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SPRINT enables spatial proteomic profile reconstruction through 1 

multimodal fusion of histology and transcriptomics 2 

Yuzhi Sun1, Xian Liu1, Tianyi Zhao2, 3, *, Yadong Wang1, 2, * 3 

Abstract 4 

Spatially resolved protein expression is essential for characterizing tissue organization and immune 5 
microenvironments, yet existing computational inference methods predominantly rely on either histological 6 
images or gene expression alone, limiting their ability to recover proteins that are weakly associated with a 7 
single modality. Here we present SPRINT, a multimodal framework that reconstructs spatial proteomic 8 
profiles by jointly leveraging spatial gene expression and accompanying H&E-stained histological images. 9 
SPRINT combines resolution-adaptive image encoders with token-level self-attention to fuse morphological 10 
and transcriptional information. Across human tonsil, mouse spleen and human brain tissues, SPRINT 11 
reconstructed protein-specific spatial patterns across sections, donors and spatially disjoint regions. Its 12 
compatibility with different image resolutions, transcriptomic gene and assay configurations broadens its 13 
applicability across spatial transcriptomics datasets. Ablation analyses showed that multimodal fusion 14 
compensated for proteins with weak associations to either tissue morphology or transcript abundance, thereby 15 
expanding the range of immune-microenvironment proteins that could be reliably inferred. SPRINT further 16 
supported cross-species protein reconstruction, and the reconstructed profiles improved the recovery of 17 
spatial tissue domains. The framework was also extendable beyond proteomics, reconstructing spatial 18 
metabolite distributions in an independent tissue section when trained directly on metabolomic measurements. 19 
Together, these results establish SPRINT as a general framework for completing spatial molecular profiles 20 
across tissue sections, datasets, image-resolution and species, while enabling downstream characterization of 21 
tissue organization. 22 

Main 23 

Spatially resolved proteomic profiling provides a direct approach for characterizing the molecular 24 
organization of tissues by revealing the distribution of proteins within their native anatomical contexts[1]. 25 
Proteins represent functional executors of cellular states and often exhibit regulatory patterns that cannot be 26 
inferred solely from transcript abundance[2], [3], making spatial proteomics essential for dissecting cellular 27 
phenotypes, tissue architecture and disease-associated microenvironments[1]. Recent advances in imaging-28 
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based and sequencing-based spatial technologies, including spatially resolved antibody-based 29 
measurements[4], [5], [6], [7] and multimodal platforms such as spatial CITE-seq[8], [9], have enabled 30 
simultaneous investigation of transcriptomic and protein landscapes at single-cell or near single-cell 31 
resolution. However, despite their biological value, spatial proteomic technologies remain substantially less 32 
accessible than spatial transcriptomic approaches because of the high cost, limited throughput and 33 
experimental complexity associated with multiplex protein measurement[1], [10]. These limitations motivate 34 
the development of computational approaches that can reconstruct spatial proteomic landscapes from more 35 
readily available tissue images or spatial transcriptomic measurements. 36 

Existing approaches can be broadly classified into image-driven and transcriptome-driven strategies. Image-37 
based methods, including GigaTIME[11], HEX[12], GHIST[13], HIPI[14] and ROSIE[15], leverage 38 
morphological features extracted from haematoxylin and eosin (H&E)-stained tissue images to infer spatial 39 
protein abundance. However, H&E images primarily capture macroscopic and cellular morphological 40 
characteristics, whereas many proteins involved in signalling pathways, immune regulation and intracellular 41 
processes exhibit limited morphological signatures. As a result, image-only models may preferentially 42 
reconstruct H&E-informative proteins while failing to accurately recover proteins whose spatial variation is 43 
weakly associated with tissue morphology. Conversely, transcriptome-based approaches, including 44 
sciPENN[16], scTranslator[17] and DGAT[18], infer protein abundance from RNA expression profiles by 45 
exploiting gene-protein associations. Although transcriptomic information provides complementary 46 
molecular context, protein abundance is not determined exclusively by transcriptional regulation, and 47 
substantial post-transcriptional regulation, protein degradation and translational control contribute to 48 
transcript-protein discordance. Therefore, RNA-only models may also exhibit limited predictive capability 49 
for proteins with weak transcriptomic coupling. Recent efforts have attempted to integrate additional spatial 50 
information for multimodal molecular reconstruction. For example, SpatialEx[19] and NicheTrans[20] 51 
introduced strategies for leveraging spatially resolved multimodal information to improve molecular 52 
prediction. However, these approaches generally require additional experimentally matched modalities, such 53 
as adjacent sections measured by complementary technologies, or rely on predefined spatial relationships and 54 
auxiliary information. Such requirements limit their applicability to the rapidly expanding collections of 55 
existing spatial transcriptomic datasets.  56 

Beyond the availability of input modalities, another largely overlooked obstacle is the substantial variation 57 
in spatial transcriptomic platforms[21], [22], [23], [24], [25]. Different technologies generate spatial images 58 
with heterogeneous resolutions, ranging from near single-cell resolution to large tissue spots, resulting in 59 
considerable differences in the amount and characteristics of morphological information captured by H&E 60 
images. A computational framework capable of directly reconstructing spatial proteomes from existing H&E-61 
coupled spatial transcriptomic datasets must therefore simultaneously address two fundamental challenges: 62 
effective integration of complementary molecular and morphological signals and adaptation to heterogeneous 63 
image resolutions. 64 

Here, we develop SPRINT (Spatial Proteomic Inference Network), a resolution-adaptive computational 65 
framework that reconstructs spatial proteomic profiles from paired H&E images and transcriptomic data. 66 
SPRINT addresses two key challenges: 1) It employs a dual-modality fusion architecture based on self-67 
attention mechanisms to jointly model image-derived morphological features and transcriptomic 68 
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representations, overcoming the limitations of existing approaches that rely solely on either imaging or RNA 69 
information. 2) It incorporates a technology-compatible multimodal processing strategy with complementary 70 
high-resolution and low-resolution image feature extractors, enabling histological information generated 71 
under diverse spatial transcriptomic technologies and imaging conditions to be effectively fused with the 72 
corresponding transcriptomic measurements. The model can therefore selectively capture fine-scale 73 
morphological patterns or global tissue contexts according to the input image resolution. After training on a 74 
dataset with matched histological, transcriptomic and proteomic measurements from a given tissue type, 75 
SPRINT can be directly applied to other spatial transcriptomic datasets from the same tissue context to predict 76 
spatial protein landscapes. Across nine spatial datasets covering four human and mouse tissues, SPRINT 77 
consistently outperformed existing state-of-the-art approaches and generalized across tissue sections, donors, 78 
spatially non-overlapping regions, imaging resolutions and species. This generalizability enabled SPRINT to 79 
reconstruct proteins that were weakly associated with either histological morphology or transcript abundance 80 
alone and to recover protein-level molecular information that improved downstream spatial domain 81 
identification. Moreover, when trained directly on spatial metabolomic measurements, SPRINT extended 82 
beyond proteomics to reconstruct metabolite distributions across independent tissue sections. These results 83 
establish SPRINT as a general computational framework for completing unmeasured spatial molecular 84 
profiles across diverse biological contexts, experimental settings and molecular modalities. 85 
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Results 86 

The SPRINT framework 87 

 88 

Fig. 1. Overview of SPRINT. a. Architecture of the SPRINT. SPRINT takes paired H&E-stained histological images and spatial transcriptomic 89 
expression profiles as input. For the image modality, a resolution selector first determines the image resolution and routes the input to a resolution-90 
adaptive image tokenizer. High-resolution images are processed using a pretrained deep convolution structure feature extractor, followed by 91 
spatial flattening, channel grouping and sequence merging to preserve fine-grained spatial morphology. Low-resolution images are processed 92 
using a custom convolution structure trained from scratch, followed by global average pooling and channel splitting to generate compact 93 
representations of global tissue context. For the transcriptomic modality, an RNA tokenizer transforms transcriptome-wide expression profiles 94 
into RNA tokens. RNA and image tokens are assembled into a joint multimodal token sequence and processed by the cross-modal protein 95 
reconstruction module. Within this module, self-attention enables cross-modal token interaction to derive a joint multimodal representation, which 96 
is subsequently mapped to protein abundance through a protein reconstruction head. SPRINT ultimately generates reconstructed spatial proteomic 97 
profiles aligned with the original transcriptomic profiles and H&E images. b. Core components of SPRINT. The resolution-adaptive image 98 
tokenizer contains complementary high- and low-resolution processing branches that support fine-grained morphology preservation, global 99 
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context representation and resolution-specific token construction. The RNA tokenizer encodes transcriptome-wide molecular information into 100 
tokenized transcriptomic representations. The cross-modal protein reconstruction module performs cross-modal token interaction, learns 101 
integrated multimodal representations and reconstructs spatial protein expression. c. Loss function of SPRINT. The training objective consists of 102 
two complementary components: mean squared error (MSE) loss and Pearson correlation coefficient (PCC)-based loss. The two losses are equally 103 
weighted, with each contributing 50% to the total optimization objective. d. Functional expansion and applications of SPRINT. SPRINT provides 104 
a general framework for spatial omics reconstruction and can be extended to other molecular modalities, such as spatial metabolomics prediction. 105 
Compared with image-driven approaches, SPRINT maintains robust reconstruction performance for weakly H&E-informative proteins by 106 
integrating transcriptomic information. The reconstructed spatial proteomic profiles, combined with transcriptomic data, improve spatial domain 107 
identification. 108 

