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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 
Breast cancer remains one of the most prevalent 
cancer killers among women worldwide and 
millions of new cases of breast cancer have been 
reported annually [1]. Precise prediction of survival 
is essential in personalized treatment planning, 
stratification of risks, and joint clinical decision-
making.  
Recent advances in deep learning have given rise to 
multimodal models combining various levels of data 
sources in breast cancer prognosis [2] [3]. 
Specifically, the transformer-based architectures 
have been shown to be highly capable of modelling 
complex relationships between multiple modalities 
because of their attention mechanisms [1] [4] [6]. 
Recent research has revealed that the transformer-
based models are very good at modeling complex 
relationships of multimodal and longitudinal breast 
cancer data, enhancing classification and risk 

assessment performance [15]. Also, the longitudinal 
modeling methods have been investigated to 
understand the temporal disease development by 
considering the sequence of patient data to further 
enhance predictive accuracy [8]. Specifically, 
multimodal longitudinal representation learning 
techniques are already suggested to learn temporal 
dependencies in treatment responses prediction in a 
more efficient way [16].  
Regardless of all these improvements, there are still 
a number of challenges. Most models currently in 
use cannot process missing or noisy modalities that 
are typical in real world clinical cases [10] [11]. 
Moreover, uncertain estimation in survival 
prediction has not received much attention, which 
decreases the applicability of the model outputs in 
clinical decision-making [14]. Moreover, alternative 
multimodal fusion methods which exist tend to lack 
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/HER2 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: τ	ϵ	[0,1] for the input 
features: 

τ = σ+MLP(𝑥)/ 
Based on the equation above, x is the latent 
representation and σ is the sigmoid function.  
The feature representation in the form of the gated 
feature is then calculated as: 

x! = x⊙ 	τ 
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) = h₀(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:  

𝑟̅ =
1
𝑀 5 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 

 
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 
Proportional 

Hazards  
0.64 Traditional 

statistical baseline 

DeepSurv 0.66 
Standard deep 
learning-based 
survival model.  

Basic Neural 
Network (no 

gating) 
0.65 Basic feed-

forward model 

ADAPT-BC 
(proposed) 

0.6795 
With trust-gating 

+ uncertainty 
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: The training loss curve (illustrating a 

steady loss decrease) of the ADAPT-BC model, a 
particular algorithm applied to train machine 

learning models. 

 
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 + 
MC Dropout) 

0.6830 - 

Without Trust-
Gating 

0.6803 -0.0029 

Without MC 
Dropout 

0.6790 -0.0042 

Basic Neural 
Network 0.6735 -0.0097 

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. 
REFERENCES 
[1] Mbaye, N. M., Danziger, M. M., Rosen-Zvi, M., 
Toussaint, A., Dumas, E., Guerin, J., Hamy-Petit, 
A.-S., Reyal, F., & Azencott, C.-A. (2025). 
Multimodal BEHRT: Transformers for multimodal 
electronic health records to predict breast cancer 
prognosis. Frontiers in Oncology, 15, 1496215. 
https://doi.org/10.3389/fonc.2025.1496215 
[2] Maigari, A., XinYing, C., & Zainol, Z. (2025). 
Multimodal deep learning breast cancer prognosis 



ADAPT-BC: A Trust-Gated, Adaptive Framework to Uncertainty-Aware Survival Prognosis of Breast 
Cancer on the METABRIC Data 

 

IJDDT, Volume 16 Issue 42s, 2026 Page 237 

 

