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ABSTRACT

Multidisciplinary team (MDT) consultations are the gold standard for cancer care
decision-making, yet current practice lacks structured mechanisms for quantify-
ing consensus and ensuring decision traceability. We introduce a Multi-Agent
Medical Decision Consensus Matrix System that deploys seven specialised large
language model agents, including an oncologist, a radiologist, a nurse, a psycholo-
gist, a patient advocate, a nutritionist and a rehabilitation therapist, to simulate re-
alistic MDT workflows. The framework incorporates a mathematically grounded
consensus matrix that uses Kendall’s coefficient of concordance to objectively
assess agreement. To further enhance treatment recommendation quality and
consensus efficiency, the system integrates reinforcement learning methods, in-
cluding Q-Learning, PPO, and DQN. Evaluation across five medical benchmarks
(MedQA, PubMedQA, DDXPlus, MedBullets, SymCat) shows substantial gains
over existing approaches, achieving 87.5% accuracy (83.8% for the strongest
baseline), an 89.3% consensus rate, and a mean Kendall’s W of 0.823. Expert
reviewers rated the clinical appropriateness of system outputs at 8.9/10. The
system guarantees full evidence traceability through mandatory citations of clin-
ical guidelines and peer-reviewed literature following GRADE principles. This
work advances medical Al by providing structured consensus measurement, role-
specialised multi-agent collaboration, and evidence-based explainability to im-
prove the quality and efficiency of clinical decision-making.

1 INTRODUCTION

Cancer care remains one of the most intricate domains in modern medicine, requiring coordinated
expertise across multiple specialties. Multidisciplinary Team (MDT) consultations have therefore
become central to oncological decision-making, integrating perspectives from oncologists, radiol-
ogists, pathologists, nurses, and other professionals to formulate joint therapeutic strategies [Prades
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Figure 1: Motivation. We replace unstructured MDT discussions with role-specialized LLM agents,
a consensus matrix for quantified agreement, and evidence retrieval for traceable oncology treatment
recommendations.

et al] (2015)); N1 et al) (2022)); [Wu et al.| (2024b). Clinical studies indicate that MDT-driven path-

ways can improve survival (e.g., 15-25%), reduce treatment delays (e.g., by 8.3 days on average),
and enhance care coordination through standardised protocols [Fennell et al.| (2010); [Kesson et al.
(2012)); [Pillay et al| (2016)). Despite these benefits, routine MDT practice remains largely unstruc-
tured: tumour board meetings often rely on free-form discussion without systematic mechanisms to
synthesise diverse opinions, quantify consensus strength, or document decision rationale, leading to
inconsistent recommendations, prolonged discussions, and limited traceability [Lamb et al.| (2013));

Huncovsky et al.| (2024).

In parallel, recent advances in artificial intelligence, particularly Large Language Models (LLMs),
have demonstrated strong capabilities in medical reasoning and clinical decision support
et al.| (2023)); [Yan et al| (2025). Multi-agent LLM systems further provide a natural abstraction for
modelling collaborative deliberation, enabling interaction, critique, and consensus formation among
specialised agents Nweke et al.| (2025). However, existing multi-agent medical frameworks still ex-
hibit important limitations: most rely on rudimentary voting or coarse aggregation schemes, lack
principled metrics for characterising consensus, employ simplified role specialisation that poorly
reflects real MDT workflows, and offer limited explainability and evidence traceability, which con-

strains clinical acceptance Kim et al.| (2024); Mishra et al.[ (2025); |Yu et al.| (2025). Moreover, the

absence of adaptive optimisation mechanisms means that consensus efficiency and recommendation
quality are not systematically improved over time [Wu et al.| (20244} [2022).

To address these challenges, we propose a Multi-Agent Medical Decision Consensus Matrix Sys-
tem. The framework introduces a structured matrix representation that encodes role-specialised
expert opinions as quantified treatment preferences, confidence scores, and documented concerns,
enabling objective consensus measurement via Kendall’s coefficient of concordance. Our architec-
ture deploys seven medical role agents with tailored professional characteristics and interaction pro-
tocols, mirroring real-world MDT dynamics. We further model consensus formation as a Markov
Decision Process and apply reinforcement learning to improve both recommendation quality and
consensus efficiency. Finally, each agent opinion is supported by a traceable evidence chain that
cites clinical guidelines (e.g., NCCN and ESMO) and peer-reviewed studies (e.g., PubMed), ensur-
ing transparent, auditable, and clinically credible recommendations (Fig. [I).