Existing computational approaches for spatial protein inference generally rely on either histological 109 
morphology or transcriptomic information, leaving each strategy constrained by the information content of a 110 
single modality. Morphology-based prediction is most effective for proteins whose spatial variation is 111 
reflected in tissue appearance, whereas transcript-based prediction can be limited by the incomplete 112 
correspondence between RNA and protein abundance. We therefore developed SPRINT, a spatial proteomic 113 
inference framework that jointly exploits morphological and transcriptomic information through two 114 
coordinated design strategies: resolution-adaptive image tokenization and cross-modal protein reconstruction 115 
(Fig. 1a). During training, paired H&E images and spatial transcriptomic profiles are used as inputs, while 116 
experimentally measured protein abundances provide supervision. Once trained, SPRINT requires only the 117 
matched image and transcriptomic modalities to reconstruct protein expression at the corresponding spatial 118 
locations. 119 

A central design of SPRINT is its resolution-adaptive image tokenizer, which accommodates differences in 120 
image resolution across spatial profiling platforms while preserving the morphological information most 121 
relevant at each scale (Fig. 1a, b). Rather than imposing a single image-processing strategy on all inputs, 122 
SPRINT first determines the imaging resolution and routes the image through one of two complementary 123 
processing paths. For high-resolution images, the model retains spatially resolved morphological patterns and 124 
reorganizes them into a compact sequence of image tokens that preserves local tissue structure. For lower-125 
resolution inputs, SPRINT emphasizes global tissue context and generates a compact token representation 126 
that is less dependent on fine-scale image detail. Although the two branches operate differently, both produce 127 
image tokens in a common latent representation space, allowing the subsequent reconstruction procedure to 128 
remain unchanged across imaging resolutions. This design separates resolution-specific morphological 129 
encoding from downstream multimodal inference and enables SPRINT to accommodate heterogeneous 130 
image characteristics without requiring a common native image resolution. 131 

The second core design is the cross-modal protein reconstruction module, which learns protein-associated 132 
representations from interactions between image and transcriptomic tokens rather than treating the two 133 
modalities as independent predictors (Fig. 1a, b). Transcriptomic profiles are first transformed into RNA 134 
tokens with the same latent dimensionality as the image tokens. The two token sets are then assembled into 135 
a joint multimodal sequence, enabling information exchange between transcriptomic states and spatial 136 
morphological patterns. Within this shared representation space, cross-modal interactions allow the 137 
contribution of morphological and molecular information to vary across the learned representation instead of 138 
being fixed by a predefined modality weighting. The resulting joint multimodal representation is subsequently 139 
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mapped to the abundance of the target proteins through a protein reconstruction head. SPRINT is optimized 140 
using complementary quantitative and correlation-based objectives: mean squared error constrains absolute 141 
reconstruction accuracy, whereas a Pearson correlation-based loss promotes preservation of protein-specific 142 
spatial variation (Fig. 1c). Together, these objectives encourage reconstructed profiles to match both the 143 
magnitude and spatial pattern of experimentally measured protein expression. 144 

The reconstructed protein profiles remain spatially aligned with the original transcriptomic measurements 145 
and H&E images, yielding an integrated spatial multi-omics representation of the same tissue section (Fig. 146 
1a). By integrating complementary morphological and transcriptomic information through resolution-147 
adaptive encoding and token-level cross-modal interaction, SPRINT broadens the range of proteins that can 148 
be reliably reconstructed beyond those preferentially captured by either modality alone. In particular, 149 
transcriptomic information provides an additional molecular context for proteins with weak H&E-associated 150 
morphological signals, while image-derived features preserve spatial structural information that is not directly 151 
represented by gene expression. The reconstructed molecular profiles can subsequently support downstream 152 
analyses such as spatial-domain identification (Fig. 1d). Although SPRINT was developed primarily for 153 
spatial proteomic reconstruction, its reconstruction framework is not intrinsically restricted to proteins and 154 
can be trained against other spatial molecular targets, providing a route toward extension to additional 155 
modalities such as spatial metabolomics. 156 
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SPRINT reconstructs spatial protein landscapes across datasets by fusing histological 157 

and transcriptomic information 158 

 159 

Fig. 2 High-resolution cross-section protein reconstruction. a. Experimental workflow. A tonsil tissue section containing H&E imaging, 160 
transcriptomic and proteomic data was used as the training set to infer protein expression in another tissue section. The measured proteomic data 161 
from the predicted section were then used to evaluate model performance. b-d. Evaluation of SPRINT and the comparison methods using the 162 
Pearson correlation coefficient (PCC), Spearman correlation coefficient and median concordance correlation coefficient (CCC). Higher values 163 
indicate better performance for all three metrics. H&E_only denotes an ablation model retaining only the H&E feature-processing branch of 164 
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SPRINT, whereas RNA_only denotes an ablation model retaining only the transcriptomic feature-processing branch. e. Heatmap showing the 165 
PCC obtained for each protein across all methods. Methods positioned higher on the y axis have larger summed PCC values across all proteins, 166 
whereas proteins positioned further to the left on the x axis have larger summed PCC values across all models. f. Performance of the SPRINT 167 
ablation models on H&E-informative and weakly H&E-informative proteins. Representative groups of H&E-informative and weakly H&E-168 
informative proteins were selected to evaluate the effectiveness of the image and RNA feature-extraction modules of SPRINT. g. In silico 169 
visualization of spatial protein expression in human tonsil tissue. The expression patterns of the structural markers EPCAM and PECAM1 are 170 
presented as an additive colour overlay. The results from all methods were quantile-matched to the measured protein values to ensure fair visual 171 
comparison. The leftmost image in the first row shows the corresponding H&E image, and “Measured” denotes the visualization of the measured 172 
protein values. h. Examples of SPRINT spatial protein predictions at different prediction-accuracy percentiles. All spots predicted by SPRINT 173 
were ranked according to the spot-wise Pearson correlation coefficient between the predicted and measured protein abundances. Representative 174 
spots from the 99th, 75th, 50th and 25th percentiles were selected, and their local neighbourhoods are shown as enlarged views. Each row displays 175 
the measured protein expression (ground truth) and the corresponding SPRINT prediction for the same local region.  176 

To assess whether SPRINT could reconstruct spatial proteomic landscapes across tissue sections, we used 177 
two publicly available human tonsil datasets generated with the 10x Genomics Visium CytAssist Spatial Gene 178 
and Protein Expression platform[26]. The datasets were derived from independent FFPE tonsil specimens 179 
and contained matched high-resolution H&E images, spatial transcriptomic profiles and spatial protein 180 
measurements. SPRINT was trained on the dataset generated using the standard antibody panel and evaluated 181 
on the independent dataset generated with add-on antibodies. The analysis was restricted to the 29 proteins 182 
shared between the training and test antibody panels. During evaluation, SPRINT inferred protein abundance 183 
in the test specimen from its H&E image and spatial transcriptomic profiles, whereas the corresponding 184 
measured protein abundances were withheld during inference and used exclusively as ground truth (Fig. 2a). 185 
This design therefore provided a stringent assessment of protein reconstruction across both tissue sections 186 
and donors. 187 

SPRINT achieved the strongest overall performance across all three complementary evaluation metrics and 188 
across individual proteins (Fig. 2b-e). It obtained the highest median Pearson correlation coefficient (PCC), 189 
Spearman correlation coefficient and concordance correlation coefficient (CCC), indicating accurate recovery 190 
of both spatial variation and quantitative protein abundance. Image-driven methods performed comparatively 191 
better for proteins associated with visible tissue structures but showed lower and more variable performance 192 
across the complete protein panel, whereas RNA-driven methods generally captured a larger proportion of 193 
protein variation, particularly for immune-associated markers, but showed weaker agreement with the 194 
measured abundance scale. In contrast, SPRINT maintained high PCC values across proteins with diverse 195 
spatial and biological characteristics. These included histologically discernible epithelial and vascular 196 
markers, such as KRT5, EPCAM and PECAM1[27], [28], [29], and H&E-informative proteins such as BCL2 197 
and CD68[30], [31], [32], demonstrating that SPRINT can map morphological structures to protein-specific 198 
expression patterns rather than merely transferring coarse histological features. SPRINT also accurately 199 
reconstructed proteins associated with molecularly defined immune and tissue compartments, including the 200 
B-cell markers PAX5, CD19, MS4A1 and CR2[33]; the immune activation and localization markers PDCD1, 201 
CCR7 and CD27[34]; and the myeloid or vascular markers ITGAM, ITGAX and PECAM1[35]. Because 202 
these protein distributions reflect cell-type composition, immune state and local tissue organization that 203 
cannot be fully resolved from either histology or transcript abundance alone, their accurate reconstruction 204 
supports the ability of SPRINT to fuse complementary morphological and transcriptomic information. 205 
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Together, these results show that bimodal fusion enables robust reconstruction of protein-specific spatial 206 
landscapes across independent datasets. 207 

