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Abstract

Diagnosing lung cancer typically involves physicians iden-
tifying lung nodules in Computed tomography (CT) scans
and generating diagnostic reports based on their morphologi-
cal features and medical expertise. Although advancements
have been made in using multimodal large language mod-
els for analyzing lung CT scans, challenges remain in accu-
rately describing nodule morphology and incorporating med-
ical expertise. These limitations affect the reliability and ef-
fectiveness of these models in clinical settings. Collaborative
multi-agent systems offer a promising strategy for achieving
a balance between generality and precision in medical appli-
cations, yet their potential in pathology has not been thor-
oughly explored. To bridge these gaps, we introduce LungN-
oduleAgent, an innovative collaborative multi-agent system
specifically designed for analyzing lung CT scans. LungN-
oduleAgent streamlines the diagnostic process into sequen-
tial components, improving precision in describing nodules
and grading malignancy through three primary modules. The
first module, the Nodule Spotter, coordinates clinical detec-
tion models to accurately identify nodules. The second mod-
ule, the Radiologist, integrates localized image description
techniques to produce comprehensive CT reports. Finally, the
Doctor Agent System performs malignancy reasoning by us-
ing images and CT reports, supported by a pathology knowl-
edge base and a multi-agent system framework. Extensive
testing on two private datasets and the public LIDC-IDRI
dataset indicates that LungNoduleAgent surpasses main-
stream vision-language models, agent systems, and advanced
expert models such as GPT-4o, Claude 3.7 Sonnet, LLaMA-
3.2 Vision, Qwen2.5-VL, Med-R1, MedGemma, MedAgent-
Pro, MedAgents, MDAgent and LLaVA-Med. These results
highlight the importance of region-level semantic alignment
and multi-agent collaboration in diagnosing nodules. LungN-
oduleAgent stands out as a promising foundational tool for
supporting clinical analyses of lung nodules.

Code — https://github.com/ImYangC7/LungNoduleAgent
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Introduction

Lung cancer remains a leading cause of cancer-related
deaths globally, with early detection and accurate diagno-
sis being vital for improving patient outcomes (Tammemagi
et al. 2019). Computed tomography (CT) scans are crucial
for identifying lung nodules, which serve as early indica-
tors of malignancy (Swanson et al. 2023). Traditionally, ra-
diologists examine these scans by evaluating nodule mor-
phology and applying their medical expertise to produce di-
agnostic reports (Osarogiagbon et al. 2023). However, this
process necessitates radiologists to manually examine each
subsequent CT image (Hammer et al. 2019; Lee et al. 2024),
which is time-consuming and susceptible to interobserver
variability (Driessen et al. 2025).

In the realm of lung cancer analysis using CT images,
deep learning advancements have greatly improved the
screening and diagnosis of nodules (Swanson et al. 2023).
These technological strides primarily focus on three key
tasks: cancer classification (Nakach, Idri, and Goceri 2024;
Raza et al. 2023; Ji et al. 2023), grading (Fan et al. 2025;
Shen et al. 2025; Martinez-Murcia et al. 2021; Wang et al.
2018), and nodule detection (Cao et al. 2020; UrRehman
et al. 2024). Despite these achievements, deep learning mod-
els still face significant challenges (Ladbury et al. 2023).
One major issue is the interpretability of model outputs.
While these models often achieve high performance met-
rics, their reasoning processes are not easily understood,
which impedes their acceptance in clinical settings. Unlike
traditional clinical reasoning, which follows transparent di-
agnostic procedures that physicians can explain to patients,
deep learning models typically offer conclusions without re-
vealing the specific features or patterns that underpin their
predictions. Consequently, this lack of transparency poses
a barrier to their integration into clinical practice. Another
challenge is the dependency of deep learning models on
diverse datasets. When confronted with new, unseen data,
these models may fail to generalize effectively. This lim-
itation highlights the necessity for models that are adapt-
able to various scenarios. Furthermore, many current meth-
ods are designed for specific tasks, reducing their flexibil-

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

29793



Detection Model

Segmentation Model

Nodule Location

Nodule Morphology

Malignancy Grading

(a) Existing Deep Learning Methods

VLMs
Instruction Fine-tuning 

Classification Model

Reinforcement Learning 

Med Report 

Med VQA

(b) Existing Med VLMs Methods

Tool Calling

3D Image

(c) Existing Med Agents Methods

Nodule 
Spotter

Simulated 
Radiologis

t
M

em
ory

Doctor Agents System

MedRAG

Conversation

  Final
Output

Nodule Image

Discuss

CT Report Summary

Gauge

Nodule Size
Long Diameter

Short Diameter

Vloume

Store Memory

Sum

Input Get MemoryOutput (d) Our workflow

Note: We retain full access to the memory for each module.

