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ABSTRACT
Histopathological analysis traditionally relies on hematoxylin and eosin (H&E) staining. However, comprehensive differential

diagnoses often require additional histochemical stains, increasing diagnostic time and costs. To address these limitations, we

introduce Xstainer, a novel virtual staining tool powered by advanced deep learning techniques. This system adeptly transforms

conventional H&E-stained images into multiple histochemical visualizations, marking a significant advancement in diagnostic

histopathology. To validate Xstainer’s efficacy, we conducted an evaluation study involving experienced nephropathologists.

Using the OmniST dataset—a carefully curated collection of 1,646 whole slide images representing diverse patient samples,

including renal transplant samples, liver explants, nonmalignant renal disease, and Helicobacter pylori gastritis and paired with

standard stains such as Masson’s trichrome, Periodic Acid-Schiff, Jones methenamine silver, and Toluidine blue—our tool under-

went intensive clinical evaluation. Our virtually stained slides enabled board-certified, experienced nephropathologists (>10) to
achieve diagnostic accuracy on par with, if not superior to, traditional staining techniques. Xstainer consistently outperformed

various assessment benchmarks, including patch-level visual Turing test, slide-level staining quality assessment, and showed

favorable performance in the Fréchet inception distance comparison, further underscoring its transformative potential. In sum-

mary, Xstainer offers a promising solution for rapid and accurate histopathological diagnosis with considerable clinical potential.

1 | Introduction

Histological assessment of tissue slides is fundamental in disease
diagnosis, particularly when tissue sampling is feasible.
Hematoxylin and eosin (H&E) staining serves as the gold standard

for such evaluations, providing essential information on tissue
architecture and cellular morphology [1, 2]. In routine histopathol-
ogy, H&E staining is widely used due to its simplicity, cost-
effectiveness, and ability to provide high-contrast visualization of
nuclei (blue) and extracellular matrix/cytoplasm (pink), facilitating
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general assessments of tissue structure [3–5]. However, H&E stain-
ing alone may not suffice in distinguishing various tissue compo-
nents and specific cellular structures crucial for accurate diagnoses
[6]. Consequently, a range of other histologic stains, known as “spe-
cial stains,” is frequently employed to identify specific tissue fea-
tures and to support or confirm the initial assessment made
with H&E staining [7–9] (Table S1).

In renal pathology, especially for diagnosing transplant rejection,
pathologists rely on various histochemical stains to evaluate tissue
characteristics critical to diagnosis. For example, Masson’s tri-
chrome (MT) stain effectively visualizes collagen by staining it
in shades of blue or green, while muscle fibers appear red, and cyto-
plasm appears pink. This coloration aids in assessing fibrosis and
extracellular matrix disorders, allowing precise identification of
nuclei, muscle fibers, cytoplasm, and collagen [10, 11]. MT is also
used to highlight connective tissues, renal tubule cells, and basal
laminae, all pertinent to renal pathology. Similarly, periodic
Acid-Schiff (PAS) stain highlights carbohydrate-rich structures,
including glomerular basementmembranes and tubular structures,
aiding in the identification of glomerular diseases and diabetic
nephropathy [12]. It is particularly useful in highlighting specific
components, including connective tissue, renal tubules, intestinal
brush borders, glycocalyx, mucus, basal laminae, and reticular
fibers of connective tissue [10]. Jones methenamine silver (JMS)
stain, which oxidizes carbohydrate components to stain basem-
ent membranes black [13], is routinely used in renal biopsies for
assessing glomerular and tubular basement membranes [14, 15].
Toluidine blue (TB) stain enhances visualization of DNA- and
RNA-rich structures [16], aiding in the identification of mast cells,
mucins, and other cellular components, and is valuable in diagnos-
ing dysplasia, carcinoma, and other conditions associated with
renal pathology [17, 18].

Despite their diagnostic value, special staining procedures are
resource-intensive, requiring rigorous quality control, specialized
expertise, and extended processing times. These factors lead to
increased costs and a higher workload, especially in large health-
care systems [19]. Additionally, when pathologists request special
stains after an initial H&E examination, the entire slide prepa-
ration process, including additional cutting and staining, must
be repeated, resulting in extra expenses and prolonging the diag-
nostic timeline. Such delays in diagnosis are often challenging
for patients, particularly when timely diagnosis is essential.
Variations in staining protocols across centers and interpretive
differences among clinicians further complicate the standardiza-
tion of histopathological diagnoses.

Recent advancements in artificial intelligence (AI), particularly
deep learning techniques, have introduced promising alterna-
tives for virtual histochemical staining, revolutionizing the field
of computational pathology. One notable approach is the use of
generative adversarial networks (GANs) for virtual staining,
which enables the generation of artificially stained tissue images
that accurately replicate the characteristics of target stains [20].
AI-based transformations of H&E into stains such as MT, JMS,
PAS, PHH3, and FAP-CK [19, 21, 22] have been demonstrated in
the literature. However, these studies were conducted on limited
tissue and stains, and some of them were performed at the patch
level rather than encompassing the entire whole slide image
(WSI). Besides, these approaches are based on an early generated

Cycle-Consistent Adversarial Network [23]. Zhao et al. [24] sug-
gest that unpaired models utilizing cycle consistency loss face
challenges during training when encountering variations in
shape, extracting objects from images, or disregarding inconse-
quential textures. In line with this, Yang et al. [25] discovered
that CycleGAN models exhibit skepticism and tend to introduce
superfluous modifications into the resulting image. Furthermore,
some studies, such as HER2 expression analysis using paired
H&E and immunohistochemistry (IHC) images, remain limited
to a single biomarker, while other studies are restricted to a single
tissue type, which constrains their generalizability and applica-
bility to broader pathology workflows [26, 27].

