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ABSTRACT
Diagnosis prediction from electronic health records (EHRs)
requires reasoning over clinical sequences and semantics to
ensure reliable outcomes. Deep temporal models excel at
capturing sequential patterns but offer limited interpretability,
whereas large language models (LLMs) provide contextual
clinical reasoning and explanation yet struggle with struc-
tured EHR inputs. To bridge these complementary strengths,
we present CARE-Agent, a multi-Agent collaboration with
a Conflict-Aware Routing mEchanism for accurate and re-
liable diagnosis prediction, which coordinates various deep
predictors and LLMs. First, deep models act as sequen-
tial agents to generate candidate diagnoses, and a router
identifies inter-agent conflicts. Then, LLMs serve as clin-
ical agents with EHR-based, role-specialized prompting to
synthesize patient context and deliver the final decision for
ambiguous cases. Extensive experiments on two real-world
EHR datasets demonstrate that CARE-Agent consistently
outperforms state-of-the-art methods, achieving superior ac-
curacy, robustness, and reliability. Our code is released at
https://github.com/YYYTDMS/CARE-Agent.

Index Terms— Electronic health record, Large language
models, Multi-agent collaboration

1. INTRODUCTION

Accurate diagnosis prediction from electronic health records
(EHRs) requires modeling clinical sequences while captur-
ing semantic context to ensure reliable and interpretable
outcomes. Deep temporal predictors efficiently capture se-
quence regularities but operate as black boxes with limited
interpretability [1, 2, 3], whereas large language models
(LLMs) provide contextual clinical reasoning and explana-
tion but struggle with structured EHR inputs [4, 5]. Fig. 1
highlights the potential of a hybrid multi-agent paradigm that
exploits the complementary strengths of deep predictors and
LLMs to achieve accurate and reliable diagnosis prediction.

Recent years have seen rapid progress in multi-agent
healthcare frameworks [6, 7, 8]. MDAgents [9] simulates
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Fig. 1: A toy example illustrating a multi-agent framework
that integrates deep temporal predictors and LLMs to capture
clinical sequence patterns and clinical semantic information.

multidisciplinary consultations to improve diagnostic reli-
ability, MedAgents [10] leverages role specialization and
debate to facilitate consensus, and ReConcile [11] introduces
structured deliberation among LLM agents to enhance rea-
soning consistency. Yet these approaches are still dominated
by a single backbone, either deep models or LLMs, leaving
their complementary potential underexplored.

In this paper, we present CARE-Agent, a multi-agent col-
laboration framework with a Conflict-Aware Routing mEch-
anism for diagnosis prediction. CARE-Agent operates in two
stages. First, Conflict-Aware Candidate Generation: mul-
tiple deep models act as sequential agents to produce candi-
date diagnoses, while a detection router monitors conflicts be-
tween agents to identify cases that merit collaboration. Then,
Clinical Decision Synthesis with LLMs: LLMs are repur-
posed as clinical agents via EHR-based and role-specialized
prompting to synthesize patient context and deliver the final
decision for ambiguous cases.

Our contributions can be summarized as follows: (i) We
introduce a novel framework that models prediction conflicts
as actionable signals, enabling targeted collaboration between
deep predictors and LLMs for diagnosis prediction; (ii) We
design a conflict-aware routing mechanism and EHR-based
prompting strategies that allow LLMs to function as role-
specific clinical agents, improving contextual reasoning on
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Fig. 2: The overall framework of CARE-Agent. (a) Deep models act as sequential agents to generate candidate diagnoses, while
a router detects conflicts between agents. (b) LLMs act as clinical agents to synthesize patient context and resolve conflicts.

ambiguous cases; and (iii) Experiments on two real-world
EHR datasets show that CARE-Agent achieves superior pre-
dictive accuracy and robustness.

2. METHODOLOGY

2.1. Problem Formulation and CARE-Agent Overview

We formalize the EHR of patient p as a sequence of vis-
its {v1, . . . , vt}, where each visit vt contains ICD diagnosis
codes dt ∈ D and their corresponding CCS clinical categories
ct ∈ C. The goal is to predict the CCS codes of the next visit
vt+1 based on the historical EHR data.

