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Abstract: Multi-agent artificial intelligence systems (MAS) is transforming the healthcare sector by enabling intelligent decision-

making, robotic interventions, and critical care management. Despite growing interest, a comprehensive synthesis of their real-

world applications, performance, and limitations is lacking. This systematic review aims to evaluate the deployment of MAS in 

healthcare across three key domains: Clinical Decision Support Systems (CDSS), Robotic Interventions, and Critical Care 

Monitoring. It also addresses ethical and legal considerations, offers a comparative framework, and identifies research gaps. A 

systematic search of PubMed, IEEE Xplore, Scopus, and Web of Science was conducted following PRISMA guidelines. A total 

of 150 records were retrieved. After duplicate removal and screening, 32 studies met inclusion criteria. The Joanna Briggs 

Institute (JBI) Critical Appraisal Checklist guided quality assessment. Data were extracted using a structured form and organized 

by topic. Among the 32 studies included, 12 focused on MAS-based CDSS, 11 on robotic interventions, and 9 on MAS in critical 
care. Most MAS demonstrated improved diagnostic accuracy, aided real-time decision support, and enhanced patient monitoring. 

However, over 60% involved practical models and lacked clinical validation. Ethical concerns, particularly around autonomy, 

data privacy, transparency, and legal accountability were sometimes overlooked. Only 7 studies discussed ethical or legal 

implications in depth. A comparative framework was developed, comparing MAS tools based on scalability, clinical validation, 

autonomy, human-AI interaction, and data transparency. No doubt, MAS hold transformative potential across healthcare domains. 

However, real-world deployment remains unclear. Greater emphasis on clinical validation, ethical design, and regulatory 

frameworks is needed. This review provides suggestions for future research and responsible adoption of MAS in healthcare. 

Keywords: Multi-agent systems, artificial intelligence, healthcare robotics, critical care, clinical decision support systems, ethics, 

legal framework, PRISMA, cc. 

I. Introduction 

More than just a trend, the impact of Artificial Intelligence (AI) is becoming widespread. From transportation to education and 

healthcare, it is clear that AI is here to stay. In the health sector, AI is changing how services are delivered and is helping to 

improve the quality of care. Its use can already be seen in many areas of healthcare. However, the growing use of AI through 

Multi Agent Systems (MAS) in Clinical Decision Support Systems (CDSS), robotic procedures, and critical care monitoring 

deserves close attention. 

MAS involves several AI agents working together to perform tasks for a user or another system. Each agent has its own features, 

but they work as a team to reach common goals and produce the desired results [1]. These systems are useful for handling large 

and complex tasks that may involve hundreds or even thousands of agents [2]. 

MAS provides many benefits over regular AI models. By sharing information and working toward shared goals, MAS allows for 

better decision-making, improved scale, and smarter responses based on the situation [3]. They are used in many areas, from 

sorting and diagnosing patients in emergencies to helping robotic surgery teams and monitoring patients in intensive care. But 

because they are used in so many ways, it can be hard to measure how well they work, how reliable they are, and whether they 

follow ethical rules. 

Even though MAS can improve accuracy and save time in healthcare, there are still concerns about how well they perform in 

real-life situations, especially in high-risk settings [4]. Many of these systems are still being tested and are not yet fully used in 

everyday medical practice. Also, important ethical and legal issues like patient rights, data protection, responsibility, and 
informed consent are often not well handled in research [5]. This brings up serious concerns about trust, openness, and patient 

safety when MAS are used in direct care. 

Although some studies have looked at MAS in specific areas, there is still no full and clear review of how they are built, how they 

work, and what their limits are. This review aims to fill that gap by looking at how MAS are used in three important areas: CDSS, 
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robotic procedures, and monitoring in critical care. It also looks at how ethical and legal issues are treated and offers a simple way 

to compare MAS tools, to guide future use in a safe and responsible way. 

II. Method 

Review Protocol  

This systematic review was conducted in alignment with the PRISMA (Preferred Reporting Items for Systematic Reviews and 

Meta-Analyses) guidelines to ensure methodological rigor, transparency, and reproducibility in the review process. The protocol 

was designed to clearly define the review objectives, inclusion criteria, search strategy, and quality assessment approach before 

the data collection began. 

Eligibility Criteria 

We included studies that met the following criteria: 

 Focused on multi-agent systems (MAS) used in healthcare 

 Addressed at least one of these areas: Clinical Decision Support Systems (CDSS), robotic interventions, or critical care 

 Were published in peer-reviewed journals between 2014 and 2024 

 Provided evaluation or implementation results (quantitative, qualitative, or mixed) 

 Written in English 

 We excluded: 

 Papers that were not peer-reviewed (e.g., editorials, dissertations) 

 Studies unrelated to healthcare or not clearly focused on MAS 

 Articles that only described theoretical models with no real-world application or evaluation 

Search Strategy 

A structured search was carried out in four major academic databases: 

PubMed, IEEE Xplore, Scopus, and Web of Science. 