To overcome the limitations of prior models, Xstainer introduces
two key innovations. First, it employs a novel self-regularizing
loss function that enhances horizontal completeness and consis-
tency across WSIs. Second, it integrates a hybrid spatial-attention
block within the ResNet-9 generator architecture, effectively mit-
igating redundant modifications commonly introduced by earlier
CycleGAN-based models. An overview of the Xstainer workflow,
including dataset construction, model training, and whole-slide
virtual staining, is illustrated in Figure 1.

Furthermore, the acquisition of appropriate tissue samples, their
subsequent preparation, and the scanning process using a digital
image scanner pose considerable challenges for researchers. To
the best of our knowledge, existing histopathology datasets often
have limitations, such as a limited number of slides or a sole reli-
ance on H&E-stained images. To address these limitations and
meet a critical necessity in digital pathology, we curated a
new dataset, OmniST, which enabled a comprehensive evalua-
tion of the Xstainer tool across different tissue and stain types.
While not publicly available at this stage, the dataset can be
accessed upon reasonable request.

Significantly, we conducted an evaluation study to diagnose kid-
ney rejection. In collaboration with experienced nephropatholo-
gists, we rigorously assessed the diagnostic capabilities of our
approach. The results of this study not only demonstrate the clin-
ical potential of Xstainer but also underscore its relevance and
applicability in digital pathology.

2 | Results

We showcased the versatility of the Xstainer tool by employing a
diverse array of tissue–stain combinations (Figure 2) and applying
it to WSIs from different centers (Figure 3). Figure 4 illustrates vir-
tual patches of MT, PAS, and JMS stains and a corresponding WSI
derived from H&E-stained kidney tissue. Our virtual MT staining
accurately reproduces the extracellular connective tissue, as evi-
denced by its blue coloration, mimicking the results of conven-
tional histochemical methods. The method effectively captures
the density variations in connective tissue, resulting in darker
shades in areas of higher density. Virtual PAS staining successfully
highlights the basement membranes and accentuates their accu-
mulation in the glomeruli. Furthermore, our JMS staining method
selectively stains reticulin fibers between tubules and glomeruli,
clearly visualizing the glomerular capillary network. These out-
comes unequivocally demonstrate the efficacy of our AI-driven
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approach in generating virtually stained images across diverse set-
tings, highlighting its potential for diagnostic applications and the
detection of specific pathological features.

2.1 | Quantitative Results

2.1.1 | Fréchet Inception Distance Results

A quantitative comparison of Xstainer with baseline methods
(CUT and FastCUT) using FID scores across different tissue–
stain combinations is presented in Figure 5. To evaluate the effec-
tiveness of Xstainer’s virtual staining, we used the FID metric,
which quantifies the distance between the distributions of real
and virtually stained images. We compared Xstainer to two estab-
lished baselines: CUT and FastCUT, which are commonly used
in unpaired image-to-image translation tasks [28]. While CUT
focuses on structural detail and FastCUT on efficiency, both have
limitations in preserving global consistency and fine-grained
accuracy. The FID scores for Xstainer, CUT, and FastCUT were
calculated across several tissue types and stains, including kidney

(MT, PAS, JMS), liver (MT, PAS), and stomach (TB). For kidney
tissue stained with MT, Xstainer achieved a final FID score of
56.19, significantly lower than CUT’s 72.34 and FastCUT’s
78.19, highlighting its ability to generate high-quality virtual
stains. Similar trends were observed across other stains and tissue
types, including PAS and JMS in kidney and liver samples. For
instance, Xstainer’s FID score for PAS-stained kidney tissue was
48.99, outperforming CUT (61.45) and FastCUT (64.45), and for
JMS-stained kidney tissue, Xstainer’s score was 55.22, well below
the scores of CUT (70.12) and FastCUT (73.11). Since lower FID
scores indicate greater resemblance to real images, these findings
highlight the effectiveness of the Xstainer model in achieving
high-fidelity virtual staining, surpassing that of generic style
transfer models.

2.1.2 | Qualitative Results

The experimental designs used for slide-level staining quality
assessment (SSQA), patch-level visual Turing test (VTT), and
the reader study are illustrated in Figure 6. The qualitative eval-
uation outcomes are summarized in Figure 7, including the

FIGURE 1 | Overview of the study. (A) Kidney, liver, and stomach tissue samples, fixed with formalin and embedded in paraffin (FFPE), are stained

with H&E and various special stains. These stained images are used as training data for the model, enabling it to learn and recognize specific tissue

features. (B) The OmniST dataset is a collection we gathered for our virtual staining study, which will be publicly released. (C) Separate virtual staining

networks are trained for each stain. Whole slide images (WSIs) of kidney, liver, and stomach tissues are first segmented and then divided into smaller

patches. Real H&E-stained patches obtained from kidney, liver, and stomach tissue samples are used as input for the virtual staining generator network.

The generator network produces corresponding virtually stained patches as output. In the final step, the outputted virtually stained patches are stitched

together to provide pathologists with a comprehensive view that allows for detailed examination of specific features, components, and entities to aid in

the final diagnosis. This figure was created with BioRender.com.
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FIGURE 2 | Virtually stained WSIs derived from H&E-stained WSIs of tissues and a detailed display of target ROIs. WSIs of the kidney, liver, and

stomach were virtually stained with PAS, MT, JMS, and TB stains. The WSIs of virtual stains are presented in the second column. Targeted regions of

interest (ROIs) are displayed in the fourth column, and the ROI details with descriptions are shown in the last two columns, accompanied by their

corresponding H&E counterparts.
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reader study results (Figure 7A), patch-level VTT (Figure 7B),
and slide-level SSQA scores (Figure 7C).

