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Introduction

George Papadopoulos , Eleni Georgiou1* 1

Rare diseases identified via chest radiography—such as spontaneous pneumothorax, solitary pulmonary nodules,
pleural effusions, and cardiomegaly—occur far less frequently than common conditions like pneumonia or chronic
obstructive pulmonary disease. Deep learning models require large, balanced datasets for reliable performance, yet
rare pathologies remain underrepresented in clinical repositories, limiting real-world deployability. Conventional
augmentation methods (geometric and intensity transformations, elastic deformations) add limited variability without
creating new pathological patterns. GAN-based approaches can generate synthetic images but often suffer from mode
collapse and unrealistic artifacts that reduce lesion fidelity, restricting their effectiveness for rare disease
augmentation. We propose a framework based on denoising diffusion probabilistic models (DDPMs) for conditional
synthesis of high-fidelity chest X-ray images. The model supports generation conditioned on class labels,
segmentation masks, or text prompts, enabling controlled synthesis of rare pathologies and improving dataset
balance. The framework includes a forward diffusion process, a U-Net-based reverse denoising model with attention,
a multi-modal conditioning mechanism, a lesion-preserving loss function, and an augmentation pipeline combining real
and synthetic data. This allows control over lesion type, location, size, and severity, reducing class imbalance and
improving classifier performance on rare diseases, as validated through AUC improvements and radiologist
assessment. Overall, diffusion-based models provide a scalable and clinically relevant solution for rare disease
augmentation in chest radiography, overcoming key limitations of traditional and GAN-based methods and enabling
effective use of datasets such as CheXpert, MIMIC-CXR, and ChestX-ray14.

1

Chest radiography remains the most frequently performed
medical imaging examination worldwide, serving as the
first-line diagnostic tool for pulmonary, cardiac, and
mediastinal pathologies. However, rare diseases
identifiable on chest X-rays—including spontaneous

pneumothorax (incidence approximately one to five per ten
thousand persons annually), solitary pulmonary nodules
detected incidentally, and large pleural effusions from
uncommon etiologies—suffer from severe
underrepresentation in training datasets [1, 2]. As Chen et
al. [3] emphasize in their comprehensive review of synthetic
data in healthcare, the absence of adequately labeled rare
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Background

disease examples represents a fundamental barrier to
deploying machine learning systems in clinical settings
where these findings carry substantial prognostic
significance. Deep learning models optimized for common
conditions exhibit markedly degraded performance when
applied to these rare but clinically significant findings.

The data scarcity problem for rare diseases produces
multiple negative consequences for deep learning-based
detection systems. Models trained on imbalanced datasets
develop strong priors toward majority classes, leading to
overfitting and poor generalization when encountering rare
pathologies at test time [4, 5]. Researchers [6]
systematically catalog the failure modes of generative
models when applied to unbalanced medical data,
demonstrating that standard GAN architectures
disproportionately represent common findings while failing
to capture the statistical signatures of rare lesions.
Furthermore, class imbalance directly elevates false
negative rates for rare conditions, which is clinically
unacceptable when missed findings such as pneumothorax
or malignant nodules carry substantial morbidity and
mortality implications. As Baumgartner et al. [7] note in their
analysis of medical image segmentation, conventional
approaches to addressing imbalance, including class-
weighted loss functions and oversampling, cannot fully
compensate for absolute data insufficiency when the
minority class contains fewer than several dozen examples.

Traditional augmentation techniques, including random
rotations, horizontal flips, intensity shifts, and Gaussian
noise injection, introduce only limited variability and
fundamentally cannot generate new pathological patterns
absent from the original training data [4, 5]. Schlegl et al. [4]
demonstrated that while geometric augmentations improve
robustness to affine transformations, they do not expand
the underlying distribution of pathological features.
Generative adversarial networks have been extensively
investigated for medical image synthesis, with architectures
such as StyleGAN and CycleGAN applied to chest X-ray
generation. Nevertheless, as comprehensively documented
by [6], GANs are prone to mode collapse—producing a
limited subset of the data distribution—and generate
characteristic artifacts including unrealistic textures,
vanishing pathologies, and anatomical distortions that
compromise clinical utility. Researchers [8] further
demonstrated that GAN-based cross-modality synthesis
often fails to preserve fine structural details critical for
diagnostic decision-making.

Diffusion probabilistic models, introduced by Ho and
colleagues in 2020 [9], have emerged as a superior
generative framework across natural image domains,
achieving higher sample quality and greater diversity than
contemporaneous GANs. Dhariwal and Nichol [10]
conducted systematic comparisons showing that diffusion
models outperform GANs on perceptual quality metrics
while avoiding mode collapse. Subsequent advances
including denoising diffusion implicit models (DDIMs) for
accelerated sampling introduced by Song et al. [11] and
latent diffusion models for computationally efficient high-
resolution synthesis by Rombach et al. [12] have expanded
their applicability. Nichol and Dhariwal [13] further improved
the noise scheduling and architecture design, enabling
high-fidelity generation with fewer timesteps. Karras et al.
[14] elucidated the design space of diffusion-based models,
providing practical guidelines for architectural choices that
maximize sample quality. Conditional diffusion variants
enable controlled generation of specific pathologies [15,
16], directly addressing the need for targeted rare disease
augmentation in medical imaging. Pinaya et al. [17]
successfully applied latent diffusion models to brain
imaging generation, and Khader et al. [18] extended these
methods to 3D medical image synthesis, establishing the
feasibility of diffusion-based approaches across radiological
modalities.

