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SUMMARY

Three-dimensional (3D) histology provides volumetric insights into tissue microarchitectures across entire 

specimens, holding great promise for more accurate prognostication. However, existing methods are too 

slow for intraoperative consultations. We present ULTRA (ultrarapid cleared stimulated Raman with AI), a 

label-free, stain-free, fixation-free, and section-free platform that leverages the chemical specificity of stim

ulated Raman scattering (SRS) microscopy for rapid 3D histological analysis. Through the synergistic devel

opment of a one-step tissue-clearing protocol and unsupervised learning algorithms, ULTRA delivers high- 

resolution, formalin-fixed, paraffin-embedded (FFPE)-grade deep 3D virtual histology within 30 min, covering 

orders of magnitude more tissue than slide-based methods. In human surgical glioma samples, ULTRA accu

rately resolves key histological features in 3D and delineates depth-dependent tumor infiltration margins at 

single-cell resolution. By compressing 3D histology from days or hours to an intraoperative timescale, ULTRA 

addresses a critical clinical gap and enables more informed surgical decision-making in the operating room.

INTRODUCTION

Tumors are phenotypically heterogeneous and intrinsically 

three-dimensional (3D) entities.1–4 Conventional histological 

analyses rely on thin tissue sections,5 which inherently lose 

the 3D spatial context of tumor organization and tissue histo

architectures.3,6–9 In addition, because these methods typically 

focus on a limited number of pre-selected sections, they are 

prone to sampling bias, limiting a comprehensive understanding 

of tumor heterogeneity.7,10–12 This limitation may compromise 

the accuracy of cancer diagnosis,3,4 as metastatic sites can be 

easily overlooked when analyzing only a few sections.

To address these limitations, 3D histology has emerged as a 

powerful tool for capturing 3D tissue information in a more holis

tic and unbiased manner.7,8,13–19 Recent studies have shown 

that enhanced sampling of heterogeneous tissues, coupled 

with analysis models based on 3D morphological or molecular 

features, improves patient prognostication and biomarker dis

covery beyond what is achievable with traditional 2D histopa

thology.6,8,10,13–18 For instance, whole-tissue imaging has 

revealed spatially distinct patterns associated with epithelial- 

to-mesenchymal transition and angiogenesis.13 Additionally, a 

recent deep learning framework further demonstrated that vol

ume-based 3D prognostication outperforms both 2D plane- 

based analysis and clinical baselines in prostate cancer, under

scoring the clinical relevance of 3D histology.14

Despite its clear potential to improve risk stratification and 

guide treatment decisions, 3D histology remains underutilized in 
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intraoperative consultations due to limitations in processing 

speed. Current 3D histology techniques, through morphological 

investigation and/or molecular profiling, often rely on labeling 

protocols that involve lengthy pre-processing, staining, 

and imaging steps, which typically require several days to com

plete.7,13–15,18,20–22 For example, even the fastest reported work

flows take more than 2 days to analyze entire biopsy volumes us

ing light-sheet fluorescence microscopy following small-probe 

labeling and tissue clearing.13,21 Other molecular profiling 

methods depend on 2D serial sectioning and reconstruction (for 

example, mass cytometry and cyclic immunofluorescence), mak

ing them low throughput and labor intensive for thick sam

ples.20,23 By contrast, intraoperative diagnosis demands a turn

around time of 20 to 30 min, which prevents the application of 

current 3D histology techniques in the operating room (OR).

Label-free imaging is emerging as a promising alternative to 

conventional histology (Table S1), often termed virtual histology, 

offering distinct advantages for near real-time assessment of re

sected tissues.24 Infrared spectroscopic imaging combined with 

artificial intelligence (AI) enables digital chemical pathology, 

reducing diagnostic turnaround times and improving patient out

comes.25–28 However, this approach is inherently two-dimen

sional and lacks optical sectioning capabilities. Ultraviolet pho

toacoustic microscopy (UV-PAM)29–31 and microscopy with 

ultraviolet surface excitation (MUSE)32 have shown potential 

for histological imaging. Yet, due to the limited penetration depth 

of ultraviolet light, these methods are restricted to superficial tis

sue layers. Similarly, quantitative phase imaging (QPI), which le

verages refractive index (RI) as an endogenous contrast, is also 

limited by shallow penetration depth.33 Optical coherence to

mography (OCT) provides depth-resolved imaging,34,35 but its 

limited molecular specificity and insufficient spatial resolution 

for subcellular structures reduce its utility for detailed patholog

ical evaluation. Autofluorescence imaging and harmonic genera

tion microscopy rely on endogenous signals from biomolecules 

such as reduced nicotinamide adenine dinucleotide (NADH), 

flavin adenine dinucleotide (FAD), collagen, and elastin.36 Never

theless, these methods often suffer from limited specificity, high 

background noise, and inter-tissue variability, resulting in 

reduced accuracy and inconsistent diagnostic performance.

Among label-free modalities, stimulated Raman scattering 

(SRS) microscopy stands out for its optimal combination of high 

speed, chemical selectivity, and subcellular resolution.37–43 SRS 

detects the vibrational contrast of chemical bonds, allowing direct 

visualization of molecular compositions in tissues.37,38,44 Two-co

lor SRS microscopy has been used for virtual histology (named 

stimulated Raman histology [SRH]) by imaging lipid and protein 

at ∼2,850 and ∼2,930 cm− 1, respectively.45–47 SRH has demon

strated diagnostic performance comparable to the gold-standard 

hematoxylin and eosin (H&E) staining.45–49 Powered with 

advanced AI models, SRH enables molecular classification of 

diffusive gliomas50 and detection of glioma infiltration51 in 2D 

with fresh surgical tissue, highlighting the potential of SRH 

contrast as a general-purpose adjunct for guiding brain tumor 

surgeries. Moreover, due to its nonlinear two-photon excitation, 

SRS provides good optical sectioning capability comparable to 

confocal fluorescence imaging.37,52 Together, these advantages 

make SRS an ideal candidate for 3D histology.

Here, we present ULTRA (ultrarapid cleared stimulated 

Raman with AI), a fast, label-free strategy for 3D histology. 

ULTRA integrates a rapid tissue-clearing protocol tailored for 

SRH (ULTRA clearing) and deep learning-based volumetric 

reconstruction and virtual staining (ULTRA staining) to enable 

section-free, FFPE-grade (formalin-fixed, paraffin-embedded), 

millimeter-scale 3D histology within minutes (Figure 1). While 

the ULTRA framework is broadly applicable to diverse tissue 

types, this study focuses on its in-depth validation and clinical 

demonstration in the context of intraoperative glioma assess

ment, a setting in which accurate margin evaluation remains 

particularly challenging. Using glioma specimens, we show 

that ULTRA captures pronounced depth-dependent heteroge

neity and resolves diagnostic uncertainty through two repre

sentative clinical case studies. By compressing nondestructive 

3D histology from hours or days to an intraoperative timescale, 

ULTRA provides a practical, OR-compatible approach for 

capturing volumetric tissue architecture and tumor heterogene

ity. We anticipate that this capability will enhance intraoperative 

diagnostic confidence and surgical decision-making in neuro

surgery, while also establishing a framework for rapid 3D 

histology.

RESULTS

Screening for a one-step rapid clearing protocol 

compatible with SRS

The depth of optical imaging in biological tissues is fundamen

tally limited by inhomogeneous light scattering, with SRS typi

cally imaging 100–300 μm into tissues.52,53 Recent advances in 

tissue-clearing techniques have enabled fluorescence-based 

3D imaging of intact specimens by replacing optically inhomoge

neous components with specialized clearing agents that render 

tissues transparent.8,54–56 However, developing a rapid clearing 

formulation that is compatible with SRS-based 3D histology re

mains a distinct challenge. Most existing protocols are unsuit

able for SRS, as many RI-matching agents generate strong 

Raman background signals, which can overwhelm the intrinsic 

vibrational signals from endogenous biomolecules.52,57,58 Addi

tionally, current methods are often multi-step and time- 

consuming, typically requiring several hours to days for com

plete processing.8

To address these issues, we first investigated existing one- 

step clearing formulations used in fluorescence imaging 

(Table S2)9,59–66 to identify reagents potentially suitable for 

SRS. Among the candidates, dimethyl sulfoxide (DMSO) 

emerged as promising due to its role as a penetration enhancer 

and RI-matching medium.59,67 DMSO denatures proteins and fa

cilitates the permeation of both hydrophilic and lipophilic mole

cules. In addition, its RI (nDMSO = 1.479) closely matches that 

of proteins (nprotein = 1.44) and lipids (nlipids = 1.45–1.48), making 

it ideal for both tissue clearing and RI matching.67 Additionally, 

urea, a weak denaturant, was identified for its clearing effi

cacy—promoting collagen fiber dissociation and enhancing 

membrane fluidity. Although urea-based aqueous clearing has 

previously been applied in label-free SRS imaging, it requires 

over 4 days to clear a 1-mm-thick mouse brain section,58 limiting 

its use for rapid applications.
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We next examined FOCM and its derivative FOCMS, two one- 

step clearing recipes that use both urea and DMSO.59,68 While 

urea does not produce background Raman signals in the C −

H stretching region (Figure 2A), regular DMSO exhibits strong 

Raman interference. To resolve this, we substituted DMSO 

with fully deuterated DMSO (d6-DMSO), which shifts its vibra

tional background away from the target region (Figure 2A). Using 

a modified FOCMS formulation (30% urea in d6-DMSO), we 

applied the clearing protocol to 1-mm-thick mouse brain sec

tions. After 60 min, the tissue became visually transparent 

(Figure 2B), and SRS imaging achieved a depth of 940 μm, 

defined by a signal-to-noise ratio (SNR) > 2 (Figure 2C). This 

streamlined protocol reduced the clearing time from days to 

just 1 h, representing a significant improvement over conven

tional urea-based methods.58

However, despite improvements in processing speed, this 

protocol remains insufficient to meet the stringent time require

ments for intraoperative histology, where imaging and analysis 

must be completed within 20–30 min. Further optimization is 

required to develop a clearing method that is both compatible 

with SRS and fast enough for intraoperative use.

Development of ULTRA clearing by modulating 

membrane fluidity

Building on the success of the d6-DMSO/urea protocol, we next 

aimed to enhance tissue permeability while maintaining maximal 

chemical preservation, particularly of lipid signals. We hypothe

sized that by modulating membrane fluidity, the penetration of 

DMSO and urea into tissues could be improved, thereby accel

erating the clearing process. To test this hypothesis, we explored 

two complementary strategies known to induce membrane dis

order: thermal modulation and cholesterol depletion.

First, temperature plays a critical role in regulating the packing 

of phospholipids within lipid bilayers. Raising the temperature 

above the phase transition temperature (Tm) of phospholipids in

troduces conformational kinks in the fatty acid chains, resulting 

in increased membrane fluidity. In addition, the rate of passive 

diffusion is temperature-dependent, and elevated temperatures 

further promote molecular transport. Second, cholesterol con

tributes to the tight packing of phospholipids, and the human 

brain is particularly rich in cholesterol. In vitro studies have 

demonstrated that reducing cholesterol content induces a tran

sition to the liquid-disordered (Ld) phase (Figure S1A).69 We hy

pothesize that combining thermally induced membrane disorder 

with cholesterol depletion establishes a positive feedback loop 

that enhances membrane permeability and improves tissue- 

clearing efficiency.

