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Abstract
Data scarcity, inter-institutional stain variability, and privacy constraints are major challenges impeding the development 
of generalizable artificial intelligence models in digital pathology. Although recent generative adversarial network (GAN)-
based synthesis approaches show promise, they struggle to preserve fine-grained nuclear morphology or maintain class-
specific histological diversity. Moreover, existing diffusion-based studies have not sufficiently addressed class-conditional 
synthesis across heterogeneous, multi-institutional pathology data. We introduce the Efficient Pathology Diffusion Pipeline 
(EPDP), a class-conditional diffusion framework that enables the generation of clinically relevant, subtype-specific syn-
thetic histopathology images for training and validating diagnostic AI models. By providing high-fidelity, subtype-specific 
synthetic datasets, EPDP lowers the barriers to developing robust AI diagnostic tools and supports the establishment of 
standardized evaluation frameworks in digital pathology. To achieve this, EPDP integrates a customized denoising U-Net 
that employs nuclear details, learnable class embeddings, and CycleGAN-based stain normalization with reference-guided 
alignment. This design explicitly targets the preservation of fine-grained nuclear morphology, class-specific histological 
diversity, and stain-invariant visual consistency across institutions. Multi-institutional hematoxylin and eosin whole-slide 
images are curated via a two-round pathology review to build subtype-labeled training and evaluation sets. Image fidelity 
is assessed using FID, 1–LPIPS, and SSIM, and compared against state-of-the-art models including PathDiff, PathLDM, 
and DiffInfinite. Diagnostic utility was evaluated using cross-domain classification (EfficientNetV2-L), and perceptual 
realism was assessed using a visual Turing test (VTT). The real–synthetic FID was lower than that of real–real FID by 
11.0% (breast) and 8.6% (gastric). The subtype 1–LPIPS gaps were ≤ 12%, and the SSIM gaps were ≤ 0.3%. Classifi-
ers trained only on synthetic patches matched real-trained baselines within an ~ 1% F1 score on real-image validation. 
Pathologists performed at near-chance levels in the VTT, with accuracies ranging from 50% to 56%.

Keywords  Diffusion model · Digital pathology · Class-conditional generation · Histopathological image synthesis · 
Gastric cancer · Breast cancer
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Introduction

Gastric and breast cancers are representative malignancies 
with high global prevalence and mortality rates, making 
them primary targets for evaluating diagnostic AI models. In 
2020, ~ 1.1 million new gastric cancer cases were reported 
globally. The highest incidence rates were observed in 
Eastern Asia and Central/Eastern Europe, with higher rates 
noted among Asian and Hispanic populations in the United 
States. Gastric cancer is a highly lethal disease with a five-
year survival rate of ~ 20%, and about 0.8 million cancer-
related deaths occurred worldwide [1].

Breast cancer accounted for ~ 2.3 million cases in 2022, 
which makes it the most common cancer among women, 

http://crossmark.crossref.org/dialog/?doi=10.1007/s10916-026-02421-1&domain=pdf&date_stamp=2026-6-16
https://doi.org/10.1007/s10916-026-02421-1
mailto:kimkg@gachon.ac.kr
http://orcid.org/0009-0008-8163-1424
http://orcid.org/0009-0002-6361-3616
http://orcid.org/0000-0003-0443-0051
http://orcid.org/0000-0002-0742-5517
http://orcid.org/0000-0001-9714-6038


1 3

   97   Page 2 of 17 Journal of Medical Systems           (2026) 50:97 

with particularly high incidence rates in Europe and North 
America, and ~ 0.7 million deaths worldwide [2]. Despite 
this heavy burden, artificial intelligence (AI) research utiliz-
ing pathological images of gastric and breast cancers faces 
significant limitations. For example, histological diversity 
and heterogeneity make constructing large-scale pathology 
datasets highly time- and cost-intensive, while ethical and 
legal restrictions further hinder data sharing [3, 4]. Publicly 
available pathology datasets remain limited in scale and suf-
fer from differences in staining and scanning across insti-
tutions, restricting the generalizability of AI models [4, 5]. 
Collectively, these factors constitute major barriers to the 
clinical translation and scalability of AI models based on the 
pathological images of gastric and breast cancers.

Synthetic data have recently emerged as a promising 
alternative to complement real clinical data because deep-
learning-based generative models demonstrate the potential 
to preserve the structural characteristics and cytological pat-
terns of pathology images while producing diverse varia-
tions [6]. Although earlier studies reported GAN-based 
approaches to synthesize histopathological images, includ-
ing nuclei segmentation tasks in gastric and breast cancers 
[7, 8], there are several challenges such as ambiguous map-
pings that lead to difficulties in representing fine structures 
and structural distortions that limit their clinical applicabil-
ity [9]. In contrast, diffusion-based generative methods have 
gained considerable attention as a promising strategy to 
overcome these limitations because of their stable training 
and ability to generate high-quality images; they are increas-
ingly being applied to medical image synthesis, including 
histopathology [10]. In practice, a morphology-focused dif-
fusion probabilistic model with color normalization outper-
forms ProGAN, which achieves better results in terms of the 
Fréchet inception distance (FID) and inception score com-
pared with that of the diffusion model [11]. These results 
highlight the superiority of diffusion-based approaches over 
GANs in histopathological image synthesis, particularly in 
terms of preserving structural details and visual fidelity [11]. 
However, diffusion-based studies remain in nascent stages, 
and the class-conditional synthesis of gastric and breast can-
cer pathological images have not been reported.

Although CycleGAN-based class-conditional methods 
have been reported in other cancers [12, 13], diffusion-
based approaches have not been explored in this context. 
Pozzi et al. proposed a diffusion-based synthesis pipeline 
for nonneoplastic tissue samples (brain, kidney, lung, pan-
creas, and uterus); however, their approach did not extend to 
class-specific tumor conditions [14]. Chen et al. proposed a 
conditional diffusion model for breast cancer MRI images to 
predict tumor subtypes; however, its application remained 
confined to radiological imaging rather than the histopatho-
logical slide images [15].

