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5 Abstract

6 Current spatial and single-cell technologies capture complementary but incomplete views of cellular
7 state, with transcriptomic, proteomic, and spatial information distributed across distinct platforms. Inte-
8 gration is challenged by unpaired measurements, mismatched feature spaces, and modality-specific biases.
9 We present MultiTME, a multimodal framework that integrates heterogeneous spatial and single-cell
10 data using a spatially-regularized, cycle-consistent deep generative model. By enforcing consistency of
11 bidirectional mappings, MultiTME learns a shared latent representation that enables translation between
12 modalities without requiring paired observations or shared features. Across benchmarks, MultiTME outper-
13 forms existing methods, produces accurate cross-modal cell typing, improves spatial transcriptomic panel
14 completion, and transfers whole-transcriptome information to generate spatially resolved maps at cellular
15 resolution. Applied to a multimodal colorectal cancer dataset, we demonstrate that MultiTME integration
16 reveals a spatially coherent proliferative—invasive tumor axis not directly observable within single modali-
17 ties. Across five multimodal spatial datasets, we show MultiTME can correct for platform-specific biases
1 between Xenium and CosMx, thereby facilitating cross-dataset harmonization and enabling pan-cancer
19 spatial studies. Code for MultiTME is available at https://github.com/tansey-1lab/multitme.

» Introduction

a1 The tissue microenvironment (TME) is a spatially organized system in which cellular composition, molecular
» state, and spatial architecture jointly determine tissue function and disease progression’?. Recent advances
3 in spatial and single-cell technologies have enabled quantitative profiling of the TME, but each modality
2 captures only a partial view of cellular state®?. Imaging-based proteomics offers high spatial resolution, but
» limited panel size, imaging-based spatial transcriptomics measures targeted gene sets or whole transcriptomes
2 in spatially resolved bins with modality-specific artifacts®%7, and scRNA-seq provides genome-wide profiles
a7 without spatial context. As a result, each dataset represents a modality-specific projection of an underlying
s biological state that is not directly observed, and recovering such a state requires integrating measurements
20 ACross assays.

30 Integration is most straightforward when modalities are measured in the same cells, but in practice, such
a1 paired measurements are rare. Most spatial and single-cell datasets are acquired on different cells, adjacent
» tissue sections, or in separate experiments, with no shared cellular correspondence among them®. Many of
1 the existing analytical methods were developed under assumptions of paired measurements®'° or feature
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Figure 1: Overview of the MultiTME framework for integrating unpaired spatial and single-cell
modalities. (a) Multiple input modalities are mapped through modality-specific projectors into a shared
latent representation that captures common biological structure while accommodating modality-specific
measurement differences. (b) The cycle consistency mechanism aligns latent representations across modalities
without paired supervision. (c) The spatial regularizer enforces that the latent representation of a cell is
aligned with the weighted mean of cells of the same type in the local neighborhood (green). The semi-
supervised cell type regularizer preserves the biological interpretability of the learned latent space.

s overlap 12, leaving misaligned and non-overlapping modalities poorly supported. This mismatch between
35 methodological assumptions and experimental reality has led to calls for methods that integrate modalities
s through a shared underlying biological state that places emphasis on modeling distributions rather than
s cells.®

38 Existing integration approaches only partially address this challenge. Recent methods have been developed
s that leverage reference-based mapping '*!'*!! pairwise matching of shared biomarkers'>'%, and graph-based
w0 integration'”'®. While effective in specific settings, these methods either rely on observations of multimodal
o measurements from the same cells or require expert knowledge to connect features across modalities. Further,
2 when integrating spatial modalities, many methods treat cells independently and underutilize spatial context
s as a structural constraint'. The key methodological gap in the field is a need for methods that can flexibly
w integrate unpaired modalities across both single-cell and spatial technologies.

a5 Here we introduce MultiTME, a deep generative framework for integrating unpaired multimodal single-cell
s and spatial measurements. MultiTME defines modality-specific observation models coupled through a common
«  representation and shared latent space. A novel cyclic loss function encourages the MultiTME latent space to
s remove technical differences between modalities and instead focuses it on shared biological states. Optional
w0 auxiliary classification and spatial losses allow MultiTME to incorporate expert cell typing and spatial context
so directly into learning. The resulting model produces a coherent integration of heterogeneous spatial and
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s single-cell datasets without requiring paired observations or external supervision. Across multiple platforms,
52 including Xenium, CosMx, Visium HD, CODEX, and scRNA-seq, MultiTME improves cell type identification,
53 modality completion, and cross-platform translation, providing a unified framework for the integration and
s interpretation of the tissue microenvironment.

