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Abstract

Multimodal spatial omics has transformed biology by mapping molecular complexity within
intact tissues, yet current technologies remain limited in the number of modalities measured
simultaneously and often produce lower-quality data than single-modality assays. We present
COSIE, a computational framework that generates high-resolution, multilayered molecular
landscapes across tissue sections, individuals, and platforms. COSIE integrates histology,
epigenome, transcriptome, proteome, and metabolome into a unified representation. Applied to
12 datasets spanning 10 spatial technologies, eight modalities, and nine tissue types, ranging
from thousands of spots to millions of cells, COSIE outperforms existing methods. It resolves
tissue structures, enhances noisy measurements, predicts unmeasured modalities, and captures
dynamic processes. In human tumors, COSIE identifies invasive subregions linked to clinical
outcomes and predicts spatial gene expression in TCGA samples using only histology images.
By transforming fragmented data into comprehensive spatial maps, COSIE advances

computationally complete spatial omics and the creation of digital tissue twins for biomedicine.
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Introduction

Understanding the molecular and cellular complexity of tissues requires capturing multiple
layers of biological information, such as epigenome, transcriptome, proteome, and metabolome,
within their native spatial context. Multimodal spatial omics has emerged as a transformative
framework to meet this need, offering integrated views of tissue organization and cell states’.
While early platforms are limited to profiling each modality on separate tissue sections, recent
advances have made it possible to simultaneously profile multiple omics layers within the same
section, preserving critical cross-modality relationships essential for decoding cellular phenotypes
and tissue architecture® '°. Despite these technical advances, current experimental approaches
remain fundamentally constrained, where only a small number of omics modalities can be
simultaneously profiled, and efforts to increase multiplexity often compromise data quality. As a
result, multimodal spatial omics data are often fragmented, incomplete, and noisy, which hinders

downstream interpretation and biological discovery.

Overcoming these limitations requires not only improved experimental technologies, but also
more powerful computational solutions. Yet existing computational methods for multimodal
integration remain inadequate: many are narrowly tailored or overfitted to specific modality
combinations, lack scalability to cellular or subcellular resolution', or fail to account for spatial
context, treating inherently structured tissue data as if they were dissociated single cells'®.
Therefore, there is a pressing need for a unified computational framework that can integrate
heterogeneous spatial omics data, predict missing modalities, enhance quality of measurements,

and scale across tissue types, platforms, and datasets that involve millions of cells.

Here, we introduce COSIE (Within- and CrOss-subject Spatial multimodal Integration,
prediction and Enhancement), a virtual machine that computationally synthesizes tissue sections
profiled with diverse modalities into a unified latent space, enabling virtual prediction of
unmeasured omics layers, enhancement of noisy measurements, and harmonization of
incomplete datasets across tissue sections, individuals, and platforms. Importantly, COSIE
accommodates a wide range of input types, including epigenome, transcriptome, proteome,
metabolome, and histology, and is compatible with both spot-level and single-cell resolution
spatial omics platforms. We demonstrate COSIE’s broad applicability by analyzing 12 datasets

spanning 10 mainstream spatial profiling technologies, eight different modalities, and nine tissue
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98 types, including large-scale datasets encompassing millions of cells (Supplementary Table 1).
99  Moreover, COSIE-predicted molecular profiles from hematoxylin and eosin (H&E) stained
100 histology images faithfully reveal fine-grained and functionally relevant spatial patterns, and
101  enable the identification of survival-associated genes in The Cancer Genome Atlas (TCGA) lung

102  cancer samples.

103 By integrating diverse data types into coherent and biologically meaningful representations,
104 COSIE establishes a computational foundation for the development of digital twins of solid
105 tissues. These high-resolution virtual models capture molecular and spatial complexity across
106 individuals and cohorts. Together, these results position COSIE as a general-purpose, scalable,
107  and biologically informative framework that meets key experimental and analytical challenges in
108 multimodal spatial omics, and supports the vision of computationally complete models of virtual

109  cells and tissues'®.

110
111 Results

112  Overview of COSIE

113 COSIE is a unified and scalable framework for multimodal spatial omics analysis, capable of
114  integrating diverse imaging and molecular modalities, including H&E-stained histology images,
115  chromatin accessibility, histone modifications, transcriptomics, proteomics, and metabolomics,
116  across tissue sections and subjects with heterogeneous and incomplete modality coverage (Fig.
117  1a). Acting as a virtual machine for spatial omics completion, COSIE aims to computationally
118 generate a full set of omics modalities for each tissue section, even when only a subset of
119  modalities is originally measured. COSIE achieves this by embedding all sections into a shared
120 latent space, enabling joint representation learning, and harmonization across heterogeneous
121  spatial omics datasets. The COSIE framework comprises four components (Fig. 1b and
122  Methods): (1) a preparatory stage that extracts hierarchical histological features from sections
123  containing H&E images using the histology foundation model, UNI?°, and constructs cross-section
124  linkages, including strong linkages from shared modalities and weak linkages from biologically
125  related but distinct ones (e.g., RNA and protein, ATAC and RNA); (2) modality-specific encoding

126  using graph autoencoders to learn low-dimensional and biologically meaningful representations


https://doi.org/10.64898/2026.03.03.709303
http://creativecommons.org/licenses/by-nc-nd/4.0/

127
128
129
130
131
132
133
134
135

bioRxiv preprint doi: https://doi.org/10.64898/2026.03.03.709303; this version posted March 5, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC-ND 4.0 International license.

for each modality; (3) intra-section multimodal integration via contrastive learning and predictive
learning to reinforce shared signals and predict missing modality embeddings; and (4) cross-
section harmonization using structure-aware representation learning and triplet loss. Within the
fully integrated embedding space, COSIE enables virtual prediction of missing modalities by
aggregating molecular profiles from similar cells across sections. This approach helps overcome
data sparsity due to the limited sensitivities of current spatial omics platforms?'??. By leveraging
a subgraph-based training strategy, COSIE scales efficiently to large datasets containing millions
of cells. These capabilities establish COSIE as a versatile computational framework for unified,

scalable, and modality-complete spatial omics analysis.
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Fig. 1 | Overview of COSIE for multimodal spatial omics integration, prediction, and

enhancement. a, COSIE integrates multimodal spatial omics data across multiple tissue sections

either within- or cross-subjects, where each section may contain a subset of modalities, including

histology images, histone modifications, chromatin accessibility, transcriptomics, proteomics, and

metabolomics, along with spatial location. COSIE performs joint embedding and multimodal data

completion across all sections, enabling a variety of downstream tasks. b, COSIE workflow. (1) If

histology images are available, COSIE extracts both global and local features using a hierarchical

strategy based on UNI, which are used as inputs for the histology modality. Cross-section linkages

are established by leveraging both shared-modality correspondences and biologically relevant

cross-modality relationships (RNA—protein, RNA-ATAC, etc.), guiding subsequent integration

across sections. (2) For each input data matrix, a graph is constructed by considering both spatial
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148  proximity and feature similarity. Modality-specific graph autoencoders are then applied to extract
149 latent representations. (3) Within each section, COSIE performs information—theoretic multimodal
150 integration by jointly optimizing contrastive learning and bi-directional predictors (e.g., RNA2Img
151  and Img2RNA, I(-,) represents mutual information and H(:|-) denotes conditional entropy),
152  enabling both robust multimodal integration and prediction of missing modality embeddings. (4)
153 COSIE integrates heterogeneous and incomplete sections by linking cells through pre-
154  established linkages at the cell-neighborhood level. Final cell representations are derived by

155  combining both cell-level and neighborhood-level embeddings.
156
157 Revealing complex architecture in human periodontal and atherosclerotic tissues

158 To evaluate the performance of COSIE, we applied it to a diverse collection of datasets
159  encompassing a wide range of spatial profiling technologies, modalities, and spatial resolutions.
160  We first tested COSIE in a within-subject setting using a human periodontal tissue comprising two
161 immediately adjacent sections (Fig. 2a). Section 1 was profiled using H&E and 10x Visium HD,
162  and Section 2 using CODEX and 10x Visium HD. Both Visium HD datasets were processed at an
163 8 x 8 um? resolution. To integrate modalities in Section 2, we registered the Visium HD and
164 CODEX data to the same coordinate space and extracted matched protein signals in the
165  corresponding 8 x 8 um? cell bins in Visium HD to ensure consistent spatial resolution across
166  transcriptomic and proteomic data. Cell phenotypes derived from CODEX data in Section 2 are
167  shown in Fig. 2b. We compared COSIE with StabMap'?, a leading method for single-cell mosaic
168 integration and, to our knowledge, the only available method capable of jointly analyzing more
169 than two modalities, including H&E, while remaining computationally feasible for large-scale
170 datasets. Both COSIE and StabMap jointly integrated the two sections and revealed coherent
171  spatial structures aligned with the cell phenotypes inferred from CODEX (Fig. 2b,c). K-means
172  clustering of COSIE embeddings identified biologically meaningful clusters: clusters 0, 3, 4, 6, 9,
173 and 10 corresponded to epithelial cells; cluster 1 to endothelial cells; clusters 2, 5, and 8 to
174  fibroblasts; and cluster 11 to immune cell populations. Although StabMap also captured the broad
175  tissue architecture, COSIE identified more immune cells, better matching the immune cell
176  distribution in the CODEX-based phenotypes (Fig. 2b,c, where cluster 11 corresponds to immune
177  cells in both methods).
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178 Using COSIE’s learned embedding, we next predicted missing protein expression in Section
179 1 by leveraging Section 2’s directly measured CODEX data as a reference. COSIE-predicted
180  protein abundance patterns closely matched those from CODEX in Section 2 (Fig. 2d). For
181  example, KRT14, a canonical epithelial marker?®, exhibited a strong and spatially localized
182  expression pattern consistent with epithelial cell distribution. The fibroblast marker COLA1%*
183  displayed similarly structured spatial pattern compared to the original measurement. Moreover,
184 CD31 and CD68, markers of endothelial and myeloid cells®?® respectively, also closely
185 recapitulated their known spatial localization. Supplementary Fig. 1 shows additional results. For
186  comparison, we also applied StabMap to predict protein expression using its learned embeddings
187  (Supplementary Fig. 2). Both methods performed well and yielded cleaner spatial localization of

188  protein markers.

