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The success of diffusion models in medical imaging highlights their potential to generate high-quality
synthetic datasets that closely resemble real clinical data, addressing limited dataset availability and patient
privacy concerns. We present DiffusionTBAD, a novel text-to-image diffusion-based pipeline for synthesizing
diagnostically accurate computed tomography angiography (CTA) images of type B aortic dissection (TBAD).
Using few-shot learning, DiffusionTBAD fine-tunes a diffusion model guided by textual prompts to capture the
distinct features and variability of TBAD cases. The synthetic data are evaluated using quantitative diversity
and similarity metrics, as well as downstream task performance. Augmenting real TBAD datasets with synthetic
images improved supervised classification accuracy from 67% to 76%, and pre-training on synthetic images
increased segmentation DICE scores from 66% to 70%. Additionally, qualitative assessment by eight healthcare
professionals confirmed the high visual realism and diagnostic plausibility of the generated images. These
results demonstrate that DiffusionTBAD can enhance model performance while reducing reliance on real patient

Keywords:

Aortic dissection

Data synthesis

Stable diffusion

Text-to-image

Computed tomography angiography

data, enabling privacy-preserving development of medical imaging models.

1. Introduction

Deep learning (DL) techniques have significantly advanced various
visual tasks in medical imaging, encompassing both diagnostic and
prognostic applications (Anaya-Isaza et al., 2021). These methods excel
at automatically modeling complex, high-level features in data, lead-
ing to improvements in accuracy, automation, and overall efficiency.
To ensure that DL models generalize well and capture a wide range
of potential variations rather than simply memorizing the training
data, it is crucial to have data with significant variability. However,
acquiring sufficient high-quality data, particularly for rare diseases,
is a time-consuming task prone to human error. This challenge is
further compounded by stringent privacy regulations, the requirement
for patient consent, and the sensitive nature of medical information. To
address the challenges of generalization and adaptation in DL models
with limited data, the generation of synthetic images using diffusion
models has recently emerged as a promising approach (Giiven and Talu,
2023; Chuquicusma et al., 2018; Ali et al., 2022; Abaid et al., 2024a).
By employing conditional synthesis, large, diverse datasets of medical
images can be generated, enhancing model robustness while addressing
data privacy issues.

Aortic dissection (AD) is a severe cardiovascular disorder marked
by a tear in the inner layer of the aorta. This tear causes a separation
between the inner and middle layers, forming a false lumen (FL)
alongside the existing true lumen (TL), as shown in Fig. 1. The presence
of FL disrupts normal blood flow, leading to reduced blood supply to
vital organs and limbs. In some cases, a blood clot may develop within
the false lumen, known as false lumen thrombosis (FLT), resulting in
very low, non-pulsatile blood pressure in the affected area (Pepe et al.,
2020). The Stanford Classification system categorizes AD into two types
based on the location of the tear: Type A and Type B. Stanford Type
B aortic dissection (TBAD) occurs when the dissection takes place in
the descending part of the aorta. Although TBAD is rare, it demands
immediate medical attention as it constitutes a medical emergency.
Rapid diagnosis and treatment significantly enhance the chances of
survival, even in the presence of the condition’s potential severity. A
key factor in predicting the prognosis of TBAD is the rapid and precise
quantification of anatomical features, especially the lumen size (Sailer
et al., 2017). These characteristics aid in recognizing patients who
may be prone to experiencing adverse events as the disease progresses.
Precise segmentation of the aortic lumen is an essential initial stage
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Fig. 1. Visualization of TBAD CTA slices and corresponding masks, highlighting FLT (blue), TL (green), and FL (red) across axial, coronal, and sagittal views.

in assessing these anatomical traits. CTA is commonly used to diagnose
TBAD because it can rapidly generate high-quality images, is minimally
invasive, and provides clearer visualization of relevant features. Recent
advancements in DL provide a unique opportunity for automated and
precise segmentation of TL, FL, and FLT. However, as discussed earlier,
DL models require large amounts of data, which poses challenges in
effectively training them for accurate classification and segmentation
tasks, particularly when data availability is limited. To address this
issue, we explore the potential of utilizing text-to-image (TtI) diffusion
models such as Stable Diffusion (Rombach et al.,, 2022) and DALL-
E (Ramesh et al., 2021) for generating synthetic 2D CTA axial slices.
While this design aligns with current data availability and privacy con-
straints, it inherently operates on independent 2D slices and therefore
does not enforce inter-slice or volumetric anatomical consistency.

Few-shot learning methods, such as Textual Inversion (Gal et al.,
2022) and DreamBooth (Ruiz et al., 2023), enable targeted adaptation
of pre-trained TtI diffusion models to new concepts using only a small
number of examples. This is particularly advantageous in medical
imaging, where annotated datasets are limited and capturing subtle
anatomical and pathological features is critical. Full network fine-
tuning would require substantially more data and carries a higher risk
of over-fitting, which can distort fine-grained structures. To further
improve training efficiency while preserving the generalization capa-
bilities of the pre-trained model, we employ the parameter-efficient
fine-tuning method Low-Rank Adaptation (LoRA) (Hu et al., 2021).

In this study, we employ a pre-trained TtI diffusion model, Stable
Diffusion, and fine-tune it on TBAD CTA images using the few-shot fine-
tuning approach DreamBooth (Ruiz et al., 2023), along with the PEFT
method Low-Rank Adaptation (LoRA) (Hu et al., 2021). We systemat-
ically compare few-shot adaptation, full fine-tuning, and other PEFT
methods, providing a balanced analysis of their relative strengths and
limitations. Our results indicate that synthetic data generated through
DiffusionTBAD produce images that accurately capture TBAD-specific
vascular patterns and align closely with real patient data. Experimental
evaluations demonstrate that augmenting real datasets with these syn-
thetic images significantly improves the performance of machine learn-
ing models compared to using real data alone. To promote transparency
and collaboration within the research community, we are releasing the
generated TBAD CTA images as an open-source dataset. By making this
resource publicly available, we aim to advance cardiovascular imaging
research and inspire innovation in related domains.

The core contributions of this paper are as follows:

» We propose DiffusionTBAD, a customized text-to-image (TtI)
diffusion imaging pipeline. This pipeline fine-tunes a pre-trained
diffusion model using few-shot learning and leverages LoRA to
generate synthetic images while optimizing for reduced compu-
tational overhead.