s Results

s MultiTME learns a common latent space across modalities via cycle consistency
s mechanism

ss  Spatial and single-cell assays capture complementary molecular views of tissue but typically measure different
s features and are often acquired from serial sections rather than identical cells. MultiTME addresses this
e challenge by learning a shared latent space where cells from different modalities become directly comparable,
e enabling cross-modal cell type assignment, spatial analysis across profiling technologies, and prediction of
62 unmeasured modalities. The model consists of three components: modality-specific projections, a shared latent
63 encoder, and modality-specific decoders. Each modality is first projected into an intermediate representation
e in a common dimensionality through modality-specific projectors, allowing the model to accommodate
s differences in feature dimensionality and measurement scales across technologies (e.g. tens of proteins in
s spatial proteomics versus thousands of genes in transcriptomic assays). The projected representations are
e then mapped by a shared encoder that generates a low-dimensional latent representation z. The encoder
6 contains no modality indicator, encouraging the learned representation to capture the common biological state
e rather than platform-specific artifacts. Observations are reconstructed through modality-specific decoders.
70 To translate information across modalities without requiring paired measurements, MultiTME enforces
n  cycle consistency across modalities. Starting from a cell measured in one modality, the model first encodes
7 it into the shared latent space and then decodes it into the feature space of another modality, producing a
7 predicted observation in the second modality. The predicted observation is then re-encoded and mapped
7 back to the original modality (Figure 1b). The model is trained so that this cycle returns both the latent
75 representation and the reconstructed observation close to the original input. By enforcing consistency at
% both the latent and observation levels, the model learns modality-invariant biological representations while
7 maintaining accurate modality-specific reconstructions.

78 Spatial information is incorporated through a neighborhood regularization mechanism (Figure 1c¢). For
7 modalities with spatial coordinates, local neighborhoods are constructed using k-nearest neighbors in tissue
w0 space (see Methods). A graph fusion penalty encourages cells of the same type that are spatially close
s (e.g., green cells in Figure 1c¢) to have similar latent representations, reflecting the biological observation
&2 that neighboring cells often share related states due to tissue structure and microenvironmental interactions.
s This spatial regularization stabilizes representation learning and helps preserve spatial organization in the
s integrated latent space.

8 When annotations are available in one modality, MultiTME incorporates semi-supervised cell type
s guidance to anchor the latent representation to biologically meaningful structure. For unlabeled modalities,
e the model identifies high-confidence examples of specific cell types using canonical marker genes or proteins
s (see Methods). These pseudo-labeled cells provide weak supervision through a classification head attached
% to the latent representation (Figure la,c). This hybrid strategy helps organize the latent space according
o to biologically interpretable cell identities and improves downstream tasks such as cell type annotation and
o modality translation.

0 Together, these components enable MultiTME to learn a unified representation across heterogeneous
o3 modalities without requiring paired measurements. The learned latent space captures the common underlying
o biological state while retaining modality-specific decoding, enabling downstream tasks including cross-modal
os translation, panel completion, and multimodal cell type characterization.
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Figure 2: MultiTME enables spatially guided cell typing in spatial multimodal data. (a) Schematic
of the cell typing task. (b) UMAP visualization shows alignment of cellular states across modalities. (c)
Spatial cell type maps of the tonsil tissue. Ground-truth CODEX annotations (left) and MultiTME predictions
(right) show highly consistent spatial organization of major immune populations. (d) Overall cell typing
accuracy comparison across methods. MultiTME achieves the highest accuracy (0.947), outperforming the
cross-modal integration method MaxFuse (0.891) and proteomics-based classifiers Celesta (0.709) and Astir
(0.737). (e) Confusion matrices comparing predicted and ground-truth cell types for MultiTME and MaxFuse.
(f) cell type—specific F1 scores across methods. MultiTME achieves consistently higher accuracy across all six
immune populations. (g) cell type neighborhood enrichment matrices derived from spatial data.

« MultiTME enables spatially guided cell typing across spatial modalities

o7 We first evaluated MultiTME on the task of cell typing in spatial multi-omic data, the foundational step for
os interpreting tissue organization and cellular interactions. To demonstrate this capability, we analyzed a human
o tonsil dataset ' with scRNA-seq and CODEX spatial proteomics measurements from the same patient. The
w0 scRNA-seq dataset provides whole-transcriptome profiles and cell type annotations, while the CODEX assay
1w captures spatially resolved protein measurements across the tissue. MultiTME integrates these modalities
102 by learning a shared representation of cellular states that leverages transcriptomic reference information
03 to automatically annotate CODEX cells while preserving spatial constraints (Figure 2a). Visualizing the
104 shared embedding space via a joint UMAP projection, cells from scRNA-seq and CODEX have consistent
s transcriptional manifolds, indicating that MultiTME successfully aligns dissociated and spatial measurements
ws (Figure 2b). Using this shared representation, MultiTME accurately reconstructs the spatial organization
w7 of major immune populations in the tonsil. The predicted spatial cell type map closely matches the
18 pathologist annotations in CODEX| capturing canonical lymphoid architecture including germinal-center B
o cells, proliferating B cells, CD4 T cells, CD8 T cells, dendritic cells, and plasma cells (Figure 2c¢).

110 To benchmark cross-modal cell typing performance, we compared MultiTME against representative
u  integration and cell-type classification methods, including Celesta?’ and Astir?' for proteomic cell typing and
12 MaxFuse?? for cross-modal alignment. MultiTME achieves the highest overall cell typing accuracy (0.947),
us outperforming MaxFuse (0.891), Celesta (0.709), and Astir (0.737) (Figure 2d). MultiTME’s performance
us is robust across cell types, outperforming competing methods in all six annotated cell states (Figure 2f).
us  Confusion matrix analysis shows that MultiTME reduces cross-lineage misclassification relative to MaxFuse,
ue  particularly among closely related lymphocyte populations such as CD4 and CD8 T cells and between
w7 germinal-center and proliferating B-cell states (Figure 2e).