We used combinations of keywords and Boolean operators, such as: 

(“multi-agent system” OR “MAS”) AND (“healthcare” OR “clinical” OR “medical”) AND (“decision support” OR “robotic 

intervention” OR “critical care”) 

The search was limited to the last 10 years to ensure relevance to recent advances in AI and MAS technologies deployed in 

healthcare service delivery. The final search was completed on April 30, 2025. 

Study Selection 

A total of 150 studies were identified. After removing duplicates (n = 30), the remaining 120 studies were screened by title and 

abstract. Based on our criteria, 64 full-text articles were reviewed in detail. After applying the inclusion and exclusion filters, 32 

studies were selected for the final analysis. 

The selection process is summarized in Figure 1 (PRISMA flow diagram) below: 
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Figure 1: PRISMA flow diagram detailing: records identified (n=150), duplicates removed (n=30), abstracts screened (n=120), 

abstracts excluded (n=80), full-text articles assessed (n=40), full-text articles excluded (n=8; 5 non-healthcare focus, 3 inadequate 

reporting), studies included (n=32) [6] 

Data Extraction 

Two reviewers independently extracted the data using a structured form. Information collected included: 

 Year of publication 

 Type of healthcare domain (CDSS, robotic system, or critical care) 

 MAS design and architecture (e.g., number of agents, type of interaction) 

 Evaluation method (e.g., simulations, real-world testing, outcomes measured) 

 Performance metrics (accuracy, response time, usability, etc.) 

 Ethical or legal considerations mentioned 

 Study limitations 

Any disagreement between the reviewers was discussed until both reached a consensus. 

 

Figure 2: A visual summary of the key information extracted from each study and the consensus method used to resolve reviewer 

disagreements. 

Quality Assessment 

We used the Joanna Briggs Institute (JBI) Critical Appraisal Checklist to assess the quality of each study [7]. This checklist 

includes questions related to study design, clarity of objectives, data collection, and interpretation of results. 

Each study was scored on a scale from 0 to 20, with the following quality levels: 

 High quality = 17–20 

 Moderate quality = 13–16 
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 Low quality: < 13 

In addition to the JBI criteria, we gave extra attention to: 

 How clearly the study explained agent collaboration within the MAS 

 Whether patient data privacy and security were addressed 

 Whether the MAS was tested in a real-world clinical setting or just in a simulation 

Two independent reviewers completed the scoring. If their scores differed by more than two points, the study was reassessed 

together until they reached agreement. 

III. Result 

Study Characteristics  

Among the 32 studies that met the inclusion criteria: 

 12 focused on Clinical Decision Support Systems (CDSS) 

 11 addressed robotic interventions 

 9 explored MAS applications in critical care 

The majority of studies originated from the USA (n = 13), China (n = 8), the UK (n = 4), Germany (n = 5), and India (n = 2). In 

terms of evaluation methods, 20 were simulation-based, and 12 involved real-world implementation. 

MAS in Clinical Decision Support Systems (CDSS)  

Multi-agent systems were frequently applied to CDSS to assist with diagnosis, prognosis, and treatment decisions. Architectures 

commonly used includes Belief-Desire-Intention (BDI), fuzzy logic, and reinforcement learning. 

A notable example is PathFinder, a multi-agent system developed for histopathology image analysis. It incorporates triage, 
navigation, description, and diagnostic agents working collaboratively to classify melanomas. PathFinder outperformed 

conventional deep learning approaches and even surpassed average pathologist accuracy by 9% [8]. 

Another implementation involved a modular MAS framework that analyzed patient data from the eICU database using multiple 

specialized agents (e.g., vital sign analysis, lab interpretation, context-aware inference). This system achieved interpretable and 

high-performing results in sepsis prediction while maintaining transparency and accountability [9].  

MAS in Robotic Interventions  

MAS frameworks in robotic healthcare systems supported surgery, rehabilitation, and geriatric care. For instance, MAS-

controlled robotic assistants for neurorehabilitation integrated engagement and motor performance feedback to personalize 

therapy. Yusuf Aydin et al., in 2020 demonstrated how separate agents monitored boredom, focus, and motor response, 

enhancing outcomes in post-stroke patients [10]. 

Furthermore, socially assistive robots (SARs) like Paro were managed through multi-agent protocols to adapt interactions based 

on elderly patients’ emotional cues. These implementations showcased improved emotional wellbeing and engagement in 

dementia care settings [11]. 