189 Encouraged by these results, we next evaluated COSIE in a more challenging scenario:
190 human atherosclerotic plaque tissue profiled across three sections from a patient undergoing
191 carotid endarterectomy (Fig. 2e). Two immediately adjacent sections were profiled using 10x
192  Xenium, each with a different target gene panel (314 genes for Section 1, 345 genes for Section
193 2, with 111 genes shared), and paired H&E images. The third section, which is ~35 ym apart, was
194  profiled using CODEX, with a paired H&E image from an adjacent slice. All data were harmonized
195 to 8 x8um? superpixels, and transcript/protein signals were aggregated within corresponding
196  pixels. This integration task is more complex than the periodontal case due to larger inter-section
197  distances, greater morphological variation, and limited modality overlap, with H&E being the only
198  shared modality across all three sections. COSIE successfully integrated the three sections using
199  both strong (H&E-H&E, RNA-RNA) and weak linkages (RNA—protein) to embed corresponding
200 tissue regions while preserving anatomical structures (Fig. 2f). It resolved fine-grained spatial
201  domains, including the media (cluster 11), organized thrombus (cluster 6), plaque shoulder
202  (cluster 8), fresh erythrocyte (cluster 12), hemorrhagic regions (clusters 1, 3, 7, 9, 13, and 14),
203 fibrous cap (cluster 0), and media to modulated intima zones (cluster 2), as well as intima-like
204 areas (clusters 4, 5, and 10). By contrast, StabMap failed to resolve several of these finer
205  structural regions, highlighting COSIE’s superior capacity to model complex tissue architecture

206  across spatially and molecularly heterogeneous datasets.

207 We further evaluated COSIE’s prediction and signal enhancement capabilities across the

208 integrated embedding space (Fig. 2g, Supplementary Figs. 3,4). COSIE predicted genes and
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209  proteins not measured or missing across sections and enhanced shared genes between the two
210  Xenium panels. For example, APOE, a marker of macrophages?’, showed strong spatial patterns
21 in relevant anatomical regions such as the atherosclerotic plaque shoulder and the hemorrhagic
212 zones (cluster 9). Smooth muscle markers DSTN and PDGFD?*?°, showed clear expected
213  localization in the media (cluster 11) and intima-like areas. For the shared genes between two
214  Xenium panels like PECAM1%5, COSIE enhanced expression patterns were more spatially
215 resolved and matched between the two panels. In particular, PECAM1 was enriched in fibrous
216  cap (cluster 0), with consistent signals across all three sections. Moreover, for CD68, COSIE
217  accurately predicted both protein- and gene-level expression, with spatial patterns concordant
218  across sections and modalities. These results underscore COSIE’s ability to build a unified latent
219  space that supports robust integration, prediction, enhancement, and precise tissue mapping from

220 heterogeneous spatial omics data to enable virtual tissue construction.

10
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222  Fig. 2 | Analysis of spatial transcriptomics—proteomics data in human periodontal and

223 atherosclerotic tissues.

224  a-d, Within-subject analysis of a human periodontal disease dataset comprising two adjacent
225  tissue sections. a, Experimental design of human periodontal disease dataset. Section 1 includes
226  paired H&E staining and 10x Visium HD spatial transcriptomics. Section 2 includes paired 10x
227  Visium HD transcriptomics and CODEX spatial proteomics. Created using BioRender.com. b,
228 H&E image in Section 1 (top) and cell phenotypes based on CODEX data in Section 2 (bottom).
229 ¢, Joint segmentation results from COSIE and StabMap on the periodontal dataset. d, Protein
230  prediction for Section 1 using COSIE, with Section 2 serving as the reference. For each protein,
231  the dashed boxes (left) represent predicted protein abundance in Section 1, and the solid boxes
232 (right) show observed CODEX measurements in Section 2. To reduce the impact of extreme
233  outliers in visualization, observed expression values for each protein were truncated at the 99th
234  percentile of non-zero values. All values were normalized to [0, 1]. e-g, Within-subject analysis of
235 a human atherosclerosis dataset comprising three tissue sections. e, Experimental design of
236  human atherosclerotic plaque dataset. Sections 1 and 2 were immediately adjacent and profiled
237  using 10x Xenium with different gene panels (panel 1: 314 genes; panel 2: 345 genes; 111 genes
238  shared), while Section 3 was profiled using CODEX to measure 42 proteins. All sections include
239 H&E staining. Created using BioRender.com. f, Joint segmentation results from COSIE and
240  StabMap on the atherosclerosis dataset. Cluster annotations for the COSIE results are shown on
241  the right. g, Predicted and enhanced expression patterns from COSIE. Top panels show
242  prediction of panel-specific genes and proteins across three sections. Bottom panels show
243  prediction and enhancement of genes shared between Xenium panel 1 and panel 2, where
244  enhanced and observed expression in Sections 1 and 2, along with predicted expression in
245  Section 3 (right) are shown. Solid boxes denote observed data, and dashed outlines denote
246  predicted or enhanced values. To reduce the impact of extreme outliers in visualization, observed
247  expression values for each gene were truncated at the 99th percentile of non-zero values. Several
248  key regions were magnified for clearer illustration due to the high sparsity of the observed gene

249  expression data. All values were normalized to [0, 1].
250

251 Uncovering fine-grained structures in mouse brain

12
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252 To assess COSIE’s performance on additional omics types, we next applied it to spatial
253  MALDI-Visium datasets combining 10x Visium and MALDI mass spectrometry imaging (MALDI-
254  MSI), which jointly profile H&E staining, metabolomics, and transcriptomics on the same tissue
255  section. We first analyzed an adult mouse brain dataset® (8 weeks old) from a Parkinson’s disease
256 model induced by 6-hydroxydopamine (6-OHDA), a neurotoxin that selectively depletes
257  dopaminergic neurons (Fig. 3a). As reported in the original study®, dopamine and related
258 metabolites were strongly enriched in the intact striatum, clearly delineating hemispheric
259  asymmetry. By contrast, transcriptomic and H&E data alone lacked sufficient contrast to resolve
260 this spatial distinction. Three sections were analyzed: Section 1 from one mouse, and Sections 2
261 and 3 from another. Sections 1 and 2 contained paired H&E, metabolomics and transcriptomics
262 data, while Section 3 included only H&E and transcriptomics. To ensure the same spatial
263  resolution, Visium and MALDI data were first aligned using SpaMTP?*°, and then enhanced to
264 8 x 8 um?resolution with iStar®'. To simulate real-world multimodal incompleteness, we masked
265 metabolomics data in Section 2 and H&E in Section 3. The Allen Brain Atlas annotation for P56
266  mouse brain coronal section was used as the anatomical reference (Fig. 3b). COSIE successfully
267 leveraged the available metabolomics data in Section 1 to resolve lesion-intact hemispheric
268 asymmetry across all sections (Fig. 3c¢). Notably, COSIE distinguished the lesioned (clusters 0
269 and 10) and intact caudoputamen (CP) (cluster 18), and accurately delineated laminar structures
270 (clusters 3, 6, 8, 9, 14, 19, and 20), and other brain regions, such as lateral septal complex (LS,
271  cluster 15), lateral ventricle (VL, cluster 16), corpus callosum genu/the anterior cortical nucleus of
272  the amygdala (ccg/aco, clusters 5 and 12), piriform area of the cortex (PIR, cluster 1), nucleus
273  accumbens (ACB, clusters 2 and 7), and cingulate cortex (cluster 4). COSIE also predicted
274  dopamine localization in Sections 2 and 3 where metabolites were masked, recapitulating its
275  enrichment in the intact hemisphere (Fig. 3d), a key hallmark of 6-OHDA-induced lesions,
276  whereas StabMap failed to resolve this pattern (Fig. 3c, Supplementary Fig. 5).

277 We next assessed COSIE’s ability to resolve fine-grained brain structures in a second spatial
278  MALDI-Visium dataset from mouse hippocampus. Two coronal sections from different mice were
279  profiled using the MISO* described protocol, with paired H&E, metabolomics, and transcriptomics
280 data (Fig. 3e). As before, all modalities were enhanced to 8 x 8 um? resolution. To mimic an
281  incomplete data setting, RNA was masked in Section 2. We compared COSIE with both StabMap
282 and SpaMosaic'', a method applicable to moderately sized datasets. COSIE produced

283  anatomically coherent segmentations that aligned closely with known hippocampal architecture
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284  (Fig. 3f), including the dentate gyrus stratum granulosum (DGsg, cluster 12), polymorph layer
285 (DGpo, cluster 15), and stratum lacunosum-moleculare of CA1 (CA1sIm, cluster 9). In contrast,
286  competing methods yielded noisier and less consistent segmentations. For example, COSIE
287  clearly separated the stratum oriens (CA1so) and stratum radiatum (CA1sr) into distinct clusters,
288 whereas SpaMosaic merged them into shared regions. Moreover, COSIE delineated the
289 CA2/3slm region as a distinct structure, while SpaMosaic grouped this area with clusters from
290 CA1srand CA2/3sr, failing to resolve finer anatomical boundaries. In addition, COSIE’s predicted
291  gene expression in Section 2 closely matched spatial patterns in an independent high-quality
292  Visium HD dataset obtained from a different mouse profiled by 10x Genomics (Fig. 3g,
293 Supplementary Fig. 6), demonstrating accurate signal recovery despite the original

294  transcriptomics data’s suboptimal quality.

295 Finally, we integrated the MALDI-Visium data in Section 1 with the Visium HD dataset to
296  simultaneously enhance gene expression in Section 1 and predict metabolite profiles in the
297  Visium HD section (Fig. 3h). COSIE substantially improved gene expression patterns, which
298 enabled clearer segmentation of hippocampal structures such as the DGsg (Fig. 3i,
299  Supplementary Fig. 7). Metabolite prediction in the Visium HD section also closely mirrored the
300 original MALDI measurements in Section 1 (Fig. 3j). As multimodal spatial omics data grow in
301  complexity, uneven data quality across modalities becomes a major challenge. COSIE offers a
302 unified computational solution to predict missing modalities and enhance noisy measurements

303  through cross-modal, cross-section learning.
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305 Fig. 3 | Analysis of two spatial transcriptomics—metabolomics datasets in mouse brains.

