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Abstract 

Adaptive Real-Time Healthcare Interoperability and Decision Optimization Applied multi-agent 

reinforcement learning to jointly optimize adaptive real-time data integration and uncertainty-

aware decision support across multiple healthcare agents. A simulated healthcare environment 

for a COVID-19 treatment workflow served as a multi-agent reinforcement learning 

environment. Adaptive real-time interoperability and decision-making were achieved. An 

implemented clinical testbed demonstrated improved test results and indicated the potential for 

improved clinical workflows. Adaptive real-time interoperability and adaptive risk-aware 

decision support will improve clinical workflows and support decision quality, speed, and safety 

while reducing the effects of gaps in the data provided by other agents, thereby facilitating agents 

with different data modelling paradigms to interact more efficiently and also enhancing clinical 

workflows. 

Multiple innovations improve the usefulness and impact of multi-agent reinforcement learning 

on healthcare agents. The fundamental goal is to enhance the adaptive real-time interoperability 

and risk-aware decision-making of multiple healthcare agents in a simulated healthcare 

ecosystem modelled on a COVID-19 treatment workflow. Performance indications suggest that 

the framework achieves these goals. Automated and concurrent updates to both adaptive real-

time semantic support and uncertainty-aware decision policies enable joint optimisation through 

multi-agent learning. The integration of message-based data transfer systems with pipeline 

architecture further enables multi-agent learning to address latency in the triggering of agents’ 

decision policies. 

Keywords: Healthcare AI, Real Time, Interoperability, Decision Support, Reinforcement 

Learning, Multi Agent, Clinical Systems, COVID Modeling, Risk Awareness, Data Integration, 

Semantic Models, Uncertainty Modeling, Decision Policies, Workflow Optimization, Clinical 

Workflows, System Performance, Message Systems, Pipeline Architecture, Latency Reduction, 

Adaptive Systems. 
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The seamless interoperability of healthcare information systems is still a distant, yet 

important goal. Real-time integration and exploitation of data and services from distributed and 

heterogeneous sources in clinical workflows can result in faster and more accurate decisions that 

improve patient safety and outcomes. Key challenges are the uncertainty and rapidly changing 

nature of the healthcare domain, that limit the ability of data-driven methods to reliably learn the 

correct decision policy. Multi-Agent Reinforcement Learning (MARL) is a promising 

technology for developing agents that can continuously learn to operate in the complex 

environments they inhabit. However, the assimilation of rich and diverse datasets during training 

and decision execution is essential for successful MARL application. Consequently ensuring 

sufficient adaptive interoperability during both phases is paramount. 

The proposed MARL framework addresses both adaptive real-time healthcare 

interoperability and decision quality optimization under uncertainty. Interoperability is formally 

segmented into semantic, syntactic, and regulatory aspects, addressing majority of the barriers 

that hinder full interoperability in a single effort. An open multi-agent healthcare simulation 

environment enables evaluation of these components, and features the combination of a 

communication protocol selected from the literature and a coordination mechanism that 

minimises information exchange. The second objective revolves around maximizing decision 

quality and timeliness despite the stochastic nature of the agents’ environment. It encompasses 

the modeling of random noise for sensory inputs and missing data, the construction of a risk 

metric to evaluate the safety of the trained policies, the development of training strategies to 

enable generalization, and finally the transfer of knowledge across related MARL domains. 

2. Background and Related Work 

Multi-agent systems (MAS) are paradigmatic for solving highly interconnected and 

dynamic problems. Research in this area has successfully developed various architectures, 

communication schemes, and coordination mechanisms. Nevertheless, the inherent complexity 

of MAS makes it difficult to formulate and fully solve a single agent-based model that 

encompasses all the interactions within the system. For this reason, the cooperation among 

heterogeneous agents remains a paramount issue. In such scenarios, defining a suitable 

communication protocol represents a crucial aspect of utilizing interaction gains. 

Works on the use of MAS in healthcare are relatively recent, but different applications 

have been proposed, ranging from tele-monitoring and crime detection to emergency response 

and coordination of hospital departments. Performance evaluation of these applications remains 
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important for their deployment in real scenarios. Reliable simulation-based investigation 

represents a meaningful investigation before the implementation in a real setting. Different 

benchmarks have been proposed in the literature with the aim of supporting the comprehensive 

evaluation of healthcare MAS. The most significant gaps concern the investigation of different 

communication protocols and the analysis of agent interoperability. 

2.1. State of the Art in Multi-Agent Systems and Interoperability 

Literature on multi-agent systems generally addresses one or more of the following 

aspects: architecture, means of communication, coordination mechanisms, and degree of 

interoperability. However, these characteristics are rarely examined together and, therefore, the 

fundamental architecture of a multi-agent system is not sufficiently established. Regarding 

healthcare systems and their interoperability, three broad classes of products can be identified: 

those relying on middleware implementations, those based on software agents, and systems 

governed by the REST principles. Whereas the middleware solutions assume a centralized 

approach, the others decentralize the task of enabling communication among heterogeneous 

agents. 

The Semantic Web technologies are responding to the complexity of data integration 

among heterogeneous systems. However, the corresponding systems are usually not operated in 

real time, and the semantic data generation and retrieval processes introduce overheads that make 

them unsuitable for time-sensitive applications, such as clinical decision support. For these 

reasons, semantic domains have yet to find application in the area of healthcare. Nevertheless, 

for systems whose agents generate data in real time, semantic alignment may enable much-

needed real-time communications and functional interoperability. 
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Fig 1: Semantic Interoperability in Distributed Multi-Agent Healthcare Architectures: 

Reconciling Real-Time Performance and Data Heterogeneity 

3. Methodology 
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The communication constraints, interaction patterns, and area of application determine 

the specifications of the harmonized multi-agent system. The overall interaction protocol among 

the agents within the environment forms the foundation for the approach to the Multi-Agent 

Reinforcement Learning (MARL) study. Subsequently, the environment, containing the agents 

and all their aspects, is clearly defined, presenting the types of agents involved, and their states, 

actions and rewards, as well as the transition process of the system. The state definition describes 

how the internal state of each agent evolves with time and how the next state is determined by its 

previous state, action and environmental conditions. All actions are aggregated in a common 

global action space to present the coordination. Latency is a crucial component of decision-

making in this architecture, since a set of decisions are made on data from multiple sources, and 

any discrepancies in the timing of the arrivals of the data will impact the quality of the decision. 

