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Histological staining is the foundation of anatomic pathology, yet traditional wet-lab 
workflows are slow, consume irreplaceable tissue, and are prone to artifactual vari-
ability. As precision oncology increasingly demands comprehensive molecular testing 
from limited biopsy samples, conserving tissue while delivering rapid, accurate di-
agnoses is an urgent clinical challenge. This review explores "virtual staining" – the 
digital generation of routine and special stains directly from label-free tissue scans or 
primary hematoxylin and eosin slides. We examine the shift toward advanced artifi-
cial intelligence models that preserve overall tissue architecture, the development of 
"pathology-aware" quality metrics, and clinical applications like instant multiplexed 
immunofluorescence and 3D intraoperative biopsies. Ultimately, virtual staining 
allows pathologists to simultaneously evaluate multiple diagnostic stains without de-
pleting the physical block or waiting for laboratory processing. By adopting rigorous 
quality controls and optimizing for time-sensitive clinical workflows, this technology 
is poised to transition from a research novelty into a  fundamental tool for preserving 
invaluable patient tissue and accelerating diagnostic turnaround times.
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Introduction

For over a century, the microscopic evaluation of 
tissue has relied on the physical process of chemical 
staining – most notably hematoxylin and eosin (HE) –  
to impart contrast to otherwise translucent biologi-
cal structures [1–3]. While this traditional workflow 
is robust, it is inherently resource-intensive, envi-
ronmentally taxing due to the generation of toxic 
chemical waste, and subject to significant technical 
variability among different laboratories and techni-
cians [4–6]. More importantly, standard histochem-
ical staining is a destructive and irreversible process. 
A tissue section stained with HE cannot typically be 
re-stained for multiple targeted biomarkers, which 
presents a  severe limitation in modern oncology 
where limited biopsy material must be conserved for 
downstream molecular sequencing and comprehen-
sive spatial profiling [7, 8].

Virtual staining is a rapidly evolving field of dig-
ital pathology [2]. It represents a  disruptive com-
putational alternative that leverages deep learning 
to synthesize diagnostic-grade histological images 
without physical dyes. This short report covers the 
foundational label-free optical imaging modalities 
that capture endogenous tissue contrast, the evo-
lution of the underlying artificial intelligence (AI)  
architectures (from Generative Adversarial Networks 
[GAN] to Transformers and Diffusion Models), and 
the expanding clinical applications ranging from 
stain-to-stain transformations to 3D volumetric pa-
thology. Furthermore, it critically assesses the current 
state of clinical validation, the development of pa-
thology-specific evaluation metrics, and the ethical 
paradigms necessary for clinical integration.

The timeliness of this topic cannot be overstated. 
Anatomic pathology laboratories are currently fac-
ing a “perfect storm” of rising case volumes, critical 
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staffing shortages, and escalating cost pressures [9]. 
Simultaneously, the rise of precision oncology de-
mands deeper, spatially-resolved tissue insights at 
unprecedented speed. By bypassing the manual la-
bor and chemical costs of the wet lab, AI-powered 
virtual staining offers a digital-first framework capa-
ble of redefining anatomical pathology workflows, 
democratizing access to specialized diagnostics, and 
preserving invaluable patient tissue for clinical deci-
sion-critical ancillary testing.

The optical input: capturing tissue detail 
without dyes 

To digitally generate a stain, the software first needs 
a highly detailed map of the unstained tissue. Instead 
of relying on chemical dyes to create contrast under 
a standard brightfield microscope, virtual staining uses 
specialized imaging techniques that capture the inher-
ent physical and biochemical properties of the raw tis-
sue [2, 3]. One common approach is autofluorescence 
imaging, which captures the natural light emitted 
by native tissue elements (like collagen, elastin, and 
metabolic cofactors) to outline the microanatomy. 
Advanced techniques like fluorescence lifetime imag-
ing microscopy further enhance this by capturing the 
decay rate of fluorescence, providing an extra dimen-
sion beyond intensity [10]. Another powerful tool is 
photon absorption remote sensing (PARS), which uses 
ultraviolet light to directly measure how different bio-
molecules absorb energy. For example, PARS can use 
specific UV wavelengths to capture dense DNA con-
centration (mimicking hematoxylin) while simultane-
ously capturing extracellular matrix proteins like colla-
gen (mimicking eosin) [11]. When processed through 
deep learning, PARS data can generate multiple vir-
tual stains – including HE, Masson’s trichrome, and 
periodic acid-Schiff (PAS) – from a  single scan [12]. 
Similarly, stimulated Raman scattering (SRS) micros-
copy measures the inherent molecular vibrational re-
sponses of lipids and proteins, enabling the rapid gen-
eration of virtual HE [13]. Because these microscopic 
techniques read the tissue’s natural composition, they 
can distinguish structures without any chemical in-
tervention. In dermatopathology, for instance, these 
label-free scans can accurately detect melanin within 
malignant melanoma cells or highlight red blood cells 
in capillary lumens [11]. In neuropathology and pros-
tate biopsies, similar label-free techniques can pene-
trate thick, fresh-frozen tissue, bypassing the need to 
cut ultra-thin sections altogether [13].