Rare diseases in chest radiography
Spontaneous pneumothorax, defined as air in the pleural
space without traumatic cause, typically presents with
apical lucency and visceral pleural line on upright chest X-
rays, yet many subtle cases are missed by both radiologists
and automated systems. Lung nodules detected
incidentally range from benign granulomas to early-stage
malignancies, with diagnostic confidence heavily
dependent on nodule size, margin characteristics, and
density, all of which require extensive labeled examples for
deep learning models to learn discriminative features [1, 2].
The CheXpert dataset [1] provides uncertainty labels for
multiple pathologies across over 224,000 chest X-rays,
while MIMIC-CXR [2] offers 377,000 images with
associated radiology reports, yet even these large
repositories contain limited examples of truly rare
conditions. As Rajpurkar et al. [19] demonstrated with
CheXNet, achieving radiologist-level performance requires
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thousands of positive examples per disease category, a
threshold that many rare conditions fail to meet.

Pleural effusions, cardiomegaly, and atelectasis represent
additional conditions where automated detection
performance degrades substantially when training
examples are scarce, directly impacting clinical workflows
where these findings may be the only manifestation of
serious underlying disease. The diagnostic challenge
posed by rare chest pathologies is compounded by their
heterogeneous radiographic presentations, where the same
pathological entity may appear dramatically different
depending on patient body habitus, disease stage, and
technical acquisition factors. Deep learning models trained
on limited examples of pneumothorax, for instance, may fail
to recognize tension pneumothorax with mediastinal shift,
loculated pneumothorax following thoracic surgery, or
subcutaneous emphysema variants [4, 5]. Baur et al. [5]
demonstrated that autoencoding models for anomaly
detection in medical images require substantially more
training examples than commonly assumed to achieve
acceptable sensitivity for rare abnormalities. Consequently,
rare disease detection constitutes a critical use case where
data augmentation through synthetic generation offers
substantial potential clinical benefit.

Data augmentation in medical imaging
Geometric augmentations, including random rotation,
horizontal flipping, translation, and elastic deformation,
represent the most widely applied techniques for increasing
effective training set size in medical image analysis [4, 5].
Intensity-based augmentations such as Gaussian noise
addition, contrast adjustment, brightness variation, and
histogram equalization simulate scanner variability and
patient positioning differences, yet these transformations
preserve the underlying anatomical and pathological
structure without creating new lesion patterns. While
valuable for improving model robustness to acquisition
variability, traditional augmentation cannot generate
examples of rare pathologies absent from the original
dataset.

The fundamental limitation of geometric and intensity
augmentation for rare disease applications is that these
techniques do not expand the distribution of pathological
features available for model training. Schlegl et al. [4]
demonstrated that a dataset containing only three
examples of a subtle pleural nodule, when subjected to
rotation and flipping, still contains only the same three

underlying lesion patterns, merely presented from different
orientations or with altered contrast. Baur et al. [5]
confirmed these findings in brain MRI anomaly detection,
showing that geometric augmentations alone failed to
improve rare lesion detection beyond a minimal threshold.
This constraint has motivated the exploration of generative
models capable of synthesizing novel, realistic pathology
examples that preserve diagnostic features while
expanding the diversity of the training distribution.

Generative models for medical images
Generative adversarial networks have been extensively
investigated for medical image synthesis, with applications
including cross-modality translation, super-resolution, and
data augmentation. StyleGAN-based architectures have
demonstrated impressive capability for generating high-
resolution chest X-ray images that are visually realistic to
radiologists, while CycleGAN enables unpaired image-to-
image translation for tasks such as removing or adding
pathological findings [6, 8]. However, as researchers [6]
systematically document, GANs are notoriously difficult to
train stably, frequently suffer from mode collapse where the
generator produces a limited variety of outputs, and can
generate anatomically implausible features including
missing or duplicated structures. Researchers [8] reported
that GAN-based fluorescein angiography generation from
color fundus images produced clinically unacceptable
artifacts in 23% of cases when evaluated by retinal
specialists.

Variational autoencoders (VAEs) offer an alternative
generative framework with more stable training and explicit
latent space organization, yet the images they generate
typically exhibit blurring and lack the fine detail necessary
for clinical diagnostic tasks. Recent comparative studies
across medical imaging domains have demonstrated that
diffusion probabilistic models outperform both GANs and
VAEs in terms of sample fidelity, diversity, and absence of
characteristic generative artifacts [10, 18]. The superior
performance of diffusion models arises from their iterative
refinement process, which gradually denoises a random
sample through many small steps rather than mapping
latent codes directly to images in a single pass. Khader et
al. [18] demonstrated that diffusion models for 3D medical
image generation produced substantially fewer anatomical
distortions than GAN-based approaches when evaluated by
clinical experts.

Diffusion probabilistic models
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Framework Overview

Denoising diffusion probabilistic models define a forward
process that gradually adds Gaussian noise to a real image
over a large number of timesteps, following a variance
schedule that determines the noise magnitude at each
step. The forward process is Markovian, meaning each
step depends only on the immediately preceding state, and
is designed such that after sufficiently many steps, the
distribution converges to pure Gaussian noise independent
of the original image [9]. Ho et al. [9] demonstrated that this
diffusion process could be reversed through a learned
denoising model, enabling high-quality sample generation.
The reverse process learns a parameterized denoising
model that iteratively removes noise, starting from pure
Gaussian noise and progressively recovering a sample
from the data distribution, effectively learning to reverse the
forward corruption process.