To evaluate the effect of thermally induced membrane disor

der, we conducted an orthogonal study by changing either tem

perature or urea concentration on 1-mm-thick mouse brain sec

tions following a 10-min incubation. While increasing urea 

concentration moderately enhanced clearing, elevated tempera

ture produced a more pronounced effect (Figure 2D). Notably, 

two distinct temperature ranges—25◦C–42◦C and 50◦C– 

60◦C—correlated with steep increases in clearing depth. These 

ranges correspond to the Tm values of two common saturated 

phosphatidylcholine species: dipalmitoylphosphatidylcholine 

(DPPC; 16:0, 41◦C) and distearoylphosphatidylcholine (DSPC; 

18:0, 55◦C) (Figure 2E; Table S3). Beyond 60◦C, higher temper

atures showed minimal additional benefit (Figure 2F), and thus 

60◦C was selected as the optimal incubation temperature.

To assess whether membrane disorder was indeed enhanced 

under these conditions, we performed Raman spectral analysis 

following tissue-clearing treatment with 30% urea in d6-DMSO 

Figure 1. Schematic overview of the ULTRA method for rapid 3D histology 

Tissues are first processed with a one-step clearing method (ULTRA clearing) and imaged volumetrically using SRS microscopy at the CH2 vibrational band 

(2,850 cm− 1). The resulting lipid-channel images are then transformed into FFPE-grade 3D virtual H&E histology using a three-step self-supervised deep learning 

pipeline (ULTRA staining): a diffusion-model-based depth-aware denoising module, a conditional GAN for predicting protein-channel SRH images, and a 

modified CycleGAN for virtual H&E staining.
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Figure 2. Development of ULTRA clearing for one-step tissue clearing in SRS microscopy 

(A) Spontaneous Raman spectra of DMSO, urea, d6-DMSO, and mouse brain tissue. 

(B) Photographs of 1-mm-thick mouse brain sections before clearing and after FOCMS clearing for 20 min and 1 h. 

(C) Depth-dependent lipid channel SNR in a 1-mm-thick mouse brain section cleared with FOCMS for 1 h. 

(D) Imaging depth achieved under different urea concentrations and temperatures. 1-mm-thick mouse brain slices were cleared for 10 min. 

(E) Correlation between phospholipid phase transition temperature and saturated fatty acid chain length. 

(F) Depth-dependent SNR curves for mouse brain sections cleared with 50% urea at 60◦C or 70◦C for 10 min. Data are mean ± SEM (n = 4). 

(G) Average and bottommost SNRs of mouse and human brain sections with different thicknesses and clearing times. Data are mean ± SD (n = 4, 6, 7, 8). 

(H) Volume-rendered lipid and protein SRS images from cleared mouse and human brain slices. 

(I) Chemical structures of additives used in clearing reagents, including CDs and surfactants. 

(J) Bottommost SNR achieved with different additives in the clearing protocol for 1-mm-thick mouse brain slices. Identical letters indicate no significant difference 

(p > 0.01). 

(K) Representative lipid-channel SRS images comparing control and 1% β-CD1-treated samples. 

(legend continued on next page) 
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at 60◦C. The spectra showed a broadening of the 2,888 cm− 1 

peak and a decreased I2;888 cm− 1 /I2;850 cm− 1 intensity ratio after, 

consistent with increased membrane disorder70,71 (Figures S1B 

and S1C). Using this protocol, mouse and human brain slices 

up to 700 μm thick were cleared within 2–5 min, although clearing 

in human tissue was less efficient (Figures 2G, 2H, S1D, and S1E).

Next, we focused on cholesterol depletion to further enhance 

tissue clearing. Cyclodextrins (CDs), particularly β-CDs, have 

been used in protocols like ScaleS and vDISCO to improve tis

sue permeability and antibody penetration.66,72 β-CD is espe

cially effective at extracting cholesterol due to its optimally sized 

cavity.73–75 We screened several β-CD derivatives on 1-mm- 

thick mouse brain slices following a 10-min incubation. By quan

tifying the SNR at the bottom of the samples, we identified two 

derivatives (denoted β-CD1 and β-CD2, structures shown in 

Figure 2I) that yielded a 7- to 9-fold improvement in clearing per

formance (Figures 2J, 2K, and S1F). Notably, β-CD derivatives 

with larger substitutions were less effective, likely due to reduced 

penetration efficiency within the short treatment time.

Time-course analysis confirmed that β-CD2 significantly 

accelerated the clearing process (Figure 2L), and a dose- 

response study showed that 1% β-CD2 (∼8 mM) was sufficient 

to achieve maximal effect (Figure S1G). Importantly, Raman 

background analysis indicated that both β-CD1 and β-CD2 main

tained signal-to-background ratios (SBRs) > 80 at both 2,850 

and 2,930 cm− 1, enabling virtually background-free SRS imag

ing (Figure 2M). By contrast, α-CD, which primarily interacts 

with phospholipids, and conventional detergents yielded only 

modest clearing effects, highlighting the critical role of choles

terol removal in enhancing clearing efficiency.

To validate the compatibility of β-CDs with SRS imaging, we 

confirmed that their use did not alter lipid signals essential for 

SRH. Comparison of the CH2 signal at 2,850 cm− 1 in pre- and 

post-cleared tissue revealed no significant changes in lipid distri

bution across subregions (Figure 2N), with >95% signal preser

vation observed even after a 1-h clearing treatment (Figure 

2O). We further analyzed hyperspectral SRS profiles of mouse 

cerebellum before and after clearing. Ratiometric images of 

I2;888 cm− 1 /I2;850 cm− 1 , an indicator of alkane chain order, showed 

reduced signal intensity in white matter regions, which are en

riched in cholesterol and myelin (Figures 2P, 2Q, S1H, and 

S1I). By contrast, granular layer regions, used as a negative con

trol, exhibited minimal spectral changes (Figures 2R, S1H, and 

S1I). These findings support the hypothesis that ULTRA clearing 

enhances tissue permeability by inducing membrane disorder 

while preserving key biochemical signals necessary for accurate 

SRS-based histological analysis.

In conclusion, we developed a one-step tissue-clearing proto

col by harnessing the synergistic effects of thermally and choles

terol-depletion-induced membrane disordering. The optimized 

formulation comprises d6-DMSO with 50% urea and 1% 

β-CD1 or β-CD2, applied at 60◦C for 2–10 min depending on tis

sue type and thickness. ULTRA clearing enables rapid and effi

cient clearing, preserves authentic SRS contrast, and introduces 

minimal spectral background, making it well-suited for 3D histol

ogy in intraoperative settings.

ULTRA clearing enables rapid and complete 

transparency of millimeter-scale fixed and fresh tissues

We evaluated the performance of ULTRA clearing across diverse 

tissue types and conditions. In fixed mouse brain tissue, the pro

tocol cleared 1-mm-thick sections within 10 min, achieving 

SNR>10 at the sample bottom (Figures 3A and 3B). Extending 

the clearing time to ∼40 min enabled complete transparency of 

2-mm-thick sections, allowing label-free SRS imaging from the 

neocortex to the hippocampus (Figure 3C; Video S1). ULTRA 

clearing is also compatible with fluorescence labeling, as 

demonstrated by lectin-based vascular imaging (Figures 3D 

and S1J; Video S1). Beyond the brain, ULTRA clearing was suc

cessfully applied to mouse liver, heart, kidney, and spleen tis

sues, showing consistent performance across tissues with 

diverse protein/lipid compositions (Figures 3E and 3F).

To assess its suitability for intraoperative applications, we next 

applied ULTRA clearing to freshly harvested (unfixed) mouse 

brain tissue. Despite differences in texture compared with fixed 

samples, fresh brain tissue was also fully cleared within 10 min 

using the same protocol (Figure 3G). A direct comparison of 

clearing performance between fixed and fresh tissues across 

varying thicknesses revealed comparable levels of transparency 

and clearing efficiency (Figures 3H and S1K–S1N). In 1-mm-thick 

fresh tissue, volumetric SRS imaging achieved excellent SNR 

and subcellular spatial resolution throughout the entire sample 

depth (Figures 3I, 3J, S1M, and S1N).

Finally, we tested ULTRA clearing on human brain tissue, 

which poses additional challenges due to the high lipid content 

of myelin and substantial inter-sample variability. Nonetheless, 

the same 10-min protocol achieved efficient clearing in all tested 

human samples, producing high-contrast SRS images 

(Figures 3K and 3L). These findings highlight ULTRA clearing’s 

potential for 3D tissue visualization during surgery, offering rapid, 

high-quality histological insights to support timely intraoperative 

decision-making.

PBDM enables high-quality volumetric SRS image 

restoration

While SRS imaging has demonstrated great potential in 2D 

histology—particularly with advances in virtual staining algo

rithms45–47,50,51,76–80—its application to 3D histological analysis 

(L) Bottommost SNR values with or without 1% β-CD2 at different clearing durations. Data were analyzed by two-tailed t test. ns, not significant, p > 0.05; *p < 

0.05; ***p < 0.001. 

(M) Raman spectra of mouse brain slices and clearing solution containing β-CD1 or β-CD2. 

(N and O) Lipid-channel SRS images (N) and quantification (O) before and after 1-h clearing of 100-μm-thick mouse brain slices with 1% β-CD2 in 50% urea 

d6-DMSO at 60◦C across the hippocampus, cortex, and white matter. 

(P) Ratio images of the 2,888/2,850 cm− 1 signal before and after ULTRA clearing. 

(Q and R) Hyperspectral SRS analysis of the region in (P), showing spectral changes after clearing. 

Scale bars: 100 μm in (H) and (K), 50 μm in (N). 

See also Figure S1.
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Figure 3. Performance of ULTRA clearing across diverse tissues and conditions 

(A) Depth-dependent SNR curve of 1-mm- and 2-mm-thick mouse brain slices after rapid clearing. Data are mean ± SEM (n = 4). 

(B) Photographs of 1-mm-thick (10 min) and 2-mm-thick (40 min) mouse brain sections before and after treatment. 

(C) Volume-rendered SRS images of a cleared 2-mm-thick mouse brain section. 

(legend continued on next page) 

ll

6 Cell 189, 1–18, October 1, 2026 

Please cite this article in press as: Liu et al., Ultrarapid deep 3D histology enables intraoperative mapping of glioma infiltration, Cell (2026), 

https://doi.org/10.1016/j.cell.2026.07.026

Resource 



remains underexplored. A primary challenge lies in the progres

sive loss of contrast and spatial resolution with the imaging 

depth, resulting in inhomogeneous SNRs across the z stack. 

These inconsistencies introduce artifacts in virtual staining, 

compromising image quality and reproducibility. Although tissue 

clearing improves imaging depth, the SRS signal still gradually 

deteriorates with increasing depth (Figures 3A and 3I), necessi

tating computational solutions for robust 3D reconstruction.

To address this, we developed a self-supervised deep learning 

strategy to restore high-resolution, high-SNR images throughout 

the imaging volume. Diffusion models81 have recently emerged 

as state-of-the-art tools for image restoration, offering stable 

and realistic predictions without excessive smoothing.82,83

Here, we adopt a generative diffusion framework to learn a 

depth-dependent distribution of additive noise. The hierarchical, 

chain-based structure of the diffusion model is well-suited for 

capturing the gradual SNR decay (i.e., noise increase) observed 

in 3D SRS datasets. Once trained, the model operates by itera

tively reversing the forward noise-adding process, inferring 

clean, high-quality images from degraded inputs using the 

learned noise distribution (Figure 4A). After learning the depth- 

dependent noise, the model can be applied to restore image 

quality at arbitrary depths within a 3D image stack (see STAR 

Methods for details). Importantly, because the model only needs 

to learn the statistical structure of depth-dependent noise, it can 

be trained in a fully self-supervised manner using unpaired high- 

quality SRS images, eliminating the need for paired ground-truth 

(GT) datasets.