Our main contributions are:

* We introduce a consensus matrix representation that captures confidence-weighted preferences,
reasoning and concerns from multiple specialised agents, and employ Kendall’s coordination co-
efficient to obtain an interpretable, quantitative measure of agreement within the virtual MDT.

* We design a role-specialised multi-agent architecture with seven virtual MDT members and for-
mulate their interactions as a Markov Decision Process, optimised with Q-Learning, PPO and
DQN to improve both decision quality and the efficiency of reaching consensus.
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Figure 2: Overview of the proposed multi-agent consensus-matrix framework with evidence re-
trieval, coordination, and explainability.

* We build an evidence-grounded decision pipeline that enforces explicit guideline- and literature-
based evidence chains for every recommendation, and we empirically validate the system through
comprehensive experiments and expert evaluation in oncology decision-making scenarios [Wang
et al.|(2024).

2 METHODOLOGY

2.1 PROBLEM FORMULATION

We formalize the multi-agent medical consensus process as a collaborative decision-making prob-
lem. Given a patient case C' characterized by clinical features f € R? where d = 247 represents
the dimensionality of our clinical feature space, encompassing demographics, vital signs, laboratory
results, and comorbidity indices.

The decision space consists of a discrete set of treatment options 7 = {t1,...,tx}, where K = 7.
The specific options are defined as 7 = {Surgery, Chemotherapy, Radiotherapy, Immunotherapy,
Combination Therapy, Palliative Care, Watchful Waiting}. Each treatment t;, € T is characterized
by a vector of clinical attributes vj, = [nx, Tk, gk, cx] , representing expected efficacy n; € [0, 1],
toxicity risk 7 € [0, 1], quality of life impact ¢ € [—1, 1], and economic cost ¢, € R™, respec-
tively.

The collaborative team is modeled as a set of specialized agents A = {ay,...,ax}, where N = 7.
Each agent a; embodies a distinct clinical role with specialized knowledge and priorities. We define
the agent set mapping as:

a; : Oncologist as : Radiologist
A as : Nurse a4 : Psychologist 0
") as : Patient Advocate ag : Nutritionist

a7 : Rehabilitation Therapist
For a given case C, each agent a; generates a structured opinion o;, defined as a tuple:
0; = (Pis i, Kiy Ziy i) (2)

where p; € [—1,1]¥ is the treatment preference vector, with D; 1 denoting the preference score for
treatment ¢, (—1: strongly oppose, O: neutrality, 1: strongly support); r; is the natural-language
clinical reasoning (up to 512 tokens); x; € [0, 1] is the self-assessed confidence score; Z; is the set
of documented clinical concerns (e.g., “cardiotoxicity risk”); and &; is the evidence chain linking
the decision to relevant guidelines and literature.

The system’s goal is to identify the optimal treatment ¢* that maximizes a composite objective
function J(t), balancing group consensus, clinical appropriateness, and evidence quality:

t* = arg max J(t) 3)
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J(t) = a - Consensus(t) + /5 - ClinicalFit(t)
+7 - EvidenceQuality(t)

where o = 0.4, 8 = 0.4, v = 0.2 are empirically determined weights, and consensus(t) is measured
using Kendall’s coefficient of concordance.

4)

Algorithm 1 Multi-Round Consensus Formation

Require: Patient case C, agent set A, max rounds R4, = 3
Ensure: Consensus matrix M, final reccommendation ¢*

1: Initialize round r = 1, W =0

2: repeat

3:  for each agent a; € A do

context; < RetrieveEvidence(C, a;.role)
ogr) <+ GenerateOpinion(C, a;, context;, M(T’l))

4
5:
6: Update M) using Eq. (4) and (5)
7.
8

end for
W) — ComputeKendallW(M(T))
9:  if W) <0.7AND 7 < R,,q, then

10: D < IdentifyDiscordantAgents(M ("))
11: ProvideFeedback(D, M ("))
12:  endif

13: r<r+1
14: until W= > 0.70R 7 > Ronas

15: t* + argmaxy y, Mi(;:l)
16: return M —1) ¢*

2.2 SYSTEM ARCHITECTURE

Our framework consists (see Figure[2)): (1) role-specialized agents that generate structured opinions;
(2) an evidence retrieval module that provides guideline/literature support conditioned on case and
role; (3) a consensus engine that maintains the consensus matrix and monitors agreement (Kendall’s
W) for early stopping; (4) an RL-based coordinator that selects interaction strategies to accelerate
convergence and improve decision quality; and (5) an explanation layer that composes evidence-
grounded rationales with traceable citations. Implementation details (models, indexing, and hyper-
parameters) are deferred to the experiment section or supplementary material.

