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ABSTRACT

Rapid growth in the adoption of Electronic Health Records (EHRs), Internet of Medical Things (IoMT) devices,
wearable sensor technology, and digital healthcare systems offers immense scope for intelligent healthcare decision
support. However, most Al-enabled healthcare systems in use today still lack explainability, contextual reasoning
capabilities, and effective decision-making. For these reasons, this research develops an Agentic Generative Al
Framework for Intelligent Disease Prediction and Decision-Making in smart healthcare. The framework incorporates
predictive analytics, Generative Al-based clinical reasoning, and autonomous intelligent agents into a coherent
healthcare framework. Six specific agents are used for data gathering, data analysis, disease prediction, clinical
reasoning, treatment recommendations, and patient monitoring. The combined functionality of these agents supports
disease prediction, clinical reasoning, and personalized treatment plans. Evaluation was performed on healthcare
datasets related to heart disease, diabetes, chronic kidney disease, and breast cancer. Experimental results show high
efficiency, stable accuracy across diseases, reliable recommendation generation, and enhanced healthcare intelligence
compared with traditional ML, DL, and LLM methods. Results show that combining Agentic Al with Generative Al
increases explainability, adaptability, and efficiency in medical decision support. The proposed model represents an
encouraging path toward intelligent, patient-centered, and explainable smart healthcare systems.

Keywords: Agentic Artificial Intelligence = Generative Artificial Intelligence - Disease Prediction = Clinical Decision
Support = Explainable AI = Smart Healthcare

1. INTRODUCTION Records (EHRs), Internet of Medical Things (IoMT) devices,
wearables, medical imaging equipment, and cloud computing
platforms. These systems produce large amounts of health

The healthcare industry has undergone a revolution in its
use of technology with the introduction of Electronic Health
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data that can support diagnosis, treatment, and disease man-
agement. Artificial Intelligence has become an important part
of data interpretation and evidence-based clinical decision-
making. Machine learning and deep learning models have
been successful in disease prediction, image analysis, and
patient outcome forecasting.

Despite these improvements, many currently available Al-
driven health systems concentrate mainly on prediction and
lack explainability and adaptability. In healthcare settings,
decision-making needs transparency, accountability, and the
use of multiple medical knowledge sources. Predictive mod-
els often work in isolation and therefore provide limited sup-
port for the complete process of diagnosis and treatment.

Innovations in Generative Artificial Intelligence and Large
Language Models (LLMs) have increased the functionality
of intelligent healthcare applications. Such models can com-
prehend medical terminology, synthesize clinical knowledge,
generate explanations, and help diagnose illnesses. Modern
language models have demonstrated medical knowledge and
reasoning ability, indicating that Generative Al can support
clinical decision-making, healthcare delivery, and knowledge
acquisition.

Agentic Artificial Intelligence has also emerged as an ap-
proach for autonomous decision-making. Agentic Al systems
can sense information, reason about goals, plan actions, and
cooperate with other agents to perform complex processes.
In medicine, agentic Al can facilitate disease prediction, clin-
ical reasoning, treatment suggestions, and ongoing patient
surveillance through coordination among different agents.

The integration of Agentic Al and Generative Al offers a
promising path toward a sophisticated healthcare ecosystem.
Through collaboration between these models, reliable pre-
diction results, appropriate explanations, medical data acqui-
sition, and personalized decision-making can be achieved.
Retrieval-based solutions and specialized domain knowledge
can further improve the accuracy of Al suggestions.

1.1 Evolution of Artificial Intelligence in Healthcare

Al for healthcare has developed from expert rule-based sys-
tems to machine learning, deep learning, and, more recently,
generative Al frameworks. Early clinical decision support
systems used preprogrammed rules and knowledge databases.
Machine learning introduced data-driven prediction models,
while deep learning enabled accurate disease detection and
image analysis. Generative Al and LLMs have recently made
reasoning and knowledge synthesis possible in healthcare.

1.2 Role of Agentic Generative Al in Smart Healthcare

The Agentic Generative Al framework integrates decision-
making skills with the reasoning and knowledge-creation
capabilities of large language models. In an intelligent health-
care setting, specialized agents can work together to gather
patient information, analyze clinical data, predict diseases,
assist diagnosis and therapy decisions, and carry out real-
time monitoring. This collaboration enables personalized
and adaptable clinical decision support while reducing the
cognitive load on medical practitioners.

