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Abstract. Diffuse Cystic Lung Diseases (DCLDs) comprise a group
of rare pulmonary disorders with heterogeneous morphological patterns
and overlapping imaging manifestations, posing a significant challenge
for differential diagnosis. Although Multimodal Large Language Mod-
els (MLLMs) have shown promising zero-shot capabilities for DCLDs
recognition, their limited context length prevents them from processing
the entire CT scan, and the resulting incomplete spatial perception of-
ten leads to prediction hallucinations, characterized by poor accuracy
and interpretability. To address these problems, we propose an inter-
pretable MLLM-driven diagnostic reasoning framework for DCLDs in-
spired by the clinical workflow. To enable effective utilization of CT
images, we design a Global Spatial Perception (GSP) strategy that
projects critical 3D lesion characteristics into compact 2D representa-
tions, preserving essential spatial distribution and morphology infor-
mation while substantially reducing input context. Furthermore, we in-
troduce a Multistep Self-Verification Reasoning (MSVR) mech-
anism that guides the model to identify and validate discriminative
visual evidence from representative axial slices, iteratively refining di-
agnostic probabilities and enhancing interpretability. We construct a
large-scale, multi-center dataset comprising diverse DCLDs subtypes and
conduct extensive experimental evaluations. Our method achieves a di-
agnostic accuracy of 82.5%, significantly outperforming state-of-the-
art approaches, while ablation studies confirm the contribution of each
key component. These results demonstrate the feasibility and clinical
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Fig. 1. Representative 3D renderings and axial slices of four DCLDs subtypes.

potential of MLLMs for reliable DCLDs diagnosis. Code available at
https://github.com/JQW2006/dcld-gsp-msvr.
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1 Introduction

Diffuse cystic lung diseases (DCLDs) constitute a spectrum of rare pulmonary
disorders characterized by multiple cystic lesions within the lung parenchyma,
primarily encompassing Birt-Hogg-Dubé Syndrome (BHD), Lymphangioleiomy-
omatosis (LAM), Pulmonary Langerhans Cell Histiocytosis (PLCH), and Lym-
phocytic Interstitial Pneumonia (LIP) [1–3]. Despite distinct pathogenesis, these
subtypes exhibit highly similar cystic appearances on chest CT, rendering differ-
ential diagnosis exceedingly difficult [4]. Accurate diagnosis critically depends on
cross-scale imaging analysis: macroscopic three-dimensional spatial distribution
of cysts throughout the lung, and microscopic morphological features on indi-
vidual slices, including wall thickness, shape, and relationships with bronchovas-
cular bundles [5, 1]. This simultaneous demand for global spatial reasoning and
local morphological discrimination renders DCLDs one of the most challenging
differential diagnostic tasks in radiology (Fig. 1).

Recent years have witnessed significant advances in deep learning for au-
tomated pulmonary disease diagnosis, yet notable bottlenecks persist in the
DCLDs setting. As a rare disease spectrum, DCLDs suffer from extremely lim-
ited high-quality annotated data, causing end-to-end supervised models to overfit
severely and generalize poorly [6]. Meanwhile, the absence of publicly available
cyst segmentation datasets and mature pretrained models impedes the construc-
tion of robust diagnostic systems based on lesion-level feature modeling. Multi-
modal Large Language Models (MLLMs) [7–11], empowered by large-scale med-
ical knowledge and vision-language alignment training, offer a promising alter-
native through their strong zero-shot and few-shot reasoning capabilities [12].
Recent agent-based approaches have further extended MLLMs with tool-use
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and iterative reasoning, achieving strong performance on chest X-ray interpreta-
tion [13, 14] and 3D CT question answering [15]. Nevertheless, existing MLLMs
face a fundamental challenge when processing volumetric CT data: limited
context length. Directly inputting an entire CT volume (typically 300∼500
slices) incurs severe context explosion, whereas naïve sparse sampling disrupts
the overall spatial distribution of lesions, preventing the model from forming
reliable global perception and substantially increasing reasoning instability and
prediction hallucinations, which manifest as low diagnostic accuracy and poor
interpretability [16–19].