118 We also investigated whether MultiTME performance improves the consistency of cell type assignments
e across spatial neighborhoods. By computing cell type neighborhood enrichment matrices, we noted the
120 interaction patterns inferred from MultiTME predictions closely match those derived from the ground-truth
1 CODEX annotations (Figure 2g), indicating that MultiTME preserves the spatial organization of immune
122 cell populations. Predicted and true local cell type fractions also show strong agreement across spatial
23 neighborhoods (Figure S4). These results demonstrate that MultiTME provides a unified framework for
124 accurate, integrated cell typing in spatial proteomics with matched scRNA-seq.

s MultiTME accurately completes spatial transcriptomic panels from joint scRNNA
» and Xenium embeddings

12z We next sought to test whether MultiTME could effectively merge single-cell and spatial transcriptomics data
s to improve spatial analyses. Imaging-based spatial transcriptomics platforms (e.g., MERFISH,?® CosMx, and
120 Xenium) require designing probe panels that typically cover only a subset of the transcriptome. Single-cell
10 RNA-seq offers a complementary data modality, providing whole-transcriptome coverage but lacking spatial
1 resolution. We hypothesized that joint modeling of scRNA-seq and imaging-based spatial transcriptomics with
122 MultiTME would learn a shared latent space that would allow applying the whole transcriptome scRNA-seq
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Figure 3: MultiTME accurately completes spatial transcriptomic panels from joint scRNA-
Xenium embeddings. (a) Schematic of the panel completion task. (b) UMAP embeddings of the shared
latent space learned by MultiTME, colored by cell type, shown separately for scRNA-seq (left) and Xenium
(right). Concordant clustering across modalities indicates successful manifold alignment. (c) Per-gene Pearson
correlation between predicted and ground-truth Xenium expression for MultiTME, ENVI, Harmony, and
StabMap. P-values are from two-sided Wilcoxon signed-rank tests. (d-f) Spatial expression maps of CDX2,
MMPY, and CD44 in a colorectal cancer tissue section. Insets highlight regions where MultiTME more
faithfully recovers the spatial expression pattern. (g) Tumor relevant Hallmark pathway enrichment scores
using the completed transcriptomic panel. (h) Marker genes for invasive vs proliferative tumor projected
onto the Xenium UMAP manifold. (i) Spatial distribution of E2F+ proliferative, E2F- proliferative, and
invasive tumor cells.

113 decoder to the imaging-based spatial transcriptomics cells to impute missing genes in the spatial panel
134 (Figure Sa).

135 We trained MultiTME on a colon adenocarcinoma dataset® with scRNA-seq and Xenium data from
136 the same patient. The joint embedding learned by MultiTME successfully aligned scRNA-seq and Xenium
w manifolds while preserving biologically meaningful structure (Figure 3b). Major lineages, including epithelial,
138 T cells (CD4T, CD8T, Tprolif), B cells, myeloid (macrophage, monocyte, mregDC, ¢DC2, pDC), and stromal
10 populations (fibroblast, endothelial, smooth muscle), overlap across modalities rather than forming assay-
o specific clusters, suggesting that the cyclic objective captures cell state variation shared between dissociated
w  and in situ measurements.

142 To evaluate MultiTME’s ability to complete gene panels, we encoded the observed Xenium cells into the
13 latent space using the trained Xenium panel encoder and decoded it back using the scRNA-seq decoder,
s thereby imputing the full transcriptome at single-cell resolution. To benchmark imputation accuracy, we
us  randomly held out 500 genes from the Xenium panel. After imputing the full transcriptome, we computed
us the per-gene Pearson correlation between each heldout gene’s predicted and observed expression across cells.
w7 We compared MultiTME performance with ENVI'?, Harmony??, and StabMap?®. MultiTME achieved a
s median per-gene Pearson correlation of approximately 0.5, whereas ENVI, Harmony, and StabMap achieved
u  significantly lower median correlations (Figure 3c; all pairwise comparisons p < 10778, Wilcoxon signed-rank
150 test). Notably, the improvement was not driven by a small number of well-predicted genes. The entire
11 distribution of gene-wise correlations shifts upward relative to all baselines, indicating a comprehensive
152 improvement in panel completion across the transcriptome (Figure S1).

