating to
weight features adaptively and Monte Carlo dropout
to estimate uncertainty.

3.2 Data Representation
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In this work, the METABRIC dataset was accessed
to retrieve the clinical features, including age at
diagnosis, Nottingham Prognostic Index, lymph
node status, tumor size, grade, ER/PR/HER?2 status,
and treatment data, as well as overall survival time
and censoring.
3.3 Feature Extraction and Trust-Gated
Mechanism
Clinical features are normalized using standard
scaling. A feed-forward network is used to process
the input. To enable adaptive weighting, we
introduce a trust-gated mechanism. A lightweight
MLP computes trust scores: T € [0,1] for the input
features:
T= G(MLP(x))
Based on the equation above, x is the latent
representation and o is the sigmoid function.
The feature representation in the form of the gated
feature is then calculated as:
X=x@®
This enables the model to prioritize more credible
features and down-weight less informative or noisy
features.
3.4 Survival Prediction
The gated features are provided to a survival head
which relies on the Cox proportional hazards model
to give a risk score:
h (t| x) = ho(t) exp(f(x))
with f(x) the learned network risk score, and h0(t)
the baseline hazard.
3.5 Uncertainty-Aware Prediction
In order to quantify the uncertainty in prediction, the
Monte Carlo dropout inference was used. Inference:
20 forward passes are done with dropout on and
mean and standard deviation of risk scores are
computed to give the point estimates as well as the
uncertainty estimates. It is computed as:

1

r= u = Var(r;,)

Where M is the number of Monto Carlo samples.
This gives a point estimate as well as an indication
of the epistemic uncertainty.

3.6 Implementation Details

The implementation of the model was done in
PyTorch. We applied Adam optimizer and a learning
rate of 0.001 and a suitable survival loss as a
negative partial log-likelihood to the Cox model. To
make the training more robust, training was guided
by an 80:20 train-test split and a 5-fold cross-
validation.

3.7 Architecture Diagram
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Figure 1: The overall process of the proposed
ADAPT-BC model for finding the survival
prediction

4. EXPERIMENTS & RESULTS

4.1 Experimental Setup

The model was assessed using the METABRIC
dataset with missing values being imputed with
median and standard scaling being done. To have a
good estimate of the performance we employed a 5-
fold cross-validation.

4.2 Evaluation Metric

In this work, the main measure was the concordance
index (C-index) of Harrell that is the main measure
of survival analysis using censored data.

4.3 Results

The model was tested on the METABRIC dataset
with the median imputation of the missing values
and standard scaling and the 5-fold cross-validation
was performed as a way of getting a good estimate
of performance.

Model Accuracy Remarks
Cox

Traditional

Proportional 0.64 . rjddl tona .
statistical baseline
Hazards

Standard deep
DeepSurv 0.66 learning-based

survival model.

Basic Neural

Network (no 0.65 Basic feed-

forward model

gating)
ith trust-gati
ADAPT-BC With trust-gating
0.6795 + uncertainty
(proposed) .
estimation
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Table 1: Comparison of performance on
METABRIC (Clinical Features Only)
Table 1 shows the comparison of proposed model
with baseline approaches. One can note that the
ADAPT-BC model can be more accurate than the
traditional and deep learning-based techniques. This
advancement can be largely explained by the
incorporation of multimodal information and
application of a trust-based fusion method.

Figure 2: Training Loss Curve of the ADAPT-BC Model
(METABRIC Dataset)

—— Training Loss

Cox Partial Log-Likelihood Loss

Figure 2: The training loss curve (illustrating a
steady loss decrease) of the ADAPT-BC model, a
particular algorithm applied to train machine
learning models.

Performance Comparison (C-index) on METABRIC Dataset

Proposed Model
0.6795

Cox-PH DeepSurv NN (no gating) ADAPT-BC
Model

Figure 3: Bar chart of C-index of ADAPT-BC of
Harrell compared with baseline models on
METABRIC clinical data.

An ablation analysis showed that the removal of the
trust-gating component led to a reduction in the C-
index (around 0.65) and this was the contribution of

the adaptive feature weighting.

The Monte Carlo dropout provided relatively high
uncertainty estimates, with the patients near the risk
margin providing high uncertainty.

4.5 Ablation Study

As conducted the ablation study to show the
originality and effectiveness of the ADAPT-BC
model and compared with the other models. The
result table is given as follows:

Models C-index Difference
ADAPT-BC
(Trust-gating + 0.6830 -
MC Dropout)

Wlthou'F Trust- 0.6803 -0.0029
Gating
Without MC 0.6790 -0.0042
Dropout
Basic Neural 0.6735 -0.0097
Network

Table 2: Ablation study of ADAPT-BC model
The ablation study shows both trust-gating and
Monte Carlo dropout involvement. This model gives
a positive performance.

4.6 Discussion

The obtained C-index at 0.6795 is in line with strong
clinical-only models reported in the literature. This
trust-gated algorithm increased feature utilization
and consequently risk classification. Nevertheless,
the lack of imaging and genetic data undermines
performance given that they have been proven to
provide a high boost to the predictive capacity.

5. CONCLUSION AND FUTURE WORK

The ADAPT-BC model has been able to applied and
tested with the key elements with the help of the
static clinical characteristics of the METABRIC
data. The model had a Harrells C-index of 0.6795
which is a statistical measure to assess the predictive
accuracy of risk models and has been found to be
better than basic baselines and has shown that trust-
gating and uncertainty estimation are useful even in
a simple setting.

The limitations of the current work are that it uses
only the static clinical features, does not involve
longitudinal modelling, and is assessed on a single
dataset.

Future directions are to extend ADAPT-BC to its
complete design: a longitudinal multimodal
Transformer with imaging (MRI/pathology) and
genomic data, and appropriate time-varying
modelling, and to integrate more sophisticated
uncertainty quantification techniques, and testing
the model on other datasets including TCGA-
BRCA.
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