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ABSTRACT

With the growing number of electronic health records (EHRs) and medical knowledge databases, there has been an
increase in the adoption of Artificial Intelligence (Al) for intelligent healthcare decision support systems. However, current
healthcare Al systems face limitations related to lack of explainability, lack of integration of medical knowledge, and lack
of collaborative reasoning capabilities. In order to overcome these limitations, this research paper aims to design and
develop a Multi-Agent Generative Al Framework for Healthcare Decision Support involving the use of MIMIC-1V clinical
dataset, SMART-RAG, Clinical BERT embeddings, FAISS vector database, GPT-4 based LLMs, XAl and Human-Al
Decision Support. The SMART-RAG module fetches information from medical guidelines, protocols of treatment, and
scientific articles that help in enriching patient specific information with scientific evidence based on the literature
available in the field. The framework uses Multi-agent architecture including Diagnosis Agent, Risk Assessment Agent,
Treatment Recommendation Agent, and Explainability Agent. These agents collaborate together for the analysis of patient
information and give clinical advice that is clear and transparent to understand. Experiments prove its promising
performance by obtaining 0.93, 0.91, and 0.95 precision, recall, and faithfulness scores for the SMART-RAG retrieval
process. The Diagnosis Agent, Risk Assessment Agent, Treatment Agent, and Explainability Agent obtained 94.5%,
92.7%, 93.6%, and 95.4% accuracies, respectively. Moreover, the GPT-4 decision engine managed to score 95.1% for
Accuracy, 94.6% for Precision, 94.2% for Recall, and 94.4% for F1-Score, whereas the physician validation gave rise to
a recommendation acceptance rate of 92.4%. The Explainability Agent improves the transparency of the process through
interpretive reasoning behind the clinical recommendations, thus making physicians more confident about the decisions.
Knowledge-driven reasoning, agent intelligence, explainable Al, and human-in-the-loop can be viewed as a robust
solution for intelligent health care decision support.

KEYWORDS: Healthcare Decision Support, Multi-Agent Systems, Generative Al, GPT-4, Clinical BERT, FAISS,
SMART-RAG, Retrieval-Augmented Generation, Explainable AI, Human-Al Collaboration, MIMIC-IV, Clinical
Intelligence.

I. INTRODUCTION

Data is collected in abundance in the field of healthcare by virtue of Electronic Health Records (EHRs), clinical
documents, lab results, imaging systems, and patient monitoring systems [13]. The efficient use of data collected is
extremely important to diagnose diseases, predict risks, make plans regarding treatments, and manage the patients. But
due to the increasing complexities involved in the data and the need for evidence-based health care, decision-making in
healthcare has become an extremely difficult task for healthcare professionals [14]. Thus, the use of Al technology for
supporting decision making regarding healthcare has become important.

In recent times, there have been some notable developments in Generative Artificial Intelligence (GenAl) and Large
Language Models (LLMs). The [1] GPT-4 model is capable of displaying amazing abilities in terms of understanding the
medical text, answering medical queries, summarizing patient records, and aiding in the process of diagnosing. They are
able to deal with huge amounts of unstructured data in the field of medicine and produce responses in a human-like manner
which helps the healthcare providers in making decisions. Even though these models show very good performance, there
have been some drawbacks with individual [2,15] LLMs like hallucinations, lack of domain grounding, and insufficient
transparency in clinical reasoning.

However, these problems can be addressed with Retrieval-Augmented Generation (RAG), which provides a way to
successfully combine external data sources with Large Language Models. With the use of RAG, medical information is
retrieved from such sources as guidelines and treatment protocols, biomedical literature, and healthcare knowledge bases
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prior to generation of recommendations [16]. Through inclusion of evidence-based medical knowledge in the reasoning,
RAG minimizes hallucinations and increases factual correctness of generated recommendations. In healthcare
applications, [3,23] RAG is capable of giving clinicians recommendations based on trustworthy medical sources and
clinical evidence.

Despite the enhanced ability to ground knowledge in RAG, decision-making in the medical field involves many connected
tasks that include disease diagnosis, risk estimation, treatment recommendation, and generating explanations [24]. A single
machine learning model might find it difficult to accomplish all these tasks at once. This is why Multi-Agent Systems
(MAS) [4] have attracted much interest as an approach to decomposing the complex healthcare reasoning process into
specialized modules. In a [5] Multi-Agent system, many intelligent agents work together to solve a problem by allocating
different tasks to individual agents. This leads to better scalability, modularity, and decision quality [17]. In a healthcare
setting, specialized agents will be able to independently conduct diagnosis prediction, patient risk estimation, treatment
recommendation, and generating explanations, thereby contributing to the ultimate clinical decision [18,25].

