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18

Abstract: Deep, quantitative proteome coverage at single-cell resolution across entire tissue19
sections remains a major challenge for mass spectrometry-based spatial proteomics. Here, we20
introduce an AI-empowered filter-aided expansion proteomics (FAXP) framework that combines21
FAXP with convolutional neural network (CNN)-based spatial inference to achieve whole-slide,22
single-cell-resolved proteomics. By combining tissue expansion with orthogonal laser capture23
microdissection to obtain whole-slide linear strip-resolved proteome measurements, we develop24
HetuNet, a CNN-based model that integrates these sparse orthogonal data with high-dimensional25
imaging-derived contexts to reconstruct comprehensive two-dimensional spatial protein26
expression landscapes. In mouse liver, this approach captures zone-specific protein patterns and27
continuous pathway-level gradients, validated by spatial transcriptomics. In colorectal cancer28
tissues, it resolves proteome-defined epithelial states, revealing functional divergence via29
differential epithelial-mesenchymal transition and necroptosis activation. Together, this30
framework enables deep, scalable spatial proteomic mapping across whole tissues at single-cell31
resolution, unlocking previously inaccessible insights into tissue organization and function.32
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Main34

Tissue sections are central to pathological diagnosis and offer unique basis for studying disease35
mechanisms and therapeutic response (1). Accurate interpretation of tissue organization requires36
preservation of the spatial relationships among cells and their surrounding microenvironment (2,37
3). Spatial characterization of tissues has evolved from Hematoxylin and Eosin (H&E) staining38
to immunohistochemistry, and more recently to multiplexed immunofluorescence (IF) imaging39
platforms such as co-detection by indexing (CODEX) (4) and cyclic IF (5). These whole-slide40
approaches capture the entire slide’s morphological features and selected protein expression.41
However, their protein detection capacity is inherently limited, as they rely on antibody42
availability and are restricted to predefined panels comprising at most dozens of known protein43
markers (6, 7). Recently, spatial transcriptomics has enabled spatial profiling of mRNA44
expression across whole tissue sections (8, 9); however, mRNA abundance provides only an45
indirect proxy of cellular state (10). Transcriptomic measurements are affected by limited46
capture efficiency and data sparsity, and transcript levels often show weak correspondence with47
protein abundance (11, 12). In addition, spatial transcriptomics is limited in its ability to48
comprehensively capture extracellular components, such as matrix-associated and secreted49
proteins. These challenges are particularly pronounced in archived clinical specimens such as50
formalin-fixed paraffin-embedded (FFPE) tissues, where RNA-based assays are compromised51
due to unpredictable RNA fragmentation during paraffin embedding and further degradation52
associated with long-term or suboptimal storage (13). Together, these limitations motivate the53
development of approaches that directly and comprehensively measure the spatial proteome54
within whole-slide tissues.55

Mass spectrometry (MS)-based spatial proteomics is rapidly progressing toward spatially56
resolved protein profiling within tissue contexts (14). Deep Visual Proteomics (DVP) is a57
representative single-cell, spatially resolved LC-MS workflow that integrates artificial58
intelligence (AI)-guided image analysis for region-of-interest (ROI) selection with laser capture59
microdissection (LCM) and high-resolution MS analysis (15–17). LCM enables spatially60
targeted proteomics, yet the requirement for physically isolatable regions limits access to small61
cells and subcellular features (18). Modest throughput and incomplete material recovery further62
constrain its scalability for whole-slide profiling (19). Inspired by expansion microscopy (20, 21),63
tissue expansion has recently been integrated with mass spectrometry imaging (MSI) via64
hydrogel embedding to reduce molecular crowding and limit peptide diffusion, enabling65
improved dynamic range across whole-slide tissue sections (22). However, most MSI workflows66
primarily rely on MS1-level information and do not routinely incorporate MS/MS-based peptide67
sequencing, resulting in limited proteome granunarity and coverage (typically on the order of68
~1,000 proteins) and thereby constraining biological interpretability (22, 23). Other whole-slide69
proteomic approaches, including AI-driven frameworks such as PLATO and S4P, are70
constrained by limited effective spatial resolution and thus primarily capture multicellular signals71
rather than bona fide single-cell states (24, 25). Microfluidics-based strategies such as PLATO72
typically sample strips with ~50% spatial coverage, inherently leaving at least 50% of the tissue73
unmeasured.74

Here, we introduce a unified framework for reconstructing whole-slide, spatially resolved75
proteomic landscapes at single-cell resolution. This strategy generates strip-resolved MS76
measurements at single-cell scale, yielding a total of 3,883 protein groups in mouse liver and77
6,501 protein groups in human colorectal cancer (CRC). Next, we develop HetuNet, a78
convolutional neural network (CNN)-based AI model that integrates these proteomic79
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measurements with high-dimensional spatial molecular context derived from multiplexed IF80
imaging. Validation in mouse liver show that our method accurately reconstructs continuous81
metabolic zonation and proteomic gradients across tissue sections. In silico benchmarking with82
Xenium spatial transcriptomics data confirm the quantitative accuracy and structural robustness83
of the reconstructed spatial proteomes. Application to human CRC tissues uncovers proteome-84
defined cellular states beyond targeted imaging and delineated spatial functional divergence85
among epithelial populations near necrotic regions.86

87

Results88

Methodology establishment for whole-slide single-cell spatial proteomics89

To establish a robust pipeline for whole-slide, single-cell spatial proteomics with high resolution90
and quantitative accuracy, we developed an integrated framework combining physical tissue91
expansion, multiplexed imaging, orthogonal LCM-based spatial proteomics, high-resolution MS,92
and deep learning-based inference (Fig. 1a). In this framework, two consecutive FFPE tissue93
sections (4~10 µm thick) were subjected to isotropic tissue expansion to enhance effective94
spatial resolution. One expanded section was used for high-resolution IF imaging, while both95
sections were subsequently stained with Coomassie Brilliant Blue (CBB) and processed by96
orthogonal LCM, yielding row- and column-oriented strip samples with single-cell-scale widths.97
All dissected samples were then processed using the filter-aided sample preparation (26, 27) and98
analyzed by LC-MS/MS, enabling the identification and quantification of up to 5,448 proteins99
per sample.100

On the basis of these measurements, spatial reconstruction was performed using the HetuNet101
framework, which infers high-resolution protein expression maps from sparse proteomic data102
and morphological features (Fig. 1b). HetuNet employs a shared CNN to extract multiscale103
spatial features from multi-channel IF images and tissue masks within local regions. These104
features are processed through an adaptive gating mechanism to generate location-specific105
representations, which are then decoded by protein-specific prediction heads to infer expression106
levels (Fig. S1). This architecture allows the spatial transfer of proteomic information from strip-107
level MS data to patch-level imaging data across the whole tissue section.108

Next, we validated the physical integrity of the tissue following the expansion process. Bright-109
field imaging of expanded mouse liver sections showed that the global tissue morphology was110
well preserved (Fig. 1c; Fig. S2a). We assessed root-mean-square (RMS) measurement errors in111
feature lengths after non-rigid registration of pre- and post-expansion mouse liver tissue using112
10-µm-thick FFPE slides. RMS errors were ~2% of the measurement distance and remained113
consistent across length scales up to 1,500 µm, indicating negligible spatial distortion introduced114
by expansion (Fig. 1d). To evaluate the depth of spatial proteomic profiling, we quantified the115
number of proteins identified across all spatial strips. Up to 3,600 proteins were identified in116
individual strips in both sampling directions, with lower coverage mainly observed at tissue117
edges (Fig. 1e). Each profiled spatial strip corresponded to a 12-µm width. Zoom-in views of118
DAPI staining revealed clearly resolved nuclear features, consistent with spatial resolution at the119
single-cell scale.120