306 a-d, Application to a spatial MALDI-Visium dataset from adult mouse brains with 6-OHDA-induced
307 lesion. a, Experimental design showing integration across three brain sections from two mice.
308  Section 1 contains paired RNA, H&E, and metabolomics data; Section 2 includes RNA and H&E,
309  with metabolomics masked; Section 3 includes RNA only, with H&E masked. Created using
310 BioRender.com. b, Anatomical reference from the Allen Brain Atlas. ¢, Joint segmentation results
311 from COSIE and StabMap on the mouse brain dataset. d, COSIE-based prediction of metabolite
312  abundance. For each metabolite, shown from left to right are the observed data in Sections 1 and
313 2, and predicted values in Sections 2 and 3. All values were normalized to [0, 1]. e-g, Application
314  to the second spatial MALDI-Visium dataset from mouse hippocampus. e, Experimental design
315  showing integration across two hippocampal sections from different mice. RNA data were masked
316 in Section 2. Created using BioRender.com. f, Joint segmentation results from COSIE, StabMap
317  and SpaMosaic on the hippocampus dataset. g, RNA prediction results for Section 2. For each
318  gene, shown from left to right are COSIE-predicted expression, observed data in Section 2, and
319  the corresponding reference from a high-quality Visium HD dataset. To reduce the impact of
320 extreme outliers in visualization, observed expression values for each gene in the VisiumHD
321  dataset were truncated at the 99th percentile of non-zero values. All data were normalized to [0,
322 1]. h-j, Integration of the spatial MALDI-Visium hippocampal Section 1 with Visium HD
323  simultaneously enhances RNA quality in Section 1 and predicts metabolomics data for the Visium
324  HD section. h, Experimental design showing the integration of MALDI Section 1 with Visium HD
325 section. Created using BioRender.com. i, RNA-based segmentation results of Section 1(21
326 clusters). Top: segmentation using original RNA data; bottom: segmentation using enhanced RNA
327  afterintegration with Visium HD. j, COSIE-based metabolites prediction for the Visium HD section.
328  For each metabolite, dashed boxes indicate predicted data of Visium HD, and solid boxes show
329 observed data in MALDI Section 1. All data were normalized to [0, 1].

330
331 Recovering developmental trajectory in mouse embryo across five modalities

332 To evaluate COSIE’s ability to integrate highly heterogeneous modalities, we applied it to the
333  Spatial-Mux-seq dataset'®, which spans five distinct modalities across two E13 mouse embryos,

334  profiled at 50 um spatial resolution (Fig. 4a). Section 1 from one embryo includes H3K27ac and
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335 H3K27me3 histone modifications, while Section 2, obtained from another embryo, contains ATAC,
336 RNA, H3K27me3, and H3K4me3. This setting presents substantial challenges due to modality
337  heterogeneity and inter-subject variability. COSIE leveraged the shared H3K27me3 modality
338 (strong linkage) and additional cross-modality connections (weak linkages) to construct a unified
339 latent space. As shown in Fig. 4b,c, COSIE accurately segmented major tissue structures and
340  assigned anatomically corresponding regions to the same clusters across sections; for example,
341  the liver (cluster 2), heart (cluster 5), tongue (cluster 9), spine (cluster 4), spinal cord (cluster 8),
342  and radial glia (cluster 1). Notably, the hindbrain, present only in Section 1, was correctly identified
343  as adistinct region (cluster 7). As all modalities in this dataset are omics-based, scMoMaT" was
344  included for comparison. As shown in Fig. 4b,c, competing methods produced noisier or less

345  coherent segmentation results.

346 We next predicted missing modalities, including ATAC, H3K4me3, and RNA for Section 1,
347  and H3K27ac for Section 2. We found COSIE’s outputs aligned well with biological expectations
348  (Fig. 4d). For example, Alb (a canonical liver marker®***) and Sox2 (enriched in radial glia®)
349 showed accurate and enhanced spatial patterns in the predicted data, even when the original
350 RNA signals in Section 2 were weak. Additional examples are provided in Supplementary Fig.
351 8. To assess whether COSIE predictions preserve inter-modality relationships, we computed
352  gene-wise correlations based on the completed data matrices. As a representative example, for
353 each gene, we calculated the Pearson correlation between its ATAC and H3K4me3 profiles
354  across pixels in Section 1 (predicted data-based) and Section 2 (observed data-based),
355  respectively. We then computed the correlation between these two sets of gene-wise correlation
356  values. As shown in Fig. 4e, the result shows strong consistency (r=0.93), indicating that COSIE
357 faithfully predicts not only individual modalities, but also the underlying inter-modality relationships
358 that generalizes across subjects. Similar consistency in correlation patterns was observed across
359  other modality pairs (Supplementary Fig. 9), highlighting COSIE’s ability to predict biologically

360  meaningful multimodal interactions across subjects.

361 Finally, we performed pseudotime analysis to assess COSIE’s ability to preserve dynamic
362  spatiotemporal relationship during development. We focused on spinal cord, a region known to

363  exhibit a radial glia-to-neuron trajectory’®®

, and selected ATAC as the input modality given its
364  established role in capturing regulatory potential and cell state transitions. In Section 2, where

365 ATAC was directly profiled, COSIE-identified clusters 1 and 8 corresponded to radial glia and
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366  spinal cord, respectively. Pseudotime inference revealed a smooth spatial gradient, with central
367  cells showing lower pseudotime values, indicative of radial glia, while peripheral cells exhibited
368 more advanced pseudotime, consistent with the known trajectory from radial glia to postmitotic

369 neurons'®%®

(Fig. 4f, left panel). Notably, this trajectory closely aligned with COSIE’s
370 segmentation. To assess whether we can obtain similar trajectories from predicted data, we
371 repeated the analysis in Section 1, where ATAC was entirely missing. Remarkably, pseudotime
372  inference based on COSIE-predicted ATAC data revealed a comparable spatial continuum (Fig.
373  4f, right panel), consistent with the expected differentiation axis. These findings demonstrate that
374  COSIE predictions preserve biologically meaningful dynamics and enable accurate downstream

375 inference.
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379 a, Experimental design showing integration across two sections from two mouse embryos.
380  Section 1 contains two modalities: H3K27me3 and H3K27ac; Section 2 contains four modalities:
381 ATAC, H3K27me3, H3K4me3, and RNA. Created using BioRender.com. b, Anatomical
382  annotation for two sections. The radial glia region is annotated based on marker expression. c,
383  Joint segmentation results from COSIE, SpaMosaic, scMoMaT, and StabMap. d, Visualization of
384  COSIE-predicted and observed data for representative genes (Alb, Tbx20, Col11a1, and Sox2)
385 across the two sections. Each row corresponds to a modality (ATAC, H3K4me3, RNA, and
386 H3K27ac), and each column corresponds to a gene. Dashed boxes indicate predicted data, and
387  solid boxes show observed values. e, Cross-section consistency of gene-wise cross-modality
388 correlations. Each panel shows the correlation of gene-wise Pearson correlation coefficients
389  between ATAC and a histone modification (H3K4me3, left; H3K27ac, right), computed separately
390  within Section 1 and Section 2. COSIE-predicted ATAC and H3K4me3 data were used in Section
391 1, and COSIE-predicted H3K27ac data were used in Section 2. High concordance indicates that
392  COSIE preserves cross-modality regulatory relationships across sections. Color indicates gene
393 density. f, Pseudotime inference based on observed ATAC (Section 2) and predicted ATAC
394  (Section 1) data reveals consistent spatial developmental trajectories. Two representative
395 clusters (1 and 8), corresponding to radial glia and differentiated neurons in the spinal cord region,

396  are highlighted (top panel). The bottom panel shows pixels colored by inferred pseudo-time values.
397
398 Resolving tumor heterogeneity in human gastric cancer

399 Having established COSIE’s effectiveness on non-malignant tissues, we next applied it to
400  gastric tumor samples, which exhibit greater molecular and structural heterogeneity compared
401  with the previously analyzed data. As shown in Fig. 5a, two sections obtained from different
402 patients were profiled. Section 1 included Visium spatial transcriptomics and H&E staining;
403  Section 2 included COMET spatial proteomics (19 proteins) and H&E staining from an adjacent
404  section. The only shared modality in these two sections is H&E, which is common in real-world
405  studies. For Section 1, we applied iStar to enhance its gene expression resolution to 8 x 8 um?.
406  For Section 2, its protein abundance was quantified at the 8 x 8 ym? resolution by aligning COMET
407  to the H&E-derived superpixels. Spot-level pathologist annotations for both sections are shown in
408 Fig.5b (byl.L.and L.M.S.S.). COSIE produced anatomically coherent joint segmentations across

409 the two tumor sections and accurately delineated most key tissue regions (Fig. 5¢). Clusters 4
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410 and 14 corresponded to gastric mucosa, which is rich in glandular and immune cells critical for
411 maintaining mucosal barrier function and host defense. Clusters 6 and 10 marked gastric surface
412  epithelium and mucin-producing regions. The smooth muscle region was captured by clusters O,
413 8, 11,12, 15, 16, and 17, reflecting the organized architecture of the muscularis layer essential
414  for gastric motility. Importantly, tumor-associated regions were identified as clusters 2, 5, and 7,
415  which displayed distinct and morphologically irregular patterns that are characteristic of malignant
416 compartments. These results highlight COSIE’s ability to resolve heterogeneous tumor

417 microenvironments across different tumors and modalities.

418 We next predicted protein abundance in Section 1 and gene expression in Section 2. This
419 represents a particularly challenging scenario, as the two sections are from different cancer
420 patients and the only shared information is the H&E image. Despite the absence of matched
421  omics modalities, COSIE effectively leveraged cross-subject and cross-modality relationships to
422  predict spatially meaningful patterns (Fig. 5d). For example, for Section 1, the predicted
423  abundance for E-cadherin was enriched in gastric mucosa and surface epithelium, consistent with
424  its role in epithelial cell adhesion®’. Cytokeratin was broadly predicted across the epithelial cells
425 located in the mucosa and undifferentiated tumor regions, reflecting its retained expression in
426  poorly differentiated epithelial-derived cancer cells®. a-Smooth muscle actin (aSMA) showed
427  enrichment in smooth muscle regions, further validating the biological accuracy of COSIE’s
428  predictions. For gene expression prediction in Section 2, COSIE predictions are consistent with
429  known tissue localization (Fig. 5e). GKN1 and TFF1, markers of surface epithelium involved in

430 mucosal protection and differentiation®%4°

, were highly expressed along the luminal surface,
431 closely matching the observed data. ATP4A and PGA5*'*2 involved in acid secretion and
432  digestive enzyme production, showed strong signals in mucosa region. Smooth muscle markers
433 DES and CNN1%* were selectively expressed in the muscularis. Additional prediction results
434  are shown in Supplementary Fig. 10. Together, these results demonstrate COSIE’s robustness

435 in predicting multimodal spatial landscapes across highly heterogeneous tumor tissues.
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Fig. 5 | Analysis of human gastric cancer data.

a, Experimental design of the human gastric cancer dataset. Two sections were generated from
different patients. Section 1 included paired H&E and Visium data. Section 2 contained COMET
protein and H&E from an adjacent section. Created using BioRender.com. b, Pathologist

annotations of two gastric cancer sections. The annotation for Section 2 was derived from an

22


https://doi.org/10.64898/2026.03.03.709303
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.03.03.709303; this version posted March 5, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC-ND 4.0 International license.