1.3 Research Objectives

The primary objectives of this study are:

* To design an Agentic Generative Al framework for smart
disease prediction and clinical decision-making.

* To implement autonomous agents and Generative Al to
provide explainable and context-aware healthcare sup-
port.

* To evaluate the proposed framework and compare its
performance with other Al healthcare frameworks.

In light of the increasing integration of Agentic Al, Gener-
ative Al, and healthcare analytics, this research presents an
Agentic Generative Al Framework for Intelligent Disease
Prediction and Decision-Making in Smart Healthcare. The
framework unifies prediction, reasoning, explainability, rec-
ommendation generation, and monitoring into one integrated
system.

2. REVIEW OF LITERATURE

Artificial Intelligence has greatly impacted medicine through
its ability to predict illnesses, provide medical decision sup-
port, and personalize treatment. Machine learning and deep
learning methods have helped in diagnosis, patient outcome
prediction, and healthcare analytics. However, increasing
complexity in clinical settings requires intelligent systems
that reason and make decisions autonomously.

2.1 Atrtificial Intelligence and Clinical Decision Support in
Healthcare

Early research paved the way for Al-based healthcare sys-
tems. Studies on Al in healthcare examined applications in
diagnosis, treatment, and healthcare management. Big data
and machine learning have been emphasized as important
tools for generating clinical insights from healthcare datasets.
Deep learning has also contributed to innovation in imaging,
diagnostics, and clinical analysis. Clinical Decision Support
Systems (CDSS) have shifted from rule-based systems to
intelligent platforms, but many remain dependent on prede-
termined workflows and lack adaptability.

2.2 Generative Al and Large Language Models in Health-
care

Generative Al and LLMs have expanded intelligent health-
care applications. Large language models can learn and un-
derstand clinical information and perform medical reasoning
tasks. GPT-style models have been applied to difficult med-
ical questions, and healthcare-oriented LLMs have shown
potential in medical question answering, triage, referrals, and
diagnosis. However, reliability, transparency, and clinical
deployment remain key challenges.

2.3 Explainable Al and Agentic Intelligence in Healthcare

The growing use of Al in medicine increases the need for
transparency and explainability. Explainable AI helps clini-
cians understand how predictions and recommendations are
produced. Recent work on Agentic Al focuses on agents
that cooperate to accomplish healthcare goals. Agent-based
systems can support medical data inference, terminology-
aware reasoning, retrieval-augmented recommendations, and
autonomous healthcare workflow coordination.
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Table 1. Comparative summary of existing Al-based healthcare
decision support approaches.

Approach  Strength Limitation Research Gap
Traditional  Rule-based Low Limited
CDSS clinical support adaptability reasoning and
learning
Machine Accurate Limited Weak clinical
Learning disease explainability  interpretation
prediction
Deep Strong pattern  Data intensive ~ Limited
Learning detection and black-box  transparency
Generative  Clinical Reliability and Limited
AI/LLMs explanation and hallucination ~ workflow
text reasoning  risks integration
Agentic AI  Autonomous Emerging and  Limited
coordination under-tested integrated
healthcare
framework

According to the literature, there is a clear shift from tradi-
tional predictive analytics toward explanatory, generative, and
agent-based healthcare intelligence systems. Nevertheless,
most current methods focus on individual functions rather
than providing a complete healthcare decision support frame-
work.

2.4 ldentified Research Gaps and Research Motivation

Current Al-powered healthcare systems mainly concentrate
on disease prediction and seldom include reasoning, ex-
plainability, and adaptive decision-making. Existing LLM-
powered healthcare applications often answer queries instead
of solving complete clinical problems. Although Agentic
Al research is promising, it rarely covers disease prediction,
clinical reasoning, treatment recommendation, explainability,
and patient monitoring in a single framework.