2.1.3 | Patch-Level Visual Turing Test

The VTT results revealed noteworthy trends in pathologists’ abil-
ity to distinguish between real and virtually stained patches. As
depicted in Figure 7B, a higher proportion of virtual images were
incorrectly classified as real, compared to the real images that
were accurately identified as real. For the MT stain, 27.5% of vir-
tual images were classified as real, while only 22.5% of real
images were correctly identified as real. Similarly, 26.5% of vir-
tual images were misclassified as real for the PAS stain, com-
pared to 23.5% of real images accurately identified. However,
for the JMS stain, the results were slightly different: 24.6% of vir-
tual images were classified as real, and 25.3% of real images were
correctly identified as real.

In summary, these results indicate that pathologists demon-
strated a limited ability to consistently differentiate between real
and virtual images, especially for PAS and MT, underscoring the
realism of the virtually stained patches.

2.1.4 | Slide-Level Staining Quality Assessment

Figure 7C provides a comprehensive report on the assessments
conducted by the participating pathologists. On a four-point scale
(1: unacceptable, 4: perfect), virtual stains received average scores
ranging from 2.80 to 3.30, indicating “very good” performance
comparable to real stains. These scores collectively suggest that
the virtual staining technique achieved a “very good” staining
quality, with consistent results across the participating patholo-
gists. The survey outcomes provide valuable insights into the
effectiveness of virtual staining in replicating the visual charac-
teristics of traditional stains.

The findings highlight the virtual staining technique’s ability to
reliably mimic the visual attributes of traditional staining meth-
ods. This success underscores its potential as a supplementary
diagnostic tool, providing a consistent and efficient alternative
for pathologists in analyzing tissue samples.

2.1.5 | Reader Study (Diagnostic Test)

To assess the diagnostic utility of the virtual stains, pathologists
answered histological questions using both real and virtual stains.

FIGURE 3 | Evaluation of the virtual staining on independent test cohorts. The virtual stains were applied to kidney Tru-Cut biopsy samples

obtained from Ege University Hospital and Erciyes University Hospital. Yeniyuzyıl University GOP Hospital provided kidney Tru-Cut biopsy sam-

ples, virtually stained with JMS and PAS on H&E patches. The MT and PAS virtual stains were applied to H&E-stained liver tissue from the

Memorial Hospitals Group. The JMS and MT virtual stains were applied to H&E-stained kidney tissue from Kartal Dr. Lutfi Kırdar City

Hospital and TCGA.
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Diagnostic accuracy was comparable between Phase 1 (virtual
images) and Phase 2 (real images) across the three diagnostic
questions (Figure 7A). These questions focused on identifying
key diagnostic features, such as fibrosis, basement membrane
integrity, and cellular morphology. The analysis yielded a test sta-
tistic of 3.5 with a p-value of 0.58, indicating no statistically signifi-
cant difference in the accuracy of rejection diagnosis between the
two groups. This result shows that images produced by Xstainer

may provide the same information as real stained images in clinical
decision-making.

To further evaluate the clinical relevance of this finding, an effect
size was calculated using the standard formula for nonparametric
tests: r= Z /

p
N, where Z is the standardized test statistic, and N

is the total number of observations, resulting in an effect size of:
r=−0.0926 (reported as absolute value: r= 0.07). According to
Cohen’s guidelines (r< 0.1), this corresponds to a small effect
size, suggesting that the lack of statistical significance may be
due to the limited sample size and the resulting low statistical
power.

3 | Materials and Methods

3.1 | Study Design

The study included tissue samples from the kidney, liver, and
stomach sourced from six centers to ensure diverse staining
variations and tissue characteristics. Only patches derived
from WSIs were included, and artifacts or staining irregularities
were excluded. The evaluation process combined quantitative
metrics, such as FID scores, pathologists’ expert assessments,
and an analysis of the diagnostic impact, explicitly focusing
on renal transplant rejection. This study was conducted in acc-
ordance with the ethical principles outlined in the Declaration
of Helsinki and was approved by the institutional ethics com-
mittees of Istanbul Yeni Yuzyil University (Approval No: 2022/
11-939) and Memorial Healthcare Group (Approval No: 95 – 11/
04/2023).

FIGURE 4 | Illustration of the transformation of H&E image into MT, PAS, and JMS patch and WSI images using virtual special staining in kidney

Tru-Cut biopsy tissue sections.

FIGURE 5 | Quantitative results. The bar plots show the performance

of Xstainer compared to alternative style transfer methods for transform-

ing H&E images to other stains, with lower FID scores indicating greater

resemblance.
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FIGURE 6 | Experimental designs to evaluate the virtual staining performance. (A) SSQA design. (B) Patch-level visual Turing test (VTT) design.

(C) Reader study design.

FIGURE 7 | Qualitative results. (A) Bar plots comparing the correct diagnosis of the first phase (virtual images) and second phase (real images) of a

three-question reading study for diagnosing kidney rejection. (B) Pathologists’ assessment of differentiating between real and virtual images at the patch

level in the visual Turing test (VTT). (C) Mean values and standard deviations of pathologists’ evaluations, using a rating scale of 1–4 (1 = unacceptable,

2 = acceptable, 3 = very good, 4 = perfect), were computed for the features in virtual MT, PAS, and JMS WSIs at the SSQA.
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3.2 | Dataset

3.2.1 | OmniST Dataset Collection

Tissue samples were collected from five different centers in Türkiye:
Ege University Hospital, Yeni Yuzyil University Gaziosmanpasa
(GOP) Hospital, Kartal Dr. Lutfi Kirdar City Hospital, Erciyes
University Hospital, and Memorial Hospitals Group, to create
the OmniST dataset. The dataset comprises a total of 1,646 WSIs
obtained from 389 biopsy cases collected between 2002 and 2022.