442  adjacent Visium section. ¢, Joint segmentation results from COSIE and StabMap. d, COSIE-
443  based protein prediction for Section 1. Dashed boxes indicate predicted data, and solid boxes
444  show observed COMET data. All data were normalized to [0, 1]. e, COSIE-based RNA prediction
445  for Section 2. Dashed boxes show predicted expression in Section 2, and solid boxes show

446  observed RNA measurements. All data were normalized to [0, 1].
447
448  Constructing virtual tissue model in human lung cancer

449 To further evaluate COSIE’s scalability and robustness in disease contexts, we applied it to
450 lung adenocarcinoma (LUAD), a cancer type characterized by marked molecular and structural
451 heterogeneity. As shown in Fig. 6a, four LUAD sections from four different patients were profiled
452  using 10x Visium spatial gene and protein platform. To simulate incomplete data scenarios, we
453  masked certain selected modalities: protein data in Sections 1 and 2, gene expression in Section
454 3, and all but H&E staining in Section 4. Both gene and protein expression data were enhanced
455  to 8 x 8 ym?resolution with iStar. These datasets span over three million superpixels, posing both
456  scale and heterogeneity challenge that, to our knowledge, no existing methods besides COSIE
457  can address. COSIE generated coherent segmentations across the four sections, capturing both
458 normal and cancer-associated tissue structures with strong concordance to expert annotations
459  (Fig. 6b,c, annotations by L.G.). It successfully revealed fine-grained tissue features, such as
460  bronchus (cluster 10), lymphoid aggregates (cluster 18), fibrous region (cluster 20), and vascular
461  structure (cluster 21). Notably, macrophage-enriched regions (cluster 19) were detected in
462  Section 4 despite being absent from the original spot-level pathologist annotations (Fig. 6b). A
463  second round of pathologist review confirmed the presence of macrophages in COSIE-identified
464  regions (by L.G.), suggesting COSIE’s capability to support fine-grained annotation and reveal

465  subtle tissue features missed by manual review.

466 Next, we assessed COSIE’s ability for missing modality prediction, focusing on the most
467  challenging scenario in Section 4, where only H&E image is available (Supplementary Fig. 11).
468 COSIE accurately predicted gene expression, including FOXJ1, a canonical marker of bronchial
469  epithelium*, whose predicted localization matched Xenium data derived from an adjacent tissue
470  section. Predicted protein signals also reflected known biology. Quantitative evaluation showed

471 that COSIE preserved RNA-protein concordance, with Pearson correlation between paired

23


https://doi.org/10.64898/2026.03.03.709303
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.03.03.709303; this version posted March 5, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC-ND 4.0 International license.

472  modalities remaining high for both observed and COSIE-predicted data (Supplementary Fig.
473  12). Segmentation based on predicted molecular profiles also delineated major tissue structures
474  (Supplementary Fig. 13). These findings underscore COSIE’s capability as a virtual machine for

475  computational generation of multimodal spatial omics data.

476 To explore intratumoral heterogeneity, we analyzed COSIE derived segmentations in Section
477 4 and identified two distinct tumor subregions by merging spatially coherent clusters based on
478 their proximity in the integrated embedding space using Euclidean distance (Fig. 6d,
479  Supplementary Fig. 14). To investigate the mechanisms underlying LUAD aggressiveness, we
480 performed differential gene expression analysis between the two tumor subregions using COSIE-
481 predicted data and identified 200 highly expressed genes for each subregion. Gene set
482  enrichment analysis suggested Subregion 2 is more invasive (Supplementary Fig. 15). To
483 validate this finding, we conducted copy number variation (CNV) and pseudotime analyses using
484  the observed gene expression data from Section 4. CNV analysis using SpatiallnferCNV*®
485 revealed a clear phylogenetic separation between preinvasive and invasive clones, with
486  Subregion 1 enriched for preinvasive cells and Subregion 2 enriched for invasive ones (Fig. 6e).
487  Pseudotime analysis further revealed a developmental trajectory consistent with the tumor
488  progression inferred from the phylogenetic tree (Supplementary Fig. 16), confirming that

489  Subregion 2 is more invasive.

490 Next, we investigated whether candidate therapeutic targets could be identified from the
491 genes enriched in Subregion 2. We applied a multi-step filtering strategy emphasizing
492  translational potential. First, we selected genes encoding cell surface proteins based on predicted
493  subcellular location from the Human Protein Atlas*’, given their accessibility for therapeutic
494  targeting and biomarker development. Among the 26 surface protein-encoding genes, we further
495  performed survival analysis in the TCGA LUAD bulk RNA-seq samples (n = 479) to assess
496  association between gene expression and overall survival for each gene. After correction for
497  multiple testing, TM4SF1 emerged as the only gene showing a statistically significant association
498  with survival (Fig. 6f, Supplementary Table 2), underscoring its clinical relevance. TM4SF1 is a
499 tetraspanin-like surface protein implicated in cell migration, proliferation, and tumor progression,
500 and has been reported as a marker of cancer stem-like cells and poor prognosis in multiple
501 epithelial malignancies**“°. Identifying TM4SF1 not only highlights a surface-accessible marker

502 linked to tumor aggressiveness, but also provides a promising entry point for therapeutic
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503 development in LUAD. These findings demonstrate the utility of COSIE-predicted gene

504  expression in uncovering biologically informative and potentially druggable targets.

505 Building on these findings, we applied COSIE to integrate Section 4 with LUAD samples from
506 TCGA using only their H&E images (Fig. 6g). Section 4, with COSIE-predicted gene expression
507  from the prior integration (Fig. 6a), served as the reference. Two TCGA samples were selected
508 based on their TM4SF1 bulk RNA-seq levels and survival outcomes: one with high expression
509 and short survival, the other with low expression and long survival. COSIE successfully
510 transferred the spatial architecture from Section 4 onto the TCGA samples, identifying key tissue
511 regions such as bronchus, vascular structure, fibrous region, and lymphoid aggregates
512  (Supplementary Fig. 17), and resolving two tumor subregions (Fig. 6h, Supplementary Fig. 18).
513  These closely matched subregions identified in Section 4 from the prior integration (Fig. 6d),
514  highlighting COSIE’s reproducibility. In the short-survival sample, the more invasive subregion
515  (Subregion 2) was enriched at the tumor periphery, while this pattern was weaker in the long-term
516  survival sample. COSIE also predicted high resolution spatial gene expression for the two TCGA
517  samples (Fig. 6i, Supplementary Fig. 19). TM4SF1 again exhibited peripheral enrichment in the
518  short-survival case. Notably, this integration was based solely on H&E, and the reference gene
519  expression in Section 4 was itself predicted, demonstrating COSIE’s ability to infer biologically
520  meaningful structures from incomplete inputs. These capabilities represent a foundational step

521 toward virtual spatial omics.
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523  Fig. 6 | Analysis of human lung cancer data.

524  a-f, Integration of human lung cancer data across four sections. a, Experimental design of the
525  human lung cancer dataset. Four sections were obtained from four different patients, and profiled
526  using 10x Visium spatial gene and protein platform, generating paired H&E, RNA, and protein
527 data. To simulate an incomplete data scenario, protein data were masked in Sections 1 and 2,
528 RNA data were masked in Section 3, and only the H&E image was retained in Section 4. In total,
529 the dataset contains over 3 million single-cell resolution superpixels. Created using
530 BioRender.com. b, Pathologist annotations of four lung cancer sections. ¢, Joint segmentation
531 results from COSIE. For visualization, representative structures were highlighted with their
532  assigned cluster colors, and all other regions are shown in gray. A second-round pathologist
533 review was conducted for cluster 19 to confirm the COSIE-identified macrophages-rich
534  superpixels. d, Two tumor subregions identified by COSIE of Section 4. e, Clone type
535 identification of Section 4. Left: spatial distribution of clone types identified based on observed
536  spot-level gene expression data, where each spot is colored by its assigned clone identity inferred
537 from CNV profiles. Right: reconstructed phylogenetic tree structure, highlighting the clonal
538 evolution from early lesions to preinvasive (B1, B2) and invasive clones (C1-C2, D1-D3). f,
539  Kaplan—Meier curves showing overall survival of LUAD patients stratified by TM4SF1. Survival
540  analysis was performed on the TCGA-LUAD cohort (n = 479) using GEPIA2, with a 75% cutoff to
541  define high and low groups. Statistical significance was assessed using the log-rank test. Dotted
542 lines indicate the 95% confidence interval. g—i, Integration of Section 4’s H&E image and
543  predicted RNA data with two TCGA H&E-only sections using COSIE. g, Experimental design
544  llustrating COSIE-based integration of Section 4 with two TCGA sections. Section 4 used H&E
545 image and predicted RNA data from prior four-section integration. The two TCGA samples,
546  selected based on TM4SF1 bulk RNA-seq levels and survival, include one from a short-term
547  survivor with high TM4SF1 expression and one from a long-term survivor with low expression.
548 Both samples contain only H&E images. h, Tumor region identification in two TCGA sections
549  through integration with Section 4 by COSIE. i, Visualization of COSIE-predicted spatial
550 expression of TM4SF1. For Section 4, spatial gene expression was predicted from prior four-
551  section integration. For the two TCGA sections, spatial gene expression was predicted using

552  Section 4-predicted gene expression.

553
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554  Generalizability across tissues and technologies

555 We further evaluated COSIE’s generalizability across different tissue types and spatial omics
556  technologies. As shown in Supplementary Fig. 20, COSIE was applied to human tonsil sections
557  profiled by 10x Visium spatial gene and protein platform. It effectively integrated two sections,
558  consistently identifying all germinal centers (GCs). Predicted molecular profiles data exhibited
559  strong spatial concordance with observed data; for example, PCNA, a canonical GC marker®,
560 showed consistent spatial localization between the predicted and measured signals. Gene—
561  protein correlations were also well preserved, further supporting the biological fidelity of COSIE’s
562  predictions. In the diffuse large B-cell lymphoma (DLBCL) dataset (Supplementary Fig. 21),
563  COSIE successfully propagated CosMx gene expression from limited field-of-views (FOVs) to the
564  entire tissue core and enabled prediction of CODEX protein expression from H&E alone.
565  Additional analyses shown in Supplementary Fig. 22 demonstrate COSIE’s effectiveness on
566 mouse spleen data profiled by SPOTS®. SpaMosaic also performed well on this dataset. A

567  summary of all datasets analyzed in this study is provided in Supplementary Table 1.