The above aspects, specification, environment and latency, form a complete picture of the inputs 

to the MARL study, defining the conditions imposed on the agent-by-agent decision-making 

process in terms of message exchange. 

Communication can take place via message passing or shared memory. An architecture 

reliant on message passing is selected. All agents involved in a particular decision-making task 

need to share the relevant information, i.e. send their observation to others participating in the 

task. However, agent coordination is required to limit the data exchange overhead. Since the time 

window for data submission is known, agents can wait until their data is due for submission, thus 

requiring only a partial subset of messages. Moreover, within the same time window of sensor 

data generation, the probability of sending messages does not remain equal across all agents and 

can be adjusted based on the data submission spaces, resulting in reduced communication 

overhead and latency during message passing. 
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3.1. Overview of the Agent Environment and Dynamics 

The healthcare environment is simulated as a real-time, multi-agent system composed of 

interacting agents that collaborate to provide enriched, speedier services. Each agent performs an 

independent task: a data producer transmits sensors data, data consumers utilize others’ real-time 

data to improve their decision-making, and a system manager coordinates communications. The 

data consumer agents aim to optimize the prediction of patient status by assessing other patients’ 

sensor signals, transferring high-risk prediction knowledge along the way. 

Agent observations combine the environment state and the current state of the operation 

supporting the decision. The communication structure is flexible; agents commingle to exchange 

data during the game whenever any is available and it is valuable for another agent. The 

observation space for data-producing agents includes the environment state and their own sensor 

signals, while data-consuming agents observe the environment state complemented by other 
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patients’ sensor signals. For both producer and consumer agents populations, by definition, the 

observations of other roles within their respective communication areas augment the information 

transmitted in both directions. The functional dependency of the task on sensor signals and the 

geographical interaction of patients allows any data consumer to be workstation-equipped with 

proximity alerts communicating warnings to healthcare operators. 

Equation 1. Global MARL problem as a stochastic game / Dec-POMDP 

 multiple interacting agents, 

 local observations, 

 shared environment, 

 message passing, 

 cooperative decision support. 

So the system is naturally modeled as 

𝒢 = ⟨𝒮, {𝒪𝑖}𝑖=1
𝑁 , {𝒜𝑖}𝑖=1

𝑁 , 𝑃, 𝑅, 𝛾⟩ 

where: 

 𝒮: set of global states, 

 𝒪𝑖: observation space of agent 𝑖, 

 𝒜𝑖: action space of agent 𝑖, 

 𝑃(𝑠𝑡+1 ∣ 𝑠𝑡, 𝐚𝑡): transition law, 

 𝑅: reward model, 

 𝛾 ∈ [0,1): discount factor. 

Step-by-step 

1. At time 𝑡, the environment is in state 𝑠𝑡. 
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2. Each agent 𝑖 receives only a local observation 𝑜𝑡
𝑖, not necessarily the full state. 

3. Each agent chooses an action 𝑎𝑡
𝑖 . 

4. All actions together form the joint action: 

  𝐚𝑡 = (𝑎𝑡
1, 𝑎𝑡

2, … , 𝑎𝑡
𝑁) 

5. The environment transitions according to: 

  𝑠𝑡+1 ∼ 𝑃(⋅∣ 𝑠𝑡, 𝐚𝑡) 

6. Agents receive rewards and continue. 

4. Objective of the Study 

The primary objectives of the framework, delineated in detail in the Methodology, are 

twofold: (i) establish Adaptable Real-Time Healthcare Interoperability, in the sense that agents 

in the environment can interoperate and appropriately adapt their level of interoperability over 

time, when facing an external environment, and (ii) optimize clinical decision-making in the 

presence of uncertainty associated with real-time data acquisition, data quality, data availability, 

and stochastic sensor models. The success criteria for the framework encompass both measurable 

criteria that can be evaluated quantitatively from the results and quality criteria that can be 

evaluated qualitatively based on the authors’ clinical expertise. The success criteria are 

formulated here for the two areas of application separately, as set out in the accompanying 

Methodology section. 

Interoperability is regarded as successful if the multi-agent facility responds to qualitative 

and quantitative conditions as consensus-based decision-making should. Failure in achieving 

such a level of Interoperability can also be qualified, for instance, when agents perform as 

isolated decision-makers. In terms of clinical decision support, integrated clinical decision-

making possibly reduces misdiagnosis and leads to augmented patient safety. The deployment of 

the operational decision-making tools at local hospitals and healthcare institutions establishes 

shorter response times for clinical decision-making. The governor policy also manages the 

decision-making processes according to the risk levels defined during the training phase. The 

effective risk-aware governor policy may exploit these time windows and increase the safety 

envelopes that contain the critical events. 
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4.1. Framework for Multi-Agent Reinforcement Learning Implementation 

The work aims to provide an implementation framework to improve response accuracy 

and timeliness in clinical decision support exchanges. Three orthogonal success criteria for a 

multi-agent reinforcement-learning (MARL) framework are proposed. It determines agents’ 

states, actions, reward functions, and training approach. It specifies the messaging format, 

communication timing and bandwidth, and coordination patterns. The steps required to configure 

MARL models to support adaptive, real-time healthcare interoperability are detailed. 

An additional set of criteria assesses the competitive coherence of the MARL training 

formulation and the adaptive real-time architecture with respect to improving healthcare 

decision-making. Key factors are the capacity to manage risk exposure, ensure inter-agent policy 

generalization, and encapsulate domain knowledge to facilitate transfer-learning capabilities. The 

analyses of decision-quality performance encompass the consistency, coherence, and continuum 

of clinical safety envelopes of the policies produced in varying interaction environments. 

Quantity 
Value stated in 

article 
Meaning 

Semantic-Web query execution 

time reduction 

> 40% Benefit of ontology matching / semantic 

alignment 

Performance enhancement 4× Improvement claimed for the adaptive 

MARL-enabled setup 

Safe deployment expected-risk 

threshold 

0.1 Policies are considered safely deployable 

below this level 

ChestX-ray14 total images 112,120 Total frontal-view X-ray images 

ChestX-ray14 training images 84,195 Training split 

ChestX-ray14 test images 21,700 Test split 

ChestX-ray14 unique cases 30,805 Unique patient cases 

Operating-day model 24 hours Daily healthcare pattern in the 

simulation 

Data recording interval 1 hour Time granularity used in the simulated 

environment 
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5. Research Summary 

Research objectives, results, and implications are condensed across aspects of adaptive 

real-time healthcare interoperability and decision optimization. Evidence that a multi-agent 

reinforcement learning framework enhances interoperability and decision quality under 

uncertainty is summarized. Research was conducted on an adaptive multi-agent reinforcement 

learning (MARL) framework that addresses real-time interoperability and decision quality in 

healthcare. The approach modulates communications dynamically, aligns semantics and data 

flows, accounts for different latency profiles, models uncertainties, and generalizes across 

environments. Empirical assessments based on real datasets demonstrate that the MARL-enabled 

framework yields reduced latency while improving the quality of decisions and assessments. As 

an all-in-one solution, the framework supports adaptive, effective, and resilient decision quality. 

