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Abstract— Cardiovascular diseases (CVDs) remain the leading
cause of mortality worldwide, highlighting the need for advanced
and integrated decision-support systems. This paper proposes a
conceptual multimodal multi-agent framework for cardiovascular
risk assessment, designed to address the limitations of traditional
centralized and unimodal approaches. The proposed architecture
combines heterogeneous data sources, including structured clinical
data, medical imaging, and unstructured textual information,
within a distributed system of specialized agents. The framework
consists of five main components: a Clinical Agent for risk
estimation from structured data, an Image Agent for cardiomegaly
detection from chest X-rays, a Narrative Agent for extracting
insights from clinical text, a Fusion Agent for multi-modal
reasoning, and a Decision Agent for generating final clinical
recommendations. The system leverages state-of-the-art machine
learning models and large language models to enable robust,
interpretable, and context-aware analysis. This work is purely
methodological and does not include implementation at this stage.
It aims to provide a scalable, modular, and explainable foundation
aligned with real-world clinical workflows. The proposed
framework highlights the potential of agent-based and multimodal
Al systems for next-generation cardiovascular decision support.

1. INTRODUCTION

Cardiovascular diseases (CVDs) remain the leading cause of
mortality worldwide, accounting for a substantial proportion of
global deaths each year [1]. Therefore, early detection and
continuous monitoring of cardiovascular risk factors are essential
for improving patient outcomes and reducing healthcare burdens
[2]. In recent years, artificial intelligence (Al), particularly
machine learning and deep learning techniques, has demonstrated
significant potential in enhancing cardiovascular prediction,
diagnosis, and clinical decision-making [3],[4]. Recent advances
in Al have led to the emergence of agentic Al systems
characterized by autonomy, adaptive reasoning, and dynamic
interaction with their environment [5]. The development of
foundation models and large language models (LLMs) has
further accelerated the adoption of intelligent agent-based
architectures across domains such as healthcare, finance, and
industry [6]. Agentic Al refers to systems capable of
autonomously decomposing complex tasks, coordinating
specialized agents, selecting appropriate tools, and executing
multi-step reasoning processes with limited human intervention

[7].

These capabilities are particularly relevant in cardiovascular
healthcare, where medical data are inherently heterogeneous and
multimodal, including electronic health records, laboratory tests,
wearable sensors, medical imaging, and unstructured clinical
narratives. Among these modalities, medical imaging plays a
central role in cardiovascular diagnosis by providing detailed
structural and functional information. However, integrating
imaging data with clinical and textual information remains
challenging for conventional centralized Al systems, especially
in dynamic and distributed healthcare environments.

Al agents differ from traditional Al approaches through their
ability to collaborate, adapt dynamically, and integrate
heterogeneous models and external tools within distributed
environments [8]. Recent studies in multi-agent Al have explored
decentralized coordination, reinforcement learning-based
collaboration, explainable neurosymbolic reasoning, and
adaptive decision-making [9]. In particular, decentralized multi-
agent reinforcement learning has been applied to supply chain
optimization and energy management systems [10], [11], while
neurosymbolic and brain-inspired multi-agent architectures have
emphasized explainability, traceability, cooperation, and
adaptive reasoning capabilities[12]. These developments
highlight the growing importance of distributed intelligence and
autonomous coordination in modern Al ecosystems. Despite
these advances, most cardiovascular Al systems still rely on
centralized architectures that face limitations regarding
scalability, interoperability, adaptability, and multimodal
integration. Furthermore, existing approaches often focus on
isolated modalities or single-task learning, limiting their ability
to support comprehensive and context-aware cardiovascular
assessment.

To address these challenges, this paper proposes a conceptual
multimodal multi-agent framework for cardiovascular risk
assessment and clinical decision support. The proposed
architecture relies on specialized autonomous agents dedicated to
tasks such as clinical data analysis, medical image interpretation,
narrative processing, multimodal fusion, and decision support.
The framework integrates structured clinical data, medical
imaging, and unstructured narratives within a distributed and
collaborative ecosystem. Rather than presenting a fully
implemented system, this work aims to establish a theoretical and
methodological foundation for future research on agentic Al in
cardiology. The main contributions of this work are:



o the design of a distributed multimodal multi-agent
architecture for cardiovascular healthcare;

e the integration of heterogeneous clinical, imaging, and
narrative data sources within a unified framework;

e the incorporation of specialized autonomous agents for
distributed reasoning and decision support;

e the positioning of agentic Al as a promising paradigm
for scalable, explainable, and context-aware
cardiovascular risk assessment.