568
569 Discussion

570 In this work, we introduced COSIE, a general-purpose virtual machine designed to advance
571  toward computationally complete spatial omics by integrating, predicting, and enhancing
572  multimodal spatial omics data across tissue sections, individuals, and platforms. COSIE enables
573 unified analysis across datasets with heterogeneous and incomplete modality coverage,
574  addressing one of the key bottlenecks in current spatial biology: the lack of comprehensive, high-
575 quality multimodal omics measurements in individual tissue sections. Unlike existing
576 computational tools that are often restricted to two modalities or require paired observations,
577  COSIE flexibly scales to multiple omics layers, different modality combinations, and variable
578  spatial resolutions. It is also highly efficient; for example, COSIE completed training process for
579 integrating four human LUAD sections encompassing over 3 million single-cell resolution
580  superpixels in 23 minutes on a single NVIDIA A100 GPU with 80 GB memory. By contrast, existing
581 methods such as SpaMosaic are not scalable to large spatial datasets, and StabMap requires

582  substantially longer training times on datasets where it is applicable (Supplementary Fig. 23).
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583 We validated COSIE extensively across a diverse panel of real world datasets, spanning
584  eight modalities, including histology, chromatin accessibility, histone modifications (H3K27me3,
585  H3K27ac, H3K4me3), transcriptomics, proteomics, and metabolomics, generated from 10 widely
586  adopted spatial profiling technologies, comprising Visium, Visium HD, Xenium, CosMx, CODEX,
587 COMET, 10x Visium spatial gene and protein platform, SPOTS, Spatial-Mux-seq, and spatial
588 MALDI-Visium. These datasets covered a wide spectrum of tissue types and biological contexts,
589 from mouse brain, embryo, and spleen, to human tonsil, lymph node, periodontal disease,
590 atherosclerotic plaque, gastric cancer, and lung cancer, reflecting a continuum of biological states,
591  from normal physiology to inflammation and malignancy. COSIE seamlessly integrated data from
592  similar and distinct modalities, even when generated by different panels or platforms, and
593  performed consistently across spatial scales, from thousands of low-resolution spots to millions
594  of single-cell resolution superpixels within and across individuals, all processed under a single set
595  of default hyperparameters, without dataset-specific tuning. This robustness demonstrates
596 COSIE’'s wide applicability, user-friendliness, and accessibility for the broader research

597  community.

598 Importantly, COSIE enables not only cross-modality integration but also virtual prediction of
599  unmeasured modalities from limited or single-modality input. Across normal and diseased tissues,
600 COSIE predicted spatially coherent and biologically meaningful molecular profiles. For instance,
601 it predicted intact hemisphere-specific dopamine metabolite in mouse brain, inferred
602 developmental trajectories in mouse embryo through virtual ATAC analysis, and transferred high-
603  resolution gene expression maps to TGCA LUAD samples with only H&E input, using a reference
604  section whose gene expression was itself virtually predicted. This layered, cross-sample, cross-
605  subject propagation of virtual molecular information, building predictions on top of predictions,
606 exemplifies COSIE’s unique capacity to disseminate molecular insights across tissues,
607 individuals, and cohorts. By bridging histology with omics data in a fully computational manner,
608  COSIE offers a powerful framework for augmenting traditional pathology and extending molecular
609 analysis to large-scale archival datasets lacking spatial omics measurements, with strong

610  potential for translational and clinical applications.

611 Despite these strengths, several limitations remain. COSIE’s performance may degrade in
612  extreme settings where all input modalities are simultaneously sparse or noisy. Additionally, while

613  COSIE provides a unified framework for multimodal spatial omics integration, it currently operates
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on static snapshots and does not explicitly model temporal dynamics, such as development or
disease progression. Future extensions to jointly capture spatiotemporal trajectories and cellular

lineage relationships would further expand COSIE’s capabilities.

In summary, COSIE provides a scalable, flexible, and generalizable solution to key limitations
in spatial omics. Without COSIE, generating multimodal spatial omics datasets with complete
molecular modality coverage at the scale investigated in this paper would be experimentally
infeasible. By addressing this otherwise intractable challenge, COSIE reduces experimental cost
and burden, enhances data quality, and enables deeper biological discovery. COSIE marks a
major step toward computationally complete, high-resolution digital twins of tissues, advancing

the broader vision of virtual tissue models for biomedical research and precision medicine.
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624 Methods

625 COSIE framework
626 Omics data preprocessing

627 COSIE is able to integrate diverse omics modalities across multiple tissue sections, including
628 epigenome (ATAC-seq, histone modifications), transcriptome, proteome, and metabolome data.
629 Each modality undergoes a tailored preprocessing pipeline reflecting its unique characteristics.
630 For ATAC and histone modification data, gene activity scores are first computed as proxies for
631 regulatory activity, followed by library-size normalization and log transformation. For
632 transcriptomic data, the top 3,000 highly variable genes (HVGs) are selected, then raw counts
633  are library-size normalized and log-transformed. For protein data generated using 10x Visium
634 platform and CODEX, we apply centered log-ratio (CLR) transformation to normalize expression
635 values. For COMET protein data, background signal is first subtracted using designated
636  background channels. We then remove background peaks by estimating the dominant
637  background mode from the intensity distribution and clipping low-intensity values to enhance
638  contrast. Finally, an inverse hyperbolic sine transformation is applied to stabilize variance across
639 markers. Metabolomic data are preprocessed analogously to RNA, including library-size
640 normalization and log transformation. After these modality-specific steps, each omics layer is
641  standardized via Z-score normalization. Principal component analysis (PCA) is applied to reduce
642  dimensionality, retaining the top 50 principal components as input features. In cases where a
643  modality is measured across multiple sections, HVGs are identified by intersecting across those
644  sections before applying the modality-specific preprocessing. To further mitigate batch effects
645 and facilitate cross-section integration, Harmony®' is applied on the PCA outputs, yielding batch-

646  corrected feature representations.
647
648  Extraction of histology image features

649 Many spatial omics technologies generate paired H&E-stained histology images, which
650 provide rich morphological context as a complementary source to molecular profiles. In addition
651 to omics data, COSIE can incorporate H&E images as an additional modality. To effectively

652  extract histological features, COSIE adopts the UNI model®, a self-supervised vision transformer
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653  built upon the ViT-Large (Patch16, 224) architecture. COSIE performs hierarchical feature
654  extraction to capture both global and local morphological context. Specifically, for each cell, a 224
655  x 224-pixel image patch centered on its coordinates is extracted and fed into the UNI model. The
656  CLS token from the final transformer layer is used as the global representation, summarizing the
657 overall tissue characteristics around that cell. To capture local histological detail, COSIE
658  additionally extracts the embedding corresponding to the 16 x 16-pixel central region of the patch
659 from UNI, aligned with the cell location. The global and local representations are then
660 concatenated to form the final image-derived feature vector for each cell. This hierarchical feature
661  extraction ensures that both global tissue organization and fine-grained histological details are
662 effectively captured, providing a valuable morphology-based feature for multimodal integration.
663  The resulting image features are then reduced to 50 dimensions via PCA, consistent with the

664  preprocessing of omics data.

665 Given S tissue sections, let N° denote the number of cells in Section s. M* € M represents
666 the set of observed modalities of Section s, where M is the set of all modalities across all sections.
667  |M| denotes the total number of modalities. The input data for COSIE, including all omics layers
668 and histology-derived features, can be represented as X = {X*™|s € S,m € M®}, where X*™

669 represents the feature matrix of modality m in Section s.
670
671  Cross-section linkage construction

672 After data preprocessing, COSIE establishes cross-section linkages to guide the subsequent
673 integration of spatially separated sections. These linkages connect cells across different sections
674 by leveraging both shared-modality correspondences and biologically related cross-modality
675 relationships. Specifically, COSIE constructs two types of linkages between section pairs: (1)
676  strong linkages between shared modalities, and (2) weak linkages across modalities. Below, we

677  describe each type of linkages in detail.

678 Strong linkages between shared modalities. If a modality m is present in both Section s; and
679  Sections,, COSIE links cells across the two sections based on nearest neighbor (NN) matching

680 in the feature space. Formally, for each cell in Section s;, COSIE finds its NN in Section s, using
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681  Euclidean distance on features of modality m. This defines a directed linkage set from s, to s, for

682  modality m as

683 Cot 2™ ={@ )i € {1,..., N1}, j* = argminjeqy,. ns2y DX, X2,

i )

684 where D(- ) represents the Euclidean distance measurement. To obtain the overall strong

685 linkage from s; to s,, we take the union over all shared modalities as

686 Co% = U csimsem
S S *
meEMS1NMS2
687 Similarly, the reciprocal linkage from s, to s; can be obtained as
688 Cot ™ = {0, ) € {L,..., N2}, i* = argminieqy,. o1y DX, X2 ™)},
689 = | e
S S *
meEMS1NMS2
690
691 Weak linkages across modalities. For sections that contain different but biologically related

692 modalities (e.g., RNA-protein, RNA—epigenomics), COSIE constructs cross-modality weak
693 linkages leveraging the known molecular correspondences between modalities. Given a pair of
694  Sections s; and s,, suppose s; contains protein data and s, contains RNA data. We first identify

695  shared molecular features based on known RNA-protein correspondence knowledge, resulting in

696 two feature matrices X and X We normalize each matrix to the same total count
697  (setting each cell’s total expression to the median across both datasets) to account for differences
698 in scale and sequencing depth. We then apply NN search to construct weak linkages from s; to
699 s, as

700 Cvilk—»SzaPTO—RNA — {(l,]*)ll € {1’ B .,NSl},j* — argminje{l’szz} D()—(isl,PTO’Y]-'S'ztRNA)}.
701 We repeat this for all relevant cross-modality pairs. Taking the union of all available weak

702 linkages gives the overall weak linkage set from s, to s, as
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S19Sy _ S1—Sp;ml—-m2
703 Cote == Cot ,

(m1,m2)eEMyk

704 where M,,, denotes the set of modality pairs that have known correspondences. The

705  reciprocal weak linkage from s, to s; is constructed as

- - P . . . —S1,P —S2,RNA
706 Coz v NATETO — (i) |f € {1,..., N*2},i* = argminie, vy DO X))
- S,—s1,m2—-m1l
707 C27% = c :