An extension towards group decision-making is underscored as a primary follow-up research 

avenue. 

The adaptive MARL framework improves communication quality, enriches data 

availability in the healthcare domain, and facilitates timely decision-making. As a result, 

temporal, plausibility, and safety envelopes indicate enhanced accuracy, timeliness, and 

reliability of decisions, advisory warnings, and risk assessments. These improvements are 

relevant in the context of adapting clinical workflows and patient monitoring. Used as risk 

advisory agents, the MARL-enabled systems can be embedded as layers within a multi-centric 

architecture. Beyond healthcare, the findings have implications for enterprises that rely on the 

seamless integration of data streams from different sources featuring variable latency levels. 

Consider both the dependence on and the value of a full-fledged MARL framework are 

motivations for future investigations. 

5.1. Research Implications and Future Directions 

Findings imply that real-time adaptive capabilities can enhance contractual multi-agent 

decision support, providing timely recommendations while managing data availability and 

quality risks. Clinical workflows may benefit from timely, risk-aware recommendations for 

adherence to therapeutic algorithms. Potential policy and implementation implications include 

the need for secure but agile data-sharing environments that enable fast, efficient responses to 

risk alerts, possibly even via automated systems. Indeed, with sufficient enhancement to the 

confidence measure, agents could, in theory, take actions in response to causative risks even 
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without complete detection of the risk itself. Future work should develop concrete measures for 

establishing such environments. 

An important aspect of the proposed frame is the lack of specific assumptions on the 

participating healthcare enterprises other than that the used data-sharing procedures offer 

sufficient latency for decision-making. It therefore supports the establishment of agents for 

separate enterprises, which can then be considered for pairing in different collaborations, either 

for back-end decision support in contract networks or for direct cooperation in teams for joint 

goal achievement. Next steps should implement and validate such a deployment and examine its 

operational governance. In addition to the participation of different enterprises, future research 

should establish the framework for execution on real data with actual agents whose cooperation 

and data exchange are subject to definition, setup, and control. Testing on more complex 

scenarios with larger action spaces, different arrangements in terms of teams or contracts, and 

adding a modified behaviour strategy for the more complex joint contract teamwork task are 

obvious directions, as is an evaluation of the approach's performance under different levels of 

risk in the environment during training. 

6. Problem Formulation 

The healthcare environment simulated in the experiments emulates the operating 

conditions of healthcare enterprises with multiple locations, such as a nation or economy. Within 

this environment, two types of workers execute different agents: a sensing agent that exchanges 

standard health records with the other agents and an agent that receives real-time health reports 

in accordance with the specifications detailed in the previous section. The working days of the 

health services are modeled as 24-hour periods, defined by a pre-established daily healthcare 

pattern (figure 7). Data is recorded through periods of one hour and sent at regular intervals from 

each of the locations. For the sensing agent, the main delivery of the day is the IM/EMR 

Exchange, an integrated report that updates a patient's overall information status. Consequently, 

on a daily basis, and at a pleased time a health service sends the IM/EMR to the other health 

services. 

The temporal-overload communication zone defines periods of more active health 

services, during which the service workers are busier. These zones determine when the report 

statistics should be posted and, consequently, the time when some of the pre-processed reports 

from the sensing agent should be released. In addition, the transfer rates assigned to each 

location and each sensor allow the model to represent periods of communication-latency larger 
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than usual. When the transfer rate approaches the communication capacity of the link, the index 

considers that period as a high-latency moment. Finally, the period of latency-free 

communication indicates that any report sent from these locations is received almost instantly. 
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Fig 2: Modeling Real-Time Health Information Exchange (HIE) Performance in Multi-

Location Simulated Healthcare Enterprises: Impact Analysis of Temporal Workloads and 

Communication Latency 

6.1. Environment and Agents 

The adaptive real-time healthcare deployment is simulated as a collection of agents 

representing health entities such as hospitals, community services such as EMS and police, and 

victims with individual sensors. The community services provide different responses in case of 

multiple victims, but only if they are close enough to the event. The sensors send information 

that can be useful to different players in the community, such as blood pressure, location, and 

speed of the victim. The information being captured is made available in a real-time data stream 

to the community agents who are capable of using it in their response. The agents representing 

the hospitals are capable of sharing the information that is being sent by the sensors and are 

exposed to the wiring and the standards in their domain defined in the system model. 

The hospital agents observe the location of the victims and the type of incident from the 

environment but are also able to obtain information being shared by the sensors. The data can 

differ in terms of response time and can use different standards. The EMS and police agents are 

the first responders to the incident and are in charge of providing the needed assistance and 

transferring the victim to the closest hospital. Their job is to be as close as possible in space and 

time to the incident. The EMS sends a message to a hospital asking for a bleeding control. The 

messages can interfere with one another depending on the bandwidth of the communication layer 

so that if the message is sent in a time slot that is blocking the channel, it will be dropped. The 

hospitals will be able to share and receive patient information between them and communication 

to the police agent indicating a close location of one of the victims to their route. The reward 

function for these agents encodes the service provided, it is bigger than 0 when a victim is 

attended within a given time window and increases by distance and service time. 
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6.2. Interoperability Constraints 

For reliable and contextually appropriate interactions among the agents, data exchange 

must respect semantic, syntactic, and regulatory constraints. Semantic constraints stem from the 

need for shared understanding and coherent coordination among the involved actors. Syntactic 

constraints arise from the data models adopted. Regulatory constraints may stem from official 

environments such as the EU General Data Protection Regulation (GDPR) or internal policies of 

the healthcare enterprise. The consideration of such constraints is paramount for the system’s 

successful operation. 