Algorithmic evolution: from digital artifacts 
to diagnostic fidelity 

The software that translates these label-free scans 
into familiar HE or immunohistochemistry (IHC) im-

ages has improved dramatically. Early virtual staining 
programs – based on architectures like Convolutional 
Neural Networks and GAN and their iterations such 
as contrastive unpaired translation and dual contras-
tive learning GAN – often struggled with tissue align-
ment and were prone to “hallucinations” – meaning 
the software might artificially insert a nucleus where 
none existed, blur the cytoplasm, or completely miss 
important features like fungal hyphae [5, 11, 14, 15]. 
Today’s advanced AI models (like vision transformers 
and diffusion models) are designed to understand the 
“global context” of a whole-slide image rather than 
just looking at isolated pixels [16, 17]. By evaluating 
how different tissue structures relate to one another 
across the entire biopsy, these modern models main-
tain strict architectural and cytological fidelity. For 
a pathologist, this means the software is now capable 
of preserving critical diagnostic criteria. For example, 
in squamous cell carcinoma, the AI accurately repli-
cates complex features like keratin pearls, intercellular 
bridges, and true nuclear pleomorphism [18]. In basal 
cell carcinoma, it successfully maintains the peripheral 
palisading of basaloid nests without blurring the sur-
rounding fibromyxoid stroma [18]. Crucially, newer 
models have significantly improved their ability to 
accurately depict mitotic figures and nuclear atypia – 
features that earlier software routinely distorted [17].

Expanding the diagnostic repertoire: 
instant special stains and multiplexing 

Perhaps the most significant clinical advantage of 
virtual staining is the ability to generate multiple dif-
ferent stains from a single physical tissue section [19]. 
Because the physical tissue is either left completely 
unstained or stained only once with a routine HE, the 
AI can digitally infer (deduce) additional stains, sav-
ing the physical tissue block for critical downstream 
molecular testing (like next-generation sequencing). 
This AI-enabled transformation of one existing chem-
ical stain into another is a  process known as stain-
to-stain transformation [20]. This capability has im-
mediate practical applications across subspecialties. 
In renal pathology, from a single label-free scan, the 
AI can simultaneously generate an HE, a PAS stain to 
highlight glomerular basement membranes, a  Mas-
son’s trichrome to evaluate interstitial fibrosis, and 
a  Jones methenamine silver stain to assess reticular 
fibers. This allows pathologists to instantly correlate 
mesangial expansion across all four stains without 
waiting for the histotech to cut new levels [11, 21]. In 
hepatology, for staging metabolic dysfunction-associ-
ated steatohepatitis, AI can digitally generate a virtual  
Masson’s trichrome directly from an HE liver biopsy 
slide to accurately score fibrosis, lobular inflammation, 
and hepatocyte ballooning, completely bypassing 
the wet-lab special stain [22]. In immuno-oncology,  
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in lung cancer, AI can take an unstained slide and 
generate a  highly multiplexed panel (e.g., PanCK, 
PD-L1, CD3, CD8, and DAPI) alongside a  virtual 
HE. This allows the pathologist to instantly classify 
a  tumor as “immune-inflamed” or “immune-desert” 
and calculate a  tumor proportion score for PD-L1 
without depleting the tissue block [7]. Furthermore, 
AI-driven virtual staining is paving the way for 3D 
computational pathology. Standard 2D histopatholo-
gy severely under-samples tissue volumes, examining 
less than 1% of a specimen. By pairing non-destruc-
tive, open-top light-sheet microscopy or thick-section 
SRS with virtual staining, researchers can generate 
continuous, volumetric HE representations of entire 
biopsies [23]. Deep-learning triage models based on 
multiple-instance learning can then automatically as-
sess these massive 3D datasets, highlighting high-risk 
regions for the pathologist and fundamentally solving 
the spatial heterogeneity problem of conventional 2D 
sectioning [24].

