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Abstract. Explainable foundation models in radiology are fundamen-
tally limited by the lack of datasets with structured multi-tier annotations
(i.e., descriptive prompts, infection/lobar masks, and bounding boxes),
which are critical for learning clinically grounded temporal, causal, and
diagnostic reasoning. While accurate data realization offers a potential
solution, existing data generation approaches either rely on large-scale
supervised training or generate raw data without the structured multi-tier
annotations. To overcome these limitations, we propose PromptMedCT,
the first LLM-guided, training-free disease realization framework that
bridges clinical semantics with anatomical constraints to synthesize lung
CT scans with multi-tier annotations. The proposed framework can be
operated in two modes: a prompt mode for high-fidelity synthesis (as a
domain-specific GPT) and a parametric mode for large-scale data gen-
eration with multi-tier annotations. Using the proposed PromptMedCT
framework (with parametric mode), we construct a dataset comprising
10K 2D C'T scans with comprehensive multi-tier annotations. We validate
the realism and effectiveness of our framework through a two-step valida-
tion strategy that combines comprehensive quantitative and qualitative
evaluations. Quantitatively, we perform synthetic-to-real generalization by
training a vision—language model on our generated data and testing it on
real clinical datasets, achieving 59.22% DICE and 42.46% IoU. For further
qualitative evaluation, we perform a medical expert review in which spe-
cialists assess a set of generated data and annotations, with 92% of scans
rated realistic and 79.5% of the prompts accurately described. Finally, a
qualitative comparison against five state-of-the-art domain-specific and
general LLM-based generators shows that our method consistently outper-
forms them in visual realism and multi-tier annotation quality. Additional
implementation details and data resources are available at |GitHub.
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1 Introduction

The rapid advancement of Al-driven medical imaging has transformed radiology,
enabling automated disease staging and computer-aided diagnosis that increas-
ingly approach expert-level interpretation [24J2]T8|. Recent foundation models,
including vision-language models (VLMs) and large language models (LLMs),
exhibit strong multimodal reasoning capabilities driven by language-guided super-
vision [28/4J6]. However, their practical impact in radiology remains constrained
by the scarcity of clinically structured image-text data. In real clinical work-
flows, such as report generation, lesion-level interpretation, and disease staging,
models require rich multi-tier annotated datasets that capture disease evolu-
tion and support clinically grounded reasoning. The absence of such structured
data resources limits the development of deployable systems with significant

performance [7I25/1].
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Fig. 1. Overview of PromptMedCT, a training-free LLM-guided diffusion framework
that generates anatomically consistent lung CT scans with multi-tier annotations.

The manual generation of such datasets is expensive, time-consuming, and
restricted by privacy regulations, significantly limiting large-scale data shar-
ing [32026]. These constraints are particularly critical in lung CT imaging, where
accurate lesion localization and quantitative assessment directly influence prog-
nosis, staging, and treatment planning. Synthetic data generation has therefore
evolved as a promising alternative. Existing approaches include GAN-based syn-
thesis [15], diffusion models [2723], and training-free methods [30]. More recent
text-conditioned diffusion frameworks enable report-guided 3D CT generation
(MedSyn [29]), image-mask co-generation through cross-attention (MedSegFac-
tory [19]), multi-conditioned pathology modeling (mDDPM [I7]), free-text CT
synthesis (Text2CT [12]), and report-conditioned latent diffusion (Report2CT [3]).

Despite advances in semantic alignment and anatomical realism, three critical
limitations still persist: i) reliance on large-scale training data to learn generative
priors, which limits scalability in privacy-constrained domains; ii) limited explicit
parametric control over lesion characteristics such as shape, size, and radiodensity;
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Table 1. Comparison of recent medical imaging data generation frameworks. /=
supported; X= absent; TF: Training-Free. Inputs denote controllability (Parametric,
Text), outputs denote annotation depth (Mask, BBox, Description, Modality).