Figure 1: Workflow Comparison of Traditional Methods vs. the Proposed LungNoduleAgent Framework.

ity. This situation underscores the urgent need for compre-
hensive models capable of addressing multiple pathological
tasks while also providing enhanced interpretability.

Recently, newly released general Vision-Language Mod-
els (VLMs) (Zhang et al. 2024) such as LLaVA (Liu et al.
2023a), GPT-4o (Achiam et al. 2023), Qwen2.5VL (Bai
et al. 2025), InternVL (Zhu et al. 2025) and Claude 3.7
Sonnet (Anthropic 2024) have shown impressive interpre-
tation and generalization abilities. However, these mod-
els often fall short in specialized medical contexts due
to insufficient domain-specific training and a lack of do-
main prior knowledge, which prevents them from meeting
the demands of professional medical applications. Medi-
cal VLMs (Thirunavukarasu et al. 2023), including Med-
R1 (Lai et al. 2025), LLaVA-Med (Li et al. 2023), PMC-
VQA (Zhang et al. 2023), and MedGemma (Sellergren et al.
2025), which are based on supervised fine-tuning and rein-
forcement learning, have improved their multimodal reason-
ing and generalization capabilities in the medical field. Nev-
ertheless, their limited fine-grained visual perception hin-
ders quantitative analysis. These models often rely on the
internal knowledge of VLMs for judgments, while mod-
ern medical practice emphasizes evidence-based diagnosis,
which requires structured reasoning and clinical evidence.
Simultaneously, agentic systems (Liu et al. 2023b; Yang
et al. 2025; Yu et al. 2025) that use collaborative multi-agent
systems (Liang et al. 2023; Du et al. 2023; Chan et al. 2023)
for clinical reasoning or integrate external DL tools (Wang
et al. 2025; Li et al. 2024a; Fallahpour et al. 2025) to ex-
tend the capabilities of VLMs offer a promising solution.
However, their application in lung cancer diagnosis is not
yet mature, lacking fine-grained analysis of lung nodules and
sufficient pathology-specific knowledge. This leads to an ac-
curacy of only 40-50% on lung cancer-specific tasks, while
achieving 75-80% (Tang et al. 2023; Kim et al. 2024; Wang
et al. 2024; Liu et al. 2024) on general medical tasks. This
underscores the need for a more comprehensive and collab-
orative diagnostic framework in the field of nodule analysis
(Qiu et al. 2025).

To address these challenges, we introduce LungNod-

uleAgent, the first collaborative multi-agent system for lung
nodule analysis, designed to enhance the accuracy and reli-
ability of lung CT scan analysis. As shown in Figure 1, our
contributions are as follows:

• The system mimics the clinical workflow by decompos-
ing the diagnostic process into sequential stages, each
handled by a specialized component: “Nodule Spotter”
focuses on precise nodule detection, “Simulated Radiol-
ogist” generates detailed CT reports, and “Doctor Agent
System (DAS)” assesses malignancy by leveraging ex-
pert knowledge and multi-agent discussions.

• We employ a Focal Prompting Mechanism to enhance
the model’s fine-grained visual perception, enabling the
description of nodule morphological features and the dy-
namic evaluation of nodule characteristics across slices.

• By storing pathological information in a shared Mem-
ory for the agent system, we utilize collaborative multi-
agent discussions and introduce medical prior knowledge
to achieve evidence-based quantitative analysis and fact-
based clinical reasoning.

Comprehensive evaluations on two private and one public
dataset show our system is significantly more effective than
existing VLMs and medical agentic systems in nodule report
generation and malignancy assessment.