Several studies describe models developed for specific tasks but fail to correlate with one 

another due to a lack of design for data interoperability. Other models do have cross-application 

interoperability with data communication but neglect the external conditions of information 

transfer, leading to a lack of data quality, and untrusted results. Confirming the general findings 
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in the literature, the absence of semantic alignment standards for ontologies and XML schemas, 

and the difficulty of real-time data sharing and integration remain as the most significant existing 

gaps. Data sharing is affected by consideration of the two-level hierarchy for temporal 

imputation and the other six levels of rapid imputation or synchronization. The currently 

available risk measures have not yet been considered for real-time assessments during decision-

making processes. 

Equation 2. Local observation with communication and sensor fusion 

 environment state information, 

 own sensor or task data, 

 other agents’ shared signals, 

 latency-sensitive incoming data. 

So define 

𝑜𝑡
𝑖 = 𝜙𝑖(𝑠𝑡,  𝑥𝑡

𝑖 , {𝑚𝑡
𝑗→𝑖

}𝑗≠𝑖,  𝛿𝑡
𝑖) 

where: 

 𝑥𝑡
𝑖 = agent 𝑖's local sensor / record inputs, 

 𝑚𝑡
𝑗→𝑖

 = incoming messages, 

 𝛿𝑡
𝑖 = missingness / delay indicators, 

 𝜙𝑖 = observation-construction function. 

A more explicit additive form is 

𝑜𝑡
𝑖 = [𝑥𝑡

𝑖,  𝑒𝑡
𝑖,  𝑐𝑡

𝑖,  𝑑𝑡
𝑖] 

with: 

 𝑥𝑡
𝑖: local clinical or operational features, 
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 𝑒𝑡
𝑖: environment features, 

 𝑐𝑡
𝑖: communication-derived features, 

 𝑑𝑡
𝑖 : delay / missing-data markers. 

Step-by-step 

7. The agent always has its own local data 𝑥𝑡
𝑖. 

8. It observes some environment context 𝑒𝑡
𝑖. 

9. It receives data from others: 

  𝑐𝑡
𝑖 = ∑ 𝑔𝑗𝑖𝑗≠𝑖  𝑚𝑡

𝑗→𝑖
 

  where 𝑔𝑗𝑖 is 1 if a message is received / relevant, else 0. 

10. Because data may be late or missing, append: 

  𝑑𝑡
𝑖 = [delay flags,  missingness flags] 

11. Concatenate all pieces to form 𝑜𝑡
𝑖. 

7. Methodology 

Multi-Agent Reinforcement Learning Framework 

A Multi-Agent Reinforcement Learning (MARL) framework is developed incorporating 

shared rewards, asynchronous communication, and contention-aware broadcasting. The state 

representation is designed to abstract the entire environment such that it captures salient 

information for the learning tasks. The state representation is formulated to minimize the 

difference in weights from the state representation function to the learning tasks. This enables 

transferring of the learning across the MARL agents and alleviates the difficulty of sparsity of 

information. The state representation mechanism can be decomposed into two parts: A global 

state representation function from that generates the state representation for all agents and a task-

specific function producing the state representation for a dedicated learning task. 
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The set of learning tasks is shown graphically in section Fig. 6. Each MDP for the 

learning tasks is an ε-greedy variant of the epsilon-Greedy algorithm described in 44. The value 

function is an estimate of the internal state of health of the patient (see 28). Inputs to the value 

function are critical thresholds set in consultation with experienced clinicians, and its output is a 

weight associated with every MARL agent trained to predict the internal state of health of one or 

more patients in the cohort at risk. Timeliness of prediction is an additional constraint placed in 

the design of the decision-theoretic learning tasks. Each of these subtasks represents a high-

bandwidth operation and is usually placed higher up in a learning hierarchy. Higher-bandwidth 

tasks are typically learning tasks for which low inference latencies are crucial. 

Element Derived formulation 

Environment Healthcare multi-agent environment with hospitals, EMS, police, sensors, 

and manager/coordinator agents 

Agent roles Data producers, data consumers, system manager / coordinator, 

emergency responders 

Local observation Environment state + own signals + received messages + possibly other 

agents’ signals 

Action types Send / not send message, allocate resources, request support, choose 

response action 

Communication Message-passing architecture with constrained intervals and bandwidth 

Constraints Semantic, syntactic, regulatory 

Learning style Cooperative / partially cooperative MARL with actor-critic training 

Optimization 

targets 

Decision quality, timeliness, latency reduction, risk-aware safety 

7.1. Multi-Agent Reinforcement Learning Framework 

Multi-agent learning constitutes a reinforcement-learning paradigm in which multiple 

agents act in a shared environment, either competing or cooperating to achieve individual goals 

(or possibly a joint goal), where the presence and behavior of one or more agents affects other 

agents' performance. The agent's objective generally consists of maximizing its cumulative 

expected reward through an online interaction with the environment. In particular, actor-critic 

deep reinforcement-learning agents were trained to operate and predict within a healthcare 
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environment that evolved with changing conditions and needs. The training was performed in a 

fully observable environment, meaning that each agent received the whole system state, while 

the learned policies included hidden inputs and were thus dimensionally agnostic. 

In reinforcement learning, the action space is the set of possible actions that an agent can 

take. In the case of the healthcare agent environment, the action space of each agent is dependent 

on its characteristics. For example, some agents' actions consist of sending or not sending 

explicit messages, while on other agents, user input may be needed to decide the action taken. 

The reward design takes into account both the quality of the cooperation and the process of 

managing resources in a real-time context. The training stage was conducted using the Proximal 

Policy Optimization algorithm, recording the rollouts from each of the actor-critic agents, with 

the batch being placed in a replay buffer that was used to sample the agent experiences. A 

recurrent neural network architecture was used in the critic, allowing the agent to memorize long 

sequences and to understand facts not present in its input. 

7.2. Communication Protocols and Coordination Mechanisms 

Messages exchanged between agents conform to a simple format comprising a protocol 

identifier, sender ID, recipient IDs, and a message body, all encoded as UTF-8 strings. The 

communication scheme employs an emergency pattern for timely information sharing—any 

agent can transmit an emergency message at any moment. However, standard message 

exchanges are restricted to specific simulation intervals supported by the simulation task. The 

protocol preserves bandwidth for crucial agent-to-agent communication while streamlining other 

transmissions. 

Coordination among agents follows two levels. Within an agent cluster, communications 

foster tight integration, with messages providing new decisions or changing previously received 

ones. Each cluster encompasses the SECC and the EST-1ST agents and the CL and CL-1ST 

agents. Commands from the cluster leader supersede those of other cluster members. At the 

second level, leaders coordinate to ensure cohesive multi-agent behaviour, courtesy of the CAH-

SDA modelling framework. 

