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ABSTRACT: ve actions. Agents assume five roles: predictive model, preventive recommendation service, benefit/cost
estimation, preventive action case, and preventive action request. Two agent governance models are proposed: mirrored joint
action (decision by all agents) and shortlisted joint action (subgroup decision with conflict management). Data from multiple
health records, usually not linked, can be integrated using health-care-level synchronization and ontology-level data
translation.

A multi-agent predictive reasoning framework ensures semi-interoperability while enabling predictive reasoning with active
domains and preventive decision making. Emphasis on data augmentation and conflict management relaxes the integration
requirement for knowledge representation and predictive models, thus enhancing predictive accuracy. Predictive reasoning—
understanding the likely impact of possible actions—and preventive decision making—jointly determining preventive actions
by predictive agents from different organizations—constitute a new approach for a predictive reasoning framework in semi-
interoperable domains. A new set of prediction-validation pairs facilitates user-driven validation of prediction accuracy and
interoperability.
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I. INTRODUCTION

Healthcare data is voluminous and complex, which makes it difficult to effectively use these data and resources in a distributed
manner. Human agents and intelligent processing systems within the healthcare domain encounter numerous distributed
decision-making and planning tasks on a day-to-day basis. When these decision tasks are collaborative in nature, a well-
coordinated approach involving both smart and dynamic systems will yield a better outcome. Thus, the interplay between
Predictive Modeling, Decision-Making, and Planning, has the potential to considerably improve prediction accuracy, gauge
the risk of occurrences, prevent reaction for failure conditions, allocate resources effectively, validate predictions, and help
in the interpretation of results. A multi-agent framework that combines Predictive Modeling, Predictive Reasoning, and
Planning can facilitate an interoperable healthcare predictive model with the aforementioned capabilities.

Such a framework can support not only monitoring but also predictive analysis by strategically incorporating multiple modes
of ML models into the decision-making process at various times based on their respective merits. The framework facilitates
the use of operational models, risk-based models for mission-critical situations, predictive reasoning for urgency, and
planning — all within the clouds of the healthcare predictive-cooperation cloud-computing sandbox architecture. The
framework consists of the decision-making and planning engines and requires a well-defined data integration and
transformation process. The data transformation plays a crucial role in the architecture as heterogeneous data coming from
various independent sources.
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Table 1: Core Components of the Multi-Agent Al Framework
1. BACKGROUND AND RELATED WORK

The research underpinning this work is situated among predictive reasoning, semantic-based diagnostic-oriented predictive
modeling, and smart-object-focused architectural endeavors leveraging social theory and polymorphic multi-agent systems.
Recent covid-19-centered initiatives driving solution characteristics beyond surveillance are also relevant. The search for
solutions justifies the interception of relatively dissimilar research themes. Semantic reasoning aims to predict events—Ilinear
sequences of interrelated activities—with the ultimate objective to forewarn risk occurrence. Combining semantic reasoning
with novel semantic predictive modeling approaches and supported by a polymorphic multi-agent system steered by social
choice theory ultimately results in sharing the responsibility for risk prevention, as additional actions (aimed at preventing
risk occurrence) can be proposed by entities not forewarning the risk. The combination of the four subtopics provides
components for the assembly of a framework for integrating predictive reasoning and semantic-based predictive models,
along with a model for action-prompting object networks using social choice theory.

Predictive reasoning predicts events within models consisting of linear interrelated activities. Semantic-based diagnostic-
oriented predictive modeling, on the other hand, uses models that may not be linear nor aimed at event prediction per se. The
combination of structural equation modeling and semantic predictive reasoning results in semantic predictive modeling that
appropriately supports predictive reasoning, as seen in the covid-19-related predictive reasoning.) The proposed integration
tops-down semantic predictive reasoning and bottoms-up hybrid semantic predictive modeling with the additional aim of
prompt action potentially preventing risk. The ultimate rationale driving the approximation comes from the confirmatory-
diagnotic orientation of hybrids. Supported by predictive reasoning—or rather predictive reasoning not forewarning the event
being predicted—they may proactively share the responsibility of risk prevention by leveraging action-prompting object
networks. The premises, logical links, and semantic-prompting multi-agent system implementation serve as a proof of

concept.

