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Abstract. Deep learning methods face dual challenges of limited clini-
cal samples and subtle inter-class differences among Diffuse Cystic Lung
Diseases (DCLDs) when performing multi-class diagnosis from Com-
puted Tomography (CT) imaging. Although Multimodal Large Language
Models (MLLMs) exhibit promising potential for rare disease diagnosis,
their performance is often compromised by insufficient domain-specific
knowledge and the absence of reliable multimodal evidence, leading to
increased hallucination risks. To address these limitations, we propose
DCLDs-RAG, a multimodal retrieval-augmented generation framework
for DCLDs diagnosis. Specifically, DCLDs-RAG integrates: (1) a disease-
specific multimodal corpus of DCLDs cases and a DCLDs knowledge
graph corpus; (2) a visual evidence retrieval learns angular margin-aware
representations with high diagnostic discriminability; and (3) a knowl-
edge–clinical evidence retrieval extracts disease-specific entities and rela-
tional patterns from the DCLDs knowledge graph as conclusive evidence
to support diagnostic reasoning. An MLLM synthesizes retrieved evi-
dence with a query for the final diagnosis. DCLDs-RAG is validated on
the multi-center cohorts that encompass four types of DCLDs, achiev-
ing superior accuracy and generating evidence-based descriptions closely
aligned with expert insights. Code is available at: https://github.com/Li-
Haoqing/DCLDs.

Keywords: Diffuse Cystic Lung Diseases · Retrieval-Augmented Gen-
eration · Multimodal Large Model · Computed Tomography.
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Fig. 1. Representative CT slices examples of four challenging-to-differentiate DCLDs.

1 Introduction

Diffuse Cystic Lung Diseases (DCLDs) comprise a group of rare pulmonary dis-
orders characterized by diffuse cystic on Computed Tomography (CT) [23,11].
Despite distinct etiologies and clinical implications, DCLDs, including Birt-
Hogg-Dubé syndrome (BHD), Lymphangioleiomyomatosis (LAM), Pulmonary
Langerhans Cell Histiocytosis (PLCH), and Lymphocytic Interstitial Pneumo-
nia (LIP), often exhibit highly overlapping radiological appearances, resulting in
subtle inter-class differences and frequent diagnostic ambiguity [11,9].

While deep learning paradigms have reached expert-level diagnostic perfor-
mance [21,25,8], most task-specific models remain heavily predicated on large-
scale annotations, resulting in poor generalization to rare pathologies like DCLDs.
This challenge is compounded by the substantial inter-class visual similarity in
DCLD manifestations, which hinders discriminative models from establishing
robust decision boundaries. Concurrently, the advent of In-Context Learning
(ICL) [5,20,27,6] has empowered Large Language Models (LLMs) to excel in
data-limited medical regimes. Notably, general-purpose models like GPT-4 have
demonstrated the capacity to outperform domain-specific systems (e.g., Med-
PaLM 2) even without task-specific fine-tuning [24,26,1]. These breakthroughs
underscore the potential of Multimodal Large Language Models (MLLMs) as
a promising frontier for diagnosing low-resource DCLDs. However, MLLMs are
susceptible to hallucinations, yielding fluent yet incorrect content [15]. This limi-
tation is amplified in the context of DCLDs due to the lack of specialized medical
knowledge and referential radiological evidence, as illustrated in Fig. 6.

Retrieval-Augmented Generation (RAG) integrates information retrieval and
text generation, leveraging external corpus to enhance MLLMs in knowledge-
intensive tasks [7]. As a typically knowledge-intensive field, RAG is capable of
providing domain-specific knowledge and evidence on DCLDs, addressing the
hallucination inherent in MLLMs [29,12]. However, the rarity of DCLDs and the
limited availability of publicly accessible resources severely constrain the con-
struction of multimodal corpus. Under such conditions, existing RAG approaches
predominantly rely on generic textual retrieval, which often introduces substan-
tial irrelevant or noisy information, rather than providing logically grounded
diagnostic evidence capable of supporting reliable medical reasoning [22,19,32].