We summarize the two main components of the CARE-
Agent framework in Fig. 2. First, Conflict-Aware Candi-
date Generation, employs multiple deep temporal mod-
els as sequential agents to generate candidate diagnoses,
while a detection router monitors conflicts between agents
to identify cases that require further collaboration. Second,
LLM-based Clinical Decision Synthesis, repurposes LLMs
as role-specific clinical agents through EHR-based prompt-
ing, enabling them to synthesize patient context and resolve
conflicting predictions to produce the final diagnosis.

2.2. Conflict-Aware Candidate Generation

Deep temporal models capture sequential patterns from lon-
gitudinal EHRs and enable diagnosis prediction. To lever-
age their complementary strengths, we employ multiple deep
temporal models as sequential agents to generate candidate

diagnoses. However, architectural differences often lead to
divergent outputs on the same case.

To address this issue, we propose conflict detection on
candidate CCS categories generated by multiple sequential
agents. A key challenge is that predictive models trained
with standard binary cross-entropy loss produce probability
outputs with limited separability, making conflicts difficult
to identify across sequential agents. Inspired by advances in
medication recommendation [12, 13], we adopt a multi-label
margin loss to improve the discriminability of predictions.
The objective function is defined:

LBCE = −
|C|∑
i=1

(ypi log ŷ
p
i + (1− ypi ) log(1− ŷpi )) , (1)

LMulti =
∑

{i|yp
i =1}

∑
{j|yp

j =0}

max
(
1− (ŷpi − ŷpj ), 0

)
|C|

, (2)

LPred = LBCE + λLMulti, (3)

where ŷpi denotes the predicted probability of CCS category i
for patient p, ypi ∈ {0, 1} is the ground-truth label, and λ is
a hyperparameter controlling discriminative separability. By
enlarging margins between positive and negative categories,
probability outputs become more separable.

After obtaining sufficiently discriminative CCS probabil-
ity distributions, we apply a conflict-aware routing mech-
anism to direct predictions into either conflict or consensus
categories. Formally, for patient p and CCS category i, let
zpi,AS

= 1
[
ŷpi,AS

≥ τ
]

denote the binary decision of a se-



Table 1: Statistics of the datasets used in our experiments.

Dataset MIMIC-III MIMIC-IV
# of patients 5,449 79,393
# of visits 14,141 329,605
Avg. # CCS per visit 12.08 11.30
Avg. # visits per patient 2.60 4.15
Max. # visits per patient 29 169
# of unique diagnoses 3,874 37,917
# of CCS codes 285 842

quential agent AS . Given two agents A1
S and A2

S , the conflict
and consensus sets are defined as:

Cp
conf = { i | zp

i,A1
S
̸= zp

i,A2
S
},

Cp
cons = { i | zp

i,A1
S
= zp

i,A2
S
},

(4)

where τ denotes the threshold and 1[·] the indicator function.

2.3. LLM-based Clinical Decision Synthesis

Conflicting CCS categories with opposite model predictions
are difficult to resolve reliably. Recent studies highlight the
potential of LLMs in diagnosis prediction [4, 5], owing to
their strong contextual reasoning and semantic alignment.

To leverage this capability, we repurpose LLMs as role-
specific clinical agents through EHR-based prompting, en-
abling them to synthesize patient context and resolve con-
flicting predictions. Specifically, we construct a patient his-
tory summary from longitudinal EHR data, where each visit
is represented by its timestamp, ICD diagnosis names, and
mapped CCS categories through CCS–ICD ontology align-
ment. We then extract the conflicting CCS set Cp

conf and inte-
grate it with the patient history summary to form a structured
prompt. This EHR-based prompt guides the LLM to synthe-
size clinical context and revise conflicting predictions, pro-
ducing corrected binary outputs. Formally, for a patient p, the
corrected decision for category i ∈ Cp

conf is given by
ŷpi, LLM = fLLM(History(p), Cp

conf) , (5)
where History(p) is the patient history summary and fLLM
outputs binary decisions for all conflicting categories.

Finally, we integrate the outputs of sequential agents and
clinical agents to produce the final diagnosis decision:

ŷpi,final =
ŷp
i,A1

S
+ ŷp

i,A2
S
+ αi ŷ

p
i,LLM

3
, αi ∈ {0, 1}, (6)

where αi indicates whether the LLM contributes (αi = 1 for
conflicts, αi = 0 otherwise).