Methodology
Overview Architecture
The workflow of LungNoduleAgent, illustrated in Figure 2,
processes lung CT volume V , through three modules: Nod-
ule Spotter, Simulated Radiologist, Doctor Agent System.

The Nodule Spotter begins by dividing the CT volume
into slices I , which are then processed through a Mixture
of Experts architecture to produce initial masks m. These
masks go through Mask Clustering, which refines them into
candidate masks Mg and excludes outliers. A Judging Panel
uses VLMs to validate Mg , determining the final mask M .

In the Simulated Radiologist module, the image slice I
and the final mask M are encoded using a Focal Prompting
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Figure 2: Overview of LungNoduleAgent for multi-modal lung nodule analysis with a nodule spotter for lung nodule detection,
simulated radiologist for localized CT report generation, and Doctor Agent System for malignancy grading.

Mechanism that highlights lung nodule regions while retain-
ing surrounding context. A MedPrompt further refines the
generation of CT reports, ensuring focus on annotated ar-
eas and the integration of visual and textual information to
produce localized CT Reports. Both the Nodule Image and
the CT Report are stored in the Memory module for future
access and interaction.

The Doctor Agent System employs each Medical Agent
as a VLM enhanced with a medical knowledge graph. This
integration of domain-specific medical knowledge enriches
the VLMs with relevant pathological information, aiding in
constructing reasoning chains and providing diagnostic ex-
planations. Initially, each agent, with unique domain exper-
tise, analyzes the Nodule Image and CT Report to generate
its diagnosis and supporting rationale, stored in the Mem-
ory’s Conversation module to generate. A designated VLM
then compiles these initial outputs into a summary, which
is used for a second round of discussion among the agents.

This iterative process continues until consensus is reached,
culminating in the final diagnosis FD.

Nodule Spotter
The Nodule Spotter module is essential in the diagnostic
process, as it identifies and pinpoints lung nodule regions.
This capability allows radiologists to create descriptions that
are tailored to these localized findings.

Mixture of Experts. This submodule processes 3D im-
ages via slice-based division for analysis. It adopts a Mix-
ture of Experts (MoE) framework, incorporating multiple
specialized foundational detection models, each proficient in
identifying specific nodule types or features. These models
operate in parallel, analyzing individual lung CT slices in-
dependently, with each expert generating a m to denote pre-
dicted nodule locations. Such parallel processing leverages
the strengths of diverse models, enhancing the robustness
and comprehensiveness of initial nodule detection through

29795



the integration of their outputs.

Mask Clustering. This module clusters initial masks
based on their spatial overlap to obtain a more stable and
accurate final mask representation. Masks with substantial
overlap are grouped into the same cluster, while those with
insufficient similarity to any group are treated as outliers and
removed.

To quantify mask similarity, we define the distance be-
tween two masks mi and mj as

d(mi,mj) = 1− IoU(mi,mj), (1)

where the Intersection over Union is

IoU(mi,mj) =
|mi ∩mj |
|mi ∪mj |

, (2)

and | · | denotes the number of pixels. Distances therefore
lie in [0, 1], with smaller values indicating stronger spatial
overlap. This metric forms the basis for mask grouping.

We adopt DBSCAN for clustering, parameterized by a
neighborhood radius ϵ ∈ [0, 1]—equivalent to an IoU thresh-
old τ = 1− ϵ—and a minimum sample count MinPts. The
ϵ-neighborhood of a mask is defined as

Nϵ(mi) = {mj | d(mi,mj) ≤ ϵ}. (3)

DBSCAN marks all masks as unvisited initially. For each
mask mi, if |Nϵ(mi)| ≥ MinPts, a new cluster is cre-
ated and expanded by recursively adding all masks reach-
able through connected ϵ-neighborhoods. Masks that do not
meet this density requirement are labeled noise. The algo-
rithm outputs clusters C = {C1, . . . , CK} and noise set N .

For each cluster Ck = {m1, . . . ,mN}, we compute an
averaged mask m̄k to aggregate the spatial consensus among
its members. The averaged mask is then binarized with a
threshold of 0.5, producing the final refined mask used for
subsequent nodule analysis.