To address these challenges, we propose DCLDs-RAG, an evidence-grounded
multimodal retrieval-augmented generation framework tailored for DCLDs diag-
nosis. As shown in Fig. 2, in response to the scarcity of external knowledge to con-
struct the RAG system, we sourced clinical cases of DCLDs from the respiratory
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Fig. 2. An overview of the proposed DCLDs-RAG framework.

department to establish a dedicated DCLD-Corpus. Unlike prior RAG methods
that passively inject retrieved text, DCLDs-RAG explicitly models diagnostic
evidence from two complementary perspectives. First, to overcome the challenge
of optimizing the decision boundary among DCLDs, a visual evidence retriever
expands the angular margin and extract pertinent pairs from the corpus. Second,
a knowledge–clinical evidence retriever systematically mines disease-specific en-
tities and their relational patterns from a DCLDs knowledge graph, transforming
them into structured clinical evidence that explicitly constrains and informs the
diagnostic reasoning process. DCLDs-RAG is validated on the multi-center co-
horts encompassing four types of DCLDs, demonstrating superior accuracy and
generating evidence-based descriptions consistent with expert assessments.

2 Methodology

2.1 DCLDs-Corpus and Knowledge Graph Construction

To support DCLDs-RAG, we construct a multimodal DCLDs-corpus and a
disease-specific knowledge graph, serving as the retrieval source for both visual,
knowledge and clinical evidence.

DCLDs Image–Description Corpus. It is essential to gather extensive
image-description paired examples. We extract representative CT slices from
three views, i.e., coronal, sagittal, and transverse, denoted as {It, Is, Ic}. Each
slice is required to contain diagnostically relevant cystic lesions. Moreover, GPT-
4-turbo [1] is employed to generate initial radiological descriptions, which are
subsequently reviewed and refined by respiratory medicine experts to ensure di-
agnostic accuracy and logical consistency, as shown in Fig. 2 (a). The descriptions
{Tt, Ts, Tc} generated by experts-assisted MLLM are paired with the correspond-
ing images to construct the corpus {Icorpus, Tcorpus} = {(It, Tt), (Is, Ts), (Ic, Tc)}.
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Fig. 3. The proposed Evidence-Grounded Multimodal Retriever. DCLDs-RAG
grounds MLLM reasoning on explicit diagnostic evidence from two complementary
sources. DCLDs-RAG retrieves visual evidence from the disease-specific multimodal
corpus and knowledge-clinical evidence from the DCLDs knowledge graph.

DCLDs-corpus is designed to emphasize distinctive DCLDs features, providing
fine-grained comparative analyses to reduce domain knowledge ambiguity.

DCLDs Knowledge Graph Corpus. We construct a DCLDs knowledge
graph corpus to provide structured knowledge and clinical evidence for reason-
ing. Built from expert-refined descriptions, the graph ensures all elements are
clinically grounded. Disease-related concepts are normalized into entities e ∈ E,
covering DCLDs subtypes, lesion characteristics, anatomical location and clini-
cal information, etc. To support semantic retrieval, each entity is encoded into a
dense embedding v. Based on diagnostic semantics within the same description
context, typed relations r ∈ R are established between entity pairs, where each
relation is represented as a triple (eh, r, et), where eh and et denote the head and
tail entities. Formally, the DCLDs knowledge graph is defined as:

G = {(ej ,vj)
|E|
j=1} ∪ {(eh, r, et)|eh, et ∈ E, r ∈ R}, (1)

2.2 Evidence-Grounded Multimodal RAG

Visual Evidence Retrieval with Angular Margin Learning Visual evi-
dence retrieval aims to identify the minimal corpus subset that exhibits imaging
phenotypes consistent with the query [4]. However, due to the substantial visual
overlap among different DCLDs subtypes, vanilla cosine similarity strategies fail
to reliably disentangle fine-grained patterns in the embedding space.