models: Narrative review on multimodal 
architectures and concatenation approaches. Journal 
of Medical Artificial Intelligence, 8, 61–61. 
https://doi.org/10.21037/jmai-24-146 
[3] Sucre, A., Calle Sánchez, X., Perez-Herrera, L. 
V., Vivanco, M. dM, García-González, M. J., López-
Linares, K., Calvo, B., & Garin-Muga, A. (2025). 
Multimodal fusion strategies for survival prediction 
in breast cancer: A comparative deep learning 
study. Computational and Structural Biotechnology 
Journal, 27, 4505–4516. 
https://doi.org/10.1016/j.csbj.2025.10.038 
[4] Malik, S., Patro, S. G. K., Al-Nussairi, A. K. J., 
Mahanty, C., Ghouse, M., Thiyagarajan, A., Hadi, A. 
A., Khan, A., Mittal, M., & Zewude, A. (2026). A 
unified multi modal transformer framework for 
breast cancer recurrence prediction and survival 
analysis. Scientific Reports, 16(1), 8334. 
https://doi.org/10.1038/s41598-026-37046-4 
[5] Raza, M., Azam, A., Qaiser, T., & Rajpoot, N. 
(2025). Ps3: A multimodal transformer integrating 
pathology reports with histology images and 
biological pathways for cancer survival prediction. 
arXiv. https://doi.org/10.48550/ARXIV.2509.20022 
[6] Li, Q., Wang, S., Safari, M., Hu, X., Qiu, R., 
Roper, J., Lin, M., Lin, J., Torres, M. A., & Yang, X. 
(2025). Foundation model based multimodal 
transformer framework for survival analysis in 
HER2 stratified breast cancer. Physics in Medicine 
& Biology, 70(20), 205009. 
https://doi.org/10.1088/1361-6560/ae0be6 
[7] Zhang, W., Zhang, S., You, J., Li, F., Wu, X., Lu, 
X., Lv, Q., Huang, J., Yi, Y., & Bu, H. (2025). 
Attention-based multimodal fusion transformer for 
predicting the efficacy of neoadjuvant therapy in 
breast cancer: A cross-institutional retrospective 
study. Breast Cancer Research, 28(1), 4. 
https://doi.org/10.1186/s13058-025-02181-9 
[8] Huang, Y., Shi, Z., Zhu, T., Zhou, T., Li, Y., Li, 
W., Qiu, H., Wang, S., He, L., Wu, Z., Lin, Y., Wang, 
Q., Gu, W., Gu, C., Song, X., Zhou, Y., Guan, D., & 
Wang, K. (2025). Longitudinal mri‐driven multi‐
modality approach for predicting pathological 
complete response and b cell infiltration in breast 
cancer. Advanced Science, 12(12), 2413702. 
https://doi.org/10.1002/advs.202413702 
[9] Wang, X., Chen, L., Sun, J., Khalighi, S., Dam, 
T., Maurya, H., Pathak, T., Lu, C., Gandhi, S., 
Badve, S., Zhao, S., Yang, W., Xu, J., Madabhushi, 
A., & Song, B. (2026). MuTriM: A multiscale deep 
learning model integrating longitudinal radiomics 
and pathomic features for predicting recurrence and 