Judging Panel. The Judging Panel validation submodule
is the crucial final step in distinguishing true nodule can-
didates from false positives, utilizing a consensus approach
among VLMs. For each nodule candidate, represented by
the mask group Mg and the original image slice I , NV LM

independent VLMs simultaneously assess the visual align-
ment between the mask and anatomical features. After un-
dergoing evaluation by the Judging Panel, the final mask M
is determined.

Each VLM, denoted as Vj , performs its assessment
through two outputs: (1) a binary decision, Sign(Vj), where
+1 indicates approval as a valid nodule, and −1 indicates
rejection, as defined by:

Sign(Vj) =

{
+1, approval,
−1, rejection,

(4)

and (2) a confidence score Cj that quantifies the certainty of
the alignment.

The system consolidates these evaluations through
weighted scoring:

Score(Mg) =

NV LM∑
j=1

(Sign(Vj)× Cj), (5)

where a Score(Mg) > 0 confirms the validity of the candi-
date through majority consensus.

This design, combining discrete decisions with contin-
uous confidence metrics, simulates a rigorous peer-review
process. It mitigates individual model biases while establish-
ing interpretable thresholds suitable for clinical applications.
Nodule candidates deemed invalid, with TotalScore ≤ 0,
are automatically filtered out as false positives, ensuring that
only anatomically accurate detections are considered for fur-
ther analysis.

Simulated Radiologist
Focal Prompting Mechanism. Simulated Radiologist uti-
lizes a focal prompting technique inspired by the Describe
Anything Model (Zhang et al. 2021) to encode areas with
lung nodules while preserving the surrounding context for
thorough analysis. This technique involves focal cropping
of both the image and its corresponding mask, ensuring that
nearby areas are maintained for local context.

Both the full image and the focal crop are processed
by a local visual backbone, embedding the image and bi-
nary mask in a spatially aligned manner. To deepen the un-
derstanding of the focal crop, global context from the full
image is integrated through gated cross-attention. Through
sequence concatenation, the dynamic changes of nodules
across slices are captured to enhance the overall perception
of the nodules (Mao et al. 2025). This approach enhances
the detailed comprehension and analysis of the nodule re-
gions within the broader anatomical context.

Region-specific Prompting. We employ MedPrompt to
guide the effective generation of CT reports. Unlike gen-
eral prompts, MedPrompt ensures that the model focuses ex-
clusively on annotated areas, utilizing anatomically accurate
terminology and maintaining a professional clinical report
format while avoiding speculative or irrelevant content. It
incorporates clearly defined output formats and customized
objectives to reduce errors and inaccurate descriptions. The
fused feature, combined with the prompt, is then processed
by VLM:

Ovlm = VLM(MedPrompt,Θvolume). (6)

This process ensures the production of accurate and clini-
cally relevant CT reports Ovlm.

Doctor Agent System
Medical Graph RAG. To address the limited pathologi-
cal knowledge of existing medical agents, we have adopted
a medical graph construction and retrieval strategy inspired
by GraphRag (Edge et al. 2024), enabling these agents
to access relevant pathological information. This resource
aids in constructing reasoning chains and providing di-
agnostic justifications based on CT reports and medical
knowledge. While many medical large language models uti-
lize Retrieval-Augmented Generation (RAG) (Arslan et al.
2024) to obtain external knowledge, they often encounter
difficulties with broad queries, such as identifying the pri-
mary characteristics of malignant lung nodules, because
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Invasive Lung Cancer: 0.85 – The presence of spiculation, vascular convergence, and pleural 
indentation is highly suggestive of invasive malignancy. 
Minimally Invasive Lung Cancer: 0.05 – The presence of spiculation and pleural indentation make 
minimally invasive lung cancer unlikely. 
Pre-invasive Lung Cancer: 0.10 – The characteristics of the nodule are not consistent with pre-
invasive cancer, especially due to the irregular margins and spiculation.