2.3 CONSENSUS MATRIX FRAMEWORK

We define a consensus matrix M € RY*K where M, j, denotes the normalized and confidence-
weighted preference of agent a; for treatment .

Normalization. )
R Dik — NG P; 4
Dok = Eo P 5)
max; p;,; — min,; p; j + €
Confidence weighting.
1
Mi = AZ’ TRy T (=~ 6
kP T I + |2 ©
Agreement. Let R, = Zf\;1 rank(M; ;). Kendall’s concordance is
1255 (Ry —R)? _ N(K+1
W = ZkZI( k ) ’ R= ( + ) (7)
N2(K3 - K) 2
If W is below a threshold, we identify discordant agents by
K
Di=>[Mjy— M.y, ®)
k=1

and provide targeted feedback for the next round.

4
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2.4 MULTI-AGENT ROLE SPECIALIZATION

Our system instantiates seven specialised medical role agents that collectively approximate the com-
position of a typical oncology MDT. Each agent is associated with a distinct knowledge base, a set
of role-specific decision factors and an explicit preference model, so that differences in clinical
perspective are reflected in the underlying scoring functions.

Oncologist agent (a;). The oncologist agent operates on a large oncology-focused knowledge base
comprising approximately 47,000 guideline documents (NCCN, ESMO, ASCO) and 890,000 cancer
research papers. Its decisions prioritise tumour stage (35% weight), histology (25%), molecular
markers (20%), performance status (15%) and prior treatment history (5%). Let eq;, s1; and ¢y
denote, respectively, the normalised scores for efficacy, survival benefit and toxicity of treatment ¢;
from the oncologist’s perspective. The preference for option ¢; is modelled as

p1j = 0.6e1; +0.351; + 0.1, )
and, for standard cases, the typical confidence lies in the range ¢; € [0.8,0.95].

Radiologist agent (a2). The radiologist agent draws on a corpus of 23,000 imaging protocols,
340,000 radiology reports and tumour measurement guidelines. Its assessment focuses on imaging
findings (45% weight), observed tumour response (30%), anatomical constraints (15%) and proce-
dural feasibility (10%). We denote by i5;, as; and my; the imaging support, anatomical fit and
monitoring ability scores for treatment ;. The corresponding preference function is

b2 = O.5i2j +O.3a2j +0.2m2j, (10)
with typical confidence ¢y € [0.75,0.90] depending on imaging quality and interpretability.

Nurse agent (a3). The nurse agent is informed by 18,000 nursing protocols, patient care guidelines
and side-effect management procedures. It emphasises patient tolerance (40% weight), care com-
plexity (25%), resource requirements (20%) and the availability of family support (15%). Let b3
denote the care burden of treatment ¢;, ¢3; the patient tolerance score and f3; the available family
support. Preferences are computed as

and the corresponding confidence values typically fall within ¢3 € [0.70,0.85], reflecting the depth
of nurse—patient interaction.

Psychologist agent (a4). The psychologist agent relies on a knowledge base of roughly 12,000
psycho-oncology studies, mental health assessment tools and research on coping mechanisms. Its
decision criteria include mental health status (45% weight), coping capacity (25%), social support
(20%) and treatment-related anxiety (10%). We let d4; denote the psychological impact (higher is
worse), c4; the coping alignment and a4; the extent to which treatment ¢; preserves autonomy. The
preference score is defined as

paj = 0.4d +0.3¢ca5 + 0.3 a4y, (12)

with typical confidence ¢4 € [0.65,0.80] depending on the completeness and quality of psychologi-
cal assessment.

Patient advocate agent (a5). The patient advocate agent is grounded in patient rights documenta-
tion, informed consent protocols, ethical guidelines and cost—benefit analyses. It gives predominant
weight to patient preferences (50%), complemented by ethical considerations (25%), quality of in-
formed consent (15%) and treatment accessibility (10%). We denote by v5; the alignment with
patient values, by es; the ethical alignment, and by x5; the accessibility of treatment ;. Its prefer-
ence function is

Psj = 0.5 Usj + 0.25 es5; + 0.25 Ts5j, (13)

and when patient preferences are clearly documented, the confidence scores typically lie in c¢5 €
[0.75,0.90].

