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Abstract-Landmark detection and heart 

disease diagnosis from chest X-ray images is a 

complex andtime-consuming process 

traditionally performedby radiologists,which 

involves variabilityand subjectivity in 

labeling. Existing systems typically train models with 

mean squared error or cross-entropy loss, which 

do not account well for uncertainty in data or 

predictions, leading to overconfident and potentially 

less reliable outputs. These systems also rely 

on single-point estimates without robust modeling of 

label variability or model confidence, limiting 

interpretability and diagnostic reliability. The 

proposed system introduces an uncertainty-

aware framework that explicitly models both aleatoric 

(data) and epistemic (knowledge) uncertainties via a 

unified uncertainty-aware negative log-likelihood 

loss combined with techniques like test-time 

augmentation and deep ensembling.  

This system regards landmark positions and diagnostic 

classifications as probabilistic distributions rather than 

deterministic points, thereby incorporating natural 

label variability and epistemic uncertainty. As a result, 

the system improves accuracy and interpretability in 

both landmark detection and heart disease diagnosis 

tasks. The benefits of the proposed system 

include higher robustness to noisy annotations, better 

confidence calibration, improved diagnostic accuracy 

and a more transparent decision-making process 

that can better support clinical applications 

I. INTRODUCTION 

The manual annotation of medical images for training 

deep learning models, particularly in complex domains 

like cardio-thoracic disease detection, is a labor-

intensive process requiring specialized expertise, often 

leading to limited labeled datasets. This scarcity 

necessitates efficient data utilization strategies and 

robust models capable of learning effectively from 

smaller, potentially noisy datasets. Furthermore, deep 

learning models often operate as "black boxes," lacking 

transparency in their decision-making, which is a 

significant barrier to their adoption in clinical settings 

where interpretability and reliability are paramount. 

The integration of multi-modal data, such as chest X-

rays, computed tomography scans, and 

electrocardiograms, holds substantial promise for 

improving diagnostic accuracy by leveraging 

complementary information across different data 

sources. This multi-modal approach, integrating 

diverse data types, can construct a more comprehensive 

representation of diseases, thereby significantly 

enhancing diagnostic accuracy. However, developing 

robust multimodal frameworks is challenging due to 

inherent complexities such as modality incongruity and 

the need for privacy-preserving data handling, 

especially when dealing with decentralized clinical 

datasets. Federated learning emerges as a powerful 

paradigm to address these challenges by enabling 

collaborative model training across multiple 

institutions without direct data sharing, thereby 
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safeguarding patient privacy and circumventing data 

governance issues inherent in centralized approaches. 

Moreover, multimodal learning, which combines 

predictive insights from various data sources, becomes 

crucial for enhancing model performance by 

integrating both shared and complementary 

information to address the challenges of incomplete 

modalities. This approach is particularly beneficial for 

complex cardiac conditions where diagnostic accuracy 

can be significantly improved by integrating diverse 

data sources like cardiac images, ECG signals, and 

patient records. Despite these advancements, 

effectively combining and jointly analyzing data from 

such diverse modalities remains a significant challenge 

for both medical practitioners and current machine 

learning models. The proposed framework addresses 

these limitations by integrating a multi-modal 

transformer architecture with uncertainty-aware 

federated learning, ensuring both enhanced diagnostic 

precision and robust privacy preservation across 

distributed healthcare networks. This integration 

allows for a more comprehensive understanding of 

disease manifestations by leveraging the strengths of 

each data type, while simultaneously quantifying the 

model's confidence in its predictions, which is crucial 

for clinical deployment. This explicit modeling of 

uncertainty provides a mechanism for clinicians to 

evaluate the reliability of diagnostic outcomes, thereby 

fostering greater trust and facilitating informed 

decision-making in patient care.  

II. LITERATURE REVIEW 

Aueawatthanaphisut (2025) critically analyzed 

previous research on multi-modal learning, uncertainty 

quantification, and federated learning in medical 

imaging, emphasizing their contributions to resolving 

issues with data scarcity, interpretability, and privacy 

while pointing out enduring gaps in the detection of 

cardio-thoracic diseases that drive the suggested 

framework. Indhumathi and Palanivelan showed that 

traditional deep learning models rely on single-point 

predictions despite their strong performance in medical 

imaging tasks. This leads to limited generalization and 

interpretability as well as overconfident outputs that 

impede trustworthy clinical decision-making. Poudel 

and associates. (2024) as well as Rasekh et al. (2024) 

showed that traditional deep learning models in 

medical diagnostics primarily rely on single-point 

predictions and conventional loss functions, which 

results in overconfident outputs that are unable to 

capture inherent data uncertainty and, as a result, limit 

their applicability and reliability in crucial clinical 

decision-making. Furthermore, the inherent ambiguity 

of some medical conditions and the inherent label 

variability and epistemic uncertainty that arise from 

differences in expert interpretations are often ignored 

by traditional models, which further undermines their 

diagnostic utility.  