We first trained a conventional diffusion model that uses 

Gaussian noise on lipid-channel (2,850 cm− 1) images from 

mouse brain tissue. While the model successfully preserved ma

jor structures, the reconstructed images exhibited noticeable 

smoothing and loss of fine detail compared with the GT, which 

was acquired from the same region of interest (ROI) using higher 

laser power and longer integration times (Figure 4B). Recog

nizing that Gaussian noise in diffusion models represents a 

computational simplification rather than the actual physical 

noise characteristics of SRS, we hypothesized that a Poisson- 

based diffusion model (PBDM) would better reflect the shot- 

noise-dominated nature of SRS signals (see STAR Methods). 

This noise arises primarily from pump laser fluctuations under ra

dio-frequency modulation. Indeed, PBDM yielded substantially 

improved reconstructions that closely matched the GT 

(Figure 4C). Quantitative comparisons based on Pearson corre

lation coefficients (PCs) and peak SNR (PSNR) further confirmed 

the superior performance of PBDM over the conventional 

Gaussian noise model (Figure 4D).

We further evaluated PBDM’s performance across input im

ages with varying SNRs. As described above, the imaging 

depth limit is defined as the depth at which the SNR drops 

to 2. The trained PBDM model successfully restored images 

with SNRs as low as 1.8, preserving fine structures and closely 

matching the GT for both mouse (Figures 4E and 4F) and hu

man (Figures S2A and S2B) brain tissues. PSNR and PC values 

remained stable across input SNR levels, confirming consistent 

image quality throughout the imaging depth (Figures 4G and 

S2C). To assess model stability in the absence of GT, we quan

tified output uncertainty using the coefficient of variation (CV, 

the ratio of the standard deviation to the mean) across 10 infer

ences per real input image (Figure 4H; STAR Methods). The 

model was considered reproducible when CV ≤ 0.15, which 

corresponded to input images with raw SNR ≥ 2 (Figures 4I, 

S2D, and S2E).

We next applied PBDM to real volumetric SRS datasets from 

mouse brains. By assigning each depth slice to a specific diffu

sion timestep based on its raw SNR, the model produced recon

structions with CV < 0.05 across a 1.5-mm-thick sample, con

firming its robustness for large-volume imaging (Figure 4J). 

Restored images at different depths demonstrated homoge

neous signal levels and near-diffraction-limited resolution, even 

at the bottom of the specimen, proving the excellent perfor

mance of the PBDM (Figure 4K). Additionally, PBDM reduced tis

sue-clearing time requirements. When applied to a 1-mm-thick 

brain section cleared for only 5 min, the model produced image 

quality comparable to that of the standard 10-min-cleared sam

ple (Figures S2F and S2G). These results highlight the effective

ness of PBDM in achieving high-quality restoration of SRS 

images.

ULTRA staining: A framework for high-quality 3D virtual 

histology

We next developed a complete framework, termed ULTRA stain

ing, which comprises three sequential deep learning models to 

transform raw SRS human brain data into high-fidelity, FFPE- 

grade 3D virtual histology. Step 1 employs the PBDM model to 

restore image quality across the entire imaging depth 

(Figure 5A). However, an intrinsic challenge remains. Conven

tional 2D SRH requires two-color SRS imaging—CH2 at 

2,850 cm⁻¹ (lipid dominated) and CH3 at 2,930 cm⁻¹ (protein 

dominated)—to generate H&E-like stains.45–48 Extending this 

approach to 3D necessitates volumetric acquisition and restora

tion of both lipid and protein channels, introducing several prac

tical and computational burdens. These may include doubled 

imaging time (or the need for a dual-pump beam setup), dual 

(D) Volume-rendered lipid, protein, and blood vessel images in a 1-mm-thick mouse brain section. Blood vessels were labeled with DyLight 649-conjugated 

lectin. 

(E) Dual-channel SRS images of cleared mouse organ sections (1 mm). 

(F) CH3/CH2 signal ratios across different tissues. 

(G) Photographs of fresh mouse and human brain sections (1 mm) before and after 10-min clearing. 

(H) Bottommost SNR values of fresh and fixed mouse brain sections with varying thicknesses. 

(I) Depth-dependent SNR profiles of fixed mouse brain, fresh mouse brain, and human brain sections after clearing. Data are mean ± SEM (n = 4). 

(J and K) Volume-rendered SRS profiles of fresh mouse brain (J) and human brain (K) sections. 

(L) Average and bottommost SNR values of surgically resected human brain specimens (1 mm) from 10 subjects after clearing. 

Scale bars, 100 μm. 

See also Figures S1 and S7.
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diffusion model training, and the accumulation of random errors 

from independently trained diffusion models.

To address this challenge, we introduced an alternative 

strategy as step 2 in the ULTRA-staining pipeline. Rather 

than acquiring two separate channels, we propose that the 

protein channel can be computationally inferred from the 

2,850 cm− 1 channel to synthesize a virtual 3D SRH volume 

(Figure 5A, step 2). Although the SRS signal at 2,850 cm− 1 pri

marily reflects lipid content, it also contains features associ

ated with proteins. To exploit this, we constructed a condi

tional generative adversarial network (conditional GAN) with 

a U-Net-based decoder architecture for lipid-to-protein chan

nel prediction (Figure 5B, step 2).78 The model was trained us

ing paired 2D SRS images (see STAR Methods). We validated 

the model on 256 independent field of views (FOVs), with 

representative results shown in Figure 5C. The predicted pro

tein images showed strong agreement with GT protein images 

acquired at 2,930 cm⁻¹ from the same FOVs. Quantitative eval

uation using PC and PSNR further confirmed the model’s pre

dictive accuracy (Figure 5D), demonstrating its ability to 

generate high-fidelity SRH images directly from single-channel 

lipid data.

Figure 4. Principle and validation of the PBDM 

(A) Schematic of the self-supervised diffusion model framework. 

(B and C) Comparison of diffusion model reconstruction using Gaussian noise (B) or Poisson noise (C), alongside raw and ground-truth (GT) SRS images. 

(D) Quantitative comparison of Gaussian- and Poisson-noise-based diffusion models using Pearson correlation and PSNR relative to GT images. 

(E) Raw SRS images and corresponding PBDM reconstruction under different SNR conditions. 

(F) Intensity profiles along the indicated lines in raw, reconstructed, and GT images. 

(G) PBDM performance across varying raw image SNR levels, evaluated by Pearson correlation and PSNR. 

(H) Conceptual illustration of uncertainty estimation in PBDM. 

(I) Model uncertainty as a function of raw image SNR. 

(J) Depth-dependent model uncertainty in a 1.5-mm-thick mouse brain dataset. 

(K) Volume-rendered PBDM reconstruction of the 1.5-mm-thick mouse brain dataset. 

Scale bars, 50 μm in (B) and (C); 100 μm in (E), (F), and (K). 

See also Figure S2.
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Building on this foundation, we introduced a modified stimu

lated Raman cycleGAN (SRC-GAN) model as step 3 of the 

ULTRA-staining pipeline (Figure 5B; STAR Methods).79 SRC- 

GAN is a semi-supervised deep learning model we previously 

developed to generate FFPE-grade, H&E-style virtual histology 

from two-color SRH images of fresh surgical specimens.79

When applied to both predicted and GT SRH images 

(Figure 5C), SRC-GAN produced virtual H&E outputs that closely 

resembled one another (right row in Figure 5C), demonstrating 

the feasibility of generating H&E-like images directly from sin

gle-channel lipid data.

To evaluate the robustness and compatibility of the ULTRA- 

staining multimodel architecture, we applied the pipeline to 

SRS lipid images with varying SNRs. The resulting virtual H&E 

images remained highly consistent across input SNRs down to 

∼2 (Figure S2H), confirming the stability of the pipeline. Further

more, virtual H&E images generated from single-channel lipid in

puts closely resembled those derived from high-SNR, two-color 

SRH images processed by SRC-GAN alone (Figures 5E and 

S2H), demonstrating the reliability of ULTRA staining. We further 

applied ULTRA staining on real 3D datasets acquired from 

5-min-cleared, 1-mm-thick human brain tissues. In step 1, 

depth-wise uncertainty analysis yielded CV values below 0.11 

across the imaging volume, indicating high robustness and 

reproducibility of PBDM on human brain data (Figure 5F), com

parable to results in mouse brain samples (Figure 4). In steps 2 

and 3, the reconstructed 3D H&E-style images exhibited contin

uous and morphologically coherent features along the z axis, 

supporting the spatial fidelity and stability of ULTRA staining 

(Figure 5G).

Figure 5. Development of ULTRA staining for high-quality 3D virtual histology 

(A) Workflow of ULTRA staining from raw volumetric SRS lipid images to virtual 3D H&E histology. 

(B) Schematic of step 2 and step 3 of ULTRA staining: conditional GAN-based protein prediction and SRC-GAN-based virtual H&E staining. 

(C) Comparison between predicted and GT images, corresponding SRH images, and derived virtual H&E images. 

(D) Quantitative evaluation of protein prediction accuracy using Pearson correlation and PSNR across 400 image groups. 

(E) Comparison of virtual H&E images generated from high-SNR SRH data or low-SNR lipid input processed through ULTRA staining. 

(F) Depth-dependent uncertainty analysis of PBDM on rapidly cleared human brain tissue. 

(G) Reconstructed x-z cross-sectional image of a 1-mm-thick human brain section acquired with 1 μm z-steps. 

Scale bars, 50 μm in (C) and (E); 100 μm in (G). 

See also Figure S2.
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ULTRA reveals subtype-specific 3D histological 

features of gliomas

Gliomas, the most common primary malignant brain tumors, 

exhibit substantial histological and molecular heterogeneity. 

Accurate classification and grading of gliomas are critical for 

prognosis, treatment planning, and clinical decision-making. 

We demonstrated that the ULTRA platform enables high-resolu

tion 3D visualization of histological features across different gli

oma subtypes.

We applied ULTRA to 1-mm-thick brain tumor core speci

mens from patients diagnosed with various glioma subtypes. 

Direct acquisition of high-resolution 3D virtual H&E images of 

these tumor cores revealed distinct and rich histological fea

tures (Figures 6A and 6B; Videos S2 and S3A–S3C). By 

analyzing selected regions within the complete 1-mm sample, 

we identified key 3D histological features for different glioma 

subtypes. All critical clinical histological markers of gliomas 

were captured, but now in a true 3D manner (Figure 6C). These 

included uniform round nuclei, a fried-egg appearance (cytolog

ical hallmarks of oligodendrogliomas), nuclear atypia, along 

with microcystic changes (characteristic features of astrocy

toma), delicate vasculature, and abnormal mitosis (critical indi

cators for glioma grading), as well as microvascular proliferation 

and necrotic regions (histopathological characteristics of glio

blastomas [GBMs]).

Furthermore, 3D unfolding analysis of stacked images pro

vided a comprehensive spatial representation of these features. 

The 3D morphology of fried-egg-like structures and the distinct 

nuclear morphological variations were clearly visualized, rein

forcing the accuracy and reliability of the results (Figure 6C). In 

contrast to conventional 2D histology, where critical features 

may be missed due to sampling bias, ULTRA 3D histology en

ables complete and unbiased assessment of complex tissue ar

chitectures (Figures S3D and S3E).