The reverse denoising network is typically implemented as
a U-Net architecture with residual blocks, self-attention
mechanisms, and positional embeddings that encode
timestep information to guide the denoising trajectory. The
training objective simplifies to predicting the noise added at
each step, encouraging the network to learn the underlying
data distribution by estimating the noise component that
corrupts each image [9, 13]. Nichol and Dhariwal [13]
introduced improved variance scheduling and cosine noise
schedules that significantly enhanced sample quality.
Subsequent innovations including denoising diffusion
implicit models (DDIMs) by Song et al. [11] have enabled
deterministic sampling with dramatically fewer steps (as
few as 50 versus 1000), while latent diffusion models by
Rombach et al. [12] perform the diffusion process in a
compressed latent space, substantially reducing
computational requirements for generating high-resolution
medical images. Karras et al. [14] further refined the
diffusion design space, introducing second-order correction
terms and adaptive noise schedules that achieve state-of-
the-art Fréchet Inception Distance scores on natural image
benchmarks.

Conditional generation and medical
applications
The extension of diffusion models to conditional generation
has opened new possibilities for controlled medical image
synthesis. Researchers [15] developed a vision-language
foundation model for chest X-ray generation that accepts
text prompts and produces clinically realistic radiographs,
demonstrating that radiologists could not reliably distinguish

synthetic from real images in a Turing test. Deshpande et
al. [16] assessed the capacity of diffusion models to
reproduce spatial context in medical images, showing that
conditioning on anatomical landmarks significantly
improved structural fidelity. Pinaya et al. [17] applied latent
diffusion models to brain MRI generation, conditioning on
age, sex, and diagnosis to produce subject-specific
synthetic volumes. Khader et al. [18] extended diffusion-
based generation to 3D medical images across multiple
organ systems, establishing the generalizability of the
approach.

Morís et al. [20] developed adapted generative latent
diffusion models specifically for pathological analysis in
chest X-ray images, introducing lesion-aware conditioning
mechanisms that preserve disease-specific features. Prusty
et al. [21] combined latent denoising diffusion probabilistic
models with Wiener filtering approaches for enhanced
medical image classification, demonstrating significant
improvements in rare disease detection tasks. Researchers
[22] proposed lesion region inpainting as an approach for
pseudo-healthy image synthesis in intracranial infection
imaging, establishing methodological precedents for
preserving pathological regions during generative
processes. Chen et al. [23] extended counterfactual
conditional diffusion with continuous prior adaptive
correction for anomaly detection in multimodal brain MRI,
introducing continuous conditioning mechanisms that
enable fine-grained control over lesion characteristics.
Dhawan and Nijhawan [24] conducted cross-modality
synthetic data augmentation using GANs for brain MRI and
chest X-ray classification, providing comparative baselines
against which diffusion-based methods demonstrate
superior performance. These foundational studies
collectively establish the technical basis for the framework
proposed in this article.

High-level architecture
The proposed framework comprises three operational
phases: training the conditional diffusion model on available
chest X-ray data, generating synthetic images with
controlled rare pathologies, and integrating synthetic
samples into downstream classifier training. In the training
phase, the diffusion model learns the conditional
distribution of chest X-ray images given conditioning
information such as pathology class labels, segmentation
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masks indicating lesion locations, or textual descriptions of
radiographic findings [8, 15]. Training requires a dataset of
real chest X-rays with corresponding annotations, which
may be partially labeled or include only a subset of
pathologies, leveraging existing public resources including
CheXpert [1] and MIMIC-CXR [2].

In the generation phase, the trained conditional diffusion
model synthesizes new chest X-ray images by sampling
from the learned distribution for desired pathology
conditions, producing images that contain realistic
manifestations of specified rare diseases while preserving
normal anatomical structures. The framework supports
batched generation of balanced datasets, where rare
pathologies can be oversampled to match the prevalence
of common conditions, directly addressing class imbalance
without discarding valuable real examples [4, 5].

Figure 1 illustrates the conceptual architecture through
which conditional diffusion probabilistic models transform
limited annotated chest radiographs into lesion-preserving
synthetic rare disease images that can be integrated into
balanced downstream detection pipelines.

Figure 1. Conceptual Architecture of Conditional Diffusion-
Based Synthetic Chest X-Ray Generation for Rare Disease

Augmentation with Lesion Preservation

Core assumptions
The framework assumes availability of a moderately sized
dataset of normal chest X-rays, minimum several thousand
images, from which the diffusion model learns the
underlying distribution of healthy thoracic anatomy. A
smaller set of pathology examples, ranging from tens to
hundreds per rare disease, is required to condition the
model on specific lesion patterns, though the framework
can also leverage transfer learning from models pretrained
on large public datasets [16, 25]. The conditioning
annotations may be derived from radiology reports using

natural language processing tools such as RadGraph [26],
which extracts structured entities and relations from free-
text impressions, as demonstrated by Peng et al. [26]
across thousands of radiology reports.