Therefore, in this paper, we propose the Efficient Pathol-
ogy Diffusion Pipeline (EPDP), a class-conditional diffu-
sion-based framework for synthesizing gastric and breast 
cancer histopathology images. These specific cancer types 
were selected not only for their clinical significance but 
also for their high histological diversity and morphologi-
cal heterogeneity across diagnostic subtypes, which pro-
vide an ideal environment for validating EPDP’s ability to 
preserve fine-grained nuclear and cellular characteristics. 
Unlike prior studies focused on single-center data, EPDP 
leverages multi-institutional datasets and incorporates a 
reference-guided CycleGAN-based stain normalization to 
effectively mitigate the domain shift caused by heteroge-
neous laboratory protocols. We evaluate the quality of the 
synthetic images using qualitative and quantitative metrics 
and further examine their effect on the downstream classi-
fication performance to demonstrate the utility of the pro-
posed approach. By enabling clinically relevant synthetic 
pathology data across institutions, EPDP directly addresses 
the challenges of data privacy and inter-institutional vari-
ability by providing a framework for generating clinically 
plausible and standardized synthetic datasets.

Methods

We propose a comprehensive framework for synthesiz-
ing and evaluating high-resolution patch-level histopatho-
logical images of gastric and breast cancers using a stable 
diffusion-based generative model [16]. The methodological 
pipeline includes four key stages:

	● Real data: Construction and preprocessing of large-
scale, pathologist-curated datasets.

	● Synthetic data: Generation of synthetic patches via a 
denoising U-Net integrated within a diffusion model ar-
chitecture [17, 18].

	● Color normalization: Color normalization of synthetic 
patches based on unpaired image translation and refer-
ence selection using CycleGAN.

	● Evaluation: Quantitative and qualitative assessment of 
synthetic data utility through real and synthetic data 
classification and expert evaluation.

Initially, we collected a large dataset of whole-slide images 
(WSIs) of hematoxylin and eosin (H&E)-stained 20x slides 
from four tertiary medical institutions. Board-certified 
pathologists reviewed and selected diagnostically relevant 
regions to extract high-quality image patches. These curated 
patches served as the foundation for training a histologic-
type-specific stable diffusion model, which incorporated 
a customized residual block within a U-Net backbone for 
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enhancing the modeling of nuclear details and tissue archi-
tecture. We employed a CycleGAN-based color-normal-
ization strategy to mitigate intersample color variability 
and promote visual consistency between generated images 
[19, 20]. This process involved automatic reference-image 
selection and the construction of pseudo-paired datasets to 
guide color translation.

For downstream evaluation, we trained two Efficient-
NetV2-L classifiers [21] on real and synthetic patch data-
sets for evaluating their performance on real and synthetic 
data configurations. We evaluated how well synthetic 
data supported diagnostic tasks relative to real pathology 
images by assessing the classifier performance on diagnos-
tically curated validation patches of real data. Further, we 
conducted a perceptual evaluation using a visual Turing 
test (VTT) that involved two independent board-certified 
pathologists recruited externally through the National Infor-
mation Society Agency (NIA), without prior exposure to the 
training process or construction of the dataset, and whose 
identities were not disclosed to the research team [22].

Dataset Description and Preprocessing

The dataset used in this study comprised 5,729 WSIs stained 
with H&E (1,692 and 4,037 WSIs of gastric and breast can-
cer, respectively). These images were sourced from four tertiary 
medical institutions with institutional review board approval 
to ensure ethical compliance: Gachon University Gil Medical 
Center (GBIRB2024-121), Seoul St. Mary’s Hospital of the 
Catholic University of Korea (20230927-C-292), Korea Uni-
versity Anam Hospital (2024AN0275), and Ajou University 
Hospital (AJOUIRB-DB-2024-247). All pathology slides were 
digitized using institution-specific whole-slide scanners, includ-
ing Pannoramic 250 Flash III (3DHISTECH, Hungary), Hama-
matsu NanoZoomer S360 (Hamamatsu Photonics, Japan), and 
Leica Aperio GT450 and AT2 (Leica Biosystems, USA).

Patch-level images were extracted from WSIs and clas-
sified according to histopathological diagnoses provided by 
board-certified pathologists at each institution. For breast 
cancer, the patches were classified into five categories [23]: 
BRNT (normal breast tissue), BRLC (lobular carcinoma 
in situ), BRDC (ductal carcinoma in situ), BRIL (invasive 
lobular carcinoma), and BRID (invasive ductal carcinoma). 
Gastric cancer cases were classified into four subtypes [24]: 
STNT (normal gastric tissue), STIN (intestinal-type ade-
nocarcinoma), STDI (diffuse-type adenocarcinoma), and 
STMX (mixed-type adenocarcinoma).

Each 40× WSI was downsampled to 20× magnification 
and cropped into non-overlapping tiles of 1024 × 1024 pix-
els to construct the patch dataset. Only patches exhibiting 
diagnostically relevant features such as distinguishable 
nuclear morphology and tissue architecture were retained to 

ensure data quality and relevance [25, 26]. The quantitative 
distributions of WSIs, raw patch images, and refined patch 
images per category are summarized in Table 1.

The patch dataset was built in a stepwise manner: raw 
patches were extracted from WSIs, and they were subse-
quently refined into a high-quality subset (refined patches) 
through two rounds of expert review. The first round was 
conducted by senior pathologists with more than ten years 
of experience and subspecialty in breast or gastrointestinal 
pathology from each participating institution. In this round, 
pathologists independently selected representative 20x 
magnification WSIs from their institutional cases, followed 
by extracting key diagnostic patches. For gastric cancer, 
patches were selected to illustrate Laurén subtypes, includ-
ing cohesive glandular structures in the intestinal type, dis-
cohesive growth with poorly cohesive and signet-ring cells 
in the diffuse type, and overlapping features in the mixed 
type with normal gastric mucosa [27]. For breast cancer, 
patches were selected to reflect key diagnostic categories, 
including the distinction between ductal and lobular mor-
phology (cohesive glandular structures versus discohesive 
single-file growth) and the separation of invasive lesions 
from in situ lesions, based on the loss of the myoepithelial 
cell layer and stromal invasion versus confinement within 
ducts or lobules, along with normal breast tissue [28, 29]. 
Following the initial filtering, the selected patches under-
went a second-round consensus review by the full panel of 
participating pathologists to ensure inter-institutional con-
sistency and standardization. This review was not blinded 
to class labels for preserving the histological-context 
alignment.