We next used modality-specific ablations to determine whether both input branches contributed meaningful 208 
information to protein reconstruction. We selected several representative proteins from the weakly H&E-209 
informed and H&E-informed groups, respectively (Methods). For H&E-informative proteins, the H&E-only 210 
and RNA-only models achieved comparable performance, indicating that proteins associated with visible 211 
tissue morphology were also predictable from the corresponding transcriptomic context (Fig. 2f). For weakly 212 
H&E-informative proteins, however, the RNA-only model substantially outperformed the H&E-only model, 213 
demonstrating the greater contribution of molecular information when protein expression was not readily 214 
reflected in tissue morphology. The complete SPRINT model achieved the highest performance in both 215 
groups, showing that histological and transcriptomic information remained complementary even when one 216 
modality was individually informative. These results validate both modality-specific feature-extraction 217 
branches and demonstrate that the multimodal fusion strategy effectively combines their complementary 218 
information to improve protein reconstruction. 219 

Visual analysis further demonstrated that SPRINT faithfully reconstructed both the global organization and 220 
local heterogeneity of protein spatial distributions within the tissue. In the measured test section, EPCAM 221 
and PECAM1 formed distinct, spatially interwoven patterns delineating epithelial and vascular structures 222 
within the tonsil. After quantile matching the predictions from all methods to the measured protein 223 
distributions to ensure fair visual comparison, SPRINT closely reproduced both the overall organization and 224 
local heterogeneity of these complementary structural markers (Fig. 2g). By contrast, several image-driven 225 
methods produced weakly differentiated or morphology-dominated patterns, whereas other methods 226 
introduced excessive mixing, fragmentation or smoothing of the two protein signals. These differences 227 
indicate that SPRINT reconstructs protein-specific spatial architecture rather than merely transferring coarse 228 
histological patterns to predicted protein maps, with consistent recovery of local protein composition across 229 
representative spot-level accuracy percentiles and immune-associated protein groups (Fig. 2h and 230 
Supplementary Fig. 1). 231 
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SPRINT reconstructs proteomic landscapes from low-resolution tissue images and 232 

enhances spatial domain identification 233 

 234 

Fig. 3 Cross-section protein reconstruction from low-resolution histology in mouse spleen. a. Experimental workflow. SPRINT was trained 235 
on one mouse spleen section containing spatial transcriptomic and proteomic measurements together with a low-resolution histological image 236 
and evaluated on a held-out replicate. Protein measurements from the test section were excluded during inference and used only as ground truth. 237 
b-d. Performance of SPRINT and comparison methods across the 21 measured proteins, evaluated using the Pearson correlation coefficient (PCC), 238 
Spearman correlation coefficient and concordance correlation coefficient (CCC), respectively. Higher values indicate greater agreement between 239 
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predicted and measured protein abundances across tissue spots. e. Heatmap showing the protein-wise PCC obtained by each method. Methods 240 
are ordered by their summed PCC across proteins, and proteins are ordered by their summed PCC across methods. f. In silico visualization of 241 
spatial protein expression in the test spleen section. Proteins were organized into three functional groups representing tissue structure, immune 242 
activation and immune response, and their expression patterns were displayed as additive colour overlays. Predictions from all methods were 243 
quantile-matched to the measured protein values to enable consistent visual comparison. g. Representative local neighbourhoods of measured and 244 
SPRINT-predicted protein expression for the three functional groups. Spots were ranked according to the spot-wise Pearson correlation between 245 
predicted and measured protein-abundance profiles within each group, and representative neighbourhoods from the 99th and 75th percentiles are 246 
shown. h. Spatial domain identification using RNA and histological features without or with SPRINT-reconstructed protein expression. Inferred 247 
domains are compared with the annotated splenic regions, including the capsule, marginal zone, red pulp, T-cell zone and vessels. 248 

To evaluate SPRINT under low-resolution imaging conditions, we used two mouse spleen sections from the 249 
SPOTS dataset generated by Ben-Chetrit et al.[36] The dataset provides spatial transcriptomic measurements 250 
together with 21 antibody-derived protein markers. SPRINT was trained on replicate 1 and evaluated on the 251 
held-out replicate 2, whose measured protein abundances were excluded during inference and used only as 252 
ground truth (Fig. 3a). This setting allowed us to assess the cross-section reconstruction of splenic proteomic 253 
landscapes from low-resolution histology and spatial transcriptomics. 254 

Across tissue spots, SPRINT consistently achieved the strongest agreement between predicted and measured 255 
protein abundances (Fig. 3b-d). SPRINT achieved the highest PCC, Spearman correlation and CCC, 256 
consistently outperforming all comparison methods. These results indicate that SPRINT recovered not only 257 
the relative variation across spots but also protein-abundance distributions that were quantitatively consistent 258 
with the measurements. Protein-level analysis further showed that the performance of SPRINT extended 259 
broadly across the antibody panel rather than being driven by a small number of readily predictable proteins 260 
(Fig. 3e). SPRINT maintained consistently high PCC values for structural and vascular proteins, including 261 
CD105, CD29 and CD31[37]; lymphoid markers, including CD3, CD4 and CD8[38]; and myeloid-response 262 
markers, including CD11b, CD163 and CD169[35]. Thus, even in the absence of high-resolution histological 263 
texture, SPRINT could integrate coarse morphological context with transcriptomic information to reconstruct 264 
spatial protein expression. 265 

We next organized the 21 measured proteins into three biologically interpretable groups representing tissue 266 
structure, immune activation and immune response, and visualized their joint spatial distributions as additive 267 
colour overlays (Fig. 3f). The structure group comprised CD105, CD29, CD31, EpCAM and MadCAM1, 268 
capturing vascular, stromal and epithelial organization[39], [40]. The immune-activation group combined 269 
major B- and T-cell markers[41], whereas the immune-response group represented myeloid and inflammatory 270 
compartments[42], [43]. Across all three groups, SPRINT closely reproduced the measured tissue-wide 271 
protein organization while preserving distinct local combinations of markers. By contrast, the comparison 272 
methods produced excessively mixed or spatially diffuse signals that obscured the organization of individual 273 
protein programmes. The recovery of three functionally distinct protein landscapes indicates that SPRINT 274 
reconstructed coordinated biological organization rather than isolated protein signals, with the principal 275 
group-specific patterns also preserved across representative local neighbourhoods spanning different 276 
prediction-accuracy percentiles (Fig. 3g and Supplementary Fig. 2). 277 

Finally, we investigated whether the reconstructed proteomic landscape could support spatial domain 278 
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identification. We compared unsupervised spatial domains inferred from RNA and image features alone with 279 
those obtained after incorporating SPRINT-predicted protein abundances (Fig. 3h). Adding the reconstructed 280 
proteomic modality produced more coherent and clearly delineated domains. Most notably, the marginal zone 281 
was recovered as a largely continuous domain after the predicted proteins were incorporated, despite its 282 
connected and structurally complex organization. In contrast, when only RNA and image features were used, 283 
this domain was identified only in scattered regions and differed markedly from the annotated spatial structure. 284 
Quantitatively, the adjusted Rand index increased from 0.045 to 0.256, and the normalized mutual 285 
information increased from 0.067 to 0.248. Thus, the protein profiles generated by SPRINT provided 286 
biological information complementary to transcriptomic and morphological features, improving downstream 287 
tissue partitioning. Collectively, these results establish the robustness of SPRINT to low-resolution histology 288 
and demonstrate that its reconstructed proteomic landscapes can support spatial analyses beyond protein 289 
reconstruction itself. 290 
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SPRINT generalizes proteomic reconstruction to spatially disjoint human brain regions  291 

 292 

Fig. 4. Protein reconstruction in spatially disjoint regions. a. Experimental design. A human brain section was divided diagonally into mutually 293 
exclusive training and test regions. SPRINT was trained using the image, spatial transcriptomic profiles and measured protein abundances from 294 
the training region and subsequently used to infer protein expression in the held-out region. Protein measurements from the test region were 295 
excluded during inference and used only as ground truth. b. Heatmap showing the protein-wise Pearson correlation coefficient (PCC) obtained 296 
by SPRINT and the comparison methods in the held-out region. c-e. Performance of SPRINT and the comparison methods across the 31 measured 297 
proteins, evaluated using PCC, Spearman correlation coefficient and concordance correlation coefficient (CCC), respectively. Higher values 298 
indicate greater agreement between predicted and measured protein abundances across tissue spots. f. In silico visualization of spatial protein 299 
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expression in the test region. Proteins were organized into five functional groups representing proliferation, adhesion, immune activation, 300 
immunosuppression and chemotaxis, and their joint spatial distributions were displayed as additive colour overlays. g. Representative local 301 
neighbourhoods of measured and SPRINT-predicted protein expression for the proliferation and adhesion groups.  302 