We generate and open-source new synthetic TBAD data using
DiffusionTBAD, covering five distinct class variations: True Lu-
men (TL), False Lumen (FL), False Lumen Thrombus (FLT), a
combination of TL + FL, and a Background class (lacking TL, FL,
or FLT).

« The reliability of the synthetic data is validated through extensive
quantitative evaluations using standard metrics and downstream
machine learning tasks, providing insights into the effectiveness
of the generation process and its potential utility.

Furthermore, an in-depth qualitative evaluation was conducted
by involving eight healthcare professionals to assess the clinical
plausibility and visual realism of the synthetic images. This assess-
ment included both paired image comparisons and class-specific
realism evaluations.

2. Related works
2.1. Generation of synthetic medical images

The medical research community has demonstrated growing interest
in generating synthetic images to address challenges such as data
scarcity and model training limitations. Generative models, including
Generative Adversarial Networks (GANs) (Goodfellow et al., 2020) and
Diffusion Models (Dhariwal and Nichol, 2021), have shown exceptional
capabilities in synthesizing realistic images (Giiven and Talu, 2023;
Chuquicusma et al., 2018; Ali et al., 2022; Abaid et al., 2024a). For
instance, Ghorbani et al. (2020) successfully produced high-resolution
skin lesion images using pix2pix GANs, which were indistinguishable
from real ones by experts. Similarly, Giiven and Talu (2023) employed
GigaGAN, a GAN variant, for TtI synthesis to generate brain MRIs
that matched the quality of real images. Additionally, Chuquicusma
et al. (2018) demonstrated that GAN-generated lung cancer nodule
images were nearly indistinguishable from real images, even to trained
radiologists.

While GANs have achieved state-of-the-art (SoTA) performance in
various medical imaging tasks, they exhibit notable limitations. These
include poor mode coverage and limited sampling diversity, which
can impact the variability and comprehensiveness of generated im-
ages (Kazerouni et al., 2023). Furthermore, recent advancements in
TtI synthesis using GANSs, as explored in Kang et al. (2023), still face
challenges in text alignment and visual quality, indicating that these
models are not yet on par with production-grade frameworks like Stable
Diffusion. These limitations highlight the need for exploring alternative
approaches, to overcome the constraints associated with GANs.

Diffusion models, on the other hand, have shown superior perfor-
mance in this area. Their ability to capture fine-grained details and
complexities, along with their capacity to generate diverse outputs,
makes them particularly well-suited for conditional image generation
tasks. For instance, Pan et al. (2023) explored the use of a diffusion
model combined with a transformer architecture instead of the tradi-
tional U-Net for generating chest X-rays, heart MRIs, pelvic CTs, and
abdominal CTs. A Visual Turing assessment conducted by three medical
physicists confirmed that the synthetic images produced were highly
realistic and could be valuable in scenarios with limited data availabil-
ity. Similarly, Ali et al. (2022) employed diffusion models alongside
GANSs to generate brain MRI and chest X-ray images, facilitating the
recognition of thoracic abnormalities in chest radiographs. Pre-trained
diffusion models, such as Stable Diffusion and DALL-E, are trained on
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Comparison of Various Algorithms for Analyzing CTA and 3D Volume Images.

Paper Data Algorithms TL FL FLT
Hahn et al. (2020) 2D CTA images 2 CNNs 87 89 -
Cheng et al. (2020) 2D CTA images Enhanced U-Net + aortic circularity analysis 91 - -

Abaid et al. (2024b) 2D CTA images 2D U-Net 83 85 30
Cao et al. (2019) 3D CTA volumes CNN trained using serial multi-task models 93 91 -

Wobben et al. (2021) 3D CTA volumes Sequential multi-task 3D residual U-Net 86 86 50
Yao et al. (2021) 3D CTA volumes 3D U-Net 79 68 52
Jung et al. (2024) 3D CTA volumes 3D transformer + 3D U-Net 92 88 63

extensive datasets containing billions of images. This training enables
them to learn diverse representations, facilitating the generation of
novel images that exceed the variability present in their training data,
even when prompted with highly improbable inputs. The scale of their
training datasets suggests that these models likely include medical
image data, potentially allowing them to comprehend the composition
and structure of CT scans, X-rays, and ultrasounds (Adams et al., 2023).
This opens up promising applications, particularly as domain-specific
fine-tuning holds potential for enhancing the generation of accurate
and clinically relevant medical data.

Recent research in this domain has focused on two main strategies:
training generative models from scratch and fine-tuning pre-trained
diffusion models. While these methods have proven effective, they
are computationally intensive and often require large-scale datasets,
limiting their applicability to smaller medical datasets. Additionally,
fine-tuning large models for each downstream task poses a significant
challenge, as it typically involves full fine-tuning of all dense layers.
To address these challenges, parameter-efficient fine-tuning techniques,
such as LoRA, and few-shot learning approaches, like Textual Inversion
and DreamBooth, have gained increasing attention.

This work builds upon the study conducted in Abaid et al. (2024a),
which demonstrated that diffusion models trained on natural images
can be adapted to generate CTA images in scenarios with limited
training data. In that study, the authors generated and evaluated a
limited set of CTA samples using few-shot learning. In this study,
we compare full fine-tuning, Textual Inversion, and DiffusionTBAD in
terms of the quality of the generated images and the training time
required. We also perform a comprehensive evaluation of the utility of
synthetic images. Specifically, we assess their impact on downstream
tasks, including classification and segmentation, providing deeper in-
sights into their potential to enhance model performance in medical
imaging applications.

2.2. Type-B aortic dissection segmentation using deep learning

DL approaches have been widely utilized in the management of
TBAD, with several investigations leveraging CTA images to segment
TL, FL and FLT. Although many studies have focused on 3D volumes,
the potential of DL-driven segmentation has been showcased in both
2D and 3D contexts. Table 1 summarizes the characteristics of various
investigations on DL-based TBAD segmentation.

Hahn et al. (2020) proposed a 2D network for axial CT images to
automate the segmentation of the entire aorta, TL, and FL, yielding
promising outcomes. Similarly, Cheng et al. (2020) employed contrast-
enhanced CT images within a U-Net framework integrated with Squeeze
and Excitation (SE) blocks post-encoder blocks. They further enhanced
the U-Net decoder by incorporating a deformable feature decoder
module, replacing bilinear interpolation and deconvolution with de-
formable convolution to improve image quality. However, neither of
these approaches accounted for the segmentation of FLT. Abaid et al.
(2024b) employed a 2D U-Net and its variants, incorporating atrous
convolutions and custom layers, to segment TL, FL, and FLT from axial
CTA images. While their method achieved favorable results for TL
and FL segmentation, the performance on FLT segmentation remained
suboptimal.