Another important aspect of healthcare Al systems is transparency and explainability. Healthcare providers need to
comprehend the reasoning behind [6] recommendations made by Al to incorporate them in their practices. For this reason,
Explainable Artificial Intelligence (XAI) is becoming an area of great interest in terms of improving trustworthiness of
Al-enabled healthcare systems [19,20]. [7] The use of explainable Al provides explanations for predictions made by Al,
identifies key clinical features and helps physicians verify Al recommendations. The application of XAl is especially
important in cases when the health of patients is at stake.

Apart from explainability, [8] contemporary healthcare organizations focus on the aspect of Human-Al cooperation.
Instead of substituting healthcare professionals, the Al systems should act as intelligent assistants. The involvement of
humans in the decision-making process implies that physicians have an opportunity to examine, verify, change, or ignore
the Al suggestions. This cooperation involves both the capabilities of the artificial intelligence and the competence of
medical professionals.

In [9], D. Varshney et al proposed a medical dialogue system which uses medical knowledge bases in combination with
language models to provide clinically meaningful responses. This study proved that external medical knowledge plays an
important role in improving the quality of healthcare communication and reasoning abilities. [10], Z. Ren et al explored
agent-based consultation in healthcare using LLMs and made significant progress in improving the quality and safety of
medical consultations. The framework focused on structured reasoning and clinical workflows, enabling Al-assisted
healthcare decision-making systems to be built. [11] A. Gorenshtein et al., studied the application of Al agents in
healthcare, where the researchers compared multi-agent systems with traditional LLMs. They established that multi-agent
systems enhance task decomposing, information retrieving, and decision-making abilities. This study offers an elaborate
basis for implementation of Multi-Agent LLM architectures in healthcare.

Driven by such considerations, the present paper presents a proposal for a Multi-Agent Generative Al Framework for
Healthcare Decision Support [12,21,22], which incorporates clinical data of MIMIC-IV, SMART-RAG (Semantic Medical
Augmented Retrieval for Treatment using Retrieval-Augmented Generation), GPT-4, Multi-Agent Systems, Explainable
Al, and Human-AI Decision Support. The SMART-RAG component retrieves knowledge related to healthcare from
medical guidelines, research papers, and treatment plans. The model makes use of four unique agents, including the
Diagnosis Agent, Risk Assessment Agent, Treatment Recommendation Agent, and Explainability Agent, for analyzing
patient data to provide evidence-based clinical recommendations [26,27,28]. The Human-Al validation level ensures that
all the recommendations made through the system are clinically sound and safe.

II. METHODOLOGY

The suggested framework takes advantage of the Medical Information Mart for Intensive Care IV (MIMIC-1V) database,
a clinically oriented, publicly available data repository used extensively in healthcare analytics, machine learning, and
artificial intelligence studies. The MIMIC-IV database comprises anonymized medical data extracted from records of over
380,000 patients and 520,000 hospitalizations. This is a combination of structured and unstructured data and consists of
patient demography, admission information, coding for diagnosis, lab results, vital signs, drug orders, procedures
performed, ICU monitor data and doctor notes. The patient demography includes details such as age, gender, ethnicity
and admission information, while lab values such as blood sugar, hemoglobin, creatinine and electrolytes are helpful to
diagnose and assess risk of diseases. Furthermore, the continuous monitoring data such as heart rate, blood pressure,
respiratory rate, body temperature, and oxygen saturation facilitate real-time decision-making by the clinicians. The
dataset also includes a large amount of clinical notes, discharge summary, radiology report, and nursing notes that can be
analyzed efficiently using the methods of Large Language Models (LLM) and Retrieval-Augmented Generation (RAG).
Due to its richness and diverse nature, MIMIC-IV is considered an excellent choice of dataset for our proposed Multi-
Agent Generative Al Framework for Healthcare Decision Support presented in figure 1. The Data Agent makes use of the
demographic and laboratory data, the Diagnosis Agent uses clinical notes and disease patterns, the Risk Assessment Agent
uses severity and outcomes of the patients, the Treatment Agent generates treatment suggestions based on clinical
guidelines using RAG and the Explainability Agent explains the decisions generated. MIMIC-1V is heterogeneous, and
this makes it easy to work effectively with more than one intelligent agent. This means that it is very appropriate for use
in building health care decision support systems.
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Fig.1: Proposed SMART-RAG Enabled Multi-Agent Generative AI Framework for Healthcare Decision Support

2.1 SMART-RAG

The suggested SMART-RAG (Semantic Medical Augmented Retrieval for Treatment using Retrieval-Augmented
Generation) algorithm aims at retrieving clinical-related medical knowledge, and merging it with patient-specific
information from the MIMIC-IV database. In the beginning, the algorithm preprocesses the healthcare data, creates a
patient’s profile, and converts the profile into semantic embeddings. Next, similarity-based retrieval retrieves the most
related medical documents, treatment guidelines, and medical evidence from the medical knowledge base. Afterward, the
retrieved information and patient-specific information merge into an enriched clinical context that can help in further
multi-agent reasoning, diagnosis prediction, risk assessment, treatment suggestion, and explainable healthcare decision-
making. The ground-truthed LLM using medical evidence retrieved helps minimize hallucinations.