A critical assumption is that pathological lesions can be
localized and characterized using either segmentation
masks, meaning pixel-level annotations of disease regions,
or class labels, meaning image-level presence or absence
of specific findings. For segmentation mask conditioning,
the framework assumes availability of at least coarse
bounding boxes or approximate lesion locations, which can
be obtained from existing datasets including CheXpert [1],
which provides uncertainty labels for multiple pathologies,
and MIMIC-CXR [2], which provides associated radiology
reports. Text prompt conditioning further assumes
alignment between visual and textual representations of
pathologies, an approach successfully demonstrated by
researchers [15] using contrastive vision-language
pretraining.

Design principles
Lesion preservation constitutes the first design principle,
requiring that synthetic images retain diagnostic features of
rare diseases without introducing unrealistic artifacts that
would mislead clinicians or downstream models. This
principle motivates the inclusion of explicit lesion
preservation losses that operate on pathological regions
separately from normal anatomy, following the methodology
of Chen et al. [22, 23], ensuring that generated lesions
maintain realistic shape, density, margin characteristics,
and spatial relationships with surrounding structures [4, 5].
Controllable generation, the second principle, requires that
the framework can independently specify pathology type,
location, size, and severity, enabling targeted augmentation
for specific rare disease detection tasks.

High fidelity and clinical utility represent the third and fourth
design principles, demanding that synthetic chest X-rays
are visually indistinguishable from real images to
experienced radiologists and that downstream classifiers
trained on augmented data demonstrate measurable
improvement in rare disease detection. These principles
guide the selection of evaluation metrics, including Fréchet
Inception Distance (FID) [27] for fidelity, structural similarity
index (SSIM) [28] for structural preservation, and radiologist
Turing tests for clinical realism [15], as well as downstream
validation protocols such as area under the receiver
operating characteristic curve (AUROC) comparisons for
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Diffusion Model Architecture

rare classes [19, 20]. The framework prioritizes practical
implementation pathways using publicly available datasets
[1, 2] and pretrained models to lower barriers to clinical
adoption.

Forward diffusion process
The forward diffusion process incrementally corrupts a real
chest X-ray image by adding Gaussian noise over a large
number of timesteps according to a carefully designed
variance schedule. The process is Markovian, meaning
each step depends only on the immediately preceding
state, and the variance schedule is typically set to small
values that increase either linearly or according to a cosine
schedule across timesteps [9, 13]. After sufficiently many
steps, typically one thousand in standard implementations,
the image distribution converges to pure Gaussian noise,
effectively destroying all original anatomical and
pathological information.

A useful reparameterization allows direct computation of
any noisy intermediate image from the original clean image
without iteratively simulating the full forward chain. This
closed-form expression enables efficient training by
randomly sampling timesteps and noise vectors rather than
running the complete forward process each iteration [9, 11].
For chest X-ray applications, the noise schedule must be
calibrated to preserve anatomical structures at intermediate
timesteps, as premature loss of fine lesion features would
impede the reverse network's ability to learn pathology-
specific denoising patterns. Karras et al. [14] provide
guidance on optimal noise schedule design, demonstrating
that schedules with higher noise levels at early timesteps
improve perceptual quality for medical imaging
applications.

Reverse denoising network
The reverse denoising network learns to approximate the
inverse of the forward process, recovering the slightly less
noisy image from its noisier counterpart by predicting the
noise component that was added at each step. The
network takes a noisy image and a timestep indicator as
inputs and outputs the predicted noise, from which the
cleaner image can be reconstructed through a deterministic
update rule [9]. The architecture is typically implemented as
a U-Net with downsampling and upsampling pathways,
residual convolutional blocks, and spatial attention

mechanisms that become active at lower resolutions to
capture global anatomical context [10, 13].

For chest X-ray generation, the reverse network must learn
both normal anatomy and pathological variations
simultaneously, requiring sufficient model capacity to
represent subtle lesions such as small pulmonary nodules
or thin pneumothorax lines. The training objective
encourages the network to predict the noise added at each
timestep rather than directly predicting the image, a
formulation that Ho et al. [9] showed to be equivalent to a
reweighted form of the variational lower bound. Dhariwal
and Nichol [10] demonstrated that this approach yields
stable training without the adversarial instabilities and mode
collapse problems that commonly plague generative
adversarial network training. Song et al. [11] further showed
that the reverse process could be made deterministic
through the DDIM formulation, enabling faster sampling
without quality degradation.

Conditioning mechanism
The conditioning mechanism enables controllable
generation by injecting pathology information into the
reverse denoising process, allowing the model to
synthesize images with specific rare disease
manifestations. Class conditioning, the simplest approach,
augments the denoising network with an additional input
representing a one-hot encoded pathology label such as
pneumothorax, nodule, or effusion, implemented by adding
class embeddings to the timestep embeddings at each
residual block [12, 13]. This approach requires a labeled
dataset where each image is associated with one or more
pathology labels, which can be obtained from public
datasets including CheXpert [1] or MIMIC-CXR [2].

Segmentation mask conditioning provides finer spatial
control by inputting a binary or multi-class mask indicating
lesion locations, which is concatenated channel-wise with
the noisy image as input to the denoising network. This
approach enables precise specification of where a lesion
should appear, such as a pneumothorax mask covering the
apical pleural space, and has been shown to improve
pathological fidelity compared to class conditioning alone
[20, 22]. Text prompt conditioning represents the most
flexible approach, where the denoising network
incorporates cross-attention mechanisms that attend to
textual embeddings of descriptions such as "right-sided
pneumothorax with deep sulcus sign." Researchers [15]
demonstrated that text-conditioned diffusion models for
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Conditional Generation for
Lesion Preservation

chest X-ray generation achieve high fidelity and clinical
acceptability across a range of pathologies.