153 Spatial maps of selected genes further highlighted the advantages of MultiTME over the best-performing
15« baseline method, ENVI (Figure 3d-f). For the epithelial lineage marker CDX2 2%, the MultiTME prediction
155 accurately recapitulated the glandular epithelial regions observed in the ground-truth Xenium, while ENVI
155 produced diffuse signals that failed to resolve several tumor glands (Figure 3d insets). For the invasion- and
157 matrix-remodeling—associated gene MMP9,%” MultiTME captured localized expression at the invasive front
158 and within stromal pockets, whereas ENVI underestimated these hotspots and yielded a spatially blurred
10 pattern (Figure 3e insets). Analogous trends were observed for CD/4, a marker of cancer stem cells and
1o immune activation?®, where MultiTME accurately predicted a weaker and more diffuse signal while ENVI
1 produced overly localized regions with bias towards epithelial niches (Figure 3f insets). Across all three
12 exemplars, the improved accuracy of the MultiTME prediction led to better preservation of fine-grained
163 spatial heterogeneity and predictions that were more biologically aligned with the ground-truth signal.

s Joint embedding reveals a spatial proliferative—invasive tumor axis

s Beyond accurate gene-level completion, the integrated latent space learned by MultiTME organized tumor
166 cells along a structured proliferative-invasive axis (Figure 3g, h). Projection of Hallmark pathway scores onto
17 the Xenium embedding revealed that the two epithelial clusters correspond to distinct cell states within the
s cell type. Regions with high F2F activity exhibited low EMT and hypoxia signaling, while areas enriched
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Figure 4: MultiTME assigns whole-transcriptome profiles to single cells by jointly modeling
Visium and CODEX. (a) Schematic of the transcript assignment task. (b) Cell type map of a colorectal
cancer tissue section with cell type annotation. (¢) Concordance between measured protein abundance and
MultiTME-assigned transcripts, including CD3e-marked T cells, CD8-marked cytotoxic T cells, CD4-marked
helper T cells, and SMA-marked fibroblasts. AUC values indicate discrimination of protein-high versus
protein-low cells by the matched RNA marker score. (d-e) Spatial expression maps of EPCAM (d) and
MUC?2 (e) shown across three representations: synthetic Visium SD (left), Visium HD ground truth (center),
and MultiTME transcript mapping on CODEX (right). (f) Per-gene Pearson correlation between predicted
transcript assignments and Visium HD ground truth for MultiTME and iStar. (g) Per-pathway Pearson
correlation between Hallmark gene set enrichment scores computed from MultiTME transcript assignments
and from Visium HD, across 14 cancer-relevant pathways.

1o for FMT and hypoxia displayed reduced proliferative signatures. Additional canonical colorectal cancer
w pathways also emerged with biologically expected cell type specificity (Figure S2). WNT/S-catenin signaling
wm  was enriched in epithelial /tumor states with minimal signal in immune lineages (Figure S2a), consistent
12 with the canonical role of WNT pathway activation in colorectal carcinogenesis?’. MYC Targets V1 and
ws V2 activity concentrated in the epithelial /tumor compartment and in proliferating T cells (Figure S2b-c),
7a  consistent with a tumor-intrinsic and proliferation-associated MYC program. On the other hand, invasive
s pathways such as TGF-8 and glycolysis®’:3! are upregulated in the stress-adapted, invasive program.

176 Based on this mutually exclusive expression pattern, we designed a composite proliferative—invasive gene
v program that contrasts proliferation-associated genes (e.g., LGRS, MKI67, TOP2A, CCNB1, RRM2) against
s invasion-associated genes (e.g., ZEB2, ITGAS5, SERPINE1, VEGFA, SLC2A1, LDHA, PFKFB3, ICAM1).
e This program reflects the canonical “go versus grow” tradeoff®?, in which tumor cells partition between
1o proliferative expansion and invasive remodeling states®?. In the learned latent space, this program yielded a
w1 continuous gradient that separated proliferative from invasive tumor cells (Figure 3h). Spatial mapping of
12 tumor cells using the composite proliferative—invasive score demonstrated spatially-distinct transcriptional
13 states (Figure 3i). Proliferative regions corresponded to glandular epithelial compartments characterized by
18a  elevated F2F signaling, whereas invasive regions aligned with stromal interfaces, featuring activation of EMT,
15 hypoxia, and matrix remodeling programs.

186 The shared embedding captured not only cell type identity but also tumor-state transitions. The
17 proliferative—invasive axis generated important cell-state variation within epithelial populations, suggesting
188 that cross-modal integration enables the recovery of functional tumor plasticity in a spatial context. Moreover,
1o this proliferative-invasive differentiation is not identifiable from the original Xenium data (Figure S3). In
10 colorectal cancer, tumors enriched for mesenchymal and invasive transcriptional states correspond to the CMS4
w1 consensus molecular subtype®*, which is associated with worse relapse-free and overall survival. The ability
12 to spatially resolve this axis at cellular resolution within intact tissue could inform strategies for targeting the
13 invasive front, where therapy-resistant, EMT-high tumor cells interface with the stromal microenvironment.
14 Direct UMAP embeddings derived from Xenium fail to align with the scRNA and separate among cell types
105 (Figure S3a), and pathway activity computed from the restricted gene set does not reveal a clear distinction
105 between proliferative and invasive tumor cells (Figure S3d-f). The unique biological insight enabled by
17 MultiTME highlighted the power of merging complementary transcriptomic technologies and imputing whole
s transcriptomes onto spatial panel data.

w MultiTME maps spot transcripts onto CODEX cells for joint mRNA-protein
w0 spatial profiling at single cell resolution

21 A key limitation of high-resolution spatial proteomic platforms such as CODEX 3® is their restricted panel size,
22 typically measuring tens of proteins per cell. In dissociated cells, CITE-seq pairs proteomic measurements with
203 whole transcriptome scRNA-seq to enable comprehensive multimodal single-cell readouts that enable better
20 interpretation of cell state. In spatial transcriptomics, spot-based assays capture genome-wide transcriptomes


https://doi.org/10.64898/2026.05.25.727736
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.25.727736; this version posted May 26, 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.