(m2,m1)EMyk

708 Subsequently, the complete linkages between s; and s, are formed by combining both

709  strong and weak linkages as

710 Csl—>52 — CSt1—>Sz U Cslk—>sz
S w ]

711 CSZ_)Sl — C;tz_)sl U C‘;Zk_)Sl-

712 By applying this process to every pair of sections, COSIE obtains a comprehensive cross-

713  section linkage set that captures both intra-modality correspondences and inter-modality

714  biological relationships. The complete linkage set across all sections is defined as

715 c = U s

716 which will guide the subsequent cross-section integration process. By default, COSIE
717  computes both strong and weak linkages for all available omics layers to ensure comprehensive
718  cross-section alignment. However, COSIE also has the flexibility to specify custom linkage
719  settings, allowing the exclusion of certain modality pairs that may negatively impact integration.
720 This is particularly useful in cases where specific input modalities exhibit poor data quality,

721 ensuring that the constructed linkages remain biologically meaningful and robust.
722

723  Graph construction
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724 Assuming that spatially adjacent cells and those sharing similar molecular features tend to
725  be closely related, COSIE captures these relationships by constructing undirected cell graphs for
726  each observed modality in each tissue section, comprising two types of edges: spatial proximity
727  edges and feature similarity edges. To model spatial context, COSIE first constructs spatial graph
728  based on cell coordinates. For each Section s, the spatial graph is defined as Gg,,, = {V?, Egpq},
729  where VS = {v} {"251 denotes the set of cell nodes. The edge set £3,, is determined by physical
730  proximity, where an edge e;; € Es),, is formed if cell j is among the K, nearest neighbors of cell

731 i. The collection of spatial graphs across all sections is denoted as G, = {Gspqls € S}.

732 Next, to model feature similarity, a separate graph is constructed for each available modality
733 min Section s, denoted as G, = {V°,E;,;}. An edge e;; € E;,; is established if cell j is within
734  the K., nearest neighbors of cell i in the feature space. The complete set of feature graphs is

735  denoted as Gsoq = {G7oy|s € S,m € M5},

736 Finally, COSIE combines both spatial and feature-based edges for each modality m in
737  Section s, yielding a unified graph as ¢>™ = {V°,ES™}, where ES™ = E§,, U E}f'e’g. The graph

738  structure can be represented by a binary adjacency matrix A>™, where

739 asm = {1' if eij € Epa U Epcq
] 0, otherwise.
740 This graph construction ensures that each cell is connected to others that are either

741 physically nearby or molecularly similar. By retaining both local spatial structure and intrinsic
742  feature relationships, these cell graphs enable COSIE to leverage complementary information

743  from tissue organization and multimodal profiles.
744
745  Modality-specific encoding with graph autoencoder

746 With both input features and graph structures prepared, COSIE next learns a modality-

747  specific latent representation for each cell using graph autoencoders (GAEs)*?. Each modality m
748  is assigned a dedicated GAE to aggregate information from neighboring nodes into central node.

749  Given input feature X*™ and adjacency matrix A™ for modality m in Section s, the encoding
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750  process is carried out using an L-layer Graph Convolutional Network (GCN)®. The representation
751  atthe l-th layer (I € {1,...,L}) is given by

752 ZP™ = AT ZIWT + b,

753 where AS™ = DSm3ASmDSm; is the normalized adjacency matrix, and D;"™ = X; Aj™ is
754  the degree matrix. W/™ and b;" are the trainable weight matrix and bias vector for modality m,
755  respectively. §(-) denotes the nonlinear activation function. The input of the encoder is Z;™ =
756 XM, and the output Z5™ = Z;™ represents the modality-specific latent embedding with
757  dimension d.

758 To reconstruct the original node features from the latent embeddings, the decoder takes Z5™
759  as input and applies another L-layer GCN. Specifically, the representation at the I-th layer (I €
760 {1,...,L}) of decoder is computed as

761 Zp™ = §(AS™ZITWM + b,

762 where W™ and b" are the trainable parameters of decoder for modality m, and Z;™ = Z5™.

sm

763  The final reconstructed feature matrix is obtained at the last layer as Xs™ = 7

764 COSIE aims to minimize the feature-wise reconstruction loss, which quantifies the difference
765 between the reconstructed features X>™ and the original input XS™. The overall reconstruction

766 loss is computed by summing across all tissue sections and observed modalities as

767 Lyec= ) > [J@sm—xsm||>

SES meMS

768 This reconstruction loss serves as the supervisory signal, guiding the encoder to learn
769  informative modality-specific embeddings while preserving the structural relationships encoded in
770  the graph. The complete set of learned embeddings across all observed modalities is denoted as

771 Zops = {Z5™ € RV *4|s € S, m € MS}.
772

773  Information-theoretic multimodal learning within section
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774 After obtaining the embeddings for each observed modality, COSIE then performs within-
775  section multimodal joint learning. In this stage, modalities measured in the same section are
776  integrated, and the representations for missing modalities are predicted. This step is essential for
777  enhancing the representation of spatial multimodal data and inferring modalities that are not
778 observed for a given cell. Inspired by information-theoretic multimodal learning®, COSIE
779 incorporates both contrastive learning and cross-modality prediction module to improve

780  representation consistency across different modalities.
781

782 Contrastive learning for paired modalities. For modalities that are jointly measured in the
783  same section, COSIE enforces cross-modality consistency by contrastive learning. For example,
784  consider H&E image and RNA expression present in Section s;, we have obtained their
785  embeddings Z5+'™9 and ZSvRN4 from the modality-specific encoders. The goal of contrastive
786 learning is to maximize the mutual information between these two representations, ensuring they
787  capture shared biological signals, while simultaneously retaining modality-specific information.
788  This is achieved by optimizing an information-theoretic contrastive loss as

789 15V JImg—RNA _ (I(Zsl'lmg,zsl'RNA) +]/(H(Zsl’lmg) +H(Zsl’RNA))),

cl

790 where I(:,) represents the mutual information between the embeddings, and H(-) represents
791  the entropy regularization term. The positive coefficient y controls the balance between mutual

792  information maximization and entropy regularization.

793 To approximate the mutual information, we estimate the joint probability distribution between

794  75vImg gnd zS5vRNA defined as

NS1
_ S1,Img s RNA
795 Puy = N51221 s
796 where P € R%*4 captures the statistical dependency between two embeddings. We then

797  symmetrize and normalize P to ensure it forms a valid probability distribution as

P+pPT

798 N 2 Zu,v Puv.
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799 The contrastive loss is given by
d d p
A —RNA
800 LS& mg = — 2 2 Pw,log #,
u=1v=1 u v
801 where P, and P, denote the marginal probability distributions, obtained by summing over the

802 rows and columns of P, respectively. Since contrastive learning is applied to all paired modalities
803  within each section, the final total contrastive loss is computed as

804 Ly = 2 2 [Smms,

cl
SES (mq,my)EMS

805 By jointly optimizing this loss, COSIE achieves robust integration between paired modalities,

806  while preserving the intrinsic biological signals unique to each modality.
807

808 Cross-modality prediction via bi-directional predictors. Multimodal spatial omics data always
809 suffer from missing modalities, where certain molecular profiles cannot be simultaneously
810 measured across all sections. To address this issue, we introduce a bi-directional prediction
811 module, which learns the relationship between paired modality embeddings and enables the
812 inference of missing modality representations. Specifically, given a set of paired modalities,
813  COSIE trains a bi-directional predictor network to model the transformations between them. For
814  example, considering paired image and RNA embeddings in Section s; again, we define the bi-

815  directional predictors between image and RNA as

816 ZspRNA|ImG — frnajimg (Z5+'m9),
817 Z"sl,lmg|RNA — fImg|RNA(ZSl'RNA)v
818 where fryajmg () @and fingrva (") represent the predictors that transform embeddings from

819 image to RNA and RNA to image, respectively. We implement these predictors by multilayer
820  perceptron (MLP), which take the embedding from one modality as input and generate a
821 transformed representation in the target modality space. ZSvRN4lmJ denotes the predicted RNA

822 embedding, and ZSvm9IRNA denotes the predicted image embedding. COSIE trains these
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823  predictors by minimizing the cross-modality prediction loss that penalizes the difference between
824  the predicted embeddings and the actual embeddings. For the image-RNA example in Section
825 4, the prediction loss is formulated as

S1,Img—RNA __
826 Lk =

~ 2
|Zsl,RNA|Img _ Zsl,RNA”2 +

|Z"sl,lmg|RNA — 75ulmg ”2
2

827 COSIE extends this loss across all sections and all pairs of modalities that are considered

828  predictable from one another. The total prediction loss is given by

829 Le= ). Y. LT

SES (mq,my)EMS

830 This prediction module provides two key advantages. First, the prediction loss can be
831 interpreted from an information-theoretic perspective. The bi-directional prediction process is
832 intrinsically to minimize the conditional entropy H(Z™1|Z™2) and H(Z™z|Z™1) between two paired
833  modalities m; and m,. By learning predictors that accurately reconstruct one modality from the
834  other, COSIE encourages the representation Z™: to be fully determined by Z™z and vice versa,
835 thereby reducing H(Z™1|Z™2) and H(Z™z2|Z™1). This complements the contrastive loss, which
836  maximizes the mutual information 1(Z™1,Z™2). These two objectives benefit each other and

837  together lead to a more accurate cell representation.

838 Second, the trained predictors enable the prediction of missing modality embedding,
839 ensuring a complete multimodal representation for each cell. For each missing modality, its
840  predicted embedding is inferred from available modality embeddings using the trained predictors
841  within the same section. If multiple observed modalities can predict the missing one, COSIE uses
842  all relevant predictors and averages the resulting predictions to obtain the predicted embedding.

843 If no predictors are available for a missing modality, an all-zero matrix is assigned. We denote the

844  set of predicted embeddings as Z = {Z5™ € R¥"*?|s € S, m ¢ M*}.