To ensure quantitative accuracy, we implemented quality control and normalization strategies.121
MS performance remained stable throughout data acquisition, as indicated by a consistent122
number of protein identifications across runs (Fig. S2b). Quantitative reproducibility was further123
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supported by low coefficients of variation (CVs), with mean CVs below 0.2 at both precursor124
and protein levels, and by strong concordance among quality control samples, which showed125
Pearson correlation coefficients exceeding 0.99 (Fig. S2c, d). Given the variable tissue content in126
LCM strips, raw protein intensities were normalized by the proportion of IF image pixels within127
each sample area. This normalization reduced sampling-related variability, as reflected by128
stabilized expression levels of representative housekeeping proteins, including HSP90AB1 and129
RPL8, across individual row-wise samples (Fig. 1f), with consistent trends observed for130
additional housekeeping proteins (Fig. S2e). Together, these results support the consistency of131
the data generation and processing pipeline.132

133

Reconstruction of continuous metabolic zonation gradients in the mouse liver134

To validate the spatial fidelity, we utilized mouse liver tissue characterized by distinct metabolic135
zonation. IF staining for the central vein (CV) marker glutamine synthetase (GLUL) and the136
portal vein (PV) marker E-cadherin (E-CAD) was used to define ground-truth morphological137
landmarks. These reference images were visualized at their native high resolution (0.27 µm per138
pixel) and after downsampling to 12 µm per pixel to match the resolution of model outputs (Fig.139
2a, Ground truth). We then evaluated HetuNet reconstructions for 20 zonated proteins (ten CV-140
enriched and ten PV-enriched) selected based on prior single-cell deep visual proteomics studies141
(17). The reconstructed spatial distribution of the CV-enriched protein CYP2C29 showed strong142
concordant with GLUL-positive CV regions, whereas the PV-enriched protein CYP2F2 aligned143
closely with E-CAD-positive PV regions (Fig. 2a, HetuNet). The remaining zonated proteins144
also displayed consistent spatial patterns (Fig. S3, S4).145

We next quantified these spatial patterns by manually annotating representative regions within146
the tissue section as CV-like (Zone 3; pink) or PV-like (Zone 1; yellow) based on multiplexed IF147
signals of GLUL, asialoglycoprotein receptor 1 (ASGR1) and E-CAD (Fig. 2b; Fig. S5a, b).148
Using these annotations as spatial references, gene set enrichment analysis (GSEA) (28) of the149
predicted proteomes revealed clear zone-specific metabolic programs (Fig. 2c). Proteins150
associated with triglyceride metabolism, linoleic acid metabolism, steroid hormone biosynthesis,151
and retinol metabolism were enriched toward the CV region (Zone 3), whereas oxidative152
phosphorylation and urea cycle were preferentially enriched toward the PV region (Zone 1).153
These spatially resolved enrichment patterns were consistent with previously reported functional154
zonation of the liver (17, 29, 30).155

We then compared the predictions of Flow2Spatial (24) with those generated by HetuNet to156
assess its compatibility with the orthogonal strip-based input format used in this study. While157
HetuNet produced coherent spatial distributions for representative CV- and PV-enriched proteins158
such as GULO and SDS, Flow2Spatial yielded discontinuous and spatially inconsistent patterns159
when applied to the same protein expression input data (Fig. 2d). These observations indicate a160
structural mismatch between the Flow2Spatial framework and the orthogonal strip-based IF161
input data format.162

163

Quantitative assessment of HetuNet reconstruction fidelity via in silico spatial164
transcriptomics165

To assess the spatial reconstruction fidelity of HetuNet, we performed an in silico simulation166
using a high-resolution spatial transcriptomics dataset derived from human renal cell carcinoma167
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(31). We mathematically partitioned the tissue into orthogonal pseudostrips to mimic the168
approach’s sampling strategy, and reconstructed spatial gene expression patterns from these169
aggregated inputs (Fig. 3a). Reconstruction fidelity was quantitatively evaluated using the170
structural similarity index measure (SSIM). SSIM values consistently exceeded 0.5 across all171
gene groups, indicating preservation of tissue-scale spatial organization (Fig. 3b). Notably,172
SSIM values increased significantly when computed using the top 100 or top 50 highly variable173
genes (HVGs) compared with using all remaining genes after quality filtering. While both the174
top 100 and top 50 HVGs achieved similarly elevated SSIM values, no systematic improvement175
was observed when the gene set was reduced from 100 to 50. Considering the balance between176
spatial fidelity and gene coverage, the top 100 HVGs were therefore selected for subsequent177
analyses.178

Next, quantitative concordance between HetuNet-predicted and ground-truth expression profiles179
was assessed. Pearson correlation analysis of row- and column-aggregated expression for the top180
100 HVGs showed uniformly high agreement, with mean correlation coefficients exceeding 0.98181
(Fig. 3c), suggesting accurate recovery of large-scale spatial expression trends from aggregated182
inputs. We further examined model robustness by systematically increasing the number of183
reference markers used during training (Fig. S6a). SSIM values for the top 100 HVGs increased184
monotonically with the number of reference features, remaining above 0.6 across all conditions185
and reaching a maximum mean SSIM of 0.664 when 25 reference markers were used (Fig. 3d).186
A similar scaling behavior was observed in Pearson correlation analyses, where spatial Pearson187
correlation coefficients increased with marker number and reached their highest mean values188
under the 25-marker condition (mean PCC = 0.317; Fig. S6b, c).189

At the level of whole spatial maps, increasing the number of reference markers was associated190
with improved reconstruction performance for representative genes. When trained with four191
reference markers, HetuNet achieved spatial Pearson correlation coefficients of 0.364 (KRT8),192
0.460 (CXCR4), 0.441 (VIM), and 0.493 (MS4A1) relative to the ground truth (Fig. 3e).193
Expanding the reference set to 25 markers increased these correlations to 0.588, 0.601, 0.664,194
and 0.829, representing relative increases of ~62% (KRT8), ~31% (CXCR4), ~51% (VIM), and195
~68% (MS4A1), respectively. Structural similarity analysis showed a parallel improvement, with196
SSIM values increasing from 0.54 to 0.72 (KRT8), 0.35 to 0.45 (CXCR4), 0.48 to 0.65 (VIM),197
and 0.76 to 0.88 (MS4A1) when increasing from four to 25 reference markers (Fig. S6d).198

Together, these results indicate that HetuNet achieves improved spatial reconstruction fidelity199
with increasing numbers of reference markers when reconstructing spatial expression patterns200
from orthogonally aggregated inputs, as demonstrated using a heterogeneous cancer tissue. This201
relationship motivated subsequent analyses using high multiplexed reference marker sets.202

203

Single-cell whole slide spatial proteomics reveals cellular architecture of human CRC tissue204