Inspired by the clinical imaging diagnostic workflow, we propose an inter-
pretable MLLM-driven diagnostic reasoning framework for DCLDs. Clinicians
interpreting DCLDs typically follow a cognitive pathway of “first assessing over-
all spatial distribution, then locally verifying key morphological features” [5, 3]:
they survey whole-lung images to identify cyst distribution patterns, scrutinize
cyst morphology on representative slices, and ultimately integrate clinical in-
formation to reach a conclusion. Drawing on chain-of-thought reasoning [20, 21]
and self-verification strategies [22–24], our framework is driven by two synergis-
tic components. First, Global Spatial Perception (GSP) segments the lungs
and DCLDs-related lesions and projects critical 3D lesion information into com-
pact 2D representations, substantially reducing input context while preserving
spatial distribution patterns and cyst morphology. Second, Multistep Self-
Verification Reasoning (MSVR) guides the model to actively retrieve and
analyze the most diagnostically informative axial slices, progressively mining
and verifying key visual evidence, including wall thickness, morphological differ-
ences, and distribution regions, while dynamically refining diagnostic probabili-
ties to achieve an interpretable reasoning process [21]. This design avoids context
explosion and endows the model with hierarchical reasoning capabilities anal-
ogous to those of human radiologists. Furthermore, we construct a large-scale,
multi-center DCLDs dataset with pixel-level cyst annotations to systematically
evaluate the generalization of our framework under realistic clinical conditions.
Extensive experiments demonstrate that our method significantly outperforms
existing state-of-the-art approaches in diagnostic accuracy, stability, and inter-
pretability, confirming the potential of MLLMs for intelligent diagnosis of com-
plex rare diseases such as DCLDs.

2 Methodology

2.1 Framework Overview

Given a CT volume X ∈ RD×H×W and clinical metadata c, we formulate DCLDs
diagnosis as an interpretable self-verification reasoning process that emulates
the radiologist’s cognitive pathway: first assessing global spatial distribution,
then locally verifying key morphological features. The framework obtains cyst
and lung segmentation masks via dedicated models [25, 26] and fuses them into
an anatomical label map L. Two core stages follow: (1) Global Spatial Per-
ception (GSP) renders L into a compact 3D visualization o3D and queries
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Fig. 2. Overview of the proposed framework.

the MLLM M to form an initial diagnostic hypothesis p(0), addressing spatial
understanding under limited context length; (2) Multistep Self-Verification
Reasoning (MSVR) takes p(0) as starting hypothesis and iteratively retrieves
informative slices, verifies morphological evidence, and refines diagnostic proba-
bilities until confidence exceeds τ or reports uncertainty after T rounds (Fig. 2).
Algorithm 1 details the full procedure.

2.2 Global Spatial Perception (GSP)

Differential diagnosis of DCLDs relies heavily on the three-dimensional spatial
distribution of cysts, yet directly inputting D (≈ 300 ∼ 500) slices exceeds the
context window of typical MLLMs. GSP overcomes this limitation by compress-
ing 3D lesion spatial information into a single compact rendering while preserving
key diagnostic cues.

GSP takes the fused label map L as input and applies surface rendering [27] to
extract cyst and lung boundary surfaces, producing a coronal-view rendering o3D.
Cysts appear as solid structures within transparent lung wireframes, compressing
distribution patterns, size heterogeneity, and spatial density into a single image
instead of O(D) slices. We append a slice-index axis aligned with the DICOM
z-order to establish a spatial mapping between the 3D rendering and individual
axial slices. This axis transforms the rendering into a navigation map that enables
MSVR to precisely locate target slices for hypothesis-driven retrieval.

Upon obtaining o3D, the MLLM M receives the rendering along with clinical
metadata c, performs 3D spatial analysis, and outputs an initial diagnostic pos-
terior p(0) over the DCLDs subtypes. This initial posterior serves as the starting
hypothesis for MSVR, providing a concrete direction for evidence retrieval.
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Algorithm 1 Interpretable Self-Verification Reasoning for DCLDs Diagnosis.
Require: CT volume X; clinical metadata c; label set Y = {BHD,LAM,PLCH,LIP};

cyst segmentation model Fcyst; lung segmentation model Flung; MLLM M; slice
budget M ; max iterations T ; confidence threshold τ .

Ensure: diagnosis ŷ ∈ Y ∪ {Uncertain}, confidence C, evidence E = {o3D} ∪
⋃

t o
(t)
2D.

1: Mcyst ← Fcyst(X), Mlung ← Flung(X) ▷ segmentation
2: L←Mcyst ⊕Mlung ▷ mask fusion
3: o3D ← GlobalSpatialPerception(L) ▷ 3D rendering
4: p(0) ←M(o3D, c) ▷ initial posterior
5: H ← {o3D, c, p

(0)} ▷ initial history
6: for t = 1 to T do ▷ MSVR loop
7: S(t) ←M(H; M) ▷ hypothesis-driven slice retrieval (≤M)
8: o

(t)
2D ← {Xk}k∈S(t) ▷ 2D evidence slice extraction

9: p(t) ←M(H, o(t)2D) ▷ self-verification & posterior update
10: H ← H∪ {S(t), o

(t)
2D, p

(t)} ▷ history update
11: C ← maxy∈Y p(t)(y) ▷ confidence score
12: if C ≥ τ then
13: break
14: end if
15: end for
16: if C ≥ τ then
17: ŷ ← argmaxy∈Y p(t)(y)
18: else
19: ŷ ← Uncertain ▷ unresolved after T iterations
20: end if
21: return ŷ, C, E