The number of refined patches per class was determined 
based on an expert consensus rather than a fixed quota. 
A minimum of 1,000 representative patches per subtype 
were selected whenever possible. All retained patches were 
required to have less than 25% of their area occupied by 

Table 1  WSIs and patch-level image statistics used for synthetic data 
generation
Cancer type Subtype WSI Whole patch 

image
Refined 
patch 
image

Breast BRNT 1,374 147,583 3,594
BRLC 217 23,267 1,150
BRDC 139 24,963 2,305
BRIL 114 33,848 1,062
BRID 2,193 739,552 2,518

Total 4,037 969,213 10,629
Gastric STNT 218 5,449 1,278

STIN 502 230,408 1,346
STDI 879 378,198 1,253
STMX 93 31,010 1,464

Total 1,692 645,065 5,341
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diagnostically irrelevant regions (e.g., background or arti-
facts), which helped ensure high pathological fidelity. This 
rigorous curation process was essential to construct a reli-
able training dataset for developing generative models and 
subsequently evaluating diagnostic validity.

Design of the Stable Diffusion Model for 
Histopathological Image Generation

A stable diffusion-based generative model [16, 30] was 
developed to synthesize patch-level histopathological 
images for breast and gastric cancers. Separate models for 
each organ were trained to capture disease-specific morpho-
logical patterns. Figure 1 shows the overall architecture of 
EPDP, which incorporates class-conditional embeddings, a 

customized U-Net denoising, and sampling based on a dif-
fusion probability model (DDPM).

Unlike latent diffusion models that employ variational 
autoencoders (VAEs) for feature compression, EPDP is 
designed as a pixel-space diffusion framework. The model 
performs the denoising process directly on the image pixels, 
utilizing a customized U-Net backbone to capture spatial 
features without latent-space dimensionality reduction.

The model operates under a class-conditional diffusion 
framework. Cancer-type labels (e.g., invasive ductal carci-
noma or diffuse-type adenocarcinoma) are embedded in a 
256-dimensional latent space through a learnable embed-
ding layer. These embeddings serve as conditional guidance 
throughout the denoising process. The generative backbone 
is a denoising U-Net [31–33], which receives a noisy image 

Fig. 1  Overall architecture of EPDP for class-conditional histopathological patch synthesis
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and class embedding at each time step of the diffusion pro-
cess. To preserve fine-grained pathological characteristics in 
a high-resolution 1024 × 1024 setting, strategically placed 
residual blocks are inserted into the upper two downsam-
pling layers of the encoder and all decoder layers. This 
integration ensures that high-frequency features, such as 
nuclear chromatin texture, remain intact by mitigating the 
information bottleneck during the denoising process.

Image generation is conducted using DDPM, which itera-
tively transforms Gaussian noise into realistic image samples 
conditioned on the embedded class label. This iterative refine-
ment enables the model to produce diverse, high-resolution, 
and diagnostically significant histopathologic patch images.

The diffusion process is configured with 1,000 time steps 
and a batch size of one, utilizing the Adam optimizer with 
a fixed learning rate to maintain numerical stability. Model 
training is performed using an NVIDIA A100-SXM4-80GB 
GPU. Full implementation details, including the U-Net 
architecture and training specifications, are available in 
the repository linked in the ‘Data availability’ section. The 
denoising U-Net has the following configuration: parameter 
count (EA) of 1,312,768, input size (MB) of 12.58, forward/
backward pass size (MB) of 42,736.39, and parameter size 
(MB) of 715.22. The estimated total memory footprint of 
the model is ~ 43,464.19 MB.

Color Normalization with CycleGAN

In this study, a CycleGAN-based color normalization tech-
nique was used to address the absence of paired patch data. 
Ten reference images were selected under the supervision 
of pathology experts for standardization in color normal-
ization, and dataset A was generated by extracting images 
with a histogram correlation greater than 0.9. Dataset B was 
selected randomly to match the size of dataset A for ensur-
ing comparability. The total number of images used in this 
analysis is listed in Table 2.

In this study, we used a CycleGAN-based color nor-
malization technique to enhance the quantitative accuracy 
of medical image processing by leveraging the advantages 
of paired images over unpaired images. Previous research 
showed that paired image datasets achieved higher accuracy 
in image standardization tasks, especially in medical imag-
ing, where color fidelity is crucial for diagnostic consistency 
[34, 35].

We developed an unpaired CycleGAN model using data-
sets A and B, which enabled the model to adaptively learn 
transformations without direct correspondence between 
images. This preliminary model was applied to dataset B, 
selectively excluding non-informative regions to create 
dataset Bˆ, which was a synthesized dataset with color dis-
tribution and diagnostic regions similar to those of dataset 
A. We used the RGB standard deviation and extracted white 
regions with a standard deviation below 5 to identify non-
informative regions 36, 37], generating a mask of these 
areas. This mask was applied to align the non-informative 
regions consistently between datasets B and Bˆ. The result-
ing dataset Bˆ included synthesized images in which diag-
nostically irrelevant areas from dataset B were replaced to 
match the distributional characteristics of dataset A.

The same board-certified pathologists who validated the 
refined patches in Table 1 also conducted a review of pro-
cessed images to ensure the pathological integrity of dataset 
Bˆ. This expert verification step was performed to confirm 
that the color-normalized and masked patches retained 
diagnostically meaningful structures and satisfied the qual-
ity standards required for downstream applications. We 
trained the final CycleGAN model for achieving enhanced 
color normalization using these paired datasets (datasets B 
and Bˆ). This approach facilitated robust alignment between 
images, enabling standardized color representation and 
improving diagnostic accuracy. This process is illustrated 
in Fig. 2.

Quantitative Evaluation of Image Similarity

We employed three commonly used quantitative metrics to 
objectively assess the quality of synthetic pathology images: 
FID [38], learned perceptual image patch similarity (LPIPS) 
[39], and structural similarity index measure (SSIM) [40]. 
All metrics were calculated across the entire dataset, and the 
final results were reported as average values.

FID was used to measure distributional similarity 
between the real and synthetic images [38]. We randomly 
split 50 real images into two groups and computed intra-real 
FID to establish a baseline. Subsequently, we calculated the 
FID between 50 real and 50 synthetic images for evaluating 
the divergence between the real and generated distributions. 
Lower FID scores indicated greater similarity.

Table 2  Dataset configuration information obtained for patch image 
color normalization
Cancer type Subtype Dataset A Dataset B Dataset β̂

Breast BRNT 426 351 351
BRLC 0 100 100
BRDC 0 426 426
BRIL 386 572 572
BRID 2,564 594 594

Total 3,376 2,043 2,043
Gastric STNT 390 617 617

STIN 0 632 632
STDI 0 656 656
STMX 712 530 530

Total 1,102 2,435 2,435
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In our evaluation, the FID was calculated at the organ 
level (i.e., breast and gastric) without further subdivision 
into specific histological subtypes. This approach was 
selected to evaluate the overall distributional similarity of 
images generated per cancer type instead of per subtype 
because of the limited number of images available in certain 
subcategories and focus on global fidelity in each cancer 
group [41].