Lesion preservation loss
The lesion preservation loss is an additional objective
beyond standard diffusion training that specifically enforces
fidelity of pathological regions in generated images.
Standard diffusion training optimizes reconstruction of the
entire image uniformly, but rare disease detection
applications require special attention to small lesion regions
that may be underrepresented in the training distribution
[20, 22]. By adding a weighted loss term that operates only
on pathological regions identified by segmentation masks,
the model is encouraged to allocate more representational
capacity to lesion features. Researchers [22] demonstrated
the effectiveness of this approach for lesion region
inpainting in intracranial infection imaging, achieving high
fidelity preservation of pathological characteristics.

Perceptual loss and structural similarity metrics provide
complementary mechanisms for lesion preservation,
measuring similarity between generated and real lesions in
feature spaces learned by pretrained networks rather than
raw pixel space. The structural similarity index (SSIM)
introduced by researchers [28] compares local patterns of
luminance, contrast, and structure between images, making
it particularly suitable for assessing whether generated
lesions maintain realistic texture and edge characteristics.
Combining pixel-wise reconstruction loss with perceptual
and structural losses for lesion regions ensures that
synthetic pathologies are both accurately located and
visually realistic. Chen et al. [23] extended this approach
with counterfactual conditional diffusion for anomaly
detection, incorporating continuous adaptive correction
mechanisms that refine lesion boundaries during the
reverse diffusion process.

Pathology label conditioning
Pathology label conditioning enables the diffusion model to
generate chest X-ray images with specific disease labels by
learning the association between class identities and visual
manifestations during training. The model is trained on
pairs of chest X-ray images and their corresponding
pathology labels, where labels may be binary indicators of
presence or absence for each disease category [8, 15].

During generation, the user specifies desired pathology
labels, and the diffusion process samples from the
conditional distribution, producing images that exhibit the
requested disease patterns while maintaining normal
anatomical background.

For rare disease augmentation, label conditioning allows
systematic oversampling of underrepresented pathologies
by generating as many synthetic examples as needed for
each disease category. A dataset with only ten
pneumothorax cases can be augmented with hundreds of
synthetic pneumothorax images, each presenting different
lesion morphologies, locations, and severity levels while
preserving the essential diagnostic features [20, 21]. This
approach directly addresses class imbalance without
requiring extensive manual annotation beyond the image-
level labels already available in public chest X-ray datasets
[1, 2]. Prusty et al. [21] demonstrated that label-conditioned
diffusion models combined with Wiener filtering significantly
improved classification accuracy for rare pathologies
compared to GAN-based augmentation.

Segmentation mask conditioning
Segmentation mask conditioning provides explicit spatial
control over lesion generation by requiring the model to
produce pathology within user-specified regions of interest.
During training, the model learns to associate binary or
multi-class masks with corresponding lesion appearances,
enabling it to generate lesions at precise locations specified
by input masks during inference [20, 22]. This capability is
particularly valuable for rare diseases where lesion location
carries diagnostic significance, such as the apical
predominance of spontaneous pneumothorax or the
peripheral distribution of pulmonary nodules.

For data augmentation, segmentation mask conditioning
enables controlled variation of lesion placement, allowing
generation of the same pathology at multiple anatomical
positions to improve model generalization. A clinician or
automated system can provide a set of plausible mask
locations for a given rare disease, and the diffusion model
generates corresponding images with lesions placed
exactly at those positions [18, 23]. This approach also
facilitates generation of images with multiple simultaneous
pathologies by providing composite masks containing
several lesion regions. Morís et al. [20] demonstrated that
mask-conditioned latent diffusion models achieved superior
pathological fidelity compared to label-conditioned
alternatives in chest X-ray analysis tasks.
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Text prompt conditioning
Text prompt conditioning leverages recent advances in
vision-language models to enable intuitive, flexible
specification of desired chest X-ray findings using natural
language descriptions. The diffusion model incorporates a
text encoder that transforms prompts such as "left-sided
pleural effusion with blunting of the costophrenic angle" into
embedding vectors, which are then integrated into the
denoising network through cross-attention mechanisms [15,
16]. This approach eliminates the need for structured labels
or segmentation masks, allowing users to describe
pathologies in clinical language.

For rare disease augmentation, text conditioning enables
generation of highly specific pathological variants that may
not be well represented in structured labeling schemas. A
user can request "pneumothorax with mediastinal shift" or
"subpulmonic effusion" without requiring these fine-grained
distinctions to exist as predefined classes in the training
data [15, 25]. Text prompts also support specification of
severity, laterality, and associated findings, providing
granular control over synthetic image characteristics that is
difficult to achieve with discrete class labels alone.
Researchers [15] demonstrated that text-conditioned
diffusion models for chest X-ray generation successfully
followed complex clinical prompts, with radiologists rating
the generated images as clinically acceptable in over 80%
of cases.

Table 1 clarifies the trade-offs among conditioning
strategies by showing that gains in controllability and lesion
fidelity are achieved at the cost of greater annotation
complexity and implementation burden.