845 Finally, for each cell we concatenate its learned encoder embedding and predicted

846  embeddings for missing modalities as

847 Zieu = (lmemsZ*™ (UlmemsZ5™).
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848 The set of cell embeddings across all sections is then represented as Z..; = {Z:,; €
849 RN*UMId)|s e §}. Here || denotes the concatenation operation along the feature dimension. This
850 formulation ensures that every cell retains a complete multimodal representation, allowing for a
851 unified and comparable embedding space across different sections, even when certain modalities

852  are missing.
853
854  Cell neighborhood-level triplet learning across sections

855 To align cells across different tissue sections in a universal feature space, COSIE
856  subsequently performs cross-section integration based on the previously constructed cross-
857  section linkage. This process is conducted at the cell neighborhood level, ensuring that local
858  spatial structures are well preserved. Specifically, for Section s, we leverage the pre-established
859  spatial edges Eg,, to derive cell neighborhood embeddings. Given a cell i in Section s, its cell

860 neighborhood embedding is computed as

1
861 280l =— > Zzuli]
spa S
eijEEspa
862 The complete set of cell neighborhood embeddings across all sections is then defined as

863  Z., ={Z5, € RV*UMD) |5 e g},

864 By incorporating cell neighborhood embeddings, COSIE enables cells with similar spatial
865  contexts to exhibit consistent representations across sections, facilitating robust cross-section
866  alignment. Next, we propose a triplet loss that leverages both the previously constructed cross-
867  section linkages and cell neighborhood embeddings. For a given pair of Sections s; and s,, and
868  taking cells in s; as anchors, the positive samples are cells in s, that are linked to the anchor in
869 cross-section linkage €517z, while the negative cells are randomly selected from Section s;. The
870 triplet loss can be formulated as

871 B = Y max(DELLZEU) - DELLZSKD + 6,0),

tri T |s1—S
|C51 Zl(i_j)ec51—>52
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872 where |C17%2| is the number of cross-section linkages in €517z and k denotes the randomly
873  sampled negative cell from Section s;. g is the margin hyperparameter that ensures the anchor-

874  positive pairs remain closer than the anchor-negative pairs.
875

876 Similarly, when treating cells in s, as anchors and linking them to corresponding positive cells
877  in s; through C%27%1, the triplet loss is computed symmetrically. By extending across all section

878  pairs, the final triplet loss is given by

879 Liri = Z L
s,s'es
s#s’
880 This loss encourages the encoder to produce biologically meaningful and batch-corrected

881  embeddings by pulling linked cell pairs closer and pushing unrelated pairs apart. At the same time,
882 local spatial relationship is well-preserved through the use of neighborhood embeddings. After
883  training, cells with analogous phenotypes in different sections will end up close in the unified

884  embedding space, whereas dissimilar cells remain apart.
885
886  Overall loss function

887 Finally, the overall objection function of COSIE integrates all the components and is

888  expressed as
889 L= LT@C + /‘llLCl + AZLpTE + /‘13Lt‘r'i!

890 where 1,, 1, and A; are the balanced factors. The training process of COSIE follows a staged
891  strategy to stabilize training as new objectives are gradually introduced: Initially, both 1, and A5
892  are setto 0, and only the graph autoencoder module is trained. At this stage, the model focuses
893  on learning meaningful latent cell embeddings from raw input data while enforcing within-section
894  consistency through contrastive learning. Once the embeddings get more stable (we set epoch
895  100), the cross-modality prediction module is introduced by setting 1, to 0.2. This enables COSIE

896 to infer missing embeddings across different modalities based on learned relationships. From
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897  epoch 200, as the prediction module becomes stable, we incorporate the triplet loss by setting 45
898 to 1.0. At this stage, missing cell representations are completed, and neighborhood-level triplet
899 learning is leveraged to integrate multiple sections while maintaining local spatial coherence. After
900 training, the final representation of each cell Z¢;,,,; is obtained by averaging its cell embedding
901 and cell-neighborhood embedding, ensuring the preservation of both intrinsic biological
902 information and spatial context within its microenvironment. This unified representation is utilized

903 for various downstream analyses.
904
905 Missing omics data prediction

906 With the unified embedding space well established, COSIE enables the prediction of missing
907 omics data by leveraging cross-section cell similarities. Specifically, for a given section with
908  missing modality m, COSIE performs KNN search in the embedding space to retrieve K;,,,, cells
909 from other sections that have observed data for modality m. The missing data is then predicted
910 by averaging the expression values of the retrieved neighbors. This embedding-based retrieval
911  strategy enables COSIE to borrow information from highly similar cells, regardless of their spatial

912  origin, and flexibly complete partially observed modalities.
913
914  Scaling to large-scale datasets

915 Recent advances in spatial omics technologies have led to increasingly large datasets with
916  hundreds of thousands or even millions of cells, posing significant computational challenges for
917  graph-based learning frameworks. To ensure scalability, COSIE adopts a spatially aware

918  subgraph partitioning and batch-wise training strategy.

919 Specifically, each tissue section is divided into several spatial subregions along the x and y
920 axes. All modalities within a section are partitioned in a consistent manner, ensuring that each
921  subgraph contains matched data. COSIE then constructs spatial and feature similarity graphs
922  independently within each subgraph. Instead of computing linkages between entire sections,
923 COSIE now computes cross-subgraph linkages between all pairs of subgraphs across different

924  sections. During training, COSIE performs optimization in a batch-wise fashion. This subgraph-
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925 level batching drastically reduces memory usage while maintaining learning effectiveness,
926 allowing COSIE to process large-scale datasets. In the final evaluation stage, embeddings are
927  computed on the full graph for each section to ensure global consistency. To further alleviate data
928  sparsity and reduce computational complexity, COSIE supports spatial meta-cell construction by
929  aggregating every four spatially adjacent cells into a single meta-cell. This strategy accelerates

930 training on large-scale datasets while preserving local spatial architecture.
931
932 Hyperparameters

933 COSIE adopts a consistent set of hyperparameters across all datasets. For the graph
934  construction, we use Kj,, = 5 for the spatial graph, and K., = 30 for the feature similarity graph.
935 COSIE is trained for 600 epochs using the Adam optimizer with a learning rate of 0.0001. The
936 coefficient y in the contrastive loss is set to 5. The balanced factors in the overall loss function
937 aresettol; =0.1, 4, = 0.2, and A; = 1.0. The margin hyperparameter f is set to 1. The graph
938 autoencoder consists of two layers with hidden dimensions [256, 128]. The bi-directional

939  predictors are all implemented with MLP with hidden dimensions of [512, 512].
940
941  Clustering analysis

942 All clustering was performed using the K-means algorithm. To examine the relationships
943  among clusters, we computed the centroid of each cluster by averaging the representations of all
944  cells assigned to that cluster. These centroids reflect the global embedding characteristics of each
945  cluster within the integrated space. Hierarchical clustering was then performed on the centroid
946  matrix using average linkage via the scipy.cluster.hierarchy.linkage function. The resulting
947  dendrogram, generated using scipy.cluster.hierarchy.dendrogram, was used to visualize the
948  structural similarity between clusters. Clusters with closely positioned centroids were interpreted
949  as having similar spatial characteristics. This dendrogram guided post hoc cluster merging, in

950  which clusters with closely located centroids were aggregated.

951
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952  Spatial registration across modalities

953 To perform spatial alignment between H&E images and other spatial omics data, we
954  employed affine transformation based on manually annotated landmark pairs. The affine
955 transformation matrix was estimated using the cv2.findHomography function with the RANSAC
956  algorithm to ensure robustness against outliers. The resulting transformation was then applied to
957  the source coordinates using cv2.perspective Transform, enabling all modalities to be spatially

958 mapped into a common coordinate system.
959
960 Differential expression and functional enrichment analysis

961 We performed differential gene expression analysis using the Wilcoxon rank-sum test as
962 implemented in the scanpy.tl.rank_genes_groups function®®. Cells were grouped based on their
963 cluster labels. Functional enrichment analysis based on detected differentially expressed genes

964  was carried out using g:Profiler®®.
965

966 Pseudotime analysis

967 Trajectory inference on the mouse embryo ATAC data was performed using Slingshot®’

968 (v2.16.01), based on principal component analysis (PCA). For Section 1 and Section 2, we used
969 predicted and observed ATAC data, respectively. For the lung cancer dataset, we employed
970 diffusion pseudotime (DPT)® analysis via Scanpy to accommodate the large data scale. After
971  dimensionality reduction using PCA, we constructed a k-nearest neighbor graph (k=15, 30 PCs)
972 and applied Leiden clustering (resolution=0.5). DPT was then computed using 10 diffusion

973  components, with the root defined as the normal lung cluster.
974
975  Copy number variation inference

976 We used the SpatiallnferCNV*® R package to infer genome-wide copy number variations

977  (CNVs)from Visium spatial transcriptomics data for the LUAD sample, following the official tutorial
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978  (https://aerickso.github.io/SpatiallnferCNV/). Clones were identified based on clustering of CNV
979  profiles, and a subset of spots with minimal CNV signal and consistent with histologically normal
980 epithelium was selected as the reference. Final CNV inference was then performed using this
981 reference population. To reconstruct clonal phylogenies, we computed pairwise distances
982  between clone-level consensus CNV profiles and applied the Neighbor-Joining method®. Clone
983 identities were subsequently assigned to all spots based on their positions within the resulting

984  dendrogram.
985
986  Survival analysis

987 Survival analysis was conducted using the interactive web-based platform GEPIA2%°
988  (http://gepia2.cancer-pku.cn/#survival), based on the TCGA LUAD cohort (Fig. 6, human lung
989 cancer-related). Kaplan—Meier curves were generated to compare overall survival between
990 patients with high versus low gene expression. A 75% percentile cutoff was applied to stratify
991 patients into high and low expression groups. Statistical significance was assessed using the log-

992  rank test. The dotted lines in the survival plots indicate the 95% confidence intervals.
993
994  Competing methods

995 StabMap'? was implemented following the tutorial
996 (https://marionilab.github.io/StabMap/articles/stabMap_PBMC_Multiome.html). After obtaining
997  the StabMap embeddings, we further applied Harmony for batch correction, as recommended by
998  the authors. scMoMaT " was implemented using its Python package (v0.2.2), following the tutorial
999  provided at GitHub (https://github.com/PeterZZQ/scMoMaT/blob/main/demo_scmomat.ipynb).
1000  SpaMosaic' was implemented according to its documentation
1001  (https://spamosaic.readthedocs.io/en/latest/). StabMap used the same input preprocessing as
1002 COSIE, while scMoMaT and SpaMosaic employed their own custom normalization. All methods
1003  produced low-dimensional embeddings, which were subsequently used for clustering and

1004 visualization.

1005
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1006  Training and running time

1007 All COSIE experiments were conducted using a single NVIDIA A100 GPU with 80 GB
1008  memory. Model training time of COSIE and competing methods on each dataset was summarized
1009 in Supplementary Fig. 20. Among all datasets, the four-section integration in human lung cancer
1010 dataset was the largest, consisting of over 3 million superpixels across tissue sections. COSIE
1011 completed the training step on this dataset within 23 minutes, with a peak GPU memory usage of
1012  approximately 65 GB.

