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Abstract. Emergency-room (ER) decision-making is characterized by
high clinical risk, strict time constraints, and rapidly evolving yet in-
complete evidence. Recently, multi-agent systems (MAS) have shown
promise for interactive clinical reasoning. However, we identify a key
limitation in ER-style workflows: multi-turn dialogues often terminate
with insufficient evidence coverage, and similar coverage ratios can still
lead to markedly different outcomes when a small set of decision-critical
evidence is missing. To make evidence a first-class optimization tar-
get, we propose a closed-loop Quantify, Collect, and Correct (QCC)
multi-agent framework for emergency reasoning. In the Quantify stage,
we introduce the Weighted Evidence Convergent Index (WECI), which
importance-weights collected evidence to measure how well MAS cap-
ture decision-critical signals during interaction. In the Collect stage,
an Evidence-Driven Planning Module leverages current evidence and
retrieval-augmented medical knowledge to infer plausible diagnostic di-
rections, plan a small set of prioritized missing evidence targets for subse-
quent turns, while the Doctor autonomously determines when the accu-
mulated evidence is sufficient to conclude the consultation. In the Correct
stage, we perform evidence-driven inference and apply evidence—diagnosis
cross-checking to detect inconsistencies and revise conclusions when nec-
essary. Experiments on two ER datasets and one general diagnosis dataset
demonstrate that QCC improves emergency decision quality and robust-
ness under noisy and insufficient evidence, consistently outperforming
strong MAS baselines across multiple backbone LLMs and evaluation set-
tings. Codes are available at https://github.com/HaoyuCao/QCC_MAS.
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1 Introduction

Multi-agent systems (MAS) have recently emerged as a promising paradigm for
clinical decision support [20, 18], where specialized agents collaborate through
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Fig. 1. Existing multi-agent diagnostic systems collect evidence in a non-directional
and weakly coherent manner, undermining progressive hypothesis refinement. Our
QCC framework performs direction-guided selection of diagnostically salient evidence,
producing accurate predictions with coherent evidence chains.

multi-turn interactions to perform history taking, differential diagnosis, infor-
mation retrieval, and verification [21,19,4]. Although MAS have shown strong
potential in surgical planning [29], dental assessment [2], and medical image anal-
ysis [11], emergency-room (ER) decision-making remains underexplored from an
evidence-centric perspective. In ER settings, clinicians must act under strict
time constraints with incomplete and rapidly evolving evidence [1,5], making
evidence efficiency a primary concern for interactive MAS.

Existing MAS frameworks such as ReAct-style [27] and REFINE-style [10]
pipelines treat evidence as unstructured context to be progressively expanded.
We evaluate these frameworks with an evidence coverage ratio and identify two
key issues (Fig. 1(c)): (1) multi-turn dialogues frequently terminate while sub-
stantial critical evidence remains missing, and (2) even similar coverage ratios
can yield divergent outcomes when a small set of high-significance evidence is
omitted. These findings underscore the need to explicitly model and weight evi-
dence utility [17], making evidence an optimization target rather than incidental
context.

To address these challenges, we propose a closed-loop [12,25] Quantify—
Collect—Correct (QCC) multi-agent framework that makes evidence a first-class
optimization target for emergency reasoning. Rather than merely adding another
multi-agent workflow optimized toward final diagnostic accuracy, QCC shifts the
focus from answer-only optimization to evidence-oriented optimization, aiming
to acquire decision-critical and clinically relevant evidence during interactive di-
alogue. In the Quantify stage, we introduce the Weighted Evidence Convergent
Index (WECI), an importance-weighted metric that measures how well a MAS
captures decision-critical evidence during interaction. In the Collect stage, we
present an Evidence-Driven Planning Module (EDPM) that periodically lever-
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ages the currently collected evidence to infer plausible diagnostic directions at
the body-system level and generate prioritized Prospective Primary Evidence
targets for subsequent turns, while preserving the Doctor’s clinical autonomy to
explore freely and to determine when sufficient evidence has been gathered. In the
Correct stage, an Evidence-Based Verifier Module [6, 15] cross-checks evidence—
diagnosis consistency and planning direction integrity, issuing targeted feedback
to both the Doctor and the Planner when inconsistencies or reasoning biases are
detected, improving robustness and interpretability. Our QCC framework effi-
ciently collects logically coherent, decision-critical evidence and supports reliable
conclusions, as shown in Fig. 1(a)—(b).