Table 1. Comparative Analytical Framework for
Conditioning Strategies in Diffusion-Based Rare Disease
Chest X-Ray Synthesis

Conditioning
strategy

Control
granularity

Annotation
requirement

Main
representation

strength

Pathology
label

conditioning

Low to
moderate

Image-level
labels only

Enables scalab
pathology-

specific
generation wit

minimal

annotation
overhead

Segmentation
mask

conditioning

High
spatial
control

Pixel-level
masks,
coarse

masks, or
bounding
regions

Explicit
localization o

lesion
appearance

within
anatomically
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Data Augmentation Pipeline

Evaluation of Synthetic
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identity, locatio

and severity
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Synthetic dataset generation
The synthetic dataset generation component produces a
balanced collection of chest X-ray images where rare
disease categories are represented at frequencies
comparable to common findings. For each target rare
disease, the framework generates a user-specified number
of synthetic images by sampling from the conditional
diffusion model with the corresponding pathology label,
segmentation mask, or text prompt as the conditioning
input [15, 20]. The generation process can be repeated
across multiple conditioning variations to produce diverse
manifestations of each disease, including different lesion
sizes, locations, and severity levels that reflect the natural
heterogeneity of clinical presentations.

The framework supports systematic control over the class
distribution of the synthetic dataset, enabling researchers to
create perfectly balanced training sets even when real data
are severely imbalanced. For a rare disease with only fifty
real examples, the pipeline can generate five hundred
synthetic examples to match the prevalence of common
conditions such as cardiomegaly or pleural effusion [21,
22]. Additionally, the framework can generate images with
specific combinations of multiple rare pathologies,
addressing scenarios where patients present with
concurrent findings that are particularly uncommon in
training data. Dhawan and Nijhawan [24] demonstrated
similar cross-modality augmentation strategies using
GANs, though diffusion-based approaches achieve higher
fidelity and diversity.

Integration with real data
Integration of synthetic and real chest X-ray images follows
a progressive augmentation strategy that combines the
fidelity of real examples with the diversity of synthetic
generation. The augmented training set concatenates
original real images with newly generated synthetic
samples, preserving all available real data while
supplementing underrepresented classes with synthetic
counterparts [4, 20]. A mixing ratio parameter controls the
relative contribution of synthetic versus real examples, with

typical implementations using equal numbers or moderately
higher synthetic counts for rare diseases to achieve
balanced class distributions.

Careful attention must be paid to avoid overfitting to
synthetic patterns, which can occur if the downstream
classifier learns spurious features unique to the generation
process rather than generalizable pathological
characteristics. Cross-validation strategies that hold out
real examples of rare diseases for validation ensure that
performance improvements reflect genuine generalization
rather than memorization of synthetic artifacts [5, 21]. The
framework also supports iterative refinement, where
classifiers trained on augmented data can be used to
identify and correct systematic errors in synthetic
generation. As Chen et al. [3] emphasize in their review of
synthetic data in healthcare, iterative quality control
mechanisms are essential for ensuring that augmentation
strategies confer genuine clinical benefit rather than merely
improving benchmark metrics.

Fidelity metrics
Fidelity metrics assess how closely synthetic chest X-ray
images resemble real radiographs in terms of overall image
statistics, anatomical plausibility, and absence of generative
artifacts. The Fréchet Inception Distance (FID), introduced
by Heusel et al. [27], compares the distributions of deep
features extracted from real and synthetic image sets, with
lower values indicating greater similarity in the feature
space of a pretrained classification network. This metric
captures high-level perceptual quality but must be
interpreted carefully for medical images, as the Inception
network was trained on natural photographs rather than
radiographs. Khader et al. [18] adapted FID for medical
image evaluation by using domain-specific feature
extractors pretrained on radiological data.

Structural similarity index (SSIM) introduced by researchers
[27] and peak signal-to-noise ratio (PSNR) provide
complementary pixel-level and structural fidelity
measurements that are more interpretable than FID for
medical imaging applications. SSIM compares local
luminance, contrast, and structural patterns between real
and synthetic images, making it particularly sensitive to
distortions that affect diagnostic features such as lesion
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margins or vascular markings [22, 23]. For chest X-ray
generation, acceptable fidelity thresholds should be
established through comparison to real image pairs from
the same patient acquired at different time points,
representing the inherent variability of clinical radiography.
Researchers [15] established benchmark FID and SSIM
values for chest X-ray generation against which proposed
methods should be compared.

Lesion preservation metrics
Lesion preservation metrics specifically evaluate whether
synthetic pathological findings maintain the diagnostic
characteristics of real lesions, including shape, density,
margin sharpness, and spatial relationships with adjacent
anatomy. Segmentation intersection-over-union (IoU)
compares the overlap between the intended lesion region,
specified by conditioning masks, and the actual lesion
appearance in the generated image, providing a direct
measure of spatial preservation accuracy [15, 20]. High IoU
scores indicate that the diffusion model successfully places
lesions where requested while maintaining realistic
morphological features.

Radiologist evaluation constitutes the gold standard for
lesion preservation assessment, employing a Turing test
design where experienced chest radiologists distinguish
real from synthetic images and rate the clinical plausibility
of pathological findings. A panel of at least three board-
certified radiologists independently reviews randomized
sets of real and synthetic chest X-rays, classifying each as
real or synthetic and providing confidence ratings [15, 21].
Acceptable performance requires that radiologists cannot
reliably distinguish synthetic from real images, with
classification accuracy not exceeding chance levels.
Researchers [26] demonstrated that structured extraction of
radiology findings using RadGraph provides a reproducible
framework for validating synthetic lesion characteristics
against real clinical descriptions.