Expanding on these efforts, authors in Cao et al. (2019) utilized
a dataset containing 276 volumes, focusing on the segmentation of
the aorta, TL, and FL. The authors implemented three different 3D
convolutional neural networks (CNNs) with varying configurations:
CNN1, CNN2, and CNN3. CNN1 is a single-task network that indi-
vidually segments the whole aorta, TL, and FL. In contrast, CNN2
employs a multi-task network framework to simultaneously segment
the whole aorta, TL, and FL. CNN3 utilizes a serial multi-task network
framework with two 3D U-Net models, achieving the best results with
Dice Similarity Coefficient (DICE) of 0.93 for TL and 0.91 for FL.
Similarly, Wobben et al. (2021) used a dataset consisting of 164 CTA
scans with ground truth masks for TL, FL, and FLT. They proposed three
models: (1) a single-step multi-task model that segments TL, FL, and the
Background; (2) a sequential multi-task model that first segments the
whole aorta, TL, and FL, and subsequently segments FLT from FL; and
(3) a single-step single-task model dedicated to segmenting FLT. The
second model achieved the highest performance, with DICE scores of
0.86, 0.86, and 0.50 for TL, FL, and FLT, respectively (Wobben et al.,
2021). Additionally, Yao et al. (2021) employed a dataset containing
100 CTA volumes and proposed a two-step pipeline for segmentation.
The first step involves region of interest (ROI) extraction, followed
by ROI segmentation in the second step. For the segmentation, a 3D
U-Net is applied to the extracted ROI regions, achieving DICE scores
of 0.79, 0.68, and 0.50 for TL, FL, and FLT, respectively. Lastly,
recent work (Jung et al., 2024), a novel architecture named ZOZI-
Seg was introduced. This cascaded network combines the features of
a transformer and U-Net while integrating a Zoom out Zoom in (ZOZI)
mechanism. This study utilized a dataset comprising 253 CTA images,
achieving DICE of 0.91, 0.88, and 0.63 for TL, FL, and FLT, respectively.

In prior research, significant efforts have been directed towards
enhancing segmentation accuracy of DL models by training them on
real-world data. Approximately half of the studies on TBAD have fo-
cused on segmenting commonly available substructures, such as the TL
and FL. This is due to the rarity of FLT in patients, which substantially
contributes to the lower segmentation accuracy for FLT. The limited
diversity in the available data poses a challenge for DL models in
effectively learning the underlying image representations.

This paper introduces a novel methodology for synthesizing CTA
images to support TBAD diagnosis, representing, to the best of our
knowledge, the first attempt in this domain. Our approach leverages TtI
diffusion models that are fine-tuned on medical or out-of-distribution
data to generate synthetic datasets without training generative mod-
els from scratch, which is both time consuming and computationally
expensive. We adopt a 2D slice-based strategy, converting 3D CTA vol-
umes into axial slices for training and inference. This choice aligns the
pipeline with the inherently 2D design of diffusion models, enhancing
adaptability across modalities while maintaining diagnostic fidelity.
Although this reduces volumetric context, prior studies (Hahn et al.,
2020; Cheng et al., 2020; Abaid et al., 2024b) have demonstrated that
high-resolution 2D slices can capture sufficient local anatomical detail
for accurate segmentation and classification while addressing chal-
lenges associated with limited training data and the high computational
demands of 3D modeling. Importantly, this framework enables the gen-
eration of synthetic datasets that improve downstream performance,
particularly for rare substructures such as FLT.
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Fig. 2. Block diagram of the proposed methodology. Pre-processed input images are assigned class-specific text prompts, which are then converted into embedding.
Both the image data and text embedding are utilized to fine-tune the diffusion model. The numerical labels on each block denote the sequential order of steps

in the pipeline.

Text Prompt Synthetic CTA

Computed Tomography
Angiography Type-B aortic
dissection with true lumen

Computed tomography
Angiography Type-B aortic
dissection with false lumen

Computed Tomography
Angiography Type-B aortic
dissection with false lumen
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Computed Tomography
Angiography Type-B aortic
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false lumen and false lumen
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Computed Tomography
Angiography Type-B aortic
dissection with true lumen and
false lumen

Real CTA

Fig. 3. Synthetic CTA images of Type-B aortic dissection generated from text prompts, illustrating variations in the true lumen, false lumen, and false lumen

thrombus, shown in comparison with the ground truth.

3. Proposed methodology

This section provides a detailed overview of the adapted methodol-
ogy and the validation process employed in this study. Fig. 2 presents
a comprehensive block diagram illustrating the adapted methodology
used for generating CTA TBAD data. The methodology is organized into
subsections: 3.1 covers data and preprocessing, 3.2 describes the diffu-
sion models and fine-tuning, 3.3 explains image sampling and textual
prompt construction, and 3.4 discusses the validation and evaluation of
generated samples.

3.1. Seed data sourcing and image processing

The seed data plays a crucial role in tuning diffusion models es-
pecially for medical imaging application to ensure optimal quality and
accuracy of the generated synthetic images. As depicted in block 1-2 of
Fig. 2 the first step includes acquiring seed data samples from publicly
available TBAD datasets. For this purpose we have used the ImageTBAD
dataset (Yao et al., 2021). The ImageTBAD dataset, comprises 100 CTA
volumes and corresponding labels from 100 patients. Each CTA volume
provides axial, sagittal, and coronal views alongside their respective
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labels as shown in Fig. 1. Segmentation is performed manually by
two experienced cardiologists and the process of labeling each image
took between 1 to 1.5 h. The segmentation mask encompasses three
distinct substructures: TL, FL, and FLT. Among the 100 patients, 68
include FLT within their images, while the remaining 32 images do not
feature this substructure. For this study, we transformed the volumes
into 2D images, focusing solely on axial images and their corresponding
masks. Each axial image and its label are sized at 512 x 512 pixels,
resulting in a total of 34,380 images. These images are divided into
three sets: training, testing, and validation. The training set contains
22,248 images, while the testing and validation sets consist of 4256
and 4493 images, respectively.