205 but at multi-cellular spot resolution, obscuring cell-level heterogeneity. We hypothesized that MultiTME
206 could bridge these complementary transcriptomic and proteomic spatial modalities, enabling the assignment
207 of whole-transcriptome expression profiles to individual CODEX-resolved cells.

208 We applied MultiTME to the same colorectal cancer tissue as the previous section, but now focusing on
20 different slices profiled by Visium HD and CODEX on consecutive tissue slices.® To evaluate whether the
a0 assigned transcripts faithfully captured spatial gene expression patterns, we constructed a synthetic Visium
au standard-definition (SD) dataset by coarsening the Visium HD bins. The original Visium HD was treated
212 as a high-resolution ground truth and not used in training. MultiTME then jointly embedded spot-level
213 transcriptomic measurements from the Visium SD data and cell-level proteomic measurements into a shared
2 representation. Full transcriptomic profiles were then decoded onto each CODEX cell (Figure 4a).

215 The resulting cell type map recovered the expected spatial organization of the colorectal tumor microen-
26 vironment (Figure 4b). Epithelial and tumor cells were mapped as lining the glandular structures, while
27 immune cells, including CD4T, CDS8T, B cells, NK cells, Treg, and macrophages, together with fibroblasts
x2s and endothelial cells, were observed in the surrounding stroma. For EPCAM, an epithelial adhesion molecule,
29 the MultiTME transcript mapping onto single cells was necessary to resolve the ductal tissue architecture
20 visible in Visium HD (Figure 4d). For MUC?2, a goblet cell mucin, MultiTME similarly recovered the
a1 expected restriction to secretory epithelial cells within glandular lumina, preserving the spatial pattern
22 observed in Visium HD at a resolution unattainable from the original Visium SD spots (Figure 4e). Notably,
23 the MultiTME result appeared sharper than even the Visium HD, likely due to Visium HD’s bin-based
24 quantification. By projecting transcripts onto individually segmented CODEX cells, MultiTME recovered
»s  crisper boundaries between epithelial glands and the surrounding stroma.

26 We next sought to quantitatively evaluate the MultiTME transcript mappings. To validate the biological
27 fidelity of the assigned transcripts, we compared MultiTME-derived RNA marker scores against independently
2  measured protein markers in the same cells. Cells with high protein abundance for CD3e, CD8, CD4, or
29 SMA showed enriched matched RNA marker programs relative to protein-low cells, corresponding to T cells,
20 CD8+ cytotoxic T cells, CD4+ helper T cells, and activated fibroblasts, respectively (Figure 4c). The RNA
an marker scores accurately distinguished protein-high from protein-low cells across all programs, with AUC
22 values derived from Mann-Whitney U test statistics ranging from 0.823 to 0.953, supporting preservation of
23 expected protein-RNA concordance. These AUC values represent the probability that a randomly selected
24 protein-high cell has a higher matched RNA marker score than a randomly selected protein-low cell, providing
235 a sample-size-invariant measure of concordance between independently measured protein and predicted
26 transcript programs. We also compared the transcript assignment with iStar®%, a multimodal method for
237 histology-assisted super-resolution in spatial transcriptomics. We aggregated MultiTME and iStar predictions,
2 along with Visium HD ground truth, into 50um x 50um bins to enable comparison at a common spatial
239 resolution, then computed Pearson correlation between predicted and measured expression per gene across
20 bins (Methods). MultiTME outperformed iStar in per-gene correlation between predicted and ground-truth
21 expression (Figure 4f), achieving a median gene-wise Pearson correlation of approximately 0.7, compared
a2 with approximately 0.1 for iStar.

23 Beyond individual genes, we assessed whether the assigned transcriptomes preserve pathway-level biological
24 programs by computing Hallmark gene set enrichment scores for each cell and correlating these with scores
25 derived from Visium HD (Figure 4g). Across a panel of 14 cancer-relevant pathways, MultiTME consistently
26 achieved high per-pathway correlations (median ~0.75-0.85). Tumor-intrinsic programs such as MYC
a7 Targets V1/V2, E2F Targets, G2M Checkpoint, MTORCI1 Signaling, and PI3K/AKT/MTOR Signaling
us were consistently recovered, as were microenvironmental signatures including Inflammatory Response, TNFa
29 Signaling via NF-xB, and Epithelial-Mesenchymal Transition. Signaling pathways that are important to
»0  colorectal carcinogenesis, like KRAS Signaling Up and Down, WNT/3-catenin Signaling, and the P53 Pathway,
1 were also accurately assigned at single-cell resolution. The uniformly high correlations across functionally
» diverse gene sets suggest that MultiTME’s transcript assignment preserves higher-order transcriptional
53 programs rather than merely fitting individual marker genes.