Reference TF Input (Control) Output

Param. Text Mask BBox Desc. Modality
Yu et al., Biomed. Opt. Ez., 2021 [30] X X X X X 2D Fundus (Retina)
Pinaya et al., MICCAI, 2022 [23] X X X X X 3D Brain MRI
Dorjsembe et al., IEEE-EMBC, 2024 [9] X X X X X 2D Endoscopic Polyp
Xu et al., IEEE-TMI, 2024 |29] X X X X 3D Lung CT
Krishna et al., Phys. Med. Biol., 2025 [I7] X X X X 3D Lung CT
Mao et al., ICCV, 2025 [19] X X X X 2D/3D Med. Img. + Mask
Guo et al., arXiv, 2025 [12] X X X X X 3D Chest CT
Amirrajab et al., arXiv, 2025 [3] X X X X 3D Chest CT
Nazir et al., ICCV, 2025 [21] X X X X 2D Med. Img. (Inpainting)
Jiang et al., IEEE-TBE, 2025 [13] X X X X X 3D Thoracic CT
PromptMedCT (Ours) 2D /3D Lung CT

and iii) the absence of structured multi-tier annotations (including semantic masks,
bounding boxes, and radiology-aligned prompts) required for supervised learning
and vision-language alignment. To our knowledge, no prior framework unifies
training-free generation, structured semantic prompting, and complete multi-tier
annotation within a single controllable pipeline.

To address this gap, we introduce PromptMedC'T, a unified, training-free, LL.M-
guided diffusion framework that integrates natural-language semantic prompting
with explicit parametric control to generate anatomically consistent, clinically
interpretable lung CT scans together with structured multi-tier annotations. Fig-
ure [1) illustrates the overall framework. Table [I| compares recent frameworks with
our PromptMedCT in terms of controllability, annotation depth, and generative
scope. Our key contributions are as follows:

1. We present PromptMedCT, the first LLM-driven, training-free framework
to generate clinically meaningful, structurally accurate lung CT scans along
with multi-tier annotations, effectively addressing data scarcity in medical
radiology (see Section [2| and Supplementary Material: |GitHub).

2. Using the proposed framework, we construct a dataset comprising 10K 2D CT
scans with comprehensive multi-tier annotations (i.e., descriptive prompts,
infection/lobar masks, and bounding boxes).

3. We employ a dual-stage validation strategy combining quantitative synthetic-
to-real benchmarking and expert-driven qualitative evaluation, along with
comparisons to generative and vision-language models (see Table [2] Fig.

and Fig. .

2 Proposed Method

We introduce PromptMedCT, a training-free framework for clinically controllable
lung CT data synthesis with structured multi-tier annotations (Fig. [2). The
pipeline consists of four stages: 1) LLM-Guided Semantic Parsing, which converts
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Fig. 2. Overall design and workflow of the PromptMedCT framework for synthesis of
clinically controllable CT data with structured multi-tier annotations.

radiological prompts into structured disease descriptors; 2) Lobar-Guided Template
Retrieval, selecting anatomically aligned healthy CT slices; 3) Morphological
Synthesis, retrieving and deforming lesion masks from a visual dictionary; and
4) LLM-Guided Diffuser, embedding lesions into CT templates while generating
multi-level annotations. We detail each stage below.

1) LLM-Guided Semantic Parsing: Given a radiological prompt P, we extract
a structured disease descriptor § = {¢, v, 0} capturing three key attributes: i) lobar
distribution ¢ € {L?, R*, B*}, where laterality (left/right/bilateral) is combined
with zonal position z € {u,m, 1} (upper/middle/lower); ii) fractional involvement
a € [0, 1], representing the proportion of affected lung; and iii) opacity severity
§ € R, modeling lesion intensity and spatial diffusion.

These attributes allow explicit control over lesion location, span, and visual
severity during synthesis. To extract 6, we apply LLaMAS [11], adapted with
radiologist-defined templates for domain-specific interpretation. The model maps
the input prompt P (such as “Describe a lung CT scan presenting 40% infection
in the lower lobes with mild spread”) to 6§ = Frum(P), creating the semantic
backbone that maps clinical language to parameterized imaging data generation.
2) Lobar-Guided Template Retrieval: Given the structured descriptor § =
{f,, 8}, we select an anatomically consistent healthy CT slice from a normal
scan dictionary N = {T}}M, (Fig. . The dictionary is pre-organized into
lobar subsets A corresponding to the upper, middle, and lower zones. Template
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selection is based on the availability of ¢:

R(£,N), if £is defined,
Tiop = (]-)
UWN), otherwise,

where R identifies the template T}, that maximizes spatial consistency with the
defined lobar region, and U represents uniform random sampling. This strategy
preserves anatomical coherence when lobar cues are present, while also preserving
variability for under-specified prompts.