Step 1: Clinical Data Representation
Let the MIMIC-IV dataset be represented as:

D = {d,d,, ds, ...

where: D= clinical dataset, d;= patient record, n= total patient records

The dataset is cleaned and normalized:

D’ = Normalize(Clean(D))

Patient profile construction

»dn}

P = {Dem, Lab, Vitals, Diag, Med}

where: Dem= demographics, Lab= laboratory tests, Vitals= vital signs, Diag= diagnosis history, Med= medication records

Step 2: Semantic Embedding Generation

The patient profile is encoded into semantic embeddings:
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where: Q= query embedding, f(-)= embedding model
medical Knowledge repository:
KB = {kl’ kz, kg, ey kt}

where: k;= clinical guideline or medical document, t= total documents
Cosine similarity:

Sim(Q k) = — 2
o QI k;
where: Sim(Q, k;)= similarity score
Retrieve the most relevant documents:

K = Topk(Sim(Q, KB))

where: K= retrieved knowledge, k= number of retrieved documents
Context Augmentation is to Retrieve knowledge is augmented by patient data:
C=POK

where: C= augmented clinical context, @= concatenation operator

2.2 Agentic AI (Multi-Agent LLMs)
The suggested architecture utilizes Agentic Artificial Intelligence (Agentic Al) by means of a suite of LLM-based agents
dedicated to the accomplishment of tasks related to healthcare decision making. Contrary to classic approaches using one
unified model capable of handling all sorts of tasks, the Multi-Agent architecture splits up the complexity of the clinical
decision-making process into several specialized components. Each individual agent is tasked with performing a certain
role in healthcare, such as diagnosis prediction, risk assessment, treatment recommendation, and explanation.
The RAG-enhanced patient context is represented as:
C=POHK
where: P= patient profile, K= retrieved medical knowledge, C= augmented clinical context
Each agent receives the same context Cand generates a task-specific output:
A; = LLM;(0)
where: A;= output of the i®agent, LLM;= specialized Large Language Model agent, C= RAG-augmented clinical context
Multi-Agent Coordinator
The Multi-Agent Coordinator is essentially the central control unit that is responsible for handling communication between
agents and integrating their outputs.
M = {Ap, Ag, Ar, Ag}

where: Ap= Diagnosis Agent, Ag= Risk Assessment Agent, A= Treatment Recommendation Agent, Az= Explainability
Agent. The coordinator disseminates the patient context to all the agents and gathers their answers for decision fusion.
Diagnosis Agent
The Diagnosis Agent examines symptoms, laboratory results, medical history, and the extracted medical data to predict
possible diseases or illnesses.

Ap = LLMp(C)

where: Ap= diagnosis output, LLMp= diagnosis-specific LLM
The agent makes predictions about diseases like:
Disease = argmax P(d; | C)

where: d;= disease class (Diabetes Mellitus, Hypertension, Heart Disease, Sepsis). Diagnosis Agent is the main part of the

clinical reasoning of the framework.

Risk Assessment Agent

The Risk Assessment Agent analyzes severity of the disease, risk of death, risk of being hospitalized, and complications.
Ar = LLMg(C)

A risk score is calculated as:
n
Risk = Z Wi Xj
i=1

where: x;= patient feature, w;= feature weight

Patients are categorized by the agent to be: Low Risk, Moderate Risk, High Risk. This assists healthcare practitioners in
prioritizing their care.

Treatment Recommendation Agent

Genetics and Molecular Research 25 (7s): 2026 4



Treatment Recommendation Agent creates customized treatment recommendations by combining patient data and
retrieved medical guidelines.
AT = LLMT(C)

Treatment generation:
T = Generate(C)

where: T= treatment recommendation. Outputs can include medication recommendations, diagnostic tests, lifestyle
changes, follow-up procedures. The implementation of RAG guarantees that recommendations are based on evidence-
based medical knowledge.