The OmniST dataset represents a valuable collection of biopsy
samples derived from renal, liver, and gastric tissues, which
were utilized for virtual staining of different tissue types. The
dataset includes a diverse range of biopsies, including trans-
plant kidney, explant liver, and stomach after Helicobacter
pylori infection was detected. The kidney and liver cases were
stained with H&E, MT, PAS, and JMS (except for liver) over the
course of several years, reflecting routine clinical practice. For
virtual TB staining, a total of 80 tissue slices (40 from each)
were collected from Helicobacter pylori-positive gastric tissue
samples at Kartal Dr. Lutfi Kirdar City Hospital and Ege
University Hospital, then stained with H&E and TB. The data-
set was curated to include stains relevant to the diagnosis of
specific diseases, ensuring alignment with the staining practi-
ces used in disease diagnosis.

Comprising a substantial amount of data, the OmniST dataset con-
sists of 738 WSIs and 2,752, 564 patches from Ege University
Hospital, 475 WSIs and 1,989,079 patches from Yeni Yuzyil
University GOP Hospital, 214 WSIs and 792,736 patches from
Erciyes University Hospital, 40 WSIs and 282,880 patches from
Kartal Dr. Lutfi Kirdar City Hospital, and 179 WSIs and
2,827,360 patches from Memorial Hospitals Group. This patient-
based dataset includes information such as patients’ age, gender,
biopsy date for all kidney cases, Banff score, and additional trans-
plantation dates for transplantation cases. The publication of the
OmniST dataset is expected to encourage further research in digital
pathology and contribute significantly to the field. This dataset is
highly valuable for creating training and independent test cohorts,
and it is expected to stimulate the development of accurate and
efficient methods for virtual staining in the future.

3.2.2 | Training Set

The model was trained individually for each tissue–stain
combination. For the kidney, training utilized 144 WSIs and

150,869 patches for the H&E → MT combination, 120 WSIs and
124,635 patches for the H&E → PAS combination, 105 WSIs
and 53,629 patches for the H&E→ JMS combination, all obtained
from Ege University Hospital. Additionally, 40 WSIs and 50,036
patches for the H&E→ TB combination were used, sourced from
Kartal Dr. Lutfi Kirdar City Hospital. For the liver, 42 WSIs and
10,000 patches for MT staining, and 39 WSIs and 10,000 patches
for PAS staining fromMemorial Hospitals Group were employed.
To ensure the integrity and accuracy of the data, a meticulous
curation process was conducted to eliminate patches exhibiting
poor quality, faded staining, or clinically misleading features.
This curation process ensured that the model was trained with
high-quality data, enhancing the robustness and reliability of the
findings. The detailed characteristics of the training and test data-
sets for each tissue–stain transformation, including the number
of WSIs, patches, patch size, and resolution, are summarized in
Table 1.

3.2.3 | Test Set

The data were divided into a training set and one or two indepen-
dent test cohorts for all tissue–stain combinations. The model was
tested using patient-based data, where each patient had WSIs from
both the source domain (H&E-stained WSI) and the target domain
(specially stainedWSI). For the kidney, 36WSIs and 37,725 patches
for the H&E → MT combination, 20 WSIs and 31,158 patches for
the H&E→ PAS combination, and 34 WSIs and 17,365 patches for
the H&E → JMS combination were used for testing, sourced from
Yeni Yuzyil University GOP Hospital and Erciyes University
Hospital. For stomach tissues, 20 WSIs and 25,012 patches for
the H&E → TB combination were obtained from Ege University
Hospital. Regarding liver tissues, 23 WSIs and 5,234 patches, along
with 20WSIs and 5,415 patches (consisting of those not used in the
training set), were utilized fromMemorial Hospitals Group for test-
ing the virtual staining process.

3.2.4 | WSI Processing

State-of-the-art digital slide scanners, including the Leica Aperio
AT2 and in-house Hamamatsu Nanozoomer s60, were used to
scan the glass slides. The kidney and liver slides were scanned
at 20x magnification, while the stomach slides were scanned at
40x magnification to facilitate the differentiation of Helicobacter
pylori. The CLAM [29] algorithm was used for accurate image
analysis, enabling precise segmentation of tissue regions within
each WSI while excluding holes in the tissue. Subsequently,
512 × 512 image patches were extracted from each WSI without

TABLE 1 | Data characteristics of the train and test data for each stain transformation.

Stain transformation Tissue

Number of WSIs Number of patches

Patch size ResolutionTraining Test Training Test

H&E → MT Kidney 144 36 150 869 37 725 512 × 512 20x

H& E→ PAS Kidney 120 20 124 635 31 158 512 × 512 20x

H&E → JMS Kidney 105 34 53 629 17 365 512 × 512 20x

H&E → MT Liver 42 20 10 000 5415 512 × 512 20x

H&E → PAS Liver 39 23 10 000 5234 512 × 512 20x

H&E → TB Stomach 40 20 50 036 25 012 512 × 512 40x
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overlap, facilitating further analysis. The train and test sets were
meticulously curated to ensure optimal performance and reliable
results. Table 1 provides detailed information about the train and
test data.

3.2.5 | Network Architecture

For stain transformation between unpaired images, we employed a
GAN-based style transfer architecture, as described in our
previous work [30] (Figure 8). To effectively train the GAN, we uti-
lized a combination of adversarial, contrastive, and self-regulariza-
tion losses. The typical adversarial loss:

LGAN G, D, X, Yð Þ = EyỸ log D yð Þ + ExX̃ log 1 − D G xð Þð Þð Þ (1)

The generator G(x) creates virtually stained image patches from
the real H&E-stained patches. The discriminator D(y) endeavors
to discriminate whether the input patch is a virtually stained
patch generated by G(x) or a real stained patch, y.

The transformation of histopathology images poses significant
challenges due to the complex cellular morphology and tissue
structure involved. While adversarial loss plays a crucial role
in minimizing the differences between real stained patches
and virtually stained patches, it is essential to ensure that diag-
nostically relevant information is preserved during the transfor-
mation process.