II. STATE OF THE ART

Artificial intelligence (AI) has emerged as a major driver of
innovation in cardiovascular medicine, with applications
spanning risk prediction, diagnosis, medical imaging analysis,
clinical workflow optimization, and precision medicine. Recent
studies highlight a significant transition from isolated predictive
models toward integrated and multimodal Al systems capable of
combining heterogeneous data sources, including medical
imaging, electronic health records, physiological signals, and
patient-generated data [13]. This evolution reflects the inherent
complexity of clinical decision-making, which relies on the
integration of diverse and complementary information. However,
despite these advances, the integration of Al into routine clinical
practice remains limited due to challenges related to
generalizability, interoperability, safety, and regulatory
constraints. In parallel, the emergence of large language models
(LLMs) has broadened the scope of Al applications in
cardiology. These models are being explored for patient
interaction, automated interpretation, and decision support.
Nevertheless, their adoption raises significant concerns regarding
data privacy, diagnostic reliability, and their safe integration into
clinical environments[14].

Medical imaging represents one of the most advanced and
impactful domains of Al in cardiology. Deep learning techniques
have demonstrated high performance across multiple imaging
modalities, including cardiac computed tomography (CT),
magnetic resonance imaging (MRI), echocardiography, and
nuclear imaging, particularly for tasks such as segmentation,
classification, phenotyping, and prognostic prediction [15].
These advances have enabled improved detection of
cardiovascular abnormalities, reduced analysis time, and earlier
diagnosis. A study published in 2024 in Nature Medicine
reported an Al-based cardiac MRI system achieving an average
AUC of 0.991 across multiple cardiovascular disease classes,
illustrating near-expert performance while emphasizing the
complementary role of Al in clinical practice [16]. However,
most Al systems in medical imaging remain limited to a single
modality or narrowly defined tasks. Their large-scale adoption is
hindered by challenges such as lack of data standardization,
insufficient external validation, limited interpretability, and
difficulties in integration into clinical workflows. These
limitations are particularly critical in cardiology, where imaging
data must be combined with clinical and longitudinal patient
information[17]. To address these challenges, multimodal Al
approaches are gaining increasing attention. These approaches

aim to integrate diverse data sources to better reflect real world
clinical decision-making processes[18]. Although promising,
multimodal Al in cardiology remains underdeveloped. Existing
studies are limited in number, and real-world implementations
are still scarce. Key challenges include data heterogeneity, fusion
strategies, bias, security, and model generalization [17]. These
issues highlight the need for architectures capable of efficiently
handling distributed data while ensuring robust and interpretable
results[13].

In this context, Multi-Agent Systems (MAS) represent a
promising approach for modeling distributed and collaborative
environments. A MAS relies on the coordination of multiple
autonomous agents, each responsible for specific tasks, making
it particularly suitable for complex healthcare systems. Prior
work has demonstrated the usefulness of MAS in telemedicine,
remote monitoring, and decision support [19]. In cardiology,
MAS have been mainly applied to chronic disease management,
particularly heart failure. These systems can assist clinicians and
improve over time through learning mechanisms, while also
depending on non-technical factors such as data privacy and
healthcare organization [19]. Despite their potential, current
MAS applications remain limited and do not fully leverage recent
advances in deep learning, multimodal Al, and agent
orchestration. Consequently, their integration into modern
cardiovascular decision-support systems remains
insufficient[20]. More recently, the concept of agentic Al has
emerged as an evolution of intelligent agents. These systems are
capable of reasoning, planning, tool usage, and coordinating
multiple specialized modules. A recent review demonstrated that
multi-agent systems outperform traditional LLMs in complex
tasks, particularly when their architecture is aligned with task
complexity[21]. In healthcare, these approaches offer promising
perspectives for chronic disease management, real-time data
integration, and advanced decision support. However, their
adoption still faces significant challenges, including data quality,
bias, explainability, privacy, and clinical integration. In medical
imaging, agentic systems may improve reproducibility and
interpretability but also raise ethical and regulatory concerns,
especially in high-risk domains such as cardiology [22]

Finally, the literature highlights several critical gaps: the
predominance of unimodal systems, the lack of real-world
multimodal applications, the limited exploitation of modern
MAS, and the emerging nature of agentic Al in cardiology,
particularly for integrated architectures combining clinical,
imaging, and patient-generated data [23], [24]. Therefore, the
development of architectures combining multi-agent systems,
multimodal AI, and advanced predictive models appears
essential. Such distributed and modular approaches could better
address the complexity of cardiovascular care pathways and
represent a promising direction for next-generation intelligent
healthcare systems [25].