Experiments on one general diagnosis benchmark and two ER datasets show
that QCC consistently outperforms strong MAS baselines across multiple back-
bone LLMs, especially under noisy and insufficient evidence conditions (Fig. 1(d)).

2 Methodology

As motivated by the evidence bottlenecks identified in Sec. 1, we propose a
closed-loop Quantify—Collect—Correct (QCC) framework that makes evidence a
first-class optimization target throughout interaction. QCC couples multi-turn
dialogue with evidence-level feedback: (i) Quantify introduces the Weighted Ev-
idence Convergent Index (WECI) to importance-weight collected evidence and
measure the capture of decision-critical signals; (ii) Collect uses an Evidence-
Driven Planning Module that periodically infers plausible diagnostic directions
from current evidence and retrieval-augmented medical knowledge, and outputs
a small set of Prospective Primary Evidence targets for subsequent turns; (iii)
Correct performs evidence-driven inference after termination and applies an
Evidence-Based Verifier to cross-check evidence—diagnosis consistency, trigger-
ing revision when conflicts or missing key evidence are detected. The three com-
ponents are detailed in Secs. 2.1-2.3.

2.1 Weighted Evidence Convergent Index

To instantiate the Quantify stage in QCC, we propose the Weighted Evidence
Convergent Index (WECI) to measure how well an interactive multi-agent system
captures decision-critical evidence during multi-turn diagnosis. Unlike coverage-
only metrics that treat all evidence equally, WECI accounts for heterogeneous
clinical importance: missing a small number of high-significance cues can be more
detrimental than omitting many low-impact details. Formally, we define

WECI — M (1)

ecE* We

where F is the collected evidence set, £* is the ground-truth evidence set curated
by specialist clinicians, and w, € [0, 1] denotes the importance of evidence item e,
estimated by an evidence evaluation agent ¢ 4(-) [30] conditioned on retrieval-
augmented specialist knowledge.
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Fig. 2. Overview of our QCC framework.

WECI can be interpreted as an importance-weighted recall over decision-
critical evidence: it quantifies the fraction of clinically salient evidence mass in
E* that is successfully acquired through interaction. A higher WECI indicates
that the dialogue captures a larger share of decisive cues required for correct
diagnosis and management, while a lower WECI reveals that the interaction fails
to retrieve key evidence even if the raw coverage appears comparable. Therefore,
WECI complements PC/EC/ICR by directly evaluating whether the collected
evidence aligns with clinical decision needs, and serves as a principled target for
evidence-oriented planning and verification in QCC.

2.2 Evidence-Driven Planning Module

In emergency departments, physicians must cover a broad spectrum of clinical
conditions. While such generalist scope ensures wide applicability, the depth of
specialty-specific reasoning is often limited, leading to two common issues in
multi-agent diagnostic systems: (1) insufficient evidence collection (Fig. 1(c))
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and (2) non-directional evidence accumulation (Fig. 1(a)). To address these, we
introduce an Evidence-Driven Planning Module (EDPM, Fig. 2 Stage II), which
restructures evidence collection through periodic specialist-guided planning.
Initial Free Exploration. The ER-Doctor Agent first conducts K turns of
unconstrained information gathering, yielding an initial observed evidence set
Sobs = {81, 82, ..., 8, }. This open-ended exploration allows the Doctor to estab-
lish a broad clinical picture before EDPM intervenes.
Specialist-Guided Planning. EDPM maintains a candidate pool of specialist
agents:

A= {Acard7 Aneurm Apulma Ao’r’thoa .- } (2>

Given Syps, the system computes a relevance score for each specialist: Score(A; |
Sobs) = V(Sobs, K 4,), where K4, is the relevant specialist knowledge database.
The specialist arg maxa,e.4 Score(A; | Sops) is assigned as the Planner to guide
subsequent reasoning, transforming the process from a broad generalist perspec-
tive into a focused specialty-driven hypothesis space.