Invasive Lung Cancer: 0.90 – The nodule exhibits part-solid density, lobulated margins, spiculation, 
vascular convergence, and pleural indentation, all strong indicators of invasive malignancy.
Minimally Invasive Lung Cancer: 0.05 – The prominent spiculation, vascular convergence, and pleural 
indentation make minimally invasive lung cancer unlikely, suggesting a more aggressive growth pattern.
Pre-invasive Lung Cancer: 0.05 – The nodule's characteristics are inconsistent with pre-invasive lesions, 
which typically appear as pure ground-glass or very small solid nodules without architectural distortion.

Graph SearchingDoctor 1

Doctor 2 The lung nodule is located in the right upper 
lobe. It appears to have a part-solid density 
with a round or oval shape and lobulated 
margins. The nodule demonstrates well-
defined spiculation at the lung nodule 
interface. There are no air bronchograms or 
cavities present within the nodule.......

CT Report

Summary:   The nodule is highly suggestive of invasive lung cancer due to the presence of spiculation, 
vascular convergence, and pleural indentation, with probabilities of 0.85 to 0.90. Both doctors agree 
that minimally invasive and pre-invasive lung cancer are unlikely, as the characteristics of the nodule 
are inconsistent with those types of malignancies.

Final 
Diagnosis

The lung nodule located in 
the right upper lobe is 
Invasive Lung Cancer

Conversation Graph Summary

Part-solid density

Round or oval shape

Lobulated margins

Irregular or spiculated margins: The margins of the 
nodules in invasive adenocarcinoma are often irregular 
or spiculated, indicating the tumor's invasive nature as 
it extends into surrounding tissues.......

Figure 3: Visualization of the DAS’s Internal Collaboration. This figure illustrates how multiple agents leverage a medical
knowledge graph and a collaborative conversational mechanism to infer and arrive at a final diagnosis for lung nodules based
on the CT Report and Nodule Image.

these questions necessitate query-focused summarization
rather than straightforward retrieval.

To address this issue, we propose a Graph Searching
framework that compiles data from authoritative pathologi-
cal websites and literature to create a comprehensive knowl-
edge base. Specifically, the knowledge graph G is con-
structed from documents D:

G = GraphConstruct(D). (7)

Community-level summaries S are then derived from the
graph. When presented with a user query Q, the system uses
a language model to generate the final answer A:

A = VLM(S, Q,N ), (8)

where N represents the nodule image, defined as the image
I covered with mask M .

Through this graph-based knowledge infusion pipeline
(D → G → S → A), the large language model evolves
into a reasoning agent with specialized medical expertise.
This transformation enhances its ability to deliver accurate
and detailed diagnostic insights.

Multi-Agent System. Our multi-agent system, illustrated
in Figure 3, employs a decentralized and collaborative ap-
proach akin to a roundtable discussion. This methodology
is designed to enhance diagnoses, verify information, and
ensure the precision of reasoning. At the outset, K reason-
ing agents independently assess the report and image I , each
generating their initial outputs:

O
(1)
i = Agenti(I,Report), i = 1, . . . ,K, (9)

where i denotes the ith agent. If discrepancies occur, agents
refine their conclusions by considering the perspectives of
other agents:

O
(t)
i = Revise(O(t−1)

i , {O(t−1)
j }j ̸=i). (10)

Subsequently, a summarization agent consolidates these
outputs into a cohesive summary. This iterative process con-
tinues until a consensus is achieved:

FD = Consensus
(

Summarizer
(
{O(t∗)

i }Ki=1

))
, (11)

where FD represents the final diagnosis.
Through this multi-round communication and refinement,

the system delivers reliable diagnostic results grounded in
collective agreement among the agents.

Memory
The Memory Module serves as the system’s core storage
component, designed for managing critical information. It
stores nodule images, while measuring and storing nodule
size as evidence. It also holds CT Reports, which are initial
interpretations of visual image features. During the DAS dis-
cussion process, the Memory Module stores detailed Con-
versations and Summaries from multi-agent interactions.
This layered and real-time memory mechanism facilitates a
more intuitive understanding of lung nodules by the agents
and reduces information processing complexity.