ULTRA not only captures distinguishing histological features 

but also enables comprehensive and quantitative characteriza

tion of nuclear heterogeneity. Quantitative comparison between 

ULTRA-generated virtual H&E images and gold-standard H&E 

sections from matched patient samples yielded highly consis

tent cell density measurements (Figure S3F), establishing the 

quantitative reliability of ULTRA. Nuclear volume is a well-es

tablished morphological metric that correlates with tumor 

grade, proliferation, and prognosis.84,85 For instance, oligoden

drogliomas typically have small, uniform, round cells, whereas 

astrocytomas exhibit larger, irregular nuclear morphologies.86

High-grade astrocytoma often contains enlarged, atypical cells 

with increased nuclear volume. Using ULTRA 3D histology, we 

performed 3D nuclear segmentation across all collected spec

imens. Our analysis revealed that grade 3 astrocytoma ex

hibited significant nuclear volume heterogeneity, with individual 

nuclei markedly larger than those in oligodendrogliomas and 

GBMs (Figures 6D and S3G). By contrast, oligodendroglioma 

and GBM displayed significantly increased cell densities 

(Figure 6E), with extensive necrotic regions prominently 

observed in GBM (Figure 6C). Normal brain tissues, by compar

ison, showed a markedly sparser cellular distribution and larger 

nuclear volume compared with tumor tissues (Figures S3A 

and S3G).

ULTRA facilitates intraoperative identification of 3D 

tumor infiltrative margins

The primary goal of brain tumor surgery is to maximize tumor 

resection while preserving critical brain functions. Studies 

have shown that extended resection improves survival, surgi

cal outcomes, and recurrence rates.86–89 Preoperative mag

netic resonance imaging (MRI) is essential for surgical plan

ning and navigation87; however, the FLAIR (fluid-attenuated 

inversion recovery)-hyperintense edema region is biologically 

heterogeneous and cannot reliably distinguish infiltrated tis

sue from reactive or non-tumor brain tissue (Figure 7A). To 

mitigate the risk of neurological injury, intraoperative neuro

physiological monitoring (IONM) is routinely employed 

(Figure 7A), but it provides functional rather than histological 

information and cannot differentiate tumor from normal tissue. 

In parallel, standard 2D histology offers only limited sampling 

and lacks the ability to capture tumor invasion in three dimen

sions, restricting accurate assessment of diffuse glioma infil

tration. Together, these limitations highlight the need for 

high-resolution, intraoperative 3D imaging approaches that 

can directly assess tumor infiltration, thereby improving 

margin evaluation, surgical precision, and ultimately patient 

outcomes.

We demonstrated the feasibility of ULTRA in unveiling the 3D 

infiltrative margin in GBM. Using a tissue specimen resected in

traoperatively from the tumor margin, we applied the ULTRA 

pipeline to analyze a volume of ∼1 mm3 with a 5 μm z-step 

size (Figures 7B and S4A; Video S3). From planar images, 

ULTRA’s performance on large-volume tissues is comparable 

to standard FFPE pathology (Figures 7C and S4A). The total pro

cessing time, including ULTRA clearing, SRS imaging, and 

ULTRA staining, was approximately 30 min. This duration is 

comparable to frozen section analysis while offering vastly richer 

3D contextual information. Importantly, this duration is not a 

fixed requirement but scales with the tissue volume interrogated. 

When only a localized region or partial depth of a specimen is 

required for clinical decision-making, imaging time can be 

reduced substantially, bringing the total workflow into the range 

of only a few minutes. ULTRA therefore compresses 

Figure 6. 3D virtual histology reveals diagnostic features of brain tumor subtypes 

(A and B) Volume-rendered and representative cross-sectional virtual H&E images of a 1-mm-thick astrocytoma (A) and oligodendroglioma (B) samples. 

(C) ULTRA revealed key 3D diagnostic features, including cellular and nuclear atypia, microcytic changes, abnormal vasculature, microvascular proliferation, and 

necrosis. Left: translucent virtual H&E rendering preserving tissue architecture. Right: minimum-intensity projection highlighting the nuclei distribution. 

(D) Distribution of 3D cell volumes in astrocytoma and oligodendroglioma samples. 

(E) Quantification of cell density within 100-μm3 volumes across astrocytoma, oligodendroglioma, and GBM samples. 

Scale bars, 100 μm. 

See also Figure S3.
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Figure 7. ULTRA enhances the delineation of glioma diffusion boundaries 

(A) Schematic of electrophysiological guidance during glioma surgery integrating MRI navigation and IONM. 

(B) Workflow for glioma boundary analysis and 3D infiltrative margin segmentation. 

(C) Representative single-plane image at a depth of z = 400 μm with magnified views of selected regions. 

(D) 3D glioma diffusion margin visualized using ULTRAscore derived from a 3D-CNN classification model. 

(E and F) Representative single-plane ULTRAscore maps (E) and 3D segmentation maps (F) overlaid on the ULTRA-derived virtual H&E image. 

(G) Cell volume distribution in non-tumor and sparse tumor regions. 

Scale bars: 50 μm in the right panel of (C), 200 μm elsewhere. 

See also Figures S4–S6.
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nondestructive 3D pathology from hours or days to an intraoper

ative timescale.

To visualize the 3D margin of GBM, we first segmented the tis

sue into likely tumor and likely normal regions using cellularity 

analysis applied to stacked 2D image slices (Figures 7B, S4B, 

and S4C; see STAR Methods for details). In conventional pathol

ogy, increased cell density is one of the first visual indicators of 

glioma presence,84–86 supported by our analysis in Figure 6E. 

A reconstructed 3D density map (Figure S4D) revealed a gradual 

transition from high-density tumor regions to infiltrated paren

chyma, capturing the hallmark diffuse invasion pattern of GBM. 

This approach enabled direct 3D annotation of tumor and normal 

regions (Figures S4E and S4F). Building on this, we trained a 3D 

convolutional neural network (3D-CNN) model14 using the cellu

larity map to infer final labels of the infiltrative tumor margin 

(Figure 7D). The model outputs a continuous ULTRAscore, rep

resenting the probability that a given 3D tissue block contains tu

mor (see STAR Methods). The full pipeline was implemented as 

an end-to-end graphical software platform, termed ULTRA-3D 

Studio.

The resulting ULTRAscore maps, visualized in both volumetric 

(Figure 7D; Video S3) and planar images (Figure 7E), delineate 

diffuse and irregular tumor borders and reveal pronounced 

heterogeneity in tumor distribution across imaging depths 

(Figures S4G and S4H). Importantly, ULTRA also detected 

single-cell infiltration at the invasive margin (Figure 7C, right), a 

level of resolution typically beyond the reach of standard 

clinical imaging modalities such as MRI. Based on predefined 

ULTRAscore thresholds, we further segmented the tissue into 

dense tumor, sparse infiltrative tumor, and normal brain regions 

(Figure 7F). Notably, nuclear volume distributions measured 

within the sparsely infiltrative tumor region (Figure 7G) show a tu

mor-biased but intermediate profile relative to GBM tumor cores 

and normal brain tissue (Figure S3G), characterized by enrich

ment of larger nuclei but a lower overall frequency than in the tu

mor core. This graded nuclear phenotype quantitatively captures 

the transitional nature of glioma invasion at the margin.

To illustrate the limitations of single-plane assessment, inde

pendent pathologists reviewed individual 2D sections from the 

same volumetric dataset. Both failed to identify the tumor in sec

tions spanning the ∼200–350 μm depth range despite tumor 

presence in adjacent planes, resulting in miss rates of 20% 

and 23%, respectively (Figure S4I). These findings highlight the 

limitations of isolated 2D assessment. By contrast, our infiltration 

model leverages volumetric histological patterns through a 3D- 

CNN, and direct benchmarking confirmed superior performance 

of 3D relative to 2D classification (Figures S4J–S4M). Together, 

these results demonstrate that the added value of ULTRA de

rives from access to complete volumetric information.

We further evaluated ULTRA in MRI-defined FLAIR edema re

gions, where radiographic signal cannot reliably distinguish infil

trated tumor from non-tumor brain tissue. In two specimens 

collected entirely from the edema zone, ULTRA revealed sub

stantial tumor burden characterized by elevated nuclear density 

and glioma-associated morphology (Figures S5A–S5D), demon

strating that radiographically ambiguous edema regions may 

harbor extensive histological tumor infiltration. Notably, these 

pathological features were heterogeneously distributed across 

imaging depths and detectable only at specific z-planes 

(Figures S5E and S5F), underscoring the risk of false-negative 

interpretation from limited 2D sampling.

We next evaluated ULTRA in regions affected by navigation 

drift during the later stages of resection. Two specimens were 

obtained from non-eloquent cortex that appeared normal 

on neuronavigation and were negative on neurophysiological 

monitoring. ULTRA nevertheless revealed clear tumor involve

ment in both specimens (Figures S6A–S6D). In one specimen, 

pronounced depth-dependent heterogeneity was observed 

(Figure S6E). Although intraoperative MRI can partially mitigate 

navigation shift, its implementation is associated with substantial 

cost, workflow disruption, prolonged operative time, and 

increased infection risk. ULTRA therefore provides a comple

mentary specimen-based approach for resolving navigation- 

related uncertainty intraoperatively.

DISCUSSION

In intraoperative histology, frozen section analysis remains the 

standard approach, yet it is inherently limited by 2D sampling 

and technical artifacts such as freezing-induced distortion, 

imprecise sectioning, and variable staining quality, which 

together reduce diagnostic accuracy relative to FFPE histol

ogy.90 Furthermore, intraoperative evaluation typically relies on 

only two to three tissue sections, increasing the risk of sampling 

bias and interpretive variability.1,3,8 ULTRA overcomes these lim

itations by providing section-free, stain-free volumetric histol

ogy, preserving tissue microarchitecture and restoring the third 

spatial dimension within an intraoperative time frame. Notably, 

ULTRA is compatible with brief mild fixation at the time of exci

sion to stabilize tissue morphology, and spatial orientation can 

be maintained using standard intraoperative marking methods 

such as ink or suture tags. Morphological distortion is validated 

to be negligible in brain tissue (Figures S7A and S7B). Together, 

these features position ULTRA as a practical adjunct to frozen 

section analysis, offering enhanced tissue coverage, reduced 

sampling bias, and richer spatial context to support intraopera

tive decision-making.

We demonstrated the utility of ULTRA in glioma classification, 

grading, and tumor margin assessment (Figures 6 and 7), high

lighting its ability to resolve key 3D histological features of gli

omas. The organ-agnostic nature of ULTRA clearing extends 

its applicability beyond brain tumors50,91,92 to various tissue 

types and diseases where SRH has shown promise, including 

breast,93–96 gastric,78,97,98 prostate,80,99 and pancreatic100 can

cers, as well as kidney disease.101 This positions ULTRA as a 

powerful platform for constructing disease-relevant 3D morpho

logical atlases. ULTRA-derived 3D datasets provide rich inputs 

for training AI models,14,102 supporting digital pathology such 

as automated tumor grading and tumor margin delineation in a 

3D manner.

Because ULTRA is nondestructive, it preserves 100% of the 

tissue for downstream molecular analyses. Macromolecular 

integrity was validated by RNA analyses (Figures S7C–S7E), 

immunofluorescence (Figures S7F and S7G), and immunohisto

chemistry (Figure S7H). Hence, integration with multiplexed 

protein imaging or spatial transcriptomics (ST) enables 
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comprehensive morphomolecular profiling. In gliomas, ULTRA 

can be coupled with 2D or 3D immunohistochemistry to assess 

key diagnostic markers such as IDH mutation, 1p/19q codele

tion, and MGMT promoter methylation, enhancing classification 

accuracy. Coupling ULTRA with ST provides a powerful means 

to map tissue heterogeneity with cell-type specificity.1,103–105

Furthermore, recent developments in machine learning-based 

virtual ST, which infer spatial gene expression from H&E-stained 

images,106 offer a cost-effective strategy for generating large- 

scale 3D transcriptomic maps when integrated with stain- 

free ULTRA.