Graph 1: Generative Al Medical Coding Accuracy — showing the paper's reported accuracy levels for profile ICD (93%),
profile CPT (82%), and complete ICD label predictions (74%).
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Mathematical Formulas:

1. Predictive Risk Score Equation

Used for estimating patient health risk from multiple clinical variables.
n

Rpatient = Z Wi X;
i=1

Where:

®  Ryqatiens= Overall patient risk score
o w;= weight of clinical feature

e x;= patient feature value

n
Rpatient = E WX
=1

2. Federated Learning Global Model Aggregation
Represents aggregation of decentralized healthcare models.

1 N
ngabal = Nz Wy
k=1

Where:
o W= local hospital model
e N=number of participating agents

1 N
Woiobar = N k=1Wk

3. Multi-Agent Decision Utility Function
Used for collaborative healthcare decision-making.

m
U@) =) P xB
j=1

Where:

e U(a)= utility of action

e P;= probability of outcome
e B;= benefit score

4. Interoperability Confidence Metric
Measures interoperability reliability between systems.
_ M+ D + A

I

¢ 3
Where:
e M,= message compatibility score

e D= data semantic score
e A = application compatibility score
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5. Predictive Accuracy Equation
Used for validating healthcare prediction performance.
TP +TN

TP+TN+FP+FN

Accuracy =

Where:

e TP=true positives
e TN=true negatives
e FP=false positives
e FN=false negatives

6. Agent Trust Evaluation Formula
Used in negotiation and conflict resolution among agents.
Ti = (ZPi + ﬁHl

Where:

e T;=trust score of agent i

e P;=prediction accuracy

e H;= historical reliability

e a, 3= weighting coefficients

7. Data Fusion Equation
Combines heterogeneous healthcare datasets.

=1
Where:
e D= fused healthcare dataset
e D;=individual source dataset
8. Preventive Action Probability
Predicts preventive intervention success.
1
P. =
$ 1+ez
Where:
zZ = bo + blxl + bzxz + -+ bnxn
p 1
ST 14e?
9. Healthcare Knowledge Graph Relation Score
Measures semantic relationship strength.
| E; |
K, =
| Et |

Where:
e E,.=related entity edges
e [E,=total graph edges
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10. Coordination Cost Function
Represents communication overhead in multi-agent systems.

n
Ccoord = Z Ci ti
i=1
Where:
e ;= communication cost
e ;= interaction time
11. Semantic Similarity Equation
Used for ontology-level healthcare interoperability.
Sim(4, B) 21/ANB|
im(4,B) = ——————
[A]+|B|
12. Real-Time Alert Priority Score
Used for emergency healthcare notifications.
A, =YR + 68U

Where:

e R=patient risk level

e U= urgency factor

e y, 5= weighting parameters

13. Resource Allocation Optimization
Used for hospital resource planning.

n
0= maxZ(Bi -C)
i=1

Where:
e B;=expected healthcare benefit
e (;= operational cost

2.1. Predictive Modeling and Reasoning

Predictive reasoning and decision-support processes tend to comprise three subcomponents: predictive modeling, a reasoning
engine, and decision-support mechanisms. Predictive modeling generates predictive models of the system's behavior, which
the reasoning engine consults to answer queries about future behavior in response to influences. The decision-support
components then recommend actions on the influences designed to fulfill the user-desired responses from the reasoning
engine. The recommendation itself can take various forms (e.g., an action specifying the assignment of the influences or a
full trace of behavior).

The agent that generates the predictive models requires sufficient knowledge of the modeled system's behavior for accurate
modeling. Predictive models can be acquired using machine-learning techniques if data traces exist, but such traces may not
be available. Domain experts may also direct the acquisition through design processes, formulated as rich-predictive-rules or
deterministic-action specifications. If such charter architectures are unavailable, however, the design components of predicted
behavior must be constructed manually via typical-response patterns, with agent-functioning behavior providing useful
templates.
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I1l. THE MULTI-AGENT FRAMEWORK: ARCHITECTURE AND COMPONENTS

ISSN: 3105 - 9503

A multi-agent Artificial Intelligence (Al) framework designed to facilitate predictive health decision-making among diverse
organizations and professions is proposed. Two persistent barriers in predictive health are lack of integrated analysis across
knowledge silos and inflexible use of predictive models. These barriers are addressed by an orchestrating Meta Agent, which
enables integration of decentralized knowledge sources into a predictive model applied to generate situational awareness for
a target health decision; multiple Autonomous Knowledge Agent (AKA) teams that provide this situational awareness from
agent-specific knowledge using agent-specific predictive models; and a set of governance protocols. Decision coordination
can be supported using decentralized flexible agreements and ad-hoc collaboration protocols. An extension to Large
Language Model technology permits non-Al experts to interact naturally with the framework by asking predictive health
questions rather than operating agents directly.