Nutritionist agent (ag). The nutritionist agent uses a knowledge base of about 8,500 nutri-
tion—oncology studies, dietary guidelines, information on supplement interactions and metabolic
considerations. Its decision factors include nutritional status (40% weight), treatment—nutrition in-
teractions (30%), metabolic impact (20%) and the patient’s dietary capacity (10%). Let ng; denote
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the nutritional support offered by t;, rg; the dietary restriction imposed and mg; the metabolic
compatibility. We define

Pe; :O.4n6j +0.3 (1 —Tﬁj) +O.3m6j, (14)
and typical confidence values cg € [0.60, 0.75] reflect the completeness of nutritional assessment.

Rehabilitation therapist agent (a7). The rehabilitation therapist agent is built on 6,200 rehabil-
itation protocols, functional assessment tools and quality-of-life measures. It considers functional
capacity (35% weight), rehabilitation potential (30%), mobility impact (20%) and preservation of
independence (15%). We denote by f7; the functional preservation score, by r7; the rehabilitation
potential, and by ¢7; the mobility impact (higher means worse). Its preference for treatment ¢; is
expressed as

prj = 0.35 fr; +0.377; + 0.35 47, (15)

with confidence values typically in the range ¢; € [0.65,0.80] depending on the availability of
functional assessment data.

Each agent is controlled via a role-specific prompting template that specifies (i) its identity and
expertise, (i) a case presentation with role-relevant highlights, (iii) retrieved evidence, (iv) a decision
framework tailored to the corresponding specialty, and (v) an output schema for structured opinion
generation.

2.5 REINFORCEMENT LEARNING FORMULATION

We formulate the consensus formation process as a Markov Decision Process (MDP) with state
space S, action space Agy, transition dynamics P, and reward function R. Each state s € S is
represented by a fixed-dimensional feature vector

§= (f7 m’lr’ c? W)’ (16)

where f denotes patient clinical features, m encodes the current consensus matrix, 7 is the discus-
sion round index, ¢ collects agent confidence scores, and W € [0, 1] is Kendall’s coefficient of
concordance, reflecting the overall agreement level.

The action space jointly models medical decision-making and interaction strategies. Specifically,
we define Agp. = T x U, where T is the set of candidate treatments and I/ is a finite set of high-
level interaction modes (e.g., encouraging consensus, requesting clarification, providing feedback,
or maintaining position). Each action thus specifies both a treatment proposal and a communication
strategy.

State transitions follow the consensus update protocol (Algorithm [I). For training, we employ a
stochastic transition model that assigns higher probability to actions that improve consensus quality
and lower probability to those that reduce it, capturing the qualitative impact of different interven-
tions while keeping the MDP tractable.

The reward function is designed to promote rapid convergence toward stable and clinically appro-
priate consensus:
R:wlAW+wgS—w3D+w4Q, (17)

where AW measures the change in concordance between rounds, S reflects opinion stability, D
quantifies intra-team disagreement, and () represents an external clinical quality signal. The weights
wy, . . ., wyq balance consensus efficiency, stability, and decision quality.

Policy optimisation is performed using standard deep reinforcement learning methods, including
value-based and policy-gradient approaches. All agents are trained on simulated clinical discussion
episodes with early termination once sufficient consensus is reached.

2.6 EVIDENCE-BASED EXPLAINABILITY

To ensure clinical transparency and traceability, each agent is required to support its recommen-
dation with an explicit evidence chain. Relevant clinical guidelines and biomedical literature are
retrieved using a vector-based search conditioned on patient features and candidate treatments, with
filtering based on relevance and recency to prioritise up-to-date guidance. Each retrieved evidence
item is automatically assessed using the GRADE framework, categorising its strength into standard
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Algorithm 2 Evidence Chain Generation

Require: Patient case C, agent role role, treatment recommendation ¢
Ensure: Evidence chain E = {guidelines, literature, clinical data}
1: query < constructQuery(C features, role, t)
guidelines < retrieveGuidelines(query, top_k=3)
literature <« retrieveLiterature(query, top_k=5, min_year=2018)
clinical _data < extractRelevantEMR(C, role)
for each item € guidelines U literature do
relevance <— computeRelevance(item, query)
if relevance < 0.7 then
Remove item from evidence chain
9: endif
10: end for
11: grade_level < assessGRADE(guidelines U literature)
12: E <+ formatEvidenceChain(guidelines, literature, clinical _data, grade_level)
13: return F

Table 1: Dataset Statistics and Evaluation Metrics

Dataset # Cases Task Type  Primary Metrics Secondary Metrics
MedQA 1,273 QA Accuracy Consensus Rate, Confidence
PubMedQA 1,000 Literature Accuracy Evidence Quality Score
DDXPlus 570 Diagnosis Top-3 Accuracy Ranking Consistency
MedBullets 800 Clinical Treatment Accuracy Expert Agreement
SymCat 1,374  Symptoms F1-Score Inter-Agent Consistency

evidence levels. The final recommendation integrates clinical reasoning with explicit citations and
corresponding evidence strength, yielding a structured and verifiable decision rationale. This design
provides guideline-grounded explainability and moves the system beyond opaque prediction toward
transparent, evidence-supported clinical decision support.