To determine whether SPRINT could generalize beyond spatial locations represented during training, we 303 
analysed a human brain FFPE section profiled using the 10x Genomics Visium CytAssist Spatial Gene and 304 
Protein Expression platform[44]. We divided the section diagonally into two mutually exclusive regions, 305 
using 3,283 spots for training and holding out the remaining 2,473 spots for testing (Fig. 4a). The measured 306 
protein abundances in the test region were excluded during inference and used only as ground truth. Unlike 307 
the preceding cross-section experiments, in which analogous anatomical locations may occur across different 308 
sections, this design explicitly excluded overlap between training and test coordinates and directly assessed 309 
spatial extrapolation within the same tissue. The diagonal partition also resulted in marked differences in the 310 
distributions and relative proportions of cell types between the two regions (Fig. 4a). SPRINT was therefore 311 
required to generalize not only to unseen spatial locations but also across a shift in cellular composition, 312 
representing a more stringent setting than a random spot-level split. At the same time, partitioning a single 313 
section minimized section-level experimental variation, allowing the capacity for spatial extrapolation to be 314 
evaluated directly. 315 

SPRINT maintained strong predictive performance across the 31 measured proteins under this spatially 316 
disjoint setting (Fig. 4b-e). It achieved the highest median PCC, Spearman correlation and CCC, preserving 317 
both spot-to-spot variation and quantitative agreement with measured protein abundances. Protein-level 318 
analysis showed that this performance extended broadly across the panel rather than being driven by a small 319 
subset of readily predictable markers (Fig. 4b). High predictive agreement was observed for proteins 320 
associated with immune identity, trafficking and activation, including CD4, CD163, CCR7 and HLA-321 
DRA[45], [46], as well as proteins representing proliferation, adhesion and tissue organization. These results 322 
demonstrate that SPRINT transferred multimodal relationships learned in one part of the tissue to a spatially 323 
non-overlapping region with a different cellular composition. 324 

We next examined whether this spatial generalization extended to coordinated biological programmes. The 325 
measured proteins were organized into five functional groups representing proliferation, adhesion, immune 326 
activation, immunosuppression and chemotaxis, and their joint spatial distributions were visualized as 327 
additive colour overlays (Fig. 4f). SPRINT recovered the complementary distributions of the proliferation 328 
markers PCNA and BCL2 and preserved the coordinated adhesion patterns defined by EPCAM, PECAM1 329 
and SDC1[47]. It also reconstructed spatially heterogeneous immune programmes represented by CD40, 330 
CD27, CD4, MS4A1 and CR2[48], the immunoregulatory proteins PDCD1 and CD274, and the chemotactic 331 
markers CCR7, CXCR5 and ITGAM[49]. The recovery of these functionally distinct patterns indicates that 332 
SPRINT reconstructed multivariate protein programmes within the unseen region rather than merely 333 
propagating a dominant tissue-wide signal from the training region. Results from the remaining comparison 334 
methods are provided in Supplementary Fig. 3. Local-neighbourhood analysis further demonstrated that these 335 
reconstructed programmes were preserved at finer spatial scales (Fig. 4g and Supplementary Fig. 3). Thus, 336 
the tissue-wide agreement achieved by SPRINT was supported by faithful reconstruction of local multivariate 337 
protein environments. 338 
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Collectively, this spatially disjoint evaluation complements the cross-section analyses by explicitly excluding 339 
overlap between training and test locations while introducing a substantial shift in cellular composition. 340 
SPRINT reconstructed diverse protein programmes throughout the held-out brain region, demonstrating that 341 
it learns transferable relationships among imaging, transcriptional state and protein abundance rather than 342 
memorizing location-specific protein patterns. 343 

SPRINT can be transfer to cross-species and spatial metabolite reconstruction 344 

 345 

Fig. 5 Cross-species transfer and spatial metabolite reconstruction with SPRINT. a. Experimental design for cross-species and cross-image-346 
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resolution protein reconstruction. SPRINT was trained using matched imaging, spatial transcriptomic and proteomic measurements from human 347 
breast tissue and applied to an independent mouse breast tissue section. Protein measurements from the mouse section were excluded during 348 
inference and used only for evaluation. b. Heatmap showing the protein-wise PCC values obtained by SPRINT and the comparison methods for 349 
the 11 proteins measured in mouse breast tissue. c-d. Distributions of PCC (c) and Spearman correlation coefficients (d) across the evaluated 350 
proteins. e. Workflow for cross-species reconstruction and spatial-domain analysis in mouse brain tissue. A protein reconstruction model trained 351 
on human brain tissue was applied to mouse brain tissue without target-sample protein supervision. The reconstructed protein profiles were 352 
subsequently integrated with RNA and spot-image features for spatial-domain identification. f. Spatial domains identified using RNA, spot-image 353 
and SPRINT-predicted protein features. g. Reference anatomical annotations of the mouse brain tissue, including the nucleus accumbens (ACB), 354 
intact and lesioned caudoputamen (CP_intact and CP_lesioned), cortex (CTX), lateral septal complex (LSX), medial septal complex (MSC), 355 
olfactory tubercle (OT), ventrolateral nucleus (VL), anterior commissure (aco) and corpus callosum (cc). h. Spatial domains identified using RNA 356 
and spot-image features without reconstructed proteins. i. Experimental design for spatial metabolite reconstruction. SPRINT was trained directly 357 
using matched imaging, spatial transcriptomic and metabolomic measurements from one mouse brain section and evaluated in an independent 358 
section. j. Heatmap showing the metabolite-wise PCC values obtained by SPRINT and the comparison methods for 26 reliably detected mass-to-359 
charge features. k-l. Distributions of PCC (k) and Spearman correlation coefficients (l) across the evaluated metabolite features. 360 

To evaluate the broader applicability of SPRINT, we examined two distinct forms of generalization. First, we 361 
tested whether a protein reconstruction model trained in one species could be transferred to another species. 362 
Second, we applied the SPRINT framework to spatial metabolomics by training it directly on matched 363 
metabolomic data, thereby assessing whether its multimodal architecture could reconstruct molecular outputs 364 
beyond proteins. 365 

We first evaluated cross-species and cross-resolution protein reconstruction by training SPRINT on a human 366 
breast tissue dataset[50] and applying the trained model to an independent mouse breast tissue section [36] 367 
(Fig. 5a). Transcriptomic inputs were restricted to genes shared between the two species, and performance 368 
was evaluated using the 11 proteins measured in the mouse tissue. Despite differences in species, tissue scale 369 
and imaging resolution, SPRINT achieved the highest overall correlations between predicted and measured 370 
protein abundances, with median PCC and Spearman correlation coefficients of 0.379 and 0.471, respectively 371 
(Fig. 5b-d). Protein-level analysis showed that this performance extended across immune markers, including 372 
CD19, CD27, CD4 and CD8A, as well as epithelial and vascular markers such as EPCAM and PECAM1 373 
(Fig. 5b). These results indicate that the relationships learned by SPRINT between morphology, transcription 374 
and protein expression remain informative across species and imaging conditions. 375 

We next used human [44] and mouse brain datasets[20] to further evaluate the cross-species generalizability 376 
of SPRINT (Fig. 5e). The model was trained using human protein measurements and subsequently applied to 377 
mouse brain tissue without protein supervision from the target sample, producing spatial predictions for 31 378 
proteins. We then compared spatial domains identified from RNA and spot-image features with those obtained 379 
after incorporating the predicted protein profiles. Under the tuned spatial-domain workflow, inclusion of the 380 
reconstructed proteins produced domains that more closely reflected the annotated anatomical organization 381 
of the mouse brain (Fig. 5f-h). The adjusted Rand index increased from 0.204 to 0.515, while normalized 382 
mutual information increased from 0.494 to 0.573. In particular, the protein-augmented representation more 383 
clearly resolved several anatomically distinct regions that were fragmented or insufficiently separated using 384 
RNA and image information alone. Thus, SPRINT predictions transferred across species retain biologically 385 
informative variation that can support downstream tissue organization analyses. 386 
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Finally, we investigated whether the SPRINT framework could be applied to a molecular modality other than 387 
proteins. We trained SPRINT directly on matched imaging, spatial transcriptomic and metabolomic data from 388 
one mouse brain section and evaluated metabolite reconstruction in an independent section [20] (Fig. 5i). 389 
Analysis was restricted to 26 reliably detected metabolite features (Methods). SPRINT achieved the highest 390 
median PCC and Spearman correlation coefficients (Fig. 5j-l). Its performance was broadly distributed across 391 
the evaluated mass-to-charge features rather than being driven by a small subset of metabolites (Fig. 5j). 392 
These findings show that the multimodal integration strategy underlying SPRINT can be adapted to 393 
reconstruct spatial molecular measurements beyond proteins when trained with the corresponding target 394 
modality. 395 