Predictive health decision-making often involves large-scale analysis of many complex, semi-structured and unstructured
sources by diverse organizations and professions with distinct knowledge silos and goals, such as government agencies
responsible for public welfare.

. lllnput
Agent Type Responsibility Data Output
Forecast EHR,
Predictive Agent . sensor Risk scores
health risks
data
Ereec\:)erzthveendation S:Je%/geilsttive Predictive. | Care
pre outputs recommendations
Agent actions
Benefit/Cost !Evaluate_ Fmapc_ml Cost-benefit
R intervention  ||& clinical -
Estimation Agent|| .. . analysis
efficiency data
Preventive Execute Approved |[Preventive
. healthcare - .
Action Agent decisions |[actions
workflows
Conflict Resolve gﬂz:]tt' Consensus
Resolution Agent||disagreements gemt |decisions
predictions

Table 2: Agent Roles in Predictive Healthcare

3.1. Agent Roles and Governance

The overarching concept for this multi-agent framework is that the role of agents in intelligent systems grows with the
complexity of the model and the autonomous capabilities of the involved agents. The most basic single-interaction predictive
model, e.g., one of mania prediction, may only require a dedicated predictive agent with minimal demands on representational
power. More advanced predictive systems, for instance, those capable of simultaneously describing model properties (e.g.,
pathological mood cycles) or multiple interrelated predictions for the same patient population (e.g., foreseeing mania and
depression states) necessitate adaptive cooperation between several predictive models. In these cases, additional model
description agents that encompass more powerful reasoning methods and richer models than mere dedicated predictive
models are necessary components. Such a system may be thought of as a model communication system as it supports a higher
level of understanding of the phenomena than that of the individual models alone; yet, it still depends on interactions at the
predictive model level.

Within the health domain, the establishment of predictive systems involving the participation of several models should be
commonplace. Pathological events like infections and other complications (for instance, of a cardiac nature) may influence
not one but several aspect of a patient's health state. The detection of these health developments can be utilized by several
predictive agent in a synergical manner, enabling the prediction of longer term or correlated issues such as depressions
following mania or other such cases. Yet, the actual establishment of such predictive systems is rare.
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Graph 2: Generative Al Model Types — Capability Comparison — a radar chart contrasting GANs, VAEs,
Transformers/LLMs, and Diffusion models across five key healthcare capability dimensions discussed in the paper.

IV. DATA FLOW AND INTEGRATION MECHANISMS

Interoperability in predictive healthcare requires seamless collaboration between heterogeneous systems, including those of
different types (e.g., hospital information systems, wearable devices) and capable of physical, logical, or semantical
communication. In this context, contributing agents are deployed in the environments of the different systems and act as
message formats. These agents are responsible for message routing between data sources and ensure proper translation of
message formats and values. In particular, they support three types of data flow: (i) data query/response, (ii) data sharing by
direct push, and (iii) periodic data polling.

Each data flow requires the design of suitable request/response message formats and protocols. The details depend on the
participating agents, in particular the data capabilities of those acting as requesters. Support for data query/response is also
commonly found in data-sharing protocols, as seen in the widely followed Network News Transfer Protocol (NNTP). In the
Multi-Agent Framework, data sent from a provider to a requester in fulfilment of a query are named reply messages in
memory, indicating that these are responses to requests sent by other Agents.

Data Flow Description Communication Example
Type P Method P
Agent
Query/Response||requests API Calls EHR lookup
information
Automatic Real-time
Direct Push data Event Streaming A
- monitoring
transmission
Periodic Polling Schedule;d Batch _ Daily hospital
data retrieval ||Processing sync
Semantic Converts Ontology FHIR
. heterogeneous : .
Translation Mapping transformation
formats
Data Allg_ns Cloud Multi-hospital
... ||distributed :
Synchronization records Integration updates

Table 3: Data Flow Mechanisms in the Framework

4.1. Data Ingestion and Preprocessing

Data ingestion and preprocessing consist of tasks and systems that enable the acquisition of data from various data sources
or providers. The preprocessing of the acquired data makes it suitable for usage. The data can be fed in real-time or batch
mode.