254 These results demonstrate that MultiTME can leverage the complementary strengths of spot-level
»s  transcriptomics and cell-level proteomics to produce spatially resolved, multimodal spatial profiles at single-
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»6  cell granularity. Protocols exist for performing post-Visium HD spatial proteomics on the same slice. In
»s7 - principle, this could obviate the need for unpaired merging and SD integration. In practice, the high cost and
s relatively smaller field of view of Visium HD and other fine-grained spot-based spatial transcriptomics platforms
0 presents limitations to scaling such a strategy. Technical limitations with tissue warp and degradation between
%0 assays also make consecutive tissue slices a pragmatic alternative in many scenarios. Finally, MultiTME goes
s beyond simply increasing spot resolution: it provides direct mapping of transcripts onto individual cells to
%2 merge unpaired modalities into paired, multimodal spatial profiles at single-cell resolution.

s Modality translation reveals and corrects platform-specific technical biases

%+ Imaging-based spatial transcriptomic platforms all function on the same fundamental concepts (i.e. engineered
x5 probes, in situ hybridization) but differ in technical details of their implementations. These implementation
xs  differences lead to technology-specific biases that confound biological results. With new studies emerging
»7  rapidly, meta-analyses and large pan-tissue/disease studies are soon to follow that will necessitate integrating
%8 1maging-based spatial transcriptomics data across multiple platforms. We hypothesized that MultiTME could
%0  disentangle or remove these platform-specific batch effects and thereby harmonize across technologies to
a0 enable effective integration across platforms. To test this, we evaluated MultiTME on five tissues from a
on recent benchmark dataset®, comparing CosMx 6K and Xenium 5K on serial slices.

72 We first quantified baseline gene expression correlations across the two platforms across the five tissues.
oz For each tissue, we computed pseudobulk profiles by averaging expression within each of 10 cell types
o per platform for comparison (Methods). Direct comparison of raw measurements revealed only modest
a5 concordance with a linear regression slope b = 0.423 (Figure 5a, left), with substantial dispersion away from
x6  the identity line. Notably, several genes appeared over-detected in CosMx relative to Xenium, consistent with
a7 background-driven inflation of low-level signals. 37

218 MultiTME was then fit to each pair of serial sections from the same tissue. After translation from CosMx to
a0 Xenium through the MultiTME latent space, the agreement significantly improved, with the fitted relationship
20 approaching the identity line and the coefficient of determination increasing substantially (Figure 5a, right).
s This improvement was consistently higher across expression levels, with the greatest gains observed for low-
22 and moderately expressed genes (Figure 5b). The prediction residual remains consistently centered near
23 zero, indicating that MultiTME does not introduce systematic bias as expression level changes (Figure 5c).
s Likewise, the residual remains stable against raw Xenium—CosMx difference, showing that the translated
s predictions are robust even when the two platforms initially disagree substantially (Figure 5d). This suggests
25 that MultiTME is particularly effective at correcting background-driven distortions that disproportionately
7 affect weak signals.

288 Spatial examples illustrated the biological effect of this correction (Figure 5f). For CCLS5 in ovarian
20 cancer, MKI67 in breast cancer, and COL5A2 in colorectal cancer, raw CosMx measurements appeared
20 more diffuse and background-contaminated, whereas Xenium exhibited sharper and more localized spatial
2 structure. Translation from CosMx to Xenium suppressed this diffuse background while preserving the major
2 anatomical and microenvironmental patterns.

203 To assess robustness across disease contexts, we summarized per-gene cross-platform correlations for five
22 cancer types: colorectal, breast, lung, ovarian, and lymphoma®’. In every dataset, MultiTME translation
205 improves agreement relative to raw Xenium measurements (Figure 5e). To test generalization, we further
26 evaluated two generalization settings: predictions on field-of-view (FOV) regions excluded from training
27 within the same cancer type, and a leave-one-disease-out setting in which the target cancer type was entirely
208 withheld during training. Held-out FOV performance was comparable to the full data setting across all five
200 tissues, confirming that MultiTME is robust within a tissue type and generalizes across spatial regions within
0 a tissue. The leave-disease-out setting was more challenging, requiring MultiTME to extract generalizable
sn  technical translation strategies applicable across distinct tissues. As expected, performance in this setting
2 was worse than in the matched tissue type settings. However, even in this case MultiTME consistently
a3 outperformed the original CosMx signal across all tissues. These results demonstrate that MultiTME can
s filter out assay-specific artifacts to capture latent biological states that generalize across tissues.
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Figure 5: MultiTME corrects modality-specific biases across spatial transcriptomics platforms.
(a) Raw cross-platform measurements show substantial dispersion from the identity line, whereas MultiTME
translation from CosMx to Xenium improves concordance. (b) Gene-wise correlation across expression levels
is consistently higher after translation. (c—d) Prediction residual is centered near zero and remains stable
both across raw Xenium expression and across raw Xenium—CosMx discrepancy. (e) Per-gene correlation
distributions across five cancer types demonstrate improved cross-platform agreement. (f) Representative
spatial examples show that translation suppresses diffuse background and restores sharper spatial expression
patterns across genes and tissue types.

Discussion

Cross-modal integration in spatial biology is fundamentally constrained by the lack of paired measurements.
While existing approaches perform well when modalities share strongly linked features, many emerging
datasets—such as combinations of targeted spatial assays and whole-transcriptome sequencing—exhibit weak
or indirect correspondence. In these settings, integration requires recovering a shared biological structure
without relying on explicit feature matching.