To overcome these deficiencies, this research introduces an
Agentic Generative Al Framework for Intelligent Disease Pre-
diction and Clinical Decision-Making in Smart Healthcare.
The framework combines autonomous agents, predictive an-
alytics, Generative Al reasoning, and explainable decision-
making in an integrated healthcare environment.

3. PROPOSED METHODOLOGY

An Agentic Generative Al Framework is proposed for disease
prediction and intelligent decision-making in smart health-
care. Predictive analytics, Generative Al, and intelligent
agents form the core components of the framework to facili-
tate disease prediction, intelligent diagnosis, treatment, and
continuous monitoring. Unlike frameworks that focus only on
prediction, the proposed framework includes both predictive
and reasoning-driven decision-making processes.

The model uses data collected from EHRs, laboratory results,
wearable devices, [oMT devices, and medical imaging equip-
ment. Specialized agents cooperate to produce explainable
healthcare recommendations.

3.1 Architecture of the Proposed Framework

The architecture of the suggested model is shown in Figure 1.
It comprises six specialized agents responsible for data col-

lection, data analysis, disease forecasting, medical reasoning,
treatment suggestion, and patient monitoring.
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Figure 1. Architecture of the proposed Agentic Generative Al
Framework for intelligent disease prediction and clinical decision-
making.

Table 2. Functional roles of intelligent agents in the proposed
framework.

Agent Primary Function Generated
Output

Data Collects patient data from Integrated
Acquisition EHRs, IoMT devices, healthcare
Agent laboratory reports, and imaging dataset

systems
Data Performs data cleaning, Processed
Processing normalization, feature patient feature
Agent extraction, and validation set
Disease Estimates disease risk using Disease
Prediction predictive learning models prediction score
Agent
Clinical Performs contextual reasoning Clinical
Reasoning using Generative Al and interpretation
Agent medical knowledge resources
Treatment Generates personalized Treatment rec-
Recommenda- treatment strategies ommendations
tion Agent
Monitoring Observes patient condition and Updated
Agent updates decisions over time clinical decision

support

3.2 Mathematical Formulation

The framework employs patient clinical information as the
main input for disease prediction. The patient clinical feature
vector is written as:

X:{x17x27x37"'3xn}' (1)

Here, X represents demographic details, physiological mea-
surements, laboratory findings, symptoms, patient history,
and sensor-enabled healthcare data.

The Disease Prediction Agent uses the feature vector to cal-
culate the probability of disease occurrence:

Dp:f(X)’ (2)

35



International Journal of Advances in Applied Computational Intelligence (IJAACI)

Vol. 08, No. 01 - 2026

where D), represents the predicted disease probability and
f(-) is the disease prediction model.

The Clinical Reasoning Agent produces contextual interpre-
tations using prediction results, patient context, and medical
knowledge sources:

CR=g(Dp.K,C), 3

where CR denotes clinical reasoning output, K represents
the medical knowledge base, and C denotes patient-specific
clinical context.

The Treatment Recommendation Agent develops personal-
ized treatment plans using generated reasoning and patient
medical history:

TR =h(CR,F,), “)

where TR represents the treatment recommendation and P,
denotes patient health history.

The Clinical Confidence Score (CCS) measures recommen-
dation reliability:
Ny
CCS = —, 5
N, ®)
where N, is the number of clinically validated recommenda-
tions and N, is the total number of generated recommenda-

tions.

3.3 Proposed Algorithm

Table 3. Agentic Generative Al-based disease prediction and clinical
decision-making algorithm.

Input: Patient healthcare data X. Output: Disease predic-
tion, clinical explanation, and treatment recommendation.

1. Acquire patient data from EHRs, IoMT devices, labora-
tory reports, and medical imaging systems.

2. Perform data preprocessing and feature extraction.

3. Generate patient clinical feature vector X.

4. Apply disease prediction model to estimate disease
probability D,.

5. Retrieve relevant medical knowledge and patient con-
text.

6. Generate clinical reasoning output CR using Generative
AL

7. Produce explainable diagnostic interpretation.
8. Formulate personalized treatment recommendation TR.

9. Monitor patient outcomes continuously and update
recommendations when new clinical information becomes
available.

10. Return disease prediction, clinical reasoning, and
treatment recommendation.

The algorithm facilitates autonomous interaction among spe-
cialized agents and supports dynamic healthcare decisions
throughout the patient-care process.