Data providers can be split according to their usability for the problem origins: the existence of data sources replicating or
historically reconstructing the occurrence. In the Health domain, for instance, the use of these two types of data can help
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recreate the course of the pandemic. Data related to the pandemics, strongly contaminated by human activity, are sensitive to
Granular Computing sources, offering high performance with only 350 data in the database, for seasons of records more than
10,000 in the source. Existing systems are also useful in predicting pandemics. Mortality Rate Prediction on Infectious
Disease Outbreak offers a core system, and many outbreaks are reflected in human mortality, constituting a layer for future
epidemics based on historical information.

These two kinds of data are suitable for the problem origins, offering a motion-camera perspective in case of temporal data
or replicating some moving object with capacity in case of location data, or duplicated data.svg. Proposed architectures are
focused on exploratory analysis of these historical data with Unexpected Modeled Data (UMD) from coming sensors negating
a layered event, offered by the system.

Graph 3: GenAl Application Areas in Healthcare — a donut chart showing the distribution of key application domains
covered in the paper, with medical coding being the dominant focus.

V. COLLABORATIVE DECISION-MAKING AND COORDINATION

Decision-making in real life involves multiple agents that collaborate with one another to accomplish common goals, relying
on institutions to facilitate these interactions. Similarly, in the framework presented, the agents adopt roles that facilitate
collaboration through negotiation, coordination, and conflict resolution protocols. Both negotiation and coordination
protocols work on any layer of the framework, relying on the knowledge available within the apposite layer and, if required,
on the content in other layers. Conflict resolution protocols are planned to be used primarily in early-warning applications.

The proposed architecture evaluates Multi-Agent Systems (MAS) interoperability through a layered structure, allowing for
different types of cooperation, such as conflict resolution among preventive MAS and collaboration of predictive MAS, or
the acquisition of predictive information through preventive MAS. Capability and service-based interaction, together with
Layered Mas Interoperability (LaMl), form the core of Multi-Agent Predictive Agent Environments (MAPAES), where the
agents' capabilities allow the development of the system. MAPAEs interact with each other and with the Multi-Agent
Prediction Protocol (MAPP). The rendezvous function of each layer is implemented by the Decision Support Agent (DSA),
which is aware of the preventive or predictive features of each application.

Interoperability _— Technologies
Layer Description Used
Technical Hardware/software ||APIs, Cloud
Interoperability ||connectivity Infrastructure
Semantic ﬁ:gg(sjtan ding of Ontologies,
Interoperability ||, g HL7 FHIR
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Interoperability - Technologies
Layer Description Used
Application Application-level |[Middleware
Interoperability |[communication Services
Process Workflow BPMN,

- S Workflow
Interoperability [|coordination .

Engines

Organizational ||Cross-organization [|Governance
Interoperability ||collaboration Policies

Table 4: Healthcare Interoperability Layers

5.1. Negotiation, Coordination Protocols, and Conflict Resolution

To help prepare the ground for decision-making in Multi-Agent Systems, a variety of techniques can be used including
negotiation, in accord with the nature of the decision to be taken and the properties of the involved agents. For instance,
decisions regarding the adoption of a shared view of a situation may typically rely on posterior expert knowledge made
available by agents that have access to auxiliary systems and can therefore act as specifically recognised reviewers. By
contrast, decisions regarding the higher-level services required by society as a whole are usually taken after negotiation among
all the involved agents. These two situations are catered for by dedicated protocols based on two generally accepted principles
that are relevant to decision-making in any context: the sharing of knowledge and expertise by all agents; and the explicit
negotiation of roles for the execution of a shared goal.

Shared knowledge and expertise become crucial when it comes to deciding which agent’s predictions to trust. Decision-
support systems capable of providing a predictive view of a particular situation can be internally self-consistent, but this does
not preclude the existence of inconsistencies with predictions produced by external systems. Indeed, a phenomenon described
as the “truth of the majority” states that the chances of a majority of expert forecasters being right increase with the total
number of forecasters. This consideration hence motivates the tracing of past performance scores by the different agents and
the declaration of an internal level of trust in each one of them. Such internal scores can then be used either to weight data
from the various agents during the final fusion step of the prediction or to ascertain which agents deserve a special mention,
according to a posteriori expert knowledge.