2.3 Human-AlI Validation
Human-AI Decision Support refers to a paradigm of collaborative intelligence that uses Al technologies to help healthcare
practitioners make informed decisions clinically but retains human responsibility for it. Within the proposed multi-agent
generative Al architecture, the Al agents will analyze patient data, find pertinent medical information using RAG, and
provide diagnostic findings, risks, treatment suggestions, and explanations. Nevertheless, the decision about the actual
course of action will be controlled by the healthcare practitioners. Human-Al Decision Support integrates the processing
capabilities of Al with the experience of medical practitioners to minimize decision-making errors.
Recommendations are evaluated by healthcare practitioners before final deployment.

Dfina1 = Human(F)

where: F= Al-generated recommendation, Dg;,,= physician-approved decision. The doctor can either accept, revise, or
discard the generated suggestion.

2.4 Explainable AI (XAI):
Explainable Artificial Intelligence (XAI) is an umbrella term for all approaches that provide explainability, interpretability,
and transparency in the decisions made by machines. When it comes to the health-care setting, there is a need for Al
explainability since doctors should be aware of the reasons behind such decisions in order to use them in practice. The
proposed system has a special Explainability Agent that provides explanations for the decisions about diagnoses, risks,
and treatments.
The Explainability Agent gets inputs from many agents:

Ap, Ag, At

and generates an explanation:
E = Explain(Ap, Ag, A1)

where: E= explanation generated by the Explainability Agent. The process of explanation can also be shown by:
E =f(C,F)

where: C= RAG-augmented clinical context, F= fused healthcare recommendation, E= interpretable explanation. The
Explainability Agent determines the important clinical aspects responsible for making the recommendation:
E ={ey, ey €3 ..,e,}

where: e;= individual explanatory factor
For example:
E = {High Blood Glucose, Elevated HbA1c, Obesity, Family History}

Incorporating Human-AlI decision support and explainable Al in the proposed model guarantees that the healthcare
decisions are not just precise and based on knowledge but also transparent, trustworthy, interpretable, and actionable.

III.RESULTS AND DISCUSSIONS

Explainability Agent in figure2 had the best accuracy (95.4%), which is an indicator of the effectiveness of evidence-
based reasoning in facilitating explainable clinical decision-making. The Diagnosis Agent (94.5%) and the Treatment
Agent (93.6%) also proved to be highly effective, validating the importance of having specialized agents for different
tasks. The GPT-4 engine in figure 3 performed well in terms of all evaluation criteria. With the ROC-AUC of 96%, the
engine exhibits good discrimination ability, while the balance between precision and recall means that recommendations
generated can be relied upon in health care practice. Figure 4 presents more than 92% acceptance of the recommendations
of Al by physicians, indicating good agreement between the developed framework and clinicians' skills. The low
percentage of rejections means that the framework can be applied in practice effectively. Figure 5 presents the overall
performance of the healthcare frameworks.
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IV.CONCLUSION

This paper introduces the Multi-Agent Generative Al Framework for Healthcare Decision Support incorporating the
MIMIC-IV clinical database, SMART-RAG (Semantic Medical Augmented Retrieval for Treatment using Retrieval-
Augmented Generation), Large Language Models (LLMs), Explainable Al (XAI), and Human-Al decision-making
approach. The suggested framework uses the SMART-RAG to extract necessary clinical data based on the medical
literature, scientific articles, and treatment guidelines, thus enhancing the patient-related data with evidence-based clinical
information. Additionally, the Multi-Agent system breaks down complicated health care reasoning processes into
particular sub-tasks such as diagnostics, risk, treatment, and explanations.

Experimentation showed that the combination of retrieval-based reasoning and agentic intelligence increased the
efficiency, clarity, and credibility of clinical advice. The SMART-RAG component demonstrated high retrieval efficiency,
and the Multi-Agent architecture helped in collective reasoning and more accurate decision making. An Explainability
Agent provided explanations for clinical reasons, thus increasing trust of physicians and helping them make better-
informed decisions about their patients. Additionally, the Human-Al validation level helped to ensure that
recommendations were always clinically safe.

Generally, the suggested system is able to merge knowledge-based reasoning, agentic intelligence, transparency, and
human oversight into one effective solution, which can be used in modern healthcare facilities.

Other ways by which the suggested architecture can be improved include Domain-specific healthcare LLMs like Med-
PalLM, BioGPT, Clinical GPT, and any future medical foundation models can be incorporated for improving the accuracy
of clinical reasoning and recommendations. The use of federated learning for collaborative training of models at different
hospitals without compromising patient confidentiality can be considered. Another way for future exploration can be
developing an Al-powered patient twin for simulating the disease progress and treatment outcomes.
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