3 EXPERIMENTS AND RESULTS

3.1 EXPERIMENTAL SETUP

3.1.1 DATASETS AND EVALUATION METRICS

We evaluate our framework on five diverse medical benchmarks selected for their clinical rele-
vance. MedQA [Jin et al.[(2021) provides 1,273 USMLE-style questions to assess clinical knowl-
edge and reasoning. PubMedQA Jin et al.| (2019) (1,000 questions) evaluates evidence synthesis
from biomedical literature. For diagnostic reasoning, we use DDXPlus [Tchango et al.| (2022) (570
scenarios) and SymCat AHEAD Research|(2024) (1,374 cases), focusing on differential diagnosis
and symptom-disease consistency, respectively. MedBullets Chen et al.| (2024a) (800 cases) targets
therapeutic decision-making and consensus formation in treatment planning. Table [I] summarizes
the statistics and metrics for each dataset.

3.1.2 IMPLEMENTATION DETAILS

The system is built upon the Qwen-2.5-72B model, deployed with 8-bit quantization. All experi-
ments were conducted on a high-performance GPU cluster with NVIDIA A100 GPUs and NVLink
interconnect. Generation parameters follow common practice, with moderate temperature and nu-
cleus sampling, and a fixed maximum response length. The consensus protocol uses Kendall’s
coefficient of concordance with a fixed threshold to determine convergence, and limits the num-
ber of discussion rounds to ensure computational efficiency. Evidence retrieval is implemented
using a FAISS-based vector database with cosine similarity, retrieving a small set of highly rele-
vant guideline candidates. Policy optimization is performed using standard reinforcement learning
algorithms, including policy-gradient and value-based methods. Hyperparameters are chosen fol-
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Figure 3: Consensus Matrix Performance Analysis: (a) Distribution of Kendall’s W coefficients
across all evaluation datasets, (b) Consensus achievement rate vs. case complexity scoring, (c)
Convergence analysis showing rounds required to achieve consensus (W > 0.7) for different clinical
scenarios.

lowing commonly used defaults (2026), and full implementation details are provided in the
supplementary material.

3.2 BASELINE METHODS

We compare our approach against seven established baseline methods that collectively represent
the current state of the art in medical Al and multi-agent systems. These include: Single-Agent
GPT-4 |Achiam et al.| (2023)), using zero-shot and few-shot prompting (3 examples) with a medical
expert persona to model contemporary single-agent medical Al; Chain-of-Thought (CoT)
(2022), which employs structured step-by-step medical reasoning for single-agent decision-making;
Majority Voting Wang et al.[ (2023)), a simple aggregation of independent agent responses without
explicit consensus modeling; Weighted Voting, which incorporates agent certainty scores as vot-
ing weights; Borda Count, a ranked preference aggregation method widely used in multi-criteria
decision-making; MDAgents (2024), an existing multi-agent medical reasoning frame-
work with basic doctor role specialization; and TeamMedAgents [Mishra et al.| (2025), an advanced
role-based collaborative medical Al system with structured interaction protocols.

3.3 MAIN RESULTS

As shown in Table[2] our proposed framework consistently outperforms both single-agent and exist-
ing multi-agent baselines across all five benchmarks. Specifically, our method achieves a 3.6%
improvement on MedQA and a 4.4% gain on PubMedQA compared to the strongest baseline,
TeamMedAgents. This significant performance uplift validates the efficacy of our structured con-
sensus matrix mechanism in resolving complex clinical ambiguities. Notably, the improvement is
most pronounced in tasks requiring evidence synthesis (PubMedQA) and complex differential di-
agnosis (DDXPlus), suggesting that our system’s ability to integrate diverse specialist perspectives
and optimize consensus through reinforcement learning provides a substantial advantage over sim-
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Table 2: Main Results: Accuracy Comparison Across Medical Benchmarks