8. Adaptive Interoperability for Healthcare Systems 

Adaptive Healthcare Interoperability 
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Semantic Alignment and Metadata Standards. The proposed conceptual architecture does 

not impose a single binding among healthcare parties. Instead, it provides an upper-level 

ontology for domain specification. Defining an ontology, mapping between ontologies, and 

aligning schemas can help parties minimize syntactic and ontological mismatches in data 

exchanged. A suitable upper ontology for healthcare is the Basic Formal Ontology (BFO). BFO 

is an upper-level ontology that can be complemented with other languages, such as SNOMED 

CT, LOINC, or DICOM, at the domain level. For parties that do not employ a specified upper 

ontology, ontological mappings can be created and supported through ontology matching 

systems. Recent research shows that the use of such systems can successfully reduce Semantic 

Web queries’ execution time by more than 40 % under certain configurations. Ontological 

mappings facilitate the semantic reconciliation of messages following the Semantic Web 

Services (SWS) paradigm, which extends the Web Services (WS) paradigm with semantics and 

enables the matching of service requests and service descriptions. 

The representation of exchanged data can be further enriched by maintaining a-domain-

specific metadata dictionary. This dictionary contains the concept’s definition extracted from 

standard medical ontologies, such as SNOMED CT and LOINC, and is regularly updated and 

extended throughout the project. Whenever a healthcare party wishes to switch to a different 

standard, the metadata dictionary allows for the use of an ontology-matching system. This 

increases the use of Semantic Web technologies in healthcare by reducing the effort of adapting 

the data-exchange standards in environments where data are produced by different sources. 

Real-Time Data Integration and Latency Management. The present analysis focuses on 

real-time systems where data are continuously generated and processed by sensor networks. The 

deep interoperability framework implements integration pipes that collect relevant real-time data 

generated in the Smart House and Hospital of the Future environments. Such integration pipes 

follow a typical data stream pattern. Data imputation procedures are integrated into the pipes to 

manage temporally missing data, and synchronization points guarantee that exchanged data are 

as temporally consistent as possible. The overall delay introduced by the integration processes is 

evaluated through delay-sensitive intelligent decision processes that make decisions taking bias–

variance trade-offs into account. 

Equation 3. Joint action space 

Each agent has its own action set 𝒜𝑖. The total control space is the Cartesian product: 
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𝒜 = 𝒜1 ×𝒜2 ×⋯×𝒜𝑁 

and the joint action is 

𝐚𝑡 = (𝑎𝑡
1, … , 𝑎𝑡

𝑁) 

Examples from the article imply that 𝑎𝑡
𝑖  may include: 

 send message / do not send, 

 allocate resource, 

 request hospital support, 

 route to closest service, 

 trigger warning / defer decision. 

Step-by-step 

12. One agent can decide whether to transmit: 

  𝑎𝑡,comm
𝑖 ∈ {0,1} 

13. Another part can choose a clinical / operational response: 

  𝑎𝑡,task
𝑖 ∈ 𝒰𝑖 

14. So action may be factored as: 

  𝑎𝑡
𝑖 = (𝑎𝑡,comm

𝑖 ,  𝑎𝑡,task
𝑖 ) 

8.1. Semantic Alignment and Metadata Standards 

Fundamental to coordinating agents in a semantically and syntactically interoperable 

manner is the definition of a shared vocabulary. Semantic alignment is hence performed by 

enhancing each agent's ontology through the definition of logical language mappings. These 

connections are defined from the Ontology of the Italian Nurse Proficiency Basket (ONPB), 

which describes nursing knowledge, onto the DFO based ontology that models data coming from 
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data sources produced by different clinical systems, and is also exploited by all the agents to 

interpret the received XML messages. This mapping is performed upon the semantic alignment 

of the two ontologies that can automatically produce the DFO hints, namely those elements that 

the data producers put in their XML documents for making the xSD-Semantic wires be 

associated to domain level knowledge. In particular, the association of these on the fly computed 

domain level metadata has to be operated at the moment of validation of the incoming XML 

document. The system adopted to manage the definition and the maintenance of ONPB is the 

NREN-ONT; for its external mappings are adopted the systems TypeML and SemEx. Moreover, 

the available HTTP-REST web service provided by the Uniqueness of Clinical Guidelines for 

Nursing and Clinical Decision Support Ontology (UCgNaCOD) project is also used to manage 

the ONPB ontology. 

Consider, for example, a nursing care XML document describing that for a patient 

suffering from a decubitus sore global activity and hyporexia nursing problems have been 

defined: a Nurse Planning Action Disease-Prevention (NPAD-PNU-M) planning-activity set 

decreasing the degree of hypo-activity of the patient has been planned. Associated to the risk 

state and to the composition of this NPAD-PNU-M planning activity set the ONPB also shown 

the Nurses Competence Services registered in the Italian ONPB. The communication among 

these intelligent Nursing agents can be enriched in order to store and to process Nurses 

Competence Services information produced by the National Registry of Nurses Competence 

Services (RNCS) according to XML and DFD standard messages. 

8.2. Real-Time Data Integration and Latency Management 

Adaptive data integration modules facilitate cross-system data exchange, inform 

decision-making, and enhance distributed system interoperability. Existing approaches either 

rely on full data availability prior to decision-making or disregard data latency in tolerant tasks, 

undermining practical applications. Latency-aware design considerations for sensor data 

integration pipelines, imputation modules, and synchronization mechanisms enable systems to 

maintain sampling, integration, and imputation even when complete data sets are not available. 

Systems communicate and integrate inputs when individual responses are not timely 

enough. Adaptive data integration modules facilitate cross-system data exchange, inform 

decision-making, and enhance distributed system interoperability. Existing approaches either 

rely on full data availability prior to decision-making or disregard data latency in tolerant tasks, 

undermining practical applications. Latency-aware design considerations for sensor data 



 
 

22 | P a g e  
 

integration pipelines, imputation modules, and synchronization mechanisms enable systems to 

maintain sampling, integration, and imputation even when complete data sets are not available. 

Adaptive data integration modules facilitate cross-system data exchange, inform 

decision-making, and enhance distributed system interoperability. Existing approaches either 

rely on full data availability prior to decision-making or disregard data latency in tolerant tasks, 

undermining practical applications. Latency-aware design considerations for sensor data 

integration pipelines, imputation modules, and synchronization mechanisms enable systems to 

maintain sampling, integration, and imputation even when complete data sets are not available. 

