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Abstract 
The exponential growth of multimodal healthcare data as Biomedical literature, medical notes, 
clinical text, and electronic healthcare records, has enhance the need for intelligent and adaptive 
healthcare analytics systems. Traditional clinical decision support systems mostly rely on static and 
single-modal methods, that restrict the contextual understanding, explainability, and real-time 
clinical intelligence. This proposed model presents a sustainable and adaptive Hybrid AI-Based 
Framework for Clinical Decision Support and Healthcare Analytics integrating multimodal healthcare 
data through transformer-based architectures, Explainable AI techniques, and biomedical language 
models. The proposed framework is amalgamation of Vision Transformer (ViT), BioBERT/ClinicalBERT, 
multimodal feature fusion, also attention-based explainability mechanisms to boost biomedical 
summarization, disease prediction, and intelligent clinical reasoning. The system aims to provide 
scalable, adaptive, interpretable, and real-time healthcare intelligence while reducing clinician 
workload and improving diagnostic efficiency. The proposed approach is expected to enhance 
prediction accuracy, semantic understanding, and trustworthy healthcare analytics, contributing 
toward next-generation intelligent Clinical Decision Support Systems (CDSS). 
 
Keywords: Multimodal Healthcare Analytics, Clinical Decision Support System (CDSS), Explainable AI 
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Introduction 
The rapid growth of healthcare data of medical notes, clinical reports, biomedical literature, and 
electronic health records has significantly increased the demand for intelligent and adaptive 
healthcare analytics systems. Clinical decision-making is a complex and data-intensive procedure 
requiring accurate, real-time, and context-aware clinical intelligence for effective diagnosis, 
treatment planning, and patient intensive care. Traditional machine learning and clinical data mining 
techniques are restricted by static architectures, they depend a lot on structured data, and they also 
stick to single-modal processing, which leads to weaker contextual understanding, like semantic learn 
that is not as deep, and only limited adaptability in real time healthcare settings [1,2]. Current 
advancements in Artificial Intelligence (AI), transformer-based architectures, biomedical language 
models, and multimodal learning have enabled the development of intelligent Clinical Decision 
Support Systems (CDSS), that capable of integrating medical images and clinical textual information 
for enhanced healthcare analytics [3,4]. Vision Transformer (ViT), BioBERT, Clinical BERT, and 
multimodal large language models have demonstrated promising performance in biomedical 
summarization, disease prediction, and healthcare reasoning tasks [5,6]. Explainable AI approaches 
with attention mechanisms have supported transparency, interpretability, ultimately clinician trust in 
AI driven healthcare setups [7]. The systems in use today still stumble on weak multimodal semantic 
fusion that restrict to explainability, good computational complexity, and there’s also no single 
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unified adaptive framework inevitable for real time healthcare intelligence [8]. This proposed 
method suggests a sustainable but adaptive hybrid AI framework which handles together multimodal 
healthcare analytics and transformer guided feature fusion, also intelligent clinical reasoning, with 
the goal of improving biomedical summarization, disease forecasting, and clinical decision support 
system. 
 
Background analysis 
 
The Current developments in multimodal health care intelligence using the MIMIC-CXR dataset 
shows the significant improvement at automated clinical reasoning, biomedical summarization, and 
healthcare analytics. The big idea seems to be that imaging information and clinical text are fused in 
a way that helps the whole system reason better. Lee et al. came up with CXR-LLaVA, which is a 
multimodal large language model for chest X-ray interpretation. It uses transformer-based 
architectures, and this helps it grab context in a more careful manner, so the clinical report 
interpretation sounds more coherent overall [9]. Then, to handle the usual problem of scarce labeled 
data, Agostini et al. suggested a weakly supervised multimodal learning setup. In their approach they 
lean on Multimodal Variational Mixture-of-Experts, often shortened as MMVM, and it supports 
sturdy representation learning from MIMIC-CXR data [10]. 
Similarly, Sirbu et al. developed GIT-CXR, an end-to-end transformer-based framework for clinical 
report generation automated from medical images, it manages to bring improved biomedical 
summarization, plus better semantic contextualization [11]. RadFuse does something similar but 
mixes Vision Transformers (ViT) with Clinical BERT so it can handle multimodal disease diagnosis and 
also healthcare information retrieval, in turn helping feature fusion feel more effective, and leading 
to deeper contextual healthcare analytics [12]. Also, Shurrab et al. proposed a multimodal masked 
Siamese network, where radiological image features are paired with patient information, to 
strengthen multimodal healthcare representation learning [13]. Liu et al. then introduced MDFormer, 
which is a transformer based multimodal fusion architecture for chest disease diagnosis, and they 
reported better diagnostic performance, alongside stronger contextual understanding [14]. In 
addition, large-scale biomedical foundation models like Biomed CLIP and BioMed BLIP have pointed 
out how well vision–language pretraining works for generalized multimodal healthcare intelligence, 
clinical reasoning, and downstream medical applications [15,16]. Despite of these notable 
advancements, several limitations stay in the model. Many existing methods suffers with insufficient 
explainability, poor real time adaptability, also inadequate semantic fusion mechanics, plus they 
often bring high computational overhead. There is restricted integrated framework that can tackle 
biomedical summarization, disease prediction, explainable artificial intelligence, and intelligent 
Clinical Decision Support Systems. A growing demand for a sustainable, adaptive, unified hybrid AI 
framework that can improve the model performance, and help enable next generation healthcare 
analytics, stronger clinical reasoning, and smarter Clinical Decision Support Systems (CDSS). 