We next applied this workflow to human CRC FFPE tissues for spatial proteomic profiling.205
Adjacent tissue sections were used for CODEX-based multiplexed IF imaging and orthogonal206
LCM-based proteomics (Fig. 4a). Bright-field images of CRC sections before and after207
expansion showed preserved global tissue morphology, with RMS measurement errors of ~2%208
(Fig. S7a-c). MS analyses along the horizontal (n = 134) and vertical (m = 123) sampling axes209
yielded comparable proteome coverage, with over 4,000 proteins identified in the majority of210
samples in both directions, while reduced coverage was observed at tissue edges (Fig. 4b, c).211
Totally 6,501 proteins were identified. Quality control analyses showed stable, normalized212
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abundances of the housekeeping proteins (RPL13, RPS18, RPL8, and EEF1D) across column-213
wise samples (Fig. S7d). The CODEX images revealed spatial heterogeneity within the tumor214
microenvironment (Fig. 4d). Specifically, four representative regions of interest were selected215
for downstream analyses, including regions with high cellular heterogeneity (green and red216
boxes) and regions with more organized tissue structures (yellow and pink boxes).217

Leveraging the high-dimensional spatial information provided by the CODEX platform, we218
trained HetuNet using 22 spatially resolved protein markers together with DAPI as reference219
inputs, while designating HLA-DRB1, CD44, VIM, and CDH1 as target proteins for prediction.220
These four markers were excluded from model training and reserved exclusively for evaluation221
(27 total features, Fig. S8). The predicted spatial distributions for these four markers were222
quantitatively compared with the ground-truth CODEX measurements, yielding global Pearson223
correlation coefficients of 0.355 (HLA-DRB1), 0.429 (CD44), 0.329 (VIM), and 0.332 (CDH1)224
across multiple regions of interest (Fig. 4e). For reference, in spatial transcriptomics datasets225
generated from 10-µm-thick sections at an 8-µm pixel resolution, the mean global Pearson226
correlations between modalities are typically below 0.2 (32), highlighting that the concordance227
achieved in our study is within a reliable and biologically meaningful range. The zoomed-in228
views correspond to the color-coded boxes are shown in Fig. 4d. When HetuNet was trained229
with only four reference markers (DAPI, CD31, FoxP3, and a-SMA), the global Pearson230
correlation coefficients between predicted and CODEX-measured expression were 0.312 (HLA-231
DRB1), 0.182 (CD44), 0.420 (VIM), and 0.314 (CDH1). Compared with the 23-marker training232
condition, the correlations for HLA-DRB1, CD44, and CDH1 decreased by approximately233
12.1%, 57.6%, and 5.4%, respectively, indicating reduced reconstruction fidelity under the four-234
marker condition (Fig. S7e). In contrast, VIM exhibited a higher correlation under the four-235
marker condition, potentially attributable to its spatial similarity with α-SMA, one of the236
reference markers included in this reduced feature set (Fig. S8).237

238

Deep proteome profiling resolves CRC cell states undefined by antibody-based imaging239

To establish a reference cell type annotation for the tissue section, we first utilized the CODEX240
panel comprising 31 protein markers. After excluding five low-quality markers, HetuNet was241
trained to predict protein expression using the remaining 26 protein markers together with DAPI.242
Unsupervised clustering based on these markers resolved nine distinct clusters across the tissue243
section (Fig. 5a). By examining canonical marker expression profiles and uniform manifold244
approximation and projection (UMAP), we assigned these clusters to three major cell types,245
including epithelial cells, fibroblasts, and immune cells (Fig. 5b and Fig. 5c, left). A subset of246
cells lacked detectable expression of the targeted panel markers and could not be confidently247
assigned to these types; these cells were therefore annotated as “Unknown” in the spatial map248
(Fig. 5c, right).249

Next, we examined whether HetuNet could provide additional insight into these unknown cells.250
Clustering was performed on the unbiased single-cell proteomes predicted by HetuNet,251
independent of the targeted CODEX panel. This analysis resolved 16 distinct cell clusters within252
the same tissue environment (Fig. 5d). Based on representative marker expression profiles (Fig.253
5e), UMAP analysis (Fig. 5f, upper panel), and clinical annotations, these clusters were grouped254
into four major cell categories: epithelial cells, fibroblasts, immune cells, and necrotic cells (Fig.255
5f, lower panel).256
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Using spatial regions of necrosis identified by an experienced pathologist (Fig. 5g, red box),257
comparison with CODEX annotations showed that cell classification based on HetuNet-predicted258
proteomes more completely delineated these regions. We next visualized the spatial distributions259
of the four cell-category annotations derived independently from CODEX and from HetuNet-260
predicted proteomes (Fig. 5h). Spatial overlap analysis showed substantial concordance between261
the CODEX-defined “Unknown” population and the proteome-defined necrotic cell category,262
indicating that proteome-based analysis resolves cell states not captured by targeted antibody-263
based imaging.264

265

Spatially resolved functional divergence and signaling pathways in the epithelial266
compartment267

To further characterize the functional heterogeneity within the epithelial compartment, we268
applied single-sample gene set enrichment analysis (ssGSEA) to the HetuNet-predicted269
proteomes. This analysis revealed spatially distinct activation patterns for multiple critical270
biological pathways, including epithelial-mesenchymal transition (EMT), extracellular matrix271
(ECM) receptor interaction, necroptosis, and the tricarboxylic acid (TCA) cycle (Fig. 6a). Spatial272
analysis showed that the epithelial cells surrounding the necrotic regions identified in the273
previous analysis exhibited distinct spatial patterns (Fig. 6b).274

Then, we stratified epithelial cells into two distinct functional states based on the differential275
enrichment scores of the EMT and necroptosis pathways. The first state (E1) was characterized276
by elevated EMT activity and reduced necroptosis scores, whereas the second state (E2)277
exhibited the opposite pattern, with reduced EMT enrichment and elevated necroptosis scores278
(Fig. 6c, d). We then examined representative proteins to characterize these epithelial states.279
Violin plots and spatial mapping showed that MACROH2A1 and CTNNB1 were more highly280
expressed in the E2 state, with enriched expression localized to epithelial cells adjacent to281
necrotic regions (Fig. 6e, f). Together, the spatial distributions of these proteins distinguished the282
E2 epithelial state from E1, linking this proteomic profile to epithelial cells in the vicinity of283
necrotic tissue.284

285

Discussion286

Single-cell, whole-slide spatial proteomics represents a central goal for decoding tissue287
organization and cellular heterogeneity, yet the field remains constrained by a fundamental trade-288
off among spatial resolution, proteome depth, and tissue-scale coverage (14, 33, 34). Antibody-289
based imaging offers high spatial resolution and tissue coverage but limited proteome depth (6).290
MSI-based approaches, such as iPEX, provides label-free molecular maps across tissue sections291
with restricted depth and quantitative robustness (23). LCM-based LC-MS strategies, including292
DVP, achieve deep and quantitative proteome profiling but are dependent on predefined regions293
of interest and therefore lack unbiased whole-slide scalability (15–17). AI-assisted inference294
frameworks such as PLATO and S4P have partially expanded spatial coverage from sparsely295
sampled measurements (24, 25); however, their reliance on the underlying physical sampling296
scale constrains effective spatial resolution to ~25-500 µm, remaining above the single-cell level.297
Using reported section thicknesses (8 µm for PLATO and 10 µm for S4P) to translate these in-298
plane resolutions into voxel volumes, this corresponds to ~25 × 25 × 8 µm and ~500 × 500 × 10299
µm, respectively, approximately 2.5-1,250 cell equivalents assuming an average cell volume of300
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~2,000 µm³ (16). Notably, the current state-of-the-art method PLATO uses an 8 µm section301
thickness combined with a 25 µm width resolution, within which a total of 1,986 protein groups302
can be identified. Together, these approaches remain unable to achieve single-cell, whole-slide303
proteomics with deep and quantitative coverage.304