Commercial SRS microscopes are now available from multiple 

companies worldwide (Table S4), and these commercialization 

efforts have already enabled clinical deployment of SRH in 

neurosurgical operating rooms.76,107 The ULTRA pipeline is fully 

compatible with existing platforms. Importantly, because ULTRA 

requires only a single lipid SRS channel, instrumentation costs 

can be substantially reduced using dual fixed-wavelength 

laser beams.

Overall, continued technical refinements and more rigorous 

clinical validation will help pave the way for incorporating 

ULTRA into standard clinical workflows.

Limitations of the study

First, ULTRA exhibits intrinsic point-spread-function (PSF) 

anisotropy, which can introduce modest elongation along the z 

axis when imaging structures whose true dimensions are smaller 

than the axial PSF. AI-based isotropic reconstruction frame

works may help computationally mitigate such PSF-induced dis

tortions.108 Second, the diffusion-based deep learning model 

used in ULTRA staining is slow. In some cases, organ- or tis

sue-specific tuning may be necessary to maximize performance. 

However, as datasets expand and models generalize, this chal

lenge is likely to diminish. Third, although ULTRA utilizes all cost- 

effective reagents, the availability of SRS imaging systems is 

currently limited to research and specialized clinical centers. 

Broader adoption of ULTRA will benefit from ongoing progress 

in hardware simplification, cost reduction, and user-friendly in

terfaces. Fourth, rigorous validation of spatial fidelity across me

chanically and biochemically heterogeneous organs remains 

necessary before extending ULTRA to broader tumor 3D 

histology.
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86. Tan, A.C., Ashley, D.M., López, G.Y., Malinzak, M., Friedman, H.S., and 

Khasraw, M. (2020). Management of glioblastoma: State of the art and 

future directions. CA: Cancer J. Clin. 70, 299–312. https://doi.org/10. 

3322/caac.21613.

87. Sanai, N., Polley, M.Y., McDermott, M.W., Parsa, A.T., and Berger, M.S. 

(2011). An extent of resection threshold for newly diagnosed glioblas

tomas. J. Neurosurg. 115, 3–8. https://doi.org/10.3171/2011.2.jns10998.

88. Molinaro, A.M., Hervey-Jumper, S., Morshed, R.A., Young, J., Han, S.J., 

Chunduru, P., Zhang, Y., Phillips, J.J., Shai, A., Lafontaine, M., et al. 

(2020). Association of Maximal Extent of Resection of Contrast- 

Enhanced and Non-Contrast-Enhanced Tumor With Survival Within Mo

lecular Subgroups of Patients With Newly Diagnosed Glioblastoma. 

JAMA Oncol. 6, 495–503. https://doi.org/10.1001/jamaoncol.2019.6143.

89. Chaichana, K.L., Jusue-Torres, I., Navarro-Ramirez, R., Raza, S.M., 

Pascual-Gallego, M., Ibrahim, A., Hernandez-Hermann, M., Gomez, L., 

Ye, X., Weingart, J.D., et al. (2014). Establishing percent resection and re

sidual volume thresholds affecting survival and recurrence for patients 

with newly diagnosed intracranial glioblastoma. Neuro. Oncol 16, 

113–122. https://doi.org/10.1093/neuonc/not137.

90. Jaafar, H. (2006). Intra-operative frozen section consultation: concepts, 

applications and limitations. Malays. J. Med. Sci. 13, 4–12.

91. Hollon, T.C., Pandian, B., Urias, E., Save, A.V., Adapa, A.R., Srinivasan, 

S., Jairath, N.K., Farooq, Z., Marie, T., Al-Holou, W.N., et al. (2021). 

Rapid, label-free detection of diffuse glioma recurrence using intraoper

ative stimulated Raman histology and deep neural networks. Neuro. On

col 23, 144–155. https://doi.org/10.1093/neuonc/noaa162.

92. Eichberg, D.G., Shah, A.H., Di, L., Semonche, A.M., Jimsheleishvili, 

G., Luther, E.M., Sarkiss, C.A., Levi, A.D., Gultekin, S.H., Komotar, 

R.J., et al. (2021). Stimulated Raman histology for rapid and accu

rate intraoperative diagnosis of CNS tumors: prospective blinded 

study. J. Neurosurg. 134, 137–143. https://doi.org/10.3171/2019.9. 

JNS192075.

93. Shin, K.S., Laohajaratsang, M., Men, S., Figueroa, B., Dintzis, S.M., and 

Fu, D. (2020). Quantitative chemical imaging of breast calcifications in as

sociation with neoplastic processes. Theranostics 10, 5865–5878. 

https://doi.org/10.7150/thno.43325.

ll

Cell 189, 1–18, October 1, 2026 17 

Please cite this article in press as: Liu et al., Ultrarapid deep 3D histology enables intraoperative mapping of glioma infiltration, Cell (2026), 

https://doi.org/10.1016/j.cell.2026.07.026

Resource 

https://doi.org/10.1364/boe.10.004329
https://doi.org/10.1364/boe.10.004329
https://doi.org/10.1038/s41598-018-20306-3
https://doi.org/10.1038/s41598-018-20306-3
https://doi.org/10.1038/s42003-022-03388-8
https://doi.org/10.1038/s42003-022-03388-8
https://doi.org/10.1038/nn.4107
https://doi.org/10.7554/eLife.10566
https://doi.org/10.7554/eLife.10566
https://doi.org/10.3389/fphy.2022.1037821
https://doi.org/10.3389/fphy.2022.1037821
https://doi.org/10.1016/s0006-3495(03)74664-5
https://doi.org/10.1016/s0006-3495(03)74664-5
https://doi.org/10.1016/0005-2736(77)90078-5
https://doi.org/10.1063/1.440961
https://doi.org/10.1038/s41587-023-01846-0
https://doi.org/10.1038/s41467-021-23202-z
https://doi.org/10.1038/s41467-021-23202-z
https://doi.org/10.1016/S0022-2275(20)34940-3
https://doi.org/10.1016/S0022-2275(20)34940-3
https://doi.org/10.1007/978-1-4939-1752-5_8
https://doi.org/10.1007/978-1-4939-1752-5_8
https://doi.org/10.1038/s41551-016-0027
https://doi.org/10.1038/s41591-019-0715-9
https://doi.org/10.1038/s41467-022-31339-8
https://doi.org/10.1126/sciadv.adn3426
https://doi.org/10.1158/0008-5472.CAN-22-2146
https://doi.org/10.1158/0008-5472.CAN-22-2146
http://refhub.elsevier.com/S0092-8674(26)00824-X/sref81
http://refhub.elsevier.com/S0092-8674(26)00824-X/sref81
https://doi.org/10.1038/s41467-024-49125-z
https://doi.org/10.1038/s41467-024-49125-z
https://doi.org/10.1145/3528233.3530757
https://doi.org/10.1145/3528233.3530757
https://doi.org/10.1038/nrc1430
https://doi.org/10.1038/nrc1430
http://refhub.elsevier.com/S0092-8674(26)00824-X/sref85
https://doi.org/10.3322/caac.21613
https://doi.org/10.3322/caac.21613
https://doi.org/10.3171/2011.2.jns10998
https://doi.org/10.1001/jamaoncol.2019.6143
https://doi.org/10.1093/neuonc/not137
http://refhub.elsevier.com/S0092-8674(26)00824-X/sref90
http://refhub.elsevier.com/S0092-8674(26)00824-X/sref90
https://doi.org/10.1093/neuonc/noaa162
https://doi.org/10.3171/2019.9.JNS192075
https://doi.org/10.3171/2019.9.JNS192075
https://doi.org/10.7150/thno.43325


94. Yang, Y., Yang, Y., Liu, Z., Guo, L., Li, S., Sun, X., Shao, Z., and Ji, M. 

(2021). Microcalcification-Based Tumor Malignancy Evaluation in Fresh 

Breast Biopsies with Hyperspectral Stimulated Raman Scattering. 

Anal. Chem. 93, 6223–6231. https://doi.org/10.1021/acs.analchem. 

1c00522.

95. Yang, Y., Liu, Z., Huang, J., Sun, X., Ao, J., Zheng, B., Chen, W., Shao, Z., 

Hu, H., Yang, Y., et al. (2023). Histological diagnosis of unprocessed 

breast core-needle biopsy via stimulated Raman scattering microscopy 

and multi-instance learning. Theranostics 13, 1342–1354. https://doi. 

org/10.7150/thno.81784.

96. Ni, H., Dessai, C.P., Lin, H., Wang, W., Chen, S., Yuan, Y., Ge, X., Ao, J., 

Vild, N., and Cheng, J.-X. (2024). High-content stimulated Raman histol

ogy of human breast cancer. Theranostics 14, 1361–1370. https://doi. 

org/10.7150/thno.90336.

97. Sarri, B., Canonge, R., Audier, X., Simon, E., Wojak, J., Caillol, F., Cador, 

C., Marguet, D., Poizat, F., Giovannini, M., et al. (2019). Fast stimulated 

Raman and second harmonic generation imaging for intraoperative gas

tro-intestinal cancer detection. Sci. Rep. 9, 10052. https://doi.org/10. 

1038/s41598-019-46489-x.

98. Sarri, B., Poizat, F., Heuke, S., Wojak, J., Franchi, F., Caillol, F., Giovan

nini, M., and Rigneault, H. (2019). Stimulated Raman histology: one to 

one comparison with standard hematoxylin and eosin staining. Biomed. 

Opt. Express 10, 5378–5384. https://doi.org/10.1364/BOE.10.005378.

99. Yue, S., Li, J., Lee, S.-Y., Lee, H.J., Shao, T., Song, B., Cheng, L., Master

son, T.A., Liu, X., Ratliff, T.L., et al. (2014). Cholesteryl Ester Accumula

tion Induced by PTEN Loss and PI3K/AKT Activation Underlies Human 

Prostate Cancer Aggressiveness. Cell Metab. 19, 393–406. https://doi. 

org/10.1016/j.cmet.2014.01.019.

100. Zhang, L., Zou, X., Huang, J., Fan, J., Sun, X., Zhang, B., Zheng, B., Guo, 

C., Fu, D., Yao, L., et al. (2021). Label-Free Histology and Evaluation of 

Human Pancreatic Cancer with Coherent Nonlinear Optical Microscopy. 

Anal. Chem. 93, 15550–15558. https://doi.org/10.1021/acs.analchem. 

1c03861.

101. Fung, A.A., Li, Z., Boote, C., Markov, P., Gaut, J.P., Jain, S., and Shi, L. 

(2025). Label-free multimodal optical biopsy reveals biomolecular and 

morphological features of diabetic kidney tissue in 2D and 3D. Nat. Com

mun. 16, 4509. https://doi.org/10.1038/s41467-025-59163-w.

102. Song, A.H., Jaume, G., Williamson, D.F.K., Lu, M.Y., Vaidya, A., Miller, 

T.R., and Mahmood, F. (2023). Artificial intelligence for digital and 

computational pathology. Nat. Rev. Bioeng. 1, 930–949. https://doi. 

org/10.1038/s44222-023-00096-8.

103. Marx, V. (2021). Method of the Year: spatially resolved transcriptomics. 

Nat. Methods 18, 9–14. https://doi.org/10.1038/s41592-020-01033-y.