To address this, we incorporated a noise-contrastive loss func-
tion that focuses on preserving the content of the transformed
patches. This loss function establishes correspondence between
a query patch from a virtually stained sample patch in the tar-
get domain and a matching real H&E-stained patch in the
source domain, both located at the same position. The compar-
ison is performed in a manner that generates positive pairings
for similar patches and negative pairings for dissimilar stains.
By using this noise-contrastive loss function, we encourage the
preservation of critical diagnostic features while effectively
transforming the stains in histopathology images. This ensures
that the transformed images maintain their diagnostically
meaningful content, contributing to the accuracy and reliabil-
ity of our stain transformation process. K negative samples and
the query sample (positive) are mapped to L-dimensional vec-
tors v− ∈ RM ×L and v, v+ ∈ RL, respectively. The m-th neg-
atives in L samples are indicated by the symbol v−k ∈ RL. The
distance of scaling between the sample patches and the query is
calculated by using a temperature τ = 0.07. The cross-entropy
loss is computed, indicating a tendency to prioritize positives
over negatives.

L v, v+ , v−ð Þ= − log exp v: v+ð =τ½ Þ= exp v:v+ð =τÞ

+
XN

n= 1

exp v:v−
nð =τÞ�

(2)

The generator network creates feature piles ž, each with spatial
positions; each layer l in a feature pile depicts a region of the
input patch. Later, the feature piles are given as input to a
two-layered network called multilayer perceptron (MLP) [31].
The final features formed by the corresponding image features
zs1, final features in the output domain zs1, and different

extracted features žs1, zS\s1 characterize patch noise contrastive
estimation loss:

LPatchNCE G, F, Xð Þ = ExX̃

XL

l= 1

XS1

s= 1

žs1zzs1z
S=s
1

� �
: (3)

Finally, self-regularization loss hinders the network from any
clinically illusive features occurring on the patches:

LsReg G, Xð Þ = jjX − G Xð Þjj1 (4)

The hybrid loss function:

LXstainer =LGAN G,D, X, Yð Þ+ λsRegLsReg G, Xð Þ
+ λXLpatchNCE G, F, Xð Þ+ λYLpatchNCE G, F, Yð Þ

(5)

Spatial attention block (SAB). With the integration of SAB
into the generator, the focus was on clinically significant fea-
tures in the learning process. The SAB performs a nonlocal
convolution operation for any input, X. In the SAB, three con-
volutional layers divide the input into three elements θ, φ,
and g.

Z = f X, X⊤ð Þg Xð Þ (6)

f denotes the correlation between the pixels in the input patch X.
A dot product operation is utilized on θ and φ, after the convolu-
tional operations. Then, the rectified linear unit (ReLU) function,
σrelu, was used as the activation function.

P= ψ σrelu θ Xð Þφ Xð Þ⊤ð Þð Þ (7)

θ(X )φ(X )⊤ yields a measure of input co-variance that can be
explained as the degree of slope between two feature maps on
different channels. Normalization is applied to output P with
softmax function, φsoftmax. Then, a matrix multiplication between
the output of g and the softmax function is applied. After that, we
convolved and upsampled the outcome of φ multiplication to
generate the attention map S. Eventually, an element sum oper-
ation between the S and the X produces the output F ∈
RN × 64 ×H ×W.

S = φ σsoftmax Kð Þg Xð Þð Þ (8)

F = S+X (9)

3.2.6 | Hyperparameters

Unlike traditional image-to-image translation models, our net-
work architecture operates in a single direction between the
source (real H&E images) and target (virtually stained images)
domains, enabling faster training and lower memory require-
ments. We trained our model for each tissue–stain combination
individually: MT (Kidney), PAS (Kidney), JMS (Kidney), MT
(Liver), PAS (Liver), and TB (Stomach). In the training, we used
the Adam optimizer with an initial learning rate of 0.0002 and
momentum parameters β1= 0.5 and β2= 0.999 for eight epochs.
We utilized 1 batch size, Xavier weight initialization [32], and
instance normalization [33]. The loss weights in the hybrid loss
function were empirically set as follows: the weight for LsReg was
set to 0.03, and λX and λY were both set to 1.
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3.2.7 | FID

To objectively assess the performance of virtual staining at the
patch level, we employed the PyTorch standard framework

[34] to compute the FID measure. This metric quantifies the sta-
tistical similarity between the virtual stains and real counterparts
by comparing feature distributions in a learned latent space. Low
FID scores across all stain types indicated high visual similarity

FIGURE 8 | Xstainer network architecture [24, 25, 30]. (A) Overview of the process. Initially, WSIs histochemically stained with H&E are cropped into

512× 512 pixel square patches. These patches serve as input to the Xstainer networks, transforming them into virtually stained patches. These virtually

stained patches are then stitched together to create final WSIs for pathologists to examine. (B) Detailed diagram of Xstainer networks. The SAB embedded in

the ResNet-9 generator plays a notable role in the network architecture. The generator consists of ResNet blocks (RB) with different filter sizes. Each RB’s

filter size is indicated at the end of the block. The SAB output is then passed to the discriminator, which comprises convolutional layers (C) with filter sizes

specified by numbers at the end of each layer (e.g., C128 corresponds to a convolutional block with a filter size of 128). The discriminator’s output is

concatenated with the image from the target domain (virtual patches). The adversarial loss, which combines Lgen and Ldisc, encourages the generated images

to resemble the target domain. To emphasize content preservation and focus on the relationship between the two domains, the overall objective function

includes SR (super-resolution) and a patch-wise noise-contrastive estimation loss. This approach has been designed to capture long-range dependencies and

inter-channel relationships within the input images. Additionally, a two-layer MLP network is incorporated alongside the generator to enhance the associa-

tion between the input and the generated data. (C) Flow diagram of SAB in the ResNet-9 generator for virtually stained patch synthesis. This diagram

illustrates the sequential steps involved in the SAB embedded in the ResNet-9 generator. It depicts the process of synthesizing virtually stained patches.
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between the virtual and real stains, establishing a strong founda-
tion for interpretability by pathologists. This measure quantifies
the dissimilarity between the Gaussian distributions of real and
virtually stained images, accounting for differences in mean and
standard deviation. As iterations progress, the FID score steadily
decreases, while the virtually stained images become more real-
istic and higher quality. The FID score is calculated using the
following formulation:

IFID = jj ⃗m1 − ⃗m2jj22 + Tr C1 + C2 − 2 ×
p

C1 × C2ð Þð Þ
(10)

here ⃗m1 and ⃗m2 represent the mean values of the real and vir-
tually stained patches, and C1 and C2 are the covariance matrices.
Tr denotes the trace function, which sums the diagonal elements
of the matrix. In our comparison of Xstainer’s performance with
two established style transfer models, CUT and FastCUT, the FID
score indicated that Xstainer achieved a high degree of similarity
in the virtual staining tasks. Detailed comparisons of these results
are presented in Section 2. All FID scores were computed on the
whole test set. Since each score was calculated once per stain-tis-
sue-method combination, without repeated runs or subsampling,
they represent deterministic values with no statistical variability.

3.2.8 | Patch-Level VTT

A patch-level VTT was conducted using kidney tissue samples
to evaluate the proficiency of pathologists in distinguishing
between real and virtually stained patches. The study involved
150 patches, consisting of 25 real and 25 virtual patches for each
of the three stains (PAS, MT, and JMS). These patches were ran-
domly presented to a panel of 12 experienced pathologists.

The primary objective of the VTT was to assess the accuracy of
pathologists in correctly identifying real and virtual patches. The
results of this survey aimed to provide insight into the challenges
associated with virtual staining techniques and their potential
implications for diagnostic workflows. The inability to distin-
guish between real and virtual stains could indicate how closely
the AI-generated stains resemble traditional methods, particu-
larly in terms of diagnostic reliability.

3.2.9 | Slide-Level Staining Quality Assessment

In addition to patch-level evaluations, pathologists reviewed
WSIs (30 slides per stain type) and assessed overall staining qual-
ity, including nuclear detail, cytoplasmic contrast, and extra-
cellular matrix visualization. To comprehensively assess WSIs
from a pathologist’s perspective, we surveyed 90 kidney tissue
WSIs. The dataset comprised 30 WSIs for each stain type (MT,
PAS, JMS) that underwent successful virtual slide-level staining.
Ten pathologists from various countries, including Türkiye and
the United Kingdom, actively participated in the survey. We
aimed to evaluate the overall staining performance of the AI and
its ability to visualize key diagnostic features, including nuclear
and cytoplasmic detail and extracellular fibrosis. A scoring sys-
tem was employed, with scores of 1, 2, 3, and 4 representing
“unacceptable”, “acceptable”, “very good”, and “perfect” stain-
ing, respectively. This systematic evaluation provided a compre-
hensive understanding of the strengths and potential limitations
of the virtual staining approach.

3.2.10 | Reader Study

To evaluate the impact of virtual staining on the slide-level diag-
nostic process for renal transplant rejection, a reader study was
conducted with five experienced nephropathologists. The study
consisted of two phases, enabling comparison between virtual
and traditional staining methods. In Phase 1, the pathologists were
presented with a set of 30 patients’ 4 WSIs, including real stained
H&E images and virtual stained JMS, MT, and PAS images. Their
task was to provide a diagnosis based on these images. In this study,
C4d scores were used as an external reference to support the eval-
uation of Xstainer’s virtual stains in the context of antibody-
mediated rejection diagnosis. Board-certified nephropathologists
reviewed the virtual stains generated by Xstainer alongside known
C4d scores, using these scores to inform their overall diagnostic
assessments. The C4d scoring, based on traditional histochemical
staining, ranged from 0 to 3: “0” indicating no C4d staining,
“1” minimal focal staining, “2” moderate focal staining, and
“3” strong diffuse staining. While Xstainer did not create virtual
C4d stains, the existing C4d scores allowed pathologists to cross-
reference and verify the alignment of the virtual stains with estab-
lished diagnostic indicators.

Following a 3-week washout period to minimize potential bias,
Phase 2 was initiated. The same set of patients’ WSIs was again
presented to the pathologists in this phase. However, only the
real stained images were included this time. The pathologists
were asked to provide diagnoses using the real-stained images.
This two-phase approach enabled a direct comparison of the
pathologists’ diagnoses between virtual staining and traditional
staining methods. The pathologists’ diagnostic process involved
determining the presence of rejection as the first question, fol-
lowed by identifying the type of rejection in two additional ques-
tions: cellular, humoral, or a combination of both and acute,
chronic, or chronic active.

A Wilcoxon signed-rank test was conducted to assess the accu-
racy achieved using solely virtually stained WSIs compared to
real WSIs. The Wilcoxon signed-rank test is a nonparametric test
that compares paired samples to determine whether their popu-
lation means differ. The test statistic is calculated as follows:

W =
Xn

i= 1

sgn xi − yið Þ:Ri (11)

where xi and yi are paired observations, sgn (xi−yi) is the sign
function of the difference, and Ri represents the rank of the abso-
lute differences jxi − yij in ascending order, excluding zeros. W is
the sum of the signed ranks. As presented in Section 2, the
Wilcoxon test analyses underscore the diagnostic reliability of
virtually stained WSIs, further demonstrating the potential of
Xstainer to augment traditional pathological workflows.

3.3 | Computational Hardware and Software

WSI processing (patching and stitching) was performed on Xeon
multi-core CPUs and Nvidia V100 GPUs in Python (version
3.6.13). Deep virtual staining networks were trained and tested
on an Nvidia V100 GPU for each tissue–stain combination using
PyTorch (version 1.9.0).
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4 | Discussion

In this study, we introduced the Xstainer tool, which enables vir-
tual staining of H&E-stained kidney, liver, and stomach biopsies.
We leveraged the unique OmniST dataset, comprising WSIs from
various staining techniques and different centers, to demonstrate
the clinical effectiveness of the Xstainer tool.