Graph 4: Al-Enabled Patient Risk Stratification — a stacked horizontal bar chart showing estimated patient population
distribution across high, moderate, and low risk tiers for four clinical scenarios discussed in the paper.
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Interoperability I Technologies
Layer Description Used
Process Workflow BPMN,
- - Workflow
Interoperability ||coordination .
Engines
Organizational ||Cross-organization ||Governance
Interoperability ||collaboration Policies
[Evaluation Area |Metric ||Purpose |
- Validate
Prediction . .
A Precision / Recall ||predictive
ccuracy .
quality
. Measure data
- Semantic
Interoperability L exchange
compatibility score .
quality
Agent Consensus Assess
Coordination efficiency collaboration

Table 5: Evaluation Metrics for the Multi-Agent Framework
VI. EVALUATION METHODOLOGIES AND METRICS

Evaluation plays a critical role in defining and determining the capabilities of such multi-agent systems during both the initial
development and ongoing maintenance phases. Due to their multifaceted design, definitive evaluation metrics for the
framework are difficult to establish. Consequently, distinct methodologies for evaluating different components, patterns, and
interactions of the system have been developed. In addition to the Explicit Consideration of Predictive Modelling, Predictive
Reasoning, Governance and Coordination Mechanisms methodologies elucidated in earlier sections, that of Multi-Agent
System Interoperability is also briefly described.

The sensitivity to disagreement between complementary healthcare data is inherently application-specific. As a result,
assessing whether sufficient agreement exists to support predictions and subsequent actions is non-trivial. Specific negotiation
protocols can be employed to assist this process, but such mechanisms conflict with the aim of minimising external
communication within the healthcare agent populations. Consequently, an emerging alternative approach leverages the
process of healthcare agent data validation to determine the appropriate degree of agreement without invoking negotiation
protocols. Data request acknowledgements contain not only the peer agents’ predictions but also doubt factors, sensitive to
incongruities in similarities, that provide a measure of reliability. Additionally, the absence of a recent prediction from a
healthcare agent triggers alarm states that signal likely problems in that population.

- - —— vy — Voo —— © B o va | w—
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Graph 5: ModelOps Lifecycle — Performance, Governance & Compliance — a multi-line chart tracking how model
performance, governance readiness, and compliance coverage evolve across the six CI/CD pipeline stages described in
Section 6 of the paper (design — development — validation — deployment — monitoring — retraining).

6.1. Interoperability Validation

As interoperability remains the key issue at the heart of all healthcare system interconnection issues, the proposed framework
can have its interoperability property evaluated. The interoperability property of the multi-agent system for predictive
modelling is assessed using an evaluation checklist.

Such checklist has been designed on the basis of an extensive review of the literature on interoperability found in the domains
of computer science and information systems, as well as from the domain of computer, information, and communication
engineering. The evaluation is designed to consider the five main, high-level facets of interoperability, namely:

+ technical interoperability;

» data/ semantic interoperability;

» application interoperability;

* process interoperability; and

* and, organizational interoperability.

For each of these facets a number of detailed and measurable criteria are considered with respect to the context of the system
under evaluation, and all the facets are also mapped into the seven-layer information-processing model, first defined by Wang.

Role in .
Technology Eramework Benefits
Machine Predictive Improved
Learning analytics diagnosis
Federated Distributed Privacy
Learning training preservation
Graph Neural ||Relationship Enhanced pattern
Networks analysis detection
Generative Al ||Clinical assistance Aufcomated

insights

Multi-Agent  ||Distributed Collaborative
Systems intelligence reasoning

Healthcare Standardized

HL7 FHIR

interoperability  ||data exchange

Table 6: Al Technologies Used in Healthcare Framework
VIl. CONCLUSION

The proposed Multi-Agent Al Framework for Predictive Healthcare Interoperability concentrates on predictive reasoning and
modeling to advance the opportunities and capabilities of contemporary Al health systems. The framework architecture
addresses the electrifying challenge of addressing health watch and prediction in a holistic, effective manner and in a way
that conforms with present-day healthcare management needs. The increasing trend towards cybersecurity and the protection
of patients' sensitive data is also taken into account. Distinct security and architectural components exist to ensure sensitive
data protection while preserving inter-organization, horizontal e-science capabilities. Further work comprises detailed model
and process synthesis to support development.

A wide array of data sharing and cooperation capabilities between enterprise partners actively interacting in a cooperative
business inter-organization supply chain is thus delineated. The operational, infrastructural, application, data, and
sociopolitical aspects of collaboration are taken into account. Negotiation is employed to reach agreements guiding the
adoption/demand of the services supporting the required operations, as well as the use of revealing/servicing enterprises not
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executing the required operations themselves. Coordination protocols enable involved partners to interpret and manage the
collaborative execution of jointly supported service sets.
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