To preserve the Doctor’s autonomous exploratory capability and avoid pre-
mature diagnostic anchoring [22], the Planner A* provides only m system-level
diagnostic directions (default m = 3): Dy = {d1,ds, .. .,dn}, representing the
most plausible clinical systems to investigate without specifying concrete can-
didate diseases. For each direction d;, EDPM identifies a yet-uncollected, diag-
nostically critical evidence target termed Prospective Primary Evidence (PPE):

Plan = {PPE,,PPE,,...,PPE,,}, (3)

where each PPE; ¢ S,s and possesses high discriminative power for confirming
or differentiating direction d;.
Periodic Guided Exploration. The PPE plan guides the ER-Doctor Agent in
subsequent turns. After every K turns, EDPM re-intervenes to update diagnostic
directions based on newly acquired evidence and retrieval-augmented medical
knowledge [9] and to issue a revised PPE plan. This cycle repeats until the
Doctor determines that sufficient evidence has been gathered. The Doctor may
also flag an unexpected significant finding at any turn to trigger an immediate
EDPM re-assessment, enabling the Planner to adjust its diagnostic directions in
respounse to pivotal clinical clues [26]. The complete interaction produces a Final
Collected Evidence Set and a Planning History for downstream verification.
Through this periodic planning mechanism, EDPM shifts the system from
passive questioning toward hypothesis-driven evidence acquisition [26], promot-
ing directional evidence convergence and improved diagnostic consistency.

2.3 Evidence-Based Verifier Module

Upon the Doctor signaling consultation completion, the EBVM activates to val-
idate the candidate diagnosis. The Summarizer generates a structured evidence
summary from the dialogue history, and the Diagnostician analyzes this sum-
mary alongside the Planner’s diagnostic directions Dy;, to produce a candidate
diagnosis with a confidence level.
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Table 1. Performance on AgentClinic. Interactive baselines are evaluated by
PC/EC/ICR, WECI, and Acc. CoT is the upper bound that observes all evidence.

AgentClinic

Method Model
PC (%) EC (%) ICR (%) WECI (%) Acc. (%)

Qwen3-Max - - - - 86.0
cotT GPT-5-mini - - - - 95.0
RolePla Qwen3-Max 6.3 24.5 16.4 15.4 425
& GPT-5-mini 44.2  22.7 32.3 50.1 67.5
e Qwen3-Max 4.2 31.8 19.3 30.2 67.5
GPT-5-mini 38.8  33.0 35.4 54.5 69.5
Qwen3-Max 5.4 35.5 21.9 20.6 69.5
REFINE b 5 mini 414  47.8 44.4 64.1 67.5
Qwen3-Max 4.3 21.3 13.5 17.9 46.5
REACT GPT-5-mini 37.8  30.6 33.5 52.5 71.5
, Qwen3-Max 10.8 46.9 30.3 42.1 76.5
QCC (Ours) Gpr 5 mini 49.6 72.2 615 68.9 82.5

The Verifier then evaluates the candidate against three criteria: (1) Evidence—
Diagnosis Consistency, which checks whether the collected evidence suffi-
ciently supports the diagnosis without internal contradictions; (2) Planning Di-
rection Integrity, which examines whether the Planner’s reasoning remained
balanced throughout the diagnostic process, rather than narrowing prematurely
onto a single hypothesis while overlooking contradictory evidence;(3) Agents
Consistent Approve [23, 3], which requires agreement between the Diagnosti-
cian’s confidence and the Verifier’s independent assessment.