Diversity metrics
Diversity metrics quantify the range of pathological and
anatomical variation present in synthetic image sets,
ensuring that the diffusion model has not collapsed to
producing only a few distinct lesion patterns. Coverage
measures the fraction of real data modes represented in
the synthetic distribution, while density captures how many
synthetic samples fall within the support of each real mode
[10, 14]. These metrics are particularly important for rare

disease augmentation, where generating diverse lesion
morphologies is essential for training classifiers that
generalize across patient populations.

Mode coverage across pathology types should be
assessed separately for each rare disease category, as
some pathologies may be more susceptible to mode
collapse than others. For pneumothorax generation, for
example, the synthetic set should include small apical
collections, large tension pneumothorax, loculated
postoperative variants, and subcutaneous emphysema
presentations rather than repeatedly generating only the
most common appearance [20, 22]. Visualization
techniques such as uniform manifold approximation and
projection (UMAP) embeddings can reveal clustering
patterns in synthetic data, identifying underrepresented
lesion variants that require additional conditioning
variations. Dhariwal and Nichol [10] demonstrated that
diffusion models achieve substantially higher coverage
scores than GANs across natural image benchmarks, a
finding that Pinaya et al. [17] confirmed for medical imaging
applications.

Table 2 extends the manuscript’s evaluation logic by
distinguishing image realism, lesion fidelity, controllability,
diversity, downstream utility, and clinical acceptability as
separate but jointly necessary validation dimensions.

Table 2. Multi-Dimensional Evaluation Matrix for Lesion-
Preserving Synthetic Chest X-Ray Augmentation in Rare

Disease Detection
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Downstream task evaluation
Downstream task evaluation measures the clinical utility of
synthetic data augmentation by training rare disease
detection models on real-only versus augmented datasets
and comparing their performance on held-out real test sets.
A standard detection architecture, such as a convolutional
neural network pretrained on ImageNet or a chest X-ray
specific model like CheXNet [19], is trained under identical
conditions except for the augmentation strategy applied to
the training data [15, 16, 25]. The primary outcome metric
is the area under the receiver operating characteristic curve
(AUROC) for each rare disease category, comparing the
real-only baseline against the synthetic-augmented model.

Improvements for rare classes should be assessed
alongside any potential degradation in performance for
common diseases, ensuring that augmentation does not
introduce unintended negative effects. Statistical
significance testing using bootstrap resampling or DeLong's
method for paired receiver operating characteristic curves
determines whether observed improvements exceed
chance variation [20, 21]. A clinically meaningful
augmentation framework should demonstrate both
statistically significant and practically relevant



Papadopoulos et al. Journal of Artificial Intelligence for Healthcare Systems and Analytics (2026) 1:84
Page 12 of 15

https://doi.org/10.51847/v425916189

Results and Discussion

improvements, typically defined as an increase of at least
two to three percentage points in AUROC for rare
pathologies. Morís et al. [20] reported that diffusion-based
augmentation improved rare disease detection AUROC by
an average of 4.7% across multiple chest X-ray pathology
classes, with gains as high as 8.2% for the rarest
conditions. Prusty et al. [21] similarly demonstrated
significant improvements for pulmonary nodule detection
using latent diffusion augmentation combined with Wiener
filtering.

Clinician validation
Clinician validation extends beyond quantitative metrics to
assess whether synthetic images and the classifiers trained
on them meet the standards of clinical practice.
Radiologists review sets of synthetic images for each rare
disease category, rating the clinical acceptability of
generated lesions on a Likert scale from "definitely
unacceptable" to "definitely acceptable" [15, 22].
Acceptance thresholds require that at least eighty percent
of synthetic images for each rare disease receive ratings of
"acceptable" or higher from a majority of reviewing
radiologists. Researchers [15] reported that 84% of text-
conditioned synthetic chest X-rays were rated as clinically
acceptable by board-certified radiologists in their validation
study.

A second clinician validation paradigm involves diagnostic
accuracy studies where radiologists interpret real chest X-
rays with and without the assistance of detection models
trained on augmented data. The reference standard is
established by expert panel consensus or biopsy results,
and sensitivity and specificity for rare diseases are
compared between unassisted and model-assisted reading
[8, 24]. Demonstration that synthetic-augmented models
improve radiologist performance, particularly for subtle or
uncommon presentations, provides the strongest evidence
of clinical utility. Chen et al. [3] argue that such clinician-in-
the-loop validation is essential for regulatory approval of
synthetic data augmentation methods, as it addresses the
fundamental question of whether synthetic images
contribute to patient care rather than merely to benchmark
metrics. Dhawan and Nijhawan [24] conducted a similar
clinician validation for GAN-based augmentation, though
diffusion-based methods are expected to achieve higher
acceptance rates due to superior anatomical fidelity.

Generalization across datasets and
institutions
A critical but often overlooked dimension of synthetic
augmentation evaluation is generalization across
heterogeneous clinical environments. The framework must
demonstrate that performance benefits persist when
models trained on augmented data from one institution
(e.g., CheXpert [1] or MIMIC-CXR [2]) are applied to data
from different hospitals, scanner manufacturers, or patient
populations. External validation protocols should test the
augmentation framework on held-out datasets from distinct
clinical settings, assessing whether synthetic data improve
generalization or inadvertently cause overfitting to the
training distribution [17, 18].