2.3 Multistep Self-Verification Reasoning (MSVR)

Global spatial perception alone is insufficient for a reliable diagnosis, as DCLDs
differentiation further requires verifying fine-grained morphological features on
axial slices, including wall thickness, cyst shape, and their relationships with
bronchovascular bundles. MSVR implements an iterative evidence-gathering and
verification process: the model actively seeks evidence guided by its current hy-
pothesis and verifies or revises that hypothesis at each step, producing transpar-
ent reasoning chains with probability updates throughout.
Hypothesis-Driven Slice Retrieval. At each iteration, the MLLM formu-
lates a retrieval strategy based on the current posterior p(t−1) and accumulated
reasoning history H, selecting slices according to subtype-specific diagnostic cri-
teria. The model outputs a sparse index set S(t) (|S(t)| ≤ M), leveraging the
slice-index axis established by GSP to precisely locate target positions, and ex-
tracts the corresponding 2D evidence slices o

(t)
2D for morphological analysis. Un-

like uninformative uniform sampling, this strategy enables targeted examination.
For example, suspecting BHD triggers the retrieval of basal-subpleural slices to
verify flattened, thin-walled cysts (Fig. 2).
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Table 1. Quantitative comparison of 4-class DCLDs diagnosis on internal and external
cohorts. Bold text indicates the best results.

Method Input Center A (Internal) Center B (External)

Accuracy mF1 Accuracy mF1

Supervised Deep Learning Baselines
ConvNeXt-S [28] 3D Render 76.4 69.6 59.2 53.0
ResNet-18 [29] 3D Render 71.4 56.7 54.0 48.5
ResNet-50-3D [29] 3D Vol. 56.4 34.6 26.0 19.6
DenseNet-121-3D [30] 3D Vol. 57.9 42.8 39.0 29.6
ResNeXt-50-3D [31] 3D Vol. 60.0 38.2 25.7 20.0
ResNeXt-50-3D [31] 3D Vol.+Mask 65.0 46.8 33.8 26.4

Medical MLLMs
LLaVA-Med [7] 2D×15+Clin. 52.6 17.2 17.5 7.5
M3D-LaMed [8] 3D Vol.+Clin. 51.7 17.0 14.6 6.4

Ours
Claude-sonnet-4.5 3D Vol.+Clin. 75.9 71.5 67.5 66.9
GPT-5.2 3D Vol.+Clin. 78.8 75.6 67.5 66.7
Gemini-3-Pro 3D Vol.+Clin. 87.6 82.9 73.8 72.3

Abbreviations: 3D Render (3D Rendering), 3D Vol. (3D Volume), 2D×15 (5 Slices/View),
+Clin. (With Clinical Metadata), mF1 (Macro F1-Score). All metrics reported in %.

Self-Verification and Posterior Update. After retrieval, the MLLM per-
forms self-verification by evaluating the observed morphological features against
the current hypothesis. Confidence increases when 2D evidence supports the
hypothesis (e.g., thin-walled flattened cysts confirmed in basal regions). Con-
versely, if the evidence is contradictory (e.g., unexpectedly thick-walled cysts
violating BHD criteria), the model revises its differential diagnosis and shifts
its verification targets in the subsequent iteration. This process is formalized as
posterior update p(t) = M(H, o

(t)
2D), with confidence C = maxy∈Y p(t)(y). The

loop terminates when C ≥ τ ; cases not reaching τ after T rounds are reported as
uncertain. This closed-loop self-verification mitigates prediction hallucinations
by preventing premature commitment to erroneous reasoning paths. Moreover,
it provides a traceable evidence chain for the final diagnostic conclusion.

3 Experiments and Results

Data Curation and Implementation Details. CT scans with confirmed
DCLDs diagnoses were collected from two centers following histopathological
or guideline-based criteria, comprising 217 cases (BHD 86, LAM 57, PLCH
23, LIP 51; median slice thickness 1.25 mm) with pixel-level cyst annotations.
Center A (137 cases) serves as the internal cohort and Center B (80 cases)
as the external test set. All supervised methods are trained on Center A us-
ing patient-level 5-fold cross-validation. Our cyst segmentation model, nnU-Net
v2 [25] (3d_fullres, ResEnc L), trained on Center A with 5-fold cross-validation,
achieves Dice=0.90 on Center B. Default settings: M=4, T=2, τ=0.9. Three
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(b)
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Fig. 3. (a) Per-subtype binary classification on the external test set. (b) Impact of slice
budget M on performance and efficiency. (c) Impact of max iterations T on performance
and uncertainty rate.