MAS in Critical Care  

MAS have also been instrumental in critical care, where patient monitoring, alarm systems, and real-time recommendations are 

essential. The MATEC (Multi-AI Agent Team Care) system, developed for sepsis detection in rural hospitals, featured 

coordinated doctor agents, professional-client agents, and a Bayesian-based risk agent. Physicians rated its usefulness highly in 

early trials [12]. 

In another example, an ICU monitoring MAS integrated data from physiological sensors and processed it via adaptive agents to 

generate real-time alerts and ventilator control decisions. This approach provided timely interventions and reduced alarm fatigue 

[13]. 

Ethical and Legal Considerations  

Only 7 out of 32 studies addressed ethical and legal concerns in depth. Key topics included algorithmic fairness, data privacy, and 
consent mechanisms. Transparency in agent decision-making was highlighted as essential. Several studies noted regulatory 

challenges, particularly around compliance with the GDPR, HIPAA, and the proposed EU AI Act of the EU Parliament in 2023 

[14]. Liability concerns, especially in autonomous surgical systems, were also discussed. 
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Comparative Evaluation Matrix  

MAS Tool / Domain Scalability Clinical 

Validation 

Accuracy Interpretability Regulatory Alignment 

Oncology CDSS [15-17] High Medium High Low Partial 

Diabetes CDSS [18,19] Medium Low Medium Medium None 

Robotic Surgery MAS [20,21] Medium High High Low Medium 

ICU Monitoring MAS [22,23] High High High High High 

Parkinson Therapy Bots [24-26] Low Medium Medium Medium Partial 

Table 1. Comparative Evaluation of MAS Tools across Key Performance Criteria 

Descriptive Summary 

This evaluation matrix offers a comparative analysis of representative multi-agent systems (MAS) currently implemented or 

piloted in healthcare. Each system is assessed based on five operational and regulatory criteria: 

 Scalability: Capacity to extend across facilities or populations while maintaining performance. 

 Clinical Validation: Extent of real-world testing with peer-reviewed outcomes. 

 Accuracy: Reliability in delivering correct or expected outputs. 

 Interpretability: Degree to which system logic is transparent and comprehensible to clinicians. 

 Regulatory Alignment: Conformity with frameworks such as GDPR, HIPAA, and other medical data standards. 

The ICU Monitoring MAS exemplifies a mature system, meeting all five criteria—an outcome likely driven by the high-risk 

nature of intensive care, where explainability and compliance are mission-critical. 

In contrast, the Diabetes CDSS reflects early-stage deployment. Despite moderate accuracy and interpretability, it lacks sufficient 

validation and regulatory adherence, likely due to limited adoption beyond pilot studies. 

The Robotic Surgery MAS demonstrates strong clinical performance but suffers from low interpretability. The complexity of 

real-time autonomous functions makes transparency a challenge, despite the tool’s effectiveness. 

Parkinson Therapy Bots represent an emerging niche. These systems monitor engagement, mood, and motor function, offering a 

personalized approach. Though limited in scale and transparency, early pilots show measurable therapeutic impact, justifying 

their partial recognition in regulation and interpretability. 

Unlike earlier literature, this synthesis reveals a consistent trade-off between interpretability and system complexity; particularly 

in high-performance MASs that depend on real-time decision-making. This finding suggests a need for design strategies that 

balance automation with explainability. 

Practical Implications 

This framework provides actionable insight for multiple stakeholders: 

 Clinicians can use it to assess readiness and fit for clinical use. 

 Developers can identify gaps in validation or regulation. 

 Policymakers may derive benchmarks for certification, especially in areas like transparency and data governance. 

IV. Discussion 

Interpretation of Results 

This review shows that multi-agent systems (MAS) in healthcare are growing quickly, especially in areas like Clinical Decision 

Support Systems (CDSS), robotic interventions, and critical care. These systems are showing strong performance in helping 

healthcare professionals make decisions, improve accuracy, and adapt to different clinical needs. However, their real use in 
clinical settings is still limited. This is mostly due to a lack of large-scale clinical testing, unclear legal rules, and considerable 

ethical concerns [27]. 

Ethical and Legal Implications 

Using MAS in healthcare raises important ethical and legal questions: 
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Human Oversight vs. Machine Autonomy: In places like intensive care units or during robotic surgeries, MAS must support, 

and not replace clinicians. There must always be a human in the loop to make sure that health service providers stay in control 

and patient choices are respected [28]. 