MultiTME is motivated by this setting and addresses it by learning a cycle-consistent shared latent
representation. By enforcing that cross-modal translations preserve both latent states and observable features,
the model constrains mappings between modalities to be mutually informative. This enables stable transfer of
information across assays, even when feature spaces differ substantially. As a result, the learned representation
supports not only alignment but also reconstruction of unmeasured modalities. This cycle-consistent approach
enabled MultiTME to achieve state-of-the-art accuracy in cross-modal cell typing, transcriptome panel
completion, and multimodal superresolution.

MultiTME mappings are dependent on the biological signal in the input datasets and the quality of any
optional expert annotations. The semi-supervised cell typing component assumes scRNA-seq annotations are
correct when transferring labels to other modalities. Likewise, any curated proteomic markers used to anchor
spatial cells are assumed to be accurate identifiers of their corresponding cell types for the highest expressing
cells. Upstream spatial preprocessing issues, such as segmentation errors and serial slice misalignment, can
also dilute or confound biological signal. Extensions to MultiTME that model cells in spatial transcriptomics
as admixtures rather than individual cells, analogous to recent unimodal methods like SPLIT,?® may enable
MultiTME to overcome these preprocessing issues to further boost performance.

The ability of MultiTME to unify across technical platforms, as we demonstrated in Figure 5, presents the
potential to serve as the basis for an approach to multimodal atlas integration and harmonization. The ability
of MultiTME to scale to tens or hundreds of datasets is still unclear, and the theoretical and empirical limits
of the cycle-consistency strategy in MultiTME have not yet been established. It is possible that fine-tuning
of the model architecture or loss functions may be necessary to adapt to integrating hundreds of disparate
datasets in pan-tissue and pan-disease studies. Nevertheless, with new single-cell and spatial datasets rapidly
emerging, the core framework underlying MultiTME holds great promise as a general-purpose tool for
cross-dataset multimodal studies. We anticipate that MultiTME and future versions will be particularly useful
in multimodal atlas construction, where the key challenges are integrating and harmonizing across disparate,
unpaired modalities while preserving biological structure, thereby enabling novel scientific discoveries.
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s Methods

7 MultiTME is a variational autoencoder that maps observations from multiple spatial omics platforms into
38 a shared latent space. The model takes as input a set of modality configurations specifying the feature
s dimensionality and likelihood family for each platform. Let M denote the set of modalities, D,, the feature
uo  dimension of modality m, and ngm) € RPm the observed feature vector for cell ¢ in modality m. The model
su assumes that all observations arise from a shared latent variable z; € R? (d = 32) that captures the underlying

a2 biological state of the cell.

s Model architecture

us MultiTME follows a variational autoencoder architecture with modality-specific projection layers, a shared
us encoder that maps all modalities to a common latent space, and modality-specific decoders for reconstruction.
For M modalities with feature dimensions Dy, Do, ..., Dy, each modality m is first mapped to a common
intermediate dimension h through a modality-specific projection layer
Project,, : RPm — R",

us implemented as a linear layer followed by layer normalization and ReLLU activation. In practice, we set
347 h/ - 256.
The projected representation is then processed by a shared encoder network
Encshareq : R — R x RY

that outputs the mean and log-variance of a Gaussian variational posterior

q(z|z) = N (p, diag(exp(c?))).
s The shared encoder consists of a single hidden layer (128 units with layer normalization and ReLU)

s followed by separate linear heads producing p and log 0. The log-variance is clamped to the range [—4, 4]
0 for numerical stability.

351 The overall modality-specific encoder can therefore be written as

Zm = Ency, (m) = Encshared (Project,, (), (1)
35 where x,,, € RP™ is the observation from modality m.
353 Importantly, the shared encoder contains no modality identifiers or modality-specific parameters. Modality-

s specific transformations occur only in the projection layers, which allows the model to accommodate
35 heterogeneous feature spaces (e.g., tens of proteins in CODEX versus thousands of genes in transcriptomic
36 assays) while encouraging the latent representation to capture modality-invariant biological structure.

357 Each modality has a dedicated decoder network Dec,, that reconstructs observations Z,, from the latent
s representation z,,. Decoders follow the likelihood models appropriate for each modality (negative binomial
30 for count-based assays and Gaussian for protein intensities).

w Cycle consistency constraints

1 To align latent representations across different modalities without paired data, we enforce bidirectional cycle
w2 consistency. For each pair of modalities (m1, msg), we construct two cycle paths. For the forward cycle
3 (M1 — ma), we encode Z,,, to obtain z,,, and decode it to predicted &,,, using Dec,,,. The Z,, is then
sse  re-encoded to obtain z,;, and decode to &,,, by Decy,,. We also define the reverse cycle (mz2 — my) in
w5 the same fashion but opposite direction (Figure 1b). Cycle consistency is enforced at both the latent and
s observation levels through the following loss terms:

Lconsistency = Lm1~>m2 + Lm2~>m1
= é(zml ) Z?ﬁz) + e(xml ) ‘%ml) + Z(Zmz ) Z"ﬁl) + £<xm2 ) i'm2)
= (g(zml ’ ZYﬁ2) + E(ZWVN Zmy )) + (E(xml ) i‘ml) + é(zmza j:TI’Iz))