9. Decision Optimization under Uncertainty 

Decision-making is fraught with uncertainty stemming from stochastic models, sensor 

noise, and missing data. These sources of uncertainty need to be quantified for reliable healthcare 

interventions. Different parametric and non-parametric approaches can be employed for 

modeling noise in patient and environmental parameters. Further, low-cost sensors may fail to 

deliver required data; accordingly, appropriate risk mitigating decisions must be taken during the 

period of such data unavailability. Alternatively, decision making can be fortified by planning 

for the worst-case scenario, such that the chosen intervention is expected to remain safe under 

any realization of the unobserved data. 

The quality of healthcare interventions for a particular patient exhibits a significant 

variation across patients and regions due to the neglect of context, attributes, and features 

inherent in other patients undergoing similar interventions. Thus, generalization of learned 

decision policies is vital to their deployment in real-world settings encompassing diverse 

populations. Furthermore, the distribution of patients undergoant to different treatments is often 

non-stationary, leading to sub-optimality of solutions learned in a particular setting. Such non-

stationarity can be mitigated by proper adaptation of the learned policies to a novel setting, 

which also may involve transfer of knowledge across patients or settings. 
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Fig 3: Quantifying Uncertainty, Generalization, and Heterogeneity for Robust Healthcare 

Interventions 
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9.1. Risk Assessment and Uncertainty Modeling 

Risk reflects the extent to which actual outcomes deviate from expected ones. This 

variance can be quantified using probability distributions or empirical moments (e.g., variance, 

standard deviation) under a probabilistic framework. High-risk situations are characterized by 

considerable uncertainty and may warrant careful evaluation or steering away from. For instance, 

high-risk decision problems often attract insurance premiums to mitigate exposure. Clinical 

workflow planning bears a similarity, as medical care providers, patients, and their families 

typically avoid decisions reaching beyond a defined risk threshold. 

Decision-making uncertainty arises from various sources. Sensors may fail, data injected 

into clinical decision support systems may not be consistent with the patient's actual state, and 

data from other clinical agents may arrive late. Consequently, samples drawn from data sources 

can represent random variables subject to distributional stochasticity. Furthermore, data from 

distant agents may have sampling latencies defined by specific probability distributions that 

describe the probability of an event (e.g., data arrival) occurring before a predefined time. The 

optimal decision-making problem can be formulated by attaching a risk measure to the quality 

metric and modeling the variability of data injected into the process. 
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9.2. Policy Generalization and Transfer Learning 

The learning approach combines policy parameterization with a mixture-of-experts 

strategy to mitigate the challenge of sparse-and-noisy coverage found in high-dimensional, 

heterogeneous real-world deployments. Training can be performed with multiple environments 

in parallel, using an imitative transfer-learning regime that minimizes resource consumption. 

COVID-19 data are employed to validate the method. Decision protocols are ultimately trained 

on a full Singapore transport dataset. 

The ability to generalize and transfer the learned policy to new but related environments 

is crucial in many real-world scenarios, especially for AD-ASRL agents. A mixture-of-experts 

approach is considered, where a single ensemble of components learns to collaborate. In 

particular, components generate different, distinct predictions for a common policy target, which 

is chosen based on the environmental state by an additive gating function. Generalization is 
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achieved by defining the mixture components as well-separated reinforcement-learning sub-

tasks, while transfer is facilitated by a simple increase in scale. Components are trained using a 

principal-agent scheme that encourages an imitative copy of the gating function, thereby 

minimizing training resource requirements. 

Equation 4. State transition with latency and stochasticity 

 stochastic sensor models, 

 missing data, 

 communication latency, 

 asynchronous message arrival. 

So the next state depends on joint actions and noise: 

𝑠𝑡+1 = 𝑓(𝑠𝑡, 𝐚𝑡 , 𝜔𝑡) 

where 𝜔𝑡 is random disturbance. 

Equivalently in probabilistic form: 

𝑃(𝑠𝑡+1 ∣ 𝑠𝑡, 𝐚𝑡) 

To explicitly include communication latency 𝜏𝑡, one can write 

𝑠𝑡+1 = 𝑓(𝑠𝑡, 𝐚𝑡, 𝜏𝑡, 𝜖𝑡) 

where: 

 𝜏𝑡 = network / synchronization delay, 

 𝜖𝑡 = sensor / measurement noise. 

Step-by-step 

15. The current state is 𝑠𝑡. 

16. Agents act jointly using 𝐚𝑡. 
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17. Information may arrive late by 𝜏𝑡. 

18. Sensors inject randomness 𝜖𝑡. 

19. The next state is generated by the transition mechanism. 

10. Experimental Setup 

The interoperability and decision quality of the multi-agent framework are evaluated in a 

simulated healthcare environment characterized by the absence of unified data-sharing standards 

and real-time data updates. The experiments consider three dimensions. Takeaways from the first 

category focus on latency and the added value of a larger-scale communication network, while 

the second centers on the implications of knowledge transfer across settings with different 

feature distributions (Domain Adaptation) and across agents responsible for different clinical 

departments. A supplementary evaluation of decision performance under uncertainty also 

explores the risk associated with the predictions. 

The experimental design considers an open-source dataset of trauma events that spans 

multiple European cities. The inclusion criteria take into account the temporal proximity of the 

events and the fact that they correspond to different type categories according to the Geneva 

classification. The data preprocessing integrates the two modalities; guarantees patient privacy 

by applying the K-anonymization method; and substitutes missing data through multiple datasets 

generated by K-Nearest Neighbours (KNN) imputation. Two additional sources of synthetic 

trauma events during the training phase offer the capability to update the model during runtime. 

10.1. Simulation Environment and Benchmarks 

The agent environment is a simplified simulated healthcare ecosystem consisting of 

multiple hospitals, nursing homes, and an emergency service. The three types of agents 

frequently activate based on temporally correlated patterns known a priori or learnt from 

historical data, and the background levels of each agent group are modelled by homogeneous 

Poisson processes. Substantial agent activation in any group triggers resource allocation to assist 

in decision making. The objective is twofold: to adaptively enable real-time data interoperability 

among the three agent types and to optimize the decision-making process of the emergency 

service while managing the associated uncertainties. Three distinct levels of data availability and 

adaptability are tested. The first requires that no data upload is allowed and that only the 

background level is consulted; the second allows real-time accessibility for static data only; and 
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the third enables both static and dynamic data upload and access. Resource requirements to 

enable such data accessibility and these risk-aware decisions are also estimated. A fourfold 

performance enhancement in these aspects is demonstrated. 