Previous studies indicated that widely used metrics, 
such as FID designed for natural images, may be 
misleading when applied to medical or histopathology 
images because of domain-specific factors such as 
complex cellular structures, stain variability, and large 
background/tissue heterogeneity [42–44]. Therefore, we 
considered the relative gap between the real-to-real and 
real-to-synthetic distributions under identical evaluation 
conditions as a more appropriate measure of image fidelity 

in our 1024 × 1024 patch setting, instead of using absolute 
FID thresholds.

FID =∥ µ r − µ g∥ 2
2 + Tr

(
Σ r + Σ g − 2(Σ rΣ g)1/2

)
� (1)

Perceptual similarity was assessed using the LPIPS met-
ric, and the results were expressed as 1–LPIPS to facilitate 
intuitive comparison (higher values indicate greater similar-
ity) [39]. For each cancer subtype, we computed 1–LPIPS 
scores between pairs of real–real images and between pairs 
of real–synthetic images. All pairwise values were averaged 
to obtain the final metric.

1-LPIPS(x, y) = 1 −
∑

l
1

HlWl

∑
h,w ∥ wl ⊙ (fx

l ( h, w) − fy
l (h, w )) ∥ 2

2� (2)

Structural similarity was evaluated using SSIM [40]. For 
each subtype, we calculated the SSIM between the real–real 

Fig. 2  Color normalization pro-
cess: (a) Unpaired image color 
normalization pipeline using 
CycleGAN. (b) Image processing 
workflow for non-informative 
region removal in pathology 
images. (c) Paired image color 
normalization pipeline using 
CycleGAN

 



1 3

Page 7 of 17     97 Journal of Medical Systems           (2026) 50:97 

and real–synthetic image pairs. The average SSIM across 
all image pairs was used to represent the overall structural 
fidelity.

SSIM(x, y) =
(2µ xµ y + C1)(2σ xy + C2)

(µ 2
x + µ 2

y + C1)(σ 2
x + σ 2

y + C2) � (3)

This set of quantitative evaluations enabled us to com-
prehensively assess the distributional consistency (FID), 
perceptual similarity (1-LPIPS), and structural coherence 
(SSIM) of the synthetic images, providing a robust analysis 
of their diagnostic utility.

Comparative Benchmarking Against Existing 
Generative Frameworks

EPDP was benchmarked against representative recent gen-
erative frameworks in digital pathology, including PathDiff, 
PathLDM, and DiffInfinite, under a controlled head-to-head 
setting. All baseline models were retrained using the same 
organ-specific subtype configuration, dataset split protocol, 
and number of generated images as those used for EPDP.

Quantitative comparisons were performed on the same 
real reference set using an identical evaluation pipeline for 
FID, 1–LPIPS, and SSIM. Qualitative comparisons were 
additionally performed using subtype-matched cellular-
level image examples to assess the preservation of nuclear 
morphology, stromal architecture, and overall histologic 
fidelity.

Assessing Synthetic Data Utility through Real and 
Synthetic Dataset Interchange

We performed subtype-level multiclass classification exper-
iments on breast and gastric cancers to evaluate the utility 
of synthetic data. Instead of simplifying the problem into a 
tumor versus non-tumor binary task, each histopathologi-
cal subtype was treated as an independent class to more 
accurately assess if synthetic images preserved clinically 
meaningful morphological distinctions. For each cancer 
type, we trained two classification models, one using real 
patch images, and the other using EPDP-generated synthetic 
images while keeping all architectural and training configu-
rations identical. EfficientNetV2-L, a high-performance 
convolutional neural network widely used for fine-grained 
medical image classification, was employed across all 
experiments to ensure a consistent evaluation of the sub-
type-level predictive performance [21].

For each cancer type, two EfficientNetV2-L classifiers 
were trained independently to compare the utility of real 
and synthetic data. The first model (EffNet-Real) was exclu-
sively trained on real patch images, whereas the second 

model (EffNet-Syn) was trained on EPDP-generated syn-
thetic patch images corresponding to the same subtype 
categories. Both models were trained using datasets with 
identical class structures and preprocessing pipelines to 
maintain strict equivalence under experimental conditions. 
To ensure rigorous evaluation and prevent data leakage, the 
dataset was partitioned into training and validation sets at 
the WSI (slide) level prior to patch extraction. Specifically, 
all patches from a single WSI were assigned exclusively 
to either the training or the validation set, ensuring that no 
morphological information from the same slide appeared 
in both distributions. All evaluations were conducted on a 
shared validation set composed solely of real images, which 
enabled a controlled assessment of how well synthetic data 
can support subtype-level classification. Model perfor-
mance was quantified using F1 scores and per-class metrics 
for enabling direct and interpretable comparison between 
real-trained and synthetic-trained classifiers.

This cross-evaluation approach enabled us to assess the 
generalizability and diagnostic relevance of the synthetic 
dataset [45]. We aimed to determine how closely synthetic 
images approximate real-world pathology and if they can 
effectively support downstream diagnostic tasks by quanti-
fying the performance difference between the trained mod-
els EffNet-Real and EffNet-Syn.

Table  3 summarizes the composition of the training 
and validation datasets used for evaluating synthetic data 
utility. EffNet-Real was trained using real patch images, 
whereas EffNet-Syn was trained exclusively on synthetic 
patches generated using the EPDP model [22, 46, 47]. For 
both breast and gastric cancer experiments, a subset of real 
patch images for each subtype was reserved to construct a 
shared validation set, ensuring that both models were evalu-
ated on identical real-image distributions. This standardized 
validation protocol enabled fair and unbiased comparisons 
between the models trained on real and synthetic data.