3.2. Fine-tuning diffusion models via few-shot learning

Diffusion models (Ho et al., 2020) are a class of generative models
used to generate realistic samples from a given data distribution by
leveraging a forward diffusion process and a reverse denoising process.
The forward diffusion process is a Markov chain with T steps, starting
with a data sample x, drawn from a real data distribution ¢(x) and grad-
ually adding Gaussian noise over T discrete time steps, transforming it
into a sequence of noise samples x;, x,, ..., x;. The forward process
at time step ¢ can be defined as follows:

q(x, | xz_l) = N(X,; V 1- ﬁ{xt—l7ﬂt1)' (1)

where x; is the noisy version of x, at time step ¢, §, is the variance
schedule parameter at time step 7 that controls the noise level, I is
the identity matrix, and M denotes a Gaussian distribution. The overall
forward process is described by:

.
q(xy.7 | x0) = HQ(xr | %)

=1
The reverse denoising process aims to reconstruct x, from x; by

learning a reverse Markov chain parameterized by a neural network 0,
expressed as

Po(xi_y | X)) = N(x,_ 15 tg(x,, 1), Zp(x,,1)). (2)

where y, and X, are the mean and variance predicted by the neural
network. A visual representation of the diffusion process is shown in
Block 5 of Fig. 2.

Diffusion models, as demonstrated in various studies (Dhariwal
and Nichol, 2021; Nichol et al., 2021; Saharia et al., 2022), can be
conditioned on attributes such as class labels, text descriptions, or even
images. Classifier-free guidance (Ho and Salimans, 2022) represents
a novel technique within conditional diffusion models aimed at en-
hancing the richness and diversity of generated samples without the
necessity of explicit classifier input. Throughout the training, the model
intermittently receives conditioning information. Joint training is con-
ducted to refine both an unconditional denoising diffusion model py(z),
governed by a score estimator ¢,(z|4), and a conditional model py(z|c),
driven by €,(z|4, ¢), leveraging a single neural network to parameterize
both models. Sampling is then facilitated through a linear combination
of the conditional and unconditional score estimates, described by
following:

Ep(z| A, c) = (1 + w)ey(z| A, ¢) — wey(z| A). 3)

where ¢ is the class identifier and w regulates the influence of the
classifier’s guidance. Throughout the training process, the diffusion
model optimizes the following squared error loss:

Ex, c, e, t, w|X(a;x + 0,€,¢) — x|2 4)

This loss function evaluates the model’s prediction £ by comparing it to
the ground-truth image x. By minimizing this loss, the model is trained
to progressively denoise noisy inputs «;x + o,e, while maintaining
alignment with the conditioning vector c.

Computerized Medical Imaging and Graphics 130 (2026) 102740

DreamBooth is a fine-tuning technique designed to adapt diffusion
models with limited samples, specifically addressing the problem of
language drift, where the model overfits and loses diversity in its
outputs. To mitigate this, DreamBooth introduces a class-specific prior
preservation loss, as shown in Eq. (4), alongside the original loss
in Eq. (5). This approach ensures the model retains the diversity of
the original data distribution while smoothly integrating new samples.
It preserves the prior by associating the class name with the specific
instance during fine-tuning. By leveraging the semantic prior embedded
in the model, DreamBooth generates diverse, semantically consistent
outputs that reflect both the original class and the newly introduced
subject’s characteristics.

2

(5)

& /
New,s “xg(a,,xpr +op€e,cp) — X,

Rather than fully fine-tuning all dense layers of the diffusion model,
Low-Rank Adaptation (LoRA) offers a more computationally efficient
alternative. LoRA trains a small set of parameters, 4, which significantly
reduces computational overhead. This method involves adding a low-
rank weight matrix, AW, to the existing trained weight matrix, leading
to faster training speed and reduced VRAM requirements. Suppose W}
represents the weights of the pre-trained large model that remain frozen
and do not receive gradient updates. In this context, A and B are
the trainable parameters and low rank matrices. The update to W, is
constrained by representing it with a low-rank decomposition:

Wy + AW = W, + BA. (6)

Both W, and AW are multiplied by the same input x, and their
outputs are summed, resulting in the modified forward pass:

Wyx + AW x = Wyx + BAx. (2]

Here B € R and A € R™k, with rank r <« min(d, k). As
demonstrated in Step 5 of Fig. 2, LoRA has been utilized to expedite
the fine-tuning process by reducing the number of trainable parameters.
This reduction enhances model fine-tuning efficiency and makes it more
feasible in environments with limited computational resources, such as
academic research settings.

3.3. Prompt engineering and text encoding for rendering CTA data

The input text prompt is crucial during the fine-tuning of TtI dif-
fusion models, as it guides the model in generating images that align
with specific textual descriptions. In the case of DreamBooth, a unique
identifier is introduced to bind the new subject during the fine-tuning
phase. Prompts are constructed in the form of “[class noun] [identi-
fier]” enhancing the model’s vocabulary with unique identifier-subject
pairs. The [identifier] uniquely identifies the subject, while the [class
noun] serves as a general class descriptor. This technique leverages
the relationship between the specific subject and its class, utilizing
the model’s pre-existing knowledge about the class. In our study, the
[class noun] refers to “‘computed tomography angiography type B aortic
dissection,” while the [identifier] denotes the various lumens depicted
in the images, such as ‘true lumen,’ ‘false lumen,” or combinations like
‘true lumen and false lumen.” This method was employed to generate
text prompts, which were instrumental in fine-tuning the model for
each class, as illustrated in block 3 of Fig. 2. The prompts are first
tokenized using Byte Pair Encoding (BPE) (Sennrich, 2015), which rep-
resents the input text as a sequence of subword tokens. The tokenized
text is input into CLIP’s text encoder (Radford et al., 2021) to generate
embeddings, which are then used to condition the diffusion model.
Fig. 3 showcases the generation of CTA images with varying TBAD
characteristics alongside the textual prompts used for training.
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Quantitative evaluation of synthetic data using various metrics with a sample size of 10000. Metrics marked
with 1 indicate that higher values are better, while those marked with | indicate that lower values are preferred.