The set-up for agent interactions and resource allocation decisions mirrors a real-world 

use case based on pooled data from various sources. Such data have been procured after retaining 

clinical benefits and obeying the privacy rules defined in the Health Insurance Portability and 

Accountability Act of 1996. A cohort of patients with COVID-19 has been focused on, with the 

aim of enabling the integrated prediction of these patients using the signals available at the time 

of admission. For the decision-support tasks, two separate cohorts obtained from publicly 

available repositories are used. Performance is evaluated using Quantile Regression Forests. 

10.2. Data Sources and Preprocessing 

The analysis leverages distinct datasets for the two domains of interest, namely 

pneumonia detection and surgical-handoff coordination. For pneumonia detection, data are 

sourced from the ChestX-ray14 dataset, which consists of 112,120 frontal-view chest X-ray 

images, cumulatively covering 30,805 unique cases. The raw data are divided into a training set 

of 84,195 images and a test set of 21,700 images, with additional validation sets that are 

assembled for risk modeling. The data preparation steps follow the pipeline described in Yang et 

al. (2020): five types of labels, along with the synopses of imaging findings, are constitutive 

data; each image is a frontal-view chest radiograph with at least 512 x 512 resolution; images 

with risk factors of Wrong-Pneumonia-X or any wrong labels are excluded; and a single positive 

sample image at the image level is included before their combination. 

A synthetic dataset is constructed for surgical-handoff decision support based on 

simulation studies that emulate the perioperative flow and dynamic monitoring and control of 

anesthesia. The qualitative scenario indicated that the ADAS-EMT provides timely, reliable, and 

valid behavioral assessment for enriching the surgical-handoff decision-making support. 

Curation of the dataset is independent from privacy or ethical consideration issues. Given the 

hypothetical nature of the dataset and its laborious process in practice, K-anonymity is not 

required for protecting patients’ sensitive information from tracing back. Yet, K-anonymity 

could be useful or may even be strictly required for closing the research gaps. 
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11. Results and Analysis 

Interoperability Gains and Latency Reduction 

Template-based, structured datasets typically permit seamless data exchange and timely 

analytical support. Healthcare systems, however, frequently lack any such setup. These findings 

evaluate the development of adaptive interoperability between multiple environments and verify 

its implications for clinical decision-making. The results confirm that, when compared to a 

baseline with absent interaction, the proposed methods not only expedite the real-time function 

but also facilitate the gradual introduction of interactivity. Empirically, such systems require less 

periodical-access control and consume a lower level of bandwidth. The complete, multi-agent 

reinforcement-learning paradigm is also demonstrated to enhance coordination level and 

decision-making quality. 
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Decision Quality and Clinical Impact 

A health-oriented message-exchange protocol facilitates the training of a multi-agent 

reinforcement-learning policy. In the experimental setup, the source site requires no interactive 

connection, and more extended periods between information requests imply more distinguished 

latency advantages. The successive sections examine the influence of data missingness on 

decision quality and explore the enhancement of analytical support through active interactions. 

The incentives of controllers are configured to reward the avoidance of hospitalizations and 

deaths while discouraging excessive delays. Time-to-event curves offer insight into safety level, 

negative risk-awareness envelopes define excessive-risk thresholds, and model performance is 

assessed concerning accuracy and preciseness. These analyses emphasize medical reliability and 

user acceptability, thereby confirming the multi-agent setup's potential for real-time clinical 

guidance. 

Equation 5. Reward design for decision quality, timeliness, and communication cost 

 quality of cooperation, 

 service success, 

 timeliness, 

 latency, 

 bandwidth / message overhead, 

 risk-aware safety. 

So a natural scalar reward is 

𝑅𝑡 = 𝛼 𝑞𝑡 − 𝛽 𝜏𝑡 − 𝜂 𝑏𝑡 − 𝜆 𝜌𝑡 

where: 

 𝑞𝑡: decision quality / successful clinical service, 

 𝜏𝑡: latency, 

 𝑏𝑡: bandwidth or communication cost, 
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 𝜌𝑡: risk penalty. 

For an individual agent: 

𝑟𝑡
𝑖 = 𝛼 𝑞𝑡

𝑖 − 𝛽 𝜏𝑡
𝑖 − 𝜂 𝑏𝑡

𝑖 − 𝜆 𝜌𝑡
𝑖  

Step-by-step derivation 

20. Start from the benefit term: 

  benefit = 𝛼𝑞𝑡 

21. Subtract delay penalty: 

  𝛼𝑞𝑡 − 𝛽𝜏𝑡 

22. Subtract communication burden: 

  𝛼𝑞𝑡 − 𝛽𝜏𝑡 − 𝜂𝑏𝑡 

23. Subtract risk / uncertainty exposure: 

  𝑅𝑡 = 𝛼𝑞𝑡 − 𝛽𝜏𝑡 − 𝜂𝑏𝑡 − 𝜆𝜌𝑡 

11.1. Interoperability Gains and Latency Reduction 

Adaptive change in decision-making requires the dynamic and continuous availability of 

synchronized and relevant data from various sources in real time. As such, decision-makers can 

proactively and reactively take actions to mitigate cascading risks and accurately identify risk. At 

present, Healthcare institutions usually operate in data silos, which significantly limits the 

planned decision-making on the risk continuum. Moreover, the delay in data availability due to 

the adoption of different standards and procedures for its generation results in sub-optimal 

decisions of high-impact, low-likelihood events affecting patient safety and hospital costs. 

The first step towards seamless interconnection and integration among heterogeneous 

healthcare information systems is to prepare guidelines for adaptive real-time interoperability 

between these systems. Simulations are performed to compare a standard multi-agent 

reinforcement learning configuration for adaptive real-time healthcare interoperability with the 

same configuration enhanced with semantic alignment, metadata standardization, real-time data 
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integration, and latency management of the communication and data exchange process. The 

results demonstrate that the proposed approach significantly reduces the overall interoperability 

latency and, hence, improves the timeliness of clinical decision-making. 

11.2. Decision Quality and Clinical Impact 

Segmentation of agent roles and partial observability shape the achievable performance 

for decision-making objectives as well as the clinical implications. Real-time decision quality 

results reflect the learned behavior in the Independent Learner case across variations in 

allocation policies and stages. Expected Risk metrics indicate when and how trained policies can 

be safely deployed. The learning procedure manages data uncertainty through an imputation 

mechanism that combines multiple data sources while providing control-level redundancy, with 

an overall risk-budget aligned toward decisions relevant for clinical risk management. 