We formulate visual retrieval as a metric learning with angular margin [16,18],
as illustrated in Fig. 3 (b). Both positive and negative samples are matched
within the same anatomical view. Positive pairs, e.g. (Iic, I

j
c ), are constructed

by randomly sampling different CT slices from the same class, while negative
pairs, e.g. (Iic, I

j
c′), are generated from different classes. The embedding yic is the

output of the visual retriever encoder R.
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Due to the substantial overlap of imaging features among the DCLDs sub-
types, conventional approaches based on cosine similarity and Softmax struggle
to achieve precise discrimination, as evidenced in Table 1. To explicitly enhance
inter-class separability in the angular embedding space, we adopt an angular
margin learning objective that enforces stricter decision boundaries between vi-
sually similar diseases:

L =
1

N

∑
i

− log
exp

(
s
(
cos(yi

c,y
j
c)−m

))
exp

(
s
(
cos(yi

c,y
j
c)−m

))
+
∑

c′ ̸=c exp
(
s cos(yi

c,y
j
c′)

) (2)

where N denotes the number of pairs, cos(.) is the cosine similarity, s is the
scaling factor, and m is the angular margin. This objective enforces compact
intra-class visual evidence while explicitly increasing the angular separation be-
tween DCLDs embeddings, resulting in discriminative visual retrieval space [28].

Knowledge-Clinical Evidence Retrieval We propose a knowledge–clinical
evidence retriever that decomposes diagnostic support into explicit visual evi-
dence, implicit knowledge evidence, and clinical evidence, enabling fine-grained
and interpretable reasoning. We initialize our retrieval by aligning the entities
from imaging Tfind and clinical information Tclin into a set of unified seed nodes
vseed = {vf , vc}. This serves as the anchor for distilling diagnostic evidence
through three mutually reinforcing scoring functions.

A key challenge in medical synthesis is the prevalence of non-informative com-
monalities. To suppress non-specific findings and emphasize disease-discriminative
nodes, we introduce specific paths score for prioritizing high-specificity imaging
phenotypes. Explicit visual evidence is quantified by:

Sv(vf ) =
α√

max (|Ndis(vf )|, 1)
, (3)

where Ndis(vf ) denotes the set of diseases directly adjacent to vf , α is the weight.
By assigning higher scores S to paths conveying rare but highly diagnostic infor-
mation, we identify a subset of paths pf that represent explicit visual evidence
Ef (pf , Cf ), where C parameterizes the confidence.

Implicit diagnostic knowledge is encoded in the multi-hop relational structure
of the DCLDs knowledge graph, capturing latent medical associations that are
not explicitly stated in imaging. Implicit knowledge evidence Ek(pk, Ck) is
obtained via constrained graph traversal. Starting from the seeded entity set
Vseed, we enumerate candidate paths that connect imaging-derived entities to
disease nodes within a limited hop depth. Each candidate path pk is evaluated
by a topology-aware scoring function to:

Sk(pk) =
(
w1C̄E + w2C̄D + w3C̄B + w4C̄T

)
· 1

1 + γ · len(pk)
(4)

where C̄E , C̄D, C̄B , C̄T denote the average eigenvector, degree, betweenness, and
triangle-based centrality of nodes along path pk, respectively. The coefficients
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w control the contribution of different topological properties, while γ is the
coefficient for penalizing long inference chains.

Besides structural knowledge, clinical evidence Ec(pc, Cc) (medical regular-
ities and patient-specific clinical attributes) is essential for phenotypically similar
DCLDs diagnosis. We leverage PatientGroup nodes vc, which anchor canonical
clinical profiles Hc (encompassing genetic, smoking, and medical histories, etc.)
within the graph. The clinical matching score quantifies the fitness:

Sc(vc) = λ1I(sex) + λ2I(age) + λ3 |Hinput ∩Hc| , (5)

where I(sex) and I(age) are indicator functions evaluating sex and age compati-
bility, and the H term emphasizes high-specificity clinical cues. This transforms
unstructured clinical descriptions into explicit and computable constraints.