Building on our expansion proteomics workflow (26, 27), we integrate isotropic tissue expansion305
with HetuNet-based AI inference to enable single-cell, whole-slide proteomics from only two306
consecutive 4-10-µm-thick FFPE sections. Using 4-µm-thick CRC tissue sections with a ~12-µm307
width resolution, we identified a total of 6,501 protein groups. The reconstructed voxel sizes, 12308
× 12 × 10 μm for mouse liver and 12 × 12 × 4 μm for CRC, approximate 0.3-0.7 cell equivalents.309
This performance establishes a practical benchmark for spatial proteomics that jointly attains310
high resolution, deep proteome coverage, and extensive tissue continuity.311

A key factor enabling this capability lies in the physical sampling architecture. Microfluidics-312
based strategies typically samples strips of ~25 µm width with ~50% spatial coverage, of which313
only ~25% is directly measured while the remaining ~75% is computationally inferred, making314
the final maps heavily reliant on imputation (24, 35). While such designs enable parallelization,315
their discontinuous geometry introduces structured missing regions that pose challenges for AI-316
based spatial reconstruction, in contrast to continuously sampled, orthogonal strategies that more317
readily support learning of spatial continuity and cross-scale relationships. Conventional high-318
power LCM (Leica) approaches provide deep proteome measurements but are typically319
constrained to strip widths of ~100 µm and often require elevated laser energy, potentially320
compromising tissue integrity and necessitating multiple consecutive sections (25). By contrast,321
our strategy employs low-power LCM (MMI) combined with a 4-5× linear expansion factor (26,322
27, 36), enabling near-lossless and near-complete spatial overlap and high-fidelity tissue cutting323
at ~12 µm effective resolution using only two sections. This design substantially mitigates the324
physical constraints inherent to microfluidic and high-power LCM sampling while preserving325
proteomic integrity. Importantly, these advances build upon these pioneering spatial proteomics326
technologies while extending the field toward scalable, continuous, single-cell proteome327
mapping.328

To fully exploit the resulting deep but spatially sparse proteomics data, we developed HetuNet, a329
weakly supervised deep learning framework that formulates protein mapping as a tomographic330
reconstruction problem constrained by morphological guidance. Algorithmically, HetuNet331
distinguishes itself by employing a multi-scale gated convolutional architecture that extracts332
hierarchical spatial features from multiplexed IF imaging, coupled with a projection-consistency333
objective function. This design allows the model to learn complex, non-linear pixel-level334
distributions directly from aggregated strip-level measurements by maximizing the correlation335
between predicted spatial marginals and ground truth projections. By solving this inverse336
problem without requiring dense ground truth, HetuNet overcomes significant limitations in337
current methodologies: unlike PLATO (24), it eliminates the need for prior imputation of338
unmeasured regions or predefined tissue architectural references; and in contrast to S4P (25),339
which relies on unguided MLP inference across multiple consecutive sections, our approach340
explicitly leverages imaging-informed spatial priors. This enables the scalable reconstruction of341
continuous, single-cell-resolution protein maps across entire tissue sections, effectively bridging342
the trade-off between resolution, depth, and spatial coverage within a unified framework.343

The biological fidelity of the reconstructed spatial proteome was examined in the structurally344
organized mouse liver, where well-defined metabolic gradients provide a stringent benchmark345
for spatial inference. HetuNet recapitulated continuous protein abundance gradients along the346
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central-portal vein axis, closely matching IF patterns. Notably, the reconstructed proteomes347
preserved functional metabolic organization beyond canonical marker distributions; for instance,348
GSEA of the reconstructed data accurately delineated the spatial segregation of metabolic349
programs, with oxidative phosphorylation and the urea cycle enriched in PV regions, whereas350
steroid biosynthesis, triglyceride metabolism, linoleic acid metabolism, and retinol metabolism351
were preferentially enriched in CV regions, consistent with established liver physiological and352
LCM-based LC-MS measurements (17, 29, 30). Consistent in silico benchmarking on Xenium353
data showed that reconstruction fidelity (SSIM) scales monotonically with the number of354
reference markers, increasing from 4 to 25, thereby providing both a quantitative scaling355
relationship and an orthogonal validation of the HetuNet reconstruction framework. This356
behavior suggests that HetuNet captures intrinsic relationships between tissue architecture and357
protein expression, rather than relying on discrete pattern matching (37, 38). Together, these358
observations support a generalizable principle: anchoring AI-based spatial inference in359
quantitative, experimentally measured proteomes, while constraining predictions with orthogonal360
structural references, enables biologically coherent and interpretable reconstruction of spatial361
proteomic landscapes at single-cell scale.362

A notable strength of our method lies in its ability to resolve proteome-defined cellular states that363
remain inaccessible to targeted imaging-based annotation. In human CRC tissues, conventional364
CODEX imaging assigned a substantial fraction of cells to an “Unknown” category (Fig. 5b, c),365
reflecting intrinsic limitations of nucleus-centered segmentation and marker-restricted annotation,366
particularly in necrotic regions where nuclear integrity is compromised. By reconstructing spatial367
protein expression in an untargeted manner, our method enabled functional annotation within368
necrotic regions and, in turn, revealed distinct proteomic states of neighboring epithelial369
populations. These epithelial populations proximal to necrotic areas could be resolved into370
distinct proteome-defined states characterized by coordinated yet differential activation of EMT-371
and necroptosis-associated pathways. Notably, proteins show considerably greater cell-type372
specificity than their mRNA counterparts, highlighting the value of proteomic-level analysis (39).373
More broadly, this analysis highlights how deep, quantitative proteome inference can374
complement and extend antibody-based spatial imaging by uncovering spatial-functional375
heterogeneity beyond predefined marker panels. By coupling tissue expansion with deep376
learning-based spatial inference from sparse proteomic measurements, our method overcomes377
critical constraints of current spatial proteomics and enables deep, scalable and interpretable378
spatial proteome mapping across complex tissues. This framework establishes a foundation for379
systematic interrogation of tissue organization and disease-associated spatial programs, with380
potential applications spanning basic biology, disease mechanisms, and translational research.381

While this framework advances spatial proteomics, several limitations should be noted. Spatial382
reconstruction relies on high-quality IF images as morphological references to provide spatial383
priors for computational inference. Although ablation analyses (Fig. S6) show that coherent384
predictions can be achieved with a minimal reference marker set, this dependence may limit385
performance in highly heterogeneous tissues; incorporating alternative spatial reference386
modalities, together with AI-based translation from histology to molecular features (40), may387
provide more accessible and complementary reference information. In addition, this framework388
requires LCM and LC-MS acquisition, introducing throughput constraints, particularly when389
scaling to larger tissue areas. While HetuNet-based orthogonal sampling reduces sampling390
complexity from a quadratic to a linear scale, increasing spatial resolution toward true single-cell391
and ultimately subcellular levels still entails trade-offs among resolution, throughput, and392
proteome depth. These trade-offs could be alleviated through higher tissue expansion factors (41,393

Langtaosha (LTS) Preprint doi: https://doi.org/10.65215/LTSpreprints.2026.02.20.000134. This version posted February 20, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. Creative Commons license: CC Attribution-NonCommercial-NoDerivatives 4.0

https://creativecommons.org/licenses/by-nc-nd/4.0



10

42), improved automation of LCM workflows, and continued advances in high-throughput, high-394
resolution MS (43, 44). With continued technical refinement, our framework could further395
extend to enable subcellular spatial proteome analysis in intact tissues. Moreover, emerging AI-396
assisted peptide and protein identification strategies (45, 46) may further increase proteome397
coverage, and the framework could be extended in the future to additional molecular layers, such398
as protein glycosylation (27). Finally, proteomic profiles are computationally inferred from strip-399
level measurements rather than obtained from physically isolated single cells, and the use of400
adjacent tissue sections introduces section-to-section variability. Increased instrumental401
performance enabling finer-grained, spatially resolved measurements beyond strip-level402
sampling, together with AI-guided inference and orthogonal sampling strategies applied to the403
same expanded tissue section, may help reduce inference uncertainty and improve spatial404
accuracy.405