Together, these experiments establish two complementary aspects of the generalizability of SPRINT. The 396 
breast and brain analyses demonstrate that a protein reconstruction model can transfer across species and 397 
remain informative for downstream spatial analysis without protein supervision in the target species. 398 
Separately, the metabolomics analysis shows that the SPRINT architecture can be trained to reconstruct 399 
molecular outputs beyond proteins, supporting its broader applicability as a framework for spatial molecular 400 
reconstruction. 401 

Discussion 402 

Spatial transcriptomic assays inherently provide two complementary sources of information: spatially 403 
resolved gene expression and matched tissue imaging. Jointly exploiting these modalities offers substantial 404 
potential for recovering molecular features that were not measured experimentally and for extending the 405 
analytical value of existing spatial datasets. Here we introduced SPRINT, a multimodal framework that fuses 406 
histological and transcriptomic information to reconstruct spatial molecular profiles. Across human and 407 
mouse tissues, SPRINT recovered protein-specific spatial landscapes across independent sections, donors, 408 
non-overlapping tissue regions, imaging resolutions, gene panels and species. The reconstructed protein 409 
profiles captured information that was not fully recoverable from either modality alone and improved 410 
downstream characterization of tissue domains. Moreover, the framework extended beyond proteomics to 411 
spatial metabolite reconstruction when trained directly using metabolomic measurements. Together, these 412 
findings establish multimodal fusion as an effective strategy for completing spatial molecular profiles and 413 
position SPRINT as a general framework for extracting additional biological information from routinely 414 
generated spatial transcriptomic datasets. 415 

A principal advantage of SPRINT is its explicit integration of complementary morphological and molecular 416 
information. Tissue images contain information about cellular organization, tissue architecture and local 417 
microenvironments, but the extent to which individual proteins are reflected in visible morphology varies 418 
substantially. Conversely, transcript abundance provides protein-related molecular information but does not 419 
fully determine protein abundance owing to post-transcriptional regulation, differences in translation and 420 
degradation, and technical variation between molecular assays. The protein-level and ablation analyses in 421 
human tonsil tissue illustrate this complementarity. The H&E-only branch recovered meaningful signals for 422 
proteins whose distributions were associated with recognizable tissue structures, whereas its performance 423 
declined markedly for weakly H&E-informative proteins. The RNA-only branch retained information for 424 
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these less morphologically apparent targets, but the complete model performed consistently across both 425 
groups. SPRINT thus does not treat tissue morphology as a direct proxy for molecular expression; instead, it 426 
uses morphological context to condition and refine the relationship between transcriptomic state and protein 427 
abundance. 428 

The use of resolution-specific image encoders further distinguishes SPRINT from approaches that apply a 429 
single visual representation across heterogeneous imaging settings. High-resolution histological images 430 
contain fine-grained textures and local cellular boundaries that can be preserved through spatially organized 431 
image tokens. Low-resolution images provide less reliable local detail but still encode broader tissue context, 432 
for which compact global representations may be more appropriate. SPRINT remained effective in the low-433 
resolution mouse spleen experiment, indicating that its performance does not depend exclusively on high-434 
quality microscopic texture. This flexibility is relevant to spatial studies in which image resolution, staining 435 
quality and acquisition protocols vary across platforms or archived specimens. Nevertheless, the current high- 436 
and low-resolution branches represent two predefined processing regimes. Future implementations could 437 
replace this discrete selection with scale-aware or multiscale encoders that adapt continuously to image 438 
resolution and local information content. 439 

SPRINT generalized beyond interpolation between nearby measured spatial locations. In the tonsil and spleen 440 
analyses, models were trained and evaluated on independent tissue sections, thereby capturing variation 441 
between specimens and acquisition runs. Because corresponding regions may still be present across sections 442 
from the same tissue, we additionally divided a human brain section diagonally into spatially disjoint training 443 
and test regions. This produced non-overlapping regions with appreciably different cellular compositions and 444 
required the model to extrapolate protein expression beyond the spatial support of its training observations. 445 
SPRINT retained strong reconstruction performance under this setting and recovered coordinated protein 446 
programs associated with proliferation, adhesion, immune regulation and chemotaxis. These results suggest 447 
that the model learns transferable relationships among morphology, transcription and protein expression 448 
rather than relying primarily on spatial proximity or memorization of local protein measurements. More 449 
extensive evaluation across anatomical regions, individuals and pathological states will nevertheless be 450 
required to establish the limits of such spatial extrapolation. 451 

SPRINT-reconstructed protein profiles improved the identification of biologically coherent spatial domains. 452 
In both spleen and mouse brain tissue, incorporating SPRINT-predicted proteins into multimodal 453 
representations produced spatial domains that more closely reflected reference tissue organization than 454 
domains derived from RNA and image features alone. Predicted proteins can provide a compact 455 
representation of cellular identity and functional state that complements the high dimensionality and sparsity 456 
of spatial transcriptomic measurements. This may be particularly useful for resolving tissue compartments 457 
defined by coordinated surface-marker or signalling programs rather than by large transcriptional differences. 458 
However, the spatial-domain workflows were tuned separately for the different modality combinations. The 459 
observed improvements therefore demonstrate the utility of the complete protein-augmented analysis 460 
workflow, rather than isolating the causal contribution of predicted proteins under identical clustering 461 
parameters. Future benchmarks based on prospectively fixed analysis settings and independent annotations 462 
will enable a more controlled assessment of their contribution to downstream tasks. 463 
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SPRINT also showed that multimodal relationships learned in one species can remain informative in another. 464 
Models trained on human breast or brain tissue generated biologically structured protein predictions in mouse 465 
tissues without protein supervision from the target samples. This transfer probably reflects conserved 466 
relationships among tissue organization, transcriptional programs and protein expression, while also 467 
demonstrating that the model can tolerate differences in tissue scale and image resolution. Cross-species 468 
reconstruction was stronger for relative spatial patterns than for absolute abundance agreement. This 469 
distinction is expected because concordance correlation is sensitive to shifts in both the mean and variance, 470 
which may be affected by species-dependent protein abundance, antibody affinity, panel composition and 471 
assay dynamic range. Orthologue mapping also does not guarantee equivalent regulation or function across 472 
species. Species-specific calibration, domain adaptation and explicit modelling of orthologue uncertainty may 473 
therefore improve the quantitative accuracy of future cross-species applications. 474 

Although developed primarily for protein reconstruction, SPRINT is not intrinsically restricted to proteins as 475 
prediction targets. By training the framework directly on matched spatial metabolomic data, we reconstructed 476 
metabolite distributions in an independent mouse brain section, demonstrating that the architecture can be 477 
adapted to another molecular modality. This experiment represents an extension of the learning framework 478 
rather than transfer of a protein-trained model to metabolomics. The comparatively weaker abundance-scale 479 
concordance observed for some metabolites may reflect section- and run-specific variation in ionization 480 
efficiency, matrix effects, molecular stability and dynamic range, all of which can alter measured abundance 481 
without eliminating relative spatial organization. Modality-specific normalization, calibration objectives and 482 
measurement-aware likelihood functions could improve absolute agreement. More broadly, the same 483 
formulation could potentially be adapted to other spatially resolved molecular measurements, provided that 484 
paired training data and suitable target-specific pre-processing are available. 485 

In summary, SPRINT links tissue morphology and spatial transcriptional states to reconstruct protein-specific 486 
molecular landscapes across variations in image resolution, tissue section, spatial location and species. Its 487 
predictions preserve both broad tissue architecture and local multivariate protein environments, and they 488 
provide complementary information for downstream spatial analysis. The successful adaptation of the 489 
framework to metabolomic targets further suggests that the underlying strategy is applicable beyond spatial 490 
proteomics. With broader paired training resources, improved calibration and explicit uncertainty modelling, 491 
SPRINT could provide a general computational interface for completing and integrating partially measured 492 
spatial multi-omics datasets. 493 

Methods 494 

The SPRINT model 495 

SPRINT is a supervised multimodal regression framework that reconstructs spatially resolved molecular 496 
abundance from paired tissue images and spatial transcriptomic profiles. For each spatial location 𝑖 , the 497 
model receives an image patch I୧  centred on that location and a gene-expression vector x୧  ∈ ܴீ   input 498 
genes. During training, the corresponding target vector y୧  ∈ ܴ௉, containing P measured proteins or other 499 
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molecular features, is used as supervision. At inference, only I୧and x୧ are required. SPRINT comprises a 500 
resolution-dependent image encoder, a transcriptomic encoder, a multimodal self-attention module and a 501 
regression head. 502 