104. Wang, X., Allen, W.E., Wright, M.A., Sylwestrak, E.L., Samusik, N., Ve

suna, S., Evans, K., Liu, C., Ramakrishnan, C., Liu, J., et al. (2018). 

Three-dimensional intact-tissue sequencing of single-cell transcriptional 

states. Science 361, eaat5691. https://doi.org/10.1126/science. 

aat5691.

105. Shi, H., He, Y., Zhou, Y., Huang, J., Maher, K., Wang, B., Tang, Z., Luo, S., 

Tan, P., Wu, M., et al. (2023). Spatial atlas of the mouse central nervous 

system at molecular resolution. Nature 622, 552–561. https://doi.org/10. 

1038/s41586-023-06569-5.

106. Zhang, D., Schroeder, A., Yan, H., Yang, H., Hu, J., Lee, M.Y.Y., Cho, 

K.S., Susztak, K., Xu, G.X., Feldman, M.D., et al. (2024). Inferring su

per-resolution tissue architecture by integrating spatial transcriptomics 

with histology. Nat. Biotechnol. 42, 1372–1377. https://doi.org/10. 

1038/s41587-023-02019-9.

107. Neidert, N., Straehle, J., Erny, D., Sacalean, V., El Rahal, A., Steybe, D., 

Schmelzeisen, R., Vlachos, A., Reinacher, P.C., Coenen, V.A., et al. 

(2022). Stimulated Raman histology in the neurosurgical workflow of a 

major European neurosurgical center — part A. Neurosurg. Rev. 45, 

1731–1739. https://doi.org/10.1007/s10143-021-01712-0.

108. Ma, C., Tan, W., He, R., and Yan, B. (2024). Pretraining a foundation 

model for generalizable fluorescence microscopy-based image restora

tion. Nat. Methods 21, 1558–1567. https://doi.org/10.1038/s41592-024- 

02244-3.

ll

18 Cell 189, 1–18, October 1, 2026 

Please cite this article in press as: Liu et al., Ultrarapid deep 3D histology enables intraoperative mapping of glioma infiltration, Cell (2026), 

https://doi.org/10.1016/j.cell.2026.07.026

Resource 

https://doi.org/10.1021/acs.analchem.1c00522
https://doi.org/10.1021/acs.analchem.1c00522
https://doi.org/10.7150/thno.81784
https://doi.org/10.7150/thno.81784
https://doi.org/10.7150/thno.90336
https://doi.org/10.7150/thno.90336
https://doi.org/10.1038/s41598-019-46489-x
https://doi.org/10.1038/s41598-019-46489-x
https://doi.org/10.1364/BOE.10.005378
https://doi.org/10.1016/j.cmet.2014.01.019
https://doi.org/10.1016/j.cmet.2014.01.019
https://doi.org/10.1021/acs.analchem.1c03861
https://doi.org/10.1021/acs.analchem.1c03861
https://doi.org/10.1038/s41467-025-59163-w
https://doi.org/10.1038/s44222-023-00096-8
https://doi.org/10.1038/s44222-023-00096-8
https://doi.org/10.1038/s41592-020-01033-y
https://doi.org/10.1126/science.aat5691
https://doi.org/10.1126/science.aat5691
https://doi.org/10.1038/s41586-023-06569-5
https://doi.org/10.1038/s41586-023-06569-5
https://doi.org/10.1038/s41587-023-02019-9
https://doi.org/10.1038/s41587-023-02019-9
https://doi.org/10.1007/s10143-021-01712-0
https://doi.org/10.1038/s41592-024-02244-3
https://doi.org/10.1038/s41592-024-02244-3


STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

NeuN MedChemExpress Cat# HY-P80241; RRID: AB_3102373

GFAP MedChemExpress Cat# HY-P80140; RRID: AB_3102091

Iba1 MedChemExpress Cat# HY-P80501; RRID: AB_3102574

Myelin Basic Protein Abcam Cat# Ab7349; RRID: AB_305869

Human IDH1 R132H (H09) Dianova Cat# DIA-H09; RRID: AB_2335716

Ki-67 (RM360) Dianova Cat# 31-1246-00; RRID: AB_2783599

Olig2 (Clone 211F1.1) Sigma-Aldrich Cat# MABN50: RRID: AB_10807410

Goat anti-Rat IgG H&L (Alexa Fluor® 594) Abcam Cat# Ab150160: RRID: AB_2756445

Goat anti-Rabbit IgG H&L (Alexa Fluor® 647) Abcam Cat# Ab150083: RRID: AB_2714032

Biological samples

Gliomas patient brain tissue samples Huashan Hospital N/A

Chemicals, peptides, and recombinant proteins

4% Paraformaldehyde Fix Solution Sangon Biotech Cat# E672002-0500

PBS buffer Sangon Biotech Cat# E607008-0500

Urea Sangon Biotech Cat# A610148-0500

Dimethyl Sulfoxide HySeal Cat# A55833

Dimethyl Sulfoxide-D6 Adamas Cat# 38114L

Methyl-beta-Cyclodextrin Adamas Cat# 19185A

Heptakis(2,6-di-O-Methyl)-beta-Cyclodextrin Adamas Cat# 61213A

beta-Cyclodextrin Adamas Cat# 81437A

alpha-Cyclodextrin Adamas Life Cat# 10047G

(2-Hydroxypropyl)-beta-Cyclodextrin Adamas Cat# 19184A

Hydroxyethyl-beta-Cyclodextrin Adamas Life Cat# 112067A

Triacetyl-beta-Cyclodextrin Adamas Cat# 39917F

3-[(3-Chloamidopropyl)dimethyl-ammonium]- 

1-propanesulfonate

Sangon Biotech Cat# A600110-0005

Triton X-100 Sangon Biotech Cat# A110694-0100

Sodium dodecyl sulfate Sangon Biotech Cat# A600485-0100

Bovine serum albumin Sigma-Aldrich Cat# SRE0096

TRIzol Reagent Invitrogen Cat# 15596026

Normal goat serum Jackson ImmunoResearch Cat# AB2336990

Deposited data

Raw and analyzed data This manuscript Zenodo: https://doi.org/10.5281/zenodo.21132396

Experimental Models: Organisms/Strains

Mouse: C57BL/6J Shanghai Jihui Laboratory 

Animal Care Co.,Ltd

Cat# SHJH-M-01002

Software and algorithms

Custom code This manuscript Github: https://github.com/Zhijie-Liu/ 

Ultrarapid-Deep-3D-Histology

Custom ULTRA 3D Studio This manuscript Github: https://github.com/Zhijie-Liu/ 

Ultrarapid-Deep-3D-Histology/ 

releases/tag/Ultra3D_v1

MATLAB Mathworks http://www.mathworks.com/products/matlab/

Python V3.11.7 http://www.python.org/

(Continued on next page)

ll

Cell 189, 1–18.e1–e8, October 1, 2026 e1 

Please cite this article in press as: Liu et al., Ultrarapid deep 3D histology enables intraoperative mapping of glioma infiltration, Cell (2026), 

https://doi.org/10.1016/j.cell.2026.07.026

Resource 

https://doi.org/10.5281/zenodo.21132396
https://github.com/Zhijie-Liu/Ultrarapid-Deep-3D-Histology
https://github.com/Zhijie-Liu/Ultrarapid-Deep-3D-Histology
https://github.com/Zhijie-Liu/Ultrarapid-Deep-3D-Histology/releases/tag/Ultra3D_v1
https://github.com/Zhijie-Liu/Ultrarapid-Deep-3D-Histology/releases/tag/Ultra3D_v1
https://github.com/Zhijie-Liu/Ultrarapid-Deep-3D-Histology/releases/tag/Ultra3D_v1
http://www.mathworks.com/products/matlab/
http://www.python.org/


EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Animals

All animal procedures were approved by the Institutional Animal Care and Use Committee (IACUC) of the Laboratory Animal Resources 

Center at Fudan University (protocol DSF-2024-004). Wild-type C57BL/6J mice, including both juvenile (3–5 weeks old) and adult 

(3 months old) animals, were used in this study. Both male and female mice were included, and no sex-associated differences were 

observed in the experimental outcomes. Mice were housed under specific pathogen-free (SPF) conditions, with up to six animals per 

cage, in a temperature- and humidity-controlled facility under a regular 12-h light-dark cycle, with ad libitum access to food and water.

Human participants

This study was approved by the Ethics Committee of Huashan Hospital (Approval No. KY2022-762), and written informed consent 

was obtained from all participants prior to sample collection. Human tissue specimens were collected from patients undergoing sur

gical resection of brain tumors. A total of 17 patients (8 males and 9 females; age range, 35–75 years) were included in the study. 

Histopathological diagnoses included astrocytoma (n = 4), oligodendroglioma (n = 5), glioblastoma (n = 5), childhood diffuse hemi

spheric glioma (n = 1), and low-grade glioma (n = 2).

METHOD DETAILS

Tissue preparation and sectioning

For mouse tissue preparation, mice were deeply anesthetized with isoflurane and euthanized via cervical dislocation. Brains were 

carefully removed and, where necessary, fixed in 4% paraformaldehyde (PFA) in PBS at 4◦C for 24 h. For human tissue, fresh samples 

were maintained at 4◦C and transported to the imaging laboratory within 2 h of resection. Both mouse and human tissue samples 

were sectioned into coronal slices ranging from 300 μm to 2 mm (for mice) or 300 μm to 1 mm (for humans) in thickness using a vi

bratome (VT1000S, Leica Biosystems).

Vessel staining

Lycopersicon esculentum (tomato) lectin conjugated with Dylight 649 (100 μL, Vector Laboratories) was administered via tail vein in

jection into wild-type C57BL/6J mice (2 months old). Ten minutes post-injection, the mice were euthanized by cervical dislocation. 

Whole brains were harvested and fixed in 4% paraformaldehyde (PFA) in phosphate-buffered saline (PBS) at 4◦C for 24 hours. 

Following fixation, the brains were coronally sectioned into 1 mm-thick slices using a vibratome (VT1000S, Leica). For 100 μm-thick 

human tissue slices, permeabilization was performed with 400 μL of 0.3% Triton X-100 for 1 hour at room temperature, followed by 
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Napari V0.5.5 https://napari.org/

Numpy V1.26.4 http://www.numpy.org

Pillow V10.40.0 https://pillow.readthedocs.io/en/stable/

OpenCV V4.5.5 http://opencv.org

Pandas V2.2.2 https://pandas.pydata.org

MatPlotLib V3.9.2 https://matplotlib.org

Pytorch V2.7.1 https://pytorch.org/

SciPy V1.13.1 http://www.scipy.org/

Torchvision V0.22.1 https://docs.pytorch.org/vision/stable/

CuPy V13.6.0 https://cupy.dev/

PyQt5 V2.4.1 https://pypi.org/project/PyQt5/

Diffusers V0.34.0 https://huggingface.co/docs/diffusers/index

GraphPad Prism GraphPad V9.2.0 https://www.graphpad.com/

Origin OriginLab V9.7 https://www.originlab.com/

Fiji OpenSource https://imagej.net/software/fiji/

Other

Picosecond OPO laser Applied Physics & Electronics picoEMERALD

Inverted laser-scanning microscope Evident (Olympus) FV3000

Objective Evident (Olympus) XLPLN25XWMP2

Confocal Raman microscope Renishaw inVia
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three 5-minute washes with 500 μL of PBS. Blocking was carried out with 400 μL of 5% bovine serum albumin (BSA) for 2 hours, 

followed by three additional 5-minute PBS washes (500 μL each) and a final rinse with 200 μL of 2% goat serum. Samples were 

then incubated with a staining solution containing 10 μg/mL DyLight 649-conjugated lectin in 200 μL of 2% goat serum at 4◦C for 

24 hours in the dark. Post-staining, slices were washed three times with 500 μL of PBS for 5 minutes each.