3 Experiment

3.1 Datasets

We evaluate QCC on AgentClinic [16], a controlled multi-agent diagnosis bench-
mark with relatively complete case descriptions, and two real-world ED sources,
MIMIC-IV-ED [7] and ER-REASON [14], which better reflect noisy and frag-
mented emergency documentation. For evidence-level evaluation, we use an ex-
ternal LLM (GPT-5.2) to convert raw medical records into structured, evidence-
based cases by separating patient background from examination/test informa-
tion and decomposing each part into non-overlapping atomic evidence units[13].
These patient and exam evidence sets are progressively revealed to the pa-
tient /reporter agents during interaction, enabling dynamic evidence re-weighting
and correction in multi-turn reasoning. Following common benchmark construc-
tion and evaluation practice, we uniformly sample 200 cases from each data
source to balance coverage and evaluation cost.
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Table 2. Performance comparison on MIMIC-IV-ED and ER-REASON. CoT performs
as the performance upper bound for all interactive multiagent systems.

MIMIC-IV-ED ER-REASON
Method Model
PC (%) EC (%) ICR (%) WECI (%) Acc. (%) PC (%) EC (%) ICR (%) WECI (%) Acc. (%)
CoT Qwen3-Max - - - - 60.0 - - - = 70.0
GPT-5-mini - - - - 80.0 - - - - 80.0
RolePla Qwen3-Max  10.0 0.0 3.8 9.1 0.0 15.0 17.5 16.2 30.2 10.0
Y GPT-5-mini 37.5 33.5 35.0 47.9 10.0 36.4 29.9 33.9 59.7 30.0
e Qwen3-Max 13.3 7.5 9.7 14.5 15.0 23.6 26.5 24.5 46.7 30.0
GPT-5-mini  35.8 64.0 53.4 64.2 5.0 35.7 35.4 35.2 68.7 20.0
REFINE Qwen3-Max 15.8 12.0 13.4 17.5 10.0 24.3 26.2 25.0 43.5 30.0
’ GPT-5-mini 34.2 62.0 51.6 60.6 15.0 34.3 56.5 43.0 8.7 45.0
ReACT Qwen3-Max 10.0 16.5 14.1 134 0.0 21.4 24.2 22.4 39.3 20.0
GPT-5-mini 35.8 56.0 48.4 58.2 25.0 32.1 34.2 32.3 71.5 40.0
QCC (Ours) Qwen3-Max 23.8 47.0 34.5 29.3 45.0 28.6 31.5 35.8 51.1 50.0
GPT-5-mini 43.8 68.5 59.2 68.7 52.5 42.1 66.5  44.7 82.1 72.5
Table 3. Ablation study of evidence planning and reasoning modules.
Model Variant Components MIMIC-IV-ED ER-REASON
Plan Reason PC (%) EC (%) ICR (%) WECI (%) Acc. (%) PC (%) EC (%) ICR (%) WECI (%) Acc. (%)
Baseline - - 15.8 12.0 13.4 17.5 10.0 24.3 26.2 25.0 43.5 30.0
Qwen3-Max +Evi. Plan v - 21.6 47.0 33.8 27.6 32.5 24.8 29.6 324 49.7 37.5
+Evi. Plan+Verifier v v 23.8 47.0 34.5 29.3 45.0 28.6 31.5 35.8 51.1 50.0
Baseline - - 34.2 62.0 51.6 60.6 15.0 34.3 56.5 43.0 78.7 45.0
GPT-5-mini +Evi. Plan v - 42.1 62.3 56.6 58.2 37.5 39.5 60.2 42.8 68.2 62.5

+Evi. Plan+Verifier v v 43.8 68.5 59.2 68.7 52.5 42.1  66.5 44.7 82.1 72.5

3.2 Baselines and Evaluation Protocol

We focus on interactive multi-agent diagnosis settings, where the system itera-
tively queries and aggregates clinical evidence through multi-turn dialogue. We
compare our QCC framework against representative interactive frameworks, in-
cluding ReAct [28], Summarization Context [8], RolePlay, and REFINE [10]. In
addition, we include a non-interactive upper-bound baseline, CoT [24], which
performs one-shot reasoning by providing the model with all available evidence
at once, thereby removing the evidence-seeking constraint.