= Llatent + Lobservation

14


https://doi.org/10.64898/2026.05.25.727736
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.25.727736; this version posted May 26, 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.

w  Spatial regularizer

w8 An observation of spatial profiling data is that modalities acquired from consecutive tissue slices preserve
0 similar spatial organization of cell types, even though individual cells are not directly matched across
s modalities.

an For a spatial pair of modalities (A, B) measured on co-registered tissue sections, the alignment loss
sz encourages cells that occupy the same spatial location and belong to the same cell type to have similar latent
w73 representations.

a7 For each cell 7 in modality A and each candidate cell type t, we identify the K = 10 nearest neighbors of i
ss  in modality B using Euclidean distance in physical tissue coordinates. Let Np(i) denote this neighbor set.
s We compute a spatially weighted and type-weighted mean latent representation of these neighbors

2 jeNg (i) Wij Dt %

JENB (i) Wij Pjt

(3)

Zit =

377 where z; is the latent representation of neighbor cell j, pj; is the probability that cell j belongs to type t,
ss  and w;; is a spatial weight defined by a Gaussian kernel

si — 8412
W ELE)

s with s; denoting spatial coordinates and 7 = 100 um controlling the spatial bandwidth.
330 The alignment loss minimizes the squared distance between the latent representation of cell ¢ and the
s local cell-type target

Latign = > _pitllzi — 2o, (4)
it
382 where p;; represents the probability that cell ¢ belongs to type t. This weighting ensures that the loss

s activates only for cell types that are locally present.

= Semi-supervised celltype regularizer

s Cell-type probabilities p;; are determined through a three-tier hierarchy.

s Annotated cells. For cells with known annotations (e.g. scRNA), smoothed one-hot labels (smoothing
ser factor 0.05) are used as fixed targets with no gradient flowing through the classifier.

s  Marker-supported cells. For unlabeled cells in modalities with curated marker panels (e.g. CODEX),
0 we employ a semi-supervised marker-based pseudo-labeling strategy. For each cell type ¢, we identify high-
w0 confidence exemplar cells by selecting those with the highest expression of known marker genes or proteins. For
sn  example, cells with high CD/ expression are labeled as CD41 T cells, while cells with high Ki67 expression
s are labeled as proliferating cells. These pseudo-labeled cells provide weak supervision through a classifier
33 attached to the latent representation.

¢ Unlabeled cells without markers. For modalities without marker panels, cell-type probabilities are
s taken directly from the classifier softmax output.

»s  Spatial tiling with halo exchange

s7  Spatial mini-batches are constructed using a tiling strategy to preserve local spatial context during training.
s The shared spatial domain is partitioned into square tiles (default side length 500um). Each training batch
30 contains all cells whose coordinates fall within the tile interior (core cells), augmented with neighboring cells
w0 within a 150 gm border expansion (halo cells).
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a01 Halo cells are included only for spatial neighborhood computations but excluded from reconstruction and
w2 classification losses using Boolean masks. This prevents double-counting cells that appear in overlapping tiles
w3 while ensuring that spatial regularization always uses true physical neighbors.

204 This design follows the halo-exchange pattern used in domain-decomposition methods for numerical
w5 PDE solvers, where ghost cells provide boundary information for local computations without contributing
ws independent updates.

«r Metrics

w8 Comparison with iStar. To compare MultiTME and iStar at a common resolution, we constructed a
wo  regular 50um x 50um grid spanning the tissue and aggregated both MultiTMFE’s cell-based prediction and
a0 iStar’s pixel-based prediction into bins by summing the predicted expression of all source spots whose centroids
au  fell within each bin (nearest-bin assignment via KD-tree). Visium HD ground truth was aggregated identically.
a2 For each gene, we computed the Pearson correlation between predicted and ground-truth expression across
a3 all bins. The bin size of 50um ensures each bin aggregates sufficient Visium HD reads for stable correlation
as  estimates.

a5 Pseudobulk comparison. For each platform and tissue, cells were assigned to one of 10 cell types provided
a6 in the celltype annotation. Pseudobulk profiles were computed by averaging expression across cells within
a7 each cluster for all genes included in the Xenium panel. To evaluate cross-platform concordance, we compared
as  the distributions of per-gene correlations under raw and translated expressions using the Wilcoxon signed-rank
a0 test, with genes paired across conditions. We also fit an ordinary least-squares regression to the pooled (gene,
w2 cell-type) values and report 72 as a summary of overall fit.

= Code availability

e All MultiTME source code is available from GitHub (https://github.com/tansey-lab/multitme).

» Data availability

a0 All data analyzed in this study are publicly available from previously published sources. The scRNA-seq
w5 and CODEX tonsil data were obtained from Kennedy-Darling et al.'?; the colorectal cancer scRNA-seq,
w26 Xenium, Visium HD, and CODEX data were obtained from Ren et al.%; and the multi-cancer CosMx—Xenium
«2r  platform-comparison datasets were obtained from Cervilla et al.?” Accession numbers and download links are
xs  provided in the corresponding original publications.
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