Table 3  Composition of training and validation datasets for evaluating 
synthetic data utility
Cancer type Subtype Real 

patch 
image

Synthetic 
patch image

Real patch 
images for 
validation

Breast BRNT 2,883 6,504 711
BRLC 927 3,033 223
BRDC 1,851 4,218 454
BRIL 830 1,652 232
BRID 2,013 5,909 505

Total 8,504 21,316 2,125
Gastric STNT 1,005 2,637 273

STIN 1,096 2,538 250
STDI 995 2,938 258
STMX 1,176 2,747 288

Total 4,272 10,860 1,069
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In addition to this real-versus-synthetic comparison, we 
further assessed the augmentation effect of EPDP-generated 
synthetic images through real–synthetic mixing experi-
ments. For each cancer type, the total number of training 
images was fixed at N = 1,000, and the real-to-synthetic ratio 
was varied across five settings: real only, real 75% + syn-
thetic 25%, real 50% + synthetic 50%, real 25% + synthetic 
75%, and synthetic only. To avoid class imbalance, training 
samples were uniformly distributed across diagnostic sub-
types within each cancer type. Specifically, breast cancer 
included 200 images per subtype across five subtypes, and 
gastric cancer included 250 images per subtype across four 
subtypes. All models were trained using the same Efficient-
NetV2-L architecture and evaluated on the same real-image 
validation sets used in Table 3.

Expert-Based VTT for Realism Evaluation

We assessed the perceptual realism of the generated syn-
thetic pathology images by conducting a VTT involving 
two independent board-certified pathologists recruited 
externally through the NIA, each with more than ten years 
of diagnostic experience [46]. These experts had no prior 
involvement in the dataset curation or model training stages, 
which helps ensure an unbiased evaluation.

A total of 100 patch-level images were prepared for the 
test, comprising 50 real images and 50 synthetic images 
sampled from the diffusion model after CycleGAN-based 
color normalization. The images were presented one at a 
time in randomized order, and the reviewers were asked 
to independently classify each image as ’real’ or ’fake’ 
(synthetic) based solely on visual inspection, without 
additional clinical or contextual information. Figure  3 
shows the graphical user interface used for the VTT, 
which presented a single patch image with binary real/
fake response options.

The primary evaluation metric was classification 
accuracy, which was defined as the proportion of cor-
rectly identified real and synthetic images. In typical 
VTTs, human observers can distinguish real images from 
synthetic images with high accuracy (often more than 
80%) when visual differences are clear. In contrast, an 
accuracy score within the range of 40%–60% is inter-
preted as an indication that the observer cannot reliably 
differentiate between two classes [22, 46, 47]. There-
fore, if the precision of the pathologists falls within this 
range, it indicates that synthetic images exhibit a high 
degree of visual similarity to real pathology images and 
are effectively indistinguishable.

The VTT results provide an independent, expert-based 
validation of the visual fidelity of generated images and 
complement quantitative classification performance results 

described in the previous section. Collectively, these evalu-
ations offer a holistic assessment of both the functional and 
perceptual qualities of synthetic pathology data.

For statistical analysis of the VTT results, inter-rater 
agreement between the two pathologists was assessed using 
Cohen’s kappa coefficient. The calculation was based on the 
binary real/fake decisions assigned by the two pathologists 
for each image, rather than on the agreement between each 
pathologist and the ground-truth label. Cohen’s kappa was 
defined as:

κ = (Po − Pe) / (1 − Pe),

where Po represents the observed proportion of agreement 
between the two pathologists, and Pe represents the expected 
agreement by chance based on the marginal response dis-
tributions of the two raters. In addition, the ability of each 
pathologist to distinguish real from synthetic images was 
evaluated using an exact two-sided binomial test. For each 
pathologist and cancer type, the number of correctly clas-
sified images was modeled as X ~ Binomial(n, 0.5), where 
n is the total number of VTT images and 0.5 represents 
chance-level performance in a binary real/fake classification 
task. A two-sided p-value was used to determine whether 
the observed accuracy differed significantly from random 
guessing.

Results

We performed comprehensive quantitative and qualitative 
evaluations to validate the quality and diagnostic relevance 
of synthetic pathology images generated by the EPDP 
model. We evaluated the visual similarity between the syn-
thetic and real images using established image quality met-
rics (FID, 1–LPIPS, and SSIM). Subsequently, we examined 
the practical utility of synthetic data in downstream classi-
fication tasks by training and testing a convolutional neu-
ral network (EfficientNetV2-L) on real (EffNet-Real) and 
synthetic (EffNet-Syn) datasets. Finally, we performed VTT 
with board-certified pathologists to assess the perceptual 
realism of generated images.

Quantitative Evaluation of Synthetic Image Quality

We performed a quantitative evaluation using three 
standard image quality metrics to assess the similarity 
between synthetic and real pathology images generated 
by the EPDP model: FID for distributional similarity, 
1-LPIPS for perceptual similarity, and SSIM for structural 
consistency. These metrics were calculated for the cancer 
subtypes in the breast and gastric datasets, and the results 
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are summarized in Table  4. Furthermore, a comparative 
benchmark analysis with other generative frameworks is 
presented in Table 6.

We calculated the relative difference (Rel. Diff.) for each 
metric to quantify the degree of similarity between real–real 
and real–synthetic image pairs as follows:

        

Rel. Diff. (%) =
∣∣∣∣
Sreal-syn − Sreal-real

Sreal-real

∣∣∣∣ × 100
 
� (4)

where Sreal-syn and Sreal-real represent metric values for pairs 
of real and real images, respectively. This provided a nor-
malized measure of the deviation between the synthetic and 
real image similarity scores. The metric values for diagnos-
tic subtype categories in breast and gastric cancers indicated 
a high level of similarity between the synthetic and real 
images with differences ranging from 0% to 12% depending 
on the metric and subtype.

For FID, real–synthetic comparisons yielded lower 
scores of 11.0% in breast cancer and 8.6% in gastric cancer 

Fig. 3  Visual Turing test program graphical user interface
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compared with their real counterparts, suggesting that the 
generative process might have reduced staining variability 
or intraclass noise. Although this apparent improvement 
indicates strong distributional concordance, it can reflect 
smoothing effects inherent to diffusion models rather than 
a true increase in pathological diversity.

In terms of 1-LPIPS, differences between the real and 
synthetic image pairs ranged from 2.3% to 8.0% across 
breast cancer subtypes, with BRDC showing the largest dif-
ference (8.0%). Among the gastric cancer subtypes, STIN 
exhibited the highest difference (12.1%), whereas STDI 
showed the smallest increase (4.4%), followed by STNT 
(5.4%) and STMX (5.0%) in the real–synthetic versus real–
real comparison.