Retrieval-Augmented Generation for DCLDs Diagnosis The top-k image-
description pairs {Itopk, Ttopk} retrieved from the corpus are combined with ev-
idence E = (Ef , Ek, Ec). The objective is to diagnose DCLDs from the query
Q = (Iq, Tq) and generate an accurate response Ã:

{Itopk, Ttopk} = argmax
Itopk∈Icorpus

|Itopk|=k

{
cos

(
R(Iq, Ii

corpus)
)}

, i = 0, . . . , n− 1, (6)

Ã = f(Q;M, Icorpus, Tcorpus) = argmax
A

PM(A | Q, Itopk, Ttopk, E), (7)

where f(.) is the proposed DCLDs-RAG, M denotes the MLLM, Ã and A are
the predicted response and ground truth, respectively.

3 Experiments and Results

Data Curation and Implementation Details CT scans with confirmed
DCLDs diagnoses were collected from The First Affiliated Hospital of USTC,
following histopathological or guideline-based criteria, comprising 141 cases (74
BHD, 25 LAM, 8 PLCH, and 34 LIP; median slice thickness 1.25 mm). These
data are split at patient-level into train / corpus (78 cases) and internal test
set (63 cases). An external test cohort from The Second Xiangya Hospital in-
cludes 80 cases (14 BHD, 33 LAM, 15 PLCH, and 18 LIP). Representative slices
containing typical lesions were selected. The corpus consists of 753, 255, 107,
and 329 slices for BHD, LAM, PLCH, and LIP, respectively, each paired with a
corresponding textual description.

To ensure the response efficiency, ResNet [10] retriever is trained for 500
epochs using AdamW (learning rate 1.0× 10−4, batch size 32). Images are lung-
window normalized and resized to 256 × 256. All experiments were implemented
in PyTorch and conducted on 8 NVIDIA Tesla A100 80 GB GPUs.
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Fig. 4. Performance Comparison of three RAG methods across four MLLMs on the
external test set (four-Class classification).

Table 1. Comparison of four-class DCLDs classification performance (%) on internal
and external test sets. Bold text indicates the best results.

Method Internal Test External Test
Acc. Prec. Rec. F1 Acc. Prec. Rec. F1

ResNet-50 3D [10] 42.86 32.64 26.35 25.63 28.75 38.81 32.55 22.95
DenseNet-121 3D [13] 49.21 24.70 26.70 24.40 28.75 24.41 29.27 23.79
ResNeXt-50 3D [30] 53.97 25.84 32.69 28.77 37.50 27.61 34.51 28.82
M3T [14] 47.62 14.71 22.06 17.65 20.00 17.83 27.70 16.41
MedicalNet-50 [2] 52.38 37.36 37.63 36.65 22.50 21.37 24.22 20.10
LLaVA-Med [17] 53.97 13.49 25.00 17.53 17.50 4.38 25.00 7.45
Ours (Qwen-VL-Max [31]) 85.71 87.41 80.08 80.68 63.75 61.25 60.17 58.48
Ours (Claude-opus-4.5) 90.48 91.15 83.82 84.82 48.75 56.53 50.85 47.77
Ours (GPT-5.2) 92.06 95.29 92.19 92.89 68.75 68.00 66.72 64.57
Ours (Gemini-2.5-Pro [3]) 95.24 96.53 95.31 95.61 66.25 68.44 67.31 64.02

Qualitative and Quantitative Results As summarized in Table 1 and Fig. 4,
DCLDs-RAG consistently outperforms all the baselines on both internal and ex-
ternal test sets. On the internal cohort, DCLDs-RAG (Gemini-2.5-Pro) achieves
the best performance (95.24 % accuracy, 95.61% F1-score), substantially sur-
passing the strongest discriminative model MedicalNet-50. On the external test
set, where domain shift is present, DCLDs-RAG maintains clear superiority over
all baselines. While standard 3D models exhibit severe performance degradation,
DCLDs-RAG preserves robust accuracy and F1-score, demonstrating strong gen-
eralization enabled by explicit visual and knowledge–clinical evidence grounding.