adjuvant radiation benefit in breast 
cancer. European Journal of Cancer, 238, 116679. 
https://doi.org/10.1016/j.ejca.2026.116679 
[10] Luo, H., Huang, J., Ju, H., Zhou, T., & Ding, W. 
(2024). M2ef-nns: Multimodal multi-instance 
evidence fusion neural networks for cancer survival 
prediction. arXiv. 
https://doi.org/10.48550/ARXIV.2408.04170 
[11] Zhang, S., Lin, X., Zhang, R., Bai, Y., Xu, Y., 
Tan, T., Zheng, X., & Yu, Z. (2025). Adamhf: 
Adaptive multimodal hierarchical fusion for survival 
prediction (arXiv:2503.21124). arXiv. 
https://doi.org/10.48550/arXiv.2503.21124 
[12] Guo, W., Liang, W., Deng, Q., & Zou, X. 
(2021). A multimodal affinity fusion network for 
predicting the survival of breast cancer 
patients. Frontiers in Genetics, 12, 709027. 
https://doi.org/10.3389/fgene.2021.709027 
[13] Li, T. Z., Still, J. M., Xu, K., Lee, H. H., Cai, L. 
Y., Krishnan, A. R., Gao, R., Khan, M. S., Antic, S., 
Kammer, M., Sandler, K. L., Maldonado, F., 
Landman, B. A., & Lasko, T. A. (2023). 
Longitudinal multimodal transformer integrating 
imaging and latent clinical signatures from routine 
ehrs for pulmonary nodule classification. In H. 
Greenspan, A. Madabhushi, P. Mousavi, S. 
Salcudean, J. Duncan, T. Syeda-Mahmood, & R. 
Taylor (Eds.), Medical Image Computing and 
Computer Assisted Intervention – MICCAI 
2023 (Vol. 14221, pp. 649–659). Springer Nature 
Switzerland. https://doi.org/10.1007/978-3-031-
43895-0_61 
[14] Zhang, E., Raigir, V. S., Poellabauer, C., Kohut, 
A., Templeton, J. M., Mondal, A., & Weintraub, L. 
(2025). Madsurv: An uncertainty-aware framework 
for multimodal cancer survival 
analysis. Proceedings of the 16th ACM International 
Conference on Bioinformatics, Computational 
Biology, and Health Informatics, 1–8. 
https://doi.org/10.1145/3765612.3767227 
[15] Shen, Y., Park, J., Yeung, F., Goldberg, E., 
Heacock, L., Shamout, F., & Geras, K. J. 
(2023). Leveraging transformers to improve breast 
cancer classification and risk assessment with multi-
modal and longitudinal data (arXiv:2311.03217). 
arXiv. https://doi.org/10.48550/arXiv.2311.03217 
[16] Gao, Y., Tan, T., Wang, X., Beets-Tan, R., 
Zhang, T., Han, L., Portaluri, A., Lu, C., Liang, X., 
Teuwen, J., Zhou, H.-Y., & Mann, R. (2025). Multi-
modal longitudinal representation learning for 
predicting neoadjuvant therapy response in breast 
cancer treatment. IEEE Journal of Biomedical and 



ADAPT-BC: A Trust-Gated, Adaptive Framework to Uncertainty-Aware Survival Prognosis of Breast 
Cancer on the METABRIC Data 

 

IJDDT, Volume 16 Issue 42s, 2026 Page 238 

 

Health Informatics, 29(12), 9041–9050. 
https://doi.org/10.1109/JBHI.2025.3540574. 
[17] Krasniqi, E., Filomeno, L., Arcuri, T., Ferretti, 
G., Gasparro, S., Fulvi, A., Roselli, A., D’Onofrio, 
L., Pizzuti, L., Barba, M., Maugeri-Saccà, M., Botti, 
C., Graziano, F., Puccica, I., Cappelli, S., Pelle, F., 
Cavicchi, F., Villanucci, A., Paris, I., … Vici, P. 
(2025). Multimodal deep learning for predicting 
neoadjuvant treatment outcomes in breast cancer: A 
systematic review. Biology Direct, 20(1), 72. 
https://doi.org/10.1186/s13062-025-00661-8s 
[18] Gao, Y., Ventura-Diaz, S., Wang, X., He, M., 
Xu, Z., Weir, A., Zhou, H.-Y., Zhang, T., Van 
Duijnhoven, F. H., Han, L., Li, X., D’Angelo, A., 
Longo, V., Liu, Z., Teuwen, J., Kok, M., Beets-Tan, 
R., Horlings, H. M., Tan, T., & Mann, R. (2024). An 

explainable longitudinal multi-modal fusion model 
for predicting neoadjuvant therapy response in 
women with breast cancer. Nature 
Communications, 15(1), 9613. 
https://doi.org/10.1038/s41467-024-53450-8 
[19] Ma, D., Cao, J., Cheng, H., Zhou, D., Liu, J., 
Zhang, X., Wu, K., Gu, C., & Guan, X. (2026). 
Longitudinal mri-clinical multimodal fusion for pcr 
prediction in breast cancer. In J. C. Gee, D. C. 
Alexander, J. Hong, J. E. Iglesias, C. H. Sudre, A. 
Venkataraman, P. Golland, J. H. Kim, & J. Park 
(Eds.), Medical Image Computing and Computer 
Assisted Intervention – MICCAI 2025 (Vol. 15974, 
pp. 323–332). Springer Nature Switzerland. 
https://doi.org/10.1007/978-3-032-05182-0_32 
 

 