Experiments
Datasets and Implementation
Our experiments utilized two private datasets comprised of
1,616 and 386 axial lung CT slices (512×512 pixels). These
datasets are carefully annotated to aid lung nodule detection,
featuring bounding box masks, comprehensive morpholog-
ical descriptions including lobar location, density, shape,
margin, and indications of cavitation or vacuolation, and
classifications of malignancy, categorized as pre-invasive,
minimally invasive, or invasive adenocarcinoma. In addi-
tion to these private sources, we employed the public dataset
LIDC-IDRI (Samuel 2011), including 1,018 lung CT scans
with identical resolution. This dataset provides detailed lung
nodule segmentation masks and semantic attributes such as
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size, margin clarity, density, and spiculation. Furthermore,
it offers malignancy ratings ranging from 1 to 5, classifying
scores above 3 as malignant and those below as benign.

Attribute Question Construction
To address the challenge of lacking precise ground truth for
localized CT reports, we adopt an attribute-level verification
approach inspired by the MedDLC-score (Xiao et al. 2025).
For each nodule, we develop a series of clinically relevant
yes/no questions based on dataset annotations to evaluate if
the generated descriptions accurately capture key morpho-
logical traits such as shape, margin, and size. These ques-
tions are split into two categories: positive questions (Pos
QA) verify the presence of specific nodule characteristics,
while negative questions (Neg QA) detect irrelevant or fab-
ricated details. The average correctness rate of these ques-
tions yields the LungDLC-score, a reliable metric for assess-
ing the accuracy with which reports capture essential clinical
features and morphology.

Comparison Methods and Evaluation Metrics
We assessed our proposed method against a selection of
current models, including general-purpose VLMs like GPT-
4o (Achiam et al. 2023), Claude 3.7 Sonnet (Anthropic
2024), InternVL (Zhu et al. 2025), LLaVA3.2 (Liu et al.
2023a), and Qwen2.5-VL (Bai et al. 2025). Additionally,
we evaluated medical agents such as Med-R1 (Lai et al.
2025), MedGamma (Sellergren et al. 2025), MedAgent-Pro
(Wang et al. 2025), MDAgents (Kim et al. 2024), MedA-
gents (Tang et al. 2023), and LLaVA-Med (Li et al. 2023).
These models epitomize the latest in visual-language pre-
training and domain-specific tuning advancements. To en-
sure consistency, all baseline models were given full-slice
lung CT images and the same MedPrompt.

We evaluate CT report generation using a two-pronged
approach. First, we utilize “LLM-as-a-judge” framework (Li
et al. 2024b), where GPT-4o rates generated reports for flu-
ency, relevance, consistency, and clinical rationality. Each
aspect is scored independently, and their average forms the
LLM-score. Second, to reduce reliance on ground truth, we
introduce the LungDLC-score, which checks whether de-
scriptions capture nodule features and avoid irrelevant or
fabricated content. For malignancy grading, we report Ac-
curacy (Acc) and F1-score.

Results and Discussions
Results on localized CT report generation task. As
demonstrated in Table 1, LungNoduleAgent exhibits state-
of-the-art performance across all three benchmark datasets,
with significant improvements on the Qwen and LLaVA
base models. Compared with the highest score among other
methods, on the PrivateA dataset, it achieves a LungDLC-
score of 81.9, reflecting an increase of 6.3. For the PrivateB
dataset, the model attains a score of 80.3, marking an im-
provement of 4.1. This performance advantage is also evi-
dent on the public LIDC-IDRI benchmark, where the model
scores 83.5, representing 8.3 increasing.

Notably, the agent demonstrates balanced capabilities in
both Positive QA and Negative QA . While GPT-4o shows

marginally higher LLM-scores due to evaluator bias (Li
et al. 2025), our model’s consistent superiority in objective
metrics validates its clinical utility.

The result of the malignancy grading task. LungNod-
uleAgent achieved state-of-the-art performance across all
evaluation datasets, with significant improvements on both
Qwen and LLaVA base models, demonstrating strong gener-
alization capability. On the 3-class classification tasks (Pri-
vateA/PrivateB), it attained Acc of 86.7% and 81.2% with
corresponding F1-scores of 0.889 and 0.803, outperform-
ing Medgamma by 15.9-24.4% in Acc. For the 2-class
LIDC-IDRI benchmark, our method achieved 89.1% Acc
and 0.871 F1, surpassing MedGemma by 15.9% in Acc and
0.185 in F1. The consistent superiority across different clas-
sification tasks and datasets validates the effectiveness of
our nodule-focused architecture and multi-agent reasoning
framework for clinical malignancy assessment.