Fig. 5 (a) illustrates the one-vs-rest binary classification performance for
BHD, LAM, PLCH, and LIP. Across four tasks, DCLDs-RAG consistently achieves
more balanced performance than baselines. These results indicate that evidence-
grounded DCLDs-RAG integration improves class-wise robustness and mitigates
prediction bias induced by overlapping cystic patterns. Fig. 6 illustrates that
DCLDs-RAG overcomes baseline hallucinations to achieve accurate diagnosis
via robust evidence grounding. This qualitative performance corroborates the
improvements in both accuracy and reliability.
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(b)

(c)(a)

Fig. 5. (a) Comparison of four binary classification on the external test set, (b) influ-
ence of top-k visual evidence and (c) knowledge-clinical on DCLDs-RAG.

Table 2. Ablation study of retrievals on four-class DCLDs classification.

Visual Evidence K-C Evidence Acc. (%) Prec. (%) Rec. (%) F1 (%)
(Disabled) 63.49 42.28 53.48 44.69
(Enabled) 68.25 53.37 57.22 54.19

90.48 96.25 90.62 92.20
92.06 95.29 92.19 92.89

Ablation Study Table 2 presents an ablation study analyzing the contribu-
tions of visual evidence and knowledge–clinical (K-C) evidence. Removing either
component leads to a noticeable performance drop, while discarding both causes
a substantial degradation (from 92.06 % to 63.49 % accuracy). Notably, using K-
C evidence alone yields a significantly larger improvement than visual evidence
alone, underscoring the importance of implicit knowledge reasoning and clinical
population priors for DCLDs differentiation. The full approach integrates both
evidence sources, achieves the best performance, confirming that visual cues and
knowledge–clinical reasoning are complementary rather than redundant. These
results highlight that robust diagnosis of rare lung diseases with subtle visual
differences necessitates evidence-grounded reasoning that integrates visual sim-
ilarity with structured medical knowledge and clinical context.

4 Conclusion

DCLDs-RAG supports evidence-grounded MLLM diagnosis of DCLDs by inte-
grating visual evidence, clinical knowledge. Multi-center evaluations show im-
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Answer: Lymphangioleiomyomatosis (LAM)

Explanation: 

Chest CT shows diffuse bilateral multiple thin-walled pulmonary cysts with relatively uniform 

size and predominantly round to ovoid morphology. The cysts are widely distributed throughout 

both lungs without zonal predominance. No associated nodules, ground-glass opacities, or 

interlobular septal thickening are identified. The imaging appearance is most consistent with LAM.

Answer: Birt–Hogg–Dubé Syndrome (BHD)

Explanation:

Chest CT demonstrates multiple bilateral thin-walled pulmonary cysts of variable sizes with 

irregular configuration, predominantly involving the perimediastinal and subpleural regions. 

The distribution pattern differs from the diffuse, uniformly sized cysts typically seen in LAM. No 

imaging features suggestive of PLCH (e.g., smoking-related nodules or cyst–nodule combinations) or 

LIP (e.g., ground-glass opacities, small nodules, or interstitial thickening) are observed. There is a 

documented history of spontaneous pneumothorax. The findings are most consistent with BHD.
DCLDs-RAG

GPT-5.2Query Image (BHD)

Question

An 81-year-old female patient with 

no smoking history and no prior 

history of pneumothorax, but with a 

family history of pulmonary bullae. 

Chest CT demonstrates multiple 

cystic lesions in both lungs……

An 81-year-old female patient with 

no smoking history and no prior 

history of pneumothorax, but with a 

family history of pulmonary bullae. 

Chest CT demonstrates multiple 

cystic lesions in both lungs……

Fig. 6. Qualitative comparison of DCLDs-RAG and GPT-5.2 diagnoses. Errors and
hallucinations are highlighted in red, while evidence-grounded diagnosis are in blue.

proved accuracy, interpretability, and hallucination control. Future work will fo-
cus on disease-aware retrieval policies that adaptively balance visual and clinical
evidence under diagnostic ambiguity.
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