Although H&E staining remains the foundation of routine his-
topathological evaluation, it has well-documented limitations
in visualizing certain diagnostically relevant structures. For
example, H&E is insufficient for accurately detecting basement
membrane thickening, subtle mesangial matrix expansion, and
early-stage fibrosis, which are often critical in evaluating renal
pathology, especially in transplant rejection and glomerular dis-
eases [35]. In clinical practice, special stains such as PAS and JMS
are routinely employed to enhance the visualization of basement
membranes and glycoprotein-rich structures, features that
remain indistinct on H&E slides alone. Xstainer addresses this
limitation by enabling the virtual transformation of H&E-stained
images into multiple special stain equivalents, such as PAS and
JMS, without requiring additional tissue sections or physical
staining. This not only preserves the integrity of the original tis-
sue block but also allows rapid, on-demand access to enhanced
contrast and diagnostic visibility. In our reader study, nephropa-
thologists could recognize histologically relevant features—par-
ticularly those involving basement membrane pathology—more
clearly when aided by virtual PAS and JMS slides, supporting the
potential of Xstainer to augment conventional H&E analysis in
diagnostically complex cases. In summary, while H&E remains
indispensable, virtual staining provides an efficient, scalable, and
resource-conscious solution to overcome its interpretive limita-
tions, especially when physical restaining is not feasible due
to tissue or time limitations.

We employed a GAN with a SAB to achieve virtual staining.
GANs consist of a generator and a discriminator that compete
to generate realistic images and distinguish between real and
generated images. We incorporated a spatial attention block into
the generator, enabling the network to focus on relevant image
regions. This enhances the model’s ability to reproduce realistic
and diverse output virtual images by emphasizing key histologi-
cal features and spatial relationships within the tissue [36, 37]. By
doing so, the model ensures accurate staining while maintaining
the structural and diagnostic integrity of the virtual slides.

We conducted four distinct evaluations to assess the performance
of the Xstainer model in virtual staining tasks. The FID, a quan-
titative metric, measured the similarity between feature distribu-
tions of real and generated images. Our model achieved the
lowest FID scores, indicating high resemblance between real
and virtual images [38, 39]. Patch-level VTT analysis involved
12 pathologists distinguishing real and virtual patches, revealing
comparable or higher rates of assigning virtual images as real
than real images. SSQA showed that pathologists rated the vir-
tual staining of MT, PAS, and JMS as “very good” for overall
staining performance and for successful visualization of nuclear
detail, cytoplasmic detail, and extracellular fibrosis. The clinical
effectiveness of this tool was rigorously evaluated through a com-
prehensive reader study conducted with five experienced neph-
ropathologists. C4d has been recognized as a hallmark of

antibody-mediated rejection, and integrating C4d staining into
routine clinical practice has greatly enhanced understanding
of antibody-mediated mechanisms in allograft rejection. In this
study, C4d scores served as an external benchmark to support the
diagnostic evaluation of Xstainer’s virtual stains. While Xstainer
does not directly produce virtual C4d stains, the availability of
C4d scores as a reference helped nephropathologists assess
antibody-mediated rejection. By reviewing Xstainer-generated
virtual stains alongside known C4d scores, pathologists could
cross-reference tissue morphology with established markers of
immune response, thereby reinforcing the reliability of the vir-
tual staining approach. This combination highlights the potential
for Xstainer to assist in the diagnostic process by providing sup-
plementary digital staining insights that can be used alongside
established clinical markers, such as C4d [40].

The reader study plays a crucial role in assessing the clinical util-
ity and validity of the generated virtual images, providing valu-
able insights into the performance and diagnostic accuracy of
Xstainer. The results of this study demonstrate that Xstainer
can produce virtually stained images that closely resemble their
traditionally stained counterparts without compromising pathol-
ogists’ diagnostic accuracy. These findings highlight the signifi-
cance of the reader study in validating the clinical effectiveness of
virtual staining and affirming its potential as a valuable tool in
pathology practice. One significant consideration is the statistical
power of the analysis. While the test did not show a statistically
significant difference in the accuracy of rejection diagnosis
between virtual and real staining, this result should be inter-
preted with caution, as it may reflect low statistical power due
to the small patient sample. Future studies with larger sample
sizes are necessary to achieve more robust conclusions and
reduce the possibility of type II errors. The method’s potential,
supported by evidence from transplantation pathologists, could
influence end users’ perspectives on Xstainer and contribute
to its broader adoption.

Our study significantly contributes to the rapidly expanding field
of virtual staining, offering a faster, cost-effective, and expressive
alternative to conventional staining methods. Virtual staining
brings several advantages, including reduced biopsy require-
ments, preserved tissue integrity, time and resource savings,
improved image contrast and resolution, and the ability to visu-
alize multiple biomarkers simultaneously [41]. It also addresses
the limitations and challenges associated with traditional stain-
ing, such as variability, reproducibility, standardization, quality
control, and interpretation [42, 43].

Xstainer offers distinct financial and operational advantages
through its unique capability to directly transform digitized
routine H&E-stained images into virtual histochemical stains.
According to current real-world procurement data from pathol-
ogy laboratories in Türkiye, conventional histochemical staining
typically costs $12–14 per slide, whereas in higher-cost regions
such as the United States, the average cost ranges from $20 to
40 per slide. A comparative overview of estimated costs for tra-
ditional histochemical staining versus Xstainer-based virtual
staining in the USA and Türkiye is provided in Table 2.