Tissue clearing

For tissue clearing, FOCMS reagent was prepared by dissolving 30% (wt/vol) urea in deuterated dimethyl sulfoxide (d6-DMSO). 

Mouse brain slices (1 mm thick) were immersed in this reagent at room temperature and subsequently mounted in the same medium 

for stimulated Raman scattering (SRS) microscopy.

For brain specimens from both mice and humans with thickness ranging from 300 to 700 μm, an ULTRA-clearing solution was pre

pared by dissolving 50% (wt/vol) urea in d6-DMSO. Samples were immersed in the clearing solution and incubated in a 60◦C metal 

bath for 2–5 minutes—specifically, 2 minutes for 300 μm, 3 minutes for 500 μm, and 5 minutes for 700 μm sections—followed by 

mounting in the same solution for SRS imaging.

For thicker brain tissues (1–2 mm), also from mice and humans, an enhanced ULTRA-clearing reagent was prepared by dissolving 

50% (wt/vol) urea and 1% β-CD1(hydroxyethyl-β-cyclodextrin) in d6-DMSO. Samples were incubated at 60◦C for 5–40 minutes, with 

5–10 minutes for 1 mm and up to 40 minutes for 2-mm sections. After incubation, tissues were mounted in the same clearing solution 

for SRS microscopy.

Sample preparation and RNA quality assessment

To evaluate RNA integrity following tissue clearing, freshly dissected whole mouse brains were hemisected along the midline. Human 

brain tissue blocks were thawed after storage at -80◦C for 24 h and divided into two approximately equal pieces. For each specimen 

(mouse or human), one part was treated with PBS as a control, while the paired part was subjected to the ULTRA-clearing protocol. 

Total RNA was extracted using TRIzol Reagent (Invitrogen) according to the manufacturer’s instructions. RNA concentration and pu

rity were measured using a NanoDrop 2000 spectrophotometer (Thermo Fisher Scientific). RNA integrity was assessed using an Agi

lent 5300 Bioanalyzer (Agilent Technologies). Samples with an RNA quality number (RQN) ≥ 6.5, an OD260/280 ratio of 1.8–2.2, an 

RNA concentration ≥ 30 ng/μL, and a total RNA yield ≥ 1 μg were used for library preparation.

mRNA sequencing library preparation and sequencing

Poly(A)+ mRNA was enriched from total RNA, fragmented, and reverse transcribed to generate strand-specific cDNA libraries 

following standard procedures. Libraries were quality assessed using a Qubit 4.0 fluorometer (Thermo Fisher Scientific) and 

sequenced on the DNBSEQ platform (MGI Tech). Library preparation and sequencing were performed by Majorbio Biotech 

(Shanghai, China).

Histological processing and immunohistochemistry

To evaluate the compatibility of the ULTRA-clearing protocol with standard pathological diagnosis, human brain tumor tissue blocks 

were divided into two approximately equal pieces. One piece was treated with PBS (control), while the corresponding piece was sub

jected to the ULTRA-clearing protocol as described above. Following treatment, both the control and ULTRA-cleared tissue samples 

were fixed in 10% neutral buffered formalin and embedded in paraffin (FFPE) according to standard histological procedures. 

Sectioning (4 μm thick) and immunohistochemical staining were performed by the Department of Neuropathology at Capital Medical 

University using automated stainers. Sections were stained for the following clinical markers: IDH1 R132H, OLIG2, and Ki-67.

Spontaneous Raman spectroscopy

Spontaneous Raman spectra were acquired using an upright confocal Raman microscope (inVia, Renishaw). Samples were excited 

with a 532 nm laser (50 mW) through a 50× air objective (NA 0.5, N Plan, Leica). Raman spectra were collected with an acquisition 

time of 1 s per acquisition and averaged over 20 accumulations. For tissue samples, spectra were acquired from at least five 

randomly selected regions and averaged to obtain a representative spectrum.

Stimulated Raman scattering (SRS) microscopy

For the SRS imaging, we utilized an inverted laser-scanning microscope (FV3000, Olympus) designed for enhanced near-infrared 

(near-IR) transmission. The system was equipped with a 25× water-immersion objective (XLPlan N, 1.05 N.A., MP, Olympus) opti

mized for near-IR light. A picoEMERALD system (Applied Physics & Electronics) provided the necessary synchronized pump and 

Stokes beams. The pump beam had a tunable wavelength range of 700–990 nm, with a pulse width of 4.3 ps and a repetition 

rate of 80 MHz. The fixed-wavelength Stokes beam (1032.3 nm, 6.4 ps pulse width, 80 MHz repetition rate) was modulated at 20 

MHz by an electronic optical modulator, with a modulation depth of >95%. After passing through the sample, the forward-propa

gating pump and Stokes beams were collected using a high N.A. oil condenser (N.A. = 1.4). To ensure accurate signal detection, 

two high O.D. bandpass filters (Semrock FF01-945/SP-25) blocked the Stokes beam and allowed only the pump beam to pass 

through. This transmitted pump beam was then directed onto a large-area Si photodiode (S3590, Hamamatsu), reversed biased 

by a 68-V DC supplier (Guwei Electron, G3606D) for detection of the stimulated Raman loss signal. The photodiode’s output current 
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was processed and demodulated by a lock-in amplifier (HF2LI, Zurich Instrument) at 20 MHz for shot-noise-limited sensitivity. Finally, 

the demodulated signal was fed into the FV3000 software (FV31S-SW, Olympus), where it was used to generate images during the 

laser scan.

For lipid and protein signal acquisition, the laser power was set as Ppump = 20 mW, PStokes = 160-200 mW. The time constants of the 

lock-in amplifier were chosen as 1 μs. Pixel dwell time was 2 μs with pixel sizes of about 0.25–1 μm. For volumetric imaging, the step 

size in z was 1 μm or 5 μm.

For correlative imaging of fluorescence and SRS, fluorescence channel was acquired on the microscope employing a 640-nm 

continuous-wave (CW) laser for excitation. Following fluorescence imaging, the system was switched to SRS mode to acquire 

label-free SRS signals.

Quantification of SRS imaging depth

Imaging depth was evaluated using z-series images acquired at the 2850 cm-1 Raman peak. Signal-to-noise ratios (SNRs) were 

quantified across different z-planes using Fiji. For each depth, the average pixel intensity of the image was taken as the signal. Noise 

estimation was based on a corresponding IR-off image, where the mean intensity defined the baseline offset and the standard de

viation represented the noise level. SNR was calculated using the formula:

SNR =
Signal − Offest

Noise
:

In SRS microscopy, photon noise is dominated by the shot noise of the pump beam and is therefore largely independent of the SRS 

signal intensity under constant excitation conditions. Total noise comprises both photon noise and electronic noise. The maximum 

valid imaging depth was defined as the deepest z-plane at which the SNR remained ≥2, corresponding to the point where the total 

noise reached half of the in-focus SRS signal.

Construction of the ULTRA-staining pipeline

Overview: The ULTRA-staining pipeline comprises three sequential deep learning models to transform raw SRS data into high- 

fidelity, FFPE-grade 3D virtual histology. In Step 1, a depth-aware denoising module based on a generative diffusion model 

PBDM restores raw lipid images by learning a depth-dependent noise distribution. The forward process is implemented with 

a U-Net that predicts additive Poisson noise conditioned on imaging depth, while a Denoising Diffusion Probabilistic Model 

(DDPM) reverses the degradation. This self-supervised framework eliminates the need for external noise modeling and improves 

signal-to-noise ratio (SNR) across the 3D stack. In Step 2, a deep conditional GAN (cGAN) predicts the protein channel from the 

restored lipid channel. Trained on 6000 paired lipid–protein image fields, the generator captures nonlinear mapping between 

modalities, while a fully convolutional discriminator enforces structural realism. In Step 3, a modified Stimulated Raman 

CycleGAN (SRC-GAN) performs virtual H&E staining by learning bidirectional translation between two-color SRH images and 

true H&E-stained tissue. A semi-supervised training strategy combining paired and unpaired data enables robust domain gener

alization. Together, the ULTRA-staining pipeline enables generating H&E-like deep 3D images directly from single-channel lipid 

volumetric data.

Step 1. Diffusion model for depth-dependent noise restoration.

Preliminary

Diffusion models consist of two phases: a forward process that progressively adds noise to input images from the dataset, and a 

reverse process that methodically removes the additive noise. By alternating between two steps, diffusion models learn the under

lying data distributions and can subsequently generate new samples. In this work, we adopt the generative framework to model a 

depth-dependent distribution of additive noise that increases with imaging z-position. Once this depth-dependent noise is learned, 

the model can be used to restore and enhance image quality at arbitrary depths within a 3D image stack.

Additive noise model

Formally, the observed signal at imaging depth z, denoted as ~xz, is modeled as:

~x
z

= x̂z + ε(z)

where x̂z is the underlying noise-free signal, and ε(z) is the additive noise depending on depth. The noise term is defined as:

ε(z) =
b

a(z)
∗ δ:

Here, a(z) is a depth-dependent attenuation function that monotonically decreases with increasing depth z, b is a constant scalar, 

and δ represents fixed system noise. As depth increases, signal attenuation leads to lower signal-to-noise ratios due to increased 

additive noise.
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To restore the original signal, we aim to estimate the noise term using a learnable function εθ(z)≈ ε(z). The denoised signal can be 

recovered via a simple linear subtraction:

x̂z ≈ �xz = ~x
z
− εθ(z)

where �xz denotes an intermediate result.

Diffusion model

In a diffusion model, the forward process adds noise to a clean image x0 through a sequence of steps indexed by t. This process is 

formally defined as:

xt =
̅̅̅̅
αt

√
x0 +

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1 − αt

√
ε 

where αt denotes the cumulative product of a variance schedule {α1, α2, ⋯, αt}. This formulation is mathematically equivalent to our 

additive noise model, provided that ε is replaced with a learnable noise function εθ
(
xz

t

)
, where z denotes the depth of the input image. 

Rewriting the forward process under this assumption gives:

xz
t ∼ xz

0 +

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1 − αt

√

̅̅̅̅
αt

√ εθ
(
xz

t

)

This implies that a depth-aware forward process can be learned by modeling the distribution of additive noise εθ
(
xz

t

)
conditioned on 

the given xz
t .

Subsequently, the reverse process of the diffusion model can be used to progressively denoise the image. It is defined as:

xz
t − 1 =

1
̅̅̅̅αt

√

(

xz
t −

1 − αt
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1 − αt

√ εθ
(
xz

t

)
)

+ σt − 1ω:

Where xz
t − 1 is the denoised estimate at the previous step, ω is random noise sampled from a Poisson distribution, and σt − 1 is the 

noise level at step t-1.

Implementation details

Diffusion architecture. We employ a diffusion model to reconstruct raw SRS images acquired from tissue-clearing-enhanced sam

ples into 3D stacks with standardized signal-to-noise ratio (SNR). As a generative model, the diffusion process learns to generate 

clean images from noise through a Markov chain, where a predefined noise schedule (i.e., a fixed sequence of diffusion coefficients) 

governs the gradual corruption and recovery of the signal between the original image xz
0 and pure noise εθ(z).

In our implementation, the forward process is modeled using a U-Net architecture, a fully convolutional neural network, which pre

dicts the depth-dependent noise εθ
(
xz

t

)
conditioned on the noisy image xz

t at a given depth z. This enables accurate modeling of noise 

that varies systematically with imaging depth.