Ref. Paper / Year Dataset Modality 
Transformer-B

ased 
Explainability 

CDSS 
Support 

Summarization 
Disease 

Prediction 
Real-Time / 

Adaptive 
Key Limitation 

[1] 
CXR-LLaVA 
(2024) 

MIMIC-CXR 
Image + 
Text 

✔ Yes ❌ Limited 
✔ 
Partial 

✔ Yes ✔ Yes ❌ No 
Weak explainability 
and limited 
adaptability 

[2] 
MDFormer 
(2025) 

MIMIC-CXR Multimodal ✔ Yes ❌ Limited ✔ Yes ❌ No ✔ Yes ✔ Partial 
High computational 
complexity 

[3] 
BioMedBLIP 
(2024) 

Biomedical 
multimodal 
datasets 

Image + 
Text 

✔ Yes ❌ No 
❌ 
Limited 

✔ Partial ✔ Partial ❌ No 
Lack of clinical 
decision integration 

[4] 
RadFuse 
(2025) 

MIMIC-CXR Multimodal ✔ Yes ❌ Weak ✔ Yes ❌ No ✔ Yes ✔ Partial 
Weak semantic 
interpretability 

[5] 
Proposed 
Work (2026) 

MIMIC-CXR Multimodal ✔ Yes 
✔ Strong 
(SHAP + 
Attention) 

✔ Yes ✔ Yes ✔ Yes 
✔ Adaptive 
& Real-Time 

Unified explainable 
multimodal CDSS 
framework 
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Key Contribution 

●​ Conception of an adaptive and intelligent multimodal health care system that performs on 
the medical images and clinical text data, for decision support in real practice. 

●​ Implementation of transformer based multimodal fusion, using Vision Transformer (ViT) 
along with BioBERT or ClinicalBERT so the system can get the context of health information, 
better. 

●​ Structure an automated biomedical summary engine that can create clinically useful recaps, 
not just generic outputs. 

●​ Linking Explainable AI (XAI) tools like SHAP and attention mechanisms, to make results more 
interpretable and also boost clinician. 

●​ Enhancement of disease prediction, diagnosis, and clinical reasoning through multimodal 
semantic feature learning.  

●​ Development of a unified healthcare intelligence framework supporting summarization, 
prediction, explainability, and real-time healthcare analytics.  

●​ Improvement of healthcare AI reliability and contextual reasoning compared to traditional 
unimodal healthcare systems.  

 Feature Selection 
The proposed framework pulls out several levels of healthcare intelligence from multimodal data 
sources. With the medical images, we extract features including abnormal anatomical structures, 
texture cues and spatial representations, plus disease related visual patterns, along with structural 
feature representations. This is typically done with Vision Transformer (ViT) or with CNN based 
architectures. Simultaneously, clinical textual data is processed using BioBERT or ClinicalBERT models 
to capture clinical terminologies, disease entities, symptoms, diagnostic observations, medical 
keywords, and contextual semantic relationships. These image and text representations are then 
integrated through a transformer-based multimodal fusion network to learn cross-modal semantic 
relationships, image-text contextual alignment, attention-weighted multimodal embeddings, and 
intelligent clinical reasoning representations. The fused multimodal features are further utilized for 
disease prediction and classification using deep neural network models, while automated biomedical 
summarization is performed through an attention-based transformer decoder. Additionally, 
Explainable AI techniques such as SHAP and attention visualization are incorporated to improve 
interpretability, transparency, and clinician trust. Overall, the proposed hybrid multimodal AI 
framework aims to provide adaptive, explainable, and intelligent clinical decision support for 
advanced healthcare analytics. 