3) Morphological Synthesis of Radiologic Pathology: With the given
0 = {{,a,0} and the extracted template Tjop, the morphological synthesizer
generates anatomically consistent lesion patterns (Fig. . A simple segmentation
model LOBE-Net(-) (based on DeepLabV3+ [g]) generates the lobar mask My,
using the extracted CT template Tjop, to define the target synthesis region (i.e.,
Mo, = LOBE-Net(Tiop)). A lesion dictionary D = {P;}}¥, contains prototype
infection patterns. The synthesizer retrieves the prototype whose area best
matches the desired coverage a|Mp|:

Pt = axg yin |A(P;) — ol Migs|| 2)

where A(P;) is the area of the pixels of patch P;. The selected prototype Pj, s is
geometrically matched (translation, rotation, scaling) to M., and its opacity
is modulated by ¢ to approximate radiologic severity. If a single prototype is
insufficient, multiple patches are iteratively selected to approximate the target
coverage:

k k
{Phf Yoy = arg min ZA (P — | M| . (3)

This module operationalizes semantic descriptors into pixel-level pathology
while preserving anatomical coherence and progression consistency.
4) LLM-Guided Diffuser for Data Synthesis with Multi-Tier Annota-
tions: This stage forms the generative core of PromptMedCT. It integrates the
semantic descriptor 6, anatomical template Ti.1,, and synthesized lesion prototype
Py, collectively ¢ = {6, Tiob, Pint}- The output comprises a pathological CT slice
I and structured annotations ) = {Min¢, Mioh, Boox, Peen }-

Within the lobar region M., the lesion prototype is spatially deformed via
a hybrid rigid-elastic warp M (i,7) = [Twarp(Put; 7> @ 6)] (5, ) 1asy, (i, ), where
~ controls geometric deformation. Optimal parameters are obtained by:

v* = arg mﬂ}n A(M) - 04|Mlob|’ + AR(7), (4)

ensuring target coverage with smooth anatomical consistency. Radiologic at-
tenuation and soft boundaries are simulated by diffusing the warped mask
G = M %K, (s, with 0(6) = 0o + kd, and modulating contrast via 3(d) = o + hd.
The synthesized CT image becomes I(i,j) = Tiob(i,5) (1 — B(6)G(i,4)). The



6 M. Owais et al.
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Fig. 3. Illustrative examples of synthetically generated 2D CT scans with corresponding
multi-tier annotations along with expert-based evaluation scores.

infection mask is obtained by thresholding Miu¢(¢,7) = 1[G(4,5) > 74|, and Bpox
is computed as the tight axis-aligned bounding box of Mj,¢. Finally, a radiologist-
style report is generated as Pgen = Frrm (0, Miob, Ming). Overall, the diffuser
performs the controlled transformation (I,v) = Fpig(¢), bridging semantic in-
tent and anatomically consistent lung CT data realization with full pixel- and
text-level supervision.

3 Results

1) Experimental Setup and Evaluation Protocol: We employ a dual-stage
quantitative and qualitative evaluation to assess the realism and effectiveness
of our data generation framework. At first, we construct a dataset of 10K 2D
CT scans with multi-tier annotations (DB-1) using the proposed PromptMedCT
framework under parametric mode. For quantitative evaluation, we perform
synthetic-to-real generalization by training on generated data (DB-1) and testing
on two real-world benchmarks: MedSeg COVID-19 (DB-2) [20] (100 annotated
CT slices) and COVID-19 CT Seg (DB-3) [14] (367 annotated slices), directly
measuring cross-domain generalization. For qualitative evaluation, we conduct
expert assessment to verify diagnostic plausibility and perform a comparison with
state-of-the-art generators to assess visual realism, controllability, and annotation
fidelity.