Method MedQA PubMedQA DDXPlus MedBullets SymCat Avg. Consensus I/ Expert Rating
Single-Agent (Zero-shot) 80.2 72.0 74.1 72.5 82.0 - 6.2/10
Single-Agent (Few-shot) 82.1 74.3 76.8 74.2 84.1 - 6.8/10
Chain-of-Thought 83.5 75.8 78.2 75.9 85.3 - 7.1/10
Majority Voting 85.2 76.4 79.5 77.1 86.7 0.542 7.4/10
Weighted Voting 86.1 77.9 80.3 78.3 872 0.589 7.6/10
Borda Count 84.8 76.1 78.9 76.8 85.9 0.623 7.3/10
MDAgents 87.3 78.5 81.2 79.6 88.1 0.651 7.8/10
TeamMedAgents 88.1 79.2 82.4 80.3 88.9 0.674 8.0/10
Our Method 91.7 83.6 86.5 84.2 91.3 0.823 8.9/10
Improvement +3.6 +4.4 +4.1 +3.9 +2.4 +0.149 +0.9

ple voting or role-based collaboration methods. Furthermore, the high expert rating (8.9/10) and
superior consensus coefficient (W = 0.823) confirm that our approach not only improves accuracy
but also generates more clinically reliable and cohesive recommendations.

4 CONCLUSION

We present a multi-agent medical decision system that combines structured consensus mod-
elling, role-specialized virtual MDT agents, reinforcement learning—based optimisation, and explicit
evidence-chain construction for oncology decision support. Across multiple benchmarks, the pro-
posed approach consistently outperforms strong baselines in both recommendation accuracy and
consensus stability, while maintaining transparency and guideline traceability. Importantly, the sys-
tem is designed to complement rather than replace human expertise. Limitations related to rare
conditions, evolving clinical evidence, and ethically sensitive cases indicate that human judgment
remains essential in real-world deployment.
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APPENDIX

A RELATED WORK

A.1 SINGLE-AGENT MEDICAL LARGE LANGUAGE MODELS

Recent advancements in Large Language Models (LLMs) Bai et al.| (2023)); Liu et al.| (2024)); Hu
et al.| (2025) have reshaped medical Al. Architectural choices matter: mixture-of-experts designs can
increase capacity while remaining computationally efficient |[Zhang et al.| (2025); N1 et al.| (2025al));
Lin| (2025). General-purpose models have shown strong clinical reasoning (e.g., GPT-4 reaching
~86% on USMLE Step 1) Nori et al.[(2023), while domain-adapted models further improve perfor-
mance on medical benchmarks, such as Med-PaLM 2 on MedQA |Singhal et al.| (2023). Domain-
specific pretraining has also benefited clinical NLP; for example, ClinicalBERT improves down-
stream tasks on EHR data |[Huang et al.|(2019); Xin et al.| (2025)). Despite these successes, single-
agent systems remain limited in modelling the multi-perspective deliberation typical of real MDT
consultations.

A.2 MULTI-AGENT SYSTEMS IN HEALTHCARE

To address the limitations of single-agent settings, recent work has explored multi-agent architec-
tures that simulate clinical collaboration. MDAgents proposes an adaptive collaboration framework
with dynamically assigned roles [Kim et al.| (2024)), while TeamMedAgents introduces structured
teamwork protocols to enhance reliability[Mishra et al.|(2025)). In specialized scenarios, RareAgents
shows the potential of specialist teams for rare-disease diagnosis by synthesizing fragmented evi-
dence|Chen et al.|(2024b), and MedOrch further studies tool-augmented orchestration for integrating
diverse specialists [Li et al.|(2025). Nevertheless, many of these systems still aggregate via majority
voting, heuristic weighting, or free-form dialogue, and thus provide limited support for quantifying
and optimizing the quality of consensus formation, which is a key focus of our work.

A.3 MEDICAL DECISION SUPPORT AND CONSENSUS ALGORITHMS

Consensus formation is central to clinical practice and has long been studied through structured
protocols. The Delphi method is a classical approach for expert agreement, but it is iterative and
time-consuming [Dalkey & Helmer| (1963). In computational settings, voting-based aggregation
(e.g., Borda count) is widely used for ensemble decision-making. However, in LLM-based medical
systems, simple voting or averaging can fail to capture the strength of agreement and the nuance
of clinically meaningful disagreement. Motivated by this gap, we adopt Kendall’s coefficient of
concordance as a principled metric to quantify agreement and guide multi-round refinement. Beyond
medical decision support, related graph-theoretic studies on robustness and conditional reliability
show how global consistency can emerge from constrained local interactions Ni et al.| (2025b));
Wei et al.| (2025); [Lin et al.| (2017); Wang et al.| (2013)); [Wang & Wang| (2019)), which provides
complementary intuition for structured consensus in multi-agent settings.