Validating the virtual stain:  
pathology-aware quality control 

For virtual stains to be adopted in routine sign-
out, they must be diagnostically equivalent to chemi-
cal stains. Historically, computer scientists used met-
rics that evaluated images like standard photographs 
(checking for pixel noise or generic structural simi-
larity), which often failed to capture the nuances of 
pathology. Today, researchers use “pathology-aware” 
evaluation frameworks (e.g. pathology-aware per-
ceptual image similarity [PaPIS] or histology-specific 
fidelity index [HSFI]) [5, 25]. New grading algo-
rithms specifically evaluate the virtual slides based on 
clinical imperatives: Is the chromatin texture accu-
rate? Is the epidermal stratification correct? Are the 
tumor margins cleanly delineated? Algorithms such 
as autonomous quality and hallucination assessment 
(AQuA) have been developed specifically to detect 
artifacts in virtual staining. Operating without access 
to a  histochemically stained ground truth, AQuA 
achieves 99.8% accuracy in differentiating acceptable 
from unacceptable virtually stained tissue, serving as 
an automated gatekeeper to prevent faulty AI im-
ages from misleading diagnosticians [26]. In blinded 
“Turing tests,” expert pathologists frequently cannot 
reliably distinguish a virtual HE from a chemical HE. 
In a recent validation on skin cancer excisions, pathol-
ogists demonstrated a 95.5% agreement in primary 
diagnoses between virtual and chemical HE slides, 
easily distinguishing between benign nevi, squamous 
cell carcinoma, and basal cell carcinoma [11]. Fur-
thermore, automated quality-control software acts as 
a gatekeeper, autonomously flagging any virtual slide 
that contains unacceptable digital artifacts before it 
ever reaches the pathologist’s screen.

Workflow integration and practical 
challenges 

Integrating virtual staining into a busy anatomic 
pathology lab promises to eliminate batch-staining 
delays, reduce the need for recuts, and drastically cut 
reagent costs. It also holds tremendous potential for 
rapid onsite evaluation and intraoperative consulta-
tions [13]. By scanning thick, fresh tissue directly, 
pathologists can obtain permanent-section-quality 
virtual HE images in minutes, entirely avoiding the 
freezing artifacts and tissue folds that plague tradi-
tional frozen sections. Despite these benefits, prac-
tical hurdles remain. Virtual staining algorithms 
can currently be confused by routine pre-analytical 
variations, such as the blue surgical margin ink used 
during grossing, which the AI might mistakenly 
colorize as red blood cells or eosinophilic cytoplasm. 
The software can also struggle if the tissue has a sig-
nificant cautery artifact or if there is out-of-focus scan-
ning [11]. Additionally, models trained in one specific 
hospital may suffer a drop in quality when applied to 
slides processed at a different institution due to vari-
ations in fixation times or scanner hardware (domain 
shift) [17]. Widespread clinical adoption will require 
rigorous multi-center validation to ensure these tools 
are robust enough to handle the daily realities and im-
perfections of the routine histology bench.

Perspective/future directions 

The core motivation: empowering patients 
and clinicians 

The ultimate motivation driving the implemen-
tation of virtual staining is the profound impact it 
can have on patient care: delivering high-quality, 
timely diagnostics while providing clinicians with re-
liable, comprehensive information to guide precision 
treatments. By transitioning to a  digital-first com-
putational framework, laboratories can overcome the 
prolonged processing times, physical tissue exhaus-
tion, and technical variability that plague traditional 
wet-lab workflows (Figure 1). For the practicing pa-
thologist, this technology translates to an unprece-
dented ability to rapidly evaluate the tumor microen-
vironment, confidently assess surgical margins in real 
time, and ensure that invaluable biopsy material is 
conserved for critical downstream molecular analyses 
and next-generation sequencing.