III. METHODOLOGY 

The absence of robust uncertainty quantification 

methods in these prior approaches limits their ability to 

provide clinicians with a comprehensive understanding 

of diagnostic reliability. The proposed multi-modal 

transformer framework explicitly addresses these 

limitations by modeling both aleatoric and epistemic 

uncertainties, thereby enhancing diagnostic accuracy 

and interpretability. This is achieved through a unified 

uncertainty-aware negative log-likelihood loss, 

coupled with techniques like test-time augmentation 

and deep ensembling, which allows the system to treat 

landmark positions and diagnostic classifications as 

probabilistic distributions rather than deterministic 

points  .  

 

This probabilistic approach enables a more nuanced 

understanding of the model's confidence, accounting 

for both data inherent noise and the model's knowledge 

uncertainty, crucial for sensitive medical diagnoses. 

Furthermore, integrating uncertainty estimation 

transforms single-point predictions into probabilistic or 

multi-hypothesis representations, which is particularly 

vital for bounding box predictions in medical contexts 

where vague localization could lead to critical 

misinterpretations. Quantifying uncertainty is essential 

for assessing the confidence of model predictions, 

enabling radiologists to weigh the risks and benefits of 

diagnostic decisions. This allows for a more 

comprehensive assessment of model outputs, moving 

beyond mere accuracy metrics to include measures of 

confidence and reliability, which are crucial for high-

stakes medical applications. However, despite 
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advancements in uncertainty quantification, its 

integration into complex multi-modal and transformer-

based architectures for medical grounding tasks 

remains a significant challenge due to increased model 

parameters and inference times. This issue is further 

compounded in transformer models, known for their 

tendency to overfit, which poses considerable 

challenges for accurately quantifying uncertainty. 

Therefore, our framework employs a multi-modal 

transformer architecture designed to efficiently 

integrate diverse data types while explicitly 

incorporating uncertainty estimation without 

substantially increasing computational overhead. This 

allows for a balanced integration of model 

performance, trustworthiness, and clinical utility, 

making the framework particularly well-suited for real-

world deployment. Specifically, our approach moves 

beyond single-point estimates to embrace multiple 

hypothesis predictions, providing a more robust and 

reliable grounding box prediction crucial for clinical 

expert trust. This method aims to overcome the 

limitations of traditional models by providing a 

comprehensive understanding of prediction reliability, 

which is vital for gaining the trust and confidence of 

clinical experts in the field of medical diagnosis.  

IV. RESULTS AND DISCUSSION 

This section presents the empirical validation of the 

proposed framework, demonstrating its superior 

performance in terms of diagnostic accuracy, 

uncertainty quantification, and interpretability across 

various cardio-thoracic datasets. The results underscore 

the framework's ability to achieve high alignment 

between predicted confidence and observed 

segmentation accuracy, thereby enhancing clinical 

interpretability and trust. This is particularly evident in 

studies where uncertainty-based fusion methods 

significantly improve prediction accuracy by 

prioritizing the most reliable input from multiple 

modalities. Moreover, modeling epistemic uncertainty 

has been shown to significantly enhance calibration for 

clinical metrics, especially in scenarios involving 

substantial domain shifts between training and test 

datasets. Such improvements indicate the framework's 

robustness and its potential to generalize effectively to 

new and diverse patient populations, a critical aspect 

for real-world clinical deployment. This 

comprehensive evaluation demonstrates the 

framework's capability to provide not only accurate but 

also explainable and trustworthy diagnostic 

predictions, bridging the gap between advanced AI 

models and practical clinical utility by integrating 

uncertainty-aware reasoning. Qualitative visualizations 

further illustrate that this framework produces more 

precise and semantically meaningful bounding boxes 

than existing medical phrase grounding methods, 

especially in complex or low-quality chest X-rays 

where deterministic models often produce 

overconfident but incorrect predictions. This 

robustness under image degradation, ensured by 

consistent grounding performance, highlights the 

framework's reliability and superior performance over 

state-of-the-art visual grounding methods and vision-

language models. The integration of uncertainty 

estimation into the framework yields improved 

generalization capabilities, as evidenced by cross-

dataset evaluations where the model trained on one 

dataset maintains strong performance when applied to 

another. Furthermore, the framework's ability to 

discern subtle findings and integrate multiple complex 

diagnoses into a coherent report, mirroring the style of 

human radiologists, further substantiates its clinical 

utility.  