III. METHODOLOGY

This work proposes a conceptual agentic artificial
intelligence framework based on a multi-agent system (MAS) for
cardiovascular risk assessment and clinical decision support.



Unlike traditional centralized Al systems, the proposed
architecture adopts a distributed and modular paradigm in which
specialized autonomous agents collaborate to process
heterogeneous and multimodal healthcare data. The framework
is particularly suited to cardiovascular medicine, where patient
information is progressively available and inherently distributed
across structured clinical records, medical imaging, and
unstructured narratives.

A major challenge in this domain is the limited availability of
large-scale multimodal datasets combining all modalities
simultaneously. To address this limitation, the proposed
framework relies on modality-specific datasets, allowing each
agent to operate independently using specialized data sources.
The architecture is composed of five main agents: (i) Clinical
Agent, (ii) Image Agent, (iii) Narrative Agent, (iv) Fusion Agent,
and (v) Decision Agent.
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Fig. 1. A Multimodal Multi-Agent Cardiovascular Diagnostic
Pipeline.

A. Clinical Agent

The Clinical Agent is designed to estimate cardiovascular risk
using structured clinical data progressively collected throughout
the patient care pathway. These data originate from multiple
sources, including patient self-reports, measurements performed
by healthcare professionals, and laboratory test results as they
become available. This progressive acquisition reflects real-
world clinical settings, where information is often incomplete
and evolves over time. To model this dynamic process, the agent
is implemented using a CatBoostClassifier. CatBoost [26] is
particularly suitable for handling heterogeneous, noisy, and
partially missing clinical data. It natively supports categorical
variables without requiring complex preprocessing (e.g., one-
hot encoding), demonstrates robustness to missing values, and
mitigates overfitting through its ordered boosting mechanism,
thereby improving generalization performance. These
characteristics make it well-adapted to real-world medical

datasets. The model is trained using both mandatory and
optional clinical features. Mandatory variables, such as age, sex,
chest pain type, and resting blood pressure, are assumed to be
available at early stages. Additional features, including
cholesterol, maximum heart rate, Oldpeak, and ST Slope, are
progressively incorporated as they become available. A missing
data simulation strategy is applied during training to enhance
robustness, enabling the model to generate initial predictions
with limited inputs and refine them iteratively as new data are
acquired. During inference, input data are structured in a
standardized format, with appropriate handling of missing
values. The Clinical Agent outputs a cardiovascular risk
probability, a binary classification, an interpretable risk level,
and a structured JSON summary, ensuring interpretability and
seamless integration within the multi-agent system.

B. Image Agent

The Image Agent constitutes the visual analysis component
of the system, designed to estimate the probability of
cardiomegaly from chest X-ray images. By incorporating
imaging data into the pipeline, it contributes to a more
comprehensive and multimodal cardiovascular assessment. The
agent is based on a DenseNet-121 convolutional neural network,
selected for its dense connectivity pattern, which promotes
feature reuse and mitigates the vanishing gradient problem. The
architecture is adapted for binary classification by replacing the
final layer with a single-node output. The model is initialized
with pretrained weights obtained from cardiomegaly detection
tasks.

During inference, input images undergo preprocessing,
including RGB conversion, resizing to 224x224 pixels, and
normalization. The model outputs a probability score via a
sigmoid activation function. The Image Agent produces three
primary outputs: cardiomegaly probability, a binary decision
based on a threshold of 0.70, and a confidence score.

Additionally, a basic image quality assessment is performed
using brightness analysis. To enhance interpretability, Grad-
CAM visualizations are generated to highlight image regions
contributing to the prediction, which is critical for clinical
validation. All outputs are formatted in structured JSON to
ensure traceability and interoperability within the multimodal
framework.