Method Clean-fid | KID | MS-SSIM ? BiomedCLIPScore 1 RadFID | Training Time (h)
Full fine-tuning 67.16 0.05 0.39 26.2 7.05 15.30
Full fine-tuning + LoRA 119.24 0.29 0.29 31.1 5.87 2.70
Textual Inversion 148.12 0.13 0.20 21.1 12.14 11.50
DiffusionTBAD 50.14 0.03 0.40 26.5 9.15 6.30
DiffusionTBAD+ 91.95 0.10 0.31 31.1 6.99 2.90

Table 3

Comparison of CLIP scores across different training strategies and the proposed
approach with a sample size of 2000 per class. Results are reported for each
class (TL, FL, FLT, Background, and TL+FL). Higher values indicate better

alignment.
Method TL FL FLT Background TL+FL
Full fine-tuning 29.5 29.4 29.1 27.8 28.2
Full fine-tuning + LoRA 28.2 28.7 28.0 27.9 27.4
Textual Inversion 29.4 30.3 25.8 27.1 27.9
DiffusionTBAD 29.3 29.6 28.9 28.6 28.0
DiffusionTBAD+ 28.3 28.6 27.7 28.0 27.4

3.4. Validation of synthetic data

Our evaluation and validation pipeline assesses the quality of syn-
thetic images based on three essential criteria: fidelity, diversity, and
utility. Fidelity is measured using established metrics such as the
Fréchet Inception Distance (FID) (Heusel et al., 2017). FID leverages
pre-trained CNNs, such as the Inception network trained on ImageNet,
to compare feature activations between real and synthetic images. It
calculates the Fréchet distance between the distributions of features
from real and generated data, where lower FID scores indicate higher
image quality. Despite its widespread use, recent studies have identified
several limitations of FID, including biases arising from normaliza-
tion assumptions, sensitivity to low-level image preprocessing, and
inefficiency with small sample sizes (Jayasumana et al., 2024). To
address these shortcomings, we employed alternative metrics: clean-
fid (Parmar et al., 2022), which is robust to low-level preprocessing
artifacts, and Kernel Inception Distance (KID) (Binkowski et al., 2018),
which does not rely on normalization assumptions, is sensitive to
both mode collapse and quality issues, and performs effectively with
smaller sample sizes. These metrics were utilized to comprehensively
evaluate the fidelity of the generated images. To further validate se-
mantic consistency, we also computed the standard CLIP score (Hessel
et al., 2021) for each class, which quantifies how closely the synthetic
images align with their respective textual class prompts. This class-wise
CLIP evaluation provides fine-grained insights into whether generated
samples correctly represent the targeted diagnostic categories. In ad-
dition, to account for the unique properties of medical imaging, we
incorporated Rad-FID (Osuala et al., 2023), a domain-adapted vari-
ant of FID computed using radiology pre-trained backbones, and the
BiomedCLIP (Zhang et al., 2025) score, which measures cross-modal
alignment between generated images and biomedical text embeddings.

Diversity assessment incorporates visual inspection and quantitative
analysis, employing Multi-Scale Structural Similarity (MSSIM) (Wang
et al.,, 2003) to capture differences in the distributions of real and
synthetic data. MSSIM measures the structural similarity between im-
ages, where higher values denote greater similarity in structure and
texture. Finally, utility is evaluated through comprehensive testing
across a spectrum of classification and segmentation tasks, ensuring the
practical effectiveness and applicability of the synthesized dataset.

4. Experimental setup and results

This section outlines the experimental setup and provides a com-
prehensive analysis of the results obtained during this research. The

overall experiments were conducted on a server-grade system equipped
with NVIDIA RTX A6000 Ada Generation GPU with 48 GB of VRAM.
In this study, we utilized Stable Diffusion Model version 1.5 as the base
architecture for fine-tuning on TBAD images. The complete fine-tuning
process is illustrated in Block 5 of Fig. 2. The fine-tuning procedure
involved training the model for 15,000 optimization steps with a batch
size of 1 and base learning rate of le-4. We trained two variants
of DiffusionTBAD: the standard version and a version enhanced with
LoRA, referred to as DiffusionTBAD+. To optimize performance, we
employed the 8-bit AdamW optimizer in conjunction with LoRA, which
effectively reduced computational overhead. The Discrete Denoising
Scheduler (DDS) was selected as the noise scheduler. CTA images
were generated with the Euler sampler due to its superior perfor-
mance (Farooq et al., 2024), with 50 sampling steps. We evaluated the
performance of DiffusionTBAD against two widely adopted methods:
Textual Inversion and the full fine-tuning technique. Additionally, we
analyzed the impact of incorporating LoRA into the full fine-tuning
process. In the subsequent phase, 2000 CTA images were rendered for
each class using unique text prompts, as illustrated in Fig. 3. Since
raw diffusion outputs occasionally contained unrealistic or non-medical
samples, we introduced an automated filtering step prior to evaluation.
Specifically, we trained a ResNet50 classifier to distinguish CTA images
(medical) from ImageNet samples (non-medical). All generated images
were passed through this classifier, and only those identified as medical
were retained. This step reduced the impact of common failure modes,
such as hallucinated anatomical structures, noisy textures, or non-
vascular patterns, thereby ensuring that downstream evaluation was
conducted on clinically meaningful images. Representative erroneous
images, exhibiting unrealistic features and abnormal coloring not found
in CTA scans, are shown in Fig. 5. Training time analysis revealed that
DiffusionTBAD required approximately 6.3 h, while DiffusionTBAD+
reduced this to 2.9 h. In comparison, Textual Inversion required 11.5 h,
and full fine-tuning without and with LoRA took 15.3 and 2.70 h,
respectively. The results indicate that DiffusionTBAD+ effectively bal-
ances computational efficiency and performance, establishing it as a
robust and practical approach for generating realistic and clinically
meaningful medical images.

5. Evaluation of synthetic data

The following sections provide information about the evaluation of
synthetic data and discuss the corresponding results. In Section 5.1,
synthetic images are evaluated using quality and diversity metrics. Sec-
tions 5.2 and 5.3 assess the utility of synthetic images in downstream
machine learning tasks which includes classification and segmentation
tasks. Section 5.4 examines the generalizability of synthetic data, while
Section 5.5 details validation by clinician.

5.1. Quantitative metrics

The quantitative evaluation results, summarized in Table 2, demon-
strate the superior performance of the proposed DiffusionTBAD model.
It achieved a clean-FID score of 50.14, a KID of 0.03, and an MS-SSIM of
0.40, indicating strong fidelity and structural consistency. In contrast,
the LoRA variant (DiffusionTBAD+) obtained a clean-FID of 91.95, a
KID of 0.10, and an MS-SSIM of 0.31, reflecting a clear performance
degradation. Fine-tuning with LoRA also resulted in higher clean-FID
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Performance comparison of the classifier using real data versus a hybrid dataset in terms of overall accuracy and class-wise accuracy. Blue and red colors
indicate an increase and decrease in values, respectively, compared to the baseline using only real images for training.