The SSIM analysis revealed that differences between 
the real and real synthetic comparisons were consistently 
small in all subtypes, remaining within 0.3%. This sug-
gests that synthetic images retained essential structural 
patterns, which makes them visually and anatomically 
consistent with real samples. Furthermore, a controlled 
head-to-head benchmark analysis against representative 
generative frameworks, including PathDiff [50], PathLDM 
[49], and DiffInfinite [48], was conducted under the same 
experimental setting used for EPDP. As summarized in 
Table  6, quantitative comparisons were performed using 
matched subtype-specific samples and an identical evalua-
tion pipeline to assess the relative fidelity of the generated 
pathology images. Corresponding qualitative comparisons 
of morphological realism at the cellular level are presented 
in Fig. 6.

Classification Performance Using Synthetic Data

We evaluated classification performance using models 
trained on real pathology images (EffNet-Real) and syn-
thetic images generated by the EPDP model (EffNet-Syn). 
Assessments were conducted independently for breast and 
gastric cancers, and the performance was quantified using 
precision, recall, specificity, and F1 score with correspond-
ing 95% confidence intervals, as summarized in Tables  5 
and 6.

In breast cancer classification, EffNet-Syn achieved 
a macro-averaged F1 score of 0.856, which was slightly 
higher than that obtained by EffNet-Real (0.843). The 
weighted F1 score showed comparable performance 
between training sources, with 0.887 for synthetic-trained 
models, and 0.880 for real-trained models. Among five 
breast cancer subtypes, BRIL demonstrated the highest 
performance improvement when trained using synthetic 
images with an F1 increase of 0.057. In gastric cancer 
classification, EffNet-Syn achieved a macro-averaged F1 
score of 0.834 compared to 0.822 for EffNet-Real, main-
taining a similar level of weighted F1 performance (0.832 
vs. 0.821). Performance differences across the four gastric 
cancer subtypes remained within the confidence ranges of 
the trained model Table 7.

To further evaluate the effect of real–synthetic train-
ing composition, we compared classification performance 
across five training settings while fixing the total training 
size at N = 1,000. As summarized in Table 8, performance 
gradually increased as the proportion of synthetic images 

Evaluation metrics Cancer type Subtype Real vs. Real Real vs. synthetic Relative difference (%)
FID Breast Whole 107.936 (± 4.699) 96.050 (± 2.688) 11.0

Gastric Whole 104.790 (± 5.939) 95.790 (± 3.424) 8.6
1-LPIPS Breast BRNT 0.533 (± 0.067) 0.512 (± 0.063) 3.9

BRLC 0.545 (± 0.054) 0.519 (± 0.055) 4.8
BRDC 0.575 (± 0.064) 0.529 (± 0.055) 8.0
BRIL 0.471 (± 0.070) 0.451 (± 0.063) 4.2
BRID 0.487 (± 0.062) 0.476 (± 0.055) 2.3

Gastric STNT 0.536 (± 0.067) 0.507 (± 0.063) 5.4
STIN 0.552 (± 0.061) 0.485 (± 0.060 12.1
STDI 0.479 (± 0.074) 0.500 (± 0.061) 4.4
STMX 0.520 (± 0.058) 0.494 (± 0.053) 5.0

SSIM Breast BRNT 0.979 (± 0.007) 0.980 (± 0.005) 0.1
BRLC 0.981 (± 0.006) 0.982 (± 0.006) 0.1
BRDC 0.980 (± 0.008) 0.983 (± 0.006) 0.3
BRIL 0.983 (± 0.005) 0.983 (± 0.005) 0.0
BRID 0.982 (± 0.006) 0.983 (± 0.006) 0.1

Gastric STNT 0.981 (± 0.009) 0.981 (± 0.007) 0.0
STIN 0.981 (± 0.006) 0.981 (± 0.005) 0.0
STDI 0.982 (± 0.006) 0.980 (± 0.006) 0.2
STMX 0.983 (± 0.006) 0.982 (± 0.006) 0.1

Table 4  Quantitative similarity 
metrics (mean ± standard devia-
tion) between real and synthetic 
pathology images
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increased. In breast cancer classification, the macro F1 
score increased from 0.781 in the real-only setting to 0.851 
in the synthetic-only setting, and the weighted F1 score 

increased from 0.819 to 0.882. In gastric cancer classifica-
tion, the macro F1 score increased from 0.759 to 0.833, and 
the weighted F1 score increased from 0.757 to 0.830.

Across both cancer types, synthetic-trained models 
demonstrated classification performance equivalent to or 
slightly higher than that of real-trained models.

VTT for Perceptual Realism

VTT was performed by two board-certified pathologists 
to quantitatively assess the perceptual realism of the syn-
thetic pathology images generated by the EPDP model. 
Each expert evaluated a randomized set of real and syn-
thetic images and labeled them as either “real” or “syn-
thetic” based solely on visual inspection. No additional 
clinical or contextual information was provided during 
the assessment.

Table 5  Subtype classification performance with real vs. synthetic training data (± 95% confidence interval)
Cancer type Subtype Training data Precision Recall Specificity F1 Score F1 Score Diff.

(Syn – Real)
Breast BRNT Real 0.987 (± 0.006) 0.944 (± 0.015) 0.994 (± 0.003) 0.965 (± 0.014) -0.002

Synthetic 0.948 (± 0.014) 0.979 (± 0.008) 0.973 (± 0.007) 0.963 (± 0.014)
BRID Real 0.901 (± 0.024) 0.844 (± 0.029) 0.971 (± 0.007) 0.871 (± 0.029) 0

Synthetic 0.791 (± 0.030) 0.968 (± 0.012) 0.920 (± 0.012) 0.871 (± 0.029)
BRIL Real 0.542 (± 0.048) 0.944 (± 0.023) 0.902 (± 0.013) 0.689 (± 0.060) 0.057

Synthetic 0.860 (± 0.043) 0.659 (± 0.058) 0.987 (± 0.004) 0.746 (± 0.056)
BRLC Real 0.957 (± 0.022) 0.700 (± 0.056) 0.996 (± 0.002) 0.808 (± 0.052) 0.031

Synthetic 0.939 (± 0.027) 0.758 (± 0.052) 0.994 (± 0.003) 0.839 (± 0.048)
BRDC Real 0.933 (± 0.020) 0.833 (± 0.032) 0.984 (± 0.005) 0.880 (± 0.030) 0.020

Synthetic 0.942 (± 0.019) 0.861 (± 0.029) 0.986 (± 0.005) 0.900 (± 0.028)
Macro average Real 0.864 0.854 0.968 0.843 0.013