Ablation Study. We performed an ablation study on the
PrivateA dataset to assess the effectiveness of each module
within our framework: Nodule Spotter, Simulated Radiolo-
gist, and DAS. It is noteworthy that the Nodule Spotter can-
not be independently ablated, as the Simulated Radiologist
relies on the masks it provides. As shown in Table 3, the re-
sults revealed a significant decline in performance across all
tasks when any module was removed. This underscores the
effectiveness of each component in our framework.

We examined the effectiveness of the Mask Clustering
and Judge Panel components within the Nodule Spotter
module, where each component builds upon the previous
one. To assess their impact, we used standard object de-
tection metrics, specifically mean Average Precision (mAP)
and F1-score. As shown in Table 4, integrating Mask Clus-
tering and the Judge Panel led to mAP improvements of 4%
and 8%, respectively, and F1-score enhancements of 0.07
and 0.12, respectively. These results clearly demonstrate
the effectiveness of both components in refining anomalous
masks and improving the overall quality of mask generation.

To understand the impact of the Nodule Spotter on the
overall framework’s performance, we artificially created
multiple detection regions with different IoU values com-
pared to ground truth masks. We consistently found that
higher detection Acc led to better diagnostic outcomes.
As illustrated in Figure 4(a), these findings highlight the
importance of evidence-based quantitative analysis over
experience-driven qualitative assessments in multimodal di-
agnostic contexts, thereby affirming the effectiveness of our
proposed framework.

We conducted an ablation study to assess how varying the
number of medical agents influences the DAS’s Acc in grad-
ing malignancies, as illustrated in Figure 4(b). The findings
show that Acc increased with additional agents, peaking at
five agents, after which the performance became inconsis-
tent (Xiong et al. 2023). This trend suggests that a broader
range of perspectives enhances diagnostic reasoning up to an
optimal point. Beyond this threshold, the inclusion of more
agents may introduce redundancy or minor inconsistencies,
leading to fluctuations in performance. Consequently, we de-
termined that deploying five medical agents strikes the ideal
balance between robust diagnostic performance and compu-
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Method PrivateA PrivateB LIDC-IDRI

LLM-score LungDLC Pos QA Neg QA LLM-score LungDLC Pos QA Neg QA LLM-score LungDLC Pos QA Neg QA
G

en
er

al
is

t GPT-4o 88.1 71.8 68.3 75.3 87.2 68.2 66.5 69.8 90.1 73.2 70.1 76.3
Claude 3.7 Sonnet 86.9 65.6 58.8 72.3 86.5 64.3 55.2 73.3 88.6 65.9 59.2 72.6
Qwen2.5-VL-7B△ 80.2 54.3 41.4 67.2 78.2 56.3 48.2 64.5 82.5 60.3 50.1 70.4

InternVL3-8B 77.2 56.3 43.8 68.9 75.8 54.6 41.9 67.4 77.5 61.8 54.9 68.7
LLaVA3.2-11B□ 83.1 58.1 46.1 70.2 81.7 60.3 52.8 67.8 84.2 62.3 55.8 69.8

M
ed

ic
al

A
ge

nt MedGemma-27B 87.3 75.6 76.0 75.2 87.0 76.2 73.7 78.6 87.7 75.2 74.0 76.4
MedR1-3B 82.1 64.5 55.4 73.5 80.5 61.1 49.9 72.3 83.3 67.2 62.7 71.7

MedAgent-Pro 86.9 70.4 62.7 78.1 85.6 68.8 63.0 74.6 87.2 70.0 66.8 73.2
MedAgents 83.6 65.2 55.7 74.7 82.6 63.7 54.1 73.3 84.0 68.5 61.3 75.7
MDAgent 77.8 63.3 54.5 72.1 81.3 60.5 48.6 72.5 82.6 63.2 52.8 73.7