12


https://arxiv.org/abs/2410.21348

Published as a conference paper at ICLR 2026 Workshop on MALGAI

Table 3: Component Contribution Analysis

System Configuration Accuracy Consensus I/ Speed (s) Expert Rating
Complete System 87.5 0.823 45.2 8.9/10

w/o Consensus Matrix 83.1 0.592 32.1 7.6

w/o Multi-Agent Architecture 80.2 - 18.3 6.2

w/o Evidence Retrieval 84.3 0.756 38.7 7.8

w/o RL Optimization 85.9 0.791 42.8 8.4

w/o Role Specialization 82.7 0.698 359 7.2
Simple Voting Instead 84.5 0.634 28.4 7.5

A.4 EXPLAINABLE AI IN MEDICAL APPLICATIONS

Explainability is essential for clinical deployment. Post-hoc methods such as SHAP Lundberg & Lee
(2017) and LIME Ribeiro et al.[(2016)) have been widely applied to medical imaging and risk predic-
tion, but they typically provide feature attribution without guideline- or literature-level traceability.
Recent LLM-based approaches produce more natural-language rationales (e.g., chain-of-thought),
yet they may remain weakly grounded in verifiable external evidence. To improve clinical trans-
parency, our work integrates a structured evidence chain that explicitly links recommendations to
clinical guidelines and peer-reviewed literature, enabling traceable and auditable decision support.

B ABLATION STUDIES

B.1 COMPONENT CONTRIBUTION ANALYSIS

The ablation results in Table [3junequivocally demonstrate the necessity of our proposed architecture.
The removal of the Consensus Matrix leads to a significant 4.4% drop in accuracy and a drastic
reduction in the consensus coefficient (W = 0.592), highlighting its critical role in structured agree-
ment formation. Similarly, reverting to a single-agent setup (w/o Multi-Agent Architecture) causes
the largest performance degradation (-7.3%), confirming that collaborative intelligence is superior to
individual reasoning. Role Specialization also proves vital, contributing a 4.8% improvement over
generic agents, as diverse perspectives prevent groupthink. Furthermore, the Evidence Retrieval
System adds 3.2% to accuracy by grounding decisions in clinical guidelines, while RL Optimiza-
tion provides a fine-tuning benefit of 1.6%, ensuring the system adapts to complex scenarios. Com-
paring our structured consensus approach to Simple Voting reveals a 3.0% accuracy gain, validating
that mathematical consensus measurement is more effective than mere aggregation.

B.2 REINFORCEMENT LEARNING STRATEGY ANALYSIS

We evaluated three RL algorithms—Q-Learning, PPO, and DQN—to identify the optimal strategy
for consensus formation, as detailed in Table[d Proximal Policy Optimization (PPO) emerges as
the superior choice, achieving the highest accuracy (87.5%) and consensus coefficient (W = 0.823)
while requiring the fewest training episodes (8,500) for convergence. Its stability score of 0.95
significantly outperforms both Q-Learning (0.92) and DQN (0.88), indicating robust policy updates.
In contrast, DQN requires nearly double the training episodes (15,000) for comparable performance,
likely due to the instability of value-based methods in high-dimensional state spaces. Q-Learning
performs adequately but lacks the sample efficiency of PPO. The No RL (Fixed Policy) baseline lags
behind all learning-based methods, underscoring the value of adaptive optimization in navigating the
complex decision landscape of medical consultations.

B.3 CLINICAL VALIDATION AND EXPERT EVALUATION
We conducted a blinded evaluation with 12 medical experts from multiple clinical roles, including

oncologists, radiologists, nurses, psychologists, and patient advocates, using 50 anonymized real-
world cancer cases from three medical centers.
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Table 4: RL Algorithm Comparison

RL Algorithm Accuracy Consensus I/ Convergence Rate Training Episodes Stability
Q-Learning 86.8 0.805 86.2% 12,000 0.92
PPO 87.5 0.823 89.3% 8,500 0.95
DQN 86.4 0.798 84.7% 15,000 0.88
No RL (Fixed Policy) 85.9 0.791 82.1% - 0.89

Overall, the proposed system received consistently high expert ratings across multiple clinical di-
mensions. In particular, experts rated treatment recommendation quality, evidence completeness,
consensus reasonableness, explainability, and practical applicability favorably, outperforming the
strongest baseline across all criteria. These results indicate strong clinical alignment of the gener-
ated recommendations and consensus outcomes.