C. Narrative Agent

The Narrative Agent processes unstructured clinical
narratives and patient-generated textual information in order to
extract clinically relevant cardiovascular knowledge. Since
textual narratives may contain implicit symptoms, contextual
information, and temporal medical descriptions, the agent relies
conceptually on the Gemini 2.5 Flash large language model
(LLM), selected for its advanced natural language reasoning
capabilities.



To reduce hallucination risks and improve reliability, the
agent operates through structured prompt engineering
constrained to predefined medical extraction tasks. Standardized
JSON outputs include extracted symptoms, cardiovascular risk
factors, medical history elements, severity indicators,
confidence scores, and uncertainty flags. Additional safeguards
such as confidence-based filtering, rule-based post-validation,
and semantic normalization are integrated to ensure consistency,
explainability, and interoperability with the other agents.

C. Fusion Agent

The Fusion Agent represents the central coordination
component of the framework. Its role is to aggregate,
synchronize, and interpret outputs generated by the Clinical,
Image, and Narrative Agents in order to produce a coherent
multimodal cardiovascular assessment.

The orchestration process combines parallel and sequential
coordination mechanisms. Specialized agents first operate
independently on their respective modalities. Their outputs are
then synchronized into a unified patient representation
integrating predictions, confidence scores, uncertainty
indicators, and contextual explanations.

To manage inconsistencies between modalities, the Fusion
Agent incorporates a confidence-aware conflict-resolution
mechanism. When contradictory or uncertain outputs are
detected, the agent prioritizes clinically reliable modalities and
generates uncertainty alerts requiring additional medical
validation. The Fusion Agent is conceptually implemented using
Gemini 2.5 Flash due to its reasoning and multimodal
integration capabilities. It produces multimodal diagnostic
hypotheses, severity assessments, confidence levels, missing-
data alerts, and recommended clinical actions. Structured
reasoning traces are also maintained to improve interpretability
and support future clinician-oriented validation.

C. Decision Agent

The Decision Agent constitutes the final decision-support
layer of the proposed architecture. Its objective is to transform
multimodal outputs into clinically actionable recommendations
while preserving transparency and clinician supervision. Rather
than replacing medical expertise, the agent is designed as a
clinician-support component.

The agent operates through a rule-based reasoning
mechanism integrating severity level, confidence scores,
multimodal  hypotheses, uncertainty  indicators, and
recommended examinations. Based on these inputs, it
determines urgency level, follow-up recommendations, need for
specialist referral, and suggested clinical actions.

To reinforce transparency and accountability, the agent
generates interpretable decision traces describing activated
rules, involved modalities, and confidence levels associated with
each recommendation. In situations involving uncertainty or

conflicting multimodal evidence, the system triggers clinician-
review alerts rather than producing fully autonomous decisions.
This human-in-the-loop strategy contributes to clinical safety
and safer management of uncertain Al outputs.

F. Explainability, Safety and System Limitations

Explainability and safety constitute essential requirements for
agentic Al systems in healthcare. In the proposed framework,
interpretability is addressed through structured outputs,
confidence-aware reasoning, modality-specific explanations,
and decision traces generated by the different agents. The Image
Agent incorporates Grad-CAM visualizations, while the
Narrative, Fusion, and Decision Agents generate structured
reasoning outputs and contextual explanations in standardized
JSON format.

Special attention is also given to LLM-related risks, including
hallucinations, instability, and uncertainty. To mitigate these
issues, the framework integrates conceptual safeguards such as
restricted prompting, structured outputs, confidence filtering,
post-processing validation, and rule-based consistency checks.
In addition, uncertain or conflicting outputs are systematically
flagged for clinician review through a human-in-the-loop
strategy.

Despite its potential, the proposed framework remains
conceptual and does not include a fully implemented prototype
or experimental validation. Furthermore, multimodal integration
may be affected by heterogeneity, incomplete information,
temporal misalignment between modalities, and biases inherited
from pretrained models and LLMs. Consequently, future work
will focus on implementation, clinical validation, scalability
assessment, and evaluation of explainability and safety
mechanisms in real healthcare environments.

IV. DISCUSSION

The proposed multi-agent framework introduces a conceptual
paradigm for cardiovascular risk assessment by integrating
heterogeneous and multimodal healthcare data within a
distributed and collaborative architecture. Unlike traditional
centralized systems, the proposed approach decomposes
complex clinical tasks into specialized and interoperable agents
dedicated to clinical analysis, imaging interpretation, narrative
processing, multimodal fusion, and decision support. This
modular organization is particularly suitable for healthcare
environments, where patient information is progressively
available, heterogeneous, and distributed across multiple
sources.