3.4 Advantages of the Proposed Framework

The proposed framework provides numerous benefits over
conventional healthcare intelligence systems:

* Integration of disease prediction, reasoning, and recom-
mendations under a single architecture.

* Independent cooperation among different healthcare
agents.

* Generative Al reasoning for explainable decision sup-
port.

* Personalized treatment planning and continuous patient
monitoring.

¢ Improved transparency, adaptability, and clinician trust.

4. EXPERIMENTAL SETUP AND PERFORMANCE
EVALUATION

The proposed Agentic Generative Al framework was evalu-
ated using healthcare datasets and baseline comparison mod-
els to determine its performance in disease prediction, clini-
cal reasoning, explainability, and decision-support capability.
Both quantitative and qualitative evaluation metrics were
used.

4.1 Healthcare Datasets

Several publicly accessible healthcare datasets covering dif-
ferent disease categories were considered for testing to estab-
lish robustness and generalizability.

Table 4. Healthcare datasets used for evaluation.

Dataset Disease Category Features Records
UCI Heart Disease  Cardiovascular 13 303
Dataset Disease

PIMA Indians Diabetes Mellitus 8 768
Diabetes Dataset

Chronic Kidney Kidney Disease 24 400
Disease Dataset

Breast Cancer Breast Cancer 30 569

Wisconsin Dataset

These datasets consist of demographic, physiological, labora-
tory, and diagnostic features, enabling comprehensive valida-
tion in various healthcare settings.

4.2 Data Preprocessing Strategy

Before training and evaluation, preprocessing was applied to
enhance data quality and increase model accuracy. The pro-
cess included missing data management, duplicate removal,
feature normalization, categorical data encoding, feature se-
lection, and dataset splitting into training and testing parts.

4.3 Performance Evaluation Metrics

Healthcare classification metrics were used to measure pre-
dictive effectiveness. Classification accuracy is:

TP+TN
Accuracy = . (6)
TP+TN+FP+FN
Precision is:
.. TP
Precision = ————. @)
TP+FP
Recall is: TP
Recall = ——. 8
T TPIEN ®)
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The F1-score is:

Fle 2 x Precision x Recall
"~ Precision + Recall

C))

Here, TP, TN, FP, and FN represent true positives, true
negatives, false positives, and false negatives. The Clinical
Confidence Score in Equation (5) was also used to measure
the reliability of Al-generated clinical recommendations.

4.4 Comparative Models

The proposed model was benchmarked against representative
methods used for predictive analytics in healthcare, including
traditional machine learning, deep learning, and Generative
Al methods.

Table 5. Comparative models used for performance evaluation.

Model Category

Logistic Regression Traditional Machine
Learning

Support Vector Machine Machine Learning

Random Forest Ensemble Learning
Deep Neural Network Deep Learning
LLM-Based Clinical Decision Support Generative Al
System

Proposed Agentic Generative Al Agentic Generative

Framework Al

4.5 Qualitative Evaluation Criteria

In addition to prediction accuracy, reasoning ability, inter-
pretability, and adaptability were used to assess intelligent
healthcare systems.

Table 6. Qualitative evaluation criteria.

Criterion Description

Explainability Interpretability of generated
recommendations

Clinical Reasoning  Context-aware medical reasoning

Quality capability

Personalization Adaptation to patient-specific information
Adaptability Dynamic updating of recommendations
Decision Support Clinical usefulness of recommendations
Effectiveness

4.6 Experimental Evaluation Workflow

The experimental evaluation workflow is shown in Figure 2.
Healthcare data were split into training and testing datasets.
The proposed framework was compared with machine learn-
ing, deep learning, and Al-assisted decision support ap-
proaches using standard performance measures.

Figure 2. Experimental evaluation workflow of the proposed frame-
work.

5. RESULTS AND COMPARATIVE EVALUATION

This section evaluates the Agentic Generative Al Framework
for disease prediction and clinical decision support. The
framework is assessed using predictive accuracy, healthcare
intelligence, agent efficacy, computational efficiency, and
decision-support reliability.