To evaluate both evidence acquisition and final decision quality, we adopt
coverage-based metrics to quantify evidence collection performance during inter-
action. Specifically, Patient Facts Coverage (PC) measures the proportion of col-
lected patient-background facts relative to the labeled patient facts, while Exam
Facts Coverage (EC) measures the proportion of collected examination/test facts
relative to the labeled exam facts. We further report Information Convergent
Rate (ICR) as the overall fraction of collected evidence that matches the labeled
evidence, reflecting the framework’s holistic evidence-gathering ability.

Beyond coverage, we assess whether the collected evidence is directionally
useful for clinical decision-making. We use an external LLM, conditioned on the
ground-truth diagnosis, to assign importance weights to each evidence item, and
compute the WECI metrics based on the weighted evidence. WECI captures
the significance and diagnostic alignment of the acquired evidence, complement-
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ing coverage-oriented metrics. Finally, we report diagnostic Accuracy (Acc.) to
evaluate the correctness of the final diagnosis produced by each method.

3.3 Results on General Diagnostic Dataset

As shown in Table 1, QCC achieves the strongest interactive performance on
AgentClinic, demonstrating that our evidence-oriented interaction generalizes
beyond ED-specific benchmarks. With GPT-5-mini, QCC markedly improves ev-
idence acquisition and convergence over the best interactive baselines, increasing
PC from 44.2 to 49.6, EC from 47.8 to 72.2, and ICR from 44.4 to 61.5. Impor-
tantly, QCC also attains a higher WECI (68.9 vs. 64.1), indicating superior
capture of decision-critical evidence rather than merely collecting more facts.
This evidence advantage translates into substantially better final decisions, with
QCC reaching 82.5% accuracy and outperforming ReAct (71.5%) by a wide mar-
gin. Similar gains are observed with Qwen3-Max, where QCC delivers the best
interactive accuracy (76.5%) alongside consistently stronger evidence coverage.

3.4 Results on Real-World ER Reasoning

Table 2 reports results on two real-world ED benchmarks, where noisy and
incomplete documentation makes evidence acquisition a first-order bottleneck.
While CoT serves as an upper bound by observing all evidence, QCC consistently
dominates interactive baselines across evidence coverage, convergence, evidence
quality, and final accuracy. With GPT-5-mini, QCC achieves 52.5% accuracy on
MIMIC-IV-ED and 72.5% on ER-REASON, simultaneously attaining the high-
est PC/EC/ICR and the highest WECI among interactive methods (68.7 and
82.1), confirming that QCC not only collects more evidence but also captures
more decision-critical signals. QCC remains robust with Qwen3-Max, improv-
ing accuracy to 45.0% and 50.0% on MIMIC-IV-ED and ER-REASON; respec-
tively, while maintaining the strongest evidence convergence among interactive
competitors.

3.5 Ablation Study

Table 3 establishes a clear causal chain from evidence planning to diagnostic
correctness. Enabling the Plan module substantially strengthens evidence acqui-
sition and convergence (higher PC/EC and ICR) on both MIMIC-IV-ED and
ER-REASON;, which directly translates into large accuracy gains (Qwen3-Max:
10.0—32.5 and 30.0—37.5; GPT-5-mini: 15.0—37.5 and 45.0—62.5). Building on
this enriched evidence set, adding the Verifier further increases decision-critical
evidence capture (WECI) and delivers another consistent boost in accuracy (e.g.,
GPT-5-mini: 37.5—52.5 and 62.5—72.5), demonstrating that verification is most
effective when guided by sufficient, salient evidence.
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4 Conclusion

We presented QCC, a closed-loop multi-agent diagnostic framework that treats
evidence as a first-class optimization target in interactive clinical reasoning. By
jointly quantifying evidence importance, guiding direction-aware evidence col-
lection, and verifying evidence-diagnosis consistency, QCC enables coherent ev-
idence accumulation and more reliable decision-making under incomplete and
noisy emergency conditions. Extensive experiments across general diagnostic and
real-world ED benchmarks demonstrate that evidence-oriented interaction sub-
stantially improves both evidence quality and diagnostic accuracy, highlighting
the importance of explicitly modeling evidence dynamics in medical multi-agent
systems.
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