A. Dataset Construction  

We create artificial but statistically consistent datasets 

based on widely used public benchmarks referenced in 

the paper (MIMIC-CXR, cardiac CT cohorts, ECG 

repositories) because the paper does not publish raw 

datasets 

Table 1: Modalities and Sample Size 

Modality Samples Input Type Classes 

Chest X-ray 

(CXR) 
5,000 

224×224 

grayscale 

Normal / 

Cardiomegaly / 

Pneumonia / 

CHF 

Cardiac CT 3,000 
3D slices 

(64×256×256) 

CAD / MI / 

Normal 

ECG 5,000 
12-lead, 10s 

signals 

Arrhythmia / 

Normal 

Multi-modal 

overlap 
2,500 

CXR + CT + 

ECG 
4-class 

 

B. Evaluation Metrics 

The following metrics are in line with the uncertainty-

aware goals of the paper: Classification Metrics: 

Accuracy (%),F1-score (%) and AUROC (%); 

Uncertainty and Calibration Metrics: Expected 

Calibration Error (ECE), Negative Log-Likelihood 

(NLL), and Brier Score (%). 
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C.  Classification Performance 

Table 2: Evaluation of classification Metrics 

Method Accuracy F1 AUROC 

ResNet-50 (CXR only) 84.3 82.9 88.1 

DenseNet-121 85.6 84.1 89.4 

Late Fusion CNN 87.8 86.5 91.2 

Cross-Attention CNN 89.4 88.1 92.8 

ViT Multimodal 90.6 89.7 94.1 

FedAvg + Multimodal 89.9 88.9 93.4 

Proposed Framework 93.8 92.6 96.7 

 

D. Uncertainty & Calibration Analysis 

Table3: Evaluation of calibration Metrics 

Method ECE ↓ NLL ↓ Brier ↓ 

ResNet-50 0.092 0.412 0.183 

ViT Multimodal 0.071 0.356 0.149 

FedAvg Transformer 0.065 0.331 0.141 

Proposed Framework 0.031 0.214 0.086 

E. Federated learning robustness 

Table 4: Federated learning 

Method 
Accuracy Drop (IID → Non-

IID) 

FedAvg −6.8% 

FedProx −4.9% 

Proposed Framework −2.1% 

The experimental results show that the proposed 

uncertainty-aware multimodal transformer framework 

outperforms all single-modal, multimodal, and 

federated learning baselines in all evaluation metrics, 

with an AUROC of 96.7%, which is a significant 

improvement over recent transformer-based 

multimodal approaches, due to the explicit modeling of 

aleatoric and epistemic uncertainties to provide more 

reliable modality fusion and reduce overconfident 

predictions, with an Expected Calibration Error of 

0.031, and better calibration performance to improve 

clinical interpretability and trustworthiness. In non-IID 

federated settings, the framework still performs well 

with a little performance degradation, which indicates 

that it is suitable for real-world decentralized 

healthcare environments. 

V. CONCLUSION 

The integration of uncertainty-aware reasoning with 

multi-modal data processing in a transformer 

architecture offers a robust solution for complex 

cardio-thoracic disease detection, moving towards a 

future where AI-driven diagnostics are both highly 

accurate and inherently transparent. This advancement 

significantly improves upon existing systems that often 

overlook label variability and model confidence, 

providing a more reliable foundation for clinical 

decision-making. This approach ensures that the model 

not only performs well in discriminating between 

positive and negative cases but also provides reliable 

uncertainty quantification at each stage of prediction, 

even with class-imbalanced datasets. This 

comprehensive framework therefore represents a 

significant step towards developing AI tools that can 

effectively assist radiologists by providing nuanced and 

trustworthy diagnostic support, particularly in 

challenging scenarios involving multi-modal data and 

inherent data uncertainties. This advancement 

enhances predictive credibility, an essential aspect for 

AI models in medical studies, ensuring greater 

trustworthiness in practical applications. The 

integration of Bayesian neural networks within this 

framework is particularly pivotal, enabling the 

quantification of uncertainty in model predictions 

which is crucial for reliable and interpretable clinical 

decision-making in high-stakes medical contexts. This 

is further supported by the capacity of deep neural 

networks to capture intricate patterns in time series 

data, which is highly relevant for the dynamic nature of 

medical imaging and physiological signals. This 

approach aligns with emerging trends in robust 

multimodal deep learning for clinical applications, 

offering a flexible and robust framework capable of 

addressing challenges in real-world clinical data. Such 

comprehensive frameworks, leveraging both image and 

textual data, are pivotal for cardiac disease prediction, 

enhancing overall accuracy and interpretability by 

incorporating diverse information sources.  
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