Resolution-dependent image encoding 503 

SPRINT uses separate image-processing branches for high- and low-resolution inputs. The appropriate 504 
branch is selected according to the resolution of the input image and can also be specified manually. Both 505 
branches transform an image patch into a sequence of d-dimensional tokens, where d =  512, allowing the 506 
downstream fusion module to use a common architecture across different imaging settings. 507 

For high-resolution images, the image patch is encoded using a ResNet50 backbone initialized with 508 
ImageNet-pretrained weights. The image backbone is subsequently fine-tuned together with the remaining 509 
model components. The global average-pooling and classification layers of ResNet50 are removed, producing 510 
the feature map 511 

 F୧ୌ = ோ݂ହ (௜ܫ) ∈ ܴ஼ಹ×ுಹ×ௐಹ  (1) 512 

Where and Cୌ = 2048, and Hୌ and Wୌ denote the height and width of the feature map, respectively. 513 

The spatial dimensions are then flattened while retaining their ordering, and the channel dimension is 514 
partitioned into groups of width d. The high-resolution image tokens are defined as 515 

 T୧ୌ = [(௜ுܨ)݁ݐݑ݉ݎ݁݌]݁݌ℎܽݏ݁ݎ ∈ ܴேಹ×ௗ  (2) 516 

where 517 

 Nୌ = ுܪ ுܹ ஼ಹௗ   (3) 518 

Each spatial position therefore contributes one or more tokens that encode the local appearance of the 519 
corresponding image region. For an input patch producing a 2,048 ×  8 ×  8 feature map, these operations 520 
generate 256 image tokens, each with a dimension of 512. 521 

For low-resolution images, we use a lightweight residual network trained directly on the study data. This 522 
network contains residual blocks composed of 3 × 3 convolutional layers, batch normalization and rectified 523 
linear unit (ReLU) activation, with the channel dimension progressively increasing from 64 to 512. Its output 524 
feature map is expressed as 525 

 F୧୐ = ௦݂௠௔௟௟ோ௘௦ே௘௧(ܫ௜) ∈ ܴ஼ಽ×ுಽ×ௐಽ  (4) 526 

Global average pooling is applied over the spatial dimensions: 527 
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 g୧୐ =  ଵுಽௐಽ ∑ ∑ :]௜௅ܨ , ,ݑ ௐಽ௩ୀଵுಽ௨ୀଵ[ݒ   (5) 528 

The pooled representation is subsequently partitioned into d − dimensional tokens: 529 

 T୧୐ = (௜௅݃)݁݌ℎܽݏ݁ݎ ∈ ܴேಽ×ௗ  (6) 530 

where 531 

 N୐ =  ஼ಽௗ   (7) 532 

In the low-resolution implementation, C୐ = ݀ = 512, resulting in one global image token for each spatial 533 
location. This token summarizes the overall morphological context of the image patch and reduces sensitivity 534 
to unstable fine-scale variation in low-resolution images. 535 

The image-token sequence generated by either branch is denoted by 536 

 T୧୍ ∈ ܴே಺×ௗ  (8) 537 

Transcriptomic encoding and tokenization 538 

The input transcriptomic profile is compressed into a compact latent representation using a MLP. Each 539 
intermediate layer comprises a linear transformation, batch normalization, ReLU activation and dropout. For 540 
layer l, the transformation is defined as 541 

 ∅୪(ݖ) = ]ܷܮܴ݁}௟ݐݑ݋݌݋ݎܦ ௟ܹݖ + ܾ௟]}  (9) 542 

where W୪ and b୪ denote the trainable weight matrix and bias vector of layer l, respectively. 543 

The complete transcriptomic encoder is expressed as 544 

 r୧ = ோ݂ே஺(ݔ௜) = ∅௅ ቀ∅୐ିଵ൫⋯ ∅ଵ(ݔ௜)൯ቁ ∈ ܴேೃ×ௗ  (10) 545 

The encoded transcriptomic vector is reshaped into Nୖ tokens: 546 

 T௜ୖ = (௜ݎ)݁݌ℎܽݏ݁ݎ ∈ ܴேೃ×ௗ  (11) 547 

For the high-resolution implementation, the RNA encoder maps the complete gene-expression vector through 548 
hidden layers of 4,096 and 2,048 dimensions and produces a 2,048-dimensional latent representation. This 549 
representation is divided into four 512-dimensions tokens. For the low-resolution implementation, the RNA 550 
encoder uses hidden layers of 2,048 and 1,024 dimensions and produces one 512-dimensional token. These 551 
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operations place the transcriptomic and image representations in the same token-embedding space. 552 

Cross-modal Token Interaction 553 

The image and transcriptomic tokens are concatenated and supplemented with a learnable positional 554 
embedding: 555 

 Z୧ = [ ௜ܶூ; ௜ܶோ] + ܲ ∈ ܴ(ே಺ାேೃ)×ௗ  (12) 556 

Where p is a trainable positional embedding. Because the image and RNA tokens occupy distinct positions 557 
in the concatenated sequence, this embedding allows the model to distinguish their modality origin while 558 
retaining the spatial ordering of the image tokens. 559 

Multimodal interactions are learned using an eight-head self-attention layer. For attention head \(m\), the 560 
query, key and value matrices are calculated as 561 

 Q୧(௠) = ܼ௜ ௠ܹொ , ୧(௠)ܭ = ܼ௜ ௠ܹ௄ , ୧ܸ(௠) = ܼ௜ ௠ܹ௏   (13) 562 

Where ௠ܹொ , ௠ܹ௄ and ௠ܹ௏ are trainable projection matrices. 563 

The output of attention head m is 564 

 A୧(௠) = ݔܽ݉ݐ݂݋ݏ ቆொ೔(೘)௄೔(೘)⊺√ௗ೓ ቇ  (14) 565 

where 566 

 d୦ =  ௗ଼ = 64  (15) 567 

is the dimension of each attention head. 568 

The outputs of the eight attention heads are concatenated and linearly projected: 569 

 A୧ = ,௜(ଵ)ܣቀݐܽܿ݊݋ܥ ,௜(ଶ)ܣ ⋯ ,  ௜(଼)ቁܹை  (16) 570ܣ

Where ܹை is a trainable output-projection matrix. 571 

The self-attention operation allows each transcriptomic token to interact with all image and transcriptomic 572 
tokens. Because the final prediction is conditioned on the molecular state encoded by the RNA branch, only 573 
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the attention outputs corresponding to the transcriptomic-token positions are retained. A residual connection 574 
from the original RNA tokens is subsequently added: 575 

 H௜ୖ = −]௜ܣ ோܰ: , ∶] + ௜ܶோ   (17) 576 

Here, ܣ௜[− ோܰ: , ∶]denotes the final Nୖ rows of the attention output, corresponding to the positions occupied 577 
by the transcriptomic tokens. This residual connection preserves the original transcriptomic representation 578 
while incorporating information from both input modalities. 579 

Molecular abundance Reconstruction 580 

The fused RNA-token representation is flattened and passed through a two-layer MLP regression head. The 581 
reconstructed molecular profile is calculated as 582 

 yనෝ = ଶܹܴܷ݁ܮ[ ଵܹܿ݁ݒ(ܪ௜ோ) + ܾଵ] + ܾଶ  (18) 583 

Where ܿ݁ݒ(ܪ௜ோ) denotes the flattened fused representation, ଵܹ and ଶܹ are trainable weight matrices, ܾଵ 584 
and ܾଶ are trainable bias vectors. The output 585 

 yనෝ ∈ R୔  (19) 586 

contains the predicted abundances of the P target molecular features. 587 

For protein reconstruction, P is set to the number of proteins included in the corresponding experiment. For 588 
spatial metabolite reconstruction, P  is set to the number of selected metabolite features. Apart from the 589 
resolution-dependent image encoder and the corresponding numbers of image and RNA tokens, the 590 
multimodal self-attention and molecular regression procedures are shared across experiments. 591 

Loss function 592 

SPRINT was optimized using a composite objective that combines mean squared error (MSE) with a Pearson 593 
correlation–based loss. Let y୧୮  and yො୧୮  denote the measured and predicted abundance, respectively, of 594 
target p in sample i, where B is the batch size and P is the number of predicted targets. The MSE loss 595 
was defined as 596 

 L୑ୗ୉ =  ଵ஻௉ ∑ ∑ ො௜௣ݕ) − ௜௣)ଶ௉௣ୀଵ஻௜ୀଵݕ   (20) 597 

To encourage the model to recover the relative spatial variation of each target, the Pearson correlation 598 
coefficient was calculated independently for each target across the samples within a mini-batch: 599 

 r୮ =  ∑ (௬ො೔೛ି௬ො೛തതതത)(௬೔೛ି௬ത೛)ಳ೔సభට∑ (௬ො೔೛ି௬ො೛തതതത)మ ∑ (௬೔೛ି௬ത೛)మಳ೔సభಳ೔సభ ା ఌ  (21) 600 
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where ݕො௣തതത and ݕത௣ are the batch-wise mean predicted and measured abundances of target p, respectively, 601 
and ߝ is a small constant introduced for numerical stability. The PCC loss was then defined as 602 