Qualitative feedback further supports these findings. Most experts described the evidence chains
as clinically relevant and the consensus formation process as realistic. A large majority indicated
willingness to adopt the system as a clinical decision support tool and expressed preference for it
over existing single-agent medical Al systems.
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Figure 4: Ablation Study: Component Contribution Analysis. Each system component demonstrates
essential contribution to overall performance, with the complete system achieving 87.5% accuracy
and 0.823 consensus coefficient. Removal of any core component results in substantial performance
degradation, confirming the necessity of our integrated multi-agent consensus matrix architecture.
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Figure 5: Computational Performance Analysis. Our method achieves balanced computational effi-
ciency with 45.2s processing time per case and 78.3% GPU utilization, outperforming comparable
multi-agent systems while maintaining high throughput. Despite higher memory requirements due
to seven specialized agents, the system demonstrates practical scalability for clinical deployment
with 79.6 cases per hour processing capacity.

B.4 COMPUTATIONAL EFFICIENCY AND SCALABILITY

Table [3] reports the computational cost of our framework. While multi-agent collaboration incurs
higher resource usage than single-agent baselines, our method is more efficient than comparable
multi-agent systems. In particular, the RL-guided consensus mechanism reduces the average num-
ber of discussion rounds, leading to lower per-case latency. Despite the memory overhead of de-
ploying multiple large-scale agents in parallel, the system maintains high GPU utilization and stable
throughput on a multi-GPU cluster. These results demonstrate that the proposed framework achieves
a favorable balance between collaborative reasoning performance and practical scalability for real-
world clinical deployment.
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Figure 6: Clinical Expert Evaluation Results: Radar chart comparing our method against baseline
approaches across five clinical evaluation dimensions, based on blind assessment of 50 real cancer
cases by 12 medical experts.

Table 5: Computational Performance Analysis

Metric Our Method TeamMedAgents MDAgents Single-Agent
Mean Processing Time (s) 452 +8.3 52.7+12.1 389+7.2 124 +£2.1
Peak Memory Usage (GB) 252.0 180.0 144.0 36.0
Consensus Rounds 24 +£0.7 28+1.1 1.0 (voting) N/A
GPU Utilization (%) 78.3 72.1 69.4 45.2
Throughput (cases/hour) 79.6 68.4 92.5 290.3

C DISCUSSION

C.1 KEY FINDINGS AND CLINICAL IMPLICATIONS

Our experimental results demonstrate several key findings with significant clinical implications for
medical decision-making systems and MDT consultation practices. The structured consensus ma-
trix framework achieves substantially higher agreement levels (Kendall’s W = 0.823) compared
to simple voting approaches (W = 0.542 — 0.674), indicating more coherent and clinically mean-
ingful group decisions. This 22-52% improvement in consensus quality suggests that mathemati-
cal frameworks for measuring agreement can substantially enhance collaborative medical decision-
making processes. Furthermore, the 3.7% average accuracy improvement over the best baseline
(TeamMedAgents: 83.8% vs. Our Method: 87.5%) translates to approximately 1 in 20 cases receiv-
ing more appropriate treatment recommendations. In oncology settings where treatment decisions
directly impact survival outcomes, this improvement represents substantial clinical value at scale,
potentially affecting thousands of patients annually in large healthcare systems. Additionally, the
mandatory evidence chain requirement ensures all recommendations are traceable to clinical guide-
lines (NCCN, ESMO) and published literature, addressing a critical gap in Al medical systems.
Expert ratings of 8.7/10 for evidence quality demonstrate clinical acceptance of automated guide-
line integration, suggesting potential for improved adherence to evidence-based practice standards.
Finally, the 4.8% performance improvement from role specialization (82.7% vs. 87.5% accuracy)
demonstrates the value of modeling distinct medical expertise patterns rather than using generic
medical agents, supporting the hypothesis that collaborative medical Al should reflect the special-
ized knowledge and decision-making patterns of real medical team members.

15



Published as a conference paper at ICLR 2026 Workshop on MALGAI

C.2 COMPARISON WITH HUMAN MDT PERFORMANCE

While direct comparison with human MDT performance is challenging due to variability in prac-
tice patterns, existing literature provides benchmarks for contextualizing our results. Studies report
human MDT consensus rates of 70-85% across different cancer types, with our system achieving
89.3% consensus rate. However, human MDTs handle significantly more complex cases and navi-
gate social, emotional, and contextual factors that our system does not fully capture.
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