3. EXPERIMENT

3.1. Datasets and Evaluation Protocols

We evaluate CARE-Agent on two real-world EHR datasets:
MIMIC-III [14] and MIMIC-IV [15]. We select patients with
at least two visits and predict the CCS codes for the next
visit of patients. The statistics are summarized in Table 1.

For evaluation, we adopt visit-level Precision@k (P@k) and
code-level Accuracy@k (Acc@k), following [2]. P@k mea-
sures effectiveness as the proportion of correct codes in the
top-k predictions. Acc@k measures reliability as the fraction
of correctly predicted diagnoses at the code level.

3.2. Baselines and Implementation Details

We compare CARE-Agent against three categories of base-
lines: (1) Deep Predictive Models: RETAIN (R) [1], TRANS
(T) [2], StageNet (S) [3], CGL [16], and SHy [17]; (2) LLM-
based Methods: LLaMA3.1-8B [18] and Qwen3-8B [19];
(3) Multi-agent Methods: MedAgents [10] and ensembles of
multiple predictive agents with unweighted averaging (Avg.).

Both datasets are split into train/validation/test sets (7:1:2)
with patient-level partitioning, following [2]. All models are
trained with Adam and hyperparameters as in the original pa-
pers. For LLMs, we adopt LLaMA-Factory [20] for deploy-
ment and evaluation, and for MedAgents, we employ Qwen3-
8B to ensure fairness. The embedding dimension is fixed at
16, and λ and τ are set to 0.03 and 0.5, respectively. We adopt
5-fold cross-validation for robust evaluation. All experiments
are conducted on two NVIDIA RTX 3090 Ti GPUs.

3.3. Overall Performance

Table 2 demonstrates CARE-Agent’s consistent superiority
over all baselines across both MIMIC-III and MIMIC-IV.

Compared with individual deep models, CARE-Agent
leverages conflict-aware routing to detect inter-model dis-
agreements and invokes LLM clinical agents for refinement,
achieving significant performance gains and enhanced sta-
bility. On MIMIC-III, CARE-Agent (R + T) achieves 49.29
P@10, outperforming RETAIN and TRANS by an average
of 5.67%, while CARE-Agent (R + S) achieves 49.72 P@10,
exceeding StageNet and TRANS by 9.92% on average.

Compared with LLM baselines, CARE-Agent integrates
multiple deep models to provide reliable probability estimates
and uses structured prompts to guide LLM reasoning only on
conflicting categories, reducing hallucinations and improv-
ing efficiency. On MIMIC-IV, CARE-Agent achieves an im-
provement of 9.58% in P@10 over Qwen3-8B.

Compared with multi-agent methods, CARE-Agent demon-
strates stronger reliability and efficiency. Unlike MedAgents,
which relies on full deliberation among LLM agents and in-
curs high cost, CARE-Agent selectively invokes LLM agents
only on conflicts, enabling targeted refinement and higher
accuracy, improving P@10 by 4.02% on MIMIC-III. Against
simple averaging ensembles, it further avoids noise from
poorly calibrated agents. Even under the weaker TRANS
backbone in MIMIC-IV, CARE-Agent (R + T) still surpasses
Avg. (R + T) by 6.24% in P@10.



Table 2: Experimental results for diagnosis prediction (%) on the MIMIC-III and MIMIC-IV datasets. The best results are
highlighted in bold while the second best are underlined.

Dataset MIMIC-III MIMIC-IV

Metric
Visit-Level Code-Level Visit-Level Code-Level

P@10 P@20 Acc@10 Acc@20 P@10 P@20 Acc@10 Acc@20

RETAIN (R) 47.82±0.17 54.40±0.17 34.05±0.16 52.13±0.18 48.45±0.09 54.67±0.11 35.23±0.09 50.68±0.10

TRANS (T) 45.53±0.20 52.05±0.21 32.43±0.17 49.84±0.20 39.43±0.10 46.19±0.08 29.09±0.11 43.56±0.09

StageNet (S) 44.94±0.20 50.82±0.23 31.74±0.17 48.18±0.14 51.15±0.09 57.42±0.10 36.67±0.08 52.88±0.11