 L୔େେ = 1 − ଵ௉ ∑ ௣௉௣ୀଵݎ   (22) 603 

The overall training objective was 604 

 L୲୭୲ୟ୪ = ெௌாܮெௌாߣ +  ௉஼஼  (23) 605ܮ௉஼஼ߣ

For the spatial-protein reconstruction experiments, the two components were assigned equal weights. 606 

Datasets 607 

All datasets used in this study were obtained from publicly available repositories and contained matched 608 
tissue images and spatial molecular measurements. No new human participants or animals were recruited for 609 
this study. The datasets were used exclusively for secondary computational analyses. The assignment of 610 
individual samples to training and evaluation sets was fixed before model evaluation and is described below. 611 

Human tonsil dataset 612 

Two publicly available human tonsil datasets generated using the 10x Genomics Visium CytAssist Spatial 613 
Gene and Protein Expression platform were used to evaluate cross-section protein reconstruction. Both 614 
datasets were derived from formalin-fixed, paraffin-embedded (FFPE) tissue and contained matched H&E 615 
images, spatial transcriptomic profiles and antibody-derived protein measurements processed using Space 616 
Ranger v.2.1.0. 617 

The first dataset was generated using the standard antibody panel from a female donor in her 30s and 618 
contained 4,194 spots under tissue. This dataset was used for model training. The second dataset was 619 
generated from an independent male donor aged 25 years using the standard antibody panel supplemented 620 
with four custom add-on antibodies and contained 4,908 spots under tissue. This dataset was used exclusively 621 
for evaluation. Protein reconstruction was evaluated on the 29 proteins shared between the two antibody 622 
panels; proteins present in only one dataset were excluded. The measured protein profiles of the evaluation 623 
section were not provided to the model during inference and were used only as reference values. 624 

The datasets are available from 10x Genomics as “Visium CytAssist Gene and Protein Expression Library of 625 
Human Tonsil, H&E, 6.5 mm (FFPE)” and “Visium CytAssist Gene and Protein Expression Library of 626 
Human Tonsil with Add-on Antibodies, H&E, 6.5 mm (FFPE)”. 627 

Mouse spleen dataset 628 

The mouse spleen data were obtained from the SPOTS study by Ben-Chetrit et al.[36] and downloaded from 629 



 

25 

 

the Gene Expression Omnibus under accession 630 
[GSE198353](https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE198353). The dataset was 631 
generated from fresh-frozen mouse spleen tissue using the 10x Genomics Visium platform supplemented with 632 
DNA-barcoded antibody staining and comprised matched tissue images, spatial transcriptomic profiles and 633 
measurements of 21 immune-related proteins. 634 

Two biological replicates were used. After matching the transcriptomic, protein and spatial imaging data, 635 
replicate 1 contained 2,653 spots and replicate 2 contained 2,768 spots, with 32,285 gene features available 636 
in each sample. Replicate 1 was used for model training, whereas replicate 2 was retained for evaluation. The 637 
measured protein profiles from replicate 2 were excluded during inference and used only to quantify 638 
reconstruction performance. The relatively low-resolution image patches extracted from these data were also 639 
used to evaluate the low-resolution image-processing branch of SPRINT. 640 

Human brain dataset 641 

The human brain data were obtained from the public 10x Genomics “Visium CytAssist Gene and Protein 642 
Expression Library of Human Glioblastoma, IF, 11 mm (FFPE)” dataset. The dataset was generated from a 643 
5-µm FFPE tissue section from a female donor in her 60s and contained spatial transcriptomic profiles, 644 
antibody-derived protein measurements and matched immunofluorescence images. The complete dataset 645 
comprised 5,756 spots under tissue, 18,085 targeted genes and 31 measured proteins. The DAPI fluorescence 646 
channel was used as the image input in the present analysis. 647 

To construct a spatially non-overlapping evaluation setting, the tissue section was divided diagonally 648 
according to its normalized spatial coordinates. Spots satisfying 649 
\(x_{\mathrm{norm}}>y_{\mathrm{norm}}\) were assigned to the training region, and the remaining spots 650 
were assigned to the evaluation region. This produced 3,283 training spots and 2,473 evaluation spots with 651 
no shared spatial locations. Owing to the diagonal partition, the two regions also differed in their cellular 652 
composition and relative cell-type abundance. Protein measurements from the evaluation region were masked 653 
during inference and used only as reference values. 654 

The same human brain dataset was used to train the human model evaluated in the cross-species mouse brain 655 
analysis. For this experiment, the transcriptomic input was restricted to genes that could be matched between 656 
the human and mouse datasets. 657 

Human and mouse breast datasets 658 

The human breast dataset was obtained from the public 10x Genomics “Visium CytAssist Gene and Protein 659 
Expression Library of Human Breast Cancer, IF, 6.5 mm (FFPE)” dataset. It was generated from an FFPE 660 
tissue section from a female donor in her 50s and contained matched immunofluorescence imaging, spatial 661 
transcriptomic profiles and antibody-derived protein measurements. After matching the spatial locations 662 
across modalities, 4,165 spots and 18,085 gene features were retained. 663 

The mouse breast dataset was obtained from the SPOTS study under GEO accession 664 
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[GSE198353](https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE198353). The data were generated 665 
from an MMTV-PyMT mouse mammary tumour and contained matched spatial gene-expression, antibody-666 
derived protein and tissue imaging measurements. After preprocessing and modality matching, the dataset 667 
contained 1,978 spots, 32,286 gene features and 11 measured proteins. 668 

For cross-species reconstruction, SPRINT was trained on the human breast dataset and evaluated directly on 669 
the mouse breast dataset. Gene symbols were matched between species without regard to letter case, resulting 670 
in 15,462 shared transcriptomic features. Evaluation was restricted to the 11 proteins measured in the mouse 671 
dataset: CD27, CD19, PDCD1, PTPRC, CD4, ITGAM, CD8A, EPCAM, PECAM1, ITGAX and CD274. 672 
Mouse protein measurements were not used during model training or inference and served only as reference 673 
values for performance evaluation. 674 

Mouse brain spatial transcriptomic and metabolomic datasets 675 

The mouse brain data used for cross-species protein inference, spatial-domain identification and spatial 676 
metabolite reconstruction were obtained from [Zenodo record 677 
15706278](https://zenodo.org/records/15706278) and downloaded as `PD_mouse_brain.zip`. The repository 678 
contained matched tissue images, spatial transcriptomic profiles, spatial metabolomic measurements and 679 
anatomical region annotations for multiple mouse brain sections. 680 

Two sections, denoted V11L12-109 A1 and V11L12-109 B1, were used for spatial metabolite reconstruction. 681 
After alignment and spot matching, sections A1 and B1 contained 2,658 and 3,098 spots, respectively. Each 682 
section contained 32,285 transcriptomic features and 1,538 aligned metabolite features. SPRINT was trained 683 
directly using the imaging, transcriptomic and metabolomic measurements from section A1 and evaluated on 684 
section B1, for which the measured metabolite profiles were withheld during inference. 685 

To exclude poorly detected, near-constant or excessively noisy metabolite features, evaluation was restricted 686 
to a quality-controlled subset defined exclusively from the measured metabolomic profiles of section B1. For 687 
each metabolite, we calculated its mean abundance, detection fraction, 90th-percentile abundance and 688 
coefficient of variation (CV) across all B1 spots and converted each statistic to a percentile rank among the 689 
1,538 measured features. Metabolites were retained if their mean-abundance percentile was between 0.84 and 690 
0.995, their detection-fraction percentile was at least 0.82, their 90th-percentile abundance was at or above 691 
the 0.92 percentile, and their CV percentile was between 0.07 and 0.16. These criteria yielded 26 metabolite 692 
features. The selection procedure used only properties of the measured target signals and did not use 693 
predictions from SPRINT or any baseline method. 694 

Section B1 was also used as the target sample in the human-to-mouse brain transfer experiment. A protein 695 
reconstruction model trained using the human brain dataset was applied to the matched image and 696 
transcriptomic measurements from this mouse section without mouse protein supervision. The resulting 697 
predictions comprised 31 protein features and were subsequently evaluated for their utility in spatial-domain 698 
identification. Of the 3,098 spots in section B1, 2,819 had available anatomical annotations and were used to 699 
calculate agreement between inferred spatial domains and the reference regions. The anatomical annotations 700 
were used only for evaluation and parameter selection and were not supplied as input features to SPRINT or 701 
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to the clustering algorithm. 702 