Proposed Methodology 

The proposed sustainable and adaptive multimodal healthcare framework integrates medical image 
analysis, biomedical text understanding, transformer-based multimodal fusion, and explainable AI for 
intelligent clinical decision support. At first, medical images get pre-processed via normalization plus 
enhancement, while the clinical text data is cleaned tokenized, and had the noise removed so the 
semantic side looks better. For the images, people commonly use Vision Transformer (ViT) or CNN 
style networks to pull out pathological and structural representations, and for the language side, 
BioBERT or ClinicalBERT are applied to produce contextual embeddings of the clinical information. 
After that, the multimodal features are brought together with an attention-guided transformer 
fusion approach, so cross-modal semantic links get formed, and the whole system can support 
contextual health-care intelligence. The combined outputs are then used downstream for biomedical 
summarization, disease prediction, classification, and even the generation of smart clinical 
recommendations. Explainable AI methods based feature evaluation and attention heatmaps are 
added for both visual plus semantic explanation of the choices and transparency of the model. 
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Experiments and Performance Evaluation 

Proposed framework would focus to analyse the multimodal healthcare intelligence and also 
biomedical summarization quality, disease prediction ability and finally explainability performance 
with the experiment’s performance. BioBERT based semantic embeddings are going to evaluate for 
contextual clinical understanding, whether the meaning created by semantic analysis. Multimodal 
fusion experiments would perform where the goal is to see cross modal semantic alignment and 
contextual reasoning performance. BLEU and ROUGE are measured, basically as a way to quantify 
how good is the generated summary for Biomedical summarization quality. Disease prediction and 
classification performance will assess using accuracy, precision, recall, and the F1-score. 
Explainability is handled with importance evaluation plus attention heatmaps, and this is meant to 
reflect interpretability. Comparative experiments will run against traditional unimodal systems and 
non-explainable baselines, to verify whether the multimodal framework actually brings 
enhancement.  

Expected Results and Outcomes 

The proposed framework is expected to somehow achieve improved healthcare intelligence by 
means of accurate multimodal representation learning and kind of contextual clinical reasoning, even 
if it sounds a bit complex. By integrating ViT, BioBERT and transformer-based multimodal fusion, the 
system is anticipated to raise biomedical summarization quality, strengthen semantic understanding, 
improve disease prediction accuracy and also support real-time clinical decision support 
performance. On top of that, the explainable AI piece using SHAP plus attention visualization should 
help with interpretability, transparency, and (in practice) increase clinician trust in AI-driven 
healthcare analytics In comparison with earlier unimodal systems, the proposed framework is 
expected to show better BLEU and ROUGE scores, higher accuracy along with F1-score for disease 
prediction , also richer multimodal contextual understanding, and quicker generation of intelligent 
clinical recommendations. The research is targeting to provide a scalable, adaptive, explainable and 
sustainable Clinical Decision Support System (CDSS), that should fit next-generation intelligent 

healthcare analytics and be considered a Q1-level research contribution. 

Discussions 

The proposed framework handles the major issues in the current healthcare AI systems by bringing 
medical image analysis and biomedical text understanding together into one multimodal 
architecture. Traditional systems tend to work on separate problems on image classification, clinical 
text mining by the context perform poor relations, and clinical reasoning is usually weaker. The 
proposed transformer-based multimodal fusion helps semantics on the clinical text, with more 
accurate biomedical summarization with better disease prediction. With Addition of Explainable AI 
techniques makes the whole thing extra interpretable and transparent, also increase clinician trust. 
Proposed framework is designed to support smarter clinical reasoning and real-time healthcare 
analytics, clinicians devote a lesser amount of time on repetitive work and decisions can be made 
faster. The combination of multimodal learning, biomedical NLP, and explainability impulses toward 
scalable, more intelligent Clinical Decision Support Systems CDSS. 

Conclusion 

The proposed systems present an adaptive and explainable multimodal healthcare intelligence 
framework for biomedical summarization and clinical decision support System. With the integrating 
transformer based medical image analysis and biomedical language understanding with multimodal 
feature fusion with explainable AI mechanisms, the framework boosts contextual clinical empathetic 
disease prediction accuracy and interpretability. This system will provide intelligent reliable and 
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clinically meaningful healthcare insights also enabling automated summarization, diagnosis, 
decision-making processes. The research contributes toward the advancement of explainable 
multimodal AI driven healthcare systems that are more suitable for real world clinical applications 

and for high impact biomedical research. 

Limitations 

• Robust requirement on well-made marked medical images on clinical textual data, both matters.   
• Big GPU memory with a lot of compute time for training deep learning models.  
• Explainability methods can add additional inference time and generate extra computational 
overhead.  
• Might struggle with incomplete cases with noisy inputs or imbalanced clinical data. 
• For real-time deployment inside clinical workflows, you may need more optimization, testing, and 
validation before it actually works. 
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