Setup No. of Training Images Overall Accuracy Class-Wise Accuracy

Real Synthetic TL FL FLT Background FL+TL

Real 18233 - 0.6750.02 0.4550.07 0.8550.05 0.2050.00 0.8950.02 0.9850.02
Synthetic Full fine-tuning - 18000 0.3250.01 (10.35) 0.0050.01 (10.45) 0.0050.00 (10.85) 0.4050.00 (10.20) 0.9150.04 (10.02) 0.2950.10 (10.69)
DiffusionTBAD 18000 0.2450.02 (10.43) 0.0150.01 (10.44) 0.0150.02 (10.84) 0.5350.00 (10.33) 0.3550.05 (10.54) 0.2950.07 (10.69)
DiffusionTBAD+ - 18000 0.3850.03 (10.29) 0.4450.11 (10.01) 0.3250.10 (10.53) 0.0050.00 (10.20) 0.5750.07 (10.32) 0.5950.06(10.39)
Hybrid Full fine-tuning 18233 10000 0.7250.01 (10.05) 0.6550.07 (10.20) 0.8750.02 (10.20) 0.2050.00 (-) 0.9450.04 (10.05) 0.9450.04 (10.04)
DiffusionTBAD 18233 10000 0.7450.02 (10.07) 0.7450.09 (10.29) 0.8950.01 (10.04) 0.2050.00 (-) 0.9350.04 (10.04) 0.9350.04 (10.05)
DiffusionTBAD+ 18233 10000 0.7650.00 (10.09) 0.8050.06 (10.35) 0.8750.02 (10.02) 0.2050.00 (-) 0.9650.04(10.07) 0.9580.03(/0.03)

Table 5 5.2. Effectiveness of TBAD data in classification tasks

Structure-aware evaluation results (DICE scores) for synthetic images across
each class (TL, FL, FLT, Background, and TL+FL) for all methods.

Method TL FL FLT Background TL+FL
Full fine-tuning 0.84 0.99 0.63 0.25 0.40
Full fine-tuning + LoRA 0.38 0.42 0.43 0.25 0.33
Textual Inversion 0.25 0.25 0.25 0.25 0.25
DiffusionTBAD 0.75 0.73 0.48 0.49 0.37
DiffusionTBAD+ 0.38 0.44 0.51 0.50 0.35

scores, suggesting reduced fidelity, while full fine-tuning achieved a
score of 67.16, representing an improvement over LoRA but still falling
short of DiffusionTBAD. In both cases, LoRA-based variants consistently
exhibited lower fidelity and diversity than their non-LoRA counterparts.

Among all methods, Textual Inversion showed the weakest per-
formance, with the highest clean-FID (148.12), the lowest MS-SSIM
(0.20), and the highest KID, underscoring its limited capacity to gen-
erate high-quality and diverse images. These findings confirm the
effectiveness of DiffusionTBAD in producing diagnostically accurate
and structurally consistent medical images, outperforming alternative
approaches across multiple evaluation metrics. Domain-specific evalua-
tions further reinforce these results. DiffusionTBAD and full fine-tuning
achieved comparable Rad-FID scores (26.5 and 26.2, respectively), with
DiffusionTBAD also attaining a moderate BiomedCLIP score of 9.15.
Interestingly, Textual Inversion reached a low Rad-FID (21.1) and a
high BiomedCLIP score of 12.14, yet its structural fidelity and diver-
sity remained limited, highlighting the necessity of complementary
evaluation metrics.

Table 3 presents class-wise CLIP scores for TBAD categories TL, FL,
FLT, Background, and FL+TL. DiffusionTBAD achieved competitive per-
class scores across all categories, with a mean CLIP score of 28.9, the
highest among all methods. These results indicate that DiffusionTBAD
generates images that are semantically consistent with their intended
classes while outperforming alternative training strategies. In addition
to image-level metrics, we incorporated a structure-aware evaluation to
assess anatomical consistency of the generated images. Following prior
work (Zhang et al., 2018), we computed a proxy metric based on pre-
dicted segmentation masks. For each synthetic-real pair, the synthetic
image was segmented using a pre-trained 2D UNet, and multi-class
DICE scores was computed against the ground-truth mask of its nearest
real neighbor. As shown in Table 5, DiffusionTBAD demonstrates strong
structure preservation across TL, FL, and Background regions, outper-
forming all LoRA-based variants and substantially exceeding Textual
Inversion. Notably, the very high TL and FL DICE scores for the full fine-
tuning baseline likely reflect over-fitting or partial memorization, as
full-model tuning is known to reduce sample diversity and increase the
risk of instance-level leakage on small medical datasets. In contrast, Dif-
fusionTBAD achieves competitive structure-aware performance while
avoiding collapse towards training examples, indicating better gener-
alization and lower memorization risk. Finally, training efficiency is a
key consideration. DiffusionTBAD required 6.3 h of training, offering
a favorable balance between performance and computational cost.
DiffusionTBAD+ reduced training time to 2.9 h but at the expense of
fidelity. Full fine-tuning required substantially longer training, up to
15.3 h, without surpassing DiffusionTBAD in overall image quality.

In order to evaluate the efficacy of synthetic data in conveying
pertinent class information during classifier training, we carried out
experiments utilizing 3 distinct sets: real, synthetic, and hybrid. The
real set used only actual patient images, while the synthetic set used
only generated images. The hybrid set incorporated all samples from
both the real training images and both the synthetic set. For the test
set, 30 images were selected for each class from real data, to fairly
evaluate the classifier’s performance. In the classification task, our goal
is to categorize each slice into one of the following categories: TL, FL,
FLT, Background, and FL4+TL. We utilize a pre-trained EfficientNet-B4
model for classification, with only the parameters of the classification
head randomly initialized and updated during fine-tuning. We fine-
tune the classifiers using categorical cross-entropy loss and the Adam
optimizer with a learning rate of 0.01. Model fine-tuning continues
until early stopping criteria are met based on validation set perfor-
mance, with a patience threshold of three epochs. Each classifier is
subsequently evaluated using the same real testing set. The evaluation
metrics include overall accuracy and class-wise accuracy. The results
in Table 4 indicate that incorporating synthetic data, whether from
Full fine-tuning, DiffusionTBAD, or DiffusionTBAD+, together with
real data, improves classification performance. However, the proposed
DiffusionTBAD and DiffusionTBAD+ approaches achieve higher overall
and class-wise accuracy while requiring significantly less training time.