406
Materials and Methods407
Animal care and tissue preparation408
All animal experiments complied with the Animal Care Guidelines of Westlake University and409
were approved by the Institutional Animal Care and Use Committee (IACUC; protocol #24-039-410
GTN-2). Female C57BL/6J mice (Mus musculus, two months old) were used, and no sex-based411
comparisons were performed.412

413
As described previously (47), mice were housed in a controlled barrier facility at 20-26°C and414
40-70% relative humidity under a 12-hour light/dark cycle, with ad libitum access to food and415
water. Animals were deeply anesthetized with 1% sodium pentobarbital and perfused416
transcardially with 1× PBS followed by 4% paraformaldehyde (PFA; Sangon, China). Liver417
tissues were dissected and post-fixed in 4% PFA at 4 °C for 6 h.418

419
Fixed tissues were dehydrated through a graded ethanol series (75%, 95%, and 100%; 30 min420
each) and infiltrated with paraffin at 60°C. Paraffin blocks were cored using a biopsy punch to421
obtain samples approximately 1.5 mm in diameter, and consecutive sections (10 μm thick) were422
prepared using a rotary microtome (RM2255, Leica, Germany) and mounted onto poly-L-lysine-423
coated glass slides.424

425
Tissue microarray samples from colorectal cancer patients426
Archival FFPE CRC tissue microarray (TMA) slides (product no. HCol-Ade075Pre-01) were427
obtained from Shanghai Outdo Biotech (Shanghai, China). Each slide contained 75 tissue cores428
representing samples from 25 patients, including adjacent normal tissue, carcinoma in situ, and429
invasive carcinoma. All specimens were histologically validated by the provider. In this study,430
one invasive carcinoma core was randomly selected, and supplier-provided consecutive FFPE431
sections (4 μm thick; ~1.5 mm in diameter) were used.432

433
Written informed consent was obtained from all patients. Human tissue procurement was434
approved by the ethics committee of Shanghai Outdo Biotech (No. SHYJS-CP-1401001). The435
use of human tissue samples was approved by the ethics committee of Westlake University436
(Permission number: 20220913GTN001).437

438
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Histological staining and multiplexed imaging of TMA sections439
Paraffin-embedded sections were deparaffinized by two 10-min incubations in heptane, followed440
by rehydration through a graded ethanol series (100%, 90%, and 75%; 5 min each) and a final441
rinse in double-distilled water for 5 min. H&E staining of CRC tissue sections were performed442
according to the manufacturer’s instructions (Shanghai Yuanye Bio-technology, China).443
Brightfield images were acquired using an Zeiss Axioscan 7 slide scanner equipped with a 20×444
objective (NA = 0.8). Image acquisition was controlled using ZEISS ZEN (v3.11).445

446
Multiplexed spatial imaging was performed using the PhenoCycler-Fusion platform (Akoya447
Biosciences, USA) according to the manufacturer’s instructions. A CRC-TMA section448
consecutive to that used for H&E staining was deparaffinized, rehydrated, and subjected to heat-449
induced antigen retrieval (pH 9.0). The section was incubated with DNA-barcoded antibodies450
(Supplementary Table 1) and subsequently imaged on the PhenoCycler-Fusion system451
controlled by Fusion software (v2.2.6; Akoya Biosciences).452

453
Tissue expansion454
Paraffin-embedded mouse liver sections were dewaxed and rehydrated through a graded ethanol455
series, followed by rinsing in ddH₂O. H&E-stained human CRC slides were decoverslipped and456
rehydrated through a graded ethanol series, followed by rinsing in ddH₂O. Subsequent hydrogel-457
making procedures were performed as previously described (27). In brief, slides were incubated458
in NSA anchoring solution for 1 h at room temperature in the dark and washed three times with459
100 mM MOPS anchoring termination buffer. Anchored tissues were infiltrated with an460
activated monomer solution containing N,N-dimethylacrylamide, sodium methacrylate, and461
pentaerythritol allyl ether, initiated with ammonium persulfate and N,N,N′,N′-462
tetramethylethylenediamine. Following overnight incubation at 4 °C, polymerization was carried463
out at 37 °C for 2 h in a nitrogen-filled vacuum oven. Tissue denaturation was performed using464
tissue-specific conditions. Mouse liver sections were incubated in 20% SDS denaturation buffer465
at 95 °C for 8 h. CRC sections were first incubated in 20% SDS denaturation buffer containing466
20 mM TCEP at 105 °C in an autoclave for 1 h, followed by an additional 1 h incubation in 20%467
SDS denaturation buffer without TCEP at 105 °C in an autoclave. Samples were then washed in468
1× PBS and subjected to reduction and alkylation.469

470
For immunofluorescence imaging of expanded mouse liver samples (Supplementary Table 1),471
samples were blocked using blocking buffer (HUABIO, China) and incubated overnight at 4 °C472
with a primary antibody against asialoglycoprotein receptor 1 (ASGR1; 1:200; Proteintech,473
China). After washing with 1× PBS, samples were incubated with Alexa Fluor 488-conjugated474
goat anti-rabbit IgG (1:200; Abcam, UK) for 2 h at room temperature. Samples were then475
incubated with directly conjugated antibodies against glutamine synthetase (CoraLite Plus 647,476
1:100; Proteintech) and E-cadherin (Alexa Fluor 555; BD Pharmingen, USA), the latter used at477
four times the manufacturer’s recommended volume. Nuclear counterstaining was performed478
with DAPI (Abcam) for 30 min. Imaging was conducted using a Nikon CSU-W1 SoRa confocal479
microscope equipped with a 10× objective (NA 0.45) and controlled by NIS-Elements AR480
(v5.42.06).481

482
For proteomic visualization, mouse liver and CRC samples were stained with Coomassie483
Brilliant Blue R-250 (CBB; Sangon) overnight at room temperature and washed in 0.001× PBS484
to achieve complete expansion. Unexpanded mouse liver sections, as well as CBB-stained tissues485
after expansion, were imaged using a Zeiss Axio Zoom.V16 fluorescence stereo microscope and486
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processed with ZEN software (v3.1). Isotropic distortion was quantified by registering487
corresponding pre- and post-expansion images using landmark-based nonrigid image registration488
implemented in MATLAB (MathWorks, R2024b), as previously described (47). Images were489
prepared and tissue areas were measured in ImageJ (v1.54p) (48) prior to registration. The linear490
expansion factor was calculated as the square root of the ratio of post-expansion to pre-expansion491
tissue areas.492

493
LCM-based orthogonal sampling494
The expanded hydrogel was placed onto an LCM steel frame slide (Leica, Germany) and495
allowed to dry. LCM was performed using an MMI CellCut system (Molecular Machines &496
Industries, Germany) controlled by mmiCellTools software (v6.1#578), with samples collected497
using diffuser caps. Transverse sampling was performed on one section and longitudinal498
sampling on the adjacent section to generate orthogonal sampling orientations.499