Xstainer significantly reduces or eliminates associated costs, such
as reagents, technical labor, and additional tissue sectioning, by
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digitally converting H&E images into histochemical staining vis-
ualizations. This results in estimated savings of approximately
$10–11 per slide in Türkiye, with even greater potential savings
of $20–35 per slide in regions with higher baseline costs, such as
the US. Based on current laboratory expenditures, preliminary
estimations suggest potential cost savings of approximately 70–
90% per histochemical slide when virtual staining is utilized
(Table 2). These savings primarily result from eliminating addi-
tional reagents, labor, and physical slide preparation, translating
into considerable economic advantages, particularly in high-
volume pathology laboratories.

Therefore, Xstainer streamlines operational workflows and sub-
stantially reduces the financial burden of histochemical staining.
Its ability to digitally transform routine H&E images into special-
ized histochemical stains highlights its potential as an innovative,
cost-effective tool applicable in pathology laboratories worldwide.

Unlike previous studies, we demonstrated the adaptability of the
Xstainer tool using WSIs from six different centers (Figure 3) and
a wide range of tissue-stain combinations (Figure 2). Additionally,
we incorporated a final stitching step in the Xstainer workflow to
generate virtually stained WSIs in minutes, facilitating integration
into traditional pathology laboratory workflows. Moreover, we
curated the patient-based OmniST dataset, comprising 1,646
WSIs stained with H&E, MT, PAS, JMS, or TB, which will expedite
data preparation and foster the development of new methods in
digital pathology, particularly virtual staining. While our study
demonstrates the high visual realism of virtual stains generated
by Xstainer, as evidenced by low FID scores and pathologist eval-
uations, realism alone does not ensure diagnostic utility. Diagnostic
accuracy was specifically evaluated in the reader study. However,
we acknowledge that future studies should directly compare diag-
nostic outcomes using H&E alone versus H&E combined with vir-
tual stains to more clearly quantify the added value of virtual
staining.

While our study provides compelling evidence, it is essential to
acknowledge some limitations.

The pathologists’ opinions in the evaluation may not represent the
entire pathology community. Therefore, conducting a larger and
more diverse reader study involving pathologists from different

backgrounds and experiences would be valuable in gathering addi-
tional feedback and ensuring broader applicability. While stain
translation, such as from H&E to other histochemical stains, is
a powerful technique, it may not capture every structural detail
visible in the original H&E stain. The translation’s efficacy depends
on the complexity and uniqueness of the features each stain
presents. This limitation arises because specific chemical and
molecular interactions, detectable with traditional staining meth-
ods, cannot be fully inferred from visual information alone in
H&E-stained images. While Xstainer demonstrates the ability to
generate visually realistic and diagnostically practical virtual stains,
some localized morphological differences were observed between
the virtual and real stains, including minor variations in lumen size
and glomerular structure, and occasional artifacts in certain regions
(e.g., in virtual JMS and MT stains). These discrepancies arise from
the generative network’s attempt to synthesize the staining char-
acteristics of the target stain while adapting features from the
H&E input. Critically, these variations were found to be diagnosti-
cally insignificant for high-level tasks, such as identifying fibrosis or
assessing glomerular abnormalities, and did not affect pathologists’
diagnostic accuracy in our evaluations. Overall, while these minor
differences do not currently affect the diagnostic utility of the vir-
tual stains, our findings demonstrate the robustness and promise of
Xstainer as a transformative tool in histopathology. Further studies,
including comparisons of diagnostic accuracy between H&E alone
and H&E combined with virtual stains, will help quantify the
added value of virtual staining in enhancing diagnostic workflows.

This study presents Xstainer, a novel virtual staining tool that
distinguishes itself from existing methods in several key aspects.
Its ability to produce multiple stain types efficiently places it
ahead of many current methods, which are often limited to spe-
cific stains or tissue types. Moreover, it offers versatile capabili-
ties, enabling the generation of a wide range of histochemical
stains. Its clinical relevance is evidenced by a comprehensive
two-phased reader study involving experienced nephropatholo-
gists, which showed no statistically significant difference com-
pared to traditional staining, suggesting comparable performance
within the sample size limits. Xstainer also shows promising
quantitative performance, as indicated by lower FID scores than
those of generic style transfer models. While the quantitative
results are promising, it is essential to recognize that comparisons
with other methods should be contextualized within the model’s

TABLE 2 | Estimated cost comparison of traditional vs. virtual staining in the USA and Türkiye.

Cost item
Traditional

staining (USA) Xstainer (USA)
Traditional staining

(Türkiye)
Xstainer
(Türkiye)

Cost per histochemical slide $30 (range $20–40) ~$3 (digitization
only)

$13 (range $12–14) ~$3 (digitization
only)

Annual histochemical staining
volume (example)

50,000 slides/year 50,000 slides/year 10,000 slides/year 10,000 slides/year

Annual staining costs $1,500,000 $150,000 $130,000 $30,000

Hardware + Software maintenance
(annual)

— $2,000 — $1,000

License + Software updates (annual) — $1,000 — $500

Total annual costs $1,500,000 $153,000 $130,000 $31,500

Estimated total savings per year — $1,347,000 — $98,500
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design constraints. Efficiency is another highlight, potentially
saving valuable time and resources. Considering these advan-
tages, Xstainer stands as a promising and practical solution for
virtual staining in the field of pathology.

In conclusion, our Xstainer tool demonstrates the ability to gen-
erate high-quality, realistic, and clinically valid virtual-stained
images from H&E-stained biopsies. The performance evaluation,
encompassing quantitative measures, qualitative assessments,
and diagnostic accuracy, highlights the potential of virtual stain-
ing to overcome limitations associated with conventional stain-
ing methods. Despite the promising results, further refinement
and broader clinical validation are necessary for the wide-
spread adoption of virtual staining. Virtual staining offers a
promising avenue to enhance the efficiency and accuracy of
histopathological diagnosis, benefiting researchers and pathol-
ogists across various clinical settings. Future research will
focus on refining the tool, addressing feedback from a larger
cohort of pathologists, and exploring its applicability in
broader clinical contexts.
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