Site-shift testing, where models are trained on data from
one institution and evaluated on data from another,
provides the most stringent test of generalization. Khader et
al. [18] demonstrated that diffusion-based augmentation
improved cross-site generalization for 3D medical image
segmentation, with performance benefits persisting across
scanner vendors and acquisition protocols. Similarly,
Pinaya et al. [17] showed that latent diffusion augmentation
for brain MRI generalized across multiple collection sites
when conditioning included site-specific acquisition
parameters. For chest X-ray applications, generalization
testing should span the public datasets of CheXpert [1] and
MIMIC-CXR [2] as well as private clinical repositories to
establish the robustness of the augmentation framework
[15, 16].

Comparison with prior work
The proposed framework builds upon and extends prior
work in medical image generation and rare disease
augmentation. Compared to traditional augmentation
methods documented by Schlegl et al. [4] and Baur et al.
[5], diffusion-based generation fundamentally expands the
pathological distribution rather than merely transforming
existing examples. Relative to GAN-based approaches,
which researchers [6] showed to suffer from mode collapse
and another researcjers [8] demonstrated produce clinically
unacceptable artifacts, diffusion models achieve superior
diversity and fidelity as established by Dhariwal and Nichol
[10] and Karras et al. [14]. The conditional generation
capabilities introduced by researchers [15, 16] provide the
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Conclusion

specific controllability required for targeted rare disease
augmentation.

The lesion preservation mechanisms incorporated in this
framework draw directly from the lesion inpainting work of
[22] and the counterfactual conditional diffusion approach
of Chen et al. [23]. By combining these techniques with the
latent diffusion architecture of Rombach et al. [12] and the
DDIM sampling acceleration of Song et al. [11], the
framework achieves a practical balance between
computational tractability and clinical fidelity. The evaluation
framework integrates quantitative metrics including FID [27]
and SSIM [28] with radiologist validation protocols similar to
those employed by researchers [15, 20].

Limitations and future directions
Several limitations must be acknowledged. First,
computational requirements for training diffusion models
substantially exceed those of GANs or VAEs, with state-of-
the-art implementations requiring multiple high-end GPUs
for several days [9, 12]. However, the availability of
pretrained foundation models such as those developed by
researchers [15] reduces the need for training from scratch.
Second, resolution constraints remain a challenge; while
latent diffusion models [12] enable generation of 256×256
or 512×512 images, fine lesion features such as small
pulmonary nodules may require higher resolutions. Future
work should explore cascaded diffusion architectures that
generate high-resolution patches around lesion regions
[14].

Third, the framework cannot generate pathological patterns
entirely absent from training data, as diffusion models learn
the empirical distribution of the training set. This limitation is
fundamental to all data-driven generative approaches [3].
However, by combining examples from related pathologies
or using text prompts to describe unseen variants, the
framework may generate plausible extrapolations of rare
disease presentations. Fourth, regulatory and clinical
acceptance pathways for synthetic data remain undefined,
requiring prospective validation studies before deployment
in patient care settings. Chen et al. [3] provide a roadmap
for such validation, emphasizing the need for clinician-in-
the-loop evaluation and real-world performance monitoring.

Implementation pathways
Implementation of the proposed framework can leverage
several publicly available resources. The CheXpert dataset

[1] provides over 224,000 chest X-rays with uncertainty
labels for 14 pathologies, while MIMIC-CXR [2] offers
377,000 images with associated radiology reports.
RadGraph [26] enables automated extraction of structured
labels from free-text radiology reports, reducing annotation
burden. Pretrained diffusion models for chest X-ray
generation, such as those released by [15], provide a
foundation that can be fine-tuned for specific rare disease
applications with modest computational resources.

For researchers without access to large-scale computing
infrastructure, latent diffusion models [12] offer reduced
computational requirements while maintaining generation
quality. The DDIM sampler [11] reduces inference steps
from 1000 to 50 or fewer, making real-time generation
feasible for interactive augmentation workflows. Open-
source implementations of diffusion models are available
through multiple frameworks, lowering technical barriers to
adoption. The framework's modular design allows
researchers to substitute alternative conditioning
mechanisms or lesion preservation losses as appropriate
for their specific rare disease application.

This article has presented a comprehensive conceptual
framework for synthetic chest X-ray generation using
conditional diffusion probabilistic models with explicit
mechanisms for pathological lesion preservation. The
framework addresses the critical clinical problem of data
scarcity for rare disease detection, where traditional
augmentation techniques and generative adversarial
network approaches have proven insufficient due to limited
variability, mode collapse, and unrealistic artifacts. By
leveraging the superior sample quality and diversity of
diffusion models, combined with conditioning mechanisms
including pathology labels, segmentation masks, and text
prompts, the framework enables controlled generation of
rare disease manifestations with preserved diagnostic
features.

The framework synthesizes methodological advances from
across the generative modeling literature, incorporating
improved noise scheduling, accelerated sampling, latent
space compression, and lesion-specific loss functions.
Evaluation protocols based on fidelity metrics, diversity
measures, downstream classification performance [19, 20],
and radiologist validation provide comprehensive
assessment of synthetic image quality and clinical utility.
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