5.1 Comparative Predictive Performance

Predictive efficiency was evaluated using accuracy, precision,
recall, and F1-score. Comparative findings are presented in
Table 7.

Table 7 shows that the proposed approach outperforms the
other approaches in all predictive evaluation measures. The
use of autonomous agents and Generative Al-based reason-
ing improves disease prediction compared with conventional
methods and Al-assisted decision support systems.

Comparative Predictive Performance

Accuracy (%)
e @ g @
2 28 8

®
IN]

80

LR SVM RF DNN LLM-CDSS Proposed

Figure 3. Performance improvement of the proposed framework
compared with baseline models.

5.2 Dataset-Wise Predictive Consistency Analysis

To assess robustness in different healthcare areas, the pro-
posed framework was validated using disease prediction
datasets. Dataset-level performance is shown in Table 8.

Table 8. Dataset-wise accuracy analysis.

Dataset Accuracy (%)
UCI Heart Disease 95.21
PIMA Diabetes 94.68
Chronic Kidney Disease 96.42
Breast Cancer Wisconsin 97.16
Average Accuracy 95.87

The outcomes show consistent predictive accuracy across
different healthcare datasets. The proposed method demon-
strates flexibility when applied to various healthcare environ-
ments.
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Table 7. Comparative predictive performance of evaluated models.

Model

Logistic Regression

Support Vector Machine

Random Forest

Deep Neural Network

LLM-Based Clinical Decision Support
Proposed Agentic Generative Al Framework

Accuracy (%) Precision (%) Recall (%) F1 (%)
84.12 82.75 83.46 83.10
86.38 85.72 85.91 85.81
89.54 88.93 89.11 89.02
91.76 91.04 90.82 90.93
92.48 91.83 91.65 91.74
95.87 95.14 94.92 95.03

Disease-Wise Predictive Consistency
Diabetes

98
96

CKD Heart

Breast Cancer

Figure 4. Disease-wise predictive consistency across healthcare
datasets.

5.3 Agent-Level Operational Analysis

In the proposed architecture, intelligent agents work collab-
oratively for healthcare decision-making. Their roles were
analyzed using operational contribution analysis.

Table 9. Agent-level contribution to clinical decision support.

Agent Contribution Score (%)
Data Acquisition Agent 12

Data Processing Agent 16

Disease Prediction Agent 27

Clinical Reasoning Agent 24

Treatment Recommendation Agent 13
Monitoring Agent 8

The Disease Prediction Agent and Clinical Reasoning Agent
are the major contributors to decision-support performance.

Agent-Level Contribution

Contribution Score (%)

0
Acq Proc Pred Reason Rec Mon

Figure 5. Inter-agent communication frequency within the proposed
Agentic Generative Al Framework.

5.4 Clinical Confidence and Recommendation Reliability

Healthcare systems must provide recommendations that can
be trusted to have clinical significance. The Clinical Confi-

dence Score was used to evaluate recommendation quality.

Table 10. Clinical recommendation reliability assessment.

Score (%)

Recommendation Validity 94.6

Evaluation Criterion

Contextual Relevance 95.1
Consistency 93.8
Clinical Confidence Score 94.5

Clinical Recommendation Reliability

95
94

Score (%)

920
Validity Relevance Consistency ccs

Figure 6. Clinical recommendation reliability assessment.

5.5 Healthcare Intelligence Capability Assessment

In addition to accurate predictions, intelligent healthcare sys-
tems should support explanations, personalization, adaptabil-
ity, and reasoning.

The proposed framework offers higher healthcare intelligence
capability because it combines autonomous reasoning, ex-
plainable prediction, and adaptive recommendation genera-
tion.

5.6 Computational and Clinical Effectiveness

The proposed framework was also evaluated in terms of ex-
ecution time, response quality, and clinical usefulness. Al-
though the integration of multiple agents introduces addi-
tional processing overhead, the framework provides better
interpretability, stable recommendation quality, and improved
decision-support effectiveness compared with isolated predic-
tion models.

6. DISCUSSION

The results indicate that the proposed Agentic Generative Al
Framework achieves strong predictive performance and im-
proved clinical decision-support capability. The combination
of predictive analytics and Generative Al reasoning enables
the system to move beyond isolated classification and toward
context-aware healthcare intelligence.
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Table 11. Comparative healthcare intelligence assessment.