5.3. Effectiveness of TBAD data in segmentation tasks

In the segmentation task, the objective is to accurately delineate
regions corresponding to TL, FL, and FLT. The U-Net model was trained
under two settings: (1) a pre-trained configuration, in which the model
was first pre-trained on synthetic data generated by various approaches
and subsequently fine-tuned on real data; and (2) a non-pretrained
configuration, in which the model was trained exclusively on 100% real
data. While synthetic data from most generative approaches increased
the overall mean Intersection over Union (IoU) and DICE scores, it
caused a decline in the class-wise mean for FL. However, synthetic
data generated by DiffusionTBAD+ proved to be an exception. The
results, presented in Table 6, demonstrate that pre-training the U-
Net on synthetic data from DiffusionTBAD+, followed by fine-tuning
with real data, improved the mean IoU by 4% and the mean DICE
score by 3%. Notable improvements were observed in segmentation
performance for the TL and FLT classes, with DICE score increases of
3% and 10%, respectively, compared to training without pre-training.
Similarly, pre-training the U-Net on synthetic data from DiffusionTBAD,
followed by fine-tuning with real data, resulted in a 2% improvement
in mean IoU and 3% increase in the mean DICE score. This approach
also yielded DICE score improvements for the TL and FLT classes
by 3% and 5%, respectively, compared to the non-pretrained setting.
However, a slight 1% decrease in the DICE score for the FL class
was observed. Overall, the significant improvement in segmentation
accuracy for the FLT class, despite the limited availability of real data
images, highlights the utility of synthetic data in addressing dataset
imbalances and enhancing overall model performance.
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Table 6

Performance comparison of the U-Net model with and without synthetic data pre-training, reporting metrics such as mean IoU, mean DICE scores,

and class-wise IoU and DICE scores.
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Pre-training DICE

Mean TL FL FLT Mean TL FL FLT
Full fine tuning 0.68(10.02) 0.74(10.03) 0.70(10.04) 0.27(10.09) 0.77(10.02) 0.85(10.02) 0.82(10.03) 0.40(10.10)
Full fine tuning + LoRA | 0.68 (10.02)  0.76 (10.05)  0.73 (]0.01)  0.23 (10.04) 0.76 (10.01)  0.86 (10.03)  0.84 (]0.01)  0.33 (10.03)
Texual Inversion 0.68 (10.02)  0.75 (10.04)  0.74 (-) 0.22 (10.03) 0.76 (10.01)  0.86 (10.03)  0.85 (-) 0.33 (10.02)
DiffusionTBAD(ours) 0.68 (10.02)  0.76 (10.05)  0.72 (10.02)  0.23 (10.04) 0.76 (10.01)  0.86 (10.03)  0.84 (10.01)  0.35 (10.05)
DiffusionTBAD+(ours) 0.70 (10.04)  0.77 (10.06)  0.75 (10.01)  0.28 (10.09) 0.78 (10.03)  0.87 (10.04)  0.85 (-) 0.40 (10.10)
No Pre-training 0.66 0.71 0.74 0.19 0.75 0.83 0.85 0.30

Table 7

Confusion matrices summarizing participants’ classifications of real and syn-
thetic images. Part 1 involved paired evaluation of real and synthetic images
(n = 8 participants), while Part 2 involved class-wise realism assessment (n =
3 participants). Rows indicate predicted labels and columns indicate the actual
image type.

Part Real(Actual) Synthetic(Actual)
1 Predicted Real 31 35

Predicted Synthetic 9 5
9 Predicted Real 6 8

Predicted Synthetic 5 4

5.4. Assessment of generalization and adaptation of synthetic TBAD data

To assess the generalization and robustness of the proposed pipeline
on external data with heterogeneous imaging conditions, we conducted
experiments using an open-source TBAD dataset (Mayer et al., 2024),
which includes 40 CT scans without false lumen thrombosis (FLT).
Three separate EfficientNet-B4 models were trained under distinct data
augmentation strategies: (i) no augmentation, (ii) conventional aug-
mentation, and (iii) augmentation with synthetic data. Among these
approaches, the highest performance was achieved using a hybrid strat-
egy that combined synthetic and real data. The resulting classification
accuracies were 70% without augmentation, 76% with conventional
augmentation, and 79% with synthetic data augmentation, representing
a 9% absolute improvement over the baseline. These results suggest
that the generated synthetic data can effectively complement or even
substitute real data in scenarios where data sharing is restricted.

5.5. Subjective image evaluation through clinical expertise

A qualitative assessment was conducted with eight healthcare pro-
fessionals representing diverse clinical specialties and experience levels.
Among the participants, two had less than 3 years of clinical experi-
ence, while the remaining six had 11 or more years of practice. The
cohort comprised four cardiologists, one vascular surgeon, one radiog-
rapher, one medical trainee, and one radiologist. Each participant was
presented with a series of synthetic images and asked to evaluate their
clinical plausibility, visual realism, and potential diagnostic utility.
The evaluation consisted of two parts: the first part involved paired
and independent image assessments, where participants compared im-
ages side-by-side and also rated images individually. The second part
focused on class-wise realism, where participants assessed the visual
realism of images grouped by diagnostic category. Data collection was
performed via a structured online questionnaire.

In the first section, all eight participants reviewed ten images (five
real and five synthetic). As shown in Table 7, the results indicate a
high recall of 0.75 for identifying real images, suggesting that most
real images were correctly recognized. However, the precision was only
0.47, meaning that just 47% of the images labeled as real were actually
real. In other words, 53% of the time, participants mistook synthetic
images for real ones. This high false-positive rate indicates that the
synthetic images exhibited a high degree of visual realism and were
able to convincingly mimic real anatomical features. In the second
section, three participants completed an extended survey consisting of

ten class-specific image pairs. Each pair contained one real and one
synthetic image depicting a distinct anatomical feature (e.g., a true
lumen). Participants were asked to identify the real image and assess
the plausibility of the synthetic one. As summarized in Table 7, the
recall dropped to 0.54, and precision further declined to 0.42. This
means that only 42% of the images labeled as real were actually real,
with 58% being synthetic. These results reinforce the high visual plau-
sibility of the generated images, as even experienced clinical observers
were frequently misled and struggled to reliably distinguish real from
synthetic content.