2) Quantitative Assessment: Table 2| presents synthetic-to-real benchmarking
results. CLIP-based models trained exclusively on the PromptMedCT synthetic
dataset (DB-1) demonstrate strong cross-domain generalization across two real-
world CT benchmarks (DB-2 and DB-3), achieving an average of 59.22% DICE
and 42.46% IoU. The maintained sensitivity, DICE, and IoU scores, together
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Table 2. Quantitative synthetic-to-real generalization assessment using the generated
PromptMedCT dataset for training and two real clinical datasets for testing.

Model (Backbone) DB-2: MedSeg COVID-19 (Real) DB-3: COVID-19 CT Seg (Real)
SEN (%) SPE (%) DICE (%) IoU (%) SEN (%) SPE (%) DICE (%) IoU (%)

CLIP-UNet (ViT-B/32) [31I] 57.85 95.90 54.38 37.34 49.22 98.01 35.13 21.31
CLIP-UNet (ViT-L/14) [3I] 63.39 97.98 66.56 49.89 70.02 98.49 51.89 35.04

with high specificity (>95%), demonstrate that disease representations learned
from the proposed synthetic data effectively transfer to real clinical lung CT
scans. These findings indicate that PromptMedCT preserves clinically meaningful
structural and radiological characteristics, including progression-aware lesion
patterns, enabling downstream segmentation without exposure to real training
data.

3) Qualitative Assessment: To assess the diagnostic plausibility of our syn-
thetic CT data, we conducted a subjective evaluation independently reviewed by
two medical professionals and verified by a senior radiologist using a standardized
scoring protocol. The reviewed set spans diverse progression-aware infection
patterns, including variability in lobar involvement, extent, and opacity severity
(see Fig. [3]). The assessment comprised two criteria:

- Scoring A - Image Realism: Scans were rated as
or Synthetic/Not Good based on anatomical plausibility and radiological
consistency.
- Scoring B - Prompt Alignment: The corresponding LLM-generated
clinical description was rated on a 3-point scale [1: Not Appropriate,
, Or | reflecting its agreement
with visual findings.

The qualitative assessment followed a dual-axis scoring rubric that assessed
both visual realism and prompt alignment. For Image Realism, 92% of evaluated
data samples were rated as Realistic/Meaningful, indicating strong anatomical
plausibility and diagnostic coherence across the generated CT scans. For Prompt
Quality, 79.5% of LLM-generated descriptions were rated Good/Well-Descriptive,
19% Average/Partially Aligned, and only 1.5% Not Appropriate. These results
confirm that PromptMedCT produces visually credible, progression-consistent
CT scans together with semantically aligned, radiologically coherent textual
descriptions.

Table 3. Radiologist-driven evaluation of SOTA methods and proposed PromptMedCT.

Model Realism 1 Annotation Quality T Rank Realism (%) Time (sec) Remarks
Claude 4.5 [3] Low Low 1 Inconsistent anatomy
Gemini 2.5 [10] Low-Moderate Low 2 - - ‘Weak structure
GPT-5 |16} Moderate Low-Moderate 3 - - Limited alignment

MLI [30] Moderate Low 4 - - No pixel-level /text alignment
Medicine GPT [22] High Moderate 5 (Second-best) 60% 9-15 Partial annotations

PromptMedCT (Ours) Very High High 6 (Best) 92% (+32%) 1-3 / 1-2 Structured multi-tier + explicit localization




8 M. Owais et al.

Right Lung Left Lung Bilateral Lung

Generated CT
Scan

Generated CT
Scan

Generated CT

Annotation Prompt/Label
Scan

Annotation Prompt/Label Annotation Prompt/Label

Prompt: Prompt:

CT Axial shows subtle
ground glass opacities with
approximately 30%
involvement of total lung.
parenchyma

| [ prompt:
| | CT Axil shows subtle ground
lass opacities with
approximately 23% involvement
[ | of total lung parenchyma,
predominantly localized to the
left lobe

Claude 4.5

right upper lobe

Prompt:
Subtle Ground-Glass

Opacities (27% of the
right upper lobe)

Prompt: Mixed pattern of Ground-
Moderate Ground- } Glass Opacities. Bilateral
Glass Opacities (23% of 1 Patchy Ground-Glass

the left lung material) g%::i:;:‘::;:::;)nlidzuuns

Gemini 2.5

Prompt:
axial CT scan demonstrates
ilateral patchy ground-glass
opacites and consoldations,
involving approsimately 30% of
the total lung parenchyms.