500
Tissue-hydrogel sample preparation via filter-aided in-gel digestion501
Collected tissue-hydrogel strips were transferred into 10 μL FAXP tips (26, 27). The C18502
membrane was activated with 80% and 100% acetonitrile (ACN) to ensure device consistency503
and remove potential contaminants, followed by equilibration with double-distilled water and 50504
mM ammonium bicarbonate (ABB). Samples were subsequently washed with 50% ACN/50%505
ABB and dehydrated with 100% ACN prior to digestion. Samples were digested using a trypsin506
(Hualishi Tech. Ltd, China) working solution (5 ng/μL) prepared in 50 mM ABB containing507
10% (v/v) ACN and 0.005% (w/v) n-dodecyl β-D-maltoside (DDM). The digestion volume was508
adjusted to fully cover the tissue-hydrogel strip, typically ranging from 1-2 μL depending on509
strip length. Digestion was performed at 37 °C for 12 h. Peptides were sequentially eluted using510
stepwise increases in ACN concentration (2% and 70% ACN containing 0.1% TFA, followed by511
100% ACN) to maximize peptide recovery. Eluates were pooled and vacuum-concentrated. The512
dried peptide pellet was reconstituted in 7 µL MS buffer (2% ACN, 0.1% FA) and subjected513
directly to LC-MS/MS analysis.514

515
Proteomics data acquisition516
Peptide samples were analyzed on an Orbitrap Astral mass spectrometer equipped with a FAIMS517
Pro interface and coupled to a Vanquish Neo UHPLC system (Thermo Fisher Scientific, USA).518
Peptides were loaded onto a trap cartridge and separated on a 15-cm in-house packed analytical519
column (75 μm inner diameter) operated in backward-wash mode. Solvent A consisted of 0.1%520
formic acid (FA) in 98% MS-grade water with 2% MS-grade ACN, and solvent B consisted of521
0.1% FA in 98% MS-grade ACN with 2% MS-grade water. The chromatographic separation was522
performed using a 28-min gradient: 3-14% B (0-2 min, 550 nL/min), 14-21% B (2.1-6.1 min,523
200 nL/min), and 21-40% B (6.1-22.1 min, 200 nL/min), followed by column washing and re-524
equilibration to 80% B at 550 nL/min.525

526
The Orbitrap Astral was operated in data-independent acquisition (DIA) mode. Full MS scans527
were acquired at a resolution of 240,000 over an m/z range of 400-800 with a FAIMS CV of -48528
V, RF lens of 45%, normalized AGC target of 500%, maximum injection time of 100 ms, and a529
carrier gas flow of 3.8 L/min. DIA MS/MS scans covered a precursor mass range of 400-800 m/z530
and a scan range of 150-2000 m/z using an isolation window of 8 m/z, maximum injection time531
of 14 ms, normalized collision energy of 26%, RF lens of 45%, normalized AGC target of 800%,532
and a loop control time of 0.6 s. All measurements were acquired in positive ion mode with a533
total runtime of 28 min. Data were acquired using Thermo Scientific Xcalibur (v4.7.69.37) and534
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Orbitrap Astral Tune Application (v1.0.100.40). System performance was monitored using 5 ng535
mouse liver QC peptides to ensure instrument stability and reproducibility across runs.536

537
Proteomics data analysis538
A total of 187 mouse liver spatial samples (96 rows and 91 columns) and 257 human CRC539
spatial samples (134 rows and 123 columns) were analyzed for protein identification and540
quantification using DIA-NN (v2.2.0). An in-house library was used for mouse liver studies,541
whereas DIA data from CRC samples were searched against the previously established pan-542
human DPHL v.2 spectral library (49). The DIA-NN (50) analysis was performed with the543
following parameters: --qvalue 0.01 --cut K*,R* --min-fr-mz 150 --max-fr-mz 2000 --missed-544
cleavages 2 --min-pep-len 7 --max-pep-len 50 --min-pr-mz 400 --max-pr-mz 800 --min-pr-545
charge 2 --max-pr-charge 4 --unimod4 --var-mods 1 --var-mod UniMod:35,15.994915,M --546
relaxed-prot-inf --rt-profiling --no-norm --matrices --verbose 1 --reanalyse. Proteins consistently547
detected in at least 70% of the samples, considering both row and column datasets, were selected548
for HetuNet training.549

550
Overview of the HetuNet algorithm551
To resolve single-cell-scale spatial protein expression maps from strip-resolved MS552
measurements and high-resolution morphological guidance, we developed HetuNet. This weakly553
supervised deep learning framework establishes a mapping function HetuNet : F P , where P554
represents the space of high-resolution morphological image patches and  denotes the space of555
scalar protein abundance values. The model translates local morphological features into556
quantitative protein levels, constrained strictly by global spatial marginals.557

558
Let H W C  I  denote the input high-resolution multi-channel IF image, where 'H and 'W are559
the spatial dimensions and C represents the number of IF channels. The target protein560
expression is modeled as a latent matrix H WX  , defined on a reconstruction grid where H561
and W are the height and width, respectively.562

563
HetuNet operates under conditions where pixel-wise ground truth for X is inaccessible. Instead,564
supervision is provided by the observed row marginals R Hy  and column marginals WR y  .565
These marginals are defined as:566

, ,
1 1

,
W H

R C
i i j j i j

j i
y y

 

  X X567

where i and j are indices for rows and columns, and ,i jX represents the protein abundance at568

grid location ( , )i j . HetuNet aims to estimate the optimal reconstruction X such that its569

projections minimize the discrepancy with Ry and Cy .570
571

Pathway enrichment and functional analysis in mouse liver572
Differential expression analysis was first performed between spatial regions (e.g., CV, PV, and573
Others) to identify region-specific protein markers. For each comparison, proteins were ranked574
according to their log₂ fold-change values. Gene set enrichment analysis (GSEA) was then575
conducted using the gseapy (51) package (Python implementation of GSEA), with the KEGG576
2021 Mouse and GO Biological Process 2021 libraries as reference databases. The normalized577
enrichment scores (NES) were calculated to assess the statistical significance of pathway578
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enrichment. Terms with a false discovery rate (FDR q-value) < 0.05 were considered579
significantly enriched.580

581
To visualize spatial trends of enriched pathways, we integrated the region annotation information582
into the enrichment results. For representative pathways, the normalized enrichment scores583
across regions were plotted as trend distributions or boxplots to reveal spatially ordered584
activation patterns (e.g., portal-to-central gradient). Functional modules with consistent spatial585
gradients were further examined to interpret region-specific biological processes, such as586
metabolic reprogramming and cell-type-specific signaling pathways.587

588
In silico validation and model training589
To assess the spatial reconstruction fidelity of HetuNet, an in silico simulation was performed590
utilizing a publicly available high-resolution spatial transcriptomics dataset derived from human591
renal cell carcinoma (31). A ROI measuring 2.4 × 1.8 mm was selected for validation purposes.592
IF features utilized for training underwent rigorous preprocessing to mitigate outliers and593
standardize input data. Specifically, pixel intensity values exceeding the 99.9th percentile within594
each channel were replaced with the median value of that respective channel. Subsequently, all595
channel values were normalized to a range of 0-255.596

597
Prior to network training, the transcriptomic data were filtered to exclude genes with low598
expression levels based on a total count threshold (sum of rows and columns < 1,000). This599
filtration step reduced the initial dataset from 405 genes to 289 genes (excluding 116 genes). All600
289 retained genes were utilized as input for the training of HetuNet. For specific downstream601
analyses, highly variable genes (HVGs) were identified using602
the highly_variable_genes function within the Scanpy suite (v1.9.8), with the flavor parameter603
set to 'seurat_v3' and subset set to True.604