1013
1014  Periodontal disease and diffuse large B-cell ymphoma data generation

1015 Periodontal disease and diffuse large B-cell ymphoma (DLBCL) datasets were generated
1016  following the IN-DEPTH strategy’. For the periodontal disease data, formalin-fixed paraffin-
1017 embedded (FFPE) tissues were sectioned at 5 um thickness on SuperFrost 697 glass slides
1018 (VWR, 48311-703) and were provided by D.M.K. from Harvard Dental School (IRB# 22-0587).
1019  Two adjacent sections were prepared: Section 1 included paired H&E staining and Visium HD
1020  profiling, while Section 2 included paired CODEX and Visium HD data. For all protein markers in
1021  the periodontal dataset, images were derived from the 8-bit final QPTIFF files generated by the

1022  PhenoCycler Fusion software, with default blank cycle subtraction applied.

1023 For the DLBCL dataset, FFPE tissues were also sectioned at 5 uym thickness on SuperFrost
1024 697 glass slides. Two samples were analyzed in this study, each with H&E and CODEX imaging
1025 at the full core level, and CosMx profiling at the field-of-view (FOV) level. The CosMx data were
1026  uploaded to the AtoMx platform, from which decoded transcripts and their corresponding spatial
1027  coordinates were exported. To enable spatial alignment across imaging modalities, VALIS®' was
1028  used to register CosMx transcriptomic data and H&E images to the spatial coordinate system of

1029 the CODEX proteomic dataset, ensuring consistent spatial referencing across all modalities.
1030
1031  Atherosclerosis Xenium and CODEX data generation

1032 Xenium sample preparation. Spatial single-cell transcriptomic profiling of human

1033  atherosclerosis tissue was performed using the Xenium In Situ platform (10x Genomics). FFPE
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1034 tissue blocks were sectioned at 5 ym and mounted onto Xenium slides. Sample processing was
1035 carried out according to the manufacturer’s protocol, including deparaffinization, decrosslinking,
1036  probe hybridization, ligation, and signal amplification over a three-day workflow. Xenium assays
1037  were run using instrument software version 1.5.1.2 or 1.7.6.0 and processed using analysis
1038  versions 1.5.0.3 or 1.7.1.0. After transcriptomic imaging, H&E staining was performed following
1039 the recommended post-Xenium protocol. Two immediately adjacent sections were profiled using
1040 the Xenium platform, each employing a fully customized gene panel. Genes were selected based
1041  on their relevance to key cellular functions, disease-associated pathways, and differentially
1042  expressed genes identified from prior datasets. Panel 1 included 314 genes and Panel 2 included

1043 345 genes, with 111 genes shared between them to capture core cellular processes.

1044 CODEX sample preparation. CODEX section is approximately 35 ym away from the Xenium
1045 sections. FFPE tissue sections were mounted on coverslips and processed using the
1046  PhenoCycler™-Fusion platform (Akoya Biosciences) according to the manufacturer’s protocols.
1047  Sections were deparaffinized, rehydrated, and subjected to heat-induced epitope retrieval using
1048 Akoya's pH 9 antigen retrieval buffer. PhenoCycler experiments were designed using the
1049 PhenoCycler Experiment designer 2.1.0 (Akoya Biosciences). Tissues were stained with the
1050 DNA-barcoded antibody panel (42 proteins in total). After staining, mounted chambers were
1051 loaded onto the Phenolmager® Fusion system. Fluorescently labeled oligonucleotide reporters
1052  were hybridized in sequential cycles to visualize the barcoded antibodies, and signal acquisition
1053  was performed for each round. Raw image data were processed using the software Fusion 2.3.1

1054  (Akoya Biosciences), including image alignment, background subtraction, and signal decoding.
1055
1056  Mouse coronal brain spatial MALDI-Visium data generation

1057 The mouse coronal brain dataset includes two sections. Section 1 was generated in MISO*?,
1058 and section 2 was generated following the same experimental procedure. Visium slides (10x
1059  Genomics) were physically modified to be compatible with the MALDI imaging mass spectrometry
1060 platform by trimming and sanding the edge, allowing them to fit into the Bruker Daltonics slide
1061  adaptor. Fresh-frozen, non-perfused brain tissues from 9-month-old mice were cryosectioned at
1062 12pum thickness and mounted onto the adapted slides. N-(1-naphthyl) ethylenediamine
1063  dihydrochloride (NEDC) was used as the MALDI matrix at a concentration of 10 mg/ml in 70:30
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1064  (v:iv) methanol:water and sprayed on the tissue sections using an HTX-TM sprayer (HTX
1065 Technologies) as described previously*>. Mass spectrometry imaging was performed as
1066  described in detail previously*?. Briefly, prepared tissue slices on Visium slides were imaged using
1067 a MALDI-2 timsTOF fleX instrument (Bruker Daltonics) with 20 um spatial resolution, operating in
1068 negative ion mode over an m/z range of 100—1000 and without engaging trapped ion mobility
1069  separation (TIMS). Spatial transcriptomics data were generated using the 10x Genomics Visium
1070 platform and Space Ranger pipeline (10x Genomics) was utilized to process the raw sequencing

1071  data. H&E staining was performed for histological imaging using a Leica Aperio slide scanner.
1072
1073  Gastric cancer Visium and COMET data generation

1074 Spatial Transcriptomics data generation using Visium. Spatial transcriptomics was performed
1075 on FFPE gastric tissue sections using the 10x Genomics Visium CytAssist platform, following the
1076  manufacturer’s protocols. Archived H&E-stained slides were reviewed by a pathologist to assess
1077  tissue quality, including preservation, orientation, and the absence of folds or contaminants.
1078  Based on histological evaluation, a single region of interest (ROI) per sample, measuring 11 x 11
1079 mm, was selected according to tumor content, tissue integrity, and anatomical relevance. Five-
1080  micrometer-thick sections from each FFPE block were mounted on Superfrost Plus slides, stained
1081  with H&E using a Leica Autostainer, and scanned at high resolution with the Aperio AT2 system.
1082  The Visium CytAssist instrument was then used to transfer the transcriptomic capture area onto
1083 the Visium Gene Expression slide via precise placement of the gasket over the selected ROI.
1084  After tissue permeabilization, targets were released and hybridized to barcode oligoprobes with
1085 defined XY coordinates on the slide, yielding over 14,000 barcodes per section. Library
1086  preparation was carried out using the Visium CytAssist Spatial Gene Expression FFPE Library
1087  Construction Kit with the Transcriptome Probe Set. The resulting libraries were quality-checked
1088 and sequenced on an lllumina NovaSeq 6000 platform. Pathological annotation was conducted

1089  manually in Loupe Browser (10x Genomics, v8.0.0) based on the high-resolution H&E images.

1090 Automated seqlF-based spatial proteomics and imaging on COMET. Sequential
1091  immunofluorescence (seqlF) was conducted using the COMET platform (Lunaphore
1092 Technologies). FFPE tissue sections were processed through baking, deparaffinization, and

1093 rehydration, followed by autofluorescence quenching and antigen retrieval (pH9 EZ AR 2
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1094  Elegance, Biogenex), in accordance with optimized in-house protocols. Slides were subsequently
1095 loaded onto the COMET Stainer and processed per the manufacturer’s guidelines. Samples were
1096  subjected to iterative cycles of immunostaining, involving incubation with primary and secondary
1097  antibodies, imaging, and antibody elution. Each staining round was followed by image acquisition
1098  before proceeding to the next cycle, as previously described®?%. The antibody panels (19 proteins)
1099  were customized for the gastric cancer tissue. Primary antibody incubations were carried out for
1100 8 minutes per round. Upon completion of the staining cycles, multi-layer ome.tiff images from
1101 each round were automatically stitched and aligned. Background fluorescence was
1102  computationally subtracted, and the images were visualized and analyzed using Lunaphore
1103  Viewer.

1104
1105 Lung cancer 10x Visium spatial gene and protein data generation

1106 Spatial gene and protein data were generated from four surgically resected human LUAD
1107 samples (P11, P12, P15, and P24) using the 10x Genomics Visium spatial gene and protein
1108 platform. For sample P11, single-cell spatial transcriptomic profile was obtained from an adjacent
1109  Xenium section. These data enabled multimodal spatial characterization of LUAD lesions,

1110 including both invasive components and surrounding histological structures.

1111 Visium CytAssist processing and H&E imaging. FFPE tissue blocks from each LUAD case
1112 (P11, P12, P15, P24) were sectioned at 5 ym thickness and mounted on standard glass slides.
1113  H&E staining was performed using the Leica ST5010 Autostainer XL according to manufacturer
1114  protocols. H&E slides were scanned at 40x magnification using an Aperio ScanScope Turbo
1115  (Leica Microsystems) to produce high-resolution whole-slide images. Prior to Visium CytAssist
1116  spatial profiling, each slide was carefully reviewed by a board-certified pathologist to confirm

1117  tissue quality and the presence of tumor and peritumoral regions.

1118 Spatial transcriptome and protein (35 proteins) profiling were performed using the Visium
1119  CytAssist Gene and Protein Expression assay (10x Genomics), following manufacturer-
1120 recommended protocols. On average, ~11,000 barcoded capture spots were obtained per
1121 sample. Libraries were sequenced on an lllumina NovaSeq platform to a target depth of

1122  approximately 65,000 reads per spot. Raw sequencing data were processed using Space Ranger

49


https://doi.org/10.64898/2026.03.03.709303
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.03.03.709303; this version posted March 5, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under a CC-BY-NC-ND 4.0 International license.

1123  (v2.0.0) and aligned to the GRCh38 human reference genome. Spots with low quality were
1124  excluded. Manual spot annotation based on H&E morphology was performed using Loupe
1125  Browser (v7.1), and regions annotated as “Space”, “Tissue artifact”’, or “Foreign body” were
1126 filtered out. To enable single-cell resolution analysis, we applied iStar to enhance both gene and

1127  protein data into super-resolution (16 x 16 pixels) across the tissue sections.

1128 Xenium data generation. To supplement the Visium-based profiling, an adjacent 5 um FFPE
1129 tissue section from sample P11 was analyzed using the Xenium /n Situ platform (10x Genomics)
1130 to achieve spatially resolved single-cell transcriptomic profiling. The tissue section was processed
1131 and hybridized according to the manufacturer’s protocol. Xenium imaging and molecular decoding
1132  were performed using Xenium Analyzer, resulting in single-cell resolution RNA quantification for

1133  a predefined gene panel with 5101 genes.
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