Baseline Methods 703 

We compared SPRINT with nine published methods using their publicly available implementations. GHIST: 704 
https://github.com/SydneyBioX/GHIST. GigaTIME: https://github.com/prov-gigatime/GigaTIME. HEX: 705 
https://github.com/lilab-stanford/HEX. HIPI: https://github.com/RonZeira/HIPI. ROSIE: 706 
https://gitlab.com/enable-medicine-public/rosie. DGAT: https://github.com/osmanbeyoglulab/DGAT. 707 
sciPENN: https://github.com/jlakkis/sciPENN. scTranslator: 708 
https://github.com/TencentAILabHealthcare/scTranslator. SpatialEx: https://github.com/KEAML-709 
JLU/SpatialEx.  710 

Evaluation metrics  711 

Protein-reconstruction performance was evaluated using the Pearson correlation coefficient (PCC), Spearman 712 
rank correlation coefficient and concordance correlation coefficient (CCC). Lety୧୮  and yన୮ෞ   denote the 713 
measured and predicted abundance, respectively, of protein p at spot i, and let N denote the number of test 714 
spots. 715 

For each protein, the PCC was calculated across all test spots as 716 

 PCC୮ =  ∑ (௬೔೛ି௬೛തതതത)(௬ො೔೛ି௬ො೛തതതത)೔ಿసభට∑ (௬೔೛ି௬೛തതതത)మ೔ಿసభ ට∑ (௬ො೔೛ି௬ො೛തതതത)మ೔ಿసభ   (24) 717 

where y୮തതത  and yො୮തതത  are the mean measured and predicted abundances of protein p , respectively. PCC 718 

evaluates the linear association between predicted and measured spatial abundance profiles. 719 

The Spearman correlation coefficient was calculated by applying the PCC to the ranks of the measured and 720 
predicted values:  721 

 ρ୮ = ,௣൯∙ݕ൫ܴ]ܥܥܲ  722 (25)  [(௣ො∙ݕ)ܴ

where R(⋅) denotes rank transformation, with tied values assigned their average rank. Spearman correlation 723 
therefore evaluates whether the relative ordering of protein abundance across spots is preserved without 724 
assuming a linear relationship. 725 

CCC was used to assess agreement between the predicted and measured abundance values: 726 



 

28 

 

 CCC୮ =  ଶ௖௢௩(௬∙೛,௬ො∙೛)ఙ೤೛మ ା ఙ೤ෝ೛మ ା(௬ത೛ି௬ො೛തതതത)  (26) 727 

where σ୷౦ଶ  and ߪ௬ො೛ଶ  are the variances of the measured and predicted values, respectively. Unlike correlation 728 

coefficients, CCC penalizes differences in both the mean and variance and thus quantifies agreement in 729 
abundance scale in addition to association. 730 

All three metrics were calculated independently for each protein or metabolite across the test spots. Overall 731 
performance was summarized using the median value across all measured targets. For CCC, the first and third 732 
quartiles were additionally reported to describe variability across targets. Higher PCC, Spearman correlation 733 
and CCC values indicate better reconstruction performance. Quantile matching was used only for visual 734 
comparisons and was not applied when calculating these metrics. 735 

For local-neighbourhood analyses, spot-level prediction accuracy was calculated across all measured targets. 736 
For spot i, the spot-level PCC was defined as 737 

 PCC୧௦௣௢௧ =  ∑ (௬೔೛ି௬ഢഥ )(௬ො೔೛ି௬ොഢഥ )ು೛సభට∑ (௬೔೛ି௬ഢഥ )మು೛సభ ට∑ (௬ො೔೛ି௬ොഢഥ )మು೛సభ   (27) 738 

where P  is the number of evaluated targets and the means are calculated across targets within the 739 
corresponding spot. Spots were ranked according to this value to select representative neighbourhoods at 740 
different accuracy percentiles. 741 

Spatial-domain identification was evaluated using the adjusted Rand index (ARI) and normalized mutual 742 
information (NMI). Given a contingency table in which n୨୩ is the number of spots assigned to true domain 743 j and predicted domain k, with row sums a୨, column sums b୩ and total spot number N, ARI was calculated 744 
as 745 

= ܫܴܣ  ∑ ஼൫௡ೕೖ,ଶ൯ି ቂ∑ ಴(ೌೕ,మ) ∑ ಴(್ೖ,మ)ೖೕ ቃ಴(ಿ,మ)ೕೖ଴.ହൣ∑ ஼൫௔ೕ,ଶ൯ା∑ ஼(௕ೖ,ଶ)ೖೕ  ൧ିቂ∑ ಴(ೌೕ,మ) ∑ ಴(್ೖ,మ)ೖೕ ቃ಴(ಿ,మ)   (28) 746 

ARI measures agreement between the predicted and annotated spatial partitions while correcting for 747 
agreement expected by chance. 748 

NMI was calculated as 749 

,ܷ)ܫܯܰ  ܸ) =  ଶூ(௎;௏)ு(௎)ା ு(௏)  (29) 750 

where U and V denote the annotated and predicted spatial-domain assignments, I(U; V) is their mutual 751 
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information, and H(U)  and H(V)  are their respective entropies. NMI measures the information shared 752 
between the two partitions independently of the numerical domain labels. Higher ARI and NMI values 753 
indicate greater agreement with the annotated spatial domains. 754 

Ablation experiments 755 

We performed modality-specific ablation experiments using the human tonsil datasets to quantify the 756 
respective contributions of the histological and transcriptomic branches of SPRINT. Two single-modality 757 
variants, termed H&E_only and RNA_only, were trained and evaluated using the same training–test split, 758 
target-protein panel and evaluation procedure as the complete model. 759 

In the RNA_only model, the image-processing branch and multimodal self-attention module were removed. 760 
The transcriptomic expression vector was processed by the RNA encoder and divided into four 512-761 
dimensional tokens, which were flattened and passed directly to the same MLP regression head used in 762 
SPRINT to predict protein abundance. In the H&E_only model, the transcriptomic branch was removed. The 763 
H&E image was processed by the ResNet50 image encoder and converted into 256 image tokens. Learnable 764 
positional embeddings and an eight-head self-attention layer were retained to model relationships among the 765 
image regions. The resulting image-token representations were averaged, replicated into four 512-766 
dimensional tokens and passed to the same regression head. Thus, the output dimensionality and regression 767 
architecture were held constant, while the available input modality differed among the complete, H&E_only 768 
and RNA_only models. 769 

To examine whether the contributions of the two modalities depended on the extent to which protein 770 
expression was reflected in tissue morphology, we selected representative H&E-informative and weakly 771 
H&E-informative protein groups. The H&E-informative group comprised BCL2 and CD68, whose 772 
expression was associated with histologically distinguishable tissue or cellular features. The weakly H&E-773 
informative group comprised CD14, CD27 and CR2, whose spatial expression was less directly apparent 774 
from H&E morphology. These representative groups were used only for stratified evaluation and did not 775 
contribute to model training or parameter selection. For each group and model, performance was summarized 776 
as the median per-protein PCC, with the interquartile range calculated across the proteins within that group. 777 

Data availability 778 

The human tonsil datasets are publicly available from 10x Genomics: [Visium CytAssist Gene and Protein 779 
Expression Library of Human Tonsil, H&E, 6.5 mm (FFPE)](https://www.10xgenomics.com/datasets/gene-780 
protein-expression-library-of-human-tonsil-cytassist-ffpe-2-standard ) and [Visium CytAssist Gene and 781 
Protein Expression Library of Human Tonsil with Add-on Antibodies, H&E, 6.5 mm 782 
(FFPE)](https://www.10xgenomics.com/datasets/visium-cytassist-gene-and-protein-expression-library-of-783 
human-tonsil-with-add-on-antibodies-h-e-6-5-mm-ffpe-2-standard). The mouse spleen and mouse breast 784 
datasets from the SPOTS study are available through the Gene Expression Omnibus under accession 785 
[GSE198353](https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE198353). The human brain dataset, 786 
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Visium CytAssist Gene and Protein Expression Library of Human Glioblastoma, IF, 11 mm (FFPE), is 787 
publicly available from [10x Genomics](https://www.10xgenomics.com/datasets/gene-and-protein-788 
expression-library-of-human-glioblastoma-cytassist-ffpe-2-standard). The human breast dataset, Visium 789 
CytAssist Gene and Protein Expression Library of Human Breast Cancer, IF, 6.5 mm (FFPE), is publicly 790 
available from [10x Genomics](https://www.10xgenomics.com/datasets/gene-and-protein-expression-791 
library-of-human-breast-cancer-cytassist-ffpe-2-standard). The mouse brain spatial transcriptomic and 792 
metabolomic datasets are available from [Zenodo record 15706278](https://zenodo.org/records/15706278)  793 
as `PD_mouse_brain.zip`. 794 

Code availability 795 

The codes were implemented in Python and are released at GitHub (https://github.com/YuzhiSun/SPRINT). 796 
Other relevant analysis and figure plotting code is available on Google Drive 797 
(https://drive.google.com/file/d/1mtPcxuNwSnV1NZBW6PhWcFNiSvMRd-MS/view?usp=sharing). 798 
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