The results suggest that the synthetic images achieved a notewor-
thy level of realism. However, several limitations should be noted.
The small number of participants in the second part (n=3) limits
generalizability. The lower accuracy in identifying real images (59%)
in class-specific comparisons also suggests that context and image
complexity may affect perception. Overall, the results are promising,
showing that synthetic images can approach real-world realism. Still,
further validation with larger cohorts and clinically grounded tasks is
necessary.

6. Discussion

In this study, we show that the proposed DiffusionTBAD and Diffu-
sionTBAD+ approaches can generate diagnostically accurate synthetic
TBAD CTA images, even when trained on a small and highly imbal-
anced dataset. Our dataset spanned from as few as 121 samples in
the FLT class to nearly 14,000 samples in the FL+TL class. Despite
this significant class imbalance, incorporating synthetic images led to
notable improvements in downstream model performance, with classi-
fication accuracy increasing by 9% and segmentation accuracy by 4%.
The synthetic images were evaluated using both qualitative assessments
and quantitative metrics, providing complementary perspectives on
their realism and utility. Furthermore, our approach reduces compu-
tational costs compared to full network fine-tuning, making it particu-
larly suitable for low-data scenarios and enabling scalable generation
of high-quality medical images on consumer-grade GPUs. While the
diffusion-based pipeline shows strong potential for producing realis-
tic TBAD data, several limitations and challenges must be carefully
considered in interpreting these results.

6.1. Metric limitations

Prior studies (Stein et al., 2024; Xing et al., 2023) have highlighted
that widely used metrics such as FID are often ill-suited for medi-
cal imaging due to unrealistic assumptions of normality, prompting
the adoption of alternatives like clean-FID, KID, and RadFID. In our
analysis (Fig. 4(a), Fig. 4(b)), clean-FID and KID demonstrated greater
stability than FID; however, their scores did not consistently correlate
with downstream task performance. Similarly, domain-specific metrics
showed limited alignment with human judgment (Konz et al., 2024;
Woodland et al., 2024), underscoring challenges in evaluating synthetic
medical images using conventional quantitative measures.

LoRA-based variants generally exhibited lower fidelity and diversity
metrics compared to non-LoRA models. Nevertheless, DiffusionTBAD+
achieved superior segmentation performance and comparable classifi-
cation results (Tables 4 and 6), demonstrating that lower perceptual
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(a) Influence of sample size on the clean-fid score for various image (b) Influence of sample size on the KID score for various image generation

generation models.

models.

Fig. 4. Comparison of clean-fid and KID scores for various image generation models.

Fig. 5. Examples of synthetic CTA images exhibiting failure modes in unfiltered diffusion outputs. These images illustrate typical issues, including unrealistic
vascular morphology, anatomical discontinuities, abnormal coloring, and texture artifacts.

scores do not necessarily compromise downstream utility. This ob-
servation emphasizes the limitations of current quantitative metrics
in capturing task-relevant features and aligns with prior work (Xing
et al., 2023) suggesting that high fidelity and diversity are not strictly
required for clinically useful synthetic medical images. Collectively,
these findings reveal a persistent gap between numerical evaluation
scores and practical clinical utility. Although this study focused on
the usability of synthetic images for classification and segmentation,
the identification of reliable evaluation metrics remains an unresolved
challenge (Stein et al., 2023). Advancing this area will be essential for
the safe and effective integration of synthetic data into medical imaging
workflows.

6.2. Expert opinion analysis

Subjective evaluations offered complementary insights. Experts fre-
quently rated the synthetic images as realistic, with some even misclas-
sify them as real. Nevertheless, occasional failure cases were observed,
including non-anatomical structures, noisy textures, and implausible
vascular formations. To address these issues, we incorporated an au-
tomated filtering step (Section 4), which improved dataset reliability.
Even so, these artifacts highlight the need for additional strategies
to detect and mitigate residual errors in generative pipelines. These
results highlight both the promise and the limitations of diffusion-
based synthesis: on one hand, the models can generate realistic medical
images that experts may mistake for real; on the other hand, occasional
artifacts and errors demonstrate that synthetic data cannot fully replace
real clinical data. Importantly, expert-based evaluations remain con-
strained by the limited availability of qualified reviewers, introducing
uncertainty into the assessment of medical realism.

6.3. Spatial constraints and deployment considerations
While the use of 2D images has proven beneficial for TBAD diag-

nosis (Abaid et al., 2024a), reliance on 2D data inherently limits the
representation of spatial complexity present in 3D volumetric CTA. This

limitation may affect the accuracy of prognostic models for intricate
anatomical structures. Moreover, although generative models demon-
strate considerable promise, their clinical deployment must proceed
cautiously. Careful implementation of bias detection and mitigation
strategies is essential to ensure fairness, reliability, and safe application
across diverse patient populations.

7. Conclusion and future work

In conclusion, our proposed framework demonstrates a robust ca-
pability to generate realistic synthetic CTA data, offering substantial
value for augmenting small medical datasets. The synthetic TBAD CTA
images were rigorously evaluated through various metrics and clinician
assessments, yielding promising results. This study shows that adapting
pre-trained diffusion models via few-shot learning can effectively gen-
erate synthetic medical images, which can be utilized in self-supervised
pre-training, significantly enhancing TBAD classification and segmen-
tation performance in data-limited environments. Additionally, the
methodology successfully addressed domain shift issues, adapting to
diverse imaging conditions with up to a 9% improvement when the
model was tested on data from different scanner. By making our
synthetic dataset publicly available, we aim to address the challenge
of acquiring large imaging datasets while mitigating privacy concerns.

As a direction for future work, extending the proposed framework
towards volumetric or slice-conditioned diffusion models represents a
natural progression beyond the current 2D, slice-independent setting.
Such extensions could enable explicit modeling of inter-slice anatom-
ical coherence and more accurate representation of complex spatial
relationships, better aligning synthetic data generation with clinical
workflows. Furthermore, incorporating clinically relevant factors such
as patient demographics, comorbidities, and disease stage, which are
known to influence TBAD outcomes (Onitsuka et al., 2004), may im-
prove fairness and reduce bias in downstream learning tasks. Finally,
integrating temporal modeling to simulate longitudinal disease pro-
gression could further enhance the clinical utility of diffusion-based
synthetic data for prognosis and treatment planning.
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