CGL 47.84±0.21 54.78±0.25 34.02±0.20 52.18±0.21 49.07±0.11 55.06±0.13 34.99±0.13 51.20±0.09

SHy 45.37±0.19 51.62±0.21 32.25±0.20 49.12±0.20 48.56±0.12 54.20±0.11 35.08±0.09 50.13±0.10

LLaMA3.1-8B 41.19±2.11 42.06±1.03 30.46±0.84 39.88±0.71 38.32±1.02 43.62±1.36 31.22±0.63 33.82±0.72

Qwen3-8B 47.03±1.05 48.61±1.12 32.73±0.66 46.10±1.02 48.04±0.75 50.99±1.20 34.12±0.69 46.06±0.78

MedAgents 47.41±0.72 48.98±1.80 33.01±0.82 46.65±1.01 48.39±0.61 51.17±1.58 34.46±0.61 47.26±0.91

Avg. (R + S) 47.85±0.12 53.88±0.14 33.80±0.13 51.36±0.12 51.36±0.14 57.81±0.15 36.85±0.12 52.96±0.14

Avg. (S + T) 47.30±0.15 52.95±0.15 33.38±0.13 50.43±0.13 51.26±0.16 56.66±0.15 36.19±0.13 52.10±0.14

Avg. (R + T) 47.34±0.14 53.98±0.15 33.72±0.12 52.76±0.14 46.93±0.15 53.00±0.14 34.23±0.11 49.08±0.13

CARE-Agent (R + S) 49.72±0.11 56.37±0.11 35.04±0.12 53.82±0.11 52.64±0.12 59.58±0.11 37.78±0.10 54.72±0.12

CARE-Agent (S + T) 48.94±0.14 55.40±0.13 34.54±0.10 52.94±0.11 52.52±0.14 58.96±0.13 37.59±0.12 54.05±0.11

CARE-Agent (R + T) 49.29±0.10 55.60±0.12 35.05±0.10 53.41±0.12 49.86±0.13 56.14±0.11 35.74±0.10 51.93±0.11
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Fig. 3: Impact of λ on conflict detection: (a) conflict count
and (b) predictive performance across different model pairs
on the MIMIC-III dataset.

3.4. Varying the Conflict-Aware Router

Fig. 3 illustrates the impact of varying hyperparameter λ on
conflict counts (a) and predictive performance (b). Increasing
λ enlarges probability margins to flag more conflicts , but ex-
cessive values degrade performance by introducing noise to
LLM revisions via over-sensitive routing. A moderate setting
(λ = 0.03) achieves the best balance, capturing meaningful
conflicts without diluting the reliability of sequential agents,
thereby maintaining both sensitivity and predictive stability.

3.5. Varying Agents for Decision Synthesis

Table 3 validates CARE-Agent’s generalization, demon-
strating consistent superiority over standalone baselines
across both LLaMA3.1-8B and Qwen3-8B. LLaMA3.1-
8B shows higher relative gains (+14.73%) than Qwen3-8B
(+5.71%), indicating the conflict-aware design especially
benefits weaker LLMs. Selective LLM invocation for con-
flicting categories reduces inference time by 90% over LLM-
only baselines, balancing accuracy and efficiency.

Table 3: Generalization ability of CARE-Agent across differ-
ent LLMs on the MIMIC-III dataset.

LLM Deep P@10 Acc@10 Avg. Time (s)

LLaMA3.1

None 41.19 30.46 10.52
R + S 48.55 34.04 2.13
S + T 47.87 33.76 1.97
R + T 48.93 34.38 1.75

Qwen3

None 47.03 32.73 10.21
R + S 49.72 35.04 1.35
S + T 48.94 34.54 1.27
R + T 49.29 35.05 0.98

4. CONCLUSION

In this paper, we presented CARE-Agent, a multi-agent
collaboration framework for diagnosis prediction that first
employs sequential agents with a conflict-aware router to
flag inter-agent disagreements and then repurposes LLMs as
clinical agents through EHR-grounded prompting to resolve
them. Experiments on two real-world EHR datasets demon-
strate that CARE-Agent consistently outperforms individual
deep models, LLM-only baselines, and multi-agent methods,
achieving more accurate and robust diagnosis prediction.
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