Data Privacy and Security: MAS often work across many systems, using a lot of sensitive data. While laws like HIPAA and 

GDPR aim to protect patient privacy, many systems still do not use secure methods like encrypted data sharing or federated 

learning, which would allow learning from data without actually sharing it [29]. Beyond compliance with these regulations, good 

data governance also means responsible stewardship. This includes clear data management policies, patient consent models 

adapted for AI, and regular checks to make sure data is used ethically throughout the MAS lifecycle [30]. 

Transparency and Explainability: Many MAS work like “black boxes” and don’t show how they make decisions. This makes it 

harder for healthcare service providers and patients to trust them, especially if something goes wrong. Explainable AI (XAI) is 

important here; because it helps users to understand and trust MAS recommendations [31]. 

Liability and Accountability: If a MAS makes a mistake that harms a patient, it’s not always clear who is responsible. So many 

questions come to mind; could it be the developer, the hospital, or the health professional overseeing its use? Legal systems are 

not yet ready to handle these cases. Regulatory agencies like the FDA, EMA, and new laws like the EU AI Act are starting to 

develop rules, but more updates are needed [32]. 

Real-World MAS Deployments 

Building on these ethical and legal considerations, it is important to look at real examples of MAS in healthcare: 

The Mayo Clinic has developed MAS tools that help monitor patients in the ICU and detect early signs of worsening conditions 

[33,34]. 

 Stanford Health uses MAS to detect sepsis, combining data from different sources to alert doctors quickly [35,36]. 

Apollo Hospitals in India are testing MAS for patient rehabilitation, using sensors and robots to help personalize therapy plans 

[37,38]. 

Charité Berlin uses MAS in cancer care, helping doctors make more accurate treatment decisions during ongoing trials [39]. 

These examples show how MAS can help improve care. However, adoption remains limited to a few advanced centres. 

Gaps and Limitations 

Although MAS show promise, some major gaps remain: 

Fewer than 40% of the systems reviewed have been tested in real clinical settings, making it hard to know if they work well 

outside of labs [40]. 

Many MAS don’t work well with hospital systems like electronic health records (EHRs), making practical use difficult. 

Most MAS are not designed with explainability in mind, which makes it hard for clinicians to trust their results. 

Ethical design principles are often missing, and there are no common standards to measure MAS performance and safety. 

These problems slow down MAS adoption in hospitals and clinics. 

Comparative Framework for MAS Evaluation 

This review suggests a simple framework to evaluate MAS based on six key features: 

Scalability – Can the system handle large amounts of data and be used in different hospitals? 

Speed and Performance – Does it deliver results quickly enough for clinical use? 

Computational Efficiency – How well does the system use computing resources (like memory and processors), which affects 

cost and feasibility? 

Clinical Testing – Has it been tested with real patients or in actual clinical environments? 

Transparency – Can health professionals and patients understand how it works? 

Level of Autonomy – How much does it act on its own, and is human supervision included? 

This framework can help healthcare leaders, developers, and policymakers pick MAS that are advanced, safe, fair, and easy to 

use. 

Future Research Directions 

To move MAS deployment in health service delivery forward, future research should focus on: 
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Creating clear ethical and legal guidelines that match how MAS are used in real life [41]. 

Building MAS that work smoothly with existing clinical software like EHR systems. 

Running longer and larger studies in clinical environments to better understand how MAS perform over time. 

Including explainable AI tools from the start so healthcare professionals can trust and verify the system’s decisions. 

Agreeing on common standards to test and compare MAS, so progress can be measured more fairly. 

By focusing on these areas, MAS can become more useful, trusted, and ready for wider use in healthcare. 

V. Conclusion 

Multi-agent AI systems are steadily moving from theory to practice, offering new ways to support clinical decisions, automate 

care, and respond to patients' changing needs. Their growing use in Clinical Decision Support Systems, robotic interventions, and 

critical care reflects the broad impact these tools can have across the healthcare sector. Still, real-world success depends on more 
than technical capability. It requires responsible design, strong clinical validation, safety, and thoughtful alignment with ethical, 

legal, and regulatory expectations. 

Transparent systems that explain their decisions clearly will build trust among healthcare professionals and patients. Ethical 

frameworks and fair accountability models are especially important in high-stakes areas like surgery and intensive care, where 

decisions can be life-critical. Similarly, shared evaluation standards will help compare systems, measure their impact in practice, 

and guide safe, effective adoption. 

Looking ahead, meaningful progress will depend on collaboration across disciplines. When researchers, clinicians, developers, 

and regulators work together, multi-agent AI systems can evolve into reliable and practical tools that truly support better decision-

making, safer interventions, and more responsive critical care. Ultimately, these intelligent systems will be key drivers in creating 

a more personalized, efficient, and patient-centered future for effective healthcare service delivery. 
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