Personalization

Explainability

Reasoning Adaptability

Traditional ML Low Low Medium Low
Deep Learning Low Medium Medium Low
LLM-Based CDSS Medium High Medium Medium
Proposed Framework High High High High

6.1 Predictive and Reasoning Advantages

The proposed model outperforms traditional machine learn-
ing, deep learning, and LLM-based clinical decision support
models. This performance improvement can be attributed to
the interaction among specialized agents and the integration
of patient context, disease probability, medical knowledge,
and treatment recommendation logic. Unlike conventional
models, the framework produces both prediction scores and
clinical interpretations.

6.2 Comparison with Existing Approaches

Conventional machine learning techniques can make accu-
rate predictions but often lack reasoning, explainability, and
decision-support mechanisms. Healthcare applications using
LLMs can enhance reasoning and recommendations but tend
to remain separate advisory tools without integrated workflow
management or coordination across healthcare systems.

The proposed framework differentiates itself by combining
disease prediction, medical reasoning, recommendation gen-
eration, monitoring, and agent collaboration in one system.
Earlier research has concentrated on predictive applications,
explainable medical AI, or LLM-based clinical reasoning.
The suggested framework combines these aspects into a com-
prehensive decision-support system.

6.3 Role of Agentic Intelligence in Clinical Decision Sup-
port

The findings illustrate the significance of cooperative au-
tonomous agents in healthcare settings. Dedicated agents
perform complementary roles and share information contin-
uously during the clinical process. This cooperation allows
recommendations to be generated from predictive intelligence
and contextual reasoning, making healthcare decisions more
transparent and personalized.

6.4 Implications for Smart Healthcare

The proposed framework has practical potential in smart hos-
pitals, telemedicine services, [oMT-based monitoring frame-
works, and clinical decision support systems. Through predic-
tive analytics and reasoning, the framework can help health-
care practitioners analyze patient information, determine clin-
ical priorities, and plan personalized treatment. Explain-
able reasoning can also increase clinician confidence in Al-
generated recommendations.

6.5 Limitations and Future Research Directions

Despite its positive qualities, the study has limitations. First,
the experiment is based on open-source healthcare datasets
and may not fully reflect real clinical environments. Second,
practical implementation requires careful consideration of
privacy, interoperability, security, and clinical governance.

Future research could address real-world validation, feder-
ated learning for privacy preservation, integration of multi-
modal healthcare data, retrieval-augmented medical knowl-
edge systems, and improved coordination mechanisms among
adaptive agents. Further testing across additional disease
domains may refine intelligent healthcare decision-support
frameworks.

7. CONCLUSION AND RECOMMENDATIONS

This study proposed the Agentic Generative Al Framework
for Intelligent Disease Prediction and Clinical Decision-
Making in Smart Healthcare. The framework uses predictive
analytics, Generative Al-enabled reasoning, and autonomous
intelligent agents in a coherent system to support disease
prediction, clinical decision-making, therapy suggestion, and
patient monitoring.

The framework addresses weaknesses in current healthcare
intelligence solutions by integrating prediction, explainability,
contextual reasoning, personalization, and adaptive decision-
making. Experimental analysis demonstrated predictive accu-
racy, recommendation reliability, consistency across health-
care datasets, and improved healthcare intelligence compared
with traditional ML, DL, and LLM-based systems.

The integration of Agentic Al and Generative Al can greatly
enhance healthcare decision-making effectiveness and flexi-
bility. Collaboration among autonomous agents can form an
intelligent, patient-focused healthcare ecosystem capable of
handling complex clinical scenarios.

Based on the results, the following recommendations are
proposed:

* Validate the model using real clinical data.

¢ Include multimodal healthcare data from sensors, imag-
ing, and EHRs.

* Add security components using privacy preservation and
federated learning.

* Enable clinician-oriented reasoning through retrieval-
augmented medical knowledge.

* Implement efficient coordination mechanisms for multi-
agent systems.

¢ Test the model across additional healthcare disease do-
mains.
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