605
HetuNet was trained using consistent hyperparameters across all features. The model606
configuration was established as follows: patch size = 13, batch size = 128, base learning rate =607
0.001, and training duration = 100 epochs. Additional model-specific parameters included a608
CNN learning rate fold (cnn_lr_fold) of 16/30, a total variation regularization weight (tv_lambda)609
of 0.0001, and a correlation weight (correlation_lambda) of 5. Training was performed on an610
NVIDIA A100 GPU. To quantify the reconstruction accuracy, the Structural Similarity Index611
Measure (SSIM) was calculated utilizing the structural_similarity function from the scikit-image612
library (v0.25.2) in Python (v3.12.12).613

614
CODEX image segmentation and cell annotation615
Nuclei were segmented based on DAPI staining intensity using the StarDist algorithm (v0.9.2).616
Subsequent morphological extraction and coordinate identification were performed using617
the regionprops function within the scikit-image library (v0.25.2). For each segmented cell, the618
mean fluorescence intensity was calculated across 31 protein marker channels and the DAPI619
channel. These quantitative data were converted into the AnnData format and subjected to620
analysis using Scanpy (v1.11.5). Preprocessing steps included total count normalization621
(target_sum = 1e4) and data scaling. Dimensionality reduction was performed via Principal622
Component Analysis (PCA) with n_comps = 15. A nearest-neighbor graph was constructed623
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(n_neighbors = 10, n_pcs = 10), followed by Leiden clustering (resolution = 0.3, random_state =624
888) and Uniform Manifold Approximation and Projection (UMAP) for visualization. Cell types625
were annotated based on the differential expression of lineage-specific markers within the626
resulting clusters(52, 53). Specifically, clusters C1 and C4 were identified as epithelial cells;627
clusters C2, C3, C8 and C9 as fibroblasts; and clusters C6 and C7 as immune cells. Cluster C5628
remained unclassified ("Unknown") (Fig. 5b).629

630
Analysis of HetuNet-predicted protein profiles in CRC samples631
HetuNet-predicted protein profiles were converted to AnnData format for downstream analysis.632
Prior to downstream analysis, proteins assigned to the “Human skin and hair” category were633
removed as potential contaminants based on the contaminant libraries (54). To ensure data634
quality, cell patches exhibiting extreme total counts (values ≤ 1st percentile or ≥ 99th percentile)635
were removed. Furthermore, to mitigate the impact of outliers, expression values for each protein636
exceeding the 99th percentile were clipped to the 99th percentile value.637

638
The filtered dataset was analyzed using Scanpy (v1.11.5). Data were normalized639
(target_sum = 1e4) and log-transformed (log1p). Highly variable features were selected using640
the highly_variable_genes function (flavor = "seurat", n_top_genes = 2000). Following PCA, a641
neighborhood graph was constructed (n_neighbors = 10, n_pcs = 30), and cells were clustered642
using the Leiden algorithm (resolution = 1.0, random_state = 666). UMAP was employed for643
dimensionality reduction and visualization. Cell type annotation was performed based on marker644
expression profiles (52, 53) and validated by clinical experts. Clusters were assigned as follows:645
C1, C2, C6, and C16 as immune cells; C3, C4, C5, C11, C12, and C13 as epithelial cells; C7, C8,646
C14, and C15 as fibroblasts; and C9 and C10 as necrotic cells (Fig. 5e).647

648
Epithelial state analysis in CRC samples649
Pathway enrichment at the single-cell level was quantified using Single Sample Gene Set650
Enrichment Analysis (ssGSEA). Calculations were performed with the gseapy (version 1.1.11)651
Python library using the “custom” sample normalization strategy. Two curated pathway652
collections were employed as references: KEGG 2021 Human and MSigDB Hallmark 2020. The653
resulting Normalized Enrichment Scores (NES) were quality-controlled and integrated into the654
single-cell metadata matrix to enable downstream stratification and comparative analyses.655

656
A spatially defined Region of Interest (ROI), corresponding to the area shown in Fig. 5g, was657
extracted for downstream analysis. Within this region, cells annotated as epithelial were selected658
for functional state classification. Two epithelial states were defined according to ssGSEA659
pathway activities: State E1: cells with positive enrichment of the Epithelial–Mesenchymal660
Transition (EMT) pathway (NES > 0) and negative enrichment of the Necroptosis pathway (NES661
< 0); State E2: cells with negative EMT enrichment (NES < 0) and positive Necroptosis662
enrichment (NES > 0).663

664
Statistical significance was evaluated using a two-sided Mann–Whitney U test applied to non-665
zero expression values. Resulting p-values were corrected for multiple testing using the666
Benjamini–Hochberg False Discovery Rate (FDR) procedure.667

668
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Figure 1815

816

Fig. 1. Workflow and experimental validation. a, This workflow integrates tissue expansion,817
orthogonal laser capture microdissection (LCM) after Coomassie Brilliant Blue (CBB) staining,818
filter-aided sample preparation with LC-MS data acquisition, and HetuNet-based spatial819
inference. The linear expansion factor (LEF) was calculated by comparing sample dimensions820
before and after expansion. Tissue expansion enables near single-cell spatial resolution and821
supports multiple imaging references, including multiplexed antibody imaging,822
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immunofluorescence (IF) before expansion, and high-resolution IF after expansion, which823
together facilitate HetuNet reconstruction. Following HetuNet reconstruction, thousands of824
proteins are mapped back onto the whole tissue section. b, Schematic of the HetuNet algorithm825
for spatial inference from multi-modal input data. c, Bright-field images of two consecutive826
expanded mouse liver FFPE sections stained with CBB. Blue and red lines indicate the LCM827
cutting directions. d, Root-mean-square (RMS) measurement length errors quantified before and828
after expansion in liver section images. The blue line indicates the mean value, and the shaded829
area represents the standard deviation. e, Proteome coverage across all spatial samples, shown as830
the number of identified proteins. Nuclei are stained with DAPI, and a zoomed-in region of831
interest highlights fine structural details. Each spatial patch corresponds to a width of 12 µm. f,832
Quality control of row-wise samples based on housekeeping protein expression. Scatter plots833
show the log10-transformed expression levels of HSP90AB1 and RPL8 across individual row834
samples. Protein intensities were normalized by the proportion of IF image pixels for each835
sample to correct for variations in sampled tissue area. To ensure comparability, raw expression836
values were normalized by the proportion of pixels captured in the IF image data for each sample,837
correcting for variations in tissue area. The x-axis corresponds to row sample IDs.838