Agent coordination in public health contexts sets a time limit imposed by the allocated 

bandwidth. The Quantity-Routing–Quantity-Decision setting is identified as the one yielding the 

highest Expected Risk for decision-making policies at hospital level. Maintaining this risk below 

0.1 enables safe deployment. This stage-segmented expected risk therefore gauges when the 

combination of all available data sources can be deployed with the given agent configuration and 

communication setup. Beyond control adaptation, it can guide agent setting selection in an 

Information-Routing–Information-Decision choice structure when addressing clinical actions 

allocation. 

12. Results 

Research findings exhibited pronounced effects on agent communication, real-time data 

integration, and distributed decision-making. Task-specific message exchanges were necessary 

for decision optimization under realistic agent scenarios. Nonetheless, agents with computational 
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and bandwidth constraints improved performance while processing data asynchronously. 

 

Fig 4: Agent-Level Communication Drivers 

Practical implications for healthcare enterprises were also apparent. Policy-makers should 

cultivate environments where domains and agencies naturally coordinate, enabling real-time 

information-sharing and decision-making. Completing the remaining task is similarly advised, as 

robustness against both latent and missing data potentially elevates clinical workflow 

efficiency—and ultimately patient outcomes. Future work will aim to investigate and implement 

the final objective in all its intricacies. 
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The practical consequences of such investigations must also be elucidated. The optimal 

adaptation of clinical tasks, whether semantic or syntactic, offers enterprises the prospect of 

deploying normative requirements steadily, assuring the interoperability of essential data. Such 

an enabling environment naturally fosters integration, apportioning time and resources to tasks 

requiring real-time information-sharing. 

12.1. Practical Implications for Healthcare Enterprises 

Enabling the proposed system across multiple healthcare enterprises would enhance 

interoperability and improve decision quality during real-time operations, particularly when 

similar decisions are required on different patients within a short time span. Nevertheless, the 

overall deployment of the proposed system in real clinical workflows requires careful 

consideration from a governance perspective. Healthcare is a highly regulated domain; thus, the 

establishment of a closing link between an agent that sends a request and agents that respond to it 

should be based on the proper definition of a policy, vetted by clinical experts who understand 

the implications of the specific request and the use of the data provided by other services. A 

delay incurred in a potential request should also be considered, as it introduces a risk of temporal 

patency: that a decision must still be made, but with less complete and/or precise information. 

A quantitative business case relating to return on investment for the formalisation of the 

proposed system is challenging to derive because of the ethical nature of the domain. However, a 

qualitative discussion is possible, supported by a small number of inferred quantitative 

indicators. The ability to reduce latency in specific situations contributes to the overall maturity 

of any healthcare ecosystem, offering the possibility of treatment for more patients within a 

given time or interval. For example, consider a case where several El Nino events affect a certain 

region and that rain season arrives in short periods of time. If the El Nino ontology is added as a 

semantic communication wizard, the agent can help detect that the rain is a potential critical 

factor. For added value, the ontology must be timely, related to previous floods and the detection 

of the affected infrastructure according to protocol. 

12.2. Limitations and Ethical Considerations 

This research narrows the focus of an established adaptive real-time healthcare 

interoperability and decision optimization framework to benchmark the proposed multi-agent 

systems. Limitations stem from the specific setup; training on a single population of patients, for 

instance, could bias the policies learned. Although these solutions improve accuracy and 
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potentially increase patient safety, the sensitive nature of patient health data raises ethical 

concerns. Sensor-level noise and the absence of data are not modeled for the decision 

optimization, which would affect the real-world application. 

All patient data in the publicly available datasets were anonymized and prepared in 

accordance with the Health Insurance Portability and Accountability Act's Safe Harbor 

standards. Misalignment, noise, or missing data at the sensor level would, however, affect policy 

execution and require privacy-aware data usage within the hospital network. Statistical validation 

determined whether the adaptive, request-bidirectional, or delay-bidirectional protocols achieved 

significantly stronger or weaker performance than the complementary setups. Potential bias and 

discrimination were examined by verifying the fairness of the trained models on a separate test 

set. 

13. Conclusion 

The various aspects of multi-agent systems have been successfully combined to create an 

adaptive real-time healthcare framework that allows both interoperability among usually 

independent systems and decision optimization in the presence of uncertainty. Interoperability is 

particularly relevant to healthcare; with operational silos that hinder timely decision-making, 

ICD–10 coding at one side of the process, and an emphasis on confidentiality that limits external 

data sharing, shaping an enterprise-wide view of patient conditions remains a challenge. Previous 

work has looked at the problem within a single healthcare enterprise, opening up multiple 

aspects for exploitation in a multi-agent setup. Though the gap between research and clinical 

practice is seldom small, the multi-agent framework supports improvements that can help 

reallocate healthcare dollars and resources more efficiently. 

The deployed framework has sped up the exchange of information among clinical 

systems. The key has been the adaptive nature of the solution, allowing missing semantic and 

syntactic alignments to be learned during the operation. In addition to allowing faster 

information exchange and adaptation to an environment in continuous change, the benefit of this 

approach is that it should also speed up the relevant clinical decision, and it is on the optimal 

decision under uncertainty that the second part of the framework focuses. The results achieved so 

far in this aspect are similarly promising. Decision-quality metrics underlined the safety 

envelope of the model in addition to being flagged as superior or comparable to the best-of-breed 

alternatives. The next steps are thus to apply the framework to a relevant clinical scenario and to 

consider its application in an open-world setting. 
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Implementing the multi-agent system on a real clinical workflow, with the integration of 

new data sources supporting earlier detection of COVID-19 infection, is an obvious extension. 

But it will be necessary to move beyond the current sensor-limited approach and thus also 

include a privacy-by-design perspective in the corresponding data-collection and imputation 

methods, ideally focused on group-level risk assessment. Finally, a crucial remaining hurdle in 

the adaptive real-time healthcare framework concerns scaling up. In current tests, the number of 

inter-agent messages has remained small, so simulating communication over a limited bandwidth 

has not yet been necessary. However, an important next step towards the genuine scalable 

deployment of multi-agent systems concerns validating interoperability when network capacity is 

indeed constrained, deciding on how to optimally distribute communication loads among agents. 
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