One of the main strengths of the framework lies in its ability
to combine structured clinical data, medical imaging, and
unstructured textual information into a unified cardiovascular
assessment. The Clinical Agent supports risk estimation under
incomplete and evolving data conditions, while the Image Agent
contributes visual biomarkers such as cardiomegaly detection.



The Narrative Agent enriches the analysis through contextual
information extracted from clinical narratives. These
multimodal outputs are synchronized and aggregated by the
Fusion Agent to produce coherent diagnostic hypotheses and
confidence-aware assessments, while the Decision Agent
translates them into structured clinical recommendations. Such
distributed reasoning may improve flexibility, interoperability,
and explainability compared with conventional monolithic Al
systems.

The framework also highlights the growing relevance of
agentic Al and large language models (LLMs) in multimodal
healthcare intelligence. The integration of LLM-based agents
enables contextual reasoning, semantic interpretation, and
structured knowledge extraction from unstructured narratives.
However, despite these advantages, LLM-based systems also
introduce important risks related to hallucinations, instability,
uncertainty, prompt sensitivity, and potential biases inherited
from pretrained data. In clinical settings, such limitations may
affect reliability and patient safety if not properly controlled. To
mitigate these risks, the proposed framework incorporates
several conceptual safeguards, including restricted task-oriented
prompting, structured JSON outputs, confidence-aware filtering,
rule-based post-validation, uncertainty flags, and human-in-the-
loop supervision. Rather than enabling fully autonomous
decision-making, uncertain or conflicting outputs are
systematically redirected for clinician review.

Another important challenge concerns multimodal patient-
level data alignment in real-world deployment scenarios. Since
the proposed agents rely on modality-specific datasets and
independently processed information sources, effective
synchronization between clinical records, medical imaging, and
textual narratives remains a critical issue. In operational
healthcare settings, this alignment would require standardized
patient identifiers, temporal synchronization mechanisms,
interoperable healthcare data standards, and robust data-
governance strategies to ensure consistency across modalities.
Although the proposed framework conceptually addresses
multimodal coordination through the Fusion Agent, practical
deployment would require additional validation regarding data
integration reliability and cross-modal consistency.

The proposed architecture also raises important
considerations  regarding  clinical  accountability and
responsibility. The Decision Agent is designed exclusively as a
clinician-support component and not as an autonomous
diagnostic authority. Final medical decisions remain under the
responsibility of healthcare professionals, particularly in
situations involving urgent referral, additional examinations, or
high-risk cardiovascular predictions. To support transparency
and accountability, the framework incorporates interpretable
decision traces describing the reasoning pathway, activated
rules, confidence levels, and modalities contributing to each
recommendation. This explainability-oriented design may

facilitate clinician validation and improve trust in Al-assisted
decision-support systems.

Despite its conceptual contributions, several limitations must
be acknowledged. First, the current work remains theoretical and
does not include a fully implemented or clinically validated
prototype. Second, multimodal integration may be affected by
incomplete information, heterogeneous data quality, temporal
misalignment, and biases inherited from pretrained models and
LLMs. Third, the orchestration of multiple agents and large Al
models may introduce computational complexity and latency
challenges in real-world healthcare infrastructures.

V. CONCLUSION

This work proposes a novel conceptual framework for
cardiovascular risk assessment based on a multi-agent and
multimodal Al architecture. By integrating structured clinical
data, medical imaging, and unstructured textual information
through specialized agents, the proposed approach highlights the
potential of distributed and collaborative systems to address the
complexity of real-world healthcare environments.

The framework emphasizes modularity, scalability, and
interpretability, while leveraging recent advances in machine
learning and large language models to enable comprehensive
and context-aware analysis. It also aligns with current trends
toward multimodal and agent-based Al in medicine. However,
this study remains theoretical and focuses on methodological
design rather than implementation. Future work will involve the
practical development, experimental validation, and evaluation
of the proposed system in real clinical settings, as well as
addressing challenges related to data integration, reliability, and
ethical compliance. Overall, this framework provides a
promising foundation for next-generation intelligent decision-
support systems in cardiovascular medicine.
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