839
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Figure 2840

841

Fig. 2. Model validation using zonated hepatocytes. a, Visualization of spatial protein842
abundance derived from immunofluorescence (IF) staining (left, ground truth) and HetuNet843
reconstructions (right). For the ground-truth IF data (left), the panel is further displayed at two844
resolutions: the original IF image (left) and a downsampled version matching the HetuNet845
reconstruction resolution (12 µm per pixel; right). GLUL and E-CAD serve as central vein (CV)846
and portal vein (PV) markers, respectively. CYP2C29 represents a CV-enriched protein, and847
CYP2F2 represents a PV-enriched protein. b,Multiplexed IF images of GLUL, E-CAD, ASGR1,848
and DAPI acquired from the same tissue section. A representative zonated region is shown as a849
zoomed-in view. Based on the spatial expression patterns of these IF markers, all spatial patches850
(12 × 12 μm) within the zoomed region were manually annotated as CV-like (Zone 3; pink), PV-851
like (Zone 1; yellow), or remaining regions (gray). These annotations were used as reference852
spatial labels for downstream analyses. Scale bar is provided. c, Gene set enrichment analysis853
comparing proteins enriched in individual spatial patches with those in all other patches,854
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summarized by normalized enrichment scores. Enrichment patterns are shown along the CV-PV855
axis (Zone 3 → Zone 2 → Zone 1). Dot size indicates statistical significance after multiple856
testing correction. d, Compatibility of Flow2Spatial(24) with the orthogonal strip-based input857
format used in this study. The heatmap illustrates the structural mismatch between the858
Flow2Spatial framework and the orthogonal strip-based input format, indicating limited859
compatibility with the current data structure. GLUL and SDS are shown as representative CV-860
and PV-enriched proteins, respectively.861

862

Langtaosha (LTS) Preprint doi: https://doi.org/10.65215/LTSpreprints.2026.02.20.000134. This version posted February 20, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. Creative Commons license: CC Attribution-NonCommercial-NoDerivatives 4.0

https://creativecommons.org/licenses/by-nc-nd/4.0



24

Figure 3863

864

Fig. 3. Validation of HetuNet performance via in silico simulation. a, Validation of the865
HetuNet algorithm using an image-based spatial transcriptomics dataset generated by 10x866
Genomics Xenium profiling of human renal cell carcinoma tissue. To simulate the sampling867
strategy of laser capture microdissection, the tissue was sliced in silico along two orthogonal868
axes. Along each axis, the tissue was partitioned into consecutive 12 µm pseudostrips spanning869
the selected region. Within each pseudostrip, gene expression was obtained by summing the870
expression values of all spatial spots covered by that strip. HetuNet was then applied to871
reconstruct spatial gene expression patterns from these aggregated inputs. b, Distribution of872
structural similarity index measure (SSIM) values across different groups of highly variable873
genes (HVGs). c, Pearson correlation analysis comparing HetuNet-predicted and ground-truth874
row- or column-aggregated expression for the top 100 HVGs. d, Evaluation of model robustness,875
showing SSIM values of the top 100 HVGs as a function of the number of reference markers876
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selected from the Xenium protein panel used during training. The red lines in the boxplots877
indicate the median; the black dots connected across boxplots represent the mean; the bars878
denote the standard deviation (SD); and the numbers below each boxplot show the mean (SD). e,879
Comparative heatmaps illustrating the spatial fidelity of HetuNet-reconstructed expression maps880
relative to the Xenium-derived ground truth for representative genes (KRT8, CXCR4, VIM, and881
MS4A1). The top row shows the Xenium ground truth, the middle row shows the HetuNet882
reconstructions trained with four Xenium protein panel markers, and the bottom row shows the883
HetuNet reconstructions trained with 25 Xenium protein panel markers. The value r represents884
the Pearson correlation coefficient calculated globally across all spatial patches.885

886
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Figure 4887

888

Fig. 4. Application of FFPE human colorectal cancer tissues. a, Schematic workflow889
illustrating the experimental design in human colorectal cancer (CRC) FFPE tissues using three890
consecutive tissue sections. One section was subjected to multiplexed immunofluorescence891
staining using CODEX with 31 protein markers and nuclear staining. The other two sections892
were processed by tissue expansion, followed by orthogonal laser capture microdissection-based893
spatial proteomic profiling, and subsequently used for spatial protein prediction by HetuNet,894
together with spatial references derived from the CODEX results. b-c, Overview of protein895
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identification across two adjacent CRC tissue sections. Proteins were measured along orthogonal896
stripe-based sampling directions, with one section sampled along the horizontal axis (b) and the897
other along the vertical axis (c; 90° rotated). Each stripe represents a narrow tissue band (b, n =898
134 stripes with 12 μm width; c, m = 123 stripes with 13 μm width), demonstrating comparable899
protein coverage and spatial consistency between the two sections. d, Representative multiplexed900
immunofluorescence images of human CRC tissues acquired using CODEX. Zoomed-in insets901
indicate heterogeneous regions of interest (ROIs). Scale bar is included. e, Spatial protein902
expression patterns of four representative markers (HLA-DRB1, CD44, Vim, and CDH1). For903
each marker, the left column shows protein expression measured by CODEX (ground truth), and904
the right column shows the corresponding HetuNet-predicted protein expression matrices905
inferred from a curated set of 23 CODEX-derived spatial reference features (Fig. S8), with HLA-906
DRB1, CD44, Vim, and CDH1 withheld for validation. Colored bounding boxes indicate four907
ROIs, corresponding to the frames shown in panel d. Zoomed-in views compare ground truth908
and HetuNet-predicted protein expression within each ROI, illustrating the spatial patterns and909
local heterogeneity captured by the model.910

911
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Figure 5912

913
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Fig. 5. Our workflow reveals additional proteome-defined cell states beyond CODEX914
imaging. a, Leiden clustering of single cells based on the expression of 31 CODEX protein915
markers and nuclear staining, revealing nine clusters across the tissue section. b, Dot plot916
showing canonical marker expression across CODEX-derived clusters, used for manual cell-type917
annotation and cluster merging. c, UMAP visualization of CODEX single-cell data before (left)918
and after (right) manual cell-type annotation. d, Leiden clustering of single cells based on919
HetuNet-predicted protein expression profiles, identifying sixteen clusters across the same tissue920
section. e, Dot plot showing marker expression patterns across HetuNet-predicted protein921
clusters, used for manual cell-type annotation and cluster merging. f, UMAP visualization of922
HetuNet-predicted single-cell proteomes before (top) and after (bottom) manual cell-type923
annotation. g, Spatial overview of a colorectal cancer tissue section. Left, H&E staining. Middle,924
cell-type annotation based on CODEX imaging, identifying epithelial cells, fibroblasts, immune925
cells, and an unclassified (Unknown) population. Right, cell-type annotation derived from926
HetuNet-predicted single-cell proteomes, identifying epithelial cells, fibroblasts, immune cells,927
and a necrotic cell state. h, Comparison of spatial distributions of cell types identified by928
CODEX imaging and HetuNet-predicted proteomes. The CODEX “Unknown” population shows929
a spatial pattern highly similar to the necrotic cell state identified from predicted proteomic data.930
Scale bars are provided.931

932
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Figure 6933

934

Fig. 6. Our workflow resolves epithelial cell state divergence around necrotic regions. a,935
Spatial single-sample gene set enrichment analysis (ssGSEA) performed on HetuNet-predicted936
single-cell proteomes. Spatial activation patterns of selected pathways, including epithelial-937
mesenchymal transition (EMT), extracellular matrix (ECM) receptor interaction, necroptosis,938
and tricarboxylic acid (TCA) cycle, are shown. b, Regional dissection of epithelial cell states in939
areas proximal to necrotic regions. c-d, Based on ssGSEA scores of EMT and necroptosis940
pathways (c), epithelial cells were stratified into two functional states: E1, characterized by941
elevated EMT and reduced necroptosis scores; and E2, characterized by reduced EMT and942
elevated necroptosis scores (d). e-f, Violin plot of non-zero MACROH2A1 (e, left) and943
CTNNB1 (f, left) expression across E1 and E2 cells, with violins colored by epithelial state and944
individual cells overlaid as black dots. The corresponding spatial distributions of MACROH2A1945
(e, right) and CTNNB1 (f, right) expression are shown within the tissue.946
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