LLaVA-Med 77.6 58.3 50.1 66.5 80.2 58.9 47.5 70.2 82.1 61.5 53.3 69.6

O
ur

s LungNoduleAgent 86.9 80.5 77.3 83.7 86.2 79.5 73.6 85.4 88.5 83.1 81.6 84.6
Qwen-2.5-VL-7B△ +6.7 +26.2 +35.9 +16.5 +8.0 +23.2 +25.4 +20.9 +6.0 +22.8 +31.5 +14.2
LungNoduleAgent 87.6 81.9 81.6 82.2 89.8 80.3 76.1 84.5 89.3 83.5 82.1 84.9
LLaVA3.2-11B□ +4.5 +23.8 +35.5 +12.0 +8.1 +20.0 +23.3 +16.7 +5.1 21.2 +26.3 +15.1

Table 1: CT report generation results on three datasets. The best and second-best results are bolded and underlined, respectively.
△,□ correspond to the base models of our LungNoduleAgent for comparisons, and + shows the improvements between them.

Method PrivateA PrivateB LIDC-IDRI

Acc F1 Acc F1 Acc F1

G
en

.

GPT-4o 46.2 39.7 41.2 56.2 64.1 76.7
Claude 3.7 Sonnet 33.1 35.6 34.2 39.8 62.3 68.7
Qwen2.5-VL-7B△ 31.4 35.4 31.1 36.8 56.5 60.2
InternVL3-8B 36.1 39.8 35.3 44.6 58.3 60.8
LLaVA3.2-11B□ 35.6 40.3 36.7 45.2 59.1 61.2

M
ed

.

MedGemma-27B 62.3 68.3 60.2 70.6 73.2 68.6
MedR1-3B 52.3 62.7 48.9 58.6 67.6 73.5
MedAgent-Pro 60.2 65.9 60.1 71.9 72.6 74.1
MedAgents 54.3 64.2 52.3 60.1 65.3 58.2
MDAgent 45.6 52.1 43.9 56.5 66.7 63.2
LLaVA-Med 39.3 38.2 40.7 45.9 62.5 65.8

O
ur

s LungNoduleAgent 85.8 82.1 80.6 75.6 88.5 84.1
Qwen2.5-VL-7B△ +54.4 +46.7 +49.5 +38.8 +32.0 +23.9
LungNoduleAgent 86.7 88.9 81.2 80.3 89.1 87.1
LLaVA3.2-11B□ +51.1 +48.6 +44.5 +35.1 +30.0 +25.9

Table 2: Malignancy prediction results on three datasets.
The best and second-best results are bolded and underlined,
respectively. △,□ correspond to the base models of our
LungNoduleAgent for comparisons, and + shows the im-
provements between them.

NS SR DAS Acc(%) LungDLC

- - ✓ 62.1 57.9
✓ ✓ - 66.7 88.9
✓ - ✓ 75.1 67.3
✓ ✓ ✓ 86.7 88.9

Table 3: Ablation study on different module combinations.
The best and second-best results are bolded and underlined,
respectively. Abbreviations: Nodule Spotter (NS), Simulated
Radiologist (SR), Doctor Agent System (DAS).

tational efficiency in our system’s analyses.

MoE Clustering Judge Panel mAP(%) F1(10−2)

✓ - - 67.1 64.3
✓ ✓ - 71.6 71.3
✓ ✓ ✓ 79.3 83.5

Table 4: Ablation study on the effect of MoE, Cluster-
ing, and Judge Panel. The best and second-best results are
bolded and underlined, respectively.
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Figure 4: (a): Ablation study on the influence of nodule de-
tection Acc on malignancy grading. (b): Ablation study on
the impact of the number of medical agents in the DAS on
nodule malignancy grading.

Conclusion
We introduce LungNoduleAgent, a novel multi-agent sys-
tem designed to mimic the clinical workflow of lung nod-
ule diagnosis in CT scans. Our framework is specifically tai-
lored to produce accurate malignancy grading and detailed
CT reports, proving the significance of region-level seman-
tic alignment and multi-agent collaboration in diagnosing
nodules. Compared to existing VLMs and medical agents,
our framework shows superior performance and remarkable
generalization capabilities. Ablation studies further validate
the effectiveness of each component within the system.
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