The huge potential: from stain-to-stain 
transformations to biomarker prescreening 

The potential of this technology is staggering, 
offering capabilities that transcend the physical lim-
itations of conventional chemistry [27]. Deep learn-
ing algorithms can now perform high-fidelity stain- 
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to-stain transformations, such as converting a  stan-
dard HE slide into highly specific IHC stains or special 
stains (e.g., Masson’s trichrome, PAS) in a matter of 
minutes. Furthermore, virtual multiplexed immunos-
taining can simultaneously generate multiple clinical 
markers – such as identifying endothelial cells and ep-
ithelial tumor cells to assess vascular invasion – from 
a single label-free tissue section.

Beyond visualization, AI-driven virtual models 
hold immense promise for biomarker prescreening. 
“Class B” AI tools can act as indirect proxies for mo-
lecular tests, predicting the presence of molecular al-
terations like epidermal growth factor receptor muta-
tions or microsatellite instability directly from routine 
HE slides. This prescreening capability can rapidly 
identify patients who urgently need targeted ther-
apies and streamline the genomic testing workflow, 
radically shrinking the time from biopsy to treatment 
initiation [28].

Critical risks still to be mitigated 

Despite its transformative potential, the clinical de-
ployment of virtual staining must be approached with 
a  balanced understanding of its current limitations. 
The  persistent risk of generative “hallucinations” – 
where an AI model invents nonexistent morphologi-
cal structures or drops out critical diagnostic features 
– remains a major barrier to primary diagnostic use. 
Furthermore, these models are highly susceptible to 
“domain shift”; an algorithm trained on slides from 
one specific scanner or laboratory protocol may suf-
fer severe performance degradation when exposed to 
variations in tissue handling or alternative hardware 
at a different institution. There is also the “black box” 
ethical dilemma regarding accountability: if an AI tool 
misidentifies a  critical feature, the liability between 

the software developer, the institution, and the pathol-
ogist remains complex and legally ambiguous [29].

The role of the pathology community  
and regulatory agencies

To safely mitigate these risks and transition virtu-
al staining to the routine histology bench, the active 
leadership of the global pathology community is par-
amount. Generic computer-vision metrics must be 
abandoned in favor of “pathology-aware” evaluation 
frameworks (such as PaPIS or HSFI) that rigorously  
penalize AI models for distorting critical diagnostic 
imperatives like nuclear atypia or mitotic figures. 
Furthermore, autonomous quality-control algorithms 
(like AQuA) must be deployed as digital gatekeepers 
to intercept hallucinated artifacts before they reach 
the pathologist.

The successful clinical integration and ethical 
governance of these AI tools will rely heavily on the 
collaborative efforts of major professional societies.  
Organizations such as the Digital Pathology Associa-
tion (https://digitalpathologyassociation.org/), the Eu-
ropean Society of Pathology (https://www.esp-pathol-
ogy.org/), the United States and Canadian Academy 
of Pathology (https://uscap.org/), and the European 
Society for Digital and Integrative Pathology (https://
www.esdipath.org/) are essential for establishing the 
foundational guidelines for AI implementation. These 
institutions must champion multi-center validation 
trials, curate diverse and standardized whole slide 
image datasets, and intensively promote AI literacy 
in medical training so that pathologists can critically 
assess algorithmic outputs. Concurrently, regulatory 
agencies must enforce strict classification and valida-
tion frameworks, mandating continuous post-market 
surveillance to monitor for data drift over time.

Figure 1. Paradigm shift: synthesizing stains without chemical dyes
Virtual stain uses advanced deep learning to synthesize diagnostic-grade histological images directly from label-free tissue scans or primary HE slides.
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Conclusions

Ultimately, virtual staining must be regulated and 
adopted under a strict “human-in-the-loop” paradigm 
– serving as an advanced, assistive decision-support  
tool where the practicing pathologist retains ultimate 
diagnostic oversight and legal accountability (Fig-
ure 2). As these community-led and regulatory mile-
stones are achieved, virtual staining will securely tran-
sition into a fundamental pillar of modern pathology, 
delivering faster, richer, and highly precise diagnostics 
to the patients who need them most.
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