The axial (T scan opaci
(605 locaized toth right
upper obe, hghlghtedinred.
The ffected region encompasses
approxmately 2% of the total

GPT-5

involving approximately 2:
of the left lung parenchyma.

Proposed vs baseline competitors

glass opacities involving
approximately 23% of left
lung material.

subtle ground-glass | J}| moderate patchy
opacities involving 27% of \ [} consolidation involving
the lung parenchyma.

£3
§s
3% Classification Label: Classification Label: Classification Label:
% Healthy/Infected Healthy/Infected Healthy/Infected
53
BN
&
§ Prompt: Prompt: N Prompt:
> Moderate subtle ground- Right upper lobe shows Bilateral lungs exhibit
g
H

30% of affected regions.

k' Prompt: Prompt:
Moderate subtle ground- Bilateral lungs exhibit
moderate patchy
consolidation involving
| 30% of affected regions.

glass opacities involving
f approximately 23% of left
E 1ung material.

PromptMedCT
(proposed)

Medicine GPT
(Second best)

Medicine GPT
Pr Pr od
roposed v e ropose

Medicine GPT
(Second best)

Generated CT Scan

Annotation

Proposed vs Second-best zoomed in comparison

Fig. 4. Visual comparison of synthetic CT scans generated by Claude Sonnet [5],
Gemini [10], GPT-5 [16], MLI [30], Medicine GPT [22], and our PromptMedCT, all
conditioned on the same input prompt.

4) Comparison: Finally, Fig. 4] shows a qualitative comparison between the
proposed PromptMedCT and representative SOTA general-purpose and medical
VLMs (Claude 4.5 [5], Gemini 2.5 [I0], GPT-5 [16], Medicine GPT [22]), as well
as the training-free medical generator named Multiple Lesion Insertion (MLI) [30].
For evaluation, a set of representative samples was generated for these models
under the same prompt conditions and assessed through expert-driven qualitative
analysis to ensure a fair comparison (see Table [3| for more details). GAN- and
diffusion-based medical synthesis models (as listed in Table|l]) are excluded, as
they require supervised training and are not directly comparable in a training-free
framework. The expert review study highlights the following key observations:
i) general-purpose LLMs struggled to generate anatomically consistent axial
CT slices, often producing projection-like images or semantically inconsistent
lesion patterns. i) MLI [30] generated visually plausible scans but provided only
class-level supervision without pixel-wise or text-level annotations. iii) GPT-5
and Medicine GPT [22] produced better outputs; however, structured multi-tier
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annotations and precise pathology-text alignment were absent. iv) PromptMedCT
generates anatomically coherent CT scans with explicit lesion localization and
multi-tier outputs, outperforming Medicine GPT [22] (second-best) with 92%
realism preference vs. 60% (+32%). It also reduces generation time from 9-15
sec/sample (in case of Medicine GPT [22]) to 1-3 sec (prompt mode) and 1-2
sec (parametric mode), enabling efficient and scalable structured data generation
(Table (3)).

4 Conclusion

We introduce PromptMedCT, a unified, training-free, LLM-guided diffusion
framework that integrates natural-language semantic prompting with explicit
parametric control to generate anatomically consistent, clinically interpretable
lung CT scans together with structured multi-tier annotations. Using our proposed
framework, we constructed a dataset of 10K 2D CT scans with comprehensive
multi-tier annotations and validated its realism and effectiveness through a two-
step strategy combining quantitative and qualitative evaluations. Synthetic-to-real
benchmarking demonstrates meaningful cross-domain generalization, while expert
evaluation confirms the anatomical and diagnostic plausibility of the generated
data.
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