Synthetic 0.868 0.857 0.966 0.856
Weighted average Real 0.961 0.843 0.990 0.880 0.007

Synthetic 0.954 0.863 0.988 0.887
Gastric STNT Real 0.935 (± 0.020) 0.736 (± 0.056) 0.985 (± 0.006) 0.821 (± 0.047) 0.034

Synthetic 0.943 (± 0.018) 0.771 (± 0.052) 0.987 (± 0.005) 0.855 (± 0.043)
STIN Real 0.821 (± 0.030) 0.859 (± 0.029) 0.911 (± 0.011) 0.839 (± 0.029) 0.013

Synthetic 0.837 (± 0.027) 0.870 (± 0.027) 0.915 (± 0.010) 0.852 (± 0.028)
STDI Real 0.833 (± 0.030) 0.803 (± 0.033) 0.928 (± 0.009) 0.818 (± 0.031) -0.008

Synthetic 0.837 (± 0.028) 0.785 (± 0.035) 0.930 (± 0.009) 0.810 (± 0.032)
STMX Real 0.851 (± 0.027) 0.774 (± 0.038) 0.937 (± 0.009) 0.810 (± 0.034) 0.006

Synthetic 0.845 (± 0.028) 0.793 (± 0.036) 0.935 (± 0.009) 0.816 (± 0.033)
Macro average Real 0.860 0.793 0.940 0.822 0.012

Synthetic 0.866 0.805 0.942 0.834
Weighted average Real 0.865 0.793 0.939 0.821 0.011

Synthetic 0.870 0.803 0.940 0.832

Table 6  Performance benchmarks of various generative models at 
1024 × 1024 resolution based on FID, SSIM, and 1-LPIPS metrics
Model Cancer type FID ↓ SSIM ↑ 1-LPIPS 

↑
Real(Baseline) Breast 107.936 

(± 4.699)
0.981 
(± 0.006)

0.522 
(± 0.063)

Gastric 104.790 
(± 5.939)

0.982 
(± 0.007)

0.522 
(± 0.065)

PathDiff [50] Breast 124.32 (± 5.12) 0.942 
(± 0.012)

0.382 
(± 0.045)

Gastric 119.54 (± 6.01) 0.938 
(± 0.015)

0.364 
(± 0.052)

PathLDM [49] Breast 121.85 (± 4.87) 0.945 
(± 0.011)

0.395 
(± 0.042)

Gastric 115.20 (± 5.44) 0.941 
(± 0.014)

0.378 
(± 0.048)

DiffInfinite [48] Breast 117.67 (± 4.23) 0.958 
(± 0.010)

0.422 
(± 0.038)

Gastric 113.45 (± 5.89) 0.952 
(± 0.012)

0.465 
(± 0.041)

EPDP (Ours) Breast 96.050 (± 2.688) 0.982 
(± 0.006)

0.497 
(± 0.058)

Gastric 95.790 (± 3.424) 0.981 
(± 0.006)

0.496 
(± 0.059)

Table 7  Accuracy of the VTT for perceptual realism assessment
Cancer type Pathologist VTT accuracy (%)
Breast Pathologist #1 56

Pathologist #2 50
Gastric Pathologist #1 54

Pathologist #2 51
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Table 7 indicates that the classification accuracy of breast 
cancer images are 56% and 50% for pathologists # 1 and # 2, 
respectively. For gastric cancer images, the corresponding pre-
cisions were 54% and 51%, respectively. All values remained 
within ± 6% of random chance (50%), indicating that experts 
were unable to reliably distinguish real images from synthetic 
images. A qualitative review suggested that the minority cases 
where pathologists correctly identified synthetic images were 
primarily due to subtle repetitive artifacts in the background 
stroma, rather than distortions in nuclear morphology.

To quantify inter-rater agreement in the VTT, Cohen’s 
kappa coefficient was calculated based on the binary real/
fake decisions of the two pathologists. The resulting kappa 
values were 0.12 for breast cancer and 0.15 for gastric 
cancer, indicating only slight agreement between the two 
experts. In addition, exact two-sided binomial tests showed 
that the pathologists’ classification accuracies did not differ 
significantly from chance-level performance (p > 0.05 for all 
assessments).

Representative Visual Samples of Synthetic 
Pathology Images

Figures 4, 5, and 6 provide a comparative visual assessment 
of real and synthetic images generated by various models. 
Figures 4 and 5 display subtype-specific patches for breast 
and gastric cancers, respectively, highlighting EPDP’s supe-
rior color fidelity and structural integrity. Figure 6 presents a 
high-magnification comparison at the cellular level.

Discussion

This study demonstrated the feasibility of using EPDP to 
generate diagnostically meaningful histopathological image 
patches for breast and gastric cancers. This approach inte-
grated expert-annotated data, stain normalization using 
CycleGAN, and diffusion-based denoising U-Net to syn-
thesize high-resolution pathology images that preserve sub-
class-specific morphological characteristics.

Comprehensive fidelity evaluations confirmed that 
EPDP-generated images were visually and structurally con-
sistent with real pathology slides. Across the breast and gas-
tric cancer datasets, the relative differences in FID [22, 46, 
47], LPIPS [36], and SSIM [37] remained within an accept-
able range of ~ 10%, indicating a strong alignment in image 
distribution and tissue organization. Further, board-certified 
pathologists could not reliably distinguish synthetic images 
from real images in a VTT (50%–56% accuracy), support-
ing the high perceptual realism of generated images [22, 46, 
47]. These results confirmed that EPDP effectively captured 
key histological features such as nuclear and cytologic mor-
phology and tumor and stromal architecture, including the 
tumor–stromal interface, which made the synthesized data 
suitable for clinical image interpretation [22, 46, 47].

The downstream performance of synthetic data vali-
dated its practical utility in digital pathology. Classification 
models trained solely on synthetic images exhibited macro-
averaged F1 scores within 1%–1.3% of those trained on real 
images across both cancer types. This performance parity 
indicated that EPDP-generated data preserved diagnostic 
cues required for subtype differentiation, including struc-
tural heterogeneity and cellular atypia. Such capabilities 
are particularly relevant in clinical practice, where expert 
annotation and data imbalances remain major bottlenecks to 
AI development [22, 46, 47]. By bridging these gaps with 
high-fidelity, subtype-specific images, EPDP demonstrates 
its potential to augment existing datasets by capturing key 
histological features across diverse subtypes, providing a 
supplementary resource for robust AI development.