MLLM backbones are evaluated: Claude-sonnet-4.5, GPT-5.2, and Gemini-3-Pro
(temperature= 0.1). GSP employs Marching Cubes [27] with mesh decimation
and 1024×1024 off-screen PyVista [32] rendering.
Quantitative and Qualitative Results. Table 1 summarizes the results.
Our framework with Gemini-3-Pro achieves the best accuracy on both cohorts
(87.6%/73.8%), surpassing the strongest supervised baseline (ConvNeXt-S)
by +11.2/+14.6 points. Supervised methods suffer severe cross-center degra-
dation, whereas our framework maintains stable performance, demonstrating
generalization akin to physician-level reasoning. Notably, ConvNeXt-S trained
on 3D renderings outperforms all standard 3D volumetric models, confirming the
inherent discriminative power of the GSP representation. Medical MLLMs fail at
differentiation (mF1<18%), as they lack pretraining on pulmonary cysts and can-
not recognize them. Fig. 3(a) shows per-subtype binary results; our framework
achieves the largest radar area across all four subtypes. Fig. 4 presents a quali-
tative comparison: given clinical metadata suggestive of BHD, standard Gemini-
3-Pro produces hallucinated diagnoses biased by clinical priors. Our framework
overcomes this through self-verification by retrieving axial slices and identify-
ing morphological evidence that contradicts BHD and confirms LAM with high
confidence.
Parameter Study. For the slice budget M (Fig. 3(b)), M=2 provides insuffi-
cient morphological evidence while M≥8 inflates context without commensurate
gains and introduces noise that triggers hallucinations; M=4 achieves the opti-
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Table 2. Ablation study on key components.

Configuration GSP Retrieval Iter. Clin. Accuracy Precision Recall mF1

Full framework ✓ Hyp.-driven ✓ ✓ 82.5 81.8 79.0 80.0

w/o GSP ✗ Uniform ✓ ✓ 49.8 54.8 46.9 49.1
w/o MSVR ✓ ✗ ✗ ✓ 71.9 73.0 69.9 70.8
w/o Iteration (T=1) ✓ Hyp.-driven ✗ ✓ 77.4 77.0 73.4 74.7
w/o Clinical ✓ Hyp.-driven ✓ ✗ 74.2 73.2 68.6 70.0

Abbreviations: Hyp.-driven (Hypothesis-Driven), Uniform (Uniformly sampling M slices from
each of 3 views), Iter. (Iterative Reasoning Loop), Clin. (Clinical Metadata), mF1 (Macro

F1-Score). All metrics are computed over both centers combined and reported in %.

mal balance between performance and efficiency. For max iterations T (Fig. 3(c)),
increasing from 1 to 2 yields +5.1% accuracy and +5.3% mF1 with uncertainty
dropping sharply from 12.0% to 3.2%. Beyond T=2, performance plateaus; the
remaining uncertain cases involve patients with extremely sparse cysts. The sys-
tem appropriately refuses to commit a diagnosis rather than forcing incorrect
predictions, demonstrating reliable self-awareness.
Ablation Study. Table 2 validates each component. GSP is the most critical
module: its removal causes accuracy to drop from 82.5% to 49.8%, as the model
loses both global spatial understanding and the slice-index navigation map re-
quired for hypothesis-driven retrieval, degenerating to uninformative uniform
sampling that fails to capture subtype-specific distribution patterns. Removing
MSVR reveals that global perception alone is insufficient, as fine-grained 2D
morphological verification is necessary to distinguish subtle differential features
invisible in the 3D rendering. The iterative self-verification loop further enhances
performance by enabling the model to revisit and correct initial hypotheses when
subsequent evidence contradicts them, effectively preventing reasoning halluci-
nations. Clinical metadata provides complementary discriminative value.

4 Conclusion

We present an interpretable MLLM-driven framework for DCLDs diagnosis that
addresses the context-length bottleneck via Global Spatial Perception and Mul-
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tistep Self-Verification Reasoning, emulating radiologists’ hypothetico-deductive
workflow. On 217 multi-center cases, the framework achieves 82.5% overall accu-
racy, significantly outperforming supervised and MLLM baselines, with ablations
confirming the criticality of GSP (∆Acc=–32.7%) and MSVR (∆Acc=–10.6%).
We also contribute the first pixel-level annotated multi-center DCLDs dataset
and a dedicated cyst segmentation model (Dice=0.90). Current limitations in-
clude: GSP employs only coronal-view rendering, which inevitably introduces
occlusion of overlapping structures; and the model’s slice index selection relies
entirely on prompt guidance and its inherent visual reasoning capability without
task-specific fine-tuning. Future work will explore multi-view rendering and rein-
forcement learning-based retrieval optimization to further enhance performance.
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