The reverse process is implemented using a simplified Denoising Diffusion Probabilistic Model (DDPM) sampler, which progres

sively removes the predicted depth-dependent noise from the input. This iterative denoising yields a restored image at each z-po

sition with improved SNR, effectively recovering high-quality 3D histological information.

Training and Novelty. We first trained a neural network to simulate the forward diffusion process by introducing noise into a clean 

dataset, followed by training the reverse process to systematically match the introduced noise. In the forward process, high-quality 

SRS images, approximated as noise-free signals, were used as input. The model was trained to predict depth-dependent noise that 

matches randomly generated ground truth (GT) noise. As both the forward and reverse steps are learned from the data itself, we refer 

to our approach as a self-learning generative method.

Unlike conventional diffusion models that use Gaussian noise, we adopted random Poisson noise during training. This choice is 

motivated by the fact that Poisson noise more accurately reflects the inherent noise characteristics of SRS imaging systems, which 

are dominated by photon-counting statistics. Empirically, we observed that using Poisson-distributed noise improved the fidelity of 

signal degradation and recovery in the training pipeline.

To justify the substitution of Gaussian noise with Poisson noise, we note that a key requirement for acceleration of diffusion-based 

models is that the additive property of the noise distribution must be preserved. Specifically, if two independent random variables 

drawn from the same distribution are added together, the result should also obey that distribution. This property holds for both 

Gaussian and Poisson distributions:

• Gaussian distribution:

If X1 ∼ N
(
μ1; σ1

2
)

and X2 ∼ N
(
μ2;σ2

2
)
, then

X1 + X2 ∼ N
(
μ1 + μ2; σ1

2 + σ2
2
)

• Poisson distribution:

If X1 ∼ Poisson(λ1) and X2 ∼ Poisson(λ2), then

X1 + X2 ∼ Poisson(λ1 + λ2)
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This additive property ensures that Poisson noise is compatible with the probabilistic framework of diffusion models, making it a 

suitable alternative to Gaussian noise for modeling SRS signal degradation.

Inference.

During inference, a DDPM sampler inputs a noisy image xz and a sampled diffusion timestep t. The U-Net model then predicts the 

corresponding depth-dependent noise εθ
(
xz

t

)
. Finally, the signal is progressively restored using the predefined reverse diffusion pro

cess, yielding and enhanced image �xz with improved signal quality.

To accelerate this process, a Denoising Diffusion Implicit Model (DDIM) is employed, which achieves faster inference with minimal 

performance trade-offs by effectively skipping steps in the reverse diffusion trajectory. Specifically, DDIM enables inference in fewer 

iterations by computing multiple steps in one. The update rule for a single DDIM step is defined as:

xz
t − n =

̅̅̅̅̅̅̅̅̅̅
αt − n

αt

√ (
xz

t −
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1 − αt

√
εθ
(
xz

t

))
+

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1 − αt − n − σt − n

2
√

εθ
(
xz

t

)
+ σt − nω 

where xz
t − n is the denoised estimate obtained after skipping n steps in the reverse diffusion trajectory, ω is random noise sampled 

from a Poisson distribution, and σt − n is the noise level at step t-n. By replacing DDPM with DDIM, the inference speed is improved 

approximately by a factor of n.

Step 2. Deep Conditional-GAN for protein channel prediction.

A deep Conditional Generative Adversarial Network (Conditional-GAN) was employed to predict the protein channel from the lipid 

channel. This model was trained on a large dataset of paired lipid-protein images (6000 field-of-views) to learn the transformation 

between the two modalities.

Conditional-GAN consists of two components:

1. Generator-Converts the lipid channel into the corresponding protein channel.

2. Discriminator-Evaluates whether the generated protein channel is realistic or artificially synthesized by the generator.

Generator Architecture

• Uses 3×3 convolutional kernels.

• Accepts a 512×512 input and produces a 512×512 output.

• Comprises three down-sampling layers, three up-sampling layers, and a middle residual structure.

• The residual structure enhances the model’s nonlinear mapping capability, improving transformation accuracy.

Discriminator Architecture

• Uses 1×1 convolutional kernels.

• Composed of a fully convolutional network with only down-sampling layers.

• The output size remains 512×512 due to the use of 1×1 kernels.

• The output serves as a judgment mask, which is used to compute the model’s loss function during training.

Step 3. 3D H&E virtual staining.

A modified Stimulated Raman CycleGAN (SRC-GAN) architecture is adopted for H&E-style virtual staining, as described in our pre

vious work.79 The model comprises two generators and two discriminators that learn the bidirectional mapping between two-color 

SRH images and corresponding H&E-stained images. The generators are responsible for translating images between the two do

mains—one converting SRH to virtual H&E and the other converting H&E back to SRH. The discriminators evaluate the authenticity 

of the generated images in each domain, guiding the generators to produce more realistic and structurally consistent outputs. During 

training, a semi-supervised learning strategy is employed, consisting of both supervised and unsupervised steps, as described in our 

previous work.79 The training data for virtual staining include two distinct domains: SRH images and corresponding H&E-stained im

ages. In the supervised step, paired data are used to directly guide the translation between domains. In the unsupervised step, un

paired data help the model learn domain characteristics and improve generalization. Once training is complete, the two generators 

enable bidirectional translation between the SRH and H&E domains, with one generator capable of converting SRH images into vir

tual H&E-stained images.

Nuclear segmentation of 3D virtual staining dataset

The virtual H&E-stained image stack was imported into Fiji for nuclear segmentation. The Trainable Weka Segmentation plug-in 

was employed to perform pixel classification. Regions of interest (ROIs) were manually annotated into two categories: nuclei 

and background. The segmentation model was then trained iteratively, with ROIs adjusted based on segmentation feedback to 

ensure accurate and complete delineation of cell nuclei. Upon completion, the resulting binary mask stack was saved for down

stream analysis.
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Nuclear volume statistics of glioma

In each processing iteration, a batch of 100 three-dimensional (3D) binary images, obtained from nuclear segmentation, with a lateral 

field size of 424.26 × 424.26 μm and a z-step of 1 μm, is loaded using the tiff file library and then converted into CuPy arrays to 

leverage GPU acceleration. Connected component analysis is performed with cupyx.scipy.ndimage.label to assign unique labels 

to individual nuclei. To mitigate noise, nuclei with volumes smaller than 60 voxels (∼50 μm3) were excluded from the nuclear analysis. 

This minimum volume threshold serves to suppress small artifacts and non-nuclear signals and is a tunable parameter that can be 

adjusted depending on the specific applications. The pixel coordinates are transformed into physical units (μm) based on the spec

ified resolution. A triangular mesh representation of each nucleus is generated via the marching_cubes algorithm, and volumetric 

measurements are computed with the trimesh library. Computational efficiency is enhanced using ThreadPoolExecutor for parallel 

processing. Finally, the volume distribution of the nuclei is analyzed and reported, and the labeled nuclei are visualized using the na

pari platform (version 0.5.5).

Image visualization

For 3D image reconstruction, attenuation correction was applied using the Attenuation Correction plugin in Fiji, with the morpholog

ical opening radius set to 0.5 for 512 × 512-pixel frames and 1 for 1024 × 1024-pixel frames. After correction, volumetric visualization 

was performed using napari (version 0.5.5). For visualization of the restored lipid and predicted protein channels, a two-color coding 

scheme was applied to generate stimulated Raman histology (SRH) images. The process included three steps: (1) the predicted pro

tein channel was inferred from the restored lipid channel using a trained deep conditional GAN model; (2) the two channels were 

merged to form an overlaid SRS image, referred to as SRH. By repeating this process across all image slices, a stacked 3D SRH 

volume was constructed. (3) the stacked 3D SRH volume was translated into virtual H&E-stained images using a trained 

CycleGAN model;

3D tumor segmentation and margin identification

The RGB image of the original virtual H&E-stained sample and the binary mask from nuclear segmentation were imported into the 

analysis pipeline for further processing. A 384×384-pixel sliding window (with an 8-pixel step size, pixel size = 0.414 μm) was 

used to systematically scan the mask image. Within each window, connected components were identified, and the number of valid 

cells (with an area > 50 μm2) was counted. Based on the resulting cell count matrix, regions containing more than 35 cells per window 

were labeled as 1 in the binary mask, while all other areas were set to 0. To refine the segmentation, the tumor boundary mask was 

smoothed using a median filter with a kernel size of 255. For enhanced visualization, regions in the tumor boundary mask with a value 

of 1 were assigned a pink color (RGB: 242, 84, 116), while regions with a value of 0 were assigned green (RGB: 0, 255, 0), generating 

an RGB mask. A Gaussian blur with a kernel size of 255 was then applied to soften the mask boundaries. Finally, the blurred mask was 

overlaid onto the original image with a weight ratio of 0.9:0.2, producing a high-contrast superimposed tumor boundary segmentation 

image. This 2D analysis-based mask was utilized as annotated labels for the training process below.

Next, a 3D Convolutional Neural Network (CNN) was employed to segment the tumor area of volumetric histology, this model was 

trained on paired histology blocks and annotated labels (20064 blocks) to learn the spatial feature of tumor.

The 3D CNN consists of three components:

1. Six Convolutional layers.

2. An Adaptive Pooling layer.

3. A Fully Connected layer.

Convolutional layer

• Uses 3×3 convolutional kernels.

• Accepts a 10×120×120×3 input and produces a 256×1×15×15 output.

• Comprises six down-sampling layers, six batch normalization layers, three activation layers and three max pooling layers.

Adaptive Pooling layer

• Controls the dimensions of output

• Accepts a 256×1×15×15 input and produces a 256×1×1×1 output.

Fully Connected layer

• Gives the result of classification.

• Accepts a 256 input and produces a 2 output.

The model outputs a two-dimensional vector, where the classification is determined by comparing the two elements: if the first 

element is greater than the second, the corresponding block is labeled as 0; otherwise, it is labeled as 1. To visualize the 3D segmen

tation, a sliding cube algorithm was implemented. A 10 × 120 × 120 voxel block was moved across the volume with a stride of 24 
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pixels in the lateral (x–y) directions and 2 pixels in the axial (z) direction. This resulted in each smaller sub-volume of size 2 × 24 × 24 

(defined by the stride) being sampled in 125 overlapping blocks. The ULTRAscore for each sub-volume was computed as the average 

across these overlapping predictions. Finally, colormaps were applied to the ULTRAscore values to generate a spatially resolved 3D 

visualization of the score distribution. For visualization and segmentation (e.g., dense tumor, sparse infiltration, normal brain), thresh

olds are applied empirically based on the distribution of scores and corresponding histologic features.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical analysis and data quantification were performed using MATLAB (version 2024b), GraphPad Prism (version 9.2.0.322), 

Origin 2020 (version 9.7), and Python (version 3.11). Statistical details of experiments can be found in the figure legends, figures, 

and Results, including the statistical tests used, exact value of n. Data are generally presented as mean ± standard deviation (SD) 

or mean ± standard error of the mean (SEM), as indicated in the figure legends. Comparisons between two groups were analyzed 

using Student’s t-test, while multiple group comparisons were performed using one-way analysis of variance (ANOVA) followed 

by Tukey’s post hoc test. Statistical significance was defined as *p < 0.05, **p < 0.01, ***p < 0.001, and ****p < 0.0001; ns indicates 

not significant (p > 0.05). For imaging-based quantification, a minimum of 10 randomly selected fields of view were analyzed across at 

least three independent biological replicates.
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