Previous studies utilized GAN-based generation for his-
topathology focused on limited cancer types and often con-
strained by patch-scale fidelity and color instability [47]. 
While VAE-based latent diffusion models, such as PathDiff 
[50] and PathLDM [49], offer computational efficiency, 
the reconstruction process from latent representations can 
lead to the loss of high-frequency pathological details. In 
contrast, EPDP’s pixel-space approach prioritizes the pres-
ervation of critical diagnostic features, including nuclear 
chromatin texture and the tumor-stromal interface. This 

Table 8  Downstream classification performance under different real–synthetic training data compositions.(N = 1,000)
Cancer type Training composition Precision Recall Specificity Macro F1 Weighted F1
Breast Real only 0.786 0.779 0.943 0.781 0.819

Real 75% + Synthetic 25% 0.819 0.811 0.952 0.814 0.848
Real 50% + Synthetic 50% 0.836 0.828 0.957 0.832 0.864
Real 25% + Synthetic 75% 0.847 0.841 0.961 0.844 0.875
Synthetic only 0.854 0.848 0.963 0.851 0.882

Gastric Real only 0.764 0.755 0.919 0.759 0.757
Real 75% + Synthetic 25% 0.798 0.790 0.931 0.794 0.791
Real 50% + Synthetic 50% 0.819 0.810 0.938 0.814 0.811
Real 25% + Synthetic 75% 0.830 0.822 0.942 0.826 0.823
Synthetic only 0.836 0.829 0.944 0.833 0.830
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advantage was qualitatively confirmed through compari-
sons with PathDiff [50], PathLDM [49], and DiffInfinite 
[48], where EPDP maintained superior clarity in nuclear 
morphology. Specifically, by avoiding the information bot-
tleneck inherent in VAE-based decoders, EPDP ensures that 
fine-grained cytological patterns remain intact and clini-
cally relevant. In addition, most studies evaluated synthetic 
images using only one or two distributional metrics such 
as FID or inception score, without validating clinical utility 
through expert review or downstream tasks [6, 9, 42, 44]. In 
contrast, our class-conditional EPDP model demonstrated 

robust cytologic and nuclear morphology, tumor and stro-
mal architecture, and high fidelity in preserving diagnostic 
semantic information, as supported by a comprehensive 
multidimensional evaluation, including VTTs and diagnos-
tic classification performance. These differences highlighted 
EPDP as a clinically relevant advancement over previous 
pathological synthesis methods.

EPDP integrates CycleGAN-based stain normalization, 
class-conditional embedding, and downstream diagnostic 
classification within a unified pipeline. The main strengths 
of EPDP arise from the denoising and iterative refinement 

Fig. 4  Comparative visual analysis of real and synthetic breast pathology images across diagnostic subtypes

 



1 3

   97   Page 14 of 17 Journal of Medical Systems           (2026) 50:97 

mechanisms of diffusion models combined with explicit 
class-conditional embedding, which together support the 
generation of subtype-specific pathology images with pre-
served morphological detail. Within this framework, stain 
normalization was incorporated as a practical strategy to 
mitigate inter-institutional stain variability and improve 
visual consistency across multi-institutional pathology data. 
By reducing domain shift caused by heterogeneous stain-
ing protocols, this component further supports more robust 
performance of AI models trained on the synthetic datasets 
in real-world digital pathology workflows.

As illustrated in Fig.  6, EPDP maintained clearer 
nuclear morphology with a clear chromatin texture and 
distinct tumor–stromal interface compared to PathDiff 
[50], PathLDM [49], and DiffInfinite [48]. This superior 
performance stems from the pixel-space diffusion mecha-
nism, which effectively bypasses the information bottleneck 
associated with latent-space reconstruction. Unlike previous 
studies that evaluated FID or inception scores alone, our 

study applied a multifaceted evaluation protocol combin-
ing distributional, structural, perceptual, and downstream 
clinical assessments [20, 41]. This comprehensive valida-
tion indicated that EPDP-generated images were immedi-
ately applicable to real diagnostic workflows and research 
environments.

Despite the promising results reported in this study, there 
were several limitations. Although multi-institutional data 
from four tertiary hospitals were used, the reliance on a sin-
gle national network and inclusion of only two cancer types 
may restrict the generalizability of our findings. Subtype 
imbalances persisted in certain categories, highlighting the 
need for targeted synthesis strategies that better represent 
rare or diagnostically challenging patterns.

The slight inter-rater agreement observed in the VTT 
(Cohen’s kappa 0.12–0.15), together with near-chance clas-
sification accuracy, suggests that the two pathologists did 
not identify consistent visual cues that reliably distinguished 
synthetic images from real images. This finding supports the 

Fig. 5  Comparative visual analysis of real and synthetic gastric pathology images across diagnostic subtypes
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perceptual similarity of EPDP-generated images, although 
the limited number of expert reviewers indicates that 
broader multi-institutional reader studies are warranted for 
further validation. However, VTT involved a limited num-
ber of reviewers, suggesting that broader multi-institutional 
evaluation would strengthen perceptual validation. Future 
studies will extend EPDP to a more diverse set of cancers 
and institutions across multiple countries and expand from 
patch-level to whole-slide image generation.

While the current study demonstrated the effectiveness 
of EPDP using a large-scale curated dataset, the relation-
ship between training data size and generative performance 
remains an important area for further exploration. Prelimi-
nary observations during the development phase suggested 
that the clinical validity of synthetic images was more sen-
sitive to the quality of the curated patches (as summarized 
in Table  1) than to the raw volume of input data. Future 
investigations will focus on conducting multi-scale experi-
ments to identify the minimum data requirements necessary 
to achieve diagnostic-grade synthesis, which will be par-
ticularly valuable for clinical applications where real-world 
data collection is logistically constrained.

The EPDP provides a scalable and effective framework 
to construct high-fidelity synthetic pathology datasets with 
potential diagnostic relevance. These findings support the use 

of synthetic data as a complementary or alternative resource 
to real clinical data, reinforcing equitable AI development 
and facilitating research reproducibility. As digital pathol-
ogy adoption accelerates, EPDP-generated synthetic images 
facilitate training, benchmarking, and hypothesis-driven 
studies while also supporting the development of more 
robust and generalizable AI solutions in clinical practice.
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Fig. 6  Cellular level morphological comparison of